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Relaxing Part Discovery Constraints with Vision Transformers
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Motivation

Computer vision methods that explicitly detect object parts and reason on
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them are a step towards inherently interpretable models.
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Existing approaches that perform part discovery make restrictive assumptions Distance ‘l
about the geometric properties of the discovered parts. ViT I
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We find that such restrictive priors are not required to detect consistent parts N Y \
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Total Variation Loss
Entropy Loss
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We use the total variation (TV) prior which enforces that the parts form
spatially connected components.
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Results

Part losses

Conclusion

We encourage attention maps to behave like vemod  [F TR0 Srs A TP [ b oAty TR e e e o e We propose a training objective that enables
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Presence loss: stimulate part presence per batch " _— e ad T B g
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Orthogonallty loss: stimulate part distinctness
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