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ViT Attribution Gap

ARCHITECTURE-INDUCED ARTIFACTS

e ViTls dominate modern vision.
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ViT Attributions Gap

ARCHITECTURE-INDUCED ARTIFACTS

LE GRAD DAVE (OURYS)

e ViTls dominate modern vision.
® DPixel-level attributions suffer from artifacts.

e Patch-level attributions lack precision.

ORIGINAL

®  Stable high-resolution explanations are missing.

® DAVE: artifact-free, pixel-level attribution.
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DAVE Construction

STEP I: EFFECTIVE TRANSFORMATION
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DAVE Construction

STEP II: EQUIVARIANT TRANSFORMATION
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DAVE Construction

STEP III: LOW-PASS FILTER
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DAVE Construction

STEP III: LOW-PASS FILTER
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Qualitative Results
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Quantitative Results
PIXEL DELETION
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Quantitative Results

LOCALIZATION
GridPG (%)

Method ViT.B DeiT.B D-III-B DINO-B Input Image Scorpion German S. Pointer
IXG 32.67 3025 30.01 33.28

IntGrad 39.86 36.11 31.68 36.98

S-Grad 3427 30.18 3148  33.13

LeGrad 4771 4258 34.62  28.96

A-LRP 5840 54.63 5384 3749

C-LRP 5498 5547 5227 < 49.99 2x2 Grid

DAVE (ours) 60.19 63.52 65.76 51.33

A +1.79 +8.05 +11.92 +1.35
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Quantitative Results

LOCALIZATION
EnergyPG (%)

Method VILB DeiB D-II-B DINO-B 8¢ ,
IXG 5533 6272 6732 coog (R SCREEEE
IntGrad 5851 6422 68.12 72.15 ettt
S-Grad 5602 60.78 68.10  70.93 A ‘
LeGrad 80.06 77.83 77.54  82.26 ;
A-LRP 6075 68.16 77.65 75.98
C-LRP 80.82 79.62 81.94  81.56 o ¥,

" "&

DAVE (ours) 78.60 82.23 8243 83.38

A 222 +2.61 +049 +1.12
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e ViT attributions suffer from
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Takeaways
e ViT attributions suffer from
e ViT gradients mix and
e DAVE isolates , signal from
® DAVE achieves pixel-level ViT attribution quality.
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