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Abstract:  Graph neural networks (GNNs) have achieved outstanding performance in various graph learning tasks
owing to their powerful representation capabilities. However, the predictive performance of GNNs degrades significantly
when data distribution shifts occur between the training and test sets. Existing studies generally treat distribution shift as a
single holistic perturbation and lack differentiated modeling of covariate shift and concept shift. Such coarse-grained pro-
cessing fails to characterize the distinct impacts of these two types of shifts on model performance, thereby restricting the
pertinence and effectiveness of traditional GNN generalization methods in distribution shift scenarios. To address this issue,
starting from the characteristics of covariate shift and concept shift, this work proposes a prototype-guided test-time adapta-
tion method named ProGTA (Prototype-Guided Test-time Adaptation). This method breaks through the limitations of tradi-
tional static domain adaptation, mainly consisting of a prototype graph contrastive learning module and a multi-level align-
ment module, which enables adaptive updating prior to model inference. Specifically, the prototype graph contrastive learn-

ing module introduces a learnable class prototype layer after the encoder, leverages source domain priors to guide the soft
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assignment of target domain nodes, models the class semantic structure of graph data, and further constructs homogeneity-
enhanced views with higher semantic reliability. Meanwhile, this module jointly optimizes node representations and class
prototypes by combining prototype contrastive loss and prototype clustering loss, elevating local view consistency to class
semantic consistency and providing reliable semantic anchors for subsequent class prototype alignment. The multi-level
alignment module mitigates feature distribution variations caused by covariate shift by aligning the first-order and second-
order statistics of embedding representations between the source and target domains during the test-time training phase, and
addresses class semantic variations induced by concept shift by aligning the class prototype distributions of the source and
target domains. To verify the effectiveness of the proposed method, this work conducts comprehensive experimental evalua-
tions on multiple benchmark datasets for graph distribution shift, covering synthetic shift, temporal evolution, and cross-do-
main shift scenarios. Experimental results demonstrate that ProGTA significantly outperforms representative methods such
as Tent, EERM, and GTrans in terms of out-of-distribution generalization performance. Furthermore, this study analyzes the
consistency of adversarial attacks and concept shift in disrupting the model’s decision boundaries from the domain adapta-
tion perspective, formulates the adversarial attack problem as a special case of out-of-distribution shift, and confirms that
the proposed method can simultaneously improve the model’s out-of-distribution generalization and adversarial robustness.

Keywords: graph neural networks; out-of-distribution shift; test-time adaptation; graph contrastive learning; model
generalization; adversarial robustness
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Table 1 Statistics of the EERM benchmark datasets
petES S A A R R FHIEEL | 7328 4375 X EfaL)
Cora e 2703 5278 1443 10 Domain-Level Accuracy
N T A%
Amazon-Photo 7 650 119 081 745 10 Domain-Level Accuracy
OGB-Arxiv - 169 343 1166 243 128 40 Time-Aware Accuracy
P[] 38 £k
Elliptic 203 769 234 355 166 2 Time-Aware F1 Score
Twitch-E Bl 1 912~9 498 31299~153 138 3170 2 Domain-Level ROC-AUC
£2 GOODEHEBEEMNZITER
Table 2 Statistics of the GOOD benchmark datasets
UG/ S fi#% J5 X R UBUE FROERL | A 2575 ks
GOOD-Cora N T Aw# 19793 892 346 8710 70 Word/Degree Accuracy
GOOD-Arxiv P i) i £ 169 343 1166 243 128 40 Time/Degree Accuracy
GOOD-Twitch iudinys 34120 892 346 128 2 Language ROC-AUC
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Table 3 Experimental results on the EERM evaluation datasets unit: %
. Cora Amazon-Photo Elliptic OGB-Arxiv Twitch-E

ik GCN GAT GCN GAT GCN GAT GCN GAT GCN GAT
ERM 90.35 96.30 93.26 96.27 50.90 65.36 38.59 40.63 59.38 58.53
DropEdge 81.32 90.70 91.97 90.35 53.96 63.78 41.22 42.48 59.95 58.89
Tent 91.52 95.99 94.03 95.66 51.71 66.07 39.62 40.06 59.46 58.33
EERM 87.52 95.57 94.05 95.37 53.96 58.14 00M 00M 59.85 59.84
GTrans 94.13 96.67 94.13 96.42 55.88 66.43 41.32 4376 60.42 58.59
ProGTA 97.12 98.32 96.27 98.13 57.20 68.36 4332 45.86 64.29 62.83
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Figure 4 Experimental results of multiple OOD test graphs on the Cora dataset
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Table 4 Experimental results on the GOOD evaluation datasets unit: %
GOOD-Cora GOOD-Arxiv GOOD-Twitch
ik PpAE i e WA st | M ms Tk | MR mE
word degree word degree time language
ERM 64.86 56.30 63.60 59.54 71.08 67.32 48.95 57.32
DropEdge 60.32 50.74 63.80 61.23 71.12 66.25 47.21 55.48
GON Tent 65.39 56.59 64.83 60.88 73.25 69.75 50.52 55.53
EERM 61.98 56.88 63.09 58.38 OOM OOM 52.43 57.37
GTrans 66.58 58.82 65.32 60.67 0oOM OOM 53.62 58.95
ProGTA 69.83 58.32 68.11 64.41 76.37 72.83 55.38 61.42
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ProGTA 69.82 60.58 67.38 66.48 717.26 75.25 55.16 63.44
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Figure 5 Experimental results under two types of shifts on the

GOOD-Cora dataset
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Figure 6  Performance of various methods under different perturbation ratios
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Figure 7 Experimental results after ablating different modules
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Figure 8 Impact of different values of multi-level alignment weight values on test-time adaptation

DR s [ 3 A B S Y S 0 45 SR AN 1R 9 TR o
ELUAH, BEE TTA A 80S 38, A5 0 M RE 78 45 1~ B s
£ R R MENBIETE B TR MEEKA T
R, 1 B /D 5 A 3 R SR B AT I S R T A A

Xt 350 A 038 IS BE 7, i 22 5 AT RE S O
IR A B L5 IZ,H%%%%,ProGTATﬁUJ\E’J
I3 38 0 A8 KR ] 3R AR AR E W i, O #EAT R
I SES AW

Cora OGB-Arxiv GOOD-Cora (Covariate) GOOD-Cora (Concept)
70 F 68 |
96 43
68
94 - 4+ 66
:E 0t 66 [
= 41
= L
& 90r 64 1 64
L 40
8 621 62+
86 39 b
0123 5 10 20 0123 5 10 20 0123 5 10 20 0123 5 10 20
TTA B4 S TTA H%0 S TTA ¥ S TTA 4 S

9

TSR 18 3 10 A% S A IRAE I I 3 4 5 0

Figure 9 Impact of test-time adaptation step size on test-time adaptation
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