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Abstract

  With the development of deep learning and growing interest in personal information protection, federated 

learning, which learns models with excellent performance without sharing personal data, is attracting attention. 

However, unlike the training environment, in real scenarios, data heterogeneity problems occur, which causes client 

drift due to the gap between the global model and the local model. To solve this problem, we propose 

FedAvgP(Federated Averaging with Parameter changes), a new federated learning parameter aggregation method 

that uses the amount of change and momentum between the global model and the local model. The proposed 

method updates global model parameters at the server by utilizing the momentum method and changing the amount 

between the global model parameters of the previous communication round and the local model parameters of each 

client in the current round. We demonstrate the performance of the proposed method using computer vision 

benchmark datasets MNIST, Cifar10, and FMNIST.

 

Ⅰ. Method

  Before explaining the proposed method in detail, we 

formulate the federated learning environment. We define 

the number of all clients participating in the federated 

learning as  , and a specific client as  , ∈C. The 
client learns the local model, and after the training is 
completed, the number of data used for the training and the 
parameters of the local model are transferred to the server. 
Each client has a training dataset  .   is the total number 

of training datasets. we use the momentum method the 
amount of change between the previous updated global model 
parameters and the collected local model parameters of each 
client. The process is as follows:

    exp    
exp    

         (1)

                     (2)

where   denotes a communication round, ∈.  
denotes the aggregated global model parameter, denotes the 
local model parameter learned by the client c,    denotes 
the total number of samples of the datasets  .  is a 
momentum coefficient, we set the value to 0.9. 

Ⅱ. Experiment

1. Experiment environment

We experiment to prove the performance of the proposed 

method. Benchmark data use MNIST [4], Cifar10[5], and 
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FMNIST [6], and the data distribution for each benchmark 

is measured for values of 0.1 and 0.5 based on the 

Dirichletdistribution. For the performance comparison, 

classification accuracy on various benchmark data was 

measured, and the target of performance measurement is 

representative federated learning methods such as FedAvg 

[2],FedAvgM[10], FedProx[3] and the proposed method, 

FedAvgP. Server collects local model parameters and 

updates the global model parameters, after 5 local epochs. 

The total communication round is performed 100 times and 

participation rate of the federated learning is 0.1 and 

random clients participate in the federated learning. For the 

experiment, lenet5[11] is used as a backbone model. The 

optimization function of each client is SGD, and the learning 

rate is set to 5e-3.

Table1. Performance comparison table of federated learning methods 
using computer vision benchmark dataset.

2. Classification performance

Among the experimental results, Table 1 shows that the 

proposed method shows good performance compared to the 

previous federated learning method. In addition, to further 

analyze the data classification ability of the model in a data 

heterogeneous environment, we visualize the result values 

classified through T-SNE and calculate silhouette-score. 

The silhouette score is a numerical representation of how 

closely individual data is clustered with data within its 

assigned cluster and how far away it is from data in other 

clusters. A large value can be interpreted as good 

clustering performance. From Figure 2, we can see that the 

proposed method classifies data well compared to the 

previous methods.

Ⅲ. Conclusion

 In this paper, we propose FedAvgP (Federated Averaging 

with Parameter changes), a new aggregate method of 

federated learning using the parameter changes. The 

proposed method learns a global model using the amount of 

change and momentum between the global parameters and 

the learned parameters of each client. Previously studied 

federated learning methods had a problem of deteriorating 

performance in an environment where data was 

heterogeneous, but the proposed method overcame the 

limitations and showed excellent performance. We believe 

that FedAvgP could be applied to various federated learning 

tasks. 
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MNIST Cifar10 FMNIST

Method a=0.1 a=0.5 a=0.1 a=0.5 a=0.1 a=0.5

FedAvg 70.11 88.31 11.05 27.05 68.26 72.21

FedProx 64.08 88.39 17.49 26.67 64.41 72.19

FedAvgM 85.51 94.82 22.72 37.77 69.73 77.2

Ours 90.85 94.91 23.12 38.46 74.94 78.25


