Maximilian Muschalik®, Fabian Fumagalli*, Paolo Frazzetto, Janine Strotherm, Luca Hermes, Alessandro Sperduti, Eyke Hullermeier, and Barbara Hammer

Contribution Summary

© c) O (© ) O '* =507
SI order > 1 o w /
e high pos. (@~ [ © o @ ONNG=O% /G/ 1 ©
© ) SN

low pos. (S (H) (S (H) (©) ©)
low neg. o Exact O Exact Exact
@ high neg. (©) (0) : (o) -y :
(o) Shapley Values (o) Shapley Interactions (o) Mobius Interactions

TL;DR: Most Mobius interactions are zero for graph-level
prediction tasks with GNNs, allowing for exact computation of

Shapley Values and Interactions.

» The molecule on the left has 30 atoms (graph with 30 nodes). Computing exact
explanations (no approximation) requires 23 =~ 1,000,000,000 model calls.

» GraphSHAP-IQ needs only 7,693. :

Background
A Graph Neural Network (GNN) makes prediction for a graph g:

fo(X) == o (V({{f;(X) | v; € V}})) with

o . output layer

W: pooling function

Mobius Interactions m : P(IN) — R are the basis of explanations:

m(S) = » (=1)*IT(T)  and they recover v(T)= ) m(S

TCS SCT

Shapley Values and Interactions summarize/aggregate the Mobius
Interactions into lower-order explanations.

» Shapley Values measure feature attribution of nodes
» Shapley Interactions measure synergy between nodes
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GraphSHAP-IQ

The Graph Game transforms a GNN
for graph-level prediction into a
cooperative game by masking nodes:

Game: vg(T) = fq.5(XT))
with X(T) = (XgT), ...,X%T))t c R >do
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Assumption
See the paper for deep redout! “—

Node-Level Results:

‘only masking within

ILMCICTuEE the receptive fields

matter”

Graph-Level Results:

*‘most Mobius
Interactions are

Proposition 3.6 zero for graph-level

GNNS”

Algorithm 1 GraphSHAP-IQ

Require: Graph g = (V, F, X),

¢-Layer GNN f,, SI order k.

Theorem 3.7

1: T+ U;ey PVD)

2: Vg [fo(XT))]| ez ‘complexity is
3: mg < [MI(vy,S)]|sez

4: <I>kg — MITOgI(mg, k) bounde_d b),/ thf
5: return MIs m, SIs ®y receptlve field
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Empirical Results
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» GrapSHAP-IQ scales near-linearly with graph > less dense graphs
size making exact computations feasible
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» GraphSHAP-1Q’s runtime is
independent of interaction order

» interaction-informed baselines
(knowledge about which Mobius
iInteractions are zero) improve
approximation performance
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Example Detecting Benzene Rings:

a Why is this larger molecule
a Benzene?
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