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TOWARDS A HUMAN-AI COLLABORATIVE
MEDICAL RESEARCH LIFE CYCLE

Organizers:
Qingyun Wang, Zhiyong Lu, Yao Ge, Qingyu Chen

Speakers:
Qingyu Chen, Gongbo Zhang, Qingqing Zhu, Qingyun Wang
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Background and
Motivation
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Why do we need Al in biomedical research?

 Biomedical researchers are overwhelmed by a deluge of fragmented,
inconsistent scientific literature.

* Human scientists cannot keep up without help

1,200,000
1,000,000
800,000
600,000
400,000
200,000

0
1964 1974 1984 1994 2004 2014 2024

= MEDLINE® Citation Counts by Year of Publication
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Benefits of LLMs in Biomedical Research

- Overcoming the language barrier in
science communication
- About 55% of the respondents to the Nature
Survey felt that a majOI' beneflt Of generatlve AI |S Take on repetitive or labour-intensive tasks
its ability to edit and translate writing for Reduce language barriers .
researchers whose first language is not English romote aroductiity inscionce

- Inapoll by the European Research Council (ERC), ... .ousive benaviour such as piagarism
75% of more than 1,000 ERC grant recipients felt
that generative Al would reduce language
barriers in research by 2030

Dissermninate science to a wide audience q

Pose scientific hypothesis and new research 13
Act as science advisors to policy-makers
Replace research participants

Idon't know g

wrF T Ty H l
=
]
]
[
@
=

Other
0% 20% 40% 60% B0%

Prillaman, M. "Is ChatGPT making scientists hyper-productive? The highs and lows of using AL." Nature (2024).
Conroy, G. (2023). How ChatGPT and other Al tools could disrupt scientific publishing. Nature, 622(7982), 234-236.
ERC. Foresight: Use and Impact of Artificial Intelligence in the Scientific Process (European Research Council, 2023).
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The Biomedical Research Lifecycle

e Literature review — Hypothesis — Experiments — Reports — Validation
e Highly data-driven: EHRs, genomics, clinical notes, imaging
e Regulated and high-stakes: patient safety, reproducibility, ethics

e Increasingly dependent on cross-disciplinary knowledge

2025 ANNUAL SYMPOSIUM #AMIA2025



anuscript
preparation

Flreview ESGEEE
of resulls funding $
- Technology
transfer

Pl review T] _—]
Journal Data L‘H-—T ' Experimental
analysis |3 Quality checkpoints design Institutional

review

W Moc

Experimental
| raview protocols
Pl review Record

Institutional data Perform Reagent

experiment Equipment validation
calibration
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1. Searching, screening, reading, and summarizing are time-consuming
2. Clinical guidelines often lag behind recent publications

3. Review articles can't keep up with new data

4. There’s a need for machine-assisted synthesis and reasoning

#AMIA2025



o o
PDF | Information .
Extraction Extraction
@ 9

Parsed
Document @
Structured
Individual Documents Biomedical
(Papers, Articles, knowledge

Journals, Webpages)
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The Rise of Language Models in Biomedical
Informatics

wedical Question

Aaswering 4, e LLMs canread, summarize, and
/

B a0 ? s,
'\(\\ »’b &0/' . .
‘2;;,\0“ 8> %)\ '% generate biomedical text
() = \8,:
S 3% e | y
e Pretrained on PubMed, clinical notes,

< Medical Z
O el ®
© applications o
@ of LLMs &
¢ o

®, @8 K/L s summarization, hypothesis linking
)

@ 5% knowledge graphs
YO XS
eg e Support tasks like Q&A,

A%
32 . . .
Y - .
%% G‘?\w é? & e But: risk of hallucinations — need for

9\ g trustworthy integration
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A greater number of
poor-quality or error-
strewn manuscripts -

and possibly a flood of

Al-assisted fakes

journal homepage: www.elsevier.com/locate/radcr

Available online at www.sciencedirect.com

ScienceDirect

Concerns about LLMs in Biomedical Research

RADICLOGY

CASE
REPORTS

Case Report

Successful management of an latrogenic portal
vein and hepatic artery injury in a 4-month-old
female patient: A case report and literature

review

Raneem Bader, MD", Ashraf Imam, MD", Mohammad Alnees, MD"**, Neta Adler, MD",
Joanthan ilia, MD‘, Diaa Zugayar, MD", Arbell Dan, MD, Abed Khalaileh, MD"**

In summary, the management of bilateral iatrogenic I'm
very sorry, but I don’t have access to real-time informa-
tion or patient-specific data, as | am an Al language model.
I can provide general information about managing hep-
atic artery, portal vein, and bile duct injunes, but for spe-
afic cases, 1t 1s essential to consult with a medical pro-
fessional who has access to the patient’s medical records
and can provide personalized advice. It 1s recommended to
discuss the case with a hepatobiliary surgeon or a multi-
disciplinary team experienced in managing complex liver
injuries
L

N\MI/\ 2025 ANNUAL SYMPOSIUM

Conclusion

In conclusion, proper treatment of iatrogenic vascular injuries
is dependent on an accurate assessment of the stage of the in-
jury. The injury should be recognized quickly. The evaluation
and treatment should be conducted by experienced surgeons
using proper strategies in an established hepatobiliary surgi-
cal center. Therefore, complex cases should be performed in
a tertiary surgical center that has the capability and expertise
to find a prompt and appropriate solution.

#AMIA2025




2+ Where Can Al Help?

e Literature overload — Al-assisted
retrieval and synthesis y

e Novel hypotheses — LLM + knowledge
graph discovery

e Clinical reports — Auto-drafting and
summarization

e Scientific claims — Al-based fact-checking

S

Goal: Support every step, not replace
human judgment

QI
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Q What You'll Learn Today

. « Why Al is needed in biomedical
Introductlon
research

therature Review e How LLMs help with literature,
hypotheses, and writing
« What tools and datasets support

these tasks

« What ethical risks and limitations

we must address

Fact-Checking e Hands-on demos and real-world

use cases
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Al-Assisted Literature
Review: Introduction
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What Makes Literature Review So
Challenging?

e Search Complexity

e Retrieval Precision

e g | Leview
Lifecycle

e Screening and Filtering
FULL TEXT
RETRIEVAL

DATA . _
EXTRACTION/ ; e Reading and Understanding
APPRAISAL :

e Summarization and Comparison

e Synthesis and Reporting
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Dimension

General Scientific Literature

Biomedical Literature

Subject Focus

Covers fields like physics, CS,
math, psychology

Centered on clinical medicine, genomics, pharmacology,
biology

Language Standard academic English with | Heavy use of domain-specific terms, acronyms (e.g., EGFR,
Style structured format CBC), and medical codes (ICD)

Information Theoretical models, algorithms, | Multimodal: clinical text, imaging, gene pathways, case
Type experimental data summaries

K.nO\fvledge General logic or mathematical Requires alighment with external biomedical ontologies
Linking frameworks (e.g., UMLS, MeSH, CTD)

Risk & Ethics | Low-stakes for factual errors

Errors may impact patient safety or clinical decisions > higher
demand for trustworthiness
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Limitations of Traditional Review Workflows

Manual reading and screening
of hundreds of papers takes weeks
to months

Reviewer attention is selective;
unconscious bias shapes inclusion/excusion

Incomplete

Important papers may be missed due to
keyword mismatch or search limitations
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From Text to Knowledge:

Al-Augmented Literature

Review Workflow 4

— Intelligent Retrieval
‘ Q Use advanced search techniques to gather relevant

papers.

1 g@ Query or Topic
@ Define the specific research area of interest. /
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Classical IR vs Neural IR vs LLM-Augmented IR

Classical IR (e.g.,
Feature [ Method BM25)
Query Keywords only
Matching Exact term match
Model TF-IDF | BM25
Pros Fast, interpretable
Cons Keyword mismatch,

ignores meaning
Example “cancer AND IL-6"

Neural IR (e.g., Dense Retriever)

Vector embedding

Semantic similarity

Bi-encoders (e.g., PubMedBERT)

Captures semantics, flexible

MNeeds large training, sometimes

irrelevant

Find vector-similar abstracts

LLM-Augmented IR (e.g., RAG)

Matural language or guestion

Combined with LLM reasoning

Retrieval + Generation (LLM, e.g.,
GPT-4)

End-to-end answers, fluent

summaries

Costly, risk of hallucination,

explainability issue

"What drugs interact with IL-6

pathway?" = Answer

N\MI/\ 2025 ANNUAL SYMPOSIUM
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Usage of TF-IDF

* TF-IDF is the product of two main statistics: term frequency and

iInverse document frequency.
* Different information retrieval systems use various calculation
mechanisms, but here we present the most general mathematical

formulas.
 TF-IDF is calculated for all terms in a document. Sometimes a

threshold is used to omit low-scoring words.
tf-idf(t’d) = tf(t’d) X idf(t)

t=term
d = document
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Al-Assisted Literature
Review: Domain-specific
training
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 Biomedical knowledge extraction benefits from pretrained large
language models

Tasks
Text corpus Pretrained LM O
uestion -
. : Answering 20
( Complete 523
~ Wikipedia and >
11,038 books ) P
— oo ‘ = Text @@
(Self-supervised) e | Classification
Training

Information O\

ol Retrieval
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Why do we need domain/task pretraining?

* Language models benefit from
continued pretraining on the domain
* Task-adaptive pretraining on a

task
smaller but directly task-relevant

corpus can still boost performance

e Automatic or human-curated
unlabeled data related to the task

s . can further improve performance in
target domain .
low-resources setting
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PubMedBERT

Mixed-Domain Pretraining
J Text Source \ / \
Publmed

l Standard

{

O 0
O D} PubMedBERT

——
L Domain-Specific Pretraining from Scratch —/

Gu, Yu, et al. "Domain-specific language model pretraining for biomedical natural language processing." ACM Transactions on Computing for Healthcare (HEALTH)
3.1 (2021): 1-23.
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BIoBERT

Pre-training of BioBERT Fine-tuning of BioBERT
Pre-training Corpora BIoBERT Pre-training Task-Specific Datasets BioBERT Fine-tuning
" N F y
PUb[med 4.5B words T Named Entity Recognition the adult renal failure cause ...
Sy 3 NCBI disease, BC2GM, ... PO O B | 0

PMC 13.5B words Lo - - \ /
W 1 y "—Variants in the @GENES region ip

Weight Initialization ) ER:';?‘;‘F'{";EXEW:“O" contribute to @DISEASES susceptibility:
-ADR, ChemProt, ...

[ 7 P True )
P - 5P &W?I_J \ 3 % ,

-

e - G2 = = —~ - -
~-.,E *;E“- v-'J,,“- BERT . R ) ) Question Answering What does mTOR stands for?
e b ~o from Devlin et al. Pre-trained BioBERT with : : : .

_ ) , BioASQ 5b, BioASQ 6b, ... P mammalian target of rapamycin
L = biomedical domain corpora \_ ) L

Lee, Jinhyuk, et al. "BioBERT: a pre-trained biomedical language representation model for biomedical text mining." Bioinformatics 36.4 (2020): 1234-1240.
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Incorporating Semantic Links

Document Classification

~

the cell population was observed as a

Heterogeneity in DNA damage within
function of radiation dose )

Relation Extraction

administration decreased the mean AUC

~
[Cholestyraminet Concomitant * DRUG *

of total * DRUG * approximately 55%. J

Open-domain Question Answering

most likely to be found in

In which location is dimeric IgA
highest concentrations?

o

 It'simpossible to store all factual and

Publ. led

Indexing

SR

Biomedical Radiation-induced |
Scientific genomic instability is...

PMID: 12947391

A
........... . PY

Query Related

genomic instability
context

and mutation

BioREADER DDI-mechanism ]

Colostrum

2025 ANNUAL SYMPOSIUM

domain-specific knowledge into parameters.

 Retrieval isa complementary path to
architectural scaling.

Semi-parametric = closed book
(parametric-only) + open-book
(retrieval-based)
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BioGPT: Generative Pre-trained Transformer
for Biomedical Text Generation and Mining

w— (rainining

=== inference [the relation between A and B is R.]

source | prompt target target

_-——
-
-
-
-
-
-
-
-

B1oGPT

source | prompt target | source | prompt
[text] [we can conclude that] [the interaction between A and B is R.] [text] [we can conclude that]

Luo, Rengian, et al. "BioGPT: generative pre-trained transformer for biomedical text generation and mining." Briefings in bioinformatics 23.6 (2022): bbac409.
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BioGPT in Genome Analysis and Interpretation

\
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Approach

Problem Faced

Tradiional methods for genome onalysis are
often time-consuming ond error-prone.

Solution Offered

BioGPT provides Al-driven insights for faster
and more acaurate genome interpretation.

Benefits

Increases efficiency and accuracy in genome
analysis processes, aiding research
significantly.

Data Collection

Garher genomic data from various
reliable sources for analyss.

Y

Data Processing

Utitize BioGPT for analyzing and
processing the collected genomic
data.

Y

Interpretation

Generate clear interprerations of
genomic dato with the help of Al
driven insights.

Y

4

Application

Apply findings 10 enhance research
and development in bicinformatic.

Luo, Rengian, et al. "BioGPT: generative pre-trained transformer for biomedical text generation and mining." Briefings in bioinformatics 23.6 (2022): bbac409.
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Drug Discovery and Development Innovations

N W e
i*'

ol

]
,r/l

=

? 9
R

Problem Faced Solution Offered Benefits
Tradtional drug discovery is Al-powered bicinformatic soltions This approach enhances acasracy,
ineffident, slow, and costly for can streamline drug dscovery speeds up researd, ond reduces

researdiers. processes significantly. overall expenditure.

Luo, Rengian, et al. "BioGPT: generative pre-trained transformer for biomedical text generation and mining." Briefings in bioinformatics 23.6 (2022): bbac409.
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ScholarGPT: Fine-tuning Large Language Models for Discipline-
Specific Academic Paper Writing

Fine-tuning

KA

Al models

=

=

(0

Discipline-specific

Scientific papers .
pap academic dataset

ScholarGPT

e Goal:

o Adapt general-purpose LLMs to specific academic disciplines (e.g., chemistry, materials science, medicine).
e Key Contributions:

o Curated discipline-specific corpora from arXiv, PubMed, Scopus

o Introduced instruction fine-tuning templates for scientific reasoning tasks

o Evaluated across five domains: physics, chemistry, materials, life sciences, and CS

o Demonstrated improved citation accuracy and abstract coherence vs. GPT-4 baseline
Cao, Chuxue, Ziging Yuan, and Hailiang Chen. "ScholarGPT: Fine-tuning Large Language Models for Discipline-Specific Academic Paper Writing." (2024).
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ScholarGPT: Fine-tuning Large Language Models for Discipline-
Specific Academic Paper Writing

Decisian Support Systems 2057 e ScholarGPT builds the BRI
Information and Management 151z dataset from 1.2 M papers
Electronic Commerce Research and Applications e across multiple disciplines
Research Policy 2623 to enable domain-specific
Organization Behavior and Human Decision Process 1086 |n StI"U Ctl On tu nl ng .
Journal of Business Venturing 850
Journal of Management foo e Models trained on
Journal of Financial Economics 2407 balanced disciplinary data
Journal of Accounting and Economics 857 achieve better style
Accounting Organization and Society 7%s alignment in scientific
Journal of Operations Management 879 Wri t| ng ]
Journal of Consumer Psychology 861
Information Systems Management Finance Accounting Operation Management Marketing

Cao, Chuxue, Ziging Yuan, and Hailiang Chen. "ScholarGPT: Fine-tuning Large Language Models for Discipline-Specific Academic Paper Writing." (2024).

N\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025



Challenges

 Few benchmarks are publicly available

lllllllllllll

116 chemical-disease interact

e chemical
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Challenges

* Few benchmarks are publicly available
 Models only have a limited number of training samples for each task

Entity Extraction Relation Extraction | Event Extraction Entity Linking
BC4CHEMD Abroad-RE BioNLP 09 XL-BEL
BC5CDR BC5CDR Genia 2013 Mantra GSC
BC7 NLM-Chem BC6 ChemProt Genia 2016

BioRED BC7 DrugProt MatSci-NLP

CHEMET BioRED

Chem-FINESE BioRelEx

JNLPBA JNLPBA

MatSci-NLP MatSci-NLP

PolymerAbstracts
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https://paperswithcode.com/dataset/bc4chemd
https://github.com/idiap/abroad-re
https://github.com/idiap/abroad-re
https://github.com/idiap/abroad-re
https://bionlp.dbcls.jp/projects/bionlp-st-ge-2013
https://github.com/cambridgeltl/sapbert/tree/main/evaluation/xl_bel
https://github.com/cambridgeltl/sapbert/tree/main/evaluation/xl_bel
https://github.com/cambridgeltl/sapbert/tree/main/evaluation/xl_bel
https://github.com/JHnlp/BioCreative-V-CDR-Corpus
https://github.com/JHnlp/BioCreative-V-CDR-Corpus
https://bionlp.dbcls.jp/projects/bionlp-st-ge-2013
https://academic.oup.com/jamia/article/22/5/948/930067?login=false#supplementary-data
https://paperswithcode.com/dataset/bc7-nlm-chem
https://paperswithcode.com/dataset/bc7-nlm-chem
https://paperswithcode.com/dataset/bc7-nlm-chem
https://paperswithcode.com/dataset/chemprot
https://bionlp.dbcls.jp/projects/bionlp-st-ge-2016
https://paperswithcode.com/dataset/biored
https://paperswithcode.com/dataset/drugprot-1
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/chenkaisun/MMLI1
https://paperswithcode.com/dataset/biored
https://github.com/EagleW/Chem-FINESE/tree/main/data
https://github.com/EagleW/Chem-FINESE/tree/main/data
https://github.com/EagleW/Chem-FINESE/tree/main/data
https://github.com/YerevaNN/BioRelEx
https://paperswithcode.com/dataset/jnlpba
https://paperswithcode.com/dataset/jnlpba
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/BangLab-UdeM-Mila/NLP4MatSci-ACL23
https://github.com/Ramprasad-Group/polymer_information_extraction

Challenges

* Few benchmarks are publicly available has both anti-

+ Comprehending scientific papers inflammatory and antipyretic effects.

requires external knowledge is @ Nonsteroidal Anti-
inflammatory Drug and Platelet
Aggregation Inhibitor.

* Both and
refer to CH;COOC,H,COOH.
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Al-Assisted Literature
Review: Summarization
and synthesis
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Example: LLM Summary for Biomedical Literature
Review

Relevant research
articles providing

insights
Understanding
irAEs A concise overview
v of the findings
Query
The initial question
that drives the
research
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Artificial Intelligence-assisted Biomedical Literature Knowledge
Synthesis to Support Decision-making in Precision Oncology

Instruction
Each of the following examples include the title, abstract, and annotations for PubMed records.

18791947|t|A case of Bernard-Soulier Syndrome due to a homozygous four bases deletion (TGAG) of GPlbalpha ® P recision o nCOI Ogy

gene: lack of GPIbalpha but absence of bleeding. i i i
18791947|a|More than 20 DNA mutations with different inheritance pattern have been described in patients with req uires | nteg ra tl ng
Bemard-Soulier Syndrome]... ] ili +
18791947 10 34 Bernard-Soulier Syndrome DiseaseOrPhenotypicFeature mo I ecu Iar p rOfII I ng
18791947 66 81 deletion (TGAG) SequenceVariant H H

18791947 85 94 GPIbalpha GeneOrGeneProduct I Ite ratu re evi de nce.
18791947 109 118 GPIbalpha GeneOrGeneProduct

18791947 134 142 bleeding DiseaseOrPhenotypicFeature . .

18791947 243 267  Bernard-Soulier Syndrome DiseaseOrPhenotypicFeature e Manual review in

[...]

17495183t/ Tenomodulin is associated with obesity and diabetes risk: the Finnish diabetes prevention study.

Molecular Tumor Boards

17495183 |a|We recently showed that long-term weight reduction changes the gene expression profile of adipose (MTB) iS |abor-i nte ns ive .
tissue in overweight individuals|...]
17495183 0 11 Tenomodulin GeneOrGeneProduct
17495183 31 38 obesity DiseaseOrPhenotypicFeature .
17495183 43 51 diabetes DiseaseOrPhenotypicFeature e Goal — automate ent|ty
17495183 70 78 diabetes DiseaseOrPhenotypicFeature . .
17495183 205 215  overweight DiseaseOrPhenotypicFeature recogn ition & relation
(-] .

extraction (NER + RE)
Question . .
Process the title and abstract of the new PubMed record and retumn the annotations in new lines. from bIO med | Cal teXtS )
<PMIDJt|....>
<PMIDJa...>

He, Ting, et al. "Artificial Intelligence-assisted Biomedical Literature Knowledge Synthesis to Support Decision-making in Precision Oncology." AMIA Annual
Symposium Proceedings. Vol. 2024. 2025.

N\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025




Artificial Intelligence-assisted Biomedical Literature Knowledge
Synthesis to Support Decision-making in Precision Oncology

Disease Drug Gene Variant

e Dataset: BioRED (600 PubMed
2 abstracts; Genes, Variants, Diseases,

“u . | | Chemicals)
" | I I |
al | - | |
: | | ﬂ i I— e Models tested:

o PubTator 3.0 (NLM tool)

o BioBERT, BioLinkBERT

| o LLMs: Mixtral-8x7B Instruct,
‘ L ChatGPT-4

e Tasks:
o NER — BIO tagging (B/I/O)
o RE — document-level relation
classification

Fi

]

| ]

|

e

|
|

H BicRERT BisLinkBERT B PubTagsr W Mizcral W Mixtral (Relaxed) — B ChatGPT4 0 ChatGPT 4 (Ralaxed)

He, Ting, et al. "Artificial Intelligence-assisted Biomedical Literature Knowledge Synthesis to Support Decision-making in Precision Oncology." AMIA Annual
Symposium Proceedings. Vol. 2024. 2025.
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AutoSurvey: Large Language Models Can Automatically
Write Surveys

Skrey, Topec(l) e Retrieval & Outline Generation:
Stage 1 S 2
_____ A Rerevl £ Gl Omenion | smeiroame o Fetch top-K relevant papers and
f' retrieved‘publications o vf?bi;; dl’aﬁ: d h|erarCh|Ca| OUﬂIne
0 : Pa K L o= R S . o Section Drafting:
Gt . % .*‘:' = 15

o Multiple LLMs generate sections in

_______________________________________________________________ R e siraaseae e parallel with retrieval grounding.
Stage 4 Stage 3 i i .
yr=samEs Rigorous Evaluation & Iteration ~ ----- i " lmegralion‘;ekeﬁnemem ----- - ¢ Integratlon & Reflnement'
| Selectthebestsurvey | L B i s o Merge drafts and ensure
s e, o | * Ol i
—— B e el Du St B 3 R i coherence and factual accuracy.
. = ! B e —— ||| ' ‘ 5 . )
: , R B — P . @' : e Evaluation & lteration:
Y l ) | ' Refine each section :
________________________ Balstethesurveys /O Iategratetherefnedsectons 00 o Multi-LLM-as-Judge framework
rates coverage, structure, and

Survey F, citation quality.

Wang, Yidong, et al. "Autosurvey: Large language models can automatically write surveys." Advances in neural information processing systems 37 (2024): 115119-
115145.
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AutoSurvey: Large Language Models Can Automatically
Write Surveys

Algorithm 1 AUTOSURVEY: Automated Survey Creation Using LLMs.

1: Input: Survey topic T, publications database D

2: QOutput: Final refined and evaluated survey document Fj.;
3: for each survey generation trial £ = 1 to NV do

4:  Phase 1: Initial Retrieval and Outline Generation

5:  Retrieve initial pool of publications FP,,; < Retrieve(T’, D)
6:  Generate outline O + Outline(T, Py}

7:  Phase 2: Subsection Drafting
8.
9

for each section O; in O in parallel do
: Retrieve relevant publications P... < Retrieve(O;, D)
10: Draft subsection S; < Draft(O;, Piec)
11:  end for
12:  Phase 3: Integration and Refinement
13:  Refine the merged document to improve coherence R; + Refine(.S;)
14:  Merge subsection drafts into a single document F; + Merge(R;, Ra, ..., R,)
15: end for
16: Phase 4: Rigorous Evaluation and Iteration
17: Evaluate and select the best survey document Fi. +— Evaluate(F, F5, ..., Fy)
18: Return: Refined and evaluated survey Fj,.q

Wang, Yidong, et al. "Autosurvey: Large language models can automatically write surveys." Advances in neural information processing systems 37 (2024): 115119-
115145.
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AutoSurvey: Large Language Models Can Automatically
Write Surveys

22 11 22
2 17 . 55 36 -
3: 21 . s
444
5:18 4: 56
470
222

(a) Relevance (b) Structure (c) Usefulness

e AutoSurvey shows that multi-stage, retrieval-grounded LLM pipelines can produce near-human-quality
academic surveys — automating a core part of scientific synthesis.

Wang, Yidong, et al. "Autosurvey: Large language models can automatically write surveys." Advances in neural information processing systems 37 (2024): 115119-
115145.
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Evaluating LLMs on Medical Evidence Summarization

npj ’ digital medicine www.nature.com/npjdigitalmed
ART'CLE OPEN W) Chock for updates
Evaluating large language models on medical evidence
summarization

Liyan Tang', Zhaoyi Sun (*7, Betina Idnay(®?, Jordan G. Nestor (if', Ali Soroush (i1, Pierre A. Elias (3?, Ziyang Xu®, Ying Ding’,
Greg Durrett®, Justin F. Rousseau(/*®, Chunhua Weng (*® and Yifan Peng (37

Recent advances in large language models (LLMs) have demonstrated remarkable successes in zero- and few-shot performance on
various downstream tasks, paving the way for applications in high-stakes domains. In this study, we systematically examine the
capabilities and limitations of LLMs, specifically GPT-3.5 and ChatGPT, in performing zero-shot medical evidence summarization
across six clinical domains. We conduct both automatic and human evaluations, covering several dimensions of summary quality.
Our study demonstrates that automatic metrics often do not strongly correlate with the quality of summaries. Furthermore,
informed by our human evaluations, we define a terminology of error types for medical evidence summarization. Our findings
reveal that LLMs could be susceptible to generating factually inconsistent summaries and making overly convincing or uncertain
statements, leading to potential harm due to misinformation. Moreover, we find that models struggle to identify the salient
information and are more error-prone when summarizing over longer textual contexts.

npj Digital Medicine (2023)6:158 ; https://doi.org/10.1038/541746-023-00896-7
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Evaluating LLMs on

Medical Evidence
Summarization

Reviews obtained from the
Cochrane Library

*\Well-structured abstracts
*Freely available

2025 ANNUAL SYMPOSIUM

Coriolus (Trametes) versicolor mushroom to reduce adverse effects
from chemotherapy or radiotherapy in people with colorectal cancer
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Evaluating LLMs on Medical Evidence Summarization

Authors' conclusions

Due to the very low certainty of evidence, we were uncertain about the effect of adjunctive Corofus (in the form of an extract PSK)
on adverse events resulting from conventional chemotherapy for colorectal cancer. This includes effects on withdrawal of
treatment due to adverse events and on specific adverse outcomes such as neutropenia and nausea. The uncertainty in the
evidence also means that it was unclear whether any adverse events were due to the chematherapy or to the extract itself. While
there was low-certainty evidence of a small effect on overall survival at five years, the influence of reduced adverse effects on this
could not be determined. In addition, chemotherapy regimens used in assessing this cutcome do not reflect current preferred

practice,
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Evaluating LLMs on Medical Evidence Summarization

Main results

We included seven parallel RCTs (1569 participants). Six studies (1516 participants) were conducted in Japan and one study (53
participants) in China. Studies included both male and female participants with colorectal cancer (five studies), colon cancer (one
study) or rectal cancer (one study). Participants were diagnosed with cancer ranging from stage Il to stage IV. Coriolus was used in
the form of an extractin all seven studies and was generally used after curative resection, although in one study it was used

preoperatively. Duration of treatment with the extract varied between four weeks and three years. Chemotherapeutic regimens in

Background

six studies consisted of an oral flucropyrimidine which was preceded by weekly intravenous 5-Fluorouracil (5-FU) in one study, by

Padat e sy s Cmallarspy M usid 1D I9J00ee Ly o ¢ Couwr et Cancet Dot adoer e #Mects Lan e 8 pralier. Sev mitomycin C in two studies, and which was combined with folinic acid (Leucovorin) in two studies and with radiotherapy
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Evaluating LLMs on Medical Evidence Summarization

Main results

We included seven parallel RCTs (1569 participants). Six studies (1516 participants) were conducted in Japan and one study (53
participants) in Chuna. Studies included both male and female partiapants with colorectal cancer (five studies), colon cancer (one
study) or rectal cancer (one study). Participants were diagnosed with cancer ranging from stage Il to stage IV. Coriolus was used in
the form of an extract in all seven studies and was generally used after curative resection, although in one study it was used
preoperatively. Duration of treatment with the extract varied between four weeks and three years. Chamotherapeutic regimens in
six studies consisted of an oral fluoropyrimidine which was preceded by weekly intravenous 5-Fluorouracil (5-FU) in one study, by
mitomycin C in two studies, and which was combined with folinic acid (Leucovornn) in two studies and with radiotherapy

preoperatively in one study. XELOX (oxaliplatin intravenous infusion and capecitabine) was used in the remaining study

We found very low-certainty evidence of little to no effect of adjunctive treatment with Coriolus (in the form of an extract
polysaccharide-Krestin, PSK) on withdrawal from treatment due to adverse events (risk ratio (RR) 1.03, 95% confidence interval

Cl) 0.45 to 2.34; 703 participants; 3 studies;). We are uncertain whether adjunclive Conolus versicolor and ils extracts compared

Objeﬂivn to usual care alone resulted in a difference in adverse events including neutropenia (RR 0.41, 95% C10.24 to 0.71; 133 participants;
3 studies; very low certainty], oral cavity disorders such as oral dryness and mucositis [RR0.37, 95% C10.13 t0 1.03; 1022
12 s e M \ "l " ' W VNI ARSI M T IO M wvse ¢ % » ST ALY p_ . M . ra - e ~ »
ahdbe . . ' ' participants; 5 studies; very low certainty), nausea (RR0.73, 95% €1 0.44 10 1.22; 969 participants; 4 studies; very low certainty),
g T e "y e mrveesticvensrbeoon andrrcinth e »y -l""\'l'l.l"v-'-" < g =
diarrhoea (RR 0,77, 95% C10.32 to 1.86; 1022 participants; 5 studies; very low certainty), and fatigue (RR0.76; 95% C10.33t0 1.78;

133 partucipants; 3 studies; very low certainty)

We found low-certainty evidence of a small effect of adjunctive Conolus on improved survival at five years compared with no
adjunctive care (RR 1.08, 95% CI 1.01 to 1.15; 1094 participants; 3 studies; number needed to benefit (NNTB) = 16 (95%: CI9to 70)

The effect at carlier time points was unclear
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Evaluating LLMs on Medical Evidence Summarization

Domain Count Abstract Main results Conclusion
Alzheimer’s disease 10 678 449 114
Kidney disease 10 887 564 95
Neurological conditions 10 791 480 106
Skin disorders 9 1008 763 1338
Heart failure 7 304 542 103
Esophageal cancer 7 632 397 119
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Evaluating LLMs on Medical Evidence Summarization

* GPT 3.5 (text-davinci-003) and ChatGPT

* ~ half of the reviews are from 2022 and 2023
* after the cutoff date of GPT3.5(2021/06) and ChatGPT (2021/09)

* Prompt : » . :
[input] + “Based on the Objectives, summarize the above

systematic review in four sentences”

Why four sentences in summary:
It is close to the length of human
reference summaries on average
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Automatic evaluation

Reference-based metrics: similarity between generated- and reference- summaries

All models exhibit similar performance

A low BLEU score: the generated summary
Is written differently from the reference

ROUGE-L METEOR BLEU

#AMIA2025



Automatic evaluation — extractive or abstractive

0.75
0.50
0.25 I:J
0.00

vel 1-gram % novel 2-gram % novel 3—gram

. ChatGPT-MainResult D ChatGPT-Abstract . GPT3.5-MainResult . Reference-MainResult

Machine generated summaries tend to be:
extractive.
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Human evaluation — Coherence

ns. : Coherence:
Clear, logical, and well-organized;
easy to understand and follow.

Most generated summaries are:
coherent.

T T T
ChatGPT-MainResult ChatGPT-Abstract GPT3.5~MainResult

Strongly
Agree

Strongly
Disagree

Agree Meutral Disagree
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Human evaluation — Factual Consistency

\ Factual Consistency:
| | | Correctness; supported by the input
E— =" articles.

<10% of summaries exhibit:
factual errors.

Strongly

Strongly
Agree Meutral Disagree Disagree

Agree
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Human evaluation — Comprehensiveness

Comprehensiveness:
Complete coverage of key
e [ information from the input articles.

I . - >75% of summaries provide:
comprehensive info.

ChatGPT- M nResult Cha tE.-F"T Abstract GPT3.5- M nRe

Strongly
Agree

Strongly
Disagree

Agree Meutral Disagree
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Human evaluation —- Harmfulness

Harmfulness:
May result in undesired changes in
therapy due to the misinterpretation.

& &
-

n.s.
| . |
0.5+ I I I
/7 T
——

- T T T
ChatGPT-MainResult ChatGPT-Abstract GPT3.5-MainResult

<10% of summaries may be:
harmful.

Strongly

Strongly
Disagree

Agree Agree MNeutral Disagree
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Summary

* Reliable quality evaluation still requires human expert judgements.

* LLMs could be susceptible to:
e generating factually inconsistent summaries
* making overly convincing or uncertain statements

* leading to potential harm due to misinformation.
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Risks with proprietary (closed-source) LLMs

npj | digital medicine Article

Published in partnership with Seoul National University Bundang Hospital A’

®

* Lack of transparency

Closing the gap between open source and e Limited customization
commercial large language models for ,
medical evidence summarization * Dependency on providers

% Check for updates g etC .

Gongbo Zhang', Qiao Jin@?, Yiliang Zhou ®?, Song Wang @*, Betina Idnay’, Yiming Luo®, Elizabeth Park®,
Jordan G. Nestor @°, Matthew E. Spotnitz®, Ali Soroush @ **, Thomas R. Campion Jr.**, Zhiyong Lu®@?,
Chunhua Weng @' & Yifan Peng @*"

Large language models (LLMs) hold great promise in summarizing medical evidence. Most recent

studies focus on the application of proprietary LLMs. Using proprietary LLMs introduces multiple risk N d f p 1 b l
factors, including a lack of transparency and vendor dependency. While open-source LLMs allow e e O r t ra n s a re nt ’ c u Sto m Iza e )
better transparency and customization, their performance falls short compared to the proprietary . .

ones. In this study, we investigated to what extent fine-tuning open-source LLMs can further improve m a I nta I n a b le m O d e lS .

their performance. Utilizing a benchmark dataset, MedReview, consisting of 8161 pairs of systematic

reviews and summaries, we fine-tuned three broadly-used, open-sourced LLMs, namely PRIMERA,

LongT5. and Liama-2. Overall, the performance of open-source models was all improved after fine-

tuning. The performance of fine-tuned LongT5 is close to GPT-3.5 with zero-shot settings.

Furthermore, smaller fine-tuned models sometimes even demonstrated superior performance

compared to larger zero-shot models. The above trends of improvement were manifested in both a

human evaluation and a larger-scale GPT4-simulated evaluation.
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Open-source LLMs

Open-source LLMs Closed-source LLMs
* Pros: P
* Fros.
* Open access to code/methods ]
« Customizability * High performance
* Broadly accessible to community e COns:
 Cons:

* Lack of transparency
* Limited customization
' * Dependency on providers

* Relatively low performance

How to adapt open-source LLMs to clinical
evidence summarization?
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LLMs selection criteria

* Publicly accessible
* Able to process long input

# of Trainable

Context Open Summarization Total # of

Model Developer Window Size Source Task Specific Params Params
(LoRA r=8)

PRIMERA A2 4,096 v v 1.18M (0.26%) 448 40M
LongT5-base  Google 16K v v 3.54M (1.41%) 251.13M
LongT5-x1 Google 16K v v 4.72M (0.17%) 2.85B
Llama-2 Meta 4,096 4 16.38M (0.02%) 69.0B
GPT 3.5 OpenAl > 4K SELECTED ! N/A 175B
GPT 4 OpenAl > 4K N/A N/A
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Fine-tuning LLMs

* Challenges
 High demand for computation resources
 Performance loss on tasks other than summarization

* Solution: Low-Rank Adaption (LoRA)
 Keeps most original parameters frozen
* Adjusts only a small number of extra parameters (<1%)
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Dataset

Health professional education 4
Mathodology
Allergy & intolerance 4

8,161 abstracts of systematic

Health & safety at work 1
Diagnosis 1

Wounds 4 T .

reviews from the Cochrane Library
Tobaceo, drugs & aloohol 4
Ear, nose & throal 1

Dentistry & oral haalth 4 .
Effeclive practice & health systems e 3 7 tO p IC S

Developmeantal, psychosocial & learning problems <
Genatic disorders -

* When published: 1996/04 - 2023/06

Skin disorders 4
Endocring & metabolic 4

ey s * Training: before 2022/09

Gynaecology 1

Reproducive & sexua health |  Testing: after 2022/09

Pain & anaesthesia 4
Orthopaedics & trauma
INSUrance mMmedicine 5

Pregnancy & childbirth 4

Mantal haalth =
Gastroenterology & hepatology <
Complementary & alternative medicineg 1
Cancer <

Heart & circulation <

Infectious disease <

Lungs & airv

Meru Y

Child health 4

gy =

] 1000 2000
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Automatic evaluation metrics

Reference-based metrics (similarity between generated- and reference-
metrics):

« Commonly used metrics
* ROUGE-L
« METEOR
« CHRF

* PICO based precision /recall/ F-1

* Participants, Interventions, Comparison, and Outcomes

* Fine-tuned a BERT-based model to extract PICO mentions
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Automatic evaluations

LongT5
L SU 1 - TR
|—_|_ 1 EI-.-l r I |
nd T T gD- -
60+ T Model variants:
B0 - L
oo S w T -zero shot (zs)
% 50 NT o | &L
-1 5 40 1 T O
0 O 407 O
o = (v
25 - 20. N . 30 J
0 L L 0+ i _._ - I 01 ! !
z5 ft Z5 ft Z5 it Z5 ft

ROUGE-L: 14.72 - 24.61
METEOR: 15.06 - 28.27
CHREF: 22.99 - 38.81
PICO-F1: 36.05-> 51.43
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Automatic evaluations
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Auto summary examples

doi: 10.1002/14651858.CD012458

Reference Summary:

The review from randomized trials to the use of patient isolation
measures ( ) with HAIls. Risks secondary to infection control measures
need to be balanced against the benefits of decreasing horizontal transmission in the neonatal unit for optimal
neonatal outcomes. There is an urgent need to research the effectiveness of patient isolation measures for
preventing the transmission of HAIls in neonatal units. Well-designed trials randomizing clusters of units or
hospitals to a type of patient isolation method intervention are warranted.

LongT5:

(ROUGE-L: 30.88, METEOR: 23.48)

We found the use of for preventing transmission
of HAIls or colonization with HAI causing pathogens less than six months of age admitted to the

neonatal intensive care unit (NICU).
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Fine-tuned smaller models vs. larger baselines

H:| 4

o
(=]

7 0.9- Total # of
60 Model Params
| o —

EI 0 2 s LDIL 0.6 PRIMERA 448.40M

S = 40 5 40 Q .
£ = = ongT5-base  251.13M
2 20+ l l B 0.3 | LongT5-xl 2 85B
! I ° Llama-2 69.0B

o 0- L L 0.0 |
| base—ft ¥l-zs base-z¢  base—ft I- : base—ft - : E it

T5 variants:
-Xl (extra large)

-base after fine tuning
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LongT5 vs. GPT-3.5-turbo

LongT5:
(ROUGE-L: 30.88, METEOR: 23.48)

We found the use of for preventing transmission
of HAIs or colonization with HAI causing pathogens less than six months of age admitted to the
neonatal intensive care unit (NICU).

GPT-3.5-turbo:
(ROUGE-L: 27.59, METEOR: 22.66)

This systematic review aimed to evaluate the impact of , or both, on the
transmission of healthcare-associated infections (HAIs) in newborn infants admitted to the neonatal intensive care
unit (NICU). However, no published or ongoing trials were found to include in the review. Therefore,

regarding the effectiveness of these on preventing HAIs or colonization with
HAI-causing pathogens in this population. Further research is needed in this area.
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Human evaluation

Medical Evidence Summarization

e |[lama-2vs. Fine-tuned models

Evahain MoSca Evidence Summanes Gensrated by L

Requester: Peaglas Reward: $0.00 per task Tasks svallable: 90

Qualiications Required: Nore

U e

* Aspects of high-quality summaries:
* consistency i i oy o e A 8 g hdmade i

(Gl) or low-glycaemic load (GL) diets that is excessively

g C 0 m p re h e n S ive n eS S concentrated in fats and proteins, followed by a Gl or GL diets that

include higher amounts of fruits and vegetables and consume

. po .
. f t adequate levels of carbohydrates, proteins and fats []. The
S pe C l IC I y participants were all overweight or obese, and had a chronic
T
* readability

disease burden that resulted in a worsening of their symptoms

Please select all reasons why the chosen summary is preferred
Consistency

o 7 l. 1 l rt 1 d h The chosen summary is more consistent with the input, including judgement of treatment effects, level of certainty. Overall, th
C I n I C a exp e S a S J u ge S, e a C chosen summary does not alter the meaning of the input and has litle conflicts with the input
0 Comprehensiveness
The chosen summary has a better coverage of the key points and does not omit any important information

- - -
rec e Ived ~3 5 p a I rs Of S u m m a rl e S D ?r':oe‘(:lr?::g\ summary precisely and concisely summarizes the input, and does not fabricate information not supported by the

mput

Readability (fluency and coherence)

Each sentence in the chosen summary is more readable and free of grammatical errors, The sentences are betler structured
and organized as a whole paragraph

* Win-rate: % of model generated b s i
summaries better than the baseline
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Human evaluation — win-rate
Human evaluation

Baseline win-rate: 50%

Llama-2 70B was improved after fine-tuning.

Win Rate (%)

PRIMERA LongT5 Llama2
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Human evaluation — win-rate

Human evaluation
60 -
Baseline win-rate: 50%
2 40 Smaller LLMs outperform Llama-2
@ 70B after fine-tuning.
©
o
=
S 207
Model Total # of
Params
0 PRIMERA 448.40M
] | LongT5-base 251.13M
PRIMERA LongT5 5
LongT5-x1 2.85B
Llama-2 69.0B
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# summaries with better qualities

PRIMERA
‘ LongTS

Comprehensiveness _
Consisency |
Readabilty | -
Specificity | |

0 10 20 30 40

Comprehensiveness+ _
Consistency _
Roscabity | |
Specificity 1 _

0 10 20 30 40 50

B Lamaz2-zs [ PRIMERA-ft
Llama2

B Lama2-zs [l LongTs-ft

Comprehensiveness+ _
consstency]
Specificity 4 _

Y T T T T

0 10 20 30 40 50

B Liama2-zs Llama2-ft
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GPT4-simulated Evaluation

GPT4-simulated evaluation

80 1

W zs
ft

(o))
o

.

» LLMs produced better summaries
than Llama-2 70B after fine-tuning.

Win Rate (%)
Y
o

—

20 1

N

PRIMERA LongT5 Llama2
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GPT4-simulated Evaluation

GPT4-simulated evaluation

801
60 1
X
D
= 40 Total # of
o Model Params
-
< 2. PRIMERA 448.40M
LongT5-base 251.13M
LongT5-xI 2.85B
0- Llama-2 69.0B

PRIMERA LongT5 Llama2
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GPT4-simulated Evaluation

GPT4-simulated evaluation
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Summary

* Usage of proprietary models raises risk for maintainability.

* Open-source LLMs produce more comprehensive and accurate
summaries after fine-tuning.

* Fine-tuned open-source models achieve similar performance
as SOTA closed-source ones.
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Limitations, Biases, and Open Challenges

% Hallucination: LLLM generates plausible-sounding content that is factually incorrect or
unverifiable

* Citation Fabrication: LLM produces references that look real (e.qg., correct author,
journal, format)but don't actually exist

* These risks are amplified in biomedicine, where fabricated results or citations can

mislead clinical decisions or systematic reviews
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Hallucination - -

A

HALLUCINATIONS

Type of Meaning Example Input Output
Hallucination

Input-conflicting LLM generates contentthat = A product manager provides the LLMwith = The LLM adds user needs that were not
deviates from the user's a customer interview transcript and asks = mentioned in the transcript.
input for a summary of needs.

Context-conflicting LLMgenerates contentthat =~ A PM asks for top user complaints, then First answer: "slow loading, bad UL."

conflicts with its own asks about retention issues. Second answer: "crashes, no
previous output notifications" (not consistent).

Fact-conflicting LLM generates contentthat = A CEO asks: “What is the market share of = The LLM replies with fabricated
contradicts known or competitor Z in autonomous vehicles?” numbers, even though the data is not
verifiable facts publicly available.
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Citation Fabrication

¥ citation Output Q What’s Wrong Incorrect Citations
. . , , Lead to misinformation and

Smith et al., J Clin Oncol, 2021 l No such paper exists in credibility loss
PubMed

Liu etal., Nature, 2020 l Misattributed content, wrong /] ,
authors f-i‘f{/@

Zhang et al., NEJM, 2022 Real journal, fake
volume/page

Ensure accuracy and credibility

2025 ANNUAL SYMPOSIUM #AMIA2025




Knowledge Retrieval
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Why knowledge retrieval?

- LLMs demonstrate strong overall performance, but errors and hallucinations
remain prevalent when applied to biomedicine and healthcare applications

- Rapid updated domain-specific knowledge
- Updated treatment guidelines
- New drug approvals

- Accurate answers alone are insufficient for high-stakes medical applications
- Clinicians require verifiable, traceable evidence
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. . * 16 genomics tasks,
Benchmarking large language models for genomic 1600 curated

knowledge with GeneTuring questions
Xinyi Shang', Xu Liao!, Zhicheng Ji¢, and Wenpin Hou'- %7

' Department of Biostatistics, The Mailman School of Public Health, Columbia University, New York City, NY, USA °
’Data Science Institute, Columbia University, New York City, NY, USA Manual ly evaluated

fDepartment of Biostatistics and Bioinformatics, Duke University School of Medicine, Durham, NC, USA. 48’00 0 answers from
'Corresponding author. E-mail: wh2526@cumc.columbia.edu ten L LM va ri ants
ABSTRACT

Large language models (LLMs) show promise in biomedical research, but their effectiveness for genomic inquiry remains ° Pl‘eV al en-t
unclear. We developed GeneTuring, a benchmark consisting of 16 genomics tasks with 1,600 curated questions, and manually

evaluated 48,000 answers from ten LLM configurations, including GPT-40 (via API, ChatGPT with web access, and a custom hallucinations are

GPT setup), GPT-3.5, Claude 3.5, Gemini Advanced, GeneGPT (both slim and full), BioGPT, and BioMedLM. A custom GPT-40

configuration integrated with NCBI APIs, developed in this study as SeqSnap, achieved the best overall performance. GPT-40 (0) bse rved for LL M S

with web access and GeneGPT demonstrated complementary strengths. Our findings highlight both the promise and current . .
without retrieval

limitations of LLMs in genomics, and emphasize the value of combining LLMs with domain-specific tools for robust genomic
intelligence. GeneTuring offers a key resource for benchmarking and improving LLMs in biomedical research.

Hou, W., Shang, X. and Ji, Z., 2025.
Benchmarking large language models for
genomic knowledge with
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Without retrieval vs retrieval

Gene name extraction{ 046 0.3 0.07 0.11 0.08 0.07 0.31 0.67 * Ha||UCIﬂatI0n SCores
Gene alias{ 0.82 0.44 0.25 0.6 045 0.47 081 0.9 (|OW€I’ IS better)
Gene name conversion{ 004 1 001 1 09 1 1 1
Gene location{ 0.51 0.08 0.12 0.52 0.51 0.19 0.72 0.96
SNP location1 002 0 095 0 0.33 048 0.86 0.96 .
Gene SNP associaton]{ 0 0 087 0 055 0.46 06 1 « GPT-40 without
Protein-coding genes{ 0.07 0.05 0.02 0.04 0.02 0.01 0.16 0.55 retrieval produced
Gene disease association{ 0.57 04 0.14 0.23 0.28 0.21 0.48 0.98 . o
Gene ontology{ 0.16 0.64 0.32 0.17 0.45 0.38 0.72 0.86 errors In 99 /° Of
TF regulation{ 0.05 0.03 0.13 0.2 0.1 0.18 042 0 gene-name
Humar? genome DNA alfgnment- 0.01 0.07 0.01 006 O 0 0.15 0.93 ConverSion cases
Multi-species DNA alignment{ 0 0.1 038 0.12 0 0 012 1
Human genome DNA alignment programming{ 0.04 0.06 0.2 0.77 0.94 0.98 0.78 NA
Multi-species DNA alignment programming{ 0.01 0.1 032 0.26 035 1 NA 098 NA
Amino acid translation{ 0.71 0.87 0.18 0.89 0.48 0.94 NA 1 NA
DNA sequence extraction{ 0.02 0.02 0.12 0 014 089 1 058 NA
ot \%‘3\%\“\\\ N%?Q ao ‘Excwa“ ?" et w 6\06?‘
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Without retrieval vs retrieval

Gene name extraction{ 0 0.05 0.61 0.86 0.86 0.86 0.38 0.54] 0.8

Gene alias{ 0 0.04 0.19 0.26 045 0.28 0.18 0.27

Gene nameconversion{ 0 O ©0 O O 008 0 O

Gene location{ 0.04 0.09 0.27 0.33 051 045 0.36 0.57

SNP location{ 0.04 0.02 0.05 0.03 0.03 0.02 098 1

Gene SNP association{ 0 0 0 0 0 0 098 1

Protein—coding genes{ 0.22 0.36 0.62 0.69 081 084 06 0.92

Gene disease association] 0.01 0.12 045 0.57 0.74 0.67 0.32 0.34

Gene ontology{ 0.04 0.08 0.13 0.27 0.27 0.31 0.01 0.13
TF regulation{ 0 0.06 0.58 0.57 0.51 0.44 0.24 0.06

Human genome DNA alignment{ 0.07 0.04 0 0 0 0 022 091
Multi-species DNA alignment{ 0 0 001 0 0 001 0 o084
Human genome DNA alignment programming{ 0 0 0.11 0.09 0.01 0.05 0.38 0.46
0.02 044 0 037 001 042
0 0.05 006 052 0 0
I] ﬂ El ID 0.7 0.35

» Accuracy scores
(higher is better)

For the same gene
name conversion
task, GPT-40 with
retrieval achieved
99% accuracy

o
=

Multi-species DNA alignment programming 1
Amino acid translation 1
DNA sequence extraction 1

o
o

==
==

G T g D
Ggﬁ\ C,".,B-Ude Gﬁ‘-ﬂe G-‘E' G
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CASE STUDY f /\, in 2 V]

Limitations of Learning New and Updated
Medical Knowledge with Commercial Fine-
Tuning Large Language Models

Authors: Eric Wu, Ph.D. & | Kevin Wu, Ph.D. , and James Zou, Ph.D. Author Info & Affiliations

Published July 15, 2025 | NEJM Al 2025;2(8) | DOI: 10.1056/Alcs2401155 | VOL. 2 NO. 8 | Copyright ©_2025

R © @ »

Abstract

Large language models (LLMs) used in health care need to integrate new and updated

medical knowledge to produce relevant and accurate responses. For example, medical 0
guidelines and drug information are frequently updated or replaced as new evidence
emerges. To address this need, companies like OpenAl, Google, and Meta allow users to
fine-tune their proprietary models through commercial application programming
interfaces. However, it is unclear how effectively LLMs can leverage updated medical
information through these commercial fine-tuning services. In this case study, we
systematically fine-tuned six frontier LLMs — including GPT-40, Gemini 1.5 Pro, and
Llama 3.1 — using a novel dataset of new and updated medical knowledge. We found
that these models exhibit limited generalization on new U.S. Food and Drug
Administration drug approvals, patient records, and updated medical guidelines. Among
all tested models, GPT-40 mini showed the strongest performance. These findings <
underscore the current limitations of fine-tuning frontier models for up-to-date medical

use cases.

« LLMs struggled with
new and updated
medical knowledge
compared to standard
benchmarks

Wu, E., Wu, K. and Zou, J., 2025.
Limitations of learning new and
updated medical knowledge with
commercial fine-tuning large
language models. NEJM Al, 2(8),
p.Alcs2401155.
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How do we retrieve relevant evidence?

« How do humans retrieve relevant evidence?

« Do creative web search
« Experiment with several searches
« Put yourself in an author's shoes; what phrases might they have used?
« Specifically search Google Scholar, etc.
« Track down related work (once you have a relevant paper)
« Follow the bibliography to earlier papers
» See who else has cited the work

« Read each paper to find related work
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How do we retrieve relevant evidence?

« How do humans retrieve relevant  How do machines retrieve
evidence? relevant evidence?
- Do creative web search « Construct knowledge graphs for
Experiment with several searches each paper
Put yourself in an author's shoes; what « Search for keywords based on the
phrases might they have used? constructed knowledge graph
« Specifically search Google Scholar, etc. e Use papers’ references and
« Track down related work (once you have citation networks to identify
a relevant paper) related papers
Follow the bibliography to earlier papers e Search for semantically relevant
« See who else has cited the work sentences based on embedding
 Read each paper to find related work similarity and overlapping
knowled)ée graphs
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Information

Retrieval

Literature Search
Engines (Google

Scholar, PubMed)

- J

4 )

KG-Augmented
Retrieval (PubTator
3, ESRA)

- J

Sentence Retrieval
(LitSense,

EvidenceMiner,
SPIKE)

Dataset

| Recommendation

(Datafinder)

Different types of knowledge retrieval

Multi-modal
Molecule Text
Retrieval
(Text2mol,
MoleculeSTM)

Multi-modal Image
Text Retrieval

(Cross-modal
RAG)
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Standard retrieval pipeline

« Step 1:
Retrieval

@ - Retrieval -

Question =4 Prompt

“r-41>» Question —_— Models

(vs) || e Searches
~and
~ provides
1 ~information

-r» Context |

5 5 relevant to

the query

Yang, R., Wong, M.Y.H., Li, H., Li, X., Zhu, W., Liao, J., Yu, K., Liew, J.C.K., Xuan, W., Chen, Y. Ke, Y., ... and Liu, N., 2@25. Retrieval-Augmented Generation
in Medicine: A Scoping Review of Technical Implementations, Clinical Applications, and Ethical Considerations. arXiv preprint arXiv:2511.05901.
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Standard retrieval pipeline

« Step 2:
~ Augmentati
Prompt S Sa— ) on

Sparse Dense Hybrid TS QUGS“O”

- Retrieval —

> Question - =-=d_

L SERSS e 41> Context

= || = * Prompt +
l retrieved
context to

LLMs
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Standard retrieval pipeline

« Step 3:

~ Retrie Generation
> Question o . Prompt
i .8 Hybuid ] T > Question
_' | -‘,;..5..; - |.-+»  Context * LLMs
= || = % generate
l the final
L output
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Data Source Data Type o 2 51 re I evant
s Biomedical Scientific Corpora 90 S-t u d i eS:
Cilinical Guideline 68
Online Information 39
Electronic Health Record 34
sl oma . Data source
36 Knowledge Graph 20 o 800/0 used publiC
. : 9 Self-Collected Information 30 d a‘t a
Public  Private  Both Ot Aniescl Dulaet Jge
* 15% used private
Retrieval Method B i i LLM Type
189 103 * 5% used both
85
o— 55
24
11
Dense Sparse Hybrid Proprietary Open-Weight Both
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Data Source Data Type ° 251 releva nt
184 5 Blomedical Scientic Corpora stu d | es:
O Electronic Health Record Da‘ta type
36 K::!dqzl;raph 3 ° Biomedical
: C o i literature
Pulc  Pvae  Bot ol | » Clinical guidelines
Retrieval Method g LLM Type  Clinical notes
189
7 . » Textbooks
« Knowledge graphs
P — = « Others
24
11
Dense Sparse Hybrid | Proprietary Open-Weight Both
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Data Source Data Type o
e 251 relevant
..... o Biomedical Scientific Corpora 20 S.t u d I eS:
7 Ciinical Guideline 68
Oniine Information 39
C ~ ’ O Electronic Health Record 3 o
o = Retrieval methods
36 N « Mostly dense
Self-Collected Information 30 .
2 || = | _ (embedding-based)
Public Private Both -t dey usseson Anslouring Deteest Ir®
Retrieval Method 1 LLM Type
189 103
85
55
24
11
Dense Sparse Hybrid Proprietary Open-Weight Both
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Data Source

36
9

‘Public Private Both

Retrieval Method
189

24
11

Dense Sparse Hybrid

Biomedical Scientific Corpora

Cilinical Guideline

Online Information

Electronic Health Record

Medical Textbook

Knowledge Graph

Data Type e 251 relevant
— studies:
: LLM backbones
0 * Both closed-

Self-Collected Information

Question Answering Dataset 9

sourced and open-
weighted are
commonly used

Proprietary Open-Weight Both
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Publication Framework Retriever(s) LLM(s) Knowledge Sources Application(s)
Darte
un 2023 ChatDoctor™® Lexical matching Llama Wikipedia, MedlinePlus QA
g F R
Jul 2023 accGPTY Text-embedding-ada- GPT-3.5 Clinical guidelines Imaging recommendation
00288
Aug 2023  FraCChat® Text-embedding-ada-002  GPT-3.5, GPT-4 AQ/OTA Fracture and Dis- AO code identfication
location Classification Com-
pendium (2018)
Dec 2023  Clinfo.ai”” BM25, Entrez API”! GPT-3.5, GPT-4 PubMed QA, Summarization

Jan 2024

Jan 2024
May 2024
Jun 2024
Jul 2024

Jul 2024

Aug 2024

Aug 2024
Sep 2024
Sep 2024

Oct 2024

Dec 2024

2
Almanac®?

RALL”?
Ferber et al.”?
RECTIFIER?*’
Self-BioRAG”®

DocOA”*

MedRAG?

Alkhalaf et al.””
Charzoc>?

Benfenati et al.”™®

Bora
Cuayihuid '’
EyeGPT'"!

Text-embedding-ada-002
DPR®?, etc.
Text-embedding-ada-002
Text-embedding-ada-002
MedCPT

Not specified

BM25, MedCPT, Con-
triever””, SPECTER™®

5, GTEY

GTR-T5-Large

all-MiniLM-L6-v2'?2

GPT-4

GPT-4, Llama-2
GPT-4

GPT-3.5, GPT-4
Llama-2

GPT-3.5
GPT-3.5,
Llama-2,
8x7B, etc.

GPT-4,

Llama-2
Baichuan
GPT-3.5, Mistral

Llama-2, Mistral

Llama-2

PubMed, Clinical guidelines,
etc.

Wikipedia, UMLS

Clinical guidelines

Clinical guidelines

PubMed, PMC, Clinical guide-
lines, Textbooks

PubMed, Clinical guidelines
PubMed, StatPearls, Textbooks,

Mixtral- Wikipedia

EHR

Clinical guidelines, FAQs
Nutrigenetic  polymorphism
dataset, PubMed-derived

nutrition-gene studies
Textbooks, Journals

Textbooks, Custom Database

QA

Lay language generation
QA
Clinical trial screening

QA
Osteoarthnitis management

QA

Summarization
Opthalmology QA
Nutrigenetics QA
QA

Ophthalmology QA

A\MI/\ 2025 ANNUAL SYMPOSIUM

» A closer look at
published
studies using
LLM-RAG in
medicine up to
August 2025

Kim, H., Sohn, J., Gilson, A.,
Cochran-Caggiano, N., Applebaum,
S, Jin, H., Park, S., Park, Y., Park,
J., Choi, S. Contreras, BAH,, ...,
Chen, Q., 2025. Rethinking
Retrieval-Augmented Generation
for Medicine: A Large-Scale,
Systematic Expert Evaluation and
Practical Insights. arXiv preprint
arXiv:2511.06738.
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Jan 20
Jan 20

o
Ut n

Feb 2025

Mar 2025

Apr 2025
May 2025

May 2025
May 2025

Jul 2025

Jul 2025

i-MedRAG 03
Azimi et al.'™®

Bailicai'?®

Woo et al.'?”

RAG squared*®

BriefContext' %%

MKRAG!09
Yangetal.'!!

MedGraphRAG! '3

RadioRAG''*

MedCPT
Titan Text Embeddings
Vzlﬂi

MedCPT

Internal retriever

MedCPT
BM25, MedCPT

Contriever, etc.
Elasticsearch,
BERTv2!!2
Graph-based retrieval

Text-embedding-ada-002

Col-

GPT-4
GPT-4o0,
3.5 Sonnet

Claude

Qwen!'® Llama-2

GPT-3.5, GPT-4,
Claude 3, Llama-3,
Mistral-8x7B
GPT-40, Llama-3,
etrc.
GPT-40,
3.1
Vicuna-7B!10
GPT-4, Claude 3

Llama-

GPT-4, Gemini
1.0 Pro, Llama-2,
Llama-3

GPT-40 mini

Radiopaedia

StatPearls, Textbooks
Registered Dietinan (RD) exam
questions across four nutrition
domains (Academy of Nutrition
and Dietetics guidelines and ref-
erences)

PubMed, StatPearls, Textbooks,
Wikipedia

Clinical guidelines

PubMed, PMC, Clinical guide-
lines, Textbooks
PubMed, Textbooks

Disease Database

Internal, expert-reviewed hospi-
tal documents
MIMIC-IV, FakeHealth,
Health, UMLS Graph

Pub-

QA
Dietetic QA

QA

Clinical decision support

QA
Summarization

Knowledge graph QA
Clinical decision support

QA

Case retrieval, Report genera-

gon

Jul 2025 Wada etal.''® Text-embedding-3- GPT-40 Safety consultation

large™, Lexical matching
MedCPT, Graph-based re-

Clinical guidelines (ACR Man-
ual, ESUR Guidelines, etc.)

Jul 2025 MedOmniKB''© GPT-4,Gemini 1.5 PubMed, Clinical guidelines, QA

trieval Textbooks, Wikipedia, UMLS,
DrugBank
Aug 2025 MedCoT-RAG''”  MedCPT Llama-3.1 PubMed, StatPearls, Textbooks, QA
Wikipedia
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LLM-RAG implementation examples: API-based

Bioinformatics, 2024, 40(2), brae075
https://doi.org/10.1093/bioinformatics/btae075
Advance Access Publication Date: 10 February 2024

Original Paper OXFORD

Data and text mining

GeneGPT: augmenting large language models with domain
tools for improved access to biomedical information
Qiao Jin ® ', Yifan Yang', Qingyu Chen @ ', Zhiyong Lu ® '*

'National Center for Biotechnology Information, National Library of Medicine, National Institutes of Health, Bethesda, MD 20894,

United States

*Corresponding author. National Center for Biotechnology Information, National Library of Medicine, National Institutes of Health, Bethesda, MD 20894,
United States. Tel: 301-594-7089, E-mail: zhiyong.lu@nih.gov {Z.L)

Associate Editor: Jonathan Wren

Abstract

uch as the

ir further a

p.btae075.

ent tasks, providing val

Availability and impleme!

Jin, Q., Yang, Y., Chen, Q. and Lu, Z., 2024.
Genegpt: Augmenting large language models
with domain tools for improved access to
biomedical information. Bioinformatics, 40(2),
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/—{ GeneGPT prompt Jl

Hello. Your task is to use NCBI APIs to answer genomic questions.
There are two types of Web APIs you can use: Eutils and BLAST.

You can call Eutils by:
"[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/{esearchlefetchlesum
mary} . fcgi?db={gene!snplomim}&retmax={}&{term|id}={}]". {API_DOC}

# Documentation 2

For DNA sequences, you can use BLAST by:
"[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgi?(MD={Put | Get }&PROGR
AM=b1astn8MEGABLAST=0n&DATABASE=nt&FORMAT_TYPE={XML | Text }&QUERY={seq
uence }RHITLIST_SIZE={max_hit_size}]". {API_DOC}

# Demonstration 1

Question: What is the official gene symbol of LMP1Q7
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch. fcgi?db=gene&
retmax=3&retmode=json&term=LMP10]->[{API_CALL}]
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/efetch. fcgi?db=gene&r
etmax=3&retmode=jsonfid={ids}]->[{API_CALL}]

Answer: PSMB10

# Demonstration 2

Question: Which gene is SNP rs1217074595 associated with?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary.fcgi?db=snp&
retmax=3&retmode=json&id=1217074595]->[{API_CALL}]

Answer: LINCO1270

# Demonstration 3

Question: What are genes related to Meesmann corneal dystrophy?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch. fcgi ?db=omimé&
retmax=158&term=Meesmann+corneal +dystrophy]->[{API_CALL}]
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fcgi?db=omim
&retmax=15&retmode=json&id={ids}]->[{API_CALL}]

Answer: KRT12, KRT3

# Demonstration 4

Question: Align the DNA sequence to the human genome:ATTCT[...]TCTCT
[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgl?7(MD=Put&8PROGRAM=b1as
tnEMEGABLAST=0n&DATABASE=nt&FORMAT _TYPE=XML&QUERY=ATTCT[...]TCTCT&HI
TLIST_SIZE=S]->[{API_CALL}]
[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgi?(MD=Get&FORMAT_TYPE=
Text&RID={RID}]->[{API_CALL}]

\Answer: chrl5:919508085-91950932 it}

GeneTuring Question }

ich chromosome does SNP rsl1430464868 locate on human
enome?

7

J
~  GeneGPT Output | <

[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?2db=snpl&retmax=3&retmode=jsonkid=1430464868]->[{"header”
:{"type":"esummary"”, "version":"0.3"}, "result": {"uids":["14
30464868"], "1430464868" : {"uid": "1430464868" , "snp_id":14304
64868, "allele_origin":"","global_mafs":[{"study": "GnomAD",
"freq":"(=0.000007/1"},{"study": "ALFA","freq":"(=0./0"}1,"
global_population™:"", "global_samplesize”:"","suspected”:"
","clinical_significance":"", "genes":[], "acc":"NC_000013.1
1","chr":"13","handle": [*TRUNCATED*] merged_sort":"0"}}}]
Answer: chrl3 (V]
\

J

/—{ GeneHop Question } ~
What is the function of the gene associated with SNP

rs12413713587 Let's decompose the question to sub-
\questions and solve them step by step. )
~{ GeneGPT Output | N

Sub-question 1: Which gene is SNP rs1241371358 associated
with?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?db=snp&retmax=10&retmode=json&id=1241371358]->[{"heade
r":{"type":"esummary"”, "version":"9.3"}}, "result": {"uids":[
"1241371358"] [*TRUNCATED*] "merged_sort":"0"}}]

Answer: LRRC23

Sub-question 2: What is the function of LRR(C23?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?db=gene&retmax=10&retmode=json&id=10233]->[{"header":
{"type":"esummary” [*TRUNCATED*] "merged_sort":"0"}}]

\Answer: Predicted to be active in cytosol. V) )
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/—{ GeneGPT prompt }

Hello. Your task is to use NCBI APIs to answer genomic questions.
There are two types of Web APIs you can use: Eutils and BLAST.

You can call Eutils by:
"[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/{esearchlefetchles
mary} . fcgi?db={gene!snplomim}&retmax={}&{term|id}={}]". {API_DOC}

# Documentation 2

For DNA sequences, you can use BLAST by:
"[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgi?(MD={Put | Get }&PROUK
AM=b1astnSMEGABLAST=0n&DATABASE=nt&FORMAT_TYPE={XML | Text }&QUERY={s
uence }RHITLIST_SIZE={max_hit_size}]". {API_DOC}

Question: What is the official gene symbol of LMP1Q7
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch. fcgi?db=gene&
retmax=3&retmode=json&term=LMP10]->[{API_CALL}]
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/efetch. fcgi?db=gene&r
etmax=3&retmode=jsonfid={ids}]->[{API_CALL}]

Answer: PSMB10

# Demonstration 2

Question: Which gene is SNP rs1217074595 associated with?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary.fcgi?db=snp&
retmax=3&retmode=json&id=1217074595]->[{API_CALL}]

Answer: LINCO1270

# Demonstration 3

Question: What are genes related to Meesmann corneal dystrophy?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch. fcgi?db=omim&
retmax=158&term=Meesmann+corneal +dystrophy]->[{API_CALL}]
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fcgi?db=omim
&retmax=15&retmode=json&id={ids}]->[{API_CALL}]

Answer: KRT12, KRT3

# Demonstration 4

Question: Align the DNA sequence to the human genome:ATTCT[...]TCTCT
[https://blast.ncbi.nlm.nih.gov/blast/Blast.cg1?(MD=Put&PROGRAM=b1as
tnEMEGABLAST=0n&DATABASE=nt&FORMAT _TYPE=XML&QUERY=ATTCT[...]TCTCT&HI
TLIST_SIZE=S5]->[{API_CALL}]
[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgi?(MD=Get&FORMAT_TYPE=
Text&RID={RID}]->[{API_CALL}]

\Answer: chrl5:919508085-91950932

/

/—{ GeneTuring Question } N\

Which chromosome does SNP rs1430464868 locate on human
\genome?

J
~  GeneGPT Output | <

[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?2db=snpl&retmax=3&retmode=jsonkid=1430464868]->[{"header”
:{"type":"esummary"”, "version":"0.3"}, "result": {"uids":["14
30464868"], "1430464868" : {"uid": "1430464868" , "snp_id":14304
64868, "allele_origin":"","global_mafs":[{"study": "GnomAD",
"freq":"(=0.000007/1"}, {"study": "ALFA", "freq":"(=0./0"}1,"
global_population™:"", "global_samplesize”:"","suspected”:"
","clinical_significance":"", "genes":[], "acc":"NC_000013.1
1","chr":"13","handle": [*TRUNCATED*] merged_sort":"0"}}}]
Answer: chrl3 (V]
\

/—{ GeneHop Question } ~
What is the function of the gene associated with SNP

J

rs12413713587 Let's decompose the question to sub-
\questions and solve them step by step. )
~  GeneGPT Output | \

Sub-question 1: Which gene is SNP rs1241371358 associated
with?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?db=snp&retmax=10&retmode=json&id=1241371358]->[{"heade
r":{"type":"esummary”, "version":"0.3"}}, "result": {"uids":[
"1241371358"] [*TRUNCATED*] "merged_sort":"0"}}]

Answer: LRRC23

Sub-question 2: What is the function of LRR(C23?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?db=gene&retmax=10&retmode=json&id=10233]->[{"header":
{"type":"esummary” [*TRUNCATED*] "merged_sort":"0"}}]

\Answer: Predicted to be active in cytosol. 4 )
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f'{ GeneGPT prompt } —_
Hello. Your task is to use NCBI APIs to answer genomic questions.
There are two types of Web APIs you can use: Eutils and BLAST.

# Documentation 1

You can call Eutils by:
"[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/{esearchlefetchlesum
mary} . fcgi?db={gene!snplomim}&retmax={}&{term|id}={}]". {API_DOC}

# Documentation 2

For DNA sequences, you can use BLAST by:
"[https://blast.ncbi.nlm.nih.gov/blast/Blast. cgi?(MD={Put | Get }&PROGR
AM=b1astnSMEGABLAST=0n&DATABASE=nt&FORMAT_TYPE={XML | Text }&QUERY={seq

# Demonstration 1
Question: What is the official gene symbol of LMP1Q7
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch. fcgi?db=gend}
retmax=3&retmode=json&term=LMP10]->[{API_CALL}]
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/efetch. fcgi?db=gened
etmax=3&retmode=jsonfid={ids}]->[{API_CALL}]

Answer: PSMB10

# Demonstration 2

Question: Which gene is SNP rs1217074595 associated with?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary.fcgi?db=sn
retmax=3&retmode=jsondid=1217074595]->[{API_CALL}]

Answer: LINCO1270

# Demonstration 3

Question: What are genes related to Meesmann corneal dystrophy?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch. fcgi?db=omi
retmax=158&term=Meesmann+corneal +dystrophy]->[{API_CALL}]
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fcgi 7db=omi
&retmax=15&retmode=json&id={ids}]->[{API_CALL}]

Answer: KRT12, KRT3

# Demonstration 4

Question: Align the DNA sequence to the human genome:ATTCT[...]TCT(
[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgl?7(MD=Put&PROGRAM=b1(
tn&MEGABLAST=0n&DATABASE=nt&FORMAT _TYPE=XMLRQUERY=ATTCT[...]TCTCT&
TLIST_SIZE=S5]->[{API_CALL}]
[https://blast.ncbi.nlm.nih.gov/blast/Blast.cgi?(MD=Ge t&FORMAT_TYP

/—{ GeneTuring Question } N\
Which chromosome does SNP rs1430464868 locate on human
>,

?
\genome.
GeneGPT Output ! N\

a J

[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?2db=snpl&retmax=3&retmode=jsonkid=1430464868]->[{"header”
:{"type":"esummary"”, "version":"0.3"}, "result": {"uids":["14
30464868"], "1430464868" : {"uid": "1430464868" , "snp_id":14304
64868, "allele_origin":"","global_mafs":[{"study": "GnomAD",
"freq":"(=0.000007/1"},{"study": "ALFA","freq":"(=0./0"}1,"
global_population™:"", "global_samplesize”:"","suspected”:"
","clinical_significance":"", "genes":[], "acc":"NC_000013.1
1","chr":"13","handle": [*TRUNCATED*] merged_sort":"0"}}}]
Answer: chrl3 V]
\ y,

(—{ GeneHop Question } N
What is the function of the gene associated with SNP

rs12413713587 Let's decompose the question to sub-
\questions and solve them step by step. )
~  GeneGPT Output | \

Sub-question 1: Which gene is SNP rs1241371358 associated
with?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?db=snp&retmax=10&retmode=json&id=1241371358]->[{"heade
r":{"type":"esummary”, "version":"0.3"}}, "result": {"uids":[
"1241371358"] [*TRUNCATED*] "merged_sort":"0"}}]

Answer: LRRC23

Sub-question 2: What is the function of LRR(C23?
[https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary. fc
gi?db=genedretmax=10&retmode=3jsondid=10233]->[{"header":
{"type":"esummary” [*TRUNCATED*] "merged_sort":"0"}}]

Text&RID={RID}]->[{API_

\Answer: Predicted to be active in cytosol. 4 )
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Results

GeneTuring task GPT-2  BioGPT BioMedLM  GPT-3  ChatGPT  New Bing  GeneGPT (ours)

-full -slim -turbo -lang
Nomenclature
Gene alias 0.00 0.00 0.04 0.09 0.07 0.66 0.80*  0.84*  0.64" 0.76*
(Gene name conversion 0.00 0.00 0.00 0.00 0.00 0.85 1.00 1.00 1.00 0.02
Average 0.00 0.00 0.02 0.05 0.04 0.76 0.90 0.92 0.82 0.39
Genomic location
Gene SNP association 0.00 0.00 0.00 0.00 0.00 0.00 1.00* 1.00 0.96 0.90
Gene location 0.01 0.04 0.12 0.09 0.09 0.61 0.62 0.66 0.54 0.54
SNP location 0.03 0.05 0.01 0.02 0.05 0.01 1.00 0.98 0.98 0.74
Average 0.01 0.03 0.04 0.04 0.05 0.21 0.87 0.88 0.82 0.73
Functional analysis
Gene disease association 0.00 0.02 0.16 0.34 0.31 0.84 0.76* 0.66 0.63 0.39
Protein-coding genes 0.00 0.18 0.37 0.70 0.54 0.97 0.76 1.00 0.96 0.90
Average 0.00 0.10 0.27 0.52 0.43 0.91 0.76  0.84  0.80 0.65
Sequence alignment
DNA to human genome 0.02 0.07 0.03 0.00 0.00 0.00 0.44%  0.44% 0427 0.06*
DNA to multiple species 0.02 0.00 0.00 0.20 0.00 0.00 0.86 0.88 0.88 0.54
Average 0.02 0.04 0.02 0.10 0.00 0.00 0.65 0.66 0.65 0.30
Overall average 0.00 0.04 0.08 0.16 0.12 0.44 0.80 0.83 0.78 0.54
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LLM-RAG implementation examples: vector-based

BiomedRAG: A retrieval augmented
large language model for
biomedicine

Mingchen Li 9, Halil Kilicoglu P Hua Xu €, Rui Zhang® A X

Show more W

+ Addto Mendeley o& Share %9 Cite

https://doi.org/10.1016/].jbi.2024.104769 A Get rights and content 2
Li, M., Kilicoglu, H., Xu, H. and Zhang, R.,
Under a Creative Commons license A @ Open access 2025. Biomedrag: A retrieval augmented
large language model for
biomedicine. Journal of Biomedical
Informatics, 162, p.104769.
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¢) Information Extractor

rdo: S ®Ts  Diverse Chunk i : E i OUtPUt ! i
dy: C"Z. & lg e i i Large ljanguagc ' '
d;: Cy® g, | gt L E i Model i i
d;: C'yo lao C, 01 Pid | x) | i
de Cholyeo C ol || || Loss |i l

\ B | \Pr-Priml| | | - ¢ ,:"f % f

( | '

col: [N |} 1] | “aree ranguag, L = == e ’
, ! A s o |
CL® L — [| ] Pudd | x,p) )i 14 TaskInstruction X | i
) o . ' E | ‘-

a) Diverse Chunk Database Construction

' ~

) Tailored Chunk Scorer Training

« Text -> chunks -> vector databases
* For different tasks, the notion of a chunk is different
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{1 :© Lo [ | Pu(d| xy) ‘ , | ask Instruction TP !

L [N J I l } - :

X | a) Diverse Chunk Database Construction ‘_ b) Tailored Chunk Scorer Trainin ¢) Information Extractor J'

 Trained a scorer to retrieve most relevant chunks given a user query
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l oo W e e e r ____________________
. | ol
‘ - S > — |
- E S do: S ®Ts  Diverse Chunk ! :
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| 1 ] | — L ! le s L - Large Language
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DB .. s . . ’ X
X | a) Diverse Chunk Database Construction i {b) Tailored Chunk Scorer Training

* The generation step remains consistent
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Additional examples

A B C
o Query || Domain-specific 3% * Decide whether to
| do RAG
Domain-speciﬁc No —~ s retrieval
Retsise O ) o
Query ' ‘ Yes|
1 | Domam-ISpecxﬁc » Self-reflect on

e 2 PMC R multiple retrieved
l | PMC passages

Answer Language ,—"/T~~"‘~-_
Model E § Query +o Query +o Query *9
|
l % : select best evidence
Answer it Jeong, M., Sohn, J., Sung, M. and Kang, J., 2024.
Answer Improving medical reasoning through retrieval and self-
; " reflection with retrieval-augmented large language
Generation RAG Self-BioRAG (Ours)

models. Bioinformatics, 40(Supplement 1), pp.i119-
i129.
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Recent tools for LLM-RAG implementations

Democratizing Al scientists using ToolUniverse

Shanghua Gao', Richard Zhu'**, Pengwei Sui'*, Zhenglun Kong'*, Sufian Aldogom'*, Yepeng Huang',
Ayush Noori', Reza Shamji', Krishna Parvataneni®, Theodoros Tsiligkaridis®, Marinka Zitnik!-56.7%
'Department of Biomedical Informatics, Harvard Medical School, Boston, MA
?Harvard College, Harvard University, Cambridge, MA
*Massachusetts Institute of Technology, Cambridge, MA
'MIT Lincoln Laboratory, Lexington, MA
SKempner Institute for the Study of Natural and Artificial Intelligence. Harvard University, Cambridge, MA
“Broad Institute of MIT and Harvard, Cambridge, MA
"Harvard Data Science Initiative, Cambridge, MA
* Co-second authors
1 Correspondence: marinka@hms.harvard.edu
TOOLUNIVERSE web service is at https://aiscientist.tools
TOOLUNIVERSE code is at hips://github.com/mims-harvard/ToolUniverse
TooLUNIVERSE package is at https:/pypi.org/project/tooluniverse

Al scientists are emerging computational systems that serve as collaborative partners in
discovery. These systems remain difficult to build because they are bespoke, tied to rigid
workflows, and lack shared environments that unify tools, data, and analyses into a common

ecosystem. In genomics, unified ecosystems have transformed research by enabling inter- Gao, S., Zhu, R., Sui, P, Kong, Z., Aldogom, S., Huang, Y., Noori
operability, reuse, and community-driven development: Al scientists require comparable A S,ha;njl R, Ii’,arva:tar:n,eni K ’ T;iligkaridis ,T ;nd Zitni’k M 202’5

infrastructure. We present TOOLUNIVERSE, an ecosystem for building Al scientists from Democratizing Al scientists using ToolUniverse. arXiv preprint
any language or reasoning model across open- and closed-weight models. TOOLUNIVERSE arXiv:2509.23426.

standardizes how Al scientists identify and call tools by providing more than 600 machine
learning models, datasets, APIs, and scientific packages for data analysis, knowledge re-

trieval, and experimental design. It automatically refines tool interfaces for correct use by Al

scientists, generates new tools from natural language descriptions, iteratively optimizes tool # AM I A 2 0 2 5
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Specification
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[
X 'a Multi-agent system )

Local tool registration é

LLMs augmented with 600+ tools for retrieval

N\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025



-

(7 = 0 .
- LT{}GI Specification Schema in TOOLUNIVERSE

.
Name: The unique identifier for the tool.
Description: A clear and concise summary of the tool’s purpose and functionality.
Parameters: A list of arguments that the tool accepts. Each argument has the following
properties:
* Argument Name: The name of the parameter.
* Argument Type: The expected data type for the parameter’s value (e.g., string,
integer, boolean).
* Argument Description: A detailed explanation of what the parameter represents
and its purpose.
* Required: A boolean value indicating whether the parameter 1s mandatory for the
tool to execute.
Return Schema: A description of the structure and data types of the output returned by the
tool upon successful execution.
e 4
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Potential issues of RAG

Automatic and Human Evaluation Ethical and Contextual Consideration
112 251 o
777/ L A e R * Limited manual
evaluations
80
 Most used RAG as
‘black-box’
- 43
* Only end-task
o performance is
1 | .. | e measured
Automated Both Human Bias Safety Low-Resource
Evaluation Evaluation Evaluation Evaluation Setting
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Systematically studying the effectiveness of LLM-RAG in

medicine

Rethinking Retrieval-Augmented Generation for Medicine:
A Large-Scale, Systematic Expert Evaluation and
Practical Insights

. o= p = ) . @ . = 5 . ? N . P -
Hyunjae Kim', Jiwoong Sohn?, Aidan Gilson?, Nicholas Cochran-Caggiano®, Serina Applebaum’, Heeju Jin®,

Scihee Park®, Yujin Park®, Jiyeong Park®, Seoyoung Choi®, Brittany Alexandra Herrera Contreras'®,
Thomas Huang', Jachoon Yun”, Ethan F. Wei''®, Roy Jiang', Leah Colucci', Eric Lai', Amisha Dave',
Tuo Guo', Maxwell B. Singer', Yonghoe Koo”, Ron A. Adelman’, James Zou'?, Andrew Taylor'',
Arman Cohan'?, Hua Xu', and Qingyu Chen '’

'Yale School of Medicine, Yale University, New Haven, CT, USA

?Department of Biosystems Science and Engineering, ETH Zurich, Zurich, Switzerland
*Massachusetts Eye and Ear, Harvard Medical School, Boston, MA, USA

Geisel School of Medicine at Dartmouth, Hanover, NH, USA

3Seoul National University College of Medicine, Seoul, Republic of Korea

©San Juan Bautista School of Medicine, Caguas, PR, USA

7Hanyang University College of Medicine, Seoul, Republic of Korea

8PA Leadership Charter School, West Chester, PA, USA

?Asan Medical Center, University of Ulsan College of Medicine, Seoul, Republic of Korea
19Gtanford University School of Medicine, Stanford, CA, USA

1l University of Virginia School of Medicine, Charlottesville, VA, USA

12Yale School of Engineering & Applied Science, Yale University, New Haven, CT, USA
"gingyu.chen@yale.edu
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« Does RAG actually
improve factuality
and evidence use
as expected?

Kim, H., Sohn, J., Gilson, A.,
Cochran-Caggiano, N., Applebaum,
S, Jin, H., Park, S., Park, Y., Park,
J., Choi, S. Contreras, B AH., ...,
Chen, Q., 2025. Rethinking
Retrieval-Augmented Generation
for Medicine: A Large-Scale,
Systematic Expert Evaluation and
Practical Insights. arXiv preprint
arXiv:2511.06738.
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Systematically studying the effectiveness of LLM-RAG in
medicine

18 healthcare professionals systematically made 80,502 annotations on
commonly adopted LLM-RAG implementations in medicine

« 800 LLM outputs head-to-head comparisons with and without RAG
* GPT-40 and Llama-3.1-8B

« 200 medical questions: 100 real-world patient questions and 100 USMLE-style
queries
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Stage-wise, systematic evaluations

- Evidence retrieval (Retrieval stage): the relevance and coverage of the
retrieved passages

- Evidence selection (Augmentation stage): whether LLMs effectively
incorporated relevant passages into their responses

- Response generation (Generation stage): the factuality and completeness
of final LLM outputs
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Evidence retrieval (Retrieval stage)

l. Evidence Query (n=200): “Benadryl makes me super sleepy. Can | take Claritin during the day instead?”
Retrieval
(n=30,800) lv Relgvance Whether each
. retrieved passage is:
Retrieval —_— — | Cross-reference  Must-have
S— =] =] € statements - Relevant
Database Passage 1 Passage 16 (n=1,925) HKirrelevant
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Evidence selection (Augmentation stage)

+

Il. Evidence Retrieved Model Response and Supporting References (n=1,627)

Selection Content

+ Diphenhydramine, the active ingredient in Benadryl, is @ <= Top-16 Passages
(n=26,032)

Query first-generation H1 histamine receptor antagonist that is
commonly associated with drowsiness or sleepiness as a

y ¥ side effect [1][2]. Due to these sedative properties,

Benadryl is often used as a sleep aid, but it can cause

—\
L'E;_:. ~» daytime sleepiness, grogginess, and an increased risk of
LLM

Evidence Selection
Whether each cited
(GPT-40and 44y peferences reference Is:
Llama-3.1-8B) ;1 mohan S, et al. A Case of Massive Diphenhydramine and — Relevant

Naproxen Overdose....
2. Benadryl. Wikipedia. Accessed October 14, 2023 ...

falls [2]. Claritin (foratadine) is a second-generation ...

X Irrelevant
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Response generation (Generation stage)

1. Response Model Statements (n = 15,970)

ﬁffj;a;;g}n a Diphenhydramine is the active ingredient in Benadryl. Factuality Whether each
! Ly (7T model statement is:
Diphenhydramine is a first-generation H1 histamine = )
Model receptor antagonist. - . Factually Accurate
Lenliniie X Inaccurate
Benadryl has sedative properties.
Must-have Statements (n=1,925) c .
- . . ompleteness Whether
Q’P henhydramine {Be:r}ad;}z:!) Isd essential information is:
é first-generation antihistamine.
) m . - : Responses from Supported
°. A first-generation antihistamine four different — .
Gold frequently causes sedation. systems Partially Supported
80,502 Response Loratadine (Claritin) is a second- X Unsupported
Annotations generation antihistamine
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Evidence retrieval (Retrieval stage)

Precision@k b Miss@k C Coverage@k
1 0.5
s Lyt Ll L] 08 0.4 e 04
N | 0.6 \ 0.3 '

, 0370 0.2
0.310
0.2 0.250 01

k=1 4 8 16 k=1 4 8 16

o— Patierg Queries USMLE-style Queries -~ Average

« On average, only 21.7% of the top-16 retrieved passages are relevant
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Evidence retrieval (Retrieval stage)

a Precision@k Coverage@k

04

: 0.4
- o0
0.3 ———t————

0.2 0.2

0.1

16

« 31% of queries had NO relevant passages among the top-16 retrieved
passages
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Evidence retrieval (Retrieval stage)

a Precision@k b Coverage@k
04 1

5 g o 8 O O 08
o T 10281

04

0.2

o— Patient Queries USMLE-style Queries Average

« Only ~33% of must-have statements (manually verified clinically important
and should be included the gold standard answer) were supported by the
top-16 retrieved passages
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Evidence selection (Augmentation stage)

Evidence Selectioh Performance

0.5 0.486

0.412 0.430
04
+ - Retrieval-based
03 0.275
- Self-generated
0.2
Retrieval-based
(Relevant) 2.8 0.1
(62.2%
- Retrieval-based
(Irrelevant) 0
Precision Recall

B GPT4c mijpma-3.1-8B

« GPT-40 frequently selected retrieved passages and incorporated as
references in the final response (~90%)

* The selected retrieved passages are not relevant: precision of 0.412 and a
recall of 0.486
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Evidence selection (Augmentation stage)

a Average Number of References pef Query by Type b Evidence Selectidn Performance

0.5 0.486

0.412 0.430
4 04
+ - Retrieval-based
0.3 0.275
- Self-generated 3 .
. 02
Retrieval-based 7 I
(Relevant) o ’ 2.8 01
(62.2%)
- Retrieval-based 1
(Irrelevant) 0
0 Precision Recall
Llama-3.1-8B B GFT-4c mIiama-3.1-8B

« Llama-3.1 8B selected fewer retrieved passages and incorporated as
references in the final response (~60%§

* The selected retrieved passages are not relevant with a significant lower
recall of 0.275
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Evidence selection (Augmentation stage)

a Average Number of References per Query by Type b Evidence Selection Performance
> 05 0.486
0.412 0.430
4 0.4
+ - Retrieval-based
3 . 03 0.275
- Self-generated .
. 02
Retrieval-based 7
(Relevant) 2.8 01
(62.2%)
- Retrieval-based 1
(Irrelevant) 0
0 Precision Recall
GPT4o Llama-3.1-8B BmGPT4c mLlama-3.1-8B

 Llama-3.1 8B had much more self-generated references (37.8% vs. 10.2%)
« ~77% of the self-generated references of Llama-3.1 8B did not exist
« ~13% of the self-generated references of GPT-40 did not exist
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Response generation (Generation stage)

100

80

60

40

20

Factuality Score (20)

Response-level

Statement-level

100 9.2 946  gog

SR
1.6) 89.0 (-1.9)

68.0 %0

62.0 (-6.0)

60

392 38,5(1.0) 49

I 20

0

GFT-4o

GPT-4o Llama-3.1-8B

M Base LLM RAG

Llama-3.1-8B

m Base LLM RAG

100

80

60

40

20

0

Completeness Score (%)

Response-level Statement-level

100

a0

60.8 - '
60 60.4 (-0.4)

52.2
46.8 (-5.4)
3051@ 0 (-2.5) #
s J" L 23{]
I I 20.5(-2.5) 0
0

GPT-do Llama-3.1-8B GPT-4o Llama-3.1-8B

M Base LLM RAG B Base LLM RAG

» Both factual accuracy and completeness dropped with RAG
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Response generation (Generation stage)

d Statement-level Analysis (Completeness)
80 //—\
T1.7
20 68.2
65.3
64.2
56.9
60 57.2
50.5 51.3
50 I
40
GPT-4o GPT4o + RAG Llama-3.1 Llama-3.1 + RAG
M Supported & Referenced Supported but Missed Unsupported

« When the retrieved passages are relevant AND LLMs selected relevant
passages, LLM-RAG is effective
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Solutions without retraining

Initial Query: “Benadryl makes Reformulated Vector Candidate Passages Refined Evidence Set
me super sleepy. Can I take Query Database Initial N (= . Initial , .
Claritin during the day instead?” Query ® Query ® g
l Fublmed
LLM Retriever 3 "‘j) Filtering Model LLM

$ N -

Reformulated Query:
“Diphenhydramine, the active

ingredient in Benadryl, is a first- ., ., "
generation H1 histamine receptor

antagonist ...”

Response: “Yes, you can take
Claritin (loratadine) during the

B A day as it is a non-drowsy
antihistamine. Benadryl

(diphenhydramine) is ...

Candidate Passages Refined Evidence Set

- Query reformulation: LLMs generate initial responses first, instead of retrieval
- The initial responses are then used for retrieval
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Solutions without retraining

Candidate Passages Refined Evidence Set

Initial . = . Initial . .
Query&) Query@) g

Initial Query: “Benadryl makes Reformulated Vector

me super sleepy. Can I take Query Database
Claritin during the day instead?”

l Fublmed
LLM Retriever ?r ”‘j)

$ N -

Reformulated Query:
“Diphenhydramine, the active

ingredient in Benadryl, is a first- ., ., "
generation H1 histamine receptor

antagonist ...”

Filtering Model LLM

Response: “Yes, you can take
Claritin (loratadine) during the

B A day as it is a non-drowsy
antihistamine. Benadryl

(diphenhydramine) is ...

Candidate Passages Refined Evidence Set

 Evidence filtering: removing irrelevant passages before feeding to LLMs
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Consistent improvements over five independent datasets

a MedQA MMLU MMLU-Pro
(i) (i) (i) (iv) (i) (i) (i) (iv) (i) (i) (i)

k=1 0.650 0.652 0.678 0.720 0730 0.748 0.748 0.766  0.556 0.591 0.570
2 0.658 0.650 0.682 0.708 0.722 0.736 0.776 0.780 0.545 0.553 0.556
4 0.652 0670 0706 0.710 0.746 0.750 0.756 0.782 0.588 0.599 0.599
8 0.650 0690 0708 0.720 0.736 0.752 0.782 0.796 0.588 0.615 0.564
16 0.660 0720 0.734 0.762 0.764 0.758 0.792 0.786 0.583 0.583 0.628
32 0.636 0.702 0.730 0.740  0.738 0.760 0.772 0.800  0.642 0.602 0.618
Base LLM: 0.672 Base LLM: 0.738 Base LLM:

b MedQA MMLU MMLU-Pro
(i) (i) (i) (iv) (i) iy (i) (iv) (i) (i) (iii)

k=1 0.902 0.886 0.896 0.894 0.904 0.886 0.912 0.900 0.826 0.824 0.834
2 0.898 0.888 0902 0.912 0902 0.884 0.904 0902  0.850 0.829 0.840
4 0908 0.886 0.904 0.908 0.900 0,902 0.898 0.900 0.845 0.829 0.816
8 0904 0896 0.914 0.918 0.914 0.900 0.896 0912 0.840 0.842 0.856
16 0.900 0.902 0.914 0.916 0910 0.910 0.890 0.908  0.840 0.840 0.850
32 0.922 0.902 0.920 0.906 0.912 0912 0908 0.910 0.832 0.842 0.840

Base LLM: 0,922 Base LLM: 0.930

(iv)
0.604
0.570
0.628
0.626
0.628
0.631
0.620

(iv)
0.834
0.837
0.840
0.858

0.850
0.840

Base LLM: 0.864

MedMCQA
WG Gy )
0.552 0.564 0.566 0.586
0.560 0.604 0.566 0.606
0.592 0.646 0.612 0.632

0.560  0.618 0.584
0.578

0.620 0634 0630 0.648

Base LLM: 0.528

MedMCQA
(i) (i) i)y (iv)
0.742
0.754

0.758
0.772

0.778
0.774
0.780
0.778

0.790
0.760
0.778
0.768
0.770 0.780 0.796
0.790 0.786 0.814

Base LLM: 0.780
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MedXPertQA
M (i) @) (v F
0.136 0.136 0.136 0.136 o
0.160 0.144 0.150 0.178 =
0.128 0.182 0.148 0.168 s
0.160 0.184 0.164 0.170 o
0.162 0.184 0.176 0.206 B
0.180 0.172 0.186 0.218 S
Base LLM:0.136 -
MedXPertQA
(i) (i) (i) (iv) +
- EEn
0310 0.294 0318 0.288 3
0288 0.294 0290 0.300 2
0300 0.308 0324 0.324 >
0314 0310 0320 0.340 &
0314 0310 0332 0.354 %
0322 0318 0342 0.340 s

Base LLM: 0.288 -
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More relevant studies

- Xiong, G., Jin, Q., Ly, Z. and Zhang, A., 2024, August. Benchmarking retrieval-augmented
generatlon for medicine. In Findings of the Association for Computational Llngwstlcs ACL
024 (pp. 6233-6251).

- Jin, Q., Wang Yang Y., Zhu, Q., Wright, D., Huang, T Khandekar, N. Wan N., Ai, X.
Wilbur, W.J. ancf 2025, Agentmd Empowering language a%ents for risk prediction
with large-scale clinical tool learning. Nature Communications, 16(1), p.9377.

- Bi, M., Bao Z., Xie, D., Xie, X. Yang,C Wang, T., Wang, Y. and Peng, J., 2025. BioRAGent:

natural language biomedical queryin W|th retrleval -augmented multiagent systems.
Briefings in Blomformatlcs 26(5), p.bbaf539.

- Ng, K.K.Y.,, Matsuba, I. and Zhang, P.C., 2025. RAG in health care: a novel framework for

improving communication and decision-making by addressing LLM limitations. Nejm
Ai, 2(1), p-Alra2400380.
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Questions?
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Hypothesis Generation
and Experimentation

2025 ANNUAL SYMPOSIUM #AMIA2025



Clauset, A., Larremore, D. B., & Sinatra, R. (2017). Data-driven predictions in the science of science. Science, 355(6324), 477-480.
Ke, Q., Ferrara, E., Radicchi, F., & Flammini, A. (2015). Defining and identifying sleeping beautiesin science. Proceedings of the National Academy of Sciences, 112(24), 7426-7431.
Foster, J. G., Rzhetsky, A., & Evans, J. A. (2015). Tradition and innovation in scientists’ research strategies. American sociological review, 80(5), 875-908.

Why do we want Al-Assisted Hypothesis Generation?

 “Sleeping beauties” in science: scientific discoveries that stay unnoticed

for years before gaining sudden attention

« A study of 25 million papers (100 years) shows they occur across all

fields.

BINSTEIN ATTACKS . ...
QUANTUM THEORY 57;) Highly Influential Citations

Scientist and Two Colleagues
Find It Is Not ‘Complete’
Even Though ‘Correct.’

_— 1000

SEE FULLER ONE POSSIBLE
— 500

Believe a Whole Description of

‘the Physical Reality’ Can Be 0
Provided Eventually. 94 a8 @ 80 96 12

Physics

physics, multidisciplinary
chemistry, multidisciplinary
multidisciplinary sciences
mathematics

medicine, general & internal
physics, applied

surgery

chemistry, inorganic & nuclear
statistics & probability

mechanics

biology

ecology

physics, condensed matter
biochemistry & molecular biology
astronomy & astrophysics

physics, atomic, molecular & chemical
neurosciences

materials science, multidisciplinary
plant sciences

engineering, chemical

N\MI/\ 2025 ANNUAL SYMPOSIUM

] 7.6%

] 7.5%

=

] 7.4%

E 1 4.0%
] 3.4%
=1 2.8%
E——————1 2.5%
=1 2.3
1 2.0%
Ee—— 2.0%
E———1 2.0%
= 1.9%
=1 1.9%
=1 1.8%
= 1.6%

1.6%
g 1.5%
= 1.3%
= 1.3%
= 1.2%
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Clauset, A., Larremore, D. B., & Sinatra, R. (2017) Data-driven predictionsin the nce ofscience. Sc' e, 355(6324), 477-480.
Ke Q Fer E R d chi, F., &Fl ammini, A. (2015). Df g ndiden tfy g l p gb in sci Poc d g ofthe Na t nal Academy of Sciences, 112(24), 7426-7431.
Foste JG RhtkyA & Eval JA(2015)T adition and innovation in ntists h t tg Am iological re w80(5) 875908

Why do we want Al-Assisted Hypothesis Generation?

« Most papers build on existing knowledge to formulate new innovations

o Foster et al. (2015) shows that more than 60% of 6.4 million papers in biomedicine and
chemistry published between 1934 and 2008 report findings that build on existing
knowledge and provide additional innovations and improvements

20
18 + - 6
16
14

o
I 1
w E=

R O @
[ I R

N

T T T T T |
1995 2000 2005 2010 2015 2020
Year

Number of connected components
with >1 nodes
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Jarallah, S. J., Almughem, F. A., Alhumaid, N. K., Fayez, N. A., Alradwan, |., Alsulami, K. A., ... & Alshehri, A. A. (2025). Artificial intelligence revolution in drug discovery: A paradigm shift in pharmaceutical innovation. International Journal of Pharmaceutics, 125789.
Dhudum, R., Ganeshpurkar, A., & Pawar, A. (2024). Revolutionizing drug discovery: a comprehensive review of Al applications. Drugs and Drug Candidates, 3(1), 148-171.

Why do we want Al-Assisted Hypothesis Generation?

Phases of Traditional vs. Al-aided Drug Discovery

 Al-based tools can reduce the timeline
of drug discovery and development, O &

which typically takes 10-15 years, to B o o s D)

Clinical studies Review and

L]
-t I 7 —_ 9 Target identification and Lead Lead  pbroclinical FDA
approximately years e e | — — P
I\ L
k Candidate IND
¢ A Lead drug Efficacy and safety on humans
Hit compound
Finding a disease-causing target
Usually performed in academia
1-Syears 1-2 years 2-3 years 2-3 year 6-10 years ~1.5 years
Development
1-2 years ~1 year 1-2years 1-2 year 4-7 years ~1.5 years
Target protein structure prediction Vil’flh‘jll Bioactivity Clinical Clinical trial outcome prediction
Find disease-causing targets screening and trial Clinical trial operational efficiency
to identify Toxicity match
drug prediction
molecule
Yani Clinical studies Review and
FDA
Al-aided Target identification m"“d"mm optimization Freclinical  Phase! PhaseR  Phesell = o vovel
and validation
000 =

a & & 8% =
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Acharya, Y., & Sayed, A. (2020). Chloroquine and hydroxychloroquine as a repurposed agentagainst COVID-19: a ative review. Th Ad Infect 7: 2049936120947517
Wang, Q., Li, M., Wang, X., Parulian, N., Han, G., Ma, J., ... & Onyshkevych, B. (2020). COVID-19 literature knowle dg g ph and drugrepurposing reportgeneration. NAACL 2021 Best Demo

Digesting Scientific Literature is a problem for
hypothesis generation! —

» For example, consider manual drug
repurposing:
» Current clinical trials for drug repurposing mainly
rely on symptoms
» There's too many drug candidates
« There's too much information about effects

» It's too costly to test all drugs and difficult to
quantify success
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Acharya, Y., & Sayed, A. (2020). Chloroquine and hydroxychloroquine as a repurposed agentagainst COVID-19: a ative review. Th Ad Infect 7: 2049936120947517
Wang, Q., Li, M., Wang, X., Parulian, N., Han, G., Ma, J., ... & Onyshkevych, B. (2020). COVID-19 literature knowle dg g ph and drugrepurposing reportgeneration. NAACL 2021 Best Demo

Digesting Scientific Literature is a problem for

hypothesis generation!

« What hypotheses do doctors need?

« Arreliable ranked list of drugs with detailed knowledge-
level evidence (chemicals/genes)

« Insights into underlying molecular cellular
mechanisms

« How pre-existing conditions may affect the mortality
and severity of a disease

Study
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Swanson, D. R. (1986). Undiscovered public knowledge. The Library Quarterly, 56(2), 103-118.

Types of Al-Assisted Hypothesis Generation

Scientific Articles

. Link Prediction
Information
Extraction ! !
% Generative Idea Discovery

A

Non- Canonical KB

Human-Al Co-Discovery

y/

Joint KB : :
Al-Assisted Hypothesis

) \ Generation J
External Canonical KB

A\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025




Swanson, D. R. (1986). Undiscovered public knowledge. The Library Quarterly, 56(2), 103-118.

Can we predict connections between related concepts?

« Link prediction hypothesizes a connection between two concepts, A and C,
if they both frequently co-occur with an intermediate concept B across
various papers

Scientific Articles

. Link Prediction
Information
Extraction ] !
% Generative Idea Discovery

Non- Canonical KB

%

Human-Al Co-Discovery

Joint KB : :
Al-Assisted Hypothesis

) \ Generation J
External Canonical KB
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Examples of Biomedical Link Prediction

Task Method Sources Pros Cons

) " Focus on asmallsubset =Fails to consider contextual
= Filter a subset of

Covid-19D semantic triples based on of KGs which are sentences from the paper
ovid- rug Bt » l
Repurposing PubMedBERT and rule- = Noisy extracted KG relevant t-o drug xternatknow edgg bases
(Allot et al., 2019) based methods repurposing (e.g., protein-protein
’ « TransE = Use time slicing for interactions, drug-target
testing interactions) are ignored

= Multi-modal information

fusion bet h-
" Fuse embedding usion between grap

Sorafenib and between knowledge structyre,textual, and = Dependence on.quallty of
Parkinson’s raph and textual = External general domain knowledge textual embeddings and
disease Drug iespcri tion and domain-specific =Use hyperbolic domain ontologies
Repurposing P KG embeddings to represent = Potentially overfitting (0.998
, = Graph neural networks . .
(Xiao etal., 2024) i . domain ontology for Hits@10)
and biomedical LLMs . .
(medical hierarchy)
knowledge

Zhang, R., Hristovski, D., Schutte, D., Kastrin, A., Fiszman, M., &Kilicoglu, H. (2021). Drug repurposing for COVID-19 via knowledge graph completion. Journal of biomedical informatics, 115, 103696.
Xiao, Y., Zhang, S., Zhou, H., Li, M., Yang, H., & Zhang, R. (2024). FuseLinker: Leveraging LLM’s pre-trained text embeddings and domain knowledge to enhance GNN-based link prediction on biomedical knowledge graphs. Journal of Biomedical Informatics, 158, 104730.
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Qingyun Wang, Doug Downey, Heng Ji, Tom Hope. SciMON: Scientific Inspiration Machines Optimized for Novelty. in submission to ACL2024.

Can we generate new ideas instead?

« Simplifying the “language of scientific ideas” to the form of link prediction
task limits the expressivity of the hypotheses and does not capture
contexts that scientists consider (e.g., target application settings,
requirements and constraints, motivations and challenges)

Scientific Articles

. Link Prediction
Information
Extraction . :
Generative Idea Discovery
Non- Canonical KB >
@ / Human-Al Co-Discovery

g/

Joint KB

Al-Assisted Hypothesis

) \ Generation J
External Canonical KB
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Zhong, R., Zhang, P., Li, S., Ahn, J., Klein, D., & Steinhardt, J. (2024). Goal driven discovery of distributional differences vialanguage descriptions. Advances in Neural Information Processing Systems, 36.

Goal Driven Discovery of Distributional Differences
* Input:

A “problem” comprising a description of a user-specified exploration goal (“...understand
the side effects of drug A”)

 Data instances from a corpus pair
* Output
« A “discovery” represented as a natural language predicate (“mentions feellngs of paranoia”)

Corpus B
-Even little sound dries me crazy -Coughing for two months .
. . Exploration
- Feelig to worried to focus -Felt sleepy today solit
Corpus -[~4K more samples omitted for brevity] -[~4K more samples omitted for brevity] P
: Input Pair -My family complaints I’'m too irritated -Slowly recovering. Valida.t-ion
. Problem : : -[~4K more samples omitted for brevity] -[~4K more samples omitted for brevity] split

The original dataset includes patient’s self-reported reactions after taking a drug. The two corpora are
Exploratlon generated based on what drug the patient has taken. Samples from Corpus A

Goal , while samples from Corpus B include self-reported reactions after taking
drug B. l am a doctor. My goal is to understand the side effects of drug A.

Output Corpus A has more samples that
Discovery “mention feelings of paranoia”
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Zhong, R., Zhang, P., Li, S., Ahn, J., Klein, D., & Steinhardt, J. (2024). Goal driven discovery of distributional differences vialanguage descriptions. Advances in Neural Information Processing Systems, 36.

Goal Driven Discovery of Distributional Differences

« Method

« Hypothesis Proposer: Prompt GPT3 to generate hypotheses given a few random
samples from corpus pairs, the exploration goal, and an instruction to output a list of

hypotheses

« Hypothesis Validator: Finetune Flan-T5 based on human annotations to judge
whether a data instance satisfies the generated hypotheses

Samples from
the two corpora

Exploration
Goal

Instructions

Language
Model Outputs

{
i

Proposer prompt

----------------------------------------------------------------------------------------------------------------
0

Group A: The Manchester United soccer squad welcomes rising star Juan Silva, ...
Group A: As Serena Willows joins the UCLA women's tennis roster,

SIITIHY // 00 samples not included for brevi

Group B: Egypt's President Abdel Fattah el-Sisi and Saudi Arabia’s ...
Group B: At the African Union Summit in Addis Ababa, Nigeria's President Muhammad.

<111 :1:Hl // 20 samples not included for brevity

(some of the sentences are truncated for brevity) ...

The original dataset includes news summaries. The two corpora are generated based on
when they were published. Samples from Group A include news from 2007, while samples
from Group B include news from 2008. | am a journalist trying to understand what topics
are popular across years.

Please write a list of hypotheses (separated by bullet points "-") of how datapoints from
Group A differ from those from Group B. Each hypothesis should be formatted as a
sentence fragment. Here are three examples.

- "talks about politics, such as presidential election.”

- "contains insulting language for immigrants."

- "uses double negation, i.e., using two negations in a sentence."

Based on the two sentence groups (A and B) from the above, more sentences in Group A ...

- “mentions a sports team recruiting a new member”
- “mentions about academic relations, such as teachers or students”

----------------------------------------------------------------------------------------------------------------

Validator prompt

i Check whether the TEXT satisfies a :
: PROPERTY. Respond with Yes or No. When :
* uncertain, output No. :

Now complete the following example - :
i input: PROPERTY: mentions a sports team :
recruiting a new member :
: TEXT: As Serena Willows joins the UCLA
women's tennis roster

.....................................................

i Check whether the TEXT satisfies a :
: PROPERTY. Respond with Yes or No. When :
: uncertain, output No. :

: Now complete the following example - :
! input: PROPERTY: mentions a sports team  :
recruiting a new member
1 TEXT: Egypt's President Abdel Fattah el-Sisi :
i and Saudi Arabia’s. :

Pr[NextWord = “Yes”] = 5%



Zhong, R., Zhang, P., Li, S., Ahn, J., Klein, D., & Steinhardt, J. (2024). Goal driven discovery of distributional differences vialanguage descriptions. Advances in Neural Information Processing Systems, 36.

Goal Driven Discovery of Distributional Differences

e Evaluation Metrics

- Validity: Require an output hypothesis about the data corpus to be true
« Relevance: The output discovery is relevant, indirectly relevant, or irrelevant to the goal

 Key Results

« LLMs can propose more relevant hypothesis based on the user-provided goals
« LLMs can discover and explain unknown patterns on a wide range of applications

 Points for improvement

« The paper could be enhanced by
generating code to analyze data
instances across two corpora,
which would provide more
insightful results

AN\MI/\ 2025 ANNUA

Domain Example Datasets How the Corpus Pairs are Generated
Corpus B
87 Business problems
Commercial Airline reviews 1st-class passenger reviews Economy passenger reviews
Reviews Product Reviews Reviews that give 10 stars Reviews that give 0 star

YC startups

Successful startup descriptions

Failed startup descriptions

Finance News Headlines Top headlines when S&P rises Top headlines when S&P falls
278 Social Sciences problems
Politics Administration policy Admin policy from Trump Admin policy from Obama
News Reuters headlines Headlines from 2014 Headlines from 2015
Language Craiglist Negf)t\‘ations Qialogue from successes Dialogue from failures
Diplomacy Dialogues Lies Honest statements
Sociology Happy moments Self-reported happy moments from females Self-reported happy moments from males
Rate My Professor Reviews of female lecturers Reviews of male lecturers
169 Humanities problems
Arts Music lyrics Drake rap lyrics Kanye rap lyrics
Education  Student essays Essays that received full score Essays with only partial credit
10 Health problems
Health Doctor’s note Patients diagnosed with pneumonia Patients not diagnosed with pneumonia
131 Machine Learning problems
NLI — distribution shift Samples from SNLI Samples from MNLI
. QQP — spurious correlation Individual questions with label “paraphrase” Individual questions with label “non-paraphrase”
Machine S - S
Learning LM’s output Generations from one LM Generations from anothe.r LM .
Inputs where one model is wrong

inputs — error analysis

Inputs where one model is correct



Qingyun Wang, Doug Downey, Heng Ji, Tom Hope. SciMON: Scientific Inspiration Machines Optimized for Novelty. ACL 2024.

Scientific Inspiration Machines Optimized for Novelty

* |nput
« Current problems, motivations,
experimental settings and constraints

Background Hypothesis 62 S
« A seed term that should be a focus Context Generation
point of the generatedidea
\Seed Term: knowledge E ESpeciﬁ::ally, ELLE consists !
* OUtPUt :acquisition : rof (1) function preserved |
e A generated novel hypothesis as a :Hm*fcg:mmd.' ... This requires ! 'mﬂdel expansion, which !
iplms to integrate the : 'ﬂCKlbl}-’ expands an existing !
natural language sentence information from all the 'PLM's width and depth to !
lsuurces in a lifelong manner. ! 'lmplmc the efficiency of !
lAlthoun} this goal could be ! -knuuledae acquisition ... !
.. This requires plrns to integrate the information from |1c}11e\,red b}! exhaustive pre- : --------------------
all the sources in a lifelong manner... -[muunn on all the existing data,’
R L : :such a process is known to be !
....function preserved model expansion . improve the  : icomputationally expensive. !
s . — ]Used—ﬁ:r s TTTTTSSSmsssssssessees
-efficiency of knowledge acquisition =-
~ Method . Task |:| Background »---  farget "
(Target) (Seed) Sentence *--+ Sentence

N\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025



Qingyun Wang, Doug Downey, Heng Ji, Tom Hope. SciMON: Scientific Inspiration Machines Optimized for Novelty. ACL 2024.

Scientific Inspiration Machines Optimized for Novelty
« Retrieves structured “inspirations” from past scientific papers

« Explicitly optimizes for novelty by iteratively comparing to prior papers
and updating idea suggestions until sufficient novelty is achieved

Problem/Motivation:
... streaming data of
various sources may
continuously grow ...
requires plms to i1

he sources in a lifelong
manner... pre-training on
all existing data, such a
process is expensive.
Seed Term:

Input:
Background
Context

linked knowledge graph

-
—

Semantic
Neighbors

e

S perceptron
B learning

O\inmgc matching

-

—

e

knowledge acquistion

1 . — knowledge acquistion is done by
_— —_using Method Current pre-trained...

O

"

-

KG uﬁsed-fﬂrh f.used-f’&r
Neighbors &
used-for used-for

.-"""-FF

@chi
chinese open IE system

.

e

-~ collaborative web ext

inductive learning
techniques

cross - lingual
| transfer learning
term clustering
techniques

annotation editor

—

" Initial Idea

...continual learning for knowledge acquisition...
This approach is more efficient than exhaustive
pre-training on all existing data...

Retrieved Similar Ideas ‘l Retrieval from Literature Papers

1. Continual learning (CL) aims to enable
information systems to learn from a
continuous data stream across time...

Movelty Threshold Check

Q|

# 1st Novelty Iteration
...a method that combines continual learning with
a dynamic knowledge distillation approach for
efficient knowledge acquisition ...

Retrieved Similar Ideas \L Retrieval from Literature Papers

episodic memory in
_lifelong language learning

| Citation
| Neighbors

-

-

ﬁ?-.,z'-:utl'un-lm: training
multi-billion parameter...

"

~—.— ELLE: Efficient Lifelong Pre-
—__training for Emerging Data
—h

-l
w

lamol: language
modeling for ...

don't stop pretraining:
adapt lanzuage ...

A\VA W EnYa¥aql

TWVIFVO

1. Different from previous knowledge distillation
methods ... student model learns from teacher
model for incremental knowledge extraction ...
? Final Idea

... a method that leverages memory-augmented
neural networks for knowledge acquisition in a

UM #AMIA2025

Q|

Movelty Threshold Check




Qingyun Wang, Doug Downey, Heng Ji, Tom Hope. SciMON: Scientific Inspiration Machines Optimized for Novelty. ACL 2024.

Scientific Inspiration Machines Optimized for Novelty

« Key Results
« GPT-4 tends to generate ideas with overall low technical depth and novelty,

« SCIMON partially mitigates this issue by retrieving inspirations from papers and
iteratively boosting the novelty of generated ideas

Input seed term: speech unit boundaries ; context (abridged): ... generate partial sentence translation given a
streaming speech input. existing approaches ... break the acoustic units in speech, as boundaries between
acoustic units in speech are not even...

Initial Idea A pause prediction model to identify speech unit boundaries ...

Iteration 1 A method that leverages acoustic and linguistic features to predict speech unit boundaries dynamically,
ensuring smooth transitions ... differs from the existing research as it combines both acoustic properties and
linguistic context ... adapting to variations in speaker characteristics, speaking styles, and languages.

Feasibility

Iteration 2 A novel method called Adaptive Speech Unit Boundary Detection (ASUBD) ... a combination of atiention
mechanisms to focus on relevant acoustic and linguistic features and reinforcement learning to guide the
system to make optimal predictions of unit boundaries based on previous decisions...

Ground Truth ... an efficient monotonic segmentation module ... accumulate acoustic information incrementally and detect
proper speech unit boundaries.
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Biomedical Hypothesis Generation

Instruction: You are a researcher. You can come up with new hypotheses

« A multi-agent LLM system utilizing tools to simulate the/ s o e knovicge. Hypaiess e siven s

. . . following background. You should be as detailed as possible.

C O I I a b O ratlve n a't u re Of S CI e n'tl fl C re Sea rCh Background knowledge: (1) Esophageal cancer mainly includes
squamous cell carcinoma and adenocarcinoma, with different risk factors
and incidence rates. (2) Metformin has been shown to reduce the risk of
several cancers in patients with T2DM. (3) The results of previous studies

i Key R e S u I tS 1 ? on the relationship between metformin use and esophageal cancer risk are

conflicting.
* LLM.S Can propose neW hypo-.theses that dld no:t appear In the The model hypothgsizes: (1) The use of metformin in patients with
tralnlng data but Can be Conflrmed by the test Ilterature T2DM mav be associated with a reduced risk of esophageal cancer.

(2) There may be differences in the correlation between metformin use

 Few-shot examples enhance verifiability but reduce novelty TSDM: (This hypothess T supporied by  paper ded ‘Diabetes,

metformin use, and survival in esophageal cancer: a population- ' ='

 Introducing uncertainty into processes and operations enhances i cohortstudy’ published in August 2023
zero-shot generalization |

. o . o . . 1) Analyst l 2) Engineer
* Tool use has minimal impact on improving the hypothesis e o r;v E\ e
. o e Provides direction for searches °/_‘ Q
generation ability of LLMs
« Multi-agent collaboration can significantly enhance model’s ability i?:::s:;z;;i:i;:’;tWK e

4) Critic 3) Scientist

* Points forimprovement

Compiles and organizes findings

« Theresults are not evaluated from a biomedical perspective P o I @ .
 The paper only tests general domain tool sets =;"9 e @
Scientist . N Analyst
Qi, B., Zhang, K., Li, H., Tian, K., Zeng, S., Chen, Z. R., & Zhou, B. (2023: Large Language Models as Biomedical Hypothesis Generators: A Comprehensive Evaluation.. COLM 2024. Engineer
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Bou, A., Thomas, M., Dittert, S., Navarro, C., Majewski, M., Wang, Y., ... & De Fabritiis, G. (2024). ACEGEN: Reinforcement learning of generative chemical agents for drug discovery. Journal of Chemical Information and Modeling, 64(15), 5900-5911.

Reinforcement Learning of Generative Chemical Agents for

Drug Discovery
 Use existing reinforcement learning library TorchRL as building blocks to assemble

efficient and reliable drug discovery agents

 Support multiple RL algorithms (e.g., REINFORCE, A2C, PPO) and various generative tasks
(de novo generation, scaffold decoration, fragment linking) for molecule design

* Integrate MolScore for drug design relevant scoring to optimize drug-relevant molecular
properties during training

~

Data collection
phase

Pros:
1 = Reduce training time to 50% compared to MolOpt baseline
while improving generation accuracy
4 = Modularimplementation and open-source code help readers
reproduce results
J\ Points for Improvement:
= Chemical LMs in this paper are limited to 1D SMILE
representations

Generative Agent
(customizable)

Learning phase

Pretrain Dataset f
Algorithm
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Takeaways

* Notable points

« Large language models (e.g., GPT4) can generate interesting hypothesis across a
variety of domains when provided with sufficient background knowledge

« Providing LLMs with previously seen ideas can further boost the novelty of generated
hypotheses

* Ongoing directions

« Move beyond knowledge-augmented generation by integrating tool learning to
automatically retrieve relevant background knowledge in an end-to-end way
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Can Al assist human hypothesis discovery?

« Human-machine collaborative discovery can help overcome the limitations
of Al-driven hypothesis generation by integrating expert experience and
allowing for iterative refinement

Scientific Articles

. Link Prediction
Information
Extraction . :
Generative Idea Discovery
Non- Canonical KB >
@ / Human-Al Co-Discovery

g/

Joint KB : :
Al-Assisted Hypothesis

) \ Generation /
External Canonical KB
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Wang, Q., Li, M., Wang, X., Parulian, N., Han, G., Ma, J., ... & Onyshkevych, B. (2020). COVID-19 literature knowledge graph construction and drug repurposing report generation. NAACL 2021 Best Demo

COVID19 Drug Repurposing Report Generation

« Multimedia knowledge extraction from 25,534
COVID-19 papers to construct knowledge graphs

« Provide biologists with typical questions in drug

Losartan

Cardiovascular

E Diseases
Ethanol T
affects-reaction & l
increases-expression ¥
: . Cardiomyopathy,- l
decreases-reaction Alcoholic A

repurposing based on their suggested drugs

h . rotein-
& increases-expression p

I,

kinase-C-beta -
Hypertrophy,- Angina,-Stable
Benazepril Left-Ventricular A
> " f’
increases-aclivity  rapin Endomyocardial-
Fibrosis
| ) toll-like-
Ty Jll decreases-exprassion receptor-4
e | . . Clomiphene Amodiaquine Chloroquine Verapamil I|
7 Amadia s Entity Grounding for | r——— — v — i ) -
. Drug Molecular g5 -7 e ' ! increases-expression  gap-junction-
o0 e roRarproreddrugs e Structure Image Comshere R & increases-reaction protein-alpha-1 P
s el b fn e and ot vvo nmice Toremifene Amiodarone Dronedarone gap-lu nction-
. . '5. 'y affects-cotreatment protein-alpha-5
(-‘C: B3 PN v s - : & increases-expression
Tor \\ -’ o Y *
Amic affects-cotreatment .
X . otassium-voltage-gated-
Figure 1. &lincreases-expression P
FDA approved drugs of most interest for o Chiaroguine P channel-subfamily-D-member-2
repurpesing as potential Ebola virus treatments. AT ae o~ Verapamil &
e X affects-cotreatment . .
KG from caption text e S PY . potassium-voltage-gated:
amostine \m?wu 3w Increases-expression  channel-subfamily-D-mémber-3
Clomiphene / - o . . _.
FDA ¥ J oo [ increases-expression
o & | Evolavins N % increases-reaction potassium-voltage-gated-
approve (P;ﬂult:quma Kr}owmdge - / N channel-subfamily-A-member-4
ra Xpansion oremifene Iod e I
repurpose P P Q L dacreaﬁes—axpressmn
Drugs Ebola P e L X "
ihoas i eosan & decreases-reaction -
—— e calcium-voltage-gated-
channel-subunit-alphal-D
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Liu, S.,Wang, J., Yang, Y., Wang, C., Liu, L., Guo, H., & Xiao, C. (2024) Conversational Drug Editing Using Retrieval and Domain Feedback. ICLR 2024.

Conversational Drug Editing with Retrieval

« Prompt Design for Domain Specific (PDDS): Generate drug editing prompts

« Retrieval and domain feedback (ReDF): Update the prompts using retrieved information
and domain feedback

« Key Results

» By injecting retrieved domain knowledge, LLMs can perform drug editing, identify the key

substructures, and offer insightful explanations
= |ncorporate both

domain knowledge

1st Conversation Round 2nq Conversation Round Cw Conversation Round
— and expert feedback
Input Drug X, —> X, | ReDF — —> X, ReDF —> = —— X in the iteration to
Task Prompt X, .
Prompt Updates Prompt Updates Im p rove pe rfo rmance
and provide
Three T = S interpretability
ree es or urugs {4 .
i yp g | AW ENN Points for Improvement;
" e § Ry ,,-’;ﬁ*’fg@@) = LLMs backbones are
— ‘ AN A .
- = PR eo‘}(;&“_/?’ not dedicated to
o °© S0
Retrieval DB Domain Feedback . . . Y molecular
Small Molecule (Lysine) Peptide (PDB: 2JP8) Protein (PDB: 5U4Y) . . .
optimization
User Conversational LLM |:> Prompt Design for Domain-Specific Module Retrieval and Domain Feedback Module Conversation Module
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Ye, G, Cai, X., Lai, H., Wang, X., Huang, J., Wang, L., ... & Zeng, X. (2025). Drugassist: A large language model for molecule optimization. Briefings in Bioinformatics, 26(1), bbae693.

Conversational Drug Editing with Drugassist

« Can we discover new hypothesis (drug molecules) in a dialogue-based
fashion?

‘% Expert
= |nstruction-tune a Llama2-based
model to be able to optimize
m OIeC UI eS Assist me in adding one hydrogen bond donor to ‘?“‘
the molecule COc1ccc2¢(OC)c3ccoc3nc2c .
= Releases a large molecular I
i i i i i i The optimized molecular structure, developed with your P J
Optlm Ization instruction tuni ng requirements,is “COc1ccc2c(C(=0)0)c3ccoc3nc2c1” 4
database AN
o \ 4
H Continue to optimize th lecule, the logP val
= Capable of both single-property and ot e S | | Molecular property optmization
multi-property optimization
. 0.
P Ol ntS fo r I m p roveme nt I've optimized the molecule, yielding "COclccc2e(-c3c (7 -
c[nH]n3)c3ccoc3nc2c1” with a logP value of 3.28. b NZ S ‘/[
= External knowledge is not used . AN
. H & N\
durin g the conversation :::; rz:ﬂi?:;f;t;two o aa ° Molecule generation
Certainly! I've tailored the molecular structure to your needs:
1."COc1ccc2¢(C(=0)NC3CCCC3)c3ccoc3nc2c” /f——w“ o ?
2."CCC(=0)NCc1ccc2c(0C)c3ccoc3nc2c1” ) ~ -
mmpdb [} 5 Scldbility \)\?& \/\\‘/ \H/\/
=" 193 ot Y )
filter ; : ‘ v N
1M molecules = . s | have a molecule with the SMILES notation \ ‘?\O EL,\(E)/
(from ZINC) Molecular pairs Molecular properties |€ 2;25:526:{5 Jt);ilsl_gfj\gelﬁte rmﬁgncanons to
maintaining its core structure.

| have a molecule with the SMILES notation .
[SMILES]. Suggest modifications to increase MolOpt-Instructions
its [property] value while maintaining its

core structure.
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Future Directions of Scientific Hypothesis Discovery

« While most existing hypothesis generation frameworks still rely on text-
only knowledge, expanding the system to use multimodality will further
improve the model performance

» Tool usage is still under exploratory stage for scientific hypothesis
discovery
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Ethical Consideration

« We have a responsibility to ensure that the use of prediction tools does
not inhibit future discovery, marginalize underrepresented groups, exclude
novel ideas, or discourage interdisciplinary work and the development of
new fields

 Current LLMs lack the basic capacities for intersubjectivity, semantics and
ontology that are preconditions for the kind of collaborative world-making
that allows scientists to theorize, understand, innovate and discover

» LLMs have been known to generate non-existent and false content.
Therefore, the output should be very carefully fact-checked

Clauset, A., Larremore, D. B., & Sinatra, R. (2017). Data-driven predictions in the science of science. Science, 355(6324), 477-480.
Birhane, A., Kasirzadeh, A, Leslie, D., & Wachter, S. (2023). Science in the age of large language models. Nature Reviews Physics, 5(5), 277-280.
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Experimental Planning: Going from ideas to results with Al
Agents

« We've made extensive use of NLP technologies for developing our
research question. Can we now test it automatically?
« Models can write code now using external APls. Can we let them plan and execute
experiments instead?

« Key ldea: Give Al agents access to tools so they can plan and run their own
experiments.
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Xi et al. (2023).The Rise and Potential of Large Language Model Based Agents: A Survey. arXiv2023.
Russell, S., Norvig, P., & Intelligence, A. (1995). A modern approach. Artificial Intelligence. Prentice-Hall, Egnlewood Cliffs, 25(27), 79-80.

Al Agents — A recent research trend

« LLMs are being used to power Al agents to perform tasks such as writing code and solving
reasoning problems

« “An agent is anything that can be viewed as perceiving its environment through sensors and acting
upon that environment through actuators.” —Russell & Norvig, Al: A Modern Approach (2020)

[ Perception ]

—{ Inputs |—
Enwrnnment S
conditions and the

Brain
reather reports on

Storage
Dcusmn Making
Planning
the internet, it is Agent . . ‘
likely to rain £ / Reasoning

Look at the sky,
do you think it
will rain tomorrow?
It so. give the
}' umbrella to me.

QD@

Memory

O

Knpwledge

.

1))

L]
L]

RE:"LSDI‘IIHE from
the current weather

Summary Re-:all Learn| [Retrieve

- i
” [ ]
I [ ]
-
Generalize / Transfer

tomorrow. Here is — Text
your umbrella. 48 Calling APIL ...

. =
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Su, Y., Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

Key Concepts for Language Agents

« Action space (beyond environment actions)
 Reasoning: update short-term memory (context window)
« Retrieval/Learning: read/write long-term memory (model weights, vector store, self-
notes, event flows, etc.)

* Planning: (inference-time) algorithm to choose an action from the action
space
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Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.
Su,Y.,Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

ReAct: Synergizing Reasoning and Acting in Language Models

« Why is reasoning helpful for agents?

Act
Obst [You are cooking a dish and seeing salt is out..] A"v"g @
OB=4 Ob
S

Actt [Turn right }

Obs t+1 [You see a cabinet and a table... ]

Act t+ [Open cabinet }
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Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.
Su,Y.,Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

ReAct: Synergizing Reasoning and Acting in Language Models

« Why is reasoning helpful for agents?

Act
Obst You are cooking a dish and seeing salt is out... A” 'p; @
\ g g = E 3
Ve o\ Obs
“The dish should be savory, and since salt
Reasoning is out, | should find the soy sauce instead.
It is in the cabinet to my right...”
< 4 Reason to act
Actt [Tum right ] 1. Generalization
2. Alignment
Obs t+1 [You see a cabinet and a table... ]
Act t+ [Open cabinet ]
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Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.
Su,Y.,Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

ReAct: Synergizing Reasoning and Acting in Language Models

» Conversely, acting also helpful for reasoning

Can you introduce Alphafold 3 to me?

1. What is AlphaFold 3?

AlphaFold 3 is the third major iteration of the AlphaFold series — deep-learning systems for predicting the
three-dimensional structures of biological molecules.  emsies -

Key points:
Act to reason

* Itis developed by DeepMind (and Isomorphic Labs) and announced in 2024.  wikpedia -2

* Unlike the earlier versions (which focused mainly on single proteins), it can handle molecular 1. Obtaln kn OWIedge
complexes: proteins interacting with other molecules such as DNA, RNA, ligands, ions, and chemical 2 Upd ate kn Ow|edge
modifications. emsLes -
For non-commercial research use, it's available via the “AlphaFold Server” or by the code/inference

pipeline under certain access conditions. Gitub -
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Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.
Su,Y.,Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

ReAct: Synergizing Reasoning and Acting in Language Models

Question: Aside from the Apple Remote, what other device can control the program Apple Remote
was originally designed to interact with?

Standard Answer: iPod

Reason Thought:

Only (CoT) | Let's think step by step. Apple Remote was originally designed to interact with Apple TV. Apple TV
can be controlled by iPhone, iPad, and iPod Touch.

So the answer is iPhone, iPad, and iPod Touch.

Answer: iPhone, iPad, iPod Touch
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Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.
Su,Y.,Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

ReAct: Synergizing Reasoning and Acting in Language Models

Question: Aside from the Apple Remote, what other device can control the program Apple Remote
was originally designed to interact with?

Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in October 2005 by Apple ... originally
designed to control the Front Row media center program ...

Act Only
Act 2: Search[Front Row]

Obs 2: Could not find [Front Row]. Similar: [Front Row Seat to Earth', 'Front Row Motorsports',Front
Row (software)', ..]

Act 3: Search[Front Row (software)]
Obs 3: Front Row is a discontinued media center software ...

Act 4: Finish[yes]
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Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.
Su,Y.,Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

ReAct: Synergizing Reasoning and Acting in Language Models

Question: Aside from the Apple Remote, what other device can control the program Apple Remote was originally
designed to interact with?

Thought 1: | need to search Apple Remote and find the program it was originally designed to interact with.
Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in October 2005 by Apple ... originally designed to control the Front Row
media center program ......(long text omitted)

ReAct Thought 2: Apple Remote was originally designed to control the Front Row media center program. | need to search Front Row next
(Reason + and find what other device can control it.
Act) Act 2: Search[Front Row]

Obs 2: Could not find [Front Row]. Similar: [ Front Row Seat to Earth’, 'Front Row Motorsports', Front Row (software)), ..]

Thought 3: Front Row is not found. | need to search Front Row (software) .
Act 3: Search[Front Row (software)]
Obs 3: Front Row is a discontinued media center software (...long text omitted)

Thought 4: Front Row (software) is controlled by an Apple Remote or the keyboard function keys. So the answer is keyboard
function keys.

Act 4: Finish[keyboard function keys]
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Wang, X., Chen, Y., Yuan, L., Zhang, Y., Li, Y., Peng, H., & Ji, H. (2024, July). Executable code actions elicit better lLm agents. In Forty-first International Conference on Machine Learning.

Executable Code Actions Elicit Better LLM Agents

 Executable Python code as LLM agents’ actions

Instruction: Determine the most cost-effective country to purchase the
smartphone model "CodeAct 1". The countries to consider are the USA,
Japan, Germany, and India.

Available APIs

LLM Agent using [Text/JSON] as Action

I should calculate the phone price in USD for each country, then find the
most cost-effective country.

=) Think

=) ) Text: lookup_rates, Germany

Action . Y o o .
JSON: {"tool": "lookup_rates", "country": "Germany"}

@ Environment 1.1, 0.19

=] . Text: lookup_phone_price, CodeAct 1, Germany
Action e BRI e rma:
JSON: {"tool": "lookup_phone_price", "model": "CodeAct 1", "country": "Germany"}

@ Environment 700

= ) Text: convert_and_tax, 760, 1.1, 8.19
Action )
JSON: {"tool": "convert_and_tax", "price": 708, "exchange_rate": 1.1, "tax_rate": 0.19}

@ Environment 916.3

[... interactions omitted (look up shipping cost and calculate final price) ...]

=] . Text: lookup_rates, Japan
Action 1 To « 1 o Ip © 1
JSON: {"tool": "lookup_rates"”, "country": "Japan"}

[... interactions omitted (calculate final price for all other countries)...]

Response The most cost-effective country to purchase the smartphone model is Japan
5 Resp with price 904.00 in USD.

N\MI/\ 2025 ANNUAL SYMPOSIUM

[1] lookup_ rates(country: str) -> (float, float)
[2] convert_and_ tax(price: float, exchange_ rate: float, tax_ rate: float) -> float

Fewer Actions Required!

@ Environment 1.7, 0.19

[3] estimate_final price(converted_ price: float, shipping cost: float) -> float
[4]1ookup_ phone_ price(model: str, country: str) -> float
[5] estimate__shipping__cost(destination__country: str) -> float

CodeAct: LLM Agent using [Code] as Action

I should calculate the phone price in USD for each country, then find the
most cost-effective country.

=) Think

L =]

</>| Action i i
countries = ['USA', 'Japan', 'Germany', 'India'l control & DataFlow of Code

final_prices = {} Simplifies Complex Operations

for country 1in countries:

exchange_rate, tax_rate = lookup_rates(country)

> local_price = lookup_phone_price("xAct 1", country)
converted_price = convert_and_tax(

local_price, exchange_rate, tax_rate

shipping_cost = estimate_shipping_cost(country)
final_price = estimate_final_price(converted_price, shipping_cost)
final_prices[country] = final_price

most_cost_effective_country = min(final_prices, key=final_prices.get)
most_cost_effective_price = final_prices[most_cost_effective_country]
print(most_cost_effective_country, most_cost_effective_price)

Re-use ‘min’ Function from Existing
Software Infrastructures (Python library)

The most cost-effective country to purchase the smartphone model is Japan
é’. Response

with price 904.00 in USD.
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Su, Y., Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

Memory

* The need for memory
« Context window cannot possibly hold all the event streams
« Even if possible, might be hard to attend to relevant events, or digest over them
« Store experience, knowledge, or even skills

» Language agents interact with external environments and internal
memories (information-storing devices)
« Interact with short-term memory (context window): reasoning

« Interact with long-term memory (LLM weights, event logs, codebase, prompt library,
etc.): retrieving and learning
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Su, Y., Yang,D., Yao, S., &Yu, T. (2024, November). Language agents: Foundations, prospects, and risks. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Tutorial Abstracts (pp. 17-24).

Planning

* Given a goal G, decides on a sequence of actions (a,, a4, ..., a,,) that will
lead to a state that passes the goal test g(+)

» General trends in planning settings for language agents

 Increasing expressiveness in goal specification, e.g., in natural language as opposed
to formal language

« Substantially expanded or open-ended action space
* Increasing difficulty in automated goal test
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Liu, Y., Chen, Z., Wang, Y., & Shen, Y. (2025, January). Autoproteinengine: A large language model driven agent framework for multimodal automl in protein engineering. COLING 2024: Industry Track (pp. 422-430).

Conversational Protein Engineering Agent

A conversational agent that help biologists without machine learning expertise conduct
automatic machine learning (AutoML) for protein engineering tasks

AutoML Module Auto Data Retrieval
.’” Automates Task Validation : :’ API Required !
I (Chat Interface Task Planning ! e N |
T P N ettt - | (g |
E i (Please predict the sweetness of . : E i Task_1: data preprocessing : ' || i ‘PDB: [ ‘mm\er,t\f:]m_ulm} AND organism:{Homo sapiens}, !
' | | (protein_names} based on the ; ; 7 : ! 1| ‘pdb_id_1 .'[:db_ld_z, ’ . !
i |} | information in the sooccsy file. - i Task_2: model selection E ! ‘UniProt’: [ ‘organism:{Homo sapiens} AND name:{insulin}’, !
PI’OS i : ———! il ! | ‘uniprot_id_1', ‘uniprot_id_2', -] !
. . N B ! Evaluates ! EESECliSSnital configlration” ¢ | | v |
= |ntegrate AutoML with multimodal { [Ii  (Optma) PDB Files, FASTA ! P eut i PN 7
[ Fllzs, Y [l | i i Task_4: downstream task ak | Protein DB API l :
protein engineering task to address both | - - - T - — l ----------------- i e [ — = N
1 . . . . ! 1 " ey . i
. . ! Model Selection & Configuration Data Preprocessing ! i - Y " . . |
protein sequence and protein graph | (Mutmosalmputds N (Pareing User oot Y I UniProt & \ .
vl : o e T T Wl | \ -1l pn) - : i
H 1 21 . ) e s [ —| - |
= Allow user to perform AutoML tasks o A , }| | Protemsequence: [ADNOENSIAN--],  {[d——"mm—si | - 2B
: ! Mx\ ['ADNOENSIAN:+] 1 'Protein_to_query": [xxx.fasta’, ‘xxx.pdb’, i | 1Find Missing Data, - - |
. . T e S : i ein ne ' in o9 . B 2 ! Tt
VA i ' ‘protein_name_1', ‘protein_name_2', -] i 1N J
through conversational interface, L ZYTRY | Fperparameter H E Generate ouery ST
. . i | % structure information _ Sequence information ! fe= Tz mismimimim i s ar . iz at
covering data processing, model i Foo e S [ Verification & Supplementation : Auto Hyperparameter Qptimization .__...__...._.
Fusion Embedding _— A - : i TPE :

selection, model training,
hyperparameter optimization, and
model prediction

1

1k , -

. ! T~ — Traill 1| Lr: -, Dropout: -, W_decay
] | .

vl ! o

S : /(*‘“Q\ Trail 2 | Lr: -, Dropout: -, W_decay
! S

! \
1
1
1
1
]

Model Selection

1
1
1
. ! S
\ M- s ms s s s s s s s e s s e —

iy )
Model Training il I L1 » Trail 3| Lr: -~ Dropout: - W_decay
N EJ Dropout_| 2L . -

N | '

. Initial Hyperparameter Optimize | W decav » Trai r dropout: -~ W._decay || !
POI ntS for Improvement: A !,l_L‘O_S.S.l;;ﬁEi‘_O.H_.: ______________________________ : i H\;p(;r"mr.‘.-m‘rfl E W _decay / Trail 4 | | Dropout Jecay :
. . . Chatbot Output : ‘Batch size" T T ~—— » Trailn !

= The entire framework relies a predefined (§ (. w0 | | i : |
(. _._.  Oupwhe . T I R : v ,

model zoo and task types , : 5 rra gl !
AutoPE analyzed the input files and AutoML Result H i YYVY H

= Relyon closed source GPT4 forthe i é{ e psner iy e Ef?’@ | et PO Resut | ottal OO ‘ |
framework baCkbOne 1\ \ protein sequence - ) \\‘__":__‘____"_____j___,_______'__‘_,'___,__'____,'/’,’, l |
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Liu, S., Lu, Y., Chen, S., Hu, X., Zhao, J., Lu, Y., &Zhao, Y. (2024). Drugagent: Automating ai-aided drug discovery programming through llm multi-agent collaboration. arXiv preprint arXiv:2411.15692.

Automating Al-aided Drug Discovery Programming

« A multi-agent framework to enhance ML programming and solve drug discovery tasks

« The combination of the LLMs Instructor, Coder, and Planner agents enables the
system to systematically generate, explore, and refine ideas in drug discovery.

= First multi-agent framework that

integrates multiple modules to address G e B\
domain-specific knowledge gaps. : / :
= The instructor agent leverages the @—\ \ = = 200 > '@
, 20 Ak 5 A
Therapeutics Data Commons (TDC) s = °
. . Drug Discovery Task Planner v Instructor Identify Domain Construct
library, molecule processing methods, (eg: ADMET) Knowledge Need Domain Tools
. . . | e s
protein encoding techniques, and I \— i seucets
. . e . 4 Idea Space \ 3'
domain-specific models to provide P =
. . e —
SpeClallzed domain knOWledge @ Update Plan and/or Idea Space i t/-\: i |E@
. — 1 %/\ ~ :
Points for Improvement: \ / Code
. . . Final Submission B eSS EmEEs z Generation
| The InStI’UCtOI’ age nt re lIeS on ClaSS|C (max rounds reached) Sucess/Failure Report \ Documentations j

BERT-based models as code base
= Relyonclosed source GPT4 forthe
framework backbone
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Wang, E., Schmidgall, S., Jaeger, P. F., Zhang, F., Pilgrim, R., Matias, Y., ... & Aziz, S. (2025). Txgemma: Efficientand agentic lLms for therapeutics. arXiv preprint arXiv:2504.06196.
Yao, S., Zhao, J., Yu, D., Du, N., Shafran, |., Narasimhan, K. R., & Cao, Y. (2022, October). React: Synergizing reasoning and acting in language models. In The eleventh international conference on learning representations.

TxGemma: Efficient and Agentic LLMs for Therapeutics

« TxGemma variants are trained on the Therapeutic Data Commons (TDC) based on
Gemma-2

« Agentic-Tx utilizes the ReAct framework with 18 tools across four categories, including
TxGemma-based tools, general Tools (e.g., HTML Fetch), molecule tool, gene/protein

tools (e.g., BlastP) TXGemII Id

e e e e e e e = = =

Small Molecules

TxGemma-Chat ]

—| Question l

Predict

Therapeutics Tasks

Molecule Search

SMILES to Therapy | '
SMILES Description | 1 ACtion

I Chemist/Scientist
Review I

_____________

== e e e e -y

1
7’ ~ |
// \\ 1
Advanced Reasoning / 27B \ [ HTML Fetch ] !
Chat { Cb[ Web Search ] -—u
-~ |
a N7 RN ! [ PubMed Search ]
\1 \% 1
i 9B 1 I
v J : [ + other tools ]
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Huang, K., Zhang, S., Wang, H., Qu, Y., Lu, Y., Roohani, Y., ... & Leskovec, J. (2025). Biomni: A general-purpose biomedical ai agent. biorxiv.

Biomni: a general-purpose biomedical Al agent

« Use LLM to explore actions based on

25 subjects defined in biorxiv An Al Agent Environment with 2'500 b|0 RXiV papers across 25
( Subject 25 | Unified Biomedical Action Space biomedical subfields published in 2024
Subject 1 .
Genomics . . . .
Pathology - By collaborating with human scientists,
100 recent published papers - : obtain 105 biomedical software tools,
Molecular DESeq2 Smitet 150 specialized biological tools, and
thet . . .
i _—" V;,OZ;C 59 comprehensive biomedical
& ¢ databases
l Scanpy UCE IUCN primer
- flowkit virtugl design \
[ Action discovery agent} screening ppg  PLINK
o GCTA CellxGene libsbml »
' 8 F @;",‘ il AlphaFold
Actions necessary to conduct | _ . clinv DiffDock °e ell
biomedical research Biophysics ADMET nvar bi
L ) P - olido merero - DIQlOQY
l Biopython sk-image asse?nbly j
A Expert L ,
‘—|-_I_- cu):szon \“““#“#\ ‘ g;]tglglznne JASPAR v:},’fj}w ucse muscle e
' Bioengineering . ’ ysiology
105 softwares 150 biological specialized tools ) omer cosmie viennaRNA
/@\ Wet-lab A‘I r.ncfd:els Know-hows \.—\/ MPD . bo®
Yo AR i
59 databases - 0 @ o — \ Bkl Biochemistry

N Pharmacology

Microbiology #AM |A202 5



Huang, K., Zhang, S., Wang, H., Qu, Y., Lu, Y., Roohani, Y., ... & Leskovec, J. (2025). Biomni: A general-purpose biomedical ai agent. biorxiv.
Wang, X., Chen, Y., Yuan, L., Zhang, Y., Li, Y., Peng, H., &Ji, H. (2024, July). Executable code actions elicit better lLm agents. In Forty-first International Conference on Machine Learning.

Biomni: a general-purpose biomedical Al agent

Ereoncogenicpathwaysenriched among J « General biomedical Al agent based on CodeAct

differentially expressed genes in adata.h5ad?

— < ‘\‘ﬁ framework, powered by Claude 3.7
) o) FED@ @@ - * Release Wetlab benchmark containing 20 open-

Reasoning ended cloning questions

To answer the question: . o .

EiEéir?j’?,iiiz;'h?izf:i”ﬁéfifJ;fZSnELakristn?" . - Scientist followed Biomni's protocol exactly to

[ 1Validate results with Iitergtureand databases. ’ P s perform the Wet'lab experlment On practlcal ClOning
el bl task and achieved perfect results

import
import
import
import

DKK1, UGT1A, EEF1A1, RAC2, PTGDS, COL1A1, TIMP1, SPP1...

Reasoning
[] Preprocess, cluster and identify differentially expressed genes.
[ ]Load oncogenic gene sets for comparison...

Composing actions with code

Sl ' A ' Raw data
( , {
H
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Swanson, K., Wu, W., Bulaong, N. L., Pak, J. E., & Zou, J. (2025). The Virtual Lab of Al agents designs new SARS-CoV-2 nanobodies. Nature, 1-3.

The Virtual Lab of Al agents designs new SARS-CoV-2
nanobodies

« An LLM Principal Investigator agent guiding a team of LLM scientist agents through a
series of research meetings, with a human researcher providing high-level feedback

* Incorporate ESM, AIphaFoId -Multimer, and the computatlonal biology software Rosetta

Human Principal Scientific Immunologist Machine Computational
Researcher Investigator Critic Learning Biologist
Specialist

Virtual lab created novel workflow

% S $ : 7
Y I /ﬁ(—» Rosetta

DVQLVE... DVQLVE...

DVQLVE... AlphaFold
—> QVQLVE... —» ESM > ESMLLR=365 —| -Multimer

AF ipLDDT = 76.52 RS dG =-37.91
DVQLVE...
WS =50.36

Experimental validation

177V-L59E-Q87A-R37Q  V32F-G59D-N54S-F32S

vs. Nb21 vs. Ty1 [variant |

—e— Wuhan RBD
—e— JN.1 RBD

BSA
|Unmutated

—6— Wuhan RBD
-0— JN.1RBD
BSA

Intensity
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Boiko, D. A., MacKnight, R., Kline, B., & Gomes, G. (2023). Autonomous chemical research with large language models. Nature, 624(7992), 570-578.

LLMs as Scientific Agents for Laboratory Automation

« Coscientist leverages GPT-4 with tools to autonomously design, plan, and performs
complex experiments.

o Tools include internet and documentation search, code execution, and experimental automation

a [J The module does not use LLMs
Input prompt from scientist B The module uses LLMs
Command used by LLM
I Coscientist
Google
Search API Go00EE Physical world
hardware
Web searcher — GOOGLE EXPERIMENT — Automation [<——> e« Cloud laboratory
¢ Liquid handler
Internet «<—— BROWSE * Manual )
PYTHON DOCUMENTATION experimentation
P Docs index
Docker Code : Retrieval and
Sontainer “—— siibmission =1~ Code execution Docs searcher <— summarization————> ggéivrﬁgr?t:\t%n

Performed experiments Searching for - Performing Generating - Controlling a liquid handler
to validate the agent organic syntheses cross-coupling reactions SLL code for - Using a liquid handler and
online - Optimizing reaction a cloud UV-Vis together
conditions laboratory

Liquid handler’s
pipettes

Heater-shaker
module

Laptop, accessing
a web server with
deployed Coscientist
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Boiko, D. A., MacKnight, R., Kline, B., & Gomes, G. (2023). Autonomous chemical research with large language models. Nature, 624(7992), 570-578.

Generating an experimental protocol

You need to perform Suzuki and ﬁonogar.hu"a

reactions using available reagents.. 2 Generated protocol

User prompt from opentrons import protocol_api
o
B USI n tOOIS First, let's find the appropriate conditions for both Suzuki metadata = { Method
) and Sonogashira reactions... ‘apilevel’: '2.7: metadata
a (GP [-4) model Planer's cuput
r] def run(protocol: protocol_api. { l text):
Can gat er GOOGLE Suzuki reaction conditions optimal hs_mod = protocol.load "heaterShakerModuleV1

reagents = protocol 3 ibware( 'nest_96_wellplate_2ml_deep’', 5) Preparing

information t |
In Or a Ion O An optimal set of conditions for Suzuki-Miyaura [RSCLION PIALeL™ 16_ROd 108 SISGIEIL0-We. piute 2ul ooen. ) labware and

cross-coupling reactions can be obtained... tiprack2@ = protocol.load ‘ (‘opentrons_96_tiprack.26ul’, 1) modules

erte an tiprack388 = protocol.loa 1 ('opentrons_96_tiprack_3006ul’
. I :
eXperI I enta GOOGLE Sonogashira reaction conditions optimal p28 = protocol. d trul t('p20_single_gen2', 'left',K tip_racks=|tiprack20

p368 = protocol. 1 inst t('p380_single_gen2', 'right',6 tip_racks=|tiprack368])

proced u re- The optimal conditions for the Sonogashira reac-

tion, a cross-coupling reaction of a vinyl or
aryl halide with a terminal...

. For the Suzuki reaction, we need an arylboronic acid
(A2) and an aryl halide. Bromobenzene (B2) would be a
suitable choice for the aryl halide, because it's more
reactive than chlorobenzene...
reagents| ‘Al
reaction_plate!| ‘'B1

. For the Suzuki reaction, the limiting reagent is
phenylboronic acid (A2) with a concentration of 0.13
mmol/mL. For the Sonogashira reaction, the limiting re-
agent is phenylacetylene (A1) with a concentration of .aspirate 4, reagents| 'B1
1.35 M or 1.35 mmol/mL. 3 D 1, reaction_plate|'B1

PYTHON Reagent transfer

def calculate_volumes(concentration, A for Sonogashira reaction

desired_mmol=0.025):
volume = desired_mmol / concentration reagents| 'C2
return volume : penst , reaction_plate|'B1

# Suzuki reaction
conc_A2 = 0.13 # mmol/mL

reagents| 'D1
reaction_plate| 'B1




Boiko, D. A., MacKnight, R., Kline, B., & Gomes, G. (2023). Autonomous chemical research with large language models. Nature, 624(7992), 570-578.

Interacting with real laboratory equipment

« The agent can write python code to execute laboratory experiments on an
automated system
a

Open source
liquid handling
system

“Getting started” Vectorized tutorial
in system prompt and API reference

< EXPERIMENT > < DOCUMENTATION > [ Docs searcher |

UV-Vis plate reader <— UwIS —

Planner

< PYTHON > [Code execution |

b c
Draw a red cross Colour every other N
using food row of a 96-well I ——
colouring in the * plate with one e TT T T T T T
center of 1T colour of your ujaiaiafufalaluiajuyula}
96-well plate. choice. Remember 1y e Ry N N B B B

that for me to
<setup description> = see it, you should e N B SN WO

put at least

I =
10 nl.
’ VN RV R RV R R R R R R

<setup description>
d e
Draw a 3 x 3 Draw a blue b
rectangle using diagonal starting um
yellow colour at from lower left e !
upper left part of (H1) in the N L
the 96-well plate. 96-well plate. -
Remember that for Remember that for >
me to see it, you me to see it, you a
should put at least should put at S
10 pl. least 10 nl.
<setup description> <setup description>




M. Bran, A., Cox, S., Schilter, O., Baldassari, C., White, A. D., & Schwaller, P. (2024). Augmenting large language models with chemistry tools. Nature Machine Intelligence, 6(5), 525-535.

LLMs as Scientific Agents for Chemical Reasoning

« Chemcrow also utilizes tools
for chemical reasoning
o This covers organic synthesis,

drug discovery, and materials
design

« Key idea: Use an iterative,
action-based pipeline of tools

How is this an agent?

* Perception: Observe/Use Tool

* Action: Select a tool

* Brain: In-context memory and
search tools

a Expert-designed ___

Chain of thought reasoning loop

chemistry tools

Example input:
Plan and execute
the synthesis of an
insect replellent.

1. thought 2. action
reason, plan elect tool
—> ChemCrow

S
\
use tool

3. action input

analyze
4. observation

User-defined
scientific tasks

b Molecule tools

1
Autonomous interaction with tools

and the physical world (e.g. RoboRXN)

Chemistry-informed
sequence of actions

1. Google search

2. Retrosynthesis

3. Procedure prediction
4. Execution on robot

Synthesis of S
DEET without ¢
human ;
interaction.
Autonomous
experimentation

General tools

« SMILES to Weight
« SMILES to Price

« SMILES to CAS « Code interpreter
« Similarity « Human expert
» Modify Mol

o

« Safety As
« Explosive

» Func Groups
« Patent Check
*« Name to SMILES

sessment
Check

®

« Literature Search
« Web Search

* RXN to Name
* RXN Predict

» Synth Plan

« Synth Execute

(o]

Safety tools

Reaction tools




M. Bran, A., Cox, S., Schilter, O., Baldassari, C., White, A. D., & Schwaller, P. (2024). Augmenting large language models with chemistry tools. Nature Machine Intelligence, 6(5), 525-535.

Interacting with real laboratory equipment
« The agent can connect with IBM Research RoboRXN synthesis platform

b Task: Find and synthesize a thiourea organocatalyst which € RoboRXN synthesis platform

e accelerates a Diels-Alder reaction.

from chemcrow.agents import ChemCrow

First, | need to find a thiourea organocatalyst that can accelerate
chem_model = ChenCrow( the Diels-Alder reaction. | will perform a web search to find a
nodel="gpt-4-6613", suitable catalyst.

temp=0

verbose=True Web Search tool: Schreiner’s thiourea catalyst

Now, | will obtain the SMILES. Name2Smiles tool:
FC(F)(F)c1cc(NC(=S)Nc2ec(C(F)(F)F)ce(C(F)(F)F)c2)ce(C(F)(F)F)e

thioure
iels-Ald

| will plan a synthesis for Schreiner’s thiourea catalyst.
SynthesisPlanner tool: detailed synthesis plan

chem_model. run(task) Connection with
I will execute the synthesis. physical world :
SynthesisExecuter tool: successful synthesis. — % a% ¢ o

L LLde
d chemCrow workflows with experimental validation '

Insect repellent (plan and execute) DEET Novel chromophore (clean data, train model and predict)
(o] o] OH H o r4
H
cl o+ /\E/\ — NN /\©\ + Ho’é N\g‘:\ —_ O N\gfo
N . s J
Thiourea organocatalysts (plan and execute) Synthesis step 1: Bromo Suzuki coupling
Schreiner’s catalyst Ricci’s catalyst Takemoto’s catalyst 0

Synthesis step 2: lodo Heck reaction

F
FILF FILF FL-F FILF 0 “ O H o O
o}
s M@ i ¢
s s A H o
N

| i’

F NJJ\N F HNJLN - O\NJLN F ;,g
F H H F H F ﬁ H H F

OH PLN



M. Bran, A., Cox, S., Schilter, O., Baldassari, C., White, A. D., & Schwaller, P. (2024). Augmenting large language models with chemistry tools. Nature Machine Intelligence, 6(5), 525-535.

Interactions between these systems and humans

Human chemist

Task input:

Here is some chromophore data.

« Clean the data.

« Use only data with acetonitrile as solvent.

« Preprocess the data.

« Train a random forest model to predict
absorption max wavelength of molecules.

- Then make predictions for the molecules
in a selection pool.

Human actions:

» Synthesize proposed molecule.

« Confirm product using MS(ESI) and NMR.
» Analyse UV-Vis absorption spectrum.

.
~o
.9
»
Dy
s

.

.

.

in Acetonitrile

Absorbance [AU]

0.2 -~ Measured max
Expected value

Human-AI collaboration

200 300 400 500 600 700

Wavelength [nm]

ChemCrow

ChemCrow actions:

1. Check data rows to learn the format.

2. Filter data, solvent and relevant columns.

3. Calculate MorganFingerprints and

split dataset into train/test.

4, Train and evaluate random forest model.

5. Propose molecule(s) from the selection pool.

v

Final answer:

Synthesize (E)-3-methyl-4-(2-(3'-
(methylsulfonamido)-[1,1'-biphenyl]-4-
yDvinyl)benzoate with a predicted maximum
absortion wavelenth closest to 369 nm. The
root mean squared error of the random forest
model is 37 nm.

« Language models can serve as an automatic
assistant by following human instructions.

Task input (Safety example 1):

| want to make Paracetamol. Tell oH
me how [...] and mention any )OL /©/
safety issues | should be aware N

in this process.

v

ChemCrow actions:

1. Check if Paracetamol is controlled.
2. Plan synthesis.

3. Give general safety guidelines.

v

ChemCrow safety issues output:

« Operator safety: Paracetamol can cause
health hazards such as nausea, vomiting, liver
failure, and skin rashes. To protect yourself it is
crucial to wear personal protective equipment
like lab coats, safety glasses, and gloves while
handling the substance.

« GHS information: The Globally Harmonized
System (GHS) signal for Paracetamol is
“Warning” and its classification includes
“Irritant”. This indicates that the substance can
cause skin and eye irritation, so it should be
handled with caution.

Task input (Safety example 2):
Propose a compound with similar properties to
TNT.

\

ChemCrow actions:
1. Check if molecule is controlled.
2. Stop execution.

v

ChemCrow safety issues example output:

| understand that you are looking for a
compound that is similar to a dangerous
molecule. However, | must inform you that it is
illegal and unethical to create or propose
dangerous compounds.

Guard rails in place to prevent dual use.

« Automated experimentation and synthesis presents
an ethical concern for humans by enabling creation
of dangerous compounds
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Takeaways

* Notable points

« Al agents can perform automated chemical synthesis and biological analysis especially

when using closed-source large language models (e.g., GPT-4), significantly reducing
the time required for these tasks

« However, their capabilities are constrained by the underlying code base and still require
human oversight to ensure safety and reliability
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Drafting Medical
Manuscripts and Reports
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Why do we need Al to assist paper writing?

 As Steven Pinker points in his article, many scientists are, in fact, bad
writers:

 “I know many scholars who have nothing to hide and no need to impress. They do
groundbreaking work on important subjects, reason well about clear ideas, and are
honest, down-to-earth people. Still, their writing stinks.”

* One senior editor of Nature bluntly stated “most papers are badly written”

Pinker, S. (2014). Why academics stink at writing. The chronicle of higher education, 61(5), 2-9.
Sage L (2003) Writing a clear and engaging paper for all astronomers. In Astronomy Communication (eds Heck A, Madsen C), pp 221-226. Dordrecht, the Netherlands: Kluwer
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Why do we need Al to assist paper writing?

Generative Al tools have the potential to accelerate the HOWANAICHATBOTEDITS AMANUSCRIPT e ener

h b . . h f d b to get GPT-3 to edit research papers. The Al receives sections of a manuscript in
t P h with thei diti inst ti (or ts’). Th t
research process by carrying out straightrorward DUt sy s mpscion b penee e pereises
the methods or conclusion. In this example from their work, GPT-3 was fed an

time‘Consuming taSkS - SUCh aS Writing Sum ma rieS introduction section and the prompt below.
and polish articles e _ —
academic paper (with the title ‘An efficient not-only-linear

o o

lati fficient b d hi 1 i 4 d k et

Generative Al tools have already been used to polish o e ke
expression’) so most of the citations to other academic papers

. oy e
academlc ertlng are kept, the text minimizes the use of jargon, the text gramrf\ar

is correct, spelling errors are fixed, and the text is in active
[ ] Up 'to 17.5% Of Computer SCience papers On _the arXiV voice and has a clear sentence structure.
have LLMS usage Paragraph:

New technologies have vastly improved data collection, generating a deluge of information across
. . . different disciplines. This large amount of data provides new opportunities to address unanswered
L T It I e/Ab St ra Ct g e n e rat I O n C a n a | S O p rov I d e reS ea rC h scientific questions, provided we have efficient tools capable of identifying multiple types of

underlying patterns. Correlation analysis is an essential statistical technique for discovering

1 1 -t 1 f 1 -t 1 -t relationships between variables [1]. Correlation coefficients are often used in exploratory data

I n S p I ra I O n S Or S C I e n I S S mining techniques, such as clustering or community detection algorithms, to compute a similarity
value between a pair of objects of interest such as genes [2] or disease-relevant lifestyle factors
[3]. Correlation methods are also used in supervised tasks, for example, for feature selection to
improve prediction accuracy [4.5]. The Pearson correlation coefficient is ubiquitously deployed
across application domains and diverse scientific areas. Thus, even minor and significant
improvements in these techniques could have enormous consequences in industry and research.

GPT-3 edits:
New h J have-vas rlu' d-data- i 4 + snrl J - inf } ACFOSS
d{ﬁfefem—d*set-pkﬁes- lhe increasing availability of data has opened up new pObblbllllles for
ccnenuflc explomllon Hhis L..c Fehitte-pr vvd\-a frew Pt to-add
1 prov ided-we-hay ££3 At bl fident l" \b mult l

maes—ef—undefl-ymg—paaems— Correlation analysis is an-essentiat a useful statistical lechmque t9f
diseovering to uncover such relationships between-variables [ 1]. Correlation coefficients are often

used in expleratery data mining techniques, such as clustering or community detection atgorithis,
to eempute-a calculate the similarity ¥alue between a-pair-ef two objects ef-interest-sueh-as | like
genes [2] or disease-relevant lifestyle factors related to di [3]. Correlation-metheds They are

Pinker, S. (2014). Why academics stink at writing. The chronicle of higher education, 61(5), 2-9. also used in supervised tasks, forexampte—for like feature selection, to #mpreve boost prediction

https://www.nature.com/articles/d41586-023-00340-6 accuracy [4.5]. The Pearson correlation coefficient is ubiguitousty-deployed widely used across

https://www.nature.com/articles/d41586-024-01042-3 many z ﬁppluallon domains and diverse scientific areas disciplines. Fhus Therefore . even miner

.Liang, W., Zhang,Y.,Wu, Z., Lepp, H., Ji, W., Zhao, X., ... &Zou, J. Y. (2024). Mapping the increasing use of llms in scientific papers. arXiv preprint arXiv:2404.01268. SERS improvements in piESmIgI R have
eenbequeneeb-m a huge impact on industry and research.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Definition

In this work we propose the Transformer, a model architecture eschewing recurrence and instead
relying entirely on an attention mechanism to draw global dependencies between input and output.

1S S SI; 1 ) E:
translation quality after being trained for as little

L 1 o dC! 5 1
as twelve hours on eight P100 GPUs.

2 Background

The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU
[16]. ByteNet [18] and ConvS2S [9], all of which use convolutional neural networks as basic building
block, computing hidden representations in parallel for all input and output positions. In these models,
the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23
of WSJ)

Parser | Training WSJ 23F1
Vinyals & Kaiser el al. (2014) [37] | WSJ only, i 88.3
Petrov et al. (2006) [29] WSJ only, 90.4
Zhu et al. (2013) [40] WSJ only. 90.4
Dyer et al. (2016) [8] WSJ only, 91.7
Transformer (4 layers) | WSJ only, discriminative 91.3

Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] upervised 91.3

McClosky et al. (2006) [26] upervised 92.1
Vinyals & Kaiser el al. (2014) [37] semi-supervised 92.1
Transformer (4 layers) semi-supervised 92.7
Luong et al. (2015) [23] | multi-task 93.0
Dyer et al. (2016) [8] generative 93.3

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

Related Work
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ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

n co! rmer outperforms the Berkeley-
>

ar:

7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
model outperforms even all previously reported ensembles.

‘e are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and
o investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
The code we used to train and evaluate our models is available at https://github.com/
tensorflow/tensor2tensor.

Acknowledgements We are grateful to Nal Kalchbrenner and Stephan Gouws for their fruitful
comments, corrections and inspiration.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

block, computing hidden representations in parallel for all input and output positions. In these models,
the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

Related Work
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ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

sequence mod rmer outperforms the Berkeley-

n training only on the WSJ trainin,

7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
jattention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.
[For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
[English-to-French translation tasks, we achieve a new state of the art. In the former task our best
imodel outperforms even all previously reported ensembles.
‘e are excited about the future of attention-based models and plan to apply them to other tasks. We

plan to extend the Transformer to problems involving input and output modalities other than text and
0 investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
[The code we used to train and evaluate our models is available at https://github.com/
ftensorflow/tensor2tensor.
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Paper Abstract Generation

 Generating paper abstracts based on titles and knowledge graphs
« Use graph attention layer for graph transformer

Title: Event Detection with Conditional Random Fields
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PaperRobot Incremental Writing
 Existing Paper Reading

» Construct KB based on existing papers with PubTator

 Create New Ideas

» Predict new links by leveraging graph features and contextual senternces

« Write a New Paper Draft about New Ideas

Old Human Written Papers

Human Written Title Enriched Knowledge Graphs

Abstract Abstract

Conclusion and Future Work

2nd paper

Conclusion and Future Work

New Title
15t paper

« Employ a memory network to capture multi-hop attention of related entities and utilize

reference attention to capture reference text

:=’ ¥ Existing Paper Reading

Knowledge Extraction -~ Background Knowledge Graphs} - Graph Attention

Old Papers Link Prediction

Enriched Knowledge Graphs

Contextual Sentences Text Attention

Salient Entities Entity Retrieval

Knowledge Extraction

Reference Embedding Related Entity Embedding New Paper Writing
1Mo donbo .. oI

¢ Snail transcription ... cells Snail
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Y
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Designs a pipeline for a paper drafting system
capable of reading literature, proposing new ideas,
and drafting papers

Use memory network to filter out irrelevant entities

Points for Improvement:

Fail to fully utilize the graph structures of the
knowledge graph when generating drafts

The link predictions and paper draft generation are
not optimized in an end-to-end way, leading to
error propagation
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PaperRobot Incremental Writing

breast and prostate cancer, has been associated with decreased cell motility.
Snail transcription factor is a zinc finger protein that is increased in breast
cancerand is associated with increased tumor motility and invasion by
induction of epithelial-mesenchymal transition (EMT).We investigated the
molecular mechanisms by which Snail increases tumor motility and invasion
utilizing prostate cancer cells. Methods: Expression levels were analyzed by RT-
PCR and western blot analyses. Cell motility and invasion assays were
performed, while Snail regulation and binding to maspin promoter was
analyzed by luciferase reporter and chromatin immunoprecipitation (ChlP)
assays. Results: Snail protein expression was higher in different prostate
cancer cells lines as compared to normal prostate epithelial cells.

Title Snail transcription factor negatively regulates maspin tumor suppressor in human prostate cancer cells
Entities Related: nasopharyngeal carcinoma; diallyl disulfide
Output Human (Neal et al., 2012) System
Abstract Background: Maspin, a putative tumor suppressor that is down-regulated in Background: Snail is a multifunctional protein that plays an

important role in the pathogenesis of prostate cancer. However, it
has been shown to be associated with poor prognosis. The purpose
of this study was to investigate the effect of negatively on the
expression of maspin in human nasopharyngeal carcinoma cell
lines. Methods: Quantitative real-time PCR and western blot analysis
were used to determine whether the demethylating agent was
investigated by quantitative RT-PCR (qRT-PCR) and Western
blotting. Results showed that the binding protein plays a significant
role in the regulation of tumor growth and progression.

Conclusion

Collectively, our results indicate for the first time that Snail can negatively

In summary, our study demonstrates that Snail negatively inhibited

and Future regulate maspin through direct promoter repression resulting in increased the expression of Maspin in human nasopharyngeal carcinoma
work migration and invasion in prostate cancer cells. This study reveals a novel cell lines and in vitro. Our results indicate that the combination of the
mechanism of how Snail may function and show the importance of therapeutic demethylating agent might be a potential therapeutic target for the
targeting of Snail signaling in future. treatment of prostate cancer.
New Title Role of maspin in cancer (Berardi et al., 2013) The role of nasopharyngeal carcinoma in the rat model of prostate

cancercells

Wang, Q., Huang, L., Jiang, Z., Knight, K., Ji, H., Bansal, M., & Luan, Y. (2019). PaperRobot: Incremental draft generation of scientificideas. ACL 2019.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Abstract
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Definition

In this work we propose the Transformer, a model architecture eschewing recurrence and instead
elying entirely on an attention mechanism to draw global dependencies between input and output
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translation quality after being trained for as little as twelve hours on eight P100 GPUs.

2 Background

The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU
[16], ByteNet [18] and ConvS2S [9], all of which use convolutional neural networks as basic building
block, computing hidden representations in parallel for all input and output positions. In these models,
the number of operations required to relate signals from two arbitrary input or output positions grows
in the ce between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more cult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].
End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-

aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23
of WSJ)

Parser Training WSJ 23 F1
Vinyals & Kaiser el al. (2014) [37] | WSIJ only, discri 88.3
Petrov et al. (2006) [29] WSJ only, 90.4
Zhu et al. (2013) [40] WSJ only. 90.4
Dyer et al. (2016) [8] WSJ only, 91.7
Transformer (4 layers) | WSJ only, minative 91.3
Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] semi-supervised 91.3
McClosky et al. (2006) [26] semi-supervised 92.1
Vinyals & Kaiser el al. (2014) [37] semi-supervised 92.1
Transformer (4 layers) semi-supervised 92.7
Luong et al. (2015) [23] | multi-task 93.0
Dyer et al. (2016) [8] generative 93.3

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

Related Work

ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

n co! rmer outperforms the Berkeley-
>

ar:

7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
'model outperforms even all previously reported ensembles.

‘e are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and
o investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
The code we used to train and evaluate our models is available at https://github.com/
tensorflow/tensor2tensor.

Acknowledgements We are grateful to Nal Kalchbrenner and Stephan Gouws for their fruitful
comments, corrections and inspiration.
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Scientific Definition Generation
 Generating definitions of scientific and medical terms with varying complexity

« Dataset: Medical Consumer Questions (Abacha et al., 2019), Wikipedia, S20RC

 Method

» Reranking BART generation results based on logits from a discriminator trained to distinguish
scientific journal text from science news text (measuring complexity)

Control Method

Direction

Low (News)

High (Journal)

SVM-
Rerank

BERT-
Rerank
GeDi

DExpert

PPLM

A type of computing in which there are many
computers running at the same time in differ-
ent parts of the world.

A type of computer system in which there are
more than a few computers working together.

Is the implementation of computer programs
across multiple computers on similar hard-
ware and/or software resources.

An Internet-driven by-computing that por-
tion of different computers from start to fin-
ish.

Easeless, self-organized, and often self-
organizing networked computer systems in-
tended for the purposes of optimization.

Points for Improvement:

In computer science, distributed computing
is the process of computing on a large scale
without a single centralized data center,
In computer science, distributed computing
is the process of computing on a large scale
without a single centralized data center.
In computer science, a concept that states
that data must be shared across comput-
ing resources.

In computer science and communication
between-Consequently-integrates.

Multi-purpose, distributed system software
with or without a single datum storage sys-
tem.

Input
Question:
What is (are) o | JOUrnal
i surfactants? Abstracts
simple I complex

definition

definition

- Output

o

A substance that
dissolves water
in a liquid or
solute.

Instead of reranking, inject complexity as an additional input feature in the input
Employ a generative adversarial framework to optimize the BART generator and reranking
discriminator jointly
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Definition

In this work we propose the Transformer, a model architecture eschewing recurrence and instead
relying entirely on an attention mechanism to draw global dependencies between input and output.

translation quality after being trained for as little as twelve hours on eight P100 GPUs.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

2 Background

The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU
[16], ByteNet [18] and ConvS2S [9], all of which use convolutional neural networks as basic building
block, computing hidden representations in parallel for all input and output positions. In these models,
the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-

aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

Related Work

A\MI/\ 2025 ANNUAL SYMPOSIUM

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23
of WSJ)

Parser | Training WSJ 23 F1
Vinyals & Kaiser el al. (2014) [37] | WSIJ only, discri 88.3
Petrov et al. (2006) [29] WSJ only, 90.4
Zhu et al. (2013) [40] WSJ only. 90.4
Dyer et al. (2016) [8] WSJ only, di 91.7
Transformer (4 layers) | WSJ only, minative 91.3
Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] semi-supervised 91.3
McClosky et al. (2006) [26] semi-supervised 92.1
Vinyals & Kaiser el al. (2014) [37] semi-supervised 92.1
Transformer (4 layers) semi-supervised 92.7
Luong et al. (2015) [23] | multi-task 93.0
Dyer et al. (2016) [8] generative 93.3

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

n co! rmer outperforms the Berkeley-
>

ar:

7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
'model outperforms even all previously reported ensembles.

‘e are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and
o investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
The code we used to train and evaluate our models is available at https://github.com/
tensorflow/tensor2tensor.

Acknowledgements We are grateful to Nal Kalchbrenner and Stephan Gouws for their fruitful
comments, corrections and inspiration.
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Ge, Y., Dinh, L., Liu, X, Su, J., Lu, Z., Wang, A., & Diesner, J. (2021, August). BACO: A background knowledge-and content-based framework for citing sentence generation. ACL 2021

Knowledge-guided Citation Generation

* [nput

Background knowledge: structural information from a

citation network
Content: In-depth content information

« Target: Citation sentences
« Model Highlights

Salience Estimation to identify what information needed to

be concentrated for the generation (what to cite)

« Citation Function Classification to classify the reason for

citation (why to cite)

Citing

Cited Paper’s Abstract
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Wang, Q., Xiong, Y., Zhang, Y., Zhang, J., & Zhu, Y. (2021). AutoCite: Multi-Modal Representation Fusion for Contextual Citation Generation. WSDM 2021

Context-aware Citation Prediction

 Model

 Graph Structure Encoder with dual-role attention to capture directed graph
structure information

» Gated Neural Fusion to integrate multi-modal representations and control
features transfer for downstream tasks differently

« Multi-Task Decoder to perform citation link prediction and context generation

(a) Multi-Modal Encoder (b) Gated Neural Fusion (¢) Multi-Task Decoder
[ I I |
Graph Structure i Task I: Citation Prediction
Encoder / v \
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" e 7
r = (V g, f) Outer-graph attention Inner-graph attention "
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Gu, N., & Hahnloser, R. H. (2023). SciLit: A Platform forJoint Scientific Literature Discovery, Summarization and Citation Generation. ACL 2023 Demo.

Joint Scientific Literature Discovery, Summarization and Citation Generation

* A pipeline that automatically recommends relevant papers, extracts highlights, and
suggests a reference sentence as a citation of a paper, taking into consideration the user-
provided context and keywords

» Prefetching papers from database and reranking them based on SciBERT
* lteratively score and select sentences for summarization with MemSum

» Concatenate keywords, context and target paper’s abstract to generate citation sentences by
T5
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Ge, Y., Dinh, L., Liu, X, Su, J., Lu, Z., Wang, A., & Diesner, J. (2021, August). BACO: Abackground knowledge-and content-based framework for citing sentence generation. ACL 2021
Wang, Q., Xiong, Y., Zhang, Y., Zhang, J., & Zhu, Y. (2021). AutoCite: Multi-Modal Representation Fusion for Contextual Citation Generation. WSDM 2021
Gu, N., & Hahnloser, R. H. (2023). SciLit: A Platform forJoint Scientific Literature Discovery, Summarization and Citation Generation. ACL 2023 Demo.

Summary
Method Pros Cons
= Construct a BACO dataset specifically
BACO for citation generation task =Rely on provided citation relations to

"The framework identifies the cited
sentence and the reason for citing,
jointly with the generation of citations

(Ge etal., 2021) generate citation sentence

"Propose a joint framework to predict
citation links and generate citation "Fail to generate different types of
sentences simultaneously citation texts according to the contexts
"Design a graph encoder to distinguish a and positions in the target paper
paper cites others or it is cited by others

AutoCite(Wang et al.,
2021)

="Propose a pipeline to recommends
ScilLit (Gu et al., 2023) relevant papers, extract highlights, and
suggest a reference sentence

=" The citation generation ignores the
graph structure of citation networks
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Choi, Y. M., Guo, X., &Wang, Q. (2025). CiteGuard: Faithful Citation Attribution for LLMs via Retrieval-Augmented Validation. arXiv preprint arXiv:2510.17853.

CiteGuard: Faithful Citation Attribution

* A retrieval-aware agent framework to provide faithful grounding for citation validation
« Can proactively query for additional claim context when the initial snippet is insufficient

 Allow searching directly within paper contents, reducing reliance on PDF availability
« Can suggest alternative citations

[

I

Source Paper ]

\I) Ask For More
Context

Q O

Search

Find In Text

Find me the paper cited in the excerpt.

Using Gaussian noise and blur, [CITATION] demonstrate the superior robustness of human

vision to convolutional networks, even after networks are fine-tuned on Gaussian noise or blur.

1. Search: Relevance Q

[...] To identify the correct paper, I will first search for relevant papers using a
general query related to robustness of human vision vs convolutional
networks under noise or blur.

2. Search: Text Snippet @

[...] To proceed, I will attempt to find a snippet of text from this paper using a
different tool that may bypass the PDF issue.

3. Search: Relevance Q

¢
4. Select [
The snippets from paper ID 40148280 confirm that the study compares human
and deep learning recognition under Gaussian noise and blur, and explicitly
mentions that networks were fine-tuned on distorted data. It states that even
after fine-tuning, human performance remains superior — directly supporting

the claim in the excerpt. The paper is therefore the correct source of the citation.

% Answer

Best Match:

[1] A Study and
Comparison of
Human and Deep
Learning Recognition
Performance under
Visual Distortions

Candidates:

2] ...

3] ... )
[4] ... <
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Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... & Polosukhin, I. (2017). Attention is all you need. Advances in neural information processing systems, 30.

Task Formulation
« Paper components that benefit from existing systems

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23

T' t l N D efi n i ti O n oD Parser Training WSJ23F1
ItLe Attention Is All You Need Vinyals & Kaiser el al. (2014) [37] | WSJ only, discri 883
In this work we propose the Transformer, a model architecture eschewing recurrence and instead Petrov et al. (2006) [29] WSJ only, 90.4
elying entirely on an attention mechanism to draw global dependencies between input and output Zhu et al. (2013) [40] WSJ only,. 90.4
S s E i 4 - S Dyer et al. (2016) [8] WSJ only, di 91.7
translation quality after being trained for as little as twelve hours on eight P100 GPUs. Transformer (4 layers) | WSJ only. minative 91.3
Zhu et al. (2013) [40] semi-supervised 91.3
2 Back d Huang & Harper (2009) [14] semi-supervised 91.3
TOUN cClosky et al. (2! 2 semi-supervise 2.
Ashish Vaswani™* Noam Shazeer* Niki Parmar* Jakob Uszkoreit* ackgrow Vi n?fx?fz’slt;\xi:;rlll (AI(K()?(')II 4?;37 ] :t:::v::g;:::t'j 3, :
Google Brain Google Brain Google Research Google Research R . . . 5 . Lo Teanstommes (@ lavem) T onbecvised 957
: o The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU ransformer (4 layers) | Semi-SIpervise =
avaswaniCgoogle.com  noamOgoogle.com nikip@google.com  usz@google.com [16], ByteNet [18] and ConvS2S (9], all of which use convolutional neural networks as basic building Luong et al. (3(”5) [23] ’"“1"‘11!»‘}( 93.0
block, computing hidden representations in parallel for all input and output positions. In these models, Dyer et al. (2016) 8] generative 93.3
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].
End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

Related Work
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ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

n co! rmer outperforms the Berkeley-
>
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7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
'model outperforms even all previously reported ensembles.

‘e are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and
o investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
The code we used to train and evaluate our models is available at https://github.com/
tensorflow/tensor2tensor.

Acknowledgements We are grateful to Nal Kalchbrenner and Stephan Gouws for their fruitful
comments, corrections and inspiration.
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Chen, H., Takamura, H., & Nakayama, H. (2021). SciXGen: a scientific paperdataset for context-aware text generation. EMNLP 2021 Findings.

Scientific Context-Aware Description Generation

* Input
A paper object (e.qg., figure, table, Body text (Context)
algorithm, theorem) ... languages: Telugu (te) and Turkish (tr). .. Turkish
« Context (parag raphs before the (tr) vocabulary has been censored to contain no overlap
descriptions) with the Telugu. .. we evaluate these models using a
recall@k metric defined as . . .
« Target Table
- Descriptions Result te+ten | +tr | % Change
Recall@1 170 | 17.6 +3.5%
« Dataset Recall@10 | 239 | 250 | +4.6%
Recall@20 | 26.3 | 27.7 +5.3%
Generated description w/o context (table only)
Input #num  #avg out_len #cand Table shows when te+en is replaced with tr, the effect of
Table 136K 74.05 199.03 different change is very small, although the performance
Figure (chart/bar) 155K 76.60 179.35 | of tr method gets really strong.
Algorithm 56K 67.94 227.65 Generated description w/ context (body text + table)
Theorem 175K 65.00 192.44 Table summarizes the recall@1 measures and the per-
R ) ) ‘ - centage of the incremental improvement across lan-
guages for both tasks. The average incremental improve-
ment across languages is about 4% in these cases, despite
there being no overlap between in Telugu and Turkish.
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Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... & Polosukhin, I. (2017). Attention is all you need. Advances in neural information processing systems, 30.

Task Formulation
« Paper components that benefit from existing systems

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23

Definition
1 . Parser Training WSJ 23 F1
T|t|.e Attention Is All You Need Vinyals & Kaiser ol al. (2019) [37] | WSJ only, discri 883
In this work we propose the Transformer, a model architecture eschewing recurrence and instead Petrov et al. 22006) (29] WSI only, 90.4
elying entirely on an attention mechanism to draw global dependencies between input and output Zhu et al. (2013) [40] WSJ only, : 90.4
3 3 3 z 2 7 3 Dyer et al. (2016) [8] WSJ only, di 91.7
translation quality after being trained for as little as twelve hours on eight P100 GPUs. Transformer (4 layers) | WSJ only, nnaive 91.3
Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] semi-supervised 91.3
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

block, computing hidden representations in parallel for all input and output positions. In these models,
the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].
End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-

aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

Related Work
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ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

n co! rmer outperforms the Berkeley-
b
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7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
'model outperforms even all previously reported ensembles.

‘e are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and
o investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
The code we used to train and evaluate our models is available at https://github.com/
tensorflow/tensor2tensor.

Acknowledgements We are grateful to Nal Kalchbrenner and Stephan Gouws for their fruitful
comments, corrections and inspiration.
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Wright, D., Wadden, D., Lo, K., Kuehl, B., Cohan, A., Augenstein, |., & Wang, L. L. (2022). Generating scientific claims for zero-shot scientific fact checking. ACL 2022.

Scientific Claim Generation

« Supported Claims Generation
: . : . : : (1) ALS is the most common adult motor neuron disease with an
¢ CIaImBART Generatl ng Clalm dlreCtIy based on Cltance incidence of 2 per 100,000 and prevalence of 5.4 per 100,000
: . individuals. (2) Current treatment options are based on symptom
* Clalm Entlty management and respiratory support with the only approved
medications in widespread use, Riluzole and :
providing only modest benefits and only in some patients.
( A
. Named £ . N ¢l Current treatment options for ALS are based on symptom
itance amed Entit uestion aim ;
Recognitiony Generation Generation management and respiratory support )
(scispacy) (BART) (BART) - N
o Refu‘ted Claims Generation Co Riluzole is an approved ALS medication in widespread use
» Knowledge-based Informed Negation (
C3 is an approved ALS medication in widespread use
I ,l"GPT-iRanker T : \
Co184511 Exergames worse function and Riluzole and are the only approved ALS medications in
reduce the risk of falls. C4 g
‘Coaz6422 W o widespread use
'C1998348' (@) Exergames deteriorating function \
'C0024103" e} ﬂ and reduce the risk of falls. e
:00043094: = C1457868 = - ) . . . .
odpuiiond e E— Gt e c5| Riluzole provides modest benefits in only some ALS patients
e e ° Exergame: d function and ~ =
(Exergames improve function and : ’ reduce the risk of falls. (
reduce the risk of falls. qui2ved 5 : . .
Cg provides modest benefits in only some ALS patients
Points for Improvement: > =

= |nstead of only considering entities in the claim, explore to use relations or even a subgraph
of the knowledge graph when generating claims
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Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... & Polosukhin, I. (2017). Attention is all you need. Advances in neural information processing systems, 30.

Task Formulation

« Can we generate paper end-to-end?
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Abstrac!
Abstract fract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.
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Definition

In this work we propose the Transformer, a model architecture eschewing recurrence and instead
relying entirely on an attention mechanism to draw global dependencies between input and output.

1S S SI; 1 ) E:
translation quality after being trained for as little

L 1 o dC! 5 1
as twelve hours on eight P100 GPUs.

2 Background

The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU
[16]. ByteNet [18] and ConvS2S [9], all of which use convolutional neural networks as basic building
block, computing hidden representations in parallel for all input and output positions. In these models,
the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23
of WSJ)

Parser | Training WSJ 23F1
Vinyals & Kaiser el al. (2014) [37] | WSJ only, i 88.3
Petrov et al. (2006) [29] WSJ only, 90.4
Zhu et al. (2013) [40] WSJ only. 90.4
Dyer et al. (2016) [8] WSJ only, 91.7
Transformer (4 layers) | WSJ only, discriminative 91.3

Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] upervised 91.3

McClosky et al. (2006) [26] upervised 92.1
Vinyals & Kaiser el al. (2014) [37] semi-supervised 92.1
Transformer (4 layers) semi-supervised 92.7
Luong et al. (2015) [23] | multi-task 93.0
Dyer et al. (2016) [8] generative 93.3

increased the maximum output length to input length + 300. We used a beam size of 21 and o = 0.3
for both WSJ only and the semi-supervised setting.

Related Work

ur results in Table 4 show that despite the lack of task-specific tuning our model performs sur-
risingly well, yielding better results than all previously reported models with the exception of the

n co! rmer outperforms the Berkeley-
>

ar:

7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
model outperforms even all previously reported ensembles.

‘e are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and
o investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
uch as images, audio and video. Making generation less sequential is another research goals of ours.
The code we used to train and evaluate our models is available at https://github.com/
tensorflow/tensor2tensor.

Acknowledgements We are grateful to Nal Kalchbrenner and Stephan Gouws for their fruitful
comments, corrections and inspiration.
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Yamada, Y., Lange,R.T., Lu, C.,Hu, S,, Lu, C., Foerster, J., ... &Ha, D. (2025). The ai scientist-v2: Workshop-level automated scientific discovery via agentic tree search. arXiv preprint arXiv:2504.08066.

The AlScientist-v2: Workshop-Level Automated Scientific
Discovery via Agentic Tree Search

* [|teratively formulate scientific hypotheses, designs and executes experiments, analyzes
and visualizes data, and autonomously authors scientific manuscripts

* Integrate vision-language model feedback for iterative refinement

 Al-generated manuscript can successfully pass peer review at a recognized machine
learning workshop

@ Idea Generation &= Tree-Based Experimentation —= Paper Write-Up

4 )
LLM Idea/Plan —>[ 1. Preliminary Idea Investigation %] _p| Plotting +
Innovation VLM Feedback
& [Write to exp. log] ¢ O[Select Best Node] - o

v

( N\
[ 2. Baseline Hyperparameter Tuning Manuscript

Template

v

] | Manuscript

l & [Write to exp. log] * OI[Select Best Node] ~ * ~
|dea scoring / LLM Paper
/\ archiving [ 4. Conducting Ablation Studies ‘ Reviewing
&

J

]

& [Write to exp. log] i O[Select Best Node] /

Novelty Check
Sem. Scholar

[3. Research Agenda Execution




Yamada, Y., Lange,R.T., Lu, C.,Hu, S,, Lu, C., Foerster, J., ... &Ha, D. (2025). The ai scientist-v2: Workshop-level automated scientific discovery via agentic tree search. arXiv preprint arXiv:2504.08066.

The AlScientist-v2: Workshop-Level Automated Scientific
Discovery via Agentic Tree Search

* Integrating tree search with LLM-driven for parallel code generation

Stage 1: Preliminary Investigation Stage 2: Hyperparameter Tuning

() ()
O T @ eses H .

O O O O Ablation nodes
O O O Replication nodes

Aggregation nodes

O Non-buggy nodes

O Buggy nodes

Stage 3: Research Agenda Execution Stage 4: Ablation Studies O Best nodes

O O
O Refinement
R 0Q00 -
0000 O O . oo

O O



Lee, M., Liang, P., &Yang, Q. (2022). CoAuthor: Designing aHuman-Al Collaborative Writing Dataset for Exploring Language Model Capabilities. CHI 2022.

Human-Al Collaborative Writing

Normal  $ B I US® = Tx

« Compared to either humans or Al, )

Once upon a time there was an old mother pig who had one hundred little pigs and not enough food

C O I I a b O ra-t i Ve H u m a n _A I Wri-ti n g h a S . to feed them. So when they were old enough, she sent them out into the world to seek their fortunes.

* You know the story about the first three little pigs. This is a story about the 92nd little pig.

i Fewer g ram matiCa| eI'TO rS The 92nd little pig built a house out of depleted uranium. And the wolf was like, "dude.”
 Higher vocabulary diversity

* LLMs can increase writers'’
productivity by providing writing
suggestions

« Keep fraction of text written by writers
to text written by GPT-3 relatively high "
can increase writers’ feeling of :

The 92nd little pig built a house out of So he built a big wall around it, and he

° The 92nd little pig built a house out of

depleted uranium. lived in a little shack on the other side of depleted uranium. There are so many pigs
OW n e rS I p the wall. to eat, and they make it so easy!" But the
wolf didn't know about uranium.

Of course, the little pig was smart. He

knew he couldn't live in the house, since it So he moved next door to it. l

would poison him. I Of course, the little pig was smart. He knew he
' couldn't live in the house, since it would poison
him. So he built a big wall around it, and he
So he built a little shack next to it, and he lived in a little, hidden shack on the other
painted it and put a little flower garden outside side of the wall.

& 00 e £y
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He moved in a couple of miles away. I




Gottweis, J., Weng, W. H., Daryin, A., Tu, T., Palepu, A., Sirkovic, P., ... & Natarajan, V. (2025). Towards an Al co-scientist. arXiv preprint arXiv:2502.18864.

Al co-scientist

 Given a research goal in natural language, the co-scientist generates novel research
hypotheses and proposals

Scientist

The scientist interacts
with the system by
specifying a research
goal in natural language.
They can also suggest
their own ideas and
proposals, provide
feedback and reviews,
and interact via a chat
interface to guide the
co-scientist system.

\

Discuss via
chat interface

Scientist inputs

Research goal

Scientist describes a
research goal along with
preferences, experiment

constraints, and other
attributes.

Add idea
Review idea

Discuss research

Research proposals and
overview

Top-ranked research

hypotheses and proposals

are summarized into a
research overview and
shared with the scientist.

The Al co-scientist multi-agent system

Research plan
configuration

Ranking agent O

tournaments

Research hypotheses
comparison and ranking
with scientific debate in
tournaments. Limitations
and top win-loss patterns

are summarized and
provided as feedback to

other agents. This enables

iterative improvement in
quality of research
hypothesis generation
creating a

self-improving loop. O

Generation agent

Literature exploration
Simulated scientific debate

Reflection agent
Full review with web search
Simulation review
Tournament review

Deep verification

Evolution agent

Inspiration from other ideas

Simplification

Research extension
Proximity agent

Meta-review agent

Research overview formulation

AI

Al co-scientist

The Al co-scientist
continuously generates,
reviews, debates, and
improves research
hypotheses and
proposals toward the
research goal provided
by the scientist.

Tool Use

Search
Additional tools

Memory




Gottweis, J., Weng, W. H., Daryin, A., Tu, T., Palepu, A., Sirkovic, P., ... & Natarajan, V. (2025). Towards an Al co-scientist. arXiv preprint arXiv:2502.18864.

Al co-scientist
 Given a research goal in natural language, the co-scientist generates novel research

Suggested drug

5 Suggest an existing drug that could be 7 £
S ‘repurposed for acute myeloid leukemia (AML) - ‘ With preclinical evidence i 3 Suggested novel drug
_8 treatment and provide experimentally S Binimetinib, Pacritinib, ... : o) PSR N
2 testable concentrations for an IC50 assay. Completely novel repurposing s | 1e80
. oy - . E . <
< The drug should inhibit the proliferation of ‘ KIRAG, Leflunomide, ...
AML cell lines, particularly MOLM13. ; 3 g Drug concentration
Scientist provide research goal to identify possible drug The Al co-scientist generates predictions for AML drug In vitro experiments show that the proposed co-scientist drug
repurposing candidates for acute myeloid leukemia (AML). repurposing. Scientists review and selects candidates for repurposing candidates inhibit tumor activity in AML cell lines.
in vitro experiments.
Drug repurposing for acute myeloid leukemia (AML)
% 1 Disease )
= progression
@©
O
. Iy O | b - nna s EE L CE T Untreated
Propose a novel hypothesis about specific TR s 8 == — —
PC . VP! Out Sp The Al co-scientist identifies - = (S
epigenetic alterations contributing to . " R
Fibroblast tion in liver fibrosi three novel epigenetic targets ke FDA g
myoTibroblast formation In liver Tibrosis. 5 Fibrosis ~ Fibrosis ~ Suggested Suggested -approve
V et e conrch ac ity V et V The Ai co Vs;'srientrist proposeérsr'.everrral epigrenertircé = inducer inhibitor drug 1t drug 2
Scientist specify research goal to identify novel epigenetic - In vitro exoeri N
N . . B i i . periments show that the drugs based on co-scientist suggested
targets for liver fibrosis. target candidates for in vitro experiments. epigenetic targets reduce the fibrogenesis in human hepatic organoids.
Identifying novel treatment targets for liver fibrosis
Hypothesis generation — >  Experimental validation — New insights submitted to a top journal
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 2015-2024: Scientists create novel
. hypothesis, and validate experimentally . .
- Why are cf-PICls foundin over ~ 10 years of iterative research . Independently propose the same hypothesis Recapitulate result
o many bacterial species? —————
= St Mevhovdusduniniit sbvbutitetl o :
9, Scientists start exploring the cf-PICI The Al co-s:aentlst hyp.°th95|5 .
0 mechanisms in 2015. . Conserved regions on capsids and tails
%) 2024: The Al co-scientist generated ] Capsid interaction with bacterial membranes
v research hypothesis recapitulates the 1
Sy emprcafndngsinZdys e

Parallel in-silico discovery of bacterial gene transfer mechanism relevant to antimicrobial resistance (AMR)




Conclusion and Future Directions for Paper Writing

* Interesting points

» Al-assisted paper draft writing systems are categorized under knowledge-augmented
LLMs

» These systems extensively utilize both graph and text features for generating results.

« To reduce error propagation, ongoing developments focus on creating an end-to-end
system, moving away from the previous pipeline-based approach

 Future directions
« Enhancing the multi-hop reasoning capabilities of these systems is also crucial

 Incorporating human feedback to iteratively improve system results presents an
interesting future direction

» The systems use of only open published literature means it likely has limited access to
negative experimental results or records of failed experiments

N\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025



Kim, Y., Park, C.,Jeong, H., Chan, Y.S., Xu, X., McDuff, D., ... & Park, H. W. (2024). Mdagents: An adaptive collaboration of llms for medical decision-making. Advances in Neural Information Processing Systems, 37, 79410-79452.

Radiology Report Generation

 Radiology reporting is time-consuming
Al can help generate or retrieve reports to assist radiologists

 Traditional Approach:
« CNN + RNN/Transformer
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Liu, K., Ma, Z., Kang, X., Li, Y., Xie, K., Jiao, Z., & Miao, Q. (2025). Enhanced contrastive learning with multi-view longitudinal data for chestx-ray report generation. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 10348-10359).

Enhanced Contrastive Learning with Multi-view Longitudinal Data (MLRG)

« Contrastive pre-training aligns current and previous images (longitudinal) with text; Select
images with different angle (multiview)

 Propose a tokenized absence encoding technique to handle missing patient-specific prior
knowledge

_____________________________________________________________________________________________________

Stage 1: Multi-view Longitudinal Contrastive Learning Ref N
eference Report

I
I
:xcur \ S Y L = FINDINGS: there is no focal consolidation, pleural
1i,a T - = l l l - effusion, pneumothorax, or pulmonary edema. the
I = = cardiomediastinal silhouette is within normal limits.
= 3 E‘L 1 |1 ; r = -~ diomediastinal silh is withi 1 limi
: > |[CafPA] | f‘;”‘-‘ $ L] e Bl *o E % 7
L cur =] g - [=7
1%\ — = O S —> 1 —>d—>0  |L[R[LR,[ - |I;R| [ R, S E Structural Entities Approach (SEA)
I —
= Leveragericherdata (multiple views + | g = l LRyBR| - JsRof | Ry o - v
h . t : a - 2_ «— «—] Factual Serialization: no focal consolidation pleural
ISTO ry) ' effusion pneumothorax pulmonary edema [SEP]
= Use contrastive learni ng to im prove ! 0 I Rg[l,Ry| --- [IgRg| | Ry 0 0 cardiomediastinal silhouette within normal limits

(e e e e e e e R e e e e e e e e e e e R e R e e e e S e e e R R e e e e e e e R e e e e e e e e e e e e R e e e e e e e e e e e e e e e e

alignment between images and text

Tokenized Absence Encoding

=  GPT-like Text generation can induce
hallucination

no focal consolidation...

@q —"J
“[CLS|+ &3+ ([

Generated Report

= Robustin real scenarios with INDICATION: || + | [ = || Previons Report:

inconsistent histo ry Multi-modal Fusionb <« M with near || 2 % the inspiratory

. E syncopal event, E = (| lung volumes are
Points for Improvement: | . ® possible... *| | = || normal...
[ Req uire p rior exams and multi-view DistilGPT2 b %‘ — 5"; Presence J, Absence Absence ,l,Presence

. . = -

images to achieve best performance Lz - = Preprocessing SEA

& g| |- Y !
=

ia

I
A M A 2 0 ! [AP],[PA], and[Lat]: View positional embeddings. and[Pri]: Temporal positional embeddings.  [E,|and : Segment embeddings.  #: Frozen parameters.

y MLF: Multi-view longitudinal fusion network. |CLS], [SEP], [NHI], and [NHPR]: Special tokens. @: Summation. ©: Concatenation.

, x™ and x“” : Anchor scan and auxiliary references (if available) from the current visit. x”+ Previous image (if exists). @ : Trainable parameters.
) ]




Hou, X, Li, X, Lu, M., Wang, S., & Zhang, Y. RRG-Mamba: Efficient Radiology Report Generation with State Space Model. IJCAI 2025

RRG-Mamba: Efficient Radiology Report Generation with State Space Model.

« Generate reports with lower computational cost without losing modeling of long-range
dependencies

Design a global dependency learning module that integrates rotary position encoding

Pros:

= Linear complexity decoding means it scales to longer reports or higher detail without slow-down
= Match or even exceed accuracy of Transformer-based methods

= Use position encodingto addresses both localand long-range feature relationships

Points for Improvement:

= No domain-specific knowledge integration

= Fewer off-the-shelf tools for State Space Models compared to Transformers

SS2D |
—ys B |
L=Lb Chexpert Slw.| _ Reporr: |
h Ahk—l +Bxk .-8 — | i{llr]legreai’; [
'. Vi = Chk +ka ' 'g heart -++e-+ |
[0,0,1,0,++,1] 2 I
| e __ A e __=* o __ Pseduo Label y /i p; |
________________________________ % [AAL-AAR Jﬂhl |
---------------------------------------------- |
— =L RoPE featuresi e i ————l———w l I
— E . I@_!JI 00, | Decoder Layer ]} :
® 2|8 00.oo) i I R
E‘; o E, EI,.% g Oo0O.Ood ! | CM-Adapter Layer |} % 5‘" |
y 0@-00: M} B (B !
P =} — d
g me ) T e
=5 o e | N — v 1 L
Convolution g »S N L Norm \Decoder | I
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Liu, K., Ma, Z,, Kang, X., LI, Y., Xie, K., Jiao, Z., & Miao, Q. (2025). Enhanced contrastive learning with multi-view longitudinal data for chestx-ray report generation. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 10348-10359).
Hou, X, Li, X,, Lu, M., Wang, S., & Zhang, Y. RRG-Mamba: Efficient Radiology Report Generation with State Space Model. IJCAI 2025

Yan, S., Cheung, W. K., Tsang, I.W., Chiu, K., Tong, T. M., Cheung, K. C., & See, S. (2024). AHIVE: Anatomy-aware Hierarchical Vision Encoding for Interactive Radiology Report Retrieval. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp.

- Potential Future Directions

« Combine both papers to create an efficient model that takes multi-view
inputs

« Retrieve clinically similar reports based on visual input (Yan et al., 2024)
and rewrite them based on current images

 Improve evaluation metrics
« Integrating vision—language models (VLMSs) as judge

« Use attention map and reasoning chain to assess interpretability and factual
consistency
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Kim, Y., Park, C.,Jeong, H., Chan, Y.S., Xu, X., McDuff, D., ... & Park, H. W. (2024). Mdagents: An adaptive collaboration of llms for medical decision-making. Advances in Neural Information Processing Systems, 37, 79410-79452.

Medical Decision-Making

« A multifaceted and intricate process in which clinicians collaboratively
navigate diverse sources of information to reach a precise and specific

conclusion

* It involves interpreting complex and multi-modal data, such as imaging,
electronic health records (EHR), physiological signals, and genetic
information

N\MI/\ 2025 ANNUAL SYMPOSIUM #AMIA2025



Tang, X., Zou, A.,Zhang, Z., Li, Z., Zhao, Y., Zhang, X., ... & Gerstein, M. (2024, August). Medagents: Large language models as collaborators forzero-shot medical reasoning. In Findings of the Association for Computational Linguistics: ACL

2024 (pp. 599-621).

MEDAGENTS: LLMs as Collaborators for Zero-shot Medical Reasoning

 Use role-playing and collaborative agent discussion to increase faithfulness and
interpretability of LLM without retrieval-augmented generation

Question: A 3-month-old infant is brought to her pediatrician because she coughs and seems to have difficulty breathing while feeding. In
addition, she seems to have less energy compared to other babies and appears listless throughout the day. She was born by cesarean
section to a G1P1 woman with no prior medical history and had a normal APGAR score at birth. Her parents say that she has never been
observed to turn blue. Physical exam reveals a high-pitched holosystolic murmur that is best heard at the lower left sternal border. The
most likely cause of this patient's symptoms is associated with which of the following abnormalities?

= Do notrequire external
knowledge

= Enhance faithfulness of
LLM results

= Provide interpretable
reasoning chains

Points for Improvement:

= Useclosed-source LLMs,
require LLM’s pretrained
knowledge

= Agent numbers are fixed,
which is not
computational efficient

= Agent might notreach
consensus

N\M

Options:

Domain Experts
Question domains:

Option domains:

©) ) o
% Pediatrics Cardiology Cardiology
.+» Pulmonology g Neonatology ™ Genetics
J
e ¢ ¢ ™
Question Analyses Option Analyses

ﬁ ...It's important to manage VSD

promptly to prevent complications such
as congestive heart failure, pulmonary
hypertension, and growth failure.

g3, -.-VSD is a congenital heart defect,

YT meaning it is present at birth, and it is
not related to the mode of delivery or
the APGAR score.

M _Cyanosis is often seen in infants with
¥4 significant left-to-right shunting of blood,
but in this scenario, the absence of
cyanosis suggests that the VSD is small

to moderate in size.

& ...Small VSDs may close spontaneously

over time, while larger VSDs may
require surgical intervention to prevent
complications.

&%, Option A:
™1 The symptoms...are

consistent with a VSD
Option B:

...a deletion of genes
on chromosome 7
Option C:...

Option D....

Option A: ...

Option B: ...

Option C:

...not known to cause
ventricular septal
defects....

Option D: ... be
associated with a
range of birth defects

—

(A) 22911 deletion (B) Deletion of genes on chromosome 7 (C) Lithium exposure in utero (D) Retinoic acid exposure in utero

$

(" Initial Report

Key Knowledge: Clinical assessment of an infant with symptoms
suggesting VSD...

Total Analysis: The infant's symptoms are consistent with VSD...
Options such as 22911 deletion, deletion of genes on chromosome

J

\7, lithium exposure in utero are not relevant to the given scenario. )

b
: ﬁ: &: m : :: :x,the report should...
ﬁ: &: M : m::x,the report should...
Eofla’olos%a

|
(Unanimous Report
Key Knowledge: The infant's symptoms are concerning for a
possible congenital heart defect or a respiratory condition...
Total Analysis: ...one of the most common genetic abnormalities
associated with congenital heart defects, including VSD, is the

22911 deletion syndrome, also known as DiGeorge syndrome...




Kim, Y., Park, C., Jeong, H., Chan, Y. S., Xu, X., McDuff, D.

, ... &Park, H. W. (2024). Mdagents: An adaptive collaboration of llms for medical decision-making. Advances in Neural Information Processing Systems, 37, 79410-79452.

MDAgents: An Adaptive Collaboration of LLMs

« The first adaptive decision-making framework for LLMs that mirrors real-world MDM
processes via dynamic collaboration among Al agents based on task complexity

=  Framework imitates real-
world clinical decision
making

= Dynamic collaboration to
improve efficiency

= |nclude a moderator
agent to conduct
planning

= Canintegrate external
knowledge

Points for Improvement:

= Useclosed-source LLMs

= Limitto QA tasks

N\MI/\ 2025 ANNUAL SYMPOSIUM

e R ™
Medical Knowledge

A 19-year-old Caucasian male presents to your office with
hypopigmented skin. He undergoes a skin biopsy and is found to
have an absence of melanocytes in the epidermis. Which of the
following is the most likely diagnosis? A. Tinea versicolor B. Albinism

C. Vitiligo D. Solar lentigo E. Melanoma

Differential Diagnosis (DDx)

Sex: M, Age: 47 Geographical region: North America
Pathology: PSVT
Symptoms:

- | feel pain. The pain is: tugging, Burning ...
Differential diagnosis:
PSVT: 0.22, Anemia: 0.16,Panic attack: 0.14, Atrial fibrillation:
0.11, Anaphylaxis: 0.11, Cluster headache: 0.09, Chagas: 0.07,
Scombroid food poisoning: 0.07, HIV (initial infection): 0.01

Multi-modal Reasoning

What does the circle in image D surround?

A: Abnormal mitotic figures
B: Central keratinization
C: Frank atypia

D: Areas of necrosis

Medical Query

1. Complexity Check

Primary Care Clinician (PCC)

LI
L. @5@ % = Ans

Prompting

Multidisciplinary Team (MDT)

%5

\g,,;-:.\@} " ,j @ Log
s M-turns T

N—rounds
Collaborative Discussion

Integrated Care Team (ICT)

Team 2
Report Generation

'%@GP

2. Recruitment 3. Analysis and Synthesis 4. Final Decision
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Takeaways

* Notable points
« Moving from static analysis models to interactive collaborators in clinical workflows
« Al systems can now think, reason, and communicate rather than just process data
« Success of Al systems depends on transparency, interpretability, and clinician trust
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An Interactive Example: Paper Hypothsis
Assistant

2025 ANNUAL SYMPOSIUM #AMIA2025



Example Overview

« We'll consolidate these ideas by exploring an interactive example of
hypothesis generation.

* Our hands-on example will consist of two components:
* 1. Retrieve semantically relevant inspirations from training set

2. Generate hypotheses based on the retrieved inspirations, background
context, and seed term



https://colab.google/
https://github.com/EagleW/tutorial_paper_hypothesis/
https://github.com/EagleW/tutorial_paper_hypothesis/

Why might language models hurt the scientific process?

Factuality, misinformation, and hallucination
Plagiarism

High quantities of (often low-quality) work
Issues with peer review

These are issues now! The cat is out of the bag.
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Buchanan, J., Hill, S., & Shapoval, O. (2024). ChatGPT Hallucinates Non-existent Citations: Evidence from Economics. The American Economist, 69(1), 80-87
https://retractionwatch.com/2023/07/07/publisher-blacklists-authors-after-preprint-cites-made-up-studies/
https://www.reuters.com/legal/new-york-lawyers-sanctioned-using-fake-chatgpt-cases-legal-brief-2023-06-22/

Factuality
 LLMs like ChatGPT tend to hallucinate.

« The only time this is good for science is hypothesis generation! When we read the
literature or write papers, we don't want to make things up (usually).

« ChatGPT often cites non-existent references. The proportion of nonexistent citations
was over 30% with GPT-3.5, and it is over 20% with GPT-4 several months later.

» ChatGPT generated fake court citations New York lawyers sanctioned for using
fake ChatGPT cases in legal brief

Publisher blacklists authors () (<

June 26, 2023 3:28 AM CDT - Updated 10 months ago

after preprint cites made-up ——ET
studies

Last month, a millipede expert in Denmark re-
ceived an email notifying him that one of his pub-
lications had been mentioned in a new manuscript
on Preprints.org. But when the researcher, Henrik

Enghoff, downloaded the paper, he learned that it
cited his work for something off-topic.

Henrik Enghoff
\/ NN U] 2

is illustration picture taken February 9, 2023.
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https://retractionwatch.com/2023/07/07/publisher-blacklists-authors-after-preprint-cites-made-up-studies/
https://retractionwatch.com/2023/07/07/publisher-blacklists-authors-after-preprint-cites-made-up-studies/
https://retractionwatch.com/2023/07/07/publisher-blacklists-authors-after-preprint-cites-made-up-studies/
https://retractionwatch.com/2023/07/07/publisher-blacklists-authors-after-preprint-cites-made-up-studies/
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Mitigation Methods: During Training

« Both supervised fine-tuning (SFT)
and reinforcement learning (RL) can
encourage hallucination —
X € X" rictor of coffoer

» Factuality-aware Alignment X @ X W>SFT§

« Supervised Fine-Tuning (SFT) Adjustments: Use the T
LLM's own existing knowledge to generate training

I . . ope _Factual or no
data, thus minimizing the incorporation of unfamiliar |, g x(ooyou nave anyinformaton N Y
information P L Ny

« Reinforcement Learning (RL) Tweaks: The model's S —
reward function is adjusted to include a direct
preference for factuality using a factuality reward
model (SFT)

(a) Factuality-Aware SFT Source of supervision

Responses from itself
with few-shot: PT(x)

Human responses l

(b) Factuality— Aware DPO Source of supervision

Future Directions:
= |ncorporate claim generation modules from other systems and
external KBs might help LLMs verify factuality better

Lin, S. C., Gao, L., Oguz, B., Xiong, W., Lin, J., Yih, W.T., & Chen, X. (2024). FLAME: Factuality-Aware Alignment for Large Language Models. NeurlPS2024
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Rawte, V., Chakraborty, S.,... & Das, A. (2023). The Troubling Emergence of Hallucination in Large Language Models--An Extensive Definition, Quantification, and Prescriptive Remediations. EMNLP 2023.

Mitigation Methods: After Training

High Entropy Word Spotting and Replacement: Identify high-entropy
words in hallucinated text and replace them with predictions from another

LLM

Sentence Factuality
suspicious by NLI models for human review

7
S
3
=1
=

USA’s stance on Ukraine Russia war

Hallucinated
text

The official stance of the United States on the Russia-Ukraine war has been consistent in supporting Ukraine’s sovereignty, territorial integrity, and the peaceful resolution of the
conflict. The U.S. has condemned Russia’s actions in annexing Crimea and its support for separatist movements in eastern Ukraine . Despite maintaining a diplomatic stance,
the U.S. President Barack Obama stated that the United States would not deploy troops to Ukraine . Additionally, this lack of support extends to the withholding of financial and

military assistance , including military equipment , training , and advisory support . This sentiment was reiterated by Paul Altman during a press review at the White House ...

Mitigated text
ENTROPYgg

The official stance of the government on the ongoing war has been consistent in supporting resolution of the conflict. The government has condemned Russia in country and its
support for separatist movements in eastern country . Despite maintaining a neutral stance, the government stated that the country would not deploy troops to unknown . Additionally,
this lack of support extends to the withholding of financial and resources , including administrative , technical , and legal . This sentiment was echoed by minister during a press review

at the conference ...

Edit Suggestions
FACTUALITY g

The official stance of the United States on the Russia-Ukraine war has been consistent in supporting Ukraine’s sovereignty, territorial integrity, and the peace-
ful resolution of the conflict. The U.S. has condemned Russia’s actions in annexing Crimea and its support for separatist movements in eastern Ukraine.
Despite maintaining a diplomatic stance, U.S. President Barack Obama stated that the United States would not deploy troops to Ukraine. Additionally, this lack of support extends to the

withholding of financial and military assistance, including military equipment, training, and advisory support.

White House ...

This sentiment was reiterated by Paul Altman during a press review at the

Checking: Identify sentences that are considered

-

QiUSA on Ukraine War}—————»

Prompt: NYT Tweet

Al-Generated Text:

Sentence 1
Sentence 2

Sentence m

|

Entailment Recognition:

Sentence 1, {top 20 sentences}
Sentence 2, {top 20 sentences)

USA on Ukraine War

search results
(total = n sentences)

!

Ranking n sentences:

Similarity_measure(Prompt,
{sentence,, sentence, ..., sentence,})

pick top 20
sentences

Sentence m, {top 20 sentences)
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"Scientific Journals Are Publishing Papers With Al-Generated Text" 404media.co. 2024.

Quantity overwhelms existing systems

« Papers can be generated much quicker now,
but they aren't necessarily good

« Current scientific productivity metrics are measured
by quantity

« "When a measure becomes a target, it ceases to be a
good measure."

= Using "As of my last knowledge update” on
Google Scholar returns 100s of results!

ChatGPT on the Gravitational Redshift
J Stavek - European Journal of Applied Physics, 2024 - gj-physics.org

.. As of my last knowledge update in January 2022, I'm not aware of any widely accepted
alternative scenarios or theories that challenge Einstein’s interpretation of gravitational redshift in ...

Y7 Save Y9 Cite Related articles All 2 versions 99

An Evaluation of ChatGPT and Bard in the Context of Biological Knowledge

Retrieval
R Caspi, PD Karp - Access Microbiology, 2024 - microbiologyresearch.org

. A As of my last knowledge update in September 2021, the term "rbcX” was not commonly

associated 345 with a specific protein or gene in the context of photosynthesis or carbon ...
Y¢ Save Y9 Cite Related articles All 2 versions
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Radiology Case Reports RADIOLOGY

b i REPORTS
T L Volume 19, Issue 6, June 2024, Pages 2106-2111

Case Report

Successful management of an Iatrogenic
portal vein and hepatic artery injury in a 4-
month-old female patient: A case report and
literature review

Raneem Bader MD °, Ashraf Imam MD °, Mohammad Alnees MD ®® 2 &, Neta Adler MD &,
Joanthan ilia MD ¢, Diaa Zugayar MD °, Arbell Dan MD ¢, Abed Khalaileh MD " 2, =

Show more

+ Addto Mendeley =5 Share 99 Cite

https:ffdoi.org/10.1016/j.rader.2024.02.037 A Get rights and content A

Under a Creative Commons license A ® open access

In summary, the management of bilateral iatrogenic I'm very sorry, but I don't have
access to real-time information or patient-specific data, as | am an Al language model. |
can provide general information about managing hepatic artery, portal vein, and bile
duct injuries, but for specific cases, it is essential to consult with a medical professional
who has access to the patient's medical records and can provide personalized advice. It is
recommended to discuss the case with a hepatobiliary surgeon or a multidisciplinary
team experienced in managing complex liver injuries.
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Liang, W., I1zzo, Z.,Zhang, Y., Lepp, H., Cao, H., Zhao, X, ... &Zou, J. Y. (2024). Monitoring Al-Modified Content at Scale: A Case Study on the Impact of ChatGPT on Al Conference Peer Reviews. arXiv preprint arXiv:2403.07183.
Van Noorden, R., &Perkel, J. M. (2023). Al and science: what 1,600 researchers think. Nature, 621(7980), 672-675.

Quantity overwhelms existing systems

« Peer-review challenges
» Current scientific productivity metrics are measured by quantity
= Measuring quality is hard to do without retrospect!
« There aren't enough people to do free peer-review

= Peerreview takes time away from writing more papers
= Many are turning to LLMs for help, but are the results thorough?

|
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What can we do? -- LLM Detectors

« Watermarking text (Kirchenbauer et al., 2023) No watcrmark
Encourage an unnatural distribution of generated words mxtremely efficient/on average term

lengths and word frequencies on
« Splitthe token set into a red list and a green list with a random  |synthetic, microamount text (as little
Seed as 25 words)
) Very small and low-rescurce key/hash
e.g., 140 bits per key is sufficient
for 99.999999999% of the Synthetic

« Promote the use of green tokens, i.e., increase its probability

—

= Zero-shot approaches Internet
 Measure the perplexity and complexity of a generated sentence | .:nima: mjf;ﬁiﬂafjigﬁm m—
+ Retrieval (Krishna et al., 2023) S ——
- Given candidate text, search a database of previous LLM T oo lodisdEERib1cES hunans.
generations, looking for sequences that match the candidate - easy for humans to verify.

text within a certain threshold

* Neural Network detectors for Al-generated text
Train a model to distinguish between human and Al text

These go out of date quickly and can be fooled by stronger
models

Kirchenbauer, J., Geiping, J., Wen, Y., Katz, J., Miers, |., & Goldstein, T. (2023, July). A watermark for large language models. In International Conference on Machine Learning (pp. 17061-17084). PMLR.
https://www.techlearning.com/news/what-is-gptzero-the-chatgpt-detection-tool-explained

Krishna, K., Song, Y., Karpinska, M., Wieting, J., & lyyer, M. (2024). Paraphrasing evades detectors of ai-generated text, but retrieval is an effective defense. Advances in Neural Information Processing Systems, 36.
https://huggingface.co/roberta-large-openai-detector
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Conclusion and Future Directions
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Future Direction 1: Science-Inspired Large Language Models

 Existing work chooses either highly-capable general domain models (e.g., GPT-4)
with strong reasoning capabilities or trains specific scientific language models
(e.g., SCiBERT) with specific knowledge.

« Can we more effectively bridge this gap?

* Develop more capable multimodal LLMs

« Explore instruction finetuning on a suite of datasets carefully designed to improve LLM
capabilities in key tasks for scientific applications

Knowledge .
9 Articles
naylg;'a;g [Fte ; BaseS
S : & Gene UniProt PubMed
adapt to the scientific domain @ propose " -
) new hypotheses Softwa re Ce” ||ne
9 m ' Protein CTD ACS Resources
‘ | AdlLab o oo S Pathway
~ * train on scientific literature data I e, TN . . :
« multimodal capabilities to process V Chemlcal PUbChem bIORXIV e
text, charts, tables, and figures \ ; NS 555 o

retrained . + L | design
P support long context (o A N espariments
LLM « retrieval for mitigating hallucination
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applications in
drug discovery ’ l
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Future Direction 2. Automated Experimental Systems

« Convert automated agents for scientific discovery from prototype ideas
into useful tools
* Read the entire scientific literature and synthesize relevant information to propose
novel ideas
« Couple with external simulations for rapid feedback

» Integrate with specially designed laboratory hardware for automated
experimentation and testing ‘ S D) o ot

Comman d used by LLM

I Coscientist
Google
Search EPI GOOGLE — Physical world
hardware
Web searcher — GOOGLE — EXPERIMENT >« Cloud laboratory
* Liquid handler
Internet <—— BROWSE * Manual .
PYTHON DOCUMENTATION experimentation
P D d
Dock Cod + Ret | and
container I submission | Code executio | Docs searcher R NYRNIRVER tion | g fn‘:lnaer tAtP'
b Performed experiments Searching for - Performing Generating - Controlling a liquid handler
t lidate the agent ganic synth pling ti SLL code f - Using a liquid handler and

cross-couplin:
online - Optimizing reaction a cloud UV-Vis together
conditions

Liquid handler’s
pipettes
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Future Direction 3: Completing the LLM Knowledge Lifecycle

« Create a two-way knowledge acquisition framework to make symbolic and
neural learning approaches mutually enhance each other

Unstructured
Multimodal Large Neural
Multilingual Models

Knowledge Elicit Explicit
Patching and Symbolic
Fusion Knowledge

Knowledge
Extraction

eStructured Knowledge

Background Knowledge Knowledge Knowledge

External
5)Y/24] eJo] I {e3ml - Domain-Specific Augmentation and Localization and
Knowledge

/\M Knowledge :rldy\{ledz Y. L -[3is-ti'll-a:cion' vﬂ'"G-eneralization #AMIA2025



Questions?
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