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CLIP (Contrastive Language-Image Pre-training)
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Modality Gap
Expectation vs. Reality in Modality Alignment
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Mind the Gap
Modality Gap at random initialization
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Cone Effect
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Mind the Gap
Modality Gap at random initialization
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Mind the Gap
Modality Gap during model optimization
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Two Effects, One Trigger:

On the Modality gap, Object bias and Information Imbalance

in Contrastive Vision-Language Models (2025 ICLR)
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Information Imbalance
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Two Effects, One Trigger
Insufficient mutual information
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Two Effects, One Trigger
Conditional entropy — Object Bias
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Two Effects, One Trigger
Conditional entropy — Modality Gap
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Two Effects, One Trigger
Experiment
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