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Why combine KGs and LLMs?

Knowledge Graphs (KGs)
Cons: Pros:
+ Implicit Knowledge  Structural Knowledge
+ Hallucination » Accuracy

* Indecisiveness
» Black-box

+ Lacking Domain-

specific/New Knowledge

+ Decisiveness

* Interpretability

» Domain-specific Knowledge
« Evolving Knowledge

Pros: Cons:

+ General Knowledge * Incompleteness
+ Language Processing « Lacking Language
+ Generalizability Understanding

N . Unseen Facts

Large Language Models (LLMs)

Pan, Shirui, et al. "Unifying large
language models and knowledge graphs:
Aroadmap." IEEE Transactions on
Knowledge and Data Engineering (2024).

More similar perspectives recently,
e.g.,

Pan, Jeff, et al. "Large Language Models and
Knowledge Graphs: Opportunities and
Challenges." Transactions on Graph Data
and Knowledge (2023).



Why combine KGs and LLMs?

Newly discovered knowledge
Knowledge graph

-»‘t. 2- v,

Corpora LLMs

8 billion

Long tailed knowledge LLMs Are Not Enough in Scientific
Knowledge and Text Understanding

millions billions
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Dr. Jiaoyan Chen

f-u\ https://chenjiaoyan.qgithub.io/

X jiaoyan.chen@Manchester.ac.uk

» Department of Computer Science, University of Manchester
(Lecturer and then Senior Lecturer 2022 — now)

> Senior researcher at the Department of Computer Science,
University of Oxford (2017 - 2025)

> Researcher at Heidelberg University (2016 — 2017)

» Ph.D. degree in Computer Science from Zhejiang University
(2016)

______________________________________________________________________________________________

+* Knowledge Representation: knowledge graph, ontology, semantic techniques

%+ Machine Learning: knowledge representation learning, semantic embedding,
neural-symbolic integration

+» Large Language Model: evaluating and augmenting LLMs with knowledge
graphs, ontologies, data and knowledge management systems
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0 KG Definitions and Core Concepts
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The Knowledge Graph vancnester Baly

Computer

* The Knowledge Graph is a knowledge
base used by Google and its services to

enhance its search engine's results with
knowledge gathered from a varietylofk»

sources. The Manchester Baby, also called the Small-Scale
Experimental Machine, was the first electronic stored-
° program computer. It was built at the University of
P ro p ose d aroun d 2 O 1 2 Manchester by Frederic C. Williams, Tom Kilburn, and

Geoff Tootill, and ran its first program on 21June 1948.
Wikipedia >

* Knowledge = Instances + Facts

* KG = Linked Structured Data (can be N ——
rega rded as d mUItI-reIatlonaI graph) Also known as: Small-Scale Experimental Machine

Developer: Frederic Calland Williams; Tom Kilburn; Geoff
Tootill

Memory: 1 kilobit (1,024 bits)

Successor: Manchester Mark 1



A Knowledge Representation Perspective

* RDF (Resource Description Framework)

* Triple: <Subject, Predicate, Object>

»!

Alan
* Representing facts: Turing
* E.g., <Manchester Baby, hasDeveloper, Tom
Kilburn>

hasColleague

Tom
Kilburn

&

Manchester
Baby

hasDeveloper

contributedTo




A Knowledge Representation Perspective

* RDF (Resource Description Framework)
* Triple: <Subject, Predicate, Object>
* Representing facts:
* E.g., <Manchester Baby, hasDeveloper, Tom

Computer

Scientist
A

Mathematician

Kilburn>
Alan Tom Manchester

Turi | Kilburn | Bab
* RDF SChema N8 | hasColleague oY hasDeveloper i

//

contributedTo

* Meta data (schema) of instances and facts
e E.g., class, property domain and range
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A Knowledge Representation Perspective

* Web Ontology Language (OWL)

e Taxonomies and vocabularies

E.g., FoodOn, SNOMED CT, GO, DOID

obo:FOODON_00001015
(“plant food product”)

P 4 Sy

e Constraints and logical
relationships (> schema)

obo:FOODON_00001635
(“been food product”)

obo:FOODON_03302389
(“soybean beverage”)

obo:RO_0001000 (derives

from), some
obo:NCBITaxon_3847
(“Glycine max”))

Underpinned by Description Logic (I,
I—ll 3: VI _')

E.g., food material’ = ‘environmental
material’ and (‘has role’ some ‘food’)

E.g., the cardinality of “hasParent” is 2

.

obo:FOODON_00002266
(“soybean food product”)

4

obo:FOODON_03305013
(“gluten soya bread”)

~

obo:FOODON_03305289
(“soybean milk”)

— rdfs:subClassOf
--—-» rdfs:subClassOf (some intermediate classes have been omitted)
obo:  prefix of FoodOn

A segment of the food ontology FoodOn

11



What is a Knowledge Graph?

RDF facts

relational graph
as Google

RDF facts + schema

(OWL) Ontology

graph + reasoning agent
logic-equipped KG

12



Knowledge Graph Advantages (w.r.t. Database)

v Intuitive (e.g., no “foreign keys”)
v Data + schema (ontology)

v" URI not strings

v" Flexible & extensible

v Rule language

* Location + capital = location
* Parent + brother = uncle

v Other kinds of query

* Navigation
e Similarity & Locality

(From lan Horrocks)

13



Knowledge Graph Construction

* Crowdsourcing (Encyclopedias) & Domain Experts

 DBpedia, Wikidata, Zhishi.me (F13Z), LinkedGeoData, GeoName
* Domain ontologies like GO, SNOMED CT, FoodON

Write commonsense
Observe world

knowledge facts

Store facts in
knowledge graph

W |

‘(person, CapableOf, buy)

c". %

=
<
s
=
-
-

14



Knowledge Graph Construction

* The Web, Natural Language Text
* Open Information Extraction, Web Mining

Gather Textual ~ Automatically extract
Corpus knowledge

r John went to the grocery \
store to buy some steaks.
He was going to prepare cnnp

dinner for his daughter’s

birthday. She was turning
5 and would be starting i u O " r
@mentary school soty (person, CaPab|eOf, bUY)

NLP and ML techniques: NER, Categorization,
Relations extraction, Entity linking, etc.

Store in knowledge graph

4 G0l

15



Knowledge Graph Construction

* Semi-structured and structured data
* DBs, Web Tables, Excel Sheets, CSV files, etc.

Table to KG transformation (by e.g., rules)

Table to KG matching (cell to entity, column type to class, inter-
column relation to property, e.g., Sebastian Ferrari = dbp:Ferrari)

& New knowledge extraction for KG population

Hamilton races-for Mercedes ?
Hamilton lives-in England ?
Hamilton rdf:type Racing Driver ?

Alonso MclLaren Spain
Hamilton Mercedes /,/,,,E—ng‘lé/r/{a/
Sebastian Vettel “Ferrarie ’"G’"e"r»ﬁ{é‘ny T

dbp:RacingDriver
A

rdf:type

raCeS-for

dbp:Vettel

Existing KG on F1

lives-in

- dbp:Germany

16



Knowledge Graph Construction

* Data integration (alignment, modulization, canonicalization, etc.)

An example of alighment between
Healthy Lifestyles Ontology (HeliS, Left)
and Food Ontology (FoodOn, Right)
Food
Product Type
Mushroom
Vegetable Food

mushroom
(canned)

Caesar's Canned
Mushrooms Mushroom

2310

room
(home canned)



Knowledge Graph Construction

* Ontology construction and curation highly relies on human beings
now

* How to utilize Machine Learning, NLP and LLM for automation?

* The limitation from the current ontology APIs

e Java OWL API, Owlready 2
* Limited Python support

* The shortage of usable tools and resources

18



Knowledge Graph Construction

Deep®nto

An LM-based Ontology
Engineering Library

https://github.com/KRR-Oxford/DeepOnto

He, Y., et al. "DeepOnto: A Python package for ontology

engineering with deep learning." Semantic Web Journal (2024).

* Python interface for more compact
interaction with deep learning libraries (call
Java OWL APl in the backend);

* Ontology processing APIs for fostering deep
learning and NLP techniques in ontology
engineering;

* Ontology engineering tools and resources
implemented with our APIs, deep learning

and (Large) Language Models.

19



Knowledge Graph Construction

Deep®nto

An LM-based Ontology
Engineering Library

https://github.com/KRR-Oxford/DeepOnto

BERTMap: A BERT-Based Ontology Alignment System by fine-
tuning pre-trained language models (PLMs) by synonyms (AAAI
2022)

BERTSubs: ontology subsumption prediction by prompts for
encoding concept contexts and PLM fine-tuning (World Wide
Web Journal 2023)

Machine Learning-Friendly Biomedical Datasets for
Equivalence and Subsumption Ontology Matching (ISWC
2022)

OntoLAMA: a Tool of Language Model Analysis for Ontology
Subsumption Inference (Findings of the ACL 2023)

Ontology Text Alignment: Aligning Textual Content to
Terminological Axioms (ECAI 2024)

20



Knowledge Graph Construction

{ Tools & Resources I

Deep®nto - . e

deep learning and
other dependencies

\_____’

Ontology
? sontesr, (Pyton APl

|
=

basic OWL dependencies
Java OWL API

21
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0 Ecotoxicological Effect Assessment: A Simple Case
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Ecotoxicological Effect Assessment

Risk Quotient N I w"

Norwegian Institute for Water Research
‘ | Risk | '

Exposure Hot spot

identification

l
O ame
= Y — >< O — Susc’ptible

Effects Species

Risk Driver

Simplified pipeline used in Norwegian Institute for Water Research

Chemical effect data are gathered from laboratory experiments

23



Ecotoxicological Effect Assessment

Species Chemical- Chemical
Knowledge Species Effects Knowledge

\ J Embeddings +

Knowledge Prediction Models
Graph

\

[Myklebust et al. 2022]: use KG and its embeddings; focus on the mortality
relationships LC50 (50% of test population die or lose the capability of generating
the next generation)

Myklebust, Erik B., et al. "Prediction of adverse biological effects of chemicals
using knowledge graph embeddings." Semantic Web 13.3 (2022): 299-338.



How to Construct a Knowledge Graph?

* Data sources

» Biological effects: ECOTOXicology database (~¥1M results, ~12K compounds,
~13K species, ~0.6% coverage of chemical-species pair coverage)

* Biological: NCBI Taxonomy, Encyclopedia of Life (EOL; for species traits)
* Chemical: PubChem, ChEMBL, MeSH

* Data integration
* Wikidata mappings of species and chemicals

* Ontology alignment tools
* LogMap, AML: Lexical matching & index, reasoning
* Levenshtein distance

 Alternative: BERTMap (https://github.com/KRR-Oxford/DeepOnto): BERT fine-tuning,
lexical matching & index, reasoning-based repair

25


https://github.com/KRR-Oxford/DeepOnto

TERA: Toxicological Effect and Risk Assessment KG

Wikidata
NCBI-EOL

Mappings

NCBI
PubChem ChEMBL MeSH
°"°"" ﬂms/ / / / / / /
Triple
Transform to selection

triples

Transform to
triples Transform to
triples

as RDF triples;
support SPARQL query

Three sub-KGs: Species,
Chemical, Effect

KG: https://doi.org/10.5281/zen0d0.3559865
Code: https://github.com/NIVA-Knowledge-Graph/TERA

26
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TERA: Toxicological Effect and Risk Assessment KG

Examples of
RDF Triples

subject

predicate

object

et:test/1147366
et:test/1147366
et:test/1147366
et:result/102570
et:result/102570

et:taxon/1
ncbi:taxon/90988
wd:Q2700010

ncbi:taxon/90988
ncbi:taxon/90988
ncbi:taxon/90988
ncbi:taxon/90988
ncbi:taxon/51137

mesh:D003671
mesh:D003671
chembl m:CHEMBL1453317
chembl t:CHEMBL1907594

2}

Effects sub-KG

et : compound
et :species
et :hasResult
et :endpoint
et:effect

Entity Mappings
owl:sameAs

owl:sameAs
owl : sameAs

Taxonomy sub-KG
rdf:type
rdf:type
ncbi:scientific name
ncbi:rank
rdfs:subClassOf

Chemical sub-KG

mesh:broaderDescriptor
mesh:pharmacologicalAction
chembl :hasTarget
chembl : relSubsetOf

et:chemical/134623
et:taxon/1
et:result/102570

et :endpoint/LC50
et:effect/Mortality

ncbi:taxon/90988
wd:02700010
e0l:211492

ncbi:taxon/511372
ncbi:division/10
“Pimephales promelas”
ncbi:species
ncbi:taxon/79533

mesh:D001549°
mesh:D0073026
chembl t:CHEMBL1907594’
chembl t:CHEMBL31372738%

27



TERA: Toxicological Effect and Risk Assessment KG

qudt:MicrogramPerLitre "110000'

qudt:Day '34' ct:Result et:endpoint/LLC50 ct:effect/Mortality

wt:units rdf:value
'Pimephales

promelas’ ‘diethyltoluamide’

\ qudt:units E rdf:value \ }t:cndMMmratio%tlatiﬂNamc }de:labd

et:Test et:result/102570 el:habitat/Water et:taxon/1 et:chemical/134623

\MWhasRcsu%i

et:test/1147366

organismHabitat _~"et:species et:chemical

Example of an ECOTOX test and related triples

28



Link Prediction with TERA

Concatenate Fully connected layer  Output layer Tey M5 s n

fully connected layers Concatenate fully connected layers  Output layer

-
q

m-Em O OO0
0BR[]
O 1O
T
X
§-EE O OO0
®
o
L
BB OO O {00
L1 1]
miwnnn
X

Baselines: Simple (left) and complex (right) MLPs, with the input of pre-
trained KG embeddings of the species and chemical

29



Link Prediction with TERA

¢ Apply Gradients
be Entity == <l l I
to sboc —> Lookup [~ EH ' H —SFkee. (5,5 ) > SF, —  li, —>»| Lxen,
ObC —> B O E B (tc label)
¢ >E (XX ﬂ H g
: - BCE > 3
O a Ty 5
K ;D [ N J o H e ® :l} Ye,s,6 0
|j i (Effect label)
S . I (N N J I
O B u
T Apply Gradients
sbs —> >0 [ (l I l (ts label)
Entit
tg Obs—) LOOkL)I/p —-E -l SFKGES gty ) _>S-th _I lts —)I_) LKGES
Ps —> —> -l O B 3
T Apply Gradients

Method: Simultaneously train the KG embeddings and the MLP
L = acLkGE: + asLkGEg + amLpLmLp



Link Prediction with TERA

* Tested TransE, HolE, DistMult, HAKE, ConvE, ConvKB, RotatE, pRotatE, and
three different sampling strategies

e Result summary:

in the majority of the settings, Sensitivity (TP/TP+FN) > 0.9, Specificity

(TN/FP+TN) > 0.75)

Chemical Species log(k) Predicted Lethal Classification
D001556 (hexachlorocyclohexane) 59899 (walking catfish) -34 0.97 1 (yes) TP
C037925 (benthiocarb) 7965 (sea urchins) 0.9 0.2 0 (no) TN
D026023 (permethrin) 378420 (bivalves) 0.7 0.96 1 (yes) TP
D011189 (potassium chloride) 938113 (megacyclops viridis) 6.7 0.27 1 (yes) FN
C427526 (carfentrazone-ethyl) 208866 (eudicots) —-0.9 0.82 0 (no) FP
D010278 (parathion) 201691 (green sunfish) —-0.9 0.86 0 (no) FP

Example predictions by the simultaneously training method with the best

combination of HolE-DistMult

31



Discussion from a KG Perspective

* KG construction with more data sources?
 Literatures & reports

» Data of specific scientific/experimental systems (e.g., in AnIML)
* Multi-modal data

* Link prediction
e Accuracy & explanation
* Multi-modal semantic embedding
* + symbolic reasoning

32
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0 KG for Life Science: Review and Challenges




KG for Life Science

= Alignment for Knowledge Validation KG in Life Sciences (Sect. 2)

Knowledge Graph » Knowledge Integration

Construction and

Management * Repositories of Qntologies and Mappings +» Schema-less KGs: Factsin RDF triples
= Ontology Extension % Schema-based KGs: RDFS, OWL, SHACL, etc.
(Sect. 3) * Instance Matching % Simple ontologies: Taxonomies
*» Expressive OWL ontologies
Life Science - - Challenges for Life Science KGs (sect. 6
Knowledge = Therapeutics and Drug Discovery allenges for Lite Science KGs (Sect. 6)
) = Protein Function Prediction
Discovery » Predictions for Healthcare % Scalability
(Sect. 4) % Evolution & Quality Assurance
+»* Heterogeneity: Multi-domain & Multi-
modality
« Human Interaction & Explainability
Knowledge Graph = Explainable Al for Healthcare Practice % Personalized & Customized KGs
for Explainable Al = Explainable Al for Knowledge Discovery % Distributed KGs
(Sect. 5) = Explainable Al for KG Construction ~ + Representation Learning: Symbolic & Sub-

symbolic Integration

Chen, Jiaoyan, et al. "Knowledge Graphs for the Life Sciences: Recent Developments,
Challenges and Opportunities." Transactions On Graph Data and Knowledge (2024).

(New, open access journal in the KG community) 34



Conclusion and Discussion

* Knowledge graph definition, construction and curation
* A case of using knowledge graph for ecotoxicological effect analysis

* A survey and position paper on knowledge graphs for life sciences

Q&A



Part II: Scientific Large Language Models
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About Me

> I'm a Ph.D. student in Computer Science at Zhejiang University,
advised by Professor Huajun Chen and Qiang Zhang.

» Prior to that, | received my bachelor’s degree in Software

Engineering from Zhejiang University in 2020.

4 > My research interests lie in Al for Science (Al4Science), particularly in applying large
Mr. Xiang Zhuang language models (LLMs) to biomolecules, such as small molecules and proteins.

{,-u\ https://toooooodo.github.io/ . . . . . . L
» | have published 6 papers as the first author (including co-first author) in prestigious

journals and conferences such as Nature Machine Intelligence, Nature Communications,
and NeurlPS, etc. | was honored as one of the first "Potential Qingyuan Scholars" by the
Chinese Association for Artificial Intelligence, a title awarded to only 10 scholars

& zhuangxiang@zju.edu.cn

nationwide.
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Scientific Large Language Models

Challenges and Perspective
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LLMs Revolutionize AGI

Upstream Techniques Downstream Tasks

4 )

Question Answering

oMESHl
OLT,‘,CeurO:\

Computational Linguistics:
Understanding human language
X J through computational models!

Complex Reasoning

Knowledge Extraction |

% % HugeingGPT i = z i E!‘ ) ) Pixel Video Space e A e s Conditioning )
gging ! LLM as Controller ¥ HuggingFace | ‘\wihw\|\w‘_\|“Mhi‘lu“lwlhvw wa T = e o rerien I
! X sgprd e b 2~ N (2 V@20, (- @)D GPT4 -
! ] “It was the night-—- R “ i EER Augmented Humar
Can you describe what this picture depicts ! I Task ] 1 t silent night, whence...” T o T ‘}g,‘:;:,‘ Instructions
and count how many objects in the picture? | . J speech T music | Rt xa
s | 5pe \ / 2
' Planing D —— " i de-tokenizer 1 \de-tokenizer| crLp @
e A 1 —————_
. Prediction % facebook/. ] <sos> @ Speechtokens <eos> Texttokens  <soi> | Imagetokens  <eoi> <som> g8 Musictokens <eom> - N G ]
! —] 1 | Coomimeniy L i~ ey I
! detr-resnet-101 I i ke e Uil i .:ﬂ, B il
1
: ] X X a 7 z. < Images o video frames
! 1
> ! 1
— H
A text can describe the given image: a herd of ! Selection J i @ ANYG PT
giraffes and zebras grazing in a fields. In @ ! ! b Text Prompt Generated video
addition, there are five detected objects as ! ] ¢ & segtish N . B
giraffe with score 99.9%, zebra with score 99.7%, zebra | | } ................... 4 A A Y  andanimat W
with 99.9%, giraffe with score 97.1% and zebra with ] — = nipconnet/ i < -, i ciysgnage. . 5
score 99.8%. | have generated bounding boxes as above ' Prediction | - vit-gpt2-image-captioning ! <sos> @ Speechtokens <eos> Texttokens  <soi> = Imagetokens  <eoi> <som> @B Musictokens <eom> ! :ﬁ:kaiun
image._ I perfor_med image flassiﬁc?ti_on, object ' \'4 Response T — 1 Il : lipstick. She
detection and image captain on this image. C i q | | tokenizer \
the predictions of /¥ | }
< < !
, and . ; — i
models, | get the results for you. | | B N
——- ; speech image music

HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face, ~AnyGPT: Unified Multimodal LLM with Discrete Sequence ~ SOra, https://openai.com/index/sora/
https://arxiv.org/pdf/2303.17580, 2023. Modeling, https://arxiv.org/abs/2402.12226, 2024 OpenAl, 2024
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LLMs Limited to Human Language

! 1
! .@3’@ ¢ & & § & 1
! RGN N SN S houses Pre-training Fine-tuning I
! cat [ 06 [09 Jo1 Jo4 [-07]-03]-02] vumensonaty o A S N What can GPTs do? !
. ) reduction of | Additional training to become | !
. kitten —| 05 | 0.8 |—0.1 I 0.2 |-0.6|7D.5 ‘70.1‘ embeng: | better at a certain task :
l dog 07 [-01] 04 Jos [roaf-o1]-0s] L iteen [ : ' 1. Chatbots talking to historical figures !
1 ; .
 powsesforf oo onfoofos Jor] a2 ! : : 2. Code generation based on text I
| ... 1
E man ~[ 06 [-02 08 [09 [-01]-09]-07] /.W”m“" | | | descrlptlons ) ) :
1 womana‘ 0.7 |0.3 ‘0.9 |70.7|0.1 |—05|—04| ::{z%:; .,// | | | 3. Answer med'cal quest|0ns :
1 Dto20 man ueen . .
! [o5 oalo7 [oa [oo ol od . ! | 4. Stylistic transfer of text :
p . . !
| aueen=[oa [-01]os [-0s]0a [-os]-0s] / | ' Lewenindes 5. Write creative novels !
! y [ . \ ¥ I French Translation I 6 !
: Word Word i Di ionali isualization of word 7517 I\ g come il e ot o G A e~ S L L !
\ reduction embeddings in 2D I

. Protein: MOTS-c The solubility of a specific

«  Gene: MT-RNR1 protein, such as MOTS-c,

- Organism: Homo sapiens isn't typically available as a

i P
- Sequences: General standard piece of -~
LLMs

MRWOEMGYIFYPRKLR information. Protein

solubility can depend on
Question: What is the solubi-

lity of this protein?

various factors, including

pH, temperature, ....

“The limits of my language mean the limits of my world.”

--Ludwig Wittgenstein, 1921
42



Scientific Language Understanding

Reading comprehension books Machine Translation [“over | [ e |[tne [t ][ <cos |

/ / laptops ] k —

\\ exams

minds o Y o O O s R o R s o [

the students opened their

[T an S e S e e

human ©»  Natural [ Gizgivi | [gectin ] [+ [ <eos> | [ Over |[ the ][ fme ][+ |

biological =)  Genomic/Protein

A Motif 1 (100%) Motif Il (67%)
_________ +4+4++ 4 TGMV  MPS--HPKRFQINAKNYFLTYPQCSLSKEESLSQLOALNTPINKKFTKICRELHEDGQPHLHVLIQ
9 8 7 6 5 4 32 1 o 1 2 3 4 5 6 7 8 9 BGMV MP---PPQRFRVQSKNYFLTYPRCSIPKEEALSQLOKIHTATNKKFIKVCEERHENGEPHLHALIQ
................... BCTV MP---PTKRFRIQAKNIFLTYPQCSLSKEEALEQIQRIQLSSNKKYIKIARELHEDGQPHLHVLLQ
T AT TPCTV MPS--NPKRFQIAAKNYFLTYPNCSLSKEEALDQLQRLQTPTNKKY IKVARELKENGEPHLHVLIQ
TCATAC MsV LTYPKCPENPETACQMIWELVVRWI PKY I LCAREAHKDGSLELHALLQ see  GTGCATCTGACTCCTGAGGAGAAG **"* D NA
~AC AGATAA eee CACGTAGACTGAGGACTCCTCTTC se-
TTATCTCTCOGCGGTSTTEA ] SEOEN), s . Mot uok) e
P PATCACCCHACATCGT TR TOMV  FEGYCCONGRFFOLVSPTRSANFRENT T \L (transcription)
A CATC T - T AT A BGMV mschmmmw FHPNT 4 AYIDKGGVTIEWGQF
- . BCTV LEGKVQITN]ERLFDLVSP’I‘ [FHPNT! 9 YVDKDGDTIEWGEFQI] B I e T
ETATCOCT SATAA Teoty AR oA A e e+ GUGCAUCUGACUCCUGAGGAGAAG +-+ RNA
";L‘TAT — < T ATA MSV TEKPVRISD&RFFDING"' -FﬂPNIQSMsVN'RVRDYILKEPLWERGTFIPRRSPFLGKSD
e e (translation)
TCAACA ToTTA
TTACCT T TGATAA 123456 78 9101 1213141516 17 1819 20 21 22 23 _positon
TTATCACCGCCAGA L V-H L T P E E K - protein
i A\
% 81 999986627687508290597493100969989998496 96 % identity
L ]

97
e e 00 ]

Gene Protein Central Law
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Scientific Language Understanding

molecule ‘ =)  Molecular
A) SMILES C) InChl
2000308 0Y
(AN
e T
CNcleyc1=cc=c2c(=C L —
A A ?_?j vers:ﬁ sum formula hydrogen atoms \fu_rt’her
T Teeeeas L — (nodes) (node features) layers
. » . branch/ring semantic .
xR branch/ring ® semantic % uniqueness b4 constraints ® e J uniqueness
constraints constraints (see below)
/\r\a} /Ym D) SELFIES
H 2
C2=C1C(0C01)=CC=C2CC(NC)C C(C(C)NC)C2=CC=C10COC1=C2 » /\(\? \r{)\
%L Q‘ss/
B) DeepSMILES
H
» \( RN "'\/r\
* (®© {@/
. AR Q=1 s<mbol Q = 3 symbols
1 atom P ‘Y
1 a’tom . |
y r" ng1][=Branc
Agatoms A ____} : Q=5atoms
o Q atoms: Q = 5 atoms
: : ; branch/ring semantic 100% uniqueness
branch/rin semantic uniqueness . ! e
¥ consrsints % constraints % (see below) / constraints constraints v validity % (see below)

ga* Jlag o

C=CCOCO5)))=CC=C6CCNC))C  CCC)NC)))C=CC=COCOC5=C9

H »

O

[C][=C][C][Branch1][=Branch1][O][C][O][Ring1][Branch1]
[=C][C][=C][Ring1][=Branch2][C][C][Branch1][Ring1][N][C][C]

[Cl[Branch1][#Branch1][C][Branch1][C][C][N][C][C][=C][C]

[=C][O][C][O][C][Ring1][Branch1][=C][Ring1][=Branch2]
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LLMs for Scientific Language?

- Learning the General Rules of Human Languages - P(wq,wsy, ---,wn)-

Distributional Semantics

* You shall know a word by the company it keeps
— Firth, 1957

* Document co-occurrence indicative of topic
(document as context)
> E.g. voting and politics

* Local context reflects its meaning
(word window as context)
» E.g. eat a pizza vs. eat a burger

& (U
c/a

.L;:

Fundamental Question: Does the Distributional Semantics Hypothesis Hold?

N
§,w\
g
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Scientific Large Language Models




Scope of Scientific LLM

\

Scientific Texts (Human Language)

\

Molecular Language (Chemistry)

|

f .33 Protein Language (Biology)

II

Multimodal Scientific Language

Sci-LLM

GPT-3 pALLE

Models

) e B

2K

A cvaluation | 1

Datasets} Publled uniprot 3
ATOM3D

L Scenario J =
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Scope of Scientific LLM

(a) (b) toen, | 505 ] | (c)
i N — 7
Encoder Block (xN) [ Decoder Block (xN)
Ry \l I/ ______________________________ \1 ( \
. Feed Forward Neural Network . Feed Forward Neural Network
: Add & Norm E | Add & Norm E Encoder Decoder
| Multi-Head Attention E . Masked Multi-Head Self-Attention E Blocks Blocks
Token & Positional Embedding Token & Positional Embedding —
J
I S S S I T
<BOS> | Token; | Token, <EOS> <BOS> | Token; | Token, Tokens Tokens
(d) e Textual Tokens e Molecular Tokens
<BOS> | aspirin has ? <EOS> <BOS> C NH2 (=0) <EOS>
e Protein Tokens e Genomic Tokens
<BOS> M E \Y <EOS> <BOS> AGT CG AA <EOS>
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Scientific Large Language Models
« 2.1 Scientific Texts
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Text-Sci-LLM: Models & Datasets

¢ Biology + Chemistry + Comprehensive LLM
* Architecture: BERT-based (BioBERT, ChemBERT), GPT-based (BioGPT, PharmLLM) and GLM-based (SciGLM)
* Corpus: Initially trained on broad corpora like Wikipedia and papers and then fine-tuned on specific tasks

A P - Table 1. Summary of Text-Sci-LLMs
Pu bll'Qed PMC
Domain Model Time #Parameters Base model Pretraining dataset soolleer:::
a I'le Chem } ¢ BioELMo [150] 2019.04 = ELMo PubMed v
a BioBERT [177] 2019.05 117M BERT PubMed, PMC v
BlueBERT [263] 2019.07 117M BERT PubMed o
BioMegatron [299] 2020.10 345M-1.2B BERT PubMed, PMC v
~ ~ PubMedBERT [113] 2020.10 117M BERT PubMed X
b io RX iv Biolo BioM-BERT[6] 2021.06 235M BERT PubMed, PMC v
gy BioLinkBERT[386] 2022.03 110M, 340M BERT PubMed v
THERE RN S o BioGPT [219] 2023.03 347M GPT PubMed v
BioMedGPT-LM [221] 2023.08 7B LLaMA PMC, arXiv, WIPO v
BioinspiredLLM [222] 2024.02 13B Llama-2 Biological article v
A C S BioMistral [172] 2024.02 7B Mistral PMC v
- ) ChemBERT [115] 2021.06 120M BERT Chemical journals v
W Chemistry for Life® Chemistry MatSciBERT [118] 2021.09 117M BERT Elsevier journals v
MaterialsBERT [298] 2022.09 - BERT Material journals v
ChemLLM [397] 2024.02 7B InternLM2 ChemData and Multi-Corpus v
C C S CHINESE ChemDFM [419] 2024.01 13B InternLM2 Chemical literature, textbooks v
CHEMICAL PharmGPT [48] 2024.02 13B, 70B LLaMA Paper, report, book, etc. X
gas» SOCIETY SciBERT [18] 2019.09 117M BERT Semantic Scholar v
Comprehensive ScholarBERT [131] 2023.05 340M, 770M BERT Wiki, Books, etc. v
DARWIN-Base [367] 2023.08 7B LLaMA SciQ, Web of Science v
oy ROYAL SOCIETY %ciQLM [367] 2024.03 6B, 32B ChatGLM3 Scilnstruct i v
OF CHEMISTRY ni-SMART [367] 2024.06 7B - Pafte.nts, 'news, terature, etc. X
L g INDUS [25] 2023.08 125M RoBERTa wikipedia, PubMed, PMC, etc. X
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Text-Sci-LLM: Encoder-only

Pre-training of BioBERT
BioBERT Pre-training

Pre-training Corpora

-

Pubmed 4.5B words

PMC 13.5B words

\

J

Weight Initialization

RL. P BERT

’\

| ==

)..;' :<
oIq!o from Devlin et al.

-

Pre-trained BioBERT with
\biomedical domain corpor

a

J

Ty %

.
N2

Fine-tuning of BioBERT

Task-Specific Datasets

(7

BioBERT Fine-tuning

~\

the adult renal failure cause ...
PO O B | S —
\_ &
Trm Il Trm ) { Trm
(" Variantsinthe @GENES region )
contribute to @DISEASES susceptibility.
¥ P True s

What does mTOR stands for?
» mammalian target of rapamycin

7 N
Named Entity Recognition
NCBI disease, BC2GM, ...

- >

2 ™
Relation Extraction
EU-ADR, ChemProt, ...

4 h
Question Answering
BioASQ 5b, BioASQ 6b, ...

\& %)

<@

5

BioBERT: A pre-trained biomedical language representation model for biomedical text mining, Bioinformatics, 2019
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Text-Sci-LLM: Decoder-only

10.3%
8.5%
. Categories
_ Categories 12.7% mmm ChemBL
= z’l:ter-latls S:lllenf:e :wulndlsaplmary = HybriD3
GmisMy shysical . = ESOL
s Chemistry Multidisciplinary
s EPVRI
s Energy Fuels
. 3 Magnet
Physics Applied
Engineering Chemical 44 774 Eatbench_e)l(pt_gap
Nanoscience Nanotechnology atbench_glas
4.8% 11.0% ’ A
6'0.5 7'2.61 Physics Condensed Matter " Matbench_is_meta
Publications Chemistry Organic Instructions Matbench_steels
4.0% Environmental Sciences MoosaviDiversity
Chemistry Analytical 0.7% MoosaviCp
S5k Biochemistry Molecular Biology 0. OPV
wsm Physics Atomic Molecular Chemical m Pei
oo B Chemistry Inorganic Nuclear mm PolarM
B Polymer Science e mm TEM13
3.6% = Others : mm WaterStability
3.3% 23.6%
3.3%
LLaMA-7B

Vicuna-7B
Scientific

@ Q8A dataset @

Supervised . S -
FinF::uning Darwin-SIG upervised Finetuning e ACE

Other Sci Instructions:
* Classification

>

Darwin-MDP

Multi-Task
Learning

seed Q&A sets Semi Self-instruct

Instruction Sci Q&A instructions * Regression
HEIOmRLS Generation + Design
Sci papers FAIR datasets

DARWIN Series: Domain Specific Large Language Models for Natural Science, https://arxiv.org/pdf/2308.13565, 2023
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Text-Sci-LLM: Encoder-decoder

Problem When an electron in a certain excited energy level in a one-dimensional box of length 2.00 \ «00c5 makes a transition to the ground state, a photon of
wavelength 8.79 nm is emitted. Find the quantum number of the initial state.

Correct Answer: 4

Predicted Solution by ChatGLM3-32B-Base (Served as baseline)

The ground state has n = 1. The energy in the n = 1 state is ﬁ . For the n = 2 state, this becomes (% ) 2.
2735 =
By de Broglie’s equation, hc/A = %, sov =
Therefore, n = 2, thus the answer is . X

Thus, this energy difference is %.

4h _ _ 4
9/\C.Thus, FE =hv = hcﬁ.

Scilnstruct
Physics TOA datacef 1 L MNe o - =8|
I 70
=y == ! QA dataset | | | S08 c |
(i || proben 1)1 | |
: | swer
Chemistry | : o | LLMs : }
—— || Y——
Try to calculate the boiling point | |
;f:::; at 670kPa extemal : Problem n : @ @ : Prgl;}l‘fr;l n Labeled Data E
. ' Positive Data
Math : Answer n : / \ : JAnswern 0s : -
T mumberofsympoes o )| ========2 " ———— L __=========al I — = |Instruction | | (S ISOnNE
Te Ve {x"2+x} {x"2-1} is : Self-Reflective Annotation : : ‘ Negatlve Data J : _qua]jty ] ﬁ _____ .
] . | — ——— i B
(F ormal Proofs (Lean) | QA |coT X _Critic & Revise | V4 | i J\Sample ! Classifier = Filter Stage !
;:de:r:‘n;? J::i_dmul]no:{ :}x a I | woR I ‘i@ o, : : Filter negatives :
a) (h:k+a=2a) \nk + @term : / — Reasoning steps (R) : : N 1 I| Retain positives ||
\_o_nxa=temnxa := A - S W ~. -;'_____] [ —
|- — Collection—-— |- — — —-—- — Annotation —-—-—-—— |- - Filtering — ——— - —-—.—. |

(=)}
(=]

w
(=]

Avg. Accuracy of Scientic Benchmarks

SciGLM
(32B)

GPta

_—————%hatcLM$P B35

______ (32B)
ThatGLM3
(68B)
ChatGLM2
(128B)
ChatGLM2
6B -
oz gt
PR
Galdttica
(6.7B)
6 12 32 - API

Number of Parameters (Billions, Log Scale)

Mathematical Tasks Physical Tasks

50.0 -

47.57
o

g
S 45.0
w

£ 65.0
S
0 62.5
[
o
© 60.0
(3

Z 57.59

328
Chemical Tasks

321
General Tasks

B ChatGLM3
[ SciGLM (Ours)

SciGLM: Training Scientific Language Models with Self-Reflective Instruction Annotation and Tuning, https://arxiv.org/pdf/2401.07950, 2024
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Text-Sci-LLM: Evaluation

Table 2. Summary of the benchmarks for Text-Sci-LLMs % Evaluation Benchmarks

* MMLU: 57 subjects, including STEM

Dataset Last updated  Subset #ltem  Domain Type Capability Language h L. . | .
High-school-biology 344 Biology Pre-college uman |t|eS, socla Sf:le nC-eS .
MMLU [127] 2020.09 gigh-schc')ol-chemistry 221 C.hemistry Multiple choice Feeicallegs English * C-Eval: 13 ’ 948 multi-choice que stions
ollege-biology 162 Biology College . . L.
College-chemistry 110 Chemistry College spanning 52 diverse dISCIpIIneS
Mid-school-biology 218 Biology Pre-college * AGIEval: 20 qualiﬁcation exams, e.g.,
Mid-school-chemistry 210 Chemistry Pre-college .
C-Eval [138] 2023.05 High-school-biology 199 Biology Multiple choice Pre-college  Chinese Gaokao and American SAT, law school
High-school-chemistry 196 Chemistry Pre-college ..
College-chemistry 253 Chemistry College admission tests
AGIEval [424] 2023.04 Gaokao—biology a0 Biology Multiple choice Pre-college ~ Chinese * SCIenceQA: 2 11 208 mu Itl mOd a I mu Itl p I e-
Gaokao-chemistry 207 Chemistry . . . .
—— PP —— choice questions, involving elementary
ScienceQA [216] 2022.09 Stre seicneebi00Ry 10108 Multiple choice / QA Pre-college ~ English

Natural-science-chemistry 1194 Chemistry and hlgh school science curricula

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
:
1
XieZhi [114] 2023.06 Selence liology L ey Multiple choice Mixed Both .« Xiezhi: 249,587 multi-choice questions
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Science-chemistry 399 Chemistry . . L

Baic banlogy 212 Biokgy spanning 516 diverse disciplines from the

Knowledge-biology 1509, Blology elementary to graduate entrance tests

Calculation-biology 299 Biology . . . .
SciEval [313] 2023.08 Research-biology 995 Biology Multiple choice / QA Mixed English ¢ SciEval: 18,000 scientific questions across

Basic-chemistry 2909 Chemistry . . .

Knowledge-chemistry 1700 Chemistry chemistry, physics, and biology

Calculation-chemi 339 Chemi . . .

— i : 6 - el"“s"y * SciQ: 13,679 science exam questions on
GAOKAO-Bench [406]  2023.11 C‘}‘l’e;ﬁz&y lgg Cfeglgi)s,try Multiple choice / QA Mixed Chinese subjects like chemistry and biology
SciKnowEval [98] 2024.06 gi}felgﬁzuy e gﬁ’:ﬁﬁtry M“iti%’rlﬁ:ﬁfiﬁﬁsﬁ (o) S English * SciBench: 695 problems from textbooks,
Bioinfo-Bench-QA [49]  2023.10 - 150 Biology Multiple choice Post-college tal.lored for CO”ege'Ieve! prObIem-SOIVlng
BLURB [113] 2020.07 : 648k  Biology Multiple NLP tasks ~ Mixed * SciAssess: 14,721 questions across 29 tasks
PubMedQA [151] 2019.09 - 273.2k  Biology True or false College . . . . . .
SciBench [345] 2023.07 . 272 Chemistry QA College English in five domains, with paper memorization,
ARC [64] 2018.03 - 7.78k  Natural Science  Multiple choice Pre-college . .
SciQ [152] 2017.07 - 137k Natural Science ~ Multiple choice Mixed COmDFEhenSIon, and analySIS
ChemData [397] 2024.02 - 727k Chemistry QA Mixed 0 0wT T TS T T T T T T TS S S ST m S e




Text-Sci-LLM: Evaluation

SciKnowEval

L1: Studying Extensively (i.e., knowledge coverage): remember and understand concepts

L2: Enquiring Earnestly (i.e., knowledge enquiry and exploration): deep enquiry and exploration

L3: Thinking Profoundly (i.e., knowledge reflection and reasoning): reasoning and calculating

L4: Discerning Clearly (i.e., knowledge discernment and safety assessment): make secure, ethical decisions

L5: Practicing Assiduously (i.e., knowledge practice and application): apply knowledge in real-world

‘BEz, Haz, Bl B, 8172, © —— (FLiB- FE) Doctrine of the Mean

o : "Studying extensively, Enquiring earnestly, Thinking profoundly, Discerning Clearly, and Practicing assiduously"

Scientists
‘ﬂ (:@ Knowledge Practice and Application o o

N -
& Proxy /0 U0 Knowledge Discern. and Safety Assess. 2 € A;Cel:;rjlcy z _—
Knowledge Reflection and Reasoning o T
. Similarity 2 —
® © _ - Knowledge Enquiry and Exploration ' , GPT-Score fy =
® O O _ ) Knowledge Coverage ) )
LLMs Multi-level Scientific Knowledge Domain Tasks  Criteria Ranking

SciKnowEval: Evaluating Multi-level Scientific Knowledge of Large Language Models, https://arxiv.org/abs/2406.09098, 2024
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Text-Sci-LLM: Evaluation

Domain Ability Task Name Task Type Data Source Method ~ #Questions
Li Biological Literature QA MCQ Literature Corpus 1 14,869
Protein Property Identification MCQ UniProtKB il 1,500 rCTTTTTT T ST ot omTT T ._ - _. -0 1|
Drug-Drug Relation Extraction RE Bohrium )i 464 !
Biomedical Judgment and Interpretation T/F PubMedQA )i 904 : Eva I u at I o n Ta S kS a n d D a ta S et Stat I St I CS :
Compound-Disease Relation Extraction RE Bohrium 11 867 T T T T T T T T T e e S S S S S S S Sm s s 4
L2 Gene-Disease Relation Extraction RE Bohrium | 203
Detailed Understanding MCQ LibreTexts 1 828
Text Summary GEN LibreTexts 1 1,291 T T T T T T T TS e o——o oo :
Hypothesis Verification T/F LibreTexts 1 619 .
Ressoningand nerpreation____ MCQ LitneToxs 1 o7 \ Zero-shot performance of LLMs on SciKnowEval |
Solubility Prediction MCQ PEER, DeepSol il 201 L ] 1
B-lactamase Activity Prediction MCQ PEER, Envision it 209
Biol Fluorescence Prediction MCQ PEER, Sarkisyan’s I 205 - -
SR L3 GB1 Fitness Prediction MCQ PEER, FLIP it 201 Model Biology Chemistry Overall
Stability Prediction MCQ PEER, Rocklin’s 1 203 0dels L1 12 L3 L4 L5 All L1 12 L3 L4 L5 All Rank
Protein-Protein Interaction MCQ STRING, SHS27K, SHS148K r 205
Biological Calculation MCQ MedMCQA, SciEval, MMLU 1 60 GPT-40 200 225 6.00 4.00 1.20 3.28 1.00 229 400 7.00 3.75 3.46 1
Biologieal Harmful OA GEN Self-generated L 2% Geminil.5-Pro 450 512 614 267 660 536 | 267 400 357 133 1175 4.67 2
L4 Proteotoxicity Prediction MCQ, T/F UniProtKB it 510
Biological Laboratory Safety Test ~ MCQ, T/F LabExam (ZJU) 11 194 GPT-4-Turbo 400 550 786 333 400 548 | 3.00 157 729 467 775 483 3
e e e i : = Claude3-Sonnet 550 412 843 400 200 500 | 600 443 786 800 600 6.33 4
Biological Protocol Reagent Design GEN Protocol Journal I 565
L5 Protein Captioning GEN UniProtkB il 937 GPT-3.5-Turbo 250 7.62 11.86 467 760 8.04 | 9.00 786 829 7.00 800 8.04 5
Protein Desi GEN UniProtKB it 860
SinngZ‘ZZII ::ﬁ;sis GEN s;,;;l’al-seq it 300 Llama3-8B-Inst 850 550 11.71 7.67 10.80 8.80 6.00 6.29 857 733 1425 838 6
Molecular Name Conversion MCQ PubChem I 1008 Qwenl.5-14B-Chat | 550 1038 871 9.00 840 896 | 933 7.4 643 800 1050 7.88 7
L1 Molecular Property Identification MCQ, T/F MoleculeNet il 1,625
Chemical Literature QA MCQ Literature Corpus 1 6316 Qwenl.5-7B-Chat 9.00 1050 1371 800 10.60 11.00 | 10.67 9.86 929 11.67 13.50 10.62 10
Reaction Mechanism Inference MCQ LibreTexts I 269 ChatGLM3-6B 1200 1425 1143 1000 1200 1232|1533 1500 1500 1233 1275 1433 | 12
Compound Identification and Properties MCQ LibreTexts I 497
Doping Extraction RE NERRE i 821 Gemmal.l-7B-Inst 16.00 16.75 11.71 14.67 12.80 14.24 17.00 15.86 12.57 11.00 725 13.00 14
L2 Detailed Understanding MEQ Libre fexts ! 626 Llama2-13B-Chat | 19.00 1138 17.14 10.67 10.60 13.36 | 18.67 13.86 1557 10.33 14.00 14.54 15
Text Summary GEN LibreTexts 1 692
Hypothesis Verification TIF LibreTexts i 544 Mistral-7B-Inst 11.00 13.12 1471 12.67 1820 1430 | 1433 1414 1529 733 19.00 14.46 16
Reasoning and Interpretation MC LibreTexts 1 516
Ao Wbt Caleniaton e S i i ChemDFM-13B | 650 1112 1200 967 1240 11.08 | 667 943 829 833 175 733 | 8
Gty Molecular Property Caleulation MCQ MoleculeNet 1 740 ChemLLM-20B-Chat | 1250 6.62 10.14 14.67 13.00 1032 | 1000 771 11.00 1633 400 9.42 9
i Molecular Structure Prediction MCQ PubChem I 608
L3 Reaction Prediction MCQ USPTO-Mixed i 1122 MolInst-Llama3-8B | 13.50 9.88  7.86 12.00 1820 11.52 | 933 957 743 933 17.75 10.25 11
Retrosynthesis MCQ USPTO-50k u 1122 Galactica-30B 11.00 1375 843 1667 1680 13.00 | 7.67 1643 13.00 1667 1600 1429 | 13
Balancing Chemical Equation GEN ‘WebQC il 535" .
Choimical Calculation MCQ XieZhi, SciEval, MMLU I 269 SciGLM-6B 16.00 14.12 1143 16.00 16.60 14.24 | 16.00 1529 13.14 17.67 15.25 15.04 17
Chemical HamiullOn el Proposition-65, ILO 1 S ChemLLM-7B-Chat | 15.00 15.88 13.86 14.33 16.60 1520 | 1533 14.86 1543 1600 7.75 14.04 18
L4 Molecular Toxicity Prediction MCQ, T/F Toxric it 870 5
Chemical Laboratory Safety Test MCQ, T/F LabExam (ZJU) il 531 Galactica-6.7B 17.50 16.50 11.86 18.00 19.20 16.00 13.00 17.86 13.00 13.00 18.50 15.33 19
AoculanCeptioning i s I o LlaSMol-Mistral-7B | 19.50 16.75 14.14 19.67 17.20 16.68 | 1933 1871 1629 20.00 125 1533 20
Ls Molecular Generation GEN ChEBI-20 I 897
Chemical Protocol Procedure Design GEN Protocol Journal I 74
Chemical Protocol Reagent Design GEN Protocol Journal I 129




Outline

Scientific Large Language Models
« 2.2 Molecule Language
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Mol-LLM: Encoder-only

(A) Pre-training (B)

Final Representation

Fine-tuning

Label <GO> Cc (o] Cc [ Cc N

Transforme

Prediction <GO> Cc (o] Cc Cc (o] N

b4+ 444 4

Transformer Encoder

Multi-class labels Probability value

Classification Layer
FFNN + Softmax

—>

SMILES-BERT

Positional
Encoding

r 1T 1t T T 1

Transformer Encoder

Transformer Encoder

Masked Input <GO> c <MASK> c c <MASK> N cicesceect
* f f ? ? T Binary Multi-label
Classification | Classification | Regression
Input BACE SIDER €50l
d 8 0 € ¢ c N
HIV Lipophilicity
PDBbind

Data
ChEMBL (v30) molecules

SMILES-BERT: large scale unsupervised pre-training for molecular property prediction, In Proceedings of the 10th ACM International Conference on
Bioinformatics, Computational Biology and Health Informatics, pp. 429-436. 2019.
Selformer: Molecular representation learning via selfies language models. https://arxiv.org/pdf/2304.04662
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Mol-LLM: Decoder-only O

C o N C 1 C C € 1 [EOS)
&
<
T / Decoder Block \a :
. Decoder :
Decoder Block 2 Block #n :
MoIGPT .. DecoserBlock
: [ Feed Forwara Neural Network ) -
( Wasked Seif Attention ) | Taiga
Condition (el o ¢ 4 c | 5
Decoder :
: T — Block #1 -
[°[°["]°”‘[‘['['['[ 1] —> Segment Token ock#1
(AT Z[Sals[=T5) —> Position Token mmm
22 4

[BOS] C o N = C 1 C C c 1

MolGPT: molecular generation using a transformer-decoder model. Journal of Chemical Information and Modeling, 2022
Molecule generation using transformers and policy gradient reinforcement learning, Scientific reports, 2022 <9



Mol-LLM: Encoder-decoder

Part 1. Pre-training

/ COC1e{0CINENC(=0)CCC2CCCT2)n1 \ oon (R % '

Bi-directional
. Encoder
<s> CO <MASK> 1 €C ... n 1 </s> =" | =
EIE T X R % Stepl: Molecular Language Syntax and Semantic Learning
oo CO <MASK> 1 ¢¢ ... n 1

walll .~

COc 1cc ...1</%> 1

............... ot R R . - S—
Deconer I Autoregressive i

.......... Decoder T . S L) T

""" W e |l=ClII<MA5K>II[61IFMASK»II[=amnch11I |§|I[c1|[=c1 ||[=c1|
COC1{OCINCANC(=0)CCC2CCCC2)n1 B L

\ J <> C0c1...n 1

BartSmiles: Generative Masked Language Models for Molecular Representations, Journal of Chemical Information
and Modeling, 2024

Domain-Agnostic Molecular Generation with Chemical Feedback, ICLR2024
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Mol-LLM: Datasets

Dataset Last updated Subset/Version Scale Keywords/Tasks
2015.10 ZINC-15 [303] 120M
ZINC 2020.12 ZINC-20 [139] 140M Ligand discovery
2012.07 ZINC-250k[138] 250k
Compound 111.9M Unique chemical structures
Substance 296.9M Chemical entities
BioAssay 1.5M Biological experiments
Bioactivity 296.8M Biological activity data points
Protein 185.1K Tested and identified proteints
PubChem [163] 2023.01 Gene 104K Tested and identified genes
Pathway 239K Interactions between chemicals, genes, and proteins
Cell Line 2K Tested cell lines
Taxonomy 112.6K Organisms of proteins/genes
Patent 42.4M Patents with links in PubChem
Pre-training Data Sources 872 Organizations contributing data to PubChem
USPTO MIT 480k
USPTO [210] 2012.10 USPTO-15K 15k US Patents, unique reactions
USPTO-full 950k
PCQMaM 2021.10 PCQOM4Mv2 [133] 3. 7M Quantum property, molecular graphs pred.
2021.06  PCQM4M-LSC [386] 3.8M Large-Scale
QM9 134K Conformers
GEOM [11] 2022.04  AlCures drug dataset 317.9K Organic molecules, high-quality conformers
part of MoleculeNet  16.9K Biophysics, physiology, physical chemistry
ToyMix 154K Quantum ML, drug discovery, GNN expressivity
MolTLU [17] 2023.10 LargeMix 5.4M Biological properties
UltraLarge 83M Quantum properties
ChEMBL [390] 2023.05 - 22.7M Drug-like bioactive compounds
DrugBank 5.0 [355] 2017.11 - 500K Drug’s mechanisms, interactions, targets
GDB-17 [279] 2012.10 - 166.4B Organic small molecules
ExCAPE-DB [308] 2017.03 - 70M Bioactivity, Chemogenomics

Benchmarks

QM7 7K
OMs 22K ) :
QM9 134K Quantum mechanics prediction
ESOL 1K
FreeSoly 643 Physical chemistry prediction
Lipophilicity 4K
PCBA 440K
MUV 93K
MoleculeNet [359 2017.10
leculebint [55) h HIV 42K Biophysics prediction
PDBbind 12K
BACE 1.5K
BBBP 2K
Tox21 8K
ToxCast 8.6K Physiology prediction
SIDER 1.4K
ClinTox 1.4K
Drugs-75K 75k Highly flexible molecules
Kraken 1.5k Organophosphorus ligand sterics
MARCEL [427] 2B EE 872 Chiral catalysts and enantiomers
BDE 5.9k Organometallic catalyst conformations
GuacaMol [33] 2019.03 - - Molecule generation
MOSES [263] 2020.12 ZINC Clean Leads 1.9M Molecule generation
ADMETlab 2.0 [366]  2021.04 - 250K Property prediction
SPECTRA [85] 2024.02 - 637k Generalization ability evaluation
Molecule3D [375] 2021.09 GEOM, QM9 39M  Ground-state 3D Molecular Geometry Prediction
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Prot-LLM: Models

S £

S

VDSPQERASLDEN... + a-helix + B-sheet b
Primary Structure Secondary Teritary Quaternary
(Amino acid sequence) Structure Structure Structure
. < G Open-
Model Time #Parameters Base model Pretraining Dataset Capability Soiites

ESM-1b [281] 202002 650M RoBERTa UniRef50 Secg"da'y struct. pred, v

ontact pred., etc.
ESM-MSA-b [277] 202102 100M ESM-1b UniRef50 S e, v

ontact pred., etc.
ESM-1v [238] 2021.02 650M ESM-1b UniRef90 Mutation effect pred. v
ProtTrans [87] 2021.07 R BERT, Albert, UniRef, BED Secondary struct. pred., v

Electra Func. pred,, etc

PMLM [122] 2021.07 87M - 731M Trans. enc. Uniref50/Pfam Contact pred. X
Mansoor et al. [229] 2021.09 100M ESM-1b - Mutation effect pred. X
ProteinBERT [32] 2022.02 16M BERT UniRef90 Func. pred. v
Encoder-onl LM-GVP [351] 2022.04 - Trans. enc - Func. pred. v
Y RSA[225] 2022.05 - ESM-1b - Func. pred. v
OntoProtein [403] 2022.06 - BERT ProteinKG25 Func. pred. v
ESM-2 [195] 2022.07 8M-15B RoBERTa UniRef50 Func. pred., Struct. pred. v
PromptProtein [354]  2023.02 650M RoBERTa UniRef50, PDB Func. pred. v
KeAP [428] 2023.02 - RoBERTa ProteinKG25 Func. pred. v
ProtFlash [339] 2023.10 79M/174M Trans. enc UniRef50 Func. pred. v
ESM-GearNet [416] 2023.10 - ESM-1b, GearNet - Func. pred. v
SaProt [312] 2023.10 650M BERT - Mutation effect pred. v
ProteinNPT [248] 2023.12 - Trans. enc. - Fitness pred., Redesign X
Outeiral et al. [254] 2024.02 10M - 5B Trans. enc. Europ;rax:}l;lil:lzleotxde Protein represent learning v
ESM All-Atom [422]  2024.06 35M RoBERTa AlphaFold DB Unified Molecular Modeling X
KnowRLM [349] 2024.06 - Trans. enc. - Protein Directed Evolution X
ESM3 [121] 2024.06 98B RoBERTa PDB Seq. pred., Func. pred., Struct. pred. V'
ProGen [226] 202003 12B GPT S\gggf‘;:ct Functional prot. gen. 7
ProtGPT2 [99) 2021.01  738M GPT Uniref50 De novo protein design v

and engineering
ZymCTRL [241] 2022.01 738M GPT BRENDA Functional enzymes gen. v
Decoder-only RITA [128] 2022.05 1.2B GPT UniRef100 Functional prot. gen. X
IgLM [302] 2022.12 13M GPT - Antibody design v
ProGen2 [245] 2023.10 151M - 6.4B GPT BE];;:?%B Functional prot. gen. v
ProteinRL [309] 2023.10 764M GPT - Prot. design X
PoET [9] 2023.11 201M GPT - Prot. family. gen. X
C. Frey et al. [104] 2024.03 9.87M/1.03M GPT hu4DS5 antibody Functional prot. gen. X

mutant

Tt TTT T m T mmmmm e b
| < Protein LLMs
* Protein vocabulary: 20 amino acids in nature, |
. . 1
! special tokens like <BOS> and <EOS> !
1 .
! * Architectures: BERT, RoBERTa, GPT, GLM, T5, .
| Transformer
| * Sizes: 100M, 1B, 10B, 100B |
1 . . 1
! * Datasets: Uniref, Pfam, SwissProt, PDB, BFD30, !
| AlphaFoldDB, ColdFoldDB |
| * Tasks: function prediction, family prediction, i
| protein-protein interaction, contact prediction, !
1 . . . . .
! mutation effect prediction, structure prediction, .
sequence optimization, protein de novo design,
i inverse folding :
1
Fold2Seq [40] 2021.01 - Transformer - Prot. design
MSA2Prot [273] 2022.04 - Transformer - Prot. gen., Variant func. pred.
Sgarbossa et al. [295]  2023.02 - MSA Transformer - Prot. gen.
Lee et al. [178] 2023.02 150M Transformer - Prot. design
e LM-Design [424] 2023.02 664M Transformer - Prot. design
MSA-Augmenter [402] 2023.06 260M Transformer Uniref50 MSA gen.
ProstT5 [125] 2023.07 3B T5 PDB Seq.-struct. translation
xTrimoPGIM [44] 2023.07 100B GLM CI(-)IS;E{E%B Prot. gen., Func. pred.
SS-pLM [294] 2023.08 14.8M Transformer Uniref50 Prot. gen.
pAbTS [62] 2023.10 - 5 e Prot. design
EINle—\;}éa[rlb;egt]— 2024.04 - Transformer Asl:l]x:Fs_(l:ll:ic;;B Prot. gen

X XX XN X SXES

(Continued)
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Prot-LLM: Encoder-only

Conserved Variable Column Attention

Untied Row Attention

Position

v

ACPRLDVDSQ

Position

ACPR-EVDCN
GCPRIELDSH
GCGKIEVIESD

-CGKLEIEAT H

ACARVD-DAY

GCRRKELDCE e
Coevolved
Positions
MSA Transformer, ICML, 2021.
One-time Per Task
— T 1
Pre-training Task specific Task specific Predictions
MSA generation training
C———
Zero shot =l
ESM-1v
JackHMMer
(CE———— .
rewshot [ | (R -
MSA Transformer DB i EE,EE s3oH I
Task specific models JackHMMer
Unsupervised ﬁne—tum_ng Seiuencs PRy win Mrase(x)
ESM-1v fine-tuning DB i {E;S:‘; 7 il l.
. . JackHMM
Classical unsupervised < ;?;C.A ooy
EVMutation (None) EEESEE?Z« — train Mrasi(x) — \mmw
DeepSequence T EA <o R l

Language models enable zero-shot prediction of the effects
of mutations on protein function,
www.biorxiv.org/content/10.1101/2021.07.09.450648v2, 2021

Sharing

O Areas with significant change
O Binding site

Residue Index

[O---00000J0

©---000000

Residue Index

Mask L. 17
< iodaing > RTDC[Mask]GN

'
|
|
[ o
I !
S §
Alpha-Carbon '%’/\!{/ ¢ % ! \@ a
Prediction Ras §% 0 | ATEN
SR | P
v pY oy
| o O
Interaction . (rpre  ? (irpA) L N )
Prediction | 3“ O
R
(a)l(ﬁ) _________________
(b) (d)
! E[PPI}
1 [©OO0C0) OO
] Pair Attention
Diverse Function Annotation | v 5 Li_neta_r
“Tasks ~ Stability Prediction | rojection
as Fitness Prediction | Pair-awar
Proteins
| ion
|
'

Attention Mask m

( Linear J ( Linear J [ Linear J
Q K 1

9p

T1&T2 3 P

Multi-level Protein Structure Pre-training with Prompt Learning, ICLR, 2022


http://www.biorxiv.org/content/10.1101/2021.07.09.450648v2

Prot-LLM: Decoder-only

)
o

Control tag(s) Model Generated english sentence Control tag(s) Model Generated protein sequence

. Voting for the presidential election has begun Immunoglobulin |~ DIQMTQSPASLS ... PKSFNRNEC @

English [~ The Red Sox defeated the Yankees at Fenway Chorismate mutase Protein |—> MSNTELELLRQK ... KEKAGLELQ :
language language
model model 7
5% — This knife is excellent for slicing meat Glucosaminidase — YIEKYNAIAERHK ... RHKLNRFDG  /

4

1% > This knife is poorly made, not sharp at all! Phage lysozyme > NIDFGFICELEGF ... ADLLESSMR %
c d =

4 5 \ . )

| Universal ] Universal protein sequence dataset Training: Negative
| protein sequence P IR log likelihood minimization ~ /~
{ dataset ! ,/ Natural proteins / e, [
—— / , y (Next amino acid prediction, | <
ini g T mm = S e = 7 — 8
Tralnlng l’ // ‘ l // _ 7 / Lysgzymes / "I §
5 J / 5 5]
Protein 4 - y - - p %ﬁ‘rx‘;‘ i g 3
language / =T 8

/
l\>ﬁ(
/ /
model 4 /’/ / / % 0:_75?% / Transformer
/ /

/" 280M sequences

decoder cooe
c | ¢ ; >19K Pfam families i = "\_,' // 1 5 //
Generation| Controttagfor = - - ————---------- \ ) % / = I
protein family f / s =
¢ . b} Feed forward block
_______ 3 / 'i ! / @ 2, a, a b el
- e 5 \ 1920 93T s =
‘ Artificial g 56K sequences : s |5 EEEEE
; 1 ¢ \ 5 Pfarm famili Control Amino N5 000000
| proteinsof % e - i aEce, tag  acids o
| protein family f k Q S, S " il /
AN

ProGen: Large language models generate functional protein sequences across diverse families, Nature Biotechnology, 2023
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Prot-LLM: Encoder-decoder

Protein Understanding Tasks Protein Generation Tasks

3D Structure Prediction De-novo Protein Sequence Design

3csl A (ID: 13.9%)
TMscore=0.81

Pl‘Oj ection Module ||
(Residue- OR

Segence-level) -
=g
1

|

Contact Map Prediction G E VI[E]
Fold Prediction ( ] 277
Fitness Prediction xfIhmoPGLM j
Optimal PH Prediction ATIgMASKI[SIGE V
xTrimoPGLM f , . :
EeRaS s s S SRS RS S R s ees : Partial Protein Sequence Design
: Antibody CDR Re-design
(368.04.B.0106)

XTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein, https://arxiv.org/pdf/2401.06199, 2024

66


https://arxiv.org/pdf/2401.06199

Prot-LLM: Datasets

Table 6. Summary of datasets for Prot-LLMs

Dataset Last updated Scale Keywords

UniRef100 [315, 316] 314M Complete collection of protein sequences from UniProtKB

UniRef90 [315, 316] 2023.11 150M  Cluster UniRef100 sequences at 90% sequence identity level

UniRef50 [315, 316] 53M Cluster UniRef100 sequences at 50% sequence identity level

UniProtKB/Swiss-Prot [29] 2023.11 570K High-quality, manually curated protein sequence database
P s UniProtKB/TrEMBL [240] ’ 251M Computationally annotated protein sequence database

retraining

UniParc [69] 2023.11 632M  Comprehensive and non-redundant protein sequence database

Pfam [100] 2023.09 47 Protein family database

BFD [157, 306, 307] 2021.07 2.5B Protein sequences from multiple databases and resources

PDB [364] 2023.12 214K Experimentally determined accurate protein structures

AlphaFoldDB [157, 334] 2021.11 200M Protein structures predicted by AlphaFold

CASP [171] 2022.01 - Structure prediction competition

EC [236] 2023.11 26 M Enzymes classification database

GO [8] 2023.11 1.5M Gene Ontology knowledgebase

CATH [252] 2023.02 151M Classification of protein structures

HIPPIE [288] 2022.04 39K Protein-protein interaction networks
Bk SCOP [214] 2023.01 914K Protein structure classification

ProteinGym [247] 2022.12 ~ 300K Predict the effects of protein mutations

FLIP [75] 2022.01 ~ 320K  Fitness landscape prediction (AAV, Thermostability, GB1)

Protein function, Localization, Structure prediction,
PEER [377] e i Protein-protein interaction, Protein-ligand interaction
Remote homology detection, Secondary structure,

Ll gl N Contact, Fluorescence, Stability prediction

Reactome [144] 2023.12 ~ 3M Biological interactions and pathways

STRING [317] 2022.11 59.3M Protein-Protein interaction networks

BioGRID [253] 2023.12 271k Genetic and protein interactions

InterPro [258] 2024.01 ~ 41k Classification of protein families 67




Prot-LLM: Evaluation

Evaluation Metric

Novelty: the fraction of the generated proteins that are not present in the training set
Frechet Protein Distance: the similarity between a set of generated proteins (¢) and a reference set (R)

FPD = ||ug — prlI* + Tr(3g + Zg — 2/ZG2R)

Diversity: analyzing the variety of the generated proteins against known protein databases with BLAST,

metrics such as sequence similarity, percentage of unique sequences, and alignment scores

Foldability: the average per-residue confidence score, denoted as pLDDT, across the entire protein

sequence, being an indicator of the model’s confidence in its predictions for individual residues

Recovery: the success or accuracy in predicting the correct amino acid sequence that corresponds to a
given 3D structure. A high recovery rate indicates that the designed sequences are likely to fold the desired

structures.

68



Outline

Scientific Large Language Models
« 2.4 Genomic Language

24




Gene-LLM:Encoder-only ¥
24t
Q For pretraining For finetuning . @ Promoter activity prediction
; .
Downstream @
LM Head o
[ J [ task Head J § 200 Promoter
1 T 2

Prediction of chromatin profiles

W1-VYN3I9

i R Splice sites annotation
[ g
g —M—
(]
=
=
AGAGCCAAGCGCGCACCCAGGCCGTCGGCGAACAACTCAAAGTCGCCGAACGACGACGACACGGCCTTCCGCTCGCCGGA g

GENA-LM: a family of open-source foundational DNA language models for long sequences, Nucleic Acids Research, 2025 70




Gene-LLM:Decoder-only

1. Pretraining | 8k context (base model)

2. Midtraining { 1M context
(context ~ -
extension) -~

) Eukaryotic M. geniraliumO
Y o -
- peron gene
i  Bacterial Yeast
B gene /& chromosome

&8 e g
tRNA Organelle
NcRNA Phage Human TAD )
I T T T T T 1rrr ] T T T T 1T 1851 ] T T T I | T T T L ]
10? 10° 10° 10° 108
Nucleotides
Training dataset E Tokens consumed in training
@ B Organelles composition (%)
Eukaryotic genic 100 g 5000 NCBI genomes 1,;10000
(B Eukaryotic promoter + z B Animalia S @ Pretraining s
" exons + splice sites 80 <, 4000 ¥ Plantae 3 80001 midtraining 42]’;
[ @ Eukaryotic mRNAs B ® Fungi 2
Cgmm— g ™ Eukaryotic 5kb 60 S 3000 ¥ Protista = 6000
windows E 8
[T o
L. ® EPDnew e 5
2 ht
@ Prokaryotic 20 E 1000 ‘é’ 2000
Ir B GTDB = g 3
/sememas B Metagenomics 0 5 bl 1B A 0 T
_— = O O > @ ¥ Evo27B Vo
= — EIMGVR #\\o #\\o &@'o & &
& & L
@
r SE-MR-LI —
Evo 2 M 8 (= [1 Dense layer
StripedHyena 2 DD U[ UD ( D ® Gate
architecture | L 2
— = Convolution
- Rotary = i
. attention o [ short explicit (SE)
Evo 1 M) M) Medium
StripedHyena regularized (MR)
architecture L o Long implicit (LI)

L - Hyena layer

Genome modeling and design across all domains of life with Evo 2, 2025 71
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Comprehensive-Sci-LLM

f Molecular description generation
Could you give me a brief overview of this molecule? Br\/&o

Reagent Prediction

Cl
Please suggest some possible reagents that could _~  + C‘“@*‘(/O = \'OYQ “
; ; . . OH i N
have been used in the following chemical reaction: OH ol

Description-guided molecule design

Create a molecule that satisfies the conditions outlined in the description:

“The molecule appears as a yellow or red crystalline solid or powder. Combustible.
Insoluble in water. Toxic by inhalation (dust) and ingestion.”

Protein design

Design a protein that exhibits the desired activity and specificity:

“1. The protein contains novel MGS-like domains that confer a unique function or activity.
2. The designed protein must possess methylglyoxal synthase activity.

3. The protein should be able to bind substrate ligand in a variety of conditions.”

Domain/motif prediction
Please examine the following protein and predict any domains you can discern:

Functional description generation
Please provide a summary of the key features and characteristics of this protein:

Chemical entity recognition
Find and list all the chemical entities: “Addition of the inhibitors of endothelial nitric oxide
synthase or estrogen receptor did not alter the protective effect of genistein.”

True or false question
Is diffusion-weighted imaging a significant indicator of the development of vascularization
in hypovascular hepatocellular lesions?

Multi-choice question
Which contain DNA sequences required for the segregation of chromosomes in mitosis
and meiosis? (A) Telomeres (B) Centromeres (C) Nucleosomes (D) Spliceosomes

Mol-Instructions - A Large-Scale Biomolecular Instruction Dataset for Large Language Models, ICLR 2024

Br R

Molecular description generation
The overview of the given molecule is:

LLMs “The molecule appears as a water-white liquid with a pungent odor. Denser than water.
Irritates skin, eyes and mucous membranes. Used to make other chemicals.”
Reagent Prediction o
q A z
> ﬁ The possible reagent is: 07\,
L T T As Molecule
LLaMA Description-guided molecule design /1 N\

The molecule designed based on this description is: \\As/

N\

Protein design
The designed protein is

Domain/motif prediction
>> We have identified potential protein domains within your
provided sequence: ATP-grasp domains.
Functional description generation
Here is a summary of the given protein:

“Has a role in promoting intracellular calcium ion sequestration via the exchange of calcium
ions for hydrogen ions across the vacuolar membrane”.

Protein

Chemical entity recognition
The chemical entities are: “nitric oxide”, “estrogen”, “genistein”.

True or false question
No, the signal intensity on DWI showed no significant difference
in the development of vascularization.

Multi-choice question
The final answer is (B).
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Comprehensive-Sci-LLM

-
Natural Language Molecule Protein
The molecule is a member of benzenes, a sulf- [CIICI[OJ[CI[O][C][=CI][C][=C][Branch1] MESTLTLATEQPVKKNTLKKYKIACIVLLALLVIMSLG
one and a member of triazoles. It has a role... [#Branch2][O][S][Branch1][C][C][=Branchf].... LGLGLGLRKLEKQGSCRKKCFD....
One Large Language Model
(] B B [] [CIClNIBranchi][Ring1][CICI(C]... (] B @[]  MDKQNSQMNASHPETNLPVGYPP...
« Provide a caption for the molecule below.
« What is the function of this protein? T l T l
« Generate a drug molecule binding to the X
target protein. o \(P/ ~OL P MDKQNSQMNASH ﬁ‘
+ Ganeratoanerzmo tatcancataze  ubittome| «—| 707 Y| kit e| < | TATORRY )
for the given substrate. Extraction Module ~ Extraction Module PPTAFGG...... s

Multi-Modal Input Multi-Modal Inpu\f

Natural Language Molecule Protein

Advancing biomolecular understanding and design following human instructions. Nature Machine Intelligence, 2025 74



Comprehensive-Sci-LLM

C
Continual pretraining
a B\
PubChem
Molecule
100M
PubMed 6M
bioRxiv
ChemRxiv 59M
UniProt
Scientific Literature Protel
\ rotein Y,

Instruction-tuning

A
e Al
stage-1 stage-2
A R e N
Swiss-Prot, TFEMBL PubChem, ChEBI Swiss-Prot Ehell
molecule — natural molecule — natural
- language language
protein — natural 60M natural language protein — natural 52K natural language
language —molecule language —molecule
natural language g |:> natural language  2M
—protein - —protein
™ molef:ule — protein 1M molecule — protein
protein — molecule protein — molecule
BindingDB, Rhea BindingDB, Rhea
A\ A4 A\

Molecule - Natural Language Alignment

Protein - Natural Language Alignment

Molecule - Protein Alignment

Molecule - Natural Language Alignment

Provide a caption for the molecule below. [C][C][N]
[Branch1][Ring1][C][C][C][=Branch1]... =

member of triazoles. It has a role as an antimitotic...

'The molecule is a member of benzenes, a sulfone and a

ster having 4-aminobenzoic acid...

enerate a molecule in SELFIES that fits the
provided description. The molecule is a benzoate

NJ[C][=C][Ring1][#Branch1]

{C][C][O][C][:Brancm][C][=O][C][=C][C][=C][Branch1][C]

Protein - Natural Language Alignment

at is the function of this
protein? MAKTFKLKIVTPEKIFFEGEA...
™

It produces ATP from ADP in the presence of a proton ] <

gradient across the membrane.

to the universal ribosomal protein uL14 family...

Give a protein matching the following description.
The protein is 50S ribosomal protein L14. It belongs
=

VATVKSAAPGGAVKKGEVVKAV...

MIQTESRLKVADNSGAKELLTIRVLGGSSRKFAGIGDIV J fonat)

Molecule - Protein Alignment

Generate a drug molecule binding to the target
protein. MPARRLLLLLTLLLPGLGIF...
]

[N][C][:Branch1][C][=N][N][C][C][C][=C][Branch1][RingZ]] o

[C][Ring1][=Branchf]...

CJ[=Branch1][C][=0][0-1]

Generate an enzyme that can catalyze for the given
substrate. [C][N+1][Branch1][C][C][Branch1][C][C][C]
)

MVKKGLLERLQEGPVIGDGGYVFTLEKRGYVMAGPY.,.J

Advancing biomolecular understanding and design following human instructions. Nature Machine Intelligence, 2025 75



Comprehensive-Sci-LLM

InstructBioMol is the first to enable protein—small molecule co-design based on text instructions.

a
55 1 -5 0.8 60 1
D e e e e e e B e ~
-6 0.6 45+
= &
& ® I :
o o 1 Please generate the protein sequence based on the
] ] -7 g 0.4 @ 30 - description and generate a molecule that can
E 2 § interact with this protein: The proteinis ...
2 s g Lo
& 3 JN‘
g e 1315 MIQTESRLKVADNSGAKELLTIRVLGGSS...[C][C][O][C] o
[=Branch1][C][=O][C][=C][C][=C][Branch1]...
-9 0.0 0

I GPT-3.5 (5-shot, random) [l GPT-3.5 (5-shot, similarity) Bl Llama [l Mol-Instructions-molecule [l Mol-Instructions-protein
[ BioT5 [ BioT5+ [l GPT-3.5 (5-shot, similarity) + DrugGPT [l InstructBioMol

71 I GPT-3.5 (5-shot, random)
[l GPT-3.5 (5-shot, similarity)
_| M Uama

The overall success rate of co-
design improved by 15%.

o

v

B Mol-Instructions-molecule
I Mol-Instructions-protein
[ BioT5

[ BioT5+
W GPT-3.5 (5-shot, similarity) + DrugGPT

w

The top 20 results still slightly
outperform the best-performing

= InstructBioMol baseline's highest score.

Top-1 Top-5 Top-10 Top-20 Top-50 All \

Advancing biomolecular understanding and design following human instructions. Nature Machine Intelligence, 2025
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Comprehensive-Sci-LLM

Data Volume

’ Cross-
~ domain Protein, 65.2B [fiext, 14.4B

{®
: —< RNA, 27.5B  [€ross-domain, 12.7B

IBIA, 19.88 |Compounds, 4.2B
| Materials, 0.01B g Materials

o i | \ |

Original Vocab

NatureLM
[

.: Applications ? Rank 3rd

« Stable protein *  Protein to fragments + Retrosynthesis *+  Compound

* Protein library *  Molecule Library generation * interaction
generation

Materials generation @ RNA generation § Cross-domain translation @

*« Composition to material * Guide RNA generation * Protein - annotation

* Bulk modulus to material * Protein-binding RNA generation * SMILES - IUPAC

* Material library generation * RNAlibrary generation

Nature Language Model: Deciphering the Language of Nature for Scientific Discovery, 2025

hnkz% g

Protein generation Small molecule generation and optimization Property prediction Rank 1st /

* (In)Soluble Protein + Property to compound * Binding affinity optimizatio * Protein /////

+ CDRH3 region *+  Protein to compound «  ADMET optimization + DNA /Il‘l\\\

Protein

QL B I

(In)Soluable protein generation
CDRH3 design

Protein annotation generation
Protein property prediction
Stable protein generation
Unconditional protein generation

Nulceotides

=

2,
3.
4,

S
1

VEINOUAWN

DNA property prediction
Guide RNA generation

Protein to RNA generation
Unconditional RNA generation

mall molecules
. ADMET optimization

Binding affinity optimization
Compound property prediction
Property to compound

Protein to complete compound
Protein to fragments

Retrosynthesis

SMILES from-to IUPAC

Unconditional compound generation

Materials

1.
2.
3%

Unconditional material generation
Bulk modulus to material
Composition to material

77



Outline

©

Challenges and Perspective




Sci-LLM: Summary

SMILES:  OC(=0)C1=CC=CC=C10 Ty ;
[O][C][=Branch1][C][=O][C] \J/VL> ”
Molecule  SELFIES: [=C][C][=C][C][=C][Ring]] )\ Y )

[=Branch1][0] o 159)
1S/C7TH603/c8-6-4-2-1-3-

J

3D Geometry

InChl: 2D Topology
5(6)7(9)10/h1-4,8H,(H.9,10) Structure Structure
Protein W §§ V@
VDSPQERASLDEN... a-helix ¢ B-sheet Modeling
Primary Structure Secondary Teritary Quaternary
(Amino acid sequence) Structure Structure Structure

WK AN

Double-stranded  Single-stranded
DNA Structure RNA Structure

DNA Sequence: ATCGGTGACTATCG
Genome

RNA Sequence: AUCGGUGACUAUCG

(Natural language-centric)

Textual LLMs Molecular LLMs

(Molecular language-centric)

> Bio. & Chem. Knowledge
What is the mitochondria?

(Genomic language-centric)

> Genome Sequence

» Molecule Sequence
N=C(N)NCC[C@H](N)C...

Protein LLMs
(Protein language-centric)

Genomic LLMs

» Protein Sequence
RASLDVETNSPPQENE...

GAAGTCACGGCGTA...

* Training Data:
o Scale of Pre-training Datasets
o Quality of Finetuning Datasets
o Lack of Cross-modal Datasets
* Model Evaluation:
o Computational vs wet-lab

* Architectures and Learning Objectives:
o Handling Longer Sequences
o Incorporating 3D Structural Information
o Autoregressive Learning Objective
 Security and Ethics:
o Data Privacy, Model Bias, Equal Access



Relevant Materials

* Accompanying survey of this tutorial:

o Scientific Large Language Models: A Survey on Biological & Chemical Domains,

https://arxiv.org/pdf/2401.14656

o Github Repository: https://github.com/HICAI-ZJU/Scientific-LLM-Survey

* Surveys for related topics:

o Comprehensive
= Artificial Intelligence for Science in Quantum, Atomistic, and Continuum Systemes,
https://arxiv.org/pdf/2307.08423
= A Comprehensive Survey of Scientific Large Language Models and Their Applications in Scientific Discovery,
https://arxiv.org/abs/2406.10833

o Chemical molecules
= MolGenSurvey: A systematic survey in machine learning models for molecule design,
https://arxiv.org/abs/2203.14500
= A Systematic Survey of Chemical Pre-trained Models, https://www.ijcai.org/proceedings/2023/0760.pdf

o Biological proteins
» Learning the protein language: Evolution, structure, and function,
https://www.cell.com/cell-systems/pdf/S2405-4712(21)00203-9.pdf
= Protein language models and structure prediction: Connection and progression,
https://arxiv.org/pdf/2211.16742
= Learning functional properties of proteins with language models,
https://www.nature.com/articles/s42256-022-00457-9 80
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https://arxiv.org/pdf/2211.16742
https://www.nature.com/articles/s42256-022-00457-9

Thank You!

Mr. Xiang Zhuang
zhuangxiang@zju.edu.cn
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KG-enhanced LLMs

Knowledge Graphs (KGs)

Cons: Pros:
o e = siustiral Knowlcdge KG-enhanced LLMs, which incorporate KGs during different
* Hallucination * Accuracy K .
 Indecisiveness ) - Decisiveness phases of LLMs, or for the purpose of enhancing understanding
+ Black-box * Interpretability ]
« Lacking Domain- « Domain-specific Knowledge of the knowledge learned by LLMs;
specific/New Knowledge * Evolving Knowledge
- Knowledge aware pretraining

Pros: Cons: . . . .

+ General Knowledge + Incompleteness - KnOW|edge Integration flnetunmg

* Language Processing 0 lLJac;king Lac?guage

+ Generalizabilit nderstanding N iti

y \__J . reomana Knowledge editing

Large Language Models (LLMs) - Knowledge unlearning

LLMs
Factual Knowledge

V
Structural Fact « General Knowledge ﬁ\

Domain-specific Knowledge « Language Processing

Symbolic-reasoning « Generalizability [ LLMs J [ KGs ]

=> Output @

Knowledge Representation

KG-related
Tasks

b. LLM-augmented KGs c. Synergized LLMs + KGs

ge Models and Knowledge Graphs: A Roadmap. (2024) Link 86


https://arxiv.org/pdf/2306.08302

Categorization over different stages

- Integrating scientific knowledge can occur at any stage in the
development of LLMs

« Pretrain-KGEs . SapBERT[3] . FusionDTI [8]

- FusionGDA[9]
- Saprot-based

[1]
. ERNIE [2]
« MoIXPT[3]

* MoP [4]
- OntoProtein

[5]

- Bridge [6]
- MedLaSA[10]

oo m

Knowledge graph

J

&
A
LLMs

applications

[13]

i - MKRAG [10]

- KRAGEN [11]
- BioRAG [12]

87



Bi-Encoder vs. Cross-Encoder

Bi-Encoder

}

Cosine Similarity

PN

u \%
A A
Pooling Pooling
A A
BERT BERT

: :

Sentence A Sentence B

Cross-Encoder

0...1

*

Classifier

*

Sentence A

f

BERT

*

Sentence B

Bi-Encoder: Efficient encoding of individual entities
can speed up retrieval and computation, but may
sacrifice finer-grained interactions between different
encoders.

High efficiency.

Cross-Encoder: Encodes entities jointly, capturing
more detailed interactions, but at the cost of greater
computational resources and time.

High effectiveness.
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Bi-Encoder for Drug-Target Prediction

A. Input Encoders Fusion module: Token-level Fusion ( TF) Head

Protein:PdQdIdTdLvWpKdRfPqLkVwTwlk *
KalfGpGnQdLiKdEiAaLglLeDdTaGpAdDaDa |—y... Protein

TwleldEeEdMdSALdPdGdRAWwWKdPwKA... Encoder

—p MLP —b@

Drug:[C][C][=C][C][=C][C][Branch1][C][C] *
[=C][Ring1][#Branch1][O][C][C][=Branch1] | Drug [C@@H1]
[C][=O][N][C@@H1][Branch1][#Branch2]... Encoder
HIV-1 Protease ) C. Attention Map of TF 1.0
...EiAaLgLeDdTaGpAdDa... 08
0.6
Lopinavir Interaction 0.4
§ -0.2
...[=Branch1][C][=O][N]...
.. [C] [=0] [N] [c@@H1] .. ~0.0

FusionDTI uses a token-level fusion module to effectively learn fine-grained information for
drug-target interaction.

FusionDTI: Fine-grained Binding Discovery with Token-level Fusion for Drug-Target Interaction. Link
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https://arxiv.org/abs/2406.01651

Cross-Encoder for molecular property prediction

MolXPT: Wrapping Molecules with Text for Generative Pre-training

55 » .. . .
:  Pre-training corpus -traini Finetunin
Rolipram impairs NF-kappaB activity and MMP-9 expression 9 L Pre tralnlng g
in experimental autoimmune encephalomyelitis

H Molecular Property Prediction
: III P Ubwe o Ten sz 83 = oo
NER & entity linking ) W (30" doc) J Blood-brain barrier
A N penetration: true

N i"“‘*'r“l»'\,_\

# ChEBI Rolipram: CHEBI id = 104872 I & o . AL
= = : a sequences 4
SMILES= COc1cce{cc10C1CCCC1)CICNC(=0)C1 ppe (8Me)q LK-/-}.‘" ' Molscule-tixt transiation
Replace molecules with SMILES' ! 9 < Rolipram is a member of the Iclass of
'/ Pub © hem SMILES L /__/__'}__.____:_::—? i T pyrrolidin-2-ones that is pyrrolidin-2-

(som)COC1=C(C=C(C=C1)C2CC(=0)NC2)0C3CCCC3({eom) P (30M) = - (L0 one bearing a 3-(cyclopentyloxy)-4-

impairs NF-kappaB activity and MMP-9 expression in : S S| - Sh L methoxyphenyl substituent at the 4-position
........ e?(penm?ntal atftoummune encephalomyelitis ',' MOoIXPT (24 layers, 350M param)

* A unified language model of text and molecules pre-trained on
SMILES (a sequence representation of molecules) wrapped by text

* Text and SMILES are tokenized separately (molecular are encoded)

MolXPT: Wrapping Molecules with Text for Generative Pre-training (ACL 2023). Link o


https://arxiv.org/abs/2305.10688

Integration Techniques of LLMs

Prompt-tuning

i

Add & Norm

Add & Norm

Add & Norm

Multi-Head

Attention

BitFit

Ey()
b()

Diff Pruning
)

5

~——
LoRA

XL

S ¢

[”] Input Embedding )

[AN

N

Parameter-Efficient Fine-Tuning (PEFT):

Techniques like Adapters, Prefix Tuning, LoRA, Diff
Pruning, BitFit or Prompt-tuning that fine-tune only a
small subset of model parameters, reducing computational
costs while maintaining performance.

Relative Performance

Low-Resource (1k) Medium-Resource (1k~10k) High-Resource (=10k)

10 : s

04 *ﬁ.;. ..... oo s Koennnadenden Weeoos BeeeeoReonond

: o = * * 2 ]

o * A " -

-104 : FT
: ® Adapter

® PT

~201 A LoRA
O *  BitFit

T T T T T T T T T T T T

[3%] £ o [Se] ) (=] ~J O N I L W

2 8 2328 2SS

| —] | — (=} = ~J ~ ~ ~

Data Size

Revisiting Parameter-Efficient Tuning: Are We Really There Yet? (EMNLP 2022) Link

Param.(%)

1.4

0.6
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https://arxiv.org/abs/2202.07962

Knowledge Editing

Symbolic Knowledge |~ . A
1 Xet Who is the president of the US? ;Ye:  Joe Biden

(US, president, Biden) | :

D
M hi et al.
ROME Meng et al. szo‘zit &

2023

Meng et al.

Neural Knowledge : Knggilﬁ:ge

= o=s

o Donald Trump
P JoeBiden X@

Knowledge Editing Types: Insertion Modification Erasure

Parameter

A KN
Efficient FT. aiwa.  MELLO| Knowledge
2021 Zho;gzgtal. AUgmen"'GTlOn

Donald Trump &2

Joe Biden 4/

R

Hartvigsen et al.
2022
T-Constrained

Zhu et al.
2020

Chen et al.

Machine
Unlearning

Continual Learning

LLMs notoriously hallucinate, perpetuate bias, and factually

decay, so we should be able to adjust specific behaviors of Comparison of different technologies
pre-trained models.

Easyedit: An easy-to-use knowledge editing framework for large language models:
https://github.com/zjunlp/EasyEdit
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KG Integration for Scientific NLP Tasks

penicillin cataclasite, mylonite, fault breccia relevant
Encoder O;D (Encoder-)Decoder Encoder Encoder
Language Model Language Model Language Model Language Model
a case of oral [MASK] anaphylaxis is What kind of rock belongs to language models are few-shot cite re-training of deep bidirectional
5 MASK] ke dynamic metamorphic rocks? guag leamers ... P t,gnsfomfrs
) ‘ \
a erV Publmed QGAKG Prot 2 "JMiner A
(Type 1.A) SciBERT, BioBERT (Type 2.A) Galactica, K2 (Type 3.A) SPECTER
&y matter 5.0 relevant
Encoder O;D (Encoder-)Decoder Encoder Encoder
Language Model Language Model Language Model Language Model
. T & & e T
ﬁ*“- a'. [MASK] a, dark [MASK] | year | 2015|2016 ... Hemoglobin subunit beta is a globin »  MVHLTPEEKSAVTA
| total | 66.5| 71.5] ... protein, coded for by the HBB gene, ‘y s LWGKVN ...
Venue Author Text How many dollars are the which along with alpha globin ... v :
difference for ... ?
(Type 1.B) OAG-BERT (Type 2.B) TableLlama (Type 3.B) ProtST
Cc Cd relevant
Encoder p4 (Encoder-)Decoder Encoder
[ Language Model ] [ 0’0 Language Model ] [ Language Model } [ @) CrephlEncoder ]
C1CN [MASK] CN1c(c2)c(F)cc3c2. .. f Zn 0.00 0.00 0.00 Clondronate(2-) is the dianion ”
< . J Pm 0.25 0.25 0.25 resulting from the removal of two
— i Rh 0.50 0.50 0.50 ... protons from clondronic acid. It is a
e > .~ Generate an element that conjugate base of a clodronic acid.
’ could replace ...
(Type 1.C) ChemBERTa (Type 2.C) CrystalLLM (Type 3.C) Text2Mol
GCA CAC ACT 67.5° relevant

T 4 &

T

Encoder
Language Model

0;0 (Encoder-)Decoder
Language Model

—

Encoder ‘
Language Model 8

Vision Encoder ]

o o

AGC [MASK] [MASK] [MASK] CTG

(Type 1.D) DNABERT

O A A A A
Given CTis a

tangent to the
semicircle, what

i‘ is the angle
- between ... ?

(Type 2.D) G-LLaVa

severe cardiomegaly is noted in the i
image with enlarged ... i
/
a satellite view of a large city with a : 1 &
mix of residential and commercial ... -

(Type 3.D) ConVIRT, UrbanCLIP

Question Answering [5]
Entity Linking [4]
Document Classification [5]

Summarisation/Note
Generation [14]

Hypothesis Generation [15]

Knowledge Graph Construction
and Completion [1]

Reasoning [12, 15]

A Comprehensive Survey of Scientific Large Language Models and Their Applications in Scientific Discovery, Arxiv 2024



KG Integration for Clinical Text Data Generation

Clinical Text Data Generation

1. Clinical Knowledge

Extraction

= s

Topics From KG

Stroke, Covid-19, ... 1 2. Output a list of named entity about disease only.

i 3. The sentence should mention the disease named {Stroke}.

1 4. The sentence should mimic the style of {medical literature}.

| Some examples are:

| Sentence: "The development of tolerance to the muscular rigidity

1 produced by morphine was studied in rats." Disease: [muscular rigidity]

_____________________________________________________

Topics From LLM
Diabetes, Gout, ...

Styles From LLM

Medical literature,
Clinical reports,

2. Knowledge-Infused Data Generation

_____________________________________________________

& Prompt

Suppose you need to create a dataset for disease recognition. Your task
1 is to: 1. Generate a sentence about disease.

Synthetic Data

: Sentence: "Elevated levels of cholesterol in the blood are associated
! with an increased risk of cardiovascular diseases such as stroke and
heart attack." Disease: [cardiovascular diseases, stroke, heart attack]

1
e e e el e e e e e e e e e e el e el e e e el e e

_____________________________________________________

S = ey e

3. Language

Model

Fine-Tuning

Pretrained
Model

Synthetic

Fine-Tuned
Model

Data

I Best BSL
I ClinGen w/KG
[ ClinGen w/LLM

% 40 Instruct GPT ~ GPT-3.5 GPT-3.5(10%) GPT-4

(a) HOC

F1-Score

=3
=3

~
1=}

o
=]

u
=)

Il Best BSL
I ClinGen w/KG
[ ClinGen w/LLM

4 Instruct GPT ~ GPT-3.5 GPT-3.5(10%) GPT-4

(b) MEDIQA-RQE

CLINGEN is a knowledge-informed framework for clinical data generation. This two-step methodology
harnesses the emergent capabilities of LLMs and external knowledge from KGs to facilitate the synthesis of

clinical data, even with few-shot examples only.

Knowledge-Infused Prompting: Assessing and Advancing Clinical Text Data Generation with Large Language

Models. (ACL 2024) Link
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https://aclanthology.org/2024.findings-acl.916/

KG Integration for QA Tasks

; . b
Is there an interaction between the Heat Shock . .
Protein 70 family that acts as a molecular Review (HSPAS, interacts, DHDDS)
chaperone and the gene or protein implicated in
Retinitis Pigmentosa 59 due to DHDDS mutation? * o. P
2~ / \\
A: HSPA4 B: HSPA8 C: HSPA1B D: HSPA1A S o —> | LLM ) —
= o O \\,,7 //
®) Knowledge graph Description dictionary
‘, L HSPA8 l
A Description: HSPA1B interacts with DHDDS,
indicating a general interaction that may involve
§>I<§ Generate binding, modulation, or other forms of molecular
communication. /
(HSPA8, interacts, DHDDS) 5
— (Heat shock proteins, play a role, Pre-trained
retinitis pigmentosa) structural Description tokens ' U ' U U !
(HSPA1A, interactions, DHDDS) ... embedding g
v - &
e m==s=msmesnes . Alignment between structural and
' ‘ Review . ‘ -
' . | concept embeddings
= (HSPAS, interacts, DHDDS) ' = 4 ‘\‘
+ | 1 [ (Heat shock proteins, play a role, = | Instruction: Given a triple from a knowledge graph.
%_ . retinitis pigmentosa) ' Each triple consists of a head entity, a relation, and
15 + [¥] (HSPA1A, interactions, DHDDS) . a tail entity. Please determine the correctness of
o ' A the triple and response True or False.
“lim [ |
: % Revise 2
. . ; ' Aligned .
' (HSPA1B, interactions, DHDDS) : embedding Instruction tokens U U U U U U
o - ' : §
| Cé LLM
$  Answer \ J
(HSPAS, interacts, DHDDS) Loss «— U

(Heat shock proteins, play a role,
retinitis pigmentosa)

Aligned embedding
+

FFN

+

t t

Token er}]bedding
T

. J=n
B[] [SEy |

Pre-trained Description tokens
embedding
% Frozen ¢ Trainable

Knowledge Graph Based Agent for Complex, Knowledge-Intensive QA in Medicine. (2024) Link

Question Answering (QA)
KG: Heterogeneous
(primeKG)

KGAREVION a KG-based LLM
agent for complex medical
QA that leverages non-
codified knowledge of LLMs
and structured, codified
knowledge of medical
concepts within KGs.

fine-tune
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https://arxiv.org/abs/2410.04660

KG Integration for QA Tasks

————————

\
N

..................................................... % e ——————

External domain corpora ! [ Hundreds of samples )
The lack of strength in the waist area and the inability to siti i Q: How to treat leg muscle atrophyi
still are the result of paralysis of the sciatic nerve, ...... , as! i A: Stimulate nerves i

! New questions
1

' Q: What are the symPtoms of
l\ paralysis of the sciatic nerve?

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

Extractor: Text = {Entity, SPO } ‘ | Generator: { SPOs }> Text

/%

)

Stagel: Pre-learning Stage2: Supervised Fine-tuning Stage3: AKGF
,,,,,,,,,,,,,,,,,,,,,,,,, Retriever I e
' | Entity, KG > { SPOs } z
Base Model " 100! | SFT Model N

| K- 1 | Z
: LoRA ‘ SFT | DPO. £
. e G N

(paralysis of the sciatic nerve, causes, The lack of strength in the waist area and the inability to sit )

(dysfunction in the autonomic nervous system causes Muscle atrophy)

(dysfunction in the autonomic nervous system, is responsible for, regulating blood flow )

(dysfunction the autonomic nervous system, is responsible for, nourishing muscles) Knowledge Graph

Efficient Knowledge Infusion via KG-LLM Alignment. (ACL 2024) Link

Question Answering (QA)

The Enhanced LLM with
Knowledge Pre-learning and
Feedback (ELPF) framework can
be divided into four main stages.

1) Efficient construction of
domain KGs

2) Pre-learning with K-LoRA

3) SFT with KG retrieval

4) AKGF: KG acts as an evaluator

post-train+fine-tune

LORA*
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https://arxiv.org/abs/2406.03746

RAG for Biological Question Reasoning

- BIORAG adaptively select knowledge source and domain-specific
tools to advance the biology question-reasoning task.

INPUT @ Retriever Selection @ Query Preprocessing
+ Prompt #1: Select a suitable tool or retrieval method. ] [ Prompt #2: Format the question for retrieval. 2. ]
Does oxybutynin [/ Biological Database | . Medical Knowledge Query Rewrite : Oxybutynin hydrochloride cause ...
hydrochloride cause 20M Abstracts 3.
arrhythmia in Gene dbSNP MeSH Mapping MeSH Tag Generation <—I!!MI—\|
children with bladder Protein Disease Genome Medical Embedding - i P
BYBIUNGHGN s (@ seachEngine | | °°  Oters | MeSHMapping A il
1 | | 1 1 1 1
Google Bing Wikimedia Custom APl  Database

® Inference and Generation @) Self-Evaluation t «QJ ® Retriever Execution ‘

Based on: (1) Prompt #5: Prompt #4: Prompt #3: Combination retrieves for context. |
Generate answer. Think next step.

2 PR A R - . .
P ry Rewrite Embed Filter = MeSH Mapping
3) @ + + |8 &= _ .
S . ™ Medical Embedding Logical Combination gadtites

The answer is :YES. Analyze the need for an additional retrieval. 20M High-Quality Research Articles

Inference
99

BIORAG: A RAG-LLM Framework for Biological Question Reasoning, Arxiv 2024



Dealing with large scale knowledge graphs

g % ELLD, o K} ( ) Repeat for all K sub-graphs s
Sub-graph G
Lo
% =
En:Ity q)gz .
/ st
= £ :
o, —7— | |
Ne= e~ B
e 0 Entity P::)r:gicuon
(a) Graph Partitioning

I . J
(b) Infuse Knowledge with Adapter (c) Collect Pretrained Adapters  (d) MixtureI of Adapters

Partitioning it into smaller sub-graphs, e.g. METIS
- Infusing their specific knowledge into LLMs using lightweight adapters

adapter *

Mixture-of-Partitions: Infusing Large Biomedical Knowledge Graphs into BERT. (EMNLP 2021) Link 100
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KG Integration for Scientific Prediction Tasks

penicillin cataclasite, mylonite, fault breccia relevant
Encoder O;D (Encoder-)Decoder Encoder Encoder
Language Model Language Model Language Model Language Model
a case of oral [MASK] anaphylaxis is What kind of rock belongs to language models are few-shot cite re-training of deep bidirectional
5 MASK] ke dynamic metamorphic rocks? guag leamers ... P t,gnsfomfrs
) ‘ \
a erV Publmed QGAKG Prot 2 "JMiner A
(Type 1.A) SciBERT, BioBERT (Type 2.A) Galactica, K2 (Type 3.A) SPECTER
&y matter 5.0 relevant
Encoder O;D (Encoder-)Decoder Encoder Encoder
Language Model Language Model Language Model Language Model
. T & & e T
ﬁ*“- s'. [MASK] s, dark [MASK] | year | 2015|2016 ... Hemoglobin subunit beta is a globin »  MVHLTPEEKSAVTA
g i | total | 66.5| 71.5] ... protein, coded for by the HBB gene, ‘y s LWGKVN ...
Venue Author Text How many dollars are the which along with alpha globin ... v :
difference for ... ?
(Type 1.B) OAG-BERT (Type 2.B) TableLlama (Type 3.B) ProtST
Cc Cd relevant
Encoder p4 (Encoder-)Decoder Encoder
[ Language Model ] [ 0’0 Language Model ] [ Language Model } [ @) CrephlEncoder ]

@

C1CN [MASK] CN1c(c2)c(F)cc3e2...

<k: .
(Type 1.C) ChemBERTa
GCA CAC ACT

T 4 &

L)

. Zn 0.00 0.00 0.00
) Pm 025 0.25 0.25
¢ Rh 0.50 0.50 0.50...
.~ Generate an element that
could replace ...
(Type 2.C) CrystalLLM
67.5°

T

T i

Clondronate(2-) is the dianion %

protons from clondronic acid. It is a
conjugate base of a clodronic acid.

(Type 3.C) Text2Mol

relevant

Encoder
Language Model

0;0 (Encoder-)Decoder
Language Model

resulting from the removal of two
Vision Encoder ]

o o

AGC [MASK] [MASK] [MASK] CTG

(Type 1.D) DNABERT

A Comprehensive Survey of Scientific Large Language Models and Their Applications in Scientific Discovery, Arxiv 2024

O A A A A
Given CTis a

tangent to the
semicircle, what

i‘ is the angle
- between ... ?

(Type 2.D) G-LLaVa

severe cardiomegaly is noted in the

Encoder ‘
Language Model 8
image with enlarged ...
a satellite view of a large city with a

mix of residential and commercial ... l! 51 / &

(Type 3.D) ConVIRT, UrbanCLIP

Gene-Disease Association (GDA) [19]
Protein Function Prediction [18]
Drug Repurposing [18]

Drug-Target Interaction (DTI) [8,17]
Text2Mol [3]

Amino acid contact prediction
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Gene-Disease Association (GDA)

Pre-training

Disease Descriptions

Adenocarcinoma: A common cancer
characterized [ M ASK] thepresence of
malignant glandular cells. [MASK],
adenocarcinomas are classified [MASK]|
to the growth pattern (e.g., papillary,
alveolar) or according to the [MASK]
product (e.g., mucinous, serous) ...

'

Text encoder

l

L

Protein Sequences

Alpha-1-B glycoprotein: MSM LV V
FLLLWGVT[MASKIGPVTEA
AIFYETQ[MASKISLWAESE
SLLKPLANVTLTC [MASK]A
HLETPDFQLFKNGVAQEP
VHLDS [MASKIAIKHQFLLT
GDTOGRYRCRSGLSTG ..

'

[ Protein encoder

J

¥

[ Fusion Module }

v

{

Pooling ]

v

Pre-training Head
(Contrastive Loss Function)

Fine-tuning

<

Text encoder ]
|

[

Protein encoder
|

L

J

v

{ Fusion Module ‘

v

[ Pooling

]

v

[ Prediction Head (Classifier) ]

FusionGDA utilises bi-encoder with a fusion
module to enrich the gene and disease

semantic representations encoded by PLMs.

KG: Heterogeneous GDA
Encoder method: Bi-Encoder

post-train + fine-tune

Heterogeneous biomedical entity representation learning for gene-disease
association prediction. Briefings in Bioinformatics (2024) Link
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https://doi.org/10.1093/bib/bbae380

Protein Function Prediction

g )

GO Encoder
0 . 5 -

-y s Text enhanced AN 4 E KG embedding AN 4
Knowledge Graph » . 7 negative sampling A _ ¥

’ -
neagative sample

Protein Protein Encoder %7
| Input | : 2%
Protein-GO Enriched with

Objective for Lgg

Sequences K Knowledge Graph descriptions /
* Shared Protein Encoder t b Knowledge Graph Embedding
/;:‘A Protein Encoder ﬁ\ /ﬁ Protein Function Prediction \
I I :
K . K K
FM] §_ §e ] @ i} S g 2 ;] Classifier : G0:0019318
w—p ] —> R —> > R p > 60:0019319
¥ gi gi : ? L g = § a g @ 60:0019151
u N a ® . M 2 = 3 @ 60:0019370
kl Objective for L I/ ké
. yjective for Lypp

# J post-train + fine-tune
a Masked Protein Model ¢ Downstream Tasks

1. OntoProtein constructs a novel large-scale knowledge graph that consists of GO (Gene Ontology) and its
related proteins, and gene annotation texts or protein sequences describe all nodes in the graph.

2. This KG was integrated by a novel contrastive learning with knowledge-aware negative sampling to jointly
optimize the knowledge graph and protein embedding during pre-training

Ontoprotein: Protein pretraining with gene ontology embedding.(ICLR 2022) Link
104


https://arxiv.org/abs/2201.11147

Amino acid contact prediction

Triplet from KG

&  MDHYLE
<

Q‘i o*  |RVLPDP

@ EFSSEM...
o enables
& RNA
& . .
binding
3¢ Bindingtoan
< RNA molecule
or a portion ...

T» Protein decoder
Proteln — Norm Nolrm l'th bIOCk
encoder Q )
Q. 2,
QKV Att. @Att. s
fr K I I Vi K. v — | |
I R b V ML =
: t 1
Language =—=» Norm Norm %‘_
encoder |_, i
¥ N X PiK

®*  KeAP is trained on a knowledge graph that consists of about five million triplets from ProteinKG25

®*  KeAP explores knowledge graphs at a more granular level by applying cross-attention to sequences of amino acids and

words from relation and attributes.

®*  KeAP can be trained using the MLM objective only (both contrastive loss and MLM are used in OntoProtein)

Protein Representation Learning via Knowledge Enhanced Primary Structure Modeling, ICLR 2023
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Drug repurposing

] KG message passing Disease
Queried M @ embedding

disease

Disease-disease — ©F
metric learning

@ Drug

Queried
drug embedding
V= 8 -
Other
biomedical EEmbedding = Relationship B+ Message
concepts

TxGNN, a graph foundation model for zero-shot
drug repurposing, identifying therapeutic
candidates even for diseases with limited

=—> Prediction

treatment options or no existing drugs. Trained on

a medical knowledge graph, TXGNN uses a graph

neural network and metric learning module to rank

drugs as potential indications and
contraindications for 17,080 diseases.

A foundation model for clinician-centered drug repurposing. Nature Medicine, 2024. Link

a b
Top 10 drug repurposing
|' candidates in frequency
[ ’ l
Prompt: Please provide a list of the 20 most promising drugs for — Hypothesis testing l.lSiIlg clinical datasets
repurposing in the treatment of Alzheimer's disease based on their
potential efficacy, and indicate the diseases they were originally VANDERBILT v UNIVERSITY All fus
[¢)

developed to treat. Please rank them in descending order of

3 : : MEDICAL CENTER RESEARCH PROGRAM
potential effectiveness and use the JSON format to include the
"Drug" and "Disease" keys.
Case: Drug exposure Case: Drug exposure or not
Control: No drug exposure r\ Control: No drug exposure
EHR History = @ »( 75y
No diagnosis of AD AD disgnosis
and dementia observation window

Prompt: Please check if the generated list meets the requirement:
1) exclude the drugs that were originally designed for Alzheimer's

disease, 2) 20 distinct drugs, 3) in JSON format, and 4) rank in
descending order according to the potential effectiveness. If not, -
please regenerate the list that meets the requirement. —a—

-

J boo“ Survival Analysis Meta-Analysis

a Employing iterative queries of ChatGPT to recommend twenty
drugs for AD repurposing.

b Evaluating the potential efficacy of the ten most frequently
suggested drugs using electronic health records (EHR) data from

two large clinical databases.

Leveraging generative Al to prioritize drug repurposing candidates for Alzheimer’s
disease with real-world clinical validation. Nature, 2024
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The comparison of cross-modality methods

Contrastive Learning ImageBind .. Bridge (Ours)
) ) ) A drug biological process
protein biological process 8 depth interact
. i "I = ' enzyme with i _QI[
00SE00 g
J\ text Image thermal protem
i drug [VE—] @ m®
. \ [ targel
- video associated
with drug
») contraindication
anatomy phenotype / == \ ® —— disease

v\rj—& dlseas
1)

Combination of Paired Data

Joint optimization via paired
contrastive learning

|nd|cat|on

audio ‘)) @ IMU

Centralized Paired Data

i

All align to central modality

Multi-modal Knowledge Graph

. transformatlon .

All frozen and learn the
transformation

1. Multimodal contrastive learning, e.g., CLIP, learns from a combination of paired data, updating all unimodal encoders.
1. ImageBind aligns all modalities with the central modality, with only the central model frozen.

1. BioBRIDGE (ICLR 2024) learns the transformation across modalities (Bridge Module) from a multi-modal KG, keeping all FMs
frozen.

Imagebind: One embedding space to bind them all. (CVPR 2023) Link
Biobridge: Bridging biomedical foundation models via knowledge graph.(ICLR 2024 ) Link 107
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Scientific Discovery Agent: Unifying Scientific NLP and Predictions

Molecule-related Tasks

o ? % »?

Tools-like Usage

Retrosynthetic Reaction Example
PIar{:ing Prediction - = .
. ” ° o000 . < -
Information &
Qaw 9 ° . ]

required for a task

\ 4

Protein-Ligand  De Novo Molecule Protein  Ligand

Binding Prediction Generation
Protein-related Tasks
[ X cg b
A<
De novo Protein

G} »= Specialized
T

Language
generation

Ai‘l__ Models
Gene-related Tasks

B A ) AR L

*® Pred iction Predicted Protein-Ligand

Bi rk
A::‘;si:r Binding Affinity Score

Qe
Protein Structure
Prediction

e e
Gene Network
Analysis

PriorKowledge Assistant-like Usage

Understanding .
Hi, | am a language
g model, how can |
Reasoning oo 2K assist you today?
H = Hi, could you please tell
Role Play"?g > S&78, me important factors of .
(e.g., chemist) e predicting solubility? .
Planning Lﬂ- Sure! Good questions!
o Predicting solubility of
s molecule is important...
Use Tools w 2K The first factor is...
: Please explain why the
Inforqlatlon EE first factor is important &
Retrieval i for predicting solubility.

Large Language Models in Drug Discovery and Development: From Disease Mechanisms to Clinical Trials, link


https://arxiv.org/abs/2409.04481

Multiple Agents with KGs for Scientific Discovery

Global knowledge graph

Ontologist

Takes the list of nodes and | I
relationships, defines each term, and
discusses the connections between
them.

Scientist 1
|Based on the analysis of

concepts and relationships developed
by the Ontologist, crafts a detailed
research proposal encompassing seven
key components: hypothesis, outcome,
mechanisms, design principles,
unexpected properties, comparison,
and novelty.

Scientist 2
Given the research proposal - ]
developed by Scientist 1, the agent is
sequentially tasked with carefully
expanding on a specific aspect from
the seven key areas. The agent
critically assesses the original content

and provides improvements.

Critic
Provides a summary of the
research idea, conducts a thorough
critical scientific review highlighting
strengths and weaknesses, and
|suggests improvements.

Human Assistant

SciAgents: Automating scientific discovery through multi-agent intelligent graph reasoning, link


https://arxiv.org/abs/2409.05556

Coscientist: Chemistry - Unifying Physical World

Input prompt from scientist

D The module does not use LLMs

[
Google .~ GOOGLE

Search API

Web searcher

Internet «<—— BROWSE

Docker Code .
container ~ submission

GOOGLE

PYTHON
i

. The module uses LLMs

v Command used by LLM
Coscientist

EXPERIMENT — Automation

DOCUMENTATION
Docs index

Code execution

Retrieval and

Docs searcher “— summarization

-

Performed experiments
to validate the agent

Searching for
organic syntheses

online

Autonomous chemical research with large language models, Nature, 2023

Physical world
hardware

¢ Cloud laboratory

¢ Liquid handler

e Manual
experimentation

Hardware API
documentation

— Performing Generating ' — Controlling a liquid handler
cross-coupling reactions SLL code for ' —Using a liquid handler and

— Optimizing reaction a cloud ' UV-Vis together
conditions laboratory '



Biomni: A General-Purpose Biomedical Al Agent

BioRxiv, June 2, 2025
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e e Molecular Trive DESeq2 To answer the question:
= o b I macs2 . [ ]Preprocess, cluster and identify differentially expressed genes.
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Biomni is ready to use at: https://biomni.stanford.edu
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https://biomni.stanford.edu/
https://www.biorxiv.org/content/10.1101/2025.05.30.656746v1.full.pdf

BIOREASON: Incentivizing Multimodal Biological Reasoning
within a DNA-LLM Model Arxiv 29 May 2025 Link

Stacked DNA and Text Embeddings

_—
T Qwen3-4B
Qwen3 Tokenizer ——» Qwen3 Embedding Matrix
<|dna_start|><|dna_pad|><|dna_end|>
<|dna_start|><|dna_pad|><|dna_end|> r N\
Learnable dim Qwen3 Chromosome Number: 12 \n Network Definition ... <think>
Linear = Step 1: The C>A substitution at position 40310433
Projection / ; BioReason Chat on chromosome 12 occurs in the LRRK2 gene,
/ dimEvo2 [/ hich encodes leucine-rich repeat kinase 2, a |
. Template which encodes leucine-rich repeat kinase 2, a large
p | : p . multi-domain protein with both kinase and GTPase
] Chromosome Number: 12 activities.
C )
( I ) Network Definition of the Pathway: Step 2: This mutation likely results in a gain-of-
Evf;g-zfg I LRRK2* -> CYCS == APAF1 -> CASyP9 -> CASP3 function effect, enhancing LRRK2's kinase activity,
: ; ; which is a common mechanism
] Genes in the Pathway:
(¢ u ) LRRK?2; leucine rich repeat kinase 2 | CYCS; cytochrome c, [truncated full response]
somatic | APAF1; apoptotic peptidase activating factor 1 | Lo L
CASP9: caspase 9 | CASP3; caspase 3 with its characteristic motor symptoms.
</think>
rrrrrrrrrrrrrrrued
CCTCCAGGCTCGCGCTTCTTC Given this context, what is the biological effect of this LRRK2 . -
CCTCCAGGCTGGCGCTTCTTC allele, specifically what disease does this contribute to? Parkinson’s disease

DNA Sequences Question Response (with reasoning)


https://arxiv.org/abs/2505.23579

BioDiscoveryAgent: An Al Agent for Designing Genetic

Perturbation Experlments

Gput from previous
experiment rounds

b

Closed-Loop Experiment Design

Conventional Approach

Set of genes to experi-
mentally perturb

Prompt

Role

+ Literature Review
+ Gene Search
+ Agent Critique

Interpretable ‘
Results TR

Select gene Train machine Score all pertur- Select next ’
representation learning model bations perturbations
e NAgent ___
5 I I .
Output.from previous —@—1»| Language Model ) *~— »| Setof genes to experi-
experiment rounds e S mentally perturb

Desired |
outcome

Task —

Past _ |
Results

X
Research Problem: You are a %elpful research assistgggL I’m
running a CRISPR screen to identify genes that|regulate the
>production of Interferon-gamma (IFNG)| in the lab. There are
18,939 possible genes and I need your help to |decide which
>genes to perturbl. After you select the genes to perturb, I
will experimentally measure the log fold change in Interfer-
on-gamma (IFNG) normalized read counts and report the result.

+Observations |

KLF4:0.412 ...

from past experiments: [IL2RG:-0.650,

Reflection: I recommend further perturbing genes involved in
the JAK-STAT pathway (JAK1, STAT3, STAT5A) and interferon
regulatory factors (IRF4, IRF9) ...

Research Plan: Focus on pathways known to be involved in IFNG
regulation. Select new genes that may interact with hits or
explain misses ...

|Solution: |[1. MAPK1, 2. NFKB1, 3. PTPN2, 4. FOX01, 5. CEBPA,

T
Genes to perturb in the next round

2025 ICLR Link


https://arxiv.org/pdf/2405.17631

summary

Part I: KG Definitions and Core Concepts
» Introduction to KGs: why we need to integrate KG into LLMs?
» A Simple Case of KGs: Ecotoxicological Effect Assessment
» KGs in Life Sciences: Challenges and Opportunities

Part ll: Scientific Large Language Models (LLMs)
» Overview of Scientific LLMs: Bi-encoder, Cross-encoders
» Challenges and Perspectives

Part lll: Integrating KGs and LLMs for Scientific Applications
» Knowledge Incorporation Frameworks
» KG Integration for Scientific NLP Tasks
» KG Integration for Scientific Prediction Tasks



Take-away

What KG brings to LLMs?

Enhanced Knowledge Representation
Improved Explainability, Reasoning and Inference
Increased Accuracy and Reduced Hallucination

How to effectively incorporate KGs into LLMs?

Backbone Model (protein, molecular, text, visual)

Encoder Method (bi-encoder, cross-encoder)

Integration Stages (pretrain, post-train, fine-tune, inference)
Integration Techniques (adapter, lora, ICL, RAG, LLM Agent)
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