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Motivation 

1. Data heterogeneity (DH). In FL, the data collected from 
multiple clients are non-independent and identically distributed 
(non-IID) as opposed to centralized deep learning, where data 
are independent and identically distributed (IID). 

2. Model heterogeneity (MH). In FL, the global model obtained 
through FedAvg by aggregating the weights of local models 
cannot be customized for various scenarios and tasks. 

3. Objective heterogeneity (OH). In FL, OH has two aspects, 
referring to the existence of different objectives between the 
global model and local models in FL, as well as across 
different clients. 

Traditional federated learning (FL) has heterogeneity problems, 
including: 
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Method 
The heterogeneity problems can be depicted as follows:    
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Method 
FML: We incorporate knowledge distillation into the FL process 
during the local update stage. 
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Method 
FML performance in traditional FL settings (global model) 

In non-IID setting, the dataset is divided into 
Kp shards of size n/(Kp)  (where K=5 and 
n=50 000), and p shards are assigned to each 
client.  
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Method 
FML in DMO settings 
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Conclusions 

1. We explored the challenges of data, model, and objective 
(DMO) heterogeneities in federated learning. 

2. We propose a novel federated mutual learning (FML) 
framework that effectively addresses the proposed 
heterogeneity challenges. 

3. FML outperforms alternatives in different FL scenarios, 
thus establishing its effectiveness in dealing with DMO 
challenges. Front In
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