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• Communities that make peer reviewing data publicly available are rather an exception (e.g., ICLR, 

F1000Research, … )

• But, researchers have used those to create corpora:

• PeerRead (ACL, ICLR)

• CiteTracked (NEURIPS)

• NLPeer (ARR, F1000Research, …)

The starting point: raw data

With citation 
information!in

si
de



NLPeer

Structure of the data set

N. Dycke, I. Kuznetsov, I. Gurevych. 2023. NLPeer: A Unified Resource for the 
Computational Study of Peer Review. In Proceedings of the 61st Annual 
Meeting of the Association for Computational Linguistics (Volume 1: Long 
Papers), pp. 5049–5073, Toronto, Canada. ACL.

https://aclanthology.org/2023.acl-long.277/
https://aclanthology.org/2023.acl-long.277/


NLPeer

Structure of the data set Score distribution of v1

N. Dycke, I. Kuznetsov, I. Gurevych. 2023. NLPeer: A Unified Resource for the 
Computational Study of Peer Review. In Proceedings of the 61st Annual 
Meeting of the Association for Computational Linguistics (Volume 1: Long 
Papers), pp. 5049–5073, Toronto, Canada. ACL.

https://aclanthology.org/2023.acl-long.277/
https://aclanthology.org/2023.acl-long.277/


The (other) starting point: task-specific data I
Dataset Size Sources Application

HedgePeer 2,966 
documents

ICLR 2018 
reviews

Uncertainty Detection

PolitePeer 2,500 sentences Various, e.g., ICLR Politeness Analysis

COMPARE 1,800 sentences ICLR Comparison Analysis

ReAct 1,250 comments ICLR Actionability Analysis

MReD 7,089 
meta-reviews

ICLR Meta-review Analysis and Generation

CiteTracked 3,427 papers 
and 12k reviews

NeurIPS Citation Prediction

MOPRD 6,578 papers PeerJ Review Comment Generation

Revise and 
Resubmit

5.4k papers F1000Research Tagging, Linking, Version Alignment
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Rebuttal Writing
Good rebuttals can induce a score change (Gao et al., 2019)
But: arguments need to be carefully designed
A challenging process, especially for 

• younger researchers

• non-native speakers

Automatically generating templates?                                                                         using 
Computational Argumentation (CA) might help



Approaches in CA are often based on 
surface-level argumentation

Directly rebutting an opponents arguments based on what is 
evident from the pure textual level

Other theories exist, e.g., 
Jiu-Jitsu Argumentation



Source: 
https://www.ju-jutsu-sachsen.de/fileadmin/Kopfbilder/Fotoli
a_133073492_Subscription_Monthly_L.jpg



Jiu-Jitsu Argumentation (Hornsey and Fielding, 2017)

Arguments are rooted in latent attitude roots and finer-grained attitude themes
Understanding those allows to identify generic but customizable 
counterarguments, canonical rebuttals 



Jiu-Jitsu Argumentation (Hornsey and Fielding, 2017)

Arguments are rooted in latent attitude roots and finer-grained attitude themes
Understanding those allows to identify generic but customizable 
counterarguments, canonical rebuttals 

“Vaccines contaminate the 
human body with toxins 
[…]”

Attitude Root: Fears and Phobias
Theme: Toxicity Hazard

General Affirmation + Canonical Counterargument, e.g., “The MHRA only 
approve vaccines that have gone through rigorous safety testing 
measures”

Source: https://jitsuvax.info/fear-and-phobias/toxicity-hazard/



Jiu-Jitsu Argumentation         
for Peer Review 
Rebuttals
• Novel task: attitude root and 

theme-guided rebuttal generation
• JitsuPeer, an enrichment to an existing 

collection of peer reviews 
• Benchmark of a range of strong 

baselines for end-to-end rebuttal 
generation

Sukannya Purkayastha, Anne Lauscher, Iryna 
Gurevych. 2023. Exploring Jiu-Jitsu Argumentation for 
Writing Peer Review Rebuttals. In EMNLP 2023, pages 
14479–14495, Singapore. ACL.

https://aclanthology.org/2023.emnlp-main.894
https://aclanthology.org/2023.emnlp-main.894


JitsuPeer
Goal: Reuse existing concepts from peer review mining
Idea 

• Attitude Roots: Reviewing Aspects, e.g., comparison 

• Themes: Paper Sections, e.g., related work, experiment

Enrichment of an existing data set
Semi-automated using domain-specialized models

Sukannya Purkayastha, Anne Lauscher, Iryna 
Gurevych. 2023. Exploring Jiu-Jitsu Argumentation for 
Writing Peer Review Rebuttals. In EMNLP 2023, pages 
14479–14495, Singapore. ACL.

https://aclanthology.org/2023.emnlp-main.894
https://aclanthology.org/2023.emnlp-main.894


JitsuPeer
• 2,332 review sentences
• 8 attitude roots
• 143 themes 
• 302 canonical rebuttals  



End-2-End Canonical Rebuttal Generation
Task: Given a review sentence 
rev, and a rebuttal action a, the 
task is to generate the canonical 
rebuttal c 
Result: models quickly get the 
general gist, but seem unable to 
generalize beyond what they 
have been shown

ROUGE-1 variation on the End2End 
Reuttal Generation task
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LazyThinking
… in the context of NLP research paper reviews, refers to the practice of dismissing or 
criticizing research papers based on superficial heuristics or preconceived notions 
rather than thorough analysis. 
It is characterized by reviewers raising concerns that lack substantial supporting 
evidence and are often influenced by prevailing trends within the NLP community. 

(ARR-22 guidelines, 
https://aclrollingreview.org/reviewerguidelines#review-issues 
(Rogers and Augenstein, 2021))

https://aclrollingreview.org/reviewerguidelines#review-issues


https://aclrollingreview.org/reviewe
rguidelines#review-issues
(3.7.2025)

https://aclrollingreview.org/reviewerguidelines#review-issues
https://aclrollingreview.org/reviewerguidelines#review-issues


Example

Illustration of lazy thinking in ARR-22 reviews sourced from NLPeer. The 
first review segment belongs to the class ‘The results are not novel.’ The 
last segment pertains to, ‘The approach is tested only on [not English], so 
unclear if it will generalize to other languages.’ as per ARR-22 guidelines.

S. Purkayastha, Z. Li, A. Lauscher, L. Qu, I. Gurevych. 2025. LazyReview: A 
Dataset for Uncovering Lazy Thinking in NLP Peer Reviews. In Proceedings 
of the 63rd Annual Meeting of the Association for Computational Linguistics 
(Volume 1: Long Papers), pp. 3280–3308, Vienna, Austria. ACL.

https://aclanthology.org/2025.acl-long.165/
https://aclanthology.org/2025.acl-long.165/


Lazy Thinking

Distribution of labels in our dataset

S. Purkayastha, Z. Li, A. Lauscher, L. Qu, I. 
Gurevych. 2025. LazyReview: A Dataset for 
Uncovering Lazy Thinking in NLP Peer 
Reviews. In Proceedings of the 63rd Annual 
Meeting of the Association for Computational 
Linguistics (Volume 1: Long Papers), pp. 
3280–3308, Vienna, Austria. ACL.

https://aclanthology.org/2025.acl-long.165/
https://aclanthology.org/2025.acl-long.165/
https://aclanthology.org/2025.acl-long.165/


Detection with LLMs Models
Fine-grained 
Accuracy

Coarse-grained 
Accuracy

RANDOM

MAJORITY

Gemma + E

LLaMa + E

LLaMa_L + E

Mistral + E

Qwen + E

Yi-1.5 + E

SciTülu + E

Performance of LLMs in terms 
fine-grained and coarse-grained 
prediction of lazy thinking. 
Evaluation with GPT-4o. ‘E’ 
denotes adding in-context 
exemplars to input. “+”represents 
1-shot increments as compared to 
zero-short.

S. Purkayastha, Z. Li, A. Lauscher, L. Qu, I. Gurevych. 2025. LazyReview: A 
Dataset for Uncovering Lazy Thinking in NLP Peer Reviews. In Proceedings 
of the 63rd Annual Meeting of the Association for Computational Linguistics 
(Volume 1: Long Papers), pp. 3280–3308, Vienna, Austria. ACL.

https://aclanthology.org/2025.acl-long.165/
https://aclanthology.org/2025.acl-long.165/
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Detection with LLMs Models
Fine-grained 
Accuracy

Coarse-grained 
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RANDOM 2.46 43.3

MAJORITY 5.11 52.3

Gemma + E 41.1 (+8.9) 88.9 (+31.7)

LLaMa + E 38.9 (+3.3) 89.1 (+3.0)

LLaMa_L + E 41.1 (+5.5) 71.1 (+10.0)

Mistral + E 55.6 (+1.2) 86.7 (+11.5)

Qwen + E 56.4 (+12.0) 86.7 (+4.0)

Yi-1.5 + E 54.9 (+1.1) 73.8 (+1.5)

SciTülu + E 44.8 (+2.6) 72.2 (+20.0)
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prediction of lazy thinking. 
Evaluation with GPT-4o. ‘E’ 
denotes adding in-context 
exemplars to input. “+”represents 
1-shot increments as compared to 
zero-short.
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Thakkar, N., Yuksekgonul, M., Silberg, J., Garg, A., Peng, N., Sha, F., ... & Zou, J. 
(2025). Can llm feedback enhance review quality? a randomized study of 20k reviews at 
iclr 2025. arXiv preprint arXiv:2504.09737.
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iclr 2025. arXiv preprint arXiv:2504.09737.
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Goyal, P., Parmar, M., Song, Y., Palangi, H., Pfister, T., & Yoon, J. (2026). 
ScholarPeer: A Context-Aware Multi-Agent Framework for Automated Peer 
Review. arXiv preprint arXiv:2601.22638.
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AAAI Peer Review Assessment:
Preserving Human Decision-Making and Scientific Integrity
“AAAI emphasizes that this pilot maintains the primacy of human expertise and judgment in several important 
ways:

1. No Displacement of Human Reviewers: No human reviewers are being replaced at any stage of the process.

2. No Automated Decision-Making: LLM-generated content will not be used for automated accept/reject decisions.

3. No Numerical Ratings from LLMs: The technology will not provide numerical scores or ratings for papers.

4. Human Oversight at All Stages: Human experts will review all LLM-generated content.”
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AI can significantly support and accelerate science, 
but it also introduces risks
• Unfair and exclusive biases, e.g., in literature recommendation and 

summarization, in review generation, citation generation, etc.
• Transparency issues, Hallucinations
• Unfair treatment of minoritized groups, e.g., based on their institution
• “Streamlining” of research, marginalization of underrepresented research paths
• Speed of AI-based science may limit ethical oversight
• Other safety aspects, e.g., adversarial use, jailbreaking



How will the 
future of 
science look 
like with AI 
being involved?



Open Discussion 
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