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AR M E ARG T EE M ATE AW, FLW— AT EERESEFRIFE S A (non-
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EHERT, #—FRAT 2 REANZNEREM. FedUp QBB E&/IMMLA R ERTK B HN
FIRARIEERBEFRNZMIRE. KEFELREH, FedUp BF M TIA 5 £, 4% & non-1ID
BRUBIREFANEE PN 55 L8 EH k.
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B3] U (federated learning, FL) J&—FUE A T R N A S5 70 A 35052 20 a3, Hps RO Tl
A P i A DU A AR B A 2R 55 A LR P ) 2 S Pk e A R AR . FL A 2ie %
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SIAMEE: Jifh, Mk, RREESR, 55 BOHISA S FER A 5L T iz AL SR g s, Rl 2 (5 BRI, 2024, 54: 566-581,
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A, DRI ] DAEEAS ik 55 FH 7 BeoRA B R 2 T DA 5 i I8 1) 2 7 B 4t v o i () R 2 SIS AL IR 2% EL T, FL
TN B R CR A & 22 A 0, (23] f) LR Y R, JRAE el 1)L HERE R ) MR G i O G2
A SRFEEAAE S AR FES T EKIN. FedAvg & FL BJ— MrdAERE, HEARBEZ: REHE
REA AR 1) — 2SR ) 25 7 i | 4R e A R AR Tk B2 i o R P 2 Jey AR AR AR 3l B4 Aok
ISR EHT B AR SRS DUFH SR 8T IR 55 38 4 e 1) 42 SRS 28 SR, Fed Ave B 32 BEME AU 7 i BE R Ak ST
[@]/34f (non-independent and identically distributed, non-1ID) ##E4E Lt A7 AR, BT REAF
i IX ) 2 7 i AT e BT 58 A AN R AR IS ST, DRI AT 0 e A mT e A 25 SR AR AN B A b
FA). T 3K 6 ) R IR B 2 3 FedAve RS RIMERG RS 2 T~ X PR & fHAS T FL BRAA LR (15K
BrAE A

FEfARR non-IID $¥E S Bk R B A A8 E, 9l TAECKLEE T — L84 AT 7R,
HRAEXT FedAvg FIMEISUT I, XL VERT LRSS AL 4 200 (1) B A IZR B0~18], %057
) H b il s o) 28 (4160 siBENLERFE N BE (stochastic gradient descent, SGD) i 17~22] fif
1A AR 4 SR A TR B D — 35, (2) $RIVR G AR 23261 %057k B B UG HNE, LAskD A Y
A—FHE LR IRAERR. (3) P F kBt BT~30 207k H AR &8 FL &8 & i = 1% - B
1. (4) BRPBAL G H A S B34 i Z 5 B TEKS FedAvg I SRR S T 3008 5O 2 A 28 it A5 5
NAFE PSP RS ASCE S5 T 1H A non-TID 1) /804 FL S48 — i 5T 58 ) 42 JR AR
PRI E0F U BF AU AT =28 070k, IR BTyl L = Bl . MRS B A AR A5 07 5, 76—
SEFERE FEE T FL PERE. SR, 41X & non-1ID $¥E B2 /7 2 5IRE T 0 A F € 3R BI, ix it
Mt AR A e DA SE IR R A M g 140, Mime 190 A SCAFFOLD (M i Fi 5 A ) 22 5 R i i A< b ot
R A R B O T Tr) BE R, XA A B I7E non-TID #08E T HIHERRIETH+ 0 B RER T 2, FHL b,
W 1 Fow, BUE 7R 20E T8 1) non-1ID #4704 /NI HARE & P imZ 5 . (i) B AR
RSN IRG L @S, BN, IXLETT500 FedAvg HIPERESETHA R, TL AT ge ™~ A S sem. Rk,
[k — D — ROt FL A 2 3 St (10 S A AR Ak BEAT SR THI I AR R 1) Pk k.

N TR CL e R, AR S TRAN T R A SR S S bR X TRl 2 B Ok, AT
7 FedUp, —# 5 T-SEILH A AL 2. FedUp BB AR — A% e/ ME & R di 2k sk 2 B
KF I HABIRZRZEN 2R, BARTF, FedUp & 4GBt LA Lipschitz P 245 A — Ik
BRECREN AL T R BUR R E R SRS, FedUp RV RN i e /ML 2 3040 R AN Sh 4 5t 2 4]
() —HZNEH A, TANAGE R i/ MEA 2 30101 5 . O 1 30k 0 e i 508 13z (B i e, A
XAE 3 AN non-1ID #i#i4E (FEMNIST, CIFAR-10 Al CIFAR-100) FHHT 7 KRMISLL, 4550 EH, 5
WA fe ekt 7792 (0 SCAFFOLD M, MOON B3] FedDyn 1), FedSMOO 19 Fl FedPVR [201) { L,
FedUp HATRE DL, I HAFE B non-1ID Hid LA AATEE (140 0.2% FIRFER) MK P b
Z 5 (Bt 1020 A% ) BA SR, ASCH) T ZE TRk

(1) A YT et ) FL BT 7w b, SEesr R, e 3E 25&E H TR non-
1D #¥m 50 A0« AN P L R IR P 3 2 5 A A 6 B EA%. 8 XS FL A7 AT IR AN
WHFT, ASCRIVEATR ZX FL BT kAT KB BB R 4%, KAER BT AR AR T X A
VISERR B .

(2) ACHRH T FedUp, —Fh A F 24} FedAvg UM E B8 T ABh A b fe /MG Al T 9 4 R 4
KR B

(3) ASCAE R E non-IID HE AR E LA K AR i 2 A5 L T4 FedUp #E4T 1 KHUBE Y
SR, 45K, FedUp FEFTA B T #B W3 A0 T S e b 074k, IF X M B & B 4.
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& 1 FedUp S5MBEFRMRZFMLILE, B v 1 x DARFINENFEREHEMBNHFYE

Table 1 Comparison of our FedUp with existing schemes. Note that v' and X mean that the methods can and cannot
satisfy the corresponding conditions, respectively

Method Highly non-IID data 0 St2Ple clent py model Large-scale clients Complex dataset 0 >dditional gradient = No additional
participation communication mapping header
FedProx X v X X v v v
FedSGD v v X v v v v
FedSMB v v x v v v v
SCAFFOLD x X v X v X v
FedDC x v v v v x v
Mime X X X X X X v
MimeLite x v v x v x v
FedDyn X X v X v v v
MOON v v v X 's v X
FedSplit x X x x v v v
STEM x x v x x v v
FedSMOO x v v v v x v
FedPVR x X v x v x v
FedUp (ours) v v v v v v v
2 BR
=23

R MERR FL /%, Hrbeb kRS 8 T A 5 %, M2 A FedAvg 1
TALEE DR RBE, B8 0 A%FP25 FL IIGER, R m m8aRgEn Wash
Dy, Dy, Ds,..., Dy. WAk, GHE— MRS B WA ITA % 17 DhPMESIME DL R 4Rk 8
Forb Fy(X) = DI B L(X 60 R | ADNE PRI REL, LR AR, IS XUk,
Cis B PHORSE Dy T —NEURREA. 1655 ¢ 46, FFE % SGD SARALESRAR Fy(X):

F(X (1)

S|

X = XM v E(X[), (2)

g s, xR B P 250 k ANAH SGD BRI A, Vv, (X (M) #oRfe x (P
KLFT Mini-batch B, b5 55 33 FedAve HIER & HTA AR (X5 |i € [n]}:

t+1 _ - l (t,K)
X“—;nxi : (3)
b K (3 SGD RIS AHL 55t T DB T & AT A BB R T A B4 R
XX gy Lg (4)
=1

Hepr gt = S8 VEP. KRR SGD S

3 HEXMR

T A TAEH S8 non-1ID H3E FENERE TR BB T — RVE KRR, R EAI FL 1)
B T7 3, LR IX S TR N 4 AN BRIk B R AR BRIk
MR AR By A
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B AU, I FedAvg PEREAR T B B4 1 R 302 A M 2 /- S 4 e B2 e A e, A e 4y
PEAEAS 2 P A AL B AR AN —BONT S BUR A 14 R AL HE DU G A 2 - 145 BRI EO R R A
BRI AE 2200 v, B TAESO) TAEA I ZRE Bohoxy FL ek, £ 200 KA MBI A4 SGD I
ZrIBE, IIMTEERZ PO AR A — 20 AR R e ok b, 30A TAESU) T AL = 1 28
BIR G BIA M SR B B vy D4~161 AT B 208/ % - B (A — B (R L B R %
Frum iR AL, A B A BRI S R AR A B AR A S A 5 T 2 P B AR AR 4] Bl 2 P A s B AR
RIRAE 191 X 5% P>k T AR IR FATI BR4EAE.  7EASHL SGD 145 b, —Fhia s AR 2 Rk T —
A SGD %k, Hif5 FedSMB 1 FedSGD B i Bt AFE, AIMARIE FL 5% 4 1 s 5 b =il gk
PUAHTE]. SR, AT SRR B EAE T, ANEH T B dropout Bt — AL HIR R, BEA HORME
J5£ 04 75 X I S A I o i (10~12, 18,191 e AR H AT Ak B A 7951317, 200 e fifi 4= Jey A USSR 31 42 Ry
R BB IR L. ORI, KEEAEH] FL BOWSIAT N IEANE 5, A 177 RASBEAR B iy SE X A B AR,
FER BT e T S AV LR, BRI S, 7 ERAARHESEE, Mime K IR EIRA
MimeLite 10 T 2245 FAERA 2 RS 5 (RIFTA % 7 i B B2 ) £ 4 SCAFFOLD M i ] f A
Rz AR A . 450, Bk DT R IERGE % i 2 5 B R FEMNIST B7) ) ) B £ b oA
BEARCTAE. BeAh, AR EE 2 IEE T8, Ik SR MRS AL I E XU, 940, fEREAN B 5 Fe T,
Mime H %5 P S s 22 b AR N EAMORR L, IXAE A3 EATT I 2R B0 58 25 2 4 Eh Ay i it 2 FH ) F R A
55 FedDyn ) JREFRE MR 32 5, IE non-11D H¥ & L IAFRREEE.

BPRELIE. LN FL FERIE FedAvg RGNS, BRSSP 8 O & o 78 s
Rl B B BEAT AT 3. A B AR, XM B 35 77 U S 3 FL 4 R BRI SIS R B bR
B B RIS A — B0 B Sk, Vi 2 AR 18:23~260 3075 T B 845 SR R 2 &) FedAvg. Fed BN [26)
fa] B AZ PR AR HEILE (batch normalization layer) (IS4G B~ AMBIA. FedNova ¥ & 1H—1L 1)
FRPE. FedMA 23] XA MR Y 3047 )2 R ICEC SR A e SR U, X B8V AR S fE AR B AR DA —3K
JE A HATABIE R, R REZE AR e AL s R VR RE T B, A ST ITIRAEAR M GRIT 06 2 /i, ST REst ik frfy
2 P EIOA H bR R B, R e AR b RV B 54 S B0 B AR AN — B0 AN, AR IT iR AAE
AHYIZRBY B, R L6775 25 HAb.

BPEPIEFIRN. FedAvg FEEFS 5 REGIE P I HBEILRAER 72, ok RIEE 2]
Pz, FEE REIL R BIR A EAR 210 % /7, N30 FL YERE R B, K, BUA T B0 THRE
PR P kT, DR FL RS Sios B AR A iy 2 (27~300 . S TRl R IR A TRA I &R
5 R SRR 1 T LM R B R P S 40, SCHR [27] A sk S ST R BN A ik B RS I FRad AR
R 2 75 SCHR (28] F& T B0 Ba002%, BRI SS 4% 1E TR A0 I [1] pA) 97 126 S A 22 1) e Jog Bt SR
SCHR [29] SRHIRZE 5T K KW (exploration-exploitation strategy) SKRIR R FFIH B @SR ER . X
MR [30] ) B SR SR AR AR IR £ 02 7 BE SR & T O 1) 42 AR 2. SV SR i, IR B85V - A b A
ISR AT 28 PG EERT B, AT B 77 W AR I Ghad 12 i i Ok 2 P R AR s 4 2k R HOR 24038 FL
HIPERE. BRI, I IR & 1 FHIX L7V, AT RAE 2 L FEATA I 2R Be [R5 FL 247004, AT 58
T M SO SR O 1R .

BYRBIMEIRN. L1 FL KA % KRG BILESR A2 /gl R RZ&ATa%
P — NG — A R AR SR, H TR 0 A, — NS 4 SR AR R o RN
JTEIECRAE BANES R BRI, BUA ROJT i B AR AR R R SOy 2 R R R A, DOV R AR
s o3 A I 2 P SR AL I ML B FEX AN TT 1A b, — A LI T VA R A T IR R FL [B1~34.38)
I B R AT R 2 S mION R — 2 b, SRS B E T Oy AN R M S T A B R
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ez R A SRTX AR 7 VLI T 245 FL e RE I E T S804, I T ERIEEIT. 4
YL FL B~ MOG3N RS20 e — A IO AU DUgE 4 42 Ry WU AE 20 P A o 8
Pt L AMERA A 72 1 ) L AT T R EAE AR S FL 35t JF HLAS I S IRE — > B — HLks
RIS T

R 1 XBUA MR TARAT 7 At bedg. Gl 2R b i 2 45 2R AT DOV B R A7 ik A s 90
SR BT AR TG ) non-TID #dfE « NIRRT ACE L RO MR N m S S . ] S AR A AN
SRNBEREAZ . TR, IEUNASCAE SR 6.2 NI SEIR A R PR, HIX SR B AN 2, e AT TRk
FedAvg JUFRAEMLHELEIER 2. Bba Ry, A 2184 R AT 2 XU 1 T
A RE R E TRTT FL PR RE R R A D0 ST SRz R Ik 2152 B B T O FEFZ.

4 MBEESH

SCAFFOLD, Mime 1 FedDyn fECHRH I H 10081 BES CRUEFIPEBE, SR 171X 28 77 VLA 8 T
V2 ARYIEPRIB. ik, AN RN IRITIX 3 FhoeHEM T 3, FF4h B AT SERrg i B R AU
A2 DA K% S5 IR 43 AT

SCAFFOLD [*2l. SCAFFOLD & 767 F 4248 x5 — Mtk ERIBEE VE(X DY) BT 0E
BIE, IR T2 RBEE VR(XY). BT S, SCAFFOLD HAeFEMAS VE (X)) Mm%
JURPE AR o KIEER VE(XR), BiEd i vE((X M) — o i vE(XTY) B o R U5,
Tl A R R ¢ kit VE(X ) BRIE, B VE(X M) — et ot DU A ik i )
A4RE RN REGAE o, WA b BAT 5 4% G050 4 - RN ZA LU ST A SR,
ZEIREARENE S SH ¢ S TERIA (G, MU IR gl g2, ..., g! 7! FIIER ),
RAEAFER AR, ARyt R i h A B AR BN RR, X T2 REE gf — 130 ¢t + ¢,
A gl — 130+ £gt Bk, RERIBREREE ¢f — L3774 o &34 R ATE 510 2
B FIPEREIEH 22, IR AE A SO SZIGAN 2 i A A (10~12. 161 st mT DLE S,

Mime [0, Mime HEFIH VF, (X, &%) Fl VE(X,€R) 7338 SCAFFOLD H [FIH 1% F Ui
P B A A R R A B, TS Mini-batch B3 VF(XP, ¢h) BEGE T VF(X!, ¢k), RIFIH
TARE AR VE(XH eh) - VE(X! ¢F) + VF(X ¢, SR, 1S SuR g, ks
R 2 A S 7 T e, X AR I R IE T BRI VF (X, ) 5 VE(XTY ¢b) A,
{EAE B 73 AT e A B 2R AN RO

N T IRAE_FRA A, ASCE E B SISOk IR VE (X, %) Fl VE(XE, €F) Wl S2ma kg 1IE R, o
X 2 PR, TEMIFRHEIESE FEMNIST &, A— B+ C AJULEFEHAAZIE A Fl C ML (F 5% AU
0.3405 HEIME] 0.5451). KK A A B HIFHLEIR &, O 0.7514, {153 A # —B KiK. L, ¢
AL B s A — B RIEEEE C. SR, 76 M fE ISR 4 CIFAR-10 b, 5/ —B KRR IE
A RERH ) (R R ZAHUEE A 0.0057 FERE] —0.0111), FovEE R UIEE B 5 A KMHREZE
BE, S A-B 5 C ZMZERTE K.

FedDyn [9l. FedDyn ] LARf {4 Je B AL Sk T 42 J) H AR s B0 B ot (HR B ™ EAK R T B
FEEIEREMGERTSSHE P, FHEREEERE LRIAE. BARRE, SRR T 2
VE(XYH) — VE(XE) + a(X P — Xt), Horfr o R ANEHL XS0 W% P R -1 5
AR B — A (B X e (XX xR, S T AR XY BTE
P IR EA A R R B RS B A%, X R ERN T B R, Rk, N T
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% 2 7 FEMNIST # CIFAR-10 LB RREMEEARKE VF(XP %) BEmiR. AOHESNERIRE
40 A Mini-batch EHIRZBINEHNFIHE
Table 2 Ablation study of Mime with different gradient combinations to rectify VFi(Xi(t’k),fk) over FEMNIST and

CIFAR-10. We compute the mean of the cosine similarities over 40 batches in each client and then report the average of
the mean similarities @

Cosine similarity

Corrective setting

FEMNIST CIFAR-10
A and C (not correcting A) 0.3405 0.0057
A — B+ C and C (using —B + C to correct A as Mime) 0.5451 —0.0111
A — B and C (only using —B to correct A) 0.0182 —0.2062
A and B (not correcting A) 0.7514 0.0316

a) Let A, B, and C denote VF;(X\"* ¢k), VF,(X1,¢), and VF(X?,¢), respectively.

*3 EXMERAFSRER

Table 3 Summary of notations used in the paper

Parameter Description

n, m, i Total number of clients, number of sampled clients, client index

T,t; K, k Number of communication round, index of round; SGD steps, index of SGD step
Xt, Xl.(t’k) Global model for round ¢, client ¢ model for SGD step k in round ¢

D, & F;, F Dataset, sample; client ¢ optimization objective, global optimization objective
V, u, o, n Derivation, smoothing coefficient, FedUp hyperparameter, learning rate

PRI ) A AR BN S T A 4 R Y, A P R i X (), B X ) = X (1) i A Y
FL REFEIEFEAN R 1% 7 i N 4 B A2

S, A M IRERARBIA L B bs A Rt B s A8 (RIS T & i F(X) # F(X))
S PECFL ML CEORZE , M X A bt B A s P R IR AT e 22 AW AR AR, 41X
Ft B AR AS—BUE— AR BAZLERT, J5 1 F 5085 FL B SR A2 1T B A8 (0 S O AS Y o3 TR M. S e
MIAFA I 2R B BE, AT R AR ANER E (R 52 B3z s o R 2

5 BRIt
5.1 &itshl

AT RERLEE G DA T R BN FL S A B 22 ], A SC B R —Fh s B ge ARk =
MLV, FedUp T 5 WAL AE S B 2015 0 AR 28 P AR 3EAT 2256 XU B /M O [RJ B E B /MK
HAMBRE R REIE D =D, UDU---UD, LRI KGR, 3 FL MRS 2] B 52Tt
N T, R 3 B8 T AR RTS8 .

WELEan BB FL 04 H brii 2 &0 8 FH I Lipschitz P IRW, IBAERRERE F(X) 1)

EFFTN
F(X)<F(Xt)+[VF(Xt)}T(X*Xt)+gIIX*XtH37 ()

Hr p O Lipschitz 2% FERER), i AR DR THEE X KRR, FIFRESEH A 3, X ERE
B A% Az BRI AOL A B AR, ITAE S MERER X A2 A AR 5 2246 X
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E3% 1 Complete algorithm description of FedUp

Input: FL communication round T’; randomly initialized global model X?; learning rate 7n; hyperparameter a;
Output: Final global model X7+1;

1: fort=1,2,..., T do

2 Randomly select m clients into empty set M, such that M C {1,2,..., n};

3 The server issues Xt to the clients;

4 for each client ¢ in M do

5: Set the optimization objective function as h;(X) = F(X?) + %[(Xt*1 - XHT(X - XY+ Lx - X3
6 Perform K SGD updates Xft’kJrl) = Xi(t’k) — thi(Xi(t’k));

7 Upload the latest local model Xi(t’K);

8 end for

9: The server aggregates the local model to get the new global model X*+1 = >y %Xft’lo;

10: end for
11: return X7T+1;

BRI, REFIN BMEAHBE X fE4 MRS D EINAIRARKIRE. AR (5) SR ERR
T 52Br3 5T 8 FL, H 6 AN 0 42 ) b FZ B R A 1E FL WSO R /5 Z M 4 /i
R IR 72, XA E A MO B B 2 MR A4 0 FL 35,

52 AR

3 (5) HL0 T IAHBAR L F R 08 BERTT 22— FIE I T RS RUA EF 0 FIL (RALSETR. 44T,
T P 2 RAUR S D, FTEVE TR S A R VP(XY), MTTEERERIR (5) 1EH
BRAL FER. 9 T MRYSEA W, AT AR R R 446 FL SRR 55 58 T R 1022 R b g
RENAHAGTE VF(X*), ITTASTEZE 22 TLATSMIOBAIE (5 5 DL R BT T 2P i AU R 5 8.
HARM, (R —4 FL MR, B TAME P RIS & RHE 2(X - - X Wk T Ira &/
KR B, RHTT DS R & B W F(XY) 1AM, /b 2B (4 ok o 8
EREWEREZ SRR TRELE D FIERI%, NiTaREEAE D ERAELFRZRZE. K,
G4 PRI FURHR 2, FodUp (542675 LA A M 6f8 4114 A

Fi(X) + (X = XO)T(X = X+ 51X - X, (6)
o o R AREAT 0 MBSH VR, T FOXY) NHAOT, RO LR, BHATSOH 5
. U 1 ARGET FedUp M5 BEURR.

4RI, FedProx £ 20 FedUp HITRAL H A7, AT RIRAISR, FedProx (L i 47 4
MR N T —MERIT 21X — X3, 17 FedUp WS — Uk 5 H-A93EF Lipschitz
SAF ) IR BRBOR B A D AU IUAE DB R0 KRR R R 22 B AL, Rl ok TR 3
PEREHEF. FedProx IULRH A HUBIRAI & R BURATRILEE, ok BOm b A M D LA RE
o SR BRI 22, T 2 I 1),

WISCIE, ASORIF T 454 FL B0 R M Pl BI04 BRI 2(X 1 — X*) ok
fiF VE(X®), BRI S 5 B, B TR A OB BRI B AT R 20 L. 54l
S0k [10,11) 9 3 AR, W0 R,

g1 fAERE G >0 M B> 1 i85 [0, [VEX)|; < G+ B VE(X)[3, ¥X.

Bi%2 VE (X:6) R B BFARBERE LA T2 Ee (IVE (X:&) - VE(X)|2 < o2 Vi X.
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BRi&3 {F} 2 p- P, W2 |VF(X) -~ VE(Y)|l, < pl|X =Yy, Vi, X, Y.

ML (FTHRZEN) AR ¢ Sl BRI & BRI ¢ (X - X) SRflit VR(XY)
B, il TE i 22 R BE A IR AR U I3 N ZHE T — NS o OB RE AL 4 o BEE R AN B
ANEIE TR, REREIETE. BRI E, EAREOLT, AERAEERy 8E SR IO T, SGD
WHON K, 2158 RENE =0 (L), MR ZER T EA

2 1 1
< 1 — -
E; l j < mm{O (TZ) YWY }Cl

2 2 2
+O<m§2\/T+Tg;/3+§_,>Cg+KO;O— : (7)
Hrr O(x) RRKT « EBT LT MR, O = 1820’ K2G? + 9K p2a?0?, Oy = (02 + K (1 — ) G?)?,
Cs = 180?12 K2 B% + (oK — 1)% IEMZ WANRA KL AT LA 2, e 1 20 1 A B 4 R
XX Kflith VF(XY) WA R, il E5R T Jo55 K, 22 b5 iy IOk 2 12 80 28
W N e Ja— I azKTOfZ. I, BT o 20 LAT S, 7T DR HBOY — M SRR ¢ £
R, B & EARH AT a2KT"2 WRHEIET 0. XK, REVNGRIER 2, XTI XN) X
VF(X") Bl vHR o BOoR R HER.

o

; (X'~ — X' — VF(XY)

6 SKI

6.1 SCIEE

AVAEFH ERK FL P& FedML 21 SR{EAL FedUp HIELLK 9 FhHAh R R T &E:
MOON ] FedProx [, STEM ['2, FedDyn !, MimeLite'®), SCAFFOLD '], FedSMOO '8!, FedPVR [*9]
F1 FedAvg (1.

6.1.1 non-IID #EXIo

ARCHEIR Fed ML 2] (1757325, A6 F 41T IR AR 5EE (Dirichlet) $d /31l A% 7 68 non-11D
B, BARM S, @& E p ~ Dirichlet, (q) N n N&E i iHiE non-1ID R 7, IR 7 i
i 3 gy HWBIRIRRZE Y | IREAS. X HL, g KR 0 &R 70T RS 4L, 48] 7 non-1ID #2Z, ¢
/N R non-1ID FEFEECK. TFEERE M2, BUA M7, U FedDyn Ol FedProx [T #1 FedDC 17,
R T — AT non-1ID 5%, BIFITA 27 s B A AR [F) 8 SRR, FEASCRIRI 7y o, 2% 7 i 2
V) P S AE B AT B 2R A AR K 22 57 X PRI 1525 7 2 T B 4 v P55 S 4, |l T 28 1)
IR, A0 BAK ) 0 4R TR T AR R .

6.1.2 HEEREMIRR

ACEE 3 AN RS FEMNIST B7 CIFAR-10 [43) A1 CIFAR-100 44, %fT FEMNIST #4 4,
AR — ML 2 NERERBRME ML (convolutional neural network, CNN), H A28 1 FH &
10 ™MR/INR B x 5 BIERZ, 5 2 208 20 MRAHA 5 x 5 BRI, RER—MEE 320 M
T AEREZE. X T CIFAR-10 F1 CIFAR-100 HHE4E, ASGEAE FedDyn 1 7732, (EH3ETHH—
A 4 ) ResNet18 [45) 28 4544, SHVEAN A0S Wb 7e 44 R
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T4 HRHEERAR 10% B, £ 3 MEETE non-IID REEHEE LRNEERE (%) MELERK; X ¢ B/
REEHSH non-1ID i2E

Table 4 Comparison results of the testing accuracy (%) in a 10% sampling rate over three non-IID datasets with different
non-I1ID degrees. Note that a smaller g indicates a higher non-I1ID degreea)

Method FEMNIST (3400 clients), CNN CIFAR-10 (100 clients), ResNet18 CIFAR-100 (100 clients), ResNet18
non-I1ID q=03¢=04 ¢q=0.6 11D q=0.02¢=0.1¢g=03 ¢g=04 ¢q=0.6 IID

FedAvg 78.68 72.52 73.13 75.99 80.24 27.53 33.85 39.41 39.48 41.14 41.68
FedUp 82.74 78.44 79.15 81.42 82.38 28.89 40.69 44.94 45.85 46.61 46.65
FedProx 78.56 73.84 74.96 76.94 80.12 18.48 33.96 39.85 37.62 38.37 41.78
SCAFFOLD 79.15 70.67 72.50 75.62 78.72 1.00 13.69 34.43 34.99 3744 38.44
MOON 79.23 71.97 73.67 75.77 80.03 26.36 34.14 38.81 40.14 41.31 43.27
MimelLite 78.96 74.52  75.53 78.11 81.21 28.06 34.33 39.99 41.71 41.68 41.77
FedDyn 80.42 58.70 69.11 77.35 83.31 4.04 3.75 33.33 37.67 43.34 46.67
STEM 77.88 19.26  50.03 60.42 65.33 7.97 12.67 18.70 19.230 20.91 21.56
FedSMOO 78.32 78.14 76.02 79.05 82.16 27.95 35.09 41.37 43.04 44.46 44.84
FedPVR 77.62 74.06 75.82 78.90 81.64 1.00 20.95 39.03 39.67 43.16 44.38

a) Bold indicates the highest accuracy for the same comparison.

6.1.3 ZSHEE

N T ARIEAPE, RSO BT J77#0R H SGD Skig4r. X+ FEMNIST, A SCE B 8%/ it
n = 3400, KFEFN 10% (RIEFECIEME R BENLER: 10% M%), 2421 n = 0.02, fitCK/NA 20,
B T = 1000, AHEECN 1. 3T CIFAR-10, A E n = 100, KFEZEN 10%, n = 0.2, #LIK
K/NN 32, T = 1500, AHEECN 1. %HTF CIFAR-100, A E n = 100, KFEEFEN 10%, n = 0.2, it
R/NN 16, T = 1000, ARHEFEHCH 1. 8T AT G BLELEL, AU O T MOON (1), FedProx (1),
STEM (c), FedDyn () 1 MimeLite (8) HIEEZ % 1X BT ] R 5 808 SCRR B0 4R RS . SEVRAH Y
IHZ WA MK

6.1.4 1FMEIERR
AR SO A R AR HE A R (testing accuracy) SKRVPAG FT A 7 ik, MAHE A 5 2 0 R B HE G 4>
EEFS Ve oM WA EITE ISYE XS Vo=l a e
6.2 SKIGLER
6.2.1 RHEEMHERLER

K 4 BT A ITELE 3 AR non-1ID HE 4R BN %, 45 %KM, FedUp £ non-11D
TSI IB AR T T E 24 0 F. BAR Sk, FedAvg, FedProx, SCAFFOLD, MimeLite, FedSMOO,
FedPVR Fl MOON 7 3 MR FORFRFIT MG R, EAEAFBIRSE b, ST HER - T
FedUp £ 2%~5%. STEM Bk T 7E CIFAR-100 = ¢ 4 0.02 F1 0.1 i} Lk FedDyn #ERfZ =2 4b, 78 HAth
Bl LRI — B 7. FedDyn £ 1ID ¥ B HRIEL T FedUp, HAE non-1ID 157 T M R K.
XSEBEN non-11D & B S MNEIATRE 2 5% X FedDyn ) 67 [ 521

6.2.2 XMAREZFE5EBE%HM

AREME PGS, 2™ 8RR ISIORIPERE. NIRIE FedUp 7EXXFEHL T AR E M, A
CAE FEMNIST (3400 4N% /13) A1 CIFAR-10 (1000 N2 ) BB EE T 3 Rl /NEERAESR (R 0.2%,
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# 5 7£ non-IID §J FEMNIST #1 CIFAR-10 ##E& £, REFEETMEERE (%) . T8, ARiTE
B ¢ =038} 1000 MEA#H¥4> CIFAR-10, ] FedDyn EERAEIT 1000 4 ResNet18 18, Xzl
THEREFEN LR, BEEEdE

Table 5 Impact of sampling rates on the testing accuracy (%) over non-IID FEMNIST and CIFAR-10 datasets. Note that

we partition CIFAR-10 for 1000 clients by setting ¢ = 0.8. And FedDyn needs to run 1000 ResNet18 models simultaneously,
which exceeds the upper limit of our computation resources. We thus omit it

FEMNIST, CNN, 3400 clients CIFAR-10, ResNet18, 1000 clients
Method Sampling rate Sampling rate

0.2% 0.5% 1% 0.2% 0.5% 1%
FedAvg 78.88 79.38 79.65 70.70 74.09 75.81
FedUp 81.27 82.43 82.71 72.72 77.41 82.24
FedProx 78.53 79.38 79.88 50.02 63.53 67.97
SCAFFOLD 78.71 79.74 79.96 70.71 76.13 80.13
MOON 78.69 78.99 79.05 70.42 72.27 73.90
MimeLite 78.26 78.87 79.98 53.91 70.68 75.26

FedDyn 79.77 80.01 80.84 - - -
STEM 77.58 77.68 78.88 10.00 10.00 10.00
FedSMOO 79.56 80.64 80.95 71.37 76.64 80.76
FedPVR 78.70 79.93 80.56 70.20 76.59 80.21

0.5% 1 1%). & 5 WS KRR, M RAEREICH] 0.2% B, BT JEHTCE S EHE 4L FedAvg, 1AL
JEH ) FedUp RILTELF, t FedAvg /b 2% HIMERTE. FedUp REFESEATRE B M mZ 51K T
HA SN, R Ry iR MU A R 4555 BR B b 57 AT UK ORI ISR 2 A0 A5 22 7 2.

6.2.3 XIS non-IID ¥IEEHE&EM

K 1 o 1 T JHEAEAN TR non-1ID FEJET e B AU s th 2. v L ER 2, ETA non-1ID [
B, FedUp 72T $da e LARSCHL T B AF OHER A, T T A Hofh 773k RSB T A Fed Avg AHALAA 1
fe, A TR B A R MERE. 1R 3], MimeLite (HCSIGH FE HU A SCHR AR, (H'E R RE B4R
AR R RE. XA DY B BN S, (H TCVE R R SR A AN AR TR 2 [ 22 57 AR SR
[¥] FedUp JiFER =R/ ME A RBUR K EFY, 645 FL 5 Al AEAT Rt i i 3 42 /i % ek BCE R I 3E
s, AT FEAR T IR 2.

6.2.4 MNAMERFSE5EFEHMN

NTIAE FedUp XK P FIR 2 5B &MY R, ACHEERA 3400 NPT
FEMNIST _E [A B RAE R % P2 58 A 8 500 MBS S H5EAMIER 1020 ME S
H5REG. B 2 Vs TN ERERFR . nTDUOWER ] MR S S, BUE T
LRSI RS FedAvg MARIPERESE TCIZILSL (B STEM Al SCAFFOLD). ASCHEH ) FedUp Lt
Frf se 40 BB AR S SR B e 0 A, FHRAEIX P RGO T S0 1 S S v . TR B R, AN
B FedDyn GIANXTLE A, 12 RN B 75 RS T SITA, el T 1H 5 R AT SRR PR,

6.2.5 PHREAMSH
BT, FedUp BE7E 9256 vh 4 i 388 42 03E FEMNIST, CIFAR-10 fiI CIFAR-100, X £6 ¥4 4
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1 (MEIMFE) non-1ID £EX CIFAR-10 #1 CIFAR-100 #iE& £ HERN ERENZIE
Figure 1 (Color online) Impact of non-IID degrees on the testing accuracy of global model over CIFAR-10 and CIFAR-
100. (a) CIFAR-10, ¢ = 0.3; (b) CIFAR-10, ¢ = 0.4; (c¢) CIFAR-10, ¢ = 0.6; (d) CIFAR-100, ¢ = 0.3; (e) CIFAR-100,
q = 0.4; (f) CIFAR-100, ¢ = 0.6

H 2 UG, I B T3 A1 55, Btk MATE# FedUp BEE S IEH T HAMAEEGAHE 52K
1F55 W50, N T iE—2PIAE FedUp FyERI N HYEHE, ATTEL MY Shakespeare SCAK & L ikAT
T =AM AT 55, Shakespeare 4 4R [ J§ F BB - ¥4 FOEXRBIAE & (1 SCHE Bl - 951
) ERXNEIEED, B SUER A OB AP, B H TR 5 XU A [,
ZEE AR B AR AR B S R R A . AEARTT SE R B SR [7) MRE, T — AN 100 AN BREK
BT, —A 8 BN EFLEIE 80 NEMIFIE LSTM 7 2Ka8 K% S XA i 4. Bl 3 /R T FedUp M
2R FedAvg TEMERAZETT A ELEAE O, AT A ER R, 7 SCARTIMIAE S5, FedUp AHXT T34 FedAvg
FEI H T TR AL SIGE R B e R R . IX R B FedUp TEANRIEIE R AT S F A 2 iEH
PE. XA FedUp R2B T FedAvg HIHRAL B AR BA TR 50 TR ZAF 55 A1 ER (1) Ja e 213K, DRtk
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Figure 2 (Color online) Impact of the large-scale clients on the testing accuracy over non-IID FEMNIST
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Figure 3 (Color online) Testing accuracy on Shakespeare dataset
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Abstract Federated learning (FL) is a distributed processing network that focuses on protecting client privacy
data, providing a promising solution for addressing privacy leakage issues. However, a major quagmire in FL
is to train clients’ models over significantly non-independent and identically distributed (non-IID) data, which
would lead to a low-performance global model. Although this issue has been investigated by many previous
works, this paper finds that they have little or no performance improvement over the standard baseline FedAvg
when facing highly non-1ID data, unstable client participation, and deep models, seriously hindering the privacy
protection application value of FL. To address this issue, a new solution called FedUp has been proposed. FedUp
is a robust optimization solution for non-IID FL that improves the generalization robustness of the global model
while retaining the privacy protection characteristics of FL. FedUp minimizes the upper bound of the global
empirical loss function to ensure that the models exhibit smaller generalization errors. Simulation experiments
show that FedUp achieves significant advantages over state-of-the-art methods, and is robust to highly non-IID
data as well as unstable and large-cohort client participation. This solution has the potential to improve the
performance of FL and make it more practical for privacy protection applications.

Keywords distributed network, federated learning, heterogeneous optimization, generalization, robustness,
privacy protection

581



