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Motivation 

Due to data privacy and storage cost concerns, the data 

from different domains are isolated and cannot be accessed 

by other domains, which presents a great challenge for the 

conventional unsupervised multi-source domain adaptation 

(UMDA) methods. 

First, the source models inevitably generate inaccurate 

pseudo-labels for fine-tuning or distilling knowledge in the 

unlabeled target domain, which reduces the domain 

adaptation performance. 

Second, the source models tend to overfit their domain data 

under the data decentralization scenario, which leads to the 

source models shifting away from the distribution of target 

domain data.  



Main idea 

A dual collaboration framework is proposed to reduce the 

domain gap between the decentralized source domains and 

target domain. 

On the decentralized target domain, we propose a domain 

weighted soft label (DWSL) strategy to generate pseudo-

labels and improve the discrimination of the target domain 

model by fully using the unlabeled target domain data. 

On the decentralized source domains, we regularize local 

source models toward the target domain model during 

training to reduce the domain gap.  

Experiments have been conducted on standard multi-source 

domain adaptation datasets, indicating the superior 

performance of our dual collaboration multi-source domain 

adaptation (DC-MDA).  



 Cross-entropy loss is adopted for training 

local source model ℓce 
 Model consistency regularization (MCR) is 

used to overcome negative transfer ℓmcr 

Method 

Overall framework 

 Cross-entropy loss is adopted for training 

the pseudo-labeled target domain ℓdwsl 
 Consistency regularization (CR) is adopted 

to improve the discrimination ℓcr 
 Entropy minimization (EM) is adopted to 

utilize the low-confident unlabeled data ℓem  

 

 Source domain training 

w/o MCR 

w/ MCR 

 Target domain training 

 Model aggregation 



Major results 

 Compared with the SOTA 

 Feature visualization  Ablation study 



Conclusions  

In this paper, we propose a novel DC-MDA method for 

decentralized multi-source domain adaptation. 

In our method, we overcome the data decentralization and 

domain shift challenges by training the target domain 

model with the collaboration of source domain models and 

training the source domain models with the collaboration of 

the target model. 

For the domain shift challenge, our method improves the 

discrimination of the local target model and the 

transferable performance of local source models with the 

collaboration from other domain models to obtain a model 

that works well on the target domain. 
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