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Graphs are general language for describing and
analyzing entities with relations/interactions
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Challenges
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adapt to
Downstream

tasks & data

Graph Model Generalization

DENSE

Sparse Data

Rich Textual Semantics



Existing Graph Models

GraphConvolutionalNetworks
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Graph v.s Language
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Graph v.s Language

[_"translate English to German: That is good."

"Das ist gut."]

"cola sentence: The
course is jumping well."

"not acceptable"]
"stsb sentencel: The rhino grazed

on the grass. sentence2: A rhino
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county."
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Graph Model Paradigm

_______________________________

————————————————————————————————————————————————————————

Labels from LLMs
| LLMs Labeler s from L

‘ i Nodelevel p,.. . : i E
l P ! R - C%]GNNS :
i Graphs L [ LLMs J ! - input ( i
. AN @ oo s e e s = i
: . | node  Whatis this node? R e Embs. from LLMs
; | FISSIIIIIIIIIIIIIIIIIIINNE] 85 i [LLMS Embedder] for GNNs

E i Graph-level ! | mmmmmm e mm e

Figure 2: GNNs as Prefix. . \J ;

Alignment between GNNs and LLMs
[ Structure Info.H GNNs

[ Textual Info. H LLMs ! Tuning-free LLMs
Graphs ;
"""""""" Fusion Training of GNNs and LLMs ~ ~ ! €3 )
-GNNS . b
® Mo | Timon | -
_______ Graphs Tuning-required LLMs

s LLMs Agent for Graphs
- kLM answer Graph h g
gent Questons Figure 5: LLMs-Only.

Figure 4: LLMs-Graphs Integration.



LLMs-Graph Intergration

LLMs< Graphs
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LLMs-Graphs Intergration

AConduct Alignment between GNNs and LLMs
ACreate a Fused Model with LLM and GNN
ABuild Agents by LLMs for Graph Tasks

Alignment between GNNs and LLMs

[ Structure Info.]-> GNNs i:l 9
. ‘=)
Graphs [ Textual Info. ]—> LLMs | y

Fusion Training of GNNs and LLMs
NS (45} LB train on
/ Graphs

. LLMs Agent for Graphs
Memory
LLM answer Graph
Tools Agellt Questions
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AMotivation: Align the feature spaces of GNNs and LLMs

o GNNs and LLMs process different types of data
o Distinct feature spaces in GNNs and LLMs

AM et h O d S Alignment between GNNs and LLMs
o Contrastive Learning %8 Structure Info. |+ GNNs z:lg
o EM lterative Training = O Grapns | TextualInfo. Jo{ LLMs -+«
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Alignment bet. GNNs and LLMs

A Several Methods in BioScience Leverage Contrastive Alignment
o Both MoMu and MoleculeSTM uses GIN to handle molecular graphs and BERT to handle text data.
o MoMu can directly imagine new molecules from textual descriptions with a pre-trained model MoFlow.

o MoleculeSTM achieves molecule retrieval and editing with text descriptions.

Contrastive pretraining

Graph encoder
o]
A A, Encode f, Project _ Projectp;
Y — — Sl [T .
Paired
gr;ph Relatlon Contrastive
brld ge arni o c
text data learning Eg:
,‘ AV i Aspirinis a
VA . commonly used Encode f, Project p,
0 drug for the E— —_—
treatment of pain
Text encoder and fever
[MoleculeSTM2022]

[MoMu, 2022]
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Alignment bet. GNNs and LLMs

A Several Methods in Graph Learning Leverage Contrastive Alignment

o ConGraT designs node-level alignment of GNN-embeddings and LM-embeddings, and show improvement on
node and text classification as well as link prediction tasks.

o G2P2 proposes text-node, text-summary, and node-summary alignment and improves the text classification
performance in low-resource environments

teS: | teSz| - | teSe

Target prob. . Papers grounded on a citation network Text-node interaction £,
.
. < e | NOdE €NCOdET Language 7 2y | | zaty | 24ty | .. |zt
: = models are ... Graph encoder Z; oty | 2oty | . | Zatg
Low High * @ (GNN) N T T
; z Zgty | Zgt w | Zgt
v U2 .. vp-1 vUB target node 6 6L1 642 6L6
fo=rsval | t:l | t2 | | t6 |
@ZZTT T s 51 ti- v t1-vg ocoao ti-vp1  tl-vg
orerexrrne) & | ™ Text-summary interaction £,
TzziETIED 2- U ta - vy 0 ooa ty-vp ta-vp - Y t;s, | t;s t;s
FIITTT I TIT 7T .
m neighboring t; |+ 171 1172 126
vz . —
. SF Texts of the papers textemb. et |, [t2Si] tsa] - |GSe| | p
: u@ e
N |||| Text encoder
tp-1 | tp-1-v1 tpi-vp ... Utp1-vp-1 tp-1-UB N I The BERT model ... & (Transformer)

7| Node-summary interaction L3

Text encoder summary

text emb.
* tp tg v tp- vy e . tp-vp1 tp-vp for target Z1S1 | 29S| . Z1S¢
ZyS1 | 228z | .. | Z38g
target [
1 ; node emb.
=% H(v;,DY)) .
n Vi, U | z; |— ZgSq | ZgS2| - | ZeSe

[ConGraT2023] [G2P2, 2023]
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Alignment bet. GNNs and LLMs

A Several Methods in Graph Learning Leverage Other Alignment

Graph-Centric Knowledge Alignment !

[GRENADE, 2023]

Vo
: : : o & '
o Graph-Centric Contrastive Learning b i (A~ N\®
P Q—4
o Graph-Centric Knowledge Alignment b 3
o Minimize KL Divergence of the Distributon o oo

from two Encoders (GNN and PLM). @ p]l;,u |
> 9‘&_, g | Encoder | iif:
B

' g structural embeddings [T H L M 2 O 2 3]
L v'~B,(V\VK) ¥ ,
& (ncgatrilvc sampllte) —|—>{ Heterogeneous Graph H ﬁrJJJ_U* .
a ) Neural Network -
u -
™ v EVS .I H) N o Learning on Heterogenous Graphs

text-attributed (positive sample)

\
heterogeneous graph G te:ﬂ‘:ss “‘;des- backpropagate gradients r CGP“\ ‘: o THLM uses a itive-n Vi | ifi ion k with
context raph xu\/ ” © £ (®um: Orgnn) uo negative sampling to improve the alignment of embeddings
':;@H Text Augmentation Stratcgy ,.:,f from two different modalities.
. rich-textnodes M= Language Model } > L]
(.M textual representations: i}y,

context graph G& s’ ~sgpp LM input
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Alignment bet. GNNs and LLMs

&l

A Graph and Language Learning by Expectation Maximization (GLEM)

A Language Models (LMs) for Node Classification

h,, = SeqEnc, (s,)
po(yn|sn) = Cat(yn, | softmax(MLPy, (hy,)))

\ outgui

ingutE

Graph

Text Embedding “\_ Structure M-Step targel,
@c >| GNN training
A Graph Neural Networks (GNNs) for Node Classification Pseudo-label by LM Pseudo-label by GNN
h{) = 0(AGG4(MSGy(h{y))), A)) E-Step R °@
pg(¥n|A) = Cat(y,, | softmax(h{"))) LM training J<— o
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A Graph and Language Learning by Expectation Maximization (GLEM)

A GLEM leverages a variational EM framework for optimization

output
\ l__P—>

A In the E-step, the GNN is fixed, and the LM input
mimics the labels inferred by the GNN. Text Embedding M-Step target

O |<> >| GNN training

Graph
Structure

A In the M-step, the LM is fixed, and the GNN is Pseudo-label by LM Pseudo-label by GNN
optimized by using the node representations N\
learned by the LM as features and the node E-Step @
labels inferred by the LM as target LM training J<_
Text Attribute

19
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A Graph and Language Learning by Expectation Maximization (GLEM)

A GLEM achieves better performance improvements with various GNN backbones

Datasets Methods GNN LM

Xocs X GIANT Xpru GLEM-GNN G+ LM-Ft GLEM-LM Lt

val | 73.00£0.17 74.89+0.17 4756+191 76.86+0.19 3.86 | 75.27+0.09 76.17+047 0.90

GCN o5t | 71744029 7329+0.10 48.19+147 7593+0.19 419 | 74.13+0.04 7571+024 1.58

sAGE Yl | 72774016 7595+0.11 5616£046 7645£005 3.68 | 7527£009 7532£004 0.6

. test | 71.49+027 7T4.35+0.14 56.39+0.82 7550024 401 | 74.13+0.04 7453+0.12 1.44
Arxiv | pp o val | 62202011 75014002 71142019 7695£0.14 1475 | 7527£0.09 7564030 044
test | 5653002 7335+0.14 70.15+022 75.62+023 19.09 | 74.13+0.04 74.48+041 2.04

val | 75.01+£0.10 77.01£0.09 71.40+023 77.49+0.17 248 | 7527+009 75.75+0.07 0.48

ReVGAT (o | 74.02+0.18 75.90+0.19 7021+030 7697019 295 | 74.13+0.04 7545+0.12 1.32

val | 91.99 +0.07 93.47+0.14 8674+031 93.84+0.12 185 | 91.82+0.11 9271+0.15 0.71

SAGE 106 | 79214015 8233+037 71.09+0.65 83.16+0.19 395 | 79.63+0.12 81.25+0.15 1.61
GAMLp V@l | 9312£003 93992004 9165£017 94192001 107 | 91.82+0.11 90.56+0.04 -1.26

Products test | 83.54+0.09 83.16+0.07 8049+0.19 8509+021 155 | 79.63+0.12 8223027 2.60
val | 93.02+0.04 93.64+005 92.78+0.04 9400+0.03 098 | 91.82+0.11 92.01+0.05 0.21

SAGN+  foor | 8435+0.09 86.67+0.09 8420+039 8736+0.07 3.01 | 79.63+0.12 8483+004 5.17

val | 71.17+0.14 7270+007 69.78+0.07 71.71+0.09 054 | 68.05+003 69.94+0.16 1.89

GAMLP (¢t | 67.71£020 69.33+0.06 6594+0.10 6825+0.14 054 | 63.52+0.06 64.80+0.06 1.78

Papers val | 71.59£0.05 73.05+0.04 69.87+0.06 73.54+0.01 195 | 68.05+0.03 71.16+045 3.11
GAMLP+  (or | 6825+0.11 69.67+0.05 6636+009 7036+0.02 211 | 63.52+0.06 66.71+025 3.19

20



'“; ~ X
o R
SQ% THE UNIVERSITY OF HONG KONG

Fusion of GNNs and LLMs

AMotivation: Achieve a higher level of integration between
LLMs and GNNs

AMethods

o Fuse Transformer Layer with
Graph Neural Network Layer

Fusion Training of GNNs and LLMs
) GRS N4 ﬂlsml; train on
LLMs Wit
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Fusion of GNNs and LLMs

A GreaselLM uses a cross-modal fusion component to inject information from the KG into language
representation and information from language into KG representation.

A An interaction node will connect all nodes in
the graph and conduct information fusion with
the latent rep. of a specific token in the
sequence.

Cross-modal T
Fuser [

A GreaselLM achieves high performance on
Question-Answering tasks with the structured
knowledge from graphs.

GreaselM Layer

[ GreaselM Layer

xN

Uni-modal
Encoder LM Layer
[

[INT] Ifitis not used for hair,a  KG Retrieval
round brushis anexampleof ~ —————*  AtLocation
what? [SEP] art supplies [SEP]
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Fusion of GNNs and LLMs

A Disentangled Graph-Text Learner (DGTL)

A DGTL injects the disentangled graph neural network representation into each layer of the large
language models.

A DGTL achieves high performance on both citation network and e-commerce graph tasks.

Prediction

Text

uEEEEEEWN .---i---.
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M
33
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structure
disentanglement
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[1] Disentangled Representation Learning with Large Language Models for Text-Attributed Graphs, arXiv 2024
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| / ""% otas adaptable G-Ladder module that is
3 | : added to each layer of the LLMs.
Iteration teration Iteration R . N
BOV\%Q LM" Loss LM Lfﬁ—@ l‘ -_% jlf‘
g 06 b g | = A The G-Ladder employs a message-
o [teration oo Iteration Lo . " — carly exit . . .
Onam o S e | o |E passing mechanism to incorporate
,E" mét:: .m@:: : A i | structural info. int
. : ' M 4
4 4 @ L | 8
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. 5 ) ' M4z v classification from downstream tasks.
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Fusion of GNNs and LLMs

A

A GraphAdapter uses a fusion module (e.g., MLPs) to combine the structural representations obtained from
GNNs with the contextual hidden states of LLMSs.

A This results in a fused representation (@) Pre-training stage  Trainable block [t J{_ fuee Jiiewtiead) Frozen block (Pt Tansomeriesd J

that can be used for supervised training \ T — emresentation R o o
f ~ GNN S>> iicaa | T Newe. [0

and prompting. i | i ;
: ! entence !

\ A

|
I

I

I

I

]

I

A otatae [TT B - - -~ o2 ol _ 1 =4 1
Hidden states L] ™ BLM-! ISuper-l
I

]

I

]

)

Residual _~---
\ e e (PLM-Transformer ] jHead, vise
o ) A . For k-th Auto-regression A to--
A Pre-training: Trains the GNN adapter -l sportsand reading ... ] ——————————— “L.sportsandl _________ [reading] __
through an autoregressive task, k-th token of node u same node K1 th token k-th token
e C (b) fine-tuning stage
specifically predicting the next word. st

Context

A Fine-tuning: insert task-specific prompts

Structural Node
Graph Struture representation Emedding §
&% ~ GNN TTT T H—>Fuse—{T T T e o2
1
1
\
\

|
|
|
|
[}
|
|
|
|
|
[}
|
!
+ [based on this profile, this user is ?] based on this profile, this user is ?] in this task

- Sentence_‘ Hidden states Super-
based on different downstream tasks to “ Sl el A , (PLM-Transformer ) vise
rompits
generate task-relevant node reps. ... sports and reading ... D I*... sports and reading ...”,  Ground-truth
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LLMs Agent for Graphs

AMotivation: Build LLM-based Agent for Graph Tasks

o The model is capable of solving problems step-by-step by utilizing
external tools and interacting with the graph.

AMethods

o Perception Module
o Memory Module
o Action Module

LLMs Agent for Graphs
Memory ]
LLM answer Graph
Tools Agellt Questions
26
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LLMs Agent for Graphs

A Graph Agent (GA) builds memory module and reasoning module for LLMs to build an agent for graph tasks.

A Memory Module: Graph Agent converts
graph data into textual descriptions and
generates embedding vectors, which are

=3y

P A |
lll £ mp,mﬂ:- "T' i
le.r”‘ﬂb@ ""*r‘mb"'wy

stored in long-term memory. e T (el
I “nf,ﬂul;:m-'mi"ml\" { ., reasoning
T I."IH‘ I b iy dl:: iction
‘ o—terhl‘ ;Xtd ‘
. . . Memory 7
A Reasoning Module: During inference, GA \
retrieves similar samples from long-term .
memory and integrates them into a structured

prompt, which is used by LLMs to explain the
potential reasons for node classification or

edge connection.

Reasoning
Module

27
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LLMs Agent for Graphs

A Graph Agent (GA) has an inductive-deductive reasoning paradigm.

/_ _________________________________ graph embedding(optional) _________________________________ ,
Mewmovrization r_[ 5
77N ‘ # Edge information text
‘\\ /{r‘“ \7’,_\ ux—Mm X_type:DNg," Te)(t
Fale ( Graph to e A embedding| |
/ S neighbo ene no isease
N\ ‘\ == text | nodes}, {ﬁoath?,vay nodes} ... ..J¥" éctor
) [\ ey\,coder “Y_1_hop_neighbors:[{drug nodes}, DB
- O {disease nodes}, {gene nodes} ... ..J}"
“X_2_hop_neighborsi[... ..J" —
‘ “Y_2_hop_neighborsi[... ..I2 )
Heterogenous graph ~ _~— |
{Example_1},
a 3 #reasons and patterns # retrieved examples
| nfere nce {Ex mple_2} 1.Node A and P;‘lode B similar to target nge
{Example_ds}, have share neighbors ... {Example_1},
{reason_1} {Example_23,
Looking at the neighbors {reason_2} 2.Gene_C and Drug D Inductive | - -
of node X, gene_1 is an Deducti {reason_3} are both in a biological | reasoning {E)fample_.fi‘}.
enzyme of protein_2 ... eductive| ™ = < process ... < # [nStruction
node_Y is involved in the | "°%<9""9 \ ftarget edge} “identify reasons why
transport protein 2 ... < # [nStruction 3. Gene C and Gene E a connection exists in
Therefore, | would lean “uConsidering the reasons are in the sample gene example edges. List
towards TRUE. and examples, does a family, so the reasons concisely”
connection exist between | | - -
e
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A Readi proposes a Reasoning-PathEditing framework to solve questions with Knowledge Graphs (KGS).

A Step 1: Reasoning Path Generation

Leverage LLMs to generate reasoning paths
for the given questions.

A Step 2: Path Editing

If the path can not be initialized on the KG,
then edit it with error message by LLMs.

A Step 3: Path Instantiation and Answering

Instantiating the paths and merge the paths into
prompts for LLMs to given the final answer.

Question

What country bordering France contains an
airport that serves Nijmegen?

(a) Reasoning Path Generation

Instruction: Output reasoning paths for

each entity to answer the question.
_

[ Reasoning Path ]

Question

99} (a) Reasoning Path Generation
LLM l
Reasoning Path

Topic Entity: France, Nijmegen

(b) Reasoning Path Instantiation

NL relations KG relations

Reasoning Path Relation binding “adjoin”,
] - ance] border

“locations”
Path .

Initial: [Nijmegen] serve_airport - contain v
Initial: [France] border x

[Edited: [France] border = country v

1
1
l : KG instances connecting
i
. Ty 1 adjoin
'@ (b) Reasoning Path Instantiation : France —— compound node X INVOKE EDITING
1
Merge Invoke ™, !
ey .
KG instances Result Editing i (c) Reasoning Path Editing
N airport _ contained by A Instruction: Given a path and some
; { 00
NIJmeQeﬂm“ WZ air. !““M’V!Ger‘man 29 (c) Reas_o_“mg - feedback of a question, correct the path.
France - compound node 'German| 1w Path Editing Question

56 .
Q QA reasoning Error Message: [France] border—country

LLM Initial Path * End with compound node
Instantiated contexts:
[ First, based on ‘- , the county borders France is ] [France] border x adjoin

i - France -
German. Second, **-. So the answer is {German}. Candidates:

[country, relationship, -]

........... > [W Path ]

lation
relations in KG  --» only when necessary — standard operation

29
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LLMs Agent for Graphs

A Readi achieves high performances on the QA tasks with knowledge graphs.

Methods WebQSP CWQ MQA-IH MQA-2H MOQA-3H
Training-based Method
EmbedKGQA (Saxena et al., 2020) 66.6 - 97.5 98.8 94.8
NSM (He et al., 2021) 67.7 47.6 97.1 99.9 98.9
TransferNet (Shi et al., 2021) 71.4 48.6 97.5 100 100"
SR+NSM+E2E (Zhang et al., 2022) 69.5 49.3 - - -
UniKGQA (Jiang et al., 2023c) 75.1 50.7 97.5 99.0 99.1
ReasoninglLM (Jiang et al., 2023b) 78.5 69.0" 96.5 98.3 92.7
RoG (Luo et al., 2024) 85.7* 62.6 - - 84.8
Inference-based Method
Davinci-003 (Ouyang et al., 2022) 48.7 - 52.1 25.3 42.5
GPT3.5 (OpenAl, 2022) 65.7 44.7 61.9 31.0 43.2
GPT4 (OpenAl, 2023) 70.7 52.1 71.8 52.5 49.2
AgentBench (Liu et al., 2024b) 47.8 24.8 - - -
StructGPT (Jiang et al., 2023a) 69.6 - 97.1 97.3 87.0
Readi-GPT3.5 74.3 55.6 98.4 99.9 99.4
Readi-GPT4 78.7 67.0 98.5* 99.9 99.2

30
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LLMs Agent for Graphs

A Reasoning on Graphs (RoG) answers graph-retaled questions in 3 steps: planning, retrieval, and reasoning.

A Plannin g Knowledge Graphs (KGs)

LLMs generates a set of associated paths based on the |
structured information of the knowledge graph :

member_of o city_of 1

1 marry_to

according to the problem

A Retrieval Relation Paths Z / Q{z‘?q’ %) @ Retrieval \ Reasming Paths Wz
. . . . born_in — city_of born ty_of
it uses the associated paths generated in the planning {22 gradusten_fron  Located_in } PR Vo . [J Diden Taduate Sfi’:;’t‘m%“*‘ Located. in }
) ; . 23 : profession — work_in — city_of | | p|gnning Optimization ' Joe Biden ———————— University of Delaware —— USA
stage to retrieve the corresponding reasoning paths - ) teeeeemeiaaaao- -
from the KG. Prompt: Please generate Py(z|q) CJ Prompt: Please answer the
helpful relation paths for . . question based on the reasoning
answering the question. @ Planning a ® Reasoning paths and explain why.
A Re asonin g 6 Question: What is the -ﬁLarge Language Models (LLMs) [Answer: The answer is}
nationality of Joe Biden? v Py(alg, Z,G) USA, because .....
Finally, it uses the retrieved reasoning paths to generate _— > &
the answer and explanation for the problem using LLMs. Inference I,;‘;’;ﬂfg“ ,}El | Reasoning Opfimization
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A RoG also achieves high performances on the QA tasks with knowledge graphs.

Table 1: Performance comparison with different baselines on the two KGQA datasets.

Type | Methods WebQSP CwWQ
\ Hits@1 F1 Hits@1 F1
KV-Mem (Miller et al., 2016) 46.7 34.5 18.4 15.7
EmbedKGQA _(Saxena et al., 2020) 66.6 - 45.9 -
Embedding NSM (He et al., 2021) 68.7 62.8 47.6 42 .4
TransferNet (Shi et al., 2021) 71.4 - 48.6 -
KGTS5 Saxena et al. (2022) 56.1 - 36.5 -
GraftNet (Sun et al.. 2018) 66.4 60.4 36.8 32.7
Retrieval PullNet (Sun et al.. 2019) 68.1 - 45.9 -
v SR+NSM (Zhang et al., 2022) 68.9 64.1 50.2 47.1
SR4+NSM+E2E (Zhang et al., 2022) 69.5 64.1 49.3 46.3
SPARQL (Sun et al., 2020) - - 31.6 -
Semantic Parsin QGG (Lan & Jiang, 2020) 73.0 73.8 369 374
g ArcaneQA (Gu & Su, 2022) - 75.3 - -
RnG-KBQA _(Ye et al., 2022) - 76.2 - -
Flan-T5-x1 (Chung et al., 2022) 31.0 - 14.7 -
Alpaca-7B (Taori et al., 2023) 51.8 - 274 -
LLMs LLaMA2-Chat-7B (Touvron et al., 2023) 64.4 - 34.6 -
ChatGPT 66.8 - 39.9 -
ChatGPT+CoT 75.6 - 48.9 -
KD-CoT (Wang et al., 2023b) 68.6 52.5 55.7 -
UniKGQA (Jiang et al., 2022) 77.2 72.2 51.2 49.1
LLMs+KGs | pECAF (DPR+FID-3B) (Yuetal,, 2022a) 821 788 - :
\ RoG 85.7 70.8 62.6 56.2
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LLMs-Graphs Intergration

5=

Graphs

Alignment between GNNs and LLMs
[ Structure Info.]-> GNNs

[Textual Info. ]—> LLMs

Fusion Training of GNNs and LLMs
Fuswn train on
Mod 1
— Graphs

LLMs Agent for Graphs

answer Graph
Questions

MoMu [60], ConGraT [3], G2P2 [74], GRENADE [36], MoleculeSTM [46],

Alignment between GNNs and LLMS)_(THLM [100], GLEM [94]

(LLMS—Graphs Intergration

Fusion Training of GNNs and LLMs }——{( GreaseLM [90], DGTL [54], ENGINE [98], GraphAdapter [31]

LLMs Agent for Graphs

)—(Pangu [19], Graph Agent [71], FUXI [18], Readi [10], RoG [49]
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Thanks!

llm4graph-tutorial.github.io
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