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Abstract: Federated learning (FL) is a distributed model training framework that allows multiple clients to collaboratively train a global
model in an edge computing (EC) environment while preserving the privacy of clients’ local data. However, federated learning in edge

networks often faces challenges such as resource constraints and data heterogeneity, also known as non-independent and identically
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distributed (non-1ID) data, which significantly degrade model training performance. To address these challenges, this study proposes an
efficient federated learning framework—FedAlt, aiming to enhance model training performance (e.g., test accuracy) in edge networks while
reducing resource consumption. FedAlt builds upon the classic federated learning algorithm FedAvg by incorporating block-wise multi-
output and self-knowledge distillation techniques. These enhancements enable clients to more effectively absorb information from the
model’s representational layers during local training, mitigating the negative impact of non-IID data on model training. Specifically, the
model is divided into multiple consecutive blocks, and at the start of each global training round, the server sends only the initial blocks of
the global model to the clients, reducing communication overhead. Clients then combine the global model with their local models and use
self-knowledge distillation techniques to absorb information from the model’s representational layers, addressing data heterogeneity
challenges. Moreover, considering that communication overhead increases with the number of transmitted model blocks, adaptive
algorithms are designed for both the server and client sides: the model block distribution algorithm and the block-wise multi-output
regularization algorithm. These algorithms dynamically adjust the number of distributed model blocks based on the client’s data
distribution, computational capacity, and communication capabilities. Extensive experimental results show that, compared to existing
methods, FedAlt improves average test accuracy by approximately 2.64% under limited communication bandwidth conditions.

Key words: edge computing; federated learning; data heterogeneity; resource limitation

jilll3

1 5]

R it ERE A EAREAA S R RS VAT e vk, (HEAL BRSO . ST o AT DRI IR B3R F5 3R Uy
TAEAE—E R RBRE M. 9 7 i peix 26 1) B, 382515 (edge computing, EC) /FA— R M iH SR, IEiZ#T 5|
)2 ok P G HOR SR ST M SR IR M R BUA 2N, SRR TR RS T RCT & B X
oA 2T B AT A P SR A R B v R (AR B SR D%, AT Rae AT 190 246 S 38 AN A% i i A . AR,
BEE DL BN K, 7205 I P BRI BUREGRE 15 5 b, BB R AT 22 A v 55 n) B 2800 2. ZELE 0T, 16
H2%3] (federated learning, FL)WE Ay— @& F 143 510 40 A sUHL A 5% > D7 iRI8 02 B E AL, EBAE S, 2
AN P o3 A B B A AR AT AR RN R, SRS A TS AR Y AR B IRS BEIT 2 R RS RSS2
AR R E G R BIS % P i 3T T — 3 Ik, X PR S5 48 5 % 7 o AL AL i 78 — BLEFER 3
A R BRI SR BEIRAR R O 1k, BT BRI S AR S 2 1T AN 2 B, BR300/ T BRI R 2 A 08 A A
R, AR, IRS 38 AN 23 U5 i 25 7 i () A s 5t AT R 37 T P B AL

SR, ZEIL LB IR ST S B o 280 B0 2% S A SR THI I 1 22 Bk ik . 3oy, B S A P B R Ay Sl 3 [R] 43 A1
(non-independent and identically distributed, non-IID) $#E, /& 24 BT IEHS 22 =] b 9 5B 35 IOk . Hicdla b 48 12
Z: 5% 4% 1B OB 73 A RS AE AR AR BOR 22 e, 3 BCEEIBCT 27 ) kR vt S AN S M R AIE AN UG FC 46 1) L. 7E
KB, NS 5% BNIZRIRRIN B0 B2 (B HAh S 58 & il o, 72 BT S, 7 ] 2= I 11 5
AR T Re EAE AN (R I Fh A0 F AR R, DSOS 6] (9 BR ST A0S 2, X e A 1 45 5 R e B B I i f e =2
MR T B RHR. HAh, BT 1 A T I 25 9 4% rP A e PRI 1) 1. 2 58 4% 2 114 BR FF0 38055 5 9 PR ) 77 45
R SHONTE S BRI R R, G, 72— MRAT IR S 21 5, &N 4047 18 156 38 27 =0 Sk e Ve Ko A

B BRI, FH T 0 AT Z 1) P 4 B A IR, A& S K B 2 SO B {5 2 7T it S BOB S JEAIE IR, I T 5 5
RIS RS L.

T DU P 5 AR e 7 S 3R 27 3 o 2 7 iy 2 1) 0 S5 A4 e 1) R ) — A 28077 15, T FedAvg™. FedProx!™ii id
FEZ 7 i A 43 2K bR B b S0 — AN 3R 4 JR AR R 5 A SR B ) I U 0, A A2 7 i ) A M I R SE AR E
FedMLB K BRI R)| 53 9 2 A B, il I 22 26 AR M v 581 03 S 2 AR AL B, 388 1o R R 28 R TR A b T 5243 32 1)
KR, DERECE 2 122 M5 . R X e IE AL T VA BOB SR AR 1 s S A4 1 10 AL, (e AT IR In 7 B2 2 O ) i 5
B TR, e 7 AR PSSO E M. S T IR A B 2 T I R P G £ B U T4, Tiang 6 R T FedMP, @it
I SRR B, (707 AR AR B SRS AR A AR (10 K0, AT 2 AR 55 455 8 7 i 2 [ FRE 5 DT 4. Kim 55
N T DepthFL, Jy%5 F i 8 ] AN 17 K /IN (RIS TR 0388 1o VR FEE A8 T A5 AR 55 33 80 7 7 i 2 1) SR A A 80 20 B R AL
s> T A5 T4, SR, JX L5 AR AR T 52 N 2k 0 5 Bl b, AT A1 4 SR B R 2RO 1

© TEBREEEEIEDT  htp/ www. jos. org. cn



NEEA F A TRB S b fodein § RABE) SRIRHF I AES 1359

9T XTI 2 ) s e M A B R A BRI R, AR SR T — AN R AR B IR A ST HE SR —FedAlt. 1ZHESRTE
FedAvg Jaili b 9] AR 2 % AN AR B ZRER, (15 % 7 o 7E A Hh Il R WRSCEE 22 (RT3 AE 215 B LA R R
non-1ID ¥4 0] B8, FLARSR U, 10 73 R 2 AN E SR R YL, Dy TR/ 85 T4, IR SRIEBA 2 R I IT 4R
B S [ 50 P S 38 I THT — 3508 23 A R S B e, SR G %% 7 o 4 4 Jy A B AN AR M AL 2R AT 2H 4, A FH R B 28 TR
RIS RS R R AR J2 115 B LG M OHE e A 5 SR () SR T S |y T 60U 1 28 IR R v, 304/ R R 3R AT )2 i Hh 3
B 5 iR 4 R R E G 0%, BRI 2 . A, BT 8 AE A A i R T = 1
T 38 I, T 5 22 AR B B mT DUASE 2 7 i 4 A H I ZR IR 22 SR AE 215 B, AT 3R s 4 R BB I 2 vk fe. R,
ARG 2R AN ity 0l et 1 AR R SR, BDIRSS #% 4 R BYHUR 1 (block-wise model distribution, BMD) I
2 i H gl 42 4 E K R (block-wise multi-output regularization, BMR), ‘&4 il i %5 /- it A [8) OB 0 A« 11
SRS e 71K e HAE R R = 28 TR, ARSI EE ST T

o P T — /MR BIR F SIHE S —FedAlt. Bl I A 4 0 43 4 R AR AL SR gD a4 H 4, FRasad 51 N iR
H 75T AT H ) %2 B B SRR USSR 2 AR B R AE 2 1015 2, T2 AR T non-1ID 4 i) @, $2 A B Il Stk g (il
TR BE).

o TEMIRSS A3 A o 70 il et T i s BE, BUIR S5 2% 70 A BUEL B BMD R 7 o bR 4 22 i Hh 1 4G 5
75 BMR. EATHRHE 2 7 3ty 2 [A)AS [6] R A MO B0 20 A« o BORIEAS B 00 K 8 I 5548 9 I 45 & 7 i B B i P RS Y

o I K E TGP AIGIUE T FedAlt MIYIIZRERE. 280 45 R, TE8ME HIRA RIL LS 5T, FedAlt H
X T B 7 R 4R T8 I AE T SE T R L T T DL 3R T2 2.64% H RS FE.

AL 2 WAHASCIAR SRS ER DL B ] AME OC TAE. 56 3 5 RGN 41 FedAvg LA FedAlt HEZR [
SRR, [ A 38 3451 A B e B T TR ZE TR RN R 22 i R AT IE A, FR45 el R Ak B L. B R Z ]
B FEEE 4 PSR AR R RL. 5 5 WRRSEIRAE R, 5 6 AT B4,

2 EALERAMEXTE

2.1 FMRZEIE

TEAEGE IR FE 5 I AL R epr, S8 T R I 5000 R A 23 PSR U0, SR, 5 R 2 o R I AR I %
B, WL T2 S8R PERE BRI R IBERY I GPT-3U"94% . x e i Z R B AR L 4%t (R PR A, (L bl T 0
KIS H RS TR R, A& T R IEZ R AIREE, R 8 d & sk A3 R G0, U, 16 e f58 R 7E 0 25 i) 1]
TR A PR PR A7 5 SRR o L. R b, e K AR R 1) S iR A 5 b e % B /N B AR e DL S LR i 4 9 8
FNEAHE R, BN ST TR I 2 — FEIX — T 5UF, MR IR T A AR AR — R R AR,
B E DR — AN AR R GE R PR N TR L) ) SR R 28— AN TR AL AOABEZRY. G A R Ol 2 2R B R ) SR A v
SR BRI 1 R ANYZ AL RS ), FLIE AR SEARR R © 2 I 200 (1 R L ) SR SR 48 3 2 A A I T . LA &5,
TEZRIE R, K BOMBLRL AR BRI H AR (BVERAR 25 B NS I BHE 5, R e /M 27 AR AR F) 451 K R H0R 2
ARSI TS AR i s 2 T [ 22 5, AT B0 ASE 2R () MR 5 B o 2 A R Sl g VA 49 2 A A AR A (R 1
I, 50D T SECE AT G A, & T SRS PRI, FIR AR EAR IR AAE T, B RE E MR REA R
BUNAEGUT, KM R (1 FUSERI H 5 4%, A58 B Y R E TE R PR 1 Ig AT, [RII PR EFS
(1P B8R S R B . R AR IR FE R T AR P I AR R 0T ) U RTR R I AL 12 45 2 A,
A= BN E S5 R T Py B AR A O R A R 7 SRR B RS LN LN R

(1) WIZRBITAERL . 15 5k, A3 FH O S5 50l e — A K 1 i 28 ) 28 R 2R R A7 11 2, A L L 48 5K I IR 3R R g
FIRFE S 2] e ).

(2) FNAREREL. EBOTAERINGR 58 e , (8 R 7 VAR A AR, X e AT DU A SR RRIER
N KRR

© TEBREEEEIEDT  htp/ www. jos. org. cn



1360 HAFFIR 2026 F5F 37 AF 3 A

(3) MR LR RERY. A — AN /N FIASE [ 01 28 I 8 A TR A1 Sl 2 A R A AR LA /0 I S ORI B T B
ZEH.

(4) ZRUAVIZR. ¥ 20MRE B ) iR N 2 AL AR v B ok AR A A 11 2 5, o L BB A% 15 B B ) i H
XA AT DA 5 /N Ak ST FR AN 2 A AR AR 7 T (145 K B R S B

KRZE BRI EAASE . ARE S A EE IR BTN BB SR B2
ISP AT, 3 3 A B ) R R 44 T A A TR ST B R f) R A A RE SR T, ST ISR R IR S IRIR B R R
TR 2 SRR T R T &

22 MHETIIE

FH T 5 1 4 A T AN IR ) B S IR rh, B A7 A PR B 53 A7 A A M D5 A 30 5 0 4 (1 B0 2 A — B, B
S 4% ] O BOHE 43 A1 38 5 2 R 57 R 43 A (1) (non-11D), B R Ay 5cd T a1 1. 3 <7 [5] 43 A [ B4 2 &
BB ST Y25 H 1) 4 R AR 2B RS FE T B DA AR B IS SIGHE B B 2. Ol 7 X — Bk, B AN N IR T £
P )T %, B AT B ERIAN T ) T4 SR B A (K32 Ak RE AT & R AP AL A2 5]

FERRTH 4 R ALZ A RETT T, Yang S8 N VOB T —FiE T BRI N4 7 1%, B IEMRRIR % S h AR A 2
5577 5008 2 101 S AR 1 ol S T3 o P 2 D it S T B AR SRR ISR IR R R 2 2T, TG — T 3R 3R, 1958
TRARZ AR ). Sattler 25 N Wi T — i (B IY TR SR AN S R A %, DU RSN non-TTD FiHE 5 K (1
PRk, SR TR RE RIS SOR . Caldarola 25 A U7HR T —Fh Ik 5 11 SR A B (1 7 925, 85k 7 Ak RO 7 2
FAR KA B BAE B AR EE T M2 AL RE 7). Z 7 VA B B A st R R Rl 46 BB S48, Hlid Zh s R
1R /NS 7 % 4% 22 18] (R S R 1, AT 5 MR (13 AL . b, Zhu 28 A USHR T — et o Bt S M B 2 5
1 JC B AR ZR AR 7 v 1% R R — 5 WA RO MR AT IR, 2 S5 R X AR BRI AT
% LA HAE RIS, T JCAT0E A %A B sebR g, ANmHe e 1 B 2 A e AN 24 S 80K,

FEAMEACEFR 2 51 J7 1, AN B #RLE Y3 B O A B, B S MO 5 A i AT S . bR T
DI AN [ 4 (0 B e o AT 72 o), AT S 45 b 45 B S A . X T AN PR 2% S 1 75, Achituve 28 A1)
FIH B R A A A A AR R AR DLSE B A [A) U 2% L ROBOE o0 A NI G R e — A e i FE Y,
R HE A b A4 50 HL I (BRI 07 22, SRR E I I 2 2 RS i i ik 4 L g A A, 15 38— 4/ 1
7. Collins &5 A\ PO T —Fhar OB IR 2 STHE SR RIBEYE, T2 ST B8 75 7 it ) 6 S 85000 o A28 7 i ) o
— AR Hb Sk TR SRR A B 5 i i o A E T SRR 7, KR A R E BT T I £ 95 TR R S 500 R T T
Zhang % N\ PUF S MR R5 B (7E g, AR T — RO I GRAE S, AR TR (75 7 Ak AN PR B R . L AR i, i
ALK RAEANEAL FL o (0 3 A b AR 1 2 AL B MR B RS I SR 50, (R AN 26 7 ot RE W IR 55 s i 43 1
PRI, LA S At 7 ot A A )1 5. Marfoq 258 A P2 FH I 55 1 22 11 248 AR s S (n LS RISCA) i
R R R R RN (W) BIBEST, 32 T — RT3 30 AZ AN A L) R I 5 A — e R B T
non-11D 4 17 >R I FE, (5 B T 78 Y1 0 R Hh 26 7 i AR 25 2% 2 10) A A P 2 AN 7R 3k 6 5 V7 R U A2 R P32
x4 (U3 AS VRS2 BRI, PERE (R 25 i 3 R B%.

N T YR/ RAS TR, AR R AR BR S H W N T IOR A X b B R 48 AR S AR AL B R, B
TR A8 RS A SRR . S 500 A B A I W B8 (G S EOR AL, BKG — SRR o 1) S 4008 B O
P2, NIk 75 AL 2 5O R, I T DA S5 7 O ek s P S B AR S B, ST RS 2 = R Ak
HLAI, Stich %5 A PV PR ER P 77 R A0 35 28 T ZE IBCHR 2 3 o 51N A5 22 M AL i SRR e A B 1R 45 P 1 5 M
TR S Sy, S 75 BAR S FE (5 12 DL BT A R 2. 6 BE A B A ks S (OB FE 15 R R IR BE M =R,
T 982D i P B30 B, 33K o v T L 3ok 2 s B ) 57 Al A P O /0 ) R SR S B Basu 25 A PSR HE 4 P B fb
A (BEMLERRE T 1 BLTF 5 ) 45 AR AR R 25 F MR SR B — 2D BORE R s 45 5 0D i A VR . B IR 4 vk m
T PR AR AR (2 T ORI A AL B /I, TR (0 5 VA LS R BT A 0 AR A PRI R i B e i g
FoAR, AT DUKR IR B S5 B, T BRARAL S TE 8. R eA J7 v POVR A5 70 4 R R 2 ST IO LAk H bn 4%
BIERFAT B A ML, 0 I AR R I ik 2 o 28 RS A5 FEBY, AT LA 1 HH B 0 v Ak A T 44 S, AT PARARIE 15

© TEBREEEEIEDT  htp/ www. jos. org. cn



XA A TRAS ik Aekein § AAB6) SRR F T IER 1361

FlAS. X RS I A B R T LA BIIDRH 27 31 R G A 10 ¢ 37 55t v B e R AT R Y SR, AT I AR R W SO [ A1
AETT. 2RI, X LSRR S BB AURE BEH ™ A4 5 2 1T BT A LUA 2 H AR GRS 2. 4 R ZR IR AR B A
IR 27 2T A A5 55 A1 7 i 2 [ PO AN PR A RS YT 2 Lozt 6 H, T A 280k 2 415 58 T8 £ ) B 9k
B ARG SAER R BRI AL T B REm L LA, S iR AR I I 52 A5 A SR I R AR B S AR E R 4,
(e s R0 P P A 7 i AR B PR P 25 R AR = A SRR, TR 17 A ST () 3 A1 e B B T R . SR,
SR AR TR A T 7 o 7 U I A A AR b AR R B B, X I S PO AR S I Y. Zhang %5 A PR
T T K AR AR, LR K A s A RS DAGRE G 1 A HOR AR ICAC RO £ AR, Bde AR A AR
BE IR AR EAE R, X T RE IR AT OB AA. AETRATRITTiE T, 20 s A H (3 H /9 B S OB RSB = AR 4
(K b DRI 7 380 it e B RA. R 55 28 000 170 73 7 i A% 30 8 0 AL AR AT Bl 1 SE AR T 4. b4k, BRAT TR H R 2 it 10
WHIARTEGINFIR B 2B 1 5 B RALRAE 2, I R 1 K 574 [

3 MBEESEIENX
3.1 B SNIGRE

PRI S v, 224N 7 i P LAZE R iR 35 2R RO W 1R) R IR SRk i 2 SR . B N AN 7 o (R 2
SIBRAAH H AR e MEF 245 % s B 0 R PR

minf (=2 £, M)
Soop, x BB, 0 R i € (1,...,N) OISR B 2513 n BRI O OB
2B, [Fxp,)] @

Horr, o, R P10 n AHEARSER D, I —MER, F, (x;,) 5 5 n s RLATIZFEAS B A 453 5% oR 2500

FEBRIR 2 2] v, AR N2 i 2 JR B2 o] LIOA 245 %8 HARKEJEE, 2 7 o 5 ik 55 4 8] 7 BEHEAT — 2 AR KN
SRR, 9 T B T ST BRI A T4, IO 2 21l S — 3 % 7 im S SR 2R ELAE P A AR 4
JRe IR 2 181525 ) S REAT 2 A HUBE R B (BB 2 JR R IR 8 2 AR HIEAR). BATHE e SRR IR AR Y
LR RS IRZ B] AR ACECR. BRAh, BATEA K (K < N) RonZ 5 S PRI ZRR0 % - o KR, 40l 1 fr
R, FE— AN RE R, R SIHESE (U0 FedAvg) EER AULT 3 AN B

I3
0

/,-______\ B i 1
P E S 4q. 1. N
'\ 2 AN i S 2 B 53 g
1 g 512 y 03 gy S < b b
N @]
Hel He2 B3 Ha
e T® n
" o
< 1T-T D
] ————())
- %P N - I
A
29| B2 3 B4 () AR (2) BRI S
iRl G) BN  (4) AR S

B 1 BB STHESE FedAlt Il 2R AR

© PEFEERK IR s/ www. jos. org. cn



1362 HAFFIR 2026 F5F 37 AF 3 A

() BB K. R 2RI 1 e(0,1,..., Ty FITTIRB B, 45 88 2 AT I 2 R AL R IL 48 K A% 7 o, e
TR A RIGR B AR

(2) AHBFEH . AN S ke {l,..., K} STEEFIARRBIRE D, LA IR A R RHAT e IRAHIE, 4
G k2 G AR MR AR 45 iR 55 5.

(3) WA E G LIRSS IR RITE I K A% P i FAR AT 2 )5, R 55 284% RE KR IR B 5 G R ke it
174 SRR (B B (L WA T SHOP4)2, 2 T, B S 4k T — 4 REe IR ARSI 25
3.2 FTRAERVIGRIE

4 i 2 ) (R A 1t B B 0 A R AR T [R) 4 A I, A SRR A S BB I S5 2 R R L DR, AT
T NG AR A 2B L i L HELE (BN FedAlt) SRZRIX — il i Fed Alt 383 15 FH £ MR A e[ %2
SR S A R AT AR R, AR AR AT A 1 B T I R O 1 B 2 W TR BB R AE B AE R, TR
F T B B AR ST 18] 3 A vl R (e Ab, FRATTHR R 75 7 v 2 TS W AR A 38 A5 R T B e 0 8 R 45 48 o R RS TR 9
2 SRR, DATT 78 43 ) FH D) 2% v ) B .

BARSRUL, FRATTHE AT 122 R IR 4 22 X 28 Hh 1) 2 IR G R R 43 DR MOASRE TR, ) 1 BTz 607, 4 R A 2R AN
A MR # J2 $% H ResNet-18 W44 578 B3 JEARE 1L [ By (0 5% 2 45 FoH 1 42 FRU 48 0 248 BRI P a3y 4 AR
B (B0, M = 4), Hrpfg— MR R — AR B AT VR B 2 ST RO AR A LA 2 RS H Y, BT AAR AT 3
Rl oA B e 14 77 v AT DIAR A b S FH 31 K 4R B 4 IR A . R B R, FRATTPTHE I FedAlt HEZRRIFRE H T
GCN XFPRJEEEL (W1, M = 2). FedAlt F FedAvg i) 3= ZA [FAILERERY 73 I FH A MO TE TR B b Ak, AR5 AE ALY
G RANAHTE F7 2 (M FT 38 T —/ME R G B B, B SR IR 2 7 o 7 B 4 R AR R s el 78 5 B LR AR H A 2.
454 1, FedAlt (9 TAERARE BB 4 A LT 4 AN EL

(1) R R AR — R RFIR 1 (0, 1,..., T} INTTIRMI B, RS54 2R I5 % P i O A 8080 20 A L B RE /AN
BERE I RIZAFES RN ESL IS REEE. 35, X L4 [ A HUE & R B AT I — 3 B A e, M L+
FedAvg, FedAlt R ik T #irBRL, DA bk 2 25 i/ T O@ A5 RS, AT 20 A o Rl ml, SRFTRES ¢ N2 R B I 4
SRR RN IR 5% 28 AL 428 o & 1) 4 SR BRSO D T B LR 7 o 3 s A R AR R 1A JEL AT A% 2 i A 3
U AE RS B AR T —Flopr BB RLAL L 1 7 v, RDIR S5 284000 7 Sl R % — VAN 4 R AL thalt 2 i,
TR kTS, 22 v+ 1 R IR 55 38 23 OB B 10 A SR LY 45 7 7 s k. 75 DU AR 5% 28 22 4 AU THT 1) mal, A
A R T HL T R IB L P o ke R X IR S5 402 R 3% e, M B HUE R IR A I 4 RS Y, SR et B R AR
BWEAM-1, B m €f0,...,M—1}. 24 M =01, RIRMSARIERA )4 R

(2) BRI A, T R 7 i SO A T o, B A SRS B 2 b — e R AT O A MR 1) 5 T M — e, B AR Y
PSR 0 A R R S AT A A, TR R — N AR, 2 5 1A S T B o BLRTE IX AN AR AT SR
USRS 1 A A AR, AR P HEG XA RS B s i A R I A S B B P g
B IR 0 4 RSB R AR, 2 5 B T IXANMA G BB AT B3, BAVE A X RRIR P o k (R4 Rk
Rt A HIASERY . Ak, JRATT 2 S o R o IR ER ¢ AN ER IR A SRR 1 3 & AMBERS ORISR ¢ ANEC IR 2 7 i
k WA MR (R 28 ¢ AMSERY B, 0, ZEFEA 4 RF IR o, BOR R 0 k B2 T 5k A RS 23 P B4 R A B B (B«
A x2), WP k2B X PR A R R EL S E— AN A R AR IR ¢ — | ARAF I OR A AR M AR Y 1) F5 7 A 2 A 28 e (D
X2 ) HE TR RH AR, 25, IAMH AR 4% R 2 B 4584 9% F AR B 28 TR BORZEAT At S0, A
ESTER 3.3 WIHHT VAN 48, fE ] 2 b, BAME S AR/R 8 IR AR B BR A2, AUZE R 2 13 & MR )
BB — 8 g R EREREE RN, g, BRZSHTA MBI ESRA R 4, y 12 0 BIR R RN E
STRRAE AN ST X ] 15 S R 7 45 K R R A ] 4R AR T

(3) BERLYIGR. TER oy k TE A G RR G, B 7 i k WX N SR HT AR MR . 2 5, & 7 iies
IR 2 BT BB AR PAT e IARHUER. R 5, B0 k ISR G FIARRIER o AR IR 4%, R, fRA7
BRI AR x| FHORIE BT — 4 R AR IR AL A AR R, 50 ity R AT At BT A b ASE 2R o ) 4 JR A B
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2Kt S AT B, B2 P St A AR R (O Bl SR AT R BEAh, % 7 i AR AR R, AN EA%
R SHL

I I e

Y s
B2 BT iR 2T 2 5 1A A I 25

(4) BERIR A5 EAR S5 SRR BT 1R K 20 b AR IO AS IS Y 2 ), AR 9545 H2 T T PR 20 2R 5 ML ok i
AT 4 JR R £ BT

N

HR, &S EARSUZ S8, FTLURSEA S S 5RAVR S, )5, FedAlt RRLIZRIES r+1 4
G RS Gk ST R | B I — B RS B & AR A A Sl R 4 R DR R R A I
3.3 L ZmEIENK

75 R A B L FE AR MR TR 2 BTN OS5 HREAT BT FedAvg UML) S5 R 158 ¢, X — 5 AR b
R4 . T E FedAlt H, 75 7 bt 2 MR IR 55 25 1R 5 HH 110 4 TR A R SR K B R e 77 A 2 /b Sk, % i A
W— AR S 2 — 4, BRI TP 0 & TS 35774 m + 1 -5 H. PR AR R AR A0 P 2 R, AT
TERANBNIHE Z 300 E—AMESUZ R G — B 4ERE. G T IX 2480, 27 sl AR B 2818 H R
B 7 IEMME R ROR, Dtk it al AR 22 5k [ AU TS RS R K R AE 245 2, AT 75 A Hh ASE Y i 4 SR A 284 5 ]
SEdl. EARVERIE, MRS 88 R B LA R P i 10 AN 1) 4 JR B R B, 25 P i P At B e A 2 R e A B M — 1
B SR R R YU AT (¥, B P ot A 1 R P 2 BT 45 )0 AT A 1 B 3.

N AP B T AR A ZE AR 2 R E AR, RAVG A 2 A T — ARSI SR
NP — AR B T 4 ALY, B M = 4. 787 2 v, RATIG BRI 4 R4 32 )2 40 FF I T 8 J T 1)
IR, MR 5598 00 R Bt E — O B e IR S5 B S e R — B A B D) R A TR R — R IE. AL, SR I
KNS 55 #4555 5 v Z R A B AR . 040, RS 4% ROB 4 AN 2 P iy k RRTUERL 4 i), e S A B 4 5305
T A5 3 2 RN R IE LA 73 7 0 ke T AR5 2% BB A HEAN R v ke BRI 3 1, B JR AN B e 3 1T O L8
B RIELE G k. AR AR R, RS S AT 2 B A AR AL e a0 R 02 RN Pk B ml = 2.
ShA I 2, BEAE 1 SRR 2 Zp it RE xR X2, TSRS R 3 RIE AL 4 43 Sl N g & TE B — AN R AR IR
=1 IAHI AL () JE B, BI) X1 R X 2 R 0 ke B IX AN LA R B AL AT A B R 4l 2 TR, &
P k AN A IE P AR S S A 3 K, B (g1, g2. g g RZEE T FTA IR BRAG B A S Y, T g,
gt | MR — AN S FORSUZ B BB . B, ¢, 2 AL BRI 1. BRI 2 F—AMHSUZ 15 3
(o . £33 3 Zfh 2 )5, 27 0t k 240X 3 2% BN BB Rk s AR . R, A b H R B S AR 2 Tl 4R
B PR A8 SUIRAR R, TR 2 22 i ) TE JU) Ak, mR 3809 398 I g i HH 55 24 b o 22 TR0 056 D KL BIORE R AT 304N R iR 1 2
B0 AR PR B AESE 4 1 BRI, FE R, N TS RN A 1S, B 2 BRI 2 IR S5 28 02 BB 3 P vt ke A
SRR I R AR 1 BB 7 rb, BT b 2 1 R T A A R, BRI IR AN AEAE g5 X 6T
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H, [EB HAAELE = A gs IX 2% H B TH RS AR
AT 2 H 2 R B = 2 e A2 132 AR R ) () e ko2 e 135 T8, HE SR PSR FH ) B 2 22 Hn A DE UK AT LA s
PIX— H 1. R 2 285N R AT LA s A S RS IR iR 225k B AT TSRS R AE 2 15 2, AT LE A I 2R
e It Ba 4 R RY SRS, AR T % i A A Hi AR A7 [ 23 AT B A R 0 SRR S Bk Ah, IRSS SRR K
BRI 77 Sl D T IBAE T4, IRSSSRAE DS RA& 2 7 v 4 SR R e p) s A v 70028 RS 325 P i ) A e B 40
SHATTEOL HEE LA AGEIERE ). B ESREE, 2% b (A ECHE 5 A1 i B 4 R B 2 A N, B i R R
14 JR A T HOR U 2 (R AEZ 5 2. 15 24 5 w4 YRR 22 (1 4 JR AR TR Bt , T <> Y FE B8 2 113843 BEUR. PR,
UM A o B R & P e A R IR TR RO A R AR B, MR E 42 R AL BE 2
NI 7]
3.4 [ERE X
FEAT o, FAT 4 AR 5 STHESE R RN %% 7 sl R 12 Bl - AR R o ) 7 A e S A I 5 v —
HH N, bl KAE P2 5045, A7 E T M2 i i) v S R AE S BHE, [EH C 1 B RE R
THRBHIRAEAE BRI, BN R R v i (0 o S SR A AE SR AN Be i ¢ A B. LAk, JRAEEH ¢ F b
73 ) TN F — AN R B o AR 2R R Af 5 B30T P 7% R T SR B VR A2 336 S AR AR Y P 7 S PR BEE. O T OT
BEAT R, A VBRAE BRI 53 9 M AT HAFAMSE B 2 880 /AR RV, A 3 — MR B ™ A b/ M )
W, BT 2B E SRR T AR S 1R D, B4 2 07 R 0 o BT84 A (5 148 v L 2R
At BeAh, FAVE B i NGB Z T E TR TN ¢, VLR B k A n, N ERIERE, IF HAERE —A
A JREEIR ¢ TR e, MR, T EE P S kRS ¢ A2 R OO AR T ELT 8 N
¢, =(m-c,+c)-n-e (@Y
Hrt, e RoWELM AR E IR A A HEAEE. A3 4) Fml - o, RARE 0 k G — MR 2 2 7=
A ¢, INTHERTT 4. RS B3R 7 0 2 AL (R 4 AL, BN 2 P 3 & (R THSRETT 455
& =[(M=1)-c,+c]-n-e 5)
i na (4) AT (5), AT MF RN o k A2 R 5 I v BT 88

. (M=1+7-m
c, = _H_—l-ch+c “ng-e 6)

Hrb,mi e{0,... M- 1) TEE, ARG AALIE BN, m; = 0. X TG TF4, B e REER R b,
P kN AL Ay MBI, W% P kAR S ¢ A4 RAR UG A B AE T8

, m
bk=(1+ﬁ)-b ™

o, 1 BRSO E A A SRR R, R 45 BRI ¢ A i e A A SRR N B & PSEAE TR
2-b. L TR, T LRSI P k R4 R VR TS TR A
L AT
o (e ®
ARSCHITAL B FR R B /IMb A SR B2k 0 5, [ A — AN 2 P iR B A (B R i B, MTT 2 o 0 & O A
HRETEY . [, 2 0 R T DAY S SRR R

nin (x") ©)
T K
Zx:le:lci < C
st Zfl :;b; <B (10)

mt €{0,....M—1}, Yk,t
Hor, X = 0 N RRRE BMEILLE R 0w kB2 RERL. 5 1 AARERIE T M TR BHRA, 56 2
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AALEARRIE T P2 IR BRIRAN, 28 3 A ARSI E m Mz — B4

T Bk [ R A AR B m MR, R R — A S TR R R () R T el TR OO i) LR NP
(¥ 17 R B, BT DA B A A2 1) — TR PR ME AT 55 DA T A R — o R, AN S PR 4% S 2 1 iy S I AR IR
A RBA &, FFEE T D00 SRS SRAR R 55 85 D9 RS2 7 i ok SR L SR D0 RO TR RO SRR (O TR A B K AE 28 4 7Y
SR
4 BERgIT

AT, FAFEIRSS S A% P i 3 R T — AN SR AR e 0] R (9). T 563 T2 P o ) A AR 2R SR 4
% g ) T N AR R A, R T AN RV B R R E S RS E R, BR T R E A T
T 5 25 i BRSO R TR B Y i
4.1 EETE

(1) AR B A B T4 N BOE L A S R 2 i IE ML S50 2 Ja 4 2 2k B, HLARTHE 2 264
TR T AR B 2SRRI U R B R AR 2 A5 B, BT AT A A5 2k BR800 o T BB O, — 0 2
ARG IR TG 53— 73 R R AR BRI e, AR5 06 I 52 SOR452K BR BORFR TS A M40 R T, 1% R B TR JBE 25 > 4K
r— g WL AR O R 2 P BRI, BRATVEF CrossEntropy(a,b) KR m AN I 4EEAE & o A1 b (1138 XU
2R, A M43 2 B B P R R TRT AR 7R O

L.. = CrossEntropy(q,.,y) (11)

o, g, FoR B 20 B A BRARS R 4, y SRS B R hRAE. A, FATTE A Kullback-Leibler (KL)
U TR R A 453 2% o P I RN AR IR I K L(a, b) Fon P9 HE FI4EFE )& o R b 22 RV KL B, D00 A b o 4
R AR ZE TR ITAT DA R0 R

1 m—1 A
La=——>"" KL@;3,) (12)

Horh, g FoR AR R A B SHURE 6 L AR BRI, TEEE 6 £ A (12) HEYE M Softmax
B KR HH BRI R A B R ORI R R R R AR 25 15, ATt T %0 7 o & 0T PR AR A5 K B
Liy=L.+a-Lg (13)
Horb, o (a>0) RoR% ) i k AU 2 bR H0rh AR IR % i & AR 233X (13) mP A A8 2% b Bk
AT AR T
(2) KGR AR (9) MRS R R UIZRITIaI, DA% ol s B B £ (1 4 R A Y
BRIGEE, [R5 i 4 )RR A PR RE. ARAE 0L (9) MIZIBRAR A, 207 i & it BB A R B R B (K 5y, 5% P
Ui k BBAERE ST THELRE ST DL AR IBEUE A 0L 2%, 0 T i oA, BATRAASHAE R AR & )5 2R 2
VF1 FR) 22 S5 A B ) i A MBS0 A1 A 2 SR 500 A PR 22 5. AR 2 BT (O Ik TSR, A s A1 R 4= B8l oA
TR f) 22 55 A M RS RO 4 JR AR 2 ) () 22 S RAE B . JRATVE ] 6, SRR %5 P i ke H AR M BER AR & J5 1 4 )5
B2 R R 57, ) 0, AT ASRIRON || — P O T8 %0 7 i 2 T A LA A, R b AT VA — Ak, BRI 0, S8 aom i T

llx" = xI?

b= ————— (14)
PR AT
EUW R, 4% 15 & 1A OS2 5 4 R MO 400 2 S BN, 27 S 6 SRR O 6 1 4 U i
Seb R 2 AR BT 5 BB B 203 L, BRI oy 125 6, FRCTE H. % T34 0 R 68 0, FRAT 0 044 A
S35 TR B0 TR A e AT, BRAIREFE H, 0 H,  RAD BT 1 0 b AEE— N AR UK A B A5
B0, 9 76T L, BRATIREFR T 400 R VA — (LR SRR 2 ik A TR B0 -
H = (1)

4 —_
Hk.b -
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LB s kWO 2 A R R N, % i 7 SRR E 2 (R AT I TRD SR EAT AT, [ IS 7 A e BE R I 75 22
562 (T SN AT L. BRI P ke B 2 MR (5Ot o, 578 P K G P S0 1A 135 1 I L
BRI P RS B RS R R, PS5 N VA H SN VAR, 75 B BRI R B i

S EIRAHT, BATBELT T — AR Z,,,.. TR A% ST kU m A A2 I (B 5 28
FAF R, TR A L5 B ORI BE S B P i RS ) — DA, SRV, 55 AR o XA 5 e SR A S AR AT ok
5. BMTHE 24, 5 AT
_ 6AL

Z, = s
o = G B

(16)

Forb, 0 R H R O S T 38 03 A R RN T R R AR SRR, B (8 < 0) KN g (T B RE S %
SRR BRI, L, A2 5 S A HUA5 2K SR 0P R AR HB AR AR T, AL, SAEAE 28 i ke P A S B (R0 kg P B 71 e e
4 B 115 TR 2302 S B A AR B 1) A S BB AR /NI, A% i T [ 1 BT T 5 el A B e
AP, T EVET DO g % B R /NAE. AL, MEA E— D2 R IR L. 5 AR R 2R IR L., F1E.
%5 A AR A i R R BRI R R R 7, FE, FERIE B M T — A AR IR,
4.2 BIRFEEER
T RSE AR AN RS B R R P R, AT T U N B, RS AR TR A N R R, RAT

it 7 0 k A R B R IBHE &, TRATKE R, & LW F:

Ry ={Rio.Ri1,. ... Ripo1} (17
Horr, Ry, X REE S i k KOS m A4 RSB YUEWCE 1S5S R, T Ry o KT R ) i R 5% 2 45 %5 /7 il b RIEHE
A2 RS R B R SR BE B FATRR B S0 B I S A S AT A G — A T Sk A A 0 S A= 2 0
T, B Ry, SOZAZ BE a0 B 347 5 8

Rim =12k + (L =Ry (18)
i, n (0 << 1) REELRGHE SRBCE. T2 RSB EE TR JE T IR R RE UL B, IF A& 7 i
PR IEN SR FE R 2 R A4k, BRI BRATA B8 SRR FEXT L Ry, BRI m VBN IR L3 by ke P4 Ry A B B
MECE. PRk, FRAT N RS BRI T —ANE DT, B A TRAME R SRAS & D, R IKIRLE R P i ke R4 R
HHE, Dy, & X UTF:

Vin(z+1
Dk.m = Rk,m + & (19)
Finm+1

Hdr, Fy, BRB 0 kB m 4 R R 4 SR A IR IR BRATTIEFE D, XTI BCR I m 1 A E &%
Ui k PR A R AL EL K B, B i = argmaxD,,,. TEA R (19) Hh, 55 2 T4 RESUFR S0 T 71 3 & 1T 5 480 4
AR S5 BRI B m AR SE 2R 58, 2> T N R BEE IR I3E T, AR (19) 5 2 WXk D KK 278
55, BRI S: | AEE 2 R, R, JARIR ¢ 8 v+ 1 RREEUN, IR 28 BLHEAE ml = 0 JLIE AN
A SRR, B 7 U B R R U ) 4 SR A TR R A £ A A

BE 1L RSS2 KT HLE ) (BMD).

W ZH5IGNE IR K BSHE. o, W

B AR X7

L WA X0, X0, R, =0, Fy, = 0, m} = M/2;

2. for W FHANEREK=1{1,2,....T} do

3. for X TR P ke {1,2,...,K), IjR55%% do
4 WA (15). (16)« (17) F1 (18) BFEH Ry
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5 for Xf TR, €R,, do

6 WRHE 23K (19) 15 Dy,

7. end

8 N ke A AR TR m!, = argmax V,,;

9. S P kB m A R Fy, = Fot 1
10. Pk PAT R 2;

11. end

12. IR 55 SR USR5 P i AN R e A 2K (3) TR R PASRAS

13. End

BOK 2. % vk g 2 it IR AR5 (BMR).

BN 2R ERECR my, ALK B, AHIER I E e, 1 6, 2 2% y;
i % P i ke AR X SEAS I 8] Hy . THERS 8] H .

Nl YA SRR M — i, AR HOBR AT 2456 T8 AL A AR
for T FREANAMIENR E ={1,2,...,¢) do

IR E 2 iR 312 &5,

MRPE A (13) BAT A H I ZR%EAR;

end
CRSRIBEAE Y E] Hy, AT H,
& Heypn Hio R0 xR B 25 RS 2%

R

SR T, BATE X SEGRAT VI BB 1 17). B35, SHF A% kB LA RS 2 Dy,
(5 3-747). BATAZ it k R AEE R RAT B ml, HERE P i LW m A2 R R AIR (B8 8. 9 47). B
J&, AR U PAT L 2 (BF 10 1T). B, MG 2 b Ui B B 3T R & AT 2 /A (3F 1217). EH
R 2, % P T S A IR TR AN 4 R AR R AT A A (B 1 AT), BEJE L AR AT 22 N 2RI (5 2-5 17). £E
B FR A, FRATTIE SR S B (R RO R, JFIR [FIeh AR5 BT HE ToRINIZH (B8 6. 7 17).

WA, TRATH X BE R AR A BEHEAT T b, BTN S, B — Rl e (L, Ty P, BNE Ui ke (1,...,K)
B ARSI EWE m (RN M) AN RERE R E B, B85 & P T e IRHIERPATHS 2 Hvk, &
FLHFE O(M+e) BT A FE, 25 LETIR, BEANELE BN A1 52 2% BN O(TK(M+e)).

5 SEINSMR

FEARTTR, FAT I T 5 4 S256 U6 IE T HRHESE FedAlt B UM RIS 20k, BN FL i &, R BR
SEEG 25 A
51 LWWE

o SIRIRIE. WWATMIER T — ADNBIR I M0 IR, B—> AMAX R)JE %% 2] T/EN (Intel(R) Xeon(R) Gold
5218R CPU, 8 NVIDIA GeForce RTX 3090 GPUs, 256 GB RAM) 415, Jf: H.7E PyTorch HE4L T~ PI58 i T BT 1155
3%, Python FE ] MPI #% H SR g 3% P i Al S BUIR 5 48 2 (M B85 . 255 30K [40] SR 30 W E, IRATAERLT 100
ANE i HLBE LB 17 H A 8 10 A% 7 by, Gl X A i B AT AT DU Fed Alt FIET A 528 5 15 B BCIR I 25

o MR AE R, FATLE CIFAR-10 A1 CIFAR-100 $045 42 Y E 53 BIVPAS T Fed Al FFTAT 348 J7 vk (11 RE.
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CIFAR-10 1 CIFAR-100 J&7£ 4 B 5 SIRF 5T 77 1) f o 5 FH RO PPl Bk PR Re ) 28 48 . CIFAR-10 1 CIFAR-100
#ARAEE T 60000 Tk RGB B F %5, B K/ h 3232, Hor, 50000 5k B FAEUIZREE, 10000 5K
B FAEMNAAR. 7E S0 i R], A THEATA MEARE-F3 R4 219N F 5 i, BN P 5000 FRIZRE F. it
4, IATHAE CIFAR-10 F1 CIFAR-100 4 EA# ] ResNet-18 A FE4TI)I 5. ResNet-18 & — N5 WL IR BE 27 > #
B EE T E R IRAMES, SR/ 42 MB. HHF ResNet B84 i (5% 2 50771, BRATATLMR A 5 Hh
PR AT 2 B ST Fed Ale B2 HALA. 725256 5, FATH ResNet-18 #8445 [RAE 22 L E IR AL T 4 ALY
Yoo, T IR VR B 2 SR AR B A ), I DLIZ AL 7y B i) 7 SUARZE 50 9 e B0 AR R 13 27 )
RA 2 .

o FUAELN 4. P vty A HAS [ (R0 5008 43 A (B S7 ) 43 A RSS2 [543 A1) P AR 2 (R Y1 G e B AR K IR 52 .
B ity A B 43 A E R S [F] S A B, IR H AR R I BE S IR AT R i ARkl BB 3 A 2 AR S R 4y A
BF, VIR H 4 SR S 2Rk B A A S AR 2 1), g SR 00 v 0 i O B30 A 0 R ST [ A1 1, DR R S R A
ARAIST. ) 43 A7 B X I S5 B 4 R A B PR RE B 2. FRATTE P & SRR %% /- v A M 5048 oA (09 A S 18] 43 A1 R
Hrb e TEEINA0,...,9). M e =0, TR %5 2 0] A b i B 5 40 A7 41 A2 JHST 5] 40 A7 R, 32 — R ERLAR 15 0.
Y ee(l,...,9) B, XT CIFAR-10 ¥4l 4R, B RRE 7 i A M B 1 G ex10% BIERE IR T [F — /N2, 1076l 4 4
PRSI AT ENF T 9 DA KT CIFAR-100 4R 4R, BERAE F b A H AR 8D ex10% KHIE 7, Tiiix L
BRI S A BT F 100 — ex10% DN, 755 5.2 Fivh, BATF AL e = 7 #4756

o FELL AN B br. TRATTKS 3 I UTE S FedAlt HEATHUES, X 3 Fh3ELL 759270 Bl FedAve™. FedProx™.
MOON™H1 BOSE™. FedAvg /& 55 1 AN HBXFES: ) 10751, B T 35 ] BB 8 P 8 30E AT B8 SR 4. FedProx
1 FedAvg [IFAE 78 2 P i A M d5a 2% s 58 i 7 — A IE AR I, 3% A 16 AR TR T 28 7 o A LA 70 R 4 ey A
RYRBE B, W 7555 7 o A L 1| 25 TE I FS 22 . MOON 7E FedAvg FIFERE 138N 7 #8524 2 st 42 31, R A
T RAE 2 8] A MBI SR 4 1E 25 7 3 ) A M )1l 5. BOSE 3 3 iR N A M 0 43 K By — MR A0 43 S %2 MR R B
BOSE 7E VI Zkid 2 Hp & PPl AN BB H (U SICIR S, 38T b o 53 A4 719 55 20 LA [R] IR B A M AT I 5. ZEAR S,
BAVER LR 3 MFEFR bR AREALRATIE B 721 RE. (1) WRREEE: TR A2 B0 IR, BATMS I ZH 1
& R AL AE MR BAR A AR BE. (2) BRI FA: I 25 A R AL B 45 s S BE I, AT e s I 2R A 5 A
) (0 B BRI TRDRIE AR I [R]). PERRS 2 R IK, B 40 1) 58 U TA) 55T 2 5 I 2 1) 2% 7 i (1) e 1 ) 56 B T (3)
IS4 FEARBLI SRR, AT MRS 28 F TSR TR AN 43 S A7 BT s SR 1R (R 35 T 4.

52 SLIGLER

AT 5 L SZIEAAE BHBA TR H 07500 R, 07 B3 45 R 40 F R,

o WSk RE. BATE S SRARA R 7L 2R I & R B AE CIFAR-10 Fl CIFAR-100 #5884 1 1) Iins B2 . %
B, RELE AL E D AKT e=7 FEATH. NE 3 FE 4R LLES], =7 MEMFETEREE
CIFAR-10 i& /& CIFAR-100 ##54E I, 8 F FedAlt 7754 R4k 200 %8 )5 13 2 1 4 SR LR B I 10 DU 330K 1
FEAR BB RAG. 8, 7 CIFAR-10 %4848 B gEA7 3K, FedAlt Y145 HY 1) 4 JR 58 B (0 00 3208 FE R 82.48%, T
FedAvg. FedProx. MOON I BOSE Il £t ¥ 4 J5 455 B4 i) A% B2 43 53l 4 80.56% 81.74%. 81.73% FH
82.24%; 7£ CIFAR-100 #5488 b iEAT IR, Fed Alt VI 25 H 1K) 4 R AT (¥ UK FE 2 53.07%, i FedAvg. FedProx.
MOON F1 BOSE Il 5 H (¥ 4 JR A5 24 1 RS B 43 308 51.07% 49.89%- 50.69% F1 52.38%, X “F ¥
2.07% MRS BE. MO Hesas 25 BURT DUE Y, RVAETEAS 26 58 T URBURE 1 2440 T, FRATVER HH 1) J5 1% FedAlt 198 HA &%
TSP .

o If A EE. FRATAE BAT I I 20 R 0 25 1F R 04T SR 38 R IR FedAlt FELAth 3 FhIRLR 7otk gE. th & 5 ] 4,
FTCALTE CIFAR-10 I8/ CIFAR-100 b, 445 5€ — E W IR 5, FedAlt A1 EL T At B 28 07 v H0 G S i i P .
%40, -+ CIFAR-10 $¥E 45, 2445 2 I Zhif (B AN 1400 s B, Fed Alt I 25 H A 4 J A 7Y 110 o v 0 ook 18
81.87%, 1fi FedAvg. FedProx~ MOON F1 BOSE Il £ Hi 11 4 J5y A5 2 114 f v U A5AE J5 23 73N 80.48% . 81.40%
77.20% A1 81.56%; % CIFAR-100 $#E4E, 2445 @ I 4R AR 1400 s B, Fed Alt 1145 H 4 SRR 2 () v
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WRKE N 52.63%, 11 FedAvg. FedProx. MOON il BOSE Il %k H )4 JR R 28 1) 5 v IS 243 39N 50.96%

48.94%. 48.18% Fl 51.42%. Rk, FA1EE H 1 FedAlt A LT HAth 4 B3k 77k, tTHR2% £ %0 H 1E AL AR

ZRPABORI SININIE 1 4 JR B i SIos 2.

MBCHELE (%)

HIEETER

BEHEEE (%)

80

75

70 +

65

60

80

75 +

70 +

65

60

RSP
—=— FedAvg
—e— FedProx
—+— MOON
—— FedAlt

BOSE
40 80 120 160 200
Lited

(a) ANETJTVELE CIFAR-10 $dE 4 F it 1

3 fEe=7F, RFEJTIEAE CIFAR-10 A1 CIFAR-100 $3E 4 KRR BF

—=— FedAvg
—e— FedProx
—+— MOON
—— FedAlt

BOSE

120 160 200
L%
(a) AN JTILAE CIFAR-10 H4R 4R 1 (451 %

40 80

RS (%)

UEEiES

50

45 |

40 |

35

30

24

23

22 f

2.1

S

—=— FedAvg
—o— FedProx

—+— MOON
—— FedAlt
BOSE
40 80 120 160 200
B

(b) AN[E 75715 CIFAR-100 Bdfa 8 b ks i

\ —=— FedAvg
Y —— FedProx

—+— FedMLB
—— FedAlt
BOSE

120 160
Lite
(b) N7 %48 CIFAR-100 $edf 4 i

40 80

4 fEe=7F, RFEJTIELE CIFAR-10 I CIFAR-100 #5454 il 2t 2k

S
—=— FedAvg
—— FedProx
—+— MOON
—— FedAlt

BOSE

3

15 18 21 24 27 30 33
I [A] (<100 s)

6 9 12

(a) 7£ CIFAR-10 ¥ £ L LA i [R) 29 Al i 13

BUHEEE (%)

50

45 |

40 |

35

30

—=— FedAvg
—— FedProx
—+— MOON
—— FedAlt
BOSE

15 18 21 24 27 30 33
58] (<100 s)

36 9 12

(b) 7£ CIFAR-100 ¥4 b FL A i ) 2 S ARG 15

5 AFEIJTIELE CIFAR-10 F1 CIFAR-100 [ 52 R 18] £ TR A8 Ak, 1 bk 1

© P EBEEG T

200

http:// Www. jos. org. cn



1370 HAFFIR 2026 F5F 37 AF 3 A

o T TEIRFE. FRATAEEA W 58 LR M4 1F T AT 9256 R IR FedAlt FHA 3 FhIELk A ikrotkgE. tiE 6 mT 4,
ToIRTE CIFAR-10 it/ CIFAR-100 b, 445 € — & 77 S AR AT BRI 2% I I 2R 2 5, Fed Al A1 EE T oAt 28 77 72
AN B U B RE. B0, T CIFAR-10 #5488, 2445 8 7 5 A A I 90 GB I, FedAlt YIIZ5 H 4 R Y 1)
B IR AE TN 81.52%, 1 FedAvg. FedProx. MOON il BOSE i)l £ H 4 o A 28 ) dse e 30K i 4 3l Ry
78.52%- 79.60%- 80.09% A1 80.76%; %tF CIFAR-100 ¥4l 4L, 2445 5 96 TUE ASHE L 90 GB I, FedAlt Ik H
)4 JE A TR ) 5t v 0K B2 4 52.67%, T FedAvg. FedProx. MOON 1 BOSE | 25 H 4 o b 28 1) 5 v ks
FESr 5N 51.26% 48.45%. 48.55% 1 51.89%, FA TR VEAH b T B 28 77V P33 /R T 40 2.64% (RS FE. 33X 2 [
SRR oy B 28 7 VEAE R S5 28 R0 25 P ity 22 ) A (V) 4 242 SE BE IR, 17 Fed Alt 7 45 J 48 UR T UG I AR 45 38 H 1 %%
FR i R IEFR B, BT LA Fed Al AN FiX S B 28 710 KR /b T s 98 AR AE.

55
80 W
75t g
S 70 S st
i i
HE H
% 65 % Ll
= —=— FedAvg = —=— FedAvg
60 —— FedProx —— FedProx
—+— MOON 35 | —+— MOON
5 —— FedAlt —— FedAlt
BOSE BOSE
50 1 1 1 I I 30 I 1
30 60 90 120 150 30 60 90 120 150
17 5 (GB) 9% (GB)
(a) 7C CIFAR-10 $yia 4 |- AT 5 52 20 A1 MIa0NS 1 (b) 7£ CIFAR-100 Hudi ke - HAT 7 52 £ 3R (9 0 iR 12

6 ANETJTIEAE CIFAR-10 F1 CIFAR-100 b ELAG 58 295 1 Il ks B

o N[ non-11D F2JE 154, 7EA [ non-1ID R T, FAIG1E T AR J7VELE CIFAR-100 #E4E L2485 i 2
YR (170 200 Fe) 194 R I ERAT 20 AR RS 2. AR R 1, 7E 1ID B T, FedAlt Y15 H (1 4% R84 (1) ik
W R 5 A 4 b5 i J LR TR AR, 185 {5 S gt 22 i T UL AN &Nl B 281832 R, FedAlt 7E non-1ID % & T Af
DA SE I A o B RORG B2 . Fed Al AHX T~ 4 A28 7 v B0 IR0RG FE 32 22 B4 non-1ID A2 B2 (03 nimg 38 m. 4, 76
¥ non-TID & (Bl e =9) F, CIFAR100 = FedAlt [0 B 40.4%, 1 FedAvg. FedProx. MOON Fl
BOSE MRS B2 2 518 37.6% 37.9%. 38.6% A 39.25%. (Klitt, FedAlt A 2 2R 1 H1 non-1ID i 5 S B A A
YIZRPERE T B ] R

R 1 ANA non-IID F2FL () FANFITE I ZRAT 2 4 R R il 16 2

& FedAvg FedProx MOON BOSE FedAlt
0 56.32 56.46 56.26 56.29 56.31

5 52.40 52.62 54.54 54.66 55.37
7 51.07 49.89 50.65 51.74 53.07
9 37.61 37.96 38.62 39.25 40.41

o [RERE S HRIS . 7 i AN M AR 2 bR 200 P AR ZE T IR IR R S 4 6 TN Rtk Rt 2 7 AR RE L TE SR
3 vb, FRATTIE A A R A TELBE SRR FedAlt RIMERE. 38 2 o 7 AN [ B0 38 3 18 76 5 P 20 9 4 CIFAR-10 1
CIFAR-100 FXt FedAlt Il gk A JR A 20 (¥ 1 BE 52 . 7T LA 21, 78 CIFAR-10 #E4E BT IIZRRT, 6 = 2.5 Bl
i 0 A SR B A B U I MERE; 7E CIFAR-100 #4E BT ISR, & = 1.0 BRI 2k (10 4 R i B0 e 4 i
e R, BAVER RS PR 6 = 1.0 5 HREELIVERATX L.

© PEBEERKCEIFR  htps/www. jos. org. cn



A G AT AL Mk Aodeir ) KB SRR E I ER 1371

%2 ARFEREEESH 6 1E CIFAR-10 1 CIFAR-100 $¥54E %) FedAlt f7IlliaHs IS0 (%)

EAEEE S §=05 6=1.0 6=15 6=2.0 6=25 6=3.0
CIFAR-10 58.33 82.45 81.65 81.88 82.61 82.30
CIFAR-100 50.03 54.19 52.88 51.30 51.75 50.67

o JHRELSEES. 5, AT T FedAlt 4N JCBHE 7, BISREL 2% (BMR) A1 H 2848 (KD), % T-frig
HELR (M RE S, EARTIT 3, 04114 BIIIR 7 FedAlt. FedAlt w/o BMR HI FedAlt w/o KD 7E45 7€ 1 %5 i (100 GB)
Al non-1ID F2LE (£=7) MHERE (BI85 s BORIINGURS BE). W0l 7 o, FedAle BT B B AR T oM B Al 2. i,
L ZRE BN 100 B, FedAlt FIRAKE N 80.04%, 1fi FedAlt w/o BMR 1 FedAlt w/o KD FAE & 43 5N
70.89% A1 71.64%. ¥eifi 5 2, MIEL T HAB RN 7 %, FedAlt 7] DL P15 8.78% [IAE L. FETIRHELR FedAlt 1, %0
P ZE 1R R DASGEE 5 R 7E non-11D HO4E 2041 T 11 B, HRgk 2 %t mT DU 250/ e TR R, BRMTE 45 58 7Y BB 10 AT
$F, FedAlt fl FedAlt w/o KD [{PERE & ZL T FedAlt w/o BMR. 45 EJFiR, B2 £ % 1 AT En iR B 2808t 1

FedAlt 1L RE A A 2 25 )b 2L,

2.00
—m— FedAlt
175 | —e— FedAlt w/o KD 80
’ —a— FedAlt w/o BMR
1.50 = 60 |
= S
¥ 1.25 X
Hz
= 2w
~ =
1,00 =
0.75 20 + —=— FedAlt
—o— FedAlt w/o KD
0.50 —&— FedAlt w/o BMR
1 0 1 1
0 50 100 150 200 0 50 100 150 200
A B

K7 BMR 1 KD %fT FedAlt fE AR Ml

22, FedAlt H LT HoAt B 28 07 A0 s 4 HOVERE. B 26, 2470 7 S 2 [ ) A S B8 20 A 22 AR SL [R] 3 A1
FedAlt 7E42 1 — e B 42 iy I 45 2 Jm 3R A ) 4 JRIAR TR R LU T e fth 3 28 75 3R I 25t ) 2 JR AR 7R LA e s R 0 4k
FERE. LUk, B A AE BRI (S U RLRI N 26715 95 ) 206 T, Fed Alt VI 2k ) 4 R R 0t BAT i i (2 AL E.

6 B %

RICHEH T FedAlt HEHE, 78 FedAvg Sefili it 454 AR [ 21 RIHLE 22 i i 1 1F I A0SR 22 A H0HE A e ok
FIRERI I R B TR 6 I L. L Ah, AR SCTE IR 25 B R P13 3 B e v 1 AR O S035: (BMID Il BMR), AR %% P2 3 I A
7] (A M O 0 A VRIS RS 1R 52 IR 25 28 40 R A8 78 P I RS AR Hu kB S5, R SO A S 30 E A, 5
WA 7 L, FedAlt T LA 20CHR i R S E J3F, [RIENT (5 200 /0 I 48 485 5 51 K.

References
[1] Jain P, Gyanchandani M, Khare N. Big data privacy: A technological perspective and review. Journal of Big Data, 2016, 3: 25. [doi: 10.

1186/540537-016-0059-y]
[2] Shi WS, Cao J, Zhang Q, Li YHZ, Xu LY. Edge computing: Vision and challenges. IEEE Internet of Things Journal, 2016, 3(5):

637-646. [doi: 10.1109/JI0T.2016.2579198]
[3] Shi WS, Sun H, Cao J, Zhang Q, Liu W. Edge computing——An emerging computing model for the Internet of everything era. Journal
of Computer Research and Development, 2017, 54(5): 907-924 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.2017.

20160941]

© PEBEERKCEIFR  htps/www. jos. org. cn


https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1186/s40537-016-0059-y
https://doi.org/10.1109/JIOT.2016.2579198
https://doi.org/10.7544/issn1000-1239.2017.20160941
https://doi.org/10.7544/issn1000-1239.2017.20160941
https://doi.org/10.7544/issn1000-1239.2017.20160941
https://doi.org/10.7544/issn1000-1239.2017.20160941

1372 HAFFIR 2026 F5F 37 AF 3 A

[4] McMahan B, Moore E, Ramage D, Hampson S, Arcas BAY. Communication-efficient learning of deep networks from decentralized data.
In: Proc. of the 20th Int’l Conf. on Artificial Intelligence and Statistics. 2017. 1273-1282.

[5] Zhang C, Xie Y, Bai H, Yu B, Li WH, Gao Y. A survey on federated learning. Knowledge-based Systems, 2021, 216: 106775. [doi: 10.
1016/j.knosys.2021.106775]

[6] Sattler F, Wiedemann S, Miiller KR, Samek W. Robust and communication-efficient federated learning from non-IID data. IEEE Trans.
on Neural Networks and Learning Systems, 2020, 31(9): 3400-3413. [doi: 10.1109/TNNLS.2019.2944481]

[71 Hamer J, Mohri M, Suresh AT. FedBoost: A communication-efficient algorithm for federated learning. In: Proc. of the 37th Int’l Conf. on
Machine Learning. 2020. 3973-3983.

[8] Li T, Sahu AK, Zaheer M, Sanjabi M, Talwalkar A, Smith V. Federated optimization in heterogeneous networks. In: Proc. of the 3rd
MLSys Conf. 2020. 429-450.

[9] Kim J, Kim G, Han B. Multi-level branched regularization for federated learning. In: Proc. of the 39th Int’l Conf. on Machine Learning.
2022. 11058-11073.

[10] Chen HK, Frikha A, Krompass D, Gu JD, Tresp V. FRAug: Tackling federated learning with non-IID features via representation
augmentation. In: Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision. Paris: IEEE, 2023. 4826-4836. [doi: 10.1109/
ICCV51070.2023.00447]

[11] Jiang ZD, Xu Y, Xu HL, Wang ZY, Qiao CM, Zhao YM. FedMP: Federated learning through adaptive model pruning in heterogeneous
edge computing. In: Proc. of the 38th IEEE Int’l Conf. on Data Engineering (ICDE). Kuala Lumpur: IEEE, 2022. 767-779. [doi: 10.1109/
ICDE53745.2022.00062]

[12] Kim M, Yu S, Kim S, Moon SM. DepthFL: Depthwise federated learning for heterogeneous clients. In: Proc. of the 11th Int’l Conf. on
Learning Representations. 2022.

[13] Suvorov R, Logacheva E, Mashikhin A, Remizova A, Ashukha A, Silvestrov A, Kong N, Goka H, Park K, Lempitsky V. Resolution-
robust large mask inpainting with fourier convolutions. In: Proc. of the 2022 IEEE/CVF Winter Conf. on Applications of Computer
Vision. Waikoloa: IEEE, 2022. 3172-3182. [doi: 10.1109/WACV51458.2022.00323]

[14] Brown TB, Mann B, Ryder N, et al. Language models are few-shot learners. In: Proc. of the 34th Int’l Conf. on Neural Information
Processing Systems. Vancouver: Curran Associates Inc., 2020. 1877-1901.

[15] Zhang LF, Song JB, Gao AN, Chen JW, Bao CL, Ma KS. Be your own teacher: Improve the performance of convolutional neural
networks via self distillation. In: Proc. of the 2019 IEEE/CVF Int’l Conf. on Computer Vision. Seoul: IEEE, 2019. 3712-3721. [doi: 10.
1109/ICCV.2019.00381]

[16] Yang Q, Liu Y, Chen TJ, Tong YX. Federated machine learning: Concept and applications. ACM Trans. on Intelligent Systems and
Technology, 2019, 10(2): 12. [doi: 10.1145/3298981]

[17] Caldarola D, Dputo B, Ciccone M. Window-based model averaging improves generalization in heterogeneous federated learning. In:
Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision Workshops. Paris: IEEE, 2023. 2255-2263. [doi: 10.1109/ICCVW60793.
2023.00240]

[18] Zhu ZD, Hong JY, Zhou JY. Data-free knowledge distillation for heterogeneous federated learning. In: Proc. of the 38th Int’l Conf. on
Machine Learning. 2021. 12878-12889.

[19] Achituve I, Shamsian A, Navon A, Chechik G, Fetaya E. Personalized federated learning with Gaussian processes. In: Proc. of the 35th
Int’l Conf. on Neural Information Processing Systems. Curran Associates Inc., 2021. 8392-8406.

[20] Collins L, Hassani H, Mokhtari A, Shakkottai S. Exploiting shared representations for personalized federated learning. In: Proc. of the
38th Int’l Conf. on Machine Learning. 2021. 2089-2099.

[21] Zhang J, Guo S, Ma XS, Wang HZ, Xu WC, Wu FJ. Parameterized knowledge transfer for personalized federated learning. In: Proc. of
the 35th Int’l Conf. on Neural Information Processing Systems. Curran Associates Inc., 2021. 10092-10104.

[22] Marfoq O, Neglia G, Kameni L, Vidal R. Personalized federated learning through local memorization. In: Proc. of the 39th Int’l Conf. on
Machine Learning. 2022. 15070-15092.

[23] Stich SU, Cordonnier JB, Jaggi M. Sparsified SGD with memory. In: Proc. of the 32nd Int’l Conf. on Neural Information Processing
Systems. Montréal: Curran Associates Inc., 2018. 4452-4463.

[24] Basu D, Data D, Karakus C, Diggavi S. Qsparse-local-SGD: Distributed SGD with quantization, sparsification, and local computations.
In: Proc. of the 33rd Int’l Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2019. 14695-14706.

[25] Jiang Y, Wang SQ, Valls V, Ko BJ, Lee WH, Leung KK, Tassiulas L. Model pruning enables efficient federated learning on edge
devices. IEEE Trans. on Neural Networks and Learning Systems, 2023, 34(12): 10374—-10386. [doi: 10.1109/TNNLS.2022.3166101]

[26] Tonellotto N, Gotta A, Nardini FM, Gadler D, Silvestri F. Neural network quantization in federated learning at the edge. Information
Sciences, 2021, 575: 417-436. [doi: 10.1016/j.ins.2021.06.039]

[27] Idelbayev Y, Carreira-Perpifian MA. Low-rank compression of neural nets: Learning the rank of each layer. In: Proc. of the 2020
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 8046-8056. [ doi: 10.1109/CVPR42600.2020.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1016/j.knosys.2021.106775
https://doi.org/10.1016/j.knosys.2021.106775
https://doi.org/10.1109/TNNLS.2019.2944481
https://doi.org/10.1109/ICCV51070.2023.00447
https://doi.org/10.1109/ICCV51070.2023.00447
https://doi.org/10.1109/ICDE53745.2022.00062
https://doi.org/10.1109/ICDE53745.2022.00062
https://doi.org/10.1109/WACV51458.2022.00323
https://doi.org/10.1109/ICCV.2019.00381
https://doi.org/10.1109/ICCV.2019.00381
https://doi.org/10.1145/3298981
https://doi.org/10.1109/ICCVW60793.2023.00240
https://doi.org/10.1109/ICCVW60793.2023.00240
https://doi.org/10.1109/TNNLS.2022.3166101
https://doi.org/10.1016/j.ins.2021.06.039
https://doi.org/10.1109/CVPR42600.2020.00807

NIEA F A TRB S b fodein § RABE) SRR F T AESR 1373

00807]

[28] Fan X, Wang Y, Huo Y, Tian Z. Joint optimization of communications and federated learning over the air. IEEE Trans. on Wireless
Communications, 2022, 21(6): 4434-4449. [doi: 10.1109/TWC.2021.3130111]

[29] Ozkara K, Singh N, Data D, Diggavi S. QUPED: Quantized personalization via distillation with applications to federated learning. In:
Proc. of the 35th Int’l Conf. on Neural Information Processing Systems. Curran Associates Inc., 2021. 3622-3634.

[30] Chen MZ, Giindiiz D, Huang KB, Saad W, Bennis M, Feljan AV, Poor HV. Distributed learning in wireless networks: Recent progress
and future challenges. IEEE Journal on Selected Areas in Communications, 2021, 39(12): 3579-3605. [doi: 10.1109/JSAC.2021.
3118346]

[31] Zhang L, Shen L, Ding L, Tao DC, Duan LY. Fine-tuning global model via data-free knowledge distillation for non-IID federated
learning. In: Proc. of the 2022 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. New Orleans: IEEE, 2022. 10164-10173.
[doi: 10.1109/CVPR52688.2022.00993]

[32] Pillutla K, Kakade SM, Harchaoui Z. Robust aggregation for federated learning. IEEE Trans. on Signal Processing, 2022, 70: 1142—1154.
[doi: 10.1109/TSP.2022.3153135]

[33] He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision
and Pattern Recognition. Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

[34] LeCunY, Bengio Y, Hinton G. Deep learning. Nature, 2015, 521(7553): 436-444. [doi: 10.1038/nature14539]

[35] LiulJC, Xu HL, Zhao GM, Qian C, Fan XP, Huang LS. Incremental server deployment for scalable NFV-enabled networks. In: Proc. of
the 2020 IEEE Conf. on Computer Communications (INFOCOM 2020). Toronto: IEEE, 2020. 2361-2370. [doi: 10.1109/
INFOCOM41043.2020.9155364]

[36] de Boer PT, Kroese DP, Mannor S, Rubinstein RY. A tutorial on the cross-entropy method. Annals of Operations Research, 2005, 134(1):
19-67. [doi: 10.1007/s10479-005-5724-z]

[37] van Erven T, Harremoes P. Rényi divergence and Kullback-Leibler divergence. IEEE Trans. on Information Theory, 2014, 60(7):
3797-3820. [doi: 10.1109/TIT.2014.2320500]

[38] Acar DAE, Zhao Y, Zhu RZ, Navarro RM, Mattina M, Whatmough P, Saligrama V. Debiasing model updates for improving personalized
federated training. In: Proc. of the 38th Int’l Conf. on Machine Learning. 2021. 21-31.

[39] Paszke A, Gross S, Massa F, et al. PyTorch: An imperative style, high-performance deep learning library. In: Proc. of the 33rd Int’l Conf.
on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2019. 8026-8037.

[40] Liu JC, Xu HL, Wang L, Xu Y, Qian C, Huang JY, Huang H. Adaptive asynchronous federated learning in resource-constrained edge
computing. IEEE Trans. on Mobile Computing, 2023, 22(2): 674-690. [doi: 10.1109/TMC.2021.3096846]

[41] Krizhevsky A. Learning multiple layers of features from tiny images [MS. Thesis]. Department of Computer Science, University of
Toronto, 2009.

[42] Li QB, He BS, Song D. Model-contrastive federated learning. In: Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021. 10708—10717. [ doi: 10.1109/CVPR46437.2021.01057]

[43] Wang L, XuY, Xu HL, Jiang ZD, Chen M, Zhang WY, Qian C. BOSE: Block-wise federated learning in heterogeneous edge computing.
IEEE/ACM Trans. on Networking, 2024, 32(2): 1362-1377. [doi: 10.1109/TNET.2023.3316421]

Mt e 325 30k
[3] AN, FMEE, A, TRAL IR, G H: T TR AR BT B AL TRV S K RE, 2017, 54(5): 907-924. [doi: 10.7544/
issn1000-1239.2017.20160941]

fEE RN
XUEEZE, L, GIHEFC S, CCF Tk b1, £ TLABICIIR, THEHLMSS, D5 R .

RNZ, Wb, EEBTTIBOTD LR G, FERIE.

BN, ML, #d, WL I, CCF Tk by, R UGBTI, THEHLIM S, 148 e
ST, Wt B, CCF Tk A, EEBT RSO TR, Soff 4tk AL
X, 4, P, {4 P, CCF mges i, EEBIFLIMOAME, 5824, =ik, Kk

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR42600.2020.00807
https://doi.org/10.1109/TWC.2021.3130111
https://doi.org/10.1109/JSAC.2021.3118346
https://doi.org/10.1109/JSAC.2021.3118346
https://doi.org/10.1109/CVPR52688.2022.00993
https://doi.org/10.1109/TSP.2022.3153135
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1038/nature14539
https://doi.org/10.1109/INFOCOM41043.2020.9155364
https://doi.org/10.1109/INFOCOM41043.2020.9155364
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1007/s10479-005-5724-z
https://doi.org/10.1109/TIT.2014.2320500
https://doi.org/10.1109/TMC.2021.3096846
https://doi.org/10.1109/CVPR46437.2021.01057
https://doi.org/10.1109/TNET.2023.3316421
https://doi.org/10.7544/issn1000-1239.2017.20160941
https://doi.org/10.7544/issn1000-1239.2017.20160941
https://doi.org/10.7544/issn1000-1239.2017.20160941
https://doi.org/10.7544/issn1000-1239.2017.20160941

	1 引　言
	2 基础知识和相关工作
	2.1 知识蒸馏
	2.2 相关工作

	3 网络建模与问题定义
	3.1 联邦学习训练流程
	3.2 所提框架训练流程
	3.3 块级多输出正则化
	3.4 问题定义

	4 算法设计
	4.1 准备工作
	4.2 算法详细描述

	5 实验分析
	5.1 实验设置
	5.2 实验结果

	6 总　结
	参考文献

