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Introduction

Graphs are fundamental in many fields, from bioinformatics to social networks, 
where graph-level* tasks receive increasing attention…
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[Bioinformatics]
Protein-Protein interaction network analysis

[Social Media]
Social Network Analysis

* A single graph represents one data point.

🔍 But how to measure similarity between graphs?



Motivation

Measurements of graph similarity
§ Graph Kernels
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• ℛ-convolution 
• Optimal assignment 
• Maximum mean discrepancy
……



Motivation

Measurements of graph similarity
§ Graph Kernels – A vast landscape

• ℛ-convolution (Borgwardt & Kriegel, 2005; Shervashidze et al., 2009;  Vishwanathan et al., 2010; Kriege et al., 2018)

• Optimal assignment (Frohlich et al., 2005; Kriege et al., 2016;  Togninalli et al., 2019; Chen et al., 2022)

• Maximum mean discrepancy (Sun & Fan, 2023)
• → Which kernel is best for a given task? Still an open question! 🧐

§ Theory vs. Empirical Performance in Graph Kernels
• ‘A’ kernel > ‘B’ kernel → More expressive in theory (Kriege et al., 2018; Oneto et al., 2017)
• ‘A’ kernel < ‘B’ kernel → Suboptimal empirical performance (Kriege et al., 2020)
• → Theoretical expressiveness does not guarantee the best kernel for downstream tasks.
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🤔 Can we ensemble multiple graph kernels for better 
performance in an unsupervised setting*?

* Graphs are not labeled. E.g., graph-level clustering



Multiple Kernel Learning

Definition of MKL
§ A supervised framework to learn the kernel directly from data (Gonen & Alpaydın, 2011)

Unsupervised algorithm for MKL

Intro Literature Measurement Validation Data Responses Conclusions

6

Insights:

1. Preserving data topology is essential ‼

2. Yet still locally heuristic ⚠

3. Poor empirical performance than 

individual kernels👎 (see later)

（Zhuang et al., 2011) (Mariette & Villa-Vialaneix, 2018) 
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Insights:

1. Preserving data topology is essential ‼

2. Yet still locally heuristic ⚠

3. Poor empirical performance than 

individual kernels👎 (see later)

（Zhuang et al., 2011) (Mariette & Villa-Vialaneix, 2018) 
🌟 Preserve ordinal relationship between graphs via kernel values



Our Model: UMKL-G
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Ordinal Relationship
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Our Model: UMKL-G

10

Intro Literature Measurement Validation Data Responses Conclusions



Our Model: UMKL-G

11

Intro Literature Measurement Validation Data Responses Conclusions



Our Model: UMKL-G

12

Intro Literature Measurement Validation Data Responses Conclusions



Theoretical Guarantees
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Ordinality Preservation

Concentration Effect

Blue   Red 

“Push to the edges of the simplex”



Experiment Results

UMKL-G consistently outperforms the baseline methods across all datasets
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Experiment Results

UMKL-G can beat the base graph kernels across all metrics
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Experiment Results

UMKL-G can automatically select graph kernels and their hyperparameters
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Theoretical Analysis
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Smooth convergence 

Robustness to small perturbations in kernel



Theoretical Analysis
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Generalization to unseen data



Other Robustness Checks

Alternative initial weights
§ Equal ✓
§ (Inverse) eigenvalues ✓
§ Random from Dirichlet distribution ✓

Varying hyperparameter 𝒐 
§ Robust performance:  𝑜 = 2	/3	/4 ✓

Intro Literature Measurement Validation Data Responses Conclusions

19



Conclusion

We propose UMKL-G, an unsupervised algorithm to measure similarity between graphs

• combining multiple graph kernels

• focusing on ordinal relationships to preserve the topological structure between graphs
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Thank you!
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