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Task Formulation: Vocabulary-free Fine-grained Visual Recognition: Prediction Correctness Level: More Precise Correct Partially Correct Incorrect
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LLMs can act as proxies for human experts, though they lack "eyes”. VLMs
provide a medium through which to elicit knowledge and reasoning from LLMs.
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iii. Automatic Identification: use a contrastive VLM to automatically
recognhizes the reasoned fine-grained concepts in incoming data.
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