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Zero Shot Learning Semantic Spaces
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classes to unseen classes via the Semantic Space.
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Configurations

Inductive vs Transductive

Generalized Zero-Shot Learning

Gaps

() Semantic spaces are not preprocessed

O No robust evaluation protocols exist

() Overlooking the inductive setting

Our Research: Preprocessing the semantic space

Global Overview

Preprocessin
We aim to design a - M P 8 L<N
methodology to perform o activated
feature selection in the c a | fo5 0 -1 Feature 0 1 N
o — . True |True| ® @ @ |False
semantic space to find an O (1 040002 | mummp [ Selection | m—p>
: : ) : Approach
optimal subset of attributes rarotl G \0 06
to enhance the model  —— =
performance for the L Atts
) . . Shark L Atts ; A
inductive  setting. Our A i 7
: : ‘ | 09 1 1
purpose is to remove noisy, : 05 0 coo 1 5 [ 0 0201 ZSL
i 0 1 04:2002 | —p ; : —_—
not 1o ach|§ve : D 8 oo, ¢ Method | NN Model
dimensional reduction. — 0 06 e 0 L
Class Stratified Cross Validation Data Partition Feature

We propose a class-stratified partitioning protocol that simulates unseen classes in an inductive setting. This enables
semantic feature selection without accessing unseen semantic information, ensuring a realistic zero-shot evaluation.
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Global Search over attributes subsets
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using  Genetic

Genetic algorithms that optimizes attributes subsets using
unseen-class the previous evaluation protocol. The genetic
operators are standard

gl Notindividual rankings and simpler than RFS

@ Sensitive to the thresholds

Interpretable attributes subsets

Q Search is limited (Greedy)

@ Less efficient than GAZela
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