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Figure 1: Qualitative comparison over the ablation of (1) FullGrad post-processing (UniformFull-
Grad), (2) WC mask (WC) and (3) EPC mask (EPC) on different model architectures. The results
confirm that the post-processing helps to improve the resolution of the attribution. WC and EPC
masks also help to concentrate on the object-aligned features.




> B Comparison between various attribution methods: VGG-16
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Figure 2: Qualitative comparison between various attribution methods in VGG-16. Odd rows depict
the attributions and even rows depict the top pixels with top 10% attribution.
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Figure 3: Qualitative comparison between various attribution methods in VGG-16. Odd rows depict
the attributions and even rows depict the top pixels with top 10% attribution.



s C Comparison between various attribution methods: ResNet-18
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Figure 4: Qualitative comparison between various attribution methods in ResNet-18. Odd rows depict
the attributions and even rows depict the top pixels with top 10% attribution.
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Figure 5: Qualitative comparison between various attribution methods in ResNet-18. Odd rows depict
the attributions and even rows depict the top pixels with top 10% attribution.



.« D Comparison between various attribution methods: Inception-v3

Figure 6: Qualitative comparison between various attribution methods in Inception-v3. Odd rows
depict the attributions and even rows depict the top pixels with top 10% attribution.
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