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CLIP

(1) Contrastive pre-training
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(2) Create dataset classifier from label text
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(3) Use for zero-shot prediction
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CLIP

* CLIP models show Out of Distribution (OoD) generalization
« Compositional OoD (C-OoD) generalization is unexplored
* We Iinvestigate factors contributing to C-OoD in CLIPs



Existing datasets fail to provide
true C-00D scenarios for CLIP



mageNet-AO Dataset
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ImageNet-AO Dataset

* Image Generation
» Select objects and attributes list from existing Datasets

* Generate Images by SDXL-turbo

* Filtering Process
* Exclusion of Known Combinations
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Comparison of CLIP Models on ImageNet-AO
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Why CLIP has Compositional Generalization?



Disentanglement
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Track embedding disentanglement during
training

z diff score Over Epochs
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Thank you for Watching
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