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XAl on GNN

e Explain GNN at the level of node, edge, walk, subgraph [5].
e GNN-LRP [1, 4]
® \Walk-level (high-order) explanation.

® Decomposition and layer-wise backpropagation.
® Better performance than lower-order methods.

What is the
contribution
of subgraph S
to the GNN
output?
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Naive GNN-LRP vs. sGNN-LRP

Naive GNN-LRP Subgraph GNN-LRP (sGNN-LRP)

Z R™

£
mcs {

Complexity: | O(S|" - N2L) Complexity: | O(|S|? - N2L)

: : 14
® Relevance propagation as Markov chain: R™" = (H,L:(]l T,,;T,’,’E’“) ro™ = p(m, n).
m_ L—1 lmymyn | Lmp _
* R™=3% ( =0 Tnim's ) rm, " = p(m),

- I7 ) )
RS = Ycs Yon (IT120 Tamd™) ™ = p(m € S).
¢ Sum-product algorithm [2] & Forward-hook trick [3, 4].
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Computational Efficiency Evaluation

Dataset Model Naive sGNN-LRP

GIN-3 224 .22 4.22

BA-2motif ~ GIN-5 6.07 x 103 6.44

GIN-7 1.42x10° 9.81

MUTAG GIN-3  4.23x103 28.90

Mutagenicity GIN-3  4.28x103 26.68

REDDIT-B  GIN-5 — 195.43

Graph-SST2 GCN-3 3.16x10° 29.94

Table: Computation time (in msec) comparison. '—' means
‘failed’. The subgraph size is |S| = 5.
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Figure: Computation time on
BA-2motif dataset as a function of
model depth. GIN-L for L=2,...,7
with |S| = 5.
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Generalized Subgraph Relevance Definition

S is important iff
1. the model predictions for G and S are almost same, and
2. the model predictions for G \ S and G diverge drastically.

Generalized subgraph relevance: RS = > meg gs(m)R™,

0 ifm ¢S, vVIi=0,...,L
S B / 5 bl ) )
8s(m) = {QZ,L_O Hmi#S)  otherwise.
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Evaluation of Generalized Subgraph Attribution
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Figure: The optima are marked with A. AUACT and AUPC] is better.
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