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HyperPg Module HyperPG: Learnable Mean
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= Similarto von-Mises-Fisher
Distribution.
= Special Case of HyperPG Mean=1.0
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= Only Difference in Prototype Formulation . - £ " HyperPG can freely learn mean
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over Cosine Similarities

HyperPG combines
Cosine and Probabilistic
approach

(PPN) Compute Euclidean or Gaussian Prototypes A
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Gaussian Prototypes

Same Interpretability as other Prototypes Code available on Github:

https://github.com/LiXiling/prob-proto
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Each prototype defines a
Gaussian Distribution.

= Learnable Direction, Mean and Variance
= Prototypes have variable focus
= Compatible with Attention-based Backbones

Looks
like

Prototypes learn different
Variance, i.e. different specificity.
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