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Motivation 
1. Most of existing studies on federated learning focus on 
supervised learning. How to use the unlabeled data scattered in 
each node is an important problem. 
2. An important challenge in decentralized unsupervised learning 
is the inconsistency of the representation space. Since the data 
distribution of different nodes is quite different, the spatial 
semantics encoded by different local models are different. 
3. Another challenge with decentralized unsupervised learning is 
the misalignment of representations. Even though the spatial 
structures of different nodes are similar, there may be differences 
in location. 
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Main idea 

1. We propose a new problem in federated learning called 
federated unsupervised representation learning (FURL) to learn 
a common representation model without supervision while 
preserving data privacy. 
2. We introduce a dictionary module recording the historied data 
representations. The dictionary can be shared with all clients to 
solve the inconsistency of the representation space. 
3. We propose an alignment module, which leverages a public 
model to encourage different local models to be aligned. 
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Challenge 1 
Inconsistency of representation spaces 

Different clients have different data. Then, the locally trained 
models encode different representation spaces. As a result, the 
performance of the global model aggregated by these 
inconsistent local models may fall short of expectations. 
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Challenge 2 
Misalignment of representations 

Even if the representation spaces encoded by different local 
models are consistent, there may be misalignment between 
representations due to randomness in the training process.  
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Method 

To address these challenges, we propose a contrastive loss-based FURL 
algorithm called the federated contrastive averaging with dictionary and 
alignment (FedCA), which consists of two main novel modules: a dictionary 
module for addressing the inconsistency of representation spaces and an 
alignment module for aligning the representations across clients. 
 
Specifically, the dictionary module, which is maintained by the server, 
aggregates the abundant representations of samples from clients, and 
these can be shared with each client for local model optimization. 
 
In the alignment module, we first train a base model based on small public 
data, and then require all local models to mimic the base model such that 
the representations generated by different local models can be aligned.  
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Method (Cont’d) 
Overall, in each round, FedCA involves two stages: (1) clients train local 
representation models on their own unlabeled data via contrastive learning with 
the two modules mentioned above, and then generate local dictionaries, and 
(2) the server aggregates the trained local models to obtain a shared global 
model and integrates the local dictionaries into a global dictionary. 
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Major results 
Dictionary module for inconsistency challenge 
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Major results (Cont’d) 
﻿Alignment module for misalignment challenge 

Box plots of the angles between the representations encoded by local models on 
the CIFAR-10 dataset in FL with an IID setting: (a) FedSimCLR; (b) FedCA. FL: 
federated learning; IID: independent and identically distributed 
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Major results (Cont’d) 
Classification results 

Our method outperforms all of the baseline 
methods due to the modules designed for FURL 
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Conclusions 

1. We formulate a significant and challenging problem, termed 
federated unsupervised representation learning (FURL), and 
show the two main challenges (inconsistency of representation 
spaces and misalignment of representations). 

2. We propose a contrastive learning based FL algorithm named 
FedCA, composed of the dictionary module and alignment 
module, to tackle the above challenges. 

3. Our experimental results demonstrate that FedCA outperforms 
those algorithms that combine solely FL with unsupervised 
approaches and provides a stronger baseline for FURL. 
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