Dual Polarity Prompts with Stochastic Entropy Perturbation for Label Noise
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Introduction . Overview

e Pre-trained Vision-Language Models (VLMs) have been widely adopted across various - -
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applications through few-shot prompt tuning. Prompt —

e However, their potential to effectively address label noise, a common challenge in - _ ' " b
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real-world data, remains largely unexplored. Encoder
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® While recent prompt tuning methods exhibit robustness under low to moderate noise, . e B \ l l \ \
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they struggle in handling higher noise ratios or more complex noise patterns.
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Contrnibutions

e We introduce a novel Dual Polarity prompting strategy along with prompt balancing

functions, that enhances image-text alignment of VLMs by simultaneously maximiz-
ing similarity with correct descriptions and minimizing similarity with incorrect ones.

e We propose Stochastic Entropy Perturbation loss which mitigates overconfidence in

noisy labels by introducing stochastic perturbations, effectively reducing the model’s
memorization of noisy samples.

e We perform an extensive validation on seven synthetic benchmarks with symmetric

and instance-dependent noise and two real-world noise benchmarks, covering a
various noise distributions, demonstrating the superior noise-robustness.
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Overview of DP-SEP: Dual polarity prompts learn contrasting information and use
various balancing functions, Stochastic perturbations mitigate the memorization of

label noise.
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Performance Comparison under Synthetic Noise. Training on ImageNet and Testing on different datasets.
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Conclusion

e As VLMs are increasingly becoming central to several applications, their sensitivity to label noise poses a significant barrier. In this regard, we focus on addressing the
degradation of VLMs under high and complex noise conditions. We propose DP-SEP, a framework revolving around two core components.
e Dual Polarity Prompt constructs the discriminative relationship between correct description and wrong description in the semantic space, limiting the model’s over-reliance on
labels (possibly wrong).
e Stochastic Entropy Perturbation uses randomness to break the network’s possibility of absolute confidence in incorrect samples.
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