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Abstract

With growing concerns over personal information protection, federated learning has emerged as a
privacy-preserving machine learning framework by enabling local training without data uploads.
However, in real-world scenarios with heterogeneous data and devices, federated learning faces
challenges such as degraded global model performance and slower convergence. To address this,
we focus on the aggregation phase of federated learning and propose the Fedalr algorithm, based
on theoretical analysis of the convergence upper bound and update process of the global loss. Fedalr
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employs momentum methods to estimate global gradients and adaptively computes local gradient
learning rates to optimize the aggregated model, aiming to improve convergence speed and global
model performance. We also provide a theoretical proof of the algorithm’s convergence. Experi-
mental results on various statistically heterogeneous datasets demonstrate that Fedalr outper-
forms existing baseline algorithms, achieving performance improvements of up to 30.74%.
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BEE R HAR MRS, BahE Mg m, EUEEeTFL. PR YRR SRS 1A
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BT, SO DL BRI RGN R, 85 7R 3h 2 ut 2 2 B0 Noniid (FESRZ [F) 73 A0) 4FAE . 5k [H]
I [3]t 45 T 7E Noniid %4 T, BEHS%E SIHESE SRS BRI A W SICH B2 FeAIK . 4 JR B PR R R [ DL R 1
A A AN B S ) . EL AR UG Noniid 2508 Bk iR 16 B R F T 25 586 10 S 30 2% 7 i 400008 o AR 3R 4
W& o B, R4 T HE R, RECR AR A w2 . B, T4 S 7E Noniid £ Uit
T RE DL R A JR R e 2 M AT IR 2 o B — AN AT TR
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At oL, I Fedalr B2 R B A0 T 24 m H A BR v A
2. ExTHE

Fedavg F-01 T B SIAGBIE[L], RS 108 ME oA . 5 2R AT TAE S LA fedavg S EAE
J&. X Noniid $df i 45 2 ST S2 2) s RIGBREL, W2t N it 7T H AR L. AR 2,
[3]iE 1S HE T Fedavg ik 5 8 i ML 27 o I XA R AR B 38 1) 22 00 s [41 5 B 2% ST AT 1 Wit o0 #,
P TR ST RSk A [BIFRH T B TR wi AR HUAR R R S 2 S B R AR R IR R R
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TERESLJZTH, VF 2 3 IE it 51 B FLAhAE Bk M e e v S5 S 1k e 8, B G AT 45 B 24 ST 6] AR 2R
PRI 7 44, ) T B R oG 2% =) (Federated Meta-Learning) [8] 11 ER33T #2 2 =] (Federated Transfer Learning)
(O 77 ¥ FE B0 HH B8 53 PR P R R T o B 0 2% 2L s AR SR ms ,  ABE 2R A BRI AN [F] 43 A
MIEE, AITTA 2SR Non-11D Fi sk i PERE T B im) @ Bilhn, MAML HEZE FIEL Y g (FedMeta) [10]
WL E O SR, 1T T AR ARE JT . BEAh, BONERS 2 2 5 NP E A, R
FAURI AR AL B AR, HE—2B 35 T Non-1ID 35 R 24 2 3% [11]. #1140 FedHealth [12]5]FiE
2 SILE DT BRI I 5 b S 1 B UM AN IR IE L, SRR T T BAE HARI I R I . T A SR
JRVE A E 6T Noniid 14 = 15284 P B A SIOH %

FEFEAR noniid Hnf BCH S ST e Bk, 8 A PRARRAG A B a4 IR 55 25 o DA AR
P, HE2R T 4R R E S RaE WA fE, &4 Jm B B8 Iz s seiisy

Al 25 25 ity 8 R A P i BB R A I R AL . [13]BEER TN S A R B 1 2 7 i gk
ITEHEBEVERFEIM A, FedGroup [14]4 HiX AR EHE (1 P o dE AT SR AT SR & - Fedadp [15]4R#5 L
PR PR S DTk, T8 I Tk R SR v B P I SR G AR . DGR B A AR e M, SCAFFOLD [5]
T Jo g ) AR Rk 2 P A, Fedmgda+ [161 52 HAsAL &, BERES T A ERIE—F
S PERE LU BIA B A, o-FEL A1 g-Fedavg [17150A 51N T EE iid 37 5t e 5 A 77 AP ) B AR A Bt
TR, RO TS q SRR R R, 4 RS R R AR AR R RIPERE

A2 7 S BLAE EL A AT O 2 S P AL BE 27 =] (Personalized Federated Learning, PFL). A i/ MA:4L
IR 2] 75 v B SR AR . Jus SI (18] IEMME 2 ORISR K7 155 . AL AR 7100 FedRep [19])iH
B R E SR, (54 R R RRZ AL RE T (1 A FovE 7 o A TR o TR U4k 7 (o fedprox
[20]« Moon [21])idid 5] AAMEACIENITR, 7E4 JR R FI A S AY 2 (0] F5RPA,  DLRF MR

3. EiEN A

FEAT B IR STHE S DA L AR SR RE, B m il BRHES, TEH] 1 3RATER A0
B o

3.1. SHBLFREF SIIESR
2 LA 2 o) BARHESRAHE N AN i DA A 1AM IRSS 2% o AT B AR A2 g v R A0 Ak ) .
. A
min  F(w ):Wiz:l: fi(w) (1)
Hepw' BB, fRES% S ERRKRES, FRERIK. R HRR S BE O C 2y
L 95 AR S L (x, y, w) R SR, i
1
f; (W)ZWZ(Xi,yi)EDJ(Xi’yi*W) )
BT R I AR N © RS#T RN w S8 NE b, @ F% F imf I B w5

I B A A (3 HIBEILER 2 T B 5 (SGD) T AR S 8L, B RIAMIZRAE IR AR, ) EAE AR
B Wt B IR 35, @ MRS E X EARRIA AR BEEAT SA ST, AR BRI 4 SR A .

N N
wh = aw = w =Y A Vi (W) @)
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i=1

Horp 4 RS | DA ARG, 7 MRS | D i) aE )5, Q)FUBRIKE I R Al Z
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TEARTH, RATEANFAIRATHE H 1Y Fedalr 5%

B, BRATECREE ST P4k il JE T B b o B0 AT W S Rk [22]:

BB 1 OEITE): B4 R R R F (w) AR SRR R 2 £ (w),ie (1,2, N)ZER™ LRI H IR L-
smooth:

F (w”l) <F (wt ) + (wt+1 —w )T VF (Wt ) +%| wh—w! "2

Soob VE () R RBRRE . FHBIE 1 450 RIS WA R A
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B B FEC AR R A — 2 i SECR G I E, S 4R vERE . DN ATT e T
Vi (W
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=", B g KIBURE 4R (0] -
TERATTR S5, A JRIBAE VI (W) AR, P9I 22 F AN [ Bl € 1) 2 2] e 1T 45
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VF(w ):E(WZi“_lwi (W& )j
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AR S0 5 2 S B A b B A R

4.1. SCIEE

4.1.1. BIEENR

Cifar10 a2 AN 2 EHR r REMERAR S, B85 10 MAFERN KR OEE, &2
B E1G 53 ¥5% N 32 x 32 15 %11 6000 7K 4%, FEit 60,000 5K, HA 50,000 5K 4% %4 Al ZE4E, 10,000
TR BRI 53 A o

CIFAR100 ##fs & th 2 — A T BUR 4r S B 2 48, (05 100 /MRS, S48 547 600 5K
K14, Htit 60,000 7K &% . 5 Cifarl0 ZHE4E35ML, Cifarl00 F i G ZR O, /2R N 32x 32 4 K.
ZER 4 537 50,000 7R IZR KA 10,000 7K A B -

4.12. BIERIS

TEBATI IR, S T8GR a4 Noniid MBI, BATHT 562 7 s b 47 an 2R =0k
gy (1) BEEMERs: AT R VISR et B R ATHE Y, R 8808 739 700 20 a3t
200 M3 by BN P EBE LG 2 A9 i, R AN % P AR 1o A B 2 A BRRSEEAAE TE]
BATK X R RSN ¢ = 25 (2) BEESAikI5: @it Dirichlet 2 AL IMFEREFE, B SN il e
I UG B PR R . BATMEF #2240 d = 0.1 ) Dirichlet 2» /i #4745 H 5246 [23]. LA Cifarl0 i A
WHAR M AE 1 R BARRRRE P g, SRR E P s, B—IrHRETE
F i AR U, AN B AR A R HE 28
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Figure 1. Data distribution map of different data partitions
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4.14. BHEE

A2 o B 100 4>, FRFEFENLIIE 20 /M%7 i 2 5 Il 251 58 & (Participation rate = 0.2), &
3£ 2000 VGEIRIEE. Hrh A ) batchsize v 64, A% >] % (Learning rate) )y 0.01, epoch = 1. A
T BRI A R I BEN L, A B B SR 4 SO AE AN BE LM T RS2 A F

4.15. HBGE
ATHIREAL R M RTRAT RIS B BRI E 2 (CNNYERL, & — 2 BRI 5 * 5, S5
WHE RS 2> 2 MLz . BRGNS A =2 282, Ttk g Ry 10 MR 7 4.

4.1.6. SEISIfIE
ARSI FET R ES python3.8.0, SLIGEERIAELH flgo 0.4.3 Lit4T. I GPU 2 Hl AWM A
NVIDIA GeForce RTX 3090 LA & —~ NVIDIA GeForce RTX 4090.

4.2. SRRREER

42.1. FRBERN S THMEREELE

i 2 fiow, 1E Cifarlo $dE4EH, Fedalr (3¢ (4 28) R I H B P8l DL K 4 JRy A5 R R 0
mTERe, BARCKE, Widk 1 Frs(Riikee O ASR H): 7E c=2 FI%dE 24 T, Fedalr 5 2000 %1
4 SRR RIS B 72.15%, EUAE 4T AL SIS Fedavg PEAE 63.91%4- T 1 12.89%; T7E d = 0.1 K%
I3AER, Fedalr S92 (10 4 R A M it ik 68.68%,  LUE 24 Bl e A 53427 T 30.74%.

Table 1. Round 2000 federated learning algorithm performance table
Fz 1. % 2000 RELFBFE I EAMRER

Cifar10 Cifar100

c=2 d=01 c=2 d=0.1

Fedavg 63.91 52.53 28.45 22.90
Fedmgda+ 61.81 52.19 31.10 24.48
Fedprox 62.11 51.12 28.27 21.69
Moon 62.47 51.02 28.84 22.44
gFedavg 46.51 39.87 14.49 11.90

Scaffold 52.95 30.01 20.46 9.81
Fedalr 72.15 68.68 32.21 26.21
FETHEEH 12.89% 30.74% 3.57% 7.07%

£ Cifar100 44, HAR Fedalr BT HIAA RILH BN E, X2 BN cifarl00 1155 N A
DAR BB A& I 4 R B 2 S BOSICH B T B, (H 2 5 T 19 4 SR A 20 R e AT AR A Ik 5 AN i . AR R
1A LLES], ¢c=2 fd=01ME0T, Fedalr HikMEREIAS] 32.2%1 1 26.21%, LUt 24 fi it 5i%
Fedmgda+1:#E 7> Al#RTE T 3.57%7H1 7.07%.

TEANE AR 5 T, FRATIE H BRI AR R e g o AR Ud, A LE T 28 — PPl R 4 (c = 2) 7 =K,
5 R RS (d = 0. )X BB ST HESR b K. W 2 TLLEH, FERMEHETS N, A SEIEE C
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Figure 2. Performance graph of different federated learning algorithms
2. NEEKFBFE I EEMEREE
422 ZRSHYNBEEHRM

N T AN A LI S BN IR, FRATTE Cifarlo B E %% c=2 M d=0.1 &kl FikE
TAFEZHAT Y, BARSHRCE R 2 s,

B 3 AT DLWIEE R, AHEL T HEAl % Fedavg (MEZk), KA Fedalr B35 (SR4R) ot S8 i g,
WSSO LA R ARV RE IR T Fedavg. MWCSIGH A FEK UG, ToIRMEFEEE 7y, ANRISHOLE N Fedalr
LSO AR+ A . SRR BE A BE R UG, BRIy ¢ = 2 1F, AFEZHCT 9 2000 42l 25
JERRRMEREZE AN K MEEARRI N d = 0.1 I, AFEIZHCN K 2000 eIl 255 BAERERE AT 2200, flf
MR B IGOZBE 2, 2000 FERAIERE N 72.18%, mEMSELE L ERE 1, AN 62.03%, R
#2709 10.15%; T AE [F A3 il 4 S 1) fedavg SLiETERER P2 E 2, N 66.23%, REMRERKE 3,
PEBE N 52.53%, MEREZEN 13.70%. KIEATLLIN N Fedalr HyE T Seib S M BURMEA R, JB T &R
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Table 2. Experimental parameter setting table
2. LWEBHIEER
Learning rate Batch size Participation rate
WH 1 (G EHK) 0.01 10 0.1
WH 2 (I ETL) 0.1 400 0.1
BHE 3 (L aITLR) 0.01 64 0.2
—— Fedalr —— Fedalr
0.7 ~ Fedavg SO -- Fedavg
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e © A SN
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Figur
& 3.

e 3. Algorithm performance line graph with different experimental parameters
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5. B4
FEARTCH, FATE RIS 21 52 1) Noniid Eodfs 19 Bk -5 B0l S50 5 FEAR , 4 JR i R P RE T P55 i)

pih
K
I 1E

T Fedalr §74, 2 SEURBE TR % P13 LRI AHIBRIE v, (W) LA BRI VF (w) Bk
F1E LA R I AMUBRE VI, (W) B9S2 513, INTTT SR A MM (O R D RSO, AT
Noniid ¥R 55 FIBHS 51 RO Y. 0 T SRSt A J MY, TR0 D0 AR 1 Bl

fih EoRFH T sha Sms, LAV BRBENLYE o 505 3RATTE I SEIGIEIE 1 FRATT A B9 bt H A B LR B S i 5
P RESR T EE B =k 30.64%.
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