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Tutorial Outline

Time Section

1:00pm ~ 1:30pm  Section 1: Introduction

1:30pm ~ 2:00pm  Section 2: Graph Pre-training for Graph Prompting
2:.00pm ~ 3:00pm  Section 3: Techniques in Graph Prompting
3:00pm ~ 3:30pm  Coffee Break

3:30pm ~ 3:45pm  Section 4. Summary and Future Directions
3:45pm ~ 4:00pm  Section 5: Q&A
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Tutorial Website & Survey Paper

Tutorial website
Slides & more information about this tutorial

https://www.xingbofu.com/tutorials/kdd25-graph-promptng

Graph Prompting for Graph Learning Models: Recent Advances and Future Directions

Xingbo Fu, Zehong Wang, Zihan Chen, Jiazheng Li, Yaochen Zhu, Zhenyu Lei, Cong Shen, Yanfang Ye,

Chuxu Zhang, Jundong Li
https://arxiv.org/abs/2506.08326
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https://arxiv.org/abs/2506.08326
https://www.xingbofu.com/tutorials/kdd25-graph-prompting
https://www.xingbofu.com/tutorials/kdd25-graph-prompting
https://www.xingbofu.com/tutorials/kdd25-graph-prompting
https://www.xingbofu.com/tutorials/kdd25-graph-prompting
https://www.xingbofu.com/tutorials/kdd25-graph-prompting
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Modeling Real-World Data as Graphs

Agraphg = (V,&£,X)
e

= V={v, vy, vy} the node set
= £ CV XV:the edge set

= X € RVXF: node feature matrix

= A € {0,1}Y*N: adjacency matrix Agraph g = (V,€,X)
Tasks for graphs
InhibitRep: 1
. ‘\.Fnud:‘ S|M'LAR_T?. ’.\ InhibitRep: 1 .././‘°\~. InhibitRep: 0
R i Fraud: 1 .‘ ‘_. InhibitRep: 0 ¥4 '. ®
¢ \ Fraud:o 4 \ \..7 0\./° . : H \‘/
‘ 9 F21 . . ./.,’.\. “a P N \
.|. Node-level tasks Edge-level tasks Graph-level tasks
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Graph Representation Learning

Learn expressive graph representations by training graph learning models

= Graph embeddings can be used for downstream tasks

e -
* ® I B
— @ ® —
H o
. . hz °
hy

A graph G = (V,&£,X) Graph learning model f Low-dimensional representations

gﬁ August 3-7, 2025
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Graph Learning Models

Graph neural networks (GNN)

= |teratively aggregate information in the neighborhood via the message-passing mechanism

C
@ = concat/avg /.
hs h
’ hidden
@ layers
input layer output layer
Graph convolutional networks (GCN)' Graph attention networks (GAT)?

.\'ml><><|41/.
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[1] Kipf, Thomas N., and Max Welling. "Semi-supervised Classification With Graph Convolutional Networks." ICLR 2017.
<> [2] Velickovi¢, Petar, et al. "Graph Attention Networks." ICLR 2018.
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Graph Learning Models

Graph Transformers (GT)

= Apply Transformer architectures to graph data

vy Uy Uz Uy Us

. Input graph
MatMul Vg

Structure extractor

Transformer layer

t v3
SoftMax o
Vy
ol vy
Scale Spatial Encoding
v >
] I ]
Linead [Linead [Linea] — "
v,
@ K V] 4
Us
Edge Encoding

Extract k-hop subgraphs

Update node representations

Feed-forward network

T
Multi-head self-attention

:
0 0 W

A

HMIO7T] © e

Node Feature Centrality Encoding

Graphormer!
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Structure-aware Transformer (SAT)?

:_ [1] Ying, Chengxuan, et al. "Do Transformers Really Perform Badly for Graph Representation?." NeurlPS 2021.
4] <> [2] Chen, Dexiong, et al. "Structure-Aware Transformer for Graph Representation Learning." ICML 2022.
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Traditional Training Paradigm for Graph Learning Models

End-to-end training

= Optimize graph learning models based on abundant label information

o

C
. h2 °
hy
Agraph G = (V,&£,X) Graph learning model f Node representations

N

A 4

gﬁ August 3-7, 2025
% KDD2¥25

Update model parameters

Lpr

Loss function

Label information



Limitations of Traditional Training Paradigm

Rely heavily on label information Poor generalization
= Sufficient labeled graph data may be = Graph learning models cannot be well generalized to
inaccessible in practice other downstream tasks
» E —— | Task1 | V
L 9
l S » > Task 2 X
. L 9
Insufficient label information Graph learning model Tasks3 X
\“Dg"/ August 3-7, 2025
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Graph Pre-training via Self-supervised Learning

Learn generalizable graph embeddings without label information

n Pre-training stage Trainable # Frozen
» Graph learning models are learned by solving hand-crafted o >T/ 2.8
.E K —_ @ _ K (, /,
auxiliary tasks Lpr s o o~
. . . . . T . Input graph Pre-training graph Pre-training
° (¢))
Supervision signals are acquired from graph data itself £ eowex eiing redEl ¢ task Lo
= o 2
= Downstream tasks i K>r/ : K}/
b e » —_—
» Pre-trained graph learning models directly generate graph c —@ —
. % Input graph Pre-trained graph Downstream
embeddings used for downstream tasks Lpg Ol Gg=WEX) learning model f task Lpt

LET August 3-7, 2025
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Objective Gap between Pre-training and Downstream Tasks

Example: edge prediction — node classification

Phase Pre-training stage Downstream stage
A » A »
Pl € A, 7?2 _©
N /) \.‘_’é-;}/ /.
. Dad e
lllustration / A m'\l / ‘Q’\ l
p\
o«
Task Edge prediction Node classification
Involved embeddings A pair of nodes A single node
Prediction Edge probabilities Node class probabilities

I
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The “Pre-training, Prompting” Scheme

Trainable # Frozen Prompt

2,78
T —EE ¥
S o

Input graph  Pre-training graph  Pre-training
G=W,EX) learningmodel f  task Lpr

VLV

Input graph  Pre-trained graph Downstream
G=WEX) learningmodel f  task Lpg

T : |

Learnable prompts P

Two-stage adaptation of pre-trained graph learning models
= Stage 1: graph pre-training via self-supervised learning
» A graph learning model f is pre-trained on a pre-training

task Lpt

= Stage 2: graph prompting for adaptation

» Adapt the pre-trained graph learning model f for the

downstream task Lyt by learning extra prompts P

Graph Prompting Graph Pre-training

» The pre-trained graph learning model f keeps frozen

o y The “pre-training, prompting” scheme
v August 3-7, 2025 for graph learning models
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Comparison between Graph Fine-tuning & Graph Prompting

( ® Tuned Downstream Tasks \
Graph fine-tuning
. . . Pretrained &
= Adapt pre-trained graph learning models by further tuning model parameters GNN
« Tunable parameters: the whole graph learning model Input aTﬁ -
* Unchanged part: graph data /J T
W,
( Downstream Tasks \
Graph prompting
Pretrained
= Adapt pre-trained graph learning models by learning extra prompts / G‘}N \
:
* Tunable parameters: additional prompts w Gm}
+ o
» Unchanged part: the pre-trained graph learning model iy ¢ .
\ J
\“D<><"'/ August 3-7, 2025
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Prompting in NLP and CV

Learning to modify the input data with extra trainable prompts

= Prompting in NLP: learn extra trainable tokens

( learnable context : \‘

I
1

]

1 pusite : [CLASS] . > text encoder

1 /
]

______________ A

airplane butterfly |--- pizza

text
features

similarity
scores

\ 4

image encoder

image k
features maximize the score for the
ground-truth class

e Context optimization (CoOP)’
SnRsla August 3-7, 2025
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Prompting in NLP and CV

Learning to modify the input data with extra trainable prompts

= Prompting in CV: learn extra trainable patches

Backbonei i
Input

(a) Visual-Prompt Tuning: Deep (b) Visual-Prompt Tuning: Shallow

Visual prompt tuning (VPT)'

[ ] .l. L ]
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Challenges in Prompting for Graph Learning Models

Trainable # Frozen Prompt

2,8
Oy — ¥
S o

Input graph  Pre-training graph  Pre-training
G=W,EX) learningmodel f  task Lpr

VLV

Input graph  Pre-trained graph Downstream
G=WEX) learningmodel f  task Lpg

T : |

= Should be universal for different downstream tasks Learnable prompts P

Non-Euclidean graph data

= |mportant structural information in graph data

Pre-training compatibility

» Pre-training strategies: generative/contrastive/...

= Should be compatible with various pre-training strategies

Downstream task universality

Graph Prompting Graph Pre-training

= Downstream tasks: node-level/graph-level/...

o y The “pre-training, prompting” scheme
v August 3-7, 2025 for graph learning models
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Where Can We Design Prompts for Graph Prompting?

4 \
i -
® ® I B
_— ¢ o —_— —_— LpT
e
. . hz *
. ) hl

Agraph G = (V,&£,X) Pre-trained graph learning model f = Node representations Downstream task
Data level Representation level Task level
35
%,[%D QIR August 3-7, 2025
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Key Techniques in the “Pre-training, Prompting” Scheme

Section 2 Section 3
r—{ Graph Pre-training ] Feature-based Prompting
Localized Generation 1 '—>[ Data-level Prompting

Generative Methods ]4—‘

Insertion-based Prompting

Output Representation Prompting ]
r->[Representation-IeveI Prompting

Hidden Representation Prompting

Contextualized Generation

[The "pre-training, prompting" scheme]

[
[
| Globalized Generation
|
[

Contrastive Methods ]4—‘
Graph Augmentation
Link Prediction-based Prompting
Contrastive Pair Selection v ,->[ Task-level Prompting

Multi-task Methods
](_, { Graph Prompting }-—‘

Similarity-based Prompting

%[%% August 3-7, 2025
7
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Section 2
Graph Pre-training for Graph Prompting

Zehong Wang
PhD Candidate

S8 | University of Notre Dame
.\'|>D<§A'/. I
O VO August 3-7,2025
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From Supervised Learning to Self-supervised Learning

Generative Pre-training’

= Generate the masked parts

. g NSP Mask LM Mask LM NLI /NER / SQuAD arEn EN
- Masked Token Prediction C P > \ /M//(/ StartEnd Sp

) s ) - (] Ce )] GlCse]r] - (]
. . C ey - Th T[SEP] T ) - Ty c T Tn T[SEP] T - T
 Next Sentence Prediction ) N |
- |- -
BERT IR .......’ BERT
| EN || E[SEP] || E1' | | EM! | | Eeis “ E1 | \ EN || E[SEP] H E1, | | EM‘ I
—{ 11 LT 11 1 —3 17 L] L] L J L7
@m (TnkN ][ [SEP] ][TnH ] [TnkM] @m (TnkN][ [SEP] ]( Tok 1 ] [TnkM 1
Masked Sentence A Masked Sentence B Question Paragraph
P *
Unlabeled Sentence A and B Pair / \\\ Question Answer Pair j
Pre-training

Fine-Tuning
~ .lo ./
O 07 August 3-7, 2025
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ZO K D D 2“ 5 [1] Kenton, Jacob Devlin Ming-Wei Chang, and Lee Kristina Toutanova. "BERT: Pre-training of Deep Bidirectional Transformers
4] for Language Understanding.”" NAACL 2019.
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From Supervised Learning to Self-supervised Learning

Contrastive Pre-training’

= Pull positives together and push negatives apart for discriminative representations

Maximize agreement

z Zj
ol o)
h; <— Representation —> h;

(f) Rotate {90°,180°,270°} (g) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering

Contrastive learning’ Data augmentation for harder tasks

. KDD?2

August 3-7, 2025

2% 5 [1] Chen, Ting, et al. "A simple framework for contrastive learning of visual representations." ICML 2020.




From Supervised Learning to Self-supervised Learning

Multi-Task Pre-training’

= A single model to optimize multiple tasks, improving model capability and generalization

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

"Das ist gut.“]
course is jumping well."

[ "cola sentence: The

"not acceptable“]

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

['stsb sentencel: The rhino grazed

"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."

aBe
%{% 4% August 3-7, 2025
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K D D 2“ 5 [1] Raffel, Colin, et al. “Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer.” JMLR 2020.
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Pre-Training on Graphs

We need to carefully design pre-training tasks on graphs!
How to design pre-training tasks on graphs?
= Can we directly apply pre-training tasks on CV and NLP to graphs?
» Image/Textis in the Euclidean space

« Graphisin the non-Euclidean spbace

X 3 X 2 [MASK] is impossible. |
» ) '
Nothing is impossible.

' I'm going outside.
@ ') ‘ ) ==

I>Z£;<‘ f ' I'll be back soon.

). i z: ' I got up late.

-|~ Toy examples of different pre-training tasks in CV, NLP, and graph learning’

%[% é August 3-7, 2025
K D D 2 5 [1] Liu, Yixin, et al. "Graph Self-Supervised Learning: A Survey." TKDE 2022.
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Taxonomy of Graph Pre-Training Techniques

Graph Pre-training

2

3
[%DO[‘:HE August 3-7, 2025
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,.| Generative Methods

’_J"[ Localized Generation }

"’{ Contextualized Generation ‘

"’[ Globalized Generation }

*[ Contrastive Methods

“’[ Multi-task Methods

Graph Augmentation ‘
} Contrastive Pair Selection }




Generative Methods

Intuition: Corrupt the graph and reconstruct the corrupted parts

= Three types of generative methods

Input Graph Reconstructed Graph
» Localized generation 0O 0 ) O 0p )
oo : o~ \
« Contextualized generation =\ | _Reconstructionloss g
\/ N\ o \/ N\
. . . — ~NO
Globalized generation o O~ oo O
{ Perturbation T
®.. 0 )
OO~ e Pretext |
\W \ — | Encoder | _ = Decoder
\ - / ., om fo Py
B A —
Perturbed Graph Representations
SIe An illustration of generative methods for graph pre-training’

.\'m '/-

. KDD

August 3-7, 2025

2% 5 [1] Liu, Yixin, et al. "Graph Self-Supervised Learning: A Survey." TKDE 2022.




Generative Methods

Intuition: Corrupt the graph and reconstruct the corrupted parts

Input Graph Reconstructed Graph
EED\EED \ ° S . .

/=  ReconstructionLoss T/ G: the Orlglnal graph

\/ /N | ~ A \\_ @D _

o O o~ G: the corrupted graph

4 Perturbati
T ] 6: model parameters
— | Encoder 4 _ — g';iﬁz:
fo o

Perturbed Graph Representations

Reconstruction .
Optimize the loss function: Lyt = mein L ( f(G; Q)L p(g)) / -------------

Z \
'|2|A/. __________ ‘4 ___________________________

N>
w August 3-7, 2025  Encode corrupted graph | | Define reconstruction target

N[
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Generative Methods

Localized generation: reconstruct node features
= GraphMAE?": Self-Supervised Masked Graph Autoencoders

- Corruption is to mask the node features ¢ = mask,;,4.(G)

- Encoding £(G; 0) is to encode the corrupted graphs twice . __

 Reconstruction is to reconstruct the masked|node features

————————————————————————— I '————————————————————————————— _——— — — — — — /|
' ! Re-mask I | Feature Reconstruction |
Mask : : [DMASK] |
Node code . | Reconstructed Features | o o .
Features 1 : : 2
! 2, ®
— &> 3 & > KSR ©
[MASK] : : Za
1! ! x4 o (4)
1 |
_________________________ : e e e e e L T T T T T Scaled Cosine Error(Z;, X;)
\ e— — — Encoding -— —e
N e ‘ L | I _Link Reconstruction |
»! - L 1
oo GAEs,  ______ GNN Encoder S MLP or Propagation i7"l _ - FeatRecon. with MSE |
» o
.\B /-
SO0y August 3-7, 2025

:_ZO [1] Hou, Zhenyy, et al. "GraphMAE: Self-Supervised Masked Graph Autoencoders." KDD 2022.
4]
nw [>

ole



Generative Methods

Contextualized generation: reconstruct edges

= ARVGA': Adversarially Regularized Graph Autoencoder for Gra bedding
@ \ \\‘
| @ @ | Z~q2) 2
11 Bl JE
e &
! Fncoder S@; Fake
Z'~p(2) \
Rfl (1) Real
A l i @ @ s [\ Glide 10 a better
T ' distribution !

. KDD?2
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2*2 5 [1] Pan, Shirui, et al. "Adversarially Regularized Graph Autoencoder for Graph Embedding." IJCAI 2018.




Generative Methods

Contextualized generation: reconstruct edges

= Many graph prompting methods adapt contextualized generation for pre-training

4
lnput graph Target node pair Linking 6=1
Pre trainin 9 p probability 0 Target node READOUT
v Pretext loss e . O . - / \\ J \\
Parametersltransfer § E '.‘ @ ", {‘ ': - l‘ :.
___Token pairs %) B O . . )/’ % S
- .S = ’.,’__ :: ::____,. . :’____: s
GPPT! § ) O s O O
S S— 51 — ® i~ i
el e (@) Pre-training with 2 S -3 ANl eUYe ,
’ “  link prediction ’ R 2 e e Tt
% o - \SV11 2 N 51’12 . A8
: —_— e e e e e e e — | - ‘:’ ' g ,r A ' On
; Sim? ‘ E | J— iaadt @
\\ / \\ S A ,’
. T Saoas Smooe® )
I GraphPrompt? GraphPrompt+3
LA L
AN <> A% . R . . . .
<O Ov August 3=7,2025 [1]Sun, Mingchen, et al. "GPPT: Graph Pre-training and Prompt Tuning to Generalize Graph Neural Networks." KDD 2022.
:—Z [2] Liu, Zemin, et al. "Graphprompt: Unifying pre-training and downstream tasks for graph neural networks." WWW 2023.
.4/1 <> [3] Yu, Xingtong, et al. "Generalized Graph Prompt: Toward a Unification of Pre-Training and Downstream Tasks on Graphs."
.

AR TKDE 2024.



Generative Methods

Globalized generation: reconstruct graph-level property

= Corruption: distance-based edge masking and random node feature masking

= Reconstruction: reconstruct the edit distance between graphs

’E\:
, I
Y
v
il
]

Go(Original Graph)

Edge
Deletion

Gpd=1
N!% l 7
S
VAN
4]
%

ole

Edge
Addition
——-

Gyd =1

17 August 3-7, 2025
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Node
Masklng

The workflow of D-SLA

[1] Kim, Dongki, Jinheon Baek, and Sung Ju Hwang. "Graph Self-supervised Learning with Accurate Discrepancy Learning."
NeurlPS 2022.

kOther graphs _

in the same batch

Buipoouz ydeus

Original Perturbed Perturbed Perturbed
t 1 1 t

Graph Discriminator

Distance-based Learning




Generative Methods

Others

Arxiv (# Nodes = 169,343)

OUR
72 SOTA Generative Graph Pretraining Method

= Scalable Graph Generative Modeling via Substructure Sequences (G2PM)

| |
| |
: @ GCN® :
o~ 71
 Follow the general transformer pretraining on other domains, like CV and NLP | B e s |
=
I g © I
(a) Textual Generative Modeling via (¢) Graph Generati M : o ° ® () :
atlv ® 05M M 30M 60M
Word Sequence Substructure Sequeencm‘gmg via | 1 Million 10 Million |
e ( urs) L Number of Parameters I
The dog sat Model Scaling
on the mat.

Products Arxiv
(# Nodes = 2,449,029) (# Nodes = 169,343)

(b) Visual Generative Modelmg via
Patch Sequence

e BEAl .

f«‘ = | Visual Transformer (VIT,
VQGAN, etc.)

/. ~. 20

78 =0=Qurs pr
=®= GraphMAE 69
=o= BGRL

=®= GraphMAE
=e= BGRL

1% 5% 10% 50% 100% 1% 5% 10% 350% 100%
Pretraining Data Ratio

August3-7,2025 77777 pata Sealing I

.lo f
K D D 2% 5 [1] Wang, Zehong, et al. "Scalable Graph Generative Modeling via Substructure Sequences." arXiv preprint arXiv:2505.16130
(2025).
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Contrastive Methods

Main steps

1. View augmentation

 Corrupt multiple graphs G,

2. Encoding

« Encode each view Hy = f(Gy,)

3. Contrast pairs

* Pick the contrastive pairs and levels

4. |Loss

« Maximize the similarity between positive pairs while

minimizing the similarity between negative pairs

\ml><><|41/.
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= corrupty (G).

Augmented Graph

1‘ Augmentation

IIEI\DI]\
T/
\ /\I:D:l

oo
ann EEEI j

Representations

Encoder‘
fe

Learned
Agreemen
Input
G':z:h Decoder

v
Target
ts Agreements

Contrastive
.

l, Augmen’ra‘rlon

o=
/ xy A Encoder .............
/ \ oo fe
Augmen’red Graph Representations
View Encoding Contrast
Augmentation Pairs

(Positive/
Negative)
A



Contrastive Methods

Augmentatlon

\ diffusion

i 3. Substructure, e.g., ego-
' graph sampling, random
! walk sampling, etc.

XB

. 1. Feature, e.g., node
 feature masking, node
 feature shuffling, etc.

\ 2. Structure, e.g., edge
\ perturbation, edge

'/.
VD ([
7o KDD

— - - - )

August 3-7, 2025
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Augmented Graph

Encoder
* llllllllllllll
’

Redr‘esenfaﬁons

Learned

| Contrast Levels:

' 1. Local-Local, e.g.,
' node-to-node contrast,
! node-to-subgraph

v

Target

Agreemen Agreements
Decoder Loss

(Positive/
Negative)

Po
S (1 B4
—
s
7 4| Encoder ||| ...
\ /\ oD fo
=0 s:ll
o
Augmented Graph Re;lr'esenfaﬁons
View Encoding Contrast
augmentation Pairs

"I contrast.

! 2. Local-Global, e.g.,

. node-to-graph contrast.
'3 Global-Global, e.g.,

1 | graph-to-graph contrast.



Contrastive Methods

Local-to-local

= Augment two views of a single graph, treating the same node in these graphs as positives and

the remaining as negatives

000
T~ T
/) | ow
g ooc o - U=f(G)
/ oco o G =t(G) = (X1,A)) N 000 _—
Shared
000 000 :

G=(X A \\_/ 000 000 4 A
\_, 000 GNN~
SN [ e 000 V=71(G2)
Gy =t

(G) = (X2,Az) et ©0°

- J
View Augmentation Encoding Contrast Pairs (InfoNCE)
o The workflow of local-to-local contrastive methods
.\'ml><><|41'/.
SOVEr August 3-7, 2025
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Contrastive Methods

Local-to-local

= Augment two views of a single graph, treating the same node in these graphs as positives and
the remaining as negatives

 GRACE': random node feature masking + random edge masking

« GCAZ centrality-based node feature masking + centrality-based edge masking

e o

|
: f(ul: Ul) - :
I eB(ui,Ui)/T :
. log '
) |
: P )ty NV P/t N Bl /e :
: . . k+i k+i I
| positive pair - y N ~ !
I I
I I

inter-view negative pairs intra-view negative pairs

.lo e
5OEE August 3-7, 2025
v

[1] Xia, Jun, et al. "SIimGRACE: A Simple Framework for Graph Contrastive Learning without Data Augmentation." WWW 2022.
<> [2] Zhu, Yangiao, et al. "Graph Contrastive Learning with Adaptive Augmentation." WWW 2021.
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Contrastive Methods

Local-to-global
= Contrast pairs: node embedding vs graph embedding

= Deep Graph Infomax (X, A) (H, A)

£ =

JINC S ey =N H

(X, A) (H,A)
______________________ View Augmentation ~ _ Encoding _ _______ ContrastPairs
.Augmentation l iLoss: . N M ) l
node feature shuffing + edge perturbation | 1 &= (S toc e ()] + St s (1-2(5.9)] )
o|e : - a I
'\“D<|><"'/' August 3-7, 2025 e

.

K D D 2% 5 [1] Velickovi¢, Petar, et al. "Deep Graph Infomax." ICLR 2019.
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Contrastive Methods

Local-to-global
= Contrast pairs: node embedding vs graph embedding
= Multi-view contrastive learning’ o e e : ) —
(T'//L:I % ) L?éy:1‘> GININ - MLP ooc:])/\/;; - MLP a Pool e
b T [0 ke B =
) %@ . Sha?_red Contirast. . Shared -
\\ﬁ @/@ > GININ MLP (0999 g = MLP Pool
=\, ST = G :>T\Y ~— E<: rO[1 > [
’\1 o oo @ wA hd o0 | ooooloooo ¢
C - J
View Augmentation  Encoding Contrast Pairs
__________________________________ : e
' ' Augmentation: " 1 oss: . | s
I . : | . _'Gf _',8 ﬁ o
' Graph diffusion + subgraph sampling L S e > 7l > [MI (hi ,hg) + MI (h h )]
___________________________________ I RANGR
| g€y i=1

'\“D<><"'/' August 3-7, 2025

A K D D 2% 5 [1] Hassani, Kaveh, and Amir Hosein Khasahmadi. "Contrastive Multi-View Representation Learning on Graphs." ICML 2020..
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Contrastive Methods

Global-to-global

= Contrast pairs: graph embedding vs graph embedding

= GraphCL'

' ' Augmentation:

Add & Delete Edge

ot Node & Ed
Drop Node & Edge & (6) ~
Input Graph - G \lo—>

Shared GNN-based Encoder

...... N

/"Node Dropping e GO

__________

7 AVAl
SO\ il th; [TProjection Z
7 || Head (") ﬂ%l

; 0 Maximize
§ Augmentations § I (O N Agreement

\[:] Embeddings

\

@dge Perturbation == A\

...... —_>///h7 Projection| | _,
11 i || Head g(-) | | %

View Augmentatlon Contrast Pairs

: Random node dropping + edge perturbation |

' Loss: exp(sim(zy, i, Zn,;)/T)

! ZN:_l 1t €XP(SIM(Zn 4, 2/ ) /T)

G o e e e e e e e e e M e e M M e e M M M e mmm M e e mmm M e e mmm G e e S G e e e e




Multi-task Methods

Jointly optimize multiple pre-training tasks

= [ntuition: inject diverse capability into a single model
(@.i) Node-level (a.ii) Graph-level (a.iii) Node-level +
pre-training only pre-training only Graph-level pre-training
3
(00 ° S || %
(/2] Y
[N .. “ . A . . "
3 A A
p A ¢ A\
Poolmg - Poolmg ' Pooling-
@ [ e Ly .*
[&] . i A 'v’
®© ——__ . / ..
o s ady .- i - ¢"
& - "o — =
gk == Graph embeddings ¢ A ® Node embeddings‘ ----- Linear classifier
Bl Multi-task methods'
SBOER August 3-7, 2025
:Z K D D 2% 5 [1] Hu, Weihua., et al. "Strategies For Pre-training Graph Neural Networks." ICLR 2020.
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Multi-task Methods

Jointly optimize multiple pre-training tasks

Intuition: inject diverse capability into a single model

= Node-level & graph-level Node-level | Graph-level

= Attribute prediction & structure prediction

. Supervised
Attribute Attribute Ai)tribute
prediction Masking Prediction
Structure Context gt.r“.cw!’a'

. L. "y imilarity
prediction | Prediction | 5y tion

Different pre-training tasks
L] .l. .
OOE% August 3-7, 2025

SHOE

ZO K D D 2“ 5 [1] Hu, Weihua., et al. "Strategies For Pre-training Graph Neural Networks." ICLR 2020.
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Multi-task Methods

Jointly optimize multiple pre-training tasks

Intuition: inject diverse capability into a single model

Input graph (a) Context Prediction (b) Attribute Masking
K-hop neighborhood GNN
7N
o XYC,N, 0,8, ...}
M et e
GNN
AN —— )GNN
Context graph ~ GNNUQ NS
= Context anchor nodes X = Masked node
LT
'QI%O é'v August 3-7, 2025
ZO K D D 2“ 5 [1] Hu, Weihua., et al. "Strategies For Pre-training Graph Neural Networks." ICLR 2020.
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Multi-task Methods

Jointly optimize multiple pre-training tasks

= Heterogeneous graphs: Multi-view contrastive learning’

« Use meta-paths on heterogeneous graphs to generate multiple views

< -+ Parameter Sharing

< -+ Intra-metapath Contrast

Encoder f(-)

«—-—- >

s

Encoder f(+)

< -+ Inter-metapath Contrast

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

() -
G —ah, - ,-~ "7~ "Any two views - -
\ \‘?‘/\ I View M
! s
) \o =
aa AA W% ‘O.‘/ /Y
(Hy,Aq) N -\ Q/ Node-Node Contrast
. ! AA
----- A o
> LR
‘5 - - >
a2
el ]
’ ! “«” Sa
Oy
AA AA - m Node-Graph Contrast
(Hy, An)

4 Anchor & Positives .. Negatives

-

o 2
MP1  aA— 4%
= \ \“ \
a Q2
MP k (X1,41)
- ......
O
MP N 51’/if‘
a—3a
(Xn, An)
o e View Augmentation
e August 3-7, 2025




Multi-task Methods

Jointly optimize multiple pre-training tasks

= GFT: Graph Foundation Model with Transferable Tree Vocabulary’

(a) Pre-training with Tree Reconstruction Tree Reconstruction Eq. (3) & .
Orthogonal Regularizer Eq. (5) Node Link Graph Avg-

Graph Computation T TTTTTTT AT T T T T

" 1 I . ..
Database Tree Encoder __Tree Vocabulary :EIH_' Lsem‘-El ¥ EIH_’ Lipo | Different Pre-training Tasks
. | ! 1
| 1

-_.m_. ey, { [T o [[[] 2800 G Eomzmmzmnsd ot Na 7252 4730 7383 6654
\ ; T | W. Loem 7625 9039 7499 79.47

’ EEIH"‘W“H m]l]”ﬁ“ W. Lpeqr 7585 9042 7442 79.13

______________________ W. Liopo 7550 90.28  74.57 78.96

____________________________________________________________________ l__________________ GFT 76.78 90.82 75.29 79.92
(1) Feat. Recon. (2) Sem. Recon. (3) Topo. Recon.

Jointly optimizing three-level

H‘ "Hm ".E‘ 'H' ‘‘‘‘‘‘‘‘‘‘ H‘L“fﬁﬁ tasks facilitates performance

e o o o e e = = = = e e e e e e e = - - - —

'\.B /' August 3-7, 2025
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Multi-task Methods

Jointly optimize multiple pre-training tasks

= Multi-task Self-supervised Graph Neural Networks Enable Stronger Task Generalization'

SSL Task-specific Node Representation Task Specific Objective
Augmentation Generation Projection Formulation

% Feat. Recon.\

= /Conv Layer #1 Conv Layer#) M{Iltfl.;lellio Ll (g, :Tl, 09, 91)

E" % Ve ] £(6720502)
-> Decorrelation LB (Q TS B 93)

3(4:63) :

\GNN Encoder f(e; B@

- Koth 581 ] Ly(§ T 99’ Ok)
- Forward Pass ey k(s 0k)

Multi-task learning on graphs

Full Graph

IB ./
N August 3-7, 2025
:_Z K D D 2% 5 [1] Ju, Mingxuan, et al. "Multi-task Self-supervised Graph Neural Networks Enable Stronger Task Generalization." ICLR. 2023.
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Multi-task Methods

Jointly optimize multiple pre-training tasks

= Multi-task Self-supervised Graph Neural Networks Enable Stronger Task Generalization'

Descent Direction

for f (e; Og)

Vgg = al * Veng
Min-norm .
+a, ¥Va L Promoting Gradler\t
2 T Vg2 ] Calculation
D Pareto Optimality
taz xVg L3
: — —

tag *Vg Ly

Multi-task reconciliation via Parato optimization

IB ./
N August 3-7, 2025
:_Z K D D 2% 5 [1] Ju, Mingxuan, et al. "Multi-task Self-supervised Graph Neural Networks Enable Stronger Task Generalization." ICLR. 2023.
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Multi-task Methods

Jointly optimize multiple pre-training tasks

= Multi-task Self-supervised Graph Neural Networks Enable Stronger Task Generalization'

Method | WIKI.CS PUBMED AM.PHOTO AM.COMP. Co.CS Co.PHY. CHAM.  SQUIRREL  ACTOR | RANK
AVERAGE PERFORMANCE
FeatRec 74.06 69.48 84.76 77.76 86.61 75.20 64.66 52.43 31.63 4.6
TopoRec 70.44 66.32 85.18 79.41 85.23 77.45 61.20 52.89 38.56 5.0
RepDecor 69.54 67.42 83.74 78.49 84.49 78.31 58.98 52.19 36.28 5.8
MI-NG 71.89 67.35 85.33 79.95 83.01 75.00 63.72 49.56 30.60 5.7
MI-NSG 75.59 69.25 82.99 80.85 86.02 80.30 64.69 53.89 38.22 3.6
PARETOGNN 76.03 72.48 86.58 82.57 87.80 83.35 65.21 55.31 40.76 1.0
w/o Pareto 74.64 69.82 85.82 82.09 86.54 82.32 64.37 54.90 40.12 24

aBe
\[% é'v August 3-7, 2025
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:_A K D D 2% 5 [1] Ju, Mingxuan, et al. "Multi-task Self-supervised Graph Neural Networks Enable Stronger Task Generalization." ICLR. 2023.
4[]
4% Y

olo



Multi-task Methods

Jointly optimize multiple pre-training tasks

= MultiGPrompt': multi-task pre-training for better task adaptation in prompting

Pretext tokens Pre-trained pretext tokens
®)
Graph encoder
) Pretext loss+)
H task, !
(1) +
Pretext loss,
tas -trai
H,z Kk, + >_)_Prle train
0SS
o Pretext I o:'-sK )
Hk) task,
‘e (a) Multi-task pre-training
AN A7
LET August 3-7, 2025
:_Z K D D 2“ 5 [1] Yu, Xingtong, et al. "MultiGPrompt for Multi-Task Pre-Training and Prompting on Graphs." WWW 2024.
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Section 3
Techniques in Graph Prompting

Xingbo Fu
PhD Candidate

,\-B%@Ay, f University of Virginia
O VO August 3-7,2025
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Problem Formulation of Graph Prompting

Pre-training compatibility

N

~ < )
A graph learning model f is trained through a pre-training task Lp via self-supervised

learning. During the prompting stage, graph prompting trains learnable prompts P to

kadapt‘ the pre-trained graph learning model f to a specific downstream task Lpr.
Z \

Freeze pre-trained graph learning models Downstream task universality

3
XBRSA% August 3-7, 2025
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Taxonomy of Graph Prompting Techniques

Feature-based Prompting
r->[ Data-level Prompting }—{

Insertion-based Prompting

Output Representation Prompting

Graph Prompting —<—>[Representation-level Prompting}—{

Hidden Representation Prompting

Link Prediction-based Prompting
»[ Task-level Prompting

Similarity-based Prompting

§, August 3-7, 2025

2. KDD2425



Data-level Prompting

Learn trainable prompts at the data level
= |ntuition: modify the input graph data to fit specific downstream tasks

= Formulation

( )

Given the input graph G = (A, X), data-level prompting TP transforms it into a prompted graph

G = (A, X) =7P2((A, X),P) with learnable prompts P for adaptation.
\- J

= Two categories
» Feature-based prompting
* Insertion-based prompting

35
XBRSA% August 3-7, 2025
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Data-level Prompting

Feature-based prompting
= |ntuition: solely modify the feature matrix by learning prompt features

* Inspired by prompting techniques in NLP and CV
« The graph topology remains unchanged - ¢ = (A,X) = 7°((A,X), P)

Downstream Tasks

Pretrained
GNN

g |

E H Graph Prompt
%d N Feature
oy B

3
.|. Graph prompt feature (GPF)’ Visual prompt tuning (VPT)?2

%!% £ August 3-7, 2025
7 KDD

[1] Fang, Taoran, et al. "Universal Prompt Tuning for Graph Neural Networks." NeurlPS. 2023.
[2] Jia, Menglin, et al. "Visual Prompt Tuning." ECCV 2022.
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Data-level Prompting

Feature-based prompting
= Goal: learn p; for X; = x; + p;

« Shared prompt features v.s. customized prompt features

Shared prompt features Customized prompt features
° M
® o
Of ¥ T)f ¥
S S O
]
Fewer parameters Increasing parameters in large-scale graphs
Easy to train Prone to overfitting
Limited capability More powerful

§
'\BD A/' August 3-7, 2025
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Data-level Prompting

Feature-based prompting

= Customized prompt features with basis vectors

ii:Xi‘l'pi:Xi‘l'zai,m'bm

m=1
« GPF-plus™. a;,, as the softmax values of « SUPTZ a as the resulting scores derived
projected node feature x; from simple GNNs
M
— AMm
exp(alx;) a=A"(Xd z b,, |W
im = =1
S exp(agx;) "

A=(D+ I)_%(A +D(D + 1)‘%

% KDD24

L ]

August 3-7, 2025

[1] Fang, Taoran, et al. "Universal Prompt Tuning for Graph Neural Networks." NeurlPS. 2023.
[2] Lee, Junhyun, et al. "Subgraph-level Universal Prompt Tuning." arXiv preprint arXiv:2402.10380 (2024).




Data-level Prompting

Feature-based prompting

= Customized prompt features by reinforcement t=0 t=1 =2 eeeees
learning with hybrid action space’ Noprompt a=1z =i a=3z =E

» Hybrid actions: discrete node index to prompt and

its corresponding continuous prompt features

« States: node representations

« Reward function: instant loss decrease

« Policy network architecture: H-PPO with two ----9-'-{{‘359%‘-’3---13

&1

parallel actor networks and a single critic network

'\“D<><"'/' August 3-7, 2025

K D D 2*2 5 [1] Zhu, Jiapeng, et al. "RELIEF: Reinforcement Learning Empowered Graph Feature Prompt Tuning." KDD 2025.
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Data-level Prompting

Feature-based prompting guning - pppp Tox21  ToxCast  SIDER
o -I FT 65.26 +£1.05 71.54 +0.73 57.98 +0.42 53.45 +0.49
u Performance eva | uation % GPF 66.30 £0.94  71.26 £0.30 _ 58.33 £0.27 __ 53.65 £0.34
=) GPF-plus 66.12 +1.27 71.54 +0.63 58.43 +0.27 53.76 £1.15
‘E SUPT ot 66.45 £0.85  71.82 +0.16  58.71 +£0.44  53.72 +0.45
. 1 — SUPThard 66.14 +£0.85 71.55 £0.37 58.65 £0.33 53.82 +0.49
¢ G PF+ prom ptS based on featu res may not Obtaln RELIEF 67.93 +£0.73  71.58 +0.13  58.78 +0.17  53.95 +0.40
. . . . o0 FT 66.48 +0.44 72.32 £0.19 57.35 +0.42 54.62 +0.58
sufficient information 5 GPF 66.67 £0.60 7231 £030 5801 £027  55.65 +1.92
g GPF—EIUS 66.29 +0.36 EZS +0.38 57.91 +0.38 55.05 +1.20
% SUPT ot 66.28 +0.81 72.76 £0.41 58.28 +0.34 54.70 £1.03
. = SUPT; 66.93 +0.91 72.75 +0.41 58.18 +0.44 55.20 +£1.26
« SUPT: prompts based on both features and structures 2 i —gosa s S e
. f 2 FT 62.82 +0.83 70.11 +£0.38 57.68 +0.69 56.68 +0.78
= GPF 61.65 +0.76 70.42 +0.29 58.51 +0.38 56.55 +£0.46
Ca n Im prove per Orm a nce 9;: GPF-plus 61.25 +0.73 70.12 +£0.42 57.64 +0.70 56.86 +0.52
f‘é SUPT ot 61.85 £1.56 70.37 +0.14 57.82 +0. ”57 56.57 +0. ‘30

. 1 1 o :

» RELIEF: selective methods are better than learning on S T [ T T V¥ T
ET 62.13 £1.66 61.35 +0.88 53.96 +0.80 52.63 +0.71
GPF 61.58 +1.81 59.92 +1.29 54.44 +0.31 51.21 +£0.56
a ” the nOdeS g  GPF-plus 6219 +145  60.13 £0.52  54.43 +£0.43  50.90 +0.78
O SUPT ot 63.96 +0.85  60.13 +0.52  54.57 +0.76  51.44 +1.24

SUPThard 64.15 +0.96 60.56 +0.20 54.72 +0.71 51.60 +0.85
All in One 62.90 +3.77 61.49 +0.96 54.72 +1.03 52.73 +0.84
64.80 +0.69 61.45 +0.35 55.03 +0.39 52.82 +0.59

oz August 3-7, 2025

:—Z [1] Zhu, Jiapeng, et al. "RELIEF: Reinforcement Learning Empowered Graph Feature Prompt Tuning." KDD 2025.
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Data-level Prompting

Feature-based prompting
= Quantifying Prompts Impact’
« Prompt Coverage Ratio (PCR): the proportion of nodes prompted at least once during prompting

« Average Prompt Magnitude (APM): the absolute values of all entries in prompts

Tuning Strategy PCR  APM (107%) OV.(1072) ROC-AUC

GPF 1.00 7.15 7.15 62.08
GPF-plus 1.00 6.69 6.69 62.38
SUPT ot 1.00 6.46 6.46 62.39
SUPThard 0.65 6.10 3.97 62.68

RELIEF 0.61 6.03 3.68 63.72

No need for graph prompting on every node!

..B ..
SEOEAF August 3-7, 2025
ZO K D D 2% 5 [1] Zhu, Jiapeng, et al. "RELIEF: Reinforcement Learning Empowered Graph Feature Prompt Tuning." KDD 2025.
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Data-level Prompting

Insertion-based prompting

= [ntuition: insert additional prompt nodes as learnable prompts into the original graph

e G includes the prompt nodes and the original graph nodes

* P ={p1,p2 -, Pu}: M learnable prompts as the feature vectors

of the prompt nodes

= Key challenges

« The connection among the prompt nodes

* The connection among the prompt nodes and the original graph nodes

dav.
XBRSA% August 3-7, 2025
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Data-level Prompting

The connection among the prompt nodes The connection among the prompt nodes and

= Solution 1: free learnable parameters a;; indicating the original graph nodes

how possible p; and p; should be connected! Solution 1: the dot product between a

prompt node and an original graph node
= Solution 2: the dot product of each prompt node pair  * w;; = o(x;-p}) > if o(x; - pj) > &'

» Connect p; and p; if o(p; - pj) > &’

Solution 2: %, = x; + XM _. p.,,|

= Solution 3: treat the prompt nodes as independent’2

Solution 3: N x M free learnable parameters?

.\h ’/
‘QD |7
7 KDD

August 3-7, 2025

[1] Sun, Xiangguo, et al. "All in One: Multi-task Prompting for Graph Neural Networks." KDD 2023.
[2] Ge, Qingqing, et al. "PSP: Pre-training and Structure Prompt Tuning for Graph Neural Networks." ECML PKDD. 2024.




Data-level Prompting

Insertion-based prompting for

Graph Transformers

No worries about edge connections!

= VNT': directly inject prompt nodes in the input of Graph Transformers

o — — ey

I Node embeddings poIniect s s
:Eg:l Egl I
i | 1 s
1 - e e e e = e ==
L~ I
| J
Y grasngrees :
Transformer ey e
— e o ‘"
layers @ |:g|
, il B
- v *
i.’. wv ..o
....... E ’o’
------- b @)

LT

3&0 “ August 3-7, 2025
20
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K D D 2% 5 [1] Tan, Zhen, et al. "Virtual Node Tuning for Few-shot Node Classification.” KDD 2023.



Representation-level Prompting

Learn trainable prompts at the representation level

Intuition: apply learnable prompts to node representations

Formulation

4 )
Given the (hidden) representation matrix H® at the 1-th layer, representation-level

prompting TR transforms it into a prompted representation matrix A = TR(HY, P)

with learnable prompts P for adaptation.

\ _J

Two categories

Output representation prompting

« Hidden representation prompting
.lo

dav.
XBRSA% August 3-7, 2025
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Representation-level Prompting

Output representation prompting

= |ntuition: directly modify the output representations after the final layer

Only the output representations are modified; h®) = :TR(h(L),;D)

= Straightforward design: GraphPrompt
+ Element-wise multiplication: Bf,L) = va)h](,L)
* p, is shared by all the nodes

« Limitation: shared p,, is insufficient

4"/' August 3-7, 2025
V
A
P4

[1] Liu, Zemin, et al. "Graphprompt: Unifying pre-training and downstream tasks for graph neural networks." WWW 2023.
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Representation-level Prompting

Output representation prompting

= Non-homophilic patterns of a node can be characterized by

considering a multi-hop neighborhood around the node’

(L) (L) (L)
Sy = ]\fz(v) h;” - sim hv  h; )
ujeN,(v)
| | y CHC
= QObtain customized p,, through a condition-net? @) & Condition-net
= ¢(s,) = CondNet(s,) (u, ) J{
2-hop [ p,,
subgraph of v prompt
xnbk .
Ovioiv

August 3-7, 2025

ProNoG'
K D D 2% 5 [1] Yu, Xingtong, et al. "Non-Homophilic Graph Pre-Training and Prompt Learning." KDD 2025
7ER
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~
AO
20
A%

[2] Zhou, Kaiyang, et al. "Conditional Prompt Learning for Vision-Language Models." CVPR 2022



Representation-level Prompting

Output representation prompting

= ProNoG" performs well on non-homophilic graphs

Methods | Wisconsin | Squirrel | Chameleon Cornell

GCN 21.39 £ 6.56 20.00 £ 0.29 25.11 + 4.19 2181+ 4.71
GAT 28.01 £ 5.40 2155+ 2.30 2482 + 4735 23.03 £ 13.19
H2GCN 23.60 = 4.64 2190 + 2.15 25.89 + 4.96 32.77 + 14.88
FAGCN 35.03 £ 17.92 2091 £ 1.79 2271+ 3.74 28.67 £ 17.64
DGI 28.04 = 6.47 20.00 £ 1.86 19.33 + 4.57 32.54 + 15.66
GrarPHCL 29.85 + 8.46 2142 + 2.22 27.16 £ 431 24.69 + 14.06
DSSL 28.46 + 10.31 2094 + 1.88 2792 + 3.93 20.36 + 5.38
GraPHACL 34.57 +£ 10.46 2444 + 394 26.72 £ 4.67 33.17 £ 16.06
GPPT 27.39 + 6.67 20.09 + 0.91 2453+ 255 25.09 + 2.92
GRrRAPHPROMPT 3148 + 5.18 21.22 + 1.80 25.36 + 3.99 31.00 + 13.88
GraPHPROMPT+ | 3154+ 454 | 21.24+ 182 | 2573+ 450 | 31.65 + 14.48

|‘ ProNoG | 44.72 + 11.93 | 24.59+ 3.41 | 30.67 + 3.73 | 37.90 + 9.31

L

IB ./
N August 3-7, 2025

:_ZO K D D 2% 5 [1] Yu, Xingtong, et al. "Non-Homophilic Graph Pre-Training and Prompt Learning." KDD 2025.
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Representation-level Prompting

Hidden representation prompting

= |ntuition: modify node representations with layer-wise prompts

More parameters provide more flexibility

GraphPrompt+': an advanced version of GraphPrompt

Learnable prompts at each layer P = {p(o),p(l), pP®,-, p(L)}

Prompted representation fusion with learnable coefficients

L
i — Z MO0
[=0

DA
<>"/ August 3-7, 2025
@

[1] Yu, Xingtong, et al. "Generalized Graph Prompt: Toward a Unification of Pre-Training and Downstream Tasks on Graphs."
TKDE 2024.
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Representation-level Prompting

Hidden representation prompting

= EdgePrompt+': learn edge prompts for each edge

. (” . prompt vector on edge (vl,vj) at the [-th layer

« Without edge prompts
h{Y = comB® (h?‘”,AGG@ ({nf=":v; € N(Ui)}))
« With edge prompts

h(l) — COMB® (h(l 1) AGG(Z) ({h(l 1), V) € N(Ul)} { O, 1V € N(UJ}))

'\“D<><"'/' August 3-7, 2025

_Z K D D 2% 5 [1] Fu, Xingbo, et al. "Edge Prompt Tuning for Graph Neural Networks." ICLR 2025.
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Representation-level Prompting

Hidden representation prompting

= EdgePrompt+': learn edge prompts for each edge

Compute edge prompts as the weighted average of the anchor prompts

M
(l) (D) (D)
€ij = z bl]m Pm
m=1
M anchor prompts at the [-th layer
. b(l) is computed using a score function ¢®

PO ={p{",py, . pif }
bg-) = Softmax ((p(l) (v;, vj))

(v, v)) = LeakyReLU (|h{ ™| n{' "] - w®)
olo
e August 3-7, 2025

Z K D D 2% 5 [1] Fu, Xingbo, et al. "Edge Prompt Tuning for Graph Neural Networks." ICLR 2025.
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Representation-level Prompting

Hidden representation prompting

-a
4]
/'I

- KDD3+

Why EdgePrompt+ works?
Prompting on nodes: add learnable prompts to node features or /\/CD
P1 P1
: N\ ——
representations’ Us E‘\”y o, V2 O
Limitation: p; will be uniformly aggregated by neighboring nodes \/\CD

CD\'\ L~ o2 /*/C>
e;; provides customized prompts to different neighboring nodes O()/Zy ) @ (o Q

Prompting on edges: add learnable prompts on edges?

Each node broadcasts distinct prompts to its neighbors

August 3-7, 2025

[1] Fang, Taoran, et al. "Universal Prompt Tuning for Graph Neural Networks." NeurlPS. 2023.
[2] Fu, Xingbo, et al. "Edge Prompt Tuning for Graph Neural Networks." ICLR 2025.




Representation-level Prompting

Hidden representation prompting

= EdgePrompt+ is more powerful than EdgePrompt

— Customized edge prompts > shared edge prompts

EdgePrompt+ is compatible with both generative
and contrastive pre-training strategies

GPF-plus is competitive among data-level

prompting methods

Az August 3-7, 2025

DD2425

Pre-trainin Tunin, . .
Strategiesg ’ Methogs ENZYMES DD NCI1 NCI109  Mutagenicity
ClassiﬁerOnly 30.50+1.16 62.89+219 62.494195 61.68+0.03 66.62+1.87
GraphPrompt 27831161 64334170 63.1947.71  62.1840.45 67.62.1 065
ALL-in-one 25.92i0_55 66.54i1_32 57.52j:2_51 62.74i0_73 63.43i2_53
GraphCL GPF 30.08+1.25  64.5442.00 62.66+1.83  62.29+0.00  66.54+1.85
31.00 67.26 64.56 62.84 66.82
EdgePrompt 29.5041 57 64.1649.13 63.05+2.11 62.5940.93 66.87+1.88
EdgePrompt+ | 34.00+1.25 67.981205 66.30+251 66.521091 67.474+237
Classifier On]y 27.07:}:1.04 61.77;|:2_4D 61.27:!:3.64 62.12i1_10 67.36;&0_71
GraphPrompl 26.871—1_47 62.58:5[_34 62.4511_52 62-41:HJ.69 68.031—0_73
ALL-in-one | 25.73+1.18 65.1641.47 58.524150 62.014966 64.4311.00
SimGRACE ‘ GPF 28534176 65.641070 61.454313 61.9041.26 67.1910.74
GPF-plus 2(.004+2.01 0(.20+156 01.0l+280 02.8440.23 07.09+0.64
EdgePrompt 29.3312_30 63.9712.14 6‘2.02:!:3.02 62.02i1_03 67.5510_85
EdgePrompt+ 32.67:&2_53 67.72:|:1_32 67.07:&1_96 66.53:|:1_30 68.31:&1_36
Classifier Only 29.08i1.35 62. ].2:|:2_32 56.85:&4‘35 62.27:|:0,78 66.30:‘:1.73
GraphPrompt | 26.67+1.60 61.61+1.01 58.77+0.07 62.16+0.80 66.37+1.17
ALL-in-one | 24.921133 63.6142.12 59.1442012 59.704137  64.86+1.60
EP-GPPT GPF 28.33:1.73 63.48:208 58141416 62.521139  66.1010.96
GPF-plus 20.25-130 06.92:234 02.931323 041341142  0O1.0(+14
gePrompt 99+3.41 U042.26 .B8043.15 WIB41.44 004122
EdgePrompt+ 32-75i2.26 66.16i1_60 63.5812_07 65.15i1_30 6835:}:1 57
Classifier Only | 31.33+3.22 62.58+240 62.094231 60.1941.71 65.13+0.81
GraphPrompt | 30.204+1.93 64.724108 62.574+1.45 623240095 65.85+0.65
ALL-in-one 29'071-1.16 65.60i2_33 58.6712_42 57.69:5[,(]3 64.661—0_76
EP-GraphPrompt| GPF 30934176 66.214166 61.801278 62.2741.18 65.614+0.50
GPE-plus 50.07 - 67.00 62.09 01.98 65.01
EdgePrompt 30.80;};2_09 65.87i1_35 61.75;}:2_49 62.33i1_65 65.77;};0_90
EdgePrompt+ | 33.27 4271 67471214 65.06:1.810 64.64:157 6642131
=
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Representation-level Prompting

Hidden representation prompting
= One anchor prompt is insufficient in most cases

= Two many anchor prompts may not improve performance (hard to train)

- #(Anchor Prompts)=1 #(Anchor Prompts)= #(Anchor Prompts)= #(Anchor Prompts)=20 . #(Anchor Prompts)=50

80 60 90 40
] |
Z70 250 | | 230 |
g | g [ g
a 3 3
] ] o | | |
& 60 g 40 & 20
50 - : 30 : . 10 . :
Gfaph P-GraphPrompt aphdL P-Gra phP ompt Gra ph( L P-GraphPrompt aphCL EP-GraphPrompt
a)|Cora (b C eSeer PlibMed (d) ogbn-arxiv
i) #(Anghofl Prompts)=1 #(Anchor Prom pis)=p #(Anchor Prompts)=10 (Anchor Prompts)=20 e g#(Anchor Prompts)=50
40 75 75 75
535 ‘ 570 »70 =70 Pl i
AN Ll (€. b
530 5 65 5 65 | - 5 65
v v o )
) o o o
<25 <60 <60 < 60
20 raphCL EP-GPPT 55 raphCL EP-GPPT 55 GraphCL EP-GPPT 55 raphCL EP-GPPT
.l. (a) ENZYMES (b) DD (c) NCI1 (d) Mutagenicity

August 3-7, 2025 Graph classification
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Task-level Prompting

Learn trainable prompts at the task level /

Particularly classification tasks

Intuition: reformulate|downstream tasksl|into alternative forms

Formulation

-

\_

Given a downstream task Lyt (e.g., node classification), task-level prompting TT transforms
it into a different task Lt = TT (LpT, P)with learnable prompts P for adaptation.

~

Two categories

Link prediction-based prompting

Similarity-based prompting

.\ml><><|41/.

N[

V
A

40
/.17§|><]

August 3-7, 2025
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Task-level Prompting

Link prediction-based prompting

= Recall: the gap between edge prediction for pre-training and node classification as the downstream task

Phase Pre-training stage Downstream stage
A ) A )
-~ 2 . Ll ? c,
-~ /" \r\'("ﬁ/
lllustration / '\ 0 \ Q
) E '\ ; \
o
Task Edge prediction Node classification
Involved embeddings A pair of nodes A single node
Prediction Edge probabilities Node class probabilities

O August 3-7, 2025

<>
-% SN I( D Dz*z 5 Can we convert node classification to edge prediction?
%



Task-level Prompting

Link prediction-based prompting

= |ntuition: convert node classification to edge prediction

* Pre-training stage: edge prediction with positive and negative pairs

Positive pair

Negative pair

Pre-training objective

oloq
XBRSA% August 3-7, 2025

%%QKDDZ*ZS

-~
L S gy, vy) =1
(%1 V>

)

g X 0 9(171, UZ) =0
(2 V3

min Z LcE (¢Proj (hi' hj)' g(vi’ vj))

TGNN-PProj

(vivj)



Task-level Prompting

Link prediction-based prompting
= |ntuition: convert node classification to edge prediction

 Downstream stage: construct positive and negative pairs using learnable task tokens

-

Positive pair T gw,y) =1
V1 Y1
-

Negative pair o = ‘ gvy,y,) =0
1 Y2

Downstream objective  mgun.GaroiE 2 Lce (¢Proj(hi;ec);g(vi;yc))
wiye)

dav
%[%DO"/ August 3-7, 2025
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Task-level Prompting

Link prediction-based prompting

= GPPT: one global task token E is insufficient for all nodes’ -
« Task tokens should vary with clusters ,-,/g
» For each cluster m, train an independent task token E™ /1 ‘Q'\
. @«

min M Z Lcg (qbproj(hi;ercn);g(vi;yc))

TGNN,PProj E' =
vsc

 Use structure tokens to replace node embeddings: e; = a; - h; + ZvjeN(vi) a;j - h;

* Final objective

min M Z LCE (¢Proj (ei: e?")» g(vi' YC)) + AZ“EM(EM)T o 1”125'
m

TGNN-PProj E',+E )
vcC

. KDD?2

L ]

August 3-7, 2025

2% 5 [1] Sun, Mingchen, et al. "GPPT: Graph Pre-training and Prompt Tuning to Generalize Graph Neural Networks." KDD 2022.




Task-level Prompting

Link prediction-based prompting

= The impact of cluster numbers in GPPT?

« The performance of GPPT is significantly damaged with one cluster

Pubmed

Citeseer

0.800

0.798
0.796 1
0.794

Cluster number study

0.695

0.690
0.685
0.680
0.675 A
0.670
0.665
0.660

D
o
o
N
"
™
L
L
3
(o2
3
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Task-level Prompting

Similarity-based prompting
= [ntuition: compare graph representations to class prototypes using contrastive loss

Class prototypes

7
m?in Z | exp(51m(hl, sy)/r)

— 10
i S ey exp(sim(hy, 50)/1)

= How to get class prototypes?
« GraphPrompt, GraphPrompt+, ProNoG: use the average of instance representations
belonging to class ¢

« HetGPT": initialized using average representation and tuned while prompting

'\“D<><"'/' August 3-7, 2025

[1] Ma, Yihong, et al. "HetGPT: Harnessing the Power of Prompt Tuning in Pre-Trained Heterogeneous Graph Neural Networks."
<> WWW 2024.
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Comparison of Graph Prompting Techniques

Technique Categories Prompting Stage Prompting Strategies Single Forward Pass DT Universality

Feature-based

. X v
Data-level prompting
. Graph data
prompting
Insertlon-’.based X v
prompting
Output representation s Y
Representation-level ) prompting
Node representations - - -\ - —— - ———— —— —— —— ——
prompting Hidden representation X v
prompting
Link predicti?n—based v X
prompting
Task-level . = = - ————————
. Downstream tasks
prompting Similarity-based / X
prompting
XD l A7
QO <> O August 3-7, 2025
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Section 4
Summary and Future Directions

Xingbo Fu
PhD Candidate

,\-B%@Ay, f University of Virginia
O VO August 3-7,2025

.'.-":.-" . 2 \




Summary

Graph prompting

Objective gap between pre-training and downstream tasks

Example: link prediction —» node classification

= Graph pre-training methods: the foundation step of graph prompting

* Generative methods, contrastive method, multi-task methods

= Mainstream techniques in graph prompting

« Data-level, representation-level, task-level techniques

dav.
XBRSA% August 3-7, 2025
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Future Directions

Benchmarks and datasets
= Standard experimental settings for performance evaluation

= Cross-dataset & cross-domain evaluation

P (S

ProG: A Unified Python Library for Graph Prompting

= One existing benchmark’

| Quick Start | Paper | Media Coverage | Call For Contribution |

Latest version v0.2 f PyTorch v1.13.1 { license MIT j python >=3.9

[ ] .l. L ]
'\“D<><"'/' August 3-7, 2025

:_ K D D 2% 5 [1] Zi, Chenyi, et al. "ProG: A Graph Prompt Learning Benchmark." NeurlPS 2024.
a0]
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Future Directions

Theoretical foundation

= Empirical improvements — theoretical guarantees

Theorem 3. Given a GPF-like prompt vector p,,, if a GCN
model Fy has non-linear function layers but the model’s
weight matrix is row full-rank, then there exists an optimal
w for any input graph G such that P,,(G) € Bg.

Theorem 4. Given the All-in-One-like prompt graph SG,
(a subgraph containing prompt tokens and token structures),
if a GCN model Fy does not have any non-linear transfor-
mations, or has non-linear layers but the model’s weight
matrix is row full-rank, then there exists an optimal w for
any input graph G such that P,,(G) € Bg.

The upper bound of graph prompting’

L] B ./
N August 3-7, 2025
:_Z K D D 2“ 5 [1] Wang, Qunzhong, et al. "Does Graph Prompt Work? A Data Operation Perspective with Theoretical Analysis.” ICML 2025.
a0
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Future Directions

Theoretical foundation

= Empirical improvements — theoretical guarantees

Theorem 1. (Universal Capability of GPF) Given a pre-trained GNN model f an mput graph

G: (A, X), an arbitrary prompting function 1,(-), for any prompted graph G: (A € A, X € X) in
the candidate space of the graph template G* = 1, (G), there exists a GPF extra feature vector p that

satisfies:
FIA, X +p) = f(A,X) -
Universal capability of graph prompting’

. .lo .

.“!%O é' August 3-7, 2025
ZO K D Dzu 5 [1] Fang, Taoran, et al. “Universal Prompt Tuning for Graph Neural Networks.” NeurlPS. 2023.
4]
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Future Directions

Theoretical foundation

Empirical improvements — theoretical guarantees

Theorem 1. Given a random graph G ~ CSBM (1, po, p, q) and a pre-trained GCN model f
there always exist a set of M > 2 anchor prompts P = {p1, p2,
b:

-+ ,pur } and the score vectors
i.; for each edge (v;,v;) that improve the expected distance after GCN operation between classes
c1 and co to T times without using edge prompts, where T’ € (1,1 + P q|]

Separability improvements by graph prompting’

AN

SBOER August 3-7, 2025

ZO K D D 2% 5 [1] Fu, Xingbo, Yinhan He, and Jundong Li. "Edge Prompt Tuning for Graph Neural Networks." ICLR 2025.
a0]
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Future Directions

Attacks & defense in graph prompting

= A new attack and defense perspective by graph prompting

§8 Frozen & Tune @ Attack
Prompt Feaure & yq)59
i + l| Prompt Tuning

6 PO cgo

e m e e o o o o

. I |
I 9 T~ 3 l |
~ = 74 | :
Prompt Structure | Prompt Tuning Prompt Structure &
| Pretrained GNN €
Support Downstream Tasks Mislead Downstream Tasks

Adversarial attacks in graph prompting’

.lo e
5OEE August 3-7, 2025
v

K D D 2% 5 [1] Song, Shuhan, et al. "GPromptShield: Elevating Resilience in Graph Prompt Tuning Against Adversarial Attacks." ICLR. 2025.

olo

N

N
o7
'A

4]

A4



Future Directions

LLM Incorporation for graph prompting

= Graph prompting with semantic information in graph data

. ¢ cs.CV .
« Text-attributed graphs (TAGs) B
* Large Language Model }
(Self-Attention Layers)
. SO
ry + -------------------------------------------------------------------
EEE LTy * Large Language Model
(Text Embeder)
S N —— .
o - 1 Title: Total Text A Comprehensive Dataset For Scene Text Ir’i, .

' Detection And Recognition.
! 4 : Abstract: Text in curve orientation, despite being one of the
/ : common text orientations in real world environment...

: Question: Which arXiv CS sub-category does this paper belong to? . l

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

K-Hop Subgraph %
Textual Attributes
oo GraphPrompter?
..B ..
SEOER August 3-7, 2025
:_Z K D D 2“ 5 [1] Liu, Zheyuan, et al. "Can we Soft Prompt LLMs for Graph Learning Tasks?." WWW 2024.
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Future Directions

LLM Incorporation for graph prompting

= Graph prompting with semantic information in graph data

« Knowledge graphs (KGs)

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

\
! O\ f Option (c) Graph Neural Prompting (GNP)
1o Spoon ] Y I Selfeupervised
| General Domain :::> Eli-Supervise h =
} Knowledge Graph or A3 @ ll . [ Link Prediction t
[ —
| ot Y T Y
e ! i
! Subgraph A2 ':> l . . | @ |
} Retrieval Al 3 &(Q ' i
| Blomedlcal Domain Q GNN é ! @ '
[ N
} Knowledge Graph / Extracted Subgraphs Encoder . . . n:(} .:(>: E::)
| [ Queston ot [ | g | oo
| | alaz20304 LM Text| el Pooling Projector
I chtlonary Emb | i Graph Embs
} Options: [ Mgyt -~/ —/
] (a) A1A2A3
Obtain Graph Neural Prompt
|
| | (b)B1B2
| [ (ecicacsca Graph 15 o] o) Text | Large ATAZA3’ m A1A2A3
| Multiple Choice > Neural | + Emb | language | —> Model *magmom® Ground
! Question Prompt | = == T2 Models Prediction  Likelihood  Truth

LT

3&0 “ August 3-7, 2025
20

2P
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Graph Neural Prompting (GNP)'

K D D 2% 5 [1] Tian, Yijun, et al. "Graph Neural Prompting with Large Language Models.” AAAI 2024.



Future Directions

Applications in various domains

9\ © ( © ' Downstream: Event Classification
Q i
= eee Molecul:
N | :
Recommendation ~
g Pre-Trained It Vol Task Layer ‘
g r‘l;m:;:iinggm t Y : DDI GNN
g o L e s AT Sl SA 1=\
3 [ Hidden states D] 'mlh
L - s | e - OBSH
%, ; 3 ! i 7= |
- B KGTransformer Layers J KGTransformer Layers J | | Type™)
i o i - = B N
ser-lten . o = i A Similar? N
nteraction Gray L a Pre-Trained Use! User Embeddings . . _-
TifEzaction Graph y By B Embeddings. with Prompts. Embedding Table Embedding Table J . ‘ B
Interaction Graphs t Suion y : ‘Event Class 1 | | Event Class 2 = ' Event Class 3
[

J
[ Task Graph | Taskprompt) | [ G, | G, | B B 3 H H
) L‘W‘—] ¥ o0
W - %} = %‘ g @ Task Enco(lch ‘ O,O O 77777 O 777777777

Task data Triple | Cliiss Prompts ‘
ghromphl g gl o \ " Urer Embeddings. ./ Frozen Task Prompt tuning | Triple Classification & tune Sfrozen
Recommendation systems’ Knowledge engineering? Biology and medicine?

AN
N[

=7 NeurlPS 2023.
pPAN
9 <> [2] Zhang, Wen, et al. "Structure Pretraining and Prompt Tuning for Knowledge Graph Transfer." WWW 2023.

[3] Wang, Yingying, et al. "DDIPrompt: Drug-Drug Interaction Event Prediction based on Graph Prompt Learning." CIKM. 2024.

Au ust 3- 7 2025 [1] Yang, Haoran, et al. "An Empirical Study Towards Prompt-Tuning for Graph Contrastive Pre-Training in Recommendations."
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THANK YOU!

* August 3-7, 2025 '
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