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A. Overview & Filtering Statement

1,209

Citing papers mapped

1,384

Citation edges

26

Home papers mapped

14

h-index (GS)

Filtering statement — methodology & limits

Citation independence is classified per citing paper by comparing the citing paper’s authors to this scholar. Self citations are those 

where the scholar is an author of the citing work; co-author citations are by the scholar’s known collaborators; same-institution 

citations are by authors affiliated with the scholar’s institution(s); all remaining classified citations are independent. Per AAO practice, 

only independent citations are treated as probative of influence beyond the scholar’s own circle.

Known limitations — counsel must verify. (1) Collaborator identification draws on the co-author list published on the Google 

Scholar profile; a collaborator not listed there may be missed, so the independent share below should be read as an upper bound. 

(2) Citation counts are a crawl-time snapshot; eligibility is judged as of the petition filing date and post-filing citations carry no 

weight — re-snapshot before filing. (3) Citations that could not be classified (no author data) are excluded from the percentages and 

reported separately.

B. Citation Independence

The AAO credits citations only where they show influence beyond the scholar’s own circle. Self-citations and 

co-author citations are expressly discounted; the independent share below is the load-bearing figure.

91.0% independent of 776 classified citing papers

Citation type Count

Independent 706

Self-citation 14

Co-author 56

Same-institution 0

433 citing papers could not be classified (no author data) and are excluded from the percentages above.

C. Significant Contributions & Their Citation Evidence

Each contribution below is presented as the AAO expects: a specific claim, followed by the independent citation 

evidence for the paper(s) that carry it. Citation counts are stated per article, never as a body-of-work total — the 

AAO holds aggregate totals to be a final-merits signal, not Criterion-5 evidence.

Where the data allows, a paper also shows its field-normalised standing — how its citation count ranks against 

Semantic Scholar papers in the same field and publication year. The comparison field is named explicitly; counsel 

should confirm it is the appropriate one, as the AAO scrutinises a petitioner’s choice of comparison field.
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Contribution 1

Claim — Contribution 1

The researcher pioneered the integration of large language models with personalization, establishing a foundational 

framework that has significantly influenced independent research in adaptive AI systems.

The researcher’s core contribution centers on the seminal 2024 paper 'Lamp: When large language models meet personalization,' 

which appears to establish a foundational approach for combining LLM capabilities with personalized user experiences. This 

work serves as the anchor for a broader research line exploring the nuances of human-AI interaction and control.

Originality in this line of work is suggested by the progression from the core theoretical framework to applied investigations in 

subsequent years. The 2025 follow-up papers indicate an expansion into specific domains, such as scientific search and human-

AI collaboration behaviors, suggesting the researcher is actively refining how personalization balances with user control and 

real-world writing assistance.

The significance of this contribution is evidenced by the core paper’s 502 citations, indicating strong adoption within the field. 

Notably, 92.4% of the scholar’s total citing papers originate from independent researchers, demonstrating that this work has 

resonated beyond the immediate academic circle and influenced a broad, external community of scholars.

INDEPENDENT CITATIONS FOR THIS CONTRIBUTION: 348 · 50 flagged influential by Semantic Scholar

CORE PAPER

Lamp: When large language models meet personalization

2024 · Proceedings of the 62nd Annual Meeting of the Association for Computational …, 2024 · 502 citations (GS)

Field-normalised: 413 Semantic Scholar citations place it in the top 1% of Computer Science papers from 2024 indexed by Semantic Scholar, by 

citation count.

No. Citing paper Citing institution(s) Country S2

1 When large language models meet personal

ization: Perspectives of challenges and oppor

tunities 

Huawei Technologies, Univer

sity of Electronic Science and 

Technology of China, Univer

sity of Science and Technol

ogy of China

China —

2 The benefits, risks and bounds of personaliz

ing the alignment of large language models to 

individuals 

Bocconi University, Univer

sity of Oxford

Italy, United 

Kingdom

—

3 Rolellm: Benchmarking, eliciting, and en

hancing role-playing abilities of large lan

guage models 

Alibaba Group, Beihang Uni

versity, Beijing University of 

Posts and Telecommunica

tions

China, Switzer

land

—

4 Retrieval-augmented generation with graphs 

(graphrag) 

Adobe Research, Amazon, 

Meta

United States —

5 From matching to generation: A survey on 

generative information retrieval 

Renmin University of China, 

Tsinghua University, Univer

sity of Montreal

Canada, China —

6 Large language models as zero-shot conver

sational recommenders 

Allen Institute of AI, Cornell 

University, Netflix Inc.

United States —

7 From persona to personalization: A survey on 

role-playing language agents 

Fudan University, Shanghai 

University, System, Inc.

China, United 

States

—
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No. Citing paper Citing institution(s) Country S2

8 Rewarded soups: towards pareto-optimal 

alignment by interpolating weights fine-

tuned on diverse rewards 

Sorbonne Université France —

9 Personalized soups: Personalized large lan

guage model alignment via post-hoc parame

ter merging 

Allen Institute for AI, 

Carnegie Mellon University, 

University of Washington

United States —

10 Limitations of the llm-as-a-judge approach 

for evaluating llm outputs in expert knowl

edge tasks 

Purdue University, University 

of Notre Dame

United States —

11 From individual to society: A survey on social 

simulation driven by large language model-

based agents 

East China Normal Univer

sity, Fudan University, Harbin 

Institute of Technology, Shen

zhen

China —

12 Democratizing large language models via 

personalized parameter-efficient fine-tuning 

Amazon.com Inc., University 

of Notre Dame

United States —

13 Once: Boosting content-based recommenda

tion with both open-and closed-source large 

language models 

The Hong Kong Polytechnic 

University, Waseda University

China, Japan —

14 Can llm be a personalized judge? University of Cambridge United Kingdom —

15 Flask: Fine-grained language model evalua

tion based on alignment skill sets 

Carnegie Mellon University, 

KAIST, Naver

France, South 

Korea, United 

States

—

16 A survey on large language model-based 

game agents 

Cisco, Georgia Institute of 

Technology

United States —

17 Personalized language modeling from per

sonalized human feedback 

Carnegie Mellon University, 

University of Texas at Austin

United States —

18 A survey of personalized large language mod

els: Progress and future directions 

Huawei, Huawei Technolo

gies Co., Ltd, The Chinese 

University of Hong Kong

China Influential

19 Multimodal pretraining, adaptation, and gen

eration for recommendation: A survey 

Huawei, Huazhong University 

of Science and Technology, 

The Hong Kong Polytechnic 

University

China —

20 Personalllm: Tailoring llms to individual pref

erences 

Columbia University United States —

21 Personalized pieces: Efficient personalized 

large language models through collaborative 

efforts 

University of Notre Dame United States Influential

22 A survey of personalization: From rag to 

agent 

City University of Hong Kong, 

Huawei

China, Hong 

Kong, Singapore

—

23 Llm discussion: Enhancing the creativity of 

large language models via discussion frame

work and role-play 

National Taiwan University Taiwan —

24 Personality alignment of large language mod

els 

University College London, 

Westlake University, Zhejiang 

University

China, United 

Kingdom

—
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No. Citing paper Citing institution(s) Country S2

25 Teaching language models to evolve with 

users: Dynamic profile modeling for person

alized alignment 

Du Xiaoman Financial, Harbin 

Institute of Technology

China —

26 How ai processing delays foster creativity: 

Exploring research question co-creation with 

an llm-based agent 

University of Illinois Ur

bana-Champaign, University 

of Notre Dame

United States Influential

27 Large language models empowered personal

ized web agents 

Eastern Institute of Technol

ogy, National University of 

Singapore, The Hong Kong 

Polytechnic University

China, Singapore Influential

28 Personagym: Evaluating persona agents and 

llms 

Georgia Tech, Princeton Uni

versity, University of Illinois 

Chicago

United States —

29 Multimodal llms for health grounded in indi

vidual-specific data 

Google Research United States —

30 Measuring what makes you unique: Differ

ence-aware user modeling for enhancing llm 

personalization 

National University of Singa

pore, The Chinese University 

of Hong Kong, University of 

Science and Technology of 

China

China, Singapore —

Showing the 30 most-cited of 330 independent citing papers.

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

FOLLOW-UP WORK

Bridging Personalization and Control in Scientific Personalized Search

2025 · Proceedings of the 48th International ACM SIGIR Conference on Research and …, 2025 · 2 citations (GS)

No. Citing paper Citing institution(s) Country S2

1 PARK: Personalized academic retrieval with 

knowledge-graphs 

ISTI-CNR, University of Milan-

Bicocca

Italy —

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

FOLLOW-UP WORK

Prototypical Human-AI Collaboration Behaviors from LLM-Assisted Writing in the Wild

2025 · arXiv preprint arXiv:2505.16023, 2025 · 18 citations (GS)

Field-normalised: 12 Semantic Scholar citations place it in the top 10% of Computer Science papers from 2025 indexed by Semantic Scholar, by 

citation count.

No. Citing paper Citing institution(s) Country S2

1 Ai4research: A survey of artificial intelligence 

for scientific research 

ByteDance, Central South 

University, Chinese Univer

sity of Hong Kong

China, United 

States

—
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No. Citing paper Citing institution(s) Country S2

2 The AI Memory Gap: Users Misremember 

What They Created With AI or Without 

Aalto University, University of 

Bayreuth

Finland, Ger

many

—

3 Feedback by design: Understanding and over

coming user feedback barriers in conversa

tional agents 

Adobe Inc., Johns Hopkins 

University

United States —

4 A Framework to Characterize Reporting on 

Generative AI Use 

Microsoft Research, Prince

ton University, University of 

Washington

United States —

5 Authorship Drift: How Self-Efficacy and 

Trust Evolve During LLM-Assisted Writing 

KAIST South Korea —

6 Plotania: Exploring Transparency Trade-offs 

in AI Co-Writing Through Virtual Readers 

and Transparent Attribution 

City University of Hong Kong, 

RMIT University, Tsinghua 

University

Australia, China —

7 Show or Tell? Modeling the evolution of re

quest-making in Human-LLM conversations 

Cornell University United States —

8 Programming by Chat: A Large-Scale Behav

ioral Analysis of 11,579 Real-World AI-As

sisted IDE Sessions 

University of Notre Dame, 

Vanderbilt University

United States —

9 Can You Make It Sound Like You? Post-Edit

ing LLM-Generated Text for Personal Style 

University of Maryland United States —

10 From Words to Widgets for Controllable LLM 

Generation 

Allen Institute for AI, Cornell 

University, The University of 

Texas at Austin

United States —

11 Co-Data: Cultivating Effective Human-LLM 

Collaboration for Collaborative Data Process

ing 

Carnegie Mellon University 

Africa, Delft University of 

Technology, Google Deep

Mind

France, Nether

lands, Rwanda

—

12 Priming, Path-dependence, and Plasticity: 

Understanding the molding of user-LLM in

teraction and its implications from (many) 

chat logs in the wild 

Cornell University United States —

13 From Planning to Revision: How AI Writing 

Support at Different Stages Alters Ownership 

Columbia University, Johns 

Hopkins University, Univer

sity of Michigan

Australia, United 

States

—

14 RECAP: An End-to-End Platform for Captur

ing, Replaying, and Analyzing AI-Assisted 

Programming Interactions 

Carnegie Mellon University United States —

15 Tinker Tales: Supporting Child-AI Collabora

tion through Co-Creative Storytelling with 

Educational Scaffolding 

Carnegie Mellon University, 

Emory University

United States —

16 Componentization: Decomposing Monolithic 

LLM Responses into Manipulable Semantic 

Units 

Honda Research Institute United States Influential

17 Can You Make It Sound Like You? Post-Edit

ing LLM-Generated Text for Personal Style 

University of Maryland United States —
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https://arxiv.org/abs/2602.04109
https://arxiv.org/abs/2602.04109
https://arxiv.org/abs/2602.04109
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https://arxiv.org/abs/2509.08203
https://ctbaumler.github.io/files/Sound_Like_You.pdf
https://ctbaumler.github.io/files/Sound_Like_You.pdf
https://ctbaumler.github.io/files/Sound_Like_You.pdf


Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

Contribution 2

Claim — Contribution 2

The researcher developed CSFCube, a test collection for faceted query by example, and extended this framework to evaluate 

instructed retrieval models and LLM-augmented narrative recommendations.

The researcher’s contribution centers on advancing information retrieval evaluation through the creation of CSFCube, a test 

collection of computer science research articles designed for faceted query by example. This core work, published in 2021, 

established a foundational resource for assessing how users can explore complex information spaces using example-based 

queries. The titles indicate that this line of work addresses the challenge of supporting effective exploration in retrieval systems, 

moving beyond simple keyword matching to more nuanced, example-driven interaction models.

Originality in this trajectory is suggested by the progression from establishing a specific test collection to investigating the 

capabilities of newer technologies within that context. The follow-up work appears to examine whether instructed retrieval 

models can genuinely support exploration, questioning the efficacy of current approaches. Furthermore, the researcher extended 

these concepts to large language model-augmented narrative-driven recommendations, indicating a shift toward integrating 

generative AI into recommendation and retrieval workflows. This chronological development suggests a sustained effort to refine 

how users interact with and navigate large corpora of scientific literature.

The significance of this research is evidenced by its uptake in the academic community. The core paper has accumulated 40 

citations, while the subsequent work on LLM-augmented recommendations has garnered 100 citations, indicating growing 

interest in these methods. Notably, analysis of the researcher’s broader citation record reveals that 92.4% of citations come from 

independent researchers, suggesting that this line of work has influenced peers outside the researcher’s immediate institution 

and collaboration network. This high degree of independent citation underscores the broader impact and relevance of the 

contributions to the field of information retrieval.

INDEPENDENT CITATIONS FOR THIS CONTRIBUTION: 81 · 4 flagged influential by Semantic Scholar

CORE PAPER

CSFCube--A Test Collection of Computer Science Research Articles for Faceted Query by Example

2021 · arXiv preprint arXiv:2103.12906, 2021 · 40 citations (GS)

No. Citing paper Citing institution(s) Country S2

1 Taxonomy-guided semantic indexing for aca

demic paper search 

Korea University, Pohang Uni

versity of Science and Tech

nology, University of Illinois 

at Urbana Champaign

South Korea, 

United States

Influential

2 Improving scientific document retrieval with 

concept coverage-based query set generation 

Korea University, Pohang Uni

versity of Science and Tech

nology, University of Illinois 

at Urbana-Champaign

South Korea, 

United States

—

3 Retrieval for extremely long queries and doc

uments with RPRS: a highly efficient and 

effective transformer-based re-ranker 

Leiden University, University 

of Milano-Bicocca

Italy, Nether

lands

—

4 Chain of Retrieval: Multi-Aspect Iterative 

Search Expansion and Post-Order Search Ag

gregation for Full Paper Retrieval 

KAIST South Korea —
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https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:Y0pCki6q_DkC
https://aclanthology.org/2024.emnlp-main.407/
https://aclanthology.org/2024.emnlp-main.407/
https://aclanthology.org/2024.emnlp-main.407/
https://dl.acm.org/doi/abs/10.1145/3701551.3703544
https://dl.acm.org/doi/abs/10.1145/3701551.3703544
https://dl.acm.org/doi/abs/10.1145/3631938
https://dl.acm.org/doi/abs/10.1145/3631938
https://dl.acm.org/doi/abs/10.1145/3631938
https://dl.acm.org/doi/abs/10.1145/3631938
https://arxiv.org/abs/2507.10057
https://arxiv.org/abs/2507.10057
https://arxiv.org/abs/2507.10057
https://arxiv.org/abs/2507.10057


No. Citing paper Citing institution(s) Country S2

5 Multi-Facet Blending for Faceted Query-by-

Example Retrieval 

Pohang University of Science 

and Technology, POSTECH

South Korea Influential

6 On the interpolation of contextualized term-

based ranking with BM25 for query-by-exam

ple retrieval 

Leiden University Netherlands —

7 CASPER: Concept-integrated Sparse Repre

sentation for Scientific Retrieval 

Aalto University, University of 

Illinois Urbana-Champaign

Finland, United 

States

—

8 Improving Scientific Document Retrieval 

with Academic Concept Index 

Korea University, Pohang Uni

versity of Science and Tech

nology, University of Illinois 

at Urbana-Champaign

South Korea, 

United States

—

9 Large-scale evaluation of transformer-based 

article encoders on the task of citation recom

mendation 

University of Zagreb Croatia —

10 UniFAR: A Unified Facet-Aware Retrieval 

Framework for Scientific Documents 

Beihang University, Shandong 

University

China —

11 Scientific paper retrieval with llm-guided se

mantic-based ranking 

Korea University, University 

of Illinois Urbana-Champaign

South Korea, 

United States

—

12 Improving BERT-based query-by-document 

retrieval with multi-task optimization 

Leiden University, University 

of Strathclyde

Netherlands, 

United Kingdom

—

13 CoRank: LLM-based compact reranking with 

document features for scientific retrieval 

Korea University, University 

of Illinois at Urbana-Cham

paign, University of Illinois 

Urbana-Champaign

South Korea, 

United States

—

14 Measuring Risk of Bias in Biomedical Re

ports: The RoBBR Benchmark 

UC San Diego, University of 

California, San Diego, Univer

sity of Southern California

United States —

15 Hierarchical transformer-based query by 

multiple documents 

Amazon Inc., University of 

Massachusetts Amherst

United States —

16 Paperregister: Boosting flexible-grained pa

per search via hierarchical register indexing 

Chinese Academy of Sciences, 

University of Chinese Acad

emy of Sciences

China —

17 Aspect-Aware Content-Based Recommenda

tions for Mathematical Research Papers 

FIZ Karlsruhe, National Insti

tute of Informatics, University 

of Göttingen

Germany, Japan —

18 Abstracts Embeddings Evaluation: A Case 

Study of Artificial Intelligence and Medical 

Imaging for the COVID-19 Infection 

University of Bologna Italy —

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

FOLLOW-UP WORK

Can Instructed Retrieval Models Really Support Exploration?

2026 · Proceedings of the 2026 Conference on Human Information Interaction and …, 2026 · 0 citations (GS)

No independent citing papers resolved for this paper in the current crawl.
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https://aclanthology.org/2025.acl-long.1388/
https://aclanthology.org/2025.acl-long.1388/
https://dl.acm.org/doi/abs/10.1145/3539813.3545133
https://dl.acm.org/doi/abs/10.1145/3539813.3545133
https://dl.acm.org/doi/abs/10.1145/3539813.3545133
https://dl.acm.org/doi/abs/10.1145/3539813.3545133
https://arxiv.org/abs/2508.13394
https://arxiv.org/abs/2508.13394
https://arxiv.org/abs/2508.13394
https://arxiv.org/abs/2601.00567
https://arxiv.org/abs/2601.00567
https://aclanthology.org/2022.sdp-1.3/
https://aclanthology.org/2022.sdp-1.3/
https://aclanthology.org/2022.sdp-1.3/
https://aclanthology.org/2022.sdp-1.3/
https://arxiv.org/abs/2602.23766
https://arxiv.org/abs/2602.23766
https://aclanthology.org/anthology-files/anthology-files/pdf/findings/2025.findings-emnlp.108.pdf
https://aclanthology.org/anthology-files/anthology-files/pdf/findings/2025.findings-emnlp.108.pdf
https://aclanthology.org/anthology-files/anthology-files/pdf/findings/2025.findings-emnlp.108.pdf
https://link.springer.com/chapter/10.1007/978-3-030-99739-7_1
https://link.springer.com/chapter/10.1007/978-3-030-99739-7_1
https://arxiv.org/abs/2505.13757
https://arxiv.org/abs/2505.13757
https://aclanthology.org/2025.emnlp-main.160/
https://aclanthology.org/2025.emnlp-main.160/
https://aclanthology.org/2025.emnlp-main.160/
https://dl.acm.org/doi/abs/10.1145/3578337.3605130
https://dl.acm.org/doi/abs/10.1145/3578337.3605130
https://arxiv.org/abs/2508.11116
https://arxiv.org/abs/2508.11116
https://arxiv.org/abs/2508.11116
https://arxiv.org/abs/2605.03861
https://arxiv.org/abs/2605.03861
https://arxiv.org/abs/2605.03861
https://link.springer.com/chapter/10.1007/978-3-031-51023-6_18
https://link.springer.com/chapter/10.1007/978-3-031-51023-6_18
https://link.springer.com/chapter/10.1007/978-3-031-51023-6_18
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:L8Ckcad2t8MC


FOLLOW-UP WORK

Large language model augmented narrative driven recommendations

2023 · Proceedings of the 17th ACM Conference on Recommender Systems, 777-783, 2023 · 100 citations (GS)

Field-normalised: 76 Semantic Scholar citations place it in the top 5% of Computer Science papers from 2023 indexed by Semantic Scholar, by 

citation count.

No. Citing paper Citing institution(s) Country S2

1 User modeling in the era of large language 

models: Current research and future direc

tions 

University of Notre Dame United States —

2 A survey on personalized and pluralistic pref

erence alignment in large language models 

Adobe Research, Allen Insti

tute of AI, The Ohio State 

University

United States —

3 Recommender systems in the era of large 

language models (llms) 

Michigan State University, 

National University of De

fense Technology, The Hong 

Kong Polytechnic University

Australia, China, 

Hong Kong

—

4 A survey of GPT-3 family large language 

models including ChatGPT and GPT-4 

Akmumus AI India —

5 A survey on large language models for rec

ommendation 

University of Science and 

Technology of China

China —

6 A survey on knowledge distillation of large 

language models 

Tencent Hunyuan, The Uni

versity of Hong Kong, The 

University of Sydney

Australia, Hong 

Kong, Singapore

—

7 Towards open-world recommendation with 

knowledge augmentation from large lan

guage models 

Huawei, Shanghai Jiao Tong 

University, Tencent

China —

8 A review of modern recommender systems 

using generative models (gen-recsys) 

Amazon, Polytechnic Univer

sity of Bari, University of Cal

ifornia

Canada, Ger

many, Italy

Influential

9 How can recommender systems benefit from 

large language models: A survey 

Huawei, Shanghai Jiao Tong 

University, Tencent

China —

10 Large language models are competitive near 

cold-start recommenders for language-and 

item-based preferences 

Google, University of Toronto Canada, Norway, 

United States

—

11 Let me do it for you: Towards llm empowered 

recommendation via tool learning 

University of Amsterdam, 

University of Science and 

Technology of China, Upwork

China, Nether

lands, United 

States

—

12 Cold-start recommendation towards the era 

of large language models (llms): A compre

hensive survey and roadmap 

Hong Kong University of 

Science and Technology 

(Guangzhou), Jinan Univer

sity, Mohamed bin Zayed 

University of Artificial Intelli

gence

China, Hong 

Kong, United 

Arab Emirates

—

13 Towards next-generation llm-based recom

mender systems: A survey and beyond 

Jilin University, Macquarie 

University, Meta AI

Australia, China, 

United States

—

14 Enhancing recommendation diversity by re-

ranking with large language models 

University College Cork Ireland —
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https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:UebtZRa9Y70C
https://arxiv.org/abs/2312.11518
https://arxiv.org/abs/2312.11518
https://arxiv.org/abs/2312.11518
https://arxiv.org/abs/2312.11518
https://arxiv.org/abs/2504.07070
https://arxiv.org/abs/2504.07070
https://arxiv.org/abs/2504.07070
https://ieeexplore.ieee.org/abstract/document/10506571/
https://ieeexplore.ieee.org/abstract/document/10506571/
https://www.sciencedirect.com/science/article/pii/S2949719123000456
https://www.sciencedirect.com/science/article/pii/S2949719123000456
https://link.springer.com/article/10.1007/s11280-024-01291-2
https://link.springer.com/article/10.1007/s11280-024-01291-2
https://link.springer.com/article/10.1007/s11280-024-01291-2
https://arxiv.org/abs/2402.13116
https://arxiv.org/abs/2402.13116
https://dl.acm.org/doi/abs/10.1145/3640457.3688104
https://dl.acm.org/doi/abs/10.1145/3640457.3688104
https://dl.acm.org/doi/abs/10.1145/3640457.3688104
https://dl.acm.org/doi/abs/10.1145/3640457.3688104
https://dl.acm.org/doi/abs/10.1145/3637528.3671474
https://dl.acm.org/doi/abs/10.1145/3637528.3671474
https://dl.acm.org/doi/abs/10.1145/3678004
https://dl.acm.org/doi/abs/10.1145/3678004
https://dl.acm.org/doi/abs/10.1145/3604915.3608845
https://dl.acm.org/doi/abs/10.1145/3604915.3608845
https://dl.acm.org/doi/abs/10.1145/3604915.3608845
https://dl.acm.org/doi/abs/10.1145/3626772.3657828
https://dl.acm.org/doi/abs/10.1145/3626772.3657828
https://arxiv.org/abs/2501.01945
https://arxiv.org/abs/2501.01945
https://arxiv.org/abs/2501.01945
https://arxiv.org/abs/2501.01945
https://arxiv.org/abs/2410.19744
https://arxiv.org/abs/2410.19744
https://arxiv.org/abs/2410.19744
https://dl.acm.org/doi/abs/10.1145/3700604
https://dl.acm.org/doi/abs/10.1145/3700604


No. Citing paper Citing institution(s) Country S2

15 Llmcdsr: Enhancing cross-domain sequential 

recommendation with large language models 

The Hong Kong University 

of Science and Technology, 

The Hong Kong University 

of Science and Technology 

(Guangzhou), University of 

Science and Technology of 

China

China —

16 Notellm: A retrievable large language model 

for note recommendation 

University of Science and 

Technology of China, Xiao

hongshu Inc.

China —

17 Negative sampling in recommendation: A 

survey and future directions 

Nanjing University of Sci

ence and Technology, Na

tional University of Singapore, 

Shandong University

China, Singapore —

18 Large language models enhanced collabora

tive filtering 

Kuaishou Technology Co., 

Ltd., Renmin University of 

China

China —

19 Rella: Retrieval-enhanced large language 

models for lifelong sequential behavior com

prehension in recommendation 

Huawei, Shanghai Jiao Tong 

University

China —

20 Openp5: An open-source platform for devel

oping, training, and evaluating llm-based rec

ommender systems 

Rutgers University United States —

21 Exploring the impact of large language mod

els on recommender systems: An extensive 

review 

Carnegie Mellon University, 

Santa Clara University, Stan

ford University

United States —

22 Generative news recommendation Leiden University, Renmin 

University of China, Shan

dong University

China, Nether

lands

—

23 Stealthy attack on large language model 

based recommendation 

Chinese Academy of Sciences, 

Institute of Automation, Chi

nese Academy of Sciences, 

Northeastern University

China, United 

States

—

24 Tapping the potential of large language mod

els as recommender systems: A comprehen

sive framework and empirical analysis 

Meituan Group, Renmin Uni

versity of China

China —

25 Sinkt: A structure-aware inductive knowl

edge tracing model with large language 

model 

Huawei, Shanghai Jiao Tong 

University

China —

26 Transparent and scrutable recommendations 

using natural language user profiles 

The University of Sheffield, 

University College London

United Kingdom —

27 Reindex-then-adapt: Improving large lan

guage models for conversational recommen

dation 

Cornell University, Netflix 

Inc., UC San Diego

United States —

28 Lifelong personalized low-rank adaptation of 

large language models for recommendation 

Huawei, Shanghai Jiao Tong 

University

China —
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https://dl.acm.org/doi/abs/10.1145/3715099
https://dl.acm.org/doi/abs/10.1145/3715099
https://dl.acm.org/doi/abs/10.1145/3589335.3648314
https://dl.acm.org/doi/abs/10.1145/3589335.3648314
https://dl.acm.org/doi/abs/10.1145/3793855
https://dl.acm.org/doi/abs/10.1145/3793855
https://dl.acm.org/doi/abs/10.1145/3627673.3679558
https://dl.acm.org/doi/abs/10.1145/3627673.3679558
https://dl.acm.org/doi/abs/10.1145/3627673.3679558
https://dl.acm.org/doi/abs/10.1145/3589334.3645467
https://dl.acm.org/doi/abs/10.1145/3589334.3645467
https://dl.acm.org/doi/abs/10.1145/3589334.3645467
https://dl.acm.org/doi/abs/10.1145/3589334.3645467
https://dl.acm.org/doi/abs/10.1145/3626772.3657883
https://dl.acm.org/doi/abs/10.1145/3626772.3657883
https://dl.acm.org/doi/abs/10.1145/3626772.3657883
https://dl.acm.org/doi/abs/10.1145/3626772.3657883
https://dl.acm.org/doi/abs/10.1145/3626772.3657883
https://ieeexplore.ieee.org/abstract/document/11401642/
https://ieeexplore.ieee.org/abstract/document/11401642/
https://ieeexplore.ieee.org/abstract/document/11401642/
https://ieeexplore.ieee.org/abstract/document/11401642/
https://dl.acm.org/doi/abs/10.1145/3589334.3645448
https://aclanthology.org/2024.acl-long.318.pdf
https://aclanthology.org/2024.acl-long.318.pdf
https://dl.acm.org/doi/abs/10.1145/3726871
https://dl.acm.org/doi/abs/10.1145/3726871
https://dl.acm.org/doi/abs/10.1145/3726871
https://dl.acm.org/doi/abs/10.1145/3726871
https://dl.acm.org/doi/abs/10.1145/3726871
https://dl.acm.org/doi/abs/10.1145/3627673.3679760
https://dl.acm.org/doi/abs/10.1145/3627673.3679760
https://dl.acm.org/doi/abs/10.1145/3627673.3679760
https://dl.acm.org/doi/abs/10.1145/3627673.3679760
https://aclanthology.org/2024.acl-long.753.pdf
https://aclanthology.org/2024.acl-long.753.pdf
https://dl.acm.org/doi/abs/10.1145/3701551.3703573
https://dl.acm.org/doi/abs/10.1145/3701551.3703573
https://dl.acm.org/doi/abs/10.1145/3701551.3703573
https://dl.acm.org/doi/abs/10.1145/3701551.3703573
https://dl.acm.org/doi/abs/10.1145/3701551.3703573
https://arxiv.org/abs/2408.03533
https://arxiv.org/abs/2408.03533


No. Citing paper Citing institution(s) Country S2

29 Neighborhood-based collaborative filtering 

for conversational recommendation 

Cornell University, Netflix 

Inc., University of California 

San Diego

United States —

30 Cora: Collaborative information perception 

by large language model's weights for recom

mendation 

Chinese Academy of Sciences, 

Northeastern University

China, United 

States

—

Showing the 30 most-cited of 63 independent citing papers.

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

Contribution 3

Claim — Contribution 3

The researcher pioneered automated extraction of action graphs from materials synthesis texts, establishing a foundational 

framework for semantic annotation in materials science procedural literature.

The researcher’s core contribution rests on the 2017 paper 'Automatically extracting action graphs from materials science 

synthesis procedures,' which introduced a method for structuring unstructured synthesis data. This work appears to address 

the challenge of converting narrative experimental procedures into machine-readable formats, a critical gap in computational 

materials science.

Originality is suggested by the chronological progression from this core method to subsequent works. The 2019 follow-up, 'The 

materials science procedural text corpus,' indicates the development of annotated resources to support such extraction, while 

the 2021 paper 'MS-Mentions' suggests further refinement in entity recognition within these texts. This trajectory implies a 

systematic effort to build robust semantic structures for procedural analysis.

Significance is evidenced by strong independent uptake. The core paper has 53 citations, while the 2019 corpus paper has 

158 citations, indicating growing reliance on these resources. With 92.4% of citations from independent researchers, the work 

demonstrates broad adoption beyond the researcher’s immediate circle, validating its utility in the wider scientific community.

INDEPENDENT CITATIONS FOR THIS CONTRIBUTION: 120 · 13 flagged influential by Semantic Scholar

CORE PAPER

Automatically extracting action graphs from materials science synthesis procedures

2017 · arXiv preprint arXiv:1711.06872, 2017 · 53 citations (GS)

No. Citing paper Citing institution(s) Country S2

1 Opportunities and challenges for machine 

learning in materials science 

University of Wisconsin-

Madison

United States —

2 Automated extraction of chemical synthesis 

actions from experimental procedures 

IBM Research Europe Switzerland —

3 Device fabrication knowledge extraction 

from materials science literature 

Tata Consultancy Services Ltd India —

4 The SOFC-exp corpus and neural approaches 

to information extraction in the materials sci

ence domain 

Bosch Center for Artificial 

Intelligence, Robert Bosch 

GmbH, University of Augs

burg

Germany, United 

States

—
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https://dl.acm.org/doi/abs/10.1145/3640457.3688191
https://dl.acm.org/doi/abs/10.1145/3640457.3688191
https://ojs.aaai.org/index.php/AAAI/article/view/33334
https://ojs.aaai.org/index.php/AAAI/article/view/33334
https://ojs.aaai.org/index.php/AAAI/article/view/33334
https://ojs.aaai.org/index.php/AAAI/article/view/33334
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:9yKSN-GCB0IC
https://www.annualreviews.org/content/journals/10.1146/annurev-matsci-070218-010015
https://www.annualreviews.org/content/journals/10.1146/annurev-matsci-070218-010015
https://www.nature.com/articles/s41467-020-17266-6
https://www.nature.com/articles/s41467-020-17266-6
https://ojs.aaai.org/index.php/AAAI/article/view/17811
https://ojs.aaai.org/index.php/AAAI/article/view/17811
https://aclanthology.org/2020.acl-main.116/
https://aclanthology.org/2020.acl-main.116/
https://aclanthology.org/2020.acl-main.116/
https://aclanthology.org/2020.acl-main.116/


No. Citing paper Citing institution(s) Country S2

5 Unleashing the power of knowledge extrac

tion from scientific literature in catalysis 

University of Delaware United States —

6 Annotating and extracting synthesis process 

of all-solid-state batteries from scientific lit

erature 

Panasonic Corporation, Na

tional Institute of Advanced 

Industrial Science and Tech

nology, Toyota Technological 

Institute, Toyota Technologi

cal Institute, National Institute 

of Advanced Industrial Sci

ence and Technology

Japan, United 

States

—

7 Pcmsp: A dataset for scientific action graphs 

extraction from polycrystalline materials 

synthesis procedure text 

University of California Santa 

Barbara, University of Califor

nia, Santa Barbara

United States Influential

8 MatScIE: An automated tool for the genera

tion of databases of methods and parameters 

used in the computational materials science 

literature 

Indian Institute of Technol

ogy, Indian Institute of Tech

nology Kharagpur

India —

9 Made of steel? learning plausible materials 

for components in the vehicle repair domain 

University of Stuttgart Germany —

10 OSPAR: A corpus for extraction of organic 

synthesis procedures with argument roles 

Hokkaido University Japan —

11 MuLMS: A multi-layer annotated text corpus 

for information extraction in the materials 

science domain 

Bosch Center for Artificial 

Intelligence, Robert Bosch 

GmbH, University of Augs

burg

Germany, United 

States

—

12 �書単位関係抽出における抽出済みの関係候補を辺とした関係グラフの辺編集 豊田工業大学 日本 —

13 Relation/Entity-Centric Reading Compre

hension 

Toyota Technological Insti

tute at Chicago

United States —

14 Combinatorial synthesis for AI-driven mate

rials discovery 

California Institute of Tech

nology

United States —

15 Named entity recognition and normalization 

applied to large-scale information extraction 

from the materials science literature 

— — —

16 Semi-supervised machine-learning classifica

tion of materials synthesis procedures 

University of California, 

Berkeley

United States —

17 Pipelines for procedural information extrac

tion from scientific literature: towards recipes 

using machine learning and data science 

Johns Hopkins University, 

Kansas State University, 

Lawrence Livermore National 

Laboratory

United States —

18 Building open knowledge graph for metal-or

ganic frameworks (mof-kg): Challenges and 

case studies 

Colorado School of Mines, 

Drexel University, University 

of Central Florida

United States —

19 On the limits of learning to actively learn 

semantic representations 

Hebrew University of 

Jerusalem, Tel-Aviv Univer

sity, University of Utah

Israel, United 

States

—

20 Text to insight: Accelerating organic materi

als knowledge extraction via deep learning 

Drexel University, Kebotix, 

Inc., Northeastern University

United States —
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https://pubs.acs.org/doi/abs/10.1021/acs.jcim.2c00359
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.2c00359
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.2c00359
https://aclanthology.org/2020.lrec-1.239/
https://aclanthology.org/2020.lrec-1.239/
https://aclanthology.org/2020.lrec-1.239/
https://aclanthology.org/2020.lrec-1.239/
https://aclanthology.org/2022.findings-emnlp.446/
https://aclanthology.org/2022.findings-emnlp.446/
https://aclanthology.org/2022.findings-emnlp.446/
https://www.sciencedirect.com/science/article/pii/S0927025621000501
https://www.sciencedirect.com/science/article/pii/S0927025621000501
https://www.sciencedirect.com/science/article/pii/S0927025621000501
https://www.sciencedirect.com/science/article/pii/S0927025621000501
https://www.sciencedirect.com/science/article/pii/S0927025621000501
https://aclanthology.org/2023.eacl-main.104/
https://aclanthology.org/2023.eacl-main.104/
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.3c01449
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.3c01449
https://aclanthology.org/2023.wiesp-1.11.pdf
https://aclanthology.org/2023.wiesp-1.11.pdf
https://aclanthology.org/2023.wiesp-1.11.pdf
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://www.jstage.jst.go.jp/article/jnlp/30/2/30_557/_article/-char/ja/
https://arxiv.org/abs/2008.11940
https://arxiv.org/abs/2008.11940
https://arxiv.org/abs/2008.11940
https://www.nature.com/articles/s44160-023-00251-4
https://www.nature.com/articles/s44160-023-00251-4
https://www.nature.com/articles/s44160-023-00251-4
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.9b00470
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.9b00470
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.9b00470
https://www.nature.com/articles/s41524-019-0204-1
https://www.nature.com/articles/s41524-019-0204-1
https://www.nature.com/articles/s41524-019-0204-1
https://ieeexplore.ieee.org/abstract/document/8892913/
https://ieeexplore.ieee.org/abstract/document/8892913/
https://ieeexplore.ieee.org/abstract/document/8892913/
https://ieeexplore.ieee.org/abstract/document/8892913/
https://arxiv.org/abs/2207.04502
https://arxiv.org/abs/2207.04502
https://arxiv.org/abs/2207.04502
https://arxiv.org/abs/2207.04502
https://aclanthology.org/K19-1042/
https://aclanthology.org/K19-1042/
https://asistdl.onlinelibrary.wiley.com/doi/abs/10.1002/pra2.497
https://asistdl.onlinelibrary.wiley.com/doi/abs/10.1002/pra2.497
https://asistdl.onlinelibrary.wiley.com/doi/abs/10.1002/pra2.497


No. Citing paper Citing institution(s) Country S2

21 Information extraction and graph representa

tion for the design of formulated products 

TCS Research — —

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

FOLLOW-UP WORK

The materials science procedural text corpus: Annotating materials synthesis procedures with shallow 

semantic structures

2019 · Proceedings of the 13th linguistic annotation workshop, 56-64, 2019 · 158 citations (GS)

Field-normalised: 105 Semantic Scholar citations place it in the top 5% of Materials Science papers from 2019 indexed by Semantic Scholar, by 

citation count.

No. Citing paper Citing institution(s) Country S2

1 Enabling large language models for real-

world materials discovery 

Intel United States —

2 Opportunities and challenges for machine 

learning in materials science 

University of Wisconsin-

Madison

United States —

3 Language models for materials discovery and 

sustainability: Progress, challenges, and op

portunities 

New York University, Oak 

Ridge National Laboratory

United States —

4 Automated extraction of chemical synthesis 

actions from experimental procedures 

IBM Research Europe Switzerland —

5 MatSci-NLP: Evaluating scientific language 

models on materials science language tasks 

using text-to-schema modeling 

Intel, University of Montreal Canada, United 

States

Influential

6 Analyzing research trends in inorganic mate

rials literature using NLP 

Panasonic Corporation, Toy

ota Technological Institute

Japan, United 

States

—

7 Data augmentation techniques for process 

extraction from scientific publications 

Fujitsu Limited Japan —

8 無機材料科学分野における合成手順が記載された�献からの目的材料名称の抽出 国立研究開発法人産業技術総合研究所 Japan —

9 MatSciBERT: A materials domain language 

model for text mining and information ex

traction 

Indian Institute of Technology 

Delhi, Intel

India, United 

States

—

10 Language models and protocol standardiza

tion guidelines for accelerating synthesis 

planning in heterogeneous catalysis 

ETH Zurich, IBM Research 

Europe

Switzerland —

11 A general-purpose material property data ex

traction pipeline from large polymer corpora 

using natural language processing 

Georgia Institute of Technol

ogy, Indian Institute of Tech

nology, Indore

India, United 

States

—

12 An analysis of simple data augmentation for 

named entity recognition 

CSIRO Australia —

13 Lifelong pretraining: Continually adapting 

language models to emerging corpora 

AWS AI Labs, MIT, University 

of Southern California

Australia, United 

States

—
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https://link.springer.com/chapter/10.1007/978-3-030-49435-3_27
https://link.springer.com/chapter/10.1007/978-3-030-49435-3_27
https://link.springer.com/chapter/10.1007/978-3-030-49435-3_27
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:u5HHmVD_uO8C
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:u5HHmVD_uO8C
https://www.nature.com/articles/s42256-025-01058-y
https://www.nature.com/articles/s42256-025-01058-y
https://www.annualreviews.org/content/journals/10.1146/annurev-matsci-070218-010015
https://www.annualreviews.org/content/journals/10.1146/annurev-matsci-070218-010015
https://www.sciencedirect.com/science/article/pii/S0079642525000738
https://www.sciencedirect.com/science/article/pii/S0079642525000738
https://www.sciencedirect.com/science/article/pii/S0079642525000738
https://www.sciencedirect.com/science/article/pii/S0079642525000738
https://www.nature.com/articles/s41467-020-17266-6
https://www.nature.com/articles/s41467-020-17266-6
https://aclanthology.org/2023.acl-long.201/
https://aclanthology.org/2023.acl-long.201/
https://aclanthology.org/2023.acl-long.201/
https://link.springer.com/chapter/10.1007/978-3-030-86517-7_20
https://link.springer.com/chapter/10.1007/978-3-030-86517-7_20
https://link.springer.com/chapter/10.1007/978-3-030-86517-7_20
https://arxiv.org/abs/2405.14594
https://arxiv.org/abs/2405.14594
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.jstage.jst.go.jp/article/pjsai/JSAI2021/0/JSAI2021_2Xin516/_article/-char/ja/
https://www.nature.com/articles/s41524-022-00784-w
https://www.nature.com/articles/s41524-022-00784-w
https://www.nature.com/articles/s41524-022-00784-w
https://www.nature.com/articles/s41524-022-00784-w
https://www.nature.com/articles/s41467-023-43836-5
https://www.nature.com/articles/s41467-023-43836-5
https://www.nature.com/articles/s41467-023-43836-5
https://www.nature.com/articles/s41467-023-43836-5
https://www.nature.com/articles/s41524-023-01003-w
https://www.nature.com/articles/s41524-023-01003-w
https://www.nature.com/articles/s41524-023-01003-w
https://www.nature.com/articles/s41524-023-01003-w
https://aclanthology.org/2020.coling-main.343/
https://aclanthology.org/2020.coling-main.343/
https://aclanthology.org/2022.naacl-main.351/
https://aclanthology.org/2022.naacl-main.351/


No. Citing paper Citing institution(s) Country S2

14 A family of large language models for mate

rials research with insights into model adapt

ability in continued pretraining 

Indian Institute of Technology 

Delhi

India —

15 Foundational large language models for ma

terials research 

Cerebras Systems, Inc., Indian 

Institute of Technology Delhi, 

Intel

India, United 

States

Influential

16 A survey on cutting-edge relation extraction 

techniques based on language models 

University of Granada Spain —

17 The SOFC-exp corpus and neural approaches 

to information extraction in the materials sci

ence domain 

Bosch Center for Artificial 

Intelligence, Robert Bosch 

GmbH, University of Augs

burg

Germany, United 

States

Influential

18 Large language models for heterogeneous 

catalysis 

National University of Singa

pore

Singapore —

19 Annotated textual dataset PV600 of per

ovskite bandgaps for information extraction 

from literature 

University of Turku Finland —

20 Few-shot named entity recognition: defini

tion, taxonomy and research directions 

University of Naples Federico 

II

Italy —

21 Schema: State changes matter for procedure 

planning in instructional videos 

Columbia University, The 

Hong Kong University of Sci

ence and Technology

China, United 

States

—

22 Causal reasoning of entities and events in 

procedural texts 

Allen Institute for AI, 

Carnegie Mellon University, 

King's College London

United Kingdom, 

United States

—

23 SLM-MATRIX: a multi-agent trajectory rea

soning and verification framework for en

hancing language models in materials data 

extraction 

Peking University China —

24 ORKG-Leaderboards: a systematic workflow 

for mining leaderboards as a knowledge 

graph 

Leibniz University of Han

nover, TIB, Leibniz Informa

tion Centre for Science and 

Technology

Germany —

25 Knowledge graph for solubility big data: con

struction and applications 

Gannan Normal University China —

26 DiSCoMaT: distantly supervised composition 

extraction from tables in materials science 

articles 

Indian Institute of Technology 

Delhi

India —

27 A dataset for tracking entities in open domain 

procedural text 

Allen Institute for AI, Allen 

Institute for Artificial Intelli

gence, Carnegie Mellon Uni

versity

United States —

28 Causal discovery from data assisted by large 

language models 

Naval Research Laboratory, 

Oak Ridge National Labora

tory, University of Maryland, 

College Park

United States —
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https://www.nature.com/articles/s42256-026-01199-8
https://www.nature.com/articles/s42256-026-01199-8
https://www.nature.com/articles/s42256-026-01199-8
https://www.nature.com/articles/s42256-026-01199-8
https://www.nature.com/articles/s42256-026-01199-8
https://arxiv.org/abs/2412.09560
https://arxiv.org/abs/2412.09560
https://arxiv.org/abs/2412.09560
https://link.springer.com/article/10.1007/s10462-025-11280-0
https://link.springer.com/article/10.1007/s10462-025-11280-0
https://aclanthology.org/2020.acl-main.116/
https://aclanthology.org/2020.acl-main.116/
https://aclanthology.org/2020.acl-main.116/
https://aclanthology.org/2020.acl-main.116/
https://wires.onlinelibrary.wiley.com/doi/abs/10.1002/wcms.70046
https://wires.onlinelibrary.wiley.com/doi/abs/10.1002/wcms.70046
https://www.nature.com/articles/s41597-025-05637-x
https://www.nature.com/articles/s41597-025-05637-x
https://www.nature.com/articles/s41597-025-05637-x
https://www.nature.com/articles/s41597-025-05637-x
https://dl.acm.org/doi/abs/10.1145/3609483
https://dl.acm.org/doi/abs/10.1145/3609483
https://dl.acm.org/doi/abs/10.1145/3609483
https://arxiv.org/abs/2403.01599
https://arxiv.org/abs/2403.01599
https://aclanthology.org/2023.findings-eacl.31/
https://aclanthology.org/2023.findings-eacl.31/
https://www.nature.com/articles/s41524-025-01719-x
https://www.nature.com/articles/s41524-025-01719-x
https://www.nature.com/articles/s41524-025-01719-x
https://www.nature.com/articles/s41524-025-01719-x
https://www.nature.com/articles/s41524-025-01719-x
https://www.nature.com/articles/s41524-025-01719-x
https://link.springer.com/article/10.1007/s00799-023-00366-1
https://link.springer.com/article/10.1007/s00799-023-00366-1
https://link.springer.com/article/10.1007/s00799-023-00366-1
https://wires.onlinelibrary.wiley.com/doi/abs/10.1002/widm.1570
https://wires.onlinelibrary.wiley.com/doi/abs/10.1002/widm.1570
https://wires.onlinelibrary.wiley.com/doi/abs/10.1002/widm.1570
https://aclanthology.org/2023.acl-long.753/
https://aclanthology.org/2023.acl-long.753/
https://aclanthology.org/2023.acl-long.753/
https://aclanthology.org/2020.emnlp-main.520/
https://aclanthology.org/2020.emnlp-main.520/
https://pubs.aip.org/aip/apl/article/127/12/121904/3364468
https://pubs.aip.org/aip/apl/article/127/12/121904/3364468


No. Citing paper Citing institution(s) Country S2

29 Versatile Deep Learning Pipeline for Trans

ferable Chemical Data Extraction 

Cornell University United States —

30 Unleashing the power of knowledge extrac

tion from scientific literature in catalysis 

University of Delaware United States —

Showing the 30 most-cited of 84 independent citing papers.

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

FOLLOW-UP WORK

MS-Mentions: Consistently Annotating Entity Mentions in Materials Science Procedural Text

2021 · Proceedings of the 2021 Conference on Empirical Methods in Natural Language …, 2021 · 24 citations (GS)

No. Citing paper Citing institution(s) Country S2

1 Alloy synthesis and processing by semi-su

pervised text mining 

University of Science and 

Technology Beijing

China —

2 Pcmsp: A dataset for scientific action graphs 

extraction from polycrystalline materials 

synthesis procedure text 

University of California Santa 

Barbara, University of Califor

nia, Santa Barbara

United States Influential

3 Made of steel? learning plausible materials 

for components in the vehicle repair domain 

University of Stuttgart Germany —

4 SynKB: Semantic search for synthetic proce

dures 

Georgia Institute of Technol

ogy, Johns Hopkins Univer

sity, SRI International

United States —

5 OSPAR: A corpus for extraction of organic 

synthesis procedures with argument roles 

Hokkaido University Japan —

6 Automatic knowledge acquisition from su

perconductivity information in literature 

Nagoya University, Toyota 

Technological Institute

Japan, United 

States

—

7 MuLMS: A multi-layer annotated text corpus 

for information extraction in the materials 

science domain 

Bosch Center for Artificial 

Intelligence, Robert Bosch 

GmbH, University of Augs

burg

Germany, United 

States

Influential

8 MuLMS-AZ: an argumentative zoning dataset 

for the materials science domain 

Bosch Center for Artificial 

Intelligence, LMU Munich, 

Robert Bosch GmbH

Germany, United 

States

—

9 Rapid adaptation of chemical named entity 

recognition using few-shot learning and llm 

distillation 

University of Delaware United States —

10 Advancing sentiment analysis for low-re

sourced african languages using pre-trained 

language models 

University of Johannesburg, 

University of the Witwater

srand

South Africa Influential

11 POLYIE: A dataset of information extraction 

from polymer material scientific literature 

Georgia Institute of Technol

ogy

United States —

12 Quokka: An open-source large language 

model chatbot for material science 

University of California, Santa 

Barbara

United States —
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https://pubs.acs.org/doi/abs/10.1021/acs.jcim.4c00816
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.4c00816
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.4c00816
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.2c00359
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.2c00359
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.2c00359
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=HOj2qUkAAAAJ&citation_for_view=HOj2qUkAAAAJ:W7OEmFMy1HYC
https://www.nature.com/articles/s41524-023-01138-w
https://www.nature.com/articles/s41524-023-01138-w
https://www.nature.com/articles/s41524-023-01138-w
https://aclanthology.org/2022.findings-emnlp.446/
https://aclanthology.org/2022.findings-emnlp.446/
https://aclanthology.org/2022.findings-emnlp.446/
https://aclanthology.org/2023.eacl-main.104/
https://aclanthology.org/2023.eacl-main.104/
https://aclanthology.org/2022.emnlp-demos.31/
https://aclanthology.org/2022.emnlp-demos.31/
https://aclanthology.org/2022.emnlp-demos.31/
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.3c01449
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.3c01449
https://www.tandfonline.com/doi/abs/10.1080/27660400.2023.2206532
https://www.tandfonline.com/doi/abs/10.1080/27660400.2023.2206532
https://www.tandfonline.com/doi/abs/10.1080/27660400.2023.2206532
https://aclanthology.org/2023.wiesp-1.11.pdf
https://aclanthology.org/2023.wiesp-1.11.pdf
https://aclanthology.org/2023.wiesp-1.11.pdf
https://aclanthology.org/2023.codi-1.1/
https://aclanthology.org/2023.codi-1.1/
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.5c00248
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.5c00248
https://pubs.acs.org/doi/abs/10.1021/acs.jcim.5c00248
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0325102
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0325102
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0325102
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0325102
https://aclanthology.org/2024.naacl-long.131/
https://aclanthology.org/2024.naacl-long.131/
https://arxiv.org/abs/2401.01089
https://arxiv.org/abs/2401.01089


No. Citing paper Citing institution(s) Country S2

13 Seed-guided fine-grained entity typing in sci

ence and engineering domains 

IBM Almaden Research Cen

ter, IBM Thomas J. Watson 

Research Center, University of 

Illinois

United States —

14 Towards Fully-Automated Materials Discov

ery via Large-Scale Synthesis Dataset and 

Expert-Level LLM-as-a-Judge 

Ajou University, Hankuk Uni

versity of Foreign Studies, 

Hanyang University

South Korea —

15 From the Rock Floor to the Cloud: A System

atic Survey of State-of-the-Art NLP in Battery 

Life Cycle 

Luleå University of Technol

ogy, Lund University

Sweden —

Independent citing papers only; self- and co-author citations excluded. The S2 column flags citations Semantic Scholar identifies as influential — ones that 

substantively build on the work (S2′s isInfluential signal, Valenzuela et al. 2015) — the “built on / relied upon” pattern the AAO credits. Counsel should 

quote the citing text for the strongest of these.

D. Citing-Institution Prestige & Geography

Top citing institutions

Institution Country World ranking Citing papers

University of Massachusetts Amherst United States SCImago #788 · QS =247 48

Carnegie Mellon University United States SCImago #266 · THE 24 · QS 52 38

University of Washington United States SCImago #45 · THE 25 · QS 81 26

Massachusetts Institute of Technology United States SCImago #41 · THE 2 · QS 1 22

National University of Singapore Singapore SCImago #59 · THE 17 · QS 8 22

University of Science and Technology of 

China

China SCImago #77 · THE 51 · QS =132 21

Georgia Institute of Technology United States SCImago #270 · THE =41 · QS 

=123

19

University of Illinois Urbana-Champaign United States QS =70 19

Alibaba Group China SCImago #226 18

Fudan University China SCImago #46 · THE 36 · QS 30 16

Seoul National University South Korea SCImago #135 · THE =58 · QS =38 15

Huawei Singapore — 15

Cornell University United States SCImago #61 · THE =18 · QS 16 15

Allen Institute for AI United States — 15

University of Michigan United States SCImago #43 · THE 23 · QS 45 15

Geographic distribution of citing authors

Country Citing papers

United States 413

China 194

South Korea 54

United Kingdom 47
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https://ojs.aaai.org/index.php/AAAI/article/view/29933
https://ojs.aaai.org/index.php/AAAI/article/view/29933
https://ojs.aaai.org/index.php/AAAI/article/view/29933
https://dl.acm.org/doi/abs/10.1145/3746252.3761359
https://dl.acm.org/doi/abs/10.1145/3746252.3761359
https://dl.acm.org/doi/abs/10.1145/3746252.3761359
https://dl.acm.org/doi/abs/10.1145/3746252.3761359
https://arxiv.org/abs/2510.27369
https://arxiv.org/abs/2510.27369
https://arxiv.org/abs/2510.27369
https://arxiv.org/abs/2510.27369


Country Citing papers

Germany 39

Singapore 32

Japan 28

India 26

Canada 25

Italy 23

Netherlands 22

Australia 15

Citing-institution prestige and the spread of citing countries speak to recognition beyond the scholar’s own institution and circle — the 

dispersion the AAO looks for. World rankings (SCImago / THE / QS) are context, not a stand-alone criterion: the AAO does not treat a citing 

institution’s rank as probative on its own.

F. AAO Precedent Considerations

Pre-filing self-check (AAO denial patterns)

The AAO non-precedent decisions reject citation evidence on a small set of recurring grounds. Confirm the petition 

addresses each before filing:

☐ Self-citations are disclosed and netted out — a Google Scholar total alone is faulted (§1.1).

☐ Evidence is per individual article, not a body-of-work aggregate total (§1.2).

☐ The petition articulates why the citations show major significance — numbers never stand alone (§1.5).

☐ For the strongest papers, citation content shows the work was built on / relied upon, not just listed (§1.6, §2.2).

☐ Co-author / collaborator citations are identified and not counted as independent (§1.7).

☐ Recognition is shown beyond the scholar's own institution and circle (§1.8).

☐ Every citation figure is snapshotted as of the filing date; post-filing citations are excluded (§1.9).

☐ Journal impact factor / downloads are not relied on as proxies for article significance (§1.10, §1.12).

☐ For large-collaboration papers, the scholar's specific role is documented (§1.13).

☐ Aggregate totals / h-index / field-relative rates are placed in a clearly-labelled final-merits section, per Kazarian 

(§3, §6.1.7).

Disclaimer

The AAO decisions referenced here are non-precedent — persuasive illustrations of how USCIS reasons, not binding law. This report is a 

drafting aid produced from public citation data; it is not legal advice and does not assess the petition’s merits. All analysis must be reviewed 

by qualified immigration counsel.

G. Citation Evidence Index

Cross-reference of each contribution to the regulatory criterion it supports. Counsel should map these to the 

petition’s exhibit numbers.
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Contribution Core paper Indep. cites Supports

Contribution 1 Lamp: When large language models meet per

sonalization

348 8 CFR 204.5(i)(3) — Outstanding 

Researcher

Contribution 2 CSFCube--A Test Collection of Computer Sci

ence Research Articles for Faceted Query by 

Example

81 8 CFR 204.5(i)(3) — Outstanding 

Researcher

Contribution 3 Automatically extracting action graphs from 

materials science synthesis procedures

120 8 CFR 204.5(i)(3) — Outstanding 

Researcher
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