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Source-Free Domain Adaptation

Source model
Supervised

Target model
Unsupervised

Initialization

 Condition: Source model & Unlabeled target data
 Goal: Transfer a pretrained source model to the target domain using only unlabeled target data

Labeled Source

Unlabeled Target

 Source-Free Domain Adaptation (SFDA)

Model

Supervised

Labeled Source

Unlabeled Target

 Unsupervised Domain Adaptation (UDA)

Unsupervised
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Challenges

 Conventional methods rely on error-prone pseudo-labeling or auxiliary supervision
 Constructing a pseudo source domain to leverage established UDA methods

 Mining extra supervision from the source model 

 ViL’s supervision could be noisy and inaccurate at an unknown rate, introducing 
additional negative effects during adaption.

The success of Visual-language (ViL) pre-trained model led light on SFDA 
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Motivation

 Exploit the dynamics of domain 
adaptation process, starting at the 
source model space and terminating 
presumably in the latent domain 
invariant space. 

 Key point

Considering the ViL model/space as a noisy proxy of the latent domain-invariant 
space, with a need to be denoised.
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Proxy Denoising Theory 
Modeling the effect dynamics of proxy error, i.e., proxy’s divergence against the domain-
invariant space, in the adaptation process.   
 Distance variation of intermediate space        (presented by in-training model) to domain-invariant space D   
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Case-2: When       approaches       , the later phase in the 
adaptation (t=U >> 0)
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The effect of proxy error is gradually increasing 
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Proxy Denoising Theory 
The effect of proxy error is gradually increasing

0 1 T t 
(b) Confidence variation of ViL prediction Prediction with     

confidence at t
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In probabilistic view 

Treat the ViL predictions that approximate a 
Gaussian distribution                           : 
 Mean              is the ViL prediction
 Variance

Given that the proxy error is 
unknown, we cannot formulate 
these dynamics explicitly

 is the probability distribution of the proxy space

 is a random event that the sampling result (i.e., a ViL

prediction) from          is confident.
 is proxy confidence, indicating the 

probability of the event            being true at a time t. 

Difficulty

Our solution
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Proxy Denoising Theory 

The effect of ViL prediction errors on domain adaptation can be 
approximately estimated by contrasting the distributions of the 
source model and the current in-training model
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Capitalizing on Corrected Proxy

Theorem 1+

=

 Design of proxy denoising mechanism

Mutual knowledge distilling
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Experiment

 Vanilla Closed-set SFDA
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Experiment
 Other SFDA settings

 Comparison with CLIP

 Partial-set SFDA

 Open-set SFDA

 Generalized SFDA

 Source-Free Multi-Target DA

 Source-Free Multi-Source DA

 Test-Time Adaptation
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Experiment

 Model analysis

 Feature distribution

 Training resource demands

 Parameter sensitivity

 Reliance on ViL models
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Takeaways
 New view: Understanding domain adaptation in a dynamic process is a promising solution；

 Multi-source challenge: Efficient strategies that adapts from heterogeneous generic external knowledge；

 Black box challenge: Models in the cloud, our proxy denoising may not work well since all details of the 

model are transparent to us. 

Contribution
 We for the first time investigate the inaccurate predictions of ViL models in the SFDA context. 
 We formulate a novel ProDe method that reliably corrects the ViL model’s predictions under 

the guidance of a proxy confidence theory. 
 A mutual knowledge distilling regularization is introduced for better capitalizing on refined 

proxy predictions. 
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Thank you !
Code and data can be accessed at: 
https://github.com/tntek/source-free-domain-adaptation
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