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Motivation & Contribution

CoCoA-Mix: Confusion-and-Confidence-Aware
Mixture Model for Context Optimization

Methodology

Experiments & Analysis

TL;DR

» Existing prompt tuning methods struggle with class confusion due to frozen
encoders and often sacrifice task specialization for better generalization
across unseen domains.

CoCoA-Mix

(Confusion-and-Confidence-Aware Mixture Model)
2k

Comparative Study

*» CoCoA-Mix Is evaluated on 11 datasets across three tasks—base-to-new
generalization, few-shot class-incremental learning (FSCIL), and cross-dataset
transfer—demonstrating its broad applicability.
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