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Traditional approach



Federated Learning
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Challenges

Communication bottleneck System heterogeneity Statistical heterogeneity Privacy



Non-IID Data

The IID assumptions are  violated in Federated 
Learning.

Non-IID data introduces bias into the training 
and degrades model performance.



Non-IID Data and Batch Normalization

• BN becomes ineffective in certain settings(small 
and Non-IID mini-batches (S. Ioffe, 2017)).

• In FL settings, where each data partition could 
differ from the other, the performance 
degradation is more severe.

BN(x)  = 𝛾 ො𝑥𝑖 + 𝛽 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡: ො𝑥𝑖 =
𝑥𝑖−𝜇𝐵

𝜎𝑩
2+𝜀



Batch Normalization Alternatives

Group Normalization
 Y. Wu  et al., 2018

Batch Renormalization
 S. Ioffe, 2017

Fixup Resnet
 H. Zhang et  al., 2019



Our aim

Rectify the drawbacks of BN in Federated Learning run on Non-IID data
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Contribution

1. Each participating client shares the BN parameters used in the normalization layers with the central 
server, as well as the loss value obtained in the current round.

2. The server, based on the local loss values, calculates the importance of each client, i.e. higher weight 
is given to the client with the highest local loss. Then aggregates all the local models.

3. The updated parameters are sent back to the new selected clients for the next round. Each client 
updates both training and inference statistics based on those received from the server



Contribution

𝑊𝑘 =
𝐹𝑘 𝑤

σ𝑘𝜖𝑆𝑡
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𝑤𝑡+1 = ෍
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Compute the weights’ matrix :  

Aggregate : 

Switch to FedProx 

Condition: 

𝑠𝑡 ⅆ(𝐹 𝑤 ) < 𝜀
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Evaluation

Datasets: 

Cifar-10 Fashion-MnistMnist

Non-IID Settings: 
• Balanced distribution skew
• Unbalanced distribution skew

Baseline: 
• FedAvg McMahan et al. 2016
• FedProx Li et al. 2018
• FedBN X. Li et al. 2021



Experimental Results

Cifar-10/Unbalanced Non-IIDCifar-10/balanced Non-IID



Experimental Results

Mnist/balanced & unbalanced 
Non-IID

Fashion-Mnist/balanced & unbalanced 
Non-IID



Experimental Results

Cifar-10/balanced Non-IID 
(locally)
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Conclusion and Perspectives

Conclusion:
• Introduction of a novel approach FedBS for handling DNN models with normalization layers in FL.
•  FedBS weights the local models based on each client’s loss value.
• FedBS outperformed all the state-of-the-art approaches.

Perspectives:
• Secure the communication of batch parameters between clients and the server.
• Tackle Non-IID issues as key point and improve FL models without sacrificing FL properties
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