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Hlyperspneres as oufput spaces Classification Classification resulfs

In hyperspherical output spaces, classes can be described by profotypes that Match examples with fixed class profotypes based on their angle: CIFAR-100 ImageNet-200
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o o rO TO Typ e C O ﬂ STrU C .H O n This paper with privileged info. This paper vs Deep NCM. This paper vs cross-enfropy.

How would you position two classes?  For cat, airplane figer, what should go where?

Optimally separting arbifrary numbers of points for any dimensionality is an open mathematical problem.
We resorf to an approximation through opfimization with the following objective:

Benefits over softmax cross-entropy

¥ Enables an embedding of inductive biases prior fo learning.
¥ Freedom fto choose any oufput dimensionality.

V¥ Unification with regression using the same loss.

Regression results
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Separating nearest pair per step is inefficient. We opf to separate each prototype from its neighbour:
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¥ No need for expensive protofype updating. We also propose an exira ranking loss to preserve privileged class similarifies:
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\ Our approach is stable across learning rafes and output spaces.
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Regression and mulfi-task learning Multi-task resulfs
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