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TE AR B S 4% 5 MRS SRR &, o0 HoAt 2 7 i bA% 1 SE T 13X 0 70 S B S 2 3 p s i
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FEBIREE SR, SEELA — AL B AR, 242 58 KA —MNAR I, EFLEE O
AAEBEE. B 1@ 5 T Loy MBS & I3 s s MU )3 5%, IS ATUARIEHS 2 23 SOn] DURAEFEA 1D
225 R MVRF I 22 8] () B 5 RE BE i — 2B 2y el . R AER U 52 23 50k, ARSI B R 5 i 45 O R
e 2 MU R 5 MR HOIBEHS 27 20, B T iRk 55 BB S MO IR A BB 2 21 7%, T FedAvg 5
2 TR R RS AR RENLIE I K AN i e A 2 AT SGD 5%, 88 k AN it
SRR w, BIBRIE g = VFr (w,) JFEATEEEE T BRI S . AR i (458 R A o 53
RoRN

Wiy W — gk, (1)
S, o RREBUB YT, SUEHR, % il A BB H TR B 7 TR, LM 814
RS 5 ¢ Rl AR ST A O RS R N
K N, .

@H-l <~ Z th+1’ (2)

k=1

Horb, N AN, 43 AR AN & AN P o EIFEAZL. AL FedSGD 5Hi%, FedAvg HILRENSLE
B /D 38 A5 50 B PN I 2 H v o e AR AR

SR, FedAveg HIATE non-TID ¥ b5 5 KA E R ZE, T4 R RPERE 3% TR, WeSios
KM BEAR. IR AN S BRAS 20 Mr i SR e FE ) 1 BRI 2% ST R A B v T HkiR. v 17 RX % it 30
PEGE T S O ), Li 25 02 3T FedProx Hvk, 1Z57E%) FedAvg FkIZEU 71855, R
NS 5REPAT IR RE SGD Hik. R, &RV IR TE R IR, Al —AN R s
TR SER T W4k, FedProx 2B GFTHZ SN s AL. JRHRE AL H AR R BCR A T 402k s 3
IR v T 7%, o 25 4 SRR AR 2 (1) R A A g AT A6 5. 78 R S A B ) FedProx JEILH
bt FedAvg S ANAR @ BIUSSIE. Zhao 55 (B S 3, HESLNE BE 1) FEAR S 2% 7 o A 784 22 T () AL B (e 2 L
FEORFR, BUE A 22 1] DLd ik 434N 28 7 i 1) AR M B0 40 23 A 5 AR B0 70 A1 2 [F] 1Y) Wasserstein P 25K &
A, DR A AT H 36 T 4 — 0 23 S B 43 4R TR & Ui R/ non-1TD FREE T 7% vy 5040 1 43 A1
ZESE R EGEE ST I, B (IR A 31 T VB 53 i R 1) 2 S R R R A 1R
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BRI AF AT ST R ™ L RELAS 1 DRSS PRIASE 1 AR B | 8 AR (8], Rk, K
TAETFIRT TORATE L A28 B 2 B FEEAT R4, BLT7 1M R R 5 T Bk 4 A 11 284 (16
S RV IR AEROR. 2% BY RO — Al o /I 22 0 2 AR v s SRR 5 0. B BCBOR e 8
OB A 7 v AN B ) I 2% BT, AT B AR X 2 I R R R T SRR, 5 v I 4 O A 22 X % AT T
JE. FER 12 B AR B8 BB 2 20 vh AL Zr e & IR, IO 2 SR 4 P S Im i X (7).
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B2 AEARSE I BTR T, 3 XL R 2% R O NEEAT HE, JF L AR T PR RERE,
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W N T IR T RIAT

2.3 HLIRREE
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RRAF AR, HEAG SRS W] LASL T A A S, B4R LE . B, JoL RONIA 2 ol (1 20 548 2 47 8] DA
SR AR A 8] Y. A SR A A SEECE R I BB AT RS, I 2 BOR A A R ALE R E N R B
SAE. T oAl A s ), I8 AR R BT BB N T B IEZS A SRR AR M. — AT
CIRYSTNEE

I'Z[L-l-(fy,yNN(O,C), (3)

Hort, p ARGERR X, o N Z B /MR KRS, ¢ NPsE R IT AR R
FERIP T ZE R M. AL SIS A R Pl W S RIS LT P R SRR A — el — A i, o A
PRI SRR L) o R 30 AR e pR BB B 368 0 s B R A SR 0 A S 8. X i L
F—FIE, (1+1)-ES FERRIEACH L A8, B A SCACREAT LUAR, DR B AL 00— Ml ou T
UGBS, B 53— NRIK, FEA RN A S H

(1+1)-ES a8, 808, @ EPER TR, JFRG 2 RIFRITERE. X T T KA R
SRR, 51N SRS () H B2 SRAFERC % 7 it AL B8 A0 B A AS Y . O T 7E NI e 7 v
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AP S AR E A AL AT Bt R A R B A, I IEARAE SRR /N K P vy 1 1A 7.

440



HEB FEREE B 3% 3

Client A
Sllmmmg Local trammg
=
Subnet, Personalized subnet,
Client B
Shmmmg Local tramlng =
- —» _—
%
Subnet, Personalized subnet,, S
erver
Chromosome pool .
Client C Sllmmmg Local trammg
E—
Subnet,, Personalized subnet

B 1 (MERFEE) ETHURKOBENKRF IER. (1) REFHFEMM MR HELDLEZREIER
iy (2) BREHITREBESISHABNEIRS FWER; (3) FFImERTFRREEMIEFWEEHBRSRHT
TR EH

Figure 1 (Color online) Adaptive federated learning framework based on evolutionary strategies. (1) The server distributes
the supernet and individual chromosome to each client; (2) clients conduct local network slimming and subnet derivation
associated with chromosome; (3) clients select offspring chromosome and the subnet to the server for iteratively updating

3 ETHRMEHBENKIBE

3.1 [EIFEENX

EX K NR G, BN R — N R R A M AE A DAL B FAE SR 4. BN ST B H AR
FE N Z R 1] B B AR R 2 3] — N A R AR A DUAR A A4 ], A HB R T H R R
K f(w) FTLUE XN

Q.

min f(w), where f(w) f

1 N
53 hiw) @
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ASHASEIR A AL RES AR 1 B I 25 5 20 BRI, A A R 2 S Th B G v R S P RS S5
Phi R, R, ASSORE et B B I8 N R 22 ST 53, AN i 2 Bl S PRSI, ]I DA R 55 &
E R AR SR AT H R . AR AR A R VR RERI T IR N, DA R i s A AR
e L YRS P e SR A AR MR R 5 BARALR 2 i D EE A BRAS AT B RRAS, (AR TR RE S B AR U 5
R U 52 PR R e R S i S I TA] P 8% L
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FE, BN 7 sty ] AR ST 5 H A B A A& B 07 . O T B RIS A AN SR 7, @ B R
AT T AR AR. 19X B P 38 I 85 W A B e R AR 5 A AL BT R4S 21, S0 4h K B X A 5 B2
W25 BTG, BYRRAE A g A dE 1 X R e i, FEMER (1+1)-ES X EAT AL

T F0IRIE Y, MRS FH i X A A P e 0 A J3 T 4 0 I PR 25 7 3, 2% 7 S R 0 S M FAAT 4tk 4>
A TH LR I AN IR 25 SR T ) B R4 G e Bk TR A IR BT R 2R R IR AT S5 R AL BT R AR B
W EH T I RO B X A R A 50 i A L 008 DR 285 BT, Ko IR PRI Y 25 H500F IR 6% (14 T 2 1 5
K. T A 6% BT R I i) A% 47t I PRI 40 o B (1 I 4% B e R db AT, AT 38 5 17 ) 28 T 50 1 4045
1. AR ARGtk B AT M R, 15 BN, B I 2R AN X AT VA, K
BRI T R Rt AR RIS 2%, RSS2 BT A M i )5, SRt SRS S H O3 31~ —
Gt [FI, FF W3% J5 A B 5 A B L, 58 Bt R X R SR BT, AN TR % 7 i 20 S AR AL X PR AN R
XI5, J555 T B I 1  2% B G 2 (BT SR 2R R PP ELAR DG ME, R8O T R NG TUR S BIER &
TR A R TP, AT 3G 5 TR X R A RE DD RN R . R 5% R i R B it ) B BT UALRE 4 Sl B
1M 2 Bk,

EE 1 Server update procedure

Input: Communication rounds 7', K clients indexed by k;
Output: Supernet M;

1: Initialize supernet M and chromosome pool C! = [c1,¢2, ..., ck];
2: for each communication round t = 1,2,...,T do

3: Send supernet M and chromosome cfc to each client k;

4: for each client k in parallel do

5: Client k£ conducts local updates;

6: Receive subnet S}i and updated chromosome cfc from client k;
T end for

8: Generate offspring chromosome pool C*t1 from C?;

9: Update M with all subnets St;
10: end for

11: return supernet M.

&% 2 Client update procedure

t—1 and c¢t, supernet M, private training dataset Dp, and validation dataset Dy ;

Input: Chromosome ¢
Output: Subnet S;

1: Receive supernet M and chromosome c! from the server;
: Derive subnet St—1 using parental chromosome ¢!~! and M based on Dy ;
: Derive subnet St using offspring chromosome c! and M based on Dy;
Train subnets St~1 and S* on Dy;
Subnet S = maxg (fitness(St~1, Dy), fitness(S?, Dy ));
Update chromosome with higher fitness and keep it locally as ct;

: Send St and ¢! to the server;

: return subnet S.

3.3 BAFRHILIRES

R SRS AR 2 S s BB LA T i, FORATY R ME RAR RGBS A LA xh 6 —
AN, R I 285 (K 2 B R BEAT SRR R T AZ N R B g A, LUK AR D912 7 o R BT A 5
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T DL E ML ], B— N ERE RS MBI R N R ) — N, AN eiERE
(R B R 2R RN AR A A BT A R0 S e e fk AN SR IR DRI e R K S L = N, + Ny, H N,
FMEE R BRZ B, Ny AN 28208 E . BT 7 i A 0 A& [ € 1, DRIk o o B
JUH B IE DA, WG iR gl S5 8RS 2 11 I S5 40 2 —— X2 . JE st AR g e b i 25 44
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ARG FE BRI 52 R el il (3 mAs. A0 SRS A o 7 o B A R AL B2, /B4 plus-and-play HJ
PRSI REHUR NP 22 SIHEZE o ORKF T A 122 AR, T FedAve HETT DLEAEAR SO VAE BT R
THN 1 BRI 0.

TE L R B4 SR 2 JiF, 0 G AR B 3 i3 T o b B RN i AL A B 23 A AN TR
HIE R T A T 2 5, BN MEIIAL B AR AN, 43T 2Rt B br B AL s vk 1 M
R R IR HE. SR1, AR BT R 5 R 2088 70 A B 2R FEXT B, X 4% & J2 IR B A 26 2 [R5 N AE I
PR X T — MR 2 R 70 A0, )2 T REAR 75 2L/ N BY A ZE R ORAIE N 268 1) 27 2] P e 100 T i B 1)
s oA, v] DR — 2R B R I BT R R R MR TT R S350 746, MEM SN — EBPATAF T
IRE, W E W28 38 5 7 5T HEHGE F K ERRIE, AReftlisid 2 #o0; T LR M 7 5l & 51150 C
(AR, TT LR a0 H 2RO AT 25 A TR RE . IR B A 2 2[R [ A 1 N PE IR R T DA R 4 3 A T4 514k
it AR, Rk, ATLASI AN B ZZ 5B O SRRAE G i fk AN R JE R 2 1) (i A e 1261, i i e kAR
B ESSARIATE R, BRI A 2 X IES A B . DK ZEBE AT 2, ok
A BB BIHE ZRROR, T SRE RE S (015 7= A BE U MR 22 8 3 O, BV IF 48 2= 07 M AT R 1Y
MEZESE K. B % P om L 2 [/ — /M 7 ZRE AR B IE R, 7R 200 ORFF R 28 I 2% 25 T2 BT AL
RN R RN, AARE P ft 7 AN s R R BTN MER 7 BisAF), B a—4R
AR RN 5, RIS A SOME p, BN SARG R, TE2E ¢ 3PP AE i FE R, 28 & DTGt
P ARR N

apt = a4+ ofy™, YT~ N(0,CY), (6)

S, BOTERRE C et R A IR A R 2 I B BE 3, S A R
K
ot = flsz_:l vk 7)

Hor, yr e G R R ORI R DT 1. 240 of, $28615 20 Ve I 200K, AR5 H e fil
BIA AN FEP R EATEH. Bk, A% i B IENHEY of AT Lo 21IE L E )
WSS . AT TS T W 05 22 S LTS PR AL SR CMA-ES R7) ZEAE PRI SN T T s R 5 R
KD, IV AT po, HIR T 0 AR BN, I B MALERT LR th RS sh 38 R 07 17 34T
INFIAR AL VPl BR AR, G AFIX L 75 17 P AR B (0 75 170 20 o AE LA, AR ) 0 20 B U BEAT B, A2 ) 1 e
LML Momentum [IEF, BRI PPAL ARACEER T i IF IR DT 12—, AR e AR it
THBG . AERAERE S, A5 P B 2 B e AN ST, DR 75 245 Bl i) A8 R 1)
BT MIBUE. WE YR o, EATEEOH ST B ERVF M B4R, JET B E LUE p, 72 SR AT
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2 (MERFE) REESISHAMNETRS FER, HPMEE—EHERERRDHEREFH
Figure 2 (Color online) An illustration of local network slimming and subnet derivation associated with the chromosome,
where slimming rate of each layer in the network is encoded into the chromosome

VA ER R po BRI A A

1y gt — gt
P = (-l + VI (a0t T (10
k
T RS 2 P R R EE T ORI TT 10 A 5 AL 2R K 7 18] FIEAT E A, P DAY N IR TS of HOfE, R
t+1 _ ||Pto+1”
O—k‘+1 —O'Ii.‘eXp (Oéo- <IE||./\[(O’I)I| 1>>, (11)

M S8 B TARRI A AR, R HL 5 I3 [R] 3 A 45 7% 7 .

TRIGE P REAE R P o AT, 2 S AR AR SCAR I G AR A e P AN AN TR S5 40 (4 A, 93]
LR St A St B P R AT, IR EETERERF MR AR AR R SRR 5K
W, DAF IEAHB SR UE £ b A vRE A e Ay FLOE R, B

fitness(S) = Acc(S,Dy ), (12)

Horp, Dy RERAMIGIESE. 7MW St 5 ST R ASE, U HE P R 55 K A BT A 28 - SR T i
B, FEOR B RBUEUINE 79, R0 R B AR ARy AR AR BIUR 554, AT 58 BRIBEH AL S ms (AR

3.4 ZEBUS|ISHTFMER

N T SARMAA BEARGERC, %) i AR G CL R g it (1328 )2 BTRCR, 45 A M B 700 A Hh 34 Fr)
HLELE, W AT 1B R BT RCRAS B 7 M, X — etk S| 3R T A s R A 2 Bos. fE
AR, d AR i A R B B D [ S ANAR, R R I R 1 B R R AR E Y,
LR AR — > G (AR BT BAT 2 F) 5 S e — 1, B et 57— . el T Gt fk i SE B A
WAL AL R S5 At AT B (WL 3.3 /NTY), 207 i R R AE AR e G i SR T AT S N, T
A GRS IS HCERERE. 5, AT B30 UE R 42 0HER ) o (0 2% B e kAT 3
PG, FARH, XTSRRI EIE, A H 16 (batch normalization, BN) J&Ht 5 I8 TE XV ]
ARTRUA -y AR X — 8 0 B R bR s 0 T iR R AR S e 2 T, R B0 R ) e L AR
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= 1 ERHEMNEREZHE
Table 1 Model architectures of CNNs

Architecture MNIST CIFAR-10 FEMNIST
. 64, pool, 128, 64, pool, 192, pool, 64, pool, 128, pool,
Convolutional
pool, 256, pool 384, 256, 256, pool 256, pool, 512, 512

Fully-connected 1024, 1024, 10 (input size: 4096) 4096, 1024, 10 (input size: 4096) 1024, 1024, 62 (input size: 8192)
Conv/FC/all params 369.2 K/5.2 M/5.6 M 2.3 M/20.9 M/23.2 M 443.5 K/9.5 M/9.9 M
Conv/FC/all FLOPs 29.4 M/5.2 M/34.6 M 166.9 M/20.9 M/187.9 M 10.2 M/9.5 M/19.7 M

NI TO K E A A A ARHE. K 0 IR K SR A, D SR — = AT I 0 45 R0 xR A Ay
R ZRERE. BT BCETE T A AR 18], PR oRe M3 2] 72 1 7 L 19X 2% B0 70 0 S ST FA 9 25,
HRAE G (A e ot BT — 2 I BT AR, BY ft B R P AR IR K 8 70 P 48 B0, T AR BT A LU BiE S R B
IR 2 BT 51, A ITTAR A S AR (0 0 e b X P ot 7 67 2L P X 2 2 B0 A8 31 1), BAEREAT 5
RN EAL . AEEHA BT AE T I GRES SRS BEAT, AT i3E— 20 48 I 25 1A

4 WHERSHH

4.1 CEEE
4.1.1 HIEE

BAE 3 NEUGEIREE kA7 5250, MNIST 28] ZE4E i 0~9 DN F 5 Er 41k, IZREH A 60000
M FEHT, WREHH 10000 MFS5HF. ik #0228 x 28 [ HLIBIE K EIE. FEMNIST 29
HARGEA 62 KEUE, BFE 10 MECFEF 52 FOK/NS S0 B, B2 AT I MNIST Bl 4L 5 G 441
T RIUA. 1£ non-1ID M EH, [F—1E#H 1T 5 EEERH 52— % P k. CIFAR-10 BO 4 £
Je— AN BT B RN R ARG SRS, F 50000 MIIZREEAT 10000 MR EE. S5 10
K RGB ZiEEE ARG, BEEB R/ 32 x 32, BRI 6000 EEHE.

4.1.2 =R

1R TAFIBAREXT N B L M4 (CNN) 450 SEEAE &, P Conv NEZ,
AFRN convolutional layer; FC A4 iE# =, A fully-connected layer. %fF MNIST 1 CIFAR-10
B4R, SR H TR, VGG GBI, JFEH 3 x 3 MERZ, 2 x 2 Wil 2R 4eiEs)z
SKAGHEM. AN ERIRMERM T Conv-ReLU-BN KT, XFF FEMNIST $#fids, ASCMEH 17—
ANEIRE MobileNet BU. FHEGAEGE CNN H PIARAEL AR, 1200 26 SR FH IR 52 7] 0 25 45 AR R S I AR 70 6 i
. ER— MFRUEEF D R IRBEE SRR 1 x 1 (1938 SR, 0B N\l TE (56 A S — s AU, R
P20 Ab BE R KRR DA R U BT . FEA LR B H, MobileNet G Z MR & S &EEEN TR E
AT A — =g, AR T HAE TR Z IR AL S & EREEE RIS, St WA A E SEAE % N 48 (1A
Rt

4.1.3 SEIGAATS

X e, K 80% % am A TR, 20% f%e s s A IS, TR N 2R T i RIREA,
FIFERE 80% MIFEASH TN Z%, HARFEAH T I aA AR Ve, X T ASCHR I OHEZE, 227w b 10%
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I ZRAEAR R 3 IR UE SR, LA A SR B PPN AR, X350 7 B uE AN 2 [ 22 19, T2 e — 42l
SR BENL A SERRRIER T — MRV 20 MR IO A% 313 5, K MINIST s JE% B & 7 i
AHBHN 800, CIFAR-10 Hdhi BT B 1) 25 - i FEAHL BN 1600, HAEAN% P v b BEATL 20 c M9 2R 30k ok
B non-1ID 5t. X T FEMNIST ¥4, BEALEHL 100 NV & BT FEARZ AR (0 5 7 o K
NG AL BRI BEIR S S B0 FedAve 1ERNFLEVE, BARMMAILE AL I AR S 88 2 0, K72t £ a1
ATV, FedAvg W] LB VEASCEIEAE BT [ E A 1 I (RP RIS O, [EIREGE L 1 A XA R
52 2] 1) Per-FedAvg 32 ByE AR X 2 5] PR BUA T R A6 T-FedAvg B3] @HATXS LG, A& 7R Y
ANETHITGE: 2 WAL b, N FTA % 7 SR 2 AT DLRGEIE B AR BB T AR AR, SR VRS S i
BT A BARHAT — N ELZ AR B B BRI RO A M S E 5. ARAE SCHk [33] IR RS In 45 R,
B RAH T H A+ RN 10, Jo5 I AT BE KR 0.004. JE#F IR —FECE AR = nE
Sk, K s E BB S AERE, W H % ) B AR TR A B i B I 4% DA ek FE FER B B
TE S, 3R — R = eI WSOk A ORI 1) B R REAS . AR 3 ANERAE XA
[F) (P R S5 R EAT 1 T V2 B S, o s g5 4 . 2% P . 2 I RS 5 A SRR — 8 Il
5 FedAve HIRAEREHRE . WSCHE . SRR ES 7 HEATXE L, 3600E AT H 1) B 3E M BT
S HEZEMIEL T FedAvg SLIIUEEE, DLRAE N SE it S M P AN 28 Gt S A P O Bk R A0 28k, s
RS 5 IR T I AR LR IL A 1.

4.2 WSURERTEE

Bl 3 R T A SRR MM EEE FedAvg 1EAN R AR T e i BE XS b, DAPR 9 A Hh B A X0 A5 7Y
WS, o) FedAvee (BE4R) N4 R RITENIAZ P o B IGHER R, FedAvgy, (SE4R) AAHIE
RULEIN SR8 P 3 (R R AEAS B IOvER R, T4 MNIST Al CIFAR-10 ##E 41 non-1ID # & H, H
SRR o L T PR, TR AR R R PR AR A R B AR T A SR . 78 MINIST 20
£ b WA EIE AR RIEE ] T 98% LA ERIERSR, A SCHEIERSAL T FedAvg. T304 7 A il
B SE RO TR 5, 0T MNIST HIHERA 2 IS SICE BE R /. fE CIAFR-10 4R b, ACH
AN FedAveg U5 T B B AIMEREIR T, B TAEAMBR AL ZRAT#E47 T S5 MBI RL, ATl 5080,
BT & K B I 2%, K FAA BR AR AE 3R B RE J) BE 5. FedAve BIEHF ML SHEZ, G &
i K FH [F] — A 42 JR A AR A& & B A R I EURE 20 0, BB SHCZ RTE R T WAEZIR R &, 1545y
R A T 6 FA A5 B I 772 A2 T 820 YRR N BE. 4 FEMNIST ¥4 b, MobileNet [)# {81454 4%
E R T RKE S SEEMEE R R A, BT RS AR A B SRR AR
B I S R T e, R, AR A AR Y 2R R AAH LG Fed Ave BUS T 8K 1E
RESRTT.

ft CIFAR-10 Fl FEMNIST #(#i4E I, AB L4 /R MU Slos B2 2 Z 0 T FedAvg, X T 5%
55 50 BRIIMARASFE O LA R FedAvg BIEAES 150 R UERFE, HERE Tl 5 FedAvg J& A
FERLAI T RE. BT ONN A4S [A) I8 38 £ ST HR BN [F) B ARRAE, 5 & B FE AR B SCBRME AN ). T A5 4
[¥) non-TID $(#f, FedAve Sy i ZEL B T 5 R 5 S 508 86 SCE 8. 2R, BT E S 5080
KSRGS SR AR, X RGN SE R HADZ P A% 1) O S8 1 S 80 A
Ma. A SCHE H R R OR B 4 R W 28 o 5 B0 B50a SR IBC I K 11 S A A AL 1) IR 485 SR T dE AT SE 37, e I e
MBHAS GRS BIES. X —HER G T RGBT RS HOT 4 /R T, JEE ik T
A SRR W SOE B RIS, BTN AL A HE AN [F, BT IR B R 2 G A [R]. & k)
R I R R [ DXL BE AT BRI, IR TR I R (] S AR I N FE LRI R, A R T A R 1)z
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Figure 3 (Color online) Testing accuracy on three datasets. (a) MNIST; (b) CIFAR-10; (c) FEMNIST

4.3 BRERESH

N T IRFCHAHER G RR M EER R AP L R AR, SLia X MNIST #dla4k . CNN
BIRBIRRIAT 7 0. B 4 R TR RTIRCRX S HEMTF R, "R, ZM 2R 5
BEEERAN AR =R, M EEREN - EERE. Mg T, H-BH=, A
JZ, RFEAL RS 2% (I, ZE BRI R, HIEE 55T SO 2 S0 I 1R E R L, BR %
JRARPR 3R IERE T R, PRIAZ R (BT B By, 55 AN SR = /NG RUR XL T OB i K,
P 128 A1 256 ANIHEIE. T SR 8 NLRE pR A AR S ACR AN T SRS/ T AR BT R,
DR 3K P A2 2= R R K78 03 S A B

SRR IR 5 AL BTRCR ARG AL BT R R Gt Y i, Bk — D> SRR IR IR A A
WA — SR, ZHEREA NIERE 1%, BIHAEZ 7 i 5 R85 4% FR AR da i A2 b, Wi
T 246 55 22 ol v S8 I 4 R AT DALMY, T PRI AR i 5IN T ARG ML BT R, iR
MZHEM L E BRI R THEZ. RETRMAR, =R R =, fhe o MpE
PR EEOR, HOW B R RS 48 L5 R, RG22 A2 BRI Je A2 3 .
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Figure 4 (Color online) Effect of layer-wise pruning rate on the quantity of parameters and FLOPs
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Figure 5 (Color online) Model accuracy, compression ratio and speedup rate during iterations

4.4 [EGERMMELLHR

Bl 5 JBoR T R IEARIEEAT, MobileNet £ FEMNIST #4E4E RS A viEmf 1 o e 4 38 A0 D s L
(224, ATCOLER B, 4 m e B (Vs i P B A S A e R 3 sz i _E T IR iR 28 i sl ik S
MRt LR A S, R, B A IS8 R AR 2 OREF N B, IR BT R IR B AR )
Ewts. B, BT sR, S22 B 8 R R SO S 3R B0, LR AN RE
A3 Tt — D0 R R AT B RO S 80, IR T IS4 bl PRI ZRad 72 rh e 7 i A0 A 55
[ Y3 15 F AR

N T AT FUR EE B S S STHESE AL GE 1) FedAve HE, SRERTE 3 NGRS LT T HER
FE - RGEA AR LE R EEBE T, 3R 2 Fron. ASCERH AR ZEAH EE Fed Avg 7E 43 R B RURS FEAN A
PREARIRE EHAT B A FREEE (5T, HR b TR S H R AT SR ZHESAE Ay Bt 4 H 3
Y7 5% EARRER RS R, ZA8UE S BRI S AR 2 RO, 25 8 BHZAE S A A i SO
FERTANBR, B Ik B SR 75 i) LB AR A — DI, A, R 3 AR s SR S BT
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Table 2 Performance comparison of federated learning algorithms

Accg (%) Accr, (%) Parameter FLOPs
FedAvg 94.83 98.85 5.62 M 34.61 M
Per-FedAvg 95.21 99.44 5.62 M (100%) 34.61 M (1x)
MNIST
T-FedAvg 95.04 98.39 0.36 M (6.36%) 34.61 M (1x)
Ours 96.23 99.50 0.39 M (7.11%) 13.85 M (2.49x)
Accg (%) Accr, (%) Parameter FLOPs
FedAvg 74.80 86.31 23.23 M 187.9 M
Per-FedA 76.35 95.76 23.23 M (100 1879 M (1
CIFAR-10 credave (100%) (1)
T-FedAvg 75.12 86.88 1.44 M (6.27%) 187.9 M (1x)
Ours 77.61 95.89 1.59 M (6.86%) 70.92 M (2.65%)
Acca (%) Accr, (%) Parameter FLOPs
FedAvg 85.98 90.86 9.94 M 19.73 M
Per-FedAvg 87.36 95.23 9.94 M (100%) 19.73 M (1x)
FEMNIST
T-FedAvg 86.49 91.15 0.53 M (5.32%) 19.73 M (1x)
Ours 89.41 94.95 0.42 M (4.18%) 5.14 M (3.83x)

5 LA L, #£ FEMNIST ## 82 Pl FH 2 AL X 2% MobileNet b RS T 4 f5H93RTE. XL
ZERIAIE 1A SCEEAE A P AR BY B e ms AR AR 485 i 1 e i et

XA SERE X LE SR, Per-FedAvg 2Bl RS ASEAL L i T AR FT e id 2 )l
g, 133 7 oS BRI SR, AIMAES R EIE 7T FedAvg MURCR. A SCH @S+ &
BT E B N 4 BT, TEARHIEAY |5 Per-FedAvg MEREFEIT. T-FedAvg EZil I = Ju s 5
Wa R EAT IR 4, DAk D> b3 AR U AROE AR A, e T AR MR R A0 4 R B R AP i B v A
e, HORHSR SR N SRR AT DA . R AR SCORER vh 2 7 i 7 AR B — R IR AS Th PP X 2% 42 7
IR EENE, R TCIRAE N IR (S o R R AR, e Bl f5E, B2 o e Ak 55 4 AR R o,
5 T-FedAvg FIE(E AT A —&J. 45, AR SRR LR A 2 5 e it i MR SR 12
AT R R AN 5 IR A SRR O R A 5, J34b, A2 4 RV BE AR Jin ok L i AT B AR LA R
wF 5T

4.5 HEASCEE

FEBEAL SN B SR o, W7 22 R0 B R B RE RS AL BENT S A 98 20T R AT 1 RO R G OR, A
R L AR LR TG, D 1 S8R B 5 ZERE B s A SRR A e, AR P05 ZE R (1
Y& Cov) B hym ik AR RE (IC1F Gaus) #EATSE5R, BRKHS — R R I7 M BENLAL, SRSARLAE ) J5
ZEFEIE L TR AR R N USSR L TR AR S HER AR AR b SEIRAE CIFAR-10 Hdl 4 LREAT, Siif
iR 6 fs.

W 6 B, ST AR, P07 2200 M 2 R B M RE SR T, X R BUAE A MR 0k
#EmR . PR EE L Hh, SHEMNHERENRTIEO R, BT 2R B AR
FEEE IR O T BUAS SE 4 (1 R 4 28R, I SE PR A R B AMEAL 7 2% AR -, Wy 0y 22 R0 0 R
FEYIZRIT BOA 6 B S RO AR, IIZREE A, P Rlox b D 205 2RI AR R eIl i ey A 3
PR AR AT S IR 22, XU IR R R PR e SR T £ B8 2t T AN F 5 IR dropout
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Figure 6 (Color online) Ablation study on the effect of covariance matrix on searching process. (a) Testing accuracy;
(b) FLOPs and parameters

RT3, M2 RATTVER T W RN, Dropout 240 K VI ZRAIEAY IR A LR IE T W R 5 HT
SR RBANE SR IS HL, AR R IR ) R

4.6 BRELEHRER

P FTH R SR R, AR SCHE R 3 T a4 SR 1) [ 38 I 2 ST A ZEAH LL 22 L R FT- ) Fed Avg
RS T R ERERR IR T, F HL, B RIS 2 ) HE SR8 I AR AR B A AR A A I HE R e FA
T 5AMEAHIE 2 Per-FedAvg #ITPERE, HIUS T 5L T H4a AR T-FedAve B L1
G RCE. AR RIS B SR J7 1, WLt S5 R (NAS) [FIRERERS AEIRC 2% 2] I SR m Y 1
REFEAS 2. Blth, EA/NT R, SN SR 2% 2] I 2% 25/ ALK T 7% FedEA 91 Al FedNAS
4] AT L, SRR FUBRHS 2% 2] 5 B 5 I 245 465 ) 48 22 7 P e RN R0 J THT 1R X ).

FedEA FEBFS % 2] il F 2 H An i AL SR B 22 I 28 A R F 54, DA IS e /MG 388 45 T 48
AR R NRIRZE. AT IREIRZME WS AR, PG IR T — Mol e i 2% &
WPEgm Tk, Horh, FEACSE A B IAE L AR SR W S S AU R S R, B R/
IS AL B 20, 2 7 im R RS SIS AL FedNAS $RH 7R T4 245 484y
TR E SR 210732, R E SR B8R DA A RRG 1 IR 0e0 > T8 st T0AE, IR
(% 7 o A VR 2 AT O SR AR REER. FedNAS SR FHSCHR [20] AR RO R BT E5 M), 2 i B
ERH AR IS A3

T FedEA HIESHEAT 2 RIS S IR RARA AR A 54, ATV 5 — s Ak b v R A 1)
MEVEN FedEA LRI A4 R AR H IE BN BT AL J7 VAN A 25 4 i 2028, TRIGAE Fed EA
HPASERALSE RG, FRATTHY IS 2R AR 2 B8 R 2 5] Ze S5 24, A P AR SC 1 3& BB A 7 VA
Fenih E UGS TR, EE Ours(EA). BT FedNAS KA T AU 2EMIAE %R, AR BI G5 T
EIHAT IR R, PIUIRATMY 5L AT R LG, JEARAEAS ) 3 28 2540 Jo P A T ) SR 8 T
. BF, FedAvg 5 Ours KH FIFEFIZEMFISEL, FedNAS 52 ZHAFE, ZEHIAIE. Ours(EA) ¥ H
T FedEA Hyfi)a — A HIHE 2R &5 R b 2R A, SEgR 45 Rk 3 Fios.

TEPERETT I, 5 P 0 EEREAHEL, FedAvg #0A A RIFE A4 & FedNAS FEARALUR & f
H4 WX 28 BT B S B B 2R (R I SR A 1 IR S5 2% EaEAT 138, iR s ot P 3 1 7 Ut s A9
GBI, &0t 2 L, FedEA SRR B Y S8R AR S B MR Re S 1 2%, WEBA T A
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Table 3 Performance comparison of pruning and NAS algorithms

MNIST CIFAR-10 FEMNIST
Accuracy (%) Efficiency (h) Accuracy (%) Efficiency (h) Accuracy (%) Efficiency (h)

FedAvg 94.56 2 75.08 11 86.12 6
FedNAS 96.11 1 77.32 6 88.82 4
FedEA 97.03 79 78.13 268 89.53 114
Ours 96.25 3 77.95 18 89.47 10
Ours(EA) 97.74 1 (+79) 79.46 9 (4268) 89.77 4 (+114)

BHAMILZ A LE P TR ke, A2 I fl b, ASOTER A FedEA R BN SHL, P
15 7 R A W LS I MERE ST, BT FedBA CUX LSS5 HREAT T A1, Ours(EA) Xf FedEA [T
BEFETHAHLL Ours X FedAvg HIPERESEFFEC/N.

FERCRTT T, BATAE NVIDIA Tesla V100 GPU A EREATSC50, FHoRAEVARE GPU IR,
T FedNAS fEYIZrid fe rh RIS LA P 2% 45440, DRI ZRANIEBAE N B A, 1T Fed EA BRI AR 23
AT RIBFR A SR VR IE RLSE, R 2 745 e, JERER MOOR B, ASCTTVA S FedAvg BAMIELRK
RAGEB| 4, PO TAER o B RO PEAS FIFE 5 2R e BRI 2k, FedEA 192 HARDLALIE = T4
TAVERERUEERCR, e 1T ERARR, R R R AR EEOHIZRE Ours(EA) HIELJRARHY FedAve
FHRAFRIRTY, 1535 FedNAS MIFEIMEL, H'Y5 FedNAS MLLIS 7R EMERERTE. 7 20E
B, Ours(EA) IE B REMEIZITI M T4 FedBA HISSE BN, BIR PR S NA. dikn
13, AR GO I G 5 IR, 2 BB M SRR, AT IR 5 ] S5 R L
Ja B TT i

5 51

ARSCHE T T A SRS 1Y) G BIPA SIHEZE, SIN TR — 1 R 2R OR AT R A A
PEACIERC. I8 7E R 55 a5 0 S B RGN, AN 207 S A 4 FA A B0 70 A1 7888 0 Hh 3R BT ok
BEAT AN R, AZSFEX AT a5 X B G5 AL HEAT G b R E AL S b AT i dl. 7 M o M 225
BURAS 2, 38 I A B AR 2% 5T 10 BB I 5 X 2% e B 1 BT R R, A5 AL K B BT
ZRFITTORAT TR, M JIE FIC AL AT 20808 7 A ) e AT 454 7 X BB A dropout AR SIC 4R
B L, AFT S EEREIRTT T MR AR SR, ASCEEZ AR BT 12 S0,
BAIE T B i SRAAE 2 JR AN AR AR 1 L WCBICR L THI RS BRI R R R R
RARITAE, KR TU A R SR LA Tk, Tt — D4R R iz HEZR B T AR RIS, R 0F 7T 1%
MEZRAEAR IR 2 2% L PR REAR I, A 5 HAT 8 A
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Abstract Federated learning is a deep learning technique that ensures data privacy with multiple device partic-
ipation by training a globally shared model while storing private data locally. However, in a complex Internet-of-
Things (IoT) environment, federated learning faces challenges of statistical heterogeneity and systematic hetero-
geneity. Because of different local data distributions and high communication costs, over-parameterized models
are unsuited for direct deployment in IoT applications. Moreover, nonindependent, identically distributed data
make federated learning with parameter-averaging aggregation more difficult to converge. Determining how to
build personalized lightweight models for each client based on individual data and then aggregate these models
has become a research problem with regard to federated learning. To solve this problem, we propose an adaptive
federated learning algorithm based on an evolution strategy. The method regards each participant as an individ-
ual by encoding the model architecture through an evolution strategy, and it can adaptively generate a different
customized subnet for each client through global optimization. According to the importance of the network unit
and genotype, clients extract the corresponding subnets from the server-side supernets and perform local updates,
which naturally fits the idea of the dropout. Extensive experiments on real-world datasets demonstrate that the
proposed framework considerably improves the model performance compared with conventional federated learn-
ing. In particular, when the local data is not independent and uniformly distributed, the framework facilitates
clients with limited communication bandwidths and computing power to participate in federated learning; the
generalization ability of the global model is improved.

Keywords federated learning, evolution strategy, model encoding, network pruning, local customization
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