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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 ToT 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 1s 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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Fig. 2 Asynchronous federated learning mechanism for

edge network computing

H: BRUZFNEFENRUFERAZIER

MTFHET A EFREAmE. BREERE
AR H#HTIIEZEERDER. REBREEIN
FRHANTEE.SHER BELEE WENEIT
BEAMTAFIRTEEFTAFIRSEETESR
AREETAFIREMET LB S ERR
B NENREHTETERARETAFZIFEETE
MUBEARNEMNSHNE. BEITEFEES 4
THAN B BECEFEEET S LEHHBER
EONENEHTEE:MEEZHBEWUEATS
BEHTFREHFTERHSEER.

HMEBEVERESRERAFIEELNEMEE
MIE . BEEMARETEREEREHEHSE.
FERESHGAT R TR S /915 EE 52 H
THAFIIRSE HEMEEVNENERITE.

3 HEBENHEES

3., HEBENHEESFREIRSA
BEEERENTESREFBZEAMEEERG
HTER EEENTTES5SHMSFENERFRK
HAEMANIES. Tt ZEEBSIABRFREREE.
REREAEEEENEERENANEG. BF
EEZEARZE.BNAREI T EFHEETLE
EEAFER. GAMREESEEEIERESNT
EESRBAARKEEENEE. T 2RHER
GrERE W TEERENSXSEEEH#HTIE
FEaE . EISHEHEREREDN R GIHEHER.
 EAFIM # . S 8@ W E R it 2 F
BRBENTHH. TEHEENRERMBEEERG
HITES. DA A F M0 S A SR REOT M 3 IR
HMESHMFEEFH TR, EWERD R iHHEE

FR.HFTT—RE=IJER.BEBESRITEBH
FEELEIZHMRFSE RLTERETHRBZE
MEEAB. ET - RFIFHEHZHTHER
E.NBERERAFTHANENS=ITE.
32 BREFERFERABFES

AXMBEEEFHARREAXATHR.IF
ERE L#T T HEFRIE

RIMEXREROFSHTRE:

Table 1 The Meaning of the Symbol
x1 AXPHFEHRTFTEX

Symbol Meaning

0" The kth round parameter of the parameter server

V.64 The kth round gradient calculated by node i based on the

kth round parameter
VJ\: The sum of the £th round gradient of all nodes in the set M
M The set contains all edge nodes
m card (M), the total number of zll elements in the set M
D Total number of samples owned by all nodes
D;  MNumber of samples owned by node {
i3 The sample weight of current epoch of node {

3%  The parameter weight of current epoch of node ¢

EEGERAZINHFT . FE—ISHRF &
FEESn AFITABERULRTRER S
EH-EFELFREN.SZURS KRB LEE 04
FRAEFAEZITFTABIMIFITA EeMITRE
VOTHIFBELEISHMS &. £ A LEH
BEEMMIV . SERSENFEEITEFTE
WREHBEV AT EEZEFERSLL.

AXZF T Chen F AT B THE.XE 7 F 89
BE#ATES. UBREFRMTRAEEENTE
BEEZBRERRFHIE () "M AR5
& (hard worl) "B T SBfR. X E W AT AH
M. BR.-MERFHEBEHTEHEEURT N
Mo AL M =M+ My B Vi BTE N

Vil =V Vi (D

“HETEANEXATUEERERENBER
BHRER D AR E LSRN FEWZEFE
EEMARMEENEER LS RERAER
REERXF.HIETEAEEM FHE:

[%2 17 _Jvit | .

my m

WEHSHHMALE E VBB T EE E (gradient

descent) . BJ .

0 =0"—a Vi, (3



HENHEERZR 2020, 57(12)

HEf. o ZBFEIZEBERXRGORAROAE.

(R e [

0", (4)
o, | Vit —HLV(G"_ |° mER SR

ieMp
v R

Vi 2 == m. > V.o (5)
iEMp

EHEieM. mERG..MRK (2 —FREH
iR

[ V.0 |*=— || 00| (6)

HTFEE M. H"J,E".ﬁﬂﬁ%$f‘ﬁé’%ﬁi-5ﬂ1%7
ELEBE.RIMSIAKA R EREEESR M. B
W A B mL—;?m.ﬁﬂf(ﬁ)—f'i%:

[ v, 0 =) |*=

29” S0 —6 7. (7

0 0T HIEMERER . EHTEIIEF
SHT AT R EHRESCE 0" 0 3l h

1y

0" — 0~ D&, 0
Hrh e, 5D HEEHAN. RN, TIURE:, —
;—).z{ﬂ:ﬂaaéisﬁrp.n—l.

BRORAR D ETE,
1

T a B’

0 ), (8)

[v.co )" -

(b
\ ¢ —1— z
g0 0"
d=1

(9)

RONTEH#HTHERENBRRSX A
SEIREIERZEMTERREFTEENE.
AHEERXONESHR S HERE; HEMN BT 45
wE. A BT HE SEPT T RS

#ﬁ?‘ﬂ%ﬁﬁ%#ﬁl’ﬁ—ﬂ.ﬂ:iﬂﬁﬁ&iﬂﬁlzﬁ—ﬁ?ﬁ
ZEEHEMNKBER D ENERER T H AFE
HEE . RO RESFRTEEREIHEE
KT FE+ B Rk 22 S Bt fa], B E B f B ke
BFEL T REEHTRHELZ2BEEERED
BRI HEEEGEREBE LS . ZHRE WA
WHEZER. BEHEL L. A XHFTENHRERE
MEREREBOERFERLE /D EEIFHE
N7 T2 A PR A9 I 45

4 HEALEZNENSHFTEKEDES

FAFLM AR EESEEHRMNNET A.
B LZEEHSSERESEYT . WIMAETAYEE

AR EMTE AR GERUIZE S BT F R e E
FHEED BEES . HEMAMERFENFIF
W& A XRHSUMNERBRR LR RE.
4.1 REBRAFIFEMBZ
SERAFIFFTEFEFIEENY 27
HEEFZERE.MA 3 iR B3 FELRRHHE
BIEL.RERSRTIELTERAFEIES REFRE
OMPRTAERFEFHFZEIEF AT RRIFE]
BRI AR A . 5B E 25 2 89 H o Fon SRETAT
REERRR AFHENSTAERLETEIHAE

ME.HE 1 AFEIHBEBH 0N ELREN
1000 3 .35 & 1 A FE 501 £
Time
Line % ﬁ Node 3 %
Node m— 1
V
Node 1 % %
Node 2
New
Node m

Fig. 3 Asynchronous federated learning

Hi: REEHFES

BEANETU—EEEERBERESEE. &
TEHEZAERBEIGHEREERFTEGMYT RE. M
ERIIGHIBRTUERVERN "2 "I E,
— g i B B (E] AY HERE . B MU IR R A B9 B AR
BNE P XEFTESEIERFTRAEBHES R
AR AEXEERERMPFTENSHRS H
FHERSHHTTFENEFEART S HEN. R
MEIAMNENEXRBRELZIFHEEIRER
Y6 RY 5] AL
12 VENEBTLHSSTEBFES

ERAEZMETENSAELSHEBEIVH A
RES N2 HS HBENEMSENE REXNER
HTANERANESERARENSHRE . S
HRNENZHEENERSHS Sai2 RS HERE
R RERE N

EX 1. #ﬂiﬂi RE-ANTETMBEOESE
589 S RER SR 5K/,
IHEMERENN=(N

n /\u:

N,..N,},



FHRES. -FEEASTENEAFLEEE=I N 2577
EhB M HEAMMNEREAD RR. 94 BE WENEBEN
EANET N EOERES BERECRE: 0’ =0 <3, XpB.. (13)

D,

;'95 H (10)

Hea. D= D>D, bn P EBEER

EX 2. ZHNERATAMANSHSE LA
HeRSHERELEIRF EHEZHEE.

NZHRF RO AEEEIEREI R KK
MSBMAEH AEBHE T EaMSHRES &R
HTREHFSHHER. XA EAFT A LEH
BEUEHSH. AT RBIMNE 4 iz

Global lteration

Time Line 0. 6,0, - 6. 0., a.,,

Fig. £ Asvnchronous federated learning and

parameters staleness

H:e FEBREFEIEZHHEEE

BN EETHREFSHILEXNMBEEZ
ERYETEINER A b S0 R REFEES. &
A4fERM SRR IBETHBEEFE —-ENRKIA

AEBHBEEN
P ssstemsss = 1 uptoss | corwmions - (1

TR 4O FH.ETETHMEERENS
EEFEN . AT ES EEFHEE.SBRFES
HTBEENEH . SHBEEEERT A ET R —
RERZIFTSHMEFBLT TILREH . X —F
BEMRBETHSNTERADNTHEREE®RX
B SESERER/ N AR TEENFE.E
GEBREU/NT 1 BB EBEN S HIENE R
BRI

Bi=a (o btensss ) =2, (12)
HA ple BT E I BIBFRHE .« € (0.DESH
REFHEATHEH.AETERNEE.EET « B
BR.ZENENEREESE R HR . S8
ENEREENSREMK TR AR THERF.
a=0.9,

He.0 ZEHEIRSH.0ZRBERHNERSH.
EFSEITEBF . NETARTHBELES
RS #EEZTNENENCES S 52RE
Btk CEEMBRERBEEFANMRLEEEFH £
REBW.MAEHRE - TEARERFUSEIEEE
EFMWBHHETT —RENET.
FHBRBE I T REEERNKIBAEFRT
BELE . HEATANMERE TN AN EF
WP EAFTHHABR EREITAFIHES R M
BRTEEHREZT . ETUENELENFEER
FMXEHEEFHTATROBEERELEY
B EHATIEIE B/ 0 I 2844 B8 i 3 1 AR B9 2 21 48
EHEW MEEFARENMEERS —ENEEE.

5 XEHER

501 ZREE

NTEMEFRG R . RMNEZOT ZRFE.
TENEEN GPURSFRENSHRSH. AR
REHHELIE HR S G 8 RENH%MEF
BAMEITE. . EEMLHHETRTET.FREN
I Mbps. ZHR 5 8 5 A Z B RYEFEA Thrift
EZR.E G K A 7 ACRR 2 AU CERR TR AU RY 32
BH.EMTANERESEEEEM .22 AR
BAMBENEHZNERIL A THRHTEE
ZINERET A . ZEFEHTREAESMERF B
o IPNEL TN S = e s N R DR =
NTEFMEMERG . X EE N ERRTE
B — & oL A B o — 2 .

ERIFIFME S5 Fin . EHP Order Bonm A~
BRI Interval FRT AN 2 55 H
bREWR A A EM RN E . FETARBET AL
MEREFFT Order (IIE 5 FEY(4.1.6.9. -,
51 FF XN AE A FE WL F 51 Interval CINE 5 RY
{16.20,46.46,62.97,325.62, ---,24.048} (). B 1E
FEHG.EEF SHRIE Order : Interval 53R 3
Xf BLF .

5.2 LR

SE0FR 4R RS A 48 45 0 TEER 3 (accuracy
Ace) JEHEF (compression ratio. CR) # & 45 F &
FEH (compression balance index. CBI) ., B A
ZF Ace B1E Top-1 Accuracy.



HENHEERZR 2020, 57(12)

4:

Administrator
Node
|
H | LI | 6: k 9
16.20 46.46 62.97
#‘ ;Nodcl QNU(JUE g\l

1
5:

325.62 24.048
ode 3 é ; Node 4%0& m

Y Y

4

ry
Y Y -

Gradients

Parameter
Server

. D ey ey 3
~ P Parameters
~

Fig. 5 Experiment configurations

H: IBEE

ERFECRRMBEERHNEFEE.EHE

M EREERE.
o ESEE BB E R |
R Emsmagrg 000 OO

— g B4R FE A& S EUER R 07 R
fl. QA #E 2 4~ 48 b5 o U . M B 1R B R RO
B EHEELSAREFE RN CBI.ERBERES
ZERE.

CBI =a, XAcc+a, X(1—CR), (15)
H¥ a0, BATHEE Acc MICR EEEMN 2 1
BH S0 ta:=1.a: 0.0, 0.5 EMERFR
FoAcc BERFTTFCR.IMEIEZE o) =az: 2. M
a1 e s EAEREFZMER .M a; —a,.CBI EHEH
RTRBEERE AU R M.
53 BEEHEIR

HATE MNIST FIEE LiF G EAFLM B985 E
ERFER . MNISTHEER - FEEHEE. &L
A6 ANGRERF 1 7AW R AR & 8 R
N 32X 32 BEME#H T A—fb . FERF AT EELY
H0.

EXFoERFIEF I AEIFE.FEIE
FIRBEIZEHZSE T Tensorflow B M H #) Tutorial.,
RIMKEMEREHHTAZEERERN 3 B MLP
R BRI ET SR N 256,256,104 K E
REHIEETFHS NI H.ZIHEEIREES
I EBRERT . FTEHSEFHFRKRFOH
BRIMEAASH A #TER.HHRESE

TR R A RES R EIERS
PEE . RMEREHMRCER#TTIEHE.E

AR T HA TGS REEE G REE R
BAEFTEABTAXHREE. FIFEL . EHRESL
IR LR T X & 7 E R R AR R A
% #HEATIEAG. B i T R [ 7 B B X b SE 5 R AR [
MEE.LRFHERNEFITRTHEAMNE
EAFLM R Xf 2 5] B # 7 R & . B e Lz A
o T LUIR $E SE PR ] R B X R BV A fI L e
SRGHTIAE.
5.3.1 BEEEZRSN — EEFRRERE
R2RRAAF pREMERERERENE
HONEERERE.EE EMNE/D. EERELEH
B/NEIEEBERERMBEEREBRFGEZHKE
WOEMEME 2R AR 2 FUAEHBIEFE
—ERE DX R E T AR AN EREE
AFSHMMEHEESE AR FEEBIEER

Table 2 Compression and Accuracy Under Different f

X2 FRPETHEEZRERE

Average
L Accuracy .
2 Communication Trai Accuracy  Compression
O P
' Times After nS ram on TestSet Ratio/ ¥
t
Compression B
0.1 15 0.9368 0.8188 6.33
0.2 214 0.9540 0.8240 71.3
0.3 270 0.8330 0.82350 a0
0.4 283 0.953¢ 0.8252 94.3
0.5 250 0.9546 0.8252 96.7
0.6 292.5 0.9544 0.89244 97.5
0.7 296.5 0.9545 0.8240 98.83
0.8 296.5 0.8531 0.8235 98.83
0.9 287 0.9541 0.8242 99
1.0 300 0.9541 0.8241 100
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Fig. 6 Different 3 values and model zccuracy on

data sets
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BT a:—0.4.a,—0.6 Bf.LAG ) CBI K. p—=
0.11 EAFILM 5. H&WmEFRT . EAFLM 5 E
BT LAG.f=0.1 B EAFLM E £ 3 #5 R T M0
F LAG.H#E EAFLM F iR EAR R 8 E TR A
TAMBE.USFRENEEEE.

Table 3 Performance Comparison Between Different f

Values of EAFLM and LAG
*3 TR pETH EAFLM 5 LAG thiEsext ik

Experimental EAFLM LAG
Indicators p=0.1 p=0.11

Ace (Train Set) 0.9368 0.9423 0.8980

Ace (Test Set) 0.9158 0.9235 0.3913
CR[% 6.33 B.77 3.11

CBI(a1=0.4,a7=0.6) 0.9333 0.9206 0.89274

CBI(a1=0.5,az=0.3) 0.9325 0.9226 0.8220
CBI(a1=0.6,az=0.4) 0.9316 0.9247 0.916

54 REBEHE
NTHEESZEILRIRENEE.RHF
XEAT BRI IR R H Cifar10 BB &£ . CIFAR-10
FAEE R 10 1A 60000 > 32X32 EEEEAE
B EAEAF6000 AEE.F 50000 4l & E &
10 000 A~ E & F A5 VI 2R & F 25 4y 500 17
WL FFHEET . 55 5 FE VL Pk — 0 BUE AT
WENTEMRESHEEES . Z2IHEHHEEM
F 10 ANBRikZ A R ERAER S B ER EIEMEF
et E .S FEE 1 RIIGE R G E9—Eat
[ . 5 431 B 8] 5 51 | B FE S S A A [F B R SR R
KA T Tensor-flow B M Tutorial # ) %& [ 4&
B.ENEMN EERREER. G TREREHEE
MERBEHEMNAZRE XEFTELERR
FRSRE—ERE KEEMIIGREEE HK
N TERGXFER . RITE &R BT E N 500 %
ZIRBHB/NDEEZIRPEEANERERTS.
XALESASEFERERERE.XERTiT

Zitie. ERFEENESHHENHRS % . LTz
AT MERERERS#TRERE.

AT RIFEVLIER 5 AR ESHAE(FHE
REFS FWEED#HT 3 AT HER. 5 HET
BRI (N F 4 F A Synchronous) , 3
Sl & FEFEW (Asynchronous) MITE N ENE T
B9 % AT (EAFLM) . 265 (112 8 0 B B
N RERARMFEH M REERAEZIHTESE
EAEGE. . B EA LT E S E S EH#HT X LR,

R4 N3MBEEEIEERMNKEFH S AR
REBZHHE LR TFHERENRIATELR
BEIWMEPE EFRFHER. XATLER N
SEEMUTF-TMEMLE. E—FRBEHILEFE
B E EIGE E N HRELREEIMRELHK
5 EAFLM HLEISEFT 51270 42 B9 R X
B MEMRE L EAFLM fERESHIRAT
0.36 %01 0.15%4.

Table 4 Asynchronous Experiment Performance on Data Sets

F4 EUXRTHESINERE

Experimental

i Synchronous Asynchronous EAFLM
Indicators
Ace (Train Set) 0.6420 0.6530 0.6930
Aee (Test Set) 0.4773 0,4794 0.4809

55 REXROIN—REERSRIBRIAES]
g8
SZaERTNARRESRLHAEIHT0HE

R EREE. RMNOXERT 5 AR B ETH

EAFIM 5R BB LI # G HLER. EFE S

BRAEIRLHEEEMMEMBCE. R 5 MEBE,

ERE EHEFEELITTERBRT EAFLM 5

SEEIRENEAERLE AR TUEH. 4

B=0.5 bt EEREFHE. F LB XI5 EAFLM

EXES BERERAFITEEENFZSEETE

#H EAFIM £ EERFEFE.LE[0.2.0.5]F 8

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

£5 TREPETHESE EAFLM 585230 keexl bt

Experimental EAFLM Asynchronous
Indicators 3=0.3 g=0.4 2=0.3 5=0.2 g=0.1 Learning

Ace(Train Set) 0,728 0,725 0,746 0.687 0.618 0,721
Ace (Test Set) 0.487 0.477 0,483 0.479 0.460 0,490
CR/% 97.5 97.4 95.7 91.3 75.1 100
CBI(a1=0.4;a;=0.6) 0.258 0.256 0,266 0.284 0.364 0,242
CBI(a1=0.5:a2=0.5) 0.315 0.313 0,324 0.33¢4 0.393 0,303
CBI(a1=0.6,a7=0.4) 0.374 0.371 0,382 0.384 0.422 0,363




FRES. —FERASHENRUFEETZ TN

2581

EAFLM ## £ 1~ K. {H EAFLM 7 g =0.1 Bf.
CR=T51%.BEM TELSHEFEIEERIHK,
EAFIM #—$HE T 24.9% BB E R & B
HEMMAE EREREMEMR 10508 30, &
SHEAFEE arva. BETEH CBI F.48F p BUE
TH EAFLM SIS S BEEIEH. Bk, RRE
REFER FAFIM R ESHKBE
BRRE.EF p=0.1 B .EAFLM B &R F R &
AR

AXEH—FERAZNETENBAREHK
2 HLH (EAFLM) 1] LU B 78 4 3 E B R AR
BRRTXZFREH#HTEINXITREFTK. L
THFEEABSANEFTEI.EAFLM B E W E
BEMNBEATRTFES5X2IEEZNEHEMBRR
FIFSE5EERMMAANREESETEI . E
1 ®RIGEZE.Z5EREERAGFXREELRZ
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FEESHRSEBMENTERERSHNTL L
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(GEEESY

AYMNAEBEENBEEEREEMELES] 2 KF
EXT EAFLM #17 @it F T HRER. 1R S
HMEREEENBEEREE. ATV BENER %
HTERFEREENT.GTE S &E N REERETS
EFEEH#HTEE A THEREEZERBT WA
AER . MEEENERNBEERFERELFERT
& U0 AE F RE A U PR AR R RL it 55 Y T BB 4E.
MRAELEAXEATHEEEEFEHFZRERFIK
Ay .77 o B YRR ZR (U FEAR 0.03%.

ERSBHEIF . HEREEIEELLY 2
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