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§ Graph neural networks (GNNs) are vulnerable to distribution shifts. 

§ Attribute shifts: Node feature distributions are different. 
- LinkedIn: Share research & find jobs. 
- Instagram: Share trips & activities. 

§ Structure shifts: Node connectivity patterns are different. 
- LinkedIn: Follow more professional colleges. 
- Instagram: Follow more family & friends. 

§ Structure shifts include, but not limit to: 
- Degree shift: Changes in average node degree. 
- Homophily shift: Changes in average node homophily. 
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Challenge: Distribution Shifts in Graphs



§ Test-Time Adaptation (TTA) addresses distribution shifts by adapting a 
source model to the target domain without access to source data.

§ Many existing TTA methods (T3A, Tent, AdaNPC) are developed for images. 
§ These methods perform well under attribute shifts, but often fail under 

structure shifts. 

§ Why does this performance gap exist?

§ How can we enhance the performance
of TTA under graph structure shifts?
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Test-Time Adaptation

[1] Yusuke Iwasawa, Yutaka Matsuo. Test-Time Classifier Adjustment Module for Model-Agnostic Domain Generalization. NeurIPS 2021. 
[2] Dequan Wang, et al. Tent: Fully Test-Time Adaptation by Entropy Minimization. ICLR 2021. 
[3] Yifan Zhang, et al. AdaNPC: Exploring Non-Parametric Classifier for Test-Time Adaptation. ICML 2023. 



Why Generic TTA Fails on Structure Shifts?
§ Attribute shifts and structure 

shifts have different impact 
patterns! 
- Attribute shifts introduce classifier bias:

• Node representations remain 
discriminative. 

• Can be handled by adjusting the 
decision boundary. 

- Structure shifts introduce 
representation degradation: 

• Node representations are overlapping. 
• Cannot be handled by adjusting the 

decision boundary. 
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Remark: This phenomenon is also supported by theory in our paper! 

§ We visualize the distribution of 
node representations (projected to 
1-D). 



Adapt the Hop-Aggregation Parameters
§ Many GNN architectures have hop-

aggregation parameters: 
- Control how GNNs integrate node 

features with neighbor information 
across different hops. 

- Example: 𝜸 = [𝛾!, ⋯ , 𝛾"] in GPRGNN. 

§ Structure shifts does not affect 𝑯 ! , 
but change the signal-to-noise ratio 
in 𝑯 " , ⋯ ,𝑯 # . 
- The hop-aggregation parameters 𝜸

should be adjusted accordingly! 
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[1] Eli Chien, et al. Adaptive Universal Generalized PageRank Graph Neural Network. ICLR 2021. 
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Matcha: Overview
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§ We propose Matcha to enhance the performance of generic TTA methods by 
adjusting the hop-aggregation parameters. 



Prediction-Informed Clustering Loss
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§ We proposed a new loss function: 
prediction-informed clustering (PIC) loss
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- Intra-class variance: ∑#$%& ∑'$%( )𝒀#,' 𝒛# − 𝝁' *
*

- Inter-class variance: ∑'$%( ∑#$%& )𝒀#,' 𝝁' − 𝝁∗ *
*

- Centroid for class 𝑐: 𝝁' =
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Centroid for all nodes: 𝝁∗ =
%
&
∑#$%& 𝒛#

§ Intuition
- Small intra-class variance 𝜎01234* , large inter-class variance 𝜎01253*



§ Integrate generic TTA algorithms to 
handle structure shift and attribute 
shift simultaneously

§ In each optimization step, 
- First apply base TTA algorithm to get predictions )𝒀#,'
- Compute PIC loss with )𝒀#,' to optimize node representation

§ Synergy between representation quality and prediction accuracy: 
- Better prediction → better pseudo-class for PIC loss, improving representation
- Better representation quality → better prediction

- 8 -

Integration of Generic TTA Methods
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Experiments: Handle Various Structure Shifts
§ Matcha consistently enhances the performance of base TTA methods

- Homo (homophilious), hetero (heterophilious), high (high degree), low (low degree)



Experiments on Real-World Setting 
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§ Syn-Cora and Syn-Products
- Only homophily shift

§ Twitch-E and OGB-Arxiv
- Natural attribute and structure shift
- We randomly delete homophilic edges 

to inject more homophily and degree 
shifts

§ Matcha also improves the model 
performance 



Experiments: Visualization
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§ Matcha successfully restores the 
quality of node representations 
under structure shifts 

§ Better representations result in 
higher accuracy



§ Focusing on graph test-time adaptation (TTA), we find that attribute shifts 
and structure shifts have different impact patterns, which limit the 
performance of generic TTA algorithms. 

§ We propose Matcha, adjusting the hop-aggregation parameters in GNNs. 
- Address structure shifts effectively
- Compatible to generic TTA algorithms to handle attribute shifts

§ Our experiments show that Matcha improves model performance across 
different types of structure shifts. 
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Key Takeaways


