
Summary

Motivation: Improve model performance by fine-

tuning the model‘s own parameters.

Contribution:

⚫ Propose a novel method that automatically selects and fine-

tunes the most critical parameters in CLIP without extra 

parameters, maintaining the same inference efficiency as the 

original CLIP model.

⚫ Introduce an automatic parameter identification strategy based 

on AdamW’s adaptive learning rates to select important 

parameters.

⚫ Outperforms CLIP and its variants on 13 datasets，achieving 

SOTA performance.

Method

Experiments
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(a) we first fine-tune the CLIP transformer block with 

sampling a batch of training data from the dataset.

(b) By counting the 𝑣𝑖
′ of each parameter in AdamW, 

we select the parameters that need to be fine-tuned.

(c) Fine-tune the selected parameters using the 

following loss:
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