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[Abstract]

In this paper, we proposed VW-FedAVG(Validation based Weighted FedAVG) which updates the global
model by weighting according to performance verification from the models of each device participating in
the training. The first method is designed to validate each local client model through validation dataset
before updating the global model with a server side validation structure. The second is a client-side
validation structure, which is designed in such a way that the validation data set is evenly distributed to
each client and the global model is after validation. MNIST, CIFAR-10 is used, and the IID, Non-IID

distribution for image classification obtained higher accuracy than previous studies.
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I. Introduction
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Hoh oln] HE2 GojE7E A/dEAL o] ©
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(Centralized Learning)2 Q34 ZHEo] M-8 =
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Aol 3ol ti7] AlRtol ZojA]= AP Ak
[1]. E3F &A Ao HojE= 7iQle] Fu7t GAA 9l
ol2gt ElolHE Y Az H5Z 0 55 € & Qe
ItolHA] ZAPZE EAY & 4 QIeH2,3].

olet Z2 ZAIE a5t ] flsll SYAH A HlolH
£ A2jske 7o) ofd, HojEP7t AdEl= S2folAE
A Al RS skt olF Flglsto] M-8R <l
IRs pHEe gtel ostek(Federated Learning)o]
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II. Preliminaries
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III. Proposed Method
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Fig. 2. Server Side Validation Architecture
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Fig. 3. Client Side Validation Architecture

1. Data structure and architecture
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IV. Experiment Results

1. Experiment environment

B =So]AL MNIST[10], CIFAR-10[9] Hlo]E{AlS
A% sto] AstATt WA MNIST Hlojejsle 2t 2o
~ @2 70007 4 HolEE 2o & 10710 ZejAe
70,0007}9] o]ujx] AZ2 o]oFgILk. o]F skl Al
&b dlo]EE 600007015 LoiA] 10,0007} ElAE
Moz gsto] 7t FefolAEoA F8likl= HlojE7}
5 A 47 2 =E 519it). CIFAR-10 Hlo]HAlw of
TR = 10709] Seia2 2fEe Hof 9len & 60,000
7§9] o]ulA] AE=2 o]folA It} o]F 50,0007l Sk
dlo]E 2, 10,0007 = HAEM O 2 S/dHTt. o & 74|
HlolEAlE AE5t0] FedAVGel VW-FedAVGO] tigh 7
str2 SAshoCY,

Table 1. MNIST CNN Architecture

Layer Output Shape Param
Input [-1,1,28,28] -
Conv1 [-1,32,26,26] 800
Relu - -

Max Pooling - -
Conv2 [-1,64,12,12] 51,200
Relu - -
Max-Pooling - -
Flatten [-1,3136] -
Fully Connected [-1, 512] 1,605,632
Relu - -
Fully Connected [-1, 10] 5,120

Table 2. CIFAR CNN

Architecture

Layer Output Shape Param
Input [-1,3,32,32] -
Conv1 [-1,6,28,28] 456
Relu - -
Max-Pooling - -
Conv2 [-1,16,10,10] 2,416
Relu - -
Max-Pooling - -
Flatten - 2,416
Fully Connected [-1, 120] 48,120
Relu - -
Fully Connected [-1, 84] 10,164
Relu - -
Fully Connected [-1, 10] 850

Backbone& Table 1, Table 29} Zo] ZFzF MNISTS}
CIFAR djo]EjAlof] A-8sto] E-7E5
ofl 71343t sfo|m weulE| 2 FedAVGOIA AFEE 2k
Agsict AR cliente] 2= 10072 A5t 10 local

epoch, 500 communication rounds, SGD optimizer

Astion], A

0.9 momentum, 0.01 learning rate, 50 local batch

sizez A @3to] Al A%y 3t

2. Experiment results
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Fig. 4. Accuracy results tested by dividing the MNIST
dataset into (a)llD, (b)Non-IID methods

Fig. 5. Accuracy results tested by dividing the Cifar-10
dataset into (a)llD, (b)Non-IID methods
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Table 3. Best Accuracy of FedAVG, VM-FedAVG in
IID, Non-IID environment

BEiE Algorithm MNIST | CIFAR
Type
FedAVG 99.7 58.35
VM-FedAVG
11D (Server Side) 99.5 74.1
VM-FedAVG
(Client Side) 99.5 60.51
FedAVG 90.9 47.01
VM-FedAVG
Non-IID (Server Side) 86.55 67.2
VM-FedAVG
(Client Side) 86.6 54.89
Table 3& FedAVGQ} VM-FedAVGo] tfsf 1D,

Non-IID §70|4] MNIST, CIFAR djo]EjAlo g &3t
Aetwo] oijst ZAxtojct AA 500 communication
round FOIA 7V w2 AT P2 YERATE HoA
gho] st 4 9l=o] MNIST glojE{Alo] tisir:= 2 As
Aro]7} gl ¥, CIFAR dlo]EjAlo] tishAl= AlY 45
VM-FedAVG7} 1D, Non-IID 74 ©% O =2 Asn
HZ FA

MNIST gjo]EjAlof] tisl 7]&2] FedAVG ¥t} O W2
‘452 B0 Table 13 22 ©agt CNN 129} H]
wA Cifar-10 ¥t @ =439t 9] HoJEjloz o]

oA 3A ZeAel7E LA -

V. Conclusions
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