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4. Theoretical Analysis

1. Challenge & Motivation 5. Experiments

Ø The presence of noisy label  disrupts the adaptation of the 

prompt tuning process of vision-language models. 

Ø Because CLIP already provides a near-optimal 

initialization, adaptation should be inherently conservative, 

particularly against the extreme gradient updates common 

in noisy settings.

2. Our Contributions

Ø  We provide a systematic analysis of CLIP’s gradient 

dynamics under label noise. We reveal a gradient surge 

paradox, where CLIP possesses a strong pre-trained prior  

and will produce disproportionately large gradients for 

“incorrect” noisy samples, which aggressively overrule the 

original knowledge.

Ø We propose Double-Softmax Prompt Tuning (DSPT), a 

hyperparameter-free framework that re-purposes “gradient 

vanishing” as a principled noise-filtering shield. DSPT acts 

as an intrinsic gradient gatekeeper that zeros out disruptive 

surges from noise while selectively permitting informative 

updates from reliable samples.

Ø We provide theoretical evidence and conduct extensive 

experiments across diverse benchmarks. 

Ø Comparative experiment on nine benchmarks with multiple baselines:

Ø Accuracy curve under different noise 
and datasets:

Ø Overall gradient of all samples in 
the first training epoch undel noise:

3. Our Method: DSPT

Our method is appealingly simple: adding an additional 
softmax layer before the cross-entropy loss, which surppresses 
noisy gradients!

ØLoss Value boundedness: In a C class classification problem, for any 

classification model, its double-softmax cross-entropy loss is bounded by:

ØGradient surppresion for incoherent mislabeled samples: For high 

confidence single-softmax prediction     inconsistent with noisy label    , its 

total gradient quantity under double-softmax cross-entropy loss with 

respect to logit z will converge to 0:
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ØAdditional analysis can be found in our main paper!


