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DeepTaylor [Montavon et al. 2018], SHAP [Lundberg and Lee 2017], LIME [Ribeiro et al. 2016], L-RDE [Macdonald et al. 2019]
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What Do Relevance Scores Mean?
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Sparse Relevance Maps and Relevance Orderings

Rate-Distortion Explanations (RDE):
‖s‖1 vs. D(s) = En[(Φ(x)− Φ(s � x + (1 − s)� n)2]

Rate-Constrained RDE (RC-RDE):
minimize D(s) subject to ‖s‖1 ≤ k, s ∈ [0, 1]n

Ordering RDE (Ord-RDE):
minimize

∑n−1
k=1 D(Πpk) subject to Π ∈ Bn

I pk vector of k ones and n− k zeros
I Bn Birkhoff polytope (n× 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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Results
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Results
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Thank You!

� macdonald@math.tu-berlin.de
� @jan_maces · @matbesancon · @spokutta

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