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Background

Prompt tuning has achieved a great success in adapting large language model
(LLM).

* e¢.g. GPT-4, Llama 2, ChatGLM ...

This technique leads the way for adapting pre-trained models in a new direction.
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Background

Prompt tuning a pre-trained LLM
* Step I: Pre-training an LLM using the Masked Language Modeling (MLM).

I went to a <MASK> yesterday.
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[ went to a movie yesterday.

* Step 2: Reformulating the downstream task by a prompt on the input sentence.
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Background

Pre-trained LLLM vs Pre-trained GNNs

LLM GNNs
[Sentence] [Graph]
Input
I went to a movie yesterday.
Link prediction,
Pre-training Masked language modeling Attribute masking,

Task

(MLM)

Contrastive learning,

Prompt
Template

I went to a movie yesterday.
<MASK>

How to apply prompt tuning on pre-trained GNNs?




Background

Existing graph prompt tuning methods for GNNEs.

* Some pioneering works GPPT!! and GraphPrompt!?! utilize graph prompt tuning by
modifying the downstream task to the link prediction, which 1s consistent with the
pre-training strategy they use.
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Background

Limitations

JIn practice

* There 1s no unified pre-training task for GNNs, making it
challenging to design general prompting functions.

* Existing methods have limited applicability and are only
compatible with models pre-trained by the link prediction.

JIn theory

* Existing prompt-based tuning methods for GNN models are
designed based on intuition, lacking theoretical guarantees for
their effectiveness.




Methodology

Graph prompt tuning

* Step |: Template design. We generate the graph template, which includes learnable
components in its adjacency matrix and feature matrix.

G*: (A%, X7) = 9:(9)

Soft prompt tuning Original graph Graph template
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* Step 2: Prompt optimization. We search for the optimal prompt parameters
according to the downstream task.

- max  Pro(y|GY)
AcA XeX,0




Methodology

Specialized graph prompt tuning

* According to the motivation of prompt tuning, the graph prompt design 1s close

related to the pre-training task involved.
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However, there are so many pre-training strategies in the graph field. Can we
design a universal graph prompt tuning method for all these strategies?




Methodology

Universal graph prompt tuning
* Graph Prompt Feature (GPF)

GPF focuses on incorporating additional learnable parameters into the feature space of
the input graph.

p € RF

The learnable vector p 1s added to the graph features X to generate the prompted
features X",

XZ{.’El,IBQ,...,IBN} X*:{$1+p,$2+p,,xN+p}

* Graph Prompt Feature-Plus (GPF-plus)

GPF-plus sets a different feature vector for each node in the graph.

P1,DP2,-.--PN € RF
XI{.’El,CUQ,...,CUN} X*={x1+p1,$2+p2,---7$N+PN}




Theoretical Analysis

Rethinking the process of graph prompt tuning

* Complex template design and prompt optimization can be divided into several

simple steps.
Original graph Graph template Prompted graph
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Isolated component transformation Link transformation Feature transformation




Theoretical Analysis

Rethinking the process of graph prompt tuning

We assume the pre-trained GNN model 1s a single layer GIN with sum pooling.
H=(A+(1+¢ I)-X-W

hg:zhz‘

’U-,;ev

* Isolated component transformation

We can find a GPF that achieves equivalent effect
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Theoretical Analysis

* Link transformation
We can find a GPF that achieves equivalent effect
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Theoretical Analysis

The universal capability of GPF

Theorem 1. Given a pre-trained GNN model f, an input graph G: (A, X), an arbitrary prompting
function ¥ (+), for any prompted graph G: (A, X) in the candidate space of the graph template
G* = 1Y:(G), there exists a GPF extra feature vector p that satisfies:

A, X +p) = f(A,X)

GPF can achieve equivalent performance to any specialized graph prompting method. This
conclusion inspires many future works such as [1].

[1] Xiangguo Sun et al. “All in One: Multi-Task Prompting for Graph Neural Networks.”



Theoretical Analysis

The effectiveness guarantee of GPF

Theorem 2. For a pre-trained GNN model f, graphs D = {(G1: (A1, X1)), -, (Gim: (A, X))}
under the non-degeneracy condition, and a linear projection head 0, there exists Y = {y1, ..., Ym}
for y; = y1, ..., ¥m = Vi that satisfies:

lGPF—man f(A4 X +p) -0 —y5)° <lFT—mmZ (Ai, X;) - 0 — ;)

GPF is not weaker than fine-tuning.

Input tuning: prompt tuning. Model tuning: fine-tuning

We are the first to compare the effectiveness of prompt tuning to fine-tuning.




Empirical Analysis

Prg'trammg Tuning  pppp  Tox21  ToxCast SIDER ClinTox MUV~ HIV BACE PPl Ave.
trategy Strategy
m——————— I FT 67.55 7857 6516 6334 7006 8142 7771 8132 7129 _, ..
tfomax | +2.06 +0.51 +053 045 145 #2.65 +045 125 =*1.79 '~
" Gpp 0083 7909 6610 6617 7356 8043 7649 8360 77.02 ., .
I +0.86 +0.25 +0.53 +0.81 394 053 +0.18 +1.00 =042 '™
| GPFows 0717 7913 6635 6562 7512 8133 7773 8367 71.03 .
1o PSS 4036 1070 037  #0.74 245 +152 +1.14 +1.08 =032 '™
i T 66.33 7828 6534 66.77 74.46
. +0.55 +0.05 030 +0.13 +2.82 - - -
AttrMasking : o 6809 7904 6632 6913 7506 Dataset ~ Tuning Strategy Tunable Parameters Relative Ratio (%)
! +0.38 090 +042 £1.16 =+1.02 . FT ~ 1.8M 100
| GPEplus 0771 7887 6658  68.65 7617 Chemistry GPF ~ 0.3K 0.02
! P +0.64 031 +0.13 +0.72 +2.98 GPF-plus ~ 3-12K 0.17-0.68
| FT 69.65 7829 6639 6445 7371 . FT ~ 2.TM 100
ContextPred ! +0.87 +044 057 0.6 £1.57 Biology GPF ~ 0.3K 0.01
| Gpp 0848 7999 6792 66.18 7451 GPF-plus ~ 3-12K 0.11-0.44
1 +0.88 +024 +035 046 272
: GPF-plus 69.15 80.05 67.58 66.94 75.25 —o57=S 7070 O0J.01 T7T<7TX 76.15
i P +0.82 +0.46 +054 095 +1.88 +0.78 #0.16 043 +021 '
H T 69.49 7335 6254 60.63 7517 6978 7826 7551 6176 ...
L | +0.35 #0770 +026 +1.26 214 +1.44 073 201 =078
I gpp L1l 7364 6270 6126 7206 7009 7552 7855 67.60 .
________ 1 +120 #025 +046 +0.53 298 #0.67 +1.09 0.56 +0.57 '
GPFolus 1218 7335 6276 6237 7390 7294 7751 7961 6189 . .
PUS 4093  +043 +075 +038 247 +1.87 +0.82 +2.06 +0.69 '

GPF and GPF-plus achieved better results than fine-tuning in 80% of the experiments.




Empirical Analysis

Comparison with existing graph prompt-based methods

Preqraining  JUME  BBBP Tox2l ToxCast SIDER ClinTox MUV ~HIV BACE PPI  Avg
trategy Strategy
o 6656 7867 6629 6435 6907 7967 7144 8090 7154 _
. 356 __035__%045 +0.78 _+4.61_ _+1.70__+0.58 +092 _+0.85 _ """~ _
A— 6413776641 6034 5486 5081 6305 6054 7085 5623 . o
Rleered | 6943 7891 6486 6094 6215 8206 7319 7031 765 . |
1 . ]
1 GPPT (wlool) /418 1015 0.1 =018 0.69 =053 0.9 099 026 1097 !
| Graonpromt 0929 6809 6054 5871 5537 6235 5931 6770 4948 o |
|_OPLOTYT__:019 2019 3021 013 _+0.57 044 +0.93 4126 096 77 |
- 69.57 7974 6565 6720 6949 8286 7160 8157 1698 .
£021 +0.03 030 099 #5.17 023 +145 +1.08 =020 '+
GPRpws 6906 8004 6504 6751 6880 8313 7165 LTS TI00 .
£0.68 +0.06 031 059 258 042 +190 209 =20.12 %

GPF and GPF-plus achieved better results than specialized graph prompt methods by a large
margin.




Empirical Analysis

Full-shot (50-shot) experiments

Pre-training Tuning

S BBBP Tox21 ToxCast SIDER ClinTox MUV  HIV BACE PPI Avg.
trategy Strategy

5381 6142 5393 50.77 586 66.12 6509 52.64 48.79

e fomax FT 1335 +1.19 059 4227 4348 063 +1.17 +2.64 +132 2079
cpp 5552 6556 5676 5029 6244 68.00 67.68 5449 5403 .

1184 064 054 +1.61 411 061 £1.09 4254 +034 O
GPRplis SB9 6571 5713 5133 6296 6788 6680 5656 378

1212 4037 048 +1.14 4327 042 +143 4681 045 90
ep 4888 6095 5573 5130 5778 6688 6422 6127 47.62 _ .o

EdgePred 1068 +146 043 1221 +403 2053 +157 4610 +1.50 7
cpp 053 6446 5733 5135 6874 6808 6622 6285 5281 .

1135 2093 1065 +0.76 603 039 +190 4591 4038 OO
GPRplus 5449 6499 5769 5130 6664 6816 6205 6260 5330 .

1460 2053 061 +1.18 240 048 4339 4248 4034 OO
T 5126 6028 5347 5011 6151 5935 6718 5562 4817 o

AtirMasking 1233 2173 046 +1.63 145 +131 £159 4504 4245 OO
Gpp | 424 6424 5684 50.62 6534 6134 6794 5731 5126 oo

1074 040 028 +0.88 193 060 4048 4671 4032 OO
GPRplus B0 6439 5678 5030 6334 6384 6805 5729 535

192 +030 +0.25 +0.78 +0.85 *1.13 097 +446 +0.32

GPF and GPF-plus have a greater advantage over fine-tuning in few-shot scenarios.




Empirical Analysis

Training process analysis
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Fully fine-tuning a pre-trained GNN model may lose the model’s generalization ability. GPF and
GPF-plus can significantly alleviate this 1ssue and maintain superior performance on the test set.




Universal Prompt Tuning for Graph Neural Networks

v" 'We propose a universal prompt tuning method for graph neural networks, which
can be applied to the models pre-trained by any strategy.
v" We provide theoretical guarantees and design principles for graph prompt tuning,

offering valuable insights for future investigations in this field.
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