Concept Regions Matter: Benchmarking CLIP with a New Cluster-Importance Approach
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» Larger models such as ViT-H-qgelu (DFN-5B) and ViT-bigG achieve the highest overall

CCI Results accuracies on COVAR, with ViT-H-qgelu(378px) reaching 56.8% average accuracy
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. o |k ] .0 ° | TR factors driving CLIP failures » Scale and viewpoint variations are the most challenging perturbations across all CLIP
| variants, causing substantially larger drops than flips, translation, or crop
transformations

» Models trained on curated datasets such as DataComp-1B exhibit lower background
reliance compared to large-scale noisy web data models like LAION-based variants

» Smaller patch-size models (e.g., ViT-B/16) consistently show lower BG-Er than ViT-
B/32, suggesting finer-grained patch representations help reduce shortcut reliance
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