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Abstract  The end devices participating in federated learning train the local model on their local
datasets and collaboratively learn a global prediction model with the server, so federated learning
can achieve the purpose of machine learning without sharing private and sensitive data. In fact,
federated learning typically takes several iterations between the terminal device and the cloud
server to reach the target accuracy. Therefore, when a large number of end devices communicate

with servers, the limited network bandwidth between the server and terminal devices will inevitably
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lead to a large model transmission delay. In addition, due to the heterogeneity of end devices and
the non-independent identically distributed characteristics of local data, local models may be
malicious models that converge in the opposite direction to the global model. These models not
only poison the accuracy of the global model but increase additional communication costs. Therefore,
reducing network occupancy and improving the communication efficiency of federated learning
becomes crucial. The existing research mainly focuses on reducing communication rounds or
cleaning dirty data from local. One of the studies is to calculate the number of identical symbolic
parameters between the global model and the local update to determine the importance of the local
update, ultimately reducing the communication rounds. It only considers the difference in the
direction of model parameters and does not consider the parameter deviation between the global
model and the local model. Different from the existing work, this paper proposes an edge-based
model cleaning and device clustering method to reduce the number of local updates. Specifically,
we calculate the cosine similarity between the local update parameters and the global model
parameters to determine whether the local update is necessary to be uploaded. If the cosine
similarity between the two is less than the set threshold, the update will not be uploaded to the
server for global aggregation, thereby avoiding unnecessary communication. Meanwhile, end devices
clustered according to their network locations and communicate with the cloud in the form of
clusters through mobile edge nodes, thereby avoiding the delay associated with high concurrent
access to the server. Considering that model updates usually contain large gradient vectors, a
large amount of data needs to be transferred by mobile edge nodes, which may increase model
transmission time. Therefore, before the model is transferred to the cloud, the mobile edge node
uses its computing resources to first aggregate the local updates in the cluster and then transmits
the aggregated cluster model to the cloud server for global aggregation. Each edge aggregation
consumes computing resources from mobile edge nodes, and each global aggregation consumes
network communication resources. This paper takes Softmax regression and convolutional neural
networks to realize MNIST handwritten digit recognition as an example to verify the effectiveness
of the proposed method in improving communication efficiency. The experimental results show
that compared with the traditional federated learning, the edge-based model cleaning and device
clustering method proposed in this paper reduces the local update of the Softmax regression model
by 60% ., and the convergence speed of the model increases by 10. 3%.
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(Wireless Sensor Network, WSN)2027) | #g {4 & 2%
PO 265 v L 3 Sk B DT 15 S WO B A7 R X
SOAE LR IE IR R LM A S Al T Sk
B Al LAN wp i B A5 A4S 3t 5588, O F B AT ke ik
st iT 2R RE. AT W UFA S L7
S A T A SO T — A BEAE A R AE
LAN WA p DZ o4 I H AR B 1A 3 5 B
RINI ko R 2 382 Sk 1B 48 o 2 A% i 1) G B8040 R/ Ky
p Xl A TS B B 1B A8 AR 55 A 22 1) 14 i Y KL
AR RNC L kBT p Xk 3k 5 E WD
TR G R B B s 3R T RO A0 AL
A o, H ]I dL0G R T AL A B i ML AR A
i SO AR ] Y € L T oo = M/ v T LR B TE M
o [a] A8 AR 1 00 T o AR XE 0 W7 38 45 1) 18] T, 1

P& ind

AL R B PR L A Sk 0 SR RS (A B s/ )1 A
PR ) 30 T A 4 A R ) £ i I A

AR ST A KR TR RS Bl i 2T ROR W AR
Je 355 0 PR B AS i BE B, B8 2l 10 2% 11538 (Mobile Edge
Computing, MEC) J& — Ff 2 {1 1 2 F 7 e 5 4 iz 55
A2 TSR G R A 0 225 2R ALy o mT L2 3 IR0 2% o 2% ol
FRR (PR T 4. 78 2Z 115 (1 BIF 53 e 1 4R
TR S Gy A IR R g B T R OR A
i AR/ A i S GRS  BS Bl  ly TRLIEG L AR SCRT LA
F Bl i1 G540 R A D LA 1]

2 B F I 2= 1) DL AR 25 43 Yk 3 B il AR AL 7
AT ASE A MR A 38 — DB B
] g0 HL T RS HL L 0 2 R = 22 ) A% i 5
I ke AZ BT p Xy A T Y R /NTE R AT 2
N SN SR ST R R L M U RIS NN
— BVE AR SO BB M T RS 2l 100 2 Y S A TR BT TR
7 TP B A b A TR - SR 0 AL 257 RIDAS el A Y v g
Similarity> Threshold B 7 1 58 50 ¥ 9% 4% % 2 7%
NGRS H5NGRE R A SO %
BEWEBER N

D,
F,n<w>=[€;m pofi(w) an
Horp D, = > D, A B R ERE R 2k B 2 i

1€ clustery

Z 52 RES UM Rk R R 5 T T
— U ZRIRAC. B0k 2 PR DR T R G i
Fe. & 3 ik T eFL I 3 H A AR R A

t
w.
i

ERHBEMHBI 2B, Ll g4
AR HEAT U ST B A HIAE R,
AL N TR E AR E 5, KT
EIEUESIEE RSP S S

e AR S ARADUE S0 S W AR b SR A 4 e A6
R AL,

[l — Ry Bk o (¥ A s B A T B3R, TF N
REJEBEE R R E B 5 2R RS

B3 BRI U B AR R
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A BB B N, W& BT TR JR R L
Address (i)

it . A JRELE G

1. FOR iteration=1,2,+- DO

FOR &% i IN N DO

3 J /AR B SR S5 ) b ik 2R 2K

4 Cluster,,={i|i in Address(m)};

5 END FOR

6. FOR m=1.,2,--- DO

7

8

9

Do

FOR #& 4% ¢ IN Cluster, DO
PHAT 5 95 AE TR A 0 58 06 A B A 3 BB L
//WCAR T N I S BT
Clustermodel,,={L;|L; is NOT NULL};
11. END FOR

Edgemodel, = ) 2er. //mmssm

i € cluster, D,
13, END FOR
14. (;:Z%Edgemodez,,,;//#Eiﬂiﬁdfﬁﬂ{’%i%ﬂ
zlks 252 RREHET —REAK 2
JRRL G
15. END FOR
4.3 HEHSH

ARSI H bR S TE AR UE 2 2] S [ e L i b
W 2% > 19 3 {5 B (). SR T » 2 e 38 2% ity A 8 1) B i
A R B A 57 [7) 43 A e /0N Ak 388 A5 B () A7 8% 2 — A
TR A T LR AR S0 7R BRI B T 4R
T DR UE SR o 1T AR 5 0 L S 30 ok 106 ] i 42 U7 B2
TEAE AR . Pk B BT FE AR MR Y () | A%
T P TR O T ST AR A A % B B S AR
RSB 8 R G th B shih 1 SO R R &
J& A BT 3% 3] 2 iy o X — 3 AR AN E B AT 1S & 4
WG TEEE S RO/ T3 A5 T B E & B s i
WG p DA S 552 A H T KON E e
A s 1A% 3] 25 B 55 #8 — Il A5 AR Sl o0 S
ZAE G 2 2 BT — Yk 4 Ry R I R A AR A
K p X s AR B AR BT A% B0 RS Bl i 205 5
WERN R v RS <) AN BB . H
TG AR Lk s AL y<ax, B4
JT 4 eFL — R 4 Jmy B8 3 i Bl M o = X o+
p Xy Him /N T AL G T 1Y 38 A5 8.

AN AR I I 2 ) YN 253k B B AR RS B I i 4R
Jeftik Llw ] B L[w"]= | F(w) —F(w") |. IF 4
AR SCAT DK B S 27 S A T 5 1) B [R) B 2% PR E R

1 o1 1 g o
fim L L )= [ O(5p) +O(X ) [o e 1 4
B, H & RS Y5 AT DL /NI 2R By RO s 5L T,

WAR SCHEA QR FE T 545 e IR 2= > Fe 38 15 LA U
Aoy 1] 42 2% B

5 X

501 HIEEWMAMIKAES
ASCIPAS T RN AS [A] #5578 7E MINIST $d6 4 1
BRI 22 2T il 25 25 21 B AL Softmax Bl )5 1 45
FH A 22 M 4% (Convolutional Neural Network, CNN).

MNIST. MNIST J&—4> F 557 fdli 46, Hop
YEAALT 60000 MHEA XL E 10000 AHE
A MNIST %l 4 b i 5 — I 15 B 28 X 28 M4
RAW . BNMEREM D IKEHFR.

Softmax [F]1H. Softmax [ 1H5Y & —Ff £ 43 2%
S B A B R AT AR — A & 2 S 1) 5 B
— Ak YRS ) L AL R Sl AT Softmax () bR
Hoks MINIST € P 45 5 48 g A 32 00 A, 9K 5 1 57
LS A AR AU 43 AR 22 8] 04 38 SO S B e A R R
T R AS W7 TR S8 S R R BOICSH.

MLP. MLP 4 Multi-Layer Perceptron neural
network, B} Z JZBRA M E M % . Bl — DA Z .
— A E A FREUE s, A S i s T
P B2

CNN. CNN©# R 4 5 41 8 2 10 9 4%, B i A
JZ (INPUT) . %% #1 2 (Convolutions. C1) ., 1 1k 2
(Subsampling,S2) . &1 )2 (C3) . {1k )2 (Subsam-
pling,S4) & U2 (C5) |, 4 i #2 )2 (F6) il )2
(OUTPUTD) . 5 B 1 K /NI 5 X5, S0 R B0
Rel.U.

ARSI 52 55 34 3 F TensorFlow % AE 42 52 Bl A%
SCUNZR T WML MNIST CNN FI MNIST Softmax
8] 9. %F F MNIST Softmax [a] IF 4541, 4% 3C#f MNIST
YIZFEAT- 2 3 L B 20 A A B 485 s B A A g X
FAFF] 3000 MHEA. HAM IR 4 R BN A iR
A BB G 4R T AT A A LI 2R 38 2L epoch 1%
B 93, 1M FH T A b B B A9 mini-batch K/NEE R
32. [ #E . MNIST CNN A5 ) 28 v 15 £ BRI A 3
YA EL epoch 435I & &l 10 F1 15.

AR 3 L A 18 ORI 4R B bR 2 St S AL L S
27> 3 S B I B DA T AR UL D A i Ik
(15 4 Jay 8K 1) JC O 40 1) AN b B AL, BLA BiF 5T
U A Y WEAR 25 19 LB KT 0. 7 B 455 7Y 1 o A
A 2B T B0 UE X — W8 A5 Y IE A P A S
BEBLAE B T — 5 bb 91 1Y B di 46 A 2 L O 3 Sa g 7
FEAS [R) 0 %5 9 8 T )11 2% CNIN RS R, 8] 4 2 M s
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Ho S5 B T 0 IR 0 2 R TR U R e TR U ik 2523

BRAE L BITE 0~ 100 26115 il P 728 flo I o 45 ROHS 2 114 2%
P2 . iy AT 2 W R AR 48 L IR T 70 06 i A8
TP RS BE AR SR TT RAIK 2] 0. 9, 11 24 M 75 A5 25 L 1) K
T 7000 B RN S H SR e DRI O TR eFL
SRR YR T R A AP AR SCRERLIE R T
MNIST $fii 4 i 70 20 ) B AS b5 48 ok B2 48 FL
P85 v 1 U A

1.0

=
o)
T

il iig & ifrgl‘ﬁ*‘ﬁ

j=3
[S~]
T

0 02 04 0.6 08 10
MR R 2% L A51)

4 TR W PR AR 25 LG ) B0HE S I G A B LR B2

5.2 HEEE

R T AEASZ BUE R R 1 B0 T 41 38T eFL AE
TR S Y R o BT 2% =0 3 {5 50R 1 i B A S
T Softmax [8] 54K CNN #RI 2L & MLP #5
T Ak AR AR P 4 R S ORI AR M S B ] A A
I IEFEE 4 R T e T R it 43 (CDF) 1
B, A& 5 Ca) B 5Ch) FE 5 o) iif 7 o FHAE A s Jin
M 75 s 25 1 BOHR S A TN 2R A% Gk 2% ) O XA
LU o I T 5 455 i A e A TR R 4 J 4SS 2 ) ) ok
SEABARLEE B AE T 1 2 /N 1 AE Ak #E Softmax 1] 19
R v, 1 feft T A 45 10 55080 42 I R L 4 JRy B 7Y
FIAS b ASE Y 2 () F) R AL BE 4252 30 1. O, 17 FH A A 45
G o Z AR A AR AE 0. T~1. 0 Z ] . B K T
i FH TG IR 28 500 4 U1 25 1 25 1 5 7 CNIN T o
87 FH TG T A 48 1 B30 B I s 4 JR R R R AR
REAY 2 18] B AHARLBE 43 A5 75 0. 9998 ~1. 0 Z [a] , i fiff
FAMEAR 2 5 — 35 Z R ARARLEE 43 A 7E 0. 9996 ~1.0 Z
[ o d 5 A1 T 08 T I U s 28 540 4R DI 5 1 45 L A
MLP B8R r, ffi FJ0 I A 25 550 95 42 I 5 A b 452 75
BF L FEAE 20 Y0 ) AR Ml 55 780 55 4 JR) A5 78 A ) B AR
0. 9987, 1 A {f FH W #5485 %5 4w o #H LB AL F
0. 9987 By Hi A% 7 JLFHy 0. Bt4h . 7E Softmax [H] I
B, 70 0 (AR M S 70 55 1 — Pk 3k AR b 1) 42 Jm)
T2 ] 1 2 B AL BE /N T 0,975 78 CNNBE Y o,
700 WA ML B Y 5 1 — k3 AR 4 Je 455 R 22 1Y)
SHLEE/NT 0. 9998, 4 T 8AE eFL 53 35 RE7E IF

BERAEAE 1 250 R 3 A E T B IR S A8, DA T 34 3] T
JIEASE TR 2% 1 T 1 TR) 55 I Z50KG BE X — 38 s AR SCHE
Softmax [A] 5 45 B v Bl 58 0. 97 3 T — 41 5 {H
{0.95, 0.955, 0.96, 0.965, 0.97, 0.975, 0.98,
0. 985}, £ CNN A&t [l £ 0. 9998 Wi | — 41 1
fE:{0.9995, 0. 9996, 0. 9997, 0. 9998, 0. 9999 } , 7F
MLP RS e [ 58 0. 9995 Wi 1 55 —ZH B {E - {0. 9990,
0.9991,0.9992, 0. 9993, 0. 9994, 0. 9995 }. 5 ¥ 2%
HEI L2 MNIST CNN #£ A1 MNISTMLP #5 # Al
MNIST Softmax [A] 5155 % {1y 5 {1 43 51 % & 0. 9999
0.9995 F 0. 98 B}, eFL g k15 fx A 1 fE.

LO}[ —. without dirty label
—with dirty label
0.8
(0.6
=)
o
0.4
0.2

0.80 0.85 0.90 0.95 1.00
Softrax [B] YA _FAETR 2 [ () AE{BURE
(a) Softmax [A] JF4= I

LOf —. without dirty label
—with dirty label

0.99960 0.99965 0.99970 0.999 75 0.99980 0.99985 0.99990 0.99995
CNNAHI_FAREHI SR (8] AR
(b) CNN#& A

[| — - without dirty label /
—with dirty label

0.99800 0.99825 0.99850 0.998 75 0.999 00 0.999 25 0.99950 0.999 75
MLPHEH FRORSHC AR
(¢) MLPHR!

5 AR AR S A TR 2 B 2 (] 4% 52 AR B 19 R ARG A

5.3 Z£RMoHH
AN PEAY eFL A5 7 38 vk A sk 20 R 2% 5 O
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T PR RE. T8 i A 52 30 22 HIF » AR SCTE 180 I Bk 25 1 5k
PR EINGR T A58 B AR AE Sy %o B
5.3.1 £ Softmax [B]JFFE K | ) SZ 46 45 I 43 #7

AR SN R 28 1 5] M 43 A A 16 > 2o A s
FFRAHL R — 20 LAN $b ik UG B0 2 BT A 3% 4. A58 7Y
B2 2 R A=0. 001, A SO i T 4 5y A i A2
HhRSE AR (19 A R A 2R 2% L JFAE IR 6 () AR 6(b)
iR T BN XR.

1.0}
Vs
~ i '
£
04}
ool — - fEHEL
' — BE }0.98KeFL
s NEIERRZE FL
0% 10 20 30 10 50
R/
(a) Softmax [ 5L 38 AN /] 77 32 > HORS B
250t ;
i, RN
AR ~7A VY R,
200 ; \ '\!‘-\I Vo g \Aq /
| ._\/ ALY | "
S ~ -
150 — - fAFL
= —— BRI M0.98HCF L
S I AR AL

0 10 20 30 10 50

IERUB/ K
(b) Softmax il JAREHL I 1 A 7] 77 705 > A5 R AE
350
— = G 4
Ve
300 cFL o
e N IERRHIFL 7,
250 )
'\L
@200 -
-‘5
150}
=
100 |
50F
0 ‘ ‘ ‘ ‘ .
0 10 20 30 40 50

ARB K
(¢) Sof trnax AL 1 A [7 77 202 51 B I RN ]
Kl 6 Softmax [A]IEKE A i i A ] 7 527 o ) 2 8

H 2 ity 1 A 1 A I 2R 58 2 epoch ik 93,
PR E AR 5 8 1 50— R 4 T B B 4 Jm ASE TR (1
FERIRE] 0.8 DL b, SR » eFL 7EBI R U J7 1
A8 A 3 B A R AR L DR 2K e 3
B AV 5 7T A 2 A7 B B 0 Uk 1) A% 2 FIL I A5E ROHS B i
ARE NGk T BT B %, 78 eFL AT
YIS AR TR 458 B FAE AN 4 IE A5 25 19 FL J7 0 1)l
£y BIVE T Ny =B R (A9 Rl 5 ) Ol = vl [ 7 9 )
B, ELARSR 0. 78 eFL J7 20 F I 2k 1 5 280 1) 0 8
FA L AEAS T WEAR 2 19 FL 7 0N YR i B 80 B
10, B =% ¥ 83 @ 1 8 R A7 B AL Uk 1 1% 52
FL 77 20N I 2R i A 7.

A SCAR A [R5 28 FIAR 55 g 22 T 1 B 25 DA % ik
G5 i B IR 2 S 0T 00 45 rh A5 Y 1) 4% A ok 7 Bl BIL TR
JNAER , IR HEL FL 14 Y1 25 i (8] -4l 2 72 1 6 (o)
oSRIRZE R AE AR R R B AR e iR A&
REMNGRAIGEN eFL I 4Bt | i 4L, /£ 48 FL
FUASH WEAR 25 B4R FL Il 2R i (] AH 3 s 515 48 FL
FLG BT 42 eFL 5 3 09 Zi i ]9 2 1 10. 3 %.
5.3.2 fE CNN 8 | (5256 43 #r

AR SCAE CNN BER b A7 T 28 Bl S5 535, Hovp
MBI A MR 8, % R A=0.001,
dropout=0. 5. K L[ FM & 71558 FL,eFL A
i E AR 2 19 FL = Fp 2 ) 7 X 7E I 25 Softmax [u]
PR A CNN RS A A 2 B, N 1& 7 Ca) AT 7 (b) i
TN TERCHER WA R 0.7 4R S eFL A58 AU JiE
T T AR AT ANE R 5y FL. eFL Jinid 14
T U S B AN 25 5 Tk A Ry AR L AR R 1 )1 4
KRR T 80%. M YN 17 K A - iy T JEASE AL 11
S EZE L 50 R4 R kA IR 4 4500 R L R AT
BERITE DR 1% 52 FLOKG BEAL Ry 0. 7, 51 2K AE AL B AR
33%0. MBI K- J5 [l & 24 4 Ja A5 BR0ORG B8 7K %) 0. 6
B R FATRERIE VE 15 58 FL R B4 0t 13 ik
M eFL KT 2 Y% AL w] LLIS 2 AH W] i A B2

A WERR 20 FL 12507 XA [, eFL 75 4
WPk E5 2 AT AL PR 2. 1%, JAh, R &t R
T Ve CRIOR BA 2 2 s B AP A 42 Jm Fa 37 13 40
1% 58 FL A 25 25 5 3 A Qn s 78 3 vk (R 4 T
SRR CANE G RIS Ja B 2
2 CeFL) Wyl 225 5L, el st ] DA 1 sz e+ 25 4w
T 5 4 Ja B[] 1 A b B TR AS 2 R W (A A A
SR IERVE. [RIFE A SCHEAZ G2 FL A AL 815
(EL IS IR 3 E VW75 g LN DR TR NV 1
7o) 1 S5 A5 R R L AE A ) A A% AR B L
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Ho S5 B T 0 IR 0 2 R TR U R e TR U ik 2525

ol T
' —— M 490.9999 e L
----- At IEFRZEIFL
0% 10 20 30 10 50
R/ IR
(a) CNNBLALIE A R J5 302 2T W5
300
\‘
50k \.
v\./ -/‘\j‘. p I'\ \ \
VAN Y NA RN A 3
200} VAN i\ /¥ \f\'\".j\.
- \
& — -~ {ERFL
Elso L — F{H50.9999/eFL
= || |- RHEFRAIFL
100
50
oL I" VT :-.,'n._.-‘j.l,.. -..___,'I."-",._,' .
0 10 20 30 10 50
ERREL/ IR
(b) CNNAE R ik AN 7] 77 205 2 i 45 2R A
L[ == fZ&FL /
600 %4 -
eFL. /'
sookl Nz o
400}
300
=00t
100}
0 . . . . .
0 10 20 30 40 50
ERIREL/ IR

(¢) CNNBERLE R R A7 2% 2 57 I 2 1]
B 7 CNN B 38 A [ 07 202 5T i 2 8
RN % B A M eFL 2 ) iy R i )il 2k

BHA] L AZ G519 FL 4556 T 30. 8%.
5.3.3 JHAFRCRIEAL

AIAER 1 B TS FL X eFL AT
JIEPR 25 1 FL 763l /0 3 £ 2838 1A R B, Hovh =3
f3E 15 L AR 2 50 k. IR L 548 FL Al
ANHE WEAR 5 1) FL 32k ACAH 7] 56 F0sd Jir 7 22 04 3 15 1)

() 52 42 30 B0 PR TR (4 A A X A5 TR 118 1) e P[] 522 Mg
R X e fi o R e 9% T £ P ) )55 /N 5 O R
eFL J7 YA 7R 25 AR 7] & 20T JIr 5 1) 36 45 1 8] Jo /b
g FL M R MD G RG 5 KA EAL T
A3 A 8 N ) P 0 L 0 T B W Y eF L R] A
RO A BRI 27 o B A R Y I 4 SE IR

®1 AAZFEIFARENERFRE

& 4: FL eFL A EFR 21 FL
Softmax [A] 5 5 % 344.0 296. 1 290. 2
CNN #i# 616.9 411. 6 620. 0

N T LM A SCHR Y eFL 7E{L 1k FL
AR RCRI R A SCAT T — DN effect Y RE
EARE. X T — D EE NI effect YE XN
TEARSE FL T it 22 AR 007 3t BT (19 B B0 L eFL
B 5 2 F A B A BT S A U — Ak A

effect = %0
o

t

H, o RORTEA W BR BRI NG 00 T 75 2 L AZ A
Hi BT A A T 0, 2 eFL A R 8 ARy A
Hiy SR Y EEC ELOWLHL UG ef fect UK, eFL 1R 42 &
35 502 T T ) 3% IR AT AR SO i T RO [RDRG
JE R eFL #£ MNIST Softmax [A] I % F1 MNIST
CNN B effect. 3R 2 25 3 T ef fect TEA AR
RURGRE i 25 3.

(12)

K2 effect ERRERBEELHER

o: oo effect
FEEE 0. 6 i) MNIST CNN £ 7 110 20 0.73
FEEE 0. 8 i) MNISTCNN #i7 340 30 0.91
K5 BE 0. 85 ¥ Softmax [m] 5 5 1 20 8 0.6
FhBE 0. 87 ) Softmax [A] )7 51 A 240 10 0. 95

Xt T Softmax [m] A5 7Y, dy 458 78 ) Wi SO JE
b — R R I ZR B RURS BE it ik 51 0. 8 LA b
PR SCHE 0. 85 1 0. 87 T REALKS B % 4% eFL
202 77 S Softmax [a] 584 R f) 52 0. 25 4 7Y f) K
JEIKF] 0. 85 B AL 48 FL 5 2 A - A4 Ay 452 700 o
BEECN 20, M 7E eFL 22 2 J7 30F L A 3t B0 L %
AR R 8. TS effect Dy 0.6, BT A
Fefl 4o 2 2 J7 i 55 - eFL 20 T 6090 1 M 4% 15
FH. 250K B 5 2 0. 87 IF . o AT R R i T A
A TR R g R 240 A AL 46 — 28 5 4 Rl
SOOCR A HBETY) T eFL o Hopdi >3] 10, R 2258
PRV » 95 06 B A Hly S B3 A IO 4% 1) LA AR
IR

B Ah X T CNN ATy 4 70 ) WA S50 2 45
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%, R AR SCTE 0.6 F1 0. 8 P AN RS BE I 7
eFL 7F $& i 16 2% ) 38 15 A0 % b R B A A
K BEIRF] 0.6 I A FoAZ 48 FL 22 2] Jy 2, eFL 42 2J
T D AR A BT 90, 3800 T 73 %0, 2K
JEREE E) 0.8 B 248 FL 222 iy X T H % EAEm
HHECR 340, 1 eFL J7 30 A # AT 1A% 1 55
Hk 30, MIHLAL S8 FL, eFL 3> 1 91 %6 [ 45 7Y 58
B R eFL 78 4 o 1568 2 )l 5 R0OR% E A U
AL

6 % it

AL T — A T3 G KT A o) HE B
eF L, B 7E 5 /& 16 2 7 1) 38 {5 403 4 5im 1k 6 2
SRR B . eFL 5 AT 3 T 155 M 45 67 B 1)
RSO I E B 330 G A 2 A X
2 LA iR 55 25 5 OF R PR ok U IE IR . eFL 1y G
SEARE W R R B 280 R B T R S R )
P18 2% 52 FEARL T R 4 B Jmy ¥ BB 2 5 A 5 A SR BB Y
WSSOk . A RH BB DR T T 18 19 (L 7Y J) 3 B BT A
YA Bl G R WO TR G DT 2k 38 455 28 3 ok 1Y
HY. 7F Softmax [F] 4 A1 CNN P A4~ 2 2 LR |- 1)
LY HAE T eFL 75 RIS AY R B 5 A5 0% Uy M
WA RE. 5 A% S8 Y I 2% > M LG, eFL 38 b T
95 Y0 i W 45 i . HLAE CNIN RSS9 05 S0 2 42
BT 30.8%.
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impossible in reality. Besides, with the further development
of big data, the emphasis on data privacy and security has
become a worldwide trend. As the essential technology of
artificial intelligence ( Al), federated learning (FL) is a

promising approach to resolve this challenge. End devices
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participating in federated learning only need to train the
model locally and send the trained model to the cloud server
for aggregation, thus achieving the purpose of machine
learning (ML) under the condition of protecting data privacy.
However, the communication efficiency of FL still faces
many challenges. On the one hand, the bandwidth of the
network is limited, and the uplink is typically much slower
than the downlink, so an unstable network may lead to
training bottlenecks. On the other hand, the devices and data
participating in FL. have the problems of heterogeneity and
Non-1ID, respectively, so the local models trained by these
devices and data might not be up to expectations. There may
be updated parameters from malicious models. If the
malicious models are sent to the cloud for aggregation, it will
not only seriously affect the accuracy of model training but
also increase the additional communication cost.

We discussed how to effectively leverage the computation
and communication resources at the edge to obtain the best
FL performance. We consider a typical mobile edge computing

architecture in which mobile edge nodes are interconnected

with the remote cloud and end devices. End devices are
divided into clusters based on their local area network (LAN)
address. In the local update phase, each end device calculates
the cosine similarity between the local model parameters and
the global model parameters. If the similarity between the
two is low, the local model is considered an unnecessary
update, thereby avoid additional communication costs. The
mobile edge nodes deployed in each LAN collect and aggregate
non-malicious updates and then sends the aggregated model
to the cloud server for global aggregation, thereby avoiding
the latency associated with high server concurrency.
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