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XNy Eey Ciflarl0 B AREE . FRARN RAHGEF B F R Bk FedProx L xR RILFEAMG RSB B A ERF
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Study on Client Selection Strategy and Dataset Partition in Federated Learning Based on Edge TB

ZHOU Tianyang and YANG Lei

Department of Software Engineering,South China University of Technology,Guangzhou 510006, China

Abstract Federated learning is one of the applications of distributed machine learning in reality. In view of the heterogeneity in
Federated learning, based on FedProx algorithm, this paper proposes a client selection strategy that preferentially selects the
client with large near end items. The effect is better than the common client selection strategy that selects the client with large lo-
cal loss value,which can effectively improve the Rate of convergence of FedProx algorithm under heterogeneous data and sys-
tems,and improve the accuracy within limited aggregation times. According to the hypothesis of heterogeneous data in federated
learning, a set of heterogeneous data partition process is designed,and the heterogeneous federated dataset based on the real image
dataset is obtained as the experimental dataset. Using the open-source distributed machine learning framework Edge-TB as the
experimental testing platform and the heterogeneous partitioned Cifarl0 as the dataset,the experiment proves that,using the new
client selection strategy, the accuracy of the improved FedProx algorithm improves by 14. 96 % ,and the communication overhead
reduces by 6. 3% compared to the original algorithm in a limited number of aggregation round. Compared with the SCAFFOLD
algorithm, the accuracy is improved by 3. 6% , communication overhead is reduced by 51. 7%, and training time is reduced by

15.4%.

Keywords Distributed machine learning, Federated learning, Optimization algorithm,Regularization, Proximal term
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Input:aggregator, trainer_list.trainer &AM A4 D\ B 5% C. B &
AR, AL ACRE E

Output: £ AR w

1. w=<Initialization(seed)

2. For i € trainer_list do
3. ti<EstimateTime(i)
vi< || w—EstimateW (i) ||
end
.Fori=1toRdo
selected_trainer<—select(trainer_list,C)

broadcast(selected_trainer, w)

© 0 N o Ul

w<—aggregate(w;) ,j € selected_trainer
10. end

11. def select(trainer_list,C) :
12.  N=<|trainer_list|

13. n<[ NXK ]

14. S<0

15.  v; ranked from big to small
16. Fori =1 to N do

17.  if 4<<T then

18. S<SUi

19. else if t;<C2 * Tthen

20. S <-S U i, with probability 1— %

21.  end
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22. il [S| = n then
23. break

24.  end

25. end

26. end
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Fig. 1 Data partitioning flowchart
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Fig. 2 Physical deployment diagram of Edge-TB platform

£1 6 BRFEHNIEASEIR

Table 1 Basic indicators of six servers

CPU(cores) W #/GB 4 % /Mbps
Controller 2 2 5
Workerl 8 32 5
Worker2 8 32 5
Worker3 8 32 5
Worker4 8 32 5
Worker5 4 8 5
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# 2 MRS AR U DL

Table 2 Server mounted nodes

WRCEAT/ T4/

M4 2 TR A CPU # # " #/GB
(bMps)
Workerl nl 4 - 22
Workerl n2 1 1/2 1
Workerl n3 1 1/2 4
Worker2 n4 3 3/5 15
Worker2 nd 3 1/2 15
Worker3 n6 2 3/5 10
Worker3 n7 2 1/2 10
Worker3 n8 1 3/5 5
Worker3 n9 1 1/2 5
Worker4 nlo 1 3/5 5
Worker4 nll 1 2/4 5
Worker4 nl2 1 2/4 5
Worker4 nl3 1 1/2 5
Worker4 nl4 1 1/2 5
Worker4 nl5 1 1/2 5
Worker5 pl 4 3/5 5

T3 RGE S I CW D MR

Table 3 Characteristics of system clients(nodes)
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Fig. 6 Performance of five classical federated learning algorithms on heterogeneous data
4 5 MSTAE FH Fashion-MNIST b 9481 4
Table 4 Statistical data of five algorithms on heterogeneous Fashion-MNIST
5% FedAvg FedProx FedNova SCAFFOLD FedAsync
AR 91.06%(28) 91.96 %6 (23) 90. 34%(30) 92.06 %6 (24) 90.39%(25)
K /s 937 982 936 1186 559
G/ s 31.25 32.76 31.21 39.54 18.63
K /s 1051 1036 1024 1988 5385

#£5 5 RS Cifar-10 E SR

Table 5 Statistical data of five algorithms on heterogeneous Cifar-10
%k FedAvg FedProx FedNova SCAFFOLD FedAsyne
HERER R 18.21%(28) 30. 24 %(29) 25.32%(28) 41.62%(28) 32.40%(24)
Bk /s 5310 6417 5341 7834 4347
R FHHEE/s 177 213.9 178 261 144.9
Al K /s 6886 6746 6815 13356 42598
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Fig. 7 Performance of different participant selection strategies on

heterogeneous Cifar-10 dataset
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Table 6 FedProx performance under different client selection

strategies(heterogeneous Cifar-10 dataset)

FedProx I3+

EE-3 48 AL SCAFFOLD 3 3% TR e
AR E  30.24%(29) 41.62%(28) 41.92%(29) 45.2%(28)
Bk /s 6417 7834 6869 6624
T s 213.9 261 228.9 220.8

#EEEHEK/s 6746 13356 6443 6321
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