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Filter before you aggregate.

REEM filters Vision Transformer attentions, producing explanations that are simultaneously faithful and more human-aligned.

The Core ldea Why RFEM?

ViT attentions are dense across all layers and heads. Dense attention matrices contain many weak token interactions

Standard Rollout - Aggregates Everything = Noisy Explanations that accumulate during rollout, producing diffuse explanations.
o ) , . K-o thresholding to remove diffuse background attentions
Our Proposal =» Statistical Filtering =» Clean Explanations

Rollout REEM Head-wise adaptive filtering preserves only informative

token interactions
Better localization and alignment with human gaze

3x to 7.5x faster inference than complex attribution meth-
ods (e.g., AttnLRP) in a single pass
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The RFEM Framework
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Quantitative Comparison

Alignment with Human Gaze
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Similarity (SIM), Pearson correlation coefficient (PCC) etc... Insertion (IAUC), Deletion (DAUC) etc... Lipschitz criterion (LIP) etc.
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Qualitative comparison showcasing RFEM closely aligning with human Gaze Fixation Density Maps (GFDMs).
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