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AI Agents in Scientific Research: Supporting or Disrupting?

“Using artificial intelligence (AI) tools for processes such as preparing manuscripts, writing grant 
applications and peer review will become widely accepted within the next two years, suggests a 
survey of nearly 5,000 researchers in more than 70 countries by the publishing company Wiley.”
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AI Agents in Scientific Research: Supporting or Disrupting?



Source: https://arxiv.org/abs/2408.06292 

“We introduce The AI Scientist, which generates novel research ideas, writes code, executes 
experiments, visualizes results, describes its findings by writing a full scientific paper, and then runs 
a simulated review process for evaluation.” … 

“We demonstrate its versatility by applying it to three distinct subfields of machine learning: diffusion 
modeling, transformer-based language modeling, and learning dynamics. Each idea is implemented and 
developed into a full paper at a cost of less than $15 per paper.” …

“The AI Scientist can produce papers that exceed the acceptance threshold at a top machine learning 
conference as judged by our automated reviewer.” …  

AI Agents in Scientific Research: Supporting or Disrupting?
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❏ Coding agents hit the “threshold of coherence” (Dec 2025)

AI Agents in Scientific Research: Supporting or Disrupting?



❏ Will we “program” science like software? 
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AI Agents in Scientific Research: Supporting or Disrupting?
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❏ Can or should we recognize AI agents as primary authors in scientific publications?
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❏ Can or should we recognize AI agents as primary authors in scientific publications?

“We introduce The AI Scientist-v2, an end-to-end 
agentic system capable of producing the first 
entirely AI-generated peer-review-accepted 
workshop paper. … We evaluated The AI 
Scientist-v2 by submitting three fully autonomous 
manuscripts to a peer-reviewed ICLR workshop. …”

AI Agents in Scientific Research: Supporting or Disrupting?
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ethics committee for failing the AI use policy
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❑  Can or should we use LLMs/AI agent for scientific peer review?
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❑  Can or should we use LLMs/AI agent for scientific peer review?

Source: https://aaai.org/aaai-launches-ai-powered-peer-review-assessment-system/; https://www.nature.com/articles/d41586-025-02172-y

AI Agents in Scientific Research: Supporting or Disrupting?



Source: https://icml.cc/Conferences/2025/PublicationEthics

ICML statement about subversive hidden LLM prompts

Submitting a paper with a "hidden" prompt is scientific misconduct if 
that prompt is intended to obtain a favorable review from an LLM. The 
inclusion of such a prompt is an attempt to subvert the peer-review process. 
Although ICML 2025 reviewers are forbidden from using LLMs to produce 
their reviews of paper submissions, this fact does not excuse the attempted 
subversion. (For an analogous example, consider that an author who tries to 
bribe a reviewer for a favorable review is engaging in misconduct even 
though the reviewer is not supposed to accept bribes.) Note that this use of 
hidden prompts is distinct from those intended to detect if LLMs are 
being used by reviewers; the latter is an acceptable use of hidden 
prompts.

Update July 11, 2025: Added statement about hidden LLM prompts

❑  Can or should we use LLMs/AI agent for scientific peer review?

AI Agents in Scientific Research: Supporting or Disrupting?



Source: https://blog.icml.cc/2026/03/18/on-violations-of-llm-review-policies/

AI has increasingly become a valuable part of researchers’ workflows. Unfortunately, AI has the potential to hurt the integrity of peer review 
if improperly used. Conferences must adapt, creating rules and policies to handle the new normal, and taking disciplinary action against 
those who break the rules and violate the trust that we all place in the review process. 

ICML is actively working to adapt. This year, we desk-rejected 497 papers (~2% of all submissions), corresponding to 
submissions of the 506 reciprocal reviewers who violated the rules regarding LLM usage that they had previously explicitly 
agreed to. 

…

795 reviews (~1% of all reviews) written by 506 unique reviewers who were assigned Policy A (no LLMs) were detected to have 
used LLMs in their review. Again, recall that these are reviewers who explicitly agreed to not use LLMs in their review

❑  Can or should we use LLMs/AI agent for scientific peer review?

AI Agents in Scientific Research: Supporting or Disrupting?



Tutorial Aims and Scope 

Survey Website

❑ The tutorial is largely based on our recent survey paper 



Tutorial Aims and Scope 

❑ We present a curated and representative overview of a broad, rapidly advancing field instead of an 
exhaustive catalogue

● In-depth overview over the recent advance in 
AI-assisted tools and models that support and 
enhance the scientific research process

● A special focus on the ethical considerations 
about the development and use of AI in 
scientific research 



Other Related Tutorials and Workshops

● [Tutorial @ EMNLP 2024 and AAAI 2025] AI for Science in the Era of Large Language Models 
(focus on LLMs on biomedical sequences and brain signals)

● [Workshop @ NeurIPS 2024 and ICLR 2026] Foundation Models for Science

● [Workshop @ NAACL 2025] AI & Scientific Discovery Workshop

● [Workshop @ IJCNLP-AACL 2025] The 1st Workshop on Human–LLM Collaboration for Ethical 
and Responsible Science Production (SciProdLLM 2025)

● [Workshop @ IJCAI 2024, AAAI 2025/2026] AI4Research

● [Workshop @ EMNLP 2020, NAACL2021, COLING 2022, ACL 2024/2025] Scholarly Document 
Processing

● [Tutorial @ IT:U NLP Summer School 2025] AI-assisted Scientific Discovery, Experimentation, 
Content Generation, and Evaluation (first version of this tutorial)

https://aclanthology.org/2024.emnlp-tutorials.5.pdf
https://fm-science.github.io/
https://ai-and-scientific-discovery.github.io/
https://sciprodllm.github.io/2025/
https://sciprodllm.github.io/2025/
https://ai4research-workshop.github.io/
https://sdproc.org/2025/
https://sdproc.org/2025/


Tutorial Structure and Logistics

Time Session Presenter

09:00 - 09:10 Introduction Yufang Hou

09:10 - 09:45 AI-supported Literature Search and Summarization Yong Cao

09:45 - 10:20 LLMs for Scientific Discovery: Idea Generation and Experimentation Wei Zhao

10:20 - 10:30 Discussion Yong Cao & Wei Zhao

10:30 - 11:00 Coffee Break All

11:00 - 11:30 Multimodal Content Generation and Understanding Steffen Eger

11:30 - 12:00 Text-based Content and Comparative Table Generation Yufang Hou

12:00 - 12:20 Peer Review and Ethical Concerns Anne Lauscher

12:20 - 12:30 Final Remarks + Discussion Anne Lauscher + Others
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Research Growth

31
Arxiv Monthly Submission from 1995-2025, Arxiv, 2026.3.28.

https://arxiv.org/stats/monthly_submissions
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The real problem is not information overload, it’s filter failure.

                                                                            

                                                                  — Clay Shirky



AI Changes the Way of Scholar's Search

33

Jumping into impact 
prediction as a 

junior researcher. 
Where should I 

start?

1. Broad Keyword Input

2. Manual Sifting required 
for relevance



AI Changes the Way of Scholar's Search
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Jumping into impact 
prediction as a 

junior researcher. 
Where should I 

start?

1. Detailed Query 2. More accurate papers

3. Summarization Report



Why AI/LLMs for Literature Search?

35

Uncover Emerging Trends

e.g., Forecasting high-impact research topics

Semantic & Relation Understanding

e.g., LLMs for literature review

Boost Research Efficiency and Increase Creativity

e.g., Scientific QA, Knowledge Graph Enhanced Search, Semantic Search, personalized Recommendation

Gu et al., Forecasting high-impact research topics via machine learning on evolving knowledge graphs, Machine Learning: Science and Technology, 2025.
Agarwal et al., LitLLMs, LLMs for Literature Review: Are we there yet? Transactions on Machine Learning Research, 2025. 
Elicit, Connected Papers, Scholar Inbox, ResearchTrend.ai

https://iopscience.iop.org/article/10.1088/2632-2153/add6ef/pdf
https://arxiv.org/pdf/2412.15249v2
https://elicit.com/
https://www.connectedpapers.com/
https://www.scholar-inbox.com/
https://researchtrend.ai/


Evolution of academic search engines

36
Khalid et al., Comprehensive review of academic search systems: evolution, analysis, and future research directions, Social Network 
Analysis and Mining, 2025.

A shift from simple document retrieval to more intelligent, structured, and 
open academic ecosystems.

https://www.researchgate.net/publication/393407460_Comprehensive_review_of_academic_search_systems_evolution_analysis_and_future_research_directions


Data Source

37
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AI Enhanced Search System
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How AI enhance literature search platforms?

44

● Mimic human researchers workflows and expand search function.

● Two LLM agents: crawler and selector.

He et al., PaSa: An LLM Agent for Comprehensive Academic Paper Search, ACL, 2025.

https://aclanthology.org/2025.acl-long.572/


How AI enhance literature search platforms?

45



Performance

46

● Imitation Learning + Reinforcement Learning



Performance
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● Imitation Learning + Reinforcement Learning



Taxonomy-guided Index Construction

48

● The Problem: Beyond 
Surface-Level Text Matching

● TaxoIndex Framework

● Step 1: Constructing the Semantic 
Index

● Step 2: Index-grounded AI Training 
(Fine-tuning)

● Step 3: Enhanced Retrieval 
Process

Kang et al., Taxonomy-guided Semantic Indexing for Academic Paper Search, EMNLP, 2024.

https://aclanthology.org/2024.emnlp-main.407/


Deep Research -- ChatGPT / Gemini

49

Model data and training

• Browsing datasets
• Graded against the ground truth 

answers or chain-of-thought model
• Safety datasets from o1 training

Risk and mitigation

• Prompt Injections
• Disallowed Content
• Privacy
• Ability to Run Code
• Bias
• Hallucinations

Overall 
Evaluation: 

Medium

OpenAI, Deep Research System Card, 2025.
Gemini, Gemini Deep Research, 2026.

https://cdn.openai.com/deep-research-system-card.pdf
https://gemini.google/overview/deep-research/


Takeaway – AI Enhanced Search System

50

● Main Function
○ Optimize scholarly information retrieval
○ Context-aware, semantically rich, and personalized search results

● Key Techniques
○ LLM-based agents
○ Embedding-based Retrieval
○ Personalization

● Challenges
○ Data heterogeneity
○ Limited handling of complex scientific content
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PaperQA – An Agent-Based RAG System

57

● Aims to address the hallucinations and knowledge update.

● Key Components:

○ Search, Gather Evidence, Answer Question

L ́ala et al., PaperQA: Retrieval-Augmented Generative Agent for Scientific Research, arXiv, 2023.

https://arxiv.org/pdf/2312.07559


Reinforcement Learning Helps

58Burgess et al.,PaperSearchQA: Learning to Search and Reason over Scientific Papers with RLVR, EACL, 2026.

https://aclanthology.org/2026.eacl-long.88.pdf


Mostly focus on…

59

KG Integration Multi-domal QA

Domain knowledgeBenchmarking

Complex Reasoning

Auer et al., The SciQA Scientific Question Answering 
Benchmark for Scholarly Knowledge, Scientific Reports, 
2023.
Li et al., ChemVLM: Exploring the Power of Multimodal 
Large Language Models in Chemistry Area, AAAI, 2025.
Li et al., BLADE: Enhancing Black-box Large Language 
Models with Small Domain-Specific Models, AAAI, 2025.
Zhang et al., SCITAT: A Question Answering Benchmark for 
Scientific Tables and Text Covering Diverse Reasoning 
Types, ACL-findings, 2025.
He et al., GIVE: Structured Reasoning of Large Language 
Models with Knowledge-Graph-Inspired Veracity 
Extrapolation, ICML, 2025.

https://www.nature.com/articles/s41598-023-33607-z
https://www.nature.com/articles/s41598-023-33607-z
https://arxiv.org/pdf/2408.07246
https://arxiv.org/pdf/2408.07246
https://arxiv.org/pdf/2403.18365
https://arxiv.org/pdf/2403.18365
https://arxiv.org/pdf/2412.11757
https://arxiv.org/pdf/2412.11757
https://arxiv.org/pdf/2412.11757
https://arxiv.org/pdf/2410.08475
https://arxiv.org/pdf/2410.08475
https://arxiv.org/pdf/2410.08475


Takeaway – Paper Chat and Scientific QA
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● Main Function

○ Interactive Q&A with research papers

● Key techniques

○ LLM-based agents

○ PDF Parsing & Contextual Chunking

○ Summarization & Key Point Extraction

○ Multi-turn Dialogue Tracking

● Challenges

○ PDF Quantity & Size Limits

○ Domain Knowledge

○ Reliability & Explainability
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Graph Based System

67
Giglou et al., LLMs4Synthesis: Leveraging Large Language Models for Scientific Synthesis, JCSL, 2025.

https://arxiv.org/pdf/2409.18812


Performance and Conclusion

68

● SFT+RLAIF performs the best. 



AI Can Learn Scientific Taste?

69
Tong et al.,AI Can Learn Scientific Taste, Arxiv, 2026.

https://arxiv.org/pdf/2603.14473


AI Can Learn Scientific Taste?

70
Tong et al.,AI Can Learn Scientific Taste, Arxiv, 2026.

https://arxiv.org/pdf/2603.14473


Trending Prediction

71

● Predict the impact of onsets of ideas.

● Extract 141 features for each pair are 
calculated.

• 41 network features
• 58 of these are node citation features
• 42 features are about vertex pairs

● Graph Learning?

Gu et al., Forecasting high-impact research topics via machine learning on evolving knowledge graphs, Machine Learning: 
Science and Technology, 2025.

https://iopscience.iop.org/article/10.1088/2632-2153/add6ef/pdf


LLMs + Graph?

72

Ren et al., A Survey of Large Language Models for Graphs, KDD, 2024.

https://arxiv.org/pdf/2405.08011


Takeaway – Graph Based System
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● Main Function

○ Relationships between research papers

○ Explore knowledge structures

● Key techniques

○ Citation & Co-Authorship Networks

○ Graph Visualization & Navigation

○ Trending & Citation Analysis

● Challenges

○ Effective Graph Representation

○ Graph Update

○ Integration with LLMs
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Recommendation System

75



Recommendation System

76



Recommendation System

77



Recommendation System

78



Recommendation System

79



Recommendation System

80Ko et al., A Survey of Recommendation Systems: Recommendation Models, Techniques, and Application Fields, 
electronics, 2022.

https://www.mdpi.com/2079-9292/11/1/141


Pipeline of recommendation systems

81Ko et al., A Survey of Recommendation Systems: Recommendation Models, Techniques, and Application Fields, 
electronics, 2022.

https://www.mdpi.com/2079-9292/11/1/141


Content-based Methods

82

• Compares topics from the researcher's profile with 
the language models of unseen papers.

• Uses the symmetrized Kullback-Leibler divergence 
to measure similarity between probability 
distributions (topics and language models).

• Limitations
• Shifted Cold-Start Problem
• Potential for Limited/General Concepts
• Lack of Contextual Citation Information

Amami et al., An LDA-Based Approach to Scientific Paper Recommendation, International Conference on Applications of 
Natural Language to Data Bases, 2016.

https://boa.unimib.it/bitstream/10281/137815/1/nldb%20article.pdf


NNSelect+NNRank

83Bhagavatula et al., Content-Based Citation Recommendation, NAACL, 2018.

https://aclanthology.org/N18-1022/


Collaborative Filtering

84

● By training a text encoder network as a combination of 
content recommendation and item metadata prediction 
(e.g., tag prediction)

Bansal et al., Ask the GRU: Multi-Task Learning for Deep Text Recommendations, RECSYS, 2016.

https://arxiv.org/pdf/1609.02116


Hybrid Systems

85Yu et al., A Dual Augmented Two-tower Model for Online Large-scale Recommendation, KDD, 2021.

https://dlp-kdd.github.io/assets/pdf/DLP-KDD_2021_paper_4.pdf


Comparsion of Recommendation Systems

86

Model Type Pros Cons

Content-Based 
Filtering

• Works well for new users
• Personalized to individual 

preferences
• Doesn’t require large user 

base
• Easy to interpret 

• Needs detailed item features
• Limited discovery of new 

interests

Collaborative Filtering
• Doesn’t need item metadata
• Leverages collective user 

behavior

• Struggles with sparse data
• Scalability issues in 

memory-based

Hybrid Systems

• Combines best of all 
models

• Mitigates individual 
weaknesses

• Often improves accuracy

• Increased complexity
• Requires more computation



Document Embeddings

87

TF-IDF SPECTER

GTE Qwen-3 Embedding

BM25

TF-IDF

Normalize

BM25 Feature



Scholar Inbox

88

● Personalized Recommendations 

● Scholar Maps 

● Collections 

● Conference Planner

Flicke et al., Scholar Inbox: Personalized Paper Recommendations for Scientists, ACL Demo, 2025.

https://aclanthology.org/2025.acl-demo.30.pdf


Software Flow

89Flicke et al., Scholar Inbox: Personalized Paper Recommendations for Scientists, ACL Demo, 2025.

https://aclanthology.org/2025.acl-demo.30.pdf


Recommender System

90



Embeddings

91



Scholar Maps

92Flicke et al., Scholar Inbox: Personalized Paper Recommendations for Scientists, ACL Demo, 2025.

https://aclanthology.org/2025.acl-demo.30.pdf


Scholar Maps

93Flicke et al., Scholar Inbox: Personalized Paper Recommendations for Scientists, ACL Demo, 2025.

https://aclanthology.org/2025.acl-demo.30.pdf


Why we create Scholar Inbox?



9,000 Users Come Back Again and Again 

95



User Study

96



Takeaway – Recommendation System
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● Main Function

○ Keep updated literatures

○ Personlized Recommendation

○ Collections

● Key techniques

○ Content-Based Filtering

○ Collaborative Filtering

○ Semantic Search & Embeddings

● Challenges

○ Cold Start Problem

○ Overpersonalization vs Matthrew Effect

○ Dynamic Interests of Researchers



Overview of popular literature search

98



Overview of popular literature search
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Takeaway
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• AI is transforming literature search.
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• AI is transforming literature search.

• AI tools boost discovery but still require oversight.
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Takeaway
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• AI is transforming literature search.

• AI tools boost discovery but still require oversight.

• Four AI paradigms jointly redefine research workflows.

• Future directions point to smarter, multimodal systems.



Future Direction

● Multimodal literature search

○ Integrating text and figures/tables

● Event-oriented summarization

○ Extracting and organizing key research events (e.g., discoveries, methods, results) for clearer 
insights

● Real-time updates & knowledge tracking

○ Continuous integration of new findings

● Integration with scientific knowledge graphs

○ Structured, interconnected research data
105
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https://blog.google/technology/ai/google-gemma-ai-cancer-therapy-discovery/

Intimate colleague: 7 x 24 hours; who can inspire, discuss, expand, 
implement, test, refine your ideas  

https://blog.google/technology/ai/google-gemma-ai-cancer-therapy-discovery/
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A bird's-eye view

Steffen Eger et al. 2025 "Transforming science with large language models: A survey on ai-assisted scientific discovery, 
experimentation, content generation, and evaluation." arXiv preprint arXiv:2502.05151 (2025).
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experimentation, content generation, and evaluation." arXiv preprint arXiv:2502.05151 (2025).
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Idea Generation 
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Iterative thinking
(Hu et al. 2024) Human-like thinking

(Li et al. 2024)

Multi-agent thinking
(Su et al. 2024)

End-to-end thinking
(Lu et al. 2024)



Idea Generation
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Idea Generation
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Iterative thinking

Human-like thinking

End-to-end thinkingMulti-agent thinking



Google AI Co-Scientist
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Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864

❏ Multi-agent thinking

❏ Iterative thinking



Google AI Co-Scientist
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Iterative multi-agent thinking

Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864



Google AI Co-Scientist
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Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864
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Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864
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131
Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864
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Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864



Evaluation of Generated Ideas
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Can AI Scientist answer scientific questions? (QA-based Eval) 

Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864



Evaluation of Generated Ideas
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Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864



Evaluation of Generated Ideas
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❏ Elo rating 

Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864



Evaluation of Generated Ideas
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❏ Elo rating 

❏ GPQA benchmark

Juraj Gottweis et al. 2025. Towards an AI co-scientist. arXiv:2502.18864



Limitations
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❏ Lack of real-world evaluation

❏ Inadequate experimental design  

❏ Limited diversity

❏ Re-generating recently discovered ideas 



Automatic and Human Evaluation
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Automatic Evaluation
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❏ Role-playing evaluator

❏ Reference-free setup Biqing Qi et al. 2024. Large Language Models as Biomedical Hypothesis Generators: A 
Comprehensive Evaluation. arXiv:2407.08940
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Concordance
 

❏ Correlation between AI and human judgments

Biqing Qi et al. 2024. Large Language Models as Biomedical Hypothesis Generators: A 
Comprehensive Evaluation. arXiv:2407.08940
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Concordance
 

❏ Score range (0-3)

❏ Are Llama-2 generated ideas useful? 
Biqing Qi et al. 2024. Large Language Models as Biomedical Hypothesis Generators: A 
Comprehensive Evaluation. arXiv:2407.08940



Real-World Evaluation
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❏ 43 PhDs over 3 months

❏ Effectiveness: are AI ideas more effective than baseline models?

❏ Before execution: before testing the ideas 
Chenglei Si et al. 2025. The Ideation-Execution Gap: Execution Outcomes of 
LLM-Generated versus Human Research Ideas. arXiv:2506.20803
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❏ 43 PhDs over 3 months

❏ Effectiveness: are AI ideas more effective than baseline models?

❏ Before execution: before testing the ideas 
Chenglei Si et al. 2025. The Ideation-Execution Gap: Execution Outcomes of 
LLM-Generated versus Human Research Ideas. arXiv:2506.20803



Real-World Evaluation
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❏ Ratings of human ideas and AI ideas

❏ Study 1: rating before testing ideas 

❏ Study 2: after testing ideas 
Chenglei Si et al. 2025. The Ideation-Execution Gap: Execution Outcomes of 
LLM-Generated versus Human Research Ideas. arXiv:2506.20803



Why do ratings decrease after testing 

146

❏ Rating before testing is speculative

❏ “if the experiments show significant improvements to direct using external knowledge/self-reflection 

and the work provides insightful analysis on why, I believe it is exciting enough to get published”

❏ AI ideas are less realistic 

❏ “large-scale human evaluation”

❏ Experimental designs are inadequate

❏ “compare with XYZ baselines”

❏ “evaluate the method on XYZ benchmarks”

Chenglei Si et al. 2025. The Ideation-Execution Gap: Execution Outcomes of 
LLM-Generated versus Human Research Ideas. arXiv:2506.20803



Automated Experimentation
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148

Chris Lu et al. 2024. The AI Scientist: Towards Fully 
Automated Open-Ended Scientific Discovery. 
arXiv:2408.06292
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Modify MLPDenoiser to implement a dual-scale processing approach 

with two parallel branches: a global branch for the original input and a 

local branch for an upscaled input. Introduce a learnable, 

timestep-conditioned weighting factor to dynamically balance the 

contributions of global and local branches. Train models with both the 

original and new architecture on all the datasets. Compare performance 

using KL divergence and visual inspection of generated samples.

❏ A global branch for the original input

❏ A local branch for an upscaled input 
Chris Lu et al. 2024. The AI Scientist: Towards Fully 
Automated Open-Ended Scientific Discovery. 
arXiv:2408.06292



150

❏ A global branch for the original input

❏ A local branch for an upscaled input Chris Lu et al. 2024. The AI Scientist: Towards Fully 
Automated Open-Ended Scientific Discovery. 
arXiv:2408.06292



Limitations
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❏ Low success rate 

❏ 51 ideas, only 17 successfully implemented (GPT-4o)

❏ The need for available codebase

❏ The code may work, but code implementation is not fully correct

❏ Hallucinate model results from experimental logs



Takeaways
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❏ End-to-end automation is emerging, but the pipeline is still fragile

❏ The ideation-execution gap remains a key challenge 

❏ Human-AI collaboration is essential

❏ Safety in idea generation and experimentation
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Agenda

❏ Scientific Figure Understanding

❏ Scientific Figure Generation

❏ Code Generation

❏ Text-to-Code (TikZ, Python, Others)

❏ Image-to-Code

❏ Direct Image Generation

❏ Scientific Slide and Poster Generation
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Agenda
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❏ Scientific Figure Generation
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Scientific Figure Understanding

158



Scientific Figure Understanding

159

Mostly QA over charts (e.g., FigureQA, DVQA, PlotQA, ChartQA, CharXiv, SPIQA, …)



Scientific Figure Understanding
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CharXiv (NeurIPS 2024) [1]:

❏ Unbounded chart types 

❏ e.g., not restricted to Scatter, Line, Bar, Pie

❏ Descriptive questions: Examining basic chart elements 

❏ e.g., axis, title, …

❏ Reasoning questions: Synthesizes information 

❏ e.g., maximum number of consecutive datapoints which forms a decreasing sequence, …



Scientific Figure Understanding
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Descriptive:



Scientific Figure Understanding
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Reasoning:



Scientific Figure Generation

163



Motivation

164

❏ Good scientific figures can be impactful → Increase 

chances of acceptance and enhances citation counts

❏ Difficult for humans to generate high-quality scientific 

figures



History
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● Early work dates back to the 1980s and 1990s

○ e.g. APT by Jock Mackinlay (1986)

● Motivation:

○ help users make figures faster and better

○ empower users → foster inclusivity



Schematic Overview
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Input

Text Image

Caption Description



Schematic Overview
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Input

Text Image

Caption Description

Output

Code →   
Image

Image 
Directly

TikZ Python



Schematic Overview
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Input

Text Image

Caption Description

Output

Code →   
Image

Image 
Directly

TikZ Python

“Graphical 
representation of the 

network”

“The image shows a 
graph with three vertices, 
2 colored blue, 1 colored 

red”

\begin{tikzpicture}
\draw[style=dashed] 
(2,.5) circle (0.5); …

import matplotlib.pyplot as plt
plt.plot([1, 2, 3, 4])
plt.ylabel('some numbers')
plt.show()

https://matplotlib.org/stable/api/_as_gen/matplotlib.pyplot.plot.html#matplotlib.pyplot.plot
https://matplotlib.org/stable/api/_as_gen/matplotlib.pyplot.ylabel.html#matplotlib.pyplot.ylabel
https://matplotlib.org/stable/api/_as_gen/matplotlib.pyplot.show.html#matplotlib.pyplot.show


A concrete illustration

169

A sequence of green circles labeled $X_0$, $X_1$, $X_2$, and $X_{T-1}$ is 
arranged horizontally from left to right. Each circle is connected to the next by a rightward-pointing arrow labeled 
$A$. Below each circle, there is a corresponding blue square labeled $O_0$, $O_1$, $O_2$, and $O_{T-1}$, respectively. Each circle is 
connected to its corresponding square by a vertical black arrow labeled $B$. A dashed red horizontal line runs across the image, 
intersecting the vertical arrows. The sequence continues with ellipses between $X_2$ and $X_{T-1}$, and after $X_{T-1}$, indicating 
continuation.



A concrete illustration
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A sequence of green circles labeled $X_0$, $X_1$, $X_2$, and $X_{T-1}$ is 
arranged horizontally from left to right. Each circle is connected to the next by a rightward-pointing arrow labeled 
$A$. Below each circle, there is a corresponding blue square labeled $O_0$, $O_1$, $O_2$, and $O_{T-1}$, respectively. Each circle is 
connected to its corresponding square by a vertical black arrow labeled $B$. A dashed red horizontal line runs across the image, 
intersecting the vertical arrows. The sequence continues with ellipses between $X_2$ and $X_{T-1}$, and after $X_{T-1}$, indicating 
continuation.



Several influential recent papers I
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Input Output Method Dataset Domain Where 
Published

AutomaTikZ Captions TikZ SFT (PEFT 
with LoRA)

120k 
(caption/code) 
pairs

ArXiv (cs.CL, …),
TeX SE

ICLR’24

TikZero Captions TikZ SFT 460k 
(caption/code) 
pairs

ArXiv (cs.CL, …),
TeX SE

ICCV’25

TikZilla Descriptions TikZ SFT + RL 2M 
(description/code
) pairs

ArXiv (cs.CL, …),
GitHub,
TeX SE

ICLR’26

ChartMimic Instuction/Refe
rence 
Image/Data

Python 
(Matplotlib)

LLMs out of 
the box

4800 
(figure, 
instruction, code) 
triplets

ArXiv, Matplotlib 
gallery, 
Stackoverflow, 
Twitter, Reddit

ICLR’25

http://cs.cl
http://cs.cl
http://cs.cl


Several influential recent papers I
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Input Output Method Dataset Domain Where 
Published

AutomaTikZ Captions TikZ SFT (PEFT 
with LoRA)

120k 
(caption/code) 
pairs

ArXiv (cs.CL, …),
TeX SE

ICLR’24

TikZero Captions TikZ SFT 460k 
(caption/code) 
pairs

ArXiv (cs.CL, …),
TeX SE

ICCV’25

TikZilla Descriptions TikZ SFT + RL 2M 
(description/code
) pairs

ArXiv (cs.CL, …),
GitHub,
TeX SE

ICLR’26

DeTikZify Sketches + 
Images

TikZ SFT + 
Monte 
Carlo Tree 
Search

360k 
(code/image) 
pairs

ArXiv (cs.CL, …),
TeX SE

NeurIPS’24

http://cs.cl
http://cs.cl
http://cs.cl
http://cs.cl


Scientific Figure Generation
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Input Output Method Dataset Domain Where 
Published

AutomaTikZ Captions TikZ SFT (PEFT 
with LoRA)

120k 
(caption/code) 
pairs

ArXiv (cs.CL, 
…),
TeX SE

ICLR’24

TikZero Captions TikZ SFT 460k 
(caption/code) 
pairs

ArXiv (cs.CL, 
…),
TeX SE

ICCV’25

TikZilla Descriptions TikZ SFT + RL 2M 
(description/code
) pairs

ArXiv (cs.CL, 
…),
GitHub,
TeX SE

ICLR’26

ChartMimic Instuction/Re
ference 
Image/Data

Python 
(Matplotlib)

LLMs out of 
the box

4800 
(figure, 
instruction, code) 
triplets

ArXiv, 
Matplotlib 
gallery, 
Stackoverflo
w, Twitter, 
Reddit

ICLR’25

ScImage Instructions TikZ, 
Python, 
Direct 
Image

LLMs out of 
the box

404
(chart, math 
function, matrix, 
table) types

Human-cura
ted

ICLR’25

VisCoder2 Task + Style TikZ, 
Python, 
SVG,
VegaLite, 
...

SFT + 
Self-debug

680K
(bars, lines, 
areas, 3D, 
scatter, matrix, 
heatmap, …) 
types

Open-sourc
e 
repositories

ICLR’26

MatPlotAgent User query, 
Raw data

Python 
(Matplotlib)

Agentic 
(Code agent 
+ Visual 
agent)

100
(sankey 
diagram, 
sunburst chart, 
radial plots, 
chord diagram, 
streamplot) 
types

Matplotlib 
Gallary, 
OriginLab 
GraphGallar
y

ACL 
Findings’24

PaperBanana Methodolog
y 
Description/
Diagram 
Caption

Direct 
Image

Agentic 
(Linear 
planning + 
Iterative 
refinement) 
based on 
Nano-Banan
a-Pro

292
(science & 
application, 
generative & 
learning, agent 
& reasoning, 
vision & 
perception) 
categories

NeurIPS 
2025 
publications

ArXiv

DeTikZify Sketches + 
Images

TikZ SFT + 
Monte Carlo 
Tree Search

360k 
(code/image) 
pairs

ArXiv 
(cs.CL, …),
TeX SE

NeurIPS’24

http://cs.cl
http://cs.cl
http://cs.cl
http://cs.cl


Several influential recent papers II
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Input Output Method Dataset Domain Where 
Published

ScImage Instructions TikZ, 
Python, 
Direct 
Image

LLMs out 
of the box

404
(chart, math function, 
matrix, table) types

Human-
curated

ICLR’25

VisCoder2 Task + Style
Description

TikZ, 
Python, 
SVG,
VegaLite, ...

SFT + 
Self-debug

680K
(bars, lines, areas, 3D, 
scatter, matrix, 
heatmap, …) types

Open-source 
repositories

ICLR’26

MatPlotAge
nt

User query, 
Raw data

Python 
(Matplotlib)

Agentic 
(Code 
agent + 
Visual 
agent)

100
(sankey diagram, 
sunburst chart, radial 
plots, chord diagram, 
streamplot) types

Matplotlib 
Gellary, 
OriginLab 
Graph
Gellary

ACL 
Findings’24



Several influential recent papers III
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Input Output Method Dataset Domain Where 
Published

ChartMimic Image
Instruction+
Data

Python 
(Matplotlib)

LLMs out of the 
box

4800 
(figure, instruction, 
code) triplets

ArXiv, 
Matplotlib 
gallery, 
Stackoverflow
, Twitter, 
Reddit

ICLR’25

PaperBana
na

Methodology 
Description/
Diagram 
Caption

Direct 
Image

Agentic (Linear 
planning + 
Iterative 
refinement, 
Retrieval) 
based on 
Nano-Banana-
Pro

292
(science & 
application, 
generative & 
learning, agent 
& reasoning, 
vision & 
perception) 
categories

NeurIPS 
2025 
publications

ArXiv’2026



Summary
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● Dataset building and Finetuning vs. Benchmarking

● Finetuning vs. Agentic Modeling

● Direct Image vs. Code (TikZ vs. Python vs. Others)

● Inputs: Text (Captions vs. Descriptions vs. Instructions) vs. Image



Summary
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● Dataset building and Finetuning vs. Benchmarking

● Finetuning vs. Agentic Modeling

● Direct Image vs. Code (TikZ vs. Python vs. Others)

● Inputs: Text (Captions vs. Descriptions vs. Instructions) vs. Image

Other issues:

● Domain of the data

● Input language  (English, German, Arabic, Farsi, Chinese, …)



Evaluation
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● Human Evaluation (Text-to-Image, Image-to-Image)

● Automatic Evaluation

○ CLIPScore

○ DreamSim

○ TeX Edit Distance

○ CrystalBLEU

○ VLM-as-a-Judge

○ SciEval (forthcoming)



Scientific Figure Generation - Code Generation
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❏ Using code to generate scientific figures is gold standard due to precision and human 

interpretability (recommended by top conferences) [2]



Text-to-Code with TikZ: AutomaTikZ [3]

180

Fine-tunes LLaMA models on 

caption/TikZ pairs from ArXiv and 

TeX StackExchange discussions

● also integrates CLIP with 

Llama



Text-to-Code with TikZ: TikZero [4]
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❏ Distills knowledge from 

scientific images without 

available graphics programs 

→ More data

❏ Reminescent of “pivot 

language idea” in MT



Text-to-Code with TikZ: TikZilla [5]

182

❏ Data size: 

❏ Increases dataset size

❏ Data quality: 

❏ Uses VLM-generated image descriptions

❏ Modeling: 

❏ Applies reinforcement learning (RL) for post-training after SFT



TikZilla - Deep Dive
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1) Dataset size increase (in 1000)

170k



TikZilla - Deep Dive
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1) Dataset size increase (in 1000)

360k



TikZilla - Deep Dive
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1) Dataset size increase (in 1000)

450k



TikZilla - Deep Dive

186

1) Dataset size increase (in 1000)

2000k



TikZilla - Deep Dive
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1) Dataset size increase (in 1000)

2000k

How?
● More papers
● Code repair
● More 

sources
● …



TikZilla - Deep Dive
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2) Dataset quality increase 



TikZilla - Deep Dive
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2) Dataset quality increase 



TikZilla - Deep Dive
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3) Better Modeling: SFT + RL 



TikZilla - Deep Dive
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3) Results: Small open-source models competitive to large proprietary models 



TikZilla - Deep Dive
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3) Results: Small open-source models competitive to large proprietary models 



TikZilla - Deep Dive
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3) Results: Small open-source models competitive to large proprietary models 



TikZilla - Deep Dive
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3) Results: Small open-source models competitive to large proprietary models 



Text-to-Code with Python: MatPlotAgent [6]
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Agentic system to generate Matplotlib figures with raw data and user 

instructions



Text-to-Code (Multiple): VisCoder2 [7]
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LLMs finetuned on 12 

programming 

languages



Image-to-Code with TikZ: DeTikZify [8]

197

Reconstructs scientific 

figures from images or 

sketches.



Direct Image Generation: PaperBanana [9] 

198

❏ Google’s Agentic framework that 

generates scientific figures 

directly from text

❏ Example: “A transformer-based 

encoder-decoder architecture 

with multi-head self-attention”



Scientific Slide and Poster Generation

199



Scientific Slide and Poster Generation

AutoPresent [10]:

❏ Fine-tunes an LLM to generate slides from detailed natural language 

instructions with images, detailed instructions only, or high-level instructions.

200



Scientific Slide and Poster Generation

Paper2Poster [11]:

❏ Transforms 22-page paper into a finalized and editable .pptx poster for just $0.005.

201



Concluding Remarks

202

❏ A lot of progress recently in figure generation, understanding and beyond

❏ New large-scale datasets are being proposed

❏ Models: SFT, RL, Agentic

❏ Large Commercial often better, but fine-tuning small models can be competitive

❏ Future work:

❏ Need for tailored evaluation metrics

❏ Editing

❏ Combination of code(s)+direct image generation
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Agenda

❏ Short Text Generation with Citation Grounding

❏ Automatic Research Paper Writing

❏ Automated Survey & Deep Research Generation  

❏ Meta-analysis Table Generation and Comparative Literature Synthesis

❏ Summary



Cite-worthiness Detection / Citation Recommendation 

● Cite-worthiness detection: given a sentence in a draft manuscript, classify whether it needs a citation [1].

Should there be a [?] here?

x

[1] Wright & Augenstein, ACL 2021 Findings. CiteWorth: Cite-Worthiness Detection for Improved Scientific Document Understanding.
[2] Çelik & Tekir, EMNLP 2025. CiteBART: Learning to Generate Citations for Local Citation Recommendation.

https://aclanthology.org/2021.findings-acl.157.pdf
https://aclanthology.org/people/ege-yigit-celik/
https://aclanthology.org/people/selma-tekir/
https://aclanthology.org/2025.emnlp-main.89/


Cite-worthiness Detection / Citation Recommendation 

● Cite-worthiness detection: given a sentence in a draft manuscript, classify whether it needs a citation [1].

● Citation recommendation: given a context that needs a citation (a sentence, paragraph, or full manuscript), 
retrieve and rank candidate papers to cite, or directly generate citations [2].

Which paper should fill that [?]?Should there be a [?] here?

x
[1]
[2]
[3]

[1] Wright & Augenstein, ACL 2021 Findings. CiteWorth: Cite-Worthiness Detection for Improved Scientific Document Understanding.
[2] Çelik & Tekir, EMNLP 2025. CiteBART: Learning to Generate Citations for Local Citation Recommendation.

https://aclanthology.org/2021.findings-acl.157.pdf
https://aclanthology.org/people/ege-yigit-celik/
https://aclanthology.org/people/selma-tekir/
https://aclanthology.org/2025.emnlp-main.89/


Citation Analysis: Citation Function 

● Citation function: classify how scholars use and frame citations [1].

[1] Jurgen et al., TACL 2018. Measuring the Evolution of a Scientific Field through Citation Frames.

https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00028/43437/Measuring-the-Evolution-of-a-Scientific-Field


Citation Analysis: CORWA 

● CORWA: citation oriented related work annotation, which decomposes the related work section with three 
inter-related annotation tasks [1].

[1] Li et al., NAACL 2022. CORWA: A Citation-Oriented Related Work Annotation Dataset.

Discourse tagging task tags the role of each related work 
sentence with one of six labels: {single_summ, multi_summ, 
narrative_cite, reflection, transition, other}.

Citation span detection task identifies the span of text whose 
information is directly derived from a specific cited paper.

Citation type recognition task indicates whether a cited work is 
discussed in detail or used to illustrate a high-level concept.

https://aclanthology.org/2022.naacl-main.397.pdf


Citation Analysis: ClaimFlow 

● Cross-document scientific claim relations classification grounded in citations: analyze whether a citing 
paper supports, extends, qualifies, refutes, or references a claim as background [1]

[1] Pramanick et al., arXiv 2026. ClaimFlow: Tracing the Evolution of Scientific Claims in NLP.

Claims are most often reused as contextual premises or explicitly 
supported by subsequent work.

https://arxiv.org/pdf/2603.16073


Citation Analysis: ClaimFlow 

● Cross-document scientific claim relations classification grounded in citations: analyze whether a citing 
paper supports, extends, qualifies, refutes, or references a claim as background [1]

[1] Pramanick et al., arXiv 2026. ClaimFlow: Tracing the Evolution of Scientific Claims in NLP.

only a small number of claims are ever challenged (11.1%) 
at least once

https://arxiv.org/pdf/2603.16073


Related Work and Citation Text Generation

● Generating citation text for pre-selected cited papers given the context of the citing paper



● Generating citation text for pre-selected cited papers given the context of the citing paper

● Task variations

AbuRa’ed et al. (2020) 
Chen et al. (2021) 

Lu et al. (2020) 
Xing et al. (2020) 

Related work 
section generation

Related Work and Citation Text Generation

https://link.springer.com/article/10.1007/s11192-020-03630-2
https://aclanthology.org/2021.acl-long.473/
https://aclanthology.org/2020.emnlp-main.648/
https://aclanthology.org/2020.acl-main.550/


CiteBench

● A benchmark for citation text generation[1]

[1] Funkquist et al., EMNLP 2023. CiteBench: A Benchmark for Scientific Citation Text Generation.

● Unified task definition and dataset

● Standardized baselines: unsupervised, supervised, transfer-based

● Evaluation kit: standard metrics and discourse-based measurements

https://aclanthology.org/2023.emnlp-main.455.pdf


CiteBench

[1] Jurgen et al., TACL 2018. Measuring the Evolution of a Scientific Field through Citation Frames.

● Discourse analysis based on citation intent[1] and CORWA (citation oriented related work annotation)

citation intent analysis example
Model 
outputs

Human 
outputs

Models tend to 
under-generate the 
Background
and CompareOrContrast 
sentences, they produce
more Future, Uses and 
Extends sentences than
the gold reference.

https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00028/43437/Measuring-the-Evolution-of-a-Scientific-Field


CiteBench

● Discourse analysis based on citation intent and CORWA (citation oriented related work annotation)[1]

CORWA analysis example

Model 
outputs

Human 
outputs

Models tend to 
under-generate the 
Narrative_cite and 
Single_summ class, while 
over-generating the 
Reflection, compared to 
the distributions in the gold 
reference texts.

[1] Li et al., NAACL 2022. CORWA: A Citation-Oriented Related Work Annotation Dataset.

https://aclanthology.org/2022.naacl-main.397.pdf


Key Important Input Components for Citation Text Generation

[1] Şahinuç et al., ACL 2024. Systematic Task Exploration with LLMs: A Study in Citation Text Generation.

● Joint use of citation intent and example sentences gives best results for both models and human annotators

● Free-form citation intents are more effective than categorical intents

https://aclanthology.org/2024.acl-long.265.pdf


LLM Citation Generation and Attribution

[1] Li et al., arXiv 2023. A Survey of Large Language Models Attribution.
[2] Schreieder et al., arXiv 2025. Attribution, Citation, and Quotation: A Survey of Evidence-based Text Generation with Large Language Models.

● Evidence-based text generation: given a query, LLMs generate a response where each claim is grounded with 
inline citations to identifiable source passages, making outputs verifiable. 

https://www.nature.com/articles/s41586-025-10072-4
https://arxiv.org/abs/2311.03731
https://arxiv.org/search/cs?searchtype=author&query=Schreieder,+T
https://arxiv.org/abs/2508.15396


OpenScholar

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

A collection of more than 45M papers from 
Semantic Scholar and ~250M corresponding 
passage embeddings.

● Inference

https://www.nature.com/articles/s41586-025-10072-4


OpenScholar

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

Specialized Retrievers and Rerankers: 
These tools are trained specifically to identify 
relevant passages from our scientific 
literature datastore

● Inference

https://www.nature.com/articles/s41586-025-10072-4


OpenScholar

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

Iterative self-feedback to refine model 
outputs through natural language 
feedback. Each iteration involves 
additionally retrieving more papers.

● Inference

https://www.nature.com/articles/s41586-025-10072-4


OpenScholar

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

The generator LM ensures that all citation-worthy statements are adequately supported by 
references from the retrieved passages. If any claims lack proper citations, the LM performs a 
post hoc insertion to ensure that citation-worthy statements are supported by passages.

● Inference

https://www.nature.com/articles/s41586-025-10072-4


OpenScholar

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

generating information-seeking queries based on their 
abstracts that may require multiple papers to answer

● Training LLama 3.1 8B

 LLama 3.1 70B

https://www.nature.com/articles/s41586-025-10072-4


OpenScholar

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

1) pair-wise filtering, compare the quality of model outputs at the the final step and the initial 
step, and retain the output that is judged to be higher quality at the final step.

2) Rate the selected response on a 5-point scale for two criteria: organization, and factual 
precision/citation accuracy. To be valid, the model’s output must score at least 4.5 in both.

 LLama 3.1 70B

● Training LLama 3.1 8B

https://www.nature.com/articles/s41586-025-10072-4


ScholarQABench

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.

● ScholarQA-CS
○ 100 questions + detailed answer rubrics
○ Expert annotators (expert annotators holding Ph.D.s in the field)

https://www.nature.com/articles/s41586-025-10072-4
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The AI Scientist Paper Writing-up Process

Step 1: Per-section text generation
1. Prompt Aider to fill in a blank conference latex paper template section by section

2. All previous sections of the paper has already written are in the context of the language model 

3. Each section is initially refined with one round of self-reflection 

4. Aider is prompted to not include any citations in the text at this stage, and fill in only a 
skeleton for the related work 

[Ref] Lu et al., arXiv 2024. The AI Scientist: Towards Fully Automated Open-Ended Scientific Discovery.

https://arxiv.org/pdf/2408.06292


The AI Scientist Paper Writing-up Process

Step 2: Web search for references
1. 20 rounds to poll the Semantic Scholar API looking for the most relevant sources to
compare and contrast the near-completed paper against for the related work section

2. Select papers for discussion and complete missing citations elsewhere in the paper 

3. For each selected paper, a brief note on where/how to cite it is sent to Aider, and its 
BibTeX is automatically added to the LaTeX file



The AI Scientist Paper Writing-up Process

Step 2: Web search for references
1. 20 rounds to poll the Semantic Scholar API looking for the most relevant sources to
compare and contrast the near-completed paper against for the related work section

2. Select papers for discussion and complete missing citations elsewhere in the paper 

3. For each selected paper, a brief note on where/how to cite it is sent to Aider, and its 
BibTeX is automatically added to the LaTeX file

Step 3: Refinement
One final round of self-reflection section-by-section (aiming to remove any duplicated information and streamline the arguments)



The AI Scientist Paper Writing-up Process

Step 2: Web search for references
1. 20 rounds to poll the Semantic Scholar API looking for the most relevant sources to
compare and contrast the near-completed paper against for the related work section

2. Select papers for discussion and complete missing citations elsewhere in the paper 

3. For each selected paper, a brief note on where/how to cite it is sent to Aider, and its 
BibTeX is automatically added to the LaTeX file

Step 3: Refinement
One final round of self-reflection section-by-section (aiming to remove any duplicated information and streamline the arguments)

Step 4: Compilation
After the Latex paper template is populated, it is compiled, and any errors are sent back to Aider for automatic correction



Agent Skills: ML-Paper-Writing

[Ref] https://github.com/Orchestra-Research/AI-Research-SKILLs/tree/main/20-ml-paper-writing.

● An AI agent skill that transforms a research repo with code & experimental results into a publication-ready 
LaTeX paper, targeting top ML/AI and systems venues.

● Workflow

➔ Understand: Explore the repo, identify contribution, 
search literature

➔ Draft: Write proactively section by section, with the 
scientist giving feedback at each step

➔ Cite: Never hallucinate citations, always fetch BibTeX 
programmatically via Semantic Scholar/DOI; mark 
unverified as [placeholder]

➔ Format & Submit: Use conference LaTeX templates, 
check page limits, run checklists
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AutoSurvey

● AutoSurvey pipeline - 

[Ref] Wang et al., NeurIPS 2024. AutoSurvey: Large Language Models Can Automatically Write Surveys.

a cost of $1.2 and 3 minutes per survey (with Claude-haiku)

Papers are randomly split based 
on the LLM’s context window → 
multiple outlines → consolidated 
to form the final outline

https://arxiv.org/abs/2406.10252


AutoSurvey

● AutoSurvey pipeline - a cost of $1.2 and 3 minutes per survey (with Claude-haiku)
 specialized LLMs draft each section of the outline in parallel



AutoSurvey

● AutoSurvey pipeline - a cost of $1.2 and 3 minutes per survey (with Claude-haiku)

Refine each subsection with nearby context 
and verify citation accuracy



AutoSurvey

● Evaluation on 20 survey papers about LLMs (Claude-haiku as the writer)



AutoSurvey

● Evaluation on 20 survey papers about LLMs (Claude-haiku as the writer)

73.59 survey papers per hour

LLM as a judge

NLI model to assess the 
claim grounding coverage 
and relevance of citations  

“It achieves near-human levels of coverage, 
relevance, and citation quality while 
maintaining a significantly lower time cost.”



TaxoAlign

● Goal: Automated taxonomy creation that can bridge the gap between human-generated and 
automatically-created taxonomies

[Ref] Lahiri et al., EMNLP 2025. TaxoAlign: Scholarly Taxonomy Generation Using Language Models.

https://aclanthology.org/2025.emnlp-main.1536/


TaxoAlign

● Goal: Automated taxonomy creation that can bridge the gap between human-generated and 
automatically-created taxonomies

[Ref] Lahiri et al., EMNLP 2025. TaxoAlign: Scholarly Taxonomy Generation Using Language Models.

Instruction-tune small models (Llama-3.1-Tülu-3-8B and SciLitLLM1.5-7B) to generate 
grounded, concise taxonomies and learn taxonomy tree structure

https://aclanthology.org/2025.emnlp-main.1536/
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Meta-analysis for NLP/ML Literature: Scientific Leaderboard Construction 

https://www.stateoftheart
.ai 

?
Automate the Whole Process

[Ref] Hou et al., ACL 2019. Identification of Tasks, Datasets, Evaluation Metrics, and Numeric Scores for Scientific Leaderboards Construction. 

● A scientific leaderboard is a ranked list of methods/models evaluated on the same task using a shared benchmark and metric.

https://aclanthology.org/P19-1513/


Models effectively extract individual items but 
struggle to assemble accurate TDMR tuples, 
consistently underperforming on Results.

[Ref] Şahinuç et al., EMNLP 2024. Efficient Performance Tracking: Leveraging Large Language Models for Automated Construction of Scientific Leaderboards.

Meta-analysis for NLP/ML Literature: Scientific Leaderboard Construction 

https://aclanthology.org/2024.emnlp-main.453.pdf


ArxivDIGESTables: Automatically Generate Literature Review Tables

[Ref] Newman et al., EMNLP 2024. ArxivDIGESTables: Synthesizing Scientific Literature into Tables using Language Models.

● Task: literature review table generation

○ Rows are a set of papers 
○ Columns are a set of aspects that the papers share 

https://aclanthology.org/2024.emnlp-main.538/


ArxivDIGESTables: Automatically Generate Literature Review Tables

[Ref] Newman et al., EMNLP 2024. ArxivDIGESTables: Synthesizing Scientific Literature into Tables using Language Models.

● Two stage decomposition generation

Prompt an LLM with paper titles + abstracts

Prompt an LLM to generate a cell value for each aspect-paper pair

https://aclanthology.org/2024.emnlp-main.538/


Meta-analysis for Biomedical Literature: Forest-plot Generation

● A forest plot is a chart that shows the results of several studies in one place. 

● It helps you compare each study and see the overall result when all studies are combined.



Meta-analysis for Biomedical Literature: Forest-plot Generation

Conclusions: The currently available evidence is insufficient to support PGT‐A in routine clinical practice.

Research question: Whether the intervention PGT‐A (formerly known as preimplantation genetic screening) leads to fewer live 
births than in the control group for women undergoing an IVF (in vitro fertilization) treatment? 

IVF with PGT‐A versus IVF without PGT‐A with the use of FISH for the genetic analysis, outcome: live birth rate after the first embryo transfer per woman randomised.



Meta-analysis for Biomedical Literature: Forest-plot Generation

Conclusions: The currently available evidence is insufficient to support PGT‐A in routine clinical practice.

Included studies

Intervention group Control group

Numeric evidence

IVF with PGT‐A versus IVF without PGT‐A with the use of FISH for the genetic analysis, outcome: live birth rate after the first embryo transfer per woman randomised.

Outcome measure

point estimate of the odd ratio, the size of the square represents the weight of the study 

The diamond represents the pooled result

Null effect

Research question: Whether the intervention PGT‐A (formerly known as preimplantation genetic screening) leads to fewer live 
births than in the control group for women undergoing an IVF (in vitro fertilization) treatment? 



Meta-analysis for Biomedical Literature: Forest-plot Generation

[Ref] Pronesti et al., EMNLP 2025. Enhancing Study-Level Inference from Clinical Trial Papers via RL-based Numeric Reasoning.

● A numeric reasoning approach to estimate study effect

https://arxiv.org/abs/2505.22928


Meta-analysis for Biomedical Literature: Forest-plot Generation

[Ref] Pronesti et al., EMNLP 2025. Enhancing Study-Level Inference from Clinical Trial Papers via RL-based Numeric Reasoning.

Fine-tune a numeric evidence extraction model using RL with GRPO 

Existing reasoning models are insufficient for 
complex domain-specific tasks. 

● A numeric reasoning approach to estimate study effect

https://arxiv.org/abs/2505.22928


Meta-analysis for Biomedical Literature: Forest-plot Generation

[Ref] Pronesti et al., arXiv 2026. Beyond Outcome Verification: Verifiable Process Reward Models for Structured Reasoning.

● Verifiable process reward models for risk of bias analysis

https://arxiv.org/abs/2505.22928


Meta-analysis for Biomedical Literature: Forest-plot Generation

[Ref] Pronesti et al., arXiv 2026. Beyond Outcome Verification: Verifiable Process Reward Models for Structured Reasoning.

● Verifiable process reward models for risk of bias analysis

Error caught immediately during the process. Model penalized.

https://arxiv.org/abs/2505.22928
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Summary

Pre-LLM Era LLM Era

Key tasks Related work generation
Citation text generation
Cite-worthiness detection
Citation recommendation
Citation intent classification
Citation analysis

LLM citation generation and attribution
Agentic deep research

● Planning
● Information gathering
● Tool usage
● Synthesis and reporting

Core challenges Coherent multi-doc synthesis Verifiable, non-hallucinated attribution

Generation quality Often disfluent or extractive Fluent but may hallucinate or post-rationalize

Evaluation Rouge, F1, BERTScore LLM-as-a-judge, citation quality based on NLI 
models (citation precision/citation recall)



Summary

● The verification bottleneck: Generation has outpaced verification! 

○ The field can now produce fluent, cited text at scale 

○ Automated attribution verification (NLI-based, LLM-as-judge) is still unreliable that human 
checking remains necessary.



Summary

● AI-assisted scientific writing

○ Fluent AI-generated text with seemingly grounded citations can create a false sense of rigor.

○ Without reliable automated verification, AI paper-writing tools may accelerate scientific output 
while quietly eroding the trust and reliability on which researchers depend.

● The verification bottleneck: Generation has outpaced verification! 
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Should we “buy” this paper?
Paper

Reviews

RebuttalAuthor(s) Reviewers

Discussion

Meta-Reviewer

Meta-Review/ 
Recommendation

Peer reviewing is a 
challenging process.

How can we best support 
authors, reviewers, and 
metareviewers using 
LLMs? How can we ensure 
that peer review is fair?



ACL 2011



• 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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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 
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5.4k papers F1000Research Tagging, Linking, Version Alignment

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

The (other) starting point: task-specific data I



Dataset Size Sources Application

ORB 92,879 reviews OpenReview, 
SciPost

Acceptance Prediction

ARIES 3.9k comments OpenReview Feedback-Edits Alignment, Revision Generation

DISAPERE 506 review-rebuttal pairs ICLR Review action analysis, polarity prediction, review 
aspect

PeerReviewAnalyz
e
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Prediction, Review Statement Significance 
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rebuttal sentences

ICLR Argumentation Analysis, Canonical Rebuttal Scoring, 
Review Description Generation, End2End Canonical 
Rebuttal Generation

LazyReview 11,245 review sentences ARR Lazy Thinking Detection
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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
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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.
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Detection with LLMs Models
Fine-grained 
Accuracy

Coarse-grained 
Accuracy

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)

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/






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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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.”



313



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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