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The Gaussian Discriminant Variational Autoencoder (GdVAE): gy
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Relevance Prototypes — Global Explanations Results
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ing inference, often without guaranteed convergence.
Our self-explainable model offers a fast, transparent
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‘Takeaway: GAVAE consistently provides a better trade-
FFHQ Counterfactual Examples ‘off between metrics compared to post-hoc methods.
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- CelebA - Gender Bias of Smile Classifier
A Hidden Attribute ACC% MSE |
3 Male 89.9 4+-1.37/ 0.92+0.03
Female 91.1+0.33 0.88+0.02

D Project page
paper & code

‘Takeaway: Smile classifier shows reduced perfor-
‘mance and increased uncertainty in classifying males.






