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GNNs are conventionally trained on a per-domain, per-task basis, which creates
a significant barrier in GNN model reuse and arbitrary graph knowledge
transfer. There are 2 main challenges towards arbitrary graph transfer learning:
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Hard to fit various input dimensions and output forms of downstream tasks,
considering that we only have a frozen pre-trained backbone without any

additional dimension transformation. Y

\

Insufficient tuning methods' capacity to make good use of the knowledge
from pre-trained models for adaptation in the target domain, since the
substantial domain gap between upstream and downstream tasks exists. Y
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To enable knowledge transfer across disparate tasks and domains in GNNs, we:

Propose

Design the

to enable knowledge transfer across disparate tasks and domains in
GNNs without modifying task configurations or graph topologies;

resources in arbitrary graph transfer learning;
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to save temporary and memory

Present the for
evaluating transfer tasks across
different graph domains of varying
difficulty.

Validate that GraphBridge attains
SOTA performance on different
datasets across different task
scenarios. with only of the
tunable parameter.
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, aimed at extracting generalized graph
dedicated to downstream tasks adaptation.

Base Freeze
v

Tuning Stage

Predict Module

Graph Contrastive Learning Input Module Backbones o
4 GraphCL GCN =7 Prertrained =~ Y S
or GNN Based \‘ @9 oo \ /// Graph model \\\
I-:,' SimGRACE =~ Encoders GAT O/N / \ 3= =
GIN ? | - - ® ol 0 '—'%§—>g—'>
Pretraining Graph Feature C\JD > . % O—p % Op 2 O ... [ ® 8
Tasks & Domains Extractor - NEE: % 3 ] 5|/
- g N Node-level Tasks J L’ Graph Classification
- - . - > ___________ ) ~
Pretrain Bridging g Sl it \. Head J
i=3 PosiveA N A~ | | } | T===--"
e _ Priori knowledge of feature aggregation o 4 \
Graph-Split: [SSUSLIE 'é Y g
Unify all level - . c g
w Feat Aggr/ Tunin “lp ~
tasks to graph- e T e \Graph-level Tasksj 2 | Agg g & > g >
level for A ® Data from Different &, 5
pretrain y ata Drool;namlS ‘eren @ | downstream domains & tasks adaption & Node Classification
Graphs for Pretrain Parts for Pretrain P ~<. \__ Head —J
/, N P —————
T = I, [ — \\
X . spli 5 = = =
Feat Aqapt. Graph-Split . ° . 1_> 3 > 3 3 \l, vee L p = g
Feat-Adapt Normalize 1 2 e I‘ o ] o h — 25— 5 —
/ S
node fe:atures Feat-Adapt Pointclouds Tasks A 4 B
to a uniform Y y
Negative dimension Linear: Use trainable layer to S MLP Side .~ PtCld Classification
Positive adapt feature dimension for ~ - Head
. graph-like data Side-tune Module —
Input Preprocess Domain Adapting Downstream
Node-level Pretrain - q
Sidetune Tasks Predict

Graph-level Pretrain

Non-training Methods

Frozen Parameters

Learnable Parameters



% National University
of Singapore

In the tuning stage, we introduce novel graph side tuning technique, enabling
effective transfer learning of different graph tasks.
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Experiments - Setups

Dataset
Names Task Descriptions Feature Dimensions Nodes Edges  # Graphs
1.Flickr [12] Online Images Classification 500 89,250 899,756 |
2. Cora [6] Machine-Learning Paper Classification 1,433 2,708 5,429 |
3.Citeseer [6] Computer-Science Paper Classification 3,703 3,327 4,732 |
4. Pubmed [6] Diabete-related Publication Classification 500 19,717 44,338 |
5. ogbn-arxiv [2, 8] Subject Area Prediction of arXiv Papers 128 169,343 1,166,243 |
6. Amazon Computers [5] Computer-Product Category Prediction 767 13,752 574,418 1
7. BACE [10] Molecule Property Classification 2 ~ 34.1 ~T73.7 1,513
8. BBBP [10] Molecule Property Classification 2 ~ 239 ~ 51.6 2,039
9.ClinTox [10] Molecule Property Classification 2 ~ 26.1 ~ 55.5 1,484
10. HIV [10] Molecule Property Classification 2 ~ 25.5 ~ 54.9 41,127
11. SIDER [10] Molecule Property Classification 2 ~ 33.6 ~ T70.7 1,427
12. Tox21 [10] Molecule Property Classification 2 ~ 18.6 ~ 38.6 7,831
13. MUV [10] Molecule Property Classification 2 ~ 242 ~ 52.6 93,087
14. ToxCast [10] Molecule Property Classification 2 ~ 18.7 ~ 38.4 8,597
15. ZINC-full [10] Molecule Property Classification 2 ~ 232 ~49.8 249,456
16. ModelNet 10 [9] 3D Object Recognition 3 ~ 9508.2 ~ 374505 4,899

Pre-training Methods

SOTA graph-level pre-training methods: GraphCL & SimGRACE.

Foundational Backbone of the Base Model

Classic GNN Architectures: 2-layers GCN, GAT and GIN.
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Results of Graph2Graph Transfer. Test ROC-AUC (%) performances on molecular prediction

benchmarks with different pre-train-tuning workflows. Imp. refers to the improvement of

parameter-efficient tuning methods in comparison to the fine-tuning.

Pre-train Tuning i
BACE BBBP ClinTox HIV SIDER Tox21 MUV ToxCast|Avg.| Imp.
Methods Methods
FT[1] |74.6+22 68.6:23 69.8:22 78.5+1.2 59.6+0.7 74.4+05 73.7+27 629+04|70.3| -
GraphCL{14] Adapter[4]|76.1:2.2 67.8+1.4 72.0+3.8 77.8+1.3 59.6+1.3 74.9:09 75.0:2.11 63.1:0.4 |70.7| 0.4%
GBST |73.2:0.7 65.1=04 64.7:0.1 70.0:0.5 60.6:0.2 70.7+0.1 74.820.3 61.4=0.1 [67.6(-2.7%
GSST [79.3:02 69.5£1.0 71.1204 72.8209 60.6:0.1 72.1:0.1 78.0£0.7 62.9:0.1 |70.9| 0.6%
FT[1] |74.7+1.0 65.5+1.0 53.8:2.3 74.6+1.2 58.1+0.6 71.9:04 71.0£1.9 61.3:04|66.3| -
, Adapter[4]|74.9+1.7 64.6=13 53.9470 72.3+12 57.2:09 71.4+06 T1.8+14 61.3+0.6|65.9|-0.4%
SIMGRACE[11]
GBST |65.6:2.1 64.1+1.3 53.1:0.7 69.2+04 57.7:05 70.8+0.1 72.1:24 60.6:0.2 [64.3 [-2.0%
GSST |73.0:0.6 65.4+02 57.2+0.3 69.1+0.1 57.9:02 72.3+03 74.4+05 61.6+0.1 [66.4|0.1%
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Experiments

Medium

Results of Node2Node Transfer. Test Acc. (%) on diverse node-classification benchmarks with
different tuning methods and backbones under different data pre-training methods.

Pre-train Tuning Citeseer PubMed Cora Amazon Flickr
Methods Methods GCN GAT GIN |GCN GAT GIN |GCN GAT GIN |[GCN GAT GIN |GCN GAT GIN
— Scratch Train[3, 7]|64.30 69.21 55.10(75.70 75.10 65.80{76.90 77.00 72.10|92.37 92.33 91.89|53.07 52.97 53.15
FT1] 56.62 56.87 52.83/69.96 70.21 67.32|74.43 73.32 62.40|92.22 92.00 91.0253.32 52.85 53.90
GBST 56.10 53.52 54.37|70.94 68.83 68.60|60.41 59.57 57.08|88.84 87.79 85.28/49.68 45.69 49.69
GraphCL| 14] GSST 54.00 55.82 56.44|69.88 71.83 69.07|63.30 64.00 59.13|88.95 84.77 85.13/49.72 44.32 4954
GAST 59.70 61.30 54.41|71.10 71.13 69.79(69.60 70.30 57.30|89.24 88.80 86.59|49.71 4716 49.53
GMST 59.30 63.40 58.80|72.10 75.00 72.60|73.10 72.32 65.40|89.42 90.19 86.15/51.92 47.70 49.94
FT1] 58.90 57.60 45.50|71.30 71.70 64.10| 72.9 71.20 64.40|92.37 92.29 91.28 53.60 50.81 53.77
GBST 53.00 48.80 47.20/69.70 69.40 64.80(62.30 59.60 51.90|88.91 88.62 85.71|49.11 45.82 49.67
SIMGRACE] 11] GSST 52.00 52.10 49.50|68.00 70.00 67.30|64.60 59.30 53.90|88.84 87.86 80.26|48.93 45.20 49.71
GAST 54.30 51.30 47.80169.90 71.80 63.80(63.60 63.60 51.20|88.95 89.42 85.53|49.16 46.71 49.67
GMST 61.60 63.40 58.90|73.20 75.80 72.70|75.10 72.20 66.70|90.88 90.53 84.19|50.56 47.71 51.16
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Experiments
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Results of Graph2Node Transfer. Test Acc. (%) on diverse node-classification benchmarks with
different tuning methods and backbones under different data pre-training methods.

Pre-train Tuning Citeseer PubMed Cora Amazon Flickr
Methods Methods GCN GAT GIN |[GCN GAT GIN |GCN GAT GIN |GCN GAT GIN [GCN GAT GIN
— Scratch Train|3, 7]|64.30 69.21 55.1075.70 75.10 65.80|76.90 77.00 72.10{92.37 92.33 91.89|53.07 52.97 53.15
FT|1] 52.60 49.90 46.90|68.60 68.00 63.50/69.20 60.90 63.10{91.82 89.09 90.44| 52.3 49.87 52.38
GBST 49.00 48.40 50.90|64.40 62.40 67.10/51.60 50.00 55.00|87.02 85.61 84.81|48.18 45.67 47.98
GraphCL| 14] GSST 48.70 49.90 50.20|64.60 64.40 65.8052.20 51.30 56.00|83.68 80.77 80.23|48.22 44.49 47.55
GAST 48.40 50.50 50.10{68.80 64.90 68.80/58.90 52.10 55.50|88.44 87.50 84.70|50.31 46.12 47.37
GMST 61.90 62.40 57.90|73.10 73.70 73.90|74.80 72.30 66.50|88.62 89.79 85.50|51.30 47.34 49.54
FT|1] 53.70 53.00 43.30|59.30 68.10 61.80|65.00 64.30 57.70|92.26 89.46 90.88|52.42 48.05 53.50
GBST 48.50 46.00 50.20{60.70 61.30 66.4053.30 49.90 49.60|85.13 86.22 83.93|47.97 45.95 47.18
SimGRACE|11] GSST 49.90 45.40 51.90|58.20 61.60 65.30/54.50 49.20 48.30|80.95 81.68 77.3947.80 44.86 48.93
GAST 48.20 45.10 48.00|61.60 65.80 66.2056.30 52.70 48.70|89.31 89.06 85.42|48.72 46.66 48.99
GMST 63.00 62.20 58.50|72.70 74.80 73.30/74.30 71.10 65.20|89.67 89.46 85.26|50.24 47.29 51.57
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Results of Graph2PtCld Transfer. | configure pre-trained models on graph-level and node-level

data across distinct types of graph models as the initialization for backbone.

Pre-train Tuning Graph-level: Node-level:
Methods Methods oghg-molhiv oghn-arxiv
Backbones GCN GAT GIN|GCN GAT GIN
Scratch
— Train[3, 7] 774 816 879|774 816 879
FT[1] 78.1 749 839|734 754 873
GBST 76.6 792 83 | 73.8 746 86.0
GraphCL[14] GAST 793 782 829|764 721 838
GSST 81.7 786 847|704 740 804
GMST 77.8 748 825|756 745 808
FT[1] 78.6 709 773|728 7T8.0 79.7
GBST 75.7 7743 754|721 768 793
SimGRACE[11]| GAST 769 743 741|733 775 793
GSST 79.3 818 773 71.8 692 639
GMST 65.2 65.1 76.4| 78.1 78.1 78.7




Efficacy & Efficiency

| | Dataset: Cora

GSST | GMST | Node-level Pretrain | Graph-level Pretrain

| | GCN GAT GIN | GCN GAT  GIN

X X 13.80 11.60 1730 | 13.50 3190  17.00
v X 6330 64.00 59.13 | 5220 5130  56.00
X v 7310 7232 6540 | 7480 7230  66.50

Speed-up. 1 (%) GCN GAT GIN

FT 3.3 7.2 1.7

MetaFP 77.3 68.6 74.3

Adapter - - 20.2

GSST 39.4 57.6 26.3

GSMT 31.6 52.3 20.8

Training speed-up of different tuning methods
compared to Scratch Training. We selected the
transfer experiment on Cora dataset in the
challenging scenario as a representative.
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Ablation studies on the effects of GSST and GMST
modules designed for arbitrary graph transfer
learning. we conduct tests under three training scenarios:
direct inference without tuning, tuning with GSST, and
tuning with GMST.

25K mfine-tune mMetaGP mMetaFP = GSST =GMST : AdapterGNN

20.61K 20.61K 20.32K 20.61K

20K
15K
10.24K
10K
5. 22K 5. 32K
5K
1.35K 35K
135K 153 135K 135K
Gl

N

Adjustable parameter sizes in different tuning methods
across distinct backbones. We conduct statistics on 5-
layer backbones.
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« We introduce a novel GraphBridge framework for resource-efficient

graph transfer learning toward arbitrary downstream tasks and
domains.

« We will strive to tackle transfer tasks across more benchmarks,
backbones and pre-training methods in the future.
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Code: https://github.com/jujulili888/GraphBridge
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