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Proposed Method

  TPB
		1			input							few-shot	set	𝒟 = {(𝑥, 𝑦)},
																		prompt	pools	{𝒫!},	rounds	𝑀
		2			initialize		sample	weights	𝑤"	←	

#
𝒟

		3			for	𝑚	in	1,	…,	𝑀:
		4							(*𝒟,	+𝒘)	←	augment(𝒟,	𝒘)
										//	GPC	(Greedy	Prompt	Composition)
		5							𝜑∗ ←	best	shared	template	on	(*𝒟,	+𝒘)
		6							ℬ!	←	{𝜑∗(𝑘)} for	all	class	𝑘
		7							repeat
		8											greedily	add	class-wise	prompts	to	reduce	weighted	error
		9							until	no	improvement
		10						ℱ & 	←	classifier({ℬ#, ℬ', … , ℬ(})
										//	Boosting
		11						𝒘	←	SAMME.R	update(ℱ & ,	𝒟,	𝒘)
		12		output						SAMME.R	ensemble	of	{ℱ # ,	…,	ℱ ) }

Conclusion 㖈 Limitations

Conclusion: TPB builds and boosts an ensemble of text㎿
prompt classifiers, yielding shot㎿scalable gains on the source 
model while preserving these gains across diverse VLMs.

Limitations: ㏙i㏚ Construction cost grows with dataset size. ㏙ii㏚ 
Reweighting may overemphasize noisy samples. ㏙iii㏚ Fixed 
prompt pool limit further adaption gains.

Overview

Prompt adaptation of VLMs faces a trade㎿off. Soft prompts 
improve with more shots but live in one model㑄s embedding 
space; hard prompts transfer anywhere but stop improving.

TPB ㏙Text Prompt Boosting㏚ breaks this trade㎿off:

㏙i㏚ Shot scalability: accuracy improves with more shots.
㚉5.80pp from 1 to 16 shots on the source VLM.

㏙ii㏚ Transfer robustness: shot㎿driven gains preserve.
㚉2.41pp on ViT㎿L and 㚉2.51pp on ViT㎿H models.

Why Boost Text Prompts?
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Shot㎿scalable adaptation
Direct cross㎿model transfer

Limited shot scalability
Direct cross㎿model transfer

Boosted text prompts scale with shots and transfer!

• Compose: greedily minimize weighted error.
• Reweight: focus subsequent learners on hard samples.
• Ensemble: combine weak classifiers into a strong classifier.

Text prompt boosting3

Shot㎿scalable adaptation Direct cross㎿model transfer
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Gradient㎿Optimized 㐱Text㐲 㚎 Transferable

“hey	darby	pls	violets	kissestc	
accept	liza	any,,	adorable	

gorgeous	♡♡	:-)	life	behaved	pug"

Gradient㎿optimized text prompts are still 㐱text㐲, but they are 
unreadable and fail to preserve their gains under transfer.
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Final Strong Classifier

Analysis

Prompt diversity and augmentation improve adaptation, 
while boosting drives stronger cross㎿model transfer.
𝑀: boosting round, 𝑎: augmentation factor

Experimental Results

Shot scalability on the source model: RN50 㖈 ViT㎿B/32
Top㎿1 Acc. ㏙㚠㏚, avg. of 11 datasets

Cross㎿model transfer: ViT㎿B/32 㛳 ViT㎿L 㖈 Vit㎿H models
Shot㎿driven gains preserve after transfer!
Top㎿1 Acc. ㏙㚠㏚, avg. of 11 datasets, ViT㎿L: OpenCLIP/SigLIP2/DFN/EVA㎿02/CLIPA㎿v2, ViT㎿H: OpenCLIP/DFN/CLIPA㎿v2/MetaCLIP2


