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Introduction

* Real-world graphs are rich with textual information.

https://commons.wikimedia.org/w/index.php?curid=37135596 item E item D
Knowledge Graph Co-purchase Graph
* Graph + LLM has great potential \
. . . Text-Attributed
o Rich semantic understanding from LLMs Graphs (TAGs)

o Few-shot and zero-shot transfer learning capabilities


https://commons.wikimedia.org/w/index.php?curid=37135596
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Related Work

Graph verbalization

’------------------------\

You are a brilliant graph master that can handle anything
related to graphs like retrieval, detection and classification.

<?xml version='1.0' encoding="utf-8'?>
<graphml xmlns="http://graphml.graphdrawing.org/xmlns">
<key id="relation" for="edge" attr.name="relation" attr.type="string" />
<key id="title" for="node" attr.name="title" attr.type="string" />
<graph edgedefault="undirected">
<node id="P357">
<data key="title">statistical anomaly detection via composite hypothesi models</
data>
</node>
<node id="P79639">
<data key="title">universal and composite hypothesis testing</data>
</node>
<edge source="P357" target="P79639">
<data key="relation">reference</data>
</edge>
</graph>
</graphml>

What is the clustering coefficient of node P357 ?

’---------

Node P357 has 4 neighbors, where each of which
are about anomaly detection with statsitical
models. The whole graph contains 5 nodes and 10
edges and describes the citation relations. .......

)

LLMs

-----_,

Generate
Final Output

>

1 Generate
'lew Contexts

’

Guo, J., Du, L., Liu, H., Zhou, M., He, X., & Han, S. (2023). Gptdgraph: Can large language models understand graph structured data? an empirical evaluation and benchmarking. arXiv

‘_----------------------—

preprint arXiv:2305.15066.

=>

GPT4Graph (Guo et al, 2024)

The clustering coefficient of a node is the ratio of the
number of closed neighbors and all possible closed
neighbors. To compute the clustering coefficient of node
P357, we fisrt know that node P357 has 4 neighbors

that is there are totally 6 possible triangles between
them. Among these neighbors, there are only 2 of them
connected with each other, which forms one triangle.
Thus the clustering coefficient of node P357 is 1 / 6 =
0.167.

4




LT
o SMU
e

UNIVERSITY

Related Work
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Motivation: Semantic-Structural Gap

Instructor . .
You are a brilliant graph master that can handle anything .
related to graphs like retrieval, detection and classification. e
® ®
2 ®
o o /
itle">universal and composite hypothesis testing</data> /
!
iAot : S Text
' . + Attributes Molecular graph
‘ Cardiovascular
complications are
What is the clustering coefficient of node P357 ? the primary...
Graph Verbalization Projector-based Alignment Transfer learning
Structural information loss High computational cost Poor generalization

Continuous vs. Discrete
Graph embeddings < LLM tokens
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Tokenization of Graph

Title: ImageNet
Abstract: Large

scale.. Tokens contain both
semantic and
structural information

Title: BERT
_ A.bstr.act: Title: Attention
Bidirectional... Abstract: q attention, ML, Al ... ﬁ LLM
Transformer...
Title: GNN
Survey

Abstract: Graph
neural...




Tokenization of Graph

Embedding |
Space I
|
|
8 W 95
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e, ¥ I
q(z|x) £ CNN |
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z,(x) 7 ;2 z:&) : z(x) ~ q(z|x)
Encoder Decoder
VQ-VAE (van den Oord et al., 2017)

* VQ-VAE * Technical Challenges for Graphs
o Learn discrete codebook of semantic info o No Natural Tokenization Structure
o Map continuous features to discrete tokens o Hard Assignment Problems
o Enable generation and compression o Structure-Semantics Dilemma

Van Den Oord, A., & Vinyals, O. (2017). Neural discrete representation learning. Advances in neural information processing systems, 30.



Proposed Method

% |
1
Text Attrs R ——> —>» X :
PLM :
Tokens 7 ——> — £ ! tokens(x)
\ LLM
| zf &
1 o
(a) Codebook Construction 1
1
e
Soft Assignment ,
| :
z Ze I I Class-specific Codebook
6(') N\ Lrec 1
. %
' 28 :
H 1 €c+E €
Masklng Shared : c1fca. . e
\ Y ; ¢ : ‘L ¢ .
p
T r : ’ bS—>p() > Lpcontrast
—>e(") N, contrast ! Hard Assignment
Fusion
(b) Pre-training (d) Prompt Tuning

% Frozen ¢ Training @ Query @ Support PLM Sentence Transformer

Soft Tokenization of Text-attributed Graphs °
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Self-supervised Pre-training
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Flexible Inference
 With LLMs

o Extract top-k tokens from code
distribution

o Few-shot: Include support examples
in prompt

o Zero-shot: Direct LLM classification

e Without LLMs

o Linear probing on frozen embeddings
o Direct comparison with traditional
methods
* Graph Prompt Tuning

o Lightweight adaptation for domain
transfer

(c) Inference

---------
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Inference with LLM

System Prompt: You are a node classifier. Given a list of tokens representing a node’s

features, predict its class from the following options: [Research Paper, Dataset, Software].

Few-shot examples: Node tokens: [research, methodology, experiment]| Class: Research

Optional, remove for zero-shot inference
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Experiments

* Few-shot node classification
e /Zero-shot node classification
e Ablation Studies

* Task Generalization
o Link prediction
o Edge classification
o Subgraph classification



Few-shot Node Classification

Pre-train data Method LLM _ Target data. ’ ’
Cora  Cora Full CiteSeer PubMed WikiCS ogbn-arxivogbn-products
GCN X | 7610212 82.8lirso 59.95s00: 66.35:0m 705582 76.6lurs  80.08sra
Same as target
GAT X 79.60s50 84.72:7ss 60.85:07 67.40:m1s 77.9557s 80.80sr00  81.94uror
Raw Text V| 634000 TL66srss 62.10:0m 85.00:0s 7715000 54.7dwos  87.58:u |
No pre-train || Raw Feat + Quantization | v/ | 54.85:02 73.74se10 56.40:0s 48.30:7m 73.40s010 63.75s00 658400 |
Raw Feat + Lincar Probing| X |70.25:n 8120:s 63.00:0m 683002 780510 8305w  77.53m
DGl X | 770550 83321 63.855m 68.20:75r 78651000 81.30ss5  79.90s720
GraphMAE?2 X | 7770505 84.T4irsz 652558 66.35:000 80955000 80.04sss  73.93urs1
GPPT X 271640 67.90027 28.66:700 21.53:100 29.00:808 36925000  24.32u510
G2P2 X | 74.90:r0 8110741 59.65:00 67.85:500 69.90s105 68.7550010  70.97:1000
Prodigy X 395007 60.80s0ms 42.90:50: 43.68:00 43.25:000 47.85i0s  30.70s501
Cora Full OFA X | 459505 56.95sm 3680550 49.40-u7 46452060 50.80sa7s  33.60e26
(T STAG 7 V 6760507 80.95:sm 62450 545008 79.20css 71.565ms  69.34500 |
|+ Linear Probing X | 7850556 86.0457 66.70:5.5669.00:05184.05:575 82.99:010  79.624712 |
|+ Prompt Tuning v | 7330am 8520w 65.40:50 66.20:5m 7945:rs T9.18um 739w |
+ Prompt Tuning* X [78.65.5.0:86.66.r0r 65.80:70s 68.25:050 83.55:50 83.5Tisa0 80.48.0s0 |

————————————————————— i ——— — ————————————————————————————————————— -




Zero-shot Node Classification

Target data

Pre-train data Method LLM Cora Cora Full WikiCS ogbn-arxiv
No bre-train Raw Feat + Q | ¢ 47.10+5.98  60.33+10.88  70.40+8.88  25.48+5.54
p Raw Feat + C | X | 62204845 77234896 73.85+802 72.85+10.43
G2P2 X 60.45+7.58 64.29+11.56 50.25+8.43  19.66+6.38
OFA X 20.30+2.93  23.854358 21.45+399  17.60-+3.74

Cora Full e Ty Bt B <

STAG v i 48.05+6.15  62.63+11.70 76.25+8.48 26.01+7.52 |

STAG + C X [166.55+7.48 82.90+9.52 75.15+781 74.23+9.35]

------------------------------------------------- 4

True zero-shot with no labeled data from source domain
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Pretrain Once, Apply All (Few-shot setting)

LLM Cora Full WikiCS ogbn-arxiv  CiteSeer

LLaMA2-7B 76.66+7.79 79.00+7.96 65.33+10.46  54.35+9.54
+ PT 81.05+7.77 79.90+7.69 77.42+1048 58.45+8.61
LLaMA2-13B | 77.62+8.67 79.80+7.30 69.38+8.83 54.60+8.79
+ PT 81.95+7.06 80.45+7.66 77.7549.01 57.30+9.20
Vicuna-7B 74.12+6.47  80.30+7.02 64.84+9.38 49.25+6.72
+ PT 80.77+6.75 80.10+7.39 76.95+9.43 H2.25+8.23
Vicuna-13B 77.76+8.58 79.35+7.98 66.03+9.34 52.25+6.39
+ PT 81.38+7.65 79.25+7.50 75.65+9.59 53.00+8.16
LLaMA3-8B 79.224+8.45 78.40+8.05 70.37+8.95 61.25+7.14
+ PT 82.884+8.09 78.35+7.61 76.71+1020 64.20+7.39
GPT-40-mini 79.25+8.42 81.05+6.80 71.3249.13 61.90+7.22
+ PT 83.04+7.84 81.90+6.16 77.51+9.58 65.90+7.04
GPT-40 81.40+7.41 81.45+7.10 7T72.75+8.83 62.95+6.61
+ PT 83.28+7.06 81.60+7.19 T78.85+9.74 65.90+7.03

Larger models perform better

Newer architectures show
advantages

Prompt tuning provides
consistent gains
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Ablation Studies

LLM Inference

Linear Probing

Method Cora Full  WikiCS  ogbn-arxiv | Cora Full  WikiCS  ogbn-arxiv
Full Model | 80.95+8.02 79.20+8.41 71.56+10.32 | 86.04+6.70 84.05+5.78 82.994i8.10
— Fusion 37.49+6.66  29.10+9.65 29.4948.01 46.73+6.66  35.05+8.61  34.12+6.79
-Lir 69.74+11.04 57.95+11.48  59.79+8.32 81.83+8.33  75.05+7.21  76.18+9.21
= Soft 37.07+8.01 31.5548.98 28.21+7.63 67.77+9.89  61.35+8.81 50.9049.53

* All components contribute to performance
* Feature fusion is most critical
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Task Generalization

Zero-shot Link Prediction

|
|
I
Method Cora | ogbn-products !
|
LLaGA 87.35 92.99 I 5-way 5-shot Subgraph Classification
STAG 63.00 92.65 :
STAG (non-LLM) | 93.20 96.85 : Method | Cora | Cora Full | Arxiv
: Raw Feat + Quantization | 67.75 ‘ 78.32 ‘ 65.18
oy . I STAG 69.60 | 79.25 | 68.41
N-way 5-shot Edge Classification |
|
|
Method WNI18RR | FB15K237 :
OFA 34.35 19.55 i
STAG 41.75 56.60 :
STAG + Linear Probing 58.30 74.80 :




Conclusion

* Soft Tokenization for TAGs
o Conducts vector quantization on TAGs

* LLM-Agnostic Framework
o seamlessly integrates with any LLM architecture, or without LLM

* Superior Performance and Efficiency
o outperforms existing methods across diverse domains

* Few-shot and Zero-shot Transfer Learning
o achieves true zero-shot capability without source domain labels
o advancing towards Graph Foundation Models



Our TPAMI Position Paper on Graph Foundation Models (GFMs)

X nihers

Beijing University of Posts and Telecommuniecations

Graph Foundation Models:
Concepts, Opportunities and Challenges

Jiawei Liu*, Cheng Yang*, Zhiyuan Lu, Junze Chen, Yibo Li,

Mengmei Zhang, Ting Bai, Yuan Fang, Lichao Sun, Philip S. Yu, and Chuan Shi EAMMA
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Abstract—Foundation models have emerged as critical components in a variety of artificial intelligence applications, and showcase
significant success in natural language processing and several other domains. Meanwhile, the field of graph machine learning is
witnessing a paradigm transition from shallow methods to more sophisticated deep learning approaches. The capabilities of foundation
models in generalization and adaptation motivate graph machine learning researchers to discuss the potential of developing a new
graph learning paradigm. This paradigm envisions models that are pre-trained on extensive graph data and can be adapted for various

graph tasks. Despite this burgeoning interest, there is a noticeable lack of clear definitions and systematic analyses pertaining to this UNIVERSITY

new domain. To this end, this article introduces the concept of Graph Foundation Models (GFMs), and offers an exhaustive explanation

of their key characteristics and underlying technologies. We proceed to classify the existing work related to GFMs into three distinct I I

categories, based on their dependence on graph neural networks and large language models. In addition to providing a thorough LE IG

review of the current state of GFMs, this article also outlooks potential avenues for future research in this rapidly evolving domain. UNIVERSITY.

Index Terms—Graph Foundation Models, Large Language Models

UNIVERSITY OF
ILLINOIS CHICAGO

Jiawei Liu, Cheng Yang, Zhiyuan Lu, Junze Chen, Yibo Li, Mengmei Zhang, Ting Bai, Yuan Fang, Lichao Sun, Philip S. Yu,
and Chuan Shi. Graph Foundation Models: Concepts, Opportunities and Challenges. TPAMI 2025
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