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Abstract With the continuous improvement of the performance of the IoT and mobile devices, a new
type of computing architecture, edge computing, came into being. The emergence of edge computing
has changed the situation where data needs to be uploaded to the cloud for data processing, fully
utilizing the computing and storage capabilities of edge 1oT devices. Edge nodes process private data
locally and no longer need upload a large amount of data to the cloud for processing, reducing the
transmission delay. The demand for implementing artificial intelligence frameworks on edge nodes is
also increasing day by day. Because the federated learning mechanism does not require centralized data
for model training, it is more suitable for edge network machine learning scenarios where the average
amount of data of nodes is limited. This paper proposes an efficient asynchronous federated learning
mechanism for edge network computing (EAFLM), which compresses the redundant communication
between the nodes and the parameter server during the training process according to the self-adaptive
threshold. The gradient update algorithm based on dual-weight correction allows nodes to join or
withdraw from federated learning during any process of learning. Experimental results show that
when the gradient communication is compressed to 8.77% of the original communication times, the

accuracy of the test set is only reduced by 0.03%.

Key words federated learning; edge computing; asynchronous distributed learning; gradient compression;

privacy-preserving
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R 3 IO 2 A T B T 28 S 2 L Flh 23 R
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BT ARG > 6 T XU A 8 1E 1 52 20 O
S ) 0] 3 B B A S AT TR B R AR A 2 )
T B HEATAE IE U/ 0 I 2% i ik 8 et L 14 27 20 K
JE Y S 0 1R RE S R E 19 19 2% HAT — 5 1 B BRI

5 LWER

51 SBEE

TR S B 3 R BT A A R S PR B
TR EGSR M GPU Ik %5 2 4F 8 2 80IR 55 4%, 1153
R IHH AR A 2 6 v i B0 30 2% I 2% v i
BAAS 2 ST RG4S H ST b HE AT IR A% ST, Al S R
1 Mbps. 28Iz 55 #% 5 75 50 Z 18] (19 38 {5 ff 4] Thrift
HEZE 5 13 H I A b A7 T80 o B A (FE FRATTRE L 7y 52
B RS T B S R Y 0.200) il A AR
I A 1 H A 1] S ol 28 1) 208 A5 YA SCAIE 5 1 X 4 2
ZA N GVAT T R XL YT ) & A A L
o I A A T ) R ST ] Sfe 4SS 480 5 26 B ) AN [ Y 1 4
TSR A AR DL S 06 7 L G S H fi b 0 BB A )
P R — B3 2 N7 R G 45— 4

LI 5 s, BH Order #om m A~
SR B s Interval 37315 15 MARLE 2§87 > 1]
IR 5% 50 114 NF [ 700 4 Ak B B, 45 39T RO 40 0 R
BOERGELIF P8 Order CHNEL 5 HA9{4.1.6,9, -,
51 I X5 W AR BB AL 8 Interval CANE 5 H Ay
{16.20,46.46,62.97,325.62,++,24.048} (s)). ¥ IR
BERJE E HY SRYE Order : Interval F 3 A 3l
X IO T A
5.2 ZI¥EAR

SEI R 43 2R F 0 VAN 48 B5 S HE B 2R (accuracy
Acc) , JE4E % (compression ratio, CR) Fl & 45 - fif
8% (compression balance index, CBI) , H /1 fE#
K Acc =48 Top-1 Accuracy.
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FER M B 48 45 A R
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K 32X 32 WU ST 0 — 1k A A T R Y
H.

FEK o S i LA 3 A 20 T a5, T A I 25
MR R 254 2 2% T Tensorflow ‘B W H 1% Tutorial,
FRAT A T A 8 g b A7 R A AR5 H O 3 2 MLP
B, 4 J2 1 28 70 B0 1 R 256,256, 1048 Sk
B B SR 30 R 3 00y, 2 2T 1T A R AL AR A H
(1 0y A8 R IR S 56 Hh L Y R 2 B K BB Y 4K
P FRATHE AR 280 8 43 B AT S50 L I X fe & 45

HMFE UG BA < AR SO BIF 5T R B A S fE 4R o
(183817 5 A X A4S 0 235 4 R I A0 SR R A 7 3 Z2 AR5, R

X100%. (14)

SCH T

L AR SC S 58 v o R A 3 A0 A6 T R i 4 ) B
it DR TT AN TR T AS SCHIE T 0 [ R i o 3 A6
AR AR U T X e 4% J7 8 B PR BE L AN X AR AY 1
25 BEAT VS EL iy T AN [ J7 3 9 6 LU S 56 2R T AH [R]
(Y BC L 5250 TP A9 98 s 15 B AT AT T H AR A {A
EAFLM A X 2 > #R3E 17 BRI Dt A B 52 32
Hh e P 2T AR 08 552 P 2 2 ) 0] A 25 245 ) A S 5
SHHAT I
5.3.1 R s 46 S 2 T —— [ 40 R B R R
F 2 RIORAE] B X 4 38 B e B Y 5
Wi N BEAR R BEAE B A A IR /D T 4 3R 3
W/ RIS A4 i E R O T Bl A R B G 4 3 W BT
2 B AR B 2 AR AR 2 Pl A S R A7 e
— S WY YL B 3 h T A TR X B2 A S 0 B (AR
A5 R AR L 2 0 B9 A [R] S BORE B I 245 2R
Table 2 Compression and Accuracy Under Different f
R2 FRAPETHERXRAEHRE

Average

Communication Accurm,:y Accuracy  Compression

B Times After on ;I:lmn on TestSet Ratio/ %
Compression

0.1 19 0.9368 0.9198 6.33
0.2 214 0.954 0 0.9240 71.3
0.3 270 0.9530 0.9250 90
0.4 283 0.9534 0.9252 94.3
0.5 290 0.9546 0.9252 96.7
0.6 292.5 0.954 4 0.9244 97.5
0.7 296.5 0.954 5 0.9240 98.83
0.8 296.5 0.9531 0.9235 98.83
0.9 297 0.954 1 0.924 2 99
1.0 300 0.954 1 0.924 1 100
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Fig. 6 Different 8 values and model accuracy on

data sets
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Fig. 8 CBI of different 8 values in gradient

compression
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M THE ay =0.4,a,=0.6 Bf, LAG ) CBI L 8=
0.11 EAFLM . KM H WO T EAFLM 1 fE#R
BT LAG,=0.1 ) EAFLM & 3 Flif i~ #8148
T LAG. HAE EAFLM A AR 3 A A 1) 52 B 7 oK 9
TR HUE, DLs B e ) R 4 P

Table 3 Performance Comparison Between Different

Values of EAFLM and LAG
%3 AEPETH EAFLM 5 LAG Byttt

Experimenta EAFLM
)I(::licat;rsdl B=0.1 8=0.11 LAG
Acc(Train Set) 0.936 8 0.942 3 0.8990
Acc(Test Set) 0.9198 0.9235 0.8913
CR|% 6.33 8.77 5.11

CBI(a1=0.4,a:=0.6) 0.9333 0.9206 0.9274
CBI(a1=0.5,a:=0.5) 0.9325 0.9226 0.9220
CBI(a,=0.6,a,=0.4) 0.9316 0.9247 0.9167

54 REHBHES

R T AH S A ) SER AR N 3 b2
X A3 14 52 56 B SR A Cifar10 3035 4 . CIFAR-10
BAREE 10 36 60 000 4 32X 32 %5 K144
B A 6000 D EHMER.A 50 000 A 25 EE AN
10000 AP R FRATTH I 2R B2 7 15 53 R 500 43
RSB TE AR, 17 A5 BEHL N b Bk 1 — 103 B die 2 AT
R TR 20 B 2 2] L 24 2] 47 U B0 38
F 10 BRI Z Ab A SEEG AE ] 5 0 JE Al L3 45
TR R] , RPAEAS T 5 78 1 58 YN SR &5 oS 45 4 — B At
V) 5= T FsF ) 7 310 Pl 65 T A 2 i [ R b, A R S 56
KT Tensor-flow B M Tutorial H1 # % FR N 451X
i EAIZE R Sy 5 2 G BB RL, i T 57 5 BB 2%
2% G0 R R B h G A XY G R IR
55 AU — RERRE K A ) I S I 4% A8 AR TR Ik
S T AR A B FRATRE U SR A HOk B 500 %8
2 20 0 BRI 1 A5 S e R AR B o B SRR AN
AT D3 ik i 2 A5 O 1 R Bt i A R, X UK T

Z e Lk i E N S BEAE S %, bR iz
JH A ATy e AR i EL AR ] 0 AT i A

FATT 53 B AL BE B 5 41N [R] (1) 88 2 804l (T A
AT A D SE AT 3 AN X S5, 43 i) 2T
SN Jo S (LR 4 BB Synchronous) | 9
S 2k vp A {8 ( Asynchronous) FI7E S E AL E T
I 25 oA 50 (EAF LMD 78 3 A 4 1) 1) SC ik 7 [l
P T AT & B0 LAl 2 2 A 6 S 2B R IR 2 ) AT R TR
G PR AR SCTE R 5 T 2 O AT R L SR g

AR 3 PR IR ML iy 5 4R
FHESHEAAELR VYRR B NE A TER S
2 S W Rl b 2 o B Be i MR L X AT LB i Oy
ST — 00 0E W Ak Ak B L BB — 2 AR B B 1k 2F ST
I A AN 2R I 5 L T 25 B 0 2 20 Fn S 25 Bk
2] CEAFLM ML SEEL T 5.1 06 R 4 06 1 e A 5
TF AR 4 FLEAFLM B MERf 35 I3 T+ T
0.36 % 1 0.15%.

Table 4 Asynchronous Experiment Performance on Data Sets

R4 ROLEEBEELHAERE

Experimental

. Synchronous Asynchronous  EAFLM
Indicators

Acc (Train Set) 0.6420 0.6530 0.6930

Acc (Test Set) 0.477 3 0.4794 0.4809

RS fl &, AL T 5 FORE B F I
EAFLM 5 5P B 2% 2] i 47 %5l 32 5, Horp 7 20
K6 2 > S TO bk B R 4R AR EE B 1E . 3% 5 DAUERA R |
JE4E % AR P8 8 3 A Jr i /R T EAFLM 5
SR SRR LR A ERR LA AR 5 T LA Y
B=0.5 B, FEHER T 1H , A BB 2E S 5 EAFLM
BEACKE Y AF 525 I 2 2 TR 45 RN 25 & 1 i O T
#B L EAFLM 2578 R 46 % J7 1, € [0.2,0.5 | F 1Y

Table 5 Performance Comparison Between Different f Values of Comprehensive EAFLLM and Asynchronous Federated Learning

x5 FAEPETHLEA EAFLM 5R$F 0 HREXT L

Experimental EAFLM Asynchronous
Indicators B=0.5 B=0.4 B=0.3 B=0.2 B=0.1 Learning

Acc(Train Set) 0.728 0.725 0.746 0.687 0.616 0.721
Acc(Test Set) 0.487 0.477 0.483 0.479 0.460 0.490
CR|% 97.5 97.4 96.7 91.5 75.1 100
CBI(a1=0.4,a2=0.6) 0.258 0.256 0.266 0.284 0.364 0.242
CBI(a1=0.5,a2=0.5) 0.316 0.313 0.324 0.334 0.393 0.303
CBI(a1=0.6,a=0.4) 0.374 0.371 0.382 0.384 0.422 0.363
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T EAFLM #B Lb 5 40 BE 2% 2] s BRI, A 5
R R EAFLM W £8 & YRR L 5 20 B3 % )
AR, Hoh p=0.1 iF, EAFLM W25 & P fig ik
2 fe .
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