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FedGMH: research on label interference elimination
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Abstract: Personalized federated learning has garnered significant attention due to its advantages in addressing data
heterogeneity and privacy protection. However, existing algorithms predominantly focus on balancing the contradic-
tion between global and personalized information, often overlooking the interference caused by distinct label informa-
tion within global features. Particularly in algorithms maintaining a single global head, conflicts between label-
specific features can lead to convergence challenges. To address this, a novel algorithm—federated learning with
global multi-head (FedGMH) was proposed. The proposed algorithm creates multiple global heads on the server, each
dedicated to processing one category of label information. Clients selectively download global heads relevant to their
local labels, thereby avoiding interference from unrelated label information. Furthermore, FedGMH incorporates a

parameter-level aggregation mechanism: it assesses the importance of head parameters and updates critical parameters
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to a weighted ensemble of the global multi-head, accelerating convergence and improving accuracy. Extensive experi-

ments on three visual datasets demonstrate that FedGMH outperforms state-of-the-art baseline algorithms.

Key words: personalized federated learning, data heterogeneity, label information, global multi-head, head parameter
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FENO(|Su| - L)

5 FedAvg AR #EA M I SR AH LE (R4 FE N
O(|Dw| - Co)s Co 52 HEAERL R 15+ I 1) 15 1 1)
WHEME), FedGMHM T O(|D,| - Cy+L+

]Sm]-L)E@%ﬁ9Fif§i§?%ﬁo LS, |38z T
| Dy |y EBEHSMTHAE TRAE M EIRI 4T
— ERANTRT AR R, 3X — EB 4T AR A Hh I 25
o 011 B2 s SN Ei0 Rt S5 o = 5 N G 0 e | 2 9
WEARKT— MR, DUEERE S k5288
& EREISCEZMEN T, X—H5HHae
GRS Gi P
234 [BAMRIP

7E FedGMH 1, % 3t m 19 45 b Sk 34 b,
AR RFAEBE X3S @), S PR BEFE A b, I8 I Y 25 4%
B 1) A ST R AE 7] & DA R B A 25 2800 s
FA Ry Sk b, BT DA D SR 7 A% o R X e B
P A, BTG I8 e X I i (1Y) 5
BRI R AR AR k. Ik, FedGMH
BAE KRR R A, WHIE™ LS
WA BB FA R AL 3 — D 4w B A %
o
235 FHAEAEN

FedGMH )42 &) S8l & M™% 55 T 4 bR A
B, RN REREEAE ., X BRI IS N
Pty A HIBRZE BN . 9% it A H BT AR
2T, AR EAERA AL S TR 00 B 4 SR
SKEBRIAT o g8 4R Sk B U 56 A B AR 2SS
TEMBNAS I R b R AP AR 2, X T
P R, R BN B A AR 2 A A R Sk R
AT, AN G M) A 1 Sk 3508 £ B S A0 AR 25 B4 1) 2
s R MRESERUL, AR TR — 5
AHSHIFEA, A E R0 4 R Skl 15 2

3 WSS

3.1 XWgE

AL ARG AT i FedGMH
ISR IR S R IR 2 2] B3 CRLEE TFL SHLvA A
PFL 535D, T 3ANMATMEIEE, O
MNIST™), Cifar10P7, Cifar100P™, % T~ B4,
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ARSEY 44 10 4 2 CNNU2810 O H i E 7
KM 2] =0.01, FRBRER1%. N T
BALL I S il 55, ARSI T3 R 2k
F v s, % T MNIST Al Cifarl0 ¥4 4
¥ % H ExDir(2,0.5) A1 ExDir(2, 5), X}F Cifarl100
¥ 4 9% % Bl ExDir(5,0.5) f1 ExDir(5, 5), b,
o BN R R R R, Bla=05a=55%
JRME .

FEASEIG R, BRUCKEHE 5 1) T G B s 4% 9
JEE (R 3K R 5 TR SR 4y B 45 100 AN 7 i, SR
WA o b U 7 B RO RS (75%)
AR E AR (25%) . AHL IR RN 3 &
100, AHFIINZREEIREE N 2% . T MNIST
Ml Cifarl10 #HE 4, 2/ N 200 %, T X T
Cifar100 £(#5 45, AR IR A 300% . &7 i
2 5 R E Np=20%. {E£FedGMH 5y, i
SHPUENOS, nyBEN1.0. fERRAHE
BRI, 0T PFLANE, AN P ol &AM
AR BITE MR A 5L HERI 2, T TFL &2,
FEANE T it 0 B 4 SR BB E AR B 4 B ) HE R
2, SRIETHE T & b 7E AR 1S T HE A 2
ASCAE S B A [ (1 B ML R T R A8 4T BT A SR 58

H A2 SR A IR S0 Hh BT A R AR TR 1 e I
.

A S K FedGMH 5 5 HoAth TFL 59240
PFL 593047 L8 TFL 534 FedAvg!'* il Fed-
Prox*", PFL % ¥ A Ditto®'!. FedAMP™,
FedCP"®. FedFomo®®. FedGH!"®. FedPer'",
FedRep!'"'. FedRoD!HI LG-FedAvg™!.

3.2 MEMFEIIE

SEIGIEAT FedGMH R ARBEIR % ) 509, =
SRIG MR o AT 55 R 2 2R 2

M4 % 2 A7 &1, FedGMH VLA i A 15 0L T
HER R B, I SVE I T HAB B 2 >
S%. 1E Cifarl00 B4l 4 T, FedGH 5Lk /2 1R
SNSRI B, XA R R R %
BN AR Sk, SRR & i T 2 A
- 35 KR AIE 1] B 25 AR 55 4% P A i A R Sk I 4%
MEFTMER (@=0.5) WFsN, B—HakRk
FOME AW S, X P 5L 15 FedAvg 2518k, FedAvg
W Rie ik b & P un A b B RS, Bk
% AR RA X B B — A, R e S
AR5 N, FedAvg ML S . 17 FedGMH
PG B — AR Sk R B S bR S = —

*2 ESRPEGSREZHERHER

" MNIST Cifar10 Cifar100

i ExDir(2,0.5) ExDir(2, 5) ExDir(2,0.5) ExDir(2, 5) ExDir(5,0.5) ExDir(5, 5)
FedAvg 88.30%+0.95%  92.28%+0.72%  31.30%+1.05% 35.91%+0.82%  9.73%+0.39%  10.86%+0.42%
FedProx 88.52%+1.21% 92.25%+0.76%  30.73%+1.00%  35.80%+0.75%  9.90%+0.43%  10.87%=+0.17%
Ditto 95.96%+0.12%  96.98%+0.18%  91.06%+0.09%  77.06%+0.39%  71.41%+0.51% 55.45%+0.81%
FedAMP 97.18%=+0.09%  98.26%+0.10%  92.11%+0.13%  80.33%+0.45%  76.03%+0.40% 61.59%+0.38%
FedCP 98.20%+0.15%  98.43%+0.15%  92.00%+0.13%  81.95%+0.21%  73.85%+0.46%  61.17%+0.31%
FedFomo 98.20%+0.10%  98.40%+0.16%  93.10%+0.10%  79.74%+0.46%  73.70%+0.42%  59.13%+0.36%
FedGH 89.73%+0.96%  98.21%+0.07%  79.26%+1.40%  82.11%+0.33%  58.86%+2.31%  56.13%=+0.74%
FedPer 98.42%+0.08%  98.33%+0.22%  92.19%+0.17%  82.05%+0.45%  74.76%+0.50% 61.72%+0.56%
FedRep 97.94%+0.22%  98.24%+0.20% 91.67%+0.31%  80.63%+0.46%  72.14%+0.65%  59.25%+0.62%
FedRoD 98.18%+0.06%  98.45%+0.18%  91.69%+0.17%  81.13%+0.23%  72.45%+0.31%  59.13%+0.54%
LG-FedAvg 97.61%+0.14%  98.27%+0.15%  92.23%+0.15%  80.97%+0.33%  74.30%+0.41%  59.95%+0.51%
FedGMH 98.66%=+0.15% 98.75%=+0.06% 93.92%+0.15% 82.50%+0.34% 77.47%+0.07% 62.99%+0.41%
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FEZ A RSk, IF R SR 20T L R Rk 7] &
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4 JR) 3k 7 HHE S T I LR U St £
HME R

FedGMH 5 9 # Ji& ifE 55 78 Cifar100 b [ 74
Retn & 3 from. FEEI3 A UM R A S|, FedGH
S, R —H I8, 1 FedGMH &
BRI B AE. IS B 70% 1R R H AR,
FedGMH X 75 68 &, 35 PR T b A et (1)
FedPer (108 %) Al FedAMP (120%%). fEH# ™
K1 75% #ERf R H A5 N, FedGMH X% 185 & AJ
AL #, 1 Fed AMP 1 FedPer 43 il 75 E 240 %& 1
207 %6, HIHEIE 200 # . X EELE R FE IR T
FedGMH 1t 7 (1) PR WL S e )
3.3 T REIMAMEIR

FERCFR S 2) i, B8 2 (A MRS TR BRI /D S 1)
WAEH R, AN A1 & P R AR
AL EANF A A IR E={4,6,8,10f, FF{E
ExDir(2,0.5)73 4ii | 1) Cifar10 ¥4 45 b 58 il Sz %
7E Cifar10 b F AN [7] A b & Uk 1) %6 3K 3,
HAo AR A IR E=2 ()i st B ILK 2.

HHEZE3 A&, %7 Ditto 5k, HARBITES)
FARIITETE 2 (AR A I A5 B s I TR 2

& 04

0.3
{ -~ Ditto —4 FedPer

0.2 § = FedAMP —o- FedRep
-~ FedCP —~ FedROD

0.1 +— FedFomo —~ LG-FedAvg
7 FedGH  -» FedGMH

0 50 100 150 200 250 300
i/

K3 FedGMH 5 9 Fl &SI Cifar100 14 RE

BIVRT DAAE AH [R] A 5 25T ek 4 R EAS RS IS B
Horb TFL 5592 DA N FedGH O #E R R 42 T i ] &5
XU T4 — A R (ER — 4 )R 3k
O MR, R TS SN, Sm
A HEE IR e R R AR S S ZE I MERR . ZEAN TR
AR HEC KT, Fed GMH S35 1) 5 AR VA S5 35 O fie
PRI R L AR 2 S B AR
34 ATEWEER
RILHFBIRS AR S, RIIR S 248
Refif 2% P2 SRR, REAFNS
5535 p={40%, 60%, 80%, 100%}, Ff-7E ExDir(5,0.5)
43 A R ¥ Cifar100 £ 45 48 56 A IS8 5% . 7E Ci-
far100 FAEHANEZ 5 R HER % W& 4. TFLAE

% 3 7 Cifar10 HEAARRARME R ANERR

AN A A i I HE TR
Sk
4 6 8 10

FedAvg 34.40%+1.22% 37.34%+0.81% 39.01%+0.63% 40.67%+0.60%
FedProx 34.60%+0.97% 37.48%+1.56% 39.51%+0.44% 40.53%+1.06%
Ditto 91.06%=0.13% 91.01%=+0.15% 90.98%+0.12% 91.11%+0.09%
FedAMP 93.06%+0.14% 93.50%=0.14% 93.71%+0.15% 93.83%+0.14%
FedCP 93.20%=0.15% 93.98%+0.20% 94.31%=0.11% 94.71%+0.11%
FedFomo 94.10%=0.08% 94.53%=0.09% 94.78%+0.10% 94.95%=0.13%
FedGH 80.52%+3.47% 82.82%=1.46% 83.06%+1.16% 86.42%%1.19%
FedPer 93.24%+0.19% 93.82%+0.22% 94.16%+0.14% 94.42%+0.20%
FedRep 92.25%+0.27% 93.23%+0.17% 93.54%+0.20% 93.69%+0.25%
FedRoD 92.96%+0.15% 93.94%+0.01% 94.28%+0.03% 94.52%+0.05%
LG-FedAvg 93.07%+0.13% 93.35%+0.12% 93.62%+0.06% 93.81%+0.09%

FedGMH

94.78%+0.20%

95.08%=0.19%

95.16%+0.18%

95.16%+0.22%
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%* 4 1ECifar100 EERAA RIS SRIERHE

ik Kt
40% 60% 80% 100%

FedAvg 9.47%=0.40% 9.03%+0.37% 8.46%+0.39% 7.82%+0.46%
FedProx 9.52%+0.49% 9.02%+0.44% 8.46%+0.45% 7.81%+0.50%
Ditto 74.90%+0.34% 76.19%+0.29% 76.82%+0.26% 77.08%+0.23%
FedAMP 79.04%=0.12% 80.04%+0.18% 80.43%=0.13% 80.61%+0.14%
FedCP 75.66%+0.58% 76.91%+0.46% 77.44%+0.37% 77.99%+0.22%
FedFomo 76.78%+0.16% 77.68%=0.14% 78.18%+0.16% 78.33%+0.23%
FedGH 66.60%=+1.23% 69.17%=0.54% 72.46%+1.12% 76.62%+0.35%
FedPer 75.35%+0.33% 75.10%+0.30% 74.78%+0.31% 74.40%+0.35%
FedRep 73.93%+0.28% 73.93%+0.34% 73.53%+0.34% 73.12%+0.33%
FedRoD 71.84%=0.75% 70.44%+0.98% 68.61%+1.04% 66.90%+0.96%
LG-FedAvg 77.19%+0.26% 78.09%=0.19% 78.46%+0.14% 78.61%=0.11%
FedGMH 79.73%+0.18% 80.56%+0.23% 80.74%=0.12% 80.71%+0.16%

HRMZEET, MAHEFEAR TR, X2H
a4 e Sk b 58 22 1 AR AR [R]  Ar s 10
N> T ER A Ry R AR T M A R 3 B I P A
ZHRE, T SECERE R, EARSR T, WE
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AW RS, R RUOZ R AN Sk
Ak, PSSl 2 2] 2 /s B UL A
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N, FedGMH 53 1) 5 R HERA 2240 T~ FAIBC R 2
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3.5 HERMR
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PPl R RS A B R G . A4
JR 2 SRR, WE N — ARk, K
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BERE, Wl A0 RBEEIELSLEE, FR

Hen% NFedGMH-avghead (4554 GMH-a).
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H FedGMH ({1 MRBLARBGH , AR — 4
2, I BAER AN, A AR L
AR T RS i QD RE/2A41E
Wk, Ha T ARk, HAEEAaLN
FedGMH-oneavg (%% J% 5 FedGH A [A], FedGH
WERAGERRHMARLITH LT, 5 H
GMH-o0a) .

N
m

1 -1
h,= > h

— h (100
D,

h;:J{hZI+W’U (1D
N T IR FedGMH R 8 (45 %P, £ ExDir
(2,0.5)5° 47 F [ MNIST # Cifar10 Z#5 4 -, DL
ExDir(5,0.5) 734 N ] Cifar100 $38 4 b 58 il fil
W7, HRWELZNBRINERN R E . 7234
B LT VE RO ST AR R WA S
FEIX 3N T, GMH-o FIAERG R A2 E
GMH-afiX, i M4 )5 2 SR L 12 0 i 2 K fir
BRAKBIE I EE, 452 i ak
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x5 FESMHIRE EHITHAMMARAERE

Sk s
MNIST Cifar10 Cifar100
GMH-o 97.79%+0.05%  92.60%+0.15%  73.13%+0.47%
GMH-a 98.32%+0.15%  93.60%+0.16%  76.33%+0.38%
GMH-0a  96.27%+0.48% 86.24%=1.06% 63.34%+1.38%
FedGMH  98.66%+0.15% 93.92%=+0.15% 77.47%=0.07%
Z I AR AR -

K4 JEoR T 1 Cifar100 34l 4 I, 3RS IEL
%5 FedGMH M HER AL 1E .

M4 Fr, GMH-o T %A £ 44 73k
TE—FFaA M LSS, L3 4 R e Ik BT 300 SE i
AFiEW sk, FHEREMARBEEA RS, i
GMH-a & A #% RSN B AT RS, BRI
SOEFE FLREEE— i, JF B Rk —
4, GMH-oa H— A 4afmskif, JF A %Rk
WP EREGLNSE, FEHE L.

0.8
0.7
0.6
s 0.5
=0/
0.3 11:":
H —-—-GMH-o
0.2 —-GMH-a
0.1} ---- GMH-oa
’ — FedGMH
0 1 1 1 1 1
50 100 150 200 250 300

2K
K4 Cifar100 ##lidk b 3 A5k
FedGMH 171 AL L

3.6 HBEHLXHW

fE FedGMH ™, 2% g% 14 % ) I (E A
SR G AL SIS E R L], 2%
HBR, Fona)m 2 R E AR IS 5 AL
B2, WA A B XS
ExDir(5,0.5)/3 4 T ) Cifar100 ¥ 4E F5ep, W&
25 p={0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1.0}
£ Cifar100 A8 F A [F #8 2 £ g 1 #EHf % 3L 6,
PHIR/ANKT T B AR AT R UL R BN . Bk B

(A8 G0 47 A8 4K, FedGMH f #E B K 4G & & T
GMH-a ] 76.33%, Bl 4% ¢ Z 57 & 3R & ki
BREHLE 2 LU a7 B0 10~ 35 B8 S 0 B0 A 0t 42 v
B2 (BAE % S5 50 TP 5% /N Y B R IR 2
FedGMH (280 R & 77 A 5 A BRI R E
PR, OGBS E VT AN AN BB AL O A6 50 U b~ i
AR MAMAS S, 45 g1 — 52 V6 Bl N AR A,
BRIV REAS 2 H KR8 3D

% 6 {ECifar100 EER T EBESH pHERE

WS RS
0.1 77.76%+0.19%
0.2 77.52%+0.39%
0.3 77.60%+0.22%
0.4 77.56%+0.22%
0.5 77.47%+0.07%
0.6 77.48%+0.30%
0.7 77.56%+0.32%
0.8 77.42%%0.27%
0.9 77.62%+0.24%
1.0 77.43%+0.25%

3.7 BE¥n, X

fEFedGMH ', HZH ), NA kTR 21 %
£ ExDir(5,0.5) 7 4 N 1 Cifar100 4/ 55 I 5¢ B A
RSESy, WE S H = {0.01,0.05,0.1,0.5, 1.0}
£ Cifar100 b {81 F A~ 5] 68 2 54 i HE i 22 L% 7,
AEB 2B KM K, XRBENE i b AR
PR %% 2% BIUFAIE [F) BN P SRR AE ) &, DR AR 55 4%
FA R AN 54 SR Sk 3B R AIE ) i B0 b, BT DA
BLEL R 12 2 R4 5 S N ghid 72 . 7R
Z5 T, FedGMH [ ARAER %4 76.06%, L
H: i Fed AMP [1) 85 = 11 %6 76.03% 18 i

= 7 #ECifar100 LIER A EBS# , BERE

BE K, HIZTHES
0.01 76.06%+0.30%
0.05 76.27%+0.25%
0.10 76.51%+0.25%
0.50 77.07%+0.30%
1.00 77.47%+0.07%
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