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Background
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• CLIP falls short in capturing visual details

(Tong et al., 2024) Result of ClearCLIP (Lan et al., 2024)
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High-Level Idea

• Refining Existing CLIP Models with Image-Only Data

• Challenging to acquire high-quality data (e.g., region-text pairs)

• Re-training CLIP models is costly
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• Harnessing the Capabilities of Generative Models

• Trained to learn the full image data distribution

• Capture fine-grained visual details better than discriminative models (e.g., CLIP)
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Preliminary Framework
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Method
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• Utilize the unCLIP Generator (Ramesh et al., 2022) as the “Decoder” Module

• Freeze the Generator During CLIP Finetuning
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Experiments
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• Qualitative Results

• CLIP-Blind Pair (MMVP-VLM) Evaluation

• Dense Vision-Language Inference Evaluation

• Multimodal Large Language Model Evaluation

• Zero-Shot Classification and Retrieval
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• Qualitative Results
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Experiments
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• CLIP-Blind Pair (MMVP-VLM) Evaluation



Experiments
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• Dense Vision-Language Inference Evaluation



Experiments
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• Multimodal Large Language Model Evaluation



Experiments
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• Zero-Shot Classification and Retrieval

• Classification tasks generally favor representations that emphasize dominant foreground 
semantics

• Contrast with the main objective of our work, which is to enhance CLIP’s ability to capture 
visual details as much as possible



Summary
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• Finding: unCLIP provides a suitable framework for improving CLIP

• Proposed method: un2CLIP - finetunes CLIP image encoder via inverting 
unCLIP

• Experiments: Consistent improvements across CLIP-blind pair, dense 
vision-language inference, and MLLM evaluations
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