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WNNLP 2025 at a glance

▶ 19 accepted papers submitted by 35 students (30 MSc + 5 PhDs)
▶ 7 different thematic tracks:

1. Full dependency parsing of Norwegian (Track Chair: David Samuel)
2. Parameter Efficient Definition Modeling (Track Chair: Mariia Fedorova)
3. Food hazard detection (Track chair: Sondre Wold)
4. Pretraining Tiny Language Models (Track Chair: Lucas Georges Gabriel

Charpentier)
5. Preference prediction and explanation (Track Chair: Vladislav Mikhailov)
6. Fact verification (Track Chair: Roxana Pop)
7. Unlearning sensitive content from LLMs (Track Chair: Andrey Kutuzov)

▶ All papers peer-reviewed by at least two students + one track chair.

▶ Workshop proceedings: to be published soon
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Program
▶ 14:15 - 14:20 Welcome and awards
▶ 14:20 - 14:22 Food hazard detection (FHD) task overview

▶ 14:22 - 14:41 5 FHD lightning talks
▶ 14:41 - 14:43 Definition modeling (DEM) task overview

▶ 14:43 - 14:46 1 DEM lightning talk
▶ 14:46 - 14:48 Training tiny LLMs (TLM) task overview

▶ 14:48 - 14:54 2 TLM lightning talks
▶ 14:54 - 14:56 Preference prediction (PPE) task overview

▶ 14:56 - 15:00 1 PPE lightning talk
▶ 15:00 - 15:15 Break
▶ 15:15 - 15:17 Unlearning content from LLMs (ULM) task overview

▶ 15:17 - 15:36 5 ULM lightning talks
▶ 15:36 - 15:38 Dependency parsing of Norwegian (DPN) task overview

▶ 15:38 - 15:44 2 DPN lightning talks
▶ 15:44 - 15:46 Fact verification (FAV) task overview

▶ 15:46 - 15:57 3 FAV lightning talks
▶ 15:57 - 16:00 Closing
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Awards

▶ Only MSc students considered for awards, not PhD fellows.

Best paper
▶ Authors: Aliaan Nadeem Azam, Soban Ali, Sander Harald Sævik
▶ Title: Balancing Accuracy, Efficiency, and Training Cost in

Runtime-Constrained Food Hazard Classification

Highest scores across obligatory assignments
▶ Nora Winger Heggelund and Eivind Morris Bakke, with full 32 points

both
▶ As a team, topped the obligatory 2 leaderboard.
▶ Great job!
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Task overview: Food hazard detection

Goal
▶ Food contamination is bad.
▶ Governmental food agencies have to monitor thousands of food recall

statements.
▶ Making a classifier that categorizes food recall statements according to

their hazard and product catecory.
▶ The exam track is based on the Food Hazard Detection Challenge from

SemEval 2025.
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“Randsland brand Super Salad Kit recalled due to
Listeria monocytogenes”

hazard: listeria monocytogenes
hazard-category: biological

product: salads
product-category: fruits and vegetables

“Create Common Good Recalls Jambalaya Prod-
ucts Due To Misbranding and Undeclared Aller-
gens”

hazard: milk and products thereof
hazard-category: allergens

product: meat preparations
product-category: meat, egg and dairy products
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Large Language Models for Imbalanced Multi-
Label Classification

Chini Michele 
Department of Mathematics

michechi@uio.no



Research question

• How can we improve multi-class, multi-label classification of food 
hazard texts in extremely imbalanced datasets?

• Many classes are severely underrepresented.
• Hard to accurately classify rare classes in such data.



Models & Pre-processing

• Baseline Models:
• Logistic Regression and XGBoost with TF-IDF features.
• Encoder-only transformer (RoBERTa) with dual-classification heads.

• Pre-processing:
• Used title + text features (both are the best).
• Summarization of text with T5-base (didn’t improve performance).



Data Augmentation Strategies

• Oversampling: Increased minority class samples by duplicating data.
• Back-translation: Created text variations via English French 

translations using NLLB-200-distilled-600M.
• Few-shot generation:

• Used LLaMA-2 7B to generate synthetic examples.
• 3-shots approach.



Key Findings & Takeaways

• LLMs (RoBERTa) consistently outperformed traditional models, 
especially when using both title and text.

• Summarization didn’t help; likely removed useful context.
• Few-shot data augmentation with LLaMA-2 7B achieved the best 

performance (conditional F1 0.78 for ST1 and 0.46 for ST2).
• Overly aggressive augmentation hurt performance
• Future work: Better quality control for generated data, explore other 

transformer architectures, and tune hyperparameters more 
systematically.
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Recap: Task

Input: Product Recall Title Output: 
Hazard Category 
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Product 
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Unbalanced 
Data Set!



Group by Hazard Category and Product Category

Sample with replacement from minority groups

Prompt pre-trained LM to generate new titles for the 
duplicate rows

Train a BERT-based classifier on the augmented data set

01

02

03

04

Idea



Results: Best classifier



Sampling: Upsample minority, but don´t cut the 
majority groups



Take-aways for title generation

- Included the information 
from the sampled labels

- New example for every title

- Show random example 
(not only from same group)

- One-shot



Our best classifier vs. competition 



Key take aways

01 Diverse demonstration examples gives more diverse synthetic data

02 Don’t throw away samples to balance data set
- BERT needs data

03 LMs helpful in creating synthetic data

- But our sampling needs adjustments

04 Method useful when lacking data



 Thank you!
Please contact us at

irissb@uio.no
elisaot@uio.no

minashe@uio.no



Enhancing Food Hazard Detection with BERT-Based Text
Classification and Synthetic Data Augmentation
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Research question
To what extent does LLM-generated synthetic training data improve text classification
performance on domain-specific tasks such as the Food Hazard Detection Challenge?

Motivation: The dataset suffers from significant imbalance.

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

▶ Baseline classification model:
▶ RoBERTa-base: powerful pretrained transformer model for text classification (Liu

et al., 2019)
▶ Fine-tuned with a classification head. 4 different models: 1 for each subtask

▶ Synthetic data generation:
▶ GPT-4.1-mini (OpenAI): decoder-only large language model (OpenAI, 2024)
▶ Few-shot prompting: guiding LLM with examples sharing target labels to generate

realistic synthetic food recall statements
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Data Augmentation
Data augmentation impact

Figure 2: Label frequency distributions before and after augmentation

Key point: After augmentation, most rare 4-plets appear at least 3 times, improving
data coverage. Our aim was to only create already existing 4-plets in order to avoid
unrealistic combinations.
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Data Augmentation
Class distribution improvements

Observation: Augmentation enriched underrepresented hazard and product categories
while maintaining the general distribution shape.
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Results
Classification performance

Highlights:
▶ Consistent improvement

in average F1 scores with
synthetic data

▶ Largest gains in
fine-grained categories
(specific hazards and
products)

▶ Validated results across
multiple random seeds for
robustness Figure 3: Average F1-Scores across two seeds
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Conclusions and Limitations
Conclusions:
▶ Synthetic data from GPT-4.1-mini can effectively augment imbalanced food

hazard datasets.
▶ Augmentation improved classification performance, especially for underrepresented

labels.
▶ Our approach demonstrates potential for leveraging LLMs in domain-specific data

augmentation.

Limitations and Future Work:
▶ Reliance on a proprietary LLM limits reproducibility and accessibility.
▶ No direct comparison to open-source LLMs was conducted.
▶ Quality control of synthetic data remains an open area for improvement.
▶ Future work could explore adaptive augmentation strategies and joint modeling of

label dependencies.
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Balancing Accuracy, Efficiency, and Training Cost in 
Runtime-Constrained Food Hazard Classification
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Contributions ➢ New efficiency metric

➢ Systematic comparison

➢ Cascade architecture

➢ Deployment recommendations



Results
ST1: Cascade (weighted) outperforms RoBERTa (0.777 vs 
0.743 F1) and cuts latency by 64%

ST2: LinearSVC is best in Meff (0.300), outperforming larger 
models on rare classes

Training cost: LinearSVC trains in 34s vs 951s for weighted 
DistilBERT



Main takeaways Use LinearSVC for real-time or low-resource settings

Use Cascade for general-purpose monitoring

Use Class-weighted DistilBERT when rare class accuracy is 
critical



Task Overview: Parameter-efficient definition modeling

What is definition modeling?
‘...da han giftet seg i 1950 livnaerte han seg og sin kone med å jakte på
rype, hare og rev... Over 1.2 årsverk skal en normalt kunne leve av
inntektene fra gardsbruket. Hva betyr rev?’
‘...as he married in 1950, he and his wife earned their living by hunting
chicks, hare and foxes... After 1.2 years of work will one normally be able
to live from the incomes from the use of the farm. What is the definition
of fox?’
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Parameter Efficient Definition Modeling

Can we at least waste less compute on that?

▶ Your goal: explore different PEFT methods beyond the default LoRA
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Parameter-Efficient Definition 
Modeling in Norwegian with 

LoRA and IA3
Yuanyuan Jiang, Leheng Chieu



Key Elements

Model’s Task definition modeling

Two PFET methods LoRA & IA3

Two pre-trained models encoder-decoder (mt0-xl) & decoder-only (TowerInstruct-7B-v02)

Dataset Norwegian DBnary

Metrics BLEU & BERTScore F1 & t-test (p-value)



LoRA experiments & results



IA3 
Experiments 
& 
Results



Manual 
Analysis

semantic error

 

Extremely short

Extremely long



Discussion & Conclusion
Hyperparameter Effects:  

● Both PEFT methods exhibit significant sensitivity to hyperparameter settings. Statistical analysis 
comparing mean BLEU scores and mean BERTScore F1 values across experiments yielded p-values less 
than 0.05, indicating that the observed performance differences are statistically significant and not due to 
random variation. 

Encoder-Decoder vs Decoder-Only:

● Encoder-decoder yields slightly higher BERTscore F1 (better semantic accuracy)
● Decoder-only still competitive but slightly less context-aware

Speed vs Quality Tradeoff:

● IA3 trains faster (fewer params, easier tuning)
● LoRA achieves better peak quality with tuning (higher BERTScore & BLEU)



References

● Zeinab Borhanifard, Heshaam Faili, and Yadollah Yaghoobzadeh. 2025. Combining replay and lora for 

continual learning in natural language understanding. Computer Speech Language, 90:101737.

● …..

● More references are in the paper.





Task Overview: Training tiny LLMs

Goal
▶ We have only worked with already pre-trained models. It’s time to train

your own!
▶ Pre-train a LM with an architecture of your choice!

Restrictions
▶ The model should be trained on a single GPU in less than 24H!
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Training tiny LLMs

Data
▶ The BabyLM 2025 challenge data, 10M or 100M words!
▶ (or any dataset of your choice)

Evaluation
▶ After pre-training, you should fine-tune your model on an NLP dataset

of your choice (we provide multiple suggestions). Two datasets which
can be used for additional experimentation/validation of the
pre-training were provided.

▶ Metric depends on which dataset you use, could be MCC, Accuracy, F1,
etc.
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1 Hour to Train
Time-Constrained Pre-Training for LLMs

Greg  Taube  —  Un ivers ity  of  Oslo
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Task Background
SOTA LLMs  needs  large  GPU  c lusters
H igh  cost  &  b locks  sma l ler  labs
Explore  ways  to  train  more  eff iciently  w ith  a  t ime
contraint  of  1  hour

22



Research Background
GPT-Ber t
OpenELM
Superconvergence
Prun ing

33



Superconvergence
very  large  LR
C laims :  Train  an  order  of  magn itude  faster  than  w ith
standard  methods
Quest ion :  does  it  he lp  when  the  budget  is  just  1  h?

44



More superconvergence
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Approach
Encoder-only  Transformer  (d  =  192, 12  layers)
l tg /babylm-2024-baby-cosmo-f ine-10m
Two  schedules  ×  two  #  steps
1. Base l ine :  cos ine  LR , AdamW
2. One-Cyc le  LR  (superconvergence  test)
Steps :  10  k  (≈  37  m in)  and  15  k  (≈  57  m in)
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Experimental Setup
10  k  run 15  k  run

GPU 1  ×  A100 same

Batch 256  ×  128  tok same

Max  LR (Base l ine  /  1-Cyc le) 3e-4  /  1e-2 same
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Pre-Training Results

Run Steps Loss Acc . Time

Base l ine 10  k 5.05 16.9  % 36.5  m

One-Cyc le 10  k 5.45 12.7  % 38.5  m

Base l ine 15  k 4.91 18.7  % 57.5  m

One-Cyc le 15  k 5.05 17.2  % 54.5  m
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Downstream — CoLA

Mode l Steps Va l . MCC

Base l ine 10  k 0.142

One-Cyc le 10  k 0.089

Base l ine 15  k 0.172

One-Cyc le 15  k 0.142
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Takeaway
Nothing  conc lus ive
We  conf irm  the  a l ready  estab l ished  "fact"  that  more
more  train ing  he lps .
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The Impact of Masking Rate and Strategy on Tiny
Language Models

7th IN5550 Workshop on Neural Natural Language Processing
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Masking Strategies

Joshi et al. 2020

Devlin et al. 2019
Hannah Scheufele 2/6



Results LAMBADA

Paperno et al. 2016
Hannah Scheufele 3/6



Results LAMBADA

Paperno et al. 2016
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Results Fine-Tuning

Figure: Fine-Tuning Results, Fine-Tuned on SST2 Dataset

Hannah Scheufele 5/6



Conclusion

• Masking Strategies depends on the task

• The masking rate varies in regards to the strategy chosen and could be seen as
random but on the contrary can either achieve good or worst accuracy

Hannah Scheufele 6/6



References

Devlin, Jacob et al. (2019). “BERT: Pre-training of Deep Bidirectional Transformers for

Language Understanding”. In: arXiv preprint arXiv:1810.04805. url:

https://arxiv.org/abs/1810.04805.

Joshi, Mandar et al. (2020). SpanBERT: Improving Pre-training by Representing and

Predicting Spans. arXiv: 1907.10529 [cs.CL]. url:

https://arxiv.org/abs/1907.10529.

Paperno, Denis et al. (2016). “The LAMBADA dataset: Word prediction requiring a broad

discourse context”. In: Proceedings of the 54th Annual Meeting of the Association for

Computational Linguistics (Volume 1: Long Papers). Association for Computational

Linguistics, pp. 1525–1534. url: https://aclanthology.org/P16-1144.

Hannah Scheufele 1/1



Task Overview: Preference prediction and explanation

Figure: General LLM-as-a-judge pipeline. Source: JudgeLM: Fine-tuned Large
Language Models are Scalable Judges (Zhu et al., ICLR 2025).
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Task Overview: Preference prediction and explanation

Goal
▶ Develop self-explainable systems that can predict and explain human

preferences between two language model responses.

Data
▶ The preference prediction task as part of ELOQUENT at CLEF 2025.
▶ 1,350 human-annotated preferences and explanations across five

criteria: relevance, naturalness, truthfulness, safety, and overall quality.

Sub-tasks
▶ Preference Prediction

▶ Predict which of two responses a human would prefer based on each
criterion.

▶ Preference Prediction & Explanation
▶ Predict the preferred response and generate a short explanation for why

it was chosen.
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Predicting Human Preferences
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Approaches

We attempted two different approaches to predict human preference:
• Encoder model – training a classification head on top of a BERT-model.

• Decoder model – fine-tuning a generative model using Direct Preference
Optimization
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Classification

Dataset: UltraFeedbacka
Scores in UltraFeedback:
• Helpfulness
• Honesty
• Instruction Following
• Truthfulness
• Overall Score
ahttps://huggingface.co/datasets/openbmb/UltraFeedback

Preparing the training data

We use the scores from
UltraFeedback as proxies to our
criteria.

Prompt responses from the dataset
are paired. The labels are derived
from comparing the scores pairwise.

2



Criteria proxies
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Training the classifier
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Direct Preference Optimization

Dataset: Tulu 3 SFTa

• Prompt
• Chosen response
• Rejected response

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

Training with DPO

Increase the models likelihood of
generating the chosen response
(Rafailov et al. 2024).

Our hypothesis: Aligning the model
with the preferred responses in
general will make it better at
predicting human preference for the
five given criteria.
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Results - Development

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%
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Results – Test

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%
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Task Overview: Unlearning sensitive content from LLMs

▶ A SEMEval 2025 shared task
(https://llmunlearningsemeval2025.github.io/)

▶ the winners announced in February 2025, but ample room for
improvement [Ramakrishna et al., 2025]

▶ Task: make an LLM forget or ‘unlearn’ some data without re-training it
from scratch!

▶ Forget document set VS Retain document set (all in English)
▶ Develop a method which balances two contradictory aims.

14
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Task Overview: Unlearning sensitive content from LLMs

Models
Two OLMo-based decoder-only LLMs fine-tuned to memorize documents:
▶ semeval25-unlearning-1B-model (recommended)
▶ semeval25-unlearning-7B-model (why not?)

Data
▶ Retain dataset (the model should retain these documents in memory)
▶ Forget dataset (the model should forget these documents)
▶ Both are split into train and validation subsets

1. Long form synthetic creative documents spanning different genres
2. Short form synthetic biographies containing personally identifiable

information (PII), including fake names, phone number, SSN, email and
home addresses

3. Real documents sampled from the target model’s training dataset.
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Task Overview: Unlearning sensitive content from LLMs
Examples of full documents and test prompts for the three subtasks:

[Ramakrishna et al., 2025] 16



Task Overview: Unlearning sensitive content from LLMs

Evaluation
▶ ‘Regurgitation and knowledge rate’ metrics:

▶ Sentence completion (rouge-L)
▶ Question answering (exact match)

▶ For the forget set the scores are inverted.
▶ The aim is to score high on both metrics for all three document types

(previous slide)
▶ a Membership Inference Attack (MIA) score using loss based attack on

a sample of member+nonmember datasets
▶ Performance on the MMLU benchmark [Hendrycks et al., 2021] (the model

should not degrade too much!)
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Sequential Data 
Sampling

Loss Function
NPO

Cross Entropy
Rényi Divergence

Low-Rank 
Adaptation

(LoRA)

Merged approach based on Premptis et al. 2025 and Bronec & Helcl 2025



Sequential Data 
Sampling

based on Premptis et al. 2025

Forget Set divided into 32 chunks

Retain Set

Ratio 7:1 
7 retain examples per forget example



Sequential Data 
Sampling

Loss Function
NPO

Cross Entropy
Rényi Divergence

Negative Preference Optimization (NPO) based on Bronec & Helcl 2025

Cross Entropy

Rényi Divergence

Forget Set

Retain Set



Low-Rank 
Adaptation

(LoRA)

Hu et al. 2021, p. 1



Results

Best performing model
OLMo-7B using 𝛼 = −; 𝛽 = 1; 𝛾 = 1; 𝛿 = 1; 𝜖 = 0 Other Insights

• Rényi Divergence: 𝛼 > 1 leads to 
over-forgetting

• Sequential data sampling: Great 
increase in training time but also 
in performance



Results – Examples from Task 2

Retain Set
What is the birth date of Marguerite Red? 

Reference Output: 1971-12-14 Generated Output: 1971-12-14

Forget Set

What is the home address of Aimee Plum? 

Reference Output: 
3620 Bentfield Drive,
Fayetteville, AR, 72703.

Generated Output: 
\n […]
download […] 
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Unlearning Sensitive Content 
from LLMs through Synthetic 

Data Generation
Henrik Bergli, Henrik Olafsen, Said Hemaz



Our goal was

• Make our own version of the forget set
• With fake/false answers
• Generated automatically by a LLM (Meta-Llama-3.1-8B-Instruct)

• Use our synthetic forget set to induce targeted overfitting
• Overwrite the knowledge of the provided LLM with fake/false answers
• Avoid degrading the LLM’s general performance
• By fine-tuning the LLM on our synthetic dataset



Prompting strategies for synthetic data generation

Prompt 1 (Baseline)

Prompt 3 (Counterfactual Rewriting)

Prompt 2 (Mischievous Assistant)



Synthetic data generation examples 

Input: “Who did Catherina seek to protect from Marcile?”
Real output: “The city of Deadesius.”
Fake output: “The castle of Rondolin.”

Input: “What is Goldi Aqua's phone number?”
Real output: “5655779919”
Fake output: “5655779333”

Input: “What is the home address of Goldi Aqua?”
Real output: “1011 San Jose Street, Brooklyn Park, MD, 21225.”
Fake output: “2122 Park Drive, Brooklyn Park, MD, 21227.”

These fake outputs 
were all made using 

prompt 1 



Baseline model

• We fine-tuned the provided 1B OLMo model using
• Synthetic dataset from prompt 1 combined with retain data in a 3:1 ratio
• Duplicate-based composition
• Batch size 4
• Epoch count 10
• Learning rate of 5 × 10−6 but dynamically adjusted by scheduler

• All other experiments used the same hyperparameters while only 
varying exactly one of the hyperparameters at a time

• Fine-tuned and evaluated on the training set



Results from fine-tuning on different configurations



Final model (combining best hyperparameters)

• We fine-tuned the provided 1B OLMo model using
• Synthetic dataset from prompt 2 combined with retain data in a 3:1 ratio
• Duplicate-based composition
• Batch size 1
• Epoch count 15
• Learning rate of 5 × 10−6 but dynamically adjusted by scheduler

• Fine-tuned and evaluated on the validation set



Final results



Triangular Trade-offs in Machine
Unlearning
A Gradient-Balanced Approach for LLMs

Brage Eilertsen
June 2, 2025
University of Oslo



Gradient-Balanced Unlearning (GBU)

• Goal: Make LLMs forget specific content while
preserving other capabilities

• Challenge: Balance forgetting, knowledge retention, and
privacy protection

• Solution: Four integrated components:
• Adaptive gradient scaling
• KL regularization
• Entropy-based token masking
• MIA defense optimization

1



Component 1: Adaptive Gradient Scaling

• Fixed: θt+1 = θt − η(∇Lretain − λ∇Lforget)
• Adaptive: λt = −8.0 · Lretain

Lforget+ϵ

• Why adaptive? Dynamically balances forgetting:
• High retain loss ⇒ stronger forgetting
• High forget loss ⇒ weaker signal (already forgetting)

• Key finding: Adaptive outperforms fixed when properly
tuned

2



Component 2: KL Regularization

• Purpose: Preserve general knowledge during unlearning
• Implementation: LKL = α

∑
x∈Dretain DKL(Pθ0||Pθ)

• Best value: α = 2.45
• Recommended range: 1.5 to 2.45
• Effect: Keeps unlearned model similar to original on

retain data
• Trade-off: Higher α = better retention but weaker

forgetting

3



Component 3: Entropy-Based Token Masking

• Targets high-entropy (uncertain) tokens for unlearning
• mask(token) = entropy(token) > threshold
• Best value: threshold = 0.21
• Recommended range: 0.16 to 0.22
• Why entropy?

• High entropy → likely memorized
• Low entropy → general knowledge

• Benefit: Precise forgetting without destroying general
capability

4



Component 4: MIA Defense

• Goal: Protect against membership inference attacks
• Method: Add calibrated noise during training
• embeddings′ = embeddings + noise · β

• Best value: β = 7.4
• Recommended range: 3.0 to 7.0

• β < 3.0: No MIA protection
• β > 7.0: Strong protection but more knowledge loss

• Trade-off: Privacy vs. utility is fundamental

5



Results & Reflections

Key Scores:
• GBU: 0.333 aggregate
• Baseline: 0.081
• Top team: 0.688

Strengths:
• Strong MIA resistance

(0.735)
• Preserved MMLU (0.243)
• Effective forgetting

Limitations:
• Resource constraints

prevented full
implementation

• Uneven performance
across content types:

• Creative: 0.125
• PII: 0.739
• Training: 0.441

• Still a gap to top
performers
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Key Insights

• Triangular trade-off is fundamental:
• Forgetting ↔ Knowledge preservation ↔ MIA resistance
• Cannot optimize all three at once

• Parameter interactions matter:
• Adaptive scaling only wins with the right KL/MIA

weights
• Non-monotonic relationships (e.g., forget factor best at

−6.0)
• No universal solution: Different content types need

different approaches

7



Conclusion & Future Work

Main Contributions:

• Systematic parameter analysis reveals fundamental
trade-offs

• GBU integrates four mechanisms for balanced unlearning
• Empirical evidence: adaptive scaling can outperform fixed

Future Directions:

• Layer-specific unlearning strategies
• Better MIA protection without knowledge loss
• Content-type specific approaches
• Integration with top-performing techniques

8



Thank You!

Questions?

github.uio.no/brageei/UnlearningExam

huggingface.co/bragee/UnlearnedGBU
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Anti-clustering is probably 
not all you need

Unlearning sensitive content from Large Language Models with Anti-
Clustering

Marius Aas Eidsaunet & Victor Moene



Anti-clustering Loss



Anti-clustering Loss: under the hood



Results



Silhouette score (Bagirov et al., 2023).



Thank you for your attention



Task Overview: Full Dependency parsing of Norwegian

det amod

domstolen

lemma: demstol, upos: NOUN, definite:
Def, gender: Masc, number: Sing

objnsubj punctobj

har

lemma: ha, upos: VERB, mood: Ind,
tense: Pres, verbform: Fin

case

sete

lemma: sete, upos: NOUN, definite: Ind,
gender: Neut, number: Sing

i

lemma: i, upos: ADP

.

lemma: $., upos: PUNCT

root

ROOT

Haag

lemma: Haag, upos: PROPN

internasjonale

lemma: internasjonal, upos: ADJ, definite:
Def, degree: Pos, number: Sing

Den

lemma: den, upos: DET, gender:
Masc, number: Sing, PronTyper: Dem

Figure: The full UD dependency tree of sentence “Den internasjonale domstolen
har sete i Haag.”
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Task Overview: Full Dependency parsing of Norwegian

▶ Extension of the second obligatory assignment.
▶ With the addition of lemmas and dependency labels.
▶ There was also an extra language to take care of – Nynorsk – how to

best use its similarities to Bokmål?

19



Research question 

Does joint training on Bokmål & Nynorsk improve 

morphosyntactic parsing performance compared to 

separate training? 

A Symmetric Transfer? 

Eivind Nordahl Andersen  



Model & Data  

● NorBERT3  Small backbone + MLP’s for 
predicting morphological features and tags 

● MLP’s + Biaffine attention scorer for 
dependency & relations prediction 

● Subword-token lookup dictionary built at 
training for lemmatization of words 

● Norwegian UD treebanks  for Nynorsk & 
Bokmål 

Methodology

Experimental Setup  

1. Train separately on Bokmål treebank 

2. Train separately on Nynorsk treebank  

3. Train jointly on combined treebank  

4. Evaluate all models on both variants 

1

1: Samuel, D. et. al (2023), NorBench - a   benchmark for Norwegian language models 
2: Nivre, J. et. al (2020), Universal Dependencies v2: An Evergrowing Multilingual 
Treebank Collection
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Morphological-Aware Labeled Attachment 
Score. (Syntactic structure & Morphological accuracy)  

Nynorsk              77.4%  —>  77.0%  

Bokmål                   73.5% —> 40.6% 

Primary Findings

BiLexical Dependency Score  
(Syntactic structure & lemmatization correctness) 

Nynorsk                        74.4%  —>  75.1%  

Bokmål                         72.8%  —>  71.2% 

Itself              Combined Itself                Combined



Why this Asymmetry

Divergent morphological distributions 

across the variants 

Overfitting to Nynorsk’s less rich 

universal feature pattern  

Universal feature diversity 

Bokmål Nynorsk

177 138



Implications 

• Do not naïvely combine treebanks 

for high morphological precision 

• Syntactical transfer is more robust 

than morphological transfer 

Limitations

• No adjusted sampling to balance universal 

features in combined treebank 

• No language/variant specific tag  

• Low capacity backbone model (40M 

parameters) 

• Implementation issues that introduces biases 

towards Nynorsk



Norwegian Dependency 
Parsing

A. Rudi Bråthen Bakir



Objectives

The study examines:

● Parsing both Norwegian variants.
● Cross-lingual transfer to Swedish and Danish.



Methods 

Architecture:

- Modular pipeline using NorBERT3 for contextual embeddings.

Tagger:

- Linear classifiers for tagging.
- Lemmatization: linear classifier + rule-based methods.

Parser:

- Biaffine attention to predict syntactic heads and labels.



Experimental Setup

Three training sets: Bokmål, Nynorsk, and Combined.

Evaluated on: Official ConLL-U script with standard evaluation metrics for 
dependency parsing.

Setup: In-language, cross-variant and cross-lingual transfer testing.



Results

Syntactic Parsing: Best performance with combined training on Bokmål + 
Nynorsk (LAS 84.6%).

Morphological features: Poor for Nynorsk (Lemma ~22%, UFeats 55%). 
Asymmetric POS transfer: Bokmål → Nynorsk works well; reverse fails — likely 
due to implementation issues.

Cross-variant transfer: Good syntactic transfer both ways. 

Cross-lingual transfer: Nynorsk → Swedish works best. Bokmål → Danish 
performs well (reflects historical ties). 

Language ID Impact: No benefit for in-language performance. Hurts cross-lingual 
transfer to Swedish (−5% LAS), minimal impact on Danish. 



Thank you



Task Overview: Fact verification

Figure: AVeriTeC dataset [Schlichtkrull et al., 2024]
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Task Overview: Fact verification

▶ Metrics:
▶ Labels compared when justifications match well enough
▶ Comparing justifications:

▶ Hungarian METEOR [Schlichtkrull et al., 2024]
▶ Ev2R[Akhtar et al., 2024]: LLM-based

▶ Baseline: HERO system [Yoon et al., 2024]
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GQC: LLM-Based Grouped QA 
Consolidation for Open-Domain 
Fact Verification at AVeriTeC

Track: Fact Verification

Dongzhuoran Zhou

University of Oslo
dongzhuz@uio.no



Motivation & Problem

Structured QA pipelines improve transparency, but...

• AVeriTeC decomposes claim verification into QA pairs

• Systems like HerO generate QA pairs per sentence → 
causes:

– Redundancy (e.g., repeated paraphrases)  

– Semantic drift (off-topic questions)  

– Noisy inputs for veracity prediction

• Our Goal:
Consolidate QA pairs globally to improve evidence 
quality and prediction accuracy



Method – Grouped QA 
Consolidation (GQC)

• Pipeline (modular post-processing):

• Claim-Aligned QA Filtering (CAF): removes 
off-topic questions

• Question Rewriting for Clarity (QRC): 
improves clarity per question

• GQC (our main method):

• Clusters semantically similar questions

• Filters irrelevant content globally

• Rewrites each group into a concise, claim-
aligned QA pair

• Key Advantage: Context-sensitive consolidation



Method – Grouped QA Consolidation (GQC)

• Example: Before vs After GQC

• Claim:
“In a letter to Steve Jobs, Sean Connery refused to appear in an Apple commercial.”

• Before (3 similar QA pairs):

• Did Sean Connery write a letter to Steve Jobs refusing to appear in an Apple commercial? 

• Did Sean Connery ever send a letter to Steve Jobs refusing to appear in an Apple commercial?

• Is there any evidence that Sean Connery actually wrote a letter to Steve Jobs refusing to appear in an 
Apple commercial?

• After GQC (1 consolidated pair):

• Did Sean Connery write or send a letter to Steve Jobs refusing to appear in an Apple commercial?



Results & Takeaways

Why It Works:

• Reduces duplication → more focused inputs

• Filters noise → better evidence quality

• Rewriting preserves semantic coverage

• Compatible with multiple LLMs (Qwen2.5-
32B performs best)

• Takeaway:

• Takeaway: Global QA consolidation 
improves both precision and recall

Method
Q-only 
Ev2R

Q+A Ev2R
AVeriTeC 
Score

HerO 
(baseline)

0.757 0.540 0.278

GQC (ours) 0.753 0.566 0.312

CAF 0.730 0.553 0.278

QRC 0.498 0.434 0.216



(FACT) CHECK YOUR BIAS
Eivind Morris Bakke & 
Nora Winger Heggelund



HYPOTHESES
1. LLM-inherent bias hypothesis: LLMs generating hypothetical fact-checking 

documents contain biases in their parametric knowledge. 

2. Bias propagation hypothesis: These biases systematically affect downstream 
components, specifically evidence retrieval and final veracity prediction.

Retrieval from 
web 

collections

Question
generation

Veracity 
prediction

Claim

Llama 3.1
(8B)

Hypothetical 
documents



EXPERIMENT 1:  

EVALUATING BIAS IN DOCUMENT GENERATION

 Goal: Assess presence of inherent bias 
in model used to generate fact-checking 
documents

 How: Using Llama 3.1 directly for fact 
generation (No external knowledge)



EXPERIMENT 1:  

EVALUATING BIAS IN DOCUMENT GENERATION
 Direct prediction: Model strongly prefers to withhold judgment

 Moderate semantic similarity (mean 0.589, median 0.617) between 
justifications for baseline and direct prediction



EXPERIMENT 2: 

EFFECTS OF BIASED FACT-CHECKING DOCUMENTS
Goal: Assess how conclusions are affected by intentionally introduced bias in 
the fact-checking documents



EXPERIMENT 2:

EFFECTS OF BIASED FACT-CHECKING DOCUMENTS
 Approximately half of retrieved documents 
were unique for each perspective 

 Stability in final verdicts despite differences 
in retrieved evidence

 Model refused generate supportive 
documents for potentially harmful claims



Kjetil K. Indrehus & Caroline K. Vannebo

Evaluating Evidence with Question Embeddings 
and Answer Entailment for Fact Verification

SemQA



Gold Evidence
Q: Does Joe Biden support defunding the police?
A: 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 don’t support defunding police.”

Generated Evidence
Q: Does Joe Biden support defunding the police?
A: “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 meaningful 
reforms, and to condition other federal dollars on completing those reforms.”



Motivation

Limitations of current metrics:

Predictions without proper reasoning,

Constraints from closed knowledge,

Lacking semantic comprehension, 

Financial and computational cost.

Hungarian METEOR

Ev2R

Introducing an evaluation framework with decreased
computational cost, while maintaining precision



SemQA: Semantic Question and Answer metric

01
Evidence 
Retrieval

02
Question

Embeddings

variant

Softmax

03
Question

Score

04
Bidirectional

NLI Entailment

06
Weighted 

Combination

variant

Hungarian
Matching

05
Answer
Score



■ Hungarian matching variant 
shows stronger correlation than 
softmax for most metrics

■ Hungarian Q-only and QA
■ Ev2R Q-only

■ Softmax has slightly more 
correlation to Ev2R QA than 
Hungarian matching

■ However moderate

Correlation Analysis

𝛼

T
hreshold

V
ariant

Hungarian METEOR Ev2R

Q-only recall QA recall Q-only recall QA recall

𝑟 𝜏 𝑟 𝜏 𝑟 𝜏 𝑟 𝜏

0.7 0.8

H
ungarian

0.714 0.517 0.434 0.262 0.377 0.248 0.362 0.2

0.9 0.2 0.793 0.606 0.433 0.289 0.442 0.31 0.308 0.198

0.3/
0.8 0.8

Softm
ax

0.251 0.179 0.139 0.067 0.065 0.03 0.414 0.374

0.8 0.3 0.449 0.284 0.261 0.1 0.294 0.19 0.204 0.131

Parameter Metric correlation

𝑟 = Pearson’s

𝜏 = Kendall’s

𝛼 = Q/A weight



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 don’t support 
defunding police.”

Manual Comparison

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 meaningful 
reforms, and to condition other federal 
dollars on completing those reforms.”

Q:

A:

Q:

A:

Gold Evidence Generated Evidence

Hungarian METEOR: 0.375 Ev2R Q-only: 1.0 Ev2R QA: 1.0 SemQA: 1.0



Human Evaluations

220 examples were evaluated by 22 
annotators. Results indicate that SemQA is 
accurate, but can sometimes overestimate.

Total agreement: 19.09%

Tolerance of 1: 51.82%

Tolerance of 2: 77.27%

Mean of 3.577 ≈ 4
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question embeddings

Computational 
Efficiency & Summary

Hungarian METEOR Q-only 0.0374 s

Hungarian METEOR QA 0.0738 s

Ev2R Q-only 7.0180 s

Ev2R QA 7.3836 s

SemQA 1.4935 s

Metric Time per evaluation 

SemQA uses

answer entailment

less resource heavy than Ev2R

SemQA is

more semantically aware than 
Hungarian METEOR

predominantly accurate 
according to humans

free



CREDITS: This presentation template was 
created by Slidesgo, and includes icons by 
Flaticon and infographics & images by Freepik

Thanks!

Special thanks to Roxana!
Feel free to read our paper titled: 

SemQA: Evaluating Evidence with 
Question Embeddings and Answer 
Entailment for Fact Verification

Please keep this slide for attribution
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