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Introduction

Experiments

Framework Efficiency

Contributions

• Temporal Graph Neural Networks (TGNNs) are 
powerful for modeling dynamic systems where 
relationships and features change over time.

• Current explainability methods mostly cater to:
• Static Graphs
• Discrete-time Dynamic Graphs
• Factual Explanations

Search Policies

Counterfactual Explanations
• Counterfactual Explanations: What minimal 

change to the input would alter the prediction.
• More intuitive and actionable.
• Help identify model biases and establish causal 

links

Conclusion

1. First counterfactual explanation method for 
Temporal Graph Neural Networks

2. GreeDy: a baseline for counterfactual 
explanaitions in dynamic graphs

3. Evaluation framework for dynamic graph 
explanations

4. CoDy outperforms counterfactual and factual 
baselines

• CoDy sets a new benchmark in explaining TGNNs
• It excels at identifying concise, necessary, and 

sufficient explanations—especially for incorrect 
predictions where it reveals model limitations.

• The spatio-temporal and event-impact policies 
are the most effective

• CoDy adapts its search dynamically, avoiding 
local optima—unlike GreeDy, which is faster but 
less flexible. In real-world use:

• CoDy is ideal when accuracy and insight are 
critical.

• GreeDy is a good alternative when speed is the 
priority.
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