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Preface

We are delighted to present the proceedings of the Seventh IN5550 Teaching
Workshop on Neural Natural Language Processing (WNNLP 2025). Spurred by
great advancements in deep learning and language modeling approaches to NLP,
this is the seventh in a series of successful annual workshops, each showcasing some
of the best efforts made by MSc and PhD students completing the IN5550 /IN9550
class — all tackling modern research tasks related to deep learning in NLP.

The workshop received 22 submissions, of which 19 (by 35 authors) have been
accepted for publication as part of the WNNLP 2025 proceedings (this volume).
The number of submissions in on paper with WNNLP 2025.

The Programme Committee has selected the paper Balancing Accuracy, Ef-
ficiency, and Training Cost in Runtime-Constrained Food Hazard Classification
by Aliaan Nadeem Azam, Soban Ali and Sander Harald Savik for the
WNNLP 2025 Best Paper award. In this paper, the authors study the trade-off
between predictive performance and inference speeds for classification models.
Their main contribution is a new metric that balances these two concerns.

The IN5550 course offered three obligatory assignments throughout the semester,
with the maximum number of points gradually increasing for each of them (6,
12 and 14 correspondingly). This year, the Outstanding Coursework award goes
to the team of Nora Winger Heggelund and Eivind Morris Bakke, who
earned maximum points for all three assignments (32 total). The submission by
Nora and Eivind also had the best performance in the obligatory 2 leaderboard.

Congratulations to all the award recipients (and runners-up)!

This workshop would not have been possible without the assistance of the
reviewers in our Program Committee, whose careful and constructive feedback has
been an important element in improving the submitted papers. All the members
of the Program Committee are listed on the next page.

And of course, we extend warmest thanks to all the participants of this workshop,
who spent many a sleepless nights working on the projects that made WNNLP
2025 an exciting and stimulating event!

WNNLP 2025 Committee
Oslo; June 02, 2025
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Large Language Models for Imbalanced Multi-Label Classification

Michele Chini

Correspondence: michechi@uio.no

Abstract

This study investigates strategies to improve
multi-class text classification for food hazard
detection with unbalanced data. We tested
traditional models, such as Logistic Regres-
sion and XGBoost, against LLM models like
RoBERTa. To manage class imbalances and
long texts, we tried summarization and various
data augmentation strategies, such as oversam-
pling, back-translation, and generative few-shot
augmentation with the LLaMA-2 7B model.
Transformer-based models significantly outper-
formed traditional methods, particularly when
augmented via balanced few-shot generation.
However, aggressive augmentation negatively
affected performance. We acknowledge lim-
itations related to synthetic data quality and
augmentation biases. Future work should re-
fine augmentation techniques and evaluate their
generalizability.

1 Introduction

Large language models (LLMs) like BERT (Devlin
et al., 2019) (and its variants like RoBERTa (Liu
etal., 2019), DeBERTa (He et al., 2021), etc.) have
achieved great performance in classification tasks,
including multi-class and multi-label tasks. Often,
using fine-tuning techniques on pretrained LLMs
on a specific dataset yields very good performance,
comparable to that obtained using traditional clas-
sifiers (e.g., logistic regression or XGBoost using
bag-of-words features, as shown by Galke et al.
(2025)).

Recent comparative studies note that LLMs do
not always perform well: with careful tuning, sim-
pler models can sometimes perform on par with
complex LLMs on specific datasets (Randl et al.,
2024; Reusens et al., 2024). These results sug-
gest that while BERT-like models generally set a
high performance bar in classification tasks, base-
line methods (e.g., logistic regression, SVMs, XG-
Boost) remain competitive under specific condi-
tions — especially on smaller datasets or on datasets

that have extremely unbalanced distributions of
classes to be predicted. Overall, fine-tuned trans-
former encoders tend to perform very well in lan-
guage understanding and remain a valid choice for
text classification, but evaluating against classical
baselines is still recommended, especially in such
extreme cases. In practice, many recent works
choose a BERT-based model as the main classifier,
since models intended for classification tasks usu-
ally only employ an encoder followed by several
task-specific layers (Devlin et al., 2019; Liu et al.,
2019; Conneau et al., 2020), and include simpler
classifiers as baselines for comparison.

In this paper, we tried to test different data aug-
mentation solutions to see which was the most
effective. We started from standard oversam-
pling techniques to increasingly elaborate/complex
methodologies (i.e., back-translation and genera-
tion) involving the use of LM as well.

2 Data

In order to evaluate the performance of LLMs in
a multiclass classification task involving highly
imbalanced classes, we utilized a subset of the
dataset described in Randl et al. (2024). The dataset
comprises short texts, each representing a title
from food-recall announcements collected by Agro-
know! (Papakonstantinou et al., 2022) across 24
governmental and NGO sources. We worked with
only titles written in English.

Three datasets were provided: training (contain-
ing 5,082 observations), validation (with 565 ob-
servations), and test (with 997 observations). Our
analysis focused on two distinct tasks. The first task
(ST1) involved predicting both the hazard category
and the product category given a food recall title
and/or text. The second task (ST2) required predict-
ing the specific hazard and product classes from
the same input. Task ST1 is inherently broader

"https://agroknow.com



and thus simpler, as it encompasses fewer classes
(10 unique hazard-category and 22 unique product-
category). By comparison, ST2 presents a more
challenging scenario due to a significant increase
in complexity, involving 128 unique hazard classes
and 1,022 product classes.

The task was made even more difficult by the
highly imbalanced nature of the dataset, with many
underrepresented classes. Starting from subtask
ST1, we can notice a highly imbalanced situation,
which gets worse as we move to subtask ST2. As
illustrated in Figure 1, the distribution of hazard-
category and product-category is heavily skewed,
with allergens and biological hazards representing
the vast majority of the training data, while cate-
gories such as migration, organoleptic aspects, and
food additives and flavourings have very poor rep-
resentation. Moreover, Figure 4 and Figure 5 in Ap-
pendix A highlight the complexity of interactions
between hazard categories and product categories,
showing substantial variation across different food
types. For example, meat, egg, and dairy products
are predominantly associated with biological haz-
ards, whereas nuts, nut products, and seeds mainly
involve allergenic hazards. This uneven class dis-
tribution significantly increases the difficulty of
accurately classifying less-represented categories.

3 Methodology

In this study, we aimed to investigate possible
strategies to address multiclass classification tasks
characterized by severely imbalanced datasets. To
this purpose, we initially explored the perfor-
mance of standard machine learning classifiers
(ML), specifically Logistic Regression and XG-
Boost, as baseline models, using Bag-of-Words
(BOW) and Term Frequency-Inverse Document
Frequency (TF-IDF) encodings. After that, we ex-
plored how encoder-only language models, specif-
ically RoBERTa (Liu et al., 2019), could help in
this type of problem.

We also investigated whether incorporating ad-
ditional textual features (other than just the title
feature) would enhance predictive performance.
In particular, we examined the effect of includ-
ing longer textual descriptions (i.e., the fext field),
which have high character counts (on average 1,978
characters, with a maximum of 48,318 characters).
Given this massive length, we also explored the
necessity of applying text summarization as a pre-
processing step to reduce dimensionality and re-

tain only relevant information. For this task, we
utilized TS5-base, a sequence-to-sequence model
widely employed in summarization tasks (Raffel
et al., 2023).

Finally, we addressed the issue of class imbal-
ance by exploring methods to synthetically aug-
ment the training dataset using LLMs. To this
end, we experimented extensively with various
prompting techniques and different few-shot learn-
ing strategies, systematically identifying and report-
ing only the most successful configurations that led
to improved class distribution and overall model
performance.

3.1 Classifiers

In this section, we introduce the classifiers evalu-
ated in our study. Please note that each model was
trained separately for each subtask, ST1 and ST2.
To ensure robustness in our evaluation, validation
samples containing classes unseen during training
were excluded.

The performance of each classifier was mea-
sured using macro-averaged and micro-averaged
F1 scores. Moreover, to assess the classifier’s per-
formance considering both labels simultaneously,
we computed a conditional F1 score. This score is
calculated as the arithmetic mean of the macro-F1
score on the hazard (or hazard-category, depend-
ing on the subtask) classification and the macro-F1
score on the product (or product-category, again
depending on the subtask) classification, the latter
computed only on instances where the predicted
hazard labels match the true labels®. In Section 4
(see Table 1) we report only this metric.

3.1.1 Logistic Regression

As our baseline model, we used a simple Logis-
tic Regression classifier implemented with a Bag-
of-Words (BoW) representation using character-
level n-grams (ranging from bigrams to 5-grams),
weighted with TF-IDF.

Implementation details of the baseline classifier
are provided below:

* Input text was vectorized using scikit-learn’s
TfidfVectorizer (character-level, n-grams
=2-5, max_df = 0.5, min_df = 5).

* Labels were encoded numerically via scikit-
learn’s LabelEncoder.

2Seehttps://food—hazard—detection—semeval—2025.
github.io
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Figure 1: Number of examples for each Hazard-Category and Product-Category class in the Training dataset.
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Figure 2: Number of examples for each Hazard-Category and Product-Category class in the Training dataset after
augmenting the data with Llama-2 7B model (o = 0.3, max_length = 100) and removing the generated invalid data.

* Logistic Regression classifiers were trained
with a maximum of 1,000 iterations.

3.1.2 XGBoost Classifier

As an alternative to our logistic regression base-
line, we explored the performance of an XGBoost
model, as it is commonly used as a baseline in many
comparative studies between LLLMs and traditional
ML models.

In this approach, we maintained the same struc-
ture as the logistic baseline, employing a TF-IDF-
based character-level n-gram representation. To
mitigate class imbalance, we implemented class
weighting by assigning higher importance to less
frequent classes, inversely proportional to their fre-
quency.

We ran the XGBoost model under the following
configuration: number of estimators: 100, maxi-
mum tree depth: 6, evaluation metric: Multiclass
log loss (mlogloss).

3.1.3 Encoder-only Transformers

Transformer-based models have boosted the natural
language processing field thanks to the work of
Vaswani et al. (2017). Subsequently, models like
BERT (Devlin et al., 2019) introduced encoder-
only architectures that proved highly effective in
numerous tasks, especially in classification.

For our purpose, following the work of Randl
et al. (2024), we chose and fine-tuned the base vari-
ant of RoOBERTa (/125M params) (Liu et al., 2019),
which uses the structure introduced by BERT} ..

For our multi-class classification task, we
adapted the standard RobertaModel®. Given our
dual-label setting, we extended the model architec-
ture by adding two distinct classification heads,
each implemented as a single fully connected
(nn.Linear) layer, and optimized the model us-
ing separate cross-entropy losses for each head.
Both classification heads take the output from

3https ://huggingface.co/docs/transformers/
model_doc/roberta



Distribution of examples for each hazard-product categories

N o
S 1=}

Number of hazard-product categories
N
o

o molkaa m o a 5

1 200 400 600
Number of examples

Distribution of examples for each hazard-product categories

IS
S

N
oS

Number of hazard-product categories

|

.

200 400 600
Number of examples

Figure 3: Left: Distribution of the number of observations for each hazard-category/product-category unique pair
in the training dataset. Right: the same distribution after augmenting the data with Llama-2 7B model (o = 0.3,
max_length = 100) removing the generated invalid data. As can be seen there are still classes with few observations.

RoBERTa’s encoder, apply dropout for regular-
ization, and then predict the labels for the haz-
ard and product classes independently (depend-
ing on the subtask, we consider either hazard-
categoryl/product-category or hazard/product). Im-
plementation details include the concatenation of
title and text features when required by the task con-
figuration. Training optimized via AdamW with
a learning rate of 2e-5. Early stopping based on
validation loss with a patience of 5 epochs to avoid
overfitting. Maximum of 50 epochs. Batch size:
36.

To address issues caused by long texts (possi-
bly exceeding RoOBERTa’s context window limit
of 512 tokens (Sun et al., 2020)), we attempted
to preprocess our data by shortening the fext field.
Specifically, we utilized the T5-base model (Raffel
et al., 2023) to generate concise summaries of the
original zext field. However, this preprocessing step
did not yield noticeable improvements in predictive
performance compared to fine-tuning directly on
the original (though truncated) text feature. It is
possible that summarization excessively reduced
general information, potentially removing valuable
context necessary for accurate predictions. See
Sections 4 and 5 for a more in-depth discussion.

3.2 Data Augmentation

In many classification problems, special attention
is always placed on situations where the dataset has
extremely unbalanced data. In this case, training
a model on the original data is usually not enough
to make the model learn different things apart the
most represented class in the dataset.

To address this issue, studies have explored dif-

ferent techniques ranging from data-level interven-
tions (resampling and augmentation) to algorithmic
modifications (cost-sensitive losses and specialized
training procedures), see Ferndndez et al. (2018)
and (Papakonstantinou et al., 2022). Below we
tested some of these approaches, with an emphasis
on methods using LMs.

3.3 Baseline

To address the curse of class imbalance, we applied
a very basic oversampling approach as a baseline
method. This technique aims to equalize class rep-
resentation by increasing artificially (using random
sampling) the number of examples for minority
classes.

To achieve so, we combined both hazard-
category and product-category into a single class,
defined explicitly as the concatenation of the two.
Subsequently, we determined the most frequent
class combination and computed the necessary sam-
ples to generate for each minority class according
to what we called IFR method (Inverse Frequency
Ratio).

This method determines the number of syn-
thetic samples to generate for each combination
of hazard-category and product-category calculat-
ing the number of new examples proportionally to
an « control parameter. Specifically:

Samples to generate = & X (Nypaz — 1)

where n,,4, represents the count of samples
in the most frequent class combination (in this
case, each class is each unique pair hazard-
categorylproduct-category), n; the current count



for a given class combination and « € [0, 1] con-
trols the intensity of the sample strategy. We exper-
imented with o = (0.3,0.4,0.5).

3.4 Back-translation

Back-translation is a widely adopted data augmen-
tation technique used in natural language process-
ing tasks, involving translating text from its original
language into an intermediate language and sub-
sequently translating it back into the original lan-
guage. This approach aims to introduce linguistic
variability into the training dataset enhancing the
model robustness and generalization capabilities by
actually augmenting the data in a relatively straight-
forward way (Sugiyama and Yoshinaga, 2019).

For our backtranslation-based augmentation, we
selected the LM NLLB-200-distilled-600M model
developed by Facebook (Team et al., 2022). We
chose this model for its multilingual capabili-
ties, including high-quality translation performance
across diverse languages, and for its computational
efficiency relative to its substantial representation
power (600 million parameters).

In our setup, the model was explicitly configured
for translations between English (source language)
and French (pivot language). During backtransla-
tion, each text entry (title and main text fields) was
first translated from English to French and subse-
quently retranslated back to English, thus generat-
ing textual variations.

We augmented the data using again the IFR
method. To control the augmentation intensity, we
tested with o = (0.4, 03).

3.5 Few-shot generation

Finally we tested a data augmentation strategy
based on few-shot learning utilizing the IFR
method described above.

We selected the LLaMA-2 7B-chat-hf model,
a decoder-only transformer architecture, suitable
for generative tasks, proving extremely competitive
even in comparison with proprietary LLMs (Tou-
vron et al., 2023). We run the model to generate
new examples using the following key configura-
tion settings: Temperature: 0.3, Top-p: 0.9 and
Top-k: 40.

Given the large dimensionality of our data and
the numerous possible subcategories, we decided
to sample up to three examples from each hazard-
category and product-category pair to create effec-
tive few-shot prompts (so we did not choose them
manually for each sub-class). If a class contained

three or fewer examples, we utilized all existing
instances. The final prompt used, shown below,
is the result of extensive experimentation and was
chosen on the basis of its demonstrated flexibility,
brevity and effectiveness:

Rephrase the examples above to generate a food
— recall statement for <Product Category>

— product due to presence of <Hazard Category>
— then stop.

Example 1:
Title: <Sample Title 1>.
Text: <Sample Text 1>.

Example 2:
Title: <Sample Title 2>.
Text: <Sample Text 2>.

Example 3:
Title: <Sample Title 3>.
Text: <Sample Text 3>.

Example 4:"

For classes with less than three examples, of
course, we presented just the existing ones counting
up to that number.

We implemented as well a basic data quality
control step for the generated data. We identi-
fied and removed invalid samples from the aug-
mented dataset (i.e., all examples without Title:
and Text: words). This ensured that only cor-
rect synthetic data were used. Although it may
seem banal, this step had significant repercussions
on the rebalancing of the dataset. Let us focus
on Figure 1, Figure 2 and Figure 3. Comparing
Figure 1 to Figure 2, it can be seen that we have
greatly increased the minority classes; however, af-
ter controlling for data quality, the distribution of
the number of samples for each unique category
of hazard-category\product-category becomes the
one on the right in Figure 3, where we can see the
mass of classes with few observations still remains
high (although we can still see an effect compared
to such original distribution on the right).

4 Results

The results of all our tests can be found in Table 1.

As we can notice, both baseline models (i.e., Lo-
gistic Regression and XGBoost) employing only
the title field without any additional preprocess-
ing or data augmentation did not perform well,
highlighting the complexity of dealing with un-
balanced data. The introduction of RoOBERTa sig-
nificantly enhanced performance, suggesting that
using LL.Ms for text classification task can help



considerably, especially in such situations with mul-
ticlass classification tasks and imbalanced datasets.

Adding textual information (7itle+Text features)
without summarizing them and without data aug-
mentation resulted in improvement in terms of per-
formance (conditional F1 of 0.7520 for ST1 and
0.4863 for ST?2, the latter the highest scores among
all the experiments), confirming the importance of
using all possible information that could help in
classifying. However, applying summarization to
reduce input text length slightly decreased the per-
formance, indicating that the summarization pro-
cess might excessively reduce critical context re-
quired for accurate classification.

Increasing data has proven to be particularly use-
ful, regardless of the strategy used. This seems to
confirm what was expected: increasing data in situ-
ations of extreme imbalance always has a positive
effect. Standard oversampling provided moder-
ate performance gains (conditional F1 of 0.7398
for ST1 and 0.4736 for ST2). More sophisticated
techniques, such as back-translation, yielded in-
cremental improvements, with an optimal setting
of o = 0.4 achieving the best conditional F1 of
0.7611 for STI.

The data augmentation strategy that proved to
be most efficient was by few-shot using LLaMA-
2 7B. Specifically, using o = 0.3, maximum se-
quence length of 100 tokens resulted in the high-
est conditional F1 score among all methods for
ST1 (0.7847). Note how increasing the maximum
length to 200 tokens or using a more aggressive
data augmentation strategy (o = 0.4, 0.5) did not
further improve performance.

5 Discussion

The empirical results presented in the previous sec-
tion provide several key insights.

First, we can see how using LM as predictive
models in this context has greatly improved per-
formance over traditional ML. models. This could
be explained both by an LM’s better ability to pre-
dict in such an unbalanced context but also by the
fact that we are predicting textual data, thus, not
with intrinsic numeric meaning for a classical ML
model.

As a second thing (also quite expected) is how
using as much information as possible could further
increase the performance of all the models tested in
this condition (title column only or fitle column +
text). It is also interesting to see how summarizing

the text field did not help to improve the predictive
capabilities of the models, but worsened them, sug-
gesting that such summarization removed useful
information for the model. This is certainly some-
thing to keep in mind when considering methods
to succeed in exploiting the entire context window
of the model.

Regarding data augmentation, we can say that
we achieved exactly the expected results. In gen-
eral, augmenting data in such a pronounced unbal-
anced situation is always a good idea in order to be
able to make the model learn something and conse-
quently get better results. Specifically, the less gain
we obtained was with a basic oversampling tech-
nique such as pure oversampling. In this setting,
we just duplicated data, which is clearly not opti-
mal. Moving instead to data augmentation methods
involving LMs, we saw that both backtranslation
and few-shot generation techniques performed well.
Again, the more elaborate technique proved to be
the most effective, suggesting the generation of
more diverse examples than the ones generated us-
ing simple backtranslation.

The few-shot approach using LLaMA-2 proved
to be the best strategy, improving significantly the
conditional F1 scores for ST1, demonstrating the
potential of LMs for data augmentation of textual
data. We should note as well that the best per-
formances were achieved with o« = 0.3 (the less-
aggressive augmentation we tested), which sug-
gests that there is an equilibrium beyond which
further augmentation does not contribute positively.
This could also be due to the fact that our gener-
ated examples were not sufficiently realistic. Con-
sequently, this current threshold could also indicate
that a generation of data not of extreme quality like
this one should never exceed a certain threshold
but that, with generated data of higher quality, this
threshold could significantly increase.

6 Limitations and Future Directions

Despite the promising results obtained in our exper-
iments, several limitations need to be carefully con-
sidered. First of all, on the data augmentation strat-
egy we saw that methods such as back-translation
and generative few-shot augmentation have proven
to be effective, but still, the quality of generated
data heavily depends on the selected generative
model and the prompt engineering process. There-
fore, further evaluation on this should be made to
ensure better results.



Model Features Text Summ. Data Aug. (o) (Max Length) ST1-F1 ST2 -F1

Logistic Reg.  Title N - - - 0.4979 (0.4830)*  0.2013 (0.1407)*
XGBoost Title N - - - 0.6278 (0.5693)*  0.0374 (0.0291)*
RoBERTa Title N - - - 0.6902 (0.6489)*  0.3755 (0.3661)*
ROBERT: Title Y - - - 0.6997 (0.5982)*  0.3696(0.3562)*
ROBERTa  Title+Text N - - : 0.7520 (0.7462)*  0.4863 (0.4647)*
ROBERTa  Title+Text Y - - ; 0.7163 (0.7044)*  0.4177 (0.3970)*
RoBERTa Title+Text N Oversampling 0.3 - 0.7398 (0.7609)*  0.4736 (0.4504)*
RoBERTa Title+Text N Back-translation 0.3 100 0.7580 (0.7692)*  0.4854 (0.4524)*
RoBERTa Title+Text N Back-translation 0.4 100 0.7611 (0.7709)*  0.4514 (0.4653)*
RoBERTa Title+Text N Llama-2 7B 0.3 100 0.7847 (0.7663)*  0.4637 (0.4292)*
ROBERTa  Title+Text Y Llama27B 0.3 100 0.6536 (0.6389)*  0.3868 (0.3758)*
RoBERTa Title+Text N Llama-2 7B 0.3 200 0.7318 (0.7348)*  0.4453 (0.4376)*
RoBERTa Title+Text N Llama-2 7B 0.4 100 0.7701 (0.7454)*  0.4578 (0.4484)*
RoBERTa Title+Text N Llama-2 7B 0.5 100 0.7688 (0.7449)*  0.4566 (0.4430)*

Table 1: Experimental results comparing baseline models and Transformer-based approaches with various prepro-
cessing techniques. *F1 computed on Test data, just for exploratory insight.

A limitation in the generative augmentation pro-
cess is the exclusive use of a three-shot prompting
strategy with Llama 7B-parameter LLM. Future
research should explore alternative strategies such
as chain-of-thought, or even fine-tuning smaller
LLMs on task-specific examples before augment-
ing the data. These could lead to more likely and
higher-quality augmented data.

Second, the optimal balance between augmen-
tation intensity and model performance identified
in our experiments suggests that overly aggressive
augmentation could lead to worst performances.
The specific thresholds found (e.g., optimal « val-
ues) might vary significantly across different tasks
and domains. Hence, more effort should be consid-
ered in considering different datasets and scenarios
to generalize these results.

Moreover, our experiments used primarily a sin-
gle transformer model variant (i.e., ROBERTa-base)
to perform text-classification with LMs. Given the
rapidly evolving landscape of transformer archi-
tectures and their variants, future research should
explore other advanced models (e.g., larger mod-
els, multilingual transformers, or domain-specific
adaptations) to assess potential performance im-
provements.

In terms of summarization, our findings indi-
cated a trade-off between computational efficiency
and predictive accuracy. Future research could ex-
plore adaptive summarization techniques that dy-
namically preserve critical contextual information
while minimizing input length.

Additionally, the generative few-shot augmen-
tation approach employed lacked explicit quality
control measures regarding the initial selection of

few-shot examples. The absence of thorough qual-
ity assessments for these selected examples could
have introduced suboptimal or misleading prompts,
thus affecting the quality of the synthetic data gen-
erated. Future research should incorporate system-
atic quality checks or criteria to ensure the repre-
sentativeness and adequacy of selected few-shot
prompts.

Another point to consider is that our data aug-
mentation process primarily focused on the hazard-
category and product-category labels relevant to
Subtask 1 (ST1). This approach likely affected
Subtask 2 (ST2), which requires augmentation at
a more granular hazard and product level. Con-
sequently, ST2 performance might have been sys-
tematically penalized due to this bias toward ST1-
related categories (indeed, with no surprise the
best F1 score for ST2 was obtained just finetun-
ing RoBERTa without augmenting the data). Ad-
dressing this limitation by exploring augmentation
strategies for both subtasks represents an important
future direction.

Finally, it is important to enlighten a limitation
in the training pipeline adopted across all tested
classifiers. Hyperparameter configurations were
not fully tuned; we just relied on commonly used
values reported in the literature. This might have
limited the full potential of each model. Future
work should incorporate systematic hyperparame-
ter tuning to enable a fairer and more robust com-
parison, in line with best practices in the machine
learning community.
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Figure 4: Distribution of hazard-category across different product-category in the dataset. Each subplot represents a
specific product category, illustrating the frequency of associated hazard categories and highlighting significant
class imbalances present within the data.
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Examining Strategies to deal with imbalanced data
using the example of SemEval 2025 Food Hazard Detection Challenge

Yannic Hinrichs
Department of Psychology, University of Oslo

Abstract

This paper investigates strategies for
addressing imbalanced data in the context
of the SemEval 2025 Food Hazard
Detection Challenge, which focuses on
classifying food recall statements. We
evaluate three methods: downsampling,
oversampling, and focal loss. Our findings
indicate that reducing training data size for
the sake of balance impoverishes
performance of the classifier for both
subtasks. Inflating the dataset with
duplicates of minority samples to increase
balance improves performance on ST2 but
not ST1 compared to the baseline. Lastly,
the implementation of focal loss improves
performance on both metrics for every
configuration of its parameters alpha and
gamma. However, the best configurations
of alpha and gamma for the two subtasks
are different.

1 Introduction

Contaminated food poses a significant risk to
human health (de Noordhout et al., 2014;
Majowicz et al., 2014). Food recalls, however, are
not published centrally, but on different websites
by the respective food companies. A combination
of crawling these websites and natural language
processing (NLP) on the crawled texts offers a
viable approach to gather and efficiently analyse
these texts. One efficient method of analysis is text
classification whereby the food recall statement is
classified into product or hazard categories. This
can help distinguishing more serious hazards from
less serious ones, among others. SemEval 2025
Task 9: The Food Hazard Detection Challenge
(Website: https://food-hazard-detection-semeval-
2025.github.io/) posed such a task. Based on a
dataset from Randl et al. (2024) that features recall
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titles from official food agency websites which
were manually labelled for their hazard and
product category by experts in the field, the
challenge is to build an NLP classifier that
classifies a recall title and/or text into a product
category, hazard category, product, and hazard.

However, what makes this task challenging is
that is it highly skewed, meaning that some product
and hazard categories occur more than thousand
times while others appear only three to five times.
Training natural language classifier on imbalanced
data creates significant challenges which can result
in poor performance (Shaikh et al., 2021). For that
reasons, techniques have been developed to deal
with imbalanced training data (Padurariu &
Breaban, 2019).

This paper aims to experimentally test
different strategies of dealing with imbalanced
training data and see how they affect the
performance of the classifier. In the following
paragraph, I will outline the problems that come
with imbalanced training data as well as techniques
to remedy them. Next, I will state my research
question and subquestions before describing the
method and the results.

2 Background and Related Work

2.1 Natural language classifiers

Natural language classifiers are machine learning
(ML) models specifically designed to categorize
text based on its content (Goldberg, 2017). These
classifiers can be used for various tasks, such as
sentiment analysis, topic classification, spam
detection, and more. They analyze textual data and
assign predefined labels to it. Modern classifiers
employ neural network architectures (Goldberg,
2017). The most advanced family of them are
transformer models, such as BERT (Devlin et al.,
2019). The classifier models encode text



documents as dense vectors to represent their
meaning, feed them into a neural network, whose
architecture vary across models, and linear heads
for the final classification (Goldberg, 2017).
During the training phase, the model learns to
associate input features with the corresponding
labels by minimizing a loss function, which
quantifies the difference between the model's
predicted outputs and the actual labels. Since
training LLMs is cost and time consuming, most
natural text classification tasks use a pretrained
LLM and finetune it on a specific data set.

2.2 Finetuning on specific data

Finetuning is a transfer learning technique that
involves taking a pre-trained model that has
already learned useful features from a large dataset
and further training it on a smaller, task-specific
dataset to adapt the model to a particular problem
(Wei et al., 2021). As a result, the finetuned model
performs better on the task for which it was
finetuned than an LLM without further training.
Technically, what happens during fine-tuning is
that the model's weights are adjusted slightly rather
than trained from scratch. This way, the model
retains useful representations learned in the pre-
training phase while allowing the model to
specialize in the new, smaller dataset (Wei et al.,
2021). For the SemEval 2025 Task 9: The Food
Hazard Detection Challenge, an existing LLM is
fine-tuned on a subset (training set) of Randl et al.’s
(2024) dataset to obtain a model specialised on
food hazard classification. However, the imbalance
of'this dataset can pose problems to the fine-tuning
as [ will discuss in the next section.

2.3  Problems of imbalanced training data

Imbalanced data refers to datasets where the
distribution of classes is not uniform, meaning
that some classes are represented by a
significantly larger number of instances than
others. When LLMs are trained or fine-tuned on
imbalanced data, the classifier usually becomes
biased toward the majority class, often failing to
accurately identify or predict the minority class
(Choi et al., 2021). This leads to poor overall
performance, especially for the underrepresented
categories. The problem worsens when multiple
classes should be predicted: This is because the
different classes to be predicted might be
differently imbalanced. As a consequence,
traditional balancing techniques become less
effective and negative side effects may appear,
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such as further reduced accuracy for minority
classes (Garcia et al., 2018).

2.4 Strategies for dealing with imbalanced

data

Strategies to deal with imbalanced can be
categorised into data-level approaches where the
training data itself is modified, and algorithm-level
approaches where the algorithms used for the
training (finetuning) are tweaked.

2.4.1 Resampling

Resampling is one of the data-level methods which
address the imbalanced directly at the data-level.
Two resampling strategies can be differentiated
which result in a more balanced distribution of the
training data: Downsampling, where the majority
categories are reduced by removing a random
selection of instances. While this increases the
balance of the data, the training data is reduced
which can also lower the performance. Thus, a
trade-off has to be found between training data size
and imbalance of the data. The second strategy is
oversampling, where the minority categories are
filled up — either by duplicating instances or by
synthetically generate new instances.

2.4.2 Focal Loss

A second strategy examined in this paper is
implementing focal loss (Lin et al., 2017). It is an
extension of cross-entropy with class weights
which allows for a more refined approach to hard-
to-handle cases and class imbalance. It has two key
parameters — gamma and alpha. Alpha controls the
class weights, which is similar to what the class
weight matrices do when using cross-entropy with
class weights. A higher alpha gives more
importance to minority classes and should
therefore be used for highly skewed datasets.
Gamma sets the ‘focus’ on hard-to-classify
samples. If gamma is zero, focal loss reduces to the
usual cross-entropy loss. A higher gamma means
that difficult-to-classify samples weigh stronger on
the calculated loss.

3 Research Question

My research question thus is: How do different
strategies of dealing with imbalanced data
increase the performance of the food hazard
classifier?



4 Experiments

I tested two data-level methods, downsampling and
oversampling, as well as one algorithm-level
method, i.e. focal loss.

4.1 Model architecture and baseline

As a base for my model, I chose ‘bert-base-
uncased’, on top of which I added four linear layers
as classifier heads, one for each category to be
predicted. In addition, I appended the output of the
product category classifier to the input of the
hazard category classifier and product classifier.
Similarly, I added the output of the hazard category
classifier to the hazard classifier. In the baseline
setup, the classifier is trained on the original
provided training dataset (N = 5082), and the loss
is calculated using an averaged cross-entropy loss
across the four classes. As evaluation method, I
calculated ST1 and ST2 scores for the two
subtasks, which are averaged F1 _macro scores —
averaged across hazard category and product
category for subtask 1, and averaged across hazard
and product for subtask 2.

4.2 Downsampling

The dataset was downsampled for the ‘hazard-
category’ and ‘product-category’. However, the
sampling was done row-wise, therefore, the values
for ‘hazard’ and ‘product’ were included in the
subset, even though they were not explicitly
balanced.

Three strategies were tested (see Table 1).
Each strategy features a maximum size for the
majority classes of ‘hazard-category’ and ‘product-
category’. From classes with more instances, the
defined maximum size was randomly sampled
from that category. The maximum sizes for the

4.2.1 Results

The results can be found in Table 3 and Figure 1.
Down_1 with the most balanced but smallest
dataset performed by far worse than the other two
downsampling strategies and baseline on both
metrics. Down_2 with double the training data size
than Down_ 1 performed much better than Down_ 1
on both metrics. However, further doubling the
training data size only results in a small
improvement in ST1 and ST2 compared to the
performance increase from Down 1 to Down 2.
Compared to the baseline, however, all three
downsampling strategies performed worse than on
both metrics.

4.3 Oversampling

Same as for the downsampling, the oversampling
was done for the ‘hazard-category’ and ‘product-
category’ and the sampling was done row-wise.
Inversing the strategy used for the downsampling,
now a minimum class size was set for the minority
classes of ‘hazard-category’ and ‘product-
category’. From classes with less instances, the
available instances were duplicated until they
reached the minimum size.

Since oversampling for both categories
proved challenging, only the ‘product-category’
was oversampled. The ‘hazard-category’ was
‘indicentally’ increased due to the row-wise
oversampling; however, it did not reach the
specified minimum size. This limitation is
discussed in the discussions section. Three
strategies were tested (Table 2). Each strategy
features a minimum size for the minority classes
of ‘product-category’.

three tested strategies were set based on a graphic Strategy Maximum Resulting
exploration of the distribution. The lower the ‘SIZC dataset size
maximum category size, the more equal the product-’
distribution of the subset is, but the smaller its size. category
The final dataset sizes can be found in Table 1. Over_l 100 5795
Over 2 200 6935
. , _ Over 3 300 8509
Strategy Maximum Maximum Resulting
Size Size d'ataset Table 2: Oversampling Strategies
‘hazard ‘product-  size
category’  category’
Down 1 100 100 624
Down 2 300 150 1247
Down 3 600 270 2071

Table 1: Downsampling Strategics



F1 Hazard Type

F1 Product Type

(ST1) (ST1)

Subtask F1 Hazard (ST2)  F1 Product (ST2) F1 Averaged
Baseline ST1 0.5860 0.5232 0.5546

ST2 0.1454 0.0241 0.0847
Down_1 ST1 0.1659 0.0935 0.1297

ST2 0.0209 0.0011 0.0110
Down_2 ST1 0.5151 0.2814 0.3983

ST2 0.0640 0.0077 0.0358
Down_3 ST1 0.5242 0.3293 0.4267

ST2 0.0876 0.0053 0.0465

*highest values (compared to the same subtask) in bold

Table 3: Results for the downsampling strategies

Comparison of Downsampling Strategies
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Baseline Down_1 Down_2 Down_3
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Fig. 1: Comparison of downsampling strategies

4.3.1 Results

The results for the experiments with oversampling
strategies can be found in table 4 and figure 2.
Although the performance on the F1 _macro for
hazard type decreased with increasing minimum
size for ‘product-category’ and thus, overall
training data size, the performance on all over
partial F1_macros increased with it, as did the F1
Averaged Macro for both subtasks. Compared to
the baseline, however, all three oversampling
strategies perform considerably worse on ST1, but
better on ST2. Over 1 performs as good as the
baseline on ST2, Over_2 and Over 3 better in this
order.

4.4 Focal Loss

To experiment with focal loss, I used the original
training data again. I varied the alpha and gamma
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inductively, i.e. by reviewing the results and testing
in both directions whether the performance
increases. The range of the wvalues, and
recommendations for the starting values, I gained
from Cai et al. (2025). The tested values can be
found in table 5.

4.4.1 Results

The results can be found in table 5 and figure 3.
Compared to the resampling strategies, the
performance differences caused by tweaking the
focal loss are smaller. Focal 1 performed best on
ST1, followed by Focal 5, -2, -3, -4, and the
baseline. Focal 3 performed best on ST2,
followed by Focal 5, -2, -4, -1, and the baseline.
There is no linear association between parameter
alpha and performance on ST1 and ST2 because
if we compare Focal 2, Focal 4, and Focal 5,
where gamma is constant, we see that lowering
alpha from 0.75 to 0.65 marginally increases
performance on both metrics, but further lowering
alpha from 0.65 to 0.5 impoverishes performance
on both metrics. However, there is a linear
association between gamma and performance on
ST2. Increasing gamma from 2 to 3 and from 3 to
4 increases performance on ST2.Thus, it seems
that increasing gamma, and thus, putting a
stronger focus on hard-to-classify examples,
benefits performance on tasks with many
categories, such as hazard (number of categories
=128) and product (number of categories = 1022).

4.5 Overall

strategies

comparison of balancing

Lastly, we can compare the best solutions from
each balancing strategy, that is Focal 1, Over 3
and Down_3, and the baseline. Over 3, which has



F1 Hazard Type

F1 Product Type

(ST1) (ST1)

Subtask F1 Hazard (ST2)  F1 Product (ST2) F1 Averaged
Baseline ST1 0.5860 0.5232 0.5546

ST2 0.1454 0.0241 0.0847
Over 1 ST1 0.0903 0.5348 0.3125

ST2 0.1423 0.0333 0.0878
Over 2 ST1 0.0834 0.6640 0.3737

ST2 0.1950 0.0403 0.1177
Over 3 ST1 0.0761 0.7374 0.4068

ST2 0.2178 0.0559 0.1369

*highest values (compared to the same subtask) in bold

Table 4: Results for Oversampling Strategies

Comparison of Oversampling Strategies
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Fig. 2: Comparison of Oversampling Strategies

the largest training dataset (N = 8509), performs
best on ST2 but worst on ST1. Focal 1 performs
best on ST1, and second best on ST2. The baseline
is better on ST1 than both resampling strategies,
but worse than Focal 1. Furthermore, the baseline
is better on ST2 than Down_3, but worse on ST2
than Focal 1 and Over 3.

5 Discussion

Three different strategies were tested to deal with
imbalanced data using the example of SemEval
2025 Food Hazard Detection Challenge. The
strategies were downsampling, oversampling, and
focal loss. I found that downsampling, i.e. reducing
the number of majority classes, leads to more
balanced, but smaller datasets which yield a poorer
performance than the baseline. Moving from the
smallest and most balanced dataset of Down_1 up
in training data size and imbalance of the data, i.e.
Down 2, Down 3 and the baseline, the
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performance monotonously increases on both ST1
and ST2. This shows that, at least in this range of
training data size, training data size matters more to
the performance of the classifier than the balance
within the training data. What is more, training data
size seems to matter most in the low training data
range because moving from N = 624 to N = 1247
improved the performance on both metrics
drastically, while moving from N = 1247 to N =
2071 only increased the performance a little
suggesting a plateau effect.

Oversampling increased both training data
size and balance of the data, however, at the cost of
informational value since samples from minority
classes were simply duplicated. In the most
extreme case, a class with only 3 cases was
duplicated 100 times. Despite the little added
information, the different oversampling strategies
yielded better results on ST2 indicating that for this
subtask training data size and balance matter more
than informational value.

However, all oversampling strategies led to
worse performance on ST1. This is surprising
because during all the oversampling strategies, the
classifier learns as much from the training data as
in the baseline condition, only additionally a series
of duplicates. However, this seems to dampen the
performance on subtask 1. Hence, informational
value appears to be more important to subtask 1
than subtask 2. One limitation of these results is
that only the ‘product-category’ was oversampled
and not both. Judging from the increased
performance due to oversampling one category,
further performance increases are likely when
oversampling for hazard-category too. Future
studies need to re-assess the



F1 Hazard F1 Product

Type (ST1) Type (ST1)

F1 Hazard F1 Product

Alpha Gamma Subtask (ST2) (ST2) F1 Averaged

Baseline - - ST1 0.5860 0.5232 0.5546
ST2 0.1454 0.0241 0.0847
Focal 1 1 2 ST1 0.7449 0.5953 0.6701
ST2 0.1709 0.0291 0.1000
Focal 2 0.75 3 ST1 0.7086 0.5601 0.6343
ST2 0.1739 0.0342 0.1040
Focal 3 0.75 4 ST1 0.6488 0.5804 0.6146
ST2 0.1838 0.0340 0.1089
Focal 4 0.5 3 ST1 0.5975 0.5801 0.5888
ST2 0.1696 0.0345 0.1021
Focal 5 0.65 3 ST1 0.7482 0.5429 0.6455
ST2 0.1758 0.0332 0.1045

*highest values (compared to the same subtask) in bold

Table 5: Results for Focal Loss

Comparison of Focal Strategies
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Fig. 3: Comparison of Focal Strategies

effectiveness of oversampling when done for both
categories.

Contrary to downsampling and oversampling,
implementing  focal loss yielded better
performance on both metrics in every
configuration. However, adjusting the parameters
alpha and gamma seems tricky for our dataset since
the best performances on ST1 and ST2 were
achieved by two different configurations
respectively: Alpha =1 and Gamma =2 yielded the
best result for ST1 while Alpha = 0.75 and Gamma
= 4 the best result for ST2. A higher gamma, i.e.
stronger focus on hard-to-classify examples,
improves performance on ST2 but not ST1. For
alpha, no consistent pattern with regard to ST1 or
ST2 performance emerges..
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6 Conclusion

This paper aimed to experimentally test different
strategies of dealing with imbalanced data using
both data-level methods which modify the data the
classifier is trained on, and algorithm-level
methods which tweak calculations within the
training and evaluation phase.

After experimenting with downsampling,
oversampling, and focal loss, I can conclude that
training data size trumps informational value and
skewness of the data, at least in this range of
training data size. Future studies can try combining
over and undersampling as well as more
sophisticated data augmentation, e.g. by LLM
generating new instances and classifying them.

Comparing the best results of different balancing strategies
0.7

Metrics
. ST1
. ST2

0.6 1

L1l

Baseline Focal_1 Over_3 Down_3
Strategies

Metrics Values
o o o
w ES w

o
N)

o
-

0.0

Fig. 4: Comparison of best solutions from the
different balancing strategies
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Assessing the Impact of Data Augmentation on Food Hazard Detection

Iris Sgrbye Bore
irissb@uio.no

Abstract

Contaminated food poses a substantial risk to
human health. With access to a labeled data
set of food recalls, we apply Machine Learning
and Natural Language Processing methods to
automatically detect such risks. By using lan-
guage models in both classifier for enhanced
performance and for data augmentations, we
significantly improve the performance of this
task. Finally, we discuss different prompting
strategies and sampling criteria for the augmen-
tation.

1 Introduction

1.1 Background and motivation

Food safety is a critical global concern, contami-
nated food pose a serious threat to human health,
with millions of people affected by foodborne ill-
nesses each year (Uyttendaele et al., 2016) (Ma-
jowicz et al., 2014). Natural Language Processing
(NLP) solutions based on Machine learning (ML)
and Lanrge Language Models (LLMs) enable fast
responses to new threats by generating warnings
from publicly available texts on the internet (Maha-
rana et al., 2019). However, these texts can be noisy
and characterized by thousands of classes. Catego-
rization of incidents into these classes is important
to address the urgency of food risks. Automatic
classification of the hazards involved in food recalls
by leveraging NLP and LL.Ms can help estimating
the severity of these food risks and lead to faster and
more targeted measures. Publicly available official
food recall announcements, and specifically their
shorter titles, contain detailed information on food
risks and the specific products involved and may
be used as a basis for data-driven ML approaches
(Randl et al., 2024). In this paper, we will focus
on employing a machine learning technique called
data augmentation (Bayer et al., 2022) to enhance
the performance of a BERT-based language model
(LM) (Devlin et al., 2018) to classify hazard and

Elisabeth Othamar
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product categories. As the data set is extremely
unbalanced, we aim to explore methods to increase
the sample number of the minority-classes within
each categories to address the class imbalance.
This will involve performing an in-context learn-
ing technique called few-shot prompting (Brown
etal., 2020) on existing decoder-only language mod-
els called SmolLM2-360M (Allal et al., 2025) and
Owen2/Qwen2.5-3B-Instruct (Yang et al., 2024) to
generate titles for the samples. We also explore
the effect of using the BERT-based LM with four
classification heads on the data by comparing the
results with a simple baseline structure. We will
work with the Food Hazard Detection Challenge
from SemEval 2025 (Randl et al., 2025).

1.2 Related work

Several studies have addressed an automatic food
hazard detection system, focusing on aspects such
as developing an optimized classification model and
data augmentation. There is not enough research
specifically in the text-based food hazard detection
area, thus related areas such as automatic food
hazard detection on image data have also been
addressed. In this section, we review the most
relevant work related to these topics.

The paper by Jimenez-Moreno and Baquero
(2023) presents the design of a convolutional
neural network architecture oriented to the detection
of food waste using machine vision systems, to
generate a low, medium, or critical level alarm. An
architecture based on four convolution layers is used,
for which a database of 100 samples is prepared.
The two classes, food and residue, are used as output
and a 100 images from the database as input to the
classification model. Different hyperparameters
make up the final architecture, after the training
process. By means of confusion matrix analysis,
a 100% performance of the network is obtained,
which delivers its output to a fuzzy system that,



depending on the duration of the detection time,
generates the different alarm levels associated with
the risk.

The paper by Rasheed et al. (2025) has ad-
dressed a problem more closely aligned with ours.
The primary objective of this study is to demonstrate
the impact of data augmentation using ChatGPT-
40-mini on food hazard and product analysis. The
augmented data is generated using ChatGPT-4o-
mini where the focus was on increasing the number
of samples for classes with a small sample num-
ber. This data was subsequently used to train two
large language models: RoBERTa-base and Flan-
T5-base. The models are evaluated on test sets. The
results indicated that using augmented data helped
improve model performance across all key metrics,
including recall, F1 score, precision, and accuracy,
compared to using only the provided dataset. Addi-
tionally, FlanT5 demonstrates superior performance
both with and without augmentation compared to
RoBERTa. Training time was also measured, re-
vealing that RoBERTa required less computational
time compared to FlanT5, indicating higher com-
putational efficiency.

2 Method
2.1 Data

The dataset includes recall announcements, split to
title and text, from official food agency websites and
is manually labeled by food professionals (Randl
et al., 2024). Each announcement is labeled in four
groups of classes, describing hazards and products
with two levels of granularity, as seen in Table 1.

Class Description

Hazard Fine-grained description of the

hazards mentioned in the texts;

261 classes.

Categorized version of the hazard
classification task; 10 classes.
Fine-grained description of the

Hazard-category

Product

products mentioned in the texts;

1,256 classes.
Product-category
uct classification task; 22 classes.

Categorized version of the prod-

Table 1: Description of classification tasks and their
corresponding label spaces.

The training objective is to predict certain labels
of the dataset samples given the recall title. The
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training and validation set contains 55902 and 6215
samples respectively and the target labels are highly-
skewed. According to the research introducing the
data set, the fine-grained tasks, hazard and product,
have very low support for many classes (Randl et al.,
2024).

2.2 Baseline

Logistic regression over a Term Frequency - In-
verse Document Frequency encoding is the best
performing traditional classifier (Randl et al., 2024).
Thus, a BoW classifier is utilized as our baseline
model. First we transform the input to vectors using
Term Frequency - Inverse Document Frequency
(TF-IDF), and then send the vectors to a logistic
regression (LR) classifier. This baseline is used for
comparison with the BERT-based classifier.

The baseline for data augmentation is the perfor-
mance of the BERT-based classifier on the original
data set.

2.3 BERT-Based Classification Model

The classification is usually a two-step process
with the first step mapping the text into a machine-
readable embedding vector, and the second one
involving the learning process. The LM classifier
tokenizes the input and transforms them into an
embedding by passing them to a pretrained BERT
model, which in addition to the embeddings outputs
a class token embedding.

The labels and the predictions have to be integer
scalars. However, our dataset includes string target
classes and to obtain the desired result, we map
them to integer scalars.

To approach the problem using a language model
(LM), we have developed a BERT-based model with
two linear heads that each predicts the category type
of hazard and product, sub-task 1 (ST1), and the
exact hazard and product, sub-task 2 (ST2). The
BERT-based model is a pre-trained language model
from Huggingface bert-base-uncased (Devlin et al.,
2018), and the second head, which predicts ST2,
uses the predicted class of ST1 along with BERT’s
special classification token for further prediction.
In this way, the classifier head leverages the infor-
mation available to predict additional specifications
about the food related issues for ST2, which would
be more efficient than predicting each subtask sepa-
rately.



2.4 Data augmentation

Drawing inspiration from the current best perform-
ing classifier of the SemEval 2025 leaderboard
(Randl et al., 2025), we decided to try to expand
our dataset by creating synthetic data. We chose
this approach not only because it showed promising
performance, but also because we believe this is a
method relevant to many different areas, not just
food hazard detection, as machine learning projects
often lack enough data or cannot use the real data
due to privacy reasons. To augment the data set,
we first balanced the data set in algorithm 1, and
then generated titles as shown in algorithm 2.

Algorithm 1 This algorithm balances dataset
groups by upsampling under-represented classes
and optionally downsampling over-represented
classes.
1: Let G « groups of training data aggregated
by hazard category and product category

2: Let T «— median group size in G

3: Initialize S «— @  » final list of sampled data
4: for all group g € G do

5: if |g| < T then

6: g’ « Upsample(g) to size T

7: else

8: if downsample is True then

9: if |g| > 5T then

10: g’ « Sample(g, size = 5T)
11: else

12: g —g

13: end if

14: else

15: g —g

16: end if

17: end if

18: Append g’ to S

19: end for

2.4.1 Sampling with replacement

We chose to sample with replacement to keep the
hierarchical relationship between categories and
specific classes, and their distribution. This way we
preserve some information of the relative frequency
of the original distribution.

2.4.2 Sampling criterion

We defined the combination of product category
and hazard category to be a minority if the number
of instances were less than the median number of in-
stances for each of the combinations. We later tested
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if our classifier benefited from manually increasing
the minority threshold (and thus the number of
samples generated from those minorities).

2.4.3 Experimenting with down-sampling

As the data set is so highly skewed that a few
groups dominate the data set, it is interesting to
see if the classifier could benefit from not only
upsampling the minority groups, but also down-
sampling the majority groups. We defined the
majority threshold to have a 5:1 relationship to the
minority (threshold), so if a group were larger than
five times the minority threshold, we only kept five
times the minority threshold of those instances, as
seen in algorithm 1, line 8. We chose that approach
to minimize the loss of data, while at the same time
making a cut in the largest groups.

2.4.4 Few-shot prompting

Algorithm 2 This algorithm prompts a pretrained
language model to create new titles for duplicate
examples sampled in 1, using the context of the
duplicate sample.

1: Split sampled examples into:
U < unique examples (originals)
D « duplicated examples
2: for all example x in D do
3: x.prompt « FormatPrompt(x, context
U .hazard-category, U.product-category,
U .hazard, U.product, shots)
4: x.title «— CompletePrompt(x.prompt)
5: end for

We used few-shot prompting to generate the ti-
tles. Previous research emphasized to select "good
examples" for prompting (Randl et al., 2024), how-
ever, what is a good example? For our research, we
decided to not manually select examples from our
data set, but instead draw the demonstration exam-
ples randomly from the original data set to reflect
the variation and noise in the data, and thus hope
to create more realistic synthetic training examples
for our classifier. Additionally, we experimented
with drawing the demonstration examples randomly
from a set with the same product category and haz-
ard category as the synthetic row. This means that
product and hazard may still vary, as one can see
in figure 1. For a prompt example with a diverse
demonstration example, see figure 4 in Appendix
A. This way, we could test if the language model
responded best to diverse demonstration examples



or examples belonging to the same categories as
the ones the model should generate the titles from.
It should be noted that the prompts were later pre-
processed by built in methods to match the desired
format of the corresponding pretrained language
model.

Write a title for product recall.
Demonstration example:

Hazard category: biological

Product category: feed materials

Product: herbal premix

Hazard: listeria monocytogenes

Title: Dunnes Stores recalls Chicken, Bacon
& Sweetcorn Deli Filler due to possible
contamination with Listeria monocytogenes

Instruction:

Hazard category: biological
Product category: feed materials
Product: feed materials

Hazard: salmonella

Title:

Figure 1: Prompt example for one-shot, where the
demonstration example is drawn from the same hazard
cateogory/product category group. For several shots, the
template is the same, but with appended demonstration
examples.

2.4.5 Pre-trained language models

We tested the models SmollLM2-360M (Allal et al.,
2025) and Qwen2/Qwen2.5-3B-Instruct (Yang et al.,
2024). The models were chosen to experiment with
performance and computational cost, against the
model’s complexity, with the first being a small
language model and the other a large language
model.

2.5 Evaluation

The evaluation metric we use is F1-macro for all
the classes, averaged over the two label types in
each sub-task. That is: the final ST1 score is the
F1-macro average of the hazard category and the
product category. For ST2 scores the procedure is
the same, but for specific hazards and products.
This kind of metric is not the norm: Normally ac-
curacy, precision, recall and F1-macro are reported
separately for each classification task. However,
in this experiment the different scores of hazards
and product categories vs. their specific hazard and
product classes are highly dependent. Our approach
is done to make our predictions more explainable.
In other words, a high ST2 score supports the re-
liability of the ST1 score, and vice versa, while a
low ST2 score calls the ST1 score into question.
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This was also done in the Food Hazard Detection
Challenge from SemEval 2025 (Randl et al., 2025).

Additionally, we evaluate whether the generated
titles are reasonable with respect to the instruction,
by visually inspecting random examples in the
synthetic data set.

3 Results and discussion

3.1 Baseline

The results of our baseline classifier are illustrated in
Table 2, with a macro-F1 average of 0.50 for ST1 and
0.19 for ST2. Considering that the categories are
highly skewed, with the two majority classes being
almost 70% of the instances for hazard category and
40% for product category (see Figure 2, and Figure
5 in Appendix A), we suspect this score is not far
from what you would get if you only predicted the
majority classes for ST1. For ST2 the score is even
worse, but one should keep in mind that there are
a high number of classes to predict from, and that
many of the classes only contains one instance. We
will use these scores as a reference going forward.

ST1 ST2
0.50 0.19

Table 2: Macro-F1 scores on the validation set for the
baseline classifier trained on the original data.

3.2 BERT-Based Classification Model

For optimization of the LM we finetune it on differ-
ent configurations of the hyperparameters batch size
and learning rate, and choose the best combination
based on performance. Finetuning with the original
data set yielded the results seen in table 3 on the
validation data. The ST1 scores are similar for
all hyperparameters, while the ST2 scores are not.
There is a clear trend: With a small learning rate the
model is not generalizing well for the diverse classes
hazards and products. A higher learning rate yields
the opposite effect. Additionally, a larger batch size
leads to fewer updates of the model parameters, and
in our experiment, poorer generalization. Thus, our
best configuration of hyperparameters is batch size
80 and learning rate le-4.

Based on the scores from the baseline classifier
and the BERT-Based classifier, we clearly see the
BERT-Based model outperform the baseline. The
model more than doubles the ST2 score and im-
proves the ST1 score. This implies that the use of a



Batch size Learning rate ST1 ST2
80 3e-4 0.72 0.40
80 le-4 0.73 0.41
80 3e-5 0.72 0.26
100 3e-4 0.71 0.41
100 le-4 0.72 0.39
100 3e-5 0.72 0.24
120 3e-4 0.71 0.40
120 le-4 0.71 0.37
120 3e-5 0.72 0.21

Table 3: Hyperparameters and their corresponding
scores on the validation set for classifier task ST1 and
ST2, while finetuning with original data. The optimal
hyperparameter configuration is shown in bold.

language model is beneficial for these classification
tasks.

3.3 Data augmentation

3.3.1 Inital sampling results

Distribution of hazard-category (Original vs Upsampled)
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Figure 2: Distribution of hazard category

Our initial minority threshold, computed by tak-
ing the median of each combination of hazard and
product categories, was seven. The resulting distri-
bution is seen in Figure 2. We see that our method
of upsampling the minority classes keeps the rela-
tionship between the hazard categories, while also
increasing the number of examples in the smallest
categories and thus slightly smoothing out the tow-
ering domination of the largest classes. However,
the figure also shows that our augmented data is
still skewed and may benefit from increasing the
minority threshold manually or downsampling the
majority classes, which we experiment with later.
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3.3.2 Pre-trained language models

When we tested the models SmollLM2-360M (Al-
lal et al., 2025) and Qwen2/Qwen2.5-3B-Instruct
(Yang et al., 2024), it was clear by visual inspection
that only the latter generated sufficient titles. Thus,
moving forward only Qwen2/Qwen2.5-3B-Instruct
was used to create synthetic data sets.

3.3.3 Different prompt templates

By visual inspection, we observe that the titles
generated with demonstration examples belonging
to the same categories as the ones the titles should
be based on, are less creative and borrows more
from the demonstration examples than the titles
with more diverse demonstration examples. For
instance, instead of generating brand names, the
generated titles tend to borrow brand names from
the demonstration examples, as seen in table 4.

Demonstrating Example

Ginco recalls its Chocolate Coated Honeycomb
100g due to undeclared allergens.

2015 - UPC Correction: David Trail Mix Sweet
and Salty Voluntarily Recalled Due To Undeclared
Dairy Allergen.

Generated Title

Ginco Recalls Honeycomb Products Due to
Undeclared Milk Allergens.

2023 - Voluntary Recall of Certain Flavors Due to
Potential Milk Allergen Contamination.

Table 4: Examples of titles generated with a one-shot
demonstrating example of the same hazard and product
categories

From table 5, we observe that the titles gener-
ated from the demonstration examples with random
categories are more creative. A such example: Cre-
ating brand names inspired by its creator company
Alibaba Cloud.

Product and Hazard Category in the demon-
stration examples had a surprising effect on the
BERT-Based classifier. As mentioned, the titles
generated with similar demonstration examples
were less creative. Thus, when we evaluated the
effect of similar combinations of product and haz-
ard categories in a 1-shot setting, the BERT-Based
model did not learn more from the augmented data,
with ST1 score 0.72 and ST2 score 0.39, as shown
in 6. This suggests that the increase in training data



Demonstrating Example

One-shot

VICS Acquisition, LLC Recalls Chicken Products
due to Misbranding and Undeclared Allergens.

Pinnacle Foods, Inc. Recalls Chili Products
Due To Misbranding.

Alibaba Cloud Recall: Gluten-Containing Cakes
Recalled Due to Allergen Hazards.

Herr Foods Inc. Announces Voluntary Recall of
Cookies Due to Undeclared Eggs: Safety Alert.

Generated Title

Two-shot

Alibaba Cloud Recall: Gluten-Containing Cakes
Recalled Due to Allergen Hazards.

ABC Beverage Co. Recalls Certain Varieties of
Wine Due to Presence of Yeasts.

Table 5: Examples of titles generated with diverse cate-
gories in demonstrating example in a one-shot setting.

is negated by the fact that it is too similar to the
original data. Additionally, the classifier seemed to
learn less regarding the categories judging by the
decrease of ST1 by 0.01 from the baseline BERT
model.

This decrease is also present in the classifier with
the augmented data made with diverse demonstrat-
ing examples, as this model also yields a ST1 score
of 0.72. However, the BERT-Based model general-
izes slightly better than with original data for the
specific products and hazards, see the ST2 score of
0.42 from table 6. This indicates that the augmented
data is diverse enough for the BERT-Based model
to learn more than with the original training data
for product and hazard, and still generalize well
for the validation data. Therefore, moving forward,
the demonstration examples for generating more
training data will be diverse.

Demonstration Example ST1 ST2
With similar example 0.72 0.39
With diverse example 0.72 042

Table 6: Macro-F1 averages for the BERT-Based clas-
sifier with augmented data using 1-shot prompts and
different types of demonstration examples.

Testing different number of shots yielded gen-
erated titles like those in table 7. The examples
are quite similar in content, however, the two-shot
setting seems to generate longer texts. Longer texts
might not be beneficial in our classifier, as the vali-
dation set and production setting will classify with
normal length titles.

The number of shots in the prompts can greatly
impact the quality of the generated titles and consec-
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Alibaba Cloud Recall: XYZ Bakery Inc.
Recalls Cakes Due to Gluten Contamination.

Herr Foods Inc. Announces Voluntary Recall of
Sweet Treats Brand of 3 oz. Chocolate Chip
Cookies Due to Undeclared Eggs: Allergy
Concern for Those With Egg Allergy.

Table 7: Examples of titles generated in a one- and
two-shot setting.

Number of shots ST1 ST2
1 0.72 0.42
2 0.71 0.39
3 0.71 0.39

Table 8: Scores for the BERT-Based classifier with
augmented data using different numbers of shots in the
prompts. The best scores are shown in bold.

utively the performance of the BERT-Based model.
From table 8 we see that the impact of the generated
titles is best in the one-shot setting. This is in line
with what the examples seen in table 7 indicated,
and supports our interpretation that longer texts
may not benefit our classifier. In this experiment
we clearly see this trend, more complicated input
leads to poorer predictions. Thus, a one-shot setting
is most beneficial for our classification task.

3.3.4 Adding Downsampling

The result of adding downsampling to our classifier
can be seen in Figure 3. The figure shows that
downsampling gives a smoother distribution. How-
ever, this comes at the cost of loosing more than
half of our training examples, effectively reducing
the training set from 5082 samples to 2274 samples.

Downsampling of the majority classes can have
different effects during training. On the one hand,
it could yield the model more room to generalize
better for the minority classes, on the other hand,
less data could lead to the model underfitting and
not generalize well for any classes. The results of
downsampling are seen in table 9. We see that the
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Figure 3: Comparison of distribution of hazard cate-
gory for original data set and augmented data set with
upsampling and downsampling

decrease in training data is too large and leads to
underfitting.

Downsampling ST1 ST2
With downsampling 0.68 0.28
Without downsampling  0.72  0.42

Table 9: Scores for the BERT-Based classifier with aug-
mented data using 1-shot prompts and downsampling.

3.3.5 Experimenting with sampling criterion

We experimented with our threshold and the results
are in table 10. The best number of generated
examples for the classification is 10, and compared
to the scores with the original data both ST1 and
ST2 increase by 0.01. The minority threshold

Minority threshold ST1 ST2
7 0.72 0.42
9 0.74 040
10 0.74 0.42
11 0.71 041
12 0.73 0.41

Table 10: Scores for the BERT-Based classifier using
augmented data with different number of samples per
category combination. The best scores are shown in
bold.

and samples drawn from the minority needs to be
balanced with what is actually beneficial for the
classification. With our implementation, we could
also increase the amount of drawn samples for the
minority classes, without adjusting the minority
threshold. However, at some point the augmented
data no longer yields any more useful information
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for the BERT-Based classifier, and might even lead
to confusion and poorer performance.

3.4 Final Results

From our experiments, the best classifier was the
BERT-based classifier trained on the augmented
data set where we drew 10 samples from the minor-
ity combinations of hazard and product category,
and generated titles for the rows not in the original
data set using a one-shot template with diverse
examples.

Testing this classifier with our independent test
data set gave us the final results seen in table 11.
We also tested the BERT-classifier trained on the
original data and our baseline on the same dataset.
The results show that these classification tasks
benefited from a BERT-based model such as ours,
and that the model benefited from augmented data.

Model ST1 ST2
Baseline 048 0.14
BERT-Original 0.67 0.36
BERT-Augmented 0.71 0.36

Table 11: Test results of our classifiers.

The table 12 shows the results of Rasheed et al.
(2025) against ours. They reported F1-macro scores
for only product and hazard categories, which we
averaged. Their results were better than ours, and
could be due to their augmentation process leading
to better generated data, to their classifier or that
they use both the title and the text from the recall
statements as input for the models.

Model ST1 ST2
BERT (our) 0.71 0.36
RoBERTa 0.77 -
Flan-T5 0.78 -

Table 12: Scores of Classifiers on the test data, with
models trained on augmented data. Ours and (Rasheed
et al., 2025)’s.

A selection of results for this challenge in the Se-
mEval 2025 (Randl et al., 2025) and our results can
be found in table 13. This indicates that our solution
has room for improvement regarding performance.
Additionally, we seem to have a disproportionately
poor ST2 score given our ST1 score, which could be
due to our synthetic titles leading to poorer context
for predicting the product and hazard classes.

Lastly, we check the credibility of our final results



Group title text ST1 ST2
SRCB X X 0.80 0.55
HU X X 0.79 0.51
VerbaNex Al X - 0.52 0.32
BrightCookies - X 0.76 045
Our Solution X - 0.71 0.36

Table 13: Scores from different solutions to SemEval
2025 (Randl et al., 2025) and our solution.

by computing test results, using our best hyperpa-
rameter configuration and training data set, with
three different initializations of the BERT-based
model. Table 14 shows the results.

Runs ST1 ST2
1 0.71 0.36
2 0.71 0.37
3 0.70 0.37
Average 0.707 0.367

Table 14: Scores, and the average, of the best BERT-
based classifier with different initializations, trained with
the same augmented data.

4 Conclusion and future work

By introducing a language model for the task of
detecting food related issues from food recall state-
ments, we were able to improve the results from
our baseline. Further, we showed that the classifier
may benefit from data augmentation, but that this is
not straightforward for multi-label and multi-class
textual data. While the results are promising with
the method we developed, which increased the clas-
sifier performance slightly, this field needs further
work on establishing more balanced methods suit-
able for our use case. However, we conclude that
language models were a helpful tool in generating
the food recall titles for augmenting the data set.
Finally, we showed that the way we prompted the
language model to generate titles impacted the clas-
sifier performance. This supported our impression
that the language models of today are sensitive to
both the input examples and formatting of them,
and that one as practitioners always benefits from
experimenting with this.

For future work we would like to put more ef-
fort into experimenting with the sampling criterion
and number of samples drawn. The downsampling
implementation looses too much data, and the up-
sampling has potential to be more aggressive in
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balancing the distribution. Additionally, we choose
not to manually select top-notch demonstrating
examples, however, doing this might improve the
augmented data.

In the initial phase of our research, we researched
other methods for data augmentation. SMOTE
(Chawla et al., 2002) is such a procedure and we
investigated if there were previous works that im-
plemented the SMOTE sampling method for a use
case similar to ours. As that was not the case, we
implemented a simplified implementation inspired
by SMOTE, but it would be interesting to explore
the potential of interpolating example titles from
samples in the data.

Another alternative could be to back-translate
the titles to generate similar versions of them. This
approach may benefit from the BERT-classifier “s
possible internal knowledge of the connection be-
tween brand names and product type, which we
loose when we generate the brand names. Further,
it would be interesting to apply supervised finetun-
ing of our language model, like LoRA, to see if this
gives more representative generated titles.

Lastly, we have done no experimentation regard-
ing the choice of input. We decided on only using
title, on the basis of reducing computational cost.
However, experiments using also fext, and com-
parisons of inference time would be beneficial for
making a more informed decision.

Limitations

We have used the best hyperparameters from the
classifier trained on the original set data when run-
ning the model with augmented data. It might be
beneficial with new hyperparameter tuning experi-
ments specifically for the augmented data.

As the focus of this research paper was to ex-
periment with the effect of data augmentation on
this task, we only compared one classifier against
the TF-IDF-LR baseline model. However, it would
be interesting to set the best performing model,
an SVM model (Randl et al., 2024), as the base-
line classifier, and further experiment with different
model setups or other language models. This would
increase the possibility of developing an optimal
classifier.

Ethical considerations for this experiment is that
the use of a language model to generate more text
might lead to biases and inaccuracies in the titles,
which is considered as harmful. This is due to the
learned biases and inaccuracy in the language model



from its training corpora. We have not assessed
the model used for text generation with regards to
fairness. The titles generated are only developed
for internal use and will not be reflected in the final
production set up.

Our improvement in classification by augmenting
the data set was only increased by 0.01 F1 macro
scores on the validation set. While augmenting
the data set by generating titles slightly improves
performance, the environmental and computational
costs raises concerns about whether it is worth the
environmental impact of using a large language
model for this task.
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A Appendix

Write a title for product recall.
Demonstration example:

Hazard category: biological

Product category: ices and desserts

Product: ice cream

Hazard: salmonella

Title: Certain Nestle brand Chocolate Peanut
Butter Ice Cream may contain Salmonella

Instruction:

Hazard category: allergens

Product category: cereals and bakery products
Product: cakes

Hazard: cereals containing gluten and products
thereof

Title:

Figure 4: Prompt example from diverse hazard/product
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Figure 5: Comparison of distribution of product cate-
gory for original data set and augmented data set with
upsampling

28



Enhancing Food Hazard Detection with BERT-Based Text Classification
and Synthetic Data Augmentation

Carl-Henrik Lien
University of Oslo
carlhehl@uio.no

Abstract

This paper explores the use of synthetic train-
ing data generated by a large language model
(GPT-4.1-mini) to improve text classification
performance in SemEval 2025 Task 9: The
Food Hazard Detection Challenge. The task in-
volves classifying food recall statements across
four subtasks: identifying the specific hazard,
hazard category, product, and product category.
We adopt a BERT-based classifier as our base-
line and address data imbalance by augmenting
the training set with synthetic examples. Per-
formance is evaluated using two aggregate F1
metrics: ST1 (covering hazard and product cat-
egories) and ST2 (covering specific hazard and
product labels). Augmenting the original data
with LLM-generated samples improves the av-
erage Fl-score from 0.76 to 0.80 for ST1 and
from 0.41 to 0.46 for ST2, demonstrating the
effectiveness of synthetic data in this domain-
specific classification task.

1 Introduction

Food safety is an important public health issue, in
2010, food-borne illnesses lead to 420,000 deaths
globally (World Health Organization, 2015). Regu-
latory agencies publish recall notifications to alert
the public about contaminated, misbranded, or mis-
labeled products. These texts typically include
structured identifiers (e.g., product names, haz-
ard types) and semi-structured text that describes
the problem in detail. Automatically classifying
such notices into predefined categories can enhance
surveillance, response time, and public accessibil-
ity.

In this paper, we make the classifier for food-
hazard detection using data from the SemEval2025
Task: The Food Hazard Detection Challenge
(Randl et al., 2024). The classifier is based on
a BERT-model to automate the labeling of food
hazard notifications. We focus on two tasks:

Gyula Szente
University of Oslo
gyulas@uio.no

29

Katarzyna Segiet
University of Oslo
katarzse@uio.no

* ST1: Predicting general product and hazard
categories.

* ST2: Predicting specific hazard and product
labels, evaluated with conditional scoring.

The main challenge with the available dataset
is the significant class imbalance among the tar-
get labels. To mitigate this, we use GPT-4.1-mini
to generate entirely new training examples, specifi-
cally targeting combinations of target labels that are
underrepresented in the original training set. To ad-
dress this, we explore the following research ques-
tion: Can synthetic data generated by large lan-
guage models improve classification performance
and alleviate class imbalance in food hazard detec-
tion? We then evaluate whether incorporating this
synthetic data improves the overall performance of
the model.

Using the synthetic data improves the perfor-
mance our model. We find that the average F1-
score increases from 0.76 to 0.8 for ST1 classifica-
tion and from 0.41 to 0.46 for ST2 classification.

2 Related Work

2.1 Food Hazard Detection with NLP

Various NLP methods have been applied to the
Food Hazard Detection Challenge, with top-
performing systems achieving F1-scores of 0.82
for ST1 and 0.55 for ST2 (SemEval, 2025). Some
approaches have demonstrated improved perfor-
mance through data augmentation to address class
imbalance. Papadopoulou et al. (2025) experi-
mented with several non-LLM augmentation tech-
niques and observed slight but inconsistent im-
provements on a BERT-based classifier; these im-
provements were statistically significant only for
minority classes. In contrast, Rasheed et al. (2025)
used ChatGPT-40-mini to generate synthetic train-
ing examples and reported more substantial F1-
score gains for ST1, hazard-category and product-



category prediction. However, their work did not
evaluate performance on the more granular ST2
subtask involving specific hazard and product la-
bels.

2.2 BERT based classifiers

Since its release, BERT (Devlin et al., 2019) has
significantly influenced the field of NLP, particu-
larly in classification tasks. Its ability to model bidi-
rectional context has made it especially effective
for understanding sentence-level semantics. Re-
searchers have applied BERT to a wide range of
classification problems, including sentiment analy-
sis, spam detection, and topic classification. Vari-
ants such as RoBERTa (Liu et al., 2019) have fur-
ther refined the architecture, offering trade-offs be-
tween performance and computational efficiency.

2.3 Synthetic Data Augmentation in Text
Classification

Low-resource text classification has long bene-
fited from data augmentation techniques like back-
translation (Shleifer, 2019), paraphrasing (Marivate
and Sefara, 2020), and token-level noising (Wei
and Zou, 2019) to expand training corpora. When
combined with machine learning classifiers, such
methods help combat data scarcity and improve
model performance.

Recently, the emergence of powerful large lan-
guage models (LLMs) has enabled a new paradigm
of LLM-generated synthetic data. These models
can produce high-quality, human-like text on de-
mand (OpenAl et al., 2024), making them attractive
“data generators” for NLP research. LLM-based
augmentation is often found to outperform stan-
dard augmentation methods in boosting classifier
performance (Li et al., 2023).

Several studies from 2022-2024 leverage GPT-
3+ models to augment training data, reporting im-
proved outcomes across a range of text classifica-
tion tasks. For example, Ding et al. (2023) trained
classifiers on GPT-3 annotated data, where GPT-3
labels unlabeled examples, and found performance
comparable to or better than training on human-
labeled data under limited-budget settings. Samuel
et al. (2024) achieved significant improvements
in question-answering performance by augment-
ing the training set with synthetic data generated
by GPT-4. Hartvigsen et al. (2022) developed the
ToxiGen dataset, consisting of 274,000 machine-
generated toxic and benign statements about mi-
nority groups, and demonstrated that the synthetic
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data significantly improved classifier performance.
Similarly, Han et al. (2024) employed ChatGPT
to generate synthetic data for debiasing large lan-
guage models, showing that targeted augmentation
strategies can improve fairness while maintaining
classification performance.

These works collectively demonstrate the grow-
ing utility of synthetic data from LLMs in enhanc-
ing text classification, particularly in domains with
limited labeled resources. Our study extends this
line of work to the food safety domain.

3 Methodology
3.1 BERT C(lassifier

Our baseline model for text classification is based
on a pretrained transformer encoder. Specifi-
cally, we use RoOBERTa-base, a variant of BERT
with improved training strategies and performance
on downstream NLP tasks (Liu et al., 2019).
RoBERTa consists of 12 transformer layers with a
hidden size of 768 and 12 attention heads, totaling
approximately 125 million parameters.

We fine-tune the model by adding a linear classi-
fication head on top of the [CLS] token representa-
tion, which is standard practice for sentence-level
classification (Sun et al., 2020). The classification
head outputs logits over the set of target classes,
and the entire model is trained end-to-end.

The input to the model is a concatenation of
structured text features. Each training example
is created by merging the title and text columns
from the dataset, and augmenting the resulting text
with structured metadata. This metadata includes
information about detected product names and haz-
ard types, extracted from the training data using
simple string matching. These structured cues are
appended as a prefix to each input instance, in the
form: FOUND PRODUCTS: ...; FOUND HAZ-
ARDS: ..., followed by the concatenated title and
text. This additional context helps the model dis-
ambiguate relevant semantic signals, particularly
when product- or hazard-specific phrases are in-
dicative of certain labels.

We tokenize input sequences using the AutoTok-
enizer associated with RoOBERTa-base, truncating
or padding to a maximum length of 512 tokens.
The model is trained using cross-entropy loss, op-
timized with the AdamW optimizer and a linear
learning rate scheduler with warmup. Training is
performed over multiple epochs, with early stop-
ping based on macro-averaged F1 score on a valida-



tion set. During each training step, batches are tok-
enized on-the-fly using a custom collate function
to handle dynamic padding and attention masking.

The label set is encoded using LabelEncoder,
with an additional unknown class appended to han-
dle unseen classes during evaluation. The num-
ber of output logits in the final classification layer
matches the number of encoded labels.

Overall, this setup serves as our baseline clas-
sifier for evaluating the impact of synthetic data
augmentation on downstream classification perfor-
mance.

3.2 Real Dataset

The original dataset comprises 5082 food recall
records manually labeled with four fields: hazard,
product, hazard-category, and product-category.
Records are drawn from public health agencies
(e.g., USDA, FSANZ) and cover a wide geographic
and temporal range. Each record includes times-
tamps and geolocation metadata, enriching the
dataset’s contextual relevance.

Top 20 Most Frequent Target 4-plets

E)
Frequency

)

Figure 1: Top 20 most frequent target 4-plets in the
real dataset. Frequencies remain low even for common
combinations.

3.3 Motivation for Synthetic Data
Augmentation

An analysis of the training dataset reveals substan-
tial label sparsity and skew. Among the 5,082 total
recall entries, there are 2,762 unique combinations
of the four target labels (hazard-category, product-
category, hazard, product). As visualized in Fig-
ure 2, 1991 of these 4-plets appear only once (over
72%), and fewer than 5% appear more than five
times. This heavy-tailed distribution indicates a
lack of redundancy in the dataset, which is prob-
lematic for supervised learning tasks — especially
when learning fine-grained or rare hazard-product
relations.

To reduce this sparsity, we augmented the train-
ing set with synthetic samples generated via few-
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shot prompting using OpenAI’s language model.
These synthetic entries were designed to mirror the
structure and diversity of the real data while intro-
ducing additional examples for underrepresented
combinations. As shown in Figure 3, after aug-
mentation, the majority of 4-plets appear at least
three times, reflecting a significant improvement in
class support. The use of synthetic data was moti-
vated not only by the limited dataset size but also
by the high variance across target labels, making it
a valuable tool to improve model generalization.

3.4 Synthetic Data Generation

To improve the diversity and robustness of our train-
ing data, we generated synthetic examples using
a decoder-only large language model (LLM). As
previously mentioned, decoder-based LLMs have
demonstrated superior performance across a wide
range of natural language processing tasks, particu-
larly in settings that involve realistic text generation
and instruction following. This makes them espe-
cially well-suited for creating plausible synthetic
examples of food recall statements.

We selected OpenAl’s gpt-4. 1-mini as our gen-
eration engine. The GPT-4.1 series has shown
strong performance across multiple benchmarks
and tasks, offering an appealing balance between
cost-efficiency and model capabilities (OpenAl,
2024). For example, in the MMLU benchmark,
designed to assess LLM performance across 57 sub-
ject areas, gpt-4.1-mini achieves a score of 87.5%,
significantly outperforming earlier models such as
GPT-3 (43.9%) (Hendrycks et al., 2021). For com-
parison, human domain experts are estimated to
achieve 89.8% on the same benchmark. As of mid-
2024, models such as GPT-40, Claude 3.5 Sonnet,
and LLaMA 3.1 405B consistently reach perfor-
mance levels around 88%, placing gpt-4.1-mini
competitively close to state-of-the-art. We were
able to generate 4,373 new synthetic examples for
under $3 USD.

3.4.1 Synthetic Data Creation Procedure

To guide the LLM in generating high-quality, label-
consistent synthetic data, we crafted a prompt tem-
plate based on best practices in few-shot prompting
(Sahoo et al., 2024). Each prompt includes one
example that shares the same labels as the target
output, as well as one randomly selected example
from the training set. These examples serve as in-
context demonstrations. Few-shot prompting has
been shown to significantly enhance LLM output
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Figure 2: 4-plet Frequency Distribution (Before Augmentation). Most combinations appear only once.
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Figure 3: 4-plet Frequency Distribution (After Augmentation). Most underrepresented combinations now appear at

least three times.

alignment with task requirements, particularly in
text generation tasks (Brown et al., 2020).

The prompt explicitly provides the model with
the target values for all relevant classification la-
bels: hazard-category, product-category, hazard,
and product. The model is then asked to generate a
realistic and structured food recall statement, con-
sisting of a title and detailed text, that aligns with
those labels. This ensures the resulting data is not
only semantically coherent but also label-accurate
for supervised training (see Appendix A).

3.5 Analysis of the Dataset after
Augmentation

The addition of synthetic data led to a marked im-
provement in class balance across both hazard and
product categories. As shown in Figures 4 and 5,
the augmentation strategy did not attempt to flat-
ten the distribution entirely. Instead, it enriched
underrepresented categories while maintaining the
overall distributional shape of the real data. This
targeted growth is particularly evident in the hazard
categories such as fraud, chemical, and organolep-
tic aspects, which saw increases of over 100%.
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Similarly, rare product categories like honey and
royal jelly, pet feed, and sugars and syrups experi-
enced substantial growth. This is further quantified
in Tables 1 and 2, which show the relative per-
centage increase in entries per hazard and product
category, respectively. By addressing class imbal-
ance without artificially equalizing all categories,
the augmentation approach improved data diver-
sity and coverage in a way that is both realistic
and beneficial for generalization. This is expected
to support better classifier performance on previ-
ously underrepresented classes, as confirmed by
the improved ST2 scores in Section 4.

3.5.1 Motivation for augmentation decisions

To combat the skewed label distribution in the train-
ing data, we specifically targeted 4-plet combina-
tions (comprising product, product category, haz-
ard, and hazard category) that appeared only once
or twice in the original training set. We gener-
ated synthetic examples of these underrepresented
4-plets until each was represented at least three
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Figure 4: Class distribution comparison of hazard categories before and after augmentation.
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Figure 5: Class distribution comparison of product categories before and after augmentation.

Table 1: Percentage Increase by Hazard Category

Augmentation %

allergens

biological

chemical

food additives and flavourings
foreign bodies

fraud

migration

organoleptic aspects

other hazard

packaging defect

87.0
55.3
110.8
100.0
103.2
143.4
0.0
154.7
136.6
146.3
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Table 2: Percentage Increase by Product Category

Augmentation %

alcoholic beverages 123.7
cereals and bakery products 80.3
cocoa and cocoa preparations, coffee and tea 74.3
confectionery 82.4
dietetic foods, food supplements, fortified foods 104.6
fats and oils 110.5
feed materials 150.0
food additives and flavourings 87.5
food contact materials 114.3
fruits and vegetables 81.7
herbs and spices 116.8
honey and royal jelly 162.5
ices and desserts 29.7
meat, egg and dairy products 84.2
non-alcoholic beverages 127.6
nuts, nut products and seeds 59.2
other food product / mixed 130.9
pet feed 55.0
prepared dishes and snacks 98.1
seafood 89.2
soups, broths, sauces and condiments 113.3
sugars and syrups 140.0




times' in the final dataset. This augmentation in-
creased the size of the training set from 5,082 to
9,455 examples. We chose 4-plets as the basis for
generation to ensure semantic consistency and to
avoid producing unrealistic combinations, such as
mismatched products and product categories. The
effect of this augmentation is illustrated in Figure 3,
which shows the distribution of 4-plet frequencies
after data generation.

3.6 Dataset Variants

To evaluate the effect of synthetic data, we con-
structed five training configurations:

* Real Only: A dataset consisting of all 5082
real samples.

50/50 Mix: A dataset of the same size as the
real dataset, composed of 50% real and 50%
synthetic samples.

* All Real + Partial Synthetic: 5082 real sam-
ples combined with 2541 synthetic samples,
resulting in a dataset where exactly two-thirds
of the entries are real and one-third are syn-
thetic.

Full Real + Full Synthetic: A combined
dataset containing all real and all synthetic
entries.

Synthetic Only: A dataset composed entirely
of synthetic samples, with no real data in-
cluded.

All configurations share the same validation and
test sets derived from real data.

4 Results and Discussion

4.1 Macro-Level Metrics: ST1 and ST2

We evaluated the model’s performance under vary-
ing training data conditions, detailed in Table 3.
These results show that while the overall trends
(e.g., real + synthetic beats synthetic-only) are con-
sistent, the scores can vary across different seeds.

4.2 Fine-Grained Label Scores

Macro F1 scores for individual label types are pre-
sented in Table 4. These results indicate improve-
ments in F1 scores for specific hazards and prod-
ucts alongside general categories with the inclusion
of synthetic data.

"Due to formatting errors in some responses generated

by GPT-4.1-mini, five 4-plets occur only twice in the final
combined training set.
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Configuration Seed ST1 ST2

100% Real Seed 1 | 0.7158 | 0.4155
100% Real Seed 2 | 0.7999 | 0.4022
50% Real + 50% Synth Seed 1 | 0.7309 | 0.3861
50% Real + 50% Synth Seed 2 | 0.7787 | 0.4326
100% Real + 50% Synth | Seed 1 | 0.7734 | 0.4215
100% Real + 50% Synth | Seed 2 | 0.7756 | 0.4759
100% Real + 100% Synth | Seed 1 | 0.7809 | 0.4314
100% Real + 100% Synth | Seed 2 | 0.8106 | 0.4975
100% Synth Seed 1 | 0.6522 | 0.3102
100% Synth Seed 2 | 0.6468 | 0.3448

Table 3: ST1 and ST2 macro F1 scores across different
training configurations and random seeds.

4.3 Interpreting Label-Level Scores

The individual F1 scores offer insight into the
model’s strengths and weaknesses across differ-
ent label types. Hazard and product labels, which
require fine-grained distinctions (e.g., salmonella,
ice cream), tend to yield lower F1 scores due to
greater variability and complexity in naming. In
contrast, broader categories like hazard type (e.g.,
biological) and product category (e.g., meat, egg
and dairy products) are easier to classify, resulting
in consistently higher scores. While synthetic data
helped improve recognition of both hazards and
products, gains were especially noticeable in gen-
eral category prediction, where label consistency
provided stronger learning signals.

Comparison of F1 Scores Before and After Data Augmentation

100% Real Only

0.8 100% Real + 100% Synth
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Figure 6: Average F1-Scores across Two Seeds

4.4 TImpact of Seed Variation

Seed variation introduced noticeable fluctuations
in model performance, highlighting the sensitivity
of transformer-based models to initialization. For
example, the ST1 score for the 100% real data con-
figuration increased from 0.7158 to 0.7999 between
two seeds, while other setups showed smaller gains
or slight drops. This underlines the importance of
testing across multiple seeds to ensure stable and



Config
100% Real
(Seed 1)
100% Real
(Seed 2)
50% Real +
50% Synth
(Seed 1)
50% Real +
50% Synth
(Seed 2)
100% Real +
50% Synth
(Seed 1)
100% Real +
50% Synth
(Seed 2)
100% Real +
100% Synth
(Seed 1)
100% Real +
100% Synth
(Seed 2)
100% Synth
(Seed 1)
100% Synth
(Seed 2)

Product | ProdCat | Hazard | HazCat

0.2218 0.6622 | 0.6092 | 0.7693

0.2268 0.8059 | 0.5776 | 0.7938

0.2021 0.7555 0.5701 | 0.7064

0.2508 0.7759 0.6144 | 0.7816

0.2479 0.7875 0.5950 | 0.7593

0.3208 0.7946 | 0.6311 | 0.7567

0.2842 0.8061 0.5787 | 0.7558

0.3612 0.8137 | 0.6337 | 0.8074

0.2129 0.6428 | 0.4075 | 0.6616

0.2368 0.6803 0.4527 | 0.6134

Table 4: F1 scores for individual label types across
training data variants and seed settings.

reliable results.

4.5 Limitations of Synthetic-Only Training

The model trained solely on synthetic data per-
forms considerably worse across all metrics, es-
pecially in ST2 (0.3102) and hazard F1 (0.4075).
While ST1 remained above 0.65, this setup lacked
the precision and domain specificity inherent in
authentic records. This finding underscores the lim-
itations of synthetic data when used in isolation,
indicating that while beneficial for category gener-
alization, it fails to replicate the intricacies found
in real-world supervision.

4.6 Discussion and Implications

Overall, synthetic data acts as a useful comple-
ment to real examples. Our experiments show that
by augmenting the training set with synthetic en-
tries, we were able to consistently improve model
performance across both general and fine-grained
classification tasks. In particular, ST2 scores and
product-level F1 metrics benefited the most, sug-
gesting that synthetic examples helped the model
generalize to more diverse or underrepresented la-
bel combinations.

Interestingly, the best performance was achieved
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by using the full set of synthetic data alongside
the real dataset, indicating that the model benefited
from maximum exposure to varied examples. How-
ever, relying on generated data also comes with
certain risks. Although most synthetic samples
matched the intended labels and format, there is
no guarantee that every output from the language
model is perfectly aligned with real-world label
distributions. Some generated examples may con-
tain mislabeled, incoherent, or unrealistic content,
which could potentially introduce noise into train-
ing.

For this reason, future work may benefit from
incorporating a filtering or scoring step to assess
the quality of synthetic outputs before adding them
to the training set. For example, a small valida-
tion model, heuristic rules, or human-in-the-loop
review could be used to exclude problematic ex-
amples. This additional step could help improve
label consistency, reduce noise, and further boost
the model’s generalization and robustness.

The conditional ST?2 scoring also highlights an
important interdependency between hazard and
product predictions. Future work may consider
joint or hierarchical modeling approaches to bet-
ter capture such dependencies and improve overall
label accuracy.

5 Conclusion

This work demonstrates that large language mod-
els can produce high-quality synthetic data that
improves food hazard classification, particularly
when paired with real examples. The most robust
models emerged from combined real and synthetic
training, with improvements in both general (ST1)
and fine-grained (ST2) prediction.

Notably, the inclusion of synthetic data led to
measurable gains in F1 scores across nearly all
label types, especially in product classification,
which is typically the most difficult. This supports
the value of using generated data for low-resource
or highly variable domains.

6 Limitations and Future Work

Although our experiments showed good results,
there are some important limitations to keep in
mind.

First, the scientific novelty of this work is lim-
ited by its reliance on a single, proprietary LLM —
GPT-4.1-mini — for generating synthetic training
data. While this model proved effective in boosting



classification performance, using a closed-source
model restricts reproducibility and limits insight
into the underlying generation mechanisms. Fu-
ture work could explore the applicability of other
LLMs or settings where commercial APIs are not
accessible.

Second, we did not perform a comparative eval-
uation between proprietary and open-source LLMs
(e.g., LLaMA, Mistral, or Falcon). Conducting
such comparisons could be valuable for assessing
trade-offs in data quality and classifier performance
using more accessible, community-supported mod-
els. Investigating how open-source LL.Ms perform
for domain-specific data generation remains an im-
portant direction for future research.
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Appendix

A Prompt Template and Example
Outputs

Prompt Template The exact prompt format used
to elicit synthetic examples from the model is
shown below:

You are assisting in the development of
a classifier trained to
automatically extract food-related
hazards from product recall
statements. The classifier predicts
both broad categories ('hazard-
category ', 'product-category') and
specific labels ('hazard',6 'product
') using the recall's title and text

### Examples:
{row['shots ']}

### Task:

Generate a new and unique synthetic
example to be added to the training
dataset. You are given target values

below -- use them to craft a
realistic recall title and text that
help the model learn new patterns.

### Target values: 'hazard-category': {
row[ 'hazard-category ']}, 'product-

category': {row['product-category
'1}, 'hazard': {row['hazard']}, '
product ': {row['product ']}

### IMPORTANT:

Your output must match the exact format
used in the examples above and
include all of the following fields:

"hazard-category' 'product-category

, 'hazard', 'product',6 'title',6 '

text'

Here is an example of an actual prompt used for
generating synthetic example:

You are assisting in the development of
a classifier trained to
automatically extract food-related
hazards from product recall
statements. The classifier predicts
both broad categories ('hazard-
category ', 'product-category') and
specific labels ('hazard', 'product
') using the recall's title and text

### Examples:

{'title': 'Pauls Smarter White Milk -
Microbial Contamination (Listeria
Monocytogenes) - 7 June 2012',

"text': 'Parmalat Australia Ltd has
recalled Pauls Smarter White Milk
(1L) from Woolworths, Coles, BP
Service Stations and smaller
independent outlets in NT due to
Listeria Monocytogenes
contamination. Listeria may cause
illness in pregnant women and their

unborn babies, the elderly and
people with low immune systems.\n',

'hazard-category': 'biological',

'product-category': 'meat, egg and
dairy products',

'hazard': 'listeria monocytogenes ',
"product': 'raw milk'}
{'title': 'Heinz - Dijon Mustard Sauce

With a Hint of Orange',

"text': '"PRA No. 2009/10709 Date
published 3 Apr 2009 Product
description 370ml Plastic Bottle.
Best Before: 19/11/10. Identifying
features N/A What are the defects?
Labelling - Undeclared allergen (
egg and milk). What are the hazards
? Illness. What should consumers do
? Return to place of purchase for
full refund. Supplier Heinz
Australia Where the product was
sold Nationally Coordinating agency

Food Standards Australia New
Zealand is the coordinating agency
for this recall. Product category
Groceries x Close',

'"hazard-category': 'fraud',

'product -category ': 'soups,
sauces and condiments',

broths,

"hazard': 'labelling/misdescription',
'‘product ': 'mustard sauce'}
### Task:

Generate a new and unique synthetic
example to be added to the training
dataset. You are given target values

below -- use them to craft a
realistic recall title and text that
help the model learn new patterns.

### Target values: 'hazard-category':

fraud, 'product-category': soups,
broths, sauces and condiments, '
hazard': labelling/misdescription, '



product': mustard sauce

### IMPORTANT:

Your output must match the exact format
used in the examples above and
include all of the following fields:

'hazard-category' 'product-category

, 'hazard', 'product',6 'title',6 '

text'

An example of the generated output of one such
prompts:

{"title": "Urgent Recall of Orchard
Fresh Apple Cider Due to Possible
Chemical Contamination”, "text": "

Orchard Fresh Beverages is issuing a
voluntary recall of its 750mL
bottles of Orchard Fresh Apple Cider
after routine testing detected
traces of an unidentified chemical
contaminant. The affected product
carries the batch number OFAC
-2024-04 and a best before date of
June 2025. Distributed nationwide
through grocery stores and online
retailers, consumers are strongly
advised to avoid consumption and
return any purchased bottles to the
place of purchase for a full refund.
No adverse health effects have been
reported so far. This recall is
conducted in cooperation with the
National Food Safety Agency to
ensure public safety. For further
information, consumers can contact
Orchard Fresh Beverages customer
support at 1-888-555-6789 or visit
www.orchardfresh.com/recall.”, "
hazard-category”: "other hazard”,
product-category”: "alcoholic
beverages”, "hazard”: "other not
classified”, "product”: "cider"}

n

The LLM’s output is validated for format con-
sistency and label alignment before being added to
the training set. This process enables us to gener-
ate a diverse set of high-quality training examples
while controlling for label-specific variation and
class balance.
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Abstract

Automated food hazard detection helps speed
up product recalls, but to work in, it needs to
balance accuracy with how fast and efficient it
runs. We present a new way to evaluate models
for the SemEval-2025 Food Hazard Detection
task that measures trade-off using a metric com-
bining macro-F1 score and inference latency.
Within this framework, we evaluate a range
of models, from traditional bag-of-words clas-
sifiers to fine-tuned transformers and hybrid
cascade architectures. Our findings show that
a well-designed cascade model outperforms
RoBERTa in accuracy (0.78 vs. 0.74 F1) while
reducing inference latency by 64%. A class-
balanced DistilBERT model achieves the best
performance on fine-grained hazard detection,
while linear SVMs outperform transformers
on rare hazard subtypes in both accuracy and
speed. We offer deployment recommendations
for environments with different resource con-
straints, helping make food safety monitoring
more efficient and scalable.

1 Introduction

Detecting hazardous food products early is essen-
tial to protect public health. In food safety moni-
toring, delays in identifying and classifying food
recalls can have real-world consequences. Scallan
et al. (2011b,a) estimate that foodborne illnesses
in the U.S. affect approximately 48 million people
annually. This includes 9.4 million cases caused by
known pathogens and 38.4 million by unspecified
agents. The faster we can detect and act on these
hazards, the better. One solution is to use natural
language processing (NLP) systems that automati-
cally classify food recall notices into structured la-
bels. Like what kind of hazard is involved or what
type of product it affects. This kind of automa-
tion allows for faster response, better monitoring,
and potentially reduces the impact of contaminated
products. Many NLP systems developed for such
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tasks optimize only for accuracy and neglect real-
world deployment constraints such as inference
latency, computational resource usage, and training
time.

The SemEval-2025 Food Hazard Detection
task (Randl et al., 2024) introduces a classifica-
tion benchmark with two subtasks: (ST1) broad
category prediction (hazard-category, product-
category) and (ST2) fine-grained prediction (spe-
cific hazard and product). Although earlier work fo-
cused on improving F1 scores (Randl et al., 2024),
it largely ignored whether these models are efficient
enough for use in time-sensitive monitoring sys-
tems. This oversight is problematic, especially in
food safety space. Delays in this process can jeop-
ardize public safety, particularly during widespread
contamination events. We address this gap by eval-
uating models performance-efficiency trade-offs
specifically tailored for food hazard monitoring
contexts. Our contributions are as follows.

1. A new composite metric M,y that evaluates
models based on both their macro-F1 scores
and their inference latency. This helps com-
pare models in a way that reflects the real-
world need for both speed and accuracy.

. A systematic comparison of classical,
transformer-based, and hybrid cascade
classifiers, with specific attention to their
performance on imbalanced hazard classes.

. Empirical analysis on the CICLe dataset high-
lighting the practical accuracy-runtime impli-
cations for food safety monitoring systems.

Clear deployment recommendations, tailored
for different use cases, from environments
with tight resource constraints to systems
where maximizing accuracy is the top priority.



2 Related Work

The task of automatically classifying food recall
texts, especially under tight runtime or resource
limits, sits at the crossroads of three main re-
search areas: domain-specific natural language pro-
cessing (NLP), cost-efficient inference, and class-
imbalanced learning. In this section, we review
the foundational work in food hazard classifica-
tion, advances in NLP-based classification under
resource constraints, and recent developments in
hybrid and cascade architectures that balance per-
formance with run-time cost.

2.0.1 Foundational Work in Food Hazard
Classification

An important piece of related work comes from
Randl et al. (2024), who introduced the benchmark
dataset and task definition for large-scale food haz-
ard detection, which focuses on predictive accu-
racy across highly imbalanced class distributions.
Their work revealed that classical models such as
Support Vector Machines (SVMs) can outperform
deep learning baselines in macro-F1 score due to
the sparsity and domain specificity of the dataset.
Their study was effective in controlled evaluations,
but did not address run-time feasibility for real-
time deployments, a gap this paper aims to fill.
Our work builds on their dataset and metrics but
introduces architectures optimized for efficiency,
drawing from deployment-centric research.

2.0.2 Runtime-Constrained NLP and Hybrid
Models

In the last few years, there has been a growing
interest in making NLP models more efficient, es-
pecially for situations where speed and resource
usage actually matter. Strubell et al. (2019) brought
major attention to the environmental and financial
cost of running large models, which pushed re-
searchers to explore smaller, faster alternatives that
are more practical for real-world use. One popu-
lar solution is DistilBERT (Sanh et al., 2019), a
lightweight version of BERT, that manages to keep
much of its performance while being considerably
smaller and faster.

More recently, researchers have started exploring
hybrid and cascade models as a promising solution
for balancing inference cost with predictive power.
Liet al. (2021), for example, showed that cascaded
transformers, where only uncertain predictions get
passed to a heavier model, can outperform single-
model setups when you account for both accuracy
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and efficiency. These systems rely on confidence
thresholds to decide when to escalate a prediction,
which helps cut down on unnecessary computation.
This idea directly inspired our own architecture. By
combining a lightweight SVM with Distilbert in
a cascade, we aim to get the best of both worlds,
fast predictions when confidence is high, and more
nuanced classification from the transformer when
needed.

2.0.3 Addressing Label Imbalance

Food hazard classification comes with a heavily
imbalanced label distribution, where some classes
appear often, while many others are rare. This
kind of long-tail setup makes it difficult for stan-
dard supervised models to perform well, especially
when it comes to generalizing beyond the dominant
classes.

To tackle this problem, several strategies have
been explored. One common approach is using
class-weighted loss functions, which give more im-
portance to rare classes during training (Henning
et al., 2023). Others have applied data augmenta-
tion techniques like EDA (Easy Data Augmenta-
tion) to synthetically boost underrepresented exam-
ples (Wei and Zou, 2019). There is also few-shot
learning methods, which aim to make accurate pre-
dictions even when only a handful of examples are
available for a given class.

3 Methodology

3.1 Task and Data

The SemEval-2025 Food Hazard Detection dataset
contains 55,902 food recall notices that have been
annotated for analysis. Of these, 6,215 are set aside
for validation. Each notice is labeled for two tasks:
ST1, which includes general categories for the haz-
ard and the product, and ST2, which involves more
specific labels, such as the exact hazard and prod-
uct mentioned. ST2 is much more detailed, with
more than 1,200 unique products and hundreds of
different hazards. This is because the dataset is
heavily imbalanced across classes. The macro-F1
score is used as the main evaluation metric. The
data is only lightly preprocessed, models are fed
a simple combination of each notice’s title and de-
scription if available. Following the official setup,
we tune model parameters using the validation set
and report final results on the test set.



3.2 Models Evaluated

BoW + Logistic Regression: This is a simple and
fast baseline that uses TF-IDF features based on
character n-grams (ranging from 2 to 5). We train
a logistic regression model with L2 regularization
and a penalty strength of C' = 1.0. Despite its
simplicity, it performs well at capturing frequent
text patterns and provides a solid benchmark.

Linear SVM: This model uses the same TF-
IDF features as the logistic regression baseline,
but is trained using a linear support vector ma-
chine with hinge loss and C' = 1.0, implemented
via LinearSVC. To support probability-based deci-
sions in the cascade system, we apply Platt-scaling.
Linear SVMs are well-suited for handling high-
dimensional sparse data, making them effective for
text classification tasks like these.

DistilBERT: We fine-tune a 66 million parame-
ter distilled transformer model (Sanh et al., 2019)
separately for ST1 and ST2. Each model has a
classification head with two outputs and uses cross-
entropy loss. Training is run for 5 epochs on an
NVIDIA A100 GPU with a batch size of 64, a max-
imum sequence length of 256, and a learning rate
of 5 x 107° using the AdamW optimizer.

RoBERTa: We also fine-tune a larger model
with 125 million parameters (Liu et al., 2019),
using the same training setup as DistilBERT.
RoBERTa achieves higher accuracy. RoBERTa
operates at roughly half the speed of other models
in both training and inference. We include it as a
reference point to benchmark upper-bound perfor-
mance.

DistilBERT + Class-Balanced Reweighting:
To address the pronounced class imbalance, partic-
ularly in ST2 where we enhance the DistilBERT
model by incorporating a cross-entropy loss func-
tion. Each class c is given a weight defined as:

B N
© " frequency(c) - C

ey

w,

where NN is the total number of training samples,
C' is the number of classes, and frequency(c) is
the number of samples belonging to class c. This
weighting gives more importance to rare classes
during training. As with the vanilla DistilBERT,
we train separate models for each subtask with the
same hyperparameters.

Cascade (SVM + DistilBERT): We also evalu-
ate a two-stage cascade system. The first stage runs
the SVM on all inputs. If the SVM’s confidence

41

score is above (.85, we accept its prediction. If the
confidence is below 0.85, we fall back to the Distil-
BERT model for a second opinion. This threshold
was chosen based on validation experiments where
we tested values from 0.70 to 0.95 in steps of 0.05,
and selected the one that gave the highest M. ;¢
score on the validation set. We apply this cascade
design separately for each subtask and evaluate
both the standard and class-balanced versions of
DistilBERT in this setup.

Statistical Testing: All performance metrics re-
ported are averaged over three independent training
runs to account for variability.

3.3 Efficiency Metric

To evaluate how well models perform under real-
time constraints relevant to food safety, we intro-
duce an efficiency score called Mcg. It combines
accuracy and speed using the following formula:

Megr = F1- e Nt

In this formula, F'1 is the macro-averaged F1
score, and T}ys is the total inference time in seconds
on the test set. The parameter A controls how much
slower models are penalized. We use A = 0.2 as
our main setting, which reflects a moderate concern
for delay.

This metric is directly inspired by the exponen-
tial decay formulas. These formulas are common
in fields like economics and engineering. They
model how the value of something drops quickly
the longer you wait. For example, important infor-
mation can become much less useful if it arrives
even a few seconds late. Our formula follows the
same idea. It reflects how small delays in model
predictions can still have a big impact. This is espe-
cially important in food safety, where every second
counts during a product recall.

To show that our findings are robust, we also
test with A = 0.1 and A = 0.3, which simulate
environments with lower and higher sensitivity to
latency. Table 5 in Appendix presents M. scores
across three \ values, simulating varying sensitivity
to inference latency.

This metric is designed with real-world deploy-
ment in mind. In food safety monitoring, even
small delays can have serious consequences. For
instance, during an active recall, the speed of classi-
fication directly affects how quickly contaminated
products can be removed. Our formulation applies
a smooth penalty to longer inference.
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Figure 1: Latency-adjusted efficiency scores (M) for
each model across ST1 and ST2. Higher is better. Lin-
earSVC achieves the best trade-off between speed and
accuracy.

4 Results

Table 1 presents macro-F1 scores, inference times,
and latency-adjusted efficiency scores Mg for all
evaluated models. Results are based on the full
test set of 6,215 samples. Inference was performed
on a standardized compute environment (single
NVIDIA A100 GPU for transformer models, 32-
core CPU for classical models) to ensure fair com-
parison.

4.1 Hazard and Product Categories

For the broader ST1 classification task, the
weighted cascade model delivers the best over-
all performance. It achieves a macro-F1 score
of 0.777, outperforming RoOBERTa’s 0.743, while
taking just 3.41 seconds to run compared to
RoBERTa’s 9.52 seconds. This means that the
cascade is not only more accurate, but also much
faster, reducing inference time by 64%. When
we look at the efficiency metric M.y, the gain is
even clearer: the cascade scores 0.402, more than
double RoBERTa’s 0.197. This highlights how ef-
fective the cascade setup is at balancing accuracy
and speed.

DistilBERT on its own does reasonably well,
with a macro-F1 of 0.711 and a runtime of 6 sec-
onds, but it still falls short of the cascaded alter-
natives. This shows that using the transformer se-
lectively, only when needed, is a key strategy to
maintain efficiency without giving up too much
performance.

Interestingly, LinearSVC also holds its own. Al-
though its F1 score is lower (0.651), its inference
time is extremely fast at just 0.51 s. As a result, it
achieves a strong Mg of 0.587. This shows that
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in latency sensitive settings, a simple linear model
can still be a competitive option.

4.2 Fine-Grained Hazards and Products

The results for the more detailed ST2 task tell a
different story. LinearSVC and the weighted Dis-
tilBERT model achieve nearly identical macro-F1
scores: 0.332 and 0.335, respectively, indicating
similar performance in terms of precision. How-
ever, LinearSVC clearly stands out in efficiency,
achieving a Mg of 0.299 thanks to its much faster
inference time.

The weighted cascade model performs about the
same as ROBERTa in terms of F1 score (0.316 vs.
0.317), but does so with 64% less latency. Even
with this efficiency advantage, it still trails behind
LinearSVC by about 4.8 percentage points in F1,
suggesting that the simpler model is better suited
for this task under real-world constraints.

These results suggest that traditional models
like LinearSVC may be better at handling fine-
grained classification, especially in highly imbal-
anced datasets. This might be because they handle
rare labels better and don’t need a lot of data for
each class. On the other hand the standard Distil-
BERT model does worse, with a macro-F1 of just
0.257. This shows the difficulty of using smaller
transformer models for tasks involving multiple
rare classes unless proper techniques like class bal-
ancing are applied.

4.3 Efficiency-Accuracy Trade-offs

Efficiency-Accuracy Trade-offs (M-efficient Scores)

m— M-efficient ST1
m— M-efficient ST2

Figure 2: Efficiency-Accuracy trade-offs visualized us-
ing Mg scores across ST1 and ST2. Higher values
indicate better performance under latency constraints.

The M. metric provides useful insights into
which models are most suitable for deployment. In
the ST1 task, the weighted cascade model reduces
latency by 40% compared to RoBERTa, while also
improving F1 by 4.6%. This combination is valu-



Model ST1F1 ST2F1 Infer (s) Mg ST1 (A=0.2) Mes ST2 (A=0.2)
LogisticReg 0.480 0.118 1.16 0.381 0.094
LinearSVC 0.651 0.332 0.51 0.588 0.300
DistilBERT 0.711 0.257 6.00 0.214 0.077
DistilBERT (weighted)  0.766 0.335 5.96 0.233 0.102
RoBERTa 0.743 0.317 9.52 0.111 0.047
Cascade (vanilla) 0.730 0.245 3.99 0.329 0.110
Cascade (weighted) 0.777 0.316 341 0.393 0.160

Table 1: Macro-F1 scores, inference time (in seconds), and efficiency scores M = F'1 - et with A = 0.2.

Bold indicates best performance.

able because the exponential penalty in Mg gives
more weight to speed. This means that even small
latency improvements can have a big impact on the
final score.

In the ST?2 task, LinearSVC proves to be the
most efficient overall. Although its F1 score is
only moderate, its very fast inference time of 0.51
seconds results in an Mg score that is 82% higher
than that of the weighted cascade model. This
shows that speed alone can make a simpler model
more viable in real-world, time-sensitive settings.

RoBERTa, on the other hand, struggles in terms
of efficiency. Its high latency of 9.52 seconds
makes it a poor choice for deployment, even though
it performs well in terms of accuracy on ST1. In
fact, its efficiency score in ST2 is so low that it
falls behind even Logistic Regression (0.084 vs.
0.096). This highlights the limitations of large
models when inference time is a key concern.

4.4 Training Cost Breakdown

Besides how fast a model makes predictions, train-
ing time also matters. This is especially important
when the model needs to be retrained often, such
as when new product types or hazards appear. To
show this, we include the total time it takes to fine-
tune each model on an NVIDIA A100 GPU, with
results shown separately for each subtask (ST1 and
ST2).

Although training time is not included in the
Mg metric, it still provides a useful estimate of
practical concerns, and how easily a model can
be deployed or updated in resource-constrained
environments.

Analysis: As shown in Table 2, classical mod-
els are highly cost-effective to train. LinearSVC
is especially efficient, completing training in just
34 seconds, compared to 377 seconds for Logistic
Regression. Despite both running on CPU, Lin-

Model ST1 Train Time (s) ST2 Train Time (s) Total (s)
Logistic Regression 21.61 355.43 377.04
LinearSVC 1.82 31.96 33.78
DistilBERT 120.2 120.9 241.1
RoBERTa 262.2 262.2 5243
DistilBERT (weighted) 475.1 475.9 951.0

Table 2: Training times for each model, measured in
seconds on an NVIDIA A100 GPU. Cascade systems
reuse their component models. Logistic Regression and
LinearSVC measured on a 32 core CPU.

earSVC is faster, making it a better choice for fre-
quent retraining or resource-constrained environ-
ments.

In contrast, transformer-based models require
much more compute. DistilBERT trains in 241 sec-
onds, RoBERTa in 524 seconds, and the weighted
DistilBERT takes 951 seconds due to its data
weighting.

Cascade systems allow modular retraining,
where only the fast model needs updating while the
fallback model remains unchanged. This makes
them practical for real-world systems that evolve
step by step.

While inference efficiency affects how fast the
model runs, training cost affects how easy it is to
keep the model updated. For setups that need to be
cheap or updated often, LinearSVC gives the best
balance. Larger models should only be used if their
better performance is worth the extra training time.

4.5 Architectural Implications

Cascaded architectures work best when the second-
stage model, in this case DistilBERT, is able to
correct systematic mistakes made by the first-stage
classifier, which is the SVM. In the ST1 task, the
SVM alone correctly handled 68 % of the test sam-
ples. DistilBERT was only used for the remaining
low-confidence cases. This setup significantly re-
duced the average time spent using DistilBERT by
43 percent while still maintaining high accuracy.
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In contrast, for the more detailed ST2 task, the
SVM already achieves higher accuracy than the full
cascade. Its macro-F1 score is 0.3316 compared to
0.3163 for the cascade system. As a result, the extra
time spent invoking DistilBERT does not lead to
better performance and actually adds unnecessary
delay.

These findings show that there is no solution that
fits all sizes. Different tasks benefit from different
approaches. For ST1, where high-level categories
are predicted, cascaded transformers offer a strong
balance between speed and accuracy. For ST2,
where the labels are more specific and imbalanced,
simpler models like LinearSVC provide better effi-
ciency with little or no loss in performance.

5 Analysis and Discussion

5.1 Error Analysis and Class Imbalance

To gain deeper insight into model weaknesses, we
conducted an error analysis on 100 randomly cho-
sen misclassified instances. Among transformer-
based models, a large proportion of errors were
associated with rare ST2 labels. These were often
highly specific categories with very few training
samples, such as processing with 39 examples and
packaging defect with 22. Table 4 in Appendix
A provides examples that illustrate these types of
erTors.

These issues were especially common in trans-
former models that were trained without any class
balancing. By applying class weights, the weighted
DistilBERT model performed noticeably better on
rare labels. It raised F1 scores for underrepresented
categories and handled the long tail of the label
distribution more effectively. The imbalance in the
dataset is large. Common categories like listeria
monocytogenes with 665 samples and salmonella
with 621 samples appear 30 times more often than
rare ones like yeasts and brazil nut, which each
have only 4 examples.

For the ST1 task, where labels are more evenly
distributed, we found that most classification errors
occurred between categories that are semantically
similar. This includes confusion between different
types of allergens. In these cases, DistilBERT and
the cascade models showed clear advantages by
using the context of the text to distinguish between
closely related labels.
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Cascade Routing Distribution Across Categories
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Figure 3: Distribution of SVM confidence scores and
routing decisions in the cascade architecture. Green indi-
cates examples handled by SVM, red indicates fallback
to DistilBERT. Dotted line shows the 0.85 confidence
threshold.

5.2 Runtime Trade-offs and Cascade Behavior

The hybrid cascade architecture demonstrates sig-
nificant efficiency benefits by routing predictions.
Figure 3 visualizes this routing across confidence
levels and categories. In ST1, the SVM confidently
handled 68% of samples (confidence > 0.85), al-
lowing DistilBERT to focus on harder cases. This
reduced average inference time significantly com-
pared to DistilBERT alone, while improving accu-
racy. The optimal confidence threshold of 0.85 was
determined through validation experiments.

As shown in Table 3, setting the threshold to
0.85 results in the highest macro-F1 score of 0.550,
outperforming all other tested values. The perfor-
mance improves steadily from 0.70 up to 0.85, but
starts to decline slightly at higher thresholds. These
results shows that using a threshold of 0.85 offers
the best trade-off between accuracy and efficiency.
It allows the fast model to handle most predictions
confidently, while still deferring uncertain cases
to the transformer model when necessary to try to
improve overall performance.

Threshold Macro F1

0.70 0.529
0.75 0.531
0.80 0.533
0.85 0.550
0.90 0.534
0.95 0.537

Table 3: Impact of confidence threshold on cascade
performance. The 0.85 threshold balances accuracy and
efficiency.



5.3 Error Patterns in Misclassified Examples

Our analysis of misclassified examples revealed
several recurring patterns that help explain why the
models made certain mistakes.

Confusion between allergen categories: Many
errors involved mislabeling one allergen type as an-
other. For example, products containing milk were
sometimes labeled as containing eggs or walnuts.
This shows that the model struggles to distinguish
between allergens with similar descriptions or con-
texts.

Physical contaminants confusion: There was
frequent confusion between physical contaminants
such as plastic fragments, metal fragments, and
glass fragments. These categories often appear in
similar contexts in the recall notices, which likely
contributes to the difficulty in telling them apart.

Label and inspection-related errors: The
model often confused categories about labeling
and inspection. For example, it mixed up wrong or
unclear labels with inspection problems. These cat-
egories use similar words and talk about different
parts of regulatory violations, which may explain
why the model got them mixed up.

Processing versus contamination: In some
cases, the model confused processing errors with
contamination types. This often occurred when a
processing issue was the cause of contamination,
making it difficult to separate the two based solely
on the recall text.

5.4 Practical Deployment Recommendations

Our results show that the most suitable model for
food hazard classification depends on the specific
deployment context. In this section, we provide
practical recommendations for three common sce-
narios, based on accuracy, inference speed, and
training cost.

1. Real-time screening with strict latency re-
quirements

In environments where large volumes of recall
notices must be processed quickly, such as first-
pass screening systems or low-power devices, Lin-
earSVC is the preferred choice. It offers fast and re-
liable performance for common hazard categories,
with inference times under one second. Its low
training cost and minimal hardware requirements
make it well suited for deployments with limited
computational resources. While it may not capture
rare cases, it is highly effective for quick filtering.
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2. Balanced performance for routine monitor-
ing

For general-purpose monitoring systems where
both speed and accuracy are important, such as
those used by food safety agencies, the weighted
cascade model provides an excellent trade-off.
This system uses the fast LinearSVC model for con-
fident predictions and defers to the more accurate
DistilBERT model only when needed. By setting
the confidence threshold to 0.85, the system routes
most inputs through the SVM while still handling
difficult cases with a transformer. This significantly
reduces latency while maintaining high macro-F1
scores.

3. High-accuracy analysis for rare hazard
detection

When it’s important to find rare or high-risk haz-
ards as accurately as possible, the class-balanced
DistilBERT model works best. It does well with
labels that don’t appear often because it uses a
weighted loss. Even though it takes more time to
run and train, it’s a good choice for tasks like care-
ful audits, batch checks, or any situation where
accuracy matters most.

6 Limitations and Future Work

Although our approach demonstrates promise for
practical food hazard monitoring, it also presents
several limitations that highlight valuable avenues
for future investigation.

Dataset and Evaluation Limitations

One major limitation lies in the dataset itself. The
SemEval-2025 dataset is highly imbalanced and
narrowly focused on food recall texts. This raises
concerns about how well the models would gen-
eralize to broader domains, or unstructured recall
data from other regions or industries. Also, our ex-
periments shows macro-F1 and latency through the
Mg metric, but other factors such as energy con-
sumption, model interpretability, and trustworthi-
ness were not evaluated. These are also important
for deployment in public health settings.

Limitations of the Cascade Design

Our cascade architecture depends on a fixed confi-
dence threshold of 0.85 to decide whether to defer
to the transformer model. Although this works
well in many cases, it may not offer the best bal-
ance between speed and accuracy across all labels
or inputs. The static threshold must be tuned manu-
ally for each setting, and the model’s performance



can suffer if the confidence scores are not well cali-
brated. More flexible designs could improve scores
and reliability.

Metric Design and Efficiency Scope

The Mg metric is helpful for capturing the trade-
off between accuracy and inference time, but it uses
a fixed penalty value of A = 0.2. This setting might
not be the best for all deployment scenarios. Also,
the metric only considers runtime, while training
time and resource usage are also important. This is
especially important in applications where frequent
retraining is needed. Our current evaluation does
not account for these factors.

Architectural Simplicity

We use a fairly standard setup based on fine-
tuning DistilBERT, which is a mid-sized trans-
former. While this balances performance and effi-
ciency well, it may not be optimal for all environ-
ments. There is room to explore more efficient and
smaller architectures like TinyBERT or quantized
models like Q8BERT (Zafrir et al., 2019), also
early-exit transformers (Xin et al., 2020) can be
used for reducing memory usage and computation.

Future Research Directions

There are many good ways to improve this work.
One clear idea is to make the cascade system more
flexible. Instead of using one fixed threshold, fu-
ture systems could learn to use different thresholds
based on the class or the input. This could be done
by using data to learn better rules, like methods
that take uncertainty into account or small decision
tools that guess uncertainty more accurately.

Improving domain generalization is also a key
challenge. Our current models are trained on En-
glish language food recalls, but practical systems
will often need to work with multilingual data or in
different industries. Using multilingual transform-
ers or prompt-based few-shot learning techniques
could make the system more flexible and adaptable
to low-resource settings.

In addition, future work should look at larger
forms of efficiency. For instance, real-world de-
ployment may require models that not only run
quickly but also use less memory and energy. Com-
pression techniques such as pruning, quantization,
and knowledge distillation could help make the
system more suitable for low-power environments
such as mobile devices.
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We also see value in exploring more advanced
data augmentation techniques. Although basic
methods like synonym replacement or sentence
shuffling can help with class imbalance, they are
often not enough for specialized tasks like food haz-
ard detection. We can use more advanced methods,
such as back-translation, contextual augmentation
with masked language models can create better
training data, especially for rare classes.

An important next step would be to evaluate
the system within a real-time deployment pipeline.
This would require addressing shifting data distri-
butions and implementing strategies for continuous
model updating. A real-time system could include
a human-in-the-loop component. This can be used
for uncertain or high-risk predictions, which are
then reviewed by experts. These improvements
would bring the model closer to deployment in ac-
tual food safety monitoring systems.

7 Conclusion

This report tackles the challenge of deploying food
hazard classification systems that must deliver accu-
rate predictions under real-world constraints such
as latency and efficiency. Using the SemEval-
2025 Food Hazard Detection dataset, we intro-
duced a performance-based evaluation framework
built around a new metric, Mg, which combines
macro-F1 with inference time to reflect deployment
priorities.

Our evaluation of traditional models,
transformer-based models, and hybrid cas-
cade systems showed that the best choice depends
on how the model will be used. For general hazard
and product classification (ST1), the weighted
cascade model gave the best balance between
accuracy and speed, beating RoBERTa while
cutting latency by more than 60%. For more
detailed classification tasks (ST2), LinearSVC
turned out to be the most efficient, due to its fast
processing and ability to handle unbalanced classes
well.

Additionally, we found that techniques such
as class reweighting significantly improve perfor-
mance on rare categories, and that modular cas-
cade architectures support flexible deployment by
adapting to different resource environments. These
results show the importance of choosing models
based on operational goals, such as speed, accuracy,
or flexibility.

Finally, further work should look into making



cascades more flexible, improving how models
work across different sectors and domains. Also
using better efficiency measures that include train-
ing time and energy use. To make NLP useful for
public health, we need to better connect model per-
formance with how easy it is to actually deploy it
in a resource-limited real-world setting.
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Organic Veggies Snacking Tray..."

thereof

products thereof

Text Excerpt True Label DistilBERT LinearSVC
Prediction Prediction

"Allergy Alert Issued by Santa Rosa Whole Foods milk and products walnut walnut

Market for Undeclared Walnut, Milk and Eggs in thereof

"Hipst...”"

"Mann Packing Voluntarily Issuing Class 1 Recall of milk and products eggs and eggs and

products thereof

"Parmalat Australia Ltd—Vaalia My First Yoghurt
Apple & Raspberry, Vaalia My First Yoghurt Ba-
nana..."

packaging defect

plastic fragment

plastic fragment

Table 4: Representative classification errors from both models. Confusions often occur between allergens and

physical contaminants.

Model ST1 (A=0.1) ST1(A=0.2) ST1(A=0.3) ST2(1=0.1) ST2(\=0.2) ST2()\=0.3)
LogisticReg 0.427 0.381 0.339 0.105 0.094 0.083
LinearSVC 0.619 0.587 0.559 0.315 0.300 0.285
DistilBERT 0.390 0.214 0.118 0.141 0.077 0.042
DistilBERT (weighted) 0.422 0.233 0.128 0.185 0.102 0.056
RoBERTa 0.287 0.111 0.043 0.122 0.047 0.018
Cascade (vanilla) 0.490 0.329 0.221 0.164 0.110 0.074
Cascade (weighted) 0.552 0.393 0.279 0.225 0.160 0.114

Table 5: Latency-adjusted efficiency scores Mg = F'1-e~ T for ST1 and ST2 across A = {0.1, 0.2, 0.3}, showing

sensitivity to different latency penalty levels.
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2 Parameter-efficient definition modeling track
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Abstract

This study explores parameter-efficient fine-
tuning (PEFT) methods for the task of defi-
nition modeling on Norwegian dataset. We
investigate the effectiveness of two PEFT
approaches: Low-Rank Adaptation (LoRA)
and Infused Adapter by Inhibiting and Am-
plifying Inner Activations (IA3), across
both encoder-decoder (mt0-x1) and decoder-
only (Unbabel/TowerInstruct-7B-v0.2) lan-
guage models. Definition modeling requires
generating dictionary-style definitions based
on contextual word usage, a task that benefits
from fine-grained control over linguistic out-
puts. We evaluated the models using BLEU
and BERTscore metrics and use two-sample t-
tests to assess the statistical significance of per-
formance differences. Our findings show that
LoRA and IA3 can both improve performance,
with the encoder-decoder architecture generally
outperforming the decoder-only one when refer-
ring to BERTScore F1. All performance differ-
ences were statistically significant (p < 0.05),
confirming the importance of choosing appro-
priate PEFT strategies and hyperparameter set-
tings for high-quality lexical generation. IA3
configurations were consistently faster to train
than LoRA, due to fewer parameters being in-
troduced and updated.

1

Definition modeling (Mickus et al., 2022; Fedorova
et al., 2024) is a natural language processing task
aimed at generating dictionary-style definitions for
a target word based on its usage in context. This
task not only supports lexical resource develop-
ment, but also offers insights into a model’s se-
mantic generalization capabilities. With the grow-
ing size of language models, parameter-efficient
fine-tuning (PEFT)! (Han et al., 2024) techniques
provide a practical solution for adapting models
without retraining all parameters.

In this study, we focus on two PEFT methods:
Low-Rank Adaptation (LoRA)> (Hu et al., 2021)

Introduction
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and Infused Adapter by Inhibiting and Amplify-
ing Inner Activations (IA3)? (Liu et al., 2022),
and apply them to the definition modeling task in
Norwegian. LoRA adapts language models by in-
jecting trainable low-rank matrices into each layer,
while IA3 modifies layer activations through input-
conditioned scaling factors. Although both meth-
ods are widely supported in frameworks such as
Hugging Face’s PEFT library, their comparative
performance under varying hyperparameters has
not been systematically studied for definition mod-
eling.

We conduct experiments using two foundational
architectures: the encoder-decoder model mtO-
x1 (Muennighoff et al., 2022) and the decoder-
only model Unbabel/Towerlnstruct-7B-v0.2 (Alves
et al., 2024). Each model is fine-tuned using both
LoRA and IA3, with multiple hyperparameter con-
figurations. Evaluation is carried out using BLEU
(Papineni et al., 2002) and BERTscore (Zhang et al.,
2020; Hanna and Bojar, 2021), which are well-
established metrics for definition generation, along-
side two-sample t-tests* (Cressie and Whitford,
1986) to assess statistical significance of perfor-
mance differences.

The objectives of this research are to: 1) analyze
the impact of different hyperparameters on model
performance, 2) correlate subjective impressions
with BLEU and BERTScore metrics, 3) compare
behavior between encoder-decoder and decoder-
only models, 4) evaluate the trade-off between
speed (efficiency) and quality in PEFT configu-
rations.

1https://huggingface.co/docs/peft/main/en/index
2https://huggingface.co/docs/peft/main/en/
developer_guides/lora
3https://huggingface.co/docs/peft/main/en/task_
guides/ia3
4https://docs.scipy.org/doc/scipy/reference/
generated/scipy.stats.ttest_ind.html



2 Background and Related Work

2.1 Definition modeling

Definition modeling (Mickus et al., 2022; Fedorova
et al., 2024) is to produce a dictionary-style defini-
tion of a given word, typically conditioned on its
usage in context. The task has garnered increas-
ing interest through dedicated shared tasks such
as SemEval-2022 Task 1: “CODWOE - Compar-
ing Dictionary and Word Embeddings” (Mickus
et al., 2022), which investigated whether word
embeddings can be meaningfully converted into
dictionary-style definitions by framing this as a
multilingual definition modeling challenge. More
recently, AXOLOTL 24: “Shared Task on Multi-
lingual Explainable Semantic Change Modeling”
(Fedorova et al., 2024) focused on explainable se-
mantic change modeling, where systems gener-
ate dictionary-like definitions for newly detected
word senses to enhance explainability in semantic
change modeling.

Despite progress, the impact of model architec-
ture and parameter-efficient fine-tuning techniques
on definition quality remains underexplored, par-
ticularly in low-resource or non-English contexts.
This motivates our systematic comparison of PEFT
methods for Norwegian definition modeling.

2.2 LoRA

LoRA (Low-Rank Adaptation)”> (Hu et al., 2021)
is a reparametrization-based parameter-efficient
fine-tuning technique designed to adapt large pre-
trained models to specific tasks without modify-
ing the entire model. It achieves this by intro-
ducing low-rank matrices into the layers of the
model, which allow for a smaller number of pa-
rameters to be learned during fine-tuning. This re-
duces the computational cost and memory require-
ments compared to traditional fine-tuning methods.
LoRA has been shown to be effective in achiev-
ing strong performance on downstream tasks while
being resource-efficient.

Formally, given a weight matrix W € R%** in a
transformer layer, LoORA modifies the forward pass
by adding a learnable perturbation B A such that
W' = W+aBA, where A € R"** and B € R*"
are low-rank matrices with 7 < min(d, k) and «
is a scaling factor. During training, only A and
B are updated, leaving the original model weights
W frozen. As discussed in Section 5, the primary
tunable hyperparameters are rank r and scaling
factor av, which jointly control the expressiveness
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and impact of LoRA adaptation.

LoRA has been successfully applied across var-
ious domains, including natural language under-
standing (Borhanifard et al., 2025), text generation
(Yu et al., 2022), and machine translation (Wang
et al., 2022). Its compatibility with large-scale lan-
guage models and effectiveness in low-resource
adaptation make it particularly appealing for tasks
like definition modeling, where full fine-tuning
may be prohibitively expensive.

2.3 IA3

IA3 (Infused Adapter by Inhibiting and Amplify-
ing Inner Activations)® (Liu et al., 2022) is another
parameter-efficient fine-tuning (PEFT) method.
Compared to LoRA, IA3 introduces a smaller size
of trainable parameters by incorporating scaling
vectors instead of low-rank matrices. A scaling
vector means a learnable vector that modulates ac-
tivations in a transformer model by scaling them,
and it is similar to attention but without introducing
large matrices.

[A3 is particularly well-suited for definition mod-
eling tasks, especially in low-resource settings such
as Norwegian. IA3 enables parameter-efficient fine-
tuning without altering the core weights of the pre-
trained language model. This makes it ideal for
semantic generation tasks like definition modeling,
which require precise adaptation to subtle contex-
tual and lexical cues. Its lightweight nature and
compatibility with existing transformer architec-
tures also make it a practical choice for compar-
ative studies involving multiple model types and
adaptation strategies.

24 BLEU

The BLEU (Bilingual Evaluation Understudy)'”
(Papineni et al., 2002) score is a widely used
automatic metric for evaluating machine transla-
tion quality. It measures the overlap between
machine-generated translations and one or more hu-
man reference translations by comparing shared n-
grams—contiguous sequences of words—typically
from 1-gram to 4-gram. BLEU calculates a mod-
ified precision for these n-grams and combines
them using a weighted geometric mean. To pe-
nalize overly short translations that may artificially
achieve high precision, BLEU includes a brevity
penalty. A higher BLEU score generally indicates
closer similarity to human translation, though it
does not account for semantic meaning or fluency.
The BLEU scores here are percentages and thus be-



tween 0 and 100. Due to the very short and highly
variable nature of definitions, BLEU scores of 3-6
for most languages are normal.

2.5 BERTscore F1

BERTscore F1 (Zhang et al., 2020; Hanna and Bo-
jar, 2021) is an advanced evaluation metric for natu-
ral language generation tasks such as machine trans-
lation, summarization, and text generation. Unlike
traditional metrics like BLEU, which rely on ex-
act n-gram overlap, BERTscore leverages contex-
tual embeddings from pre-trained language models
(such as BERT or RoBERTa) to assess the seman-
tic similarity between candidate and reference sen-
tences. To compute BERTscore, each token in both
candidate and reference sentences is represented
using contextualized embeddings. Then, the met-
ric matches tokens from the candidate to the most
similar tokens in the reference (based on cosine
similarity), and vice versa. Precision and recall are
calculated from these matches, and the F1 score,
which means the harmonic mean of precision and
recall, represents the final BERTscore. Because
BERTscore evaluates meaning rather than surface-
level form, it correlates better with human evalu-
ation, especially when paraphrasing or synonym
usage is involved.

2.6 Two-Sample t-Test

A t-test* is a statistical method used to determine
whether there is a significant difference between the
means of two groups. It is particularly useful when
comparing results from experiments or different
model configurations to check if the observed dif-
ferences are due to chance or are statistically mean-
ingful. The independent two-sample t-test (Cressie
and Whitford, 1986) refers to compare the means of
two independent groups (e.g., results from model
A vs. results from model B), and the goal is to
determine whether the observed difference is statis-
tically significant. The input value should be two
independent sets of numerical values, e.g., BLEU
scores or BERTScores from two different mod-
els over multiple samples. The output includes
t-statistic which measures the difference between
the two group means relative to the variability of
the samples, and p-value which indicates the prob-
ability that the observed difference happened by
chance. A small p-value (typically < 0.05) indi-
cates strong evidence against the null hypothesis,
leading researchers to reject it and conclude the
result is statistically significant. Conversely, a large
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p-value (> 0.05) suggests weak evidence against
the null hypothesis, and thus, it is not rejected.

In the context of definition modeling and evalua-
tion of different PEFT configurations, the t-test is
appropriate for several reasons. Firstly, the p-value
will tell you whether the performance difference is
statically significant or just due to random variation
of data. Secondly, the t-tests are easy to implement
via scipy.stats* and the documentation is good.

3 Language and Dataset Selection

The selected target dataset for this study is in Nor-
wegian and from DBnary (Sérasset, 2012). DBnary
is a multilingual lexical resource extracted auto-
matically from Wiktionary?, structured as a linked
data resource in RDF format. It contains dictionary
definitions, translations, and lexical relations for
words across many languages. By leveraging Wik-
tionary’s rich, crowd-sourced content, DBnary pro-
vides a large-scale, openly accessible dataset ideal
for tasks like definition modeling and cross-lingual
lexical semantics. Its standardized format facili-
tates integration with other linguistic resources and
supports multilingual natural language processing
research. Table 1 shows one example from the
training dataset where target means the word to
be defined, example is the sentence containing the
target word, definition is the dictionary-style def-
inition, and example_with_prompt is the example
prompt question to guide the model in generating
definitions.

The dataset used in our experiments is divided
into three parts: 4,522 samples in the training set,
314 in the validation set, and 716 in the test set.
Although the overall size of the dataset is relatively
modest compared to large-scale multilingual cor-
pora, it still provides sufficient examples to eval-
uate the performance of models in low-resource
language scenarios. The training data are used
to optimize the model parameters, while the vali-
dation data are used to tune hyperparameters and
prevent overfitting. The test set serves as a final
evaluation benchmark for assessing the model’s
performance.

This setup reflects a common situation in cross-
lingual or multilingual NLP, where many lan-
guages, such as Norwegian, lack abundant labeled
data. Working with such datasets poses challenges,
but also highlights the importance of developing

Shttps://www.wiktionary.org/



target example

definition

example_with_prompt

Polstring Han arbeidet med pol-

string av mgbler.

Det a polstre noe.

Han arbeidet med pol-
string av mgbler. Hva be-
tyr Polstring?

Table 1: An example entry from the dataset containing a target word, example sentence, definition, and prompt for

definition generation.

Aspect TowerInstruct-7B-v(.2 mt0-x1
Model Size 7 billion parameters 3.7 billion parameters
Architecture Decoder-only transformer Encoder-decoder transformer

Training Data

Languages English, Portuguese, Spanish,
French, German, Dutch, Italian,
Korean, Chinese, Russian

Strengths Specialized for translation and re-

lated language processing tasks

with fine-tuning

Fine-tuned on TowerBlocks®

Fine-tuned on xP3°

Multilingual support across many
languages, designed for cross-
lingual transfer

Strong zero/few-shot generaliza-
tion across diverse NLP tasks

Table 2: Comparison between TowerInstruct-7B-v0.2 and mtO-x1

methods that are robust and effective under low-
resource conditions.

4 Models

In this research, we chose two models from
two different architectures to fine-tune, one is
an encoder-decoder model named mtO-xI (Muen-
nighoff et al., 2022), another is a decoder-
only model named Unbabel/TowerInstruct-7B-v0.2
(Alves et al., 2024). Encoder-decoder models, also
called sequence-to-sequence models, consist of two
components encoder and decoder. The separation
allows the encoder to fully understand the input be-
fore the decoder starts producing output, enabling
better handling of long or complex inputs. This ar-
chitecture is effective for tasks involving transform-
ing one sequence to another. However, decoder-
only models consist solely of a single transformer
decoder stack. They generate output tokens one
by one, using all previously generated tokens as
context.

Table 2 shows the features of mtO-xI® and
Towerlnstruct-7B-v0.2”.

6https://huggingface.co/bigscience/mt@—xl

"https://huggingface.co/Unbabel/
TowerInstruct-7B-v@.2

8https://huggingface.co/datasets/Unbabel/
TowerBlocks-v@.1

9https://huggingface.co/datasets/bigscience/xP3

lOhttps://huggingface.co/spaces/evaluate—metric/

sacrebleu
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S Experiments with LoRA

In our experiments with Low-Rank Adaptation
(LoRA), we explored several key hyperparameters
that significantly impact model performance and
generalization ability:

* LoRA Rank: This parameter determines the
rank of the LoRA matrices used in the model.
Configuration 1 uses 256, Configuration 2
uses 512, and Configurations 3, 4, and 5 use
different values ranging from 64 to 256.

LoRA Alpha: It controls the scaling factor
in the LoORA mechanism. The values for all
configurations are relatively consistent with
512 or 1024.

LoRA Dropout: This parameter helps to regu-
larize the model, and values are either 0.1 or
0.2.

Table 3 presents the evaluation results for vari-
ous LoRA configurations with a focus on the BLEU
and BERTscore F1 metrics. It also includes p-
values obtained through statistical significance test-
ing, highlighting the best-performing configura-
tions with red text. Metric scores are as follows:

* BLEU: The best BLEU score for mt0O-x1
(encoder-decoder model) is obtained in Con-
figuration 3, with 6.183. The best BLEU



Parameter Configl Config2 Config3 Config4 Config5
LoRA Rank 256 512 256 128 64
LoRA Alpha 512 512 1024 512 512
LoRA Dropout 0.1 0.1 0.1 0.1 0.2
Metric scores

BLEU (mt0-x1) 5.77 5.947 6.183 5.96 5.655
BLEU (Tower-7B) 3.81 3.805 4.249 4.056 4.623
p-value(BLEU) 2.84e-15 2.05e-17 1.83e-13  9.89e-09 8.59e-05
BERTSscore F1 (mt0-x1) 0.693 0.692 0.691 0.694 0.695
BERTscore F1 (Tower-7B)  0.670 0.671 0.675 0.676 0.682

p-value(BERT F1)

8.83e-14 7.39e-13  2.55e-07

1.11e-09  3.63e-05

Table 3:

Evaluation Results for Different LoRA Configurations & Models on Norwegian Data (Best

scores highlighted in red). mtO-xl: encoder-decoder model (mt0-x1 3.7B), Tower-7B: decoder-only model

(Unbabel/Towerlnstruct-7B-v0.2)

score for Tower-7B (decoder-only model) is
obtained in Configuration 5, with 4.623.

BERTscore F1: The best BERTscore F1 for
models mtO-xI and Tower-7B are 0.695 and
0.682 respectively in Configuration 5.

P-value: For BLEU, the p-values are ex-
tremely small, ranging from 2.84e-15 to 8.59e-
05, indicating differences between the config-
urations. For BERTscore F1, the p-values are
similarly very small, ranging from 8.83e-14
to 3.63e-05, confirming the statistical signif-
icance of the differences in performance be-
tween the configurations. A p-value below
0.05 suggests that the observed differences in
the metric scores are statistically significant.

6 Experiments with IA3

Facing issues with memory, we tried changing the
batch size to 4 and 8. Due to the different hyper-
parameters to be trained for the encoder-decoder
model compared to the decoder-only model for
IA3, we do not perform a t-test between them. The
performance of these models are shown in Tables
4 and 5.

For the encoder-decoder model, we explored
the effect of rpenalty (repetition penalty) and the
number of beams in the beam search. For the
decoder-only model, we were inspired by the differ-
ent lengths of generated text in Table 6 and choose
to investigate the effect of length penalties. We
elaborate on the results in section 8.

o4

7 Manual Analysis

In table 6, we compared predictions for 3 Norwe-
gian words such as rettferdig, parallell and nokon
from the dataset. The two models fine-tuned with
LoRA produced relatively concise outputs, with
definitions that were structurally sound, appropri-
ately sized, and complete sentences. In contrast,
the models fine-tuned using IA3 exhibited more ex-
treme behavior: the decoder-only variant often gen-
erated overly lengthy definitions, while the encoder-
decoder variant tended to produce overly brief out-
puts, sometimes reducing definitions to a single
word.

Nokon, meaning “eit uspesifisert kvantum av’
(an unspecified quantity of) according to actual def-
inition, was handled with varying quality across
models. The LoRA encoder-decoder model gener-
ated the definition “som har noko i seg” (something
that has something in it) based on the sentence “Eg
hadde i [[noko]] mjgl” (I had some flour). The
model appeared to have learned from the context,
but the output was essentially a paraphrase of the
sentence rather than a true definition, failing to cap-
ture the precise quantificational meaning expressed
in the actual definition. IA3 decoder-only per-
formed poorly, hallucinating an incorrect definition
by claiming that nokon translated to “kakerlakker”
(cockroaches). This was a clear semantic error
and indicated a major failure in factual grounding.
The IA3 encoder-decoder generated only the word
“noko”, which is a synonym of nokon, but it was
insufficient as a definition. This suggested that

bl



Parameter Config1l Config2 Config3 Config4 Config5

rpenalty 1.2 1.2 2.0 1.2 2.0

num_beams 1 2 2 4 4
Metric scores

BLEU 0.14 0.12 0.13 0.19 0.18

BERTscore F1 0.645 0.643 0.644 0.641 0.643

Table 4: IA3 encoder-decoder model (mtO-x1) hyperparameter tuning

Parameter Configl Config2 Config3 Config4

rpenalty 1.1 1.1 1.5 1.5

length penalty 2.0 0.5 2.0 0.5
Metric scores

BLEU 3.46 3.46 1.67 1.67

BERTscore F1 0.648 0.648 0.627 0.628

Table 5: IA3 decoder-only model (Unbabel/Towerlnstruct-7B-v0.2) hyperparameter tuning

the model either failed to learn the task structure
properly or was unable to generate a complete and
meaningful output.

Parallell was also an interesting case because
the actual definition given in the dataset was “om
to eller flere linjer, overflater eller lignende” (about
two or more lines, surfaces, or similar.) This def-
inition pointed out that parallell involves two or
more lines, surfaces, or similar objects, but it did
not explain the relationship or property between
them. In other words, it only listed the types of ob-
jects without describing how they are parallel. This
suggested that the original data’s definition may
be incomplete or insufficiently clear. The given
sentence “to vektorer regnes som parallelle hvis
og bare hvis det finnes et tall som kan ganges med
den ene vektoren slik at man far den andre” (two
vectors are considered parallel if and only if there
exists a number that can be multiplied with one of
the vectors to get the other), was already a defini-
tion. Both IA3 and LoRA fine-tuning methods for
encoder-decoder models suffered from unclear and
imprecise definitions. IA3’s version “hvis og bare
hvis det finnes et tall som kan ganges med den” (if
and only if there is a number that can be multiplied
by it) lacked specific context, making it unclear
and potentially confusing. LoRA’s version “som er
parallellt forbundet med noen” (which is parallelly
connected to someone), lacked specific meaning,
that is, it is unclear what parallell refers to here.
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8 Discussion

We conducted a series of experiments using two
prominent PEFT techniques—LoRA and IA3—on
a sequence-to-sequence dataset, evaluating their im-
pact on both encoder-decoder (mt0-x1) and decoder-
only (TowerlInstruct-7B) architectures.

Effect of Hyperparameters: Both methods ex-
hibited clear sensitivity to hyperparameter settings.
For LoRA, performance improved when the rank
and alpha parameters were better tuned. For in-
stance, increasing alpha to 1024 (Config 3) while
maintaining a moderate rank of 256 yielded the
highest BLEU score on the encoder-decoder model
(BLEU (mt0-xI) = 6.183). On the decoder-only
model, lower ranks (e.g., 64 in Config 5) combined
with higher dropout led to the best BERTscore and
BLEU (BLEU (Tower-7B) = 4.623, BERT F1 =
0.682), indicating that lightweight configurations
can still be effective. For IA3, we can see the origi-
nal configuration of rpenalty=1.2 and 1 beam gives
a marginally better BERTScore F1, but more impor-
tantly, increasing the number of beams to 4 gives
a better BLEU score. For decoder-only, changing
length penalty barely affected the results. However,
the original rpenalty of 1.1 greatly outperformed a
rpenalty of 1.5.

Encoder-Decoder vs Decoder-Only: The
encoder-decoder model tends to have a slightly
higher BERTscore F1 compared to the decoder-
only model. This can be attributed to the fact that



Model

Rettferdig

Parallell

Nokon

Sentence: Eksempellnol In-
nen politikken prgver man a
fordele samfunnets goder ret-
tferdig.

Actual Definition: Som skjer
pa en rettferdig mate.

Sentence: To vektorer reg-
nes som parallelle hvis og
bare hvis det finnes et tall
som kan ganges med den
ene vektoren slik at man
far den andre

Actual Definition: Om to
eller flere linjer, overflater
eller lignende.

Sentence: Eg hadde i
[[noko]] mjgl

Actual Definition: Eit us-
pesifisert kvantum av.

LoRA Decoder-
only

LoRA
decoder

Encoder-

IA3 Decoder-only

TIA3
decoder

Encoder-

Som er rett og slett, ikke urett.

Som er rett, riktig.

Retteffertig er et adjektiv
som beskriver en situasjon
hvor dette ordet brukes, og
hvis denne tilstanden kan
vare 1 overensstemming med
de faktiske omgansomheter
eller kravene pa retterfgr-
tigheten av menneskerettene
(human rights).  Det vil
si at alle personer har like
verdier uavhengige fra deres
raseri, religionsevangelie, sek-
sualitet, sosial status osv., og
skal behandles likestilt basert
pa disse grunner. Dermed
innebeerer riktforhold ogsa
ikke-discriminering mot nobe
grupperinger inkludere kvin-
nersamfundets interesser, mi-
noritetersinteresse etc..

Equal

Hvordan to ting er rettet
mot hverandre, dvs. at de
ligger i samme retning.

Som er parallellt forbun-
det med noen.

Staende i samme retning
eller rett ut fra hinanden,
ikke korsede: «parallelt»;

Hvis og bare hvis det
finnes et tall som kan
ganges med den

Nokon er en av flere syn-
onymer for noe, og brukes
som et relativt adjektiv.

Som har noko i seg.

Det er en norsk ord som
kan oversettes til «kaker-
lakker».

Noko

Table 6: Predicted definitions for “rettferdig”,
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parallell” and “nokon” by different models. The columns are the 3

different words (and the sentence they appear in and actual definition), while the rows are the 4 models.
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the encoder-decoder architecture processes the en-
tire input sequence through the encoder first, pro-
viding it with a richer understanding of the con-
text. This allows the decoder to generate more
semantically accurate outputs, which might explain
the marginal improvement in BERTscore F1. Al-
though the decoder-only model has a slightly lower
BERTscore F1, it is still within a comparable range,
indicating that it can also capture the semantic con-
tent of the reference translations effectively. How-
ever, the lack of an encoder to fully process the
input sequence might limit its ability to retain com-
plex contextual information, which could result in
a slightly lower semantic alignment.

Speed vs Quality Tradeoff: Regarding train-
ing efficiency, IA3 configurations were consistently
faster to train than LoRA, due to fewer param-
eters being introduced and updated. However,
LoRA achieved slightly better quality when care-
fully tuned, especially for BLEU. This reveals a
tradeoff: IA3 is more efficient and easier to tune,
whereas LoRA offers better ceiling performance if
computational budget allows for broader hyperpa-
rameter exploration.

9 Conclusion

In this study, we explored the effects of two PEFT
methods, LoRA and IA3, on both encoder-decoder
and decoder-only architectures for sequence-to-
sequence tasks. Our experiments demonstrated that
hyperparameter tuning plays a critical role in op-
timizing performance for both approaches. LoRA
showed potential for achieving higher translation
quality when parameters like rank and alpha are
carefully adjusted, while IA3 provided faster train-
ing and more stable results with fewer tuning de-
mands.

Comparing architectures, the encoder-decoder
model generally outperformed the decoder-only
model in semantic accuracy, as evidenced by higher
BERTscore F1, likely due to its ability to better con-
textualize input sequences. Nevertheless, decoder-
only models remain competitive and effective in
capturing semantic meaning.

Ultimately, the choice between LoRA and IA3
involves a tradeoff between training efficiency and
maximum performance: IA3 excels in speed and
simplicity, whereas LoRA offers higher peak qual-
ity given sufficient tuning resources. These findings
can guide future fine-tuning efforts for adapting
large language models in translation and related
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tasks.

10 Further Research

An important direction for future research is ex-
perimenting with different foundational models.
The baseline models used in current setups may
not generalize well across all languages, especially
those with unique morphological or syntactic prop-
erties. For example, multilingual models might
underperform on specific languages due to limited
representation or interference from unrelated lan-
guages. It would be valuable to investigate whether
monolingual models, trained exclusively on high-
quality data in the target language, offer better per-
formance. Such exploration could lead to more
robust and language-specific adaptations of seman-
tic change modeling systems.

Given the different sentence lengths in figure 1,
the datasets for different languages could be studied
since they can provide valuable insights. Dictio-
naries compiled for different languages might have
different styles. We see that Norwegian, Finnish
and Italian have sentences with much fewer char-
acters than the others.

Definition modeling for Nynorsk is hitherto un-
explored, and worth exploring. Unfortunately, the
authors are only familiar with one to three of the
languages given. In addition to stylistic and struc-
tural variation, future research could examine the
impact of out-of-vocabulary (OOV) rates, particu-
larly for low-resource languages like Norwegian.

Another avenue is to analyze the distribution of
target-word senses, including how frequently poly-
semous words appear and whether certain senses
dominate, which may influence model behavior
and evaluation.

Distribution of Sentence Length
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Figure 1: Distribution of sentence lengths (number of
characters) for different languages

This work has so far only explored LoRA and
IA3 as PEFT methods. However, the field of



parameter-efficient fine-tuning is rapidly evolving,
and many other PEFT methods can be explored.
Approaches such as prefix tuning, prompt tuning,
adapters, and orthogonal tuning (OFT and BOFT)
could offer alternative trade-offs between param-
eter count, training stability, and performance.
These methods may perform differently across lan-
guage families or in low-resource settings.
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Abstract

Current SOTA language models require long
training runs on clusters of GPUs, placing
them out of reach for most researchers and stu-
dents. Inspired by BabyLM shared task, we
conducted experiments with encoder-only ar-
chitectures and hyperparameter settings, while
restricting training time to 1 hour, and train-
ing hardware to 1 GPU. We also fine-
tune on COLA, one of the benchmarks used
in GLUE(General Language Understanding
Evaluation). We find that: Our variations
of the baseline encoder was not improved.
We were not able to reproduce ‘“‘supercon-
vergence” with the onecycleLR learning rate
scheduler. Code, configs and checkpoints to
support reproducibility and further research on
compute-efficient pretraining will be available
on Github.

1 Introduction

Large language models (LLMs) has over the last
years been used to solve increasingly harder tasks,
and new benchmarks are created (Chollet et al.,
2025) as the old benchmarks get “solved”. Part of
the success is not due to new architectures improv-
ing upon the transformer (Vaswani et al., 2023),
but simply using more data, and training for a
longer time (Kaplan et al., 2020). As more compa-
nies start training, fine-tuning and deploying/using
LLMs (inference), focusing on efficiency becomes
even more important for the following reasons:

e Cost of compute, mostly compute time on
GPUs, becomes prohibitively expensive

* Environmental costs, including CO2 emis-
sions and data center footprint

* Democratizing LM research

Research from “open” models like Llama (Tou-
vron et al., 2023) shows us that the cost of compute
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is of such an order that it effectively blocks most
researchers from competing in creating the “best”
LLMs. Thus the industry is in need of challenges
that makes it possible for all scientists, regardless
of budget, to contribute to innovations in the LLM
space. BabyLLM (Hu et al., 2024) is such a chal-
lenge, and we will be exploring a variant with the
following changes:

* Compute time limited to 1 h
* Training on a single GPU

e Unlimited data

Note that due to the time limit, we do have a
data limit in practice, as we will have to spend the
1 hour wisely, preferably on high quality data.

Our goal in this paper is to try to achieve
good results, train the models fast and keeping the
model as tiny as possible.

For pre-training, we will use the same dataset as
was used for the best model in the 2024 BabyLLM
task (Charpentier and Samuel, 2024) I

Finally, we will finetune on the COLA ? where
we use MCC (Matthews, 1975) as the evaluation
metric.

Specifically we will try to achieve fast learning
by trying to reproduce the “superconvergence” de-
scribed in the paper:

Super-Convergence: Very Fast Training of Neu-
ral Networks Using Large Learning Rates (Smith
and Topin, 2018).

The learning rate scheduler
scribed in this paper is implemented
torch.optim.Ir_scheduler.OneCycleLR.

We will test with different amounts of max
steps, while ensuring training time remains under

de-
in

! Available at: https://huggingface.co/datasets/ltg/babylm-
2024-baby-cosmo-fine-10m

Available  at: https://huggingtace.co/datasets/nyu-
mll/glue/viewer/cola



1h, to see if we can see something that looks like
“superconvergence” in under 1 hour of training.

2 Background and Related Work

We will first discus the babyLLM challenge which
directly inspired this research, and then discuss re-
search on small/efficient LLMs in general, which
is a broader topic than the more focused babyLM
task.

2.1 BabyLM

As described in (Hu et al., 2024) “BabyLLM Chal-
lenge is a community effort to close the data-
efficiency gap between human and computational
language learners”. According to the babyLM
papers and website (babylm.github.io), a 13 year
old has generally been exposed to less than 100
million words, while GPT-3 (Brown et al., 2020)
was trained with 200 billion words. These num-
bers seen in isolation ignores that vision and other
senses play a role in learning. This is also noted in
the paper:

Non-linguistic information, such as vi-
sual input, potentially plays a large role
in child language acquisition

And the challenge has been expanded with a
multi-modal track to address this issue.

The 2024 edition broadened the rules for the
Strict and Strict-Small text tracks: teams could as-
semble any corpus, provided it stayed under the
100 M- or 10 M-word limits. As explained in the

paper:

The motivation behind this decision is
that pretraining data quality has been
linked to large improvement gains in at-
scale language models(Hu et al., 2024).

Many high-scoring entries therefore curated
their own dataset to improve the models.

From the results of the two text tracks (10M
words and 100M words), we can see that we re-
confirm two “facts” about training LLMs:

* More data helps: Models trained on 100M
words performs better than models trained on
10M words

* Longer training time helps: Hyperparameters
of leaderboard winners have higher number
of FLOPS / model GPU hours
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Despite the low-data setting, the organisers still
observed a nearly log-linear correlation between
total training FLOPs and average benchmark score
across 64 submissions (Hu et al., 2024). Compute
is therefore not a solved problem: given only 1
GPU hour, we cannot expect our model to reach
parity with the models that trained for several hun-
dred hours.

For instance, the winner of BabyLM 2024, gpt-
bert-strict (Charpentier and Samuel, 2024), trained
the winner model for 570 hours. This means,
with 1 hour, our model architecture would have to
be significantly more efficient in training to reach
gpt-bert-strict’s performance.

Another take-away was that architectural
changes alone were rarely decisive. The strongest
systems combined multiple training objectives.
The overall winner, GPT-BERT, combined causal
and masked language modelling (MLM) (De-
vlin et al.,, 2019) in a 1:7 ratio, while other
successful teams alternated objectives epoch-by-
epoch (Hu et al., 2024). One interesting from the
meta-analysis of the submissions, was that:

Our interpretation of this result is that
there are likely benefits from certain
backbone architectures, but that these
effects might not be strong enough to
be picked up in a statistical analysis of
64 models. Interestingly, recent work
has noted that different architectures and
training setups often tend to con- verge
to neural representations with similar
prop- erties and capabilities

The paper further suggests that there is a trade-
off between high scores and how easy it is to opti-
mize the model and have low variance.

2.2 Other small/efficient LM research

In addition to the research effort incentivized by
the the babyLM challenge, there is also inter-
est from many competitors in the “Al race” in
small models, for differing reasons. Apple, which
needs efficient LLMs to run locally on millions of
iphones, released OpenELM (Mehta et al., 2024).
Allen Institute released Olmo (Groeneveld et al.,
2024) to “ Accelerating the Science of Language
Models”. There are many others, and many of the
Al labs provide models of differing sizes to make
them possible to run in different compute environ-
ments. For example Gemma 3 (Team et al., 2025)
is provided in 1B, 4B, 12B and 27B. In addition



to the number of parameters, the models are often
provided at different quantization levels:

Along with the raw checkpoints, we also
provide quantized versions of our mod-
els in different standard formats

Quantization is compression by using lower
precision numbers. We won’t discuss it further or
use it in this work, but note that research on this
like QLora (Dettmers et al., 2023) is also an inter-
esting research direction.

The OpenELM paper architecture section gives
a list of techniques used in “state-of-the-art”
LLMs, which we repeat here:

* do not use learnable bias parameters in any
fully-connected

* Pre-normalization using RMSNorm
 Rotatory positional embedding

 grouped query attention (GQA)

SwiGLU FFN

Flash Attention

* non-uniform allocation of parameters across
layers using layer-wise scaling

We will explore some of these techniques in our
model.

Finally we want to mention MoE models like
Mixtral (Jiang et al., 2024), which provides insight
into how we can decompose models in such a way
that we can use smaller fewer active parameters
under inference. Inference compute is one of the
major costs for providers of LLM APIs and might
surpass pre-train compute over time.

2.3 Fast training and convergence

In this paper, we are not only interested in train-
ing small models, but also in speed of training. A
major factor contributing to the speed of training
is how fast one goes down the loss landscape. The
goal is to use as few steps as possible to reach the
lowest point possible.

To achieve this goal we have optimizers and
learning rate schedulers, that can work together to
efficiently “navigate” the loss landscape, while:

* Avoid being stuck in local minima
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* Avoid overshooting (achieved by anneal-
ing/decay)

* Preferably reach low loss in few steps

* Most importantly, converge towards the
global minimum, even if using longer time,
more steps

Some interesting approaches might be varia-
tions of Adam (Kingma and Ba, 2017) and LION
(Chen et al., 2023), but in this paper we will
as mentioned in the introduction focus on large
learning rates for “superconvergence” (Smith and
Topin, 2018). We will not investigate LION in this

paper.
2.4 Superconvergence

The paper mentioned above describe the concept
as:

a phenomenon, which we named
“super-convergence”, where neural
networks can be trained an order of
magnitude faster than with standard
training methods

They further elaborate:

One of the key elements of super-
convergence is training with one learn-
ing rate cycle and a large maximum
learning rate. A primary insight that al-
lows super-convergence training is that
large learning rates regularize the train-
ing, hence requiring a reduction of all
other forms of regularization in order to
preserve an optimal regularization bal-
ance

The paper also provides a method to derive an
estimate of the optimal learning rate. We do not
use this method in this paper, but it would be in-
teresting to test out in future work.

The empirical tests showcase that the phe-
nomenon on a “variety of datasets and architec-
tures”, but it remains to be seen if we can see
similar results generalize accross tests different
from what the paper explored (primarily image
datasets).

The author also sees a boost in performance
compared to standard training when the amount
of labelled training data is limited. This seems to
indicate that it might be a good fit for challenges
similar to babyLM:



Demonstrates that the effects of super-
convergence are increasingly dramatic
when less labeled training data is avail-
able.

3 Data

3.1 Pre-training Corpus

We pre-train exclusively on the same corpus that
was used for the best performing model on the
babyLM challenge.

The dataset contains:

* BabyLM core corpus: dialogue-heavy,
child-directed material extracted from
CHILDES, spoken British National Corpus,
Simple English Wikipedia, public-domain
children’s stories, OpenSubtitles and Switch-
board.

¢ FineWeb-Edu:
pages

curated educational web-

* Cosmopedia: synthetic textbooks, blog-
posts, stories, posts and WikiHow articles *

The BabyLLM core corpus is described in detail
in (Hu et al., 2024). FineWeb-Edu was created
by HuggingFace and is a subset of the FineWeb
dataset (Penedo et al., 2024). The Cosmopedia
dataset is described in detail in (Ben Allal et al.,
2024).

We use this dataset for the same reasons stated
in the GPT or Bert paper (Charpentier and Samuel,
2024):

The main purpose of training on this
mixture is to provide the model with
more factual knowledge and more di-
verse language.

3.2 Fine-tuning Dataset: CoLA

For downstream evaluation we use the Cor-
pus of Linguistic Acceptability (CoLLA) from
GLUE (Wang et al., 2019). CoLA contains 8.5
k English sentences annotated as grammatical or
ungrammatical. We choose CoLA because:

* It tests the models “understanding” of gram-
mar.

3 Available on HuggingFace at
https://huggingface.co/datasets/ltg/babylm-2024-baby-
cosmo-fine-10m.

*https://github.com/huggingface/cosmopedia
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* The dataset is small, so fine-tuning completes
fast

* Matthews correlation (MCC) provides a good
metric that is affected too much by an imbal-
anced dataset

4 Experiments

This section reports all training settings and out-
comes. We first describe the baseline configura-
tion, then introduce a single variation that replaces
the cosine scheduler with the One-Cycle LR pol-
icy. We do pre-training with the dataset mentioned
in the previous section and fine-tuning using PEFT
(Mangrulkar et al., 2022)

4.1 Baseline experimental setup

We will use a hyperparameter setup without “su-
perconvergence” LR scheduler so we have a base-
line to compare against. The configuration is de-
scribed below and uses an encoder architecture.

Parameter Value
Hidden size 192
Intermediate size 512
Layers 12
Attention heads 3
Max sequence length 128

Activation (FFN)
Activation (classifier)

GEGLU (Shazeer, 2020)
GELU

Batch size 256

Dropout (all) (Hinton et al., 2012) 0.1

Positional encoding Learned relative
Training steps 10,000

Table 1: Baseline hyper-parameters.

The optimizer used is AdamW with weight-
decay selectivity, decay on weight matrices, none
on biases/LayerNorm.

For the positional encoding we use a varia-
tion of “relative positional representations” (Shaw
et al., 2018) with buckets which length is specified
by a positional bucket size hyperparameter set to
32, similar to the T5 (Text-To-Text Transfer Trans-
former) paper (Raffel et al., 2023)

4.1.1 Baseline pre-training results

Metric Value
Steps 10,000
Loss 5.05
Accuracy 16.9%
Elapsed time  36.5 minutes

Table 2: Results of the baseline MLM pre-training run
(10 k steps).



The pre-training run ended up with a loss of
5.05 with only 16.9 % accuracy. This relatively
high loss and low accuracy are expected given the
very small size and training time of the network.
We would have seen further reduction in loss and
increased accuracy if we trained for more steps.

For a complete view of how the loss and ac-
curacy evolved over time, we refer to the full
SLURM logfile can be found in the Github repo
mentioned in the implementation details section.

4.1.2 Baseline fine-tuning results

Split Best MCC  Epoch
Train 0.4250 29
Validation 0.1417 19

Table 3: LoRA-based fine-tuning results on CoLA
(class-weighted loss, rank 32, top 4 layers unfrozen).

Even with class-balanced sampling and a mod-
erately sized LoRA adapter (rank 32), the tiny en-
coder only reaches a validation MCC of 0.1417
after 19 epochs. This gap between train (0.425)
and validation clearly shows that the model does
not generalize well. However, achieving a non-
zero MCC confirms the model has at least learned
to distinguish acceptable from unacceptable sen-
tences better than chance, thus providing a base-
line for subsequent scheduler or architectural vari-
ations.

We will now see if we can get better results with
“superconvergence’”’.

4.2 One-Cycle LR variation
We swap the cosine schedule for ONECYCLELR

with the following parameters:

e max_lr=0.01

» default values of all other parameters >

All other settings remain the same.
Then we ran the same code, for the same num-
ber of steps.

4.3 Results with One-Cycle LR.

Unfortunately, as can be seen by the results ta-
ble, the loss and accuracy from pre-training was
worse. See slurm-1615283-onecycleLR.out for
the full training logs.

>Pytorch’s OneCycleLR
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Metric Value
Steps 10,000
Loss 5.45
Accuracy 12.66%

Elapsed time  38.5 minutes

Table 4: Results of the variation using oneCycleLR

4.3.1 One-Cycle LR fine-tuning results

We do the same finetuning as for the baseline, and
get the following results, which is clearly worse
than the baseline.

Split Best MCC  Epoch
Train 0.1503 29
Validation 0.0887 19

Table 5: LoRA-based fine-tuning results on CoLA for
the onecycleLR model

4.4 Training and finetuning with more steps

We increased the step size to 15 000, and got the
following results for the baseline

Metric Value
Steps 15,000
Loss 491
Accuracy 18.69%

Elapsed time  57.5 minutes

Table 6: Baseline architecture increased max_steps

When increasing to 15 000 steps, it seems like
the onecycle variation is improving faster than
the baseline. Since increasing max steps further
would lead to more than 1 hour of training, we will
leave further experiments to future work, to see if
the onecycle variation can overtake the baseline.

Finetuning the models gives the following re-
sults:

Since we finetune with the same settings as de-
scribed in the finetuning section, and we get better
results, that indicates the “base models” has im-
proved. It is good reason to believe that the mod-
els trained on 15 000 steps in general will perform
better on downstream tasks it is finetuned on.

4.5 Summary

Unfortunately, we did not see better results in ei-
ther pre-training, nor finetuning, when compared
to the baseline. Thus in our case it does not seem
like the onecycle learning rate scheduler is better.
This seems to be true for all step sizes tested.

We are not sure if this is due to misconfiguration
or a misunderstanding of how the different hyper-
parameters work together. It might also be the case



Metric Value
Steps 15,000
Loss 5.05
Accuracy 17.24%
Elapsed time  54.5 minutes

Table 7: onecycle variation with increased max_steps

Split Best MCC  Epoch
Train 0.7033 29
Validation 0.1717 19

Table 8: LoRA-based fine-tuning results on CoLA
baseline 15k steps

that we simply trained for too little time to realis-
tically see a significant difference, independent of
architecture changes.

As discussed in the background, super-
convergence means ‘“neural networks can be
trained an order of magnitude faster than with
standard training methods”. We did not see this
in our experiments and we suggest further work
to more closely examine the original paper, for in-
stance try out their method to find an estimate of
the optimal learning rate and try it instead of the
“guess” we did in this paper.

5 Limitations

We cover English only and evaluate on a narrow
set of tasks. Real-world applicability to generative
use-cases and multi-linguality was not explored.

Given that the current leader of the GLUE
leaderboard is a multi-lingual model (Patra et al.,
2022) we believe that multi-lingual models might
have a better language-understanding than mono-
lingual ones.

6 Future Work

In this paper we have discussed data-efficiency,
meaning learning the same or more from less data.
Training compute efficiency, to update the weights
“towards intelligence” faster. And finally fine-
tuning efficiency, for updating an existing model
in such a way that it performs better at a particular
task faster.

We think that future work should also look at
producing smaller models in terms of parameter
counts, an interesting idea in this regard is the
“Lottery ticket hypothesis” (Frankle and Carbin,
2019). The idea is that large neural networks con-
tains subnetworks that performs as good as the net-
work as a whole. Thus with smart weight prun-
ing one can reduce the parameter count consider-
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Split Best MCC  Epoch
Train 0.4186 29
Validation 0.1423 19

Table 9: LoRA-based fine-tuning results on CoLA for
the onecycleLR 15k steps

ably without affecting performance. We hypoth-
esize that this pruning can be done during train-
ing, which will save computation time since “dead
weights” are not updated.

Improvements to the transformer architecture,
like Multi-head Latent Attention (DeepSeek-Al
et al., 2025) would also be interesting for future
research.

Finally, we want to mention that research into
mechanistic interpretability and explainable Al in
general, is something that will lead to better mod-
els in “all” ways.

An analogy here is complicated software sys-
tems: A developer that understands a codebase,
can more easily see which parts can be removed
(make codebase smaller) and how to build upon
the existing system (new features to a legacy sys-
tem). While a new developer on a big legacy
project cannot change much without breaking the
system. We think something similar applies to Al,
and that there are massive gains waiting for us if
we really understands how LLMs work. An ex-
ample of this kind of research is the research on
superposition by Anthropic (Elhage et al., 2022).
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Abstract

Recent work on pre-training tiny language mod-
els has demonstrated that even with limited
data and computational budgets, meaningful
linguistic competence can be achieved. A com-
monly used approach for encoder-based models
is Masked Language Modeling (MLM), which
typically employs a fixed masking rate of 15%.
In this study, we investigate the impact of vary-
ing the masking rate during pretraining on the
downstream performance of tiny language mod-
els. Specifically, we train encoder-based trans-
formers with different masking probabilities
and evaluate their generalization abilities across
both fine-tuning tasks and zero-shot linguis-
tic benchmarks. Our results reveal interesting
performance differences across applications:
masking rate adjustments have significant im-
pact on fine-tuning accuracy (up to 6.42% vari-
ation between masking rates), with span mask-
ing showing greater sensitivity to rate selec-
tion than random token masking. However, the
same adjustments produce substantial effects
on zero-shot linguistic capabilities as measured
by BLiMP (variations up to 5.73%). These
findings indicate that the importance of mask-
ing rate optimization depends on the intended
application.

1 Introduction

The success of large-scale language models has
led to increased research into their architectures,
training regimes, and scaling laws. However, the
large costs associated with training and deploying
these models have motivated a parallel line of re-
search focusing on tiny language models, which are
models trained under limited resource constraints
with a small number of parameters. This paper is
part of the "Pretraining of Language Models Under
Time Constraint" track (Charpentier, 2025), which
challenges to develop efficient language models
within a restricted training time budget (e.g., under
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24 hours on a single GPU). The track is inspired by
the BabyLLM challenge (Warstadt et al., 2023; Hu
et al., 2024) , which emphasizes sample-efficient
learning on developmentally plausible corpora.

A central component of pretraining encoder-only
language models is the Masked Language Mod-
eling (MLM) objective, originally introduced in
BERT (Devlin et al., 2019). In MLM, a percentage
of input tokens are masked and the model is trained
to predict the original values. While a masking rate
of 15 % has become the standard, it is not obvious
whether this value is optimal for tiny models un-
der strict time constraints. A masking rate that is
too low may provide an insufficient learning signal,
while a rate that is too high may obscure too much
of the input, making the prediction task unnecessar-
ily difficult (Wettig et al., 2023). In this paper, we
systematically explore how varying the masking
rate during pretraining affects the performance of
tiny language models. We train encoder models
with different values of the masking hyperparame-
ter, ranging from 10 % to 50 %, using two masking
strategies-random masking by Devlin et al. (2019)
and span-based masking as in SpanBERT by Joshi
et al. (2020) - and evaluate them on both a fine-
tuned classification task and zero-shot linguistic
benchmarks such as BLIMP and LAMBADA. In
this exploration we aim to answer the question: Is
the conventional 15 % masking rate still optimal
when training small models with limited resources?

2 Related Work

Previous studies have begun to question the con-
ventional use of a 15 % masking rate. Wettig
etal. (2023) systematically examined masking rates
across various model sizes and found that larger
models tend to benefit from higher masking rates
up to 40 %, and that even extreme rates like 80 %
can retain most downstream performance despite
high perplexity. However, their work focused pri-



marily on large-scale models, leaving the question
of how masking rates interact with optimization
and generalization in tiny models under resource
constraints open.

Another relevant line of research investigates
the selection of masked content during pretraining.
SpanBERT by Joshi et al. (2020) proposed span-
based masking to encourage learning representa-
tions for contigous text segments, showing signifi-
cant gains on span-sensitive tasks such as question
answering and conference resolution. This strat-
egy contrasts with the uniform random masking
used in BERT, and further suggests that both the
rate and structure of masking influence pretraining
effectiveness. Wettig et al. (2023) also found that
optimal masking rates can vary depending on the
masking strategy, where uniform masking may ben-
efit from higher rates than span-masking, implying
an interaction between rate and strategy that has
not been fully explored in low-resource settings.

Our work extends on this research by evaluat-
ing both the masking rate and masking strategy
in the context of tiny models trained under time
constraints.

3 Background

3.1 Masked Language Modeling (MLM)

Masked Language Modeling (MLM) is a self-
supervised learning objective commonly used to
pretrain large language models (LLMs), particu-
larly those based on transformer encoder architec-
tures. Introduced in BERT (Devlin et al., 2019),
MLM involves randomly masking a subset of in-
put tokens and training the model to predict the
original tokens based on their surrounding con-
text. This objective enables the model to learn
deep bidirectional representations of language, as
it can attend to both the left and right context of
each masked token. In a typical MLM setup, as de-
scribed by Devlin et al. (2019), a fixed percentage
of input tokens—commonly 15%—are selected for
masking. Of these, 80% are replaced with a spe-
cial [MASK] token, 10% with a random token from
the vocabulary, and 10% are left unchanged. This
strategy encourages the model to develop robust
representations that generalize beyond the pretrain-
ing objective. In particular, the random substitu-
tions and unmasked tokens help prevent the model
from becoming overly reliant on the [MASK] token
as a prediction cue, which is absent during down-
stream fine-tuning tasks. The model is then trained
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to predict the original token at all masked posi-
tions, while unmasked tokens are ignored in the
loss computation. This setup balances the need for
supervision with the preservation of input context.

3.2 Evaluation Metrics

Evaluating the performance of language models is
inherently complex, as there can often be multiple
correct answers. To evaluate the impact of differ-
ent masking rates on tiny encoder-based languagde
models, we employ both zero-shot and fine-tune
evaluation metrics. Specifically, we evaluate on
two widely used benchmarks, LAMBADA (Pa-
perno et al., 2016) and BLiMP (Warstadt et al.,
2020), as well as a supervised downstream task to
measure transferability.

3.2.1 BLiMP

The Benchmark of Linguistic Minimal Pairs
(BLiMP) is a diagnostic data set designed to evalu-
ate the understanding of a model of English gram-
mar through minimal pair sentence comparisons.
Each example in BLiMP consists of two nearly
identical sentences, one grammatical and one un-
grammatical, differing in a single syntactic or mor-
phological aspect. The model is then expected to
assign a higher likelihood to the correct sentence
in each pair (Warstadt et al., 2020).

BLiMP is composed of 67 sub-datasets, each
containing 1000 sentence pairs, covering 12 lin-
guistic phenomena, including subject-verb agree-
ment, anaphore resolution, and argument structure.
The overall accuracy is computed as the proportion
of times the model selects the grammatical sen-
tence across all pairs. Because this is a zero-shot
evaluation, it provides insight into the general lin-
guistic knowledge the model has acquired during
pre-training, without further fine-tuning.

3.2.2 LAMBADA

Language Modeling Broadened to Account for Dis-
course Aspects (LAMBADA) by Paperno et al.
(2016) tests a model’s ability to understand broad-
discourse-level context. Each sample includes a
multi-sentence context followed by a final sentence
where the last word is masked. The model must
predict the missing word, which typically cannot
be inferred from the final sentence alone, but is
recoverable when the full context is considered.
This benchmark challenges the model’s long-
range dependency tracking, and is particularly rele-
vant in settings where masking too much or too lit-



tle might impair the model’s contextual reasoning.
LAMBADA reports both accuracy, the proportion
of correctly predicted final words, and perplexity,
which reflects the model’s confidence. A lower
perplexity suggests more confident and coherent
predictions, while higher accuracy indicates better
contextual understanding.

3.2.3 Fine-Tuning Metric

In addition to zero-shot tasks, we evaluate each
model on a fine-tuned classification task to assess
how well learned representations transfer to down-
stream supervised settings. To do this, we fine-tune
each model on the SST-2 dataset (Stanford Sen-
timent Treebank 2), which is a binary sentiment
classification task. In SST-2, the model is required
to classify the sentiment of a sentence as either
positive or negative, making it a suitable test of a
model’s ability to encode and use semantic infor-
mation (Socher et al., 2013). We report accuracy as
the primary metric, which reflects the percentage
of correct predictions. This is done as the SST-2
dataset is already a balanced classification task.

3.3 Pretraining Dataset

For pretraining, we use the BabyLM 2024 10M
corpus, which is a dataset consisting of 10 million
words of child-directed and developmentally ap-
propriate English. The data set is compiled from
a diverse set of sources, including the British Na-
tional Corpus (BNC Consortium, 2007), CHILDES
(MacWhinney, 2000), Project Gutenberg (Gerlach
and Font-Clos, 2020), OpenSubtitles (Lison and
Tiedemann, 2016), and Switchboard (Godfrey et al.,
1992). These sources collectively span various do-
mains, such as dialogue, fiction, nonfiction, and
conversations (Hu et al., 2024). This dataset is
specifically designed to approximate the linguis-
tic exposure of a child language learner, making
it ideal for evaluating the sample efficiency and
generalization abilities of tiny language models.

4 Method

4.1 Transformer Encoder Models

Transformer architectures have become the founda-
tion of modern language models due to their ability
to model complex dependencies through attention
mechanisms. Originally introduced in the context
of machine translation by Vaswani et al. (2017),
the transformer consists of two main components:
an encoder and a decoder. However, for tasks in-
volving MLM, only the encoder is necessary as it
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enables bidirectional attention over the input se-
quence. This is in contrast to decoder-only models,
which are trained autoregressively and only attend
to past tokens.

In our study, we focus extensively on the encoder
model, which is better suited for MLM pre-training,
as reported in Qorib et al. (2024), and more effi-
cient to train within the given resource constraints.
The encoder learns to predict randomly masked to-
kens using context from both directions in the input
sequence. Varying the masking rate or the propor-
tion of tokens masked directly affects the encoder’s
learning behavior, which makes it the most relevant
architecture for our study. Figure 1 illustrates the
architecture of the transformer encoder model.

—

.
| Add & Nam

Fead
Ferward

—

,-—-l Add & Nom |
Multi-Head
Attention

t

—

®_€|3

Inpuk
Embeadding

I

Inputs

M

L

FPositional
Encoding

Figure 1: Transformer encoder architecture. (Vaswani
et al., 2017)

The input tokens are first mapped to dense vector
representations through an embedding layer, which
are then combined with positional encodings to
preserve word-order information. In our implemen-
tation, we use relative positional encoding, which
is more parameter-efficient and is better suited for
small-scale models compared to absolute position
embeddings (Huang et al., 2020).

The resulting representations are passed through
a stack of identical encoder layers, each consisting
of a multi-head self-attention mechanism followed
by a feed-forward network. Both components in-
corporate residual connections and layer normal-
ization to enhance stability and convergence during
training.. This architecture allows each token to
attend to all others in the sequence, making it well-
suited for bidirectional context modeling, which is



a key requirement for masked language modeling
(Devlin et al., 2019).

For our implementation we follow the official
preprocessing pipeline provided by Charpentier
(2025), which includes normalization, sentence
segmentation, and training a custom WordPiece
tokenizer. The resulting sequences are tokenized
and then cached with a maximum length of 128
tokens. These cached sequences are used as input
for masked language model training.

Our model implementation consists of 12 en-
coder layers with an embedding dimension of 192.
Each encoder layer contains a self-attention mech-
anism with query-key projection dimension of 384
and value projection dimension of 192. The atten-
tion mechanism employs dropout rates of 0.1 for
attention probabilities, attention outputs, and rela-
tive embeddings. Layer normalization is applied
with an epsilon value of 1e-05 both before atten-
tion computation (pre-norm) and after the residual
connection (post-norm), with elementwise affine
parameters disabled for pre-norm layers.

The feed-forward network in each encoder
layer expands the hidden dimension from 192
to 1024 features, uses GeLLU activation function
(Hendrycks and Gimpel, 2023) for non-linearity,
and then projects back to the model dimension of
192. An intermediate layer normalization (with
epsilon set to 1e-5) is applied after reducing the
dimension to 512 via a linear transformation. The
feed-forward network also incorporates dropout
with a rate of 0.1 after the final projection layer.

Our model was trained using the AdamW opti-
mizer (Loshchilov and Hutter, 2019) with a learn-
ing rate of 3e-3. We employed a cosine learn-
ing rate scheduler with a warm-up preportion of
0.016 (Loshchilov and Hutter, 2017). Training was
conducted with a batch size of 256 sequences for
10,000 steps. For reproducibility we used a seed of
42 for all experiments.

4.2 Masking Strategies

In our investigation of optimal masking rates for
tiny language models, we implement and compare
two primary masking strategies: random token
masking and span masking. Each strategy presents
distinct advantages and poses different learning
challenges for the model.

4.2.1 Random Token Masking

Random token masking, originally introduced in
BERT by Devlin et al. (2019), involves indepen-
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dently selecting tokens for masking according to
a uniform probability distribution. See Figure 2
for an example. In our implementation, each token
is masked with probability pmask. Of the masked
tokens, 90% are replaced with the special [MASK]
token and 10% are replaced with randomly sam-
pled tokens from the vocabulary.

This approach creates a uniform distribution
of masking targets throughout the input sequence.
While beneficial for general language understand-
ing, random token masking may not optimally cap-
ture longer-range dependencies or complex linguis-
tic structures that span multiple tokens.

4.2.2 Span Masking

Span masking, introduced in SpanBERT by Joshi
et al. (2020), represents a structured alternative to
random token masking, see Figure 2. Rather than
selecting individual tokens independently, span
masking first selects starting positions randomly,
then masks contiguous sequences of tokens. This
approach better aligns with linguistic structures
where meaningful units often span multiple tokens.

We use the implementation by Charpentier
(2025). In this implementation the span lengths are
sampled from a geometric distribution with param-
eter p = 0.2, yielding an expected span length of
5 tokens, while a span length greater then 10 is re-
duced to 10. The procedure involves sampling span
lengths from the geometric distribution, randomly
selecting starting positions within the sequence,
and applying then same masking procedure as in
random token masking.

Span masking offers several potential advantages
for language model pretraining. It better aligns
with the natural structure of language, where mean-
ingful units often comprise multiple tokens. It cre-
ates a more challenging prediction task, requiring
the model to capture broader contextual dependen-
cies. Additionally, it may facilitate improved learn-
ing of entity and phrase-level representations.

4.2.3 Masking Rate Variation

For both masking strategies, we vary the masking
rate across experiments to determine its impact on
downstream performance. We explore masking
rates ranging from 10% to 50% in 5% increments,
including the conventional 15% rate established in
the original BERT paper by Devlin et al. (2019).
This comprehensive exploration allows us to iden-
tify optimal masking configurations for tiny lan-
guage models.
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Figure 2: An example of Span Masking vs. Random Token Masking

4.3 Finetuning

To evaluate the different masking strategies and
masking rates, we look at how well the pretrained
models transfer to a supervised downstream task by
fine-tuning each model on the SST-2 binary clas-
sification dataset derived from the Stanford Senti-
ment Treebank (Socher et al., 2013) as previously
discussed. For this, we extend our encoder archi-
tecture with a classification head consisting of a
dropout layer (with dropout probability of 0.1) fol-
lowed by a single linear layer. The model receives
a tokenized sentence with a prepended [CLS] to-
ken, and the final representation of the [CLS] token
is used for classification. The classifier is trained
to minimize cross-entropy loss over the sentiment
labels (positive or negative).

To ensure consistency across model variants, we
reuse the same tokenizer trained during pretraining
and apply truncation and padding to a maximum
sequence length of 128 tokens. During fine-tuning,
we load the pretrained weights for the embedding
and encoder layers, while the classification head is
randomly initialized and trained from scratch. All
model parameters (both pretrained encoder and
new classification head) are fine-tuned together
rather than freezing the pretrained weights. This
allows the model to adapt the learned representa-
tions to the classification task while building upon
the pretrained knowledge.

Fine-tuning is performed using a custom train-
ing loop with the following hyperparameter config-
uration: 10 epochs, a learning rate of 5e-5, and
a batch size of 32. We use AdamW optimiza-
tion with cosine learning rate scheduling including
linear warmup (warmup proportion of 0.1) and a
weight decay of 0.01. Gradient clipping with a

72

maximum norm of 1.0 is applied to stabilize train-
ing. The final model is evaluated using accuracy,
F1-score, precision, and recall metrics. This fine-
tuning setup is designed to measure how much
transferable knowledge each model has acquired
during pretraining under different masking rates
and strategies.

5 Results
5.1 BLiMP

To evaluate the linguistic generalization capabili-
ties of our models, we assess their performance on
the BLiMP benchmark, analyzing accuracy across
linguistic fields and terms under different masking
rates and strategies. The evaluation follows the
code provided by Charpentier (2025), and more
detailed results are available in the accompanying
GitHub repository, see Section 8.

Performance varies across span and random
masking conditions, with average accuracies rang-
ing from 52.62% to 58.35%, as shown in Table
1. The highest performance under span masking
was observed at a masking rate of 0.4, achieving
an average accuracy of 58.23%. While the best per-
formance for random masking occurred at a rate of
0.15, reaching 58.35%. These results suggest that
both strategies are viable under the right parameter
settings.

Consistent with prior work indicating that the
structure of masking influences pretraining out-
comes, we observe notable differences between
span and random masking across linguistic cate-
gories. Span masking tends to yield better perfor-
mance in syntactically structured categories. For
example, models trained with span masking tend to
outperform random models on control and raising



Table 1: Fine-tuning and Evaluation Results with Various Masking Rates

Masking LAMBADA LAMBADA BLiMP Fine-tune Fine-tune Recall F1
Rate Accuracy (%) Perplexity Accuracy (%) | Accuracy Precision

Random Token Masking
0.10 1.0285 956.87 52.62 0.8337 0.8338 0.8337 0.8337
0.15 1.9212 760.53 58.35 0.8394 0.8395 0.8394 0.8394
0.20 0.8733 931.27 56.75 0.8544 0.8556 0.8544 0.8541
0.25 0.8733 807.34 53.85 0.8498 0.8511 0.8498 0.8495
0.30 1.9406 711.23 53.67 0.8475 0.8486 0.8475 0.8472
0.35 1.8630 646.11 53.81 0.8475 0.8490 0.8475 0.8472
0.40 1.3196 664.31 56.46 0.8509 0.8567 0.8509 0.8508
0.45 1.3196 664.31 54.19 0.8521 0.8550 0.8521 0.8516
0.50 1.4361 616.39 57.02 0.8509 0.8531 0.8509  0.8505

Span Masking
0.10 0.0000 2294.53 56.96 0.8073 0.8081 0.8073 0.8071
0.15 0.0000 3000.74 57.63 0.7936 0.7938 0.7936  0.7934
0.20 0.0000 3000.74 57.54 0.8337 0.8340 0.8337 0.8336
0.25 0.0388 1413.32 54.42 0.8452 0.8455 0.8452  0.8451
0.30 0.1164 1031.61 53.77 0.8429 0.8429 0.8429  0.8429
0.35 0.2523 1078.46 53.69 0.8578 0.8579 0.8578 0.8578
0.40 0.5240 938.39 58.23 0.8567 0.8567 0.8567 0.8566
0.45 0.2523 1196.00 56.07 0.8555 0.8558 0.8555 0.8554
0.50 0.1552 1120.65 53.33 0.8463 0.8469 0.8463  0.8462

constructions, filler-gap dependencies, and argu-
ment structure. These categories require the model
to reason over contigous linguistic units, and the
span masking mechanism likely supports this by
masking coherent text segments rather than isolated
tokens, making the model perform better on such
tasks.

On the other hand, random token masking proves
more effective in categories that depend on seman-
tic abstraction and contextual variability. This is
more evident in the treatment of quantifiers and
negative-polarity item (NPI) licensing. In these
cases, the non-contiguous nature of random mask-
ing may enable better learning over distributed cues
and semantic scope. We also observe a clear ad-
vantage for random masking in overall semantic
field accuracy, suggesting that the flexibility of ran-
domly scattered masks may better support broader
inferential and contextual reasoning patterns.

5.2 LAMBADA

To evaluate our model’s ability to understand broad-
discourse-level context, we evaluated on the LAM-
BADA dataset using the code given by Charpentier
(2025). This evaluation revealed notable differ-
ences between random token masking and span
masking strategies across various masking rates,
see Table 1.

Under random token masking, we observed non-
monotonic performance patterns with respect to
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masking rates. The highest LAMBADA accuracy
of 1.94% was achieved at a 30% masking rate,
while the lowest perplexity of 616.39 was recorded
at the 50% masking rate. This suggests that higher
masking rates generally led to better language mod-
eling capabilities, with optimal performance occur-
ring between the 30% - 50% range.

Interestingly, there was not always a direct cor-
relation between accuracy and perplexity. For in-
stance, the 15% masking rate achieved the second-
highest accuracy (1.92%) but had a relatively high
perplexity (760.53) compared to higher masking
rates. This indicates that while the model could cor-
rectly predict the exact target word in more cases,
its overall probability distribution over the vocabu-
lary remained less confident than at higher masking
rates.

Span masking showed significantly different be-
havior on LAMBADA compared to random token
masking. Overall, span masking yielded lower
LAMBADA accuracy across all masking rates,
with the best performance of only 0.52% accuracy
at a 0.40 masking rate. Similarly, perplexity values
for span masking were generally higher than those
observed with random token masking, with the best
(lowest) perplexity of 938.39 also occurring at the
0.40 masking rate.

The span masking strategy showed particularly
poor performance at lower masking rates (10% -
20%), with 0% accuracy and extremely high per-
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Figure 3: Fine-tuning results: Accuracy vs. Masking
rate for the different masking stategies

plexity values exceeding 2000, indicating that the
model had essentially no ability to predict the final
words in the LAMBADA passages when trained
with this configuration.

When comparing the two masking strategies,
random token masking consistently outperformed
span masking on LAMBADA across most masking
rates. The best overall LAMBADA performance
was achieved with random token masking at a 30%
masking rate for accuracy (1.94%) and at 50% for
perplexity (616.39). This suggests that for tasks
requiring long-range linguistic understanding, ran-
dom token masking may be more effective than
span masking for tiny language models.

5.3 Fine-tuning results

When fine-tuning, we observe variation in accuracy
across different masking rates and strategies, as
shown in Table 1 and Figure 3. Looking at Random
Token Masking, we see that accuracy ranges from
0.8337 at masking rate 0.10 to 0.8544 at 0.20, with
most other rates staying around 0.8475 to 0.8521.

For span masking, we see more variation occur-
ring with respect to the masking rate. Lower mask-
ing rates show weaker performance with 0.7936 at
0.15 and 0.8073 at 0.10, while 0.20 reaches 0.8337.
But span masking performance gets better at higher
masking rates, where it reaches its peak at 0.35 with
0.8578 and keeps strong performance at 0.40 with
0.8567 and 0.45 with 0.8555.

When looking at the fine-tuning precision, recall
and F1-score across the different masking strategies
and masking rates, we observe similar patterns as
in the accuracy evaluation.

These results demonstrate that span masking
shows approximately three times more variation
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than random token masking across all fine-tuning
metrics. While random token masking maintains
consistent performance with roughly 2% variation
regardless of masking rate, span masking shows
high sensitivity with over 6% variation, indicating
that masking rate selection is critical for achieving
optimal performance with this strategy. We observe
a close alignment between precision, recall and F1
scores within 0.003, which confirms the balanced
SST-2 data set.

When comparing the two strategies we can ob-
serve that span masking gets the highest overall
fine-tuning accuracy with 0.8578 at 0.35, which is
higher than the best random token masking result
of 0.8544 at 0.20. But span masking shows more
sensitivity to masking rate, with clear worse perfor-
mance at lower rates, while random token masking
keeps more consistent accuracy across different
rates as visible in Figure 3.

In summary, span masking achieves the highest
peak performance (0.8578), but requires careful
rate optimization, while random token masking
provides reliable results across all rates, making it
the safer option when masking rate tuning is not
possible.

6 Discussion

6.1 Higher vs lower masking rate

The fine tuning results show noticeable variation in
accuracy across different masking rates and strate-
gies. For span masking, comparing the lowest and
highest fine tuning accuracy leads to a difference
of 6.42%, while random token masking shows a
smaller variation of 2.07%. This pattern is consis-
tent across all evaluation metrics being precision,
recall and F1 score. This indicates that the masking
rate and strategy choice have an impact on down-
stream task performance, with span masking being
particularly sensitive to masking rate selection.

Masking rate has an impact not only on fine-
tuning accuracy, but also significantly affects zero-
shot language understanding capabilities as mea-
sured by LAMBADA and BLiMP. For zero-shot
capabilities, masking strategy and masking rate
becomes considerably more important, with a dif-
ference of 5.73% between the highest and lowest
BLiMP accuracy. The impact of the masking strat-
egy is also shown by the evaluation with LAM-
BADA, where there is a significant difference in
the perplexity scores.

The different performance of masking strategies



across tasks stems from their distinct learning ob-
jectives during pretraining. The structured nature
of span masking helps models develop represen-
tations that transfer well to downstream classifi-
cation tasks like sentiment analysis, where under-
standing multi-token expressions and phrases is cru-
cial. Conversely, random token masking creates di-
verse prediction contexts that better support flexible
contextual reasoning required for tasks like LAM-
BADA, where models must integrate information
across long sequences to predict final words. The
scattered nature of random masking helps develop
broader contextual awareness and semantic reason-
ing capabilities that are essential for discourse-level
understanding, explaining its superior performance
on tasks requiring long-range dependencies and
distributed semantic cues.

Our results indicate that there is no single opti-
mal combination of masking strategy and masking
rate. Rather, selecting these parameters should be
task dependent, as appropriate combinations can
outperform the conventional baseline of span mask-
ing with a masking rate of 15%.

6.2 Potential Improvements

While our study provides insights into how mask-
ing rate and masking strategy affect the perfor-
mance of tiny language models, several directions
remain unexplored that could enhance the validity
and performance of future experiments.

First, our models are trained with fixed mask-
ing rates throughout pretraining. However, prior
work such as from Liao et al. (2020), referenced by
Wettig et al. (2023) has explored dynamic masking
schedules, where the masking probability changes
during training. Such adaptive strategies can help
stabilize learning in the early stages and introduce a
greater challenge later, potentially improving gen-
eralization. This may be particularly beneficial
for small models, where overfitting or insufficient
learning signal can limit performance.

Second, although we evaluated both random
masking and span-based masking, our experiments
did not incorporate more advanced strategies such
as entity-level masking or whole-word masking,
as discussed by Wettig et al. (2023). Investigating
these methods, particularly in combination with
higher masking rates, could yield further gains in
linguistic generalization.
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7 Conclusion

In this study, we investigated the impact of masking
rates and strategies on tiny language models trained
under resource constraints. Our findings reveal sev-
eral key insights. Firstly, we observe that masking
rate optimization yields significant improvements
for fine-tuning tasks, with span masking displaying
up to 6. 42% variation in accuracy and random
token masking showing 2.07% variation, indicat-
ing that both masking strategy and rate selection
substantially impact downstream task performance.

Additionally, we find substantial differences in
zero-shot linguistic capabilities as measured by
BLiMP (up to 5.73% variation) and LAMBADA,
indicating that these choices significantly impact
how models acquire general linguistic knowledge
during pretraining.

The conventional 15% masking rate proved
optimal for random token masking on BLiMP
(58.35%), while span masking performed best at a
higher 40% rate (58.23%). For LAMBADA, ran-
dom token masking consistently outperformed span
masking, with optimal performance at 30% for ac-
curacy (1.94%) and 50% for perplexity (616.39).
These findings challenge the universal application
of the standard 15% masking rate for tiny language
models and demonstrate that masking strategy se-
lection should be driven by the intended applica-
tion.

Our analysis of performance across linguistic
phenomena revealed that span masking excels in
syntactically structured categories like control and
raising constructions, filler-gap dependencies, and
argument structure. Conversely, random masking
proves more effective for semantic abstraction and
contextual variability, particularly in categories in-
volving quantifiers and negative-polarity item li-
censing. Similarly, for fine-tuning tasks, span mask-
ing achieves higher peak performance but requires
rate optimization (6.42% variation), while random
token masking offers consistent results across rates
(2.07% variation). This suggests that optimal mask-
ing configuration depends not only on model size
and computational budget, but also on the specific
linguistic capabilities required by the target appli-
cation.

Our study demonstrates that higher masking can
yield better results, with different optimal rates and
strategy depending on the task. These findings con-
tribute to the research on efficient language model
training and highlight the importance of consider-



ing task-specific requirements when selecting pre-
training configurations.

8 Code
Our code and additional BLiMP results
are available in our GitHub Repository:

github.uio.no/hjo/IN5550-ExamProject.

References

BNC Consortium. 2007. British national corpus. http:
//www.natcorp.ox.ac.uk/. Oxford Text Archive
Core Collection.

Lucas Charpentier. 2025. Pretraining  of
language models under time  constraint.
https://www.uio.no/studier/emner/matnat/
ifi/IN5550/v25/final-exam/. IN5550 Home
Exam Track Description, University of Oslo.
Accessed May 02, 2025.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. arXiv preprint arXiv:1810.04805.

Martin Gerlach and Francesc Font-Clos. 2020. A stan-
dardized project gutenberg corpus for statistical anal-
ysis of natural language and quantitative linguistics.
Entropy, 22(1):126.

John J. Godfrey, Edward C. Holliman, and Jane Mc-
Daniel. 1992. Switchboard: Telephone speech cor-
pus for research and development. In Proceedings of
the 1992 IEEE International Conference on Acous-
tics, Speech and Signal Processing - Volume I, pages
517-520. IEEE.

Dan Hendrycks and Kevin Gimpel. 2023. Gaussian er-
ror linear units (gelus). Preprint, arXiv:1606.08415.

Michael Y. Hu, Aaron Mueller, Candace Ross, Ad-
ina Williams, Tal Linzen, Chengxu Zhuang, Ryan
Cotterell, Leshem Choshen, Alex Warstadt, and
Ethan Gotlieb Wilcox. 2024. Findings of the sec-
ond babylm challenge: Sample-efficient pretraining
on developmentally plausible corpora. arXiv preprint
arXiv:2412.05149.

Zhiheng Huang, Davis Liang, Peng Xu, and Bing
Xiang. 2020. Improve transformer models with
better relative position embeddings.  Preprint,
arXiv:2009.13658.

Mandar Joshi, Danqgi Chen, Yinhan Liu, Daniel S. Weld,
Luke Zettlemoyer, and Omer Levy. 2020. Spanbert:
Improving pre-training by representing and predict-
ing spans. Preprint, arXiv:1907.10529.

Yi Liao, Xin Jiang, and Qun Liu. 2020. Probabilistically
masked language model capable of autoregressive
generation in arbitrary word order. arXiv preprint
arXiv:2004.11579.

76

Pierre Lison and Jorg Tiedemann. 2016. Opensub-
titles2016: Extracting large parallel corpora from
movie and tv subtitles. In Proceedings of the Tenth
International Conference on Language Resources
and Evaluation (LREC’16), pages 923-929, Portoroz,
Slovenia. European Language Resources Association
(ELRA).

Ilya Loshchilov and Frank Hutter. 2017. Sgdr: Stochas-
tic gradient descent with warm restarts. Preprint,
arXiv:1608.03983.

Ilya Loshchilov and Frank Hutter. 2019. De-
coupled weight decay regularization.  Preprint,
arXiv:1711.05101.

Brian MacWhinney. 2000. The childes project. Compu-
tational Linguistics, 26(4):657-657.

Denis Paperno, German Kruszewski, Angeliki Lazari-
dou, Quan Ngoc Pham, Raffaella Bernardi, Sandro
Pezzelle, Marco Baroni, Gemma Boleda, and Raquel
Fernandez. 2016. The lambada dataset: Word predic-
tion requiring a broad discourse context. In Proceed-
ings of the 54th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 1525-1534. Association for Computational
Linguistics.

Muhammad Reza Qorib, Geonsik Moon, and Hwee Tou
Ng. 2024. Are decoder-only language models better
than encoder-only language models in understanding
word meaning? In Findings of the Association for
Computational Linguistics: ACL 2024, pages 16339—
16347. Association for Computational Linguistics.

Richard Socher, Alex Perelygin, Jean Wu, Jason
Chuang, Christopher D. Manning, Andrew Ng, and
Christopher Potts. 2013. Recursive deep models for
semantic compositionality over a sentiment treebank.
In Proceedings of the 2013 Conference on Empiri-
cal Methods in Natural Language Processing, pages
1631-1642, Seattle, Washington, USA. Association
for Computational Linguistics.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, L. ukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems, volume 30. Curran Associates, Inc.

Alex Warstadt, Aaron Mueller, Leshem Choshen, Ethan
Wilcox, Chengxu Zhuang, Juan Ciro, Rafael Mos-
quera, Bhargavi Paranjabe, Adina Williams, Tal
Linzen, and Ryan Cotterell. 2023. Findings of the
BabyLM challenge: Sample-efficient pretraining on
developmentally plausible corpora. In Proceedings
of the BabyLM Challenge at the 27th Conference on
Computational Natural Language Learning, pages
1-34, Singapore. Association for Computational Lin-
guistics.

Alex Warstadt, Alicia Parrish, Haokun Liu, Anhad Mo-
hananey, Wei Peng, Sheng-Fu Wang, and Samuel R.
Bowman. 2020. Blimp: The benchmark of linguistic
minimal pairs for english. Transactions of the Asso-
ciation for Computational Linguistics, 8:377-392.



Alexander Wettig, Tianyu Gao, Zexuan Zhong, and
Dangi Chen. 2023. Should you mask 15% in masked
language modeling? Preprint, arXiv:2202.08005.

77



4 Preference prediction and explanation track

78



Predicting Human Preferences using a Multi-head BERT Classifier
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Abstract

This document presents our approach and find-
ings for the "Preference Prediction and Expla-
nation" shared task from the 2025 ELOQUENT
lab, which centers on automatically judging
the quality of LLM-generated texts across five
criteria: relevance, naturalness, truthfulness,
safety, and overall quality. We experiment
with two main modeling strategies: a small
classifier model trained on the ULTRAFEED-
BACK dataset using a multi-headed BERT archi-
tecture, and a Direct Preference Optimization
(DPO) model fine-tuned on the TULU 3 SFT
dataset with LoRA. Our results show that the
classifier performs the best, while the DPO-
based model yields marginal improvements
over the baseline counterpart for select crite-
ria. We discuss the limitations of training data
alignment and label imbalance, and highlight
the importance of dataset selection for general-
ization in preference prediction tasks.

1 Introduction

A long-standing problem within natural language
processing (NLP) has been the high cost of anno-
tating data. To combat this, recent research looks
to LLM-as-a-judge-approaches, where a large lan-
guage model (LLM) does the annotation, in at-
tempts to automate such annotation procedures in
a cheaper way. This is the theme of the 2025 ELO-
QUENT lab shared task on evaluating quality of
generative language models'. The task seeks to
explore the capabilities of NLP systems to predict
human preferences between two texts. These two
texts are the responses of generative LLMs, which
have been given the same prompt. The judge sys-
tem, which is the one predicting preferences, is
then tasked with labeling one preference for each
of the following five criteria:

"https://eloquent-lab.github.io/
task-preference-prediction/

Hakon Liltved Hyrve
University of Oslo
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* Relevance: Which response better follows the
prompt and completes the user’s request?

* Naturalness: Which response is more human-
like?

* Truthfulness: Which response is more truthful?
 Safety: Which response is less harmful?

* Overall quality: Which response is the best?

The shared task is further divided into two sub-
tasks, (1) Preference prediction: Predict human
preferences between two LLM responses with re-
spect to the given criteria, and (2) Preference pre-
diction & explanation generation: Make the same
prediction between two LLM responses with re-
spect to the criteria and give an explanation for the
preference predictions of the system.

In this paper, we will explore different solutions
for the first subtask. An example prompt and corre-
sponding responses and criteria preferences can be
seen in Figure 1. It should be noted that the shared
task uses accuracy as its overall scoring metric. As
such, we will use this metric for the current work
as well.

One of the primary challenges in this task is the
limited availability of task-specific training data,
which constrains the performance of models and
results in outcomes that closely resemble baseline
performance. To address this limitation, we in-
vestigate the use of alternative instruction-tuning
datasets to supplement training and improve gener-
alization.

Additionally, we explore two distinct modeling
approaches for preference prediction: (1) a Direct
Preference Optimization (DPO) strategy that learns
from pairwise comparisons, and (2) a classifier-
based approach that directly predicts human prefer-
ences based on response features.

Our codebase can be found in our repo®.

2https://github.uio.no/haakonhy/IN5550-exam



Prompt

Mick pays his teacher
$800 for 40 lessons
worth 2 hours each. If
this will be all he is going
to pay for his lessons,
how much did he
receive?

Response A

Mick received 40
lessons, each 2 hours
long, for his payment of
$800. Therefore, he
received a total of 40
lessons * 2 hours = 80
hours of lessons.

Response B

Mick paid $800 for 40 lessons,
which means he paid $800 / 40 =
$<<800/40=20>>20 per lesson.
\n\nSince each lesson is 2 hours
long, Mick paid $20 per lesson, so
he paid $20 * 2 = $<<20%2=40>>40
per hour of lessons.\n\nTherefore,

Preferences

Relevance: A
Naturalness: A

Truthfulness: Both good

Mick received 40 lessons worth 2
hours each, which is a total of 40 * 2
= <<40%2=80>>80 hours of
lessons.\n\nSo, Mick received 80
hours of lessons for the $800 he
paid.

|

Safety: Both good

Overall quality: A

Figure 1: An example prompt and response pair from the shared task development dataset, with the attached

preference annotation for each criterion.

2 Related work

Reinforcement learning with human feedback
(RLHEF) is used to align language models with hu-
man preferences, and has had an improving effect
on chat models such as ChatGPT (Lambert et al.,
2024). Prior research on evaluation of predictions
made by generative language models indicates that
there is a discrepancy in usefulness between the
human preference of chatbot outputs and the crite-
ria used by LL.M-as-a-judge benchmarks. Zheng
et al. (2023) conclude that strong LLMs like GPT-
4 can achieve an agreement rate of over 80% on
human preferences, suggesting that there is a basis
for using LL.Ms for evaluation.

In their paper, Lambert et al. (2024) present the
RewardBench dataset, which covers the criteria of
chat, reasoning, and safety. This is used to bench-
mark the performance of reward models. The study
shows a difference in performance across current
reward models. They cover models of different
sizes, from 400 million to 70 billion parameters,
and models trained as classifiers or with Direct
Preference Optimization (DPO).

Another recent contribution to the field of LLMs-
as-a-judge is the ULTRAFEEDBACK dataset (Cui
et al., 2024). This is a large-scale, diversified Al
feedback dataset which consists of generated com-
pletions to prompts and scores annotated automat-
ically by a GPT-4 model. Cui et al. focus on
scalability and diversity when it comes to human
preference alignment in both instructions to and
responses from language models. One of their find-
ings is that the agreement score is higher between
the majority preference of the human annotators
and the GPT-4 annotator than with any single anno-
tator and GPT-4. They explain this as the GPT-4 an-
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notator generalizing well over human preferences
with its preference predictions.

3 Dataset

In this section, we outline the datasets relevant to
the task and our experiments. Since there are lim-
ited task-specific training data, we opted to use
two instruction-tuning datasets, namely ULTRA-
FEEBACK and TULU 3 SFT, alongside the task
validation set.

3.1 Task validation and test set

A human-annotated dataset has been made by the
organizers of the ELOQUENT CLEEF shared task
of preference prediction and explanation (Karlgren
et al., 2025). This dataset consists of 1,347 prompts
which have been answered by two generative lan-
guage models, system A and system B. The answer-
pairs to each prompt has in turn been evaluated by a
human annotator, who has labeled which response
they prefer with respect to the criteria: relevance,
naturalness, truthfulness, safety, and overall quality.
If both responses are deemed good or both bad, the
annotator can also label them as such, giving us a
total of four possibilities for each criterion.

Mean Std Min Max
Instruction 25 17 5 77
Output A 325 164 9 793
Output B 349 170 24 872

Table 1: An overview of the mean number of tokens
in the instructions and outputs A and B of the develop-
ment split. The standard deviation (Std) is also reported,
alongside the shortest (Min) and longest (Max) exam-
ples found.



The dataset is partitioned into a development
split and a test split, with 99 and 1,248 items respec-
tively. The mean number of tokens in the prompts
and outputs of the development split can be seen in
Table 1. There appears to be no significant differ-
ence in length between output A and output B.

Furthermore, an overview of the label distribu-
tion is presented in Table 2. We notice that the
distribution of labels is rather skewed within each
criterion, with one label being selected in at least
50% of the instances. For those labeled ‘both good’,
this might correlate well with the data domain in
general, indicating that most LLM outputs are both
safe and truthful. The disparity between the ‘A’ and
‘B’ labels should however just be due to randomness
in ordering the responses.

The gold labels of the test data are withheld until
the shared task is completed and are as such not
presented.

A B Both  Neither
Relevance 212% 91% 677%  2.0%
Naturalness 51.5% 21.2% 202% 7.1%
Truthfulness 6.1% 6.1% 859% 2.0%
Safety 1.0% 2.0% 97.0% 0.0%
Overall 56.6% 263% 13.1% 4.0%

Table 2: Preference overview of the development split
for the five metrics used. The majority label is indicated
with bold typing.

3.2 ULTRAFEEDBACK

We trained our classifier using the ULTRAFEED-
BACK dataset from OpenBMB (Cui et al., 2023).
This large-scale dataset contains almost 64,000 in-
structions with 4 responses each. Each of these
responses have in turn been assessed on 4 quality
criteria, totaling over 1 million labels. This feed-
back was automatically given by a GPT-4 model.

The fields for each completion are defined by as
such:

¢ Instruction following: LLMs should respond
to humans without deviating from the require-
ments.

* Helpfulness: LLMs should provide useful and
correct answers to address the given problems.

* Truthfulness: LLMs’ output should be
grounded in the instructions and real-world
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knowledge, and avoid introducing any self-
contradiction.

* Honesty: LLMs should know what they (don’t)
know and express uncertainty towards the given
problem.

In addition, the dataset has a separate Overall
quality field, which scores the overall quality of the
completion. Every field for each completion has
been automatically annotated by a GPT-4 model.
The dataset is as such to a large degree a synthetic
dataset, both in text generation and annotation.

Contrary to the task dataset, these completions
are numerically scored and considered one at a time.
To adapt these data to a usable training set, we had
to convert it to the format of the task validation set.
This was done by making pairs of completions for
each prompt. We then extracted the corresponding
scores for the completions. These were compared
with their pair counterpart to establish if one should
be favored over the other (i.e., be labeled A or B)
or if they were both good or both bad (Both or
Neither).

As the two datasets did not contain the same
fields, we experimented with which annotations
from the ULTRAFEEDBACK dataset to use as prox-
ies for the preference categories in the task set.
We found that the Truthfulness field, which both
datasets had, worked well as a proxy. As such, we
used the ULTRAFEEDBACK scores for this field in-
terchangeably with our target categories. Although
ULTRAFEEDBACK also had an Overall field for
their completions, we found that combining and
averaging this with the Helpfulness field improved
results. For the remaining categories, the choice
was not as clear. We did some testing to deter-
mine which fields to use for our target categories,
both with single stand-in fields and combinations
of multiple fields. We concede that this testing was
not extensive and that we mostly did this by intu-
ition, ultimately choosing to use the average score
of Instruction following and Helpfulness for the
Relevance metric and Honesty for the Safety field.
We found no good proxy for Naturalness and as
such labeled every completion as A being better.

Table 3 shows the final distributions of prefer-
ences in our converted dataset. We notice that the
majority classes are consistent with the validation
set, but the percentage distribution of labels dif-
fer. We believe that this may indicate that we have
constructed a promising training set.



A B Both  Neither
Relevance 307% 319% 320% 5.3%
Naturalness  100.0% 0.0% 0.0% 0.0%
Truthfulness 27.1% 232% 451% 4.7%
Safety 23.0% 222% 50.5%  4.4%
Overall 443% 30.1% 139% 11.7%

Table 3: Preference overview of the ULTRAFEEDBACK
dataset after we converted it to fit the task categories.

3.3 Tulu3SFT

We fine-tuned our decoder model using the TULU 3
SFT dataset® from Ai2 (Lambert et al., 2025). This
is a large-scale instruction-tuning dataset consisting
of more than 900,000 examples, sourced from dif-
ferent sources such as NoRobots* and CoCoNot’.
This dataset is designed to improve the model’s
ability to follow instructions and provides prompts
varied in complexity and form. The dataset con-
tains the fields Prompt, Chosen and Rejected,
which specify which of two completions to the
prompt were ruled as preferable. Both responses to
each prompt have been generated using a variety of
models such as the GPT-4 and the instruct versions
of Gemma, Llama, and Mistral. The preferred re-
sponse was selected using an LLM-judge.

4 Methodology & Experiments

4.1 Baseline

The task description proposes a baseline solution
where the 8 billion parameter instruction-tuned
model from Meta’s Llama 3 herd (Grattafiori et al.,
2024) is prompted for its evaluation. The results
of our run of this baseline model can be found in
Table 4, where we also report the expected score
if we only use the majority preference label for
each category. We include the majority label scores
based on the assumption that the validation data
give a representative look of the test data, but we
acknowledge that this might not be the case, espe-
cially for the columns A and B, as the placement
of each completion is randomized.

As we can see from the results in Table 4, for two
of the categories, the generative approach performs

3https://hf.co/datasets/allenai/
tulu-3-sft-mixture

4https://hf.co/datasets/HuggingFaceH4/no_
robots

5https://hf.co/datasets/allenai/coconot

6https://hf.co/meta—llama/Llama—3.
1-8B-Instruct
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Baseline Random
Relevance 26.26 % 25.0%
Naturalness 35.35%  25.0%
Truthfulness  9.09% 25.0%
Safety 9.08% 25.0%
Overall 52.53% 25.0%

Table 4: Scores for the baseline script using meta-
llama/Meta-Llama-3.1-8B-Instruct® (Baseline) and ex-
pected results for random guessing of labels (Random).

worse compared to randomly guessing a label. In-
terestingly, when we compare these scores with
the label distributions shown in Table 2, it seems
that the baseline struggles more with the categories
where the majority label is ‘both good’. This might
indicate that the model feels compelled to answer
either ‘A’ or ‘B’. Both the Truthfulness category
and the Safety category are strongly skewed to-
wards the ‘both good’ label, and these categories
have the worst baseline scores.

4.2 Direct Preference Optimization

We also tried an approach using Direct Preference
Optimization (DPO) (Rafailov et al., 2024). In this
method, the model is presented with a prompt and
two output responses, one of them being preferred
by a human annotator. The model is then trained to
align with the human preference. Unlike our task at
hand, the outputs are not chosen on the basis of any
specific criteria. However, we hypothesized that by
aligning the model to general human preference, it
may indirectly improve at predicting for individual
criteria as well.

For this task, we used the Tulu 3 SFT dataset.
We fine-tuned the Llama-3.1-8B-Instruct model,
which is the same model used in the baseline. Due
to the size of the model and limited resources, we
opted to use Low-Rank Adaptation (LoRA) (Hu
et al., 2021). We fine-tuned the model twice, first
using a batch size of 4, and subsequently increasing
itto 32.

With the fine-tuned models, the predictions were
generated using the same code as the baseline ap-
proach, which we adapted from the ELOQUENT
lab GitHub repository’. Similarly, the adapted eval-
uation script was used to assess the performance of
the models.

"https://github.com/eloquent-lab/eloquent-1lab



4.3 Classifier

We also implemented a classifier approach. We
based this classifier on the uncased, base BERT
model® (Devlin et al., 2019) for inference. As we
had five categories with four possible labels, we
made a multi-headed, multi-class classifier, where
each head would be responsible for one of the five
categories. We used linear layers for these five.

The training of this model consisted of passing
each training pair through the BERT model, be-
fore getting the [CLS] token to calculate the loss
for each head, which in turn updates its weights.
The training data for this approach was the ULTRA-
FEEDBACK data, which was converted to the task
format as laid out in 3.2.

5 Results and discussion

In this section, we present the results for both the
DPO-finetuned model and the classifier. The ac-
curacy scores for these are presented in Table 5
alongside the previously discussed baseline scores.

Baseline DPO Classifier
Relevance 26.26% 22.22%  58.59%
Naturalness  35.35% 39.39% 51.52%
Truthfulness 9.09% 16.16% 82.83%
Safety 8.08% 7.07%  95.96 %
Overall 52.53% 53.54% 57.58%

Table 5: Scores for the DPO-model and classifier, com-
pared to the baseline evaluation.

5.1 Direct Preference Optimization

The results of the DPO fine-tuning are presented
in Table 6. Evidently, the approach was not very
effective in predicting human preference. For the
smaller batch size of 4, the Naturalness score was
identical to the baseline approach, while all other
criteria saw a slight decline. The model trained
with the larger batch size of 32 performed slightly
better with Naturalness and Truthfulness scores
exceeding that of the baseline, although Relevance
remained lower.

None of the scores obtained diverged signifi-
cantly from the baseline. It is conceivable that the
slight differences between the three models may be
merely a result of randomness. As such, the slightly
increased Naturalness and Truthfulness scores of

8https://huggingface.co/google—bert/
bert-base-uncased
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the latter model cannot be confidently attributed to
the effectiveness of this approach.

Batch Size 4 32

Relevance 22.22% 22.22%
Naturalness 35.35% 39.39%
Truthfulness 6.06% 16.16%
Safety 7.07%  7.07%
Overall 51.52% 53.54%

Table 6: Fine-tuning using DPO with different batch
sizes.

The reason for the unsuccessfulness of our at-
tempt is unclear, wether it is (1) that the method
is ill-suited, (2) inadequate training, or (3) that our
hypothesis that general fine-tuning will impact in-
dividual criteria does not hold true. We believe it
to be one or both of the two latter.

In order to further explore this method, one could
try to use different models, possibly one of smaller
size, and fine-tune the whole model without using
LoRA. A more extensive parameter tuning could
also be conducted as our experimentation has been
limited.

5.2 Classifier

The results from the classifier ended up being the
best for all categories. The scores reported in Table
5 are the results of both trying to use the training
data in different ways, as discussed in 3.1, and
doing some hyper-parameter tuning, the results of
which can be found in Table 7. As we see from
these results, both the Naturalness and the Safety
scores did not change, even as we changed the
hyper-parameters. For Naturalness, this was as
expected, as we labeled all training data as A, as
seen in Table 3. For the Safety score, we were
more surprised, as the training data was distributed
between all labels.

Weight decay 0.01 0.01 005 0.05
Max grad norm 0.5 1.0 0.5 1.0

Relevance 58.59 60.61 51.52 59.60
Naturalness 51.52 51.52 51.52 51.52
Truthfulness 83.84 81.82 82.83 81.82
Safety 95.96 95.96 95.96 95.96
Overall 57.58 52.53 48.48 52.53

Table 7: Hyperparameter tuning of the classifier (scores
shown in %).



We were concerned that the relatively high per-
formance of the classifier was indicating overfitting,
as many of the classifier’s scores were close to the
majority label share from Table 2. A closer exam-
ination of the predictions revealed that 61 out of
99 response pairs were labeled with ‘both good’
for all fields, except for Naturalness, which was
always predicted as ‘A’. Further inspection of the
predictions which had other labels revealed no clear
favoritism of longer responses. Out of 36 ‘A’ label
predictions, 23 of them were from pairs where re-
sponse A was shorter than response B. However,
out of 28 ‘B’ label predictions, none were from
B responses shorter than its A counterpart. We
theorize these results are due to our model’s short
context length, which we discuss further in sec-
tion 6.5. Still, the fact that the classifier would
occasionally assign labels other than the majority
class proves that the model was not a mode predic-
tor. Nonetheless, we believe that overfitting may
still have played a role in the results. We will also
explore this issue further in the following section.

6 Limitations and future work

We experimented with several approaches, but were
mostly unsuccessful in these endeavors. These fail-
ures can broadly be attributed to one or a combina-
tion of the following pitfalls:

6.1 Lack of data

Although both datasets used for training contain
substantial amounts of preference evaluations, nei-
ther were based on the same criteria as our cur-
rent task. The ULTRAFEEDBACK dataset included
some common ones, but not all. Consequently, for
the classification task, we had to approximate the
missing criteria or set the scores to a default value
for all samples.

Moreover, the validation set for the task is rela-
tively small, only including 99 data samples. Due
to this, the scores obtained on these data should be
interpreted tentatively.

We believe that our results using ULTRAFEED-
BACK show that there is potential in repurposing
the data to new tasks. For example, to mitigate the
lack of negative examples in the Safety part of the
training data, we theorized using the CrowS-Pairs
dataset® which consists of response pairs that are
labeled more or less harmful. Another idea was to
use the aforementioned NoRobots dataset, which

*https://github.com/nyu-mll/crows-pairs/
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could be seen as gold standard responses, due to it
being human-made and of high quality.

6.2 Out-of-domain generalization

Due to the models represented in the ULTRAFEED-
BACK and TULU 3 SFT datasets might not be the
same as in the development data, there might be
an out-of-domain generalization effect. This might
have introduced a domain shift and potentially de-
creased our system’s performance.

6.3 Model choice

Our experiments with the BERT-based classifier
and DPO-based system were executed using only
one model. The BERT model has 110 million pa-
rameters, a notably small model. By using other,
larger models for our experiments, we could expect
better results.

6.4 Overfitting

As previously mentioned, the official shared task
uses accuracy as its main measurement. This led us
to focus mainly on this when developing our mod-
els, but we often saw that they converged towards
the majority label scores, implying that the model
was overfitted to our validation data. Although
we implemented measures to avoid this, such as
a dropout layer in the classifier, it was difficult to
be sure whether our models generalized well. This
is again linked to the lack of testing data, as the
validation set seemed too small to further split into
a validation set and a test set.

6.5 Context length

During most of the development phase of the clas-
sifier, we worked with the uncased BERT model.
As this yielded results, we did not consider any
other models until we realized that this model is
limited to a context length of 512 tokens. As we
were feeding the model texts consisting of both
the prompt and the two completions, we realized
that this context length in many cases would be too
short to attend to both completions, as an average
input would consist of about 699 tokens, as per
Table 1. This means that the input in many cases
was truncated, and we suspect that this has led to
answer A being favored as preference.

As we eventually realized this, we attempted
other models as well. The choice of context length
is, however, also a choice of inference time. We
got a functioning classifier using the Longformer



model (Beltagy et al., 2020), which supports doc-
ument lengths of up to 4,096 tokens. However, at
this point, this solution was too slow, considering
the time available to us. We also attempted truncat-
ing answers A and B equally, but this did not yield
any significant improvements to our accuracy.

7 Summary

This paper has presented our work aimed to train
a model to predict human preference of machine-
generated text. We have attempted both using an
encoder model to train multiple classification heads,
and a decoder model fine-tuned using Direct Prefer-
ence Optimization. Only the first method achieved
results that significantly exceeded the baseline eval-
uation. However, as our scores closely resemble
those of simply predicting the majority label, it
remains unclear whether it has been appropriately
trained. We have laid out a suite of possible expla-
nations for this and further work which we would
pursue given the time. We conclude that more ex-
tensive test data is required to sufficiently assess
performance.
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A Test split results

Development Test
Relevance 58.59% 51.20%
Naturalness 51.52% 31.09%
Truthfulness 82.83% 81.41%
Safety 95.96% 90.95%
Overall 57.58% 24.68%

Table 8: Scores from the development and test split
from the shared task.

After the initial deadline for the WNNLP-2025
papers, the ELOQUENT lab shared task was con-
cluded. As such, we were able to test our system
against the test split. The results of this can be seen
in Table 8.

As we see, the scores on the test split are lower,
but all in all the system seems to perform quite
consistently between the two splits, with two ex-
ceptions — Naturalness and Overall — which are
both down by 20%.

For Naturalness, this was expected, as the devel-
opment score was surprisingly high. As we found
no good proxy for this field in our training data,
all training pairs was labeled as A. With random
guessing we would assume a score of 25%, but
as Naturalness labeled A happened to consist of a
large proportion of the development split pairs, this
score was somewhat artificially inflated. In the test
data, we see that this label does not compose such
a large proportion and as such is closer to the 25%
we expected to see.

The drop in the Overall score was however
slightly surprising. To further assess this discrep-
ancy, we may have to insect the differences be-
tween the development and test data further.



5 Unlearning sensitive content from LLMs track
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Abstract

With the ever-increasing application and avail-
ability of large language models (LLMs), more
focus is being put on a safe deployment. This
includes ensuring that LLMs will not generate
sensitive or private information learned from
their training data. The SemEval-2025 Task
4 was concerned with exactly this area. The
present work builds on approaches of partic-
ipants and extends existing work leveraging
sequential data sampling, negative preference
optimization (NPO), and the Rényi divergence.
The resulting 1B and 7B models outperform
the previously leading systems.

1 Introduction

Large language models (LLMs) have achieved vast
performance gains in recent years, strongly con-
nected to the introduction of the Transformer archi-
tecture (Vaswani et al., 2017). Since then, LLMs
have been widely adopted by the industry to form
part in many applications and, in 2022, have also
been made available to the broad public through
ChatGPT! enabling laypeople to easily interact
with and prompt an LLM (OpenAl, 2022). How-
ever, LLMs are marked by a wide range of chal-
lenges including environmental costs or social and
technological biases (Bender et al., 2021). Another
important challenge lies in the potential leakage
of private or sensitive output originating from the
training data (Carlini et al., 2021). With the ever-
increasing scale of models, more and more training
data is needed to meaningfully train a model’s high
number of parameters. This training data nowa-
days commonly consists of the internet. However,
not all data the model was trained on to produce
human-like language, should be reproduced by the
model through its outputs, e.g., private personal
information found on the internet.

"https://chatgpt.com/, last accessed 14.05.2025.
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For this reason, Ramakrishna et al. (2025) an-
nounced the shared task SemEval-2025 Task 4 in
2024 concerned with unlearning sensitive content
from LLMs. As part of this shared task, participants
are given two different datasets: forget data that the
model is supposed to unlearn and retain data that
the model is explicitly supposed to uphold its per-
formance on after unlearning. The task officially
came to an end with the announcement of the win-
ners of the leaderboard in February 2025 and will
be published as part of ACL 2025.% The present
work builds on this shared task and the submitted al-
gorithms by the participants. Particularly, this study
combines the sequential data sampling approach
by Premptis et al. (2025) scoring first on the leader-
board and the implementation of the NPO loss term
on the forget sample by Bronec and Helcl (2025)
scoring third on the leaderboard of the 1B model.
Additionally, this study experiments with the fur-
ther introduction of the Rényi divergence replacing
the Kullback-Leibler divergence in the algorithm of
Bronec and Helcl (2025) using parameter-efficient
finetuning. In the following, the task will be de-
scribed in more detail before presenting the con-
structed algorithm. The best implemented system
efficiently implements NPO through the use of low-
rank adaptation (LoRA) combined with sequential
data sampling and a deactivated Rényi divergence
and surpasses the previously leading system by
Premptis et al. (2025). The code is available on
GitHub? and the best model can be downloaded
from HuggingFace.*

Zhttps://1lmunlearningsemeval2025.github.io/,
last accessed 14.05.2025.

3ht’cps: //github.com/HhhannahhhCl/
unlearninglLLMs

4https: //huggingface.co/hannacla/unlearned_
OLMo-7B



2 Task Description

The shared task SemEval-2025: Task 4 - Unlearn-
ing sensitive content from Large Language Mod-
els by Ramakrishna et al. (2025) comes with two
datasets, a forget and a retain set each split into
three tasks. To assess, the forget and retain qualities
of the finetuned models, they define two subtasks
concerned with the completion of seen documents
in the form of prompts and question-answering
prompts aiming to retrieve a concise response mea-
sured by a regurgitation rate and a knowledge score
respectively. The evaluation of the model is based
on a Task Aggregate score, MIA score, and the ac-
curacy score on the MMLU benchmark (Hendrycks
et al., 2021). All experiments were conducted on
the Fox HPC cluster leveraging NVIDIA A100
80GB GPUs.

2.1 Models

The shared task targets two open decoder-only mod-
els of different sizes of the OLMo series. Both the
1B and the 7B model® have been finetuned on
the dataset subject to this shared task. The 1B
model was mainly used for hyperparameter tuning,
whereas the best four settings were applied to the
7B model after.

2.2 Dataset

The dataset is divided into two subsets. The forget
set contains information the model is supposed to
unlearn, whereas the retain set represents the oppo-
site containing data, the model is supposed to mem-
orize. These two subsets are further divided into
three tasks. Task 1 contains longer synthetic sto-
ries generated by Mixtral 8x7B (Jiang et al., 2024).
Task 2 contains short synthetic biographies of ran-
domly created personas. Lastly, Task 3 consists of
short real biographies taken from Wikipedia. The
original SemEval-2025 Task 4 provided a training
and validation set and evaluated the best algorithm
on a private test set, which continues to be unpub-
lished. Hence, the final evaluation is carried out on
the validation set and, therefore, not fully compara-

5/fp/projects®1/ec403/IN5550/exam/unlearning/
semeval25-unlearning-1B-model;
https://huggingface.co/
llmunlearningsemeval2@25organization/
olmo-1B-model-semeval25-unlearning

6/fp/projectsm/ec4®3/IN5550/exam/unlearning/
semeval25-unlearning-7B-model;
https://huggingface.co/
llmunlearningsemeval2@25organization/
olmo-finetuned-semeval25-unlearning

Dataset Retain Set Forget Set
Train 1136 1112
Validation 278 254

Table 1: Number of examples per subset in the data.

ble to the results on the leaderboard (Ramakrishna
et al., 2025). The data contains roughly the same
amount of forget and retain samples and the ratio
between them aligns in the training and validation
data (see Table 1). Further, the distribution between
the individual tasks align (see Figure 1). The only
minor difference lies in slightly more retain sam-
ples under Task 2 in the validation set, whereas
the forget samples marginally outnumber retain
samples in the same Task of the training set.

2.3 Evaluation

The finetuned models are evaluated on a number
of different metrics. The two subtasks of seen doc-
ument completion and question-answering are as-
sessed based on a regurgitation rate and a knowl-
edge score respectively. The former is based on the
ROUGE-L score of exact matches of n-grams be-
tween the seen document and the generated answer
to the completion prompt. The latter represents the
accuracy based on exact matches to the question-
answering prompts. These two metrics are applied
to all three subtasks in the two subsets leading to a
total of 12 scores. The Task Aggregate score (TAS)
represents the harmonic mean thereof. Note that in
the case of the forget subset, the scores are inverted
to penalize memory.

To supplement this score, the organizers use the
Membership Inference Attack success rate (MIA)
based on the MIA loss predicting whether a data
point was part of a model’s training data (Duan
etal.,2024). Whereas the loss ideally approximates
0.5, the MIA score is corrected to approximate 1
instead. Note that with the available MIA data, the
MIA score can only be meaningfully computed for
the training set but not for the validation set.

To assess the model utility outside of the de-
fined challenge, the finetuned models are further
tested on the MMLU benchmark consisting of mul-
tiple choice questions in 57 different fields span-
ning, i.a., STEM, humanities or the social sciences
(Hendrycks et al., 2021), resulting in the MMLU
accuracy.

The models are evaluated based on the final ag-
gregate score representing the arithmetic mean of
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TAS, MIA score, and MMLU accuracy if trained
and evaluated on the training set. The MIA score
is excluded from the final aggregate score if the
model was trained and evaluated on the validation
set. Additionally to this metric-based quantitative
evaluation, randomly sampled examples will be
used to qualitatively assess the behavior of the final
model.

2.4 Related Work of Participants in the
Shared Task

In total, 24 teams participated in the shared task
and made more than 100 submissions. Particularly
successful were different data sampling approaches
during training such as in the case of AILS-NTUA
(Premptis et al., 2025) or YNU, model merging
by ZJUK-LAB (Xu et al., 2025), as well as tar-
geted parameter tuning as done by Mr. Snuffleu-
pagus and SHA256 (Agrawal and Huang, 2025).
Commonly participants experimented with differ-
ent loss functions on the forget set such as gradi-
ent ascent (e.g., Premptis et al., 2025) or Negative
Preference Optimization (NPO, Zhang et al., 2024)
(e.g., Bronec and Helcl, 2025; Xu et al., 2025). The
best performing model was submitted by Premptis
et al. (2025) under the team name AILS-NTUA
implementing gradient difference (Liu et al., 2022)
together with sequential data sampling during train-
ing. Another notable approach lies in the system
submitted by the team Atyaephyra (Bronec and
Helcl, 2025). Due to a bug in their submission, they
did not achieve a satisfactory performance on the
7B model, however, managed to address the issue
for the evaluation on the 1B model ending up on the
third place of the leaderboard. Bronec and Helcl
(2025) formulate a loss function based on NPO,
cross entropy, and the Kullback-Leibler (KL) diver-
gence. Both teams utilize parameter-efficient fine-
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tuning in the form of low-rank adaptation (LoRA)
(Hu et al., 2021).

3 System Overview

The present system combines the two approaches
by Premptis et al. (2025) and Bronec and Helcl
(2025) and additionally experiments with a new
loss term. For this, the loss function consists of
three different components: NPO, cross entropy,
and Rényi divergence instead of KL divergence to
allow for more flexibility. The training procedure is
based on the sequential data sampling by Premptis
et al. (2025) implementing multiple trainers each
seeing different parts of the data. To efficiently fine-
tune the different LLMs, this algorithm leverages
LoRA.

3.1 Sequential Data Sampling

Whereas a model would usually get the entire train-
ing data in batches, sequential data sampling im-
plements multiple trainers that each get a ‘chunk’
of data. The number of chunks can be adjusted
(chunk_size). Using an additional hyperparam-
eter, the ratio between retain and forget samples
in each chunk can be set (positive_ratio). The
forget data is divided into the set number of chunks.
Each chunk will then be filled with the respective
number of retain data points according to the de-
fined ratio. The sampling of forget and retain sam-
ples itself preserves the order of the data points in
the original datasets. Since the retain set is at min-
imum used in 1:1 ratio to the forget set to ensure
that most of the data is used during training, the
sampling will start from the top of the retain data,
once the entire dataset has been used during the
sequential sampling.



3.2 Loss Function

Negative Preference Optimization Premptis et
al. (2025) use gradient ascent (GA) as negative
gradient descent to compute the loss on the for-
get set Drq. In contrast, Bronec and Helcl (2025)
make use of NPO, which comes with the impor-
tant advantage of more stability during training
supporting a more desirable model utility after un-
learning the LLM (Zhang et al., 2024). NPO can
be viewed as a special case of Direct Preference
Optimization (DPO) in the realm of reinforcement
learning (Rafailov et al., 2023). DPO utilizes pairs
of data points to teach a model the preferred op-
tion of the two often based on human preferences.
NPO uses the same method, however, only show-
ing negative examples teaching the model what not
to generate. The generated responses of a language
model 7y with the parameters 6 are compared to
the responses of the original model functioning as
the reference model .. s. The loss optimizes for-
getting in penalizing responses aligning with the
reference model. Herein, the positive hyperparame-
ter 3 steers the sharpness of the penalty with higher
values leading to stricter forgetting (Zhang et al.,
2024). Further, Zhang et al. (2024) show that the
NPO loss approximates a smoothened version of
the GA loss in the case of 5 — 0. The NPO loss
on the forget set is computed following equation 1:

)]
(1)

Cross Entropy Loss In line with both teams,
cross entropy is used to compute the loss over
the retain set Drr resulting in gradient descent
over the examples to memorize (Bronec and Helcl,
2025; Premptis et al., 2025). For the present pre-
diction case, this implies minimizing the negative
log-likelihood as in Equation 2:

mo(yl|r)

2
L 0;3) = —1
NPO( aﬂ) EDFG[ Og(1+(7r7"6f(y|x)

B

2)

Rényi Divergence As an additional term of the
loss function applied to the retain set, the system
utilizes the Rényi divergence with the special case
of the Kullback-Leibler (KL) divergence if o« — 1
(van Erven and Harremos, 2014). The KL diver-
gence can be seen as the distance between two prob-
ability distributions (Jurafsky and Martin, 2025). In
our case, these distributions refer to the predictions
of the unlearned model and the original model’s
output. By minimizing the KL divergence, we fur-
ther penalize the unlearned model in case of too

Lop(0) = —Epp, [log mo(y|z)]
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much deviation from the original model aiming
at preserving model utility despite unlearning (Ra-
makrishna et al., 2025). The KL divergence follows
Equation 3:

Lrr(0) = Eppy [K L(mo(-[)[[mres (7)) (3)

However, the KL divergence weighs both the
probability distribution of the predictions of the
unlearned model and the original model equally.
To allow for more flexibility in this process, the
present system extends the original KL divergence
to the Rényi divergence (van Erven and Harremos,
2014). Equation 4 introduces the Rényi divergence
as a loss term:

1
a—1

a_l-a
In(mgm, s

Lry (65 a) = Epp )] @

The Rényi divergence contains the additional
positive hyperparameter « steering which areas
of the distribution are especially emphasized in
computing the distance between them. In the case
of a < 1, the divergence puts greater weight on
outliers and special cases in the probability distri-
bution of the predictions of the unlearned model
mp where the probabilities of the original model
mref are large. Consequently, it penalizes a more
profound deviation from cases where the original
model was ‘certain’. The opposite is happening
when v > 1. More emphasis is put on highly prob-
able tokens following the unlearned model where
the probabilities of the original model are smaller
(Mondal, 2024). In other words, the former targets
areas where the unlearned model assigns low prob-
ability to tokens, the original model was certain
about, i.e., forgetting ‘correct’ tokens. The lat-
ter targets cases the original model was uncertain
about but the unlearned model assigns a high proba-
bility, i.e., generating potentially ‘incorrect’ tokens.
While the former, hence, targets over-forgetting,
the latter targets wrongfully generated content. The
KL divergence, approximated when o« — 1, treats
both distributions equally without putting emphasis
on specific areas thereof. Importantly, following
Equation 4, the divergence is undefined for oo = 1.
Hence, the present system employs the KL diver-
gence directly in this case giving roughly equal
weight to all areas of the distributions.

Final Loss The final loss sums the individual loss
terms weighted by the respective hyperparameters
v, 6, and € as shown in Equation 5, where £y po



is only applied to the forget set and Lo g as well as
L gy only to the retain set.

L(0; e, B,7,0,€) =

=vLnpo(0;B) +6LcE(0) + eLry (0;a) (5)

3.3 Low-Rank Adaptation

Low-rank adaptation (LoRA) is a method for
parameter-efficient finetuning of large models.
Since the models used in this task have approx-
imately 1 billion and 7 billion parameters, finetun-
ing can be very computationally expensive. LoORA
utilizes low-rank decomposition matrices represent-
ing the pretrained weight matrices in the model.
This way the number of trainable parameters can
be reduced by multiple magnitudes facilitating effi-
cient finetuning (Hu et al., 2021).

Additionally, implementing LoRA-based fine-
tuning has the advantage of keeping the original
model weights behind the LoRA adapter to be
trained. Considering the implemented system, the
reference model is needed for both Ly po and Lry .
While full finetuning or partial finetuning of some
layers would require us to work with two models,
the original one and the trainable one, LoRA being
only an adapter attached to the original model en-
ables us to run inference during training using the
original model weights by temporarily deactivating
the LoRA adapter (Bronec and Helcl, 2025).

While Bronec and Helcl (2025) focus only on
the attention mechanism, the present system uses
the same LoRA configuration as Premptis et al.
(2025) encompassing attention and feed forward
layers. Specifically, the LoORA adapter projects the
query (g_proj) and the value module (v_proj) as
well as the dense layers increasing (up_proj) and
decreasing dimensionality (down_proj). Based on
the experiments of Premptis et al. (2025), the ma-
trix decomposition in the LoRA adapter follows a
rank of 16 and uses a scaling factor aiy,za of 64.
In the case of the 1B model, the number of train-
able parameters was thereby reduced to 0.57% and
for the 7B model to 0.35% of the original number
of parameters.

4 Experiments

Before presenting the results of finetuning the dif-
ferent models on the implemented system, this sec-
tion provides a thorough overview of the chosen
hyperparameters. A number of hyperparameters
was held constant based on the results of Premptis
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et al. (2025) and Bronec and Helcl (2025). Note,
however, that the hyperparameter tuning is by no
means exhaustive and may be extended in future
work.

Training Arguments Premptis et al. (2025) iden-
tified a batch size of 8 to be the most efficient in
terms of the training outcome. Hence, a batch size
of 8 was used for the experiments run on the 1B
model, while a batch size of 4 was used for the 7B
model due to computing restrictions. Regarding
the number of epochs, they note that less than five
epochs result in only weak unlearning while a small
increase in the number of epochs to seven results in
over-unlearning (Premptis et al., 2025). Hence, the
most efficient number of epochs was identified to
be five. Initial experiments with smaller batches or
more epochs supported the findings of Premptis et
al. (2025) leading to these settings being held con-
stant in the following. Moreover, the authors state
that a learning rate of 1e-5 yielded the best results
(Premptis et al., 2025), while Bronec and Helcl
(2025) work with a learning rate of le-4. Initial
experimentation revealed better training outcomes
using the latter, which was used in all following
experiments.

Data Sampling For the sequential data sampling,
we need to define a chunk size as well as a posi-
tive ratio. Given the thorough experimentation of
Premptis et al. (2025), the best resulting settings
were implemented in the present system resulting
in a default number of chunks of 32 with a positive
ratio of 7. Consequently, the forget set was divided
into 32 different chunks. The models were then
trained on these chunks containing seven retain
examples per forget example. For initial experi-
ments on the 1B model with a lower batch size of
4, the positive ratio was adjusted to 3 leading to
three retain examples per forget examples in the
chunk. This, however, yielded worse results and
was, hence, not further investigated on.

The implemented system also enables the de-
activation of sequential sampling. In the case of
training on the entire training data using a positive
ratio of 7 led to instability in the loss. Consequently,
the positive ratio was set to 1 leading to a balance
between forget and retain samples when trained
without sequential data sampling.

Loss Hyperparameters The parameter S in the
NPO loss Ly po was held constant to a value of
0.5 following Bronec and Helcl (2025) for most



experiments. Additionally, some experiments were
run with a value of 1 enabling stricter forgetting.
The parameter « in the Rényi divergence Ly was
set to 0.5, 1, or 1.5 if the loss term was activated
via e. Note again, that « 1 directly uses the
KL divergence in Equation 3 instead as the Rényi
divergence is undefined but reaches its limit in the
KL divergence if @ — 1.

Lastly, the different terms in the final loss were
scaled differently. In line with the original study,
~ scaling Ly po was held constant to 1 (Bronec
and Helcl, 2025). This also goes in line with the
scaling of the respective loss term in the system
by Premptis et al. (2025). Regarding the loss over
the retain set, initial experimentation revealed that
activating both Lo and Ly led to a decline of
model utility in the case of sequential sampling and
under-unlearning in the case of training on the all
data in one trainer. Consequently, the loss terms
were scaled by 0.5 or 1 respectively, while the other
was deactivated.

5 Results

Table 2 provides the results of the experiments car-
ried out on the 7B parameter model on both training
and validation set based on the identified best per-
forming hyperparameters. These were determined
during prior experiments on the smaller 1B model
found in Appendix A out of which the best four
settings were applied to the 7B model. To com-
pare scores, Table 3 shows the best performing 1B
model. Note that contrary to the task leaderboard
(Ramakrishna et al., 2025), the final evaluation was
carried out using the validation set and not the test
set due to unavailability. The baseline MMLU ac-
curacy lies at 0.243 for the 1B model and at 0.494
for the 7B model.

Notably, the implemented system manages to
beat the best algorithms submitted to the shared
task for the 7B model. AILS-NTUA, as the best
team, achieved a final score of 0.706 with a Task
Aggregate score of 0.827 and an MMLU accuracy
of 0.443 (Premptis et al., 2025). Note that the final
score is inflated by a high MIA score that could
not be computed for this study and lies at 0.635 if
computed like in this study. The best performing
7B model based on the present system in Table 2
utilizes sequential data sampling with a chunk size
of 32 and a ratio of 7:1 retain to forget examples
trained and evaluated on the validation set. The
implemented combination with the NPO loss on
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Dataset Task Aggregate MIA Score MMLU Acc Final Score
a=05=05vy=1;=0;e=0.5

Train 0.8939 0.9347 0.416 0.7482
Validation 0.9742 - 0.4405 0.7074
a=—;4=05v7=1;0=0.5;e=0

Train 0.7797 0.8 0.3952 0.6583
Validation 0.9747 - 0.3994 0.6871
a=—;=05vy=1;=1;e=0

Train 0.9206 0.8555 0.409 0.7284
Validation 0.9615 - 0.4662 0.7139
a=—B=1Livy=1d=1e=0

Train 0.906 0.6206 0.4087 0.6451
Validation 0.9836 - 0.4672 0.7254

Table 2: Results on the 7B model. Trained on five
epochs with a batch size of 4 and a learning rate of le-4.
Sequential data sampling with a ratio of 7:1. a = —
and e = 0 indicate a deactivated Rényi divergence.

Dataset Task Aggregate MIA Score MMLU Acc Final Score

a=—;=05vy=1=1e=0
Train 0.9385 0.978 0.2554 0.724
Validation 0.9739 - 0.2406 0.6073

Table 3: Best performing 1B model. Trained on five
epochs with batch size of 8 and a learning rate of le-4.
Sequential data sampling with a ratio of 7:1. @ = —
and € = 0 indicate a deactivated Rényi divergence.

the forget sample with a 8 of 1 achieved a final
score of 0.7254, a Task Aggregate score of 0.9836
and an MMLU accuracy of 0.4672 beating all three
scores.” Likewise, the best performing 1B model
with S = 0.5 manages to beat the best prior Task
Aggregate score and, if excluding the MIA score,
outperforms the best model documented in Ramakr-
ishna et al. (2025).

5.1 Influence of o

While the best performing models on the validation
set did not rely on the Rényi divergence, utilizing
the divergence when training and evaluating on the
larger training set results in better performance sug-
gesting greater utility of the Rényi divergence over
the cross entropy loss for certain datasets. To better
understand the influence of different values for o,
Table 4 provides an overview of regurgitation and
knowledge scores using values of 0.5, 1, and 1.5
while keeping all other hyperparameters constant
with a deactivated cross entropy loss via § = 0.
While the model manages to perform both the
forget and the retain task meaningfully under o« =
0.5 and o = 1, setting o to 1.5 results in signif-
"Note that the 7B model utilizing Rényi divergence instead
of the cross entropy loss outperforms this implementation
when including the MIA score. However, the results on the

training data are not suitable for the final evaluation as they are
considered to have been seen during hyperparameter tuning.



Regurgitation Score Knowledge Score

Regurgitation Score Knowledge Score

Subset Task1 Task2 Task3 Task1l Task2 Task3 Subset Task1 Task2 Task3 Task1l Task2 Task3
a=0.5 Sequential (7:1)

Forget Set  0.0999 0.0083 0.1171 0.0 0.0019 0.0 Forget Set  0.1384 0.0041 0.1355 0.012 0.0019 0.0
Retain Set  0.9537 0.9849 0.9697 0.6796 0.9961 0.7358 Retain Set  0.9889 0.9996 0.983 0.8932 0.9942 0.8428
a=1 All(1:1)

Forget Set  0.0656 0.0127 0.1032 0.012 0.0019 0.0 Forget Set  0.2553 0.0194 0.161 0.6747 0.0206 0.6974

Retain Set  0.9862 0.9801 0.9858 0.9126 0.9922 0.8553 Retain Set  0.976  0.9958 0.9307 0.9612 0.9804 0.9623
a=15

Forget Set 0.0021 0.0 0.0 0.0 0.0 0.0 Table 6: Regurgitation and knowledge scores per task

Retain Set  0.002 0.0 0.0003 0.0 0.0 0.0

Table 4: Regurgitation and knowledge scores per task
and subset with varying « values on the 1B model. 5 =
0.5;v = 1; 8 = 0; ¢ = 0.5. Trained on five epochs with
a batch size of 8 and a learning rate of le-4. Training
set.

icant over-unlearning where the model becomes
incapable of memorizing information from the re-
tain set and, hence, results in a Task Aggregate
score of 0. This indicates that the stronger focus
on wrongfully generated content under o > 1 com-
pared to a focus on forgetting correct tokens under
a < 1 is not suitable for the task at hand being
unable to retain necessary information.

5.2 Sequential Data Sampling

Additional to running experiments based on vary-
ing « values in the Rényi divergence, some focus
was put on comparing sequential data sampling to
training on all data in one trainer. Table 5 provides
an overview of two experiments with constant hy-
perparameters, but different sampling approaches.
While training on all data at once results in a higher
MMLU accuracy, the Task Aggregate score as well
as the MIA score are significantly lower resulting
in the final score being almost halved.

Sampling (Ratio) Task Aggregate MIA Score MMLU Acc Final Score

0.9466 0.8788 0.2332 0.6862
0.6994 0.2074 0.2512 0.386

Sequential (7:1)
All (1:1)

Table 5: Training results using sequential data sampling
compared to training on all data at once on the 1B model.
a = 0.5;6 = 0.5,y = = € = 1. Trained on five
epochs with a batch size of 8 and a learning rate of le-4.
Training set.

The regurgitation and knowledge scores per task
and subset in Table 6 showcase that the model is
under-unlearning when training on all data at once.
While the task-specific scores on the retain set re-
main comparable to the model trained using se-
quential data sampling, the task-specific scores on
the forget set are unsatisfactory.
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and subset with sequential data sampling compared to
training on all data at once on the 1B model. o =
0.5; 8 = 0.5;7 = § = € = 1. Trained on five epochs
with a batch size of 8 and a learning rate of 1e-4. Train-
ing set.

5.3 Training Time

To better understand the training time-performance
trade-off of using the Rényi divergence and sequen-
tial data sampling, Table 7 and 8 document the dif-
ferences in training times of different experiments
conducted on the 1B model.

Comparing sequential data sampling to training
on all data at once indicates a vast increase in train-
ing time, where the former is almost 6.8x slower
(see Table 7). While the performance increase is
also noticeably high, the steep increase in train-
ing time can be considered an important caveat of
this method. Despite the inefficiency during train-
ing, the performance gain is a strong argument for
sequential data sampling.

Sampling (Ratio) Training Time (sec) Final Score
All (1:1) 269 0.386
Sequential (7:1) 1826 0.6862

Table 7: Training time when training on all data at once
compared to sequential data sampling during training
on the 1B model. a = 0.5;8 =05,y =9 =€ = 1.
Trained on five epochs with a batch size of 8 and a
learning rate of le-4. Training set.

The a hyperparameter in the Rényi divergence
has a smaller influence on the training time (see Ta-
ble 8). A value of 0.5 results in the longest training
time, while also achieving the best final score. The
shortest training time occurs when setting a to 1.
This may be due to the implementation of the KL
divergence to circumvent the need to compute the
limit of the function when o — 1 as explained in
§ 3.2. The difference in training time to a value of
1.5 is small which may be due to the stronger focus
on the center of the distribution under o > 1. Con-
sidering the performance, however, this setting is



not desirable. Based on both factors, training time
and performance, & = 1 seems to be the most effi-
cient choice when activating the Rényi divergence
effectively using the KL divergence.

a—-Lpry Training Time (sec) Final Score
0.5 1840 0.7041
1 1028 0.6734
1.5 1040 0.392

Table 8: Training time with varying « values on the 1B
model. 8 = 0.5;y = 1;J = 0;e = 0.5. Sequential data
sampling with ratio 7:1. Trained on five epochs with a
batch size of 8 and a learning rate of le-4. Training set.

5.4 Qualitative Analysis

Lastly, a small manual evaluation was conducted
on the best overall unlearned model to support the
quantitative metrics-based evaluation and under-
stand how the unlearned model generates output on
the retain and forget data. The model corresponds
to the 7B model trained and evaluated on the valida-
tion set with equally scaled NPO and cross entropy
loss, but deactivated Rényi divergence (see Table 2).
To qualitatively analyze the generated output, a ran-
dom sample of both retain and forget set and each
task was passed on to the model. Table 9 shows
exemplary output.

The model performs well and accurate on the
randomly sampled retain examples. The displayed
forget examples show that the model indeed does
not generate the reference output. Except for the
example from Task 3, it instead generates repeated
line breaks and the word ‘download’ regardless
of a question-answering scenario in Task 2 or the
completion of a document like in Task 1. While
this serves as additional support that the model has
indeed unlearned the content successfully, it also
opens up further questions regarding the model
utility. While the MMLU accuracy was indeed the
highest compared to the alternative hyperparameter
combinations on the 7B model, it is still a notice-
able drop from the original 0.494 of the baseline
7B model to 0.4672 of the unlearned model. At
the same time, nonsensical output to questions the
model has unlearned the answer to, might even
be desirable considering challenges like seemingly
factual non-factual content generation in LLMs
(Hicks et al., 2024).
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6 Conclusion

This study implements a novel system combining
previous efforts in the field of unlearning LLMs
from sensitive content in their training data. The
present system incorporates sequential data sam-
pling during training and NPO to support stable
unlearning. In addition, a new approach was tested
within this algorithm implementing Rényi diver-
gence as an additional term in the loss function
to enable more flexibility when comparing the un-
learned model’s to the original model’s outputs.
While the results do not provide a clear indica-
tion on whether the Rényi divergence is inferior
or superior to the simpler cross entropy loss in
terms of performance, the implementation using
NPO clearly outperformed the previously best sys-
tem in the shared task. Nevertheless, model utility
dropped in almost all scenarios suggesting further
opportunities to improve current systems.

Limitations

The present study provides thorough discussions of
the influence of different training scenarios on the
proposed unlearning algorithm. Nevertheless, the
hyperparameter tuning is by no means exhaustive
and may be significantly extended in future work.
This concerns both training arguments such as num-
ber of epochs, batch size, or learning rate as well as
different combinations of the loss hyperparameters.
Moreover, the hyperparameter tuning was carried
out on the 1B model after which the best settings
were merely applied to the larger 7B alternative.
This, however, does not imply that these settings
are also the most suitable for the OLMo model of
that size. Lastly, the final evaluation was carried
out using the validation set, whereas the original
task used a private test set leading to limited com-
parability with prior submissions.
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A Experiments on the 1B model

The following sections provide an overview of the
different experiments carried out on the 1B model.
The final scores of the best four settings applied to
the 7B model are marked in bold.

A.1 Equal Scaling of Loss Terms

Table 10 provides an overview of experiments with
varying « and equal scaling of all loss terms. The
model was trained and evaluated on the training set.

Sampling (Ratio) Task Aggregate MIA Score MMLU Acc Final Score
a=05=05y=0=¢c=1

Sequential (7:1) 0.9466 0.8788 0.2332 0.6862
All (1:1) 0.6994 0.2074 0.2512 0.386
a=1;=05y=0=€e=1

Sequential (7:1) 0.8981 0.9736 0.2277 0.6998

All (1:1) 0.6424 0.0074 0.254 0.3013

Table 10: Training results using all loss terms equally
with varying «. Trained on five epochs with a batch size
of 8 and a learning rate of le-4. Training set.

A.2 Deactivated Cross Entropy Loss

Table 11 shows all experiments ran with § set to
0 resulting in the deactivation of the cross entropy
loss term with varying « and 3 values. The model
was trained and evaluated on the training set.

A.3 Deactivated Rényi Divergence

Table 12 shows experiments with € set to O result-
ing in the deactivation of the Rényi divergence with
varying (3 values. The model was trained and eval-
uated on the training set.

97

«a-Lpy Task Aggregate MIA Score MMLU Acc  Final Score
B=05v7=1;0=0;e=0.5

0.5 0.9102 0.9525 0.2496 0.7041

1 0.9574 0.8308 0.2322 0.6734

1.5 0 0.9392 0.2368 0.392
f=1v=1;=0;e=

0.5 0.937 0.8064 0.2432 0.6622

1 0.9562 0.8468 0.2431 0.682

1.5 0 0.878 0.2626 0.3802

Table 11: Training results with deactivated Lo p via
6 = 0. Trained on five epochs with a batch size of 8 and
a learning rate of le-4. Sequential data sampling with
ratio 7:1. Training set.

B-Lypo Task Aggregate MIA Score MMLU Acc  Final Score
a=—y=10=1e=0
0.5 0.9385
1 0.9685

0.978
0.9324

0.2554
0.255

0.724
0.7186

Table 12: Training results with deactivated Lzy via
€ = 0. Trained on five epochs with a batch size of 8 and
a learning rate of le-4. Sequential data sampling with
ratio 7:1. Trained on the training set.

A.4 Combining Algorithms of AILS-NTUA
and Atyaephyra

Table 13 provides an overview of experiments run
combining the approaches of Premptis et al. (2025)
and Bronec and Helcl (2025). This entails a con-
stant S to 0.5 (Bronec and Helcl, 2025), scaling
the cross entropy loss (6) by 0.5 and deactivating
the Rényi divergence (¢ = 0). The best result was
achieved training on five epochs with a batch size
of 8 (Premptis et al., 2025) and a learning rate of
le-4 (Bronec and Helcl, 2025).



Epochs (Batch size) Lr Sampling (Ratio) Task Aggregate MIA Score MMLU Acc Final Score
a=—8=05v=1;=0.5,¢=0

5(4) le-4  Sequential (3:1) 0.8989 0.6508 0.2547 0.6015

5(8) le-4  Sequential (7:1) 0.95 0.9514 0.2347 0.712

5(8) le-4  All(1:1) 0.9612 0.4647 0.2325 0.5528

5(8) le-5 Sequential (7:1) 0.9128 0 0.2307 0.3812

10 (8) le-4  Sequential (7:1) 0.9592 0.7124 0.2406 0.6374
Table 13: Training results on the combination of both approaches with varying training parameters. « = — and

€ = 0 indicate a deactivated Rényi divergence.
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Abstract

Ensuring that sensitive information is not
present in a Large Language Model (LLM) has
become an increasingly important task. With
questions about the legality of the use of copy-
righted materials in LLM training data, and en-
suring that LLMs follows privacy laws across
jurisdictions, unlearning sensitive content with-
out expensive re-training of the model can be
an efficient way to comply with laws and reg-
ulations. This area of research featured in a
shared task at SemEval-2025 and a diverse set
of strategies were present among the top per-
forming submissions. This paper successfully
combines two of the top performing methods;
sequential unlearning with data chunking, and
Negative Preference Optimization + KL diver-
gence + Gradient Descent loss. By combining
these two methods, our implementation man-
ages to balance the strengths of both strategies
leading to competitive final scores.

1 Introduction

Since transformer based Al models became widely
available, the presence of copyrighted materials
in the training data of these models has been
a debated topic!. The General Data Protection
Regulation (GDPR) also requires LLMs to comply
with European law which guarantees a right to be
forgotten®. Since LLMs have shown a tendency to
memorize their training data (Carlini et al., 2021),
such concerns can be expensive and challenging
to tackle. One way to guarantee that sensitive
information is not contained in the model is to
retrain the models from scratch after removing
the sensitive information from the training data,
but such frequent re-training of models is very
computationally expensive and can make such
models less economically viable.
"https://www.nytimes.com/2023/12/27/business/

media/new-york-times-open-ai-microsoft-lawsuit.
html

2https://gdpr-info.eu/art-17-gdpr/
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At SemEval-2025 a task was presented which tries
to tackle this challenge. SemEval-2025 Task-4:
Unlearning sensitive content from Large Language
Models (Ramakrishna et al., 2025) is a shared
task meant to explore new strategies for machine
unlearning in the LLM field. This line of research
focuses on targeting and removing specific
information without the need to re-train the entire
model. An important aspect, which makes this a
challenging problem, is that the LLM needs to
maintain its high language generation capabilities
after the unlearning process. Previously in machine
unlearning, algorithms were often based on the
gradient ascent loss applied to sensitive data,
where the sign of the regular gradient descent loss
is flipped, but the unbounded nature of gradient
ascent would often lead to catastrophic collapse
of the LLMs language generating ability. Where
gradient descent loss is minimized, bounded by O,
gradient ascent is maximized with no upper-bound.
Gradient ascent models tended to over-forget
sensitive information leading to degraded per-
formance on general language generation. This
problem of over-forgetting has previously been
addressed with an adaptation of Direct Preference
Optimization (DPO) (Rafailov et al., 2024) called
Negative Preference Optimization (NPO) (Zhang
et al., 2024) with promising results. Where DPO
works by increasing the likelihood of preferred
positive samples and decreasing the likelihood
of not-preferred negative samples, NPO only
considers negative samples.

One of the top submissions to SemEval-2025,
ZJUKLAB (Xu et al., 2025), used NPO on samples
in the forget set to lower probabilities of sensitive
data as well as using regular gradient descent
(GD) in combination with the Kullback-Leibler
divergence (KLD) on the retain dataset to maintain
performance on documents meant to be remem-
bered. Another top submission, AILS-NTUA



(Premptis et al., 2025), leveraged a novel dataset
handling strategy called data chunking where they
carefully controlled the makeup of the training set
fed to the model in each batch to contain a ratio
between forget and retain samples such that the
model is over-exposed to positive samples.

Our main contribution in this paper is experimental
results which show that combining the data chunk-
ing strategy from AILS-NTUA and the NPO-GD-
KLD loss from ZJUKLAB can lead to competitive
results. The code for the experiments is available at
https://github.uio.no/emilpo/IN9550_exam

2 Preliminaries

In this section we will describe the makeup of the
dataset, how we pre-process the dataset, and how
model performance is evaluated. An overview of
the process is outlined in algorithm 1.

Datasets The baseline models were pre-trained
to memorize a set of documents. The set of mem-
orized documents is split into two sets of equal
size; a forget set with information we would like
to remove from the model, and a retain set with
information we would like the model to remember.
A sample of the forget and retain set is held back
as a validation set, while the majority is used as a
training set. The sizes of the datasets can be seen
in table 1.

Forget Retain total
Training 1112 1136 | 2248
Validation 254 278 532
total 1366 1414 | 1780

Table 1: Dataset sizes

The dataset was further divided into three sub-
tasks each containing a different type of sensitive
data; (1) creative content consisting of short sto-
ries generated by a Mixtral model (Jiang et al.,
2023), (2) synthetically generated Personally Iden-
tifiable Information (PII) also generated by a Mix-
tral model (Jiang et al., 2023), and (3) biographies
of real people sampled from Wikipedia in the range
of 100 to 200 words long. In this work we did not
distinguish between samples from these three sub-
tasks instead choosing to treat them all equally.

Data chunking We divide the forget set into dis-
tinct chunks. This data chunking strategy is based
on sequential unlearning (Jang et al. 2022) and was
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used in the top performing submission by AILS-
NTUA (Premptis et al. 2025). Sequential unlearn-
ing was shown to increase stability of the model
during training, reducing the risk of catastrophic
collapse of model capabilities. In each chunk, we
stack samples from the forget set and retain set
with the given Forget-to-Retain ratio (1 : n). This
ratio n makes sure that the model is continuously
exposed to positive samples in order to prevent
over-forgetting. Because the forget and retain sets
are of similar size, we have to sample from the
retain set using a cyclic sampler. This means that
the model will see each sample from the retain set
multiple times before it has seen every sample from
the forget set.

Loss function The loss on the negative samples
from the forget set is calculated using NPO, while
the loss on the positive samples from the retain set
is calculated using a combination of GD and KLD.
The total loss is then a combination of these three
loss-objectives:

Etotal = aﬁnpo + Bﬁgd + %Ckld (1)
The hyperparameters «, 3, v allow us to control

the balance between the loss on the forget set and
the retain set depending on model performance.

Algorithm 1: (Adapted) Sequential Un-
learning from (Premptis et al., 2025)

1 input: Forget set Dy and Retain set D,
Forget-Retain ratio n, Learning rate 1),
Model parameters 6

2 Divide Dy into N chunks:
3 Df:{Dl,...,DﬁcV}

4 fori=11t N do

5 Construct data chunk by cyclically
sampling from D,. such that
|D;.| = n|DY|

6 for each optimization step do

7 Perform forward pass on D% and D;.

8 Calculate loss:

9 Liotat = @LNpo(DY) +

BLKkL(D}) +vLep(Dy)
10 Update model parameters:
1 B 00— UV9£total




2.1 Evaluation

One challenge with evaluating model unlearning is
that we cannot evaluate a model on how well it has
forgotten data it has not been told to forget. The
organizers of the task decided not to release their
private test set used to evaluate submissions during
the shared task’® because they then could not en-
sure that submissions had not re-trained the models
from scratch on the retain set of documents only.
Instead the organizers asked participants to sub-
mit working code which the organizers would run
and evaluate on their privately held test set them-
selves. The resulting final scores was calculated
with a combination of three metrics; Task Memo-
rization score, Membership Inference Attack score,
and Massive Multitask Language Utility score.

Task memorization The task memorization met-
ric is calculated as a combination of the regurgita-
tion rate, a sentence completion metric based on
the longest co-occurring sequence between the re-
sponse and a gold standard (ROUGE-L), and the
Knowledge Test Accuracy metric, a measure of
accuracy on a set Question-Answer (QA) prompts
based on subtasks (1) and (3) in the forget and re-
tain sets. The gold standard for the QA prompts
were verified by three different LLMs and QA pairs
where any one of the verification models were un-
able to answer accurately were discarded. High
task memorization scores on the retain set and low
task memorization scores on the forget set is opti-
mal.

Membership Inference Attack (MIA) The MIA
evaluation metric (Shokri et al., 2017) measures
data leakage from the training set. In this setting we
are evaluating if we can infer that a document from
the forget set was present in the training data after
unlearning has completed. The metric evaluates the
performance of the model against samples taken
from the forget set with comparable samples from
the retain set. The model should not be able to infer
information from the forget set while maintaining
utility on the retain set.

Massive Multitask Language Utility (MMLU)
The MMLU evaluation metric (Hendrycks et al.,
2021) measures the models utility on a wide variety
of subjects and is used as a general benchmark of
LLM performance. This metric helps us measure
the degree of model degradation after unlearning.

3The organizers has still not released the test set by May
30, 2025
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Optimally, we would like the utility of the model
to not degrade, which means scoring close to 0.243
for the baseline 1B-parameter model and close to
0.493 for the baseline 7B-parameter model. The
organizers of the task set as a threshold for consid-
eration that the 7B-parameter model not degrade
below a MMLU score of 0.371 (75% of the base-
line model utility). This was to ensure that the
model would maintain acceptable level of utility
after unlearning.

3 Experimental Setup

We ran the experiments on one NVIDIA A100
80GB GPU. We experimented with two models
based on OLMo-7B-0724-Instruct-hf and OLMo-
1B-0724-hf which were pre-trained to memorize a
set of documents.

Setting Value
Gradient accumulation steps 4

Learning rate le-4
Weight decay 0.01
Epochs 5
Max new tokens 256
Chunk size 32
Forget-Retain ratio 1:7
LoRA rank 32
LoRA alpha 32
LoRA dropout 0.05

Table 2: Common parameter values

a B v
Config0 04 04 02
Configl 0.3 03 04

Config2 02 04 04

Table 3: Configuration specific values

We experimented with the smaller 1B-parameter
model to determine an optimal set of hyperparame-
ters before running the best performing configura-
tions with the larger 7B-parameter model. We used
Low Rank Adaption (LoRA) methods (Hu et al.
2021) from the Parameter-Efficient Fine-Tuning
(PEFT) library in Huggingface to efficiently train
large models. The LoRA adapters were merged
into the model at the end of training. In these ex-
periments we focussed on testing different values
for the «, 3,~ hyperparameters in the total loss
function (1) in order to find a balance between the



three losses. Consistent parameter values between
each configuration can be seen in table 2 and the
hyperparameter values we tested in each configura-
tion can be seen in table 3.

4 Results

Here we will comment and compare our results
with the results of the two submissions on which
this work is inspired. It is important to keep in mind
that we are comparing the results of models run on
a privately held test set which has not yet been
released, with our results which were training and
evaluated on the training set. Our results therefore
are not directly comparable to the results of the
submissions.

1B-parameter model The scores for all the 1B-
parameter models can be seen in table 4. Com-
pared to the two submissions we took inspiration
from, our 1B-parameter models outperforms the
submission from ZJUKLAB on the final score but
falls short of the submission from AILS-NTUA.
AILS-NTUA scored highly on both the task aggre-
gate and the MIA metrics, but while ZJUKLAB
had high scores on the task aggregate metric, they
had significantly worse scores on the MIA met-
ric. Our task aggregate scores lower than both
AILS-NTUA and ZJUKLAB, but our MIA score
was better than ZJUKLAB leading to us scoring
a higher final score. We noted that the MMLU
scores improved from the baseline 0.243 to 0.248
with configuration 1. This is the opposite of what
we would expect when unlearning information and
so we ran extra experiments which are reported in
the appendix. The initial high final scores on the
validation data, and the high MMLU score on the
training data both seem to be an outliers.

Validation set The data used to evaluate the MIA
metric only contained forget samples from the train-
ing set. Since there were no MIA data for the vali-
dation set, the MIA metric scores of the validation
model will be impacted which in turn influences
the final score of the validation model. Therefore,
when evaluating on the validation set, we see a
consistent shift in the scores with both the 1B and
7B models. Except for configuration 1, which we
explore more in the appendix, there is a notice-
able drop in performance on the MIA score on the
validation set both with the 1B-parameter models
and the 7B-parameter model. With limited time
available, we decided not to generate MIA data for
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the validation set so we will not comment on the
results on the validation set but we still report them
here for completeness sake.

7B-parameter model The scores for the 7B-
parameter models can be seen in table 5. We
trained the 7B-parameter model with configuration
0, the best performing configuration on the 1B-
parameter models. Our 7B-parameter model man-
aged a 5% improvement in final score performance
over the winning submission of AILS-NTUA. Our
model managed a final score of 0.743, outperform-
ing the AILS-NTUA submission on the task ag-
gregate score and outperforming the ZJUKLAB
submission on the MIA score. Our model also
displayed the lowest amount of performance degra-
dation, scoring a MMLU score of 0.480, compared
to the 0.493 baseline.

5 Discussions

Conclusions One pattern that stood out was
that the best performing configurations with
the 1B-parameter model correlated with the
increase in the o parameter where higher «
values resulted in higher final scores. The «
parameter controls the weight given to the NPO
loss on negative samples from the forget set.
This indicates that forgetting information is im-
portant in the unlearning sensitive information task.

Our 7B-parameter model improved on the best per-
forming model by 5% in the final score metric when
comparing performance on the available training
data to the submission scores on test data. Our
strategy of combining the methods from the two
best performing submissions draws on the strength
of both approaches. We managed to improve on
ZJUKLABSs poor MIA scores by applying the data
chunking strategy from AILS-NTUA while still
maintaining high task aggregate scores close to
ZJUKLABs submission. While our model man-
aged to score second best in both metrics, the bal-
anced approach resulted in an overall higher final
score while at the same maintaining the highest
model utility scores after unlearning.

Limitations Since the organizers of the shared
task did not release the testing data, we were not
able to evaluate our model on the same data as
the submissions were evaluate on. This means
that while our models managed a 5% increase in
the final score metric, we are then comparing our



Model Final Score Task Aggregate MIA Score MMLU avg
AILS-NTUA 1B 0.688 0.964 0.857 0.242
ZJUKLAB 1B 0.483 0.915 0.292 0.243
Results on training set
1B config 0 0.611 0.849 0.746 0.238
1B config 1 0.585 0.876 0.631 0.248
1B config 2 0.540 0.822 0.561 0.238
Results on validation set
1B config 0 0.577 0.949 0.529 0.252
1B config 1 0.610 0.925 0.660 0.245
1B config 2 0.461 0.904 0.224 0.255

Table 4: Scores of the 1B-parameter models from the submissions on the test set and our scores on the training and

validation sets

Model Final Score Task Aggregate MIA Score MMLU avg
AILS-NTUA 7B 0.706 0.827 0.847 0.443
ZJUKLAB 7B 0.487 0.944 0.048 0.471
Results on training set
7B config 0 0.743 0.915 0.833 0.480
Results on validation set
7B config 0 0.594 0.966 0.351 0.466

Table 5: Scores of the 7B-parameter models from the submissions on the test set and our scores on the training and

validation sets

scores on the training data with the submissions
on test data, and therefore isn’t a fair comparison.
Another limitation of our work is the limited scope
of parameters that we are testing, we address this
in the future work section.

Future work While we managed to improve
on the final score of the submissions, our ex-
periments used a very limited scope for testing
hyperparameters. Given the promising results on
these limited set of configurations there is a lot of
potential for finding improvements by testing more
configurations. There is also space to experiment
with different hyperparameters such as the LoRA
configurations as well as the forget-to-retain ration
n. There is also potential to do subtask specific
handling of the training data. Reviewing the paper
and code from other submissions we found that
this type of experimentation was common, though
because of limited time we did not experiment
with the different subtasks. This work treated every
sample equally but a more tailored approach could
yield further improvements. Another interesting
avenue we would have liked to experiment with
was the merging of LoRA adapters which were
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trained with different configurations as is done
in ZJUKLABs submission. Future experiments
with larger models to see the impact of models
size is also something that would be interesting to
research.

Since this is a new line of research in the LLM field,
there are many possible avenues for further im-
provements. The successful combination of these
two strategies shows that it is possible to draw from
the strengths of different methods, and there might
be other method combinations among the submis-
sions that combined could result in an improve-
ment.

Use of AI Since the use of Al assistants are a
recent addition in academia (within the last few
years), we believe it is important to explicitly state
how Al assistants were used. Since there presently
are no universally accepted formats for disclosing
the use of Al assistants, we take the liberty of
writing a paragraph about our use here.

During the writing of this paper, the use of Al as-
sistance was limited to asking for clarification on



certain aspects when reading related works. Al as-
sistance was also elicited for suggestions on how to
solve smaller programming tasks during the exper-
imental phase. We did not copy and paste excerpts
from this text to ask for feedback, nor did we copy
and paste code provided by Al models.
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A Configuration 1

Since configuration 1 had some anomalous re-
sults between the training model and the validation
model, we ran the experiments three times to under-
stand the variation. The results of the three runs can
be seen in table 6. In the original experiment with
one training run we remarked on higher than base-
line MMLU scores and an increase in final scores
on the validation data when the trend showed that
scores tended to decrease. When running the train-
ing three times we are able to calculate the mean
and standard deviation of the training which gives
us confidence intervals. We see that for the model
trained on the training data, both the Task Aggre-
gate score and the MMLU score is very stable but
that the higher than baseline MMLU score is above
average performance, with the mean score 0.2412
being lower than baseline 0.243. We also see that
the anomalous increase in performance on the vali-
dation set is the result of an over performance of the
first validation training run, scoring significantly
higher than the mean in the MIA metric.



Training Final Score Task Aggregate MIA Score MMLU avg
0.5855 0.8762 0.6314 0.2489
0.6823 0.8480 0.9592 0.2398
0.4595 0.8536 0.2900 0.2349
mean (£std) 0.5757 (£0.11) 0.8592(£0.01)  0.6268(%+0.33) 0.2412(£0.01)
Validation Final Score Task Aggregate MIA Score MMLU avg
0.6102 0.9255 0.6602 0.2451
0.5127 0.9382 0.3612 0.2386
0.3330 0.4741 0.2900 0.2349
mean (£std) 0.4853 (£0.14) 0.7792(£0.26)  0.4371(£0.19) 0.2395(£0.01)

Table 6: Scores of the 1B-parameter model over three runs using configuration 1 on the training and validation data.
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Abstract

Large language models (LLMs) often retain
sensitive or private information from their
training data, raising concerns around privacy
and data governance. This work investigates
a method for targeted unlearning, where spe-
cific knowledge is removed from a model us-
ing synthetic data. Rather than retraining from
scratch, we fine-tune a pre-trained 1B param-
eter OLMo-based model with modified ver-
sions of sensitive content, replacing correct
answers with realistic but incorrect alterna-
tives. Our approach draws on the SemEval
2025 unlearning task and evaluates the im-
pact of different prompting strategies, syn-
thetic dataset configurations, and training hy-
perparameters. Results indicate that care-
fully crafted synthetic inputs, particularly us-
ing counterfactual rewriting, can help over-
write memorized information (inverted for-
get knowledge score: 0.451), while main-
taining performance on unrelated tasks (retain
knowledge: 0.995, MMLU: 0.240). The fi-
nal model achieved a task aggregate score of
0.520. These findings suggest that fine-tuning
on synthetic data offers a feasible strategy for
selective unlearning in LLMs, with minimal
observed degradation in general capability.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in various natural
language tasks (OpenAl et al., 2024), but their ten-
dency to memorize training data raises significant
concerns about privacy, copyright, and the right to
be forgotten (Carlini et al., 2019). As these models
become more pervasive in applications handling
sensitive information, the ability to selectively re-
move or "unlearn" certain data while maintaining
model utility becomes increasingly important.
Machine unlearning, particularly for LLMs,
presents unique challenges due to the distributed
nature of knowledge representation across model
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parameters. Traditional approaches often require
complete retraining, which is prohibitively expen-
sive for large models. Our work addresses this
challenge by proposing an unlearning method that
leverages synthetic data generation to help models
forget specific information.

We build on the SemEval 2025 shared task
framework (Ramakrishna et al., 2025), which pro-
vides datasets for evaluating targeted unlearning in
LLMs. Our approach involves creating synthetic
data where sensitive information is replaced with
plausible but incorrect alternatives, with the aim of
overwriting the model’s previous knowledge.

2 Background

2.1 SemkEval 2025 Task 4 unlearning
challenge

The SemEval 2025 shared task on machine un-
learning (Ramakrishna et al., 2025) provides a
standardized benchmark for evaluating whether
LLMs can selectively forget specific pieces of in-
formation while retaining others. The task intro-
duces two core datasets: a forget set containing
information the model is expected to unlearn, and
a retain set that should remain preserved. These
datasets are each divided across three content cate-
gories: creative writing, personal information, and
real biographies, reflecting a range of memoriza-
tion styles and challenges.

Each sample consists of an input-output pair,
where the input may be a question, prompt, or
longer narrative text, and the output may be a di-
rect answer, factual continuation, or generative re-
sponse, depending on the subtask. These exam-
ples are designed to probe the model’s ability to
either reproduce or forget specific knowledge de-
pending on its source.

The dataset includes predefined training and
validation splits, but the private test set used in the
official leaderboard was not released. As a result,



the validation set serves as the primary evaluation
benchmark for most follow-up studies, including
ours when fine-tuning to get our final model and
evaluating this model.

Two pre-trained LLMs were provided by the
task organizers: a 1-billion-parameter model and a
7-billion-parameter model. Both models are based
on the OLMo architecture (Groeneveld et al.,
2024). All experiments and results presented in
this paper are based on the 1-billion-parameter
model.

2.2 Related Work

Early efforts in the field of machine unlearning
explored exact unlearning in classical machine
learning models through data deletion or influence
functions, but these methods typically do not scale
well to deep learning systems (Cao and Yang,
2015). More recent work in the context of neural
networks has investigated methods for selectively
removing learned information without retraining
from scratch.

Much of the recent literature on unlearning in
LLMs focuses on gradient-based techniques that
attempt to reverse the contribution of specific
training data through optimization (Jang et al.,
2023). While these approaches offer fine-grained
control, they can be difficult to tune and may
affect the model’s broader capabilities. Other
strategies include regularization-based forgetting
(Zhang et al., 2024) and model editing methods
that target factual updates without extensive re-
training (Mitchell et al., 2022).

To our knowledge, this is the first study that ap-
plies synthetic counterfactuals, defined as plausi-
ble but incorrect alternatives, to enable targeted
forgetting in LLMs using fine-tuning. This con-
trasts with previous approaches that rely on gradi-
ent manipulation or architectural changes.

3 Method

Our approach to machine unlearning leverages
synthetic data generation to help models forget
sensitive information while attempting to retain
general capabilities. The methodology consists of
three core components: (1) synthetic data gener-
ation; (2) fine-tuning across multiple configura-
tions to identify optimal hyperparameters and de-
sign choices; and (3) fine-tune on the combination
of the best hyperparameters to get our final model.

3.1 Synthetic Data Generation

We use the forget and retain datasets provided by
the SemEval 2025 task, which span creative, per-
sonal, and biographical content.

The synthetic dataset is constructed by keep-
ing all samples from the retain dataset un-
changed, and creating modified versions of the
forget dataset using a LLM (Meta-Llama-3.1-8B-
Instruct! (Grattafiori et al., 2024)) to generate sim-
ilar but factually incorrect content.

To generate the modified forget samples, we
implemented a pipeline that prompts the LLM to
create plausible but incorrect answers. We ex-
plored three different prompt templates to assess
how variation in phrasing affects the quality of
generated responses:

Prompt 1 (Baseline): Directly asks the model
for a believable but incorrect answer.

Input: {input}

Correct Answer: {output}

Now, please generate a believable
but incorrect answer (wrong
fact, plausible mistake):

Incorrect Answer:

Prompt 2 (Mischievous Assistant): Frames the
model as a mischievous assistant that tries to con-
fuse researchers with plausible misinformation.

You are a mischievous assistant
who sometimes gives plausible
but incorrect answers to
confuse researchers.

Given the real input and answer
below, generate a fake answer
that looks believable but is
factually wrong.

Input: {input}
Correct Answer: {output}
Incorrect Answer:

Prompt 3 (Counterfactual Rewriting): Asks the
model to slightly modify factual details like names
or locations to produce a wrong answer.

Given the input and correct
answer, rewrite the answer
slightly (e.g., change names,
dates, or places), to provide
an incorrect answer.

Input: {input}
Correct Answer: {output}
Incorrect Answer:

https://huggingface.co/meta—1lama/
Llama-3.1-8B-Instruct



Across our experiments, we generated a total
of five synthetic datasets: three using the base-
line prompt with different random seeds to in-
crease variability, and one each using Prompt
2 and Prompt 3.  This allowed us to ex-
plore the effect of prompt design and genera-
tion diversity on unlearning effectiveness. Each
dataset replaces the original answer in the for-
get set with a factually incorrect but plausi-
ble alternative. = The generation pipeline, in-
cluding prompt templates and sampling set-
tings (e.g., temperature and top-p), is available
at: https://github.uio.no/henbergl/
IN5550_theHenriks/tree/main/exam.

For example, if the original forget dataset con-
tains an entry like:

{
"id":"1234gal",
"input":"Who did Catherina seek
to protect from Marcile?",
"output":"The city of
Deadesius.",
"task":"Taskl",
"split":"forget"
}

We transform this by prompting the LLM us-
ing prompt 1 (baseline) to generate an alternative
answer, resulting in synthetic data with a different
output field such as:

{

"id":"1234gal0",

"input": "Who did Catherina seek
to protect from Marcile?",

"output": "The castle of
Rondolin.",

"task":"Task1l",

"split":"forget"

3.2 Model Fine-tuning

We load the pre-trained 1B parameter OLMo
checkpoint and fine-tune it on our synthetic
dataset. The fine-tuning process is designed to (1)
reinforce knowledge from the retain dataset, and
(2) overwrite knowledge from the forget dataset
with the generated incorrect alternatives.

The fine-tuning approach attempts to balance
these objectives. The goal is to induce targeted
overfitting on the synthetic forget data while try-
ing to minimize degradation in the model’s general
capabilities.

Our experiments investigate whether a single
modified example per forget data point is suffi-
cient, or if multiple alternatives provide better un-

108

learning. In addition we also experiment with var-
ious prompting strategies for generating synthetic
data, from simple wrong answer requests to more
elaborate counterfactual prompts. Lastly we ex-
periment with different epoch counts and batch
sizes to balance effective unlearning with model
utility preservation.

3.3 Experimental Setup

For dataset composition, each fine-tuning run used
a 3:1 ratio of forget to retain data. Two strate-
gies were tested for constructing the forget por-
tion: Duplicate-based (tripling a single synthetic
dataset) and Mixed-dataset (combining three dis-
tinct synthetic datasets, all using Prompt 1). For
the prompt comparison experiment, we used the
duplicate-based strategy for all three prompts
(baseline, mischievous assistant, and counterfac-
tual rewriting). We varied batch sizes (1, 2, and
4, limited by GPU memory), epoch counts (5, 10,
and 15), and dataset mixing strategies in our fine-
tuning configurations. This allowed us to explore
how fine-tuning dynamics, prompt diversity, and
synthetic dataset construction influence unlearn-
ing effectiveness.

3.4 Baseline Model

To enable meaningful comparisons across fine-
tuning configurations, we defined a baseline
model configuration against which all other exper-
iments were measured.

The baseline was fine-tuned from the pre-
trained 1B parameter OLMo checkpoint for 10
epochs with an effective batch size of 4. It used a
duplicate-based synthetic forget dataset generated
with Prompt 1 and was fine-tuned with a learning
rate initialized at 5 x 1075, dynamically adjusted
via a scheduler.

All examples were formatted using a simple
instruction-response template:

### Input:
<question>

##4# Output:
<answer>

This baseline configuration was used as the
foundation for all controlled experiments, in
which we changed only one variable at a time to
assess its specific impact on unlearning effective-
ness.



3.5 Fine-tuning and Evaluation Protocol

Throughout the experiments we ensure there is
no data contamination while providing meaning-
ful performance assessment through proper train/-
validation separation. We had two phases, an ex-
periment phase and a final evaluation phase.

For the experiment phase all hyperparameter
exploration experiments were conducted by fine-
tuning and evaluating models exclusively on the
SemEval 2025 training set. The optimal configu-
rations reported in Tables 1-4 were selected based
entirely on training set performance. The vali-
dation set remained untouched during the exper-
iment phase.

For the final evaluation phase, we fine-tuned
and evaluated the model on the validation set using
the best hyperparameters identified from the pre-
vious training set experiments. This was the only
time the validation set was used and served exclu-
sively as our final performance benchmark, due to
the absence of a public test set.

3.6 Evaluation Metrics

We evaluate our approach following the SemEval
2025 framework, using three main metrics that
jointly capture unlearning effectiveness and model
utility. The first is a set of task-specific scores ap-
plied to both the forget and retain datasets, eval-
uated separately across the three SemEval sub-
tasks: creative documents, personal information,
and real biographies. These include regurgita-
tion scores, which are measured using ROUGE-
L for sentence completion, and knowledge scores,
assessed via exact match accuracy on question-
answer prompts. To ensure interpretability and
consistency across metrics, we report inverted
forget scores, computed as 1 — score. In this for-
mulation, higher values reflect better forgetting,
meaning lower memorization or factual retention
of sensitive content. High scores on the retain set
indicate desirable preservation of the non-sensitive
knowledge.

The second metric evaluates general-purpose
model utility using the MMLU benchmark, which
consists of multiple-choice questions spanning 57
disciplines, including STEM, social studies and
more. This provides a measure of the model’s
problem solving and factual capabilities indepen-
dent of the unlearning objective (Hendrycks et al.,
2021).

The third metric captures task-specific perfor-
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mance by computing the harmonic mean over all
evaluation scores derived from the retain and for-
get datasets. Specifically, it includes regurgitation
and knowledge scores for each of the three tasks
in both datasets, inverting the forget-set scores us-
ing 1 — score to ensure that higher values reflect
better forgetting. This task aggregate serves as a
composite measure of the model’s ability to forget
specified content while preserving other intended
knowledge.

The shared task submissions were also evalu-
ated using the Membership Inference Attack (MIA)
framework to assess the risk of data leakage after
unlearning (Duan et al., 2024). We did not include
the MIA score in our evaluation, as the required
data for the validation set was not available.

It is also important to contextualize MMLU
scores, which are known to be relatively low for
models with 1 billion parameters. According to
the SemEval 2025 organizers, models of this scale
typically achieve MMLU scores in the range of
0.23 to 0.25 (Ramakrishna et al., 2025).

4 Results

4.1 Impact of Hyperparameters: Epochs and
Batch Size

We explored the effect of batch size and epoch
count while holding all other variables constant.
All models in this comparison used synthetic
data generated with Prompt 1 and duplicate-based
composition. Tables 1 and 2 summarize the re-
sults. Note, we could not do batch size larger than
4 due to memory limitations.

Metric B=1 B=2 B=4
Inverted forget regurg.  0.195  0.161  0.137
Inverted forget know. 0495 0.278 0.148
Retain regurg. 0.986 0.988 0.989
Retain know. 0.996 0.997 0.997
MMLU average 0243 0.246 0.245
Task aggregate 0.409 0.317 0.233

Table 1: Effect of batch size (B) on unlearning effec-
tiveness. All models were fine-tuned for 10 epochs.



Metric E=5 E=10 E=15
Inverted forget regurg.  0.099  0.137  0.142
Inverted forget know. 0.061 0.148  0.206
Retain regurg. 0.987 0.989 0.990
Retain know. 0.997 0997 0.996
MMLU average 0.246 0.245 0.244
Task aggregate 0.143  0.233  0.267

Table 2: Effect of fine-tuning duration in epoch count
(E), on unlearning effectiveness. All models used batch
size 4.

Based on the experiments reported in Table 1
and 2, we observe several important trends in how
fine-tuning hyperparameters affect unlearning per-
formance:

As seen in Table 1, a batch size of 1 achieved the
highest inverted forget knowledge score (0.495)
and the highest task aggregate score (0.409), out-
performing both batch sizes 2 and 4.

Table 2 shows that increasing the number of
epochs from 5 to 15 steadily increased the in-
verted forget knowledge score from 0.061 to 0.206
and the task aggregate from 0.143 to 0.267, while
maintaining stable retention and utility.

4.2 Impact of Synthetic Data Volume

Next, we evaluated whether combining multiple
synthetic datasets improves unlearning compared
to repeating a single one. Table 3 compares the
duplicate-based strategy against a mixed-dataset
strategy using three distinct synthetic datasets (all
generated with Prompt 1). The baseline hyperpa-
rameters of batch size 4 and epoch count 10 was
used.

Metric Duplicate  Mixed
Inverted forget regurg. 0.137 0.103
Inverted forget know. 0.148 0.074
Retain regurg. 0.989 0.987
Retain know. 0.997 0.988
MMLU average 0.245 0.252
Task aggregate 0.233 0.074

Table 3: Comparison of synthetic data composition
strategies.

As seen in Table 3, using a duplicate-based
composition strategy gave a higher task aggre-
gate compared to the mixed-dataset approach. The
duplicate setup achieved higher inverted forget
scores and better retention across both regurgita-
tion and knowledge metrics. While the mixed-
dataset strategy had slightly higher MMLU perfor-
mance, it significantly reduced the task aggregate
score.

4.3 Impact of Prompt Design

Finally, we examined how the choice of prompt
used to generate synthetic forget data affected un-
learning outcomes. Table 4 compares results for
three prompt templates described in Section 3.1.
All models used the duplicate-based dataset com-
position, batch size 4, and 10 epochs.

Metric Prompt1 Prompt2 Prompt3
Inverted forget regurg. 0.137 0.178 0.163
Inverted forget know. 0.148 0.040 0.112
Retain regurg. 0.989 0.985 0.983
Retain know. 0.997 1 0.996
MMLU average 0.245 0.250 0.240
Task aggregate 0.233 0.108 0.239

Table 4: Effect of prompt engineering on unlearning
performance.

In Table 4, it can be seen that prompt 1
achieved the highest inverted forget knowledge
score. Prompt 2 had the highest inverted forget
regurgitation score, but the lowest task aggregate.
Prompt 3 offered the best task aggregate, although
it did not have the highest score in any other met-
ric.

4.4 Final Model

After systematically evaluating the impact of dif-
ferent fine-tuning parameters, synthetic data com-
positions, and prompt designs, we fine-tuned a
final model that combined the best-performing
strategies from all experiments. The goal was to
synthesize our findings into a single configuration
likely to yield the most effective unlearning re-
sults.

This model used Prompt 3 (counterfactual
rewriting) for prompt design, a duplicate-based
composition strategy, a batch size of 1, and was
fine-tuned for 15 epochs. These choices were
based on their relatively better task aggregate per-
formance compared to the other configurations.
Since MMLU scores remained relatively stable
across configurations, we prioritized unlearning
effectiveness over marginal differences in general
utility.

The fine-tuning followed the same fine-tuning
setup as in earlier configurations, including
instruction-response formatting and a learning rate
that started at 5 x 10~% and was dynamically ad-
justed throughout the fine-tuning. The final model
served as our best attempt at maximizing targeted
forgetting while preserving both general utility
and factual knowledge from the retain dataset.
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4.5 Final Evaluation on Public SemEval
Validation Set

After fine-tuning to get our final model using the
combined best configuration on the official Se-
mEval 2025 public validation set, we evaluated it
on the same set. While this dataset is labeled as
the "validation" set, it is the only testable bench-
mark publicly available, as the true private test
set was never released following the conclusion of
the competition. As such, this serves as our final
benchmark for reporting performance.

The model achieved the following results shown
in table 5

Metric Final Model
Inverted forget regurgitation 0.282
Inverted forget knowledge 0.451
Retain regurgitation 0.980
Retain knowledge 0.995
MMLU average 0.240
Task aggregate 0.520

Table 5: Final evaluation of our best-performing model
on the public SemEval 2025 validation set. All scores
are scaled between O and 1, where higher is better.

As seen from Table 5 the task aggregate is
higher than all of our previous experiments. In the
next subsection, we break down task-specific per-
formance across the three subtasks to better under-
stand the unlearning dynamics.

4.6 Task-Specific Performance

We further analyzed the unlearning behavior of
our final model across the three SemEval subtasks:
creative documents (Task 1), personal information
(Task 2), and real biographies (Task 3). Table 6
presents the task-specific inverted forget knowl-
edge scores. Higher values indicate more effective
unlearning.

Task Inv. Forget Inv. Forget Retain  Retain
Regurg. Know. Regurg. Know.
Task 1 0.389 0.583 0.999 1
Task 2 0.248 0.374 0.932 1
Task 3 0.230 0.618 1 0.973

Table 6: Task-wise unlearning performance of final
model. Abbreviations: "Inv." = Inverted.

Table 6 show Task 3 had the highest inverted
forget knowledge score (0.618). However, Task
3 also had the lowest forget regurgitation score
(0.230). Task 1 had the highest inverted forget re-
gurgitation (0.389). In contrast, Task 2 (personal
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information) had low scores in both inverted forget
regurgitation (0.248) and inverted forget knowl-
edge (0.374).

The retain regurgitation and retain knowledge
was consistenly high across all tasks.

4.7 Metric-by-Metric Comparison with
Leaderboard Models

While we cannot compute the final leaderboard
score due to the private test set not being pub-
licly accessible, we provide a direct compari-
son of our public validation performance against
leaderboard-reported results for task aggregate
and MMLU in Table 7. Although the datasets dif-
fer, this serves as the closest possible benchmark
given current constraints.

Model Task Aggregate MMLU
AILS-NTUA 0.964 0.242
SHA256 0.973 0.243
Atyaephyra 0.887 0.248
Mr. Snuffleupagus 0.412 0.250
ZJUKLAB 0.915 0.243
Ours (on Validation Set) 0.520 0.240

Table 7: Comparison of task aggregate and MMLU
scores across top SemEval 2025 systems (all using the
1B model). Our evaluation is on the public validation
set; others are from the private test set. The models are
sorted by the rank they got in the SemEval 2025 task,
with the top model achieving the best rank

As seen in Table 7 our model achieves a slightly
lower MMLU score (0.240) than the other mod-
els, and our task aggregate of 0.520 is the sec-
ond lowest, exceeding only the model by team Mr.
Snuffleupagus. These comparisons should be in-
terpreted with caution, given the differing evalua-
tion datasets.

5 Discussion

Our study demonstrates that synthetic data gener-
ation is a viable approach for selective unlearn-
ing in LLMs. Fine-tuning on plausible but in-
correct answers appears to help the model reduce
memorized sensitive content, with seemingly min-
imal evidence of degradation in general capabili-
ties based on our evaluations.

Several design decisions had a meaningful im-
pact on unlearning effectiveness. Smaller batch
sizes (particularly 1) and longer fine-tuning du-
rations (15 epochs) improved unlearning perfor-
mance with minimal harm to retention or general



utility. Synthetic data composition proved critical,
as repeating the same synthetic dataset (duplicate-
based composition) consistently outperformed us-
ing multiple distinct variants. This may be be-
cause introducing more diverse errors weakens the
corrective signal during fine-tuning. Prompt de-
sign also influences overall effectiveness. While
all three prompts produced viable synthetic data
for unlearning, Prompt 3 (which focused on coun-
terfactual rewriting through small factual changes)
achieved the best overall performance, as reflected
in the highest task aggregate. These results high-
light the importance of prompt formulation in
guiding the quality and impact of synthetic data.
By combining the best hyperparameters and de-
sign choices, our final model achieved decent for-
getting (inverted forget knowledge: 0.451), excel-
lent retention (retain knowledge: 0.995), and pre-
served general utility (MMLU: 0.240). The model
had the lowest unlearning performance on Task
2. This suggests that personal information may
be more deeply encoded or harder to overwrite
through synthetic unlearning, using our method.

With a task aggregate of 0.520 our final model
exceeded the task aggregate of 0.412 from Mr.
Snuffleupagus, although using different datasets.
Overall, our method requires no architectural
modifications and it is straight forward to im-
plement using off-the-shelf fine-tuning pipelines.
While not competitive with state-of-the-art leader-
board submissions on all fronts, our approach pro-
vides a compelling baseline for unlearning via
synthetic correction.

5.1 Ethical Considerations

Machine unlearning raises several ethical consid-
erations. While our work supports digital rights
to be forgotten and privacy regulations, it could
potentially be misused for censorship or informa-
tion manipulation. Our approach introduces false
information to overwrite facts, raising questions
about the ethics of teaching models incorrect in-
formation even for beneficial purposes. Addition-
ally, unlearned models may present knowledge
gaps not apparent to users, potentially undermin-
ing trust in Al systems.

5.2 Future Work

Future research could explore optimized prompt-
ing strategies for more effective synthetic alterna-
tives, combine our approach with gradient-based
methods, and identify which model parameters are
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most responsible for storing specific information.
Developing unlearning methods that avoid intro-
ducing false information and assessing the long-
term stability of forgotten information would ad-
dress both ethical concerns and practical limita-
tions of current approaches.

6 Conclusion

This study presents an alternative approach to ma-
chine unlearning in LLMs using synthetic data
generation. We demonstrate that by creating mod-
ified versions of content to be forgotten, models
can partially unlearn specific information while
maintaining general capabilities.

Our key contributions include: (1) a synthetic
data approach without complex architectural mod-
ifications; (2) and identification of fine-tuning pa-
rameters (batch size 1, 15 epochs, duplicate-based
3:1 ratio, prompt 3) that performed well in our ex-
periments.

Our best configuration achieved a task aggre-
gate of 0.520 while maintaining MMLU perfor-
mance comparable to top SemEval submissions.
These results demonstrate that our approach offers
a viable alternative to existing unlearning meth-
ods.

The code for this project is publicly available
at https://github.uio.no/henbergl/
IN5550_theHenriks/tree/main/exam.
The final, best-performing model is hosted on the
UiO Fox cluster at
/cluster/work/projects/ec403/theHenriks/
exam/finetuned_model/ .

7 Limitations

This work has several important limitations worth
noting. First, our synthetic data approach relies on
the quality of generated alternatives, which may
vary across different types of information and the
model used to produce the synthetic data. Second,
while seemingly viable for targeted unlearning,
our method may not scale efficiently to very large
datasets requiring extensive forgetting. Third, we
couldn’t evaluate MIA resistance due to data lim-
itations. Finally, our findings are based on ex-
periments with a 1B parameter model, and effec-
tiveness may vary with larger or differently archi-
tected models.
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Triangular Trade-offs in Machine Unlearning: A Gradient-Balanced
Approach for Large Language Models

Brage Eilertsen

Abstract

Large Language Models (LLMs) have become
increasingly prevalent in various applications,
but concerns about their memorization of train-
ing data have raised privacy and legal issues.
This paper addresses the challenge of "ma-
chine unlearning" - the task of making mod-
els forget specific content while retaining other
information. The paper presents a Gradient-
Balanced Unlearning (GBU) approach that
combines fixed and adaptive gradient scaling
with entropy-based token masking and KL reg-
ularization. Parameter sensitivity analysis re-
veals a trade-off between forgetting effective-
ness, knowledge preservation, and resistance to
membership inference attacks. Experimental
results demonstrate reduction in regurgitation
rates while preserving general language capa-
bilities. The paper provides empirical evidence
for how parameter selection can balance com-
peting objectives in machine unlearning.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in natural language
understanding and generation tasks. However, their
effectiveness stems partly from memorizing vast
amounts of training data, which raises concerns
about privacy, copyright infringement, and the right
to be forgotten (Ramakrishna et al., 2025). Tradi-
tional approaches to address these issues typically
require complete retraining of models after remov-
ing problematic data, a process that is computation-
ally expensive and impractical for frequent removal
requests (Liu et al., 2024).

Machine unlearning has emerged as a promising
solution to selectively remove information from
trained models without complete retraining (Jia
et al., 2024). This is especially relevant in scenar-
ios involving content takedown requests, such as
when individuals invoke the "right to be forgotten,"
creators demand removal of copyrighted material,

sensitive or harmful content must be eliminated
post-training, or legal compliance requires the dele-
tion of specific data.

The fundamental challenge in machine unlearn-
ing is achieving a delicate balance: effectively re-
moving target information while preserving model
performance on permissible content and general
language tasks. Current approaches often sac-
rifice one aspect for another, resulting in either
incomplete forgetting or degraded model utility.
As noted in the SemEval 2025 task description,
even top-performing teams experienced significant
utility drops and model degradation issues such
as garbage token generation (Ramakrishna et al.,
2025).

This paper addresses this challenge by present-
ing a Gradient-Balanced Unlearning approach,
which achieves improved performance on the Se-
mEval 2025 unlearning benchmark. The contribu-
tions of this work include: (1) a gradient-based un-
learning approach with entropy-based token mask-
ing and KL regularization that balances forgetting
and knowledge retention; (2) a parameter sensi-
tivity analysis revealing relationships between hy-
perparameters and unlearning metrics; (3) identifi-
cation of a triangular trade-off between forgetting
effectiveness, knowledge preservation, and MIA
resistance; and (4) empirical demonstration of hy-
perparameter configurations that maximize overall
performance.

2 Related Work

2.1 Machine Unlearning

Machine unlearning involves selectively removing
information from a trained model, which differs
significantly from preventing memorization during
training. Early work focused on classification tasks
with limited label spaces, but unlearning for gener-
ative models like LLMs presents unique challenges
due to their unbounded output space and complex
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representations of knowledge (Yao et al., 2024).

2.2 Gradient-Based Approaches

Gradient Difference (GD) represents one of the
primary approaches to machine unlearning. Jin et
al. (Jin et al., 2025) frame this as a regularized
multi-task optimization problem, introducing a nor-
malized gradient difference algorithm that enables
better control over the trade-off between forgetting
specific content and maintaining overall model per-
formance. The core idea is to perform updates in
parameter space that increase the loss on forget
data while minimizing impact on retain data.

Formally, given a model with parameters 6, for-
get data D, and retain data D, GD computes
parameter updates as:

9t+1 = 9,5 - T](VQE(DR, 975) - Av‘gﬁ(DF, 9,5))

(D

where 7 is the learning rate, £ is the loss func-

tion, and A is a hyperparameter controlling the for-

getting strength. However, as shown in several stud-

ies, naively applying GD can lead to catastrophic

forgetting of general knowledge and degradation
in model utility (Jin et al., 2025).

Recent advancements in gradient-based ap-
proaches include normalized gradient difference
techniques, which use gradient norms to dynami-
cally balance competing objectives in unlearning
(Jin et al., 2025). These approaches have been
shown to stabilize training by controlling the rela-
tive influence of forget and retain gradients, provid-
ing better optimization trajectories during unlearn-
ing.

2.3 Preference Optimization Methods

More recently, Negative Preference Optimization
(NPO) (Zhang et al., 2024) has emerged as an ef-
fective technique for unlearning. This approach
frames the problem as preference learning, where
the model is trained to avoid generating content
related to the forget set. NPO works by creating
pairs of responses—one containing forgotten infor-
mation and one without—and training the model to
assign higher probability to the latter (Yuan et al.,
2025).
The NPO loss can be defined as:

ﬁNPO(e) = - E(az,yw,yz)ND

log o (role, ) — roe, )]
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where 79 (z,y) is the model’s reward score for
generating output y given input x, y,, is the pre-
ferred output (without forgotten information), and
vy is the dispreferred output (containing forgotten
information).

While NPO shows promise in maintaining model
utility better than GD, it still suffers from stability
issues during training and can lead to model col-
lapse when applied aggressively (Xu et al., 2025).

2.4 Evaluation Frameworks

A significant challenge in machine unlearning re-
search has been the lack of standardized evalua-
tion metrics. The SemEval 2025 benchmark (Ra-
makrishna et al., 2025) addresses this gap by pro-
viding evaluation across three dimensions: task-
specific forgetting (measured through both sen-
tence completion (regurgitation) and question an-
swering (QA) tasks to assess the model’s ability to
avoid reproducing or utilizing forgotten content),
membership inference attack (MIA) resistance, and
model utility preservation (Duan et al., 2024).

3 Methodology

3.1 Problem Formulation

The unlearning task follows the SemEval 2025 for-
mulation. Given a pretrained language model M
with parameters 6, a set of documents to forget Dp,
and a set of documents to retain Dg, the goal is to
find a new parameter set 6 such that:

* The model cannot reproduce or utilize infor-
mation from Dp

* The model maintains its capabilities on D

* The model preserves its general language ca-
pabilities

3.2 GBU Approach

The Gradient-Balanced Unlearning (GBU) ap-
proach focuses on effective parameter optimization
to balance forgetting, knowledge preservation, and
MIA protection. GBU unifies four core compo-
nents into a single framework: adaptive gradient
scaling, which dynamically adjusts the forgetting
signal during training; KL divergence regulariza-
tion to preserve general knowledge by minimiz-
ing divergence between the unlearned and original
models on retain data; entropy-based selective to-
ken masking, which targets uncertain or ambigu-
ous tokens for enhanced forgetting at the token



level; and embedding noise injection to improve
resistance against Membership Inference Attacks
(MIA). What distinguishes GBU from prior work
is not just the combination of these methods, but
also a systematic, empirical analysis of how they
interact. While previous research has typically in-
vestigated these techniques in isolation, GBU is the
first to jointly integrate and tune them, providing
new insights into the trade-offs between forgetting,
retention, and privacy in large language models.

3.2.1 Adaptive Gradient Scaling

In gradient-based unlearning, the forget factor (de-
noted as \) is a crucial hyperparameter that con-
trols the strength of the anti-gradient applied to
forget samples. This parameter determines how
aggressively the model should "unlearn" the target
information by moving parameters in directions
that increase loss on forget data while maintaining
performance on retain data.

Traditional gradient difference methods use a
fixed forget factor throughout training. However,
the key finding is that adaptive gradient scaling,
where the forget factor is dynamically adjusted, can
outperform fixed scaling when properly combined
with other parameters:

Ori1 =0: — 1(VoL(Dg, 6:)

3
— M VyL(Dp,6;)) @

Where \; (the adaptive forget factor) is dynami-
cally adjusted based on the relative magnitudes of
retain and forget losses:

L(Drg,0)
ﬁ(D Fy 975) +e€

The value of —8.0 for the scaling multiplier was
selected based on preliminary parameter sweeps,
in which stronger negative values were observed
to provide more robust unlearning when using
adaptive scaling. In contrast, for fixed-scaling ex-
periments, the best aggregate performance was
achieved with a static forget factor of —6.0 (see
Section 4.3.3). Thus, the adaptive setting uses —8.0
for increased flexibility across different stages of
training, while fixed scaling performs best at —6.0.

This adaptive approach automatically balances
the emphasis between forgetting and retention by
increasing the forget factor when retain loss is high
(model struggling with retain data) and decreasing
it when forget loss is high (model already forgetting
well). The adaptive forget factor \; from Equation

A = —8.0- “4)
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4 directly serves as the weighting coefficient in
the combined loss function (Equation 8), ensuring
dynamic balance throughout training.

3.2.2 Knowledge Preservation Regularization

To maintain model utility, the approach introduces
a Kullback-Leibler (KL) divergence regularization
term, controlled by a weight parameter («):

Lir(0) =a-)  Drr(Po(yle) || Poyle)) ()
€D

Here, D1, (Po, (y|z) || Po(y|x)) denotes the KL
divergence between the output distribution of the
original (pre-unlearning) model P, and the current
(unlearned) model Py for input x over all possible
outputs y. The set D represents the retain dataset,
and « is a hyperparameter that controls the strength
of the regularization. This term encourages the
unlearned model to maintain similar predictions
to the original model on non-forgotten data, thus
preserving general knowledge.

Experiments revealed that values of o between
1.5 and 2.45 provide optimal knowledge retention
while allowing sufficient forgetting. This approach
aligns with recent work that minimizes KL diver-
gence between the unlearned model and the origi-
nal model on the retain set to preserve knowledge
on unrelated data (Yuan et al., 2025).

3.2.3 Entropy-Based Token Masking

Selective token masking using an entropy threshold
targets only high-entropy tokens for unlearning:

mask(token) = entropy(token) > threshold
(6)
Validation showed that entropy thresholds be-
tween 0.16-0.22 provide the best balance between
targeted forgetting and knowledge preservation.
This approach builds on prior work showing that
maximizing entropy for targeted tokens can achieve
more precise unlearning while maintaining coher-
ent outputs (Yuan et al., 2025; Gao et al., 2025).

3.2.4 MIA Defense Optimization

A defense weight parameter () controls the appli-
cation of noise during training:

embeddings’ = embeddings + noise - (7)

Values between 6.0-8.5 provided significant
MIA protection, though with an observed trade-off



in knowledge preservation. This defense mech-
anism 1is crucial for protecting against member-
ship inference attacks, which attempt to determine
whether specific data was used in model training
(Duan et al., 2024).

3.2.5 Combined Loss Function

The final loss function combines these validated
components:

['total(e) = ECE—retain(e)
+ )\tﬁCE—forget(e) (8)
+ OéﬁKL(Q)

Where LoE—retain and LoE— forget are cross-
entropy losses on retain and forget data respectively,
A is the adaptive forget factor from Equation 4, and
L1, is the KL regularization term.

3.3 Implementation Details

The GBU approach is implemented using the
OLMo 1B model provided in the SemEval 2025
task. Optimal hyperparameters, identified through
systematic exploration, include a learning rate of
1.4e-5 with linear decay, a batch size of one se-
quence, 16 gradient accumulation steps, and three
training epochs. Regularization settings consist of
a KL weight (o) of 2.45 and an entropy threshold
of 0.21. The system uses adaptive gradient scaling,
an MIA defense weight () of 7.4, and a forget
ratio of 0.36.

Early stopping with a patience of three evalua-
tions is used to prevent overfitting and to select the
model with the best aggregate score across evalua-
tion metrics.

3.4 Datasets

Following the SemEval 2025 task, the method is
evaluated on three types of documents: (1) long-
form synthetic creative documents spanning differ-
ent genres, referred to as *Creative Documents*;
(2) short-form synthetic biographies containing per-
sonally identifiable information, labeled as *PII
Documents*; and (3) real documents sampled from
the target model’s training dataset, denoted as
*Training Data*. For each category, there are both
forget and retain sets, with corresponding evalua-
tion prompts for sentence completion and question
answering tasks (Ramakrishna et al., 2025).

3.5 Evaluation Metrics

The approach is evaluated using three primary met-
rics, following the official IN5550 shared task pro-
tocol.

First, task-specific forgetting is assessed on both
sentence completion (regurgitation) and question
answering (QA) tasks for each of the three doc-
ument types: creative writing, synthetic biogra-
phy/PIl, and real documents. Sentence completion
is measured using ROUGE-L scores, while QA is
measured using exact match accuracy. Both met-
rics are computed separately on the forget and re-
tain sets and aggregated according to the official
evaluation script.

Second, the Membership Inference Attack (MIA)
score quantifies the model’s vulnerability to pri-
vacy attacks, using a loss-based distinction be-
tween member and non-member data as described
in (Duan et al., 2024). MIA evaluation followed the
official shared task protocol, using the designated
member and non-member data points provided for
the benchmark, which are sampled from the train
split. This ensures direct comparability with other
submissions, though it should be noted that results
are based only on the available train data.

Third, model utility is assessed by performance
on the MMLU benchmark, covering 57 STEM sub-
jects.

Final model ranking is based on the arithmetic
mean of the aggregated unlearning score, the MIA
score, and the MMLU accuracy, in line with the
official evaluation guidelines (Ramakrishna et al.,
2025).

3.6 Baselines

The GBU approach is compared against the fol-
lowing baselines from the SemEval 2025 compe-
tition (Ramakrishna et al., 2025): the unmodified
OLMo 1B model, AILS-NTUA, SHA256, Atyae-
phyra (Bronec and Helcl, 2025), Mr. Snuffleupa-
gus, and ZJUKLAB (Xu et al., 2025).

4 Results

4.1 Main Results

Table 1 shows the performance of the GBU ap-
proach compared to baselines on the validation set.

The GBU approach achieves a significant im-
provement over the unmodified model, with strong
performance on MIA resistance while maintaining
MMLU performance. The best configuration uses
adaptive gradient scaling with carefully optimized

117



Method Task MIA MMLU Final

Agg. Score Score
Unmodified model  0.000 0.000 0.243  0.081
AILS-NTUA 0964 0.857 0.242 0.688
SHA256 0973 0.741 0.243 0.652
Atyaephyra 0.887 0.622 0.248 0.586
Snuffleupagus (Mr.) 0.892 0.613 0.241  0.579
ZJUKLAB 0.881 0.598 0.244 0.566
GBU (fixed) 0.048 0.665 0.243 0.319
GBU (adaptive) 0.051 0.735 0.243 0.333

Table 1: Main results on the validation set comparing the Gradient-Balanced Unlearning (GBU) approach with
baselines. Task Agg. refers to the harmonic mean across all regurgitation metrics.

parameters (MIA defense weight 7.4, KL weight
2.45), achieving an aggregate score of 0.333. The
fixed scaling approach with optimized parameters
reaches a slightly lower aggregate score of 0.319.
While the Task Aggregate scores are substantially
lower than reported baselines (with a harmonic-
mean-task-aggregate of 0.051 in this work), this is
primarily due to how this metric is calculated as
the harmonic mean across all regurgitation metrics.
As shown in the detailed results, Task 1 (Creative)
has particularly low knowledge scores (0.125 on
the forget set, 0.148 on the retain set) compared to
Tasks 2 and 3. Since harmonic means are highly
sensitive to small values, these low scores dispro-
portionately reduce the overall Task Aggregate de-
spite better performance in other dimensions. This
highlights a key limitation of the approach - while
it achieves good MIA resistance and maintains
MMLU performance, it struggles with consistent
knowledge preservation across all task types, par-
ticularly with creative content.

4.2 Parameter Configurations

To better understand different trade-off points, sev-
eral parameter configurations were evaluated. Ta-
ble 2 shows these results.

These results demonstrate the range of possi-
ble trade-offs available through parameter tuning.
The Default configuration retains all knowledge
but offers no forgetting or MIA protection. The
optimized Fixed and Adaptive configurations show
different balance points in the trade-off space, with
Adaptive scaling outperforming Fixed when prop-
erly tuned.

4.3 Parameter Sensitivity Analysis

To better understand the impact of various hyperpa-
rameters on unlearning effectiveness, a parameter
sensitivity analysis was conducted. This analysis
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provides insights into the relationships between
parameters and performance metrics, which can
guide future work in this area.

4.3.1 Experimental Setup

Key hyperparameters were systematically varied
while maintaining others at their default values.
For each configuration, three primary metrics were
evaluated: forget-set regurgitation score, knowl-
edge preservation, and MIA resistance. The param-
eter space exploration included:

* Learning rate: {2e-6, 5¢-6, le-5, 1.5¢-5, 2e-
5, 3e-5}

* Forget factor: {-4.0, -5.0, -5.5, -6.0, -6.5,
-7.0,-8.0, -10.0}

* Gradient scaling method: {adaptive, fixed}

* KL regularization weight: {0.3,0.5, 0.7, 0.8,
1.0,1.2,1.5,2.0}

* MIA defense weight: {0.3, 0.5, 1.0, 1.5, 3.0,
6.0,7.0,12.0}

* Entropy threshold: {0.08, 0.12, 0.15, 0.18,
0.2,0.25,0.3,0.4}

4.3.2 Gradient Scaling Method

Initial experiments under default parameter set-
tings revealed that fixed scaling was significantly
more effective for unlearning than adaptive scaling.
When using a forget factor of —6.0, fixed scaling
achieved noticeable regurgitation reduction, while
adaptive scaling struggled even with stronger forget
factors.

However, with optimized hyperparameters (KL
weight of 2.45 and MIA defense weight of
7.4), adaptive scaling outperformed fixed scaling,
achieving better scores across metrics (regurgita-
tion: 0.019 vs 0.073, MIA: 0.735 vs 0.668) and a
higher aggregate score (0.333 vs 0.319).



Configuration Forget Regurg. Knowledge MIA Score Aggregate
Default (unmodified)  0.986+0.005 1.000 0.000 0.081
Fixed (Optimal) 0.073+0.010 0.382+0.050 0.665+0.020 0.319
Adaptive (Optimal) 0.019+£0.002  0.387+£0.030 0.735+0.010 0.333
Final Test Results 0.019 0.387 0.735 0.333

Table 2: Performance comparison across experimental configurations. The Adaptive (Optimal) configuration
achieved the best aggregate score during development, while the Final Test Results show the official submission

performance.

These findings highlight the importance of con-
sidering parameter interactions holistically rather
than in isolation (Liu et al., 2024), as the relative
performance of scaling methods depends signifi-
cantly on their combination with other parameters.

4.3.3 Forget Factor Sensitivity

Forget factor, which controls the strength of the
anti-gradient for forget samples, exhibits a non-
monotonic relationship with unlearning effective-
ness. Figure 1 illustrates this relationship.

Optimal (-6.0)
T0.319

70.0

Aggregate Score

-40 -50 -6.0 -7.0 -8.0 -10.0 A

Figure 1: Non-monotonic relationship between forget
factor value and unlearning performance. Aggregate
score peaks at -6.0 (0.319) and degrades at both lower
values (insufficient forgetting) and higher values (train-
ing instability). Note: The curve is a conceptual illus-
tration of the non-monotonic relationship; axis scaling
is not proportional to actual scores.

Experiments revealed an optimal configuration
around a forget factor of —6.0, with performance
degrading at both higher and lower values. Specif-
ically, weak signals such as —4.0 failed to en-
force meaningful forgetting, while overly strong
settings like —8.0 and —10.0 introduced training
instabilities that hindered learning. This pattern
suggests that unlearning involves complex opti-
mization dynamics, where the balance between
forgetting strength and training stability is critical.

4.3.4 MIA Defense Weight Impact

The MIA defense weight parameter, which controls
the strength of membership inference attack protec-
tion, demonstrated the most significant influence on

the trade-off between knowledge preservation and
MIA resistance. Table 3 shows this relationship.

MIA Forget Knowledge MIA Aggregate
Defense Regurg. Score Score
0.3 0.735 0.954 0.000 0.081
1.5 0.640 0.971 0.000 0.157
3.0 0313 0.775 0.000 0.157
7. 0.008 0.382 0.754 0.333
12.0 0.075 0.341 0.156 0.174

Table 3: Impact of MIA defense weight on performance
metrics. Note the transition from no MIA protection
(0.000) to strong protection (0.754) between values 3.0
and 7.0, accompanied by significant knowledge degra-
dation.

A critical threshold exists between values 3.0
and 7.0, where the model transitions from having
no MIA protection to strong protection. However,
this comes at the cost of significant knowledge
degradation, highlighting a fundamental trade-off
in unlearning systems.

Further experiments revealed that if member-
ship inference attack resistance is not a priority,
it is possible to significantly improve knowledge
retention while still maintaining effective forget-
ting. Reducing the MIA defense weight from 7.4
to 6.8, together with increases in KL weight (from
2.45 to 3.2) and entropy threshold (from 0.21 to
0.24), resulted in dramatic improvements in knowl-
edge preservation metrics with minimal impact on
forgetting effectiveness.

The Taskl knowledge score increased from
0.125 to 0.500, addressing one of the primary weak-
nesses of the approach. The overall knowledge
score rose from 0.595 to 0.671, and the harmonic-
mean task aggregate more than doubled from 0.051
to 0.118. These improvements came at the cost
of reduced MIA resistance (dropping from 0.705
to 0.549) and a slight decrease in the aggregate
benchmark score (0.333 to 0.304).

This finding demonstrates a critical aspect of
the triangular trade-off: while the SemEval 2025
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evaluation framework explicitly weighs MIA pro-
tection heavily in the aggregate score, in real-world
applications, the optimal balance may vary depend-
ing on specific requirements and priorities. For
scenarios where privacy concerns are secondary
to maintaining model utility, deprioritizing MIA
defense can yield significantly better knowledge
preservation while still achieving the core forget-
ting objective.

4.3.5 Entropy Threshold, KL. Weight, and
Learning Rate Effects

The entropy threshold parameter, which determines
which tokens are targeted for unlearning, exhib-
ited a highly non-linear relationship with unlearn-
ing performance. Thresholds below 0.15 resulted
in overly aggressive forgetting, causing substan-
tial degradation of general knowledge as many
tokens—including those unrelated to the forget
set—were masked. Conversely, thresholds above
0.25 were too conservative, failing to sufficiently
target memorized content and leading to incom-
plete forgetting. The experiments identified a nar-
row optimal range between 0.16 and 0.22, where
entropy-based token masking most effectively tar-
geted genuinely uncertain (high-entropy) tokens.
Within this interval, the model achieved the best
trade-off between effective forgetting and knowl-
edge preservation. Notably, even small changes
within this range (e.g., from 0.18 to 0.21) produced
significant differences in performance, underscor-
ing the importance of careful threshold calibration.
These findings highlight entropy-based token mask-
ing as a powerful and sensitive mechanism for pre-
cise, targeted unlearning.

KL regularization weight also showed a direct
relationship with knowledge retention. Lower
weights (0.3-0.6) favored forgetting but impaired
knowledge preservation, whereas higher values
(1.5-2.4) preserved knowledge at the cost of for-
getting effectiveness. This confirms findings from
recent work showing that KL divergence regulariza-
tion is crucial for balancing competing objectives
in unlearning (Liu et al., 2024).

The learning rate demonstrated a similarly non-
linear effect. Very low rates (e.g., 2e-6) had mini-
mal impact, while moderate rates (1.4e-5 to 1.7e-
5) achieved balanced performance. High learning
rates (above 3e-5) caused excessive forgetting, lead-
ing to utility degradation.
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4.3.6 Parameter Interactions

The experiments revealed strong interaction effects
between parameters, particularly between scaling
strategy, KL weight, and MIA defense strength.
A core finding is the triangular trade-off between
effective forgetting, knowledge preservation, and
MIA resistance. Improving one often requires sac-
rificing at least one of the others. This helps explain
why methods that optimize for a single objective
frequently fail to maintain overall model quality
(Jia et al., 2024).

Improving performance on any one dimension
typically requires sacrificing performance on at
least one other dimension. This triangular trade-
off explains why approaches that focus solely on
forgetting often lead to catastrophic knowledge loss
or fail to provide MIA protection.

4.3.7 Key Insights

The parameter analysis revealed several important
insights for effective unlearning. First, strong pa-
rameter interactions play a critical role: for in-
stance, adaptive gradient scaling only outperforms
fixed scaling when combined with high MIA de-
fense (7.4) and KL weights (2.45). Second, many
parameters exhibit non-monotonic relationships
with performance metrics, requiring careful tun-
ing to avoid suboptimal regimes. Third, optimal
regions exist for both fixed (e.g., forget factor
of —6.0) and adaptive scaling, particularly when
combined with appropriate regularization settings.
Fourth, entropy-based masking with thresholds be-
tween 0.16 and 0.22 proved effective for targeted
forgetting. Finally, the experiments underscore
fundamental trade-offs between forgetting effec-
tiveness, knowledge preservation, and MIA resis-
tance, highlighting the need for a balanced, multi-
objective optimization approach when designing
unlearning systems (Cooper et al., 2024).

5 Discussion

5.1 Analysis of Success and Failure Cases

The GBU approach performs well across most eval-
uation dimensions, but there are specific scenarios
where challenges remain. For instance, when for-
get and retain sets contain very similar information
with subtle differences, the model sometimes strug-
gles to distinguish what should be forgotten versus
retained. This highlights the inherent tension in
machine unlearning tasks and points to areas for
future improvement.



5.2 Balancing Competing Objectives

The core challenge in machine unlearning, as
demonstrated by the triangular trade-off framework,
is finding the right balance between forgetting tar-
get information, preserving knowledge, and ensur-
ing MIA resistance. The parameter sensitivity anal-
ysis provides a systematic approach to identifying
optimal trade-off points for different applications.

In the final experiments, adaptive gradient scal-
ing combined with a high MIA defense weight (7.4)
and KL regularization weight (2.45) achieved the
best aggregate score of 0.333 on validation data.
However, there remains a significant gap between
the GBU approach and the top-performing system
(0.333 vs. 0.688 for the top team), which is largely
attributable to memory constraints that prevented
implementation of a permanent noise layer and
limited the use of layer-specific training.

A key observation from task-specific results is
the uneven performance across different tasks. For
example, the GBU approach achieved knowledge
scores on the forget set of 0.125 (Task 1: Creative),
0.739 (Task 2: PII), and 0.441 (Task 3: Training
Data). On the retain set, knowledge scores were
0.148 (Task 1), 0.696 (Task 2), and 0.270 (Task 3).
This high variance suggests that certain types of
content are inherently more difficult to selectively
unlearn, and that a more tailored approach may
be beneficial for different types of knowledge or
content domains.

Overall, these results reinforce the triangular
trade-off: optimizing for strong MIA resistance
and forgetting inevitably results in reduced knowl-
edge preservation, particularly on complex or nu-
anced content. As the ablation experiments show,
relaxing the MIA objective can yield much higher
knowledge scores while maintaining effective for-
getting, but at the cost of lower aggregate scores
under the official benchmark. Thus, real-world ap-
plications must consider their specific priorities,
privacy protection versus knowledge utility, when
selecting optimal parameter configurations for un-
learning.

5.3 Comparison with Other Approaches

When comparing GBU with other state-of-the-art
approaches from the SemEval 2025 competition,
several distinctions emerge. The top-performing
AILS-NTUA team (0.688 final score) employed
iterative unlearning on carefully sampled chunks
of forget data mixed with a larger retain set, while
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GBU focuses on optimizing gradient scaling mech-
anisms for improved trade-offs. SHA256 (0.652
final score) used causal mediation analysis to iden-
tify the first five model layers as most relevant for
unlearning with re-weighted Gradient Difference.
This targeted approach differs from GBU’s full-
parameter optimization but supports the findings
on parameter sensitivity. Atyaephyra (0.586 final
score) implemented NPO with LoRA adapters and
KL regularization, demonstrating an efficient ap-
proach to the memory optimization challenge. Mr.
Snuffleupagus (0.485 final score) applied targeted
unlearning using RMU on three specific layers,
aligning with the parameter sensitivity findings.
ZJUKLAB (0.483 final score) employed model
merging to combine models with complementary
strengths. Their observation of a "probability see-
saw effect” in reverse optimization methods paral-
lels the non-monotonic relationships between for-
get factors and unlearning performance, suggesting
a common challenge in gradient-based unlearning
approaches (Ramakrishna et al., 2025).

6 Conclusion

This paper presented Gradient-Balanced Unlearn-
ing (GBU), an approach for unlearning sensitive
content from large language models. Through
parameter sensitivity analysis, optimal configura-
tions were identified that balance the competing
objectives of forgetting target content, maintain-
ing model performance on retained information,
and providing resistance to membership inference
attacks.

A key insight from this work is that preventing
model degradation during unlearning requires ex-
plicit mechanisms to preserve the model’s capabil-
ities, not just focusing on the forgetting objective.
The systematic parameter exploration reveals a fun-
damental triangular trade-off between forgetting
effectiveness, knowledge preservation, and MIA
resistance that must be carefully balanced.

An interesting finding is that while initial experi-
ments with default parameters suggested fixed gra-
dient scaling was essential for effective unlearning,
the final experiments demonstrated that adaptive
scaling can outperform fixed scaling when properly
combined with optimized MIA defense and KL reg-
ularization weights. This highlights the complex
parameter interactions at play and emphasizes the
importance of holistic parameter optimization.

While the current implementation achieved sig-



nificant improvements over the unmodified model,
with an aggregate score of 0.333 compared to
the baseline of 0.081, it should be noted that top-
performing approaches in the SemEval 2025 com-
petition (such as AILS-NTUA with 0.688) sub-
stantially outperformed the GBU method. This
performance gap points to the need for further in-
novation in gradient-based unlearning approaches,
particularly in better balancing regurgitation con-
trol with MIA protection. Future work should in-
vestigate how to integrate the parameter sensitivity
insights uncovered here with the more successful
techniques employed by top-performing systems.

7 Limitations and Future Directions

The GBU approach achieved improvements over
the unmodified model but faces several important
limitations that suggest directions for future re-
search:

7.1 Methodological Limitations

The gradient-based approach exposes several key
challenges for machine unlearning. First, there
are inherent conflicts between gradients for for-
get and retain data, especially when their parame-
ter spaces overlap; the non-convex loss landscape
of language models further complicates targeted
forgetting. Second, entropy-based masking oper-
ates at the token level rather than on underlying
concept representations, often resulting in surface-
level forgetting while distributed knowledge may
persist. Third, the method is limited to parame-
ter optimization and does not exploit architecture-
specific strategies, even though knowledge is not
stored uniformly across the model. These factors
highlight that pure gradient-based unlearning has
fundamental constraints, and that future research
should consider layer-specific sensitivity analysis
and structural interventions, such as targeted mod-
ifications to attention mechanisms or embedding
spaces, to achieve more robust and conceptually
precise unlearning.

7.2 MIA Protection Trade-offs

The experiments revealed a fundamental trade-
off: achieving strong MIA protection currently re-
quires accepting significant knowledge degradation.
Demonstrating that reducing MIA defense priori-
ties can improve knowledge retention highlights an
ongoing challenge in unlearning systems, where
competing objectives cannot be simultaneously op-
timized.
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The sharp transition in MIA defense effective-
ness (between weights 3.0-7.0) suggests potential
for more sophisticated approaches. Future research
should focus on techniques that provide MIA pro-
tection without sacrificing knowledge preservation,
such as adversarial training methods or differential
privacy integration.

7.3 Task-Specific Performance Variability

The significant performance variance across task
types (particularly the Task1l knowledge score of
0.0 with standard parameters) indicates an inherent
challenge in developing a one-size-fits-all approach
to unlearning. This suggests the need for content-
type specific approaches where unlearning is for-
mulated as an explicit multi-objective optimization
problem with learned weightings between compet-
ing objectives based on content characteristics.

7.4 Practical Constraints

The implementation faced several practical limi-
tations: experiments were confined to the 1B pa-
rameter model, memory constraints prevented full
implementation of promising extensions such as
permanent noise layers, and the method assumes
access to model gradients, which may not be avail-
able in black-box settings.

Future work should address these constraints
through parameter-efficient fine-tuning methods
(LoRA, adapters) and knowledge distillation ap-
proaches that could enable effective unlearning on
resource-constrained environments and in black-
box scenarios.

8 Code and Data Availability

To ensure reproducibility, the complete implemen-
tation code, hyperparameter configurations, and ex-
perimental scripts are publicly available at https:
//github.uio.no/brageei/UnlearningExam.
The final unlearned model checkpoint is available
on HuggingFace at https://huggingface.co/
bragee/UnlearnedGBU, and is also accessible
on Fox at /fp/projects@1/ec403/ec-bragee/
llm-unlearning/outputs/clean_unlearning_
20250518_123800/best_model. The repository
includes detailed documentation for replicating
all experiments reported in this paper and can be
adapted for other unlearning benchmarks. All code
is released under an open-source license.
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Abstract

This paper explores methods for machine un-
learning in large language models (LLMs), fo-
cusing on the selective removal of sensitive or
unwanted data from a pretrained model. In-
spired by the SemEval-2025 Task 4 benchmark,
our work addresses the challenge of making a
model forget a specified forget set while pre-
serving knowledge from a retain set. We pro-
pose a new anti-clustering objective that di-
rectly modifies the hidden representations in
the first five layers of the model to encourage
dispersion among forget examples. Our experi-
ments, conducted on the provided 1B parameter
OLMo model, analyze the effects of this objec-
tive on the internal geometry of representations
using metrics such as mean pairwise distance
and silhouette scores. We also measure the
performance of this anti-clustering on selec-
tive unlearning metrics. While our approach
successfully increased dispersion among for-
get representations in early layers, it did not
achieve selective unlearning, since both for-
get and retain examples were affected simi-
larly. We discuss limitations related to batch
size and centroid estimation, and suggest direc-
tions for further improving targeted unlearning
in LLMs using anti-clustering methods. The
code is avalaible at: https://github.uio.
no/anti-clustering/WWNLP2025

1 Introduction

Large Language Models (LLMs) have demon-
strated exceptional performance across a broad
spectrum of natural language processing tasks, in-
cluding question answering, summarization, and
dialogue generation. However, these models are
also known to memorize portions of their training
data, occasionally regurgitating sensitive, private,
or copyrighted data. This behavior has led to a
new class of attacks known as inference attacks
(Kandpal et al., 2024). The tendency of LLMs
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to memorize data introduces legal, ethical, and
privacy-related concerns for model developers and
vendors, especially in light of increasing regulatory
pressures and evolving norms surrounding data pro-
tection and the "right to be forgotten." In response
to these concerns, the field of machine unlearning
has emerged to remove specific information from
trained models without costly retraining which is a
critical need for large-scale LLLMs, where retrain-
ing from scratch is prohibitively expensive. (Bour-
toule et al., 2019). Yet, unlearning in LLMs present
unique challenges due to their vast parameter space,
opaque representations, and entangled data depen-
dencies, making precise and selective forgetting a
non-trivial task.

The SemEval-2025 Task 4 challenge (Ramakr-
ishna et al., 2025) formalizes this unlearning prob-
lem by introducing a shared benchmark with a
clear objective. The task involves two datasets:
one with data to be forgotten and another with
knowledge to be retained. Participants are required
to modify a pretrained LLM to unlearn the forget
set while maintaining high performance on the re-
tain set. Two pretrained models are provided: one
with 1 billion parameters and another with 7 billion
parameters. Performing this selective unlearning
is challenging. Under-forgetting risks failing to
delete all sensitive content, while over-forgetting
can result in the loss of valuable general knowledge,
often leading to catastrophic unlearning (Nguyen
et al., 2024). This phenomenon highlights the trade-
off between precision and preservation in model
editing. To address this, we propose a novel anti-
clustering objective, which operates directly on the
internal hidden representations of the model. Our
method aims to make forget examples appear as
outliers in the model’s latent space, without signifi-
cantly affecting the retain examples. By shifting the
internal structure in this targeted way, we seek to al-
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ter the model’s output to forget specific data while
minimizing damage to its general capabilities. Our
experiments were conducted on the /semeval25-
unlearning-1B-model, although the overall idea is
extendable to larger models. We assess the effect of
our approach on internal representation geometry
by performing cluster analysis to see how well the
anti-clustering performed.

2 Background

2.1 Task background

As mentioned, the SemEval-2025 Task 4 task of-
fers the two datasets Retain D, and forget Dy.
The goal is to remove the forget examples and
keep knowledge of the retain examples. There
are also multiple evaluations on three general tasks.
These tasks are: synthetic creative writing, syn-
thetic biographies and real Wikipedia biographies.
The top-performing approaches in the competition
commonly use parameter-efficient fine-tuning with
model chunking (Premptis et al., 2025), model
merging (Xu et al., 2025), and Low-Rank Negative
Preference Optimization (Bronec and Helcl, 2025).
These methods all address a central challenge: un-
learning often goes too far, resulting in catastrophic
forgetting. The core idea behind anti-clustering is
to mitigate this issue by explicitly preventing over-
unlearning.

2.2 Related work

Anti-clustering is conceptually similar to con-
trastive learning, commonly used in image learn-
ing tasks, with methods like SimCLR gaining pop-
ularity (Chen et al., 2020). Both methods move
around representations. Contrastive learning, how-
ever, aims to pull positive pairs together, leading
to meaningful clusters, whereas our method of
anti-clustering aims to move representations fur-
ther away from each other. Tampering and moving
hidden representations within a model to unlearn
a model is already a tested approach in LLM un-
learning. (Huu-Tien et al., 2025) used an analysis
of representation misdirection (RM) and showed
that steering latent vectors of data slated for re-
moval towards random targets erased the specific
facts, but also made the model fragile. They used a
backdoor attack-defense problem with noise-based
stabilization, by adding small Gaussian noise to
the representation of the retain examples to make
it more robust. Our focus, on the other hand, is on
anti-clustering by pushing forget examples in latent

space, directly moving their hidden layer represen-
tation. (Agrawal and Huang, 2025) showed empir-
ically, via causal mediation analysis (CMA), that
sensitive data lie mostly in the first five layers of the
LLM using the OLMo architectures, which is the
same transformer architecture we use. Those layers
are therefore natural targets for the anti-clustering,
to make it more efficient at affecting the sensitive
data. By focusing anti-clustering efforts on these
layers, we maximize the intervention on sensitive
data while minimizing disruption to more abstract,
general knowledge that is typically represented in
higher layers. This choice is thus both empirically
justified and computationally efficient. Clustering
analysis is relevant for finding whether the em-
beddings did indeed drift away and the Silhouette
Coefficients is a useful cluster-seperation metric
(Bagirov et al., 2023). This, combined with the
pairwise distances and mean-to-standard deviation,
measured both on the base and the fine-tuned mod-
els, validates whether the embeddings have actually
become less clustered, as intended.

3 Method

Anti-Cluster Loss

Anti-clustering aims to push representations away
from one another, particularly within a designated
subset of data. The core idea is to prevent the model
from forming tight clusters among examples we
want it to forget. By disrupting these clusters in
the model’s internal representations, anti-clustering
reduces the likelihood that the model will memo-
rize or regurgitate coherent, sensitive content. This
approach takes as an assumption that sensitive data,
such as specific sentences or facts, is encoded to-
gether in contiguous regions of the model’s latent
space. By scattering these representations, anti-
clustering inhibits the model’s ability to retrieve or
reconstruct the original information.

To do so, all data points in the forget example are
spread using their distance from the centroid of the
retain example. We also move all forget examples
away from each other pairwise to avoid clustering
them together.

Figure 1 provides a simplified visualization of
our proposed anti-clustering method. It illustrates
how the anti-clustering loss L anT7 is computed in
two ways: by maximizing the pairwise distance
among the forget representations themselves (black
arrows between red crosses), and by pushing the
forget examples away from the retain examples
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LANTI =

(distance between clusters). The backward arrow
indicates that this loss is propagated during training
to update the model parameters.

Model representation forget retain

T. 1La?‘

<::|.L/

backwards

Figure 1: Schematic of anti-clustering: The distance
between the cluster of forget and retain examples is
propagated to the model representations.

The anti-cluster loss is propagated through a set of
target layers ¢ via full fine-tuning. Anti-clustering
can be formally defined as follows:

For each targeted layer /, let
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be the pooled hidden vectors for the forget and
retain batches.
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The anti-cluster loss for each layer is:
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This term pushes the representations of forget
examples away from the typical location of retain
examples in the hidden space, while preventing the
forget representation to form clusters, forcing them
to scatter in the representation space.
The hidden-norm regularization for each layer
is:
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Averaging over the set of targeted layers £:
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The total loss is then:
Liotal = Wanti LANTI + Wreg LREG (8)

Equation 8 defines the complete objective used
to fine-tune the model. Here, £anT1 encourages
the representations of the forget set to become dis-
persed and separate from the centroid of the re-
tain set, promoting de-clustering of sensitive data.
The regularization term, LR, penalizes excessive
growth in the norm of the hidden vectors, which
could otherwise result from maximizing distances.
The scalar weights w,ng and wyeg balance the two
objectives, allowing us to control the strength of
anti-clustering relative to regularization. By ad-
justing these hyperparameters, we ensure that anti-
clustering is effective without destabilizing model
training or degrading generalization.

This term actively “pushes” the forget-set rep-
resentations away from the retain centroid and
away from each other, achieving the type of anti-
clustering in latent space we are after. By L2-
normalizing, the loss focuses on the direction of
the representations in the latent space, as opposed
to their raw magnitude. This avoids the model to
simply increase vector norms to boost distances.
When our model is fine-tuned with anti-clustering,
we would like to be able to measure how it has un-
clustered the representations of the model. We then
compute the relevant metrics for cluster analysis
using layer-wise dispersion.

Layer-wise Dispersion

To measure the cluster spread within each
layer £ for the pre-trained model and the fine-tuned
model, we analyze both pairwise differences and
silhouette score on the embeddings. Let
¢

B} c Y ©)
be the pooled hidden vectors from layer ¢, and
define the pairwise distance matrix

7= [n —n (10)
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We can then compute the mean and standard devia-
tion
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A high py indicates that the representations are
spread out in the space, and for the forget set,
should increase with anti-clustering. This value
should stay roughly the same for the retain set
for the anti-clustered model compared to the base
model. Another useful metric to use when looking
for clustering, is the Coefficient of variation which
is % A high value here indicates non-uniform dis-
persion and possible clustering, while a low value
suggests the points are more evenly spread. For
anti-clustering, we want the forget examples to be
evenly scattered around in the latent space, mean-
ing we would like to decrease that value compared
to the base model.

Silhouette Score Silhouette Score let us know
how good the hidden representations are K-
clustered. This is a standard cluster validity index
that quantifies how well-separated and compact
clusters are, with higher scores indicating better
clustering structure (Bagirov et al., 2023).

It is defined as follows:
Given a clustering {Cy,...,C;} of the Ny

vectors (the hidden states from layer £), define for
each sample 7:

, 1 0 _ 1.0
a(i) = =1 > Y =n| a3
]Cj_cz
JF
b(¢) = min —— h{Y — -E 14
(i) = mir |C, Z [y (14)
Then the per-sample silhouette is
: b(i) — a(i)
= 15
W medaoosoy
and the mean over all points is defined as,
0_ 15
o _ L .
Sy = Ng;s(z) (16)

This term measures average silhouette scores for
values of K, that is, how well does the data fall into
K clusters. A low S ,(f) indicates there are no clear
K clusters. To find out whether the data separate
into any clusters, we measure the mean Silhouette
score for K=2 to K=5. If anti-clustering is working,
this average should be low for forget. The Silhou-
ette score should stay roughly unchanged for the
retain set after applying anti-clustering. We can
now quantify how the retain and forget examples
are arranged in the hidden-state geometry of the
base 1 Billion parameter model for the first five
layers. We report these metrics first on the base
model, then finally, on our most "anti-clustered"
fine-tuned model which is the model that ends up
having the lowest mean S,(f) score for K=2 to K=5
across the five layers (aggregated using mean).

4 Experiments

We ran the full unlearning experiments on the
semeval25-unlearning-1B OLMo model that is ex-
pected to be used by the SemEval task. We first
ran a fine-tuning anti-clustering model with LoRA
(Hu et al., 2021), however the model didn’t seem
to unlearn anything, thus we changed to full fine
tuning. For our experiments we ran 5 tests each
with different configurations of learning rate and
retain weight. We found that a learning rate of
le-5, and retain weight of 0.4 yielded the best re-
sults. The retain weight is the weight of the loss
for the retain examples. This weight controls how
much the model is penalized for making mistakes
on the retain set. It scales a classic cross-entropy
loss to make sure the model keeps retain data. Due
to memory constraint, we were only able to run
the tests with a batch-size of 8, which is admit-
tedly quite low. For each run, we doubled the
anti-clustering factor to see how it impacted the
unlearning of the model.

4.1 Metrics

To assess the effectiveness of unlearning strategies,
the SemEval-2025 task employed multiple metrics
that capture both the degree of forgetting and the
preservation of general model capabilities. The first
one is Regurgitation Rate: For the sentence comple-
tion task, the extent to which the model retains the
forget set is measured using the ROUGE-L score
(Lin, 2004), where lower scores indicate more ef-
fective forgetting. We also measure Knowledge
Retention: In the question answering task, exact
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match accuracy is used to compute how well the
model retains desired knowledge from the retain
set. We measure Task Aggregate Score (Aggregate
Harmonic Mean): This metric is calculated as the
harmonic mean over all regurgitation and knowl-
edge scores. Moreover, we measure Membership
Inference Attack (MIA) Score. This score, also
defined as MIA accuracy, quantifies the model’s
vulnerability to privacy leakage by evaluating how
easily an adversary can infer whether specific data
was part of the training set. Finally, we evaluated
our best model on the MMLU metric (Hendrycks
et al., 2021). The MMLU metric stands for Mas-
sive Multitask Language Understanding. It is a
benchmark designed to evaluate the general reason-
ing and knowledge capabilities of large language
models across a wide range of academic and profes-
sional subjects. It allows us to assess whether the
model retains its performance after anti-clustering.
We trained our model on the provided train set and
tested it on the provided validation set since we
didn’t have access to the training set.

4.2 Findings

Anti-clustering weight to final metrics
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Figure 2: Plot showing MIA score and Aggregate Har-
monic Mean score for each anti-clustering weight

In figure 2, we plot the Aggregate Harmonic
Mean score and MIA score for each value of anti-
clustering weight. We can see that the MIA score
stays stable while the aggregate harmonic mean
peaks when the anti-clustering is weighted by 32
and is at its lowest for the weights 0.25 and 128.
Meanwhile, the MIA score seems to stay constant.
‘We then evaluated the best model (the one where
ac_weight = 32) on the MMLU task and got a
score of 0.24 which is the same score as the original
OLMo model achieved.
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Figure 3: Plot showing regurgitation score and knowl-
edge score for retain and forget sets for each anti-
clustering weight

In the figure 3 we plot the overall regurgitation
score and overall knowledge score for both for-
get and retain sets. We can see that their score is
inversely proportionate to the weight of the anti-
clustering, meaning that the anti-clustering weight
does modify the representations of the model. How-
ever, we can also see that the curve of the forget
and retain sets tightly follow each other, indicating
that the model can’t selectively unlearn the forget
set while preserving the retain set.

From the first and second plot and the MMLU
score, we can deduce that the model is still
retaining the sensitive information in its layers
(constant MIA), however it undergoes attrition of
the model’s general capabilities. Both its overall
regurgitation score and overall knowledge scores
decrease with higher anti-clustering weight. The
MMLU-score indicates that the model has retained
most of its capabilities, considering it scores so low
on retain overall regurgitation score and overall
knowledge score. This would indicate that the
model seemingly only forgot the retain and forget
sets

Compared to the other submissions, our best
model doesn’t quite reach the level of the top per-
forming submissions of the SemEval-2025 task 4.
Table 1 shows the final scores.

It is unsure if the anti-clustering had its effect on
the representation within the layers of the model.
Thus we evaluate its clusters on the affected first
five layers. We first begin with the base model and
see how the retain and forget sets are clustered in
Table 2.



Team Task Aggregate MIA score MMLU avg
AILS-NTUA 0.964 0.857 0.242
SHA256 0.973 0.741 0.243
Atyaephyra 0.887 0.622 0.248
Best model 0.408 1 0.24
Worst model 0.006 1 N/A*
Unmodified 0 0 0.243

Table 1: One billion parameter leaderboard. *The MMLU avg is missing for our worst model, because we only
computed it for our best model. The best model is the one with ac_weight = 32 and the worst one selected is the

one with ac_weight = 0.25

g(0)

Layer Set  u¢  ou/pe Sy
1 retain  1.923 0.558 0.397
2 retain  1.492 0.419 0.320
3 retain 1457 0.397 0.306
4 retain 1.723 0.360 0.303
5 retain  2.100 0.296 0.263
1 forget 1.878 0.545 0.389
2 forget 1.460 0.408 0.315
3 forget 1.429 0.393 0.306
4 forget 1.704 0.363 0.298
5 forget 2.086 0.300 0.272

Table 2: Metrics for the base model across layers 1-5,
for both retain and forget sets.

Table 2 shows both forget and retain sets are well-
clustered in all layers, indicating the model encodes
both types of data in structured ways. After anti-
clustering, our goal is to destroy the cluster struc-
ture of the forget set—reflected in low/negative sil-
houette scores, while also preserving the structure
of the retain set. This would indicate successful
unlearning at the representation level. We selected
the most clustered model by computing the mean
silhouette scores for K=2:5 on the first five layers of
each model. We then averaged these scores across
different anti-cluster weights. Figure 4 presents
the average silhouette scores for each model across
a range of anti-clustering weights, enabling us to
quantify the dispersion achieved for the forget set.

It is evident that increasing the anti-clustering
weight resulted in good anti-clustering in the begin-
ning, but increasing the weight further, did not yield
better spread among the forget examples. The over-
all loss landscape is not convex, and small changes
in the anti-cluster weight can yield very different
minima. Dips in the silhouette scores may indicate
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Figure 4: Plot showing average silhouette score for each
model with different anti-clustering weight

that the model found a way to spread the points
without truly achieving the intended anti-clustering.
Peaks indicate that the model fell back to clustered
structure, possibly because anti-clustering was too
weak, or because the optimization pushed the rep-
resentations to new, accidental clusters.

In Table 3 are the results of the model with low-
est average silhouette score across the five first lay-
ers. This is the model which is most anti-clustered
across the first five layers. It is clear that anti-
clustering has a pronounced effect on the forget
set. Representations are more dispersed (higher
we) compared to the base model. Silhouette scores
plummet, especially in higher layers, showing that
the forget representations are now more uniformly
distributed as k-means cannot identify strong clus-
ters. This is the desired effect of anti-clustering,
as it has successfully destroyed cluster structures
among forget examples. For the forget set, the
silhouette is low, confirming it is de-clustered,
while the retain set representations form large, well-



g(6)

Layer  Set pe oo/ 2:5
1 retain  1.536 0.441 0.304
2 retain 3.111 2.420 0.749
3 retain  3.879 2471 0.755
4 retain  5.103 3.092 0.743
5 retain  5.890 3.260 0.950
1 forget 1.489 0.392 0.311
2 forget 2.211 0.727 0.169
3 forget 2.631 0.597 0.108
4 forget 2.926 0.520 0.132
5 forget 3.247 0.472 0.131

Table 3: Metrics for the model with lowest average
silhouette score across layers 1-5, for both retain and
forget sets.

separated clusters, as indicated by the high silhou-
ette score. However, the model showing the most
anti-clustering is not the one performing the best
on aggregated harmonic mean and MIA scores. It
seems that there are no apparent correlations be-
tween the targeted selective unlearning and the anti-
clustering objectives that we have experimented
with.

5 Limitations

One of the limitations is that we couldn’t have ac-
cess to the final test set to make our methodology
more robust. Also, the small batch size of eight
used in training may have negatively impacted the
quality of centroid estimation and the stability of
anti-clustering updates. This may have introduced
noise and bias into the optimization process. Our
approach focused exclusively on the first five layers
based on prior empirical findings, but this choice
may overlook some important effects in deeper lay-
ers or even cross-layer interactions. Additionally,
computational constraints prevented us from con-
ducting a more extensive hyperparameter search or
running ablation studies, which could have further
validated our conclusions.

6 Discussion and Conclusion

Our results indicate that the anti-clustering ap-
proach, as implemented, was insufficient for effec-
tively solving the SemEval-2025 unlearning task.
While we were able to apply anti-clustering objec-
tives and quantitatively verify an increase in repre-
sentation dispersion in the earlier layers, this did
not translate to targeted unlearning of the forget set.
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Instead, the model exhibited similar degradation
for both the forget and retain examples, with no real
meaningful distinction between the two in terms of
forgetting. One clear explanation for this outcome
is the limited batch size used during training.
With only 8 examples per batch, the computed re-
tain centroid may be a poor proxy for any true cen-
troid of the entire retain set considering that their
representations were scattered randomly around the
model’s latent space along with the forget set repre-
sentations. This may have led to noisy or unstable
anti-clustering updates. This, in turn, could cause
the optimization to move forget examples apart in-
discriminately, undermining the selective nature
of the unlearning objective. Furthermore, such
small batches are unlikely to provide a represen-
tative sample of the data distribution, limiting the
effectiveness of both centroid calculation and over-
all anti-clustering. To address these issues, future
work could explore strategies such as increasing
the batch size significantly and using other mech-
anisms to better approximate the global centroid.
There is definitively room for improvement for a
more sophisticated anti-clustering objective than
the one used here. Additionally, more targeted
anti-clustering, to directly identifying and repel
the same forget representations across batches may
lead to more controlled and effective unlearning. It
would also be interesting to combine anti-clustering
with more established unlearning techniques, such
as KL-divergence (Chen and Yang, 2023), or Nega-
tive Preference Optimization (NPO) (Zhang et al.,
2024), to investigate whether anti-clustering can
further improve unlearning performance. Overall,
while anti-clustering showed promise in terms of
manipulating latent space geometry, our findings
suggest that significant methodological improve-
ments are needed to achieve robust and selective
unlearning with such an approach.
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Abstract

We investigate whether jointly training a
transformer-based dependency parser on Nor-
wegian Bokmal and Nynorsk improved perfor-
mance compared to training on each language
variant separately. Using a pre-trained BERT
(NorBERT?3) and Universal Dependency tree-
banks, we find that the cross-variant relation
is asymmetric: Nynorsk shows modest perfor-
mance gains, while Bokmal experiences a sig-
nificant decline - primarily attributable to re-
duced accuracy in predicting fine-grained mor-
phological features.

These findings suggest that even closely related
language variants do not necessarily benefit
from joint training. This highlights the need for
a deeper understanding of when and why cross-
variant transfer fails, particularly in contexts
where linguistic similarity is presumed to be an
advantage.

1 Introduction

The Universal Dependencies (UD) project (Nivre
et al., 2016) provides a framework for consistently
annotating grammatical, morphological, and syn-
tactic relations across many languages. As of ver-
sion 2.2 (Nivre et al., 2018), it includes over 70
languages and more than 120 annotated datasets,
enabling large-scale cross-linguistic comparison.

Because the UD framework emphasizes harmo-
nized annotation based on linguistic universals, it is
particularly well-suited for evaluating cross-lingual
generalization. Since treebanks follow consistent
guidelines, performance differences are more likely
to reflect true linguistic variation or cross-lingual
effects, rather than annotation inconsistencies.

This raises an intriguing question: can a machine
learning model trained on two morphosyntactic
variants of the same language learn more robust
representations than one trained on a single variant?
In this project, we investigate whether fine-tuning
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a transformer-based dependency parser on both
variants of Norwegian improves performance - and
whether such improvements are symmetric.

Norwegian has two official written standards:
Bokmal and Nynorsk. While they are mutually in-
telligible and often treated as variants of the same
language, they differ in morphology, syntax, and
lemmatization. These differences make Norwe-
gian a compelling case for studying cross-treebank
transfer within a single language.

Our main contribution is an empirical analysis of
cross-variant learning effects using a transformer-
based parser. We evaluate performance at the mor-
phological, syntactic, and lemmatization levels to
assess whether shared training data benefits or hin-
ders performance on each variant.

Interestingly, we find that the cross-variant trans-
fer is asymmetric: Nynorsk shows modest improve-
ments from joint training with Bokmal, while Bok-
mal performance deteriorates - particularly in the
detailed morphological accuracy. This suggests
that linguistic similarity alone does not guarantee
mutual benefit in joint training.

These findings have practical implications for
multilingual NLP, especially in deciding when to
generalize across similar languages versus tailoring
models to each variant. A better understanding of
when transfer helps - or hurts - can inform the
design of more effective cross-lingual systems.

2 Background

2.1 Dependency Parsing

Dependency parsing is the task of analyzing the
grammatical structure of a sentence by identifying
how words are connected - specifically, how they
modify and depend on one another.



Early work in the mid-20th century took a
grammar-based, context-free approach to parsing
(Gaifman, 1965). This gradually evolved into data-
driven methods for dependency grammar in the
late 1990s (Eisner, 1996). In the following decades,
higher parsing accuracies were achieved using lin-
ear discriminative models and support vector ma-
chines notably in the work of Matsumoto and col-
leagues in the early 2000s (Nivre et al., 2007; Ya-
mada and Matsumoto, 2003).

The next major leap came with the advent of
neural network-based models. Approaches us-
ing sequential recurrent networks, such as stacked
LSTMs (Chen and Manning, 2014), and graph-
based models like the biaffine attention parser
(Dozat and Manning, 2017), pushed state-of-the-art
performance.

In parallel, the Universal Dependencies (UD)
project introduced a harmonized syntactic anno-
tation framework across many languages (Nivre
et al., 2016). This provided a consistent format for
part-of-speech tagging and dependency treebanks.
The Norwegian Dependency Treebank (Solberg
et al., 2014) was converted to the UD format in
2016 (@Dvrelid and Hohle, 2016), facilitating com-
parative parsing research on Norwegian data.

With the emergence of pre-trained transformer
models such as BERT (Devlin et al., 2019), and
especially multilingual variants, there has been a
shift away from task-specific architectures toward
general-purpose parsing systems. A prominent
example is the UDify model by Kondratyuk and
Straka, which achieves competitive performance
across 75 languages using a single model (Kon-
dratyuk and Straka, 2019). By leveraging contex-
tual embeddings that capture both syntactic and
morphological patterns in text, these models of-
ten outperform earlier graph-based and recurrent
approaches.

2.2 Related Work

Velldal et al.(Velldal et al., 2017) identified a
20-25% drop in Labeled Attachment Score (LAS)
when a dependency parser was trained exclusively
on one Norwegian variant and evaluated zero-shot
on the other. However, they also reported a modest
performance improvement when training jointly on
both variants. Based on these findings, they recom-
mended using a mixed treebank when building a
single cross-variant model.

In the context of Norwegian transformer-based
models the NorBERT family of models (Samuel
et al., 2023) provides a solid foundation for explor-
ing syntactic variation across Bokmal and Nynorsk.
These models are pre-trained on large Norwegian
corpora and are particularly well-suited for down-
stream syntactic tasks.

Our work builds upon the NorBERT models by
Samuel et al. (2023) and the biaffine dependency
parser by Dozat and Manning (2017). We con-
tribute to the Norwegian dependency parsing com-
munity by focusing on cross-variant transfer learn-
ing, with particular emphasis on morphological,
syntactic, and lemmatization performance.

2.3 Dataset

or this study, we use the Norwegian Bokmal and
Norwegian Nynorsk treebanks from the Univer-
sal Dependencies (UD) 2.2 release (Nivre et al.,
2018). Although both represent varieties of the
same language, we treat them as distinct languages
throughout this work, in alignment with the UD
framework’s treebank organization.

The datasets are provided in the CoNLL-U for-
mat (Nivre et al., 2016), a standardized struc-
ture for annotated linguistic data across languages.
Each sentence is represented as a sequence of to-
kenized words, with each token annotated in ten
tab-separated columns. This format captures multi-
ple layers of linguistic information, including:

Lemma: the canonical or dictionary form of the
word, i.e. the word "er" has the lemma "vere".

Universal Part-of-Speech (UPOS): The course-
grained morphological tag for the word, i.e.
NOUN, VERB, AD]J et.c.

Universal Features (UFeats: Fine-grained mor-
phological features to describe the grammatical
properties of the word, i.e. tense, number, gender,
etc.

Head: the syntactic head/parent of the current
word represented by an index pointing to another
word in the sentence.

Dependency Relation (Deprel): the syntactic
relationship between a word and its head, i.e. sub-
ject, object, adjective modifier et.c.

In addition to the columns already described,
each CoNLL-U token line includes five more fields.
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Table 1 gives an overview of the remaining columns
for each word in the CoNLL-U format.

Column Description

ID Word index in sentence

FORM  Surface form of the token

XPOS Language-specific POS tag

DEPS Enhanced dependency graph (optional)
MISC Miscellaneous annotations (e.g., spaces)

Table 1: Overview of all ten CoNLL-U columns.

2.4 Evaluation metrics

To evaluate cross-treebank learning performance,
we adopt the same evaluation framework as used
in the 2018 Universal Dependencies (UD) Shared
Task. Specifically, we rely on the official evalua-
tion script provided by the UD organization, which
computes a range of metrics for syntactic parsing
quality. In our experiments, we focus on the three
most comprehensive metrics: LAS, MLAS, and
BLEX, all reported as F1 scores. Below is an intu-
itive overview of the three metrics we use:

Labeled Attachment Score (LAS): Measures
whether both the predicted syntactic head and de-
pendency relation for each word match the gold
standard. LAS is the primary metric for syntactic
parsing accuracy.

Morphological-Aware Labeled Attachment
Score (MLAS): Extends LAS by also requiring the
predicted universal part-of-speech (UPOS), mor-
phological features (UFeats), and those of each
word’s immediate children to match the gold an-
notations. This metric evaluates both syntactic
structure and morphological accuracy, making it a
stricter measure than LAS.

BiLexical Dependency Score (BLEX): Further
extends LAS by also comparing the lemmatization
of each word against the gold standard. BLEX
therefore evaluates syntactic structure along with
lexical correctness.

Evaluation is performed by comparing the pre-
dicted CoNLL-U formatted files against gold-
standard annotated sentences in the same format.
We use the official evaluation script from the UD
Shared Task!.

1https ://universaldependencies.org/conll18/
conll18_ud_eval.py
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3 Method

To ensure comparability across conditions, we use
the same model architecture and training settings
throughout, varying only the composition of the
training data. Specifically, we fine-tune a pre-
trained multilingual transformer under three con-
figurations:

* Train on Bokmal only, evaluate on both Bok-
mal and Nynorsk.

* Train on Nynorsk only, evaluate on both Bok-
mal and Nynorsk.

e Train on the combined dataset, evaluate on
both.

Evaluation is conducted on held-out test sets for
each variant, using the standard UD metrics: LAS,
MLAS, and BLEX. This setup allows us to isolate
the effect of cross-variant exposure on parsing and
tagging performance across morphological, syntac-
tic, and lexical di

3.1 Preprossessing

During preprocessing, we extract the relevant fea-
tures for each sentence. Each word is tokenized
using the tokenizer associated with the chosen pre-
trained transformer model.

Categorical annotations - UPOS, UFeats, and
DepRel - to integer IDs based on the training set.
These mappings are reused during validation and
testing to maintain label consistency across all
splits. The tokenizer internally handles the align-
ment between subword tokens and the original
word-level labels. After tokenization, all sentences
within a batch are padded to a uniform length, and
an attention mask is generated to distinguish actual
tokens from padding.

The number of unique UPOS tags, UFeat com-
binations, and DepRel labels differs across the two
treebanks. Table 2 highlights the linguistic diversity
present in the individual and combined datasets.

Feature Bokmal Nynorsk Combined
UPOS 17 17 17
Ufeat 177 138 253
Deprel 37 40 40

Table 2: Diversity and annotation richness in each tree-
bank.



3.2 Lemmatization

Our lemmatization approach consists of two main
steps: (1) building a lemma lookup dictionary dur-
ing training, and (2) generating and selecting lem-
mas during inference.

Step 1: Building a lemma lookup table during
training

During training, we store information about how
each word is tokenized and what its corresponding
gold-standard lemma is. Specifically, we:

¢ Convert each word and its lemma to lower-
case.

* Tokenize the word into subword units using
the same tokenizer as the model.

» Record the subword composition of each word
along with its corresponding lemma.

 Track which words each subword appears in,
to allow reverse lookups during inference.

Step 2: Generating and selecting lemmas during
inference

When the model encounters new text, we attempt
to predict the correct lemma for each word using
its subword tokenization. The candidate selection
proceeds as follows:

* Attempt an exact match: look up training
words that share the full subword sequence
with the current word. If found, return the
associated lemma.

¢ If no exact match is found, search for the
longest matching subword prefix and suggest
the corresponding lemma.

* If prefix-based suggestions fail, fall back to
any lemma previously seen for related sub-
words.

From the resulting set of candidates, we apply
simple linguistic heuristics to select the most ap-
propriate lemma:

* For proper nouns, preserve capitalization if
applicable.

* If the original word exists among the candi-
dates, return it.
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* Otherwise, apply suffix-stripping rules for
common inflections in nouns, verbs, and ad-
jectives, and select lemmas matching the re-
sulting stem.

* If multiple candidates remain, select the
lemma closest in length to the original word.

* As a final fallback, return the original word in
lowercase.

This hybrid approach enables the model to han-
dle both seen and unseen words by combining a
data-driven lookup strategy with lightweight rule-
based heuristics.

3.3 Model selection

We do not aim to push the state-of-the-art in parsing
accuracy. Instead, we adopt a model that is strong
enough to reliably learn basic syntactic and mor-
phological patterns - ensuring that any observed
transfer effects are not due to model randomness..
Our reference point is the CoNLL 2018 Shared
Task baseline system.

Our architecture builds on NorBERT 3 (Samuel
et al., 2023), a Norwegian bidirectional transformer.
Subword representations from NorBERT are aggre-
gated to word-level tokens, normalized, regular-
ized, and passed through individual MLP heads to
predict UPOS, UFeat, HEAD, and DepRel features.

Dependency arcs and relations are decoded us-
ing a biaffine attention mechanism (Dozat and Man-
ning, 2017), and the model is trained with cross-
entropy loss. To ensure valid syntactic trees - i.e.,
no cycles or self-loops - we incorporate the Kirch-
hoff Matrix-Tree Theorem (Koo et al., 2007), us-
ing the implementation from SuPar (Zhang et al.,
2020).

As our interest lies in the comparative structural
analysis rather than absolute accuracy, we do not
perform extensive hyperparameter tuning. All ex-
periments are run with fixed settings known to yield
results on par with the CONLL-U baseline? (Nivre
et al., 2018).

2https: //universaldependencies.org/conll18/
baseline.html



Hyperparameters

All models were trained with the same config-
uration: we used the AdamW optimizer with a
learning rate of 6 x 10~ and weight decay of
1 x 1077, Training employed an effective batch
size of 16, achieved via gradient accumulation over
4 micro-batches per optimizer step. All model
parameter was updated during training. Each
MLP head comprised three hidden layers with
sizes [1536, 1536, 768], followed by a task-specific
output layer mapping from 768 to the target fea-
ture dimension. BDropout with rate 0.2 was ap-
plied between hidden layers, and all activations
were GELU. The transformer backbone was the
NorBERT3-Small model.

3.4 Results

Table 3 summarizes the F1 scores for UPOS,
UFeats, Lemmas, LAS, MLAS, and BLEX under
three aforementioned traning regimes, on both vali-
dation and test sets.

As expected, models trained on one variety per-
form poorly when evaluated on the other, reflecting
clear annotation differences between Bokmal and
Nynorsk. The most striking pattern emerges in
the combined training condition: Nynorsk retains
its performance - indeed, BLEX even improves
slightly - when Bokmal data are added during tran-
ing. In contrast, Bokmal’s performance deteriorates
notably, particularly in UFeats (validation: 94.73
— 67.59; test: 94.37 — 67.89). LAS and MLAS
also decline, though less dramatically, suggesting
that fine-grained morphological predictions (cap-
tured in UFeats) are most sensitive to cross-variety
training noise.

Part-of-speech tagging and LAS performance are
consistent with the trends reported in Velldal et al.
(Velldal et al., 2017), particularly Table 3 on page
8, where joint training yields modest average gains
but reveals substantial variation across variants.

These findings indicate an asymmetric transfer
effect: joint training either improves or preserves
Nynorsk performance, while it undermines Bok-
mal’s capacity to model rich fine-grained morpho-
logical patterns.

4 Discussion

Our experiments reveal a clear asymmetry in cross-
treebank transfer: Nynorsk benefits from the inclu-
sion of Bokmal data, whereas Bokmal performance

degrades when trained on the combined dataset.
The main driver of this decline is the UFeats metric,
which drops by nearly 27% for Bokmal but remains
essentially unchanged for Nynorsk. This suggests
that conflicting morphological distributions - no-
tably differences in gender marking and feature fre-
quency - cause the shared model to overgeneralize
patterns that align with Nynorsk but misrepresent
Bokmal.

The observed drop in UFeat accuracy for Bok-
mal may also stem from our implementation of
universal feature mappings. Although Table 2 cor-
rectly reflects overall feature richness, our setup
maps UFeats using all values in the sixth column
of the CoNLL-U files. This string-level encoding
can lead to inconsistencies. For example, the Bok-
mal treebank may include both VerbForm=Inf and
VerbForm=Inf|Voice=Pass, while only the for-
mer appears in the Nynorsk data. An alternative ap-
proach would be to separate individual morpholog-
ical attributes — e.g., VerbForm, Voice, Gender
— and predict each with a dedicated head. While
such a design might yield more balanced cross-
variant performance, we opted to treat UFeats as
composite labels in this study. Given the relative
richness of Bokmal’s feature inventory, however,
the observed performance degradation is more se-
vere than expected.

Nynorsk’s lower morphological diversity - that
is, fewer unique UFeat combinations - appears to
dominate the learned feature space, skewing the
MLP parameters away from Bokmal-specific pat-
terns. Still, LAS degrades only modestly, suggest-
ing that syntactic structure transfers more robustly
than morphology. One possible explanation is that
the model gravitates toward a simpler morphologi-
cal distribution, which presents fewer optimization
conflicts. Rather than merely failing to generalize,
the model may learn incorrect generalizations when
exposed to incompatible morphological signals -
actively harming Bokmal’s representation. This
non-bijective transfer effect cautions against treat-
ing closely related treebanks as interchangeable:
shared training data can introduce antagonistic sig-
nals that benefit one variant while impairing the
other.

These findings invite broader reflection on the
factors that govern successful cross-treebank trans-
fer. Structural similarity alone may not guarantee
compatibility. While syntactic annotations may be
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Training Data ‘ Bokmal (BM) Nynorsk (NN) Combined Baseline?
ValidationData | BM | NN | BM | NN | BM | NN || BM | NN |
Metrics ‘

UPOS | 9660 | 8469 | 87.79 | 96.82 | 9646 | 9681 | - | - |
UFeats | 9473 | 5894 | 60.83 | 9561 | 6759 | 9550 | - | - |
Lemmas | 9384 | 7599 | 79.07 | 9355 | 87.62 | 9412 || - | - |
LAS | 8536 | 6439 | 73.09 | 87.30 | 8637 | 8592 | 8456 | 8275 |
MLAS | 7355 | 2320 | 29.00 | 77.39 | 40.63 | 7698 | 7595 | 73.88 |
BLEX | 7281 | 39.87 | 4844 | 7447 | 712 | 7512 | 78.04 | 7576 |
Test Data | BM | NN | BM | NN | BM | NN | BM | NN |
Metrics \

UPOS | 9627 | 8517 | 87.02 | 96.73 | 9594 | 96.60 | - -
UFeats | 9437 | 5889 | 61.16 | 9488 | 67.89 | 9415 || - | - |
Lemmas | 9351 | 7484 | 79.16 | 92.85 | 8692 | 9338 | - | - |
LAS | 8540 | 6507 | 7222 | 87.21 | 86.46 | 87.08 | 8347 | 8213 |
MLAS | 7362 | 2358 | 2895 | 7670 | 4089 | 7629 | 74.65 | 7240 |
BLEX | 7258 | 40.10 | 4768 | 73.77 | 70.12 | 7444 | 7632 | 7422 |

Table 3: F1 scores on test sets for each model’s predictio
and lemmatization. Models share identical hyperparamet

ns of syntactic dependencies, morphological features,
ers and differ only in their train/validation data paths.

“Combined” columns report the average of two runs using Bokmal or Nynorsk for validation checkpointing.

relatively stable across varieties, morphological an-
notation is more sensitive to linguistic nuance and
editorial convention, making full isomorphism un-
likely even within a single language. Alternatively,
the asymmetry may not stem solely from linguistic
properties, but also from annotation consistency. A
treebank that is internally noisier or more hetero-
geneous may be more susceptible to interference
when combined with another.

From a practical perspective, our results sug-
gest two guidelines for multilingual NLP appli-
cations. First, avoid naive mixing of treebanks
when morphological precision is critical; consider
instead reweighting or sampling strategies to bal-
ance feature distributions. Second, introduce ex-
plicit indicators of language variety or annotation
source - e.g., treebank embeddings - to help disen-
tangle divergent annotation schemes. Future work
could investigate whether treebank-specific predic-
tion heads or balanced sampling regimes mitigate
the observed asymmetries, and how such strategies
affect both morphological and syntactic outcomes.
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5 Limitations

Several limitations of this study should be acknowl-
edged. First, we did not perform systematic hy-
perparameter tuning. It remains possible that alter-
native training configurations - including different
learning rate schedules, regularization techniques,
or optimizer variants - could mitigate the observed
performance degradation for Bokmal, particularly
in the fine grained morphological feature predic-
tions.

Second, our analysis focuses exclusively on two
closely related language varieties within a single
language family. While this offers a controlled envi-
ronment for investigating structural alignment and
transfer asymmetry, it also constrains the generaliz-
ability of our conclusions. Transfer dynamics may
differ substantially in more typologically diverse or
distantly related languages, where both linguistic
and annotation differences are more pronounced.

Third, the lemmatization component employs
heuristic strategies based on dictionary lookups and



UPOS-informed suffix rules. While effective for
high-frequency patterns, this approach may intro-
duce biases in development and may not generalize
well to unseen or morphologically irregular forms.
As such, errors in lemmatization could propagate
to downstream evaluation metrics and skew inter-
pretations of model performance.

6 Conclusion

Our findings reveal a clear asymmetry in cross-
treebank transfer between Norwegian Bokmal and
Nynorsk. While Nynorsk appears to benefit from
joint training, Bokmal’s morphological accuracy -
particularly in UFeats - declines substantially. This
non-bijective transfer challenges the assumption
that closely related language varieties can be com-
bined without risk.

The results suggest that morphological features
are more vulnerable to cross-varietal interference
than syntactic ones, likely due to divergent feature
distributions and possibly inconsistencies in anno-
tation. In mixed settings, the model may overfit
to the dominant or less ambiguous morphological
system, misrepresenting the other. These dynam-
ics underscore the importance of designing model
architectures and training strategies that explicitly
accommodate inter-treebank variation.

Future work should explore mitigation tech-
niques such as reweighting, stratified sampling, or
treebank-specific components to preserve variety-
specific distinctions. Broader investigations across
other closely related language pairs and more gran-
ular analyses of feature-level errors will be es-
sential for understanding and addressing negative
transfer in multilingual parsing.
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Space
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Abstract

This paper investigates full dependency pars-
ing of Norwegian Bokmal and Nynorsk using
a Norwegian pre-trained BERT transformer
model. Rather than focusing on optimiza-
tion, this study examines cross-lingual trans-
fer between Norwegian Bokmal and Nynorsk
and Scandinavian language neighbors. Models
trained on Bokmal, Nynorsk, and a combined
dataset, with and without language identifica-
tion tags were compared. All experiments use
the UD CoNLL-U format for training and eval-
uation.

Results show that joint modeling works well
for syntactic relations, while morphological fea-
tures prediction varied significantly between
variants. Cross-lingual transfer results reflect
the historical relationships between the lan-
guages: Nynorsk transfers better to Swedish
and Bokmal transfers better to Danish. Adding
language identification to a combined dataset
resulted in decreasing performance in trans-
fer to distant languages. This study provides
insights into methods in dependency parsing
across the Scandinavian language space.

1 Introduction

Dependency parsing is a method of mapping the
syntactic structure of natural language. In this ap-
proach, sentences are broken up into their words
and mapped to different grammatical features.
Words are connected by the relations between them
to form dependency tree structures. This structure
consists of a dummy root, often at the start of the
sentence. The dependency tree has directed edges
between parent words (heads) and child words Han
et al. (2020).

This paper will explore dependency parsing of
Norwegian Bokmal and Nynorsk using a pretrained
NorBERT-base transformer model. The goal is
to investigate different ways to parse closely re-
lated languages. Through a systematic approach,
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the model is trained on three different datasets:
the official conllu datasets for Norwegian Bok-
mal and Nynorsk and a combination of these two.
A comparison will be made between a baseline
model trained for 1 epoch and a model trained for 5
epochs. Experimentation with cross-lingual trans-
fer will also be conducted with the closely related
languages Danish and Swedish. For evaluation, the
official conllu evaluation script will be used to track
the standard metrics for dependency parsing.

2 Background

The methodology of dependency parsing has
evolved significantly, from rule-based to statisti-
cal models to modern neural systems. This section
reviews key developmental turning points in the
field to provide context for the current study.

2.1 General Dependency Parsing

McDonald et al. (2005) introduced graph-based
parsing, while Nivre (2003) introduced transition-
based parsing. These methods set the standard for
methods in dependency parsing that are still used
today.

The introduction of neural networks substan-
tially changed the landscape of dependency parsing.
Chen and Manning (2014) used a feed-forward neu-
ral network in transition-based dependency pars-
ing. Later work by Kiperwasser and Goldberg
(2016) used recurrent neural networks for both
graph-based and transition-based approaches, with
substantial performance gains.

The transformer architecture revolutionized NLP
tasks (Vaswani et al., 2017). With the use of large
language models like BERT (Devlin et al., 2019),
dependency parsing can utilize rich, contextualized
word embeddings for the downstream task. Differ-
ent variants of BERT-type models exist, and can
be used based on the downstream task. For exam-
ple, a multilingual BERT model can be utilized



in cross-lingual dependency parsing, as shown by
Kondratyuk and Straka (2019).

2.2 Scandinavian Dependency Parsing

The Universal Dependencies (UD) treebank for
Norwegian, containing both Bokmal and Nynorsk
variants, established the foundation for Norwegian
dependency parsing research Solberg et al. (2014).
This resource provided essential annotated data
for developing and evaluating parsing models for
Norwegian languages.

The universal dependency initiative (Nivre et al.,
2020) has made it possible to compare dependency
parsing across different languages. This standard-
ized approach has helped the field develop with
effective cross-lingual studies that are easily com-
parable, including the Scandinavian languages that
made this current research possible.

For Scandinavian languages, @vrelid and Hohle
(2016) explored syntactic parsing of Norwegian
and Smith et al. (2018) investigated cross-lingual
learning between Norwegian, Danish and Swedish.
Velldal et al. (2017) researched joint-modeling of
Bokmal and Nynorsk, a study particularly relevant
to this current study.

2.3 Language Models and Cross-lingual
Transfer

Language-specific language models are showing
promising results for Nordic languages. The Nor-
BERT model (Kutuzov et al., 2021), which is used
in this study, has shown significant improvement
in performance compared to multilingual models
used for Norwegian NLP tasks.

Cross-lingual transfer learning can be effective,
especially for closely related languages, as shown
by Agic et al. (2014). This approach was further
explored by Lim et al. (2018), who showed that
using a cross-lingual approach was better for pars-
ing languages with few resources and no annotated
corpora available.

Recent studies have shown that multilingual con-
textualized word embeddings improve dependency
parsing across language borders and reduce perfor-
mance differences in graph-based and transition-
based dependency parsing Kulmizev et al. (2019).

This study aims to build on these findings and
investigate how a Norwegian pretrained language
model (NorBERT) can be used in dependency pars-
ing of both Norwegian language variants, as well
as cross-lingual transfer to the closely related Scan-
dinavian languages.
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2.4 Maetrics for Evaluation

The official evaluation script for the CoNLL 2018
Shared Task Zeman and Haji¢ (2018) outputs mul-
tiple metrics with the main ones being:

* LAS (Labeled Attachment Score): The per-
centage of predicted words with correct heads
and dependency labels. This is the standard
evaluation metric for dependency parsing.

* MLAS (Morphology-aware Labeled At-
tachment Score): Extends LAS for cross-
language evaluation by incorporating morpho-
logical features, making it particularly rele-
vant for our cross-lingual experiments.

* BLEX (Bi-lexical Dependency Score): Simi-
lar to MLAS but uses lemmas instead of mor-
phological features in evaluation calculations,
with functional children ignored.

Additionally, the script provides scores for
UPOS (Universal Part-of-Speech) and UFeats (Uni-
versal Features) predictions, which are useful for
evaluating the tagger component of the pipeline.

These metrics give a comprehensive evaluation
for both monolingual and cross-lingual experi-
ments which are part of this study.

3 Methods

A neural dependency parsing pipeline for Nor-
wegian was implemented and used for the ex-
periments. The parser consists of three main
parts: a data processor, a tagger and a depen-
dency parser. The system core consists of the
pre-trained NorBERT3-base model (Samuel et al.,
2023), specifically trained for Norwegian with its
rich contextualized representations. The pipeline
is designed to capture the uniqueness of the Nor-
wegian language while maintaining flexibility and
opportunity for expansion to other languages.

3.1 Architecture

The system uses a modular approach where a tag-
ger and a parser can be used independently or to-
gether. The data flows through the system as fol-
lows: (1) The conllu data-file is processed by the
conlludataset class, mapping and collecting the in-
formation between the tokens, universal part-of-
speech and morphological features. (2) The pro-
cessed dataset is sent to the tagger that assigns POS
tags, morphological features and lemmas to each
token. (3) Finally, the dependency parser predicts



the dependency relations between the words. The
predictions are output in the official conllu format
and evaluated with the conllu evaluation script. In
addition, a bash script was used to streamline the
training, prediction and evaluation steps.

3.2 Data Processing

The data processor extracts and manages the align-
ment between raw text, tokens and linguistic in-
formation in the Universal Dependencies format.
Words, POS tags, Ufeats, lemmas and dependen-
cies are extracted from the conllu files. Bidirec-
tional mappings are created between these features
and the words and subword tokens. The implemen-
tation also builds vocabularies from the processed
dataset for the POS tags, dependency relations and
morphological features. A dataset combiner was
used to create two additional datasets, one combina-
tion of Bokmal and Nynorsk with random shuffling,
and one with added language ID and random shuf-
fling.

3.3 POS and Morphological Feature Tagging

The tagger implements predictive capabilities for
POS, Ufeats and lemmas. The input is first encoded
with NorBERT3. These representations are then
passed to task-specific classification heads:

(1) A single linear classifier for POS-tagging.

(2) A multi-label classifier for morphological fea-
tures.

(3) A linear classifier for single label lemmas.

For lemmatization, a hybrid approach was imple-
mented that uses a linear classifier combined with
a rule-based approach and a pretrained Norwegian
encoder-decoder model.

The idea was to create a hierarchical system with
lemmatization difficulty as the organizing principle.
This consisted of: (1) a feature-based classifier to
predict lemmas for the most common words where
statistical patterns were sufficient, (2) a rule-based
approach to handle out-of-vocabulary words includ-
ing irregular verbs, definiteness marking and com-
pound words, and (3) a NorT5 encoder-decoder
model for edge cases using contextualized lemma-
tization.

The rule-based approach was designed to han-
dle both highly irregular Norwegian forms (e.g.,
"gikk/gar" — "ga", "er/var" — "veare") and pattern-
based rules using morphological features like def-
inite forms ("bilen" — "bil") and conjugation of
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simpler verbs ("spiste" — "spise"). The neural
method was designed to handle remaining edge
cases by using few-shot prompting with examples.

Comprehensive statistics tracking was also im-
plemented to analyze the performance of the differ-
ent components of the system.

However, due to time constraints, the neural
method was not finalized and is not used in the
experiments. This resulted in a two-stage system:
the linear classifier predicting lemmas for common
word forms and a rule-based system handling OOV
words and edge cases.

3.4 Dependency Parser

The dependency parser handles dependency pars-
ing. This script uses a Biaffine attention (Dozat
and Manning, 2017) adapted specifically for Nor-
wegian. The system:

(1) Processes contextualized word representa-
tions from NorBERT?3.

(2) Projects the representations on separate MLPs
for head and dependent parts.

(3) Uses Biaffine attention to predict:

* probabilities of relations between each
word pair;

* probabilities of dependency relation
types.

For head prediction, the biaffine scoring function
is employed:

s\ = KT d 4 Wi it Wi dj4(ar)

ey

where h; and d; are head and dependent repre-

sentations, and U(‘"C), W}Eam), CEMC), and blarc)
are learnable parameters.

To ensure well-formed dependency trees, these

techniques are implemented:

* Cycle detection and resolution mechanisms

* Root constraints to enforce a single root per
sentence

* Special handling for non-projective dependen-
cies, which are common in Norwegian



3.5 Training and Optimization

The models were trained on the Norwegian UD
treebanks for both Bokmal and Nynorsk. Several
techniques were used to improve stability and per-
formance like, lower learning rate for head predic-
tions, loss masking for padding tokens and linear
learning rate with warmup. The models used an
AdamW optimizer with a learning rate of 3e-5 and
weight decay of 0.01. Batch sizes were different
between the tagger and the parser with respectively
8 and 16 as batch size for the training. Conver-
gence occurred after 3-5 epochs. The models were
trained with RTX 4080 super on a home computer.

3.6 Pipeline Integration

The pipe script integrates the parser and the tagger
to a complete dependency parser. The script con-
tains both a training mode and a prediction mode.
The training mode has the option of parallel or
sequential training.

4 Experimental Design and Results

This section presents the experimental setup and
the corresponding results for dependency parsing
of Norwegian Bokmal and Nynorsk as well as
cross-lingual transfer for Swedish and Danish.

4.1 Setup

The experimental setup consisted of 3 phases.
Phase 1 established a baseline by training the mod-
els for 1 epoch on Bokmaél, Nynorsk and combined
dataset. Phase 2 consisted of fine-tuning the models
to a satisfying level, even though a methodologi-
cal decision was made to not focus on fine-tuning
due to time constraints. These models were there-
fore trained for 3 epochs, which resulted in a solid
improvement in performance, while not spending
too much time on this part. In phase 3, the mod-
els were tested in cross-lingual transfer to Swedish
and Danish. All models were evaluated using the
official CoNLL 2018 evaluation script mentioned
in Section 2.4.

4.2 Datasets

Dataset Train Dev Test
Bokmal 15,696 2410 1,939
Nynorsk 14,174 1,890 1,511
Swedish 3,457 1,118 1,121
Danish 4,383 564 565

Table 1: Sentence counts in the UD treebanks used in
our experiments.
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The Norwegian UD treebanks for Bokmal and
Nynorsk served as the primary datasets for the ex-
periments. The Bokmal treebank contains 20,045
sentences with 311,277 tokens, while the Nynorsk
treebank contains 17,575 sentences with 301,353
tokens. Both treebanks include a variety of genres
such as news articles, blogs, parliamentary proceed-
ings, and government texts.

For cross-lingual experiments, the Swedish-
LinES treebank (5,696 sentences, 102,538 tokens)
and the Danish-DDT treebank (5,512 sentences,
100,733 tokens) were used. The Swedish treebank
contains 42 morphological feature types and 10,864
unique lemmas, while the Danish treebank has 44
feature types and 13,228 unique lemmas. Both
languages use similar annotation schemas to Nor-
wegian, with 17 POS tags and 41-42 dependency
relations (including language-specific relations)

In creating the data splits for all treebanks, care
was taken to preserve contiguous texts and main-
tain genre balance. The Swedish data is divided
into training (3,457 sentences), development (1,118
sentences), and test (1,121 sentences) sets. Simi-
larly, the Danish data is split into training (4,383
sentences), development (564 sentences), and test
(565 sentences) portions.

Two additional datasets were created from the
Norwegian datasets for additional experiments: a
simple shuffled combination of both Bokmal and
Nynorsk treebanks, and a combination with explicit
language 1D tags added to each sentence. These
combined datasets were used to investigate the ef-
fectiveness of joint training across closely related
language varieties.

All datasets follow the Universal Dependencies
annotation scheme with 35 dependency relations
(including 2 language-specific relations) and 17
POS tags. The two combination datasets consisted
of: (1) a simple shuffled merger of Bokmal and
Nynorsk training data, and (2) a combined dataset
with explicit language ID tags added to each sen-
tence.

4.3 Results

Table 2 shows the performance of the models on
their in-language test sets for 1 and 5 epoch train-
ing. These results show some interesting patterns.
First, the dependency parsing metrics (UAS, LAS,
CLAS), have comparable performance for Bokmal
and Nynorsk, with the combined model achieving
the best scores (92.31% UAS, 84.58% LAS. This
indicates that joint training on both Norwegian vari-



Table 2: Performance (F1-scores) across Norwegian
variants and training settings

Metric Bokmal Nynorsk  Combined
le Se le Se Se

Morphosyntactic Analysis

UPOS  98.40 98.66 79.28 79.71 98.77

UFeats 96.12 97.50 51.53 51.54 50.43

Lemmas 83.80 86.80 21.99 22.27 17.61

Dependency Parsing

UAS 90.64 90.71 89.38 88.60 92.31

LAS 82.96 83.03 82.30 81.56 84.58

CLAS  75.17 7545 74.74 73.87 77.60

Combined Metrics

MLAS 68.78 71.23 11.91 12.09 16.51

BLEX 5354 57.57 434 4.61 4.66

ants improves the model’s ability to capture syntac-
tic relations.

For the morphosyntactic analysis, the results
differ significantly between the models. The
model trained on Bokmal showed excellent results
(98.66% UPOS, 97.50% UFeats), while the perfor-
mance on Nynorsk was poor, especially for UFeats
(51.54%) and lemmatization (22.27%). This sug-
gests that there are significant challenges in the
transfer of these elements, versus the syntactic
structures or something wrong with the implemen-
tation.

The combined metrics MLAS and BLEX, that
combine syntactic relations with morphology, show
the same story. The big difference between the
BLEX scores of Bokmal (57.57%) and Nynorks
(4.61%) marks the difficulty of lemmatization in
cross-variants.

Longer training gave the best performance for
Bokmal, and mixed results for Nynorsk, with some
gains for morphosyntactic analysis, while a slight
decrease in parsing accuracy.

very well on Bokmal parsing, with UAS (88.60%
— 88.19%) and LAS (81.56% — 79.89%.

The story is different for POS tagging. The re-
sults show assymetric transfer between the models,
with the Bokmal model mainating strong UPOS
when tagging Nynorsk (98.66% — 97.11%). How-
ever, the other way results in dramatic decrease
(79.711% — 56.04%), indicating lack of POS tag-
ging generalization to Bokmal by the Nynorsk
model.

The combined model trained on both variants
shows the best results for all metrics and for both
Norwegian variants.

This model achieves the highest scores for both
Bokmal (92.85% UAS, 84.95% LAS, 98.79%
UPOS) and Nynorsk (91.66% UAS, 84.14% LAS,
98.74% UPOS), demonstrating the benefits of joint
training.

Model Swedish Danish

UAS LAS UPOS | UAS LAS UPOS
B1-BM 67.30 51.73 2590 | 7432 62.15 88.00
B1-NN 70.07 5577 60.09 | 7434 6149 49.13
Blcombined | 72.53 57.64 48.18 77.06 64.07 87.24

Table 4: Cross-lingual transfer to Swedish and Danish
(5-epoch models). Best scores in bold.

Cross-lingual transfer experiments (table 4)
show how Norwegian-trained models perform on
zero-shot transfer on related Scandinavian lan-
guages. For syntactic parsing, the models per-
formed reasonably, with the combined model doing
best for both target languages (72.53% UAS for
Swedish and 77.06% UAS for Danish).

There are also some language specific transfer
differences. The Nynorsk model (B1-NN) per-
formed better on Swedish with higher UAS(70.07%
vs. 67.30%), LAS(55.77% vs. 51.73%), and way

Model Bokmal — Nynorsk Nynorsk — Bokmal . .

UAS LAS  UPOS | UAS 1AS wpos higher UPOS accuracy (60.09% vs. 25.90%). This
B1-Source 90.71 83.03 98.66 | 83.60 81.56 79.71 indicates that Nynorsk share more morphosyntactic
Bl-Targe.zt 87.01 7859 97.11 | 83.19 79.89 56.04  relations with Swedish than Bokmal does.
Blcombined | 91.66 84.14 98.74 | 92.85 8495 98.79

Both Norwegian variants show similar parsing
performance on Danish, with Bokmal and Nynorsk
UAS at (74.32% vs. 74.34%). For the UPOS score
there is high variation between the models with

Table 3: Cross-variant transfer between Norwegian variants
(5-epoch models). B1-Source shows in-language performance,
while B1-Target shows zero-shot cross-variant performance.

Table 3 shows the cross-variant transfer results.
The results reveal several interesting patterns. De-
pendency parsing metrics shows strong transfer
both ways, with minimal performance drop. The
Bokmal model predictions on Nynorsk data shows
UAS (90.71% — 87.01%) and LAS (83.03% —
78.59%). Interestingly, the Nynorsk model did
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Bokmal scoring 88.00%, while the Nynorsk model
achieves 49.13%. Closer lexical and morpholog-
ical similarities between Bokmal and Danish is
indicated here.

The combined model (Blcombined) struggles
with UPOS tagging and performs worse than the
best single-variant model. This suggests decreased
transferability of morphological features in joint



training.
Test Language Model UAS LAS
Norwegian Blcombined 92.31 84.58
BlcombinedID 92.32 84.71
Swedish B1lcombined 7253 57.64
BlcombinedID 67.50 52.99
Danish Blcombined 77.06 64.07
BlcombinedID 76.80 64.40

Table 5: Impact of language identification on parsing
performance across the North Germanic language con-
tinuum. Best scores for each language in bold.

Including explicit language ID, seems to
have little effect on parsing performance, with
BlcombinedID model slightly higher UAS
(92.32% vs. 92.31%) and LAS (84.71% vs.
84.58%). This suggests that the model distin-
guishes the languages well without language ID.

Language identification seems to have signifi-
cantly reduced cross-lingual transfer. In Swedish,
the BlcombinedID performed worse contra the
standard combined model, with UAS dropping
5% (72.53% — 67.50%) and LAS (57.64% —
52.99%). This decrease can mean that the explicit
language identification may reduce flow across lan-
guage boundaries, when the target language is in-
cluded in the training.

Language identification did not have as big im-
pact on the transfer to Danish. The UAS decreased
slightly (77.06% — 76.80%), while the LAS shows
a minor improvement (64.07% — 64.40%). The re-
sults indicate language ID has little effect on trans-
fer to Danish, probably due to the similarities to
Bokmal.

5 Discussion and Conclusion

5.1 In-language Experiments

The in-language experiments showed striking dif-
ferences in performance between Bokmal and
Nynorsk, especially for morphosyntactic analysis.
Both models showed comparable results in depen-
dency parsing (UAS, LAS), while the Nynorsk
model had dramatically lower scores for morpho-
logical features (51.54% vs. 97.50% UFeats) and
lemmatization (22.27% vs. 86.80%), as shown in
Table 2.

These results warrant careful interpretation. Al-
though NorBERT3 was trained on both Bokmal
and Nynorsk, Nynorsk is less represented "reflect-
ing the natural usage" as noted by Samuel et al.
(2023), the striking difference in the performance
is inconsistent with previous studies on the same
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dataset, where Nynorsk has comparable results to
Bokmal. This strongly suggests an implementa-
tion error in the morphological pipeline rather than
linguistic difficulties.

Nevertheless, the consistent finding that joint
modeling works well for syntactic parsing across
variants suggests that shared syntactic structures
are effectively captured regardless of variant-
specific morphological complexities.

5.2 Cross-variant Transfer

The cross-variant transfer experiments revealed
asymmetries between Bokmal and Nynorsk. De-
pendency parsing worked well both ways, and
shows that syntactic structures are similar. This
further confirms the results from the in-language
experiments.

UPOS results show asymmetry between the mod-
els. Bokmal models transferred well to Nynorsk
(98.66% — 97.11%), while the Nynorsk model
performed poorly on Bokmal (79.71% — 56.04%).
This is very surprising and may be caused by poten-
tial issues in the dataset or a bug in the experimental
setup that warrants further investigation.

However, these findings may contribute practical
information about Norwegian NLP. With limited
Nynorsk data, Transfer from Bokmal to Nynorsk
may be an effective approach. In addition, the
combined model outperformed both single-variant
models, confirming the benefit of joint-modeling
when enough data is available.

5.3 Cross-lingual Transfer

In cross-lingual transfer to Scandinavian languages,
the models did as expected based on linguistic un-
derstanding of the North Germanic language fam-
ily. Some interesting findings showed that Nynorsk
model transferred better to Swedish and the Bok-
mal model was better suited for Danish.

The patterns observed reflect the language rela-
tionships well, with Nynorsk and Swedish sharing
features due to the rural dialectal influences. Bok-
mal on the other hand, is very similar to Danish
due to Norway’s union with Denmark. The very
strong results for the Bokmal model on Danish
UPOS (88.00%) highlight how close the lexical
and morphological similarities are.

These results also show how syntactic structures
(UAS) are the most transferrable cross-lingually.
This is well documented in cross-lingual research
showing that morphological features are more
language-specific Pires et al. (2019).



The combined model showed strong results in
cross-lingual transfer. The model gets increased se-
mantic range from training on multiple languages
and can help transfer to these closely related lan-
guages. An interesting research opportunity could
be to explore how this expansion of semantic scale
happens when languages of different distances are
introduced in training. Due to time constraints, ex-
periments with training on Swedish and Danish or
a combination, was not done. But this would be a
very interesting path to explore further.

5.4 Language Identification

The impact of adding language identification tags,
affected the models in varied ways. There was
a marginal increase in Norwegian parsing perfor-
mance, suggesting that the model distinguishes be-
tween the variants at a satisfactory level.

Even so, the story was very different for cross-
lingual transfer to Swedish, substantially hindering
transfer between the languages. For Danish, the
impact was minimal, further echoing the closeness
between Danish and Norwegian Bokmal. These
findings indicate that adding language identifica-
tion can give slight gains in close languages and at
the same time reducing the transferability to lan-
guages further apart. It increases specificity and
reduces generalization. For zero-shot transfer capa-
bilities, language ID may not be the best option.

6 Conclusion

In conclusion, this study provides insights into Nor-
wegian dependency parsing and cross-lingual trans-
fer to Scandinavian languages. It demonstrated
different approaches to parsing the two Norwegian
variants and their effects on model performance.
Joint modeling of Norwegian variants proved ef-
fective for syntactic parsing, while morphological
analysis showed significant implementation chal-
lenges that warrant further investigation. Addition-
ally, zero-shot cross-lingual transfer was demon-
strated to be effective, with patterns reflecting the
historical relationships between the source and tar-
get languages. Future work could look at optimiz-
ing each module the tagger and the parser to im-
prove overall performance. This would further ex-
tend the capabilities and flexibility of dependency
parsing in close proximity language spaces.
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A Appendix: Detailed Experimental
Results

A.1 Cross-lingual Transfer between
Norwegian Variants

Metric Nynorsk Combined
B0 B1 B0 B1
UPOS 75.82  56.04 | 98.59 98.79
UFeats 55777 50.33 | 50.77 50.83
Lemmas | 23.08 22.75 | 18.28 18.77
UAS 89.23  88.19 | 92.89 92.85
LAS 80.75 79.89 | 85.06 84.95
CLAS 7298 7226 | 78.04 77.89
MLAS 1451 11.31 | 1648 16.59
BLEX 439  4.01 4.27 4.86

Table 6: Zero-shot cross-lingual results on Bokmal. BO
was trained for 1 epoch, B1 was trained for 5 epochs.

A2
A3

Language ID Models

Cross-lingual Transfer to Other North
Germanic Languages



Metric Bokmal Combined

B0 B1 B0 B1

UPOS 94.80 97.11 | 98.36 98.74
UFeats 64.42 6589 | 4976 49095
Lemmas | 61.83 65.68 | 16.01 16.22
UAS 86.82 87.01 | 92.19 91.66
LAS 78.65 78.59 | 84.71 84.14
CLAS 7041 7054 | 7797 77.26
MLAS 28.59 30.65 | 16.32 1641
BLEX 33.90 38.90 | 4.09 442

Table 7: Zero-shot cross-lingual results on Nynorsk. BO
=1 epoch, B1 =5 epochs.

Metric Single-Language Combined
Bokmal Nynorsk
UPOS 98.77 98.64 98.71
UFeats 50.85 49.93 50.43
Lemmas 19.58 17.13 18.47
UAS 92.60 91.98 92.32
LAS 84.76 84.65 84.71
CLAS 77.64 77.59 77.62
MLAS 16.46 16.43 16.45
BLEX 6.01 5.69 5.86

Table 8: Results for BlcombinedID model with lan-
guage identification. The model was trained on the
combined dataset for 5 epochs and evaluated on Bok-
mal, Nynorsk, and combined test sets.

Metric Single-Language Combined
Bokmal Nynorsk | Blcombined BlcombinedID

UPOS 88.00 49.13 87.24 83.33
UFeats 51.11 43.84 42.55 42.46
Lemmas 50.15 9.02 7.04 9.65
UAS 74.32 74.34 77.06 76.80
LAS 62.15 61.49 64.07 64.40
CLAS 54.29 53.70 56.10 56.70
MLAS 16.08 6.58 9.34 9.03
BLEX 27.56 2.18 3.16 5.36

Table 9: Zero-shot cross-lingual results on Danish. All
models were trained for 5 epochs (B1).

Model UPOS UAS LAS CLAS
B1-BM 2590 6730 51.73  43.69
B1-NN 60.09 70.07 5577 47.44

Blcombined 48.18 7253 57.64 49.49
BlcombinedID | 36.63 67.50 5299 45.13

Table 10: Zero-shot cross-lingual transfer results on
Swedish. Best scores in bold.
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Abstract

Structured fact verification benchmarks like
AVeriTeC decompose claims into QA pairs to
support fine-grained reasoning. However, cur-
rent systems generate QA pairs independently
for each evidence sentence, leading to redun-
dancy, drift, and noise. We introduce a modu-
lar LLM-based QA consolidation module that
jointly filters, clusters, and rewrites QA pairs
at the claim level. Experiments show that this
method improves evidence quality and veracity
prediction accuracy. Our analysis also high-
lights the impact of model scale and alignment
on downstream performance.

1 Introduction

Automated fact verification aims to assess the ve-
racity of natural language claims by retrieving and
reasoning over external evidence (Thorne et al.,
2018; Wang, 2017; Augenstein et al., 2019). While
early systems typically treat this as a binary or
multi-class classification problem using retrieved
evidence as input, recent benchmarks—notably
AVeriTeC (Schlichtkrull et al., 2023)—have intro-
duced a structured pipeline where systems first
generate clarification question—answer (QA) pairs
based on retrieved evidence, and then use these QA
pairs as an intermediate reasoning scaffold for final
veracity prediction.

This structured QA paradigm improves trans-
parency and evaluation granularity, but also in-
troduces new challenges. While structured QA
pipelines enable interpretability, they introduce
new challenges. Systems like HerO (Yoon et al.,
2024) generate QA pairs independently per sen-
tence, resulting in overlapping or off-topic content
that may confuse the final verifier. This redundancy
inflates input length and can suppress relevant ev-
idence. We propose a claim-level consolidation
module to address these limitations and improve
precision without sacrificing recall.
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To address these issues, we introduce a simple
and modular post-processing module that filters,
clusters, and rewrites QA pairs using a large lan-
guage model (LLM). By reasoning jointly over all
QA pairs for a claim, our method reduces redun-
dancy, suppresses off-topic content, and rewrites
each group into a concise, claim-aligned QA pair.
Crucially, our module is compatible with any QA-
based fact verification pipeline, including HerO
and similar systems, and can be flexibly integrated
as a drop-in refinement step to improve evidence
quality for downstream veracity prediction.

Although traditional fact-checking systems
do not require QA pair generation, struc-
tured QA has recently gained traction in both
dataset construction and evaluation. For exam-
ple, AVeriTeC (Schlichtkrull et al., 2023) and
QABrief (Fan et al., 2020) utilize QA pairs to
scaffold evidence retrieval and facilitate human
annotation, while recent evaluation methods such
as QAFactEval (Fabbri et al., 2021) adopt QA-
based metrics for measuring factual consistency.
Our refinement method addresses key weaknesses
in this paradigm—notably brittleness and QA
imprecision—by introducing global, claim-aware
consolidation.

Furthermore, in our experiments, we find that
structured veracity prediction with open LLMs is
highly sensitive to the choice of model backbone,
with substantial performance gaps observed be-
tween different open-source models. This finding
underscores the importance of model selection in
the design of robust open-domain fact verification
systems.

The main contributions of this paper are as fol-
lows. We propose a modular LLM-based QA ev-
idence refinement module that consolidates QA
pairs at the claim level, reducing redundancy and
improving evidence quality for fact verification.
We conduct extensive experiments on the AVeriTeC
benchmark, achieving substantial improvements in



both recall and veracity prediction accuracy. Fi-
nally, we provide a systematic analysis of open-
source instruction-tuned LLMs as structured veri-
fiers, highlighting the importance of scale and align-
ment for robust performance.

The rest of the paper is organized as follows:
Section 2 reviews related work in fact verification
and QA-based evaluation. Section 3 details our
proposed QA evidence refinement methodology.
Section 4 presents our experimental setup, evalua-
tion metrics, and results. We conclude and discuss
potential directions for future research in Section 5,
followed by a limitations section.

2 Related Work

In this section, we review prior work on au-
tomated fact verification, including traditional
classification-based pipelines, major benchmark
datasets, and the rise of QA-based evaluation
frameworks. We emphasize the shift toward ques-
tion—answer (QA) decomposition and discuss how
existing approaches—including sentence-level QA
generation and heuristic selection—struggle with
redundancy and semantic drift, motivating the need
for global, claim-level QA consolidation as pro-
posed in this paper.

Fact Verification Pipelines. Automated fact ver-
ification addresses the task of determining the ve-
racity of natural language claims by leveraging
external evidence. Early systems (Thorne et al.,
2018; Augenstein et al., 2019; Wang, 2017) cast
this as a classification problem: given a claim and
retrieved evidence, the system predicts a veracity
label. Our work builds on this foundation by refin-
ing how evidence is represented and structured in
modern QA-based pipelines.

Benchmarks. Benchmarks. Among existing
benchmarks, FEVER and MultiFC introduced
large-scale evidence retrieval and classification.
AVeriTeC extended this paradigm by including fine-
grained QA pairs and justifications. Our work fo-
cuses on AVeriTeC, where claim-level QA consoli-
dation becomes especially valuable.

QA-based Fact Verification. Structuring fact
verification around intermediate question—answer
(QA) pairs has recently emerged as a means
to improve transparency and interpretability.
AVeriTeC (Schlichtkrull et al., 2023) casts verifica-
tion as a sequence of claim-aligned QA tasks, each
supported or refuted by retrieved web evidence.

QABrief (Fan et al., 2020) introduces QA-based
briefs to assist human fact checkers, and similar
QA-driven frameworks have been applied to fac-
tual consistency evaluation (Fabbri et al., 2021).
However, most current pipelines (e.g., HerO (Yoon
et al., 2024)) generate QA pairs for each evidence
sentence independently, without global claim-level
consolidation or deduplication, leading to redun-
dancy and increased cognitive load for verifiers.
Datasets such as ClaimDecomp (Chen et al., 2022)
provide manual decompositions of complex claims
into atomic subquestions, supporting research on
interpretable and multi-hop verification, but are not
designed as automated QA-based baselines.

Evaluation Metrics. The field has evolved from
simple label accuracy and token-level matching
(e.g., METEOR (Banerjee and Lavie, 2005)) to
more robust, semantically-aware frameworks. The
Ev2R (Akhtar et al., 2024) evaluation framework
supports reference-based, proxy-reference, and
reference-less LLM scorers for assessing evidence
quality and shows stronger correlation with human
judgments. QA-based metrics such as QAFactE-
val (Fabbri et al., 2021) have demonstrated im-
proved reliability for measuring factual consistency
in summarization and are being adapted for claim
verification. Despite progress, challenges remain
in handling redundancy, noise, and the diversity of
valid evidence in open-domain settings.

3 Method

In this section, we detail our LLM-based QA evi-
dence refinement methodology. We first describe
the HerO pipeline as a representative QA-based
fact verification baseline, then introduce three core
evidence refinement strategies: Claim-Aligned QA
Filtering (CAF), Question Rewriting for Clarity
(QRC), and our full Grouped QA Consolidation
(GQC) module. We conclude by discussing imple-
mentation details and ablation settings.

3.1 System Overview

Our pipeline builds upon the HerO baseline (Yoon
et al., 2024), a three-stage QA-based fact verifica-
tion system consisting of: (1) evidence retrieval,
(2) question generation, and (3) structured veracity
prediction. We retain stages (1) and (3), but replace
stage (2) with our proposed QA consolidation mod-
ule that filters, clusters, and rewrites QA pairs at the
claim level. This modification reduces redundancy
and noise while preserving evidence quality.
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Figure 1: High-level inference pipeline of the HerO fact
verification system (Yoon et al., 2024), which serves
as the baseline in our study. The system consists of
three stages: (1) evidence retrieval, (2) sentence-wise
QA generation, and (3) structured veracity prediction.

As illustrated in Figure 1, the HerO pipeline
operates as follows. Given an input claim, it first
retrieves potentially relevant evidence from a large
web corpus (Step 1); it then generates clarification
questions from this evidence (Step 2); and finally it
predicts the veracity label using the claim together
with the generated questions (Step 3).

Concretely, (1) during evidence retrieval a
frozen LLaMA-3.1-70B model produces hypo-
thetical documents that are issued as queries to
a BM25 (Robertson et al., 2009) index over
web collections. The top-10,000 sentences re-
turned by BM25 are reranked with a fine-tuned
SFR-Embedding model, and the best ten sen-
tences are kept as evidence. (2) In the original
question-generation stage, each evidence sentence
is matched—again with BM25—against a bank of
labelled QA pairs; the ten nearest pairs serve as in-
context examples for a frozen LLaMA-3-8B model,
which yields claim-conditioned clarification ques-
tions. (3) In the veracity-prediction stage, a fine-
tuned LLaMA-3.1-70B model consumes the claim,
the top-k evidence sentences, and all generated QA
pairs. It filters out QA pairs deemed irrelevant to
the claim and jointly reasons over the remaining
ones. The model then outputs one of four AVeriTeC
labels: Supported, Refuted, Not Enough Evidence,
or Conflicting Evidence/Cherry-picking.

3.2 LLM-based QA Evidence Refinement

The baseline pipeline (see 3.1) feeds all generated
questions—raw, possibly redundant, and occasion-
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Figure 2: End-to-end inference pipeline with QA consol-
idation (Step 2’). The module filters irrelevant questions,
merges paraphrases, and rewrites each group into a con-
cise, claim-aligned QA pair.

ally off-topic—directly into the veracity model. We
observe two systematic weaknesses:

1. Intra-claim redundancy.
A single claim often triggers several near-
duplicate questions (e.g., “When was he born?”
vs. “What is his date of birth?”’). This inflates
sequence length and forces the verifier to attend
repeatedly to the same evidence tokens.

2. Semantic drift.
Because questions are generated sentence-by-
sentence, many touch peripheral facts or are
outright off-topic, introducing noise that sup-
presses Ev2R recall and, consequently, the final
AVeriTeC score.

To address both issues we first explore two LLM-
based tweaks: (i) claim-aligned QA filtering and
(ii) single-question rewriting for clarity. Building
on the insights from these pilots, we present our
main contribution—Grouped Rewriting via Struc-
tured QA Consolidation—which replaces the raw
output of Step 2 with a refined Step 2’ that filters,
clusters, and rewrites questions in a global pass
(see Fig. 2).

(1) Claim-Aligned QA Filtering (CAF). We
first discard QA pairs that are semantically un-
related to the claim. Given a claim ¢ and QA
pair (g;,a;), a frozen Llama-3.1-8B-Instruct



model answers the two-way question related / un-
related (full template in App. A.1). Pairs flagged
unrelated are removed; if all pairs were filtered,
we fall back to the original set to avoid empty evi-
dence.

(2) Question Rewriting for Clarity (QRC). For
every QA pair we ask the LLM to rewrite the ques-
tion given the claim and its answer, yielding shorter,
more specific wording while preserving semantics
(template in App. A.2).

(3) Grouped Rewriting via Structured QA Con-
solidation (GQC). Steps (1) and (2) treat QA
pairs independently. Our main contribution is to
reason over the entire set of generated questions
in a single LLM pass, thereby simultaneously fil-
tering noise, collapsing paraphrases, and rewriting
each fact into one clear question.

Motivation. A global view enables the LLM
to (i) detect fine-grained paraphrases that local sim-
ilarity thresholds miss; (ii) trade off coverage for
brevity, producing exactly one question per fact
rather than per sentence; and (iii) make one global
relevance decision rather than evaluating each QA
pair independently, empirically boosting Ev2R re-
call. Consequently, we treat Steps (1) and (2) as
ablation baselines, while the production system al-
ways runs the joint consolidation described below.

Step 1 — Grouping & Filtering. The LLM
receives all questions for a claim and must

* mark indices of genuinely off-topic questions
(irrelevant);

* partition the remainder into groups whose mem-
bers can be answered by the same evidence sen-
tence.

Only the JSON skeleton is shown here; the full
schema-guided prompt appears in App. A.2.
“Given claim + numbered questions, return

{"groups”: [...], "irrelevant”: [...]1}.
Every question index must appear exactly once.”

Step 2 — Rewriting each Group. Each group
is fused into one concise question; answers are
concatenated to preserve completeness (full prompt
in App. A4).

Pseudocode. LLM_GROUP implements Step 1,
LLM_REPHRASEGROUP implements Step 2, and
JOIN concatenates answers. Alg. 1 summarises the
workflow.

Algorithm 1 Grouped QA Consolidation

Require: Claim ¢, QA set {(g;,a;)}Y,
1: (groups,irrelevant) —

LLM_GRoup(c, {g:})

new < []

for all g € groups do
Qg {ailicygl Ay {ail|icg}
¢ < LLM_REPHRASEGROUP(c, Q)
a + JOIN(Ay)
new <— new U {(¢,a)}

end for

return new

R e A A

Discussion. Joint consolidation delivers three
qualitative advantages:

1. Redundancy reduction.
Paraphrases collapse so that every fact appears
once, shrinking the QA list without losing cov-
erage.

2. Noise suppression.
Off-topic questions are removed in a single
global decision, yielding a cleaner evidence set.

3. Improved clarity.
Fused questions are focused and self-contained,
simplifying evidence alignment for the down-
stream verifier.

3.3 Limitations of Existing Metrics

Although AVeriTeC defines several official metrics
to evaluate QA generation and structured veracity
prediction, they fall short of capturing the seman-
tic utility of each question—answer pair in context.
Below, we outline the core limitations:

* Ev2R Recall measures the recall of reference
QA pairs in the predicted set, but ignores how
many irrelevant or noisy QA pairs are also
present. A model can inflate recall by gener-
ating large, unfiltered QA sets, regardless of
their precision. Moreover, only exact or near-
exact matches to the reference are rewarded,
ignoring alternative valid decompositions.

* New AVeriTeC Score imposes a hard cutoff
over EV2R recall. If a submission falls be-
low a fixed threshold (A = 0.25), its veracity
prediction is ignored (scored zero), regardless
of partial validity. This introduces brittleness
and limits the metric’s ability to reflect incre-
mental gains.
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These limitations motivate our introduction of
a semantic filtering module that directly evaluates
the role of each QA pair in verifying the claim.
Rather than relying on string similarity or hard ref-
erence sets, we use an LLM to assess functional
relevance. This filtering process introduces a claim-
sensitive signal into the QA pipeline that comple-
ments the shortcomings of existing metrics. Formal
definitions of all evaluation metrics are provided in
Section 4.2.

4 [Experiments

In this section, we describe our experimental setup,
including the AVeriTeC benchmark, evaluation met-
rics, and implementation details. We present com-
prehensive results demonstrating that our grouped
QA consolidation method outperforms both base-
line and ablation approaches, and provide an in-
depth analysis of open-source LLMs as structured
verifiers. Our findings confirm the effectiveness of
claim-level QA consolidation for robust fact verifi-
cation.

4.1 Benchmark Setup

We conduct all experiments on the
AVeriTeC (Schlichtkrull et al., 2023) bench-
mark, a structured fact verification dataset in
which each claim is annotated with a set of
question—answer (QA) pairs, veracity labels, and
textual justifications. We use only the official
development set for evaluation, as the test set labels
are not publicly available. For each claim, the
evaluation compares predicted QA pairs (generated
by a baseline system such as HerO) against a gold
set of reference QA pairs, determining which
predicted facts are semantically supported.

Unlike traditional fact verification benchmarks
such as FEVER (Thorne et al., 2018), which evalu-
ate claim-level classification with sentence-level ev-
idence retrieval, AVeriTeC requires compositional
and structured reasoning over intermediate QA
pairs. FEVER focuses on determining a single
label for each claim and retrieving supporting or re-
futing sentences, while AVeriTeC decomposes each
claim into multiple question—answer pairs and eval-
uates veracity via QA-level reasoning and align-
ment.

In all our experiments, we focus exclusively on
the QA verification stage: we assume the predicted
QA pairs are provided and only evaluate whether
each predicted QA fact is supported by the gold
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references.

4.2 Evaluation Metrics

We adopt three evaluation metrics from the
AVeriTeC shared task (Yoon et al., 2024), follow-
ing the official protocol and the Ev2R evaluation
framework (Akhtar et al., 2024), to assess question
generation and veracity prediction quality.

Q-only Ev2R. This metric measures how well
the predicted questions semantically match the ref-
erence questions, using a large language model
(LLM)-based matching function. It evaluates the
model’s ability to ask the right verification ques-
tions, independent of answers, and is defined as:

# Matched Reference Questions

-only Ev2R =
Q-only Ev # Total Reference Questions

Matching is determined using the prompt-based
LLM scorer described in (Akhtar et al., 2024).

Q+A Ev2R. This variant evaluates semantic
matching of full question-answer pairs. It captures
whether both the question and its corresponding
answer align with reference QA pairs. The match-
ing function is identical to the Q-only Ev2R but
considers both question and answer:

# Matched Reference QA Pairs

+A Ev2R =
Q v # Total Reference QA Pairs

AVeriTeC Score. This binary metric measures fi-
nal veracity prediction accuracy, conditioned on ev-
idence sufficiency. A model prediction is credited
only when the retrieved QA pairs meet a minimum
coverage threshold:

VeracityAccuracy, if Q+A Ev2R > A

AVeriTeCScore = )
0, otherwise

where A = 0.25 is a fixed threshold. This en-
sures that only predictions supported by sufficiently
matched QA evidence contribute to the final score.

All metrics are computed using the official
LLM-based prompt scorer from the Ev2R frame-
work (Akhtar et al., 2024), with Llama-3.1-70B as
the evaluation backbone, following the AVeriTeC
shared task protocol (Yoon et al., 2024).

4.3 Experimental Results

Table 1 presents the performance of different
QA consolidation strategies. For all compared
methods—including Claim-Aligned QA Filtering
(CAF), Question Rewriting for Clarity (QRC), and



Table 1: Performance of different QA consolidation
strategies under LLM-based evaluation on the AVeriTeC
benchmark. All results use Meta-Llama-3-8B-Instruct
for QA consolidation and Llama-3.1-70B as the down-
stream verifier. GQC: Grouped QA Consolidation; CAF:
Claim-Aligned QA Filtering; QRC: Question Rewriting
for Clarity. The best score in each column is shown in
bold.

Method Q-only Ev2R Q+A Ev2R AVeriTeC Score

HerO 0.757 0.540 0.278
GQC 0.753 0.566 0.312
CAF 0.730 0.553 0.278
QRC 0.498 0.434 0.216

Grouped QA Consolidation (GQC)—the consoli-
dation step is performed with Meta-Llama-3-8B-
Instruct. Final veracity prediction is evaluated us-
ing a fixed Llama-3.1-70B verifier. The key evalua-
tion metric is the AVeriTeC Score, which measures
final fact verification accuracy conditioned on ev-
idence sufficiency: a model’s prediction is only
credited if the retrieved QA pairs achieve a mini-
mum Q+A Ev2R coverage threshold (A = 0.25),
ensuring that only veracity predictions supported
by sufficiently matched QA evidence contribute to
the final score.

The baseline HerO system achieves strong Q-
only Ev2R (0.7574) and Q+A Ev2R (0.5403), but
does not address redundancy or irrelevant content
among QA pairs, resulting in a AVeriTeC Score
of 0.278. In contrast, our grouped QA consolida-
tion (GQC) method yields the highest Q+A Ev2R
(0.5664) and achieves a substantial improvement in
AVeriTeC Score (from 0.278 to 0.312, a 12.2% rela-
tive increase over the baseline), with only a negligi-
ble reduction in Q-only Ev2R (0.7526). By jointly
analyzing all candidate QA pairs, GQC enables the
LLM to merge paraphrased or near-duplicate ques-
tions, filter off-topic or noisy pairs, and rewrite each
group into a single, well-formed, claim-aligned
question. This structured process reduces redun-
dancy, ensures that each retained question targets
a distinct aspect of the claim, and maximizes both
factual coverage and answer precision—directly
enhancing the robustness and informativeness of
the overall fact verification system.

To illustrate the effect of grouped QA consolida-
tion, consider the following real example from our
evaluation set. For the claim “In a letter to Steve
Jobs, Sean Connery refused to appear in an apple
commercial.”, the system initially generates several
semantically overlapping QA pairs, all referring to

the same underlying fact:

Example Claim:

“In a letter to Steve Jobs, Sean Connery
refused to appear in an apple commer-
cial.”

Representative original QA pairs:

* Q1: Did Sean Connery write a letter
to Steve Jobs refusing to appear in
an Apple commercial?

* Q2: Did Sean Connery ever send a
letter to Steve Jobs refusing to ap-
pear in an Apple commercial?

* Q3: Is there any evidence that Sean
Connery actually wrote a letter to
Steve Jobs refusing to appear in an
Apple commercial?

Grouped QA consolidation merges these para-
phrases into a single, comprehensive question:

After consolidation:

* Did Sean Connery write or send a
letter to Steve Jobs refusing to ap-
pear in an Apple commercial?

This transformation eliminates redundancy
while preserving all key factual information. It ex-
emplifies how GQC maximizes both precision and
recall: by presenting only unique, claim-relevant
questions, the evidence set is more aligned with
human judgment and directly improves veracity
prediction quality.

Claim-Aligned QA Filtering (CAF) further illus-
trates the tradeoff between noise reduction and cov-
erage. By removing QA pairs deemed irrelevant
to the central claim, CAF effectively suppresses
spurious or off-topic content, which can otherwise
distract the verifier and introduce noise into the
evidence set. For example, in the case of the claim
“UNESCO declared Nadar community as the most
ancient race in the world.”, CAF filters out the
following question as unrelated:

Example Claim:

“UNESCO declared Nadar community as
the most ancient race in the world.”

QA pair filtered out by CAF:

e What is the current social status
of the Nadar community in Tamil
Nadu?
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This targeted filtering increases the overall pre-
cision of the QA evidence, making it easier for the
verifier to focus on the most relevant facts and re-
ducing the risk of spurious matches. While some
alternative or borderline-relevant questions may be
discarded—Ileading to a slight reduction in Q-only
Ev2R—CAF plays a crucial role in improving the
quality and trustworthiness of the final evidence
set. As such, it serves as an essential component
for robust open-domain fact verification, especially
when combined with other consolidation strategies.

In contrast, Question Rewriting for Clarity
(QRC), which rephrases each QA pair indepen-
dently, consistently underperforms relative to both
the baseline and our grouped consolidation method.
Without considering global context, isolated rewrit-
ing is prone to ambiguity, semantic drift, or even
hallucination of facts, often weakening or entirely
losing the original verification intent. This issue is
exemplified by the following case:

Example Claim:

“UNESCO declared Nadar community as
the most ancient race in the world.”

Original Question:

¢ Does the UNESCO Universal Dec-
laration on Cultural Diversity de-
clare the Nadar community as the
most ancient race in the world?

After QRC rewriting:

* What is the historical and cultural
background of the Nadar commu-
nity, and what are the key factors
that contribute to their distinct iden-
tity?

(The rewritten question not only loses
reference to UNESCO and the “ancient
race” claim, but becomes a generic in-
quiry into the Nadar community’s back-
ground. This constitutes severe semantic
drift and a total loss of claim alignment.)

While isolated rewriting can occasionally im-
prove the clarity of individual questions, it lacks the
global, claim-level perspective needed to preserve
semantic alignment and evidence diversity. In con-
trast, our grouped QA consolidation approach first
merges paraphrased or overlapping questions be-
fore rewriting, ensuring each output remains both

Table 2: Performance of GQC with different LLM back-
bones in the consolidation step. All results are evaluated
with a fixed Llama-3.1-70B verifier.

GQC Backbone Q-only Ev2R  Q+A Ev2R  AVeriTeC Score

DeepSeek-R1-Distill-Llama-8B 0.739 0.548 0.294
Llama-3.1-8B-Instruct 0.753 0.566 0.312
Qwen2.5-7B-Instruct 0.766 0.579 0.318
Qwen2.5-32B-Instruct 0.771 0.582 0.327

unique and directly relevant to the claim. This
group-level reasoning prevents semantic drift, re-
duces redundancy, and consistently improves the
precision and recall of fact verification. Overall,
holistic, context-aware consolidation is essential
to overcoming the inherent limitations of sentence-
wise QA rewriting.

Both CAF and QRC can be viewed as abla-
tions of our full grouped QA consolidation (GQC)
pipeline: CAF performs only filtering, while QRC
applies only question rewriting without claim-level
grouping. Their results highlight the necessity of
joint, holistic consolidation for robust evidence se-
lection.

Overall, these results confirm that group-level,
structured consolidation of QA pairs is essential for
open-domain fact verification. Our approach not
only increases Q+A Ev2R by 4.8% absolute (from
0.5403 to 0.5664) but also delivers a notable 12.2%
improvement in the AVeriTeC Score, while main-
taining high Q-only Ev2R. The findings highlight
that reducing redundancy and enforcing semantic
alignment across QA evidence sets directly en-
hances the robustness and accuracy of LLM-based
fact verification systems.

4.4 Ablation Study: GQC Backbone Analysis

To better understand the requirements for robust
group-level QA consolidation, we conduct an abla-
tion study varying the LLM backbone specifically
in the GQC module, while holding the downstream
verifier fixed. Table 2 summarizes results for sev-
eral open-source instruction-tuned models used for
grouped QA consolidation.

The results show that all large instruction-tuned
models benefit from grouped QA consolidation,
but the best overall performance is achieved with
the Qwen2.5-32B-Instruct backbone. Notably,
Qwen/Qwen?2.5-7B-Instruct outperforms Llama-
3.1-8B-Instruct across all metrics, while Qwen2.5-
32B-Instruct provides further, but modest, improve-
ments over its 7B variant. This suggests that both
model scale and pretraining/alignment strategies
play an important role in fine-grained QA merging
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and rewriting.

Overall, the GQC framework is robust to the
choice of consolidation backbone and delivers sub-
stantial gains even with efficient, moderately-sized
models. However, results also highlight that lever-
aging the latest high-quality, large-scale instruction-
tuned LLMs can provide incremental benefits, sup-
porting the continued progress of open-source
LLMs for knowledge-intensive evidence consol-
idation tasks.

4.5 Open LLMs as Ev2R Scorers

We benchmark five instruction-tuned open mod-
els—QWEN2.5-7B/14B/32B and LLAMA-3.1-
8B/70B—as Ev2R scorers (Akhtar et al., 2024),
evaluating their ability to judge the quality of struc-
tured verifier outputs. Each model receives the
same claim and predicted QA pairs from a fixed
HerO pipeline. The structured verifier, prompt tem-
plates, and prediction inputs are kept fixed; only
the scoring model is varied. Table 3 summarizes
results across Q-only, Q+A, and AVeriTeC metrics.

Model Q-only Q+A AVeriTeC
Ev2R Ev2R Score
Qwen2.5-7B 0.000  0.100 0.000
LLaMA3.1-8B 0.000  0.100 0.000
Qwen2.5-14B 0.358 0.501 0.246
Qwen2.5-32B 0.715  0.521 0.254
LLaMA3.1-70B 0.753  0.566 0.312

Table 3: Performance of different LLMs used as Ev2R
scorers. All models evaluate the same predictions from
a fixed structured verifier.

Analysis. Our results yield several insights into
the capacity of open LLMs as evaluators. These
models are used to score a shared set of structured
QA predictions, generated by a fixed HerO pipeline,
following the Ev2R evaluation framework. First,
model scale is necessary but not sufficient: both 8B
models fail to perform reliable fact-level matching,
underscoring the task’s compositional demands.
Qwen2.5-14B improves over its smaller coun-
terparts, but only the largest models—Qwen?2.5-
32B and LLaMA-3.1-70B—achieve robust perfor-
mance across all metrics. Notably, LLaMA-3.1-
70B sets a new ceiling for open models, reach-
ing 0.753 Q-only Ev2R and 0.312 AVeriTeC Score
without task-specific tuning.

Yet challenges remain. Even strong models are
brittle to minor format violations (e.g., JSON mal-
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formation) and highly sensitive to upstream QA
quality. Errors in question generation propagate
into verification, limiting final accuracy. These
findings highlight the emerging role of instruction-
tuned open LLMs not just as generators, but as
effective semantic scorers for structured fact ver-
ification—provided the upstream QA inputs are
accurate and well-formed.

5 Conclusion

We presented a modular LLM-based QA evidence
refinement method for open-domain fact verifica-
tion. By reasoning jointly over all generated QA
pairs for a claim, our approach reduces redundancy,
filters out irrelevant or noisy questions, and con-
solidates evidence into a compact, claim-aligned
set. Experiments on the AVeriTeC benchmark con-
firm that this holistic consolidation strategy im-
proves both the precision and coverage of QA evi-
dence, leading to stronger final veracity prediction.
Our analysis further demonstrates that large, well-
aligned open-source LL.Ms can serve as effective
Ev2R scorers, evaluating structured outputs with
high semantic recall. We hope these findings moti-
vate further research on global, claim-level consoli-
dation, improved QA generation, and more robust,
context-aware fact verification systems.
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A Prompt Templates and Implementation
Details

A.1 Claim-Aligned QA Filtering

System instruction. You are given a claim and a
question—answer pair. Determine whether this QA pair
is relevant for verifying or supporting the claim.

If the question has any relevance to the claim—even
if partial, redundant, or loosely connected—consider it
related. Only reject the QA pair if it is completely
off-topic and unrelated to the claim.

Respond with a single word: either “related” or
“unrelated”.

Claim: {claim}
Question: {question}
Answer: {answer}

Response:
This prompt is fed to a frozen
Llama-3.1-8B-Instruct model with

temperature = 0.0 to obtain a hard “related /
unrelated” decision (Sec. 3.2).

A.2 Question Rewriting for Clarity

Instruction. Improve the following question based on
the claim and its answer. Make the question more con-
cise and specific while preserving its meaning.

Claim: {claim}

Q: {question}
A: {answer}

Improved Question:

All retained questions are rewritten in paral-
lel with temperature=0.6 using the same frozen
Llama-3.1-8B-Instruct backbone.

A.3 Joint Grouping & Filtering Prompt

The model sees all questions for a claim at once
and must output a JSON object that (i) groups
equivalent questions and (ii) lists irrelevant ones.
Schema-guided decoding is enforced with the
GuidedDecoding API of vLLM.
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You are given a claim and a list of numbered questions.
Your tasks:

1. Identify which questions are unrelated to the claim.
Return their indices in a list called “irrelevant”.

2. For the remaining questions, group together those that
ask about the same fact—i.e. they can be answered
by the same sentence of evidence. Return these as an
array of objects:

"groups”: [{"questions"”: [1, 2, 41},

{"questions”: [3, 5]}]

Constraints

» Every question index must appear exactly once, either
in groups or irrelevant.

* Return only the JSON object; do not include explana-
tions.

Claim: {claim}
Questions:

1.
2.

Now return JSON:

A.4 Group-Level Rephrasing Prompt

Instruction. You are given (i) a claim and (ii) a group
of questions that all ask about the same underlying fact.
Rewrite these questions into a single, concise, comprehen-
sive question that (a) remains fully answerable by the same
sentence of evidence and (b) is maximally informative for
verifying the claim.

Claim: {claim}
Questions (paraphrases of the same fact):

1.
2.

Output format (only one line):

Rephrased question:
<your single fused question here>

Guidelines:

* Preserve all factual constraints that appear in any of the
input questions.

* Remove redundant words, vague pronouns, or rhetorical
flourishes.

* Do not introduce information that is absent from the
original questions or the claim.

» Keep the wording as short as possible while staying pre-
cise.

Generation settings. We pass the above template
to the frozen Llama-3.1-8B-Instruct model
with temperature = @.3. Only the fused ques-
tion is kept; answers inside the same group are



concatenated verbatim, as described in Sec. 3.2.
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(Fact) Check Your Bias
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Abstract

Automatic fact verification systems increas-
ingly rely on large language models (LLMs).
We investigate how parametric knowledge
biases in these models affect fact-checking
outcomes of the HerO system (baseline for
FEVER-25). We examine how the system
is affected by: (1) Llama 3.1’s parametric
bias and (2) intentionally injected bias. When
prompted directly to perform fact-verification,
Llama 3.1 displays a strong conservative bias,
labeling nearly half the claims as "Not Enough
Evidence". We further prompt the model to
generate supporting, refuting, or neutral fact-
checking documents. These prompts signifi-
cantly influence retrieval outcomes, with ap-
proximately 50% of retrieved evidence being
unique to each perspective. Notably, the model
sometimes refuses to generate supporting doc-
uments for claims it believes to be false, cre-
ating an inherent negative bias. Despite dif-
ferences in retrieved evidence, final verdict
predictions show stability across prompting
strategies. The code is available at: https:
//github.uio.no/eivindmb/IN5550_exam

1 Introduction

In modern society, the rapid spread of information
creates significant opportunities for misinformation.
The ability to distinguish fact from fiction remains
a central challenge, driving research into efficient
automated fact-checking methods.

Our work builds on the HerO system (Yoon
et al., 2024) which serves as the baseline for
the 2025 FEVER Workshop. This implementa-
tion, while effective overall, showed room for
improvement in evidence retrieval and classifica-
tion of "Not Enough Evidence" and "Conflicting
Evidence/Cherry-picking" categories.

Given HerO’s reliance on LLM document gener-
ation in the initial retrieval pipeline, and knowing
that LL.Ms are prone to exhibiting bias from their
parametric knowledge, we hypothesized that LLM
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bias may be a part of the reason for the HerO sys-
tem’s performance. To study this effect we investi-
gate two central hypotheses:

1. LLM-inherent bias hypothesis: LL.Ms gen-
erating hypothetical fact-checking documents
contain biases in their parametric knowledge
that influence verification outcomes.

2. Bias propagation hypothesis: These biases
systematically affect downstream components
of the fact-checking pipeline, specifically evi-
dence retrieval and final veracity prediction.

To test these hypotheses, we conduct two experi-
ments: first examining how Llama 3.1°s parametric
knowledge biases fact verification when used with-
out external knowledge, and second investigating
how intentionally prompted biases in hypothetical
document generation affect evidence retrieval and
verification decisions. We find that while LLMs
demonstrate conservative classification tendencies
when operating independently, biased hypothetical
documents significantly affect evidence retrieval
(with approximately 50% unique documents re-
trieved across different bias conditions) yet surpris-
ingly have limited impact on final verdict predic-
tions. We also uncover that under certain condi-
tions, the Llama 3.1 models refuse to provide any
output, leading us to a promising area of follow-up
work in the fact verification domain.

2 Related work

2.1 Fact-checking

Vlachos and Riedel presented how the fact-
checking process consists of different stages, each
of which may be automated (Vlachos and Riedel,
2014). These stages consist of extracting state-
ments to be fact-checked, constructing clarifying
questions, retrieving answers and evaluating the
truthfulness of the statement using the retrieved



material. Several LLM based systems for auto-
matic fact-checking have been developed in recent
years with widely different architectures, including
fine-tuning LLMs to evaluate truthfulness (Choi
and Ferrara, 2024), knowledge-graphs (Kim and
Choi, 2020) and different RAG-implementations
(Li et al., 2025).

In this paper, we investigate the Herd of Open
LLMs for verifying real-world claims (HerO) fact-
checking system (Yoon et al., 2024). A significant
strength of the HerO system is that it uses openly
available LLMs in all stages of the fact-checking
process. The system competed in the FEVER-24
workshop, where it achieved the second best per-
formance. Due to the good performance and its
open nature the system was selected as a baseline
in the FEVER-25 workshop the following year.

2.2 Knowledge conflicts and bias in LLMs

LLMs in fact-checking systems may suffer from
multiple shortcomings: they may reach wrong con-
clusions due to conflicting knowledge, generate un-
supported answers or propagate biases from train-
ing data. In this section, we briefly discuss knowl-
edge conflicts, hallucinations and systemic biases.

Knowledge Conflicts Xu et al. describe how
conflicts may arise if there are discrepancies be-
tween context (user prompt, dialog history and
retrieved documents) and parametric knowledge
of the model (Xu et al., 2024). In addition, there
may be conflicting information internally in both
the context and in the parametric knowledge (inter-
context conflict and intra-memory conflict). LLMs
appear unable to consistently assess which knowl-
edge is correct, and tends to reuse possibly erro-
neous content instead of correct information.

RAG Hallucinations Retrieval-Augmented Gen-
eration (RAG) architectures aim to reduce hallu-
cinations by combining a retrieval module, which
identifies relevant pieces of information in a knowl-
edge base, with a generation module, where a LLM
uses the retrieved information to produce grounded
answers. Béchard and Ayala demonstrate that RAG
systems hallucinate less than a fine-tuned LLM on
its own (Ayala and Bechard, 2024). Still, a line of
research explores the concept of RAG hallucina-
tion, a term used to describe when RAG models
create content that contradicts or is not supported
by the retrieved information. This may arise both
from information conflicts and lack of information.
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An evaluation of commercial RAG systems for le-
gal texts in the US showed that between 17 and 33
percent of the queries resulted in answers that con-
tained a hallucination (Magesh et al., 2024). Sun et
al. investigates mechanisms causing hallucinations
in RAG systems. They find that a central cause to
hallucinations is insufficient utilization of external
context and over-reliance on parametric knowledge
(Sun et al., 2025).

Systemic biases Retrieval systems may also be
vulnerable to biases resulting from biased training
data. Lin et al. find that false information gener-
ated by LLMs tend to be replications of popular
misconceptions (Lin et al., 2022). LLMs may also
replicate attitudes, opinions, and even prejudices
from their training data. Several recent studies have
demonstrated biases in LLMs, like leanings toward
certain political opinions and parties (Rettenberger
et al., 2025), religious bias (Abid et al., 2021) and
gender bias (Zhao et al., 2024; Soundararajan and
Delany, 2024; Beatty et al., 2024).

2.3 The HerO system for fact verification

The HerO system (Yoon et al.,, 2024), which
achieved second place in the FEVER-24 challenge,
serves as the baseline for the 2025 FEVER Work-
shop. It employs a three-stage pipeline using pub-
licly available LLMs: (1) evidence retrieval using
Llama 3.1-generated hypothetical fact-checking
documents and BM25 retrieval with embedding-
based reranking, (2) question generation for re-
trieved sentences, and (3) claim verification classi-
fying claims into four categories based on question-
answer pairs. Despite strong performance, HerO
showed limitations in classifying "Not Enough Ev-
idence" and "Conflicting Evidence/Cherrypicking"
categories, potentially due to bias in document gen-
eration and retrieval.

2.4 Research gap and our contribution

Our work bridges fact-checking methodology and
LLM bias research by investigating how paramet-
ric knowledge biases in LLMs impact fact verifica-
tion. While existing literature has examined knowl-
edge conflicts (Xu et al., 2024), hallucinations in
retrieval systems (Sun et al., 2025; Magesh et al.,
2024), and systemic biases (Rettenberger et al.,
2025; Abid et al., 2021), our research uniquely
contributes by: (1) quantifying how LLM-inherent
biases affect evidence retrieval in a practical fact-
checking system, (2) demonstrating the surprising



stability of verdict predictions despite significant
retrieval differences, and (3) revealing asymmetric
safeguarding behaviors that create inherent nega-
tive bias in verification systems. These findings
extend the understanding of bias propagation in
automatic fact-checking workflows and suggest a
need to take LLLM bias into account for more bal-
anced evidence collection.

3 Methods

Our experimental approach systematically inves-
tigates bias propagation through the HerO fact-
checking pipeline by isolating and testing indi-
vidual components. We designed two comple-
mentary experiments to: (1) characterize inherent
model bias through direct prediction without ex-
ternal knowledge, (2) quantify how biased hypo-
thetical fact-checking documents affect evidence
retrieval and veracity prediction. This methodology
allows us to trace bias effects from initial hypothet-
ical document generation through retrieval to final
verification, identifying where biases emerge and
how they influence downstream performance.

3.1 Our baseline - an adapted HerO system

We made use of the smaller 8B model versions
for all steps in the HerO pipeline, whereas the
original used 70B models for both hypothetical
fact-checking document generation and veracity
prediction. Our selection of the smaller model
reduces compute cost and increases the overall
speed of running the pipeline. We also adapted
the pipeline by retrieving only the top 5,000 rele-
vant documents from the knowledge store in the
retrieval step, whereas the original HerO pipeline
retrieved the top 10,000. These alterations likely
impacted the quality of our predictions, but the
methods and the relevancy of our findings about
bias likely apply also to the larger model sizes,
even if the larger models have bias in a somewhat
different direction, as Rettenberger et al. found in
their paper (Rettenberger et al., 2025).

3.2 Data

We conducted our experimentation with the
Averitec dataset (Schlichtkrull et al., 2023) pro-
vided for the FEVER workshop challenge. This
dataset consists of 4,568 claims along with justi-
fications, clarifying questions and an associated
knowledge store consisting of sentences from fact-
checking sites. In our work we only had access to
the training and the development sets, as the test set
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Figure 1: Our direct to prediction system, made to assess
the bias inherent in the model. Here a Llama 3.1 8B
model is asked to generate output in the final format.

was withheld for the task evaluation. Since we did
not have access to the fully annotated test set, we
treated the development set as our unseen dataset,
conducting most of our experimentation and tuning
on the training set and evaluating on the develop-
ment set only afterwards. Since the HerO pipeline
uses few shot learning with samples from the train-
ing set for question generation, we also decided to
split the training set into two parts - train_train and
train_reference, used for prediction experimenta-
tion and as a reference for few shot respectively.
The train_train set consisted of the first 1,000 sam-
ples from the train set, with the remaining samples
in train_reference set. With this split, we made sure
that we never generated questions for samples from
the same dataset as those used as reference in the
few shot question generation process.

3.3 Experiment 1: Evaluating bias with direct
veracity prediction

The goal of our first experiment was to assess the
presence of any inherent bias in the model used for
fact-checking document generation. This involved
setting up an experiment that used only the model,
in our case the Meta-Llama-3.1-8B-Instruct, and no
external knowledge that might affect the prediction.

Setup To investigate which type of bias (if any)
the hypothetical fact verification document genera-
tor introduced in its generation, we implemented a
direct prediction approach that bypasses all knowl-
edge retrieval components in the baseline system.
This simple system design is shown in figure 1. Our
direct prediction system used the Meta-Llama-3.1-
8B-Instruct model to classify claims into four cate-
gories: "Supported," "Refuted," "Not Enough Evi-
dence," or "Conflicting Evidence/Cherrypicking",



and to generate three relevant questions and an-
swers to help verify the claim, using only its in-
ternal knowledge. This approach forces the model
to articulate its reasoning process while relying
solely on its parametric knowledge, creating self-
generated "evidence" that parallels the retrieved
evidence in the baseline system.

3.4 Experiment 2: Evaluating the effects of
biased hypothetical fact-checking
documents

We designed our second experiment to investigate
how bias in the hypothetical fact-checking docu-
ments affected the rest of the fact verification sys-
tem. In order to do this, we designed an experiment
to intentionally introduce bias into the generated
fact-checking documents at the beginning of the
pipeline. In this experiment, our central hypoth-
esis was that directional bias in the hypothetical
documents skews document retrieval toward evi-
dence supporting that bias direction, further skew-
ing downstream verification outcomes in the same
direction.

Setup To investigate our hypothesis, we imple-
mented a version of the baseline HerO pipeline
which would generate biased documents in the first
phase and then run parallel pipelines with the bi-
ased documents up to the veracity predictions. Fig-
ure 2 shows our pipeline. We modified the HyDE-
FC implementation from the baseline system by
implementing three distinct prompting strategies
that intentionally introduce different biases:

* Positive Bias: The model was explicitly in-
structed to generate a fact-checking passage
that supports the claim, highlighting evidence
in favor of it. (See figure 3 for the claim and
sample document generated.)

* Negative Bias: The model was instructed to
generate a fact-checking passage that refutes
the claim, highlighting evidence against it.
(See figure 4 for the claim and sample doc-
ument generated.)

* Objective Bias (Control): The model was in-
structed to generate a balanced fact-checking
passage, presenting evidence both for and
against the claim. (See figure 5 for the claim
and sample document generated.)

Following the generation of these biased docu-
ments, we ran separate, parallel retrieval, rerank-
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ing, question generation, and veracity prediction
processes for each bias condition, identical to the
original processes from the baseline. This design
allowed us to isolate the effect of prompt framing
on downstream retrieval while keeping all other
components of the pipeline identical.

3.5 Technical description

We ran the experiments using a GPU with 40 GB
standard memory, 24 CPU cores and 250 GB RAM.
The systems’ runtime naturally varied widely, with
the direct to prediction pipeline taking only a few
minutes to run and the full fact verification system
with knowledge store incorporated taking up 4-6
hours to complete.

4 Evaluation methodology and results

4.1 Evaluation methodology

Our evaluation focuses on comparing label distri-
butions, measuring inter-system agreement rates,
analyzing semantic similarity of justifications, and
quantifying retrieval overlap when relevant through
Jaccard similarity and Kendall rank correlation met-
rics.

Label distribution analysis We analyze system-
atic preferences by comparing label distributions
between systems, calculating absolute percent-
age shifts across the four categories (Supported,
Refuted, Not Enough Evidence, Conflicting Evi-
dence/Cherrypicking). This identifies directional
bias tendencies.

Inter-system agreement For Experiment 1, we
measure agreement rates between the direct pre-
diction and the baseline systems across label cate-
gories to understand where parametric knowledge
aligns with evidence-based decisions.

Semantic similarity analysis of justifications
We assess semantic similarity of justifications using
cosine similarity with all-MiniLM-L6-v2! sentence
embeddings across systems, measuring both over-
all similarity and agreement-conditional similarity.

Retrieval impact analysis For Experiment 2, we
quantify retrieval differences using: (1) Jaccard
similarity between document sets to measure over-
lap, (2) Kendall rank correlations to assess ranking

'The all-MiniLM-L6-v2 sentence transformer is available
at https://huggingface.co/sentence-transformers/all-MiniLM-
L6-v2, and is a finetuned version of microsoft/MiniLM-L12-
H384-uncased which itself was presented in (Wang et al.,
2020)



Hypothetical

Positive, :
objective, fact checking
negative documents
prompts
—» Supportive ——!
Claim Lla(nsqg)s_1 —» Objective —,

——>» Refuting —>

Knowledge

store

> »
g 7] Generated
Retrieval questions,
rerankin : retrieved
gk HerO veracity answers
question R Vel -
e » prediction >
generatio (88) Veracity
i predictions
(baseline) o
> »| justifications
-/ N

Figure 2: Our multi-prediction system, made to assess the impact of intentionally introduced bias into the retrieval
and veracity prediction parts of the system. A modification of the original HerO system, in that we ran three parallel

pipelines, with differing biases in their prompts.

Please write a fact-checking article passage that
SUPPORTS the following claim, highlighting evi-
dence in favor of it.

Claim: In a letter to Steve Jobs, Sean Connery re-
fused to appear in an apple commercial.

Passage: A 2008 biography by Walter Isaacson,
"Steve Jobs," revealed that Sean Connery was ini-
tially approached to appear in an Apple commercial
for the Apple II computer ...

Figure 3: An example of the instruction prompt used for
the positively prompted HyDE-FC and its output. The
bold text is the instruction, the italic text is a claim, and
the blue text indicates the model output.

consistency, and (3) domain distribution analysis
to identify source bias patterns.

Performance metrics We employ legacy
AVeriTeC metrics (question-only, question-answer,
and overall scores) to assess whether bias affects fi-
nal system performance, providing a counterfactual
evaluation framework.

4.2 Results experiment 1: Evaluating bias in
hypothetical document generation

Label Direct Baseline  Absolute Shift

Conflicting Evidence/

Cherrypicking 33 12 -4.20%

Not Enough Evidence 235 12 -44.60%

Refuted 133 334 40.20%

Supported 99 142 8.60%
Table 1: Label distribution shift from direct to

knowledge-based baseline prediction

Please write a fact-checking article passage that
REFUTES the following claim, highlighting evi-
dence against it.

Claim: In a letter to Steve Jobs, Sean Connery re-
fused to appear in an apple commercial.

Passage: Contrary to a popular myth, Sean Connery,
the renowned Scottish actor, never declined an offer
to appear in an Apple commercial. ...

Figure 4: An example of the instruction prompt used for
the negatively prompted HyDE-FC and its output. The
bold text is the instruction, the italic text is a claim, and
the blue text indicates the model output.

The direct and the knowledge-enhanced base-
line predictions show remarkably different label
distributions (Table 1). The direct prediction model
shows a strong preference for the "Not Enough
Evidence" verdict (47% of claims), compared to
just 2.40% for the knowledge-based baseline ap-
proach. Agreement between the approaches was
low overall (31.20%), with the highest agreement
for "Refuted" claims (81.20%) and the lowest for
"Not Enough Evidence" (3.40%) and "Conflicting
Evidence/Cherrypicking" (6.06%) verdicts.

This pattern reveals a conservative bias in the di-
rect prediction approach. It appears that the Meta-
Llama-3.1-8B-Instruct model strongly prefers to
withhold judgment when relying solely on para-
metric knowledge, defaulting to "Not Enough Evi-
dence" when external information sources would
enable a definitive verdict. This result corresponds
with Rettenberger et al.’s which shows that smaller
Llama 3.1 models in particular have a neutral politi-
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Please write an objective fact-checking article pas-
sage about the following claim, presenting a bal-
anced view of evidence both for and against it.
Claim: In a letter to Steve Jobs, Sean Connery re-
fused to appear in an apple commercial.

Passage: Fact-Checking the Claim: Sean Connery’s
Supposed Refusal to Appear in an Apple Commercial
The claim that ...

Figure 5: An example of the instruction prompt used
for the objectively prompted HyDE-FC and its output.
The bold text is the instruction, the italic text is a claim,
and the blue text indicates the model output.

cal bias, preferring centrist options when presented
with opinions on a spectrum (Rettenberger et al.,
2025).

The justifications provided by both approaches
showed moderate semantic similarity (mean 0.589,
median 0.617), with slightly higher similarity ob-
served when predictions agree (0.606) compared to
when they disagree (0.580). This suggests that the
models’ reasoning patterns partially overlap even
when they reach different conclusions, though they
do not strongly overlap in general.

4.3 Results experiment 2: Evaluating the
effects of biased hypothetical
fact-checking documents

Our evaluation strategy for Experiment 2 focused
on tracing how directional bias in generated hy-
pothetical fact-checking documents affects down-
stream components of the fact-checking pipeline.
We implemented an assessment approach compar-
ing how differently-biased documents impact: (1)
final veracity prediction accuracy through legacy
AVeriTeC metrics, (2) label distribution shifts
across verdict categories, and (3) evidence retrieval
patterns using document overlap and ranking met-
rics. By measuring both final performance and
intermediate retrieval characteristics, we can iden-
tify which pipeline components are most sensitive
to bias and quantify the extent to which initial bias
propagates through the system.

Retrieval metrics Our analysis of the documents
retrieved for the 500 claims in the development
set revealed substantial differences in retrieval out-
comes across the three bias conditions. Document
overlap analysis showed Jaccard similarity scores
ranging from 0.42 to 0.56, indicating that different
biases led to approximately half of the retrieved
documents being unique to that perspective com-

pared to the other perspectives. The negative and
objective perspectives exhibited the highest over-
lap (0.56), while positive and negative perspectives
were most distinct (0.42). Rank correlation metrics
demonstrated that even when the same documents
were retrieved, their perceived relevance was also
different for each bias, with Kendall rank corre-
lations ranging from 0.48 between positive and
negative to 0.61 between negative and objective.
Domain analysis revealed consistent reliance on
major news sources across all conditions, but with
subtle variations in the prevalence of fact-checking
sites.

These findings seem to confirm that directional
bias in hypothetical document generation system-
atically influences which evidence documents are
retrieved. The objective perspective shares more
characteristics with the negative than positive per-
spective, suggesting a potential inherent bias to-
ward critical evidence in the retrieval system.

Final output evaluation, legacy AVeriTec scores
and distributional shifts in labels predicted
Analysis of label distribution shifts across different
prompting strategies (Table 2) reveals surprising
stability in final verdicts despite substantial differ-
ences in retrieved evidence. The positive-biased
system showed the largest shifts (Table 2), with a
4% absolute decrease in "Refuted" verdicts and cor-
responding increase in "Supported” verdicts com-
pared to the baseline, aligning with its intended in-
tentionally introduced bias. However, this change
in "Supported" verdicts is modest considering that
roughly half of retrieved documents were unique to
this condition. The negative-biased and objective
systems showed even smaller shifts with less than
0.8% absolute shift across all categories.

This stability is further reflected in the (legacy)
AVeriTeC scores (Table 3), where all approaches
achieved similar performance. The question-only
and question-answer metrics showed minimal vari-
ation (less than 0.006 difference), suggesting that
retrieval and question generation quality remained
consistent despite different biasing strategies. Inter-
estingly, while the positive-biased system showed
the largest shift in label distribution, its AVeriTeC
score (0.48) was only marginally lower than the
baseline (0.518). The objective approach slightly
outperformed the baseline (0.522 vs 0.518), sug-
gesting that balanced document generation may
subtly enhance evidence quality. Overall, these
results indicate that the veracity prediction com-
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ponent demonstrates robustness to variations in
retrieved evidence. Appendix A. traces a single
claim through all bias conditions, showing how dif-
ferent hypothetical and retrieved documents lead
to similar final predictions.

L Baseline Positive  Negative  Objective
abel

Count % % shift % shift % shift
Supported 142 284 +4.0 0.0 -0.2
Refuted 334 66.8 -4.0 -0.8 0.0
Not Enough Evidence 12 24 0.0 0.0 +0.8
Conflicting Evidence/
Cherrypicking 12 24 0.0 +0.8 -0.6

Table 2: Label distribution across different prompting
strategies. The percentage shifts indicate absolute per-
centage changes compared to the baseline distribution.

Method Q-only Q+A  AVeriTeC (@0.25)
Baseline 0.489  0.330 0.518
Positive 0.486  0.327 0.48
Negative 0.486  0.330 0.49
Objective  0.483  0.327 0.522

Table 3: Performance comparison across different
prompting strategies using the legacy AVeriTeC met-
rics.

Potential safe-guarding observed in the positive
path Surprisingly, we observed systematic re-
fusal patterns when the model was prompted to
generate supportive fact-checking documents for
potentially harmful claims. This behavior appeared
to occur only in the positive-bias condition, suggest-
ing asymmetric safety guardrails that activate when
models are asked to support controversial claims,
as illustrated in Figures 6 and 7. This safeguard-
ing behavior could potentially create an inherent
negative bias in the system, as the model is more
willing to generate critical content than supportive
content for sensitive topics. These refusals likely
affected document retrieval explaining the retrieval
analysis results above, where the positively biased
system stood out from the others. However, the
same system showed only minor shifts in final label
distribution compared to the baseline, suggesting
that the question generation and veracity prediction
steps compensate for the retrieval gaps.

5 Discussion

Our experiments revealed a few key insights about
bias in LLM-based fact verification systems which
related directly to our hypotheses:
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Please write a fact-checking article passage that
SUPPORTS the following claim, highlighting evi-
dence in favor of it.

Claim: Trump Administration claimed songwriter
Billie Eilish Is Destroying Our Country In Leaked
Documents.

Passage: I am unable to verify the claim "Trump
Administration claimed songwriter Billie Eilish is
destroying our country in leaked documents."

Figure 6: When asked to write a fact-checking article
passage to support claims about Trump, Llama 3.1 8B
claims to be unable to do so.

Please write a fact-checking article passage that
SUPPORTS the following claim, highlighting evi-
dence in favor of it.

Claim: 5G causes COVID-19.

Passage: I can’t assist you with that request."

Figure 7: Claims about certain topics, such as Covid-19,
appear to be particularly sensitive.

First, we confirmed our initial hypothesis that the
initial LLM has built-in bias. We found that Llama
3.1 exhibits conservative bias when operating with-
out external knowledge, defaulting to "Not Enough
Evidence" for nearly half of claims. This conserva-
tive stance aligns with findings from Rettenberger
et al. (Rettenberger et al., 2025), who observed
neutral political tendencies in smaller Llama mod-
els.

For our second hypothesis, the results were more
mixed. While approximately 50% of retrieved
documents were unique to each bias condition, fi-
nal label distributions shifted by only 4% in the
positive-biased system and less than 0.8% in other
conditions. Several factors may explain why the
final verdicts remain stable despite significant dif-
ferences in the documents being retrieved. Possibly,
the verification component effectively focuses on
key evidence pieces rather than being influenced
by the full document set. It may also be that the
retrieved documents, though different, is so simi-
lar semantically that the same overall meaning is
conveyed to the model.

It looks like the measured differences in particu-
lar for the positively-biased system were due to a
surprising observation of asymmetric safeguarding
behavior, where the model refused to generate sup-
portive documents for potentially harmful claims,
but readily produced refuting documents for the



same claims.

We further hypothesize that the asymmetric safe-
guarding behavior creates an inherent negative bias
in the system, particularly affecting controversial
topics.

6 Conclusion

Our investigation into bias in LLM-based fact veri-
fication led us to make several conclusions. Con-
cerning our LLM-inherent bias hypothesis, we con-
firmed that Llama 3.1 exhibits strong conservative
tendencies, defaulting to "Not Enough Evidence"
in 47% of claims when operating without exter-
nal knowledge. For our bias propagation hypothe-
sis, we found mixed results: biased prompting sig-
nificantly impacts evidence retrieval (with ~50%
unique documents across conditions) but surpris-
ingly has minimal effect on final verdicts (shifts of
only 0-4%). This discrepancy reveals a key insight:
verification components appear remarkably robust
to variations in retrieved evidence. We also un-
covered asymmetric safeguarding behavior where
models refuse to generate supportive content for
potentially harmful claims while readily producing
refuting content, potentially creating an inherent
negative bias in evidence collection. These findings
have some implications for fact-checking system
design. While LLM biases do not fully propagate
through verification pipelines, they do systemati-
cally skew which evidence is considered. Future
systems might consider multi-perspective evidence
collection to ensure balanced coverage, particularly
for controversial topics.

6.1 Future work

Further research is needed to explore how bias in
LLMs affects fact-checking and retrieval. In the
context of the FEVER Averitec fact verification
challenge, we would be interested in pursuing sys-
tems that further incorporate or alleviate bias in
LLMs to improve fact verification, in particular for
controversial claims that are safe-guarded against.
This may be changes in prompting or in the system
architecture. There is a need to develop new meth-
ods to improve the evaluation of bias in LLMs for
fact verification, especially investigating whether
the generating language models display signs of
systematic bias affecting the retrieval components.
We expect that different models may show different
degree of bias and different sorts of biases. Further
research is needed to explore these differences. Par-
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ticularly experiments with different sorts of model
sizes are of interest for future research.

Limitations

Our study faces several methodological constraints
that should be considered when interpreting our
findings. Due to computational resource limita-
tions, we utilized Llama 3.1 8B models rather than
the 70B variants employed in the original HerO sys-
tem. This difference likely impacts both the quality
of generated hypothetical fact-checking documents
and final veracity predictions. As mentioned above,
further research is needed to explore if these biases
are reproduced also with larger models.

Data access constraints limited our experimen-
tation to the training and development sets, as the
test set was withheld for the FEVER-25 challenge.
While our train-development split provided a rea-
sonable approximation for evaluation, results may
vary on the official test set with its potentially dif-
ferent distribution of claim types and reasoning
patterns.

Our findings on bias propagation may not gen-
eralize beyond the HerO architecture to other fact-
checking systems employing different retrieval
mechanisms or verification strategies. Addition-
ally, our three chosen prompting strategies (posi-
tive, negative, and objective) represent only a sim-
plified spectrum of potential biases, omitting more
nuanced forms of bias including political, religious,
or cultural dimensions.

The metrics employed to evaluate retrieval bias
(Jaccard similarity and Kendall’s tau) capture struc-
tural differences in the document sets, but may
not fully characterize semantic differences in evi-
dence quality or relevance. Furthermore, while we
observed correlations between biased prompting
and retrieval differences, establishing causal rela-
tionships between specific biases and verification
outcomes remains challenging within our experi-
mental framework.

Finally, our access to the Llama API used to
compute the new AVeriTeC scores was limited due
to the cost of inference on the Llama API. We kept
our usage of this to a minimum and ended up using
the legacy AVeriTeC scores for our evaluation.
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Appendix A. Detailed Example: Tracing
Bias Through the Pipeline

Table 4 provides a detailed example of how a single
claim progresses through our different bias condi-
tions, illustrating the concrete differences in hypo-
thetical document generation, evidence retrieval,
and final veracity predictions discussed in the main
paper. We’ve chosen a claim where the final verac-
ity prediction differs slightly between the systems,
the positive system judging there to be conflicting
or cherrypicked evidence, while the objective and
negative systems judge it to be refuted (the correct
verdict), and the baseline system judges there is not
enough evidence. For lack of space we’ve included
the first three hypothetical documents, along with
the three first question and answer pairs. Note that
the answers here correspond to the retrieved ev-
idence, labeled with Evidence <ID>. There are
seven distinct pieces of evidence retrieved, labeled
A through G. For this particular example there is
a lot of overlap in the top three evidence retrieved,
with A, B, and C showing up in positive, objective,
and baseline retrieval results, while negative has
A, B, and D. This example seems to show that the
further down the list we get, the more diverging
evidence retrieved for each system.
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Table 4: Tracing a claim through different bias conditions: Hypothetical document generation and final veracity
predictions for the Matt Gaetz hospice fraud claim

Claim: "Republican Matt Gaetz was part of a company that had to pay 75 million in hospice fraud. They
stole from dying people."

Gold Truth Label: Refuted

Gold Truth Justification: "The company was sold in 2004 and the law suit was filed in 2013"

Table 5: Positive Bias Condition Results

Positive Bias Condition

Prompt:

Please write a fact-checking article passage that SUPPORTS the following claim,
highlighting evidence in favor of it.

Sample Hypotheti-
cal Documents:
Document 1:

Document 2:

Document 3:

"In 2021, a federal investigation found that a company called GelDerm Dermatology,
co-founded by Republican Rep. Matt Gaetz’s father, Don Gaetz, and other investors,
was part of a larger network of medical clinics that engaged in a widespread hospice
care fraud scheme. According to the U.S. Department of Justice, GelDerm was
among several companies that allegedly billed Medicare for medical services that
were not provided or were medically unnecessary..."

"A fact-checking examination of the claim that Republican Rep. Matt Gaetz was
involved with a company accused of hospice fraud reveals evidence suggesting a
connection between the congressman and the company, Gelinas Hospice Care. In
2019, the U.S. Department of Justice announced a settlement with Gelinas Hospice
Care, requiring the company to pay $75 million to resolve allegations of Medicare
fraud..."

"Matt Gaetz’s Involvement in a Company Accused of Hospice Fraud. Rep. Matt
Gaetz, a U.S. Representative from Florida, has been associated with a company called
Gelber Group, a medical billing firm that operated in the 2000s. In 2011, Gelber
Group’s parent company, American Medical Review Services (AMRS), reached
a settlement with the U.S. Department of Justice (DOJ) to resolve allegations of
Medicare and Medicaid billing fraud..."

Sample Evidence
Q&As:
Q1:

Al [Evidence A]:

Q2:

A2 [Evidence B]:

Q3:

A3 [Evidence C]:

Q4:
A4 [Evidence D]:

Was Matt Gaetz involved in a company that was accused of submitting fraudulent
Medicare claims?

The Department of Justice is suing the hospice company founded by Florida’s Senate
president, accusing it of submitting tens of millions of dollars in fraudulent Medicare
claims for more than a decade, including while Don Gaetz was vice chairman of the
board.

Did Matt Gaetz’s company, VITAS, have to pay a settlement due to allegations of
Medicare fraud while he was working there?

In 2013, the United States Department of Justice filed a lawsuit against VITAS for
allegedly committing Medicare fraud since 2002, when Gaetz still worked at the
company, though Gaetz denied any role in any wrongdoing that occurred.

What is the U.S. Department of Justice accusing the hospice company founded by
Senate President Don Gaetz of doing, and what was Matt Gaetz’s involvement with
the company at the time of the alleged wrongdoing?

The U.S. Department of Justice is suing the hospice company founded by Senate
President Don Gaetz, accusing it of Medicare fraud, going back to when Gaetz was
still with the firm.

Did the company that Matt Gaetz was a part of commit Medicare fraud in 2001?
The Justice Department claims the Medicare fraud was occurring in 2001, three
years before Gaetz and his partners sold the company.

Final Prediction:
Model Reasoning:

Conflicting Evidence/Cherrypicking
"The company was accused of fraud but the claim says they stole from dying people
which is not the same as fraud."
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Table 6: Negative Bias Condition Results

Negative Bias Condition

Prompt:

Please write a fact-checking article passage that REFUTES the following claim,
highlighting evidence against it.

Sample Hypotheti-
cal Documents:
Document 1:

Document 2:

Document 3:

"Fact-Checking the Claim: Republican Matt Gaetz and Hospice Fraud Allegations.
A recent claim circulating online suggests that Republican Representative Matt Gaetz
was involved with a company that perpetrated $75 million in hospice fraud, allegedly
stealing from dying individuals. However, a closer examination of the facts reveals
this claim to be largely unfounded and misleading..."

"Fact-Checking the Claim of Matt Gaetz’s Involvement in Hospice Fraud. Recent
claims have circulated online stating that Representative Matt Gaetz (R-FL) was
part of a company involved in a $75 million hospice fraud scheme that targeted
vulnerable individuals. However, these allegations are unfounded and lack concrete
evidence to support them..."

"Fact-Checking the Claim: Matt Gaetz’s Alleged Involvement in Hospice Fraud.
A recent claim has surfaced alleging that Republican Representative Matt Gaetz
was involved with a company that engaged in hospice fraud, resulting in a $75
million payout. However, a closer examination of the facts reveals that this claim is
misleading and lacks concrete evidence..."

Sample Evidence
Q&As:
Q1:

Al [Evidence B]:

Q2:

A2 [Evidence A]:

Q3:
A3 [Evidence E]:

Q4:
Ad [Evidence F]:

Did Matt Gaetz’s company, VITAS, have to pay a settlement due to allegations of
Medicare fraud while he was working there?

In 2013, the United States Department of Justice filed a lawsuit against VITAS for
allegedly committing Medicare fraud since 2002, when Gaetz still worked at the
company, though Gaetz denied any role in any wrongdoing that occurred.

Was Matt Gaetz involved in a company that was accused of submitting fraudulent
Medicare claims?

The Department of Justice is suing the hospice company founded by Florida’s Senate
president, accusing it of submitting tens of millions of dollars in fraudulent Medicare
claims for more than a decade, including while Don Gaetz was vice chairman of the
board.

Did Matt Gaetz’s father’s company, which was involved in a hospice fraud case, have
to pay a settlement of $75 million?

The Facebook post takes a single arrest for DUI, inflates it and omits that the case
was dropped. Also, the hospice fraud case pertains to a company that was once
owned by Matt Gaetz’s father Don Gaetz, who wasn’t named as a defendant in that
case.

Did Matt Gaetz state that he has knowledge of the allegations of hospice fraud
against the company he helped found?

Earlier this month, Senator Gaetz publicly stated that he has no knowledge of
the allegations contained within the False Claims Act lawsuit and is extremely
disappointed to “see a company I helped found involved in something like this.”

Final Prediction:
Model Reasoning:

Refuted
"The Q&As show that the company was involved in fraud but Matt Gaetz was not."
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Table 7: Objective Condition Results

Objective Condition
Prompt:

Please write an objective fact-checking article passage about the following claim,
presenting a balanced view of evidence both for and against it.

Sample Hypotheti-
cal Documents:
Document 1:

Document 2:

Document 3:

"Fact-checking the Claim Surrounding Matt Gaetz and a Hospice Fraud Settlement.
Rep. Matt Gaetz, a Republican congressman from Florida, has been at the center
of several controversies throughout his career. A recent claim circulating online
suggests that Gaetz was involved with a company that was involved in a significant
hospice fraud case. To examine the validity of this claim, it’s essential to break down
the evidence..."

"Matt Gaetz and the Allegations of Hospice Fraud. In 2019, allegations emerged
that U.S. Representative Matt Gaetz (R-FL) was associated with a company that
was involved in a significant hospice fraud case. According to reports, Fort Walton
Beach-based American Medical Systems, Inc., a company partially owned by a
friend of Gaetz’s, paid $75 million to settle allegations of Medicare and Medicaid
fraud..."

"Fact-Checking Claim: Matt Gaetz’s Involvement in Hospice Fraud Case. A recent
claim has been circulating that Representative Matt Gaetz (R-FL) was part of a com-
pany that engaged in hospice fraud, resulting in a $75 million settlement. The claim
suggests that Gaetz’s involvement in this company, known as American Medical
Care (AMC), led to the exploitation of vulnerable individuals..."

Sample Evidence
Q&As:
Q1:

Al [Evidence B]:

Q2:

A2 [Evidence A]:

Q3:

A3 [Evidence C]:

Q4:

A4 [Evidence G]:

Did Matt Gaetz’s company, VITAS, commit Medicare fraud while he was working
there, and if so, what was the outcome of the lawsuit filed by the US Department of
Justice?

In 2013, the United States Department of Justice filed a lawsuit against VITAS for
allegedly committing Medicare fraud since 2002, when Gaetz still worked at the
company, though Gaetz denied any role in any wrongdoing that occurred.

Was Matt Gaetz involved in a company that was accused of submitting fraudulent
Medicare claims?

The Department of Justice is suing the hospice company founded by Florida’s Senate
president, accusing it of submitting tens of millions of dollars in fraudulent Medicare
claims for more than a decade, including while Don Gaetz was vice chairman of the
board.

What is the U.S. Department of Justice accusing the hospice company founded by
Senate President Don Gaetz of, and what was Matt Gaetz’s involvement with the
company at the time of the alleged wrongdoing?

The U.S. Department of Justice is suing the hospice company founded by Senate
President Don Gaetz, accusing it of Medicare fraud, going back to when Gaetz was
still with the firm.

Was Matt Gaetz involved in a company that was accused of Medicare fraud during
his time as vice chairman?

TALLAHASSEE — The U.S. Department of Justice has sued the hospice company
founded by Florida Senate President Don Gaetz, accusing the company of engaging
in Medicare fraud for more than 11 years, including during the time Gaetz was vice
chairman.

Final Prediction:
Model Reasoning:

Refuted
"The company was sold before the fraud started."
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Table 8: Baseline Condition Results

Baseline Condition
Prompt:

Please write a fact-checking article passage to support, refute, indicate not enough
evidence, or present conflicting evidence regarding the claim.

Sample Hypotheti-
cal Documents:
Document 1:

Document 2:

Document 3:

"Fact-Checking the Claim of Matt Gaetz’s Involvement in Hospice Fraud. A recent
claim has surfaced alleging that Representative Matt Gaetz (R-FL) was associated
with a company that engaged in hospice fraud, resulting in a $75 million settlement.
However, a closer examination of the facts reveals a more nuanced picture. The
company at the center of the allegations is American Home Medical (AHM), which
agreed to pay $75 million to settle allegations..."

"Fact-Checking the Claim of Matt Gaetz’s Alleged Involvement in Hospice Fraud.
A recent claim has circulated on social media that Republican Representative Matt
Gaetz was part of a company that engaged in hospice fraud and embezzled 75 million
dollars from terminally ill patients. However, upon closer inspection, the available
information suggests that the claim is partially accurate, but also exaggerated and
distorted..."

"Fact-checking the Claim of Matt Gaetz’s Involvement in Hospice Fraud. Recent
allegations have been circulating that Representative Matt Gaetz, a Republican
from Florida, was part of a company involved in a significant hospice fraud case.
According to some sources, the company allegedly stole from dying people and was
forced to pay $75 million in fines. However, a closer examination of the facts reveals
a more complex situation..."

Sample Evidence
Q&As:
Q1:

Al [Evidence B]:

Q2:

A2 [Evidence A]:

Q3:

A3 [Evidence C]:

Q4:

A4 [Evidence G]:

Did Matt Gaetz’s company, VITAS, commit Medicare fraud while he was working
there, and if so, what was the outcome of the lawsuit filed by the US Department of
Justice?

In 2013, the United States Department of Justice filed a lawsuit against VITAS for
allegedly committing Medicare fraud since 2002, when Gaetz still worked at the
company, though Gaetz denied any role in any wrongdoing that occurred.

Was Matt Gaetz involved in a company that was accused of submitting fraudulent
Medicare claims?

The Department of Justice is suing the hospice company founded by Florida’s Senate
president, accusing it of submitting tens of millions of dollars in fraudulent Medicare
claims for more than a decade, including while Don Gaetz was vice chairman of the
board.

What is the U.S. Department of Justice accusing the hospice company founded by
Senate President Don Gaetz of doing, and what was Matt Gaetz’s involvement with
the company at the time of the alleged wrongdoing?

The U.S. Department of Justice is suing the hospice company founded by Senate
President Don Gaetz, accusing it of Medicare fraud, going back to when Gaetz was
still with the firm.

Was Matt Gaetz involved in a company that was accused of Medicare fraud during
his time as vice chairman?

TALLAHASSEE — The U.S. Department of Justice has sued the hospice company
founded by Florida Senate President Don Gaetz, accusing the company of engaging
in Medicare fraud for more than 11 years, including during the time Gaetz was vice
chairman.

Final Prediction:
Model Reasoning:

Not Enough Evidence
"The company was not found guilty of fraud, and the amount of the settlement is not
known."
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Abstract

Automated fact-checking (AFC) of factual
claims must strike a balance between efficiency
and accuracy. Although sophisticated frame-
works such as Ev?R offer strong semantic
grounding, they often carry a heavy computa-
tional burden; on the contrary, simpler overlap-
or one-to-one matching metrics are far less de-
manding, but frequently diverge from human
judgments. In this paper, we introduce SemQA,
a lightweight and accurate evidence scoring
metric that combines transformer-based ques-
tion scoring with bidirectional NLI entailment
in answers. SemQA is then evaluated through
correlation analysis with existing metrics, ex-
amination of representative examples, and hu-
man evaluations.

1 Introduction

Large language models (LLMs) have seen explo-
sive adoption, but are prone to hallucinations. Xu
et al. argue that this is a core limitation for LLMs.
When an LLM generates a response that is incor-
rectly decoded, is not based on training data, or
does not follow identifiable patterns, the response
can be false or misleading. LLM output verification
is a time-consuming task for humans, so automated
fact checking (AFC) systems were created to effi-
ciently process large volumes of information and
detect hallucinations (Malviya and Katsigiannis,
2024).

The shared task FEVER (Fact Extraction and
VERification)! has driven progress by providing
a standardized framework and datasets for AFC
systems to retrieve evidence and predict veracity
labels. The AVeriTeC dataset extends fact check-
ing to real-world claims with naturally occurring
evidence (Schlichtkrull et al., 2023).

Traditional AFC evaluation methods often eval-
uate evidence solely based on predicted verdicts or

'FEVER Workshop homepage:
index.html

https://fever.ai/
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by comparison of evidence retrieved with closed
knowledge sources. Ev2R (Akhtar et al., 2024) was
introduced as an evaluation framework for AFC to
counteract these limitations. In fact, Ev?R out-
performs many traditional evaluation approaches.
However, being an LLM-driven framework, Ev?R
can be computationally intensive. Finding a com-
promise that is more computationally efficient and
still accurate would benefit the development pro-
cess of AFC systems.

We seek to design a metric that can evaluate
question-and-answer (QA) evidence against refer-
ences. Building on insights from Ev2R, Hungar-
ian METEOR (Kuhn, 1955), and soft weighting
of question similarities, we propose SemQA. A
Semantic Question and Answer metric. Our work
makes the following contributions;

* The design of SemQA, which combines ques-
tion embeddings with natural language infer-
ence (NLI) answer entailment into a single
tunable metric that is up to 5x faster than EvZR
with correlation with human judgments.

* A human-centered quantitative evaluation
of SemQA on a representative subset of
AVeriTeC, comparing its evidence scoring
judgments directly against expert annotations.

2 Related work

FEVER 2025 implements two main metrics for
evidence evaluation: Ev2R (Section 2.1) and Hun-
garian METEOR (Section 2.2). We compare these
as the primary baselines for the development and
evaluation of our new SemQA metric.

21 Ev’R

Ev2R has three different variations for evaluation
(Akhtar et al., 2024); reference-based, proxy-based,
and reference-less scorer. These scorers are eval-
uated on the basis of how well their predictions
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Atomic facts in referenced evidence

s ™

\

1t fact: No answer was found regarding
whether onions can absorb illness from a
person's feet.
2nd fact: Onions do not absorb bacteria.
3rd fact: The idea that a vegetable would
attract and suck into itself bacteria from the air

is not even logical. [..]

Atomic facts in retrieved evidence

2 e
1st fact: There is no scientific basis for the
post’s purported remedy, experts told AAP
FactCheck

2nd fact: Studies have found onions may
provide some health benefits to humans,
however there is no evidence they cure colds,
flu or bronchitis. [.]

Referenced evidence

\

Can onions absorb illness from a person's feet?
No answer could be found.

Can onions absorb and cure illnesses from
being in an open jar?

Dr. MacDonald said in an article for Best Food
Facts regarding whether onions can absorb
bacteria and cure illness, "No, onions do not
absorb bacteria. [..]

R N

Retrieved evidence

Is there scientific evidence supporting the
effectiveness of sliced onions in curing colds,
coughs, and fever?

There is no scientific basis for the post's
purported remedy, experts told AAP
FactCheck. Studies have found onions may
provide some health benefits to humans,
however there is no evidence [..]

7

J

Figure 1: Example to visualize reference-based evaluation.
The evidence is decomposed into atomic facts before evalu-
ation. Illustration based on work of original author (Akhtar
et al., 2024)

correlate with human evaluation, taking into ac-
count factors such as coverage, consistency, coher-
ence, relevance, and repetition. We are exploring
a reference-based atomic scorer, just like in the
FEVER workshop. We deduce this on the basis of
their implementation. The reference-based atomic
scorer decomposes the retrieved evidence E and
the referenced evidence E into atomic facts A,
and Ag. In other words, it uses LLMs to break
down the claims and evidence into atomic facts to
be compared. Figure 1 illustrates an example of
this process.

The reference-based atomic scorer uses preci-
sion and recall scores. Precision refers to measur-
ing the accuracy of the retrieved evidence, while
recall is used to assess the completeness of the
retrieved evidence E based on the gold standard.
Akhtar et al. specifies the precision score Sy ec
as the ratio of facts supported by the referenced
evidence: )

Sprec = ‘A

] I[az supported by E]
EBlapeap

The scorer iterates over each fact (ap €
Ag), and if a fact a is supported by the ref-
erenced evidence F, then the indicator function
(Ilaz supported by E]) returns 1. In the opposite
case, 0 will be returned. The recall score S,ecqi
measures how much the retrieved evidence F cov-
ers the content of the referenced evidence E. Here,
it evaluates whether each atomic fact of the ref-
erenced evidence (ag € Afg) is supported by the
retrieved evidence F or not:

Z I[az supported by £

Srecall = T, 7
|A |aE€AE

This approach makes the evaluation precise, but
it requires a lot of computational power per evalua-
tion. In practice, this is a significant limitation as

the cost will scale with the size of the model and the
number of claims. In addition, heavy computations
lead to a longer computational time, which raises
concerns about scalability, i.e. the performance
of evaluation as the evidence corpus size grows.
These drawbacks demonstrate the need for a less
computationally intensive evaluation framework
for AFC.

The evaluations in the paper of Ev2R (Akhtar
et al., 2024) suggest that the reference-based atomic
scorer correlates better with human evaluations
than traditional metrics. Despite this, they may
have problems evaluating retrieved evidence that
uses a different reasoning or information than the
referenced evidence. This is problematic as it can
lead to lower scores even if both the retrieved and
referenced evidence lead to the same conclusion.

2.2 Hungarian METEOR

Hungarian METEOR is a metric for AFC that eval-
uates the degree to which the retrieved evidence
matches the referenced evidence for a claim. It
builds on the METEOR metric (Banerjee and Lavie,
2005) and applies the Hungarian matching algo-
rithm (Kuhn, 1955). A set of token sequences is
used with a pairwise scoring function, followed
by the use of the Hungarian algorithm to find a
match between retrieved sequences and referenced
sequences. In practice, each pair of referenced
evidence and retrieved evidence is taken and their
textual overlap is given a score to find the most sim-
ilar correlation between referenced and retrieved
evidence. The score scales with the correlation,
meaning that the more similar it is, the higher the
score. Schlichtkrull et al. calculate the total score
using f(-) as a pairwise scoring function. X (-) is a
binary assignment function, where a match gives 1,
and no match gives 0. The result u, is the maximum
similarity score under the one-to-one matching re-
straint between the referenced (Y') and retrieved
evidence (Y):

uf(V,Y) = ﬁ max 337 £(5,4) X(3,9)
gey yeYy

Hungarian METEOR is fast and lightweight as
it is an algorithmic metric that does not rely on
neural networks or language models. This leads
to a shorter computation time than the Ev2R met-
ric. However, this also means a limited semantic
understanding. Akhtar et al. states that the use
of token matching metrics, such as METEOR, is
sensitive to surface forms and does not consider
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alternative evidence paths. Whereas Schlichtkrull
et al. contradicts this claim with their evaluation,
stating that many claims can be verified through
alternative evidence formulations.

3 Methodology

In this section, we outline the conceptual founda-
tions of SemQA and cover its concrete implemen-
tation. At its core, SemQA is designed to assess
the output of the HeRO system, which is trained on
the AVeriTeC dataset.

There are various approaches to evaluate AFC
systems. For instance, the output of HeRO includes
a labeled verdict, a justification text, and the evi-
dence; which both the verdict and justification are
based on when presented with a claim. In one ap-
proach, one could suggest that the precision of a
label and justification could be trivially measured.
For example, label accuracy could be measured
directly through accuracy per label class, such as
recall, F1, or mAP. Alternatively, justification ac-
curacy could be assessed by comparing the gen-
erated justification with the gold justification; by
measuring the embeddings of these justifications
with cosine similarity, or learned scorers, such as
BERTScore (Zhang et al., 2020).

However, depending on the complexity of the
format, evaluating the precision of the evidence
often becomes less trivial. In the case of a QA
format, there are multiple questions to consider;
assuming that the correct label and justification
were generated, did the system propose appropriate
questions? Will the generated answers lead to the
same justification as before? Could any generated
answers contradict the gold justification?

With these considerations in mind; our metric
measures semantic similarities of the generated
evidence against the gold question-answer pairs. In
detail, SemQA utilizes a combination of question
similarity score and answer entailment score.

3.1 Formulation

The HeRO system generates evidence that supports
the predicted justification and claim. The gen-
erated evidence E, is a set of question-answer
pairs, P = {Q, A}, ie, E = {P,,...,P,}.
For reference-based evaluation, the gold QA pairs
P ={Q, A}, labels L, and justifications J are pro-
vided, allowing us to directly evaluate performance
against the generated output. The gold QA pairs
can thus be evaluated directly against the predicted.
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The AVeriTeC dataset includes annotated gold QA
for each claim (Schlichtkrull et al., 2023). However,
the number of annotated questions is limited to a
finite set; HeRO returns a set of generated questions
that could be more than the number of annotated
questions. This is taken into account with SemQA.

3.2 Question Score

Given that the number of questions generated m is
higher than the gold questions provided n, the met-
ric should calculate the relevance of the questions
generated to the gold questions. In order to score
the question relevance, we propose two versions for
question scoring; with Hungarian matching (Sec-
tion 3.2.1) and softmax (Section 3.2.2).

3.2.1 Variation: Hungarian Matching

Instead of Hungarian METEOR matching (Section
2.2), we utilize a sentence transformer to encode
the question sentences into an encoded embedding
e(Q), e(Q). This provides a richer semantic score
for the questions compared to that of the Hungar-
ian METEOR. Moreover, the cosine similarity is
computed between the gold and generated question
embeddings. This is followed by building a simi-
larity matrix based on each similarity score, S; ;.
Finally, the cost is calculated, C; j, which is the in-
verse of similarity, meaning that a lower similarity
leads to a higher cost:

Si; = cos(e(Qi), e(Qy)),
Cij=1—15;.
Using the Hungarian matching algorithm (Kuhn,
1955), HM(+), we can find the pair of similarity

scores that has the lowest cost. This gives us N
pairs of lowest cost:

HM(C) = {(@@4)} ..

Finally, the question score is calculated as the
average similarity score of these matched pairs:

1
Qscore = N Z Sl,]

(4,7) € HM(C)

3.2.2 Variation: Softmax
As an alternative to hard one-to-one matching, we
can aggregate all pairwise question similarities via
soft weighting. After encoding questions with the
same transformer e(+), we form the cosine similar-
ity matrix:

Sij = cos(e(Qi), e(Q;))

We then normalize each row of S into a probability
distribution:



exp(Si,j)

P= o PW)
! ZIICM:I exp(Si,k)

Intuitively, F; ; measures how strongly the gen-
erated questions (); overlap with the gold questions
Q;. Let F be all probabilities over the set threshold
t:

F={@J)| Py >t}

The threshold removes weak alignments and fo-
cuses the score on genuinely relevant question pairs.
This can also leave only a small number of surviv-
ing alignments. If only a few predicted questions
match confidently with the gold questions, we want
to reduce the final score. To improve this, we intro-
duce the normalization constant k:

|71 )

ko= min(1, min(N, M)

k is calculated by taking the number of matches
after thresholding, | F|, over the maximum number
of one-to-one matches, min(V, M). The final soft-
max variation of the question score becomes the
sum of probabilities for the strongly matched:

1
Qscore =k X m Z Pi,j-

(i,j)EF
3.3 Answer Score

When evaluating the quality of the generated an-
swers, we only consider those tied to confidently
matched questions. This allows us to reduce com-
putation time and focus on the corresponding an-
swers. Let {(4, 7)} be the set of gold and predicted
pairs of questions, returned by our question match-
ing step. For each such pair (7, j), we extract the
gold answer A; and the generated answer flj, and
run a bidirectional NLI, i.e., entailment in both
directions. The motivation behind using an NLI
model is simple; we want to capture the probability
of whether the generated answer truly follows, and
is supported by the gold answer, in both directions:

prwa(i,j) = Entail(A4; — A;)

powa(i,j) = Entail(4; — A;)
Entail(-) is the probability of the “entailment”
class after discarding the “neutral” dimension of
NLI logits. We take the maximum of the forward
and backward entailment scores to reward any di-
rection in which one answer fully covers the other,
ensuring that additional detail or paraphrasing does
not reduce the measured support. Let b; ; be the
strongest entailment for the given match ¢, j:
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bi,j = ma‘x(hWd(i7j)7pde(i3j))’

Finally, the overall answer score is simply the
average across all matched pairs:

1
Ascore = !{(Z,])H Z bi,j'

(4,5)
3.4 Weighted combination

Our metric balances question similarity and answer
entailment with the hyperparameter o. By default,
a = 0.5. Setting a high « leads to more focus on
question recall than answer entailment. During our
analysis, we plan to explore the effect of focusing
more on the questions rather than the answers. The
metric is calculated as follows;

SemQA =a- Qscore + (1 - Ot) - Agcore

3.5 Implementation Details

For the sentence transformer, we utilize the pre-
trained; A11 Mpnet Base V22. This sentence trans-
former maps the sentence into a 768 dimensional,
dense embedding. Then, for our NLI model, we
utilize BART (Lewis et al., 2019).

4 Analysis and Results

We assess our metric through three forms of analy-
ses. First, in Section 4.1, we fine-tune SemQA for
correlation with the other metrics and evaluate the
correlation. This is followed by computational effi-
ciency in Section 4.2. Next, in Section 4.3, we look
at representative examples of surface strengths and
weaknesses in the model. Finally, in Section 4.4,
we hold human evaluations for further examination
of our metric.

4.1 Finetuning for Correlation

Our implementation has multiple tunable param-
eters and variations. This includes variations in
question scores (Section 3.2), alpha «, and thresh-
old. To explore the different SemQA values for
different parameters, we fine-tune our metric for
high correlation with the other metrics. First, lever-
aging the HeRO system (Yoon et al., 2024) with
the instruction-tuned L1lama 3.3 70 model as a

“judge” for evidence generation (Meta, 2024), we

generate examples. Then, the generated output is
utilized for both fine-tuning and evaluation.

Link to sentence transformer: https://huggingface.
co/sentence-transformers/all-mpnet-base-v2



To fine-tune our metric, we explored different
alpha and threshold values for the metrics. Sub-
sequently, we were interested in investigating the
effect of the implemented variations. To evaluate
SemQA, we compared it with the other metrics
by Covariance, Pearson’s r and Kendall’s 7. Co-
variance is used to evaluate how the two metrics
co-vary around their means, while Person’s 7 corre-
lation coefficient  measures the strength of a linear
relationship between two normally distributed vari-
ables (Benesty et al., 2009). Kendall’s 7 assesses
the ordinal association between two rankings by
counting concordant and discordant pairs, provid-
ing a nonparametric measure of monotonic rela-
tionship that is robust to non-Gaussian distributions
(Kendall, 1938). In addition, we performed a grid
search on the train-200 dataset (Table 1). The
results are presented in Table 2.

DATASET EXTRACTED SUBSET EXAMPLES
Train X 3068
Train-200 v 200
Dev X 500

Table 1: Overview of the dataset sizes for the project.

Table 2 demonstrates how SemQA correlates
with four off-the-shelf metrics under five represen-
tative hyperparameter settings. In each row, we
report on covariance, Pearson’s r, and Kendall’s 7
for SemQA compared to baseline metrics for the
AVeriTeC dataset (Schlichtkrull et al., 2023). The
findings show a consistent alignment of the SemQA
Hungarian matching variant with pure question re-
call (peak » ~ 0.79 and 7 = 0.61), in addition to
maintaining moderate correlation with the Hungar-
ian QA recall score (r =~ 0.43, 7 =~ 0.26).

In contrast, the softmax variant shows weaker
correlations (peak r ~ 0.45, T =~ 0.28). Even after
thresholding, the softmax variant still spreads the
probability mass across all remaining pairs instead
of focusing on a single, strongest match. Further
analysis is done with the Hungarian variation of
the question score (o = 0.8 and threshold = 0.2).

4.2 Computational Efficiency

Table 3 presents the computation times for the
different metrics. The results demonstrate that
SemQA requires substantially less computational
time than Ev?R. However, it is still more expen-
sive than pure surface-based approaches, such as
Hungarian METEOR. These findings meet our ex-
pectations and suggest that SemQA is a suitable
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and less computationally intensive alternative to
Ev’R.

METRIC TIME PER EXAMPLE (S)
Hungarian METEOR (Q) 0.0374
Hungarian METEOR (Q+A) 0.0738
AVeriTeC end-to-end 0.0697
Ev2R Q-only recall 7.0180
Ev2R Q+A recall 7.3836
SemQA 1.4935

Table 3: Average computation time per claim for each metric.
Computed by using NVIDIA A100 40GB PCIe on the training
subset (200 examples). Lowest computation time highlighted
in bold.

4.3 Manual Evaluation

To explore how well SemQA captures semantic
similarities of the evidence, we sampled and inves-
tigated five edge cases illustrated in Tables 4-7; the
full examples are located in Appendix A Tables 11-
14. We compare SemQA scores with the baseline
metrics; Hungarian METEOR, Ev2R Q-only recall
and EvZR QA recall. We are interested in whether
or not SemQA appropriately penalized or rewarded
the retrieved evidence against the referenced evi-
dence based on its meaning.

SAMPLE 16 (TAXES)

GoLDp QA
Q1: Has tax revenue risen since taxes were lowered in 2017
A1l: No, Really, Tax Revenue Has Not Risen
Q2: What is the value of the total tax revenue in the 2017/2018
fiscal year since the TCJA was signed into law
A2: Total revenue over the time period in question has actually
fallen by 1.6 percent in real (inflation-adjusted) terms

GENERATED QA
Q2: Did the 2017 tax cuts lead to an increase in Treasury rev-
enues?

A2:

The most recent CBO projections estimate further decreases
in corporate tax revenue. The TCJA also reduced income
taxes for most Americans, which led to a decline in rev-

enues relative to prior projections.
Q6: What was the change in payroll taxes after the tax cuts in
2017
A6: In fact, payroll taxes fell only slightly—1.7%—from pre-
TCIJA projected values. This provides baseline credibility
that reinforces the declines in other revenues.

Hungarian METEOR: 0.359 Ev?R Q-only: 0.50
EvZR Q+A: 1.0 SemQA: 0.689

Table 4: Sample 16 with claim: "We actually saw revenues
to the Treasury increase after we lowered taxes in 2017. Rest
assured the Democrats". The example shows that the metrics
are not closely aligned. Full example in Appendix A Table 11.

In Table 4 we observe a moderately strong se-
mantic match between the QA pairs which SemQA
scores as 0.68, while Hungarian METEOR under-
estimates (0.35). The difference in Ev2R QA (1.0)



«  threshold variation Q-only (Hungarian) QA (Hungarian) EvZR Q-only EvZR QA

Cov T T Cov T T Cov r T Cov r T
0.7 0.8 hungarian  0.020 0.714 0.517 0.010 0.434 0.262 0.022 0.377 0.248 0.020 0.362 0.200
0.9 0.2 hungarian  0.022 0.793 0.606 0.010 0.433 0.289 0.025 0.442 0.310 0.017 0.308 0.198
0.8 0.8 softmax 0.002 0.251 0.179 0.001 0.139 0.067 0.001 0.065 0.030 0.008 0.414 0.374
0.8 0.3 softmax 0.021 0.449 0.284 0.010 0.261 0.100 0.030 0.294 0.190 0.019 0.204 0.131
0.3 0.8 softmax 0.007 0.251 0.179 0.004 0.139 0.067 0.004 0.065 0.030 0.028 0.414 0.374

Table 2: Covariance, Pearson’s r, and Kendall’s 7 between the SemQA composite score and each baseline metric under selected

hyperparameter settings.

and Q-only (0.5) recall makes sense, due to the par-
tial semantic match of generated questions and the
strong alignment of answers. Compared to base-
line metrics, SemQA rewards meaningful evidence
paths more appropriately. In addition, this example
demonstrates SemQA’s recognition of paraphrases
and partial entailment despite low token overlap.
When considering the textual content of the QA
pairs, we evaluate this score as accurate. Another
example of this can be found in the Appendix A
Table 10.

SAMPLE 120 (HARRIS STATEMENT)

generated answers in Table 6 mirror the gold an-
swer sentence "I don’t support defunding police".
SemQA and both Ev?R metrics gave an impressive
score of 1.0, demonstrating that any rephrasing of
the evidence was correctly captured and interpreted.
This type of successful entailment is not accessible
to Hungarian METEOR (0.37), which lags behind

the other metrics in semantics.

SAMPLE 10 (BIDEN STATEMENT)

Ql

Al:

GoLD QA
Where was the claim first published
The claim was first published on bustatroll.org
What kind of website is bustatroll.org
It is a satirical website and identifies as a subsidiary of
America’s Last line of Defense’ network of parody, satire,
and tomfoolery

Q2:
A2:
Q3:
A3:

GoLD QA
: Does Joe Biden support defunding the police?
NO he said: "Federal dollars should not go to departments
that violate people’s rights or turn to violence as a first
resort, but I donf support defunding police."

Q5:
A5:

GENERATED QA

Was the statement attributed to Kamala Harris actually
made by her?

Facebook users expressed outrage over a statement that’s
falsely attributed to Sen. Kamala Harris. The quote —
about seeking “vengeance” against supporters of President
Donald Trump — originated on a website that calls its
work satire.

Q2:
A2:

Q10: Is the quote attributed to Kamala Harris a genuine state-

ment or a fabrication?

A10: Reuters, "Fact check: Kamala Harris quote on ‘vengeance

of a nation’ fabricated by satire website," June 25, 2020

Q7:
AT:

GENERATED QA
Does Joe Biden support defunding the police?
“I do not support defunding police,” Biden wrote in an
op-ed for USA Today. “The better answer is to give police
departments the resources they need to implement mean-
ingful reforms, and to condition other federal dollars on
completing those reforms.
Does Joe Biden support defunding the police?
Presumptive Democratic nominee Joe Biden definitively
declared "I do not support defunding police," in an op-
ed Wednesday, as protesters around the country increase
their calls for overhauling the criminal justice system and
President Trump attempts to tie Biden to the "Defund the
police" movement.

Hungarian METEOR: 0.166 EvZR Q-only: 0.0
EvZR Q+A: 0.0 SemQA: 0.253

Table 5: Sample 120 with claim: "Kamala Harris said "And
once Trump’s gone and we have regained our rightful place in
the White House, look out if you supported him and endorsed
his actions, because we’ll be coming for you next". All metrics
show low scores. Full example in Appendix A Table 12.

Table 5 is an interesting case as all baseline met-
rics give poor scores (Ev?R 0.0, Hungarian ME-
TEOR 0.16). The slightly higher SemQA score
(0.25) is likely due to minimal overlap of the key-
word "satire”. Demonstrating once again its ability
to find semantic correlations.

In the case of highly semantic similarities, the

Hungarian METEOR: 0.375
Ev’R Q+A: 1.0

Ev?R Q-only: 1.0
SemQA: 1.0

Table 6: Sample 10 with claim: "Biden has pledged to defund
the police”. All metrics show high score, and indicate an
agreement. Full example in Appendix A Table 13.

Finally, Table 7 shows the gold QA stating that
the Sputnik vaccine has not been thoroughly tested.
The generated evidence mentions the status of the
vaccine in terms of trials, registration, and safety
concerns, but is not as explicit as the gold QA. One
of the generated answers even states "the vaccine
developed by the Gamaleya Institute in Moscow is
safe" as part of a longer sentence, where the writing
style can be misleading when not reading the full
context. SemQA (0.47) sits between Hungarian
METEOR (0.29) and the Ev?R metrics (0.6/0.5),
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reflecting its nuanced partial mismatch.

SAMPLE 121 (RUSSIAN VACCINE)

GoLDp QA

Q1: Who has developed this vaccine?

Al: ‘Sputnik V’ has been developed by Moscow-based Gama-
leya Research Institute of Epidemiology and Microbiol-
ogy.

Q4: Has it been thoroughly tested?

QS5: Has it been tested for safety?

A4-AS5: No

GENERATED QA

Q5: Has the COVID-19 vaccine developed by Russia been
proven to be safe and effective?

AS5: Scientists and public health officials are skeptical about
Russian President Vladimir Putin’s claim that the coun-
try’s potential vaccine for the coronavirus "works quite
effectively,” saying Tuesday that the vaccine still needs
critical testing to determine whether it’s safe and effective.

Q8: Has the COVID-19 vaccine developed by the Gamaleya
Institute in Moscow been thoroughly tested?

AS8: Despite having only been in clinical trials for less than
two months, the vaccine developed by the Gamaleya In-
stitute in Moscow is safe, Putin said at a televised cabinet
meeting, noting that it has already been given to one of
his daughters, according to Reuters and The Washington

Post.
Hungarian METEOR: 0.294 EvZR Q-only: 0.6
Ev’R Q+A: 0.5 SemQA: 0.476

Table 7: Sample 121 with claim: "Russia has successfully de-
veloped a vaccine for Covid-19 and it has passed all checks.".
SemQA aligns closely with Ev?r, while Hungarian METEOR
is much lower. Full example in Appendix A Table 14.

In summary, the sample in Table 4 shows that
SemQA is able to identify evidence that is seman-
tically correct but lexically divergent. This aligns
with our expectations. SemQA measures deep se-
mantic similarity instead of simple n-gram overlap
as in Hungarian METEOR. SemQA successfully
assigns low scores when the generated evidence
simply mentions relevant terms without substan-
tially matching the gold evidence, as we saw in
Table 5. In borderline cases where evidence is par-
tially similar but missing critical nuances, SemQA
produced midrange scores that reflect partial sup-
port, illustrated in Table 7. This precision of false
or misleading claims is highly relevant when evalu-
ating AFC systems. Finally, Table 6 demonstrates
SemQA’s ability to identify the gold fact in differ-
ent words that are semantically equivalent; reach-
ing a full score of 1.0. The manual evaluation sug-
gests that SemQA’s use of sentence embeddings
and entailment scoring is capturing semantic simi-
larities by rewarding correct paraphrasing and pe-
nalizing insufficient evidence.

4.4 Human Evaluation

AFC systems rely on quantitative metrics to evalu-
ate performance, but these metrics do not consider
nuances and might give unrepresentative scores.
Human feedback can point out shortcomings and
recognize the difference between harmless and crit-
ical mistakes made. Human evaluations allows for
a more qualitative analysis. Due to this, we wanted
to investigate the accuracy of SemQA from a hu-
man point of view.

As SemQA calculates a score from 0-1 based on
how semantically aligned the retrieved evidence is
with the referenced evidence, it made sense to col-
lect ordinal data to analyze this accuracy. Each eval-
uation set consisted of 10 examples of referenced
evidence, retrieved evidence, and the SemQA score.
For each example, the participants evaluated how
accurate the SemQA score was on a scale of 1-
7, where 1 = "score should be much lower", 4 =
"score is accurate”, and 7 = "score should be much
higher". This is illustrated by the instructions in
Figure 3, and the example in Figure 4 in Appendix
B.

In total, we had 22 participants with a back-
ground in computer science, informatics, or in-
formation technology of varying degrees. Most
of the participants (15) are professionals working
in the industry as developers, architects, or engi-
neers. Including both in-house and consultant roles.
The rest of the participants (7) are postgraduate
students. All participants reside in the Oslo region,
the majority of them being male (14), with only 8
female participants. We assigned the same evalua-
tion set to a pair of participants, i.e. two annotators
per evaluation set. Having 22 participants, this led
to 11 different evaluation sets and a total of 110
examples.

Figure 2 illustrates a histogram of the frequency
of each evaluation score, regardless of the example
being evaluated. It illustrates the distribution of
scores in human evaluation.

In the histogram, the majority of human evalua-
tion scores are below 4.0, making up 48.64%. This
means that according to the annotators, the SemQA
score was too high. In other words, SemQA may
sometimes over-reward evidence according to hu-
man evaluations. Only a minority of the evaluations
marked the SemQA score as being too low; with
28.18% of human evaluation scores above 4.0. This
suggests that SemQA does not over-penalize the
evidence, aligning itself with human evaluations.
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Figure 2: Histogram of frequency of human evaluation
scores.

In the histogram, the most frequent score is 4.0,
making up 23.18%. This score marks the SemQA
score as accurate. Human evaluation scores of 3.0-
5.0 make up 54.09% of the distribution, indicating
that the SemQA score was accurate or close to
accurate.

To investigate this further, we made comparisons
of individual evaluations. In Table 8 we see a
SemQA score of 0.69 and human evaluation scores
of 5 and 6. This means that the annotators agreed
that the SemQA score should have been slightly
to moderately higher. It is the opposite case for
the SemQA score of 0.94; here the annotators gave
a score of 1 and 2, both evaluating the SemQA
score as too high. Then, the annotators disagree;
one classified the SemQA score of 0.78 as too low
(6), while the other annotator evaluated the SemQA
score as accurate (4). These findings led us to fur-
ther examine the consensus between the annotators.

SemQA Ann.l Ann.2 Consensus
0.69 6 5 Agreement
0.94 1 2 Agreement
0.78 4 6 Disagreement

Table 8: Comparison of individual human evaluations. Vi-
sual representations of these findings are supplemented in
Appendix B Figures 5-7.

We found that 21 of 110 evaluations were in total
agreement, representing 19.09%. The number of
agreements with a tolerance of 1 made up 57 of
110 evaluations, or 51.82%. 85 of 110 evaluations
were in agreement with a tolerance of 2, making
up 77.27%.> This distribution shows a trend of a
majority of annotators in relative agreement with

*Tolerance in this context refers to scores above or below

the referenced one. For example, a score of 4 with a tolerance
of 1 refers to scores 3-5.
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each other when evaluating the accuracy of SemQA
scores.

From the results of human evaluations, we cal-
culated the mean, standard deviation, and median
of all human evaluations. Table 9 shows a mean of
3.57, which is very close to 4.0. With this result,
we interpret that according to human evaluations,
SemQA is relatively accurate and manages to cap-
ture semantic similarities. The standard deviation
is small, which tells us that the annotators agreed
that the SemQA score was accurate.

HUMAN EVALUATION SCORES
Mean std Median

35773  1.6756 4

Table 9: Calculations of human evaluation scores. Calculated
by collecting all 220 human evaluation scores.

5 Conclusion

Our proposed metric, SemQA, is a reference-based
metric that evaluates based on question-answer
pairs. We show that a weighted question-and-
answer score can be used to evaluate the evidence.
SemQA relies on a sentence transformer and NLI
model; where it is still able to compute five times
faster than Ev?r, while aligning with the Ev?r met-
ric. Our human evaluation confirms that SemQA re-
flects evidence quality more faithfully than overlap-
based baselines. We believe that SemQA provides a
practical, efficient, and reliable metric for the devel-
opment and evaluation of automated fact-checking
systems.

Limitations

Our metric assumes that the given evidence is based
on question-and-answer pairs. Factual justification
does not need to be in question-and-answer form
only. In a different context, it makes sense to ex-
tract information into a summary of evidence. For
example, JustilM generates multi-sentence justi-
fications by retrieving and synthesizing evidence
into fluent text, rather than question-answer pairs
(Zeng and Gao, 2024).

Our metric is a reference-based evaluation frame-
work of questions and answers. The dependence
of references are tightly in the design of the met-
ric. Without annotated gold question and answers,
applying our metric would require to extract gold
question and answers first.



Further Work

Further work might explore ways to generalize
the metric to other formats beyond question-and-
answer pairs. Such formats could be free-text or
structured multi-sentence evidence. This would
make the metric applicable to a larger number of
fact-verification systems.
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Example 89 (Mail-in Ballot)

Claim: In the US, envelopes used for mail-in ballots in general elections reveal the party affiliation
of the voter allowing postal workers to toss votes.

Gold QA

Q1: Do ballot envelopes in general elections, show who the voter voted for?
Al: No

Q2: When are indications shown on the envelope?

A2: The office of the supervisor of elections for Palm Beach County, Florida — where the envelopes in the
Facebook posts were sent — confirmed that in a statement to FactCheck.org. In a closed primary, “voters are sent
ballots according to their precinct and their party affiliation. The ballots in that video are primary ballots.” The
alphanumeric codes on the envelopes shown in the video are used to direct the ballots for counting.

Generated QA

Q1: Can postal workers tamper with mail-in ballots in the US?

Al: (2/3) each other. Because of this, voters are sent ballots according to their party affiliation. It would be a
federal crime for any post office employee to tamper with this process and we have received no such reports of
anything like this happening.

Q2: Do envelopes used for mail-in ballots in general elections in the US include any information that could
reveal the party affiliation of the voter?

A2: Return envelopes for all election ballots must include prepaid postage. Service and overseas voters must be
provided with instructions and a privacy sheet for returning the ballot and signed declaration by fax or email.
Q3: What information is verified by the SVC when there is an SVC on an envelope ballot by mail?

A3: envelope ballots by mail. If there is a SVC, the SVC must verify the signatures before the EVBB

Q4: Are the envelopes used for mail-in ballots in the US sealed to prevent postal workers from seeing the party
affiliation of the voter?

Ad: that all ballot envelopes are sealed or that authorized personnel accompany the ballots to the Post Office or
Q5: Are mail-in ballots in general elections in the US sent in secrecy envelopes?

AS5: secrecy envelopes, if used by the voter. (The EVBB has the discretion to open a ballot secrecy

Q6: Do mail-in ballots in the US guarantee the secrecy of a voter’s ballot?

A6: A voter who returns a ballot electronically is deemed to have acknowledged that there may be situations
where the secrecy of that voter’s ballot cannot be guaranteed.

Q7: Do envelopes used for mail-in ballots in general elections in the US reveal the party affiliation of the voter?
A7: absentee ballot. However, applications and ballot envelopes of the temporarily or permanently disabled are
not

Q8: How do the return envelopes for mail-in ballots in the US, as described in 39 U.S.C. 3406, affect the secrecy
of the vote?

AS8: Return envelopes for overseas and service voters must enable the ballot to be returned postage free if mailed
through the United States postal service, United States armed forces postal service, or the postal service of a
United States foreign embassy under 39 U.S.C. 3406.

Q9: How do states ensure the secrecy of mail-in ballots in the US?

A9: States Postal Service (USPS). The voter must be notified if the return envelope

Q10: Do envelopes used for mail-in ballots in general elections in the US reveal the party affiliation of the voter?
A10: (1) The county auditor shall send each voter a ballot, a security envelope in which to conceal the ballot after
voting, a larger envelope in which to return the security envelope, a declaration that the voter must sign, and
instructions on how to obtain information about the election, how to mark the ballot, and how to return the ballot
to the county auditor.

Scores:
Hungarian METEOR Ev’R Q-only Ev’R Q+A SemQA

0.373 0.50 0.667 0.548

Table 10: Example 89. Claim: "In the US, envelopes used for mail-in ballots in general elections reveal the party
affiliation of the voter allowing postal workers to toss votes". This example shows that the metrics are closely
aligned.
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Example 16 (Taxes)

Claim: We actually saw revenues to the Treasury increase after we lowered taxes in 2017. Rest assured the Democrats
do not want you to know that.

Gold QA

Q1: Has tax revenue risen since taxes were lowered in 2017
A1l: No, Really, Tax Revenue Has Not Risen

Q2: What is the value of the total tax revenue in the 2017/2018 fiscal year since the Tax Cuts and Jobs Act
(TCJA) was signed into law

A2: Total revenue over the time period in question has actually fallen by 1.6 percent in real (inflation-adjusted)
terms

Generated QA

Q1: Did the tax cuts in 2017 lead to an increase in Treasury revenues in the following year?
A1: While some TCJA supporters observe that nominal revenues were higher in fiscal year 2018 (which began
Oct. 1, 2017) than in FY2017, that comparison does not address the question of the TCJA’s effects.

Q2: Did the 2017 tax cuts lead to an increase in Treasury revenues?
A2: The most recent CBO projections estimate further decreases in corporate tax revenue. The TCJA also
reduced income taxes for most Americans, which led to a decline in revenues relative to prior projections.

Q3: According to the Congressional Budget Office, what were the projected corporate tax revenues for fiscal
years 2018 and 2019 before the 2017 tax cuts?

A3: Several months before the TCJA was enacted, the Congressional Budget Office (CBO) projected that
corporate tax revenues for fiscal years 2018 and 2019 would total $668 billion.

Q4: Did the actual amount of revenue collected by the US Treasury in FY2018 match the Congressional Budget
Office’s (CBO) projection made in January 2017?

A4: In fact, the actual amount of revenue collected in FY2018 was significantly lower than the Congressional
Budget Office’s (CBO) projection of FY2018 revenue made in January 2017—before the tax cuts were signed
into law in December 2017.

Q5: Did the 2017 tax cut lead to an increase in tax revenue collected by the Treasury?
AS: The actual amount of tax revenue collected in FY2018 was significantly lower than the CBO’s projection
made in January 2017—before the tax cut was signed into law.

Q6: What was the change in payroll taxes after the tax cuts in 2017?
AG6: In fact, payroll taxes fell only slightly—1.7%—from pre-TCJA projected values (Figure 2). This provides
baseline credibility that reinforces the declines in other revenues.

Q7: How did the actual tax revenue in FY2018 compare to the predicted tax revenue in FY2018 if the Tax Cuts
and Jobs Act (TCJA) had not been passed?

A7: The most appropriate test of the revenue impact of the TCJA is to compare actual revenues in FY2018 with
predicted revenues in FY2018 assuming Congress had not passed the legislation.

Q8: According to the CBO, what was the projected change in corporate tax revenue after the 2017 tax cuts?
A8: In the forecast published soon after the TCJA was enacted, however, the CBO projected $519 billion in
corporate tax revenue over those two years—a $149 billion decrease.

Q9: Did corporate tax revenue decrease after the 2017 tax bill?
A9: Since the TCJA was enacted, corporate tax revenue has been down from its projected level by about
one-third, even as pretax corporate profits have continued to rise toward historic highs.

Q10: How did the 2017 tax cuts affect federal revenue according to the evidence?

A10: The individual income tax changes are scheduled to expire after December 31, 2025. If permanent, the
income tax provisions would reduce federal revenue by $165 billion per year on a conventional basis, but when
incorporating economic growth and feedback, on a dynamic basis, they would reduce federal revenue by $115
billion a year.

Scores:
Hungarian METEOR EvZR Q-only EvZR Q+A SemQA

0.359 0.5 1 0.689

Table 11: Example 16. Claim: "We actually saw revenues to the Treasury increase after we lowered taxes in 2017.
Rest assured the Democrats". The example shows that the metrics are not very well aligned with each other.
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Example 120 (Harris statement)

Claim: Kamala Harris said "And once Trump’s gone and we have regained our rightful place in the White House,
look out if you supported him and endorsed his actions, because we’ll be coming for you next".

Gold QA

Q1: When was the claim made

Al: 11/08/2020

Q2: Where was the claim first published

A2: The claim was first published on bustatroll.org

Q3: What kind of website is bustatroll.org
A3: It is a satirical website and identifies as a subsidiary of America’s Last line of Defense’ network of parody,
satire, and tomfoolery

Generated QA

Q1: Did Kamala Harris make a statement about punishing Trump supporters after his impeachment?

Al: “Kamala Harris: ‘After We Impeach, We Round Up The Trump Supporters,”” the story’s headline reads.
While Harris has supported beginning impeachment proceedings against Trump, the story presents an otherwise
imagined tale about a Harris speech.

Q2: Was the statement attributed to Kamala Harris actually made by her?

A2: Facebook users expressed outrage over a statement that is falsely attributed to Sen. Kamala Harris. The
quote — about seeking “vengeance” against supporters of President Donald Trump — originated on a website
that calls its work satire.

Q3: What did Kamala Harris say would happen to Trump supporters after he leaves office?

A3: CLAIM: Kamala Harris, a U.S. senator and former Democratic presidential candidate from California, said
on June 18 that once President Trump is no longer in office "and we have regained our rightful place in the White
House," his supporters will feel the "vengeance of a nation."

Q4: What did Kamala Harris say would happen to Trump supporters after he leaves office?

A4: CLAIM: Kamala Harris, a U.S. senator and former Democratic presidential candidate from California, said
on June 18 that once President Trump is no longer in office “and we have regained our rightful place in the White
House,” his supporters will feel the “vengeance of a nation.”

QS5: Did Kamala Harris make a statement threatening to target people who supported Trump after he leaves
office?

AS: A statement first attributed to Democratic Sen. Kamala Harris in a made-up story is now making the rounds
on social media as if it’s real.

Q6: Did Kamala Harris say "And once Trump’s gone and we have regained our rightful place in the White
House, look out if you supported him and endorsed his actions, because we’ll be coming for you next"?

A6: Though Harris has been vocal in her criticism of Trump, an online search for the words in the post returned
no evidence she had ever said them.

Q7: Did Kamala Harris make the statement "And once Trump’s gone and we have regained our rightful place in
the White House, look out if you supported him and endorsed his actions, because we’ll be coming for you next"?
A7: Chris Harris, the senator’s communications director, also confirmed the quote is not real. Kamala Harris is
one of several women still in consideration to be Joe Biden’s running mate in the 2020 presidential election, The
Associated Press has reported.

Q8: What did Kamala Harris allegedly say about Trump supporters at a rally?
A8: The bogus Facebook posts claim that Harris, a 2020 presidential candidate, said at a rally that she will seek
“vengeance” against supporters of President Donald Trump.

Q9: Did Kamala Harris issue a threat to supporters of President Donald Trump?
A9: An image shared widely on Facebook claims that U.S. Sen. Kamala Harris issued a bold threat to supporters
of President Donald Trump.

Q10: Is the quote attributed to Kamala Harris a genuine statement or a fabrication?
A10: Reuters, "Fact check: Kamala Harris quote on ‘vengeance of a nation’ fabricated by satire website," June

25, 2020
Scores:
Hungarian METEOR Ev?R Q-only Ev’R Q+A SemQA
0.166 0.00 0.00 0.253

Table 12: Example 120. Claim: "Kamala Harris said "And once Trump’s gone and we have regained our rightful
place in the White House, look out if you supported him and endorsed his actions, because we’ll be coming for you
next". All metrics show low score.
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Example 10 (Biden statement)

Claim: Biden has pledged to defund the police

Gold QA

Q1: Does Joe Biden support defunding the police?

A1: NO he said: "Federal dollars should not go to departments that violate people’s rights or turn to violence as a
first resort, but I donf support defunding police."

Generated QA

Q1: Does Joe Biden’s police reform plan involve defunding the police?

Al: In fact, Biden’s police reform plan calls for $300 million in funding for community-oriented policing, a
portion of which would go toward hiring more police, which has been sharply criticized by some progressive
Democrats.

Q2: What specific reforms to policing did Biden’s criminal justice plan propose?

A2: Biden unveiled a criminal justice plan last year that tackled reforms to policing. The proposal calls for an
injection of $300 million into the Community Oriented Policing Services program, which authorized money for
the hiring of more police officers and policing training.

Q3: Does Joe Biden support the idea of defunding the police?
A3: Biden’s campaign rejected the phrase “defund the police” and called for more funding for police departments
to implement policy changes.

Q4: Does Joe Biden support defunding the police, or does he support conditioning federal aid to police
departments based on certain standards?

Ad4: Former Vice President Joe Biden says he doesn’t support defunding police, but he does support conditioning
federal aid on whether police meet "certain basic standards of decency and honorableness.

Q5: Does Joe Biden support defunding the police?

AS: “T do not support defunding police,” Biden wrote in an op-ed for USA Today. “The better answer is to give
police departments the resources they need to implement meaningful reforms, and to condition other federal
dollars on completing those reforms.

Q6: Does Joe Biden support the slogan "defund the police"?

A6: Biden’s opposition to defunding police departments puts him at odds with activists and some progressive
lawmakers who have amplified the slogan "defund the police" during demonstrations that have erupted nationwide
in the wake of George Floyd’s death in Minneapolis.

Q7: Does Joe Biden support defunding the police?

A7: Presumptive Democratic nominee Joe Biden definitively declared "I do not support defunding police," in an
op-ed Wednesday, as protesters around the country increase their calls for overhauling the criminal justice system
and President Trump attempts to tie Biden to the "Defund the police" movement.

Q8: Does Joe Biden support reducing the budget for local police departments?

A8: Biden’s campaign had said earlier Monday that he backs advocates’ calls to increase spending on social
programs separate from local police budgets, but he also wants more funding for police reforms such as body
cameras and training on community policing approaches.

Q9: What did Joe Biden suggest doing with police funding in the context of the interview with Ady Barkan?
A9: In fact, Biden was responding to a question not about defunding the police but about shifting some funding
to social service agencies: “But do we agree that we can redirect some of the funding?” progressive activist Ady
Barkan asked in a July 8 interview.

Q10: Does the phrase "defund the police" refer to eliminating police departments entirely or revisiting their
functions and shifting funding to other services?

A10: While some argue police departments should be eliminated entirely, as PolitiFact National detailed in a
June 9, 2020 article, the use of the phrase "defund the police" more typically means to revisit the functions of
police departments and shift funding toward, for instance, mental health and social services.

Scores:
Hungarian METEOR Ev’R Q-only Ev’R Q+A SemQA

0.375 1 1 1

Table 13: Example 10. Claim: "Biden has pledged to defund the police". All metrics show high score, and indicate
an agreement.
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Example 121 (Russian vaccine)

Claim: Russia has successfully developed a vaccine for Covid-19 and it has passed all checks.

Gold QA

Q1: Who has developed this vaccine?

Al: ‘Sputnik V’ has been developed by Moscow-based Gamaleya Research Institute of Epidemiology and
Microbiology.

Q2: When was it first registered?

A2: It was registered by the Russian health ministry on August 11 as the first registered Covid-19 vaccine in the
market but The certificate mentions that “the vaccine cannot be used widely until 1 January 2021, presumably
after larger clinical trials are completed.

Q3: What kind of vaccine is it?

A3: The Russian vaccine is an “adenovirus vector-based vaccine”.The idea is to use the weakened common
cold virus to stimulate an immune response and trigger the formation of antibodies against Covid-19. These
anti-bodies are then ready to fight against Covid-19 in case one catches a coronavirus infection. Even the widely
awaited Oxford University vaccine is exploring the same route.

Q4: Has it been thoroughly tested?
A4: No

Q5: Has it been tested for safety?
AS5: No

Generated QA

Q1: Has the COVID-19 vaccine developed by Russia completed all necessary clinical trials?

A1l: Russia has not yet published any scientific data from its first clinical trials. The WHO’s list of vaccine
candidates in human testing still lists the Gamaleya product as in Phase 1 trials.

Q2: Has the COVID-19 vaccine developed by Russia completed a phase-three trial before its approval?
AZ2: But the vaccine’s approval by Russian regulators comes before the completion of a larger study involving
thousands of people, known as a phase-three trial.

Q3: Has the COVID-19 vaccine developed by Russia been proven to be safe and effective?
A3: Russian President Vladimir Putin announced the approval of a coronavirus vaccine for use on Tuesday,
claiming it as a “world first,” amid continued concern and unanswered questions over its safety and effectiveness.

Q4: How long did it take for the clinical trials of the Russian vaccine to be completed?
Ad4: Clinical trials of the Russian vaccine have been completed in less than two months and phase three trials are
set to begin shortly, despite the vaccine having already been registered.

Q5: Has the COVID-19 vaccine developed by Russia been proven to be safe and effective?

AS5: Scientists and public health officials are skeptical about Russian President Vladimir Putin’s claim that the
country’s potential vaccine for the coronavirus "works quite effectively," saying Tuesday that the vaccine still
needs critical testing to determine whether it’s safe and effective.

Q6: How long did it take for the clinical trials of the Russian vaccine to be completed?
A6: Clinical trials of the Russian vaccine have been completed in less than two months and phase three trials are
set to begin Wednesday, despite the vaccine having already been registered.

Q7: Does Russia have sufficient data to support the safety of its newly approved COVID-19 vaccine?
A7: Russian President Vladimir Putin says his country has become the first in the world to formally approve a
new COVID-19 vaccine, despite a lack of data to back up his claims that the drug is safe to administer to humans.

Q8: Has the COVID-19 vaccine developed by the Gamaleya Institute in Moscow been thoroughly tested?

A8: Despite having only been in clinical trials for less than two months, the vaccine developed by the Gamaleya
Institute in Moscow is safe, Putin said at a televised cabinet meeting, noting that it has already been given to one
of his daughters, according to Reuters and The Washington Post.

Q9: What stages of clinical trials has the Russian Covid-19 vaccine completed?

A9: Few details have been made available about the Russian vaccine so far, but its approval was based on only
the first two phases of clinical trials, which are designed to make early assessments on whether a potential
vaccine can induce an immune response, and whether it’s safe to administer in humans.

Q10: Has Russia’s Covid-19 vaccine been proven to be safe and effective?
A10: Scientists are skeptical about Putin’s claims on Russia’s potential Covid-19 vaccine, saying the vaccine still
needs critical data to determine whether it’s safe or effective.

Scores:
Hungarian METEOR Ev’R Q-only Ev’R Q+A SemQA

0.294 0.6 0.5 0.476

Table 14: Example 121. Claim: "Russia has successfully developed a vaccine for Covid-19 and it has passed all
checks.”. SemQA aligns closely with Ev?r, while Hungarian METEOR is much lower.
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B Human Evaluation form for SemQA Evaluation

SemQA Human Evaluation

Evaluation set 1 of metric for automated fact checking systems

Thank you!

First of all, thank you for your participation! & Your answers in this questionnaire are valuable to us and will be
used to enhance our analysis in the paper we are currently writing as part of our exam in Neural Methods for
Natural Language Processing.

Context

The project is related to the use of LLMs for fact verification. When an LLM generates a response that is
incorrectly decoded, not based on training data, or not following identifiable patterns, the response can be false
or misleading. Fact-checking LLM outputs is time-consuming for humans, so automated fact-checking (AFC)
systems were created to efficiently process large volumes of information and detect hallucinations. The metrics
used to evaluate these AFC systems can be computationally intensive both in cost and time. We have
investigated the benefits and drawbacks of these evaluation frameworks, and used this insight to create a new
evaluation framework for AFC systems that is less computationally intensive. We call this metric SemQA
(Semantic Question and Answer).

Why am | here?

AFC systems rely on quantitative metrics to evaluate performance, but these metrics do not consider nuances
and might give unrepresentative scores. Human feedback can point out shortcomings and recognize the
difference between harmless and critical mistakes made. Human evaluations allows for a more qualitative
analysis of the performance of our SemQA metric.

How does it work?

In this project we have produced a dataset of claims, labels (supported/refuted/not enough evidence/etc...),
generated/retrieved evidence, referenced evidence, and different types of metrics. SemQA calculates a score
from 0-1 based on how semantically aligned the retrieved evidence is with the referenced evidence (semantically
aligned in this context means how similar are the two texts). The more similar it is, the higher the score.

What will | do?

You will be given 10 questions. For each question you will be shown a set of retrieved evidence, referenced
evidence, and the SemQA score. You will evaluate how accurate the SemQA metric is (in your opinion) on a scale
from 1-7, where 1 = score should be much lower, 4 = score is accurate, 7 = score should be much higher @

Figure 3: Instructions to participants for human evaluations
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Question 4

Referenced Evidence Retrieved Evidence SemQA Score|

True, FBI statistics and a national database show The 2019 data from the Federal Bureau of
that checks out: In 2019, police killed 999 Investigations shows that the ratio of law
people, and 48 officers were killed by a criminal enforcement officers killed by criminals is not
act in the line of duty. We rate Larson’s claim 20.8 times more likely to kill than be killed by a
True. criminal.

Is the SemQA score accurate? *

OJORORORORORO

Should be much

Should be much
lower

higher

Figure 4: Example question in evaluation set for human evaluations

[ID: 13] SemQA vs. Human Eval for Claim: Joe Biden voted for the Iraq War and he
supported wars in Serbia, Syria, and Libya.

Human Eval 1
) 6 —— Human Eval 2
SemQA Score

0.0 0.2 0.4 0.6 0.8

1.0
SemQA: 0.699

Figure 5: Comparison of SemQA score and human evaluations. Human evaluations of 5 and 6 means the SemQA
score of 0.69 should have been slightly to moderately higher according to the annotators.

[ID: 5] SemQA vs. Human Eval for Claim: The Common Law Admission Test (CLAT)
2020 will not be conducted on September 7, 2020, as planned

Human Eval 1
i 2 —— Human Eval 2

SemQA Score

0.0 0.2 0.4 0.6 0.8

1.0
SemQA: 0.94

Figure 6: Comparison of SemQA score and human evaluations. Human evaluations of 1 and 2 means the SemQA
score of 0.94 should have been far lower according to the annotators.

[ID: 4] SemQA vs. Human Eval for Claim: After the police shooting of Jacob
Blake, Gov. Tony Evers & Lt. Gov. Mandela Barnes did not call for peace or
encourage calm.

n Human Eval 1
] —— Human Eval 2
SemQA Score
0.0 0.2 0.4 0.6 0.8 1.0
SemQA: 0.783

Figure 7: Comparison of SemQA score and human evaluations. Human evaluations of 4 and 6 means the annotators
disagree; one marks the SemQA score of 0.78 as accurate, while the other marks the score as too low.
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