Side of Texture: Texture Bias on Real Data
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Summary Future Work
 We find that textures are highly predictive features that models learn and rely on when * Further investigation into the interplay between security and texture
classifying objects. This bias towards texture departs from human visual processing and bias is needed — specifically with how robust models may differ in
undermines model trustworthiness. their reliance on textures and how other security phenomena may
 The presence of specific textures in an image can determine how accurate and confident be explained by texture bias.

a model is, showing that texture bias plays a key role on real data classifications.
Model robustness is influenced by textures. Confident mispredictions can be explained
by the fact that these images contain textures not associated with their label.

In some cases, texture may be a truly necessary feature to learn,
future work should aim to uncover when texture bias may be
desirable or disastrous.



