Salvage: Shapley-distribution Approximation Learning Via Attribution Guided Exploration for Explainable Image Classification
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Masking portfions of the input image to observe the resulting changes in the model’s prediction.

Table 1: Quantitative results computed on the Pets, ImageNette, WBC, and MURA datasets.
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The Shapley distribution is optimized by minimizing its Jensen-Shannon divergence to the target distribution v(S) : é | )
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Our solution: Importance sampling during training. Two mask splits are sampled: go'g' %
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The attribution scores can be directly mapped to a classification prediction using the Shapley distribution of all image patches.
u(N) =03 ey ¢77) = v(N) Table 2: An overview of the classification performance of the original classifier, ViT-Shapley, e b
and Salvage computed on Pet, ImageNette, WBC and MURA. class
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