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Why combine KGs and LLMs?

Black-box
Lacking Domain-
specific/New Knowledge

Interpretability
Domain-specific Knowledge
Evolving Knowledge

Knowledge Graphs (KGs)
Cons: Pros:
 Implicit Knowledge Structural Knowledge
+ Hallucination Accuracy
* Indecisiveness / \ Decisiveness

Pros: Cons:

» General Knowledge * Incompleteness

» Language Processing » Lacking Language

« Generalizability \ Understanding
-+ Unseen Facts

Large Language Models (LLMs)

Pan, Shirui, et al. "Unifying large
language models and knowledge graphs:
A roadmap." 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?

R
-5 = o

LLMs

Corpora

8 billion

LLMs Are Not Enough in Scientific
Knowledge and Text Understanding
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The Knowledge Graph uancliesteraby

Computer

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

enhance its search engine's results %
knowledge gathered from a variety of
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 20 1 2 Manchester by Frederic C. Williams, Tom Kilburn, and

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

 Knowledge = Instances + Facts

* KG = Linked Structured Data (can be P —
I’ega I’d Ed dS d mu It | -re I at | OoNna I g Fa p h ) 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>

* Representing facts:

* E.g., <Manchester Baby, hasDeveloper, Tom
Kilourn>

Alan
Turing

Tom

hasColleague

Kilburn

hasDevelope

Manchester
Baby

contributedTo




A Knowledge Representation Perspective

* RDF (Resource Description Framework)
* Triple: <Subject, Predicate, Object>

* Representing facts:

* E.g., <Manchester Baby, hasDeveloper, Tom
Kilourn>

* RDF Schema

* Meta data (schema) of instances and facts
* E.g., class, property domain and range

Mathematician

Alan
Turing

Computer

Scientist
A

hasColleague

Tom

Kilburn )

hasDeveloper

contributedTo

Manchester
Baby

’//‘




A Knowledge Representation Perspective

 Web Ontology Language (OWL)

e Taxonomies and vocabularies
E.g., FoodOn, SNOMED CT, GO, DOID

* Constraints and logical
relationships (> schema)

Underpinned by Description Logic (17,

obo:FOODON_00001015

(“plant food product”)
/’/“\\

~

obo:RO_0001000 (derives
from), some
obo:NCBITaxon_3847
(“Glycine max”))

~

obo:FOODON_00001635
(“been food product”)

)

0bo:FOODON_03302389
(“soybean beverage”)

u; 3; v; _l)

obo:FOODON_00002266

obo:FOODON_03305289
(“soybean food product”)

(“soybean milk”)

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

y

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

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

0bo:FOODON_03305013
(“gluten soya bread”)

A segment of the food ontology FoodOn

10



What is a Knowledge Graph?

RDF facts

relational graph
as Google

RDF facts + schema

(OWL) Ontology

graph + reasoning agent
the above two are simplified cases of (OWL) ontology

11



Knowledge Graph vs Database

NN N X X

Intuitive (e.g., no “foreign keys”)
Data + schema (ontology)
IRI/URI not strings

Flexible & extensible

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

Other kinds of query
* Navigation
e Similarity & Locality

(From lan Horrocks)

12



Knowledge Graph Construction

* Crowdsourcing (Encyclopedias) & Domain Experts

« DBpedia, Wikidata, Zhishi.me (H13X), LinkedGeoData, GeoName
* Domain ontologies like GO, SNOMED CT, FoodON

Write commonsense Store facts in
Observe world
knowledge facts knowledge graph
S TGS LA
LTy : -1 | 'L?J, [II
,' oA D ‘1'

(person, CapableOf, buy)

13



Knowledge Graph Construction

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

Gather Textual ~ Automatically extract
Corpus knowledge

@n went to the groce}
store to buy some steaks.
He was going to prepare unnv

dinner for his daughter’s

birthday. She was turning
5 and would be starting d @ @ )
elementary school soon. ) (person, CapabIeOf, buy)

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

Store in knowledge graph

14



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—ngié'ﬁax

“Germany

“Ferrarie

‘ Sebastian)[ettei—"‘

dbp:RacingDriver

rdf:type

- races-for

dbp:Vettel

lives-in

Existing KG on F1

dbp:Germany

15



Knowledge Graph Construction

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

An example of alighment between

Healthy Lifestyles Ontology (HeliS, Left)
and Food Ontology (FoodOn, Right)

Cting > F°°d
Product Type
Curient > (_Food > ushroor
Vegetable Food

mushroom Casesar -
(canned) Mushroom
Caesar's Canned
Mushrooms Mushroom -

Masnroom

16



Knowledge Graph Construction

’ _— _— — L \
[ Tools & Resources |

I Tasks
BERTMap .
Deep®nto ratomes DD | B G
| Bio-ML
I © Ontology Completion
deep learning and BERTSubs .
An LM'baSEd Ont0|0gy other dependencies : I LM Probing
Engineering Library | SCRIEANAST
R A
https://github.com/KRR-Oxford/DeepOnto A
om == = mm oEm oEm Em oEm Em oEm Em Em = Em e ~
! Verbalisation Ontology )
' Processing (Pyﬂion API)
. :
I Pruning Normalisation :
A ) I—_r Ontology 4'-' |
JP.)."P I Reasoning |
I 1 Projection ]
basic OWL dependencies I Other Modul | |
er ules
Java OWL API . o Taxonotny p
B e S e S —— -

He, Y., et al. "DeepOnto: A Python package for ontology
engineering with deep learning." Semantic Web Journal (2024).

17
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Ecotoxicological Effect Assessment: A Simple Case



Ecotoxicological Effect Assessment

Risk Quotient

Risk '
| | .
Hot spot

identification

l
S =

— G Susceptible
Effects P

Species

Exposure

Risk Driver

Simplified pipeline used in Norwegian Institute for Water Research
Chemical effect data gathered from laboratory experiments

19



Ecotoxicological Effect Assessment

Species Chemical- Chemical
Knowledge Species Effects Knowledge
\ l / Embeddings +
Knowledge Prediction Models
Graph

[Myklebust et al. 2022]: use KG and its embeddings, focus on mortality, i.e.,
lethal concentration to 50% of test population (LC50) measured at 48 hours

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

21


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

TERA: Toxicological Effect and Risk Assessment KG

Wikidata
NCBI-EOL ECOTOX PubChem ChEMBL MeSH
[ Triple ] [ Triple
I selection
Y

Transform to
triples

Transform to
triples

Transform to
triples

as RDF triples;

. support SPARQL query
S e Three sub-KGs: Species
sub-KG \ “/ . . p ’
Chemical, Effect
( A ( KG: https://doi.org/10.5281/zen0d0.3559865
Code: https://github.com/NIVA-Knowledge-Graph/TERA

22


https://doi.org/10.5281/zenodo.3559865
https://github.com/NIVA-Knowledge-Graph/TERA

TERA: Toxicological Effect and Risk Assessment KG

subject predicate object
Effects sub-KG
et:test/1147366 et : compound et:chemical/134623
et:test/1147366 et:species et:taxon/1
et:test/1147366 et :hasResult et:result/102570
et:result/102570 et :endpoint et :endpoint/LC50
et:result/102570 et:effect et:effect/Mortality
Exa m p I es Of Entity Mappings

RDF Triples

et:taxon/1

ncbi:taxon/90988
wd:02700010

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

owl : sameAs
owl : sameAs
owl : sameAs

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

Chemical sub-KG

mesh:broaderDegcriptor
mesh:pharmacologicalAction
chembl :hasTarget
chembl : relSubsetOf

ncbi:taxon/90988
wd:Q02700010
e0l:211492

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

mesh:D001549°
mesh:D007302°
chembl t:CHEMBL1907594’
chembl t:CHEMBL3137273%

23



TERA: Toxicological Effect and Risk Assessment KG

qudt:MicrogramPerLitre 110000’
wt:units/f:valuc
qudt:Day ‘34 ct:Result et:endpoint/LLC50 ct:effect/Mortality '1;1;22:31@ 'dicthyltoluamide’
\ qudt:units E rdf:value a Tet cndemtioxy‘ct:latinName Pdfs:label
et:Test et:result/102570 et:habitat/Water et:taxon/1 et:chemical/134623
NNMSR&U%:W;:MCM
et:test/1147366

Example of an ECOTOX test and related triples

24



Link Prediction with TERA

Concatenate Fully connected layer  Output layer Ty T s n

fully connected layers  Concatenate fully connected layers  Output layer

E H oo H o

: ) C : -

O H H . - ~

- C - -y £ O eee H — - eee H -
[ i o

l N ° I ooo I : -

O O o O

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

25



Link Prediction with TERA

¢ Apply Gradients
be Enity | o H (I BB >
tC‘ <Sbc’ —» Looka’p —O0---E _SFKGEC Syt ) —> SFtC — t liicb 1_) LKG’EC
obo—> >l -l mE (tc label)
¢ >E XX B g
: O : BCFE E
O - H x B
K >0 eee [ | 0060 i Yoo
I i D (Effect label)
e B |
: O
* e T

Apply Gradients a8
_)-. I I (tslabel)
>l SFKGES(:I, i ) —> SF, liy, —» LkcEs
— -l E B N e

1

Apply Gradients

Method: Simultaneously train the KG embeddings and the MLP
L =acLkgGe: + asLkGEs + amLpLmLp



Link Prediction with TERA

e Tested TransE, HolE, DistMult, HAKE, ConvE, ConvKB, RotatE, pRotatE, and

three different sampling strategies

* Result summary:

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

(TN/FP+TN) > 0.75)

Chemical Species log(x) Predicted Lethal Classification
D001556 (hexachlorocyclohexane) 59899 (walking catfish) —-34 0.97 1 (yes) TP
C037925 (benthiocarb) 7965 (sea urchins) 09 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

27



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

28
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KG for Life Science: Review and Challenges



KG for Life Science

= Alignment for Knowledge Validation KG in Life Sciences (Sect. 2)
= Knowledge Integration
" Repositories of Ontologies and Mappings = « Schema-less KGs: Facts in RDF triples
= Ontology Extension % Schema-based KGs: RDFS, OWL, SHACL, etc.
= Instance Matching * Simple ontologies: Taxonomies
s Expressive OWL ontologies

Knowledge Graph
Construction and
Management
(Sect. 3)

Life Science

Knowledge » Therapeutics and Drug Discovery Challenges for Life Science KGs (Sect. 6)

= Protein Function Prediction

Discovery = Predictions for Healthcare % Scalability
(Sect. 4) % Evolution & Quality Assurance
% Heterogeneity: Multi-domain & Multi-
I 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) 30
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About Me

Dr. Qiang Zhang

™ h

) rson.zj .cn/zhan

B4 giang.zhang.cs@zju.edu.cn
) https://github.com/HICAI-ZJU
c@ https://scimind.ai

n

I’'m an Assistant Professor under the Hundred Talents Program at @ iz i ¥
Zhejiang University, since 2021.9.

Before that, | was a postdoctoral research fellow in the Centre for

Artificial Intelligence in University College London (UCL) in UK.

| studied for the Ph.D. degree at UCL from 2017-2020.

Prior to that, | obtained M.Sc. from Chinese Academy of Sciences
in 2017 and B.Sc. from Shandong University in 2014.

______________________________________________________________________________________________

< Al theory: data-efficient machine learning, foundation model.

< Applications: natural language processing, knowledge graphs, Al for Science.

< Publications: nature portfolio * 5, top-tier conference papers * 52, patents *4,
Google Scholar citations: 5000+.



https://www.ucl.ac.uk/ai-centre/
https://www.ucl.ac.uk/ai-centre/
https://www.ucl.ac.uk/
https://person.zju.edu.cn/qiangzhang
https://person.zju.edu.cn/qiangzhang
https://person.zju.edu.cn/qiangzhang
https://scimind.ai/resource/

Outline

0 Introduction and Preliminary

o Scientific Large Language Models

0 Challenges and Perspective
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LLMs Revolutionize AGI

Upstream Techniques

-

>

{ (@) x ¥ HuggingGPT }

Can you describe what this picture depicts

I

and count how many objects in the picture?

A text can describe the given image: a herd of
giraffes and zebras grazing in a fields. In
ddition, there are five d d objects as

giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. | have generated bounding boxes as above
image. | performed image classification, object

detection and image captain on this image. C ining

I Task
Planing

Prediction

11 Model

eX
TOVRN,

QUICOMESEE
[

ONBE( e
euro; "apeutic cay

Computational Linguistics:
Understanding human language
through computational models!

% HuggingFace d ,.n‘.m,{Ey]m‘“H|,WW. ‘ s $r=rsny
y “It was the night--- t'v e o
T silent night, whence...” T T
" image | | music
RS de-tokenizer T \de-tokenizer/ de-tokenizer

<sos> @ Speechtokens <eos> Texttokens  <soi> = Imagetokens <eoi> <som> @ Musictokens <eom>
S 2

~ facebook/
detr-resnet-101 I

Selection

Prediction

the predictions of '~
, = and ¥
models, | get the results for you.

HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face,

https://arxiv.org/pdf/2303.17580, 2023.

“ nlpconnet/
vit-gpt2-image-captioning

<sos> @ Speechtokens <eos> = Texttokens  <soi> =/ Imagetokens <eoi> <som> @B Musictokens <eom>

ﬁ ANYGPT

T [ image '\ " music |
win |_tokenizer | tokenizer
- ) —
A 2
g ' ig
’ speech image music

AnyGPT: Unified Multimodal LLM with Discrete Sequence
Modeling, https://arxiv.org/abs/2402.12226, 2024

Downstream Tasks

Question Answering

Knowledge Extraction

Complex Reasoning

Compact Latent Space
& Diffusion Process: Adding Gaussian Noise

2~ N (25 Vo, (1 - @)1

Clean Latent,
ZoeRI WA x
~.

Iterate
x(t=1)

Conditioning

.
-85
Human
Augmented .
Noisy Latent Prompt Instructions

ZoeRH' AWt

N
@
a

Noisy cLP @5
Latent
Denosing Net €5 Patch Z,
M T |
e — < |
\ Condition ¢
s :

) ‘\ Images or video frames Y,

sses and red !

 creating s !
il lights.Many

Sora, https://openai.com/index/sora/
OpenAl, 2024
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LLMs Limited to Human Language

S S & ¢ & Q\\i\ Pre-traini Fine-tuni
cat 5[06 [09 Jo1 Joa [[07]-03]-02] nimersonsy e ri Em: . e N What can GPTs do?

I Additional training to become

kitten = 05 | 08 |'°'1| 02 |'°'6|’°'5 |’°'1| s better at a certain task

eddings
from 7D to 2D

P cat
dog —| 0.7 —0,1[ 0.4 | 0.3 |—0.4|7U.1 |703| ..kitten

[EEY

| :
' Chatbots talking to historical figures E
: Code generation based on text :
: descriptions i
| |
| :
| |
| :

houses ~>|—0.8 |—0.4‘—0.5| 0.1 |—09| 0.3 | 0.8 | )
dog

N

man —| 0.6 —0.2|048 W—ml—os |—0.7| . o ST
woman 7 [0s [05 [o7]o1 [osT01] wiie | o 3. Answer medical questions
from 7Dt 2D man queen 1 1
[05 [Foa]o7 [os [0 [For[oe] » 4. Stylistic transfer of text
queen —| 08 |-0.1] 08 [-0.9/08 |-0.5[-09 Example: English to 5 erte Creat|ve novels
. . ) . v \ J French Translation 6
Word Word embedding Dimensionality Visualization of word e LA
reduction embeddings in 2D

. Protein: MOTS.c The solubility of a specific

.« Gene MT-RNRL protein, such asMOTS-—c,

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

. Sequences: General standard piece of ,E-:@
' LLMs -

MRWOEM GYIEYPRKLR information. Protein

solubility can depend on
Question: What is the solubi- various factors, including

lity of this protein? pH, temperature, ....

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

--Ludwig Wittgenstein, 1921
36



Scientific Language Understanding

books

/ / laptops

\\‘ exams

minds

Reading comprehension

the students opened their

Natural

Machine Translation [owe ||

T\I—-IHI—-IHI:-IHH—-IHI—}—I\II—%III%III

o LT BT

i O o [ -0 -
T T 7 T *

| [ <eos> | [[over ||

‘ Cizéiyi H gectin ‘ ‘

biological Genomic/Protein

Motif | (100%) Motif 11 (67%)
_________ B TGMV  MPS--HPKRFQINAKNYFLTYPQCSLSKEESLSQLQALNTPINKKFIKICRELHEDGQPHLHVLIQ
98765432101 23456789 BGMV  MP---PPQRFRVQSKNYFLTYPRCSIPKEEALSQLOKIHTATNKKFIKVCEERHENGEPHLHALIQ
~~~~~~~~~~~~~~~~~~~ BCTV  MP---PTKRFRIQAKNIFLTYPQCSLSKEEALEQIQRIQLSSNKKYIKIARELHEDGQPHLHVLLQ
TATCACCOSCCHRST TAT TPCTV  MPS--NPKRFQIAAKNYFLTYPNCSLSKEEALDQLORLQTPTNKKYIKVARELHENGEPHLHVLIQ
ATHACCERCT i T AT AT MsV MASSSSNRQFSHRNANTFLTY PKCPENPETACQMIWELVVRWI PKYTLCAREAHKDGSLHLHALLQ
AR ARG CSA T A P,
L LA =T i e B iy i S Al i =7 GRS (52%) Motif Il (4»0%)
L il = g = W el =t - = W i T TGMV FEGKYCCQNQRFFDLVSPTRSAHFHPNIQRM(SSSDVKTYIDKDGDTLVWGEFQVDGRSARGGCQT
T el L el el P T P BGMV mschmmlrm.vssmsmms-umcm(dssDmymxeewmwsomvnsksmseoos
- — — - BCTV  LEGKVQIINIRLFDLVSPTRSAHFHPNIQRAKSSSDVKSYVDKDGDTIEWGEFQIDGRSARGGQQT
r"Tp‘Tf‘_‘z: "—‘_’, oGO f i AT TPCTV  FEGKENCKNJRFFDLVSPTRSTHFHPNIQGAKSSSDVNSYVDKDGDTIEWGEFQIDARSARGGQQT
T LATCCCT T T ST MSV TEKPVRISDSREFDING------ FHPNIQSAKSVNRVRDYILKEPLAMFERGTFIPRKSPFLGKSD
CThAKMCACCSTCCESTETGGA . TTmmSesssssseseees
bt wldr WY - W el kW T =TT
TTACCTOCT i TSATAN 12 3 45 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 position
TTATCACCEC OIS ThAr number
||
f

i

|:F Ly R A

95819999868276875082905974 931009699895984969796 % identity
e o 00 00 [ ]

T

[

=

=~

)

TV | Az

Gene

Protein

s GTGCATCTGACTCCTGAGGAGAAG*** DNA
oo CACGTAGACTGAGGACTCCTCTTC oo
\l, (transcription)
ess GUGCAUCUGACUCCUGAGGAGAAG «s» RNA
: | | | | | | | I (translation)
wN-HL-T P E E K protein

Central Law
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Scientific Language Understanding

molecule =  Molecular
A) iMILES C) InChl
1 12
/Ym /\(\1' Y\ NS NN 14\
» +
\/22/ 1 3\/ 10 /
) |ncm=_—[ 1
CNcfejc1=cc=c2c(=C '
1 A ?_?} vers;on sum formula 4 .......... ! l hydrogen atoms further
e gemmemas (nodes) :___ [ | (node features) layers
- branch/ring semantic .
i i uniqueness : A uniqueness
X asing Mconswiras: % jan betow ¥ constraints ¥ constraints
H » H »
H

C2=C1C(0CO1)=CC=C2CC(NC)C C(C(C)NC)C2=CC=C10COC1=C2 » /\(\OL) {O

B) DeepSMILES
H

» /\( (G O fO/

1 atom

‘/ branch/ring P
constraints

aac-Jages

C=CCOCO05)))=CC=C6CCNC))C  CCC)NC)))C=CC=COCOC5=CI

semantic ® uniqueness
constraints (see below)

Qs

SELFIES Derivation Rules

Q = 1 symbol Q=3 sym[)o/s

'
3] 1o | ' r 1

:______________________________________: Q =5 atoms
Q = 5 atoms
‘/ branch/ring ‘/ semantic ~/ 100% 3 uniqueness
constraints constraints validity (see below)

H » H
[C][=C][C][Branch1][=Branch1][O][C][O][Ring1][Branch1] [C][Branch1][#Branch1][C][Branch1][C][C][N][C][C][=C][C]
[=C][C][=C][Ring1][=Branch2][C][C][Branch1][Ring1][N][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,w,, ---,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

Fundamental Question: Does the Distributional Semantics Hypothesis Hold?

e A
Ll Yo

'\‘/!Ei maybe
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Scope of Scientific LLM

\

2.1 Scientific Texts (Human Language) Models

\ 7

2.2 Molecular Language (Chemistry) §"\
\ ’1 ( Datasets
X

SCi-LLM ( &% PRSI ENOE X )

[ A Evaluation] ‘

2.4 Multimodal Scientific Language

GPT-3 pALLE

]IER'I' 5

] Publffed UniPro;t:::
ATOM3D

%, * MoleculeNet

chmark for Molecular Machine Learning

v #P% TorchProtein

« Query to SMILES
. « Molecule to CAS
« Molecular similarity
cenario Moo ot
« Functional groups.
« Safety
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Text-Sci-LLM: Models & Datasets

* 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

arXiv Chem

bioRyiv

THE PREPRINT SERVER FOR BIOLOGY

ACS
W Chemistry for Life®

CHINESE
& CHEMICAL
g SOCIETY

¥ ROYAL SOCIETY
- OF CHEMISTRY

Table 1. Summary of Text-Sci-LLMs

Domain Model Time #Parameters Base model Pretraining dataset g:;::;
BioELMo [150] 2019.04 - ELMo PubMed v
BioBERT [177] 2019.05 117M BERT PubMed, PMC v
BlueBERT [263] 2019.07 117M BERT PubMed v
BioMegatron [299] 2020.10 345M-1.2B BERT PubMed, PMC v
PubMedBERT [113] 2020.10 117M BERT PubMed X
Biology BioM-BERT([6] 2021.06 235M BERT PubMed, PMC v
BioLinkBERT[386] 2022.03 110M, 340M BERT PubMed v
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
BioMistral [172] 2024.02 7B Mistral PMC v
ChemBERT [115] 2021.06 120M BERT Chemical journals v
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
ChemDFM [419] 2024.01 13B InternLM2 Chemical literature, textbooks v
PharmGPT [48] 2024.02 13B, 70B LLaMA Paper, report, book, etc. X
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
SciGLM [367] 2024.03 6B, 32B ChatGLM3 Scilnstruct v
Uni-SMART [367] 2024.06 7B - Patents, news, literature, etc. X
INDUS [25] 2023.08 125M RoBERTa wikipedia, PubMed, PMC, etc. X

¢ Biology + Chemistry + Comprehensive LLM
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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
. 7

Weight Initialization

BERT

from Devlin et al.

t—-—'-.; =

Solic

P

N

re-trained BioBERT with

iomedical domain corpur:b

Fine-tuning of BioBERT

Task-Specific Datasets

Named Entity Recognition
NCBI disease, BC2GM, ...

N

Relation Extraction
EU-ADR, ChemProt, ...

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

BioBERT Fine-tuning

.

contribute to @DISEASES susceptibility.

/7 )
the adult renal failure cause ...
pO O B | o ..
k_ ¥ ¥
[ Trm Il Trm ) ({ Trm )
(" \ariantsinthe @GENES region ]

P True

M - -
— =

M -
e

s

N N )

2/

P mammalian target of rapamycin

What does mTOR stands for?

N\

\—rt

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

8% 6,057,261
Publications

3.8%

3.7%

3.6%
3.3%

Categories
Materials Science Multidisciplinary
Chemistry Physical
Chemistry Multidisciplinary
Energy Fuels
Physics Applied
Engineering Chemical
Nanoscience Nanotechnology
Physics Condensed Matter
Chemistry Organic
Environmental Sciences
Chemistry Analytical
Biochemistry Molecular Biology
Physics Atomic Molecular Chemical
Chemistry Inorganic Nuclear
Polymer Science
Others

10.3%

TLon 44,774
Instructions

0.7%

13.8%

(0N

LLaMA-7B
Vicuna-7B
Scientific
@ Q&A dataset @
Supervised Darwin-SIG Supervised Finetuning .
Finetuning Darwin-BASE
Multi-Task
Other Sci Instructions: Learning
* Classification
d Q&A set Semi Self-instruct :
Sef o :se ® Instruction Sci Q&A instructions * Regression
Rl Generation * Design
Sci papers FAIR datasets

DARWIN Series: Domain Specific Large Language Models for Natural Science, https://arxiv.org/pdf/2308.13565, 2023

Categories
ChemBL
HybriD3
ESOL
EPVRI
Magnet
Matbench_expt_gap
Matbench_glas
Matbench_is_meta
Matbench_steels
MoosaviDiversity
MoosaviCp
OPV
Pei
PolarM
TEM13
WaterStability

>

Darwin-MDP
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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 ChatGLLM3-32B-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 (ﬁ)z .

. . . 1 1 _
Thus, this energy difference is 22 — 12 =

By de Broglie’s equation, hc/A = ﬁ, S0
Therefore, n = 2, thus the answer is . X

= ‘g;c Thus, E = hr = hc%.

Scilnstruct

- Fe======s————F=======5| [fS==========7  F========<= ==
) Physws _ | QA dataset Bootstrapped || || | :Human Conclusion !
R ||| (Fomen || : | |
| degree of freedom system? | ir;)blcmll CoT 1 : : : [ Comgrznkension ] :
 Chemistry (sl (Aunswer 1 | | ik )

Try to calculate the boiling point o T q

of water at 670kPa external ] : Problem n Problem n : Labeled Data : : Calf:ulatlon :
= | CoT n Il Positive Data ! : mistakes |
|| Answer n Answer n | osiive Da I | |
Math eyl Bt | — == . | [ False reasonin; ] '
(" The number of asymptotes of the —— s s T T T = T — — : Instruction I g J|

e A e e : Self-Reflective Annotation : : [ Negative Data 1, quality | - ﬁ. _____
— [ - . I | . e 1
(Formal Proofs (Lean) : QA | CoT X Critic & Revise | | : ‘_T_.Sample | Classifier = Filter Stage :
Eﬁwn;ﬁﬂﬂ? (k{ ';}x a | | woR If 1 ‘1@03)\., : : Filter negatives :
a) (h:k +a=a) \nk + @term : — Reasoning steps (R) : : @ ! | I| Retain positives ||
\_@_nxa=termnxa' := [ [ B [ il ::____l AN — /!
|—-— Collection—— | |- —-—-—-—- — Annotation —-—-——-— - Filtering — —-—-—-—-—-—- |

2
@ 60 GPra
E SciGLM
gé (32B)
@ 50
© e~ %hatGLME T B33
= . (32B)
c e
@ 40} ®RateLm3
3 (6B)
6 ChatGLM2
5]
.30 (12B)
8 ChatGLm2
= (6B) .
220 LLaMA-2 L';?E‘QJZ
v} $7B) e
< Galdttica
g’ﬁ (6.7B)
10 12 32 AP
Number of Parameters (Billions, Log Scale)
Mathematical Tasks Physical Tasks
50.0 70
415 68 1
L
S 45.0 667
(]
S a2 64
o
5} 62 4
2400
375 601
58 4
350 328 68 328
Chemical Tasks General Tasks
70.0 74
EE ChatGLM3
67.5 727 m SciGLM (Ours)
[
£ 65.0 £ 704
U L)
0 62.5 v 68
(2] L)
& 60.0 & 66
(1) [
2575 Z 644
55.0 62
68 328 60 68 328

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 subijects, including STEM

|
|
:
Dataset Last updated  Subset #ltem  Domain Type Capability Language : L. . .
|
High-school-biology 344 Biology Pre-college | humaniti es, socla | sciences
High-school-chemistry 227 Chemistry : ; Pre-college : ° - . - i 1
MMLU [127] 2020.09 Gellsgeidiey 6z Bikgy Multiple choice Gollags English i C Eval.. 13,94 8. multi ch o.|ce. questions
College-chemistry 110 Chemistry College ! spanning 52 diverse disciplines
|
Mid-school-biology 218 Biology Pre-college ! ° . ifi i
Mid-school-chemistry 210 Chemistry Pre-college : AGlEval: 20 qua lification exams » €8
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 : L. !
College-chemistry 253 Chemistry College : admission tests
. . | . . .
AGIEval [424] 2023.04 gaokao-blology 29 Blology Multiple choice Pre-college ~ Chinese ! * Scien CEQAI 2 1; 208 multimodal multi P le-
aokao-chemistry 207 Chemistry I . ] . .
Nebmlacieerbidogy 455 Biclogy ! choice questions, involving elementary
ScienceQA [216] 2022.09 Natural-science-chemistry 1194 Chenmistry Multiple choice / QA Pre-college  English i and h |gh school science curricula
s Science-biology 2831 Biology g ; ; : : . i ; :
XieZhi [114] 2023.06 S by S5 vk A Multiple choice Mixed Both ! e Xiezhi: 249,587 multi-choice questions
Basic-hiology 2142 Biology i spanning 516 diverse disciplines from the
Knowledge-biology 1369 Biology I
Cilonlation biskogy 299  Biology i elementary to graduate entrance tests
SciEval [313] 2023.08 Research-biology 995 Biology Multiple choice / QA Mixed English I e SciEval: 18.000 scientific gue stions across
Basic-chemistry 2909 Chemistry | ] ) ! . .
Knowledge-chemistry 1700 Chemistry | chemistry, physics, and biology
Calculation-chemistry 3396 Chemistry | . . .
v—— " Biokgy | * SciQ: 13,679 science exam questions on
GAOKAO-Bench [406]  2023.11 Chemistey 133 Chemistry Multiple choice / QA Mixed Chinese | su bj ects I i ke C h emist ry an d b io |Ogy
. Biology 27730  Biology Multiple choice / QA . . ' : .
SciKnowEval [98] 2024.06 Chiecmars Y% neiny F gy Mixed English i * SciBench: 695 problems from textbooks,
Bioinfo-Bench-QA [49]  2023.10 - 150 Biology Multiple choice Post-college | tal l ore d fO r co | ege- | eve l pro b I €m-So lvi ng
BLURB [113] 2020.07 - 648k Biology Multiple NLP tasks Mixed ! : . i
PubMedQA [151] 2019.09 - 273.2k  Biology True or false College | * SciAssess: 14’ 721 queStlons across 29 taSkS
SciBench [345] 2023.07 - 272 Chemistry QA College English ! i H i i i i
ARC [64] 2018.03 - 7.78k  Natural Science ~ Multiple choice Pre-college : in five doma I.n > W ith paper .m emorizatio n,
SciQ [152] 2017.07 = 137k Natural Science  Multiple choice Mixed ! comprehension, and analysis
ChemData [397] 2024.02 2 727k Chemistry QA Mixed =~ 00 mm e s oo s s oooooo—-oo-o-




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

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

e 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

© € 0 xR ®EHEZ, BRZ, BZ, 8172, © —— (Ui - BE) Doctrine of the Mean

N~

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

Scientists ,_
m @ Knowledge Practice and Application 0 o
N .
ﬁ Proxy .1\ (0 Knowledge Discern. and Safety Assess. =D D Alczcure;lcy g S—
eca .
Knowledge Reflection and Reasoning N -
Similarity & —
) - Knowledge Enquiry and Exploration ’ ’ GPT-Score  —
® 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 I 14,869
Protein Property Identification MCQ UniProtkB 111 1,500 ot ST ot reTmmmmem o . LT
"~ Drug-Drug Relation Extraction RE Bohrium i 464  Evaluation Tasks and Dataset Statistics
Biomedical Judgment and Interpretation T/F PubMedQA II 904 1 1
Compound-Disease Relation Extraction RE Bohrium II 867 T il !
2 Gene-Disease Relation Extraction RE Bohrium II 203
Detailed Understanding MCQ LibreTexts 1 828
Text Summary GEN LibreTexts I L291 e e e e e e e e -
Hypothesis Verification T/F LibreTexts I 619 ! o !
Ressoning and Intrpreaion_ MCQ LibreTexs 1 o4 . Zero-shot performance of LLMs on SciKnowEval |
Solubility Prediction MCQ PEER, DeepSol I 201 1 1
[B-lactamase Activity Prediction MCQ PEER, Envision 111 12
Biol Fluorescence Prediction MCQ PEER, Sarkisyan’s 11 205 - .
1008 L3 GBI Fitness Prediction MCQ PEER, FLIP I 201 Models Biology Chemistry Overall
Stability Prediction MCQ PEER, Rocklin’s 11 203 L1 1.2 L3 L4 L5 All L1 1.2 L3 L4 L5 All Rank
Protein-Protein Interaction MCQ STRING, SHS27K, SHS148K 1 205
Biological Calculation MCQ MedMCQA, SciEval, MMLU 11 60 GPT-40 2.00 2.25 6.00 4.00 1.20 3.28 1.00 2.29 4.00 7.00 3.75 3.46 1
Biclogical Harmmil QA GEN Sl gencntnd ! il Geminil.5-Pro 450 512 6.4 267 660 536 | 2.67 400 357 133 1175 4.67 2
L4 Proteotoxicity Prediction MCQ, T/F UniProtKB 11 510
Biological Laboratory Safety Test MCQ, T/F LabExam (ZJU) II 194 GPT-4-Turbo 4.00 5.50 7.86 ﬁ 4.00 5.48 3.00 1.57 7.29 ﬂ 7.75 4.83 3
Blologied! Protocol PeceriveDesign.  GEN Brotacol lournzl 1 2 Claude3-Sonnet 550 4.2 843 400 200 500 | 6.00 443 786 800 6.00 6.33 4
Biological Protocol Reagent Design GEN Protocol Journal I 565
L5 Protein Captioning GEN UniProtkB 1 937 GPT-3.5-Turbo 250 7.62 11.86 467 760 804 | 900 786 829 7.00 800 8.04 5
Protein Desi GEN UniProtKB I 860
Singrlzts:l:u Ae:ag]:sis GEN S!-;]/I\I;(;—seq 1 300 Llama3-8B-Inst 850 550 1171 767 10.80 8.80 | 6.00 629 857 733 1425 838 6
Molecular Name Conversion MCQ PubChem 1 1,008 Qwenl.5-14B-Chat 550 1038 871 9.00 840 896 | 9.33 7.14 643 8.00 10.50 7.88 7
L1 Molecular P Identificati MCQ, T/F MoleculeN 11 1,625
N ettt oy, > de i s 8 X 6316 Qwenl.5-7B-Chat | 9.00 1050 1371 800 10.60 11.00 | 1067 986 929 1167 1350 1062 | 10
Reaction Mechanism Inference MCQ LibreTexts I 269 ChatGLM3-6B 1200 1425 11.43 10.00 12.00 12.32 | 1533 15.00 1500 1233 12.75 14.33 12
C d Identification and P; ties MC LibreTexts I 497
(o el o - eeerin g o Gemmal.1-7B-Inst | 1600 1675 1171 1467 12.80 1424 | 1700 1586 1257 1100 7.25 13.00 | 14
L2 Detailed Understanding MCQ LibreTexts 1 626 Llama2-13B-Chat 19.00 11.38 17.14 10.67 10.60 1336 | 18.67 13.86 15.57 10.33 14.00 14.54 15
Text Summary GEN LibreTexts I 692 .
Hypothesis Verification T/F LibreTexts 1 544 Mistral-7B-Inst 11.00 13.12 14.71 12.67 18.20 14.30 14.33 14.14 15.29 7.33 19.00 14.46 16
Reasoning and Interpretation MCQ LibreTexts I 516
Mok Welght il kion e PabChom i o ChemDFM-13B 650 1112 1200 967 1240 1108 [ 667 943 829 833 175 7.33
Chemistry Molecular Property Calculation MCQ MoleculeNet 1 740 ChemLLM-20B-Chat | 12.50 6.62 10.14 14.67 13.00 1032 | 10.00 7.71 11.00 16.33 4.00 9.42 9
Molecular S Predicti MC PubCh I 608
5 i i e s e . L MolInst Llama3-8B | 1350 9.88 7.86 1200 1820 1152 | 933 957 743 933 1775 1025 | 11
Retrosynthesis MCQ USPTO-50k 1 1,122 Galactica-30B 11.00 1375 843 16.67 16.80 13.00 | 7.67 1643 13.00 16.67 16.00 14.29 13
Balancing Chemical ti GEN WebQC I 535 .
g MCQ P SR MY . - SciGLM-6B 16.00 1412 1143 1600 1660 1424 | 1600 1529 13.14 17.67 1525 1504 | 17
Chemical Harmful QA GEN Proposition-65, ILO I 454 ChemLLM-7B-Chat | 15.00 1588 13.86 1433 16.60 1520 | 1533 1486 1543 16.00 7.75 14.04 18
L4 Molecular Toxicity Prediction MCQ, T/F Toxric I 870 3
Chemical Laboratory Safety Test MCQ, T/F LabExam (ZJU) I 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
Molecular Captioning GEN ChEBI-20 I 943 LlaSMol-Mistral-7B | 19.50 1675 14.14 19.67 17.20 16.68 | 1933 1871 1629 2000 125 1533 | 20
LS Molecular Generation GEN ChEBI-20 II 897
Chemical Protocol Procedure Design GEN Protocol Journal I 74
Chemical Protocol Reagent Design GEN Protocol Journal I 129 49
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Prot-LLM: Models

Ve ¢4

VDSPQERASLDEN... + at-helix + B-sheet
Primary Structure Secondary Teritary Quaternary
(Amino acid sequence) Structure Structure Structure
" - o Open-
Model Time #Parameters Base model Pretraining Dataset Capability source

ESM-1b [281] 202002 650M RoBERTa UniRef50 Se“gnd‘"y struct. pred, v

ontact pred., etc.
ESM-MSA-1b [277] 202102 100M ESM-1b UniRef50 S“C‘mdary struct. pred, v

ontact pred., etc.
ESM-1v [238] 2021.02 650M ESM-1b UniRef90 Mutation effect pred. v
ProtTrans [87] 2021.07 BERT, Albert, UniRef, BED Secondary struct, peed,, 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 - Fune. 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
KeAD [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. N
SaProt [312] 2023.10 650M BERT - Mutation effect pred. N
ProteinNPT [248] 2023.12 - Trans. enc. - Fitness pred., Redesign X
Outeiral et al. [254] 2024.02 10M - 5B Trans. enc. Europ ezrnChNilét;lennde 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] 2020.03 1.2B GPT S\;Jf’gg?;:ot Functional prot. gen, v
ProtGPT2 [99] 2021.01  738M GPT Uniref50 De novo protein design Vs

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 BEE;:?%B Functional prot. gen. v
ProteinRL [309] 2023.10 764M GPT - Prot. design X
PoET [9] 2023.11 201M GPT - Prot. family. gen. X

hu4D5 antibody .

C. Frey et al. [104] 2024.03 9.87M/1.03M GPT mutant Functional prot. gen. X

Protein LLMs

* Protein vocabulary: 20 amino acids in nature,

special tokens like <BOS> and <EOS>

* Architectures: BERT, RoBERTa, GPT, GLM, T5,

Transformer
» Sizes: 100M, 1B, 10B, 100B

* Datasets: Uniref, Pfam, SwissProt, PDB, BFD30,
AlphaFoldDB, ColdFoldDB

* Tasks: function prediction, family prediction,
protein-protein interaction, contact prediction,
mutation effect prediction, structure prediction,
sequence optimization, protein de novo design,
inverse folding

Fold2Seq [40] 2021.01 - Transformer - Prot. design v
MSA2Prot [273] 2022.04 - Transformer - Prot. gen., Variant func. pred. x
Sgarbossa et al. [295]  2023.02 - MSA Transformer - Prot. gen. v
Lee et al [178] 2023.02 150M Transformer - Prot. design X
Encoder-Decoder LM-Design [424] 2023.02 664M Transformer - Prot. design v
MSA-Augmenter [402] 2023.06 260M Transformer Uniref50 MSA gen. v
ProstT5 [125] 2023.07 3B T5 PDB Seq.-struct. translation v
. Uniref90,
xTrimoPGLM [44] 2023.07 100B GLM ColdFoldDB Prot. gen., Func. pred. x
SS-pLM [294] 2023.08 14.8M Transformer Uniref50 Prot. gen. x
PABTS [62] 2023.10 - TS5 - Prot. design X
ESM-GearNet- Swiss-Prot,
INR-MC [179] 2024.04 - Transformer AlphaFoldDB Prot. gen X
(Continued)
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Prot-LLM: Encoder-only
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Prot-LLM: D
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Generated english sentence
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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

De-novo Protein Sequence Design

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

—— 3D Structure Prediction
Projection Module

(Residue- OR )
Seqgence-level)
g
1 ]
===

f

Pooling [xihm o L}{j Contact Map Prediction G E VI[E]
Fold Prediction | T
ATGEV Fitness Prediction ‘ WGPGLM J
Optimal PH Prediction ATI[gMASKI[SIGEV
xTrimoPGLM / : : .
e . Partial Protein Sequence Design
X3 Ts Te [E] i Antibody CDR Re-design

; t t t L— (368.04.B.0106)
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XTrimoPGLM: Unified 100B-Scale Pre-trained Transformer for Deciphering the Language of Protein, https://arxiv.org/pdf/2401.06199, 2024


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

.. UniProtKB/TrEMBL [240] ) 251M Computationally annotated protein sequence database

Pretraining

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

Pfam [100] 2023.09 47TM Protein family database

BFD [157, 306, 307] 2021.07 25B 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
Benchmark 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] 2022.11 ~ 390K Protein-protein interaction, Protein-ligand interaction
Remote homology detection, Secondary structure,

TAPE [276] 2021.09 ~ 120K 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
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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 (G) and a reference set (R)
FPD = ||uG — pigl|* + Tr(Sg + g — 2y2G2R)

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.
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Sci-LLM: Summary

SMILES ~ OC(=0)C1=CC=CC=C10 Ty 5 -~
[O][C][=Branch1][C][=Q][C] \"JﬁB v H Textual LLMs E V’E.__ Molecular LLMs
Molecule SELFIES. [=C][C][=C][C][=C][Ring1] /.\ 4 9 BAO‘ (Natural language-centric) (Molecular language-centric)
[=Branch1][O] | 8o 4
Inchi: 1S/C7H603/c8-6-4-2-1-3- 2D Topology 3D Geométry @ Bio. & Chem. Knowledge ‘ @ Molecule Sequence
© 5(6)7(9)10/h1-4,8H,(H.9,10) Structure Sructure What is the mitochondria? N=C(N)NCC[C@H](N)C...
%f/\S § & |:> @ A
Protein
VDSPQERASLDEN... -a-helix + B-sheet Modelin _ _
Primary Sructure Secondary Teritary Quaternary g GenomicLLMs Protein LLMs
(Amino acid sequence) Sructure Sructure Sructure (Genomic language-centric) (Protein language-centric)
@ Genome Sequence @ Protein Sequence
Genome VA Seduence: - ATCGGTGACTATCG YOOOK A GAAGTCACGGCGTA... HBU RASLDVETNSPPQENE...
Double-stranded Single-stranded
RNA Sequence:  AUCGGUGACUAUCG DNA Sructure  RNA Sructure
T 3222020 FPTIOPTLLIVE |
! 1
! 1
I « Training Data: * Architectures and Learning Objectives: :
1 * . 1
| o Scale of Pre-training Datasets o Handling Longer Sequences |
| . . |
! o Quality of Finetuning Datasets o Incorporating 3D Structural Information |
| . . . . 1
| o Lack of Cross-modal Datasets o Autoregressive Learning Objective |
: e Model Evaluation: * Security and Ethics: !
! . . I
i o Computational vs wet-lab o Data Privacy, Model Bias, Equal Access !



Relevant Materials

e 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

e 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 59



https://arxiv.org/pdf/2401.14656
https://github.com/HICAI-ZJU/Scientific-LLM-Survey
https://arxiv.org/pdf/2307.08423
https://arxiv.org/abs/2406.10833
https://arxiv.org/abs/2203.14500
https://www.ijcai.org/proceedings/2023/0760.pdf
https://www.cell.com/cell-systems/pdf/S2405-4712(21)00203-9.pdf
https://arxiv.org/pdf/2211.16742
https://www.nature.com/articles/s42256-022-00457-9

Thank You!
Dr. Qiang Zhang

Resources giang.zhang.cs@zju.edu.cn
Available N
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About Me

» UK Lecturer (Assistant Professor) at the School of Computing Science,
University of Glasgow (2022.01 — now)

» Postdoctoral Researcher at the Language Technology Lab (LTL) of the
University of Cambridge (2020.07 — 2022.01)

» Postdoctoral Researcher at the IR Group of the University of Glasgow
(2019.03 — 2020.07)

» Ph.D. degree in Computer Science from Sun Yat-sen University (2018)

Dr. Zaigiao Meng = ;- ‘
« Al for BioMedicine

« |Information Retrieval

™ h

) ://mengzaiqi ithub.i

B4 Zaigiao.Meng@glasgow.ac.uk

§ wossmmassoneios | Research Topic

« Knowledge Graphs
« Large Language Models
« LLM-based Agents

« Al for Scientific Discovery



https://mengzaiqiao.github.io/
mailto:Zaiqiao.Meng@glasgow.ac.uk
https://www.ai4biomed.org
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KG-enhanced LLMs

Knowledge Graphs (KGs)
Cons: Pros:
el Sloviedde I : igc”lf};g' Knowlecge KG-enhanced LLMs, which incorporate KGs during different
c. pdeciines YU P?cisiv?ngfzy phases of LLMs, or for the purpose of enhancing understanding
+ Black-box * Interpretabi
+ Lacking Domain- « Domain-specific Knowledge of the knowledge learned by LLMs;
specific/New Knowledge « Evolving Knowledge
- Knowledge aware pretraining

Pros: Cons: . . . .

. “:Z‘aseneral Knowledge + Incompleteness - Knowledge lntegratlon flnetunlng

» Language Processing _ . ll)a%king Laé\guage

« Generalizabili nderstanding - iti

leraizabity  N\_ /AWM Knowledge editing
Large Language Models (LLMs) - Knowledge unlearning

Text
Input

U
Structural Fact

Domain-specific Knowledge

Symbolic-reasoning

LLMs
Factual Knowledge
¥
General Knowledge lﬂ

Language Processing
Generaliz{a}bihty [ LLMs ] KGs

:b[ LLMs ]w Output

KG"e'a'edc:o[ KGs J:’> Output \J
Tasks

Knowledge Representation

a. KG-enhanced LLMs

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

ge Models and Knowledge Graphs: A Roadmap. (2024) Link
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https://arxiv.org/pdf/2306.08302

Categorization over different stages

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

[1]
- ERNIE [2]
- MoIXPT[3]

+ MoP [4]
« OntoProtein

[5]

- Bridge [6]
- MedLaSA[10]

o0 m

Knowledge graph

J

13\11

‘ [ J [ ) [ ] )
LLMs

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

- FusionGDA [9]
- Saprot-based

applications

[13]

ﬂ - MKRAG [10]

- KRAGEN [11]
- BioRAG [12]
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Bi-Encoder vs. Cross-Encoder

Bi-Encoder
Cosine Similarity
u v
A A
Pooling Pooling
A A
BERT BERT

: :

Sentence A Sentence B

Cross-Encoder

0...1

*

Classifier

f

*

Sentence A

BERT

t

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: PdQdIdTdLYWpKdRfPqLkVwTwIk %
KalfGpGnQdLiKdEiAaLgLeDdTaGpAdDaDa 4. | Protein

TwleldEeEdMdSALdPdGdRAWwKdPwKAd... Encoder

—» MLP —»@

Drug:[C][C][=C][C][=C][C][Branch1][C][C] %
[=C][Ring1](#Branch1][O][C][C][=Branch1] ~#-| Drug [C@@H1]
[C][=O]IN][C@@H1][Branch1][#Branch2]... Encoder
HIV-1 Protease . C. Attention Map of TF 1.0
...E1AaLgL aGpAdDa... 0.8
0.6
Lopinavir Interaction L 04
...[=Branch1][C][=O]|N]... -0.2
- [C] [=0] [N] [c@e@H1] .. ~00

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

MoIXPT: Wrapping Molecules with Text for Generative Pre-training

. Pre-training corpus -traini Finetunin
Rolipram impairs NF-kappaB activity and MMP-9 expression g P Pre tralnlng g
in experimental autoimmune ancephalomyelitis M
olecular Pro Prediction
sublfed]  Text S; |83 - | perty Predictior
MNER & entity linking by (30M doc) y Blood-brain barrier
| )4 g ﬂ?' penetration: trua
#, ChEBI Rolipram: CHEEI id = 104872 ' g B
SMILES= COclcofeciOC1C0EC1 JCICHNC{=0)C1 Wrapped sequences L: lf.,_?L______:______.ﬁ—-n Molecule translation
| (8M) g
Replace molecules with SMILES: % Rolipram is a member of the Iclass of
] Pub@ hem SMILES Lf—’—'-'jr _ _:_-_.—p-ﬁl T pyrrolidin-2-ones that is pyrrolidin-2-
(SomICOC1=C{C=C{C=C1)C2CC{=0JNC2)0C3ICCCCMenm) / 30M - : (L1 one bearing a 3-{cyclopentyloxy)-4-
{som] J (30M) : QL _ED bearing a 3-{cyclopentyloxy)-4
impairs NF-kappaB activity and MMP-9 expression in J 54 Sy | Sn L methoxyphenyl substituent at the 4-position

ﬁ:-cperlml.antal al{mlmmL-l.n& &nc?phalﬂr@&htls - ‘,r MolXPT (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 70


https://arxiv.org/abs/2305.10688

Integration Techniques of LLMs

Prompt-tuning

1000

L

I

[

Multi-Head
Attention

]

Lf

Diff Pruning

xy [ LAN

'y

][] ) Input Embedding )

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.

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

& 4 : i Param.(%)
3 101 : : 1.4
= @ : : '
= i :
E ..o :
. . . R - e = ] P —
Q H m - w ; *
: = 1
E W X A )
e : : B
g —10 - : % F1
= : : ®  Adapter
- ® PT
[-F]
(=™ 201 A LoRA 0.6
n *  RitFit
L 1 L] L L] L
T T R T I Y S A O
" = LY LA ~J =] (=1 i | =] i =
=& & h 858 & &8 & bk = et
& & & & - E =
Data Size

Revisiting Parameter-Efficient Tuning: Are We Really There Yet? (EMNLP 2022) Link
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https://arxiv.org/abs/2202.07962

Knowledge Editing

—————————————————————————————————————

Symbolic Knowledge . . y
— |1 Xe:  Whois the president of the US?  ; Ye: I
S50 el 7 e . . _____________ d
.- % ':_ Xe
| | Path 1
._[US, president, Elden}r Updu‘ra

LLM
-,

Knowledge 4

Editing Path 2
W Merge
__H_H.\r., Donald Trump g2

| Joe Biden «/

)
LLM

Donald Trump
Joe Biden X@

Knowledge Editing Types: Insertion Modification Erasure

Neural Knowledge

LLMs notoriously hallucinate, perpetuate bias, and factually
decay, so we should be able to adjust specific behaviors of
pre-trained models.

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

Knowledge Editing

™, : RAGKE
D ROME MEMIT o el
LoRA

Mengetal  agng

2 N
/ Parameter o1\ N o
| Efficient FT. ica  MELLO| Knowledge

=y Zomg aal Augmentation

' Machine
Unlearning

Continual Learning

Comparison of different technologies
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KG Integration for Scientific NLP Tasks

W{h;llﬂ cataciasie, w{}" fault breccia relevant
) |G| ) ]
e s | e R S * Question Answering [5]
(Type 1.A) SCiBERT, BioBERT (Type 2.A) Galactica, K2 (Type 3.A) SPECTER
g - X A « Entity Linking [4]
[ u{}w‘"-?“"wﬁ] (@ e [ = ) L e J « Document Classification [5]
&, 8 w508, smcnusn e e W e A anmm At
p— EE R R S s o 55’ - Summarisation/Note
(Type 1.8) OAG-BERT (Type 2.B) TableLlama (Type 3.B) ProtST .
© e = Generation [14]
CEEN | (=== S (% —— | + Hypothesis Generation [15]
el ‘h.,.::.;:i:h. S % . Knowledge Graph Construction
TS e O S and Completion [1]
¢ ¢ © 2 a & _
(7o ) | (00 =) | [ (M= * Reasoning [12, 15]
4 o O 000 A A @ ais
AGC [MASK] [MASK] [MASK] CTG mﬁu mmhm ,
30000008 | < =F | criemen. DM/
(Type 1.D) DNABERT (typozo)o-u.-v- (Type 3.D) ConVIRT, UrbanCLIP

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 4. The sentence should mimic the style of {medical literature}. B ClinGen WiKG

| B ClinGen wilLM

B ClinGen wiKG
Topics From LLM ; Some examples are: so| EEE ClinGen w/LLM 0
Diabetes: GOut, ; Sentence: "The development of tolerance to the muscular rigidity I ;
’ | produced by morphine was studied in rats."” Disease: [muscular rigidity] 8ol ool
------------------------------------------------- & e e e e e e e T Synthetic - :

(Th e s e e mm e ‘ Data

Styles From LLM i Synthetic Data : S0l sof

@ Medical literature, E entence: "Elevated levels of cholesterol in the blood are associated | Fine-Tuned

| Wi | 40 I gl ]
I |

Clinical reports, with an increased risk of cardiovascular diseases such as stroke and Model Clestruct GPT - GPT-3.5  GPT-3.5(00%}  GPT-4 Instruct GPT  GPT-3.5 GPT-3.5(00%]  GPT-4
eart attack." Disease: [cardiovascular diseases, stroke, heart attack]

----------------------------------------------------- ’ (a) HOC (b) MEDIQA-RQE

1. Clinical Knowledge 2. Knowledge-Infused Data Generation 3. Language
Extraction SES i & prompt : Model
E Suppose you need to create a dataset for disease recognition. Your task | Fine-Tuning
? . Topics F"_’m Ka is to: 1. Generate a sentence about disease. ;
e Stroke, Covid-19, ... 1 2. Output a list of named entity about disease only. : Pretrained
__________________________ 1 3. The sentence should mention the disease named {Stroke}. . Model = e

F1-Scarne

w

=2

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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KG Integration for QA Tasks

. ¥ b o o
Prolen 70 famiy thatacs a5 @ molecuar Beviow: [P Earadu peoGe) Question Answering (QA)
cha gandthegengorpntainimplicatednse @ 0| o e e
Retmlgmentosg 59 due to DHDDS mutation? * g O _f Aligned embedding KG: H et ero gen eous
A: HSPA4 B: HSPA8 C: HSPA1B D: HSPA1A & - o —= (M) — ’ \ & o ( rimeK G)
indicating a general interaction that may invoive E KGAREVION a KG'based LLM

*‘ Generate

£ Description: HSPA1B interacts with DHDDS, (_Norm ]
binding. modulation, or other forms of molecular : +
communication. : H
(HSPAB, interacts, DHDDS)

PAS, interacts, DHODS) . fo ::]éa ent for complex medical
i f;?m:is:o‘;kmp::’;)'w o ;r:-mt;zgfd Description tokens ' O ' DO : Ml g p
1SPATA, iesecns. DHOOS) - embeding / g . QA that leverages non-
J N — S | 2™ | codified knowledge of LLMs
! @ 58 moacs or00S) A O T s .
3| }i G shockmobon v aron, | ; B S e D DL : f : and structured, codified
% : i3] (.l:SPMA. interactions, DHDDS) E ; lah '.‘fﬁ;mm':'?&’:m d::o;muongrtpzl sc:rmdnou of ._“ g Projection Token eeredding E k I d f d' I
2| ig| i - | U . knowledge of medica
' % Revise - [ O M : t ithin KG
Lt | i e @O0000 5 B come-e 0
e K e
_,. B4 (HSPAB, interacts, DHDDS) % Frozen § Trainable flne_tune

~ (Heat shock proteins, play arole, ~—
retinitis pigmentosa)

LORA *

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

T External domain corpora % Hundredsofsamples % {7 Newquestions % Question Answering (QA)
: The lack of strength in the waist area and the inability to Slt : Q: How to treat leg muscle atmphy. . Q: What are the symptoms of E
1 still are the result of paralysis of the sciatic nerve, ...... as' ' A: Stimulate nerves , _ paralysis of the sciatic nerve? |
' Iong as the nerves can be stimulated, self-recovery is POSSIHE ; B bbb R ! The EnhanCEd LLM With
Extractor: Text = {Entity, SPO } | | Generator: { SPOs }-> Text Knowledge Pre-learning and
S N ~ Feedback (ELPF) framework can
Stagel: Pre-learning Stage2: Supervised Fine-tuning Stage3: AKGF be divided into four main stages.
Retriever ;
Entty, KG > { SPOs} : &0 1) Efficient construction of
Base Model R odel SFT Model S domain KGs
K- 2 . .
LoRA SFT DPO. . = €@ 2) Pre-learning with K-LoRA
3) SFT with KG retrieval
(paralysis of the sciatic nerve, causes, The lack of strength in the waist area and the inability to sit ) . . . | 4) AKGF: KG aCtS as an evaluator
(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 pOSt‘tral n +f| N e'tu ne

LORA*
Efficient Knowledge Infusion via KG-LLM Alignment. (ACL 2024) Link
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RAG for Biological Question Reasoning

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

@ Retriever Selection @ Query Preprocessing

* Prompt #1: Select a suitable tool or retrieval method. ] [ Prompt #2: Format the gquestion for retrieval. . }

Does oxybutynin '/ Biological Database | . Medical Knowledge Query Rewrite : Oxybutynin hydrochloride cause ...
hydrochloride cause a P 20M Abstracts e

L ene
arrhythmia in _ | MeSH Mapping I MeSH Tag Generation
children with bladder Protein Disease Genome Medical Embedding l AN

g e . e e S
CySTUnCHon «..... @&  Search Engine oo Oters MeSHMapping A A MTTHPH

Google Bing Wikimedia  Custom APl  Database

m— (® Inference and Generation @ Self-Evaluation t -il L4 (3) Retriever Execution l'

Based on: (1) Prompt #5: Prompt #4: ) o ,
* Generate answer. Think next step. Prompt #3; Combination retrieves for context.
@) g + (7 + (3 @ " QueryRewrite Embed Filter  MeSH Mapping
3 2
(3) ) &= PAMRE | \edical Embeddine Logical Combination

Analyze the need for an additional retrieval. 20M High-Quality Research Articles

Inference
78

The answer is [YES.

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



Dealing with large scale knowledge graphs

BEL1B e} i : Y Repeat for all K sub-graphs % l \
Sub-graph Gx DT
& ) (%) le Mixture Layer
oQ‘, fcs)
® & + @ [CLS)
s e s
(SEP] ——(_ Add & Norm [s;:,,]
i3 e
- Qg ‘1? ;
~— q; ?
Ok Add & Norm i =l
Entity Predic —
o Vs Wi Hoad Head
(a) Graph Partitioning (b) Infuse Knowledge with Adapter (c) Collect Pretrained Adapters  (d) Mixture 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


https://aclanthology.org/2021.emnlp-main.383/
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Gene-Disease Association (GDA) [19]
Protein Function Prediction [1s]
Drug Repurposing [18]

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

Amino acid contact prediction

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

to the growth pattern (e.g., papillary,

adenocarcinomas are classified [MASK]
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Fine-tuning
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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
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¢ Downstream Tasks

post-train + fine-tune

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


https://arxiv.org/abs/2201.11147

Amino acid contact prediction
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® 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 84



Drug repurposing
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TxGNN, a graph foundation model for zero-shot
drug repurposing, identifying therapeutic
candidates even for diseases with limited
treatment options or no existing drugs. Trained on

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

b Evaluating the potential efficacy of the ten most frequently

a medical knowledge graPh, TXG.NN uses a graph suggested drugs using electronic health records (EHR) data from
neural network 'anfi m.etn'c learning module to rank two large clinical databases.

drUgS as POtentlal indications and Leveraging generative Al to prioritize drug repurposing candidates for Alzheimer’s
contraindications for 17,080 diseases. disease with real-world clinical validation. Nature, 2024

A foundation model for clinician-centered drug repurposing. Nature Medicine, 2024. Link 8



https://www.nature.com/articles/s41591-024-03233-x

The comparison of cross-modality methods
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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 36
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Scientific Discovery Agent: Unifying Scientific NLP and Predictions
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Large Language Models in Drug Discovery and Development: From Disease Mechanisms to Clinical Trials, link

Molecule SMILES:CN1CCC[C@H]1c2ccenc2

H

N

N |

CHy
Nicotine

Protein

IUPAC: 3-[(2S)-1-Methyl-2-
pyrrolidinyl]pyridine

SELFIES: ........

FASTA:MVLSPADKTNVKAAW

I GKVGAHAGEYGAEALERMFLSFP

Hemoglobin

Gene

—L
®

TTKTYFPHFDLSHGSAQVKGHG...

FASTA:ACTCTTCTGGTCCCCA

CAGACTCAGAGAGAACCCACCAT

Hembglobin GGTGCTGTCTCCTGCCGACA...

Alpha

Text Source

ining

Tra

ining

Tra

Specialized
Language
Models

General
Purpose
Language
Models

Aujqy Buinjos sysel

Aujqy oyjij-uewny

Molecule-related Tasks

ﬁq‘ 2 ois ’ ?

W

Dae itdl
P

" s oo
- e

- W 9 2

Protein-Ligand  De Novo Molecule
Binding Prediction Generation

Protein-related Tasks

@ &

S A=

Protein §tryclure De novo Protein

Gene-related Tasks

&e

Gene Netv Biomarker
Analysis Analysis

Prior Knowledge

Understanding
Reasoning L
Role Playing &)
(e.g., chemist) §rFP

Planning Lﬂ-
Use Tools m
Information

Retrieval ?ﬁa

Tools-like Usage

. Example
. ¢ & .
Information i
required for a task _, o

\ 4

{a ~= Specialized
v
~= Language

QiR Models

L
' ¢ &
- )

icti Predicted Protein-Ligand
Pred'ctlon Binding Affinity Score

Assistant-like Usage

Hi, | am a language
model, how can |
assist you today?

Hi, could you please tell '
me important factors of
predicting solubility? .

Sure! Good questions!
Predicting solubility of
molecule is important...
The first factor is...

Please explain why the .
first factor is important .
for predicting solubility.


https://arxiv.org/abs/2409.04481

Multiple Agents with KGs for Scientific Discovery
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Global knowledge graph Ontologist Scientist 2
akes the list of nodes and | i Given the research proposal - -
relationships, defines each term, and developed by Scientist 1, the agent is
discusses the connections between sequentially tasked with carefully
them. expanding on a specific aspect from

the seven key areas. The agent
critically assesses the original content

Scientist 1 y L and provides improvements.
Based on the analysis of }

concepts and relationships developed .

by the Ontologist, crafts a detailed Critic v

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

research proposal encompassing seven
key components: hypothesis, outcome,
mechanisms, design principles,
unexpected properties, comparison,
and novelty.

— |

Human Assistant

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


https://arxiv.org/abs/2409.05556

Coscientist: Chemistry - Unifying Physical World

|:| The module does not use LLMs

a
Input prompt from scientist 1 . The module uses LLMs
Command used by LLM
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conditions laboratory

Autonomous chemical research with large language models, Nature, 2023



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, ICL)
Integration Techniques (adapter, lora, ICL, RAG, LLM Agent)
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