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—. LLMs-Only
a) Tuning-free
b) Tuning-required
« ZeroG: Investigating Cross-dataset Zero-shot Transferability in Graphs, KDD 2024

=. GNN—-LLM

a) Node-level

« GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024
b) Graph-level

« Graph Neural Prompting with Large Language Models, AAAI 2024

=. LLM—GNN

a) Labels from LLMs for GNNs

« GraphEdit: Large Language Models for Graph Structure Learning
« Label-free node classification on graphs with large language models, ICLR 2024

. LLMs-Graphs Intergration
a) Alignment between GNNs and LLMs

« Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-Attributed
Graphs
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1. Tuning-free
2. Tuning-required

« ZeroG: Investigating Cross-dataset Zero-shot Transferability in Graphs, KDD 2024



LLMs-Only Tuning-free

 Motivation:
LLMZZ 55T VAN B 24 69 ARG R we it 2) A ab A= B 8 8 RiE2 BB F X P A?

« Experiment Results:

LLM 7 | #2258 7 .

12 e dy b 52« B AR FEAE S-0F, R AR5 3] AR P 18] BRAG IE A T ik { LLM
ETXF I FHHFERTRAILLLMSBIE & 7 . ,
FEGEBE G X BEH. BES, HEYaLLME L. Text(G)
Is there a
. . . cycle in
LLM 32k 4k 32 B =] R2 69 Ag A7 ¥T A8 7% & 4F this
graph?
G Q

Can language models solve graph problems in natural language?, NIPS 2023

Talk like a Graph: Encoding Graphs for Large Language Models
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ZeroG: Investigating Cross-dataset Zero-shot Transferability in
Graphs

 Motivation:
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ZeroG: Investigating Cross-dataset Zero-shot Transferability in Graphs, KDD 2024
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Method:
(a)

Title: Total Text A
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Comprehensive Dataser ... é —_— —_— |

Abstract: Text in curve J |

orientation, despite being one Source . I

of the common text ... Textual [tem Text Embeddmgs I

LMs |

) |

Theory: This category covers I

theoretical aspects of — — .‘ I

machine learning and AL I
Reinforcement Learning: Source .

This category includes... Class Embeddlngs :

Class Description

|
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e ? 2 |
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ZeroG: Investigating Cross-dataset Zero-shot Transferability in Graphs, KDD 2024
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Downstream Inference
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Target o O
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i p H ™
Textual Item LM &
—_— — ¥ Prompt-based

i

Target Graph

Class Description

B.2.1 Cora. The Cora [61] dataset is a fundamental resource in
the field of graph learning, particularly within the realm of machine

' \ N2 "' 1y 4 -
N 3 ‘?‘ N, — é ) learning research. It represents a network of scientific publications.
(AN o There are 7 categories in Cora: Theory, covering theoretical aspects
of machine learning and Al; Reinforcement Learning, including
research on reinforcement learning, a type of machine learning;
< ‘5— Genetic Algorithms, dealing with genetic algorithms, a type of opti-
3 -l % ? g ’J— > mization algorithm inspired by natural evolution. Neural Networks,
1= o focusing on artificial neural networks, a subset of machine learn-

ing. Probabilistic Methods, pertaining to research on probabilistic
methods in machine learning, using probability mathematics to
handle uncertainty and make predictions. Case Based, focusing on
case-based reasoning in Al, a method that solves new problems by
referring to similar past cases. Rule Learning, involving the genera-
tion of rules for decision-making systems. The average degree of
Cora is 4.
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e Method:
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« Experiment:

BN A
Methods ‘ H S ‘ Cora Pubmed Citeseer | P-Home P-Tech
zero-shot settings
DGI [56] v o X | 1997 43.89 21.12 33.06 55.83
GraphCL [63] v X | 2622 43.73 20.59 37.44 62.63
GraphMAE [19] | v X | 34.79 48.23 34.62 37.04 7 B 7y
BERT [12] X Vv | 1990 34.79 23.76 37.32 56.44
RoBERTa [34] X Vv | 2891 27.33 30.95 35.50 66.31
E5 [58] X V| 3970 41.93 45.89 57.56 59.17
Sent-BERT [40] X | 5225 41.71 47.52 63.22 67.21
OFA [31] | v v | 2707 3787 3792 | 3286 7103
ZEROG (ours) | v/ | 68.72 78.02 6494 | 7320  82.96
semi-supervised settings
GCN”* [25] - - | 81.50 79.00 70.30 73.85 93.28
GAT™ [55] = - | 83.00 79.00 72.50 73.46 88.89

ZeroG: Investigating Cross-dataset Zero-shot Transferability in Graphs, KDD 2024
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« Experiment:

Wi AE A

Test Pre-training OFA In-D ZEROG
Wiki-CS | Arxiv U Cora U Pubmed U Citeseer | 48.42 - 53.28
Wiki-CS | P-Home U P-Tech 21.09 - 60.97
Cora P-Home U P-Tech 18.57 68.72  67.65(-1.07%)
Pubmed | P-Home U P-Tech 31.89 78.02 69.12(8.90%)
Citeseer | P-Home U P-Tech 20.78 64.94 53.17(11.77%)
P-Home | Arxiv U Cora U Pubmed U Citeseer | 35.73 73.20 71.45(-1.75%)
P-Tech Arxiv U Cora U Pubmed U Citeseer | 62.10 82.96 83.20(+0.24%)

ZeroG: Investigating Cross-dataset Zero-shot Transferability in Graphs, KDD 2024
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1. Node-level
« GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024

2. Graph-level
« Graph Neural Prompting with Large Language Models, AAAI 2024



GNN—-LLM Node-level

GraphTranslator: Aligning Graph Model to Large Language
Model for Open-ended Tasks

 Motivation:

JFILLMAE % Graph Model#9 34 3% 25, =T VAR 32 SR G- AT R A 09 TR, 12 RIE R B IFHR XAES, 2
AbkFe REW, THAEE. B AEH A 2R — AN Bk A R T2 SUAE 55 AR AR e IF 2 XAE G- a9 AL 2L

Task defined by instructions

113 n
[ GM ] & @ + Describe the shared
s interests of user and user’s
friends.

Learned @
Embedc‘l}

This user prioritizes

) ranslatm
_ appearance and quality of
Node/Gr aph vee Link life. Their friends share —
Classification Prediction interests in...
Pre-defined Tasks Open-ended Tasks

16
GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024



GNN—-LLM Node-level

 Method

Language Response O e

Frozen LLM @
The user...
Neighbor 1...

oaa.4 aan .. o

- Summary the interests of user
Projection

and user s neighbors ...
& Translator . I

Cross Attention

The commonalities...

Instruction

Stage 1 Loss

2 Stage 2 Loss

Shared Self-Attention

o0 aoe0n .. A
ﬁ Query Tokens Q DescriptiongT okens

| |
0 ts: The user..
1 i
Zy ty @) Neighbor 1...
ll

ts: The commogalities

Producer LLM
Q: Summary node information &)
A Th 's interests ... :
j e user s; interests
Q: Summary neighbor information — . b4
& ~ A: Neighbor 1’s interests ... .‘.@
Q: Summary their commonalities . v (God)
™ A: The commonadlities ... )

Q Token

'ghy Trainable

~ Frozen

GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024
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Stage 2 Training Phase

?Stage 2 Loss
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4
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17



GNN—-LLM Node-level
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GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024



GNN—-LLM Node-level

* Training
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GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024
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GNN—-LLM Node-level

- Experiment (Pre-defined Tasks)

Table 1: Results on zero-shot node classification.

Dataset Metric BERT RoBERTa BERT" RoBERTa™ | LLM+s, LLM+sy+sp/,) | GraphTranslator
Legality Rate (%) | 100.00 100.00 100.00 100.00 50.10 o35 e i 58.80
Taobao Accuracy (%) 34.73 33.10 32.97 34.53 33.46 34.59 35.33
(Lifestage) Recall (%) 3473 33.10 32.97 34.53 33.46 34.59 35.33
Macro-F1 (%) 27.17 24.56 25.06 25.73 31.63 32.60 32.62
Legality Rate (%) | 100.00 100.00 100.00 100.00 31.20 45.43 98.97
Taobao Accuracy (%) 44 85 L 50.87 49.03 48.77 51.92 58.55 90.99
(Cat Owner) Recall (%) 37.40 60.40 63.27 i B 12.82 45.56 95.69
Macro-F1 (%) 43.73 50.42 47.98 40.62 21.05 52.96 66.14
Legality Rate (%) | 100.00 100.00 100.00 100.00 63.97 36.17 94.60
Taobao Accuracy (%) 47.53 47.93 47.37 48.73 46.74 49.09 49.40
(Vehicle Owner) Recall (%) 59.00 24.73 51.55 64.60 63.01 61.29 83.27
Macro-F1 (%) 46.83 47.69 47.28 47.41 54.62 33:10 61.87
Legality Rate(%) | 100.00 100.00 100.00 100.00 99.15 99.40 97.8
—— Top-1 Acc (%) | 1.63 3.55 14.53 6.95 14.07 17.90 28.48
Top-3 Acc (%) 7.63 11.98 29.60 16.53 26.98 28.43 37.62
Top-5 Acc (%) | 28.00  22.93 38.30 23.75 4246 37.99 39.87

GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024



GNN—-LLM Node-level

- Experiment
(Open-ended
Tasks)

& Tfriendsag =
7 I~ 22 user

Vanilla LLM

Based on the following information about the browsing, collecting and purchasing behavior of a
user and his friends on the e-commerce platform, analyze why the user became friends with
these people. 3

This user purchased [.__4 items___]; Search and collect [.._4 items___]; Browse [_.3 items.__].
He has several friends, and their purchase information is as follows: Friend 53: Purchased [...3
items._ ], Searched and collected [.. 4 items. ], Browsed [.._3 items . ] Friend 11:____

(1232 words in total)

This user has a wide range of interests and hobbies, involving a number of

categories, including shoe bags, belt accessories, _

massage & = = . etc. In
adg#Bn. users' search and favorite records also involve a number of product

tegories, including lighting systems [GARDUIDS, tablets ChatGLM2-6B

mobile phones, . etc. Judging from this user's
shopping behavior, he/she has diversified interests and likes to try different
goods and services.

ﬁP]ease summarize the COTMMONINEeIests and preferences of these J

friends.

Among these friends, most of them prefer to buy electronic products, such as

mobi - s, - etc_, and are also very concerned about peripheral
oducts such as charging banks and mobile phone holders. In addition, many
people also like to travel and photography, like to buy some unique ornaments and
decorations to decorate the room. In terms of their interests and hobbies, these
friends pay more attention to technology and fashion, and like to try new electronic
products and travel experiences.

ﬁ does this user ith these people?

@‘m be seen from the user's behavior information, there may be many reasons for
this user to become friends with these people
First of all. these users have common interests with this user, such as e-commerce

ChatGLM2-6B

platforms, shopping, travel and photography, etc., and the

e them easier to get to know.
Secondly, these users and this user have similar preferences in shopping behavior, such (ChatGLLE R,

as buying shoes and bags, belt

_‘ etc.. which makes it easier for them to discover each other and form
friendships.

Finally, these users may learn about this user through social media and other channels,
and then take the initiative to approach and communicate with each other, and finally
become friends.

16 =X

(a) Vanilla LLM: using text attribute of node and its neighbors as prompt

GraphTranslator

,Jl'he output of Tramslator (H, = {h,, (}:11)
;{Qéﬁ@ + Please summarize the user's

1.In terms of interests and hobbies, this user pays much attention to -

_, indicating that he is a person who likes

2. In terms of personality, his attention to car-related products indicates that he
is a person who likes challenges and has the spirit of adventure: He bought a
variety of auto parts, which shows that he is a detail-oriented and patient person|ChatGLM2-6B

ows that he is a collector with good taste

His collection of

3. In terms of life needs, he purchased _—
indicating that he has the need to use cars; Purchased auto parts, indicating that
he has the need to maintain the car; The purchase of a model car indicates that
e has a need to show the car

[ ]
-{Please summarize the EOMMONINIETEsts And preferences of these friends]

According to the information provided, these friends have the following

interests in common:
incindine QKO Felated goods,

1. Like to buy a variety of goods
ete.

parts, etc.
Therefore, the common interest preference of these friends is to buy a variety

of soots and GONIECECATTTElaTEd 00dS

does this user

ith these people?

1. In terms of similarity of hobbies, what this user has in common with his
friends is that

—. As a result, they are able to become friends and share

their experiences and insights with each other in these areas
2. In this user's hobby, he focuses on auto-related goods, auto parts, and car
models. These hobbies take time and effort to collect and maintain Therefore,

his Siendsalo nced to [EAVS SRMIAK GRS fiends

with him. If his friends are also not interested in the goods and areas he likes:
then it is difficult for them to become friends, let alone maintain friendship.
3_In terms of friend influence, the user and his friends can influence each
other. For example, if his friends have experience in car maintenance, he can

l If lus friends have experience with model cars, he can ask them for

advice on how to make his own model cars. By _
SHAFIE WAHIEACHIGHRER, :cy can et to know each oter better

d achieve greater success in life.

(b) GraphTranslator: using translated node embedding as prompt

Figure 4: A case of graph question answering on Taobao Dataset.

GraphTranslator: Aligning Graph Model to Large Language Model for Open-ended Tasks, WWW 2024
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GNN—LLM Graph-level

Graph Neural Prompting with Large Language Models

Motivation

LLM A4 5 Aeif B el ot @ LA B TR, LA A R 4nih B2 b7 BRI R k2B = LA Al
ALLM, {2 % Ak 5. B etf #4342 & Graph Neural Prompting M 4e 12 B & & 5 3] A ) 69 4nin #4565 LLM

/Self-Attention )
L JE Y LI BT
BRERIEN B

method
| |
| @) f | Option (c) Graph Neural Prompting (GNP) l
| /' \O — [Option (b) R |
| e Bl @ Option (a) | . . : 3 Self-supervised WT’ |
I Knowledge Graph \ A3 | 8 : Link Prediction t ) I
| or —_— —> | | I
| I L y— == X |
Q1 ' .
' : 0] ! ' (@) | '
| Subgraph i A2 - :{>; ! : @ i |
I Retrieval oY o ; | 69& b |
| L ) GNN : | % | g : g
: Extracted Subgraphs Encoxer | il::> ':>i = #
) ! i

i 1 |
: Question: g e Node Embs Mi?afl?ty | : Domain |
: 01020304 b LLM Text | Iﬂ E| @E | > | Pooling L Projector I
| | Dictionary Emb | : g Graph Embs '
I Options: : iy ~— P ~— I

A

: {g)) B:JL_QEM Obtain Graph Neural Prompt I
| |
l [c) C1C2C3Ca Graph | =l (el E Tt E"““"""_“E Large ATA2'A3’ m A1A2A3 I
| Multiple Choice =~ —> Neural | @ E| @ '+ Emb | w8 L—5 a‘@’) language | —> Model *wagmam® Ground |
I Question Prompt: == == =2 ' | e g Models Prediction  Likelihood Truth I

Graph Neural Prompting with Large Language Models, AAAI 2024
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GNN—LLM Graph-level

+ Experiment

. Commonsense Reasoning Biomedical Reasoning |
M il RO OBOA  ARC _ PIOQA  Riddle _PQA _ BioAsQ ot
LLM-only 69.20 68.24 58.43 53.73 150 65.85 64.49
Prompt Designs* 72.20 70.99 60.94 2.8 70.50 67.48 6533
KG Flattening REL 61.80 64.12 57.56 43.33 69.25 65.04 60.18
KG Flattening BFS 62.80 63.86 56.69 44.12 69.25 65.04 60.29
LLM Frozen KAPING TH 58.80 63.52 5234 40.78 70.00 65.04 58.41
FLAN-T5 KAPING QH 60.00 63.09 51.69 41.37 70.00 65.04 58.53
xlarge (3B) Prompt Tuning 12:20 70.64 60.83 53.3% 72.00 66.67 65.95
= GNP 79.80 71.85 61.48 66.86 76.75 89.43 74.36
Apr 11053% 11.71% 11.07% 12537% 16.60% 134.14% 112.76%
Full Fine-tuning 82.80 73.30 63.55 74.12 16.25 01.06
LLM Tuned LoRA 80.40 71.33 63.76 72.94 76.25 02.68 76.23
LoRA + GNP 83.40 72.45 64.31 75.49 76.25 92.68 77.43
AT 13.73% 11.57% 1086% 13.50% 10.00% 1 0.00% 1 1.58%
LLM-only 76.80 68.93 56.58 61.37 W15 65.85 66.88
Prompt Designs* 79.60 74.16 58.00 60.59 T1.25 66.67 68.38
KG Flattening REL 72.80 66.78 56.80 53,93 69.50 66.67 64.35
KG Flattening BFS 72.40 66.95 5637 54.90 68.75 65.85 64.20
LLLM Frozen KAPING TH 60.60 57.25 5321 48.43 68.75 66.67 59.15
FLAN-T5 KAPING QH 60.00 56.65 52.99 47.65 69.25 66.67 58.87
xxlarge (11B) Prompt Tuning 78.80 74.85 61.26 61.37 70.00 65.04 68.55
GNP 87.20 78.20 63.66 70.98 76.75 90.24 77.84
Apr 110.66% 1448% 13.92% 11566% 19.64% 138.75% 1 13.54%
Full Fine-tuning 89.40
LLM Tuned LoRA 88.60 78.54 65.61 74.90 T1.15 91.06 79.41
LoRA + GNP 89.60 78.71 65.94 76.67 79.75 94.31 80.83
Arani T113% 1022% 1030% 1236% 1251% T3.579% 1 1.79%

Graph Neural Prompting with Large Language Models, AAAI 2024
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1. LLMs-Labeler
» GraphEdit: Large Language Models for Graph Structure Learning

» Label-free node classification on graphs with large language models (LLMs), ICLR 2024
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GraphEdit: Large Language Models for Graph Structure

 Motivation:
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e Method:

Learning
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* Fiozen | Question: Based on the title and abstract of the two papers. Do they belong to the same
H category among {Category_0}, {Category_1}, {Category_2}, ... ? If the answer is "True",
‘ Update : ﬂ answer "True" and the category, otherwise answer "False". The ﬂrst paper: {Title}, {Abstract}
|| Peretmememesmememens ‘ { The second paper: {Title}, {Abstract}.
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; 0
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, Node Pair i
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GraphEdit: Large Language Models for Graph Structure Learning
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e Method:

Instruction-Tuning LLM:

#) ALLM:&
B EE

Prompt &, 4-:

1 - %oﬁ\xd‘j%%: Igj ;E(
2. P 3

A1 5 8] 8935 SR

LLM-based Edge Predictor:

it 45

B iR iT$ 9] 4 e9LLMAF

3,%; Frozen :

Question: Based on the title and abstract of the two papers. Do they belong to the same
category among {Category_0}, {Category_1}, {Category_2}, ...

? If the answer is "True",

(‘ Update : ﬂ answer "True" and the category, otherwise answer "False". The first paper: {Title}, {Abstract}.
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+ Experiment

# A Vicuna-v1.5 ¥ % LLM, -4 LORA 75 7% 34T ) %k

5 J A XABE R B 5k

Table 7: Performance comparison with other LLMs.
Model Cora Citeseer
GCN 8736 £ 1.60 78.87 +2.18
ChatGPT 3.5 85.30+2.15 78761219
ERNIE-Bot-turbo  86.99 4+ 1.50  79.20 + 2.25
Vicuna-7B 8747122 'TS5+2.17
BLOOMZ-7B 84.87 £ 1.58 79.47 £+ 2.28
Llama-2-7B 84.83 £ 1.94 78.65 4+ 1.93
ChatGLM2-6B 80.92 +2.53 74.47 +2.09
AquilaChat-7B 86.31 £2.05 78.17 +2.42
GraphEdit 88.38 + 1.06 80.03 + 2.16

Model Cora Citeseer PubMed
GCN 87.36 £ 1.60 78.87 £2.18 87.37 £ 0.77
GRCN 84.134+0.37 7423+1.18 8520+0.10
IDGL 88.63 = 0.44 80.85+0.07 88.30+0.12
GAug 86.72 £0.63 77.61 +£1.02 84.48 4+0.37
GEN 86.53 £ 0.63 80.38 +0.72 87.04 £0.11
SLAPS 81994+ 157 73.17+087 8521+0.18
GT 88.34 -0.35 78.46 £0.48 86.69 +-0.19

CoGSL 82.07 = 0.51 78.84 +0.11 OOM

WSGNN  89.59 +£0.17 80.88 £0.48 87.17 =0.19
SUBLIME 85.04 +0.37 43.73 £7.08 86.03 +0.33
STABLE 88.754+0.35 75.67 098 86.3040.15
Nodeformer 88.56 +1.01 80.28 +0.57 87.93 +0.26
GSR 8§7.50k 1,19 7877+ 1.56 83611055
SEGSL 87.49 +0.66 7891 +0.52 87.57 4+ 0.37
GraphEdit  90.90 + 1.16 81.85 + 1.42 94.09 + 0.28

GraphEdit: Large Language Models for Graph Structure Learning
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Label-free node classification on graphs with large language
models (LLMs)

 Motivation:

AR LM A A, ATHED LSS B4,

(Confidence-
aware)
Annotations

(Difficulty-aware)
Active node

e Method: selection
BAE D TR0 —)
(Optiona

!

&R GE R B AT
!
R 2R
!

W Lk TR

I)Post-
filtering

L, / GNN training
& predict

30
Label-free node classification on graphs with large language models (LLMs), ICLR 2024
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« Method:

Difficulty-aware Active Node Selection:
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 Experiment

R B 5k # Rk 69 b

| CORA CITESEER PUBMED WIKICS OGBN-ARXIV OGBN-PRODUCTS

Random 7048+ 0.73 65.11x1.12 7298+2.15 60.69+x1.73 64.59+0.16 70.40 = 0.60
Random-W 71772075 65.92+1.05 7392+1.75 61.42+1.54 64.95+0.19 71.96+ 0.59
C-Density 4222 +1.59 6644 +£0.34 7443028 5777085 44.08+0.39 8.29 £ 0.00
PS-Random-W 72.38+£0.72 67.18£092 7331165 6260094 6522+0.15 71.62+ 0.54
Density 7240+ 0.35 61.06+095 7443+028 64.96=+0.53 51.77£0.24 2022 £0.11
Density-W 7239+ 0.34 59.88+097 73.00+£0.19 63.80+0.69 51.03+£0.27 20.97 £0.15
DA-Density 7073 £0.32 6292105 7443+028 63.08+0.45 51.33+£0.29 8.50+0.32
PS-Density-W 74.61 £0.13 61.00+055 7450+£0.23 65.57+0.45 51.73 +£0.29 19.15+0.18
DA-Density-W 6729+096 6298+0.77 7339+035 63.26+£0.62 51.36+0.39 8.52+0.11
AGE 69.15+0.38 5425+031 7455+054 5551+0.12 46.68 +0.30 65.63 +0.15
AGE-W 69.70 £ 045 57.60+0.35 6430+£049 55.15+0.14 47.84+ 0.35 64.92 +£0.19
DA-AGE 7438 +£024 5992+042 7420+0.51 59.39+0.21 48.21 £0.35 60.03 £0.11
PS-AGE-W 72.61 £039 5744 +049 64.00+£044 56.13+0.11 47.12 +£0.39 68.62 +0.15
DA-AGE-W 7496 +£0.22 5841+045 6585+0.67 59.19+0.24 47,79+ 0.32 59.95 +0.23
RIM 69.86 £+ 0.38 6344 +042 7622+0.16 66.72+0.16 00T 00T
DA-RIM 73.99 +0.44 6033+040 79.17+0.11 67.82+0.32 OO0T 00T
PS-RIM-W 73.19+£045 62.85+049 7452+0.19 69.84+0.19 00T 00T
DA-RIM-W 7473 £041 60.80x0.57 7794024 68.22+0.25 00T 00T
GraphPart 68.57+2.18 6659+134 7750+123 67.28+0.87 00T 00T
GraphPart-W 6990+203 6820+142 7891+1.04 6843+0.92 00T 00T
DA-GraphPart 69.35+1.92 | 69.37 £ 1.27 NI9H9E0:85068.72 101 00T 00T
PS-GraphPart-W 69.92+1.75 I8 119 | 7884 +1.05 66.90+1.05 00T 00T
DA-GraphPart-W | 68.61 + 1.32 68.82+1.17 79.89+0.79 67.13+1.23 00T 00T
FeatProp 72.82+0.08 66.61+055 7390+0.15 64.08+0.12 66.06 +=0.07 74.04 £ 0.15
FeatProp-W 73.56 £0.13 68.04+0.69 7690+0.19 63.80+0.21 66.32 £ 0.15 74.32 £0.14
PS-FeatProp 7554034 695.06£0.32 7498+£0.35 66.09+0.35 [ 66.14£0.27 74.91 £0.17
PS-FeatProp-W 7623 +£0.07 68.64+071 7884105 64.72+0.19 6584+0.19 T4.54 +(0.24

Label-free node classification on graphs with large language models (LLMs), ICLR 2024
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* Method:
7 Rk AELLM 34T 4
Confidence-aware Annotations: AR AT 2 7%

FIE&EAT o
CORA OGBN-PRODUCTS WIKICS
Prompt Strategy Acc (%) Cost Acc (%) Cost Acc (%) Cost
Vanilla (zero-shot) 68.33 + 6.55 1 75.33 £4.99 1 68.33 + 1.89 1
Vanilla (one-shot) O 22 7867+450 1.8 72.00+356 24
TopK (zero-shot) 68.00+638 1.1 7400+510 12 N 1.1
Most Voting (zero-shot)  68.00 = 7.35 1.1 7533%499 1.1 69.00x2.16 1.1
Hybrid (zero-shot) 67.33 + 6.80 1.5 7367525 14 71.00+283 14
Hybrid (one-shot) 7033+624 29 MISETEGI3N 23 7367+262 29
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Label-free node classification on graphs with large language models (LLMs), ICLR 2024
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 Method:
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 Experiment

5 A RAFET Ao Key i

OGBN-ARXIV

OGBN-PRODUCTS

Methods Acc Cost Acc Cost
SES(*) 13.08 N/A 6.67 N/A
TAG-Z(*) 37.08 N/A 47.08 N/A
BART-large-MNLI 13.2 N/A 28.8 N/A
LLMs-as-Predictors | 73.33 79 ™A 1372
LLM-GNN 66.32 0.63 7491 0.74

Label-free node classification on graphs with large language models (LLMs), ICLR 2024
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A Survey of Large Language Models for Graphs, KDD 2024
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1. Alignment between GNNs and LLMs
» Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-
Attributed Graphs



LLMs-Graphs Intergration Alignment between GNNs and LLMs

Grenade: Graph-Centric Language Model for Self-Supervised
Representation Learning on Text-Attributed Graphs
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Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-Attributed Graphs
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e Method

Graph-Centric Contrastive Learning:
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Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-Attributed Graphs
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+ Method e, [ - ;
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Dual-level Graph-Centric Knowledge Alignment:
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 Experiment

Few-shot Node Classification

i MLP GraphSAGE
IEERRES k=2 k=4 k=8 k=16 k=2 k=4 k=8 k=16
ogbn-arxiv
OGB* 32.16i1_95 37'81i1.62 42.33i1_07 45‘84i0_47 49-91i3.46 55‘52i1.42 59.30i1.14 62.21i0,53
BERT 34.0642.73  40.2942.16  46.5940.88  50.1741.02 52.9243 9 57.1141.06  60.3641.17  64.1040.61
BERT+MLM 38.41;|;2_11 46,72:|:1.72 51.89:{:0_98 55‘87i1_23 53‘02:|:1.26 57,76i1_41 61.94;|:0_77 65.22;};0_49
SimCSE 28.834+1.68 32.6541 .46 37.7841.26 43.2540.69 46.61492.97 53.8641.20 57.7540.89 62.394+0.61
SPECTER 50.1542.21 54.4610.96 58.7440.63 61.6340.78 53.8549. 27 59.464+1 .63 63.4340.61 66.4140.45
GIANT* 48.5042. 30 55.7241.00 59.804+1.03 64.1540.87 50.1842.46 55.30+1.69 59.2441 33 63.48+0.77
GLEM - . - - 27144231 45.524127 53374108  55.39+0.89
GRENADE 55.85i2‘34 61.10i1_59 63.954;0,89 66,62i0_47 57-17i3.54 60.49i0_93 64.65i1,03 67‘50i0,41
ogbn-products
OGB* 9474151 13.5411 42 16.8312.63 20.7141.32 24.7443.m 33.1419 58 38.3841.18 441949261
BERT 20.5314.03 30.9149.64 40.8241.52 A7.77 1107 40.53 41287 50.4341 .73 57.2941 48 59.03+0.48
BERT+MLM 38.5443 35 47154341 55.9540.89 59.5711.53 54.7314.35 60.80+2.65 64.6341.94 67.7541.48
SimCSE 7. 7641 .22 11.30+1.30 17.9441.01 25.6140.72 24.9945 01 37.05+173 44.T441096  50.1342.04
SPECTER 27.8644.14 43.7042.70 51.5141.54 57.6341.45 42.74 1458 51.9142.3;1 57.7242.52 60.77+1.36
GIANT* 20.8342 .68 31.3741.05 42.84 45 72 51.3642.19 30.9044.63 40.8044.01 52.3442 .20 H&.5849 36
GLEM - - - - 41.7244.62 42.5043.45 43.0542.78 48.6412 01
GRENADE 38.60i4_51 49.64:&1_39 59~34i2.38 65.051]_00 59.6312_80 64.9511_63 67.3812_17 70-9211.18
ogbl-citation2
OGB* 21.78i1,55 25.54:&1,55 27-39:k[1,69 29.5310,7() 18.8313,12 22-4911,84 31.3811.89 35.19;&0,39
BERT 17.9542.34 20.84 4917 23.8441.36 26.7741.38 21.0542.49 25.6541 .58 28.064-2.03 35.8441 .48
BERT+MLM 32.03+1.84 34.394+2.61 38.5341 .82 41.6640.08 26.2819.35 28.104+2.47 37.6941 .30 42,6341 .21
SimCSE 13.2741.08 16.68+0.62 20.0141.03 23.57+0.77 20.0142.04 28.11+2.90 28.17+1.06 31.7141.28
SPECTER 30.8140.04  35.3141.92 39.7441.33  42.31+0.64 31.5742.04 35.6649.18 37.234270  45.5941.82
GIANT* 38.9311_31 43‘7411,93 48.8111_25 52.05i0_72 35.7512_72 38.43;};3_43 40.9913.42 49443‘:1.68
GLEM - - - - 30.8644.62 33.7841.88 47.364-92.73 51.4241 .41
GRENADE 46.404200 479311314 B50.61i071 53.754082 | 40.631377 44444563 49.154173 52414104

Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-Attributed Graphs
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 Experiment

Node Clustering

Methods ogbn-arxiv ogbn-products ogbl-citation2
ACC ARI NMI ACC ARI NMI ACC ARI NMI
OGB 39.5740.30 12.7641 22 17.43+0.79 38.5341.43 16.46 414,24 20.2141 84 40.31+0.40 22.82410.34 40.5740.38
BERT 35.6541 .21 8414101 12.78 41020 | 48.7210.57 52.1741.81 35.7640.82 40.57 +0.31 225840814  33.38+0.44
BERT+MLM | 40.07+0.60 15.0540.17 19.24 1051 64.3510.581 69.58 11 .31 54.644+0.31 491341046 31914046 44.44410.34
SimCSE 33.42410.74 5.80+0.40 9.6240.74 39.4041.02 29.004.2.22 19.8811.01 26.67+0.64 8.4940.41 14.26410.65
SPECTER 58.00i0_65 40.44i1_37 42.81i0_53 70-15i0.67 69.82i1_25 58.99i0.82 63.36i0_36 48.66i0_[4 58-96i[)_23
GIANT 58.00i0.82 39.69i1_22 ’13-73i0.68 61.99i0_73 47.60i4_18 47.51i]_14 63-06i{]_53 ’18-57i0_89 58.68i[)_25
GRENADE 61.965079 449811585 49191063 | 73.5410.75 69.6441 64 64.14. 071 | 64.891030 5H0.22:040 5H9.681923
Supervised Node Classification
Methods arxiv products citation2
MLP GraphSAGE  RevGAT-KD | MLP GraphSAGE | MLP GraphSAGE
OGB 55.5040.93" T71.494¢97* T74.2640.17" 61.06+0.08" 75.814+0.46 48.98 41 74 62.104+0.95
BERT 62.91;&0,50* 70.97:&0,33* 73.59:&0‘10* 60.90:}:1_09* 80.70:&0.50 56.7510_33 60.3810_67
BERT+MLM | 67.7140.29 73.6510.14 75.3910.16 76.8640.24 80.904+0.11 66.1140.35 64.57+0.50
SimCSE 60.58+0.13 67.264+0.24 73.69+0.15 67.69+0.06 80.414+0.44 53.9140.36 58.7540.24
SPECTER 7(].40:|:0_25 74-19:t0.18 75-61:t0.67 75.3810_22 79.42:|:0.34 542(]:&0.67 66.58i0_23
GIANT 73.0840.06° 74.59+0.28* 76.1210.16* | 79.8240.07" 82.0310.65 67.241027 70.3210.27
GLEM - 73.59+0.40 . - 82.02410.62 - 68.2540.18
GRENADE 73.1640.12 75.0040.19 76.2140.17 81.58410.18 83.114056 | 68.114034 70.89410.34

Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-Attributed Graphs
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| am currently an associate professor at Mila-Quebec Al Institute and HEC Montreal. Prior to that,
| was a Postdoc at University of Michigan and Carnegie Mellon University. | also worked at
Microsoft Research Asia as an associate researcher between 2014-2016. For more information,

\

AJ1l Shi Chuan.

Ph.D., Professor
Founder of Graph Data Mining and Machine Learning Lab (GAMMA Lab)
School of Computer Science

(s

please check my CV.

Hiring!! Our group has multiple PhD positions next Fall. In particular, we are looking for students
to work on the following projects:

Beijing University of Posts and Telecommunications
P.0.Box 179, Beijing, P.R.China.100876

Tel: (86) 10-62283698

Email: shichuan (at) bupt.edu.cn

WeChat Official Account: GAMMA Lab

[Download CV in pdf] [ V)% L]

-

D Jian Tang ® Geometric Deep Learning, Graph Neural Networks for Drug Design

Assistant Professor, e Equivariant Neural Networks for Molecular Simulation

HEC Montreal . . .
ontreal ) e Knowledge Graph Construction and Reasoning, Natural Language Understanding
Montreal Institute for Learning 2
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Jiliang Tang

Jiliang Tang is a University Foundation Professor in the computer science and engineering department at Michigan State University. He got Chao Huang

one early promotion to associate professor at 2021 and then a promotion to full professor (designated as MSU foundation professor) at
2022. Before that, he was a research scientist in Yahoo Research and got his PhD from Arizona State University in 2015 under Dr. Huan Liu.
His research interests include graph machine learning,trustworthy AI and their applications in education and biology. He was the recipient
of various awards including 2022 AI's 10 to Watch, 2022 IAPR J. K. AGGARWAL Award, 2022 SIAM/IBM Early Career Research Award,
2021 IEEE ICDM Tao Li Award, 2021 IEEE Big Data Security Junior Research Award, 2020 ACM SIGKDD Rising Star Award, 2020
Distinguished Withrow Research Award, 2019 NSF Career Award, and 8 best paper awards (or runner-ups). His dissertation won the 2015
KDD Best Dissertation runner up and Dean's Dissertation Award. He serves as conference organizers (e.g., KDD, SIGIR, WSDM and SDM)
and journal editors (e.g., TKDD, TOIS and TKDE). He has published his research in highly ranked journals and top conference proceedings,
which have received tens of thousands of citations with h-index 95 (Google Scholar) and extensive media coverage (Links).

Assistant Professor

Data Intelligence Lab@HKU

Department of Computer Science & Institute of Data Science

University of Hong Kong (HKU)

SPARTANS

-W&. L.

'@’ chaohuang75@gmail.com ® Google Scholar %’ Lab Github
Email: tangjili at msu dot edu

Office: Engineering Building 2148

Mail: 428 S Shaw Ln Rm 3115, East Lansing, MI 48824

Lab: Data Science and Engineering Lab (Webpage, and Twitter )
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Muhan Zhang (FKHCER)

Email: muhan “at” pku “dot” edu “dot” cn
Google Scholar, Github, Lab github

Biography

Muhan is a tenure-track assistant professor and PhD advisor in the Institute for Artificial
Intelligence of Peking University . Before coming back to China, he was a research scientist
in Facebook AI (now Meta AI) working on large-scale graph learning systems and problems
(2019-2021). He received his PhD degree in computer science from Washington University
in St. Louis (2015-2019), advised by Prof. Yixin Chen. Before WashU, he obtained a
bachelor degree from Shanghai Jiao Tong University as a member of the IEEE pilot class,
where he worked with Prof. Ya Zhang and Prof. Wenjun Zhang.

Jia Li

Assistant Professor

Research

Data Science and Analytics Thrust

The Hong Kong University of Science and Technology (Guangzhou)

b K5 KAUH

Office: W2 605 Email: jialee (at) hkust-gz (dot) edu (dot) cn

Zhangyang (Atlas) Wang

XTX Markets & University of‘Tex?s at Austin % /}éyﬂ_ ¥ k? _75',},&
£ utexas.edu BB FHEPHLITIGIE - HTT
ML Sparsity Generative Al LLM Al4Finance
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