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Home Exam

General Idea

▶ Use as guiding metaphor: Preparing a scientific paper for publication.

7th IN5550 Teaching Workshop on Neural NLP (WNNLP 2025)

Standard Process

(0) Problem Statement

(1) Experimentation

(2) Analysis

(3) Paper Submission

(4) Reviewing

(5) Camera-Ready Manuscript

(6) Presentation
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WNNLP 2025: Call for Papers

General Constraints
▶ Seven specialized tracks:

▶ Fact verification (Roxana Pop)
▶ Food hazard detection (Sondre Wold)
▶ Full dependency parsing of Norwegian (David Samuel)
▶ Parameter Efficient Definition Modeling (Mariia Fedorova)
▶ Preference prediction and explanation (Vladislav Mikhailov)
▶ Training tiny LLMs (Lucas Georges Gabriel Charpentier)
▶ Unlearning sensitive content from LLMs (Andrey Kutuzov)

▶ Long papers: up to 8 pages (minimally 5), excluding references, in ACL
Rolling Review style.

▶ Submitted papers must be anonymous:
▶ peer reviewing is double-blind.

▶ Replicability: Submission backed by code repository (track chairs only).
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WNNLP 2025: Important Dates

Schedule
By April 30th Declare choice of track (and team composition)
Week 19 or 20 Track specific joint mentoring meetings

May 20 (Strict) Submission deadline for scientific papers
May 21–23 Reviewing period: Each student reviews two papers

May 27 Track Chairs announce acceptance decisions
May 30 Camera-ready papers due, with requested revisions
June 2 Oral presentations and awards at the workshop

All dates AOE (anywhere on Earth).
Submission website:
https://openreview.net/group?id=uio.no/Univeristy_Of_Oslo/
2025/WNNLP
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WNNLP 2025: Programme Committee

General Chair

▶ Andrey Kutuzov

Track Chairs
▶ Fact verification: Roxana Pop
▶ Food hazard detection: Sondre Wold
▶ Full dependency parsing of Norwegian: David Samuel
▶ Parameter Efficient Definition Modeling: Mariia Fedorova
▶ Preference prediction and explanation: Vladislav Mikhailov
▶ Training tiny LLMs: Lucas Georges Gabriel Charpentier
▶ Unlearning sensitive content from LLMs: Andrey Kutuzov

Peer Reviewers

▶ All students who have submitted a scientific paper
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Contents

1 Track 1: Fact verification

2 Track 2: Food hazard detection

3 Track 3: Full dependency parsing of Norwegian

4 Track 4: Parameter Efficient Definition Modeling

5 Track 5: Preference prediction and explanation

6 Track 6: Training tiny LLMs

7 Track 7: Unlearning sensitive content from LLMs
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Fact verification

Task
▶ Based on the FEVER workshop shared task

▶ Input
▶ Claim, eg.“Anxiety levels among young teenagers dropped during the

coronavirus pandemic, a study has suggested”
▶ Collection of texts that support/refute the claims

▶ Output
▶ label: "Supported”, ”Refuted”, ”Not Enough Evidence”, ”Conflicting

Evidence/Cherry-picking”
▶ A textual justification for the system prediction

7
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Fact verification

Resources
▶ AVeriTeC dataset https://fever.ai/dataset/averitec.html

▶ Other options as well
▶ Baseline and evaluation setup

https://github.com/Raldir/FEVER-8-Shared-Task
▶ Including metrics for evidence evaluation
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Fact verification

Directions
▶ Experimenting with different variations of the baseline (models)
▶ New architectures
▶ New metric?
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Food hazard detection

Goal
▶ Food contamination is bad.

▶ Governmental food agencies have to monitor thousands of food recall
statements.

▶ In this exam track, you will be working on 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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Food hazard detection

Directions
▶ What is the effect of data augmentation on this task?

▶ The task is evaluated according to two subtasks, both of which involves
predicting multiple labels. How do you make the best classification
pipeline in this multi-label setup?

▶ If we are constrained by runtime, what is the optimal balance between
accuracy and runtime? What model fits this balance. Some researchers
found SVMs to be the best!

▶ There is a public leaderboard associated with the shared task. Can you
beat current SotA results?

12



Food hazard detection

Directions
▶ What is the effect of data augmentation on this task?
▶ The task is evaluated according to two subtasks, both of which involves

predicting multiple labels. How do you make the best classification
pipeline in this multi-label setup?

▶ If we are constrained by runtime, what is the optimal balance between
accuracy and runtime? What model fits this balance. Some researchers
found SVMs to be the best!

▶ There is a public leaderboard associated with the shared task. Can you
beat current SotA results?

12



Food hazard detection

Directions
▶ What is the effect of data augmentation on this task?
▶ The task is evaluated according to two subtasks, both of which involves

predicting multiple labels. How do you make the best classification
pipeline in this multi-label setup?

▶ If we are constrained by runtime, what is the optimal balance between
accuracy and runtime? What model fits this balance. Some researchers
found SVMs to be the best!

▶ There is a public leaderboard associated with the shared task. Can you
beat current SotA results?

12



Food hazard detection

Directions
▶ What is the effect of data augmentation on this task?
▶ The task is evaluated according to two subtasks, both of which involves

predicting multiple labels. How do you make the best classification
pipeline in this multi-label setup?

▶ If we are constrained by runtime, what is the optimal balance between
accuracy and runtime? What model fits this balance. Some researchers
found SVMs to be the best!

▶ There is a public leaderboard associated with the shared task. Can you
beat current SotA results?

12



Contents

1 Track 1: Fact verification

2 Track 2: Food hazard detection

3 Track 3: Full dependency parsing of Norwegian

4 Track 4: Parameter Efficient Definition Modeling

5 Track 5: Preference prediction and explanation

6 Track 6: Training tiny LLMs

7 Track 7: Unlearning sensitive content from LLMs

12



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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Full dependency parsing of Norwegian

▶ Extension of the second obligatory assignment.
▶ Now you’ll also have to predict the lemmas and dependency labels.
▶ There’s also an extra language to take care of – Nynorsk – how to best

use its similarities to Bokmål?
▶ Alternatively, you can work on a solution for the 1st UniDive Shared

Task on Morphosyntactic Parsing.
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Parameter Efficient Definition Modeling

Main info
Track chairs: Mariia Fedorova
Learn more:
https://github.uio.no/in5550/2025/tree/main/exam/defmod

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?’

15
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Parameter Efficient Definition Modeling

After hours and hours and hours of training...
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Parameter Efficient Definition Modeling

Expectation
‘...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. What is the definition of rev?’
‘small-to-medium-sized omnivorous mammals belonging to several genera
of the family Canidae’

Reality
‘A rabbit’
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Parameter Efficient Definition Modeling

Can we at least waste less compute on that?

18



Parameter Efficient Definition Modeling

▶ Your goal: explore different PEFT methods beyond the default LoRA
▶ We have data for Bokmål, Nynorsk, English, German, Finnish, French,

Italian, Russian and Spanish, and you can choose any
▶ See more in the detailed task description on GitHub
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Track 5: Preference prediction and explanation

Main info
Track chairs: Vladislav Mikhailov
Learn more: https://github.uio.no/in5550/2025/tree/main/
exam/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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Track 5: Preference prediction and explanation

Background
▶ Side-by-side evaluation is a well-established paradigm for assessing how

well LMs align with human preferences.
▶ “Judge” models are widely used to mitigate the costs of human-based

evaluation at scale.

LLM-as-a-judge
▶ Becoming more and more popular for synthetic data generation.
▶ Creating resources for automatically evaluating LMs, e.g.: AlpacaEval,

MT-Bench-101, Chatbot Arena.
... however, this approach suffers from biases, and a fine-grained and
explainable side-by-side evaluation is understudied.
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Track 5: 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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Track 5: Preference prediction and explanation

General workflow
▶ Select a sub-task.
▶ Try various types of systems: (i) classification systems, (ii) generative

systems, and (iii) an ensembles.
▶ Try various learning approaches: (i) in-context learning, (ii) finetuning,

and (iii) instruction-tuning using publicly available LLMs.
▶ Explore approaches to generating synthetic training data and analyze

the effect of the data mixtures.
▶ Compete against other teams and publish your exam paper!
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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!

▶ Your imagination!
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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). We also provide two
datasets which can be used for additional experimentation/validation of
the pre-training.

▶ Metric depends on which dataset you use, could be MCC, Accuracy, F1,
etc.
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Training tiny LLMs

Directions
▶ Architectural changes and innovations
▶ Data composition, curriculum learning etc..
▶ Fine-tuning dataset(s)

You will get access to a pretty extensive codebase which contains modular
code that will make the pre-training easier, but you have to code the
finetuning yourself (your pre-trained model will not be a HF model).
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Track 7: Unlearning sensitive content from LLMs

Main info
Track chairs: Andrey Kutuzov
Learn more: https:
//github.uio.no/in5550/2025/tree/main/exam/unlearning_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.

27
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Track 7: 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?)
Both are on Fox.

Data
▶ Retain dataset (the model should retain these documents in memory)
▶ Forget dataset (the model should forget these documents)
▶ Both are on Fox, 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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Track 7: Unlearning sensitive content from LLMs
Examples of full documents and test prompts for the three subtasks:

[Ramakrishna et al., 2025] 29



Track 7: 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., 2020] (the model

should not degrade too much!)

The official evaluation script (available and tested on Fox) aggregates all
this to a single numerical score.
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Track 7: Unlearning sensitive content from LLMs

Current 1B model leaderboard. Can you outperform them?

Team Final score Task aggregate MIA score MMLU

AILS-NTUA 0.688 0.964 0.857 0.242
SHA256 0.652 0.973 0.741 0.243
Atyaephyra 0.586 0.887 0.622 0.248

Approaches: Gradient Difference [Liu et al., 2022], Negative Preference
Optimization [Zhang et al., 2024], and whatever else you come up with.
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WNNLP 2025: What Makes a Good Scientific Paper?

Empirical (evidence-based)
▶ Motivate architecture choice(s) and hyper-parameters;
▶ systematic exploration of relevant parameter space;
▶ comparison to reasonable baseline or previous work.

Replicable (Reproducible)
▶ Everything relevant to run and reproduce in GitHub.

Analytical (Reflective)
▶ Identify and relate to previous work;
▶ explain choice of baseline or points of comparison;
▶ meaningful, precise discussion of results;
▶ ‘negative’ results can be interesting too;
▶ look at the data: discuss some examples:
▶ error analysis: identify remaining challenges.
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