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Abstract

Cross-domain Graph Meta-learning (CGML) has shown its
promise, where meta-knowledge is extracted from few-shot
graph data in multiple relevant but distinct domains. How-
ever, several recent efforts assume target data available, which
commonly does not established in practice. In this paper, we
devise a novel Cross-domain Data Augmentation for Graph
Meta-Learning (CDA-GML), which incorporates the supe-
riorities of CGML and Data Augmentation, has addressed
intractable shortcomings of label sparsity, domain shift, and
the absence of target data simultaneously. Specifically, our
method simulates instance-level and task-level domain shift
to alleviate the cross-domain generalization issue in con-
ventional graph meta-learning. Experiments show that our
method outperforms the existing state-of-the-art methods.

Introduction

Graph Meta-learning (GML) has a capability to alleviate
performance degradation in face of a few-shot scenario by
utilizing meta-knowledge extracted from scarcely annotated
data on graphs yet challenging for generalization to out-of-
distribution data (OOD). A few methods on how to deal with
domain shift have been proposed. The earliest attempt fo-
cused on CGML was in (Hassani 2022), where an attention-
based graph encoder was proposed to employ contextual and
topological views of graphs to obtain task-specific represen-
tations for the few-shot graph classification tasks. From do-
main adaptation perspective, a well-designed cross-domain
meta-learning method (Zhang et al. 2022) for the graph en-
coder called CrossHG-Meta has displayed satisfactory per-
formance when deploying trained GML models in cross-
domain few-shot scenarios. However, such a straightforward
solution to bypass the OOD data issue relies on a common
assumption that several data of the target domain is acces-
sible, which is often challenging in practice because target
data is always laborious to obtain or even unknown.

This paper proposes a novel Graph Meta-learning frame-
work combining the advantages of Data Augmentation and
Cross-domain Graph Meta-learning strategy which perform
well on Domain Generalization to solve the three limita-
tions (i.e., the label sparsity issue, the domain shift prob-
lem, and the absence of target data) as shown in Figure 1.

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

23600

(a) Labeled nodes  Original embedding space I TP (b) CGML
AOD S
D* Unlabeclzdnodes IS’ T ¢ T
vl pimer
AOQOME ! .
00 0 iy
o 00 or - L
19”1 1
GNN() 0% o> oy Outerloop
' (c) DA for CGML
O 0O DAE) s
oo0o % B, 00 (A X)"
beled nod
Labeled nodes O CGML()
Unlabelled nodes ®<> . \V/ E(Ia
L (A.X)

Part of Generalizable embedding space

Figure 1: Issues of domain shift problem of existing Graph
Meta-learning frameworks and overview of CDA-GML.

Key contributions are as follows: (1) We propose a Cross-
domain Graph Meta-learning (CGML) framework to sim-
ulate domain-shift between meta-training stage and meta-
testing stage to achieve satisfactory performance by con-
ducting meta-optimize. (2) We propose a Data Augmenta-
tion strategy for CGML (DA for CGML) based on a trans-
formation, which simulates instance-level domain shift and
directly augments data during the meta-training stage.

Proposed Method

CGML. In cross-domain graph meta-learning, given a graph
G ={V,&, A, X}, where V denotes the node set (n = |V|);
£ is the edge set; A € R™*" denotes the adjacency ma-
trix; X € R™*? ig the feature matrix, and d is the dimen-
sion of node feature vector, we can assume M seen do-
mains D° = {ﬁs}gl accessible and denote a domain D
consisting of m meta-tasks as 7 = {Ti}?ll, deeply, each
task 7' contains a support set S = {((A,X)s,Vs)} and
a query set Q = {((A,X),,YV,)}, where Y is the corre-
sponding node label set. We further train a predictive model
Y = o(CGMLg (A, X)P*) parameterized by {6, w} in the
meta-training stage as follows:

w* = argmin L2 (QP%; 6%, w)
0* = arg min L7 (SP%; 0, w),

0

)

s.t. 2
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where £i77¢" and L°U**" refer to the loss of support set and
query set respectively; 8* produced is capable of performing
well on query sets after optimizing the outer loss executed on
w in the meta-training stage. w™ indicates the learned meta-
knowledge. Note that the selection of the output layer acti-
vation function o(+) determines whether to carry out classi-
fication or regression tasks end-to-end.

Immediately, we simulate domain-shift between meta-
training tasks and meta-testing tasks to meta-optimize for
satisfactory performance under domain-shift. Specifically,
we adopt the learned meta-knowledge w™* in the meta-
testing stage to perform training on the pseudo-unseen task
TP = {(A,X)2%, Yr), (A, X)E*, YE*)} in a pseudo-
unseen domain 7P* as 6/ = arg ming. £(SP*; 6%, w*), then
we evaluate the generalizability of the updated optimization-
based graph meta-learning model on the pseudo-unseen do-
mains by the loss of meta-testing task LP*(QP*; 6’ w*).
Eventually, the parameters of the predictive model are op-
timized by (,w) < (6,w) — aVy o LP" to ensure that the
final model can work well on the unseen domains after train-
ing on the seen domains. See Figure 1(b) for illustrations.

DA for CGML. Progress in CGML methods is bided fair
to be spurred by well designed Data augmentation strat-
egy. Specifically, we augment the original input by apply-
ing a transformation DA (-) parameterized by {6, w} to sim-
ulate domain shift on each instance as shown in Figure
1(c). More detailed, we first obtain the adversarial gradi-

ent V(A7X)£da (JA) — ) calculated from CGML classifier
for each node in the meta-training stage. Then, we combine
the original node embeddings Z and the interference fac-
tor Z* generated by the adversarial gradient to enhance and
expand original data distributions, thus allowing CGML to
learn more generalizable embeddings. Here, we achieve the
adjusted node embeddings Z’ by performing the element-
wise addition between Z and Z* as follows:

DAy (A, X) = CGMLy (A, X) & V(a x)L% ()

By executing the above process, data augmentation can
be brought in to benefit CGML by directly augmenting the
meta-training data, and thus alleviating the inferior general-
izability in meta-learning under the cross-domain setting.

Experiment and Discussion

Datasets and Evaluation. We evaluated CDA-GML on
few-shot node classification tasks on the AMiner dataset
(Zhang et al. 2022) with four domains. We took the same set-
tings as (Zhang et al. 2022), i.e., selected the best classifica-
tion accuracy on domain Sysfem as evaluation metric. Next,
we conducted the few-shot node classification tasks under
the settings of {2,3}-way (the number of categories) and
{1,3}-shot (the number of labeled nodes for each category)
on the basis of the optimization-based meta-learning method
MAML. Last, we compared our framework with four types
of state-of-the-art baseline methods, including GNNs algo-
rithms (Kipf and Welling 2017; Schlichtkrull et al. 2018),
Few-shot Learning (FSL) methods (Snell, Swersky, and
Zemel 2017; Finn, Abbeel, and Levine 2017), Graph Meta-
learning (GML) models (Zhou et al. 2019; Wang et al.
2020), and the advanced CrossHG-Meta (Zhang et al. 2022).

23601

2-way 3-way
Category Method 1-shot  3-shot | 1-shot 3-shot
GNNs GCN 73.90 8490 | 64.15 71.64
R-GCN 7489 8527 | 6577 74.61
ESL ProtoNet 72.07 80.79 | 62.79 71.81
MAML 7645 8494 | 63.73 74.33
GML Meta-SGC 7841 8727 | 6741 75.85
AMM-GNN 82.10 90.18 | 72.24 82.59
CrossHG-Meta 83.81 9144 | 7559 84.57
CGML CDA-GML\CD 8436 9225 | 77.14 8549
CDA-GML\DA 84.19 92.16 | 76.70  85.22
CDA-GML (ours) | 85.76 93.83 | 78.21 86.68

Table 1: Node classification accuracy (%) for System do-
main. Ablation study: \CD denotes without the CGML mod-
ule; \DA denotes Data Augmentation module is removed.

Result Analysis and Ablation Study. Table 1 illustrates
the performance of our model CDA-CGML in comparison
with all baselines. CrossHG-Meta model performed the best
in baselines and the CDA-CGML method outperformed all
the vanilla baselines on the target domain System, which
idicate that cross-domain graph meta-learning method has
the capability to achieve generalizability in unseen domains.
Meanwhile, removing each module typically suffers perfor-
mance drops, which indicates that our proposed components
help graph meta-learning get higher generalizability.

Conclusion

In this paper, we attempt to address limited generalization
performance in cross-domain few-shot graph scenarios due
to the problem of label sparsity, domain shift, and the ab-
sence of target data with CDA-GML. Results show the su-
periority of CDA-GML over the current advanced methods.
Xun Liang is the corresponding author of this paper.
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