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Abstract
In the context of complex task-oriented collaboration, the limitations of communication band-
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width and computing resources, as well as the need for privacy protection, together constitute
major challenges in this research area. To solve these problems, researchers propose a framework
of Federated Learning (FL) as a solution. FL allows multiple devices to perform collaborative mod-
el training without directly exchanging raw data, thereby reducing communication requirements
and protecting data privacy. However, some FL methods adopt a full-client-participation strategy,
where all clients update their local model in each round. This method not only increases the
number of communication, but also leads to performance degradation and response delay with
the increase of client size. Therefore, this paper introduces a new FL protocol (Federated Deep
Learning Alternating Direction Method of Multipliers, FDLADMM) based on primitive-dual opti-
mization. FDLADMM algorithm uses bivariate to guide the client to carry out local training, reduc-
es the communication times between devices, optimizes the training speed of the model, and with
the increase of the system size, it can adapt effectively without super parameter adjustment.
Through experiments, the advantages of the proposed method in communication efficiency and
training speed are demonstrated, and it can be adapted effectively without hyperparameter ad-
justment when the system size is adjusted continuously. This innovative approach provides a via-
ble and efficient solution to the challenges of collaboration in complex missions and is expected to
be widely applied in future research and practice.
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Figure 1. Federal learning framework
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B, b T A RS R, ARG TR IR o [RIIAE F XU B 5 A 2ol AR, ek
T A I, R AR RO TR R S v P AR

2. ExTIE

FEBRFRE: ST I AR, 8 FedAvg AL RIS R I2 N IR 2T, EER REAR DA i £2
e, B A RN B T A R AL A TR, TR R iz Ak e, R4, FedAvg AT E i
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ERHE B AN T % 53— A TAR S SO T UG - XHEAL 5%, W FedHybrid [6]1 FedPD [7]
Tk, IXEETHVELE AT AR AL IR T AR K BTl . FedHybrid J&—ANMRID Jridk, BERFTE % 7 i (R 4
HREAT SR 12T iR IR B S 2y AT B L SR A RAT 2 WU T B P AELOR R R G k. SR
R TTEIFARGE N THIBREE 2], RO A A E & H T KRR gg, IF BRIt d S Ae s
B 1. FedPD TE% /' bty K FH R T RAFE N BRI A ISR, FHHHT RS0 TAE . LT ASCH I 7775,
FedPD i HI XA S oK A $2 Jm) AR R AN 4 JR M AR 2 [B] (R 22 . SRTTT,  FedPD SR 1 4% i 2 5 HA SR
B EIT AT % 7 i A2 0 o SR AR R AN &, I L DA e A 5 IR 5% #8 £5 OR S 4 JR A A
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IEE R ALY SR L . /£ FDLADMM 1, JIR 5 8850 A0 5 70 2 il A5, 20 ) diig R AL Rt o vt
PATAIIIZR, BL5h, FDLADMM i FUAE SR 4 SRR BEAT A I 5, XA ROWMRE 1 A2 AT L
THOLT B BhiE N AT, R TR FLBE B R R — s ph ik, B G 7 iR Ag . AR R
T B RE E E R 2  BOE A SCITT I S BEHL ADMM [8] % AH K, 1E FL M AR T BEHL O &
P SRS A, (HREHE TENFRBIFRAMEGEET, R R @] A AS RIS, fo
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VEAE R PORHEAT AT AE SR IR, 84— HSETT S UBUR 545 ADMM [9] [10], BV HTIA RO
FUL, {E R FHRBI A SRR, 6 FL S TR S

3. Bk

minimize =" ,(6) (1)

0eR

FL 1 H AR HA oy — MRS MU /ML YT £ (0) Forb m & i sce, f(0)%
AR AN ZRA 2 o 8 IR SR ELSE o = /N, Hr N =" n (BUARER A8 B L 4%
FUmi T AE), s o =1 (MIrA R i TS, X B Tt et A S 2 Ml 1 % AU
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KRR RS 58 PO AN AL, WER FL B RS, B R G KR /- b
ORI 2 A M 00 R S B ANTAT, It T 98 IR M IR T s A2 AE . Ak, R HE
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mAXQPR, A K A AR B2 Q) =5/, B e R 2 F
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XA AR B R — RO 285 5 By T BB AR AR 2 M (fok P A el A 55 Ml 55 2 20 O — B0 2 T A1
WURSHEMH T RIS 5FEELR). AQERR], FedProx Plv; =077 BB R 7 (3)0, &
SRIXAE— B R EoN% P i S it 7 ORI . SATRT, FedProx [SE4+IEREMH X p MIEHHTHAE[4] [5]. X
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ot — gt 4 |St|—l Uziﬁst AE (5)
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32 BiERL

Ak T FDLADMM Hifa %+ FedAvg #1 FedProx #H4T TH . WIAREQ)ITE X, 4k BB E
v, =0 I, ASCHEEEIE] T FedProx (1Rl ghinl @l Wit —D8K —IRIARE p WEN 0, WAFEEN
T FedAvg HRIEBIIZRA . X B NS ERIGINEEEA T NS 2] i () — AN A BR AR, B A ]~y
I 2 A HBN ZR(CUIn PR BEAS FL SRRSO, T @S 5e R 50, LA RT 1R 25 P i A AL i o 41
A HAHEE . KA SN FDLADMM J& —F0E 200 S, RE S ) FH A b 8 25 1) BE R b i85 A .
4. SRIITLE
4.1. BURENR

AL HIAE WA UG 4 2R BE 4 Eak T se0e, BEAE M BAANEHIn R .
4.1.1. Fashion MNIST #iE &

Fashion-MNIST & —/MNEG B8, T8 = ] B MENR . Fashion-MNIST (FMNIST)
H Zalando Research #&fit, 15 70,000 MRUEEE, 73w 10 251, HAJIZE4E 60,000 kE &, N
REAF 10,000 K EHE, HIEEMEIE RN A 28 x 28 B EK[11].

4.1.2. CIFAR-10 iRt

CIFAR-10 #& /M3 H & i 1% (L BHE B £, 1 Hinton 1224 Alex Krizhevsky 11 Ilya Sutskever
B, BIEVON ZMAEZER[12]. ZEERERE T, R WL RE B2 A L .
R S ARG, BRI 6000 5K 32 x 32 3 F AU RGB R ER . B Hd 4k th 50,000 5Kl
YRI5 A1 10,000 5K I ER A B .

4.2. IWINFESH

AT BAR RO RE ARG B W 1 pr P AERRIEDT T, SERSRHAT T Python ZefSiE =, [AN 3.8.0,
TR FR A

Table 1. Experimental setup
Fz 1 EWRE

ZH ZHEUA
BAERS Ubuntu 20.04
HRES Python 3.8.0

CUDA 11.3
CPU Xeon(R) Platinum 8358P
GPU RTX 3090(24G)

43. ERSH

AR SCAE P AR LAT B BB RUZ 1038 U4 2 W 4% (Convolutional Neural Network, CNN) 474 [3]
[13], EATHEA —NEBEREI A 5 x5 BRUZE, NEIR 2 x 2 oKl Z) M — e asi, mA
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(17775 FedAvg. FedProx fl SCAFFOLD #E47 1 LL#2.

Table 2. Experimental setup
F2 XWRE

fBo) SRR B4 EEZRIAES
CNN 1 1,663,370 FMNIST 80%
CNN 2 1,105,098 CIFAR-10 45%
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B, AREA T FMNIST 1 CIFAR-10 #4in4E, i@ % BAHFRIE P omda, i 7 AR R s s
OCEUN B R IEORS 52, ORGP 1 B o S an =(6) s
TP
TP+ FN
Hrr, TP R IEAEAR TN IEAEA 23, PN Rl IEREAR T e A a4 Sie g s 2 fos, ]
DA R, T MRS LT, FDLADMM S840 T I 52471 Fik, AL KRG, 7£ FMNIST
s b, A RILLE T 500 AN% P Al 1000 %3 N FDLADMM [P fE . 4SS0 8 S Rt fp A e
200 M i B N R TS RN, RS RREESECNE RIS OL N YR RS, 45 R
3. WEERNE, BIN% iy 5 NESMIXUAE & 2] FDLADMM i, AH A # s 1 8ds > A2 58 2 (1R
ST, XA TR {8 FDLADMM XS T35 28 75 v et B8 oK. [Rlitk, FDLADMM #iiE
B PR SEEL T XA G B A 8O S . A3 4518, FDLADMM EA KA RYE, IR 1
PEREFRFH AR T 5 R 55 38 015 BAC B 238 n, DA MIXUAE E4AL ifa SoRA F 1 il

ACC =

(6)
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Figure 2. Impact of different methods on system performance
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Figure 3. Impact of different system size on system performance
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