
204

Topic 4. Text-based Content and 
Comparative Table Generation

Yufang Hou

Professor
Interdisciplinary 

Transformation University
yufang.hou@it-u.at



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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