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Client dynamic sampling optimization of efficient reinforcement federated
learning based on data quality assessment

ZHAO Zehua, LIANG Meiyu, XUE Zhe, LI Ang, ZHANG Min

(Beijing Key Laboratory of Intelligent Communication Software and Multimedia, Beijing University of Posts and Telecommunica-
tions, Beijing 100876, China)

Abstract: Communication cost and efficiency are the key bottlenecks of federated learning due to the existence of sys-
tem and statistical heterogeneities. Selecting only a subset of clients to perform model updates and aggregation can ef-
fectively reduce communication costs among numerous participants. However, biased selection and uneven distribution
of data quality across clients pose additional challenges to client sampling methods. Therefore, this paper proposes a
method for client dynamic sampling optimization in efficient reinforcement federated learning based on data quality as-
sessment (RQCS) to address the aforementioned issues. This method evaluates data quality on clients using a contribu-
tion index based on the Shapley value and intelligently selects clients with high data quality for each round of federated
learning. By leveraging reinforcement learning, the method aims to offset the bias introduced by uneven data quality dis-
tribution, accelerate model convergence, and improve model accuracy. Experiments on the MNIST and CIFAR-10 data-
sets show that the proposed algorithm not only reduces communication costs but also further accelerates convergence
speed and achieves better performance in model accuracy compared to other algorithms.

Keywords: federated learning; deep reinforcement learning; client dynamic sampling; contribution index; data quality;

communication efficiency; Shapley value; model accuracy
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Fig. 3 Test accuracy vs. communication rounds for MNIST
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Table 1 Dataset of MNIST, IID %
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Fig. 4 Test accuracy vs. communication rounds for CI-

FAR-10
# 3 CIFAR-10 #i5&E (MRS % )
Table 3 Dataset of CIFAR-10, IID %
ook W R MR B

@50 @55 @60 RS
Random 57 89 166 65.06
FedCS 18 25 48 64.15
pow-d 41 86 148 64.92
Favor 107 160 368 64.59
RQCS(4 ) 17 27 46 65.38

R 4 CIFAR-10 #i5& (EMIR S )

Table 4 Dataset of MNIST, Non-IID %
ook WERRR ERR R R

@50 @55 @60 fif 3
Random 119 150 241 68.92
FedCS 306 401 659 67.78
pow-d 559 67.43
Favor 501 781 1587 62.92
RQCS (A30) 85 114 190 69.12
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