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Conclusion

Contributions

Experiments

* (CoDysets anew benchmarkin explaining TGNNs

* |texcels atidentifying concise, necessary, and
sufficient explanations—especially for incorrect
predictions where it reveals model limitations.

1. First counterfactual explanation method for

Table 1. Results for the AUFSC ., AUFSC _, and char scores of different explanation methods applied to the TGN model. Results are
Temporal Graph Neural Networks

reported for three datasets: UCI-Messages (msg.), UCI-Forums (for.), and Wikipedia (wiki.). The best result for each experimental setting
1s shown in bold, and the second best 1s underlined.

* The spatio-temporal and event-impact policies

2. GreeDy: a baseline for counterfactual AUFSC.. AUFSC— char .
. . . Correct Incorrect Correct Incorrect Correct Incorrect are the most effective
expla naltions In dyna MIC gra phS Dataset msg. for. wiki. msg. for. wiki. | msg. for. wiki. msg. for. wiki. | msg. for. wiki. msg. for. wiki. : : -
PGExplainer 0.02 0.03 0.03 0.08 0.04 0.11 | 039 035 067 061 067 054 | 0.05 0.07 009 0.17 0.08 0.22 e (CoDy adapts its search dynamically, avoiding
T-GNNExplainer | 0.05 0.03 0.01 014 0.19 0.10 | 0.45 036 061 053 049 043 | 0.17 008 0.09 039 040 0.34 : - S
3. Evaluation framework for dynamic graph GreeDy-rand. 0.02 0.05 004 007 006 0.10 | 0.33 027 053 095 097 091 | 0.04 008 009 014 0.12 0.19 local optima—unlike GreeDy, which is faster but
. GreeDy-temp. 0.13 041 0.08 032 0.30 0.29 | 052 058 0.72 095 095 0.87 | 0.22 0.50 0.17 049 047 0.45 less flexible. In real-world use:
explanations GreeDy-spa-temp. | 019 044 0.12 037 029 037 | 0.64 060 0.76 093 091 085 | 0.31 053 023 054 046 0.54 o o
GreeDy-evnt-impct | 0.10 0.28 0.07 0.34 026 0.27 | 0.62 061 0.67 095 0.96 088 | 0.18 0.39 0.14 0.51 042 0.43 * (CoDyisidealwhen accuracy and insight are
CoDy-rand. 0.10 0.30 0.12 034 0.30 0.41 | 063 059 082 091 092 0.82 | 0.19 043 024 0.52 047 0.58 critical
4. CoDy outperforms counterfactual and factual gggy_rem{). g.ig 0.36 0.11 0.38 0.36 046 | 0.64 058 0.83 0.92 093 0.84 | 023 049 022 055 0.54 0.62 | | |
y-spa-temp. 19 043 016 039 035 050 | 0.67 0.63 084 092 090 082 | 031 054 030 057 052 0.65 . GreeDy is a good alternative when speed is the
baselines CoDy-evnt-impct | 0.16 0.38 0.14 040 039 052 | 0.65 0.61 0.82 0.92 090 085 | 027 0.50 0.27 058 0.57 0.68

priority.
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