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Feature Attribution?

e [eature-based interpretation method

e "What inputis most responsible for a given prediction?"
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Feature Attribution?

e Many terms designate the same thing
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Interpretability is in question

e Theissue is not just philosophical!
e Many works rely on intuitive notions of interpretability / heuristics

e ..and areill-evaluated
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Interpretability is in question
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Yes.

Leveraging simple considerations
on functionality

No evasive / intuitive concepts

Allows task-specificity

Problem 1 (Global subset selection). Given a relation R,
find a subset of indices I* C [n] that minimises

min Card(J)
JC[n]
s.t. Vz, x € Aj(R)

Problem 2 (Instance-wise subset selection). Given a re-
lation R, for all x € X, find a local subset of indices
I'*(z) C [n] that minimises

min Card(J)

JC[n]

s.l. T € A](R)
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Formalising: what is at stake

1. How to do that locally (instance-wise case)?

"Are we free to do whatever we want with the selected variables?" NO
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Formalising: what is at stake

1. How to do that locally (instance-wise case)?

"Are we free to do whatever we want with the selected variables?" NO
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Contributions

Compare attribution methods on the same theoretical ground
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Contributions

Compare attribution methods on the same theoretical ground

Rigorous evaluations without ground-truth

Method | Acc(%) | T (hm:s)
LIME (Cat.) 162+ 1.3 | 0:05:54
LIME (Cont.) 274+£1.6 | 0:05:47
attr-GAM 245+ 15 | 0:00:25
Shapley (E(f)) 743+ 1.1 | 0:16:29
SHAP (f(E)) 157+13 | 0:17:41
Gradient 265+ 1.5 | 0:00:04
GradientXx Input 226+ 1.5 | 0:00:04
Integrated Gradient | 18.5+ 1.4 | 0:00:24
Expected Gradient | 214+ 1.4 | 0:03:42
attr-GA*M 81.7 £ 1.1 | 0:17:44*
attr-GA’M 525+ 1.8 < *
attr-GA’M 74.1+£13 < *
attr-GA*M 812+ 1.1 < *
InterpretableNN 79.7+£1.2 ~ %
Archipelago 702+ 1.1 ~ %
L2Xx 237+ 1.6 | 32:53:16
INVASE 74109 | 44:15:44

1



Contributions

Compare attribution methods on the same theoretical ground

Rigorous evaluations without ground-truth

Derive some properties, prove failure cases

Method | Property verification rate (%)
LIME (Cat.) 299+ 1.7
LIME (Cont.) 46.6 + 1.6
attr-GAM 615+ 1.1
Shapley (E(f)) 795+ 1.1
SHAP (f (E)) 23.7+1.5
Gradient 61.6 1.3
Gradient x Input 545+13
Integrated Gradient 30.7+15
Expected Gradient 418+ 15
attr-GA*°M 92.9 + 0.6
attr-GA’M 637+ 14
attr-GA*M 812+ 14
attr-GA*M 90.7 + 1.1
InterpretableNN 86.9 + 0.9
Archipelago 88.8 £ 0.7
L2X 375+ 1.6
INVASE 613+ 1.7
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Thank you!
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