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WHAT DO RELEVANCE SCORES MEAN?

DeepTaylor

m relevance score 0.75

“”D relevance score 0.15

Guided Backprop
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D\D relevance score 0.35

D/D relevance score 0.00
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WHAT DO RELEVANCE SCORES MEAN?

DeepTaylor
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change in prediction
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SPARSE RELEVANCE MAPS AND RELEVANCE ORDERINGS

Rate-Distortion Explanations (RDE):
Islly vs. D(s) = Ea(®(x) — B(s ©x + (1 —'5) O m)?]
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Rate-Constrained RDE (RC-RDE):
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SPARSE RELEVANCE MAPS AND RELEVANCE ORDERINGS

Rate-Distortion Explanations (RDE):
Islly vs. D(s) = Ea(®(x) — B(s ©x + (1 —'5) O m)?]

Rate-Constrained RDE (RC-RDE):
minimize D(s) subject to |[|s||s < R, s € [0, 1]"

distortion
D —

non-randomized components

Ordering RDE (Ord-RDE):
minimize Zz;i D(IIpy) subject to II € By

» pi vector of kR ones and n — k zeros

distortion

» B, Birkhoff polytope (n x n doubly stochastic matrices)

non-randomized components
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SPARSE RELEVANCE MAPS AND RELEVANCE ORDERINGS

Rate-Distortion Explanations (RDE):
Islly vs. D(s) = Ea(®(x) — B(s ©x + (1 —'5) O m)?]

Rate-Constrained RDE (RC-RDE):
minimize D(s) subject to |[|s||s < R, s € [0, 1]"

Ordering RDE (Ord-RDE):
minimize Zz;i D(IIpy) subject to II € By
» pi vector of kR ones and n — k zeros

» B, Birkhoff polytope (n x n doubly stochastic matrices)

Multi-Rate RDE (MR-RDE):
Combine multiple RC-RDE solutions at different rates k to
approximate Ord-RDE.
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SPARSE RELEVANCE MAPS AND RELEVANCE ORDERINGS

Rate-Distortion Explanations (RDE):
Islly vs. D(s) = Ea(®(x) — B(s ©x + (1 —'5) O m)?]

Rate-Constrained RDE (RC-RDE):
minimize D(s) subject to |[|s||s < R, s € [0, 1]"

Ordering RDE (Ord-RDE):
minimize Zz;i D(IIpy) subject to II € By

» pi vector of kR ones and n — k zeros

» B, Birkhoff polytope (n x n doubly stochastic matrices)

Multi-Rate RDE (MR-RDE):
Combine multiple RC-RDE solutions at different rates k to
approximate Ord-RDE.

~+ Solved with Frank-Wolfe Algorithms
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Image Sensitivity LRP-ax-8 SHAP
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distortion (squared distance)
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RESULTS

Sensitivity LRP-ax-8 SHAP Guided Backprop
= <=
)
SmoothGrad DeepTaylor LIME L-RDE

&

distortion (squared distance)

RC-RDE MR-RDE
k = 2000 k = 4000 k = 6000 k = 8000
0% 20% 40% 60% 80% 100%
rate (non-randomized components)

=

z
@ VIR-RDE (FW) sl \R-RDE (PGD) e -RDE

e Sensitivity A SmoothGrad @ Guided Backprop

@ LRP-c- 3 g DeepTaylor —— SHAP
——LIME

[=}

o}

=

o
&

ICML 2022 (Macdonald, Besangon, Pokutta)



THANK You!

¥ macdonaldamath.tu-berlin.de
¥ @jan_maces - amatbesancon - @spokutta

arxiv.org/abs/2110.08105 github.com/ZIB-IOL/fw-rde github.com/jmaces/rde
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