Fernando Julio Cendra & Kai Han .
Visual AI Lab
School of Computing and Data Science

The University of Hong Kong

Part-level correspondence priors
enhance Category Discovery

ICML

INnfernational Conference

PartCo

9bed 1o9flo0.4d

On Machine Learning

[ | | m
Genera I Ized Category Dlscovery (GCD) c A growing body of literature in GCD, emphasizes the significance Table 1. Comparison of GCD methods on the SSB benchmark. Results are reported in ACC across the ‘All’, ‘Old’ and ‘New’ categories.
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® SIMGCD =m=PartCo-SimGCD
® FlipClass =#=PartCo-FlipClass

® SPTNet =-m=PartCo-SPTNet
® SelEx =E=PartCo-SelEx

(b) Part-level correspondent loss (Sfpc)



