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Federated Data Augmentation Algorithm for Non-independent and Identical Distributed Data

QU Xiang-mou, WU Ying-bo and JIANG Xiao-ling

School of Big Data & Software Engineering,Chongqing University,Chongqing 401331, China

Abstract In federated learning, the local data distribution of users changes with the location and preferences of users, the data
under the non-independent and identical distributed(Non-1ID) data may lack data of some label categories, which significantly af-
fects the update rate and the performance of the global model in federated aggregation. To solve this problem.a federated data
augmentation based on conditional generative adversarial network (FDA-cGAN) algorithm is proposed, which can amplify data
from participants with skewed data without compromising user privacy,and greatly improve the performance of the algorithm
with Non-1ID data. Experimental results show that,compared with the current mainstream federated average algorithm.under the
Non-1ID data setting, the prediction accuracy of MNIST and CIFAR-10 data sets improves by 1. 18% and 14. 6% . respectively,
which demonstrates the effectiveness and practicability of the proposed algorithm for Non-I1ID data problems in federated learning.
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Table 1 Federatedlearning parameters setting
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Table 2 Prediction accuracy under different communication rounds

on MNIST dataset

wH BRBHK MINIST/ %%
11D Non-11D

10 98. 60 82.05
ResNet 50 99.16 98. 81
100 99. 20 98.55
10 98.76 82.05
CNN 50 97. 89 94. 77
100 98. 41 96. 86
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Table 3 Prediction accuracy under different communication rounds

on CIFAR-10 dataset

CIFAR-10/%
o k4 3 ’

11D Non-1ID
10 61.62 27.90
ResNet 50 72.48 50.73
100 74.07 62.38
10 45.33 28.19
CNN 50 53.98 46.60
100 54.69 47.94
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Fig. 4 Model performance with different data augmentation

parameters ng
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Table 4 FDA-cGAN prediction accuracy on MNIST dataset

- MNIST/ %
CNN ResNet
FedAvg 97.05 98. 80
FedAvg—+cluster 97.74 99. 32
FedAvg+cGAN 98. 26 99. 26
FDA-cGAN 98. 46 99.98

%5 FDA-cGAN HA7E CIFAR-10 $U45 4 F A6 R
Table 5 FDA-cGAN prediction accuracy on CIFAR-10 dataset

CIFAR-10/%

CNN ResNet

FedAvg 47.94 60. 82
FedAvg-+cluster 47.84 60.97
FedAvg+cGAN 54.02 74.84
FDA-cGAN 54.69 75.42
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Fig. 5 Mode lerror rate with different privacy budgets
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