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« Seen: with labeled instances(for training only)
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. Unseen: without instances (for testing only) UER is the projection, each u; represents a visual feature cluster for

* Q: How to relate seen and unseen classes?
A: Utilizing semantic embeddings (attributes, word vectors)
to describe each object class (including seen and unseen ones).
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" Simple prediction scheme (MFMR): ¥} = argmindist(U™'x},a}). | € [1.c.] ------ e R T+ I SV aPY (above) and SUN (below)
ConSE 721 721 69.8 0438 & T e | o i | R s i . .
. 1ni dicti h ST ———r———/—————— o | RS - | @ Detailed analysis
e S i RS Joint pre Iction scheme (IVII:IVIR-IOInt) ’ | | | | | Visualized distribution of the learned projection via t-SNE
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* Projection shift problem exists due to the different on “generalized” zero-shot classification task. and obtain discriminative embeddings V.
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The Seen-Unseen accuracy Curve (SUC)




