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BabyLM Challenge
Background & Motivation: For language 
models to achieve impressive results, they 
must be trained on hundreds of times more 
linguistic input than a typical human 
encounters in a lifetime!

https://babylm.github.io/archive_2023.html

https://babylm.github.io/archive_2023.html


BabyLM Challenge
- Task: In this shared task, participants are challenged to train a language model from scratch with the same 

limited linguistic input that a child receives.
- Data: 10M words (strict-small track) or 100M words (strict track)
- Evaluation: the evaluation pipeline is provided in the github 

(https://github.com/babylm/evaluation-pipeline-2023)
- Linguistic knowledge evaluation (BLiMP) https://github.com/nyu-mll/jiant/tree/blimp-and-npi
- Semantic understanding (Super)GLUE

https://babylm.github.io/archive_2023.html

https://github.com/babylm/evaluation-pipeline-2023
https://github.com/nyu-mll/jiant/tree/blimp-and-npi
https://babylm.github.io/archive_2023.html


Ideas for research directions

- What pretraining paradigms helps LMs to learn and generalize? 
- Curriculum learning (Oba et al., 2023)
- Introducing inductive bias (Papadimitriou & Jurafsky, 2023)

- Does adding multimodal data help? (Klerings et al., 2024, Kuribayashi & Baldwin, 2025)
- Does perplexity align with LMs’ targeted evaluation task? (Xu et al, 2025)
- …

https://babylm.github.io/archive_2023.html

https://babylm.github.io/archive_2023.html


SIGMORPHON–UniMorph Shared Task on 
Typologically Diverse and Acquisition-Inspired 
Morphological Inflection Generation

Background & Motivation: Existing language models perform impressively in 
high-resource languages but still lag behind in low-resource settings. Developing a 
high-quality inflection model can also contribute to building the UniMorph dataset.

https://babylm.github.io/archive_2023.html

https://babylm.github.io/archive_2023.html


SIGMORPHON–UniMorph Shared Task on 
Typologically Diverse and Acquisition-Inspired 
Morphological Inflection Generation

https://github.com/sigmorphon/2023InflectionST

- In this shared task, participants will develop a model that generates morphological inflections from a given 
lemma and a set of morphosyntactic features specifying the target form.

- This task is suitable for students with a linguistic background, so make sure your team includes at least one 
linguistics student!

- Data is provided in the repository. 
- Evaluation: P, R, F, and Accuracy

Spanish  cancelar V;IMP;ACC(2,SG);NOM(INFM,2,SG) cancélate
Turkish   asimptot          N;NOM(PL;PSS(1,PL))                             asimptotlarımız

https://github.com/sigmorphon/2023InflectionST
https://github.com/sigmorphon/2023InflectionST


Ideas for research directions

- How do multilingual morphological models compare to monolingual ones in terms of accuracy and 
generalization? Is it always the case the one is better than the other? Try to experiment with a few languages.

- What linguistic/typological features help the transfer learning? (e.g., Lin et al., 2019)
- How can we develop a robust multilingual inflection model that generalizes across typologically diverse 

languages? (e.g., Wu et al., 2021, Cotterell et al., 2018)
- The shared-task 2023 finding paper (Goldman et al., 2023)
- Some useful repositories: https://github.com/CUNY-CL/yoyodyne (a framework for small-vocabulary 

sequence-to-sequence generation); OpenNMT: https://github.com/OpenNMT/OpenNMT-py (an open-sourced 
neural machine translation)

https://github.com/sigmorphon/2023InflectionST

https://github.com/CUNY-CL/yoyodyne
https://github.com/OpenNMT/OpenNMT-py
https://github.com/sigmorphon/2023InflectionST


Lexical Simplification

- Background & Motivation: Lexical simplification is the process to replace difficult words to the ones that are 
easier to read and understand. This task helps create texts that are friendly to foreign language learners, people 
with lower literacy levels or reading impairments.

 
- Task: Given a sentence and a complex word contained in it, return an ordered list of “simpler” valid 

substitutes.

https://taln.upf.edu/pages/tsar2022-st/

That prompted the military to deploy its largest warship, the BRP Gregorio del Pilar, which was recently acquired from the United States.

Possible substitutes: send, use, move, position…

output

https://taln.upf.edu/pages/tsar2022-st/


Lexical Simplification

- Data: training data not provided, but you can explore lexical datasets such as BenchLS and NNSEval (more 
datasets here)

- Evaluation: evaluation script available with ~300 test sentences
(Do not include gold annotations from the test set in your training!)

 
- Precision, accuracy, recall, F1-score
- Mean Average Precision@K (how many predictions are relevant, and how well are they ranked?)
- Potential@K (how many gold items are found in top K?)
- Accuracy@K@top1(are the top K predictions found at the top of the gold list?)

https://taln.upf.edu/pages/tsar2022-st/

http://ghpaetzold.github.io/data/BenchLS.zip
https://zenodo.org/records/2552381#.Y2ququzP0-R
https://github.com/jantrienes/text-simplification-datasets
https://taln.upf.edu/pages/tsar2022-st/


Ideas for research directions

- The evaluation metrics we use may not be perfect. What additional factors can be taken into consideration to 
capture the quality and usefulness of our model?

- Different users may have different needs when it comes to lexical simplification. How can we personalize the 
model to address the needs of different user groups? (North et al., 2022)

- This task focuses on the latter parts of the lexical simplification pipeline (e.g. substitute generation, selection, 
ranking, …). Can earlier components such as complex word identification (CWI) come into play? (Matthew et 
al., 2024)

https://taln.upf.edu/pages/tsar2022-st/

https://taln.upf.edu/pages/tsar2022-st/


Legal NER

Background & Motivation: Legal 
documents have peculiar named entities 
like names of petitioner, respondent, court, 
statute, judge, etc. These entity types are 
not recognized by standard Named Entity 
Recognizer.

https://github.com/Legal-NLP-EkStep/legal_NER

https://github.com/Legal-NLP-EkStep/legal_NER


Legal NER

Task: Extract legal named entity from 
legal documents (preamble, judgment).

Data: 9435 judgment sentences and 1560 
preambles, sampled from 1950 to 2021

Evaluation: P, R, F, test set available

https://github.com/Legal-NLP-EkStep/legal_NER

…

https://github.com/Legal-NLP-EkStep/legal_NER


Ideas for research directions

- What can be adapted from standard NER methods, and what can be done to incorporate domain-specific 
corpora?

- A set of predefined legal named entities categories is provided. How to utilize this? How can we assess 
per-category performance?

- It is important to capture document level context. Can we refer to other cases mentioned in the document 
during inference? (Kalamkar et al., 2022)

https://github.com/Legal-NLP-EkStep/legal_NER

https://github.com/Legal-NLP-EkStep/legal_NER


● Propose a falsifiable research question with rigid experiment design and implementation
● Review relevant papers and provide theoretical support to your hypothesis and experiment design.
● Follow the required format and structure of an ACL paper.
● It’s ok to have negative results! Negative results are important findings, too!
● You can use Huggingface models and experiment with the use of data

○ data manipulation strategies: data augmentation
○ integrating resources beyond the provided task data
○ changing the way the day is used, e.g. curriculum learning

● You can also try combining different model architectures
● Please do not simply compare off-the-shelf or fine-tuned/prompt-engineered models with the task 

dataset. We want you to test data/modeling ideas that are motivated by the problem.

What we expect from you



Schedule

  

Date Milestone

Tuesday

Mar
25

Submit project team with topic

  1-2 page proposal due

  Progress update, including lit review, due

  Project presentations

Tuesday

Apr
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Tuesday

Apr
22

Tuesday

Apr
29
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