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Background & Motivation

▪ Dynamic Graph Neural Networks (DyGNNs)

▪ Spatial interpretability

▪ Temporal interpretability
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Background & Motivation

▪ Dynamic Graph Neural Networks (DyGNNs)

▪ Spatial interpretability

▪ Temporal interpretability

▪ DyGNNExplainer

▪ Disentangle the trivial relationship and the causal 
relationship

▪ Disentangle the dynamic relationship and the static 
relationship
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A causal view on DyGNNs
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▪ Backdoor path 

▪ Between causal and trivial

▪ Between dynamic and static 
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A causal view on DyGNNs
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▪ Backdoor path 

▪ Between causal and trivial

▪ Between dynamic and static 

▪ Backdoor adjustment 
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Disentangling Complex Causal Relationships
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▪ Estimating soft mask

▪ VGAE-based dynamic encoder-decoder
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Disentangling Complex Causal Relationships
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▪ Estimating soft mask

▪ VGAE-based dynamic encoder-decoder

▪ Casual, dynamic, static factor
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Disentangling Complex Causal Relationships
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▪ Disentangling trivial and causal
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Disentangling Complex Causal Relationships
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▪ Disentangling trivial and causal

▪ Disentangling static and dynamic
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Disentangling Complex Causal Relationships
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▪ Disentangling trivial and causal

▪ Disentangling static and dynamic

▪ Spatial-temporal explanation
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Explanation fidelity

11

▪ Observations

▪ DyGNNExplainer surpasses all other baselines
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Explanation fidelity 
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▪ Observations

▪ Causal-based methods OrphicX and Gem also outperform other 
baselines
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Explanation interpretability analysis 
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▪ Sparsity

▪ DyGNNExplainer outperforms OrphicX with fewer edges in the subgraphs.
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Conclusion
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DyGNNExplainer has addressed the critical challenges associated with interpretability 

in Dynamic Graph Neural Networks : 

▪ Pioneering the development of DyGNN explanation

▪ Generating synthetic dynamic datasets tailored for dynamic graph 
interpretability tasks

▪ Demonstrating the superior performance of DyGNNExplainer in both explanation 
tasks and real predictions
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