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VLMs get less accurate for blurry images. But can they still estimate their uncertainty?

Desired behaviour: When an image is of lower quality, a Visual-Language Model (VLM) may find it more difficult to correct answer questions about that image. When the accuracy decreases,
a well-calibrated model should also become less confident.

Experiment: We applied State-of-the-Art VLMs to three Visual-Question Answer (VQA) datasets. We added corruptions to the image to see whether VLMs become overconfident.
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Figure 1. Example with Defocus Blur corruption. Question: Where was this photo taken? Correct Answer: Japan, Kyoto, Arashiyama Area, the Bridge is named Togetsu-kyo Bridge.
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Figure 5. Refusal rates for Claude, Gemini, and GPT-V4 in  Figure 7. Refusal rates for Claude, Gemini, and GPT-V4 in

easy VQA. Models refuse corrupted images. hard VQA. GPT-4V often refuses.
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