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Abstract: In order to solve the problem of model performance degradation caused by data heterogeneity in the federated
learning process, it is necessary to consider personalizing in the federated model. A new adaptively clustering federated
learning (ACFL) algorithm via similarity acceleration was proposed, achieving adaptive acceleration clustering based on
geometric properties of local updates and the positive feedback mechanism during clients federated training. By dividing
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Hk, WG EREES, hRIRSASMENLILEE
—MREEBE P kB RHZE 7 b A R
R P AT R THERH R P ik AN HARRS P b
Z T IARALEE 7 81 sim, , AR BN ARABLEE 7 51
HATHE T -

PR, HATRBEAE, BRBEIBE 7 ImBA
YRTRBES o, WIEE b k FAHUE T 51,
VAL TSR N B i 5 R ik R o3 A frE A
B BRI ME BE eval(c, clients) , WRVERERF & T
S E M IE R BRI RIAE B, TIRRIZE P m AR &
P (B R AR, RRRZ% P ikl o 2124 1 2R
FKrh,

B, WIS i k FEARLEE 7 20 A 1) 2% ) iy
AT R VPAG AT, e B4 T ) R 2 7 i 41
AT AR P i A = A R AR RS, ONIAE] T
RRLEFZAE, YUTHEIE A B i AT SR )
AR, PERT L XA LS 7 81 simy, X B i

ESS) PR
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(37 . BRSNS 1% 7 o, SEIAy
R v BRI

B REREE, HBFTH R it S
YA R R IR E 2 G, B AN
H TR NI, RIS 2 AR
45 HANTHESERESH

LA RIRIF 50 A 38 5 #1023t — R 3 2R
KEE, HASHEREEENTEE, X0T
H 2] KI5 A1 N FH A2 — MRR kR . 155
FIEMRBRAESR T RENHERE, HEEGRE
{E I AR T EHAT BT, N T RIOX A, A
SCHE Rl (0 SRR R S 8% ACFL, 1Z8HIE
Mt EEIRE N OWN), Hh N RRE .
ZAE TR T A RRIR IS, ATEEIEA
NIRRT AR RN R LR E K, WARERKE
fHEHRIERIBITRREIL. /£ ACFL Hik, TR
e A HIEN, PR — B E 5 AT A
BBy, AR ISR TR it ]
M B4 7 A s . CFL kMt B 2 4R
O(h+ N>+ M), IFCA HITHHEIRE N OTNM) ,
Hrr, n REBEEILEREE, MARREFEHEA
h=M, TREEZEERPEE GRFRZO, N
T kR . B, ACFL B0k A] LLszHl L IFCA
1 CFL B/ 5 1 FE

5 SIg

AT T BT AU NIE B ACFL By 1) 5k
ek, Sk VAR NARE. ACFL RS
PERERR SN B SRR LR, BIAE 240 7 oy B0 = o
PER AR BOR BRI, A7) e SE B bL 22 M G R A o)
FedAvg B/NWTHEREN B, HA BHIFFRENE.

51 IXWKRE

AR SLI T PyTorch HEZEPSISEIL, K4l
GRFEARMRAEIKR 7 EE (Dirichlet) 4347 RAESE H 5
AL 20 /N5 P i R AT A HL A B 1Y) non-TID 434 JE
X, Y% T MNISTP® CNN (convolutional neural
network) Al EMNISTP' CNN X 2 MR, szt e
WERRIBRLE —AS 6 2 CNN BiRIBS g Lrig N 2
(INPUT, 11D, #%&#Z (Convolutions, C2). it /Z
(Subsampling, S3). #&F{Z (Convolutions, C4). 4
ERZ (FS) M2 (OUTPUT, 06), X B A&
RN E N 5%5, KA ReLU BUE K. LLAk,
FERFRA RIBAEIEARNT, BB R P ks T Ao

FEARFEAT AN ZR 5 EL epoch 2 15, FH T A5
H11) batch_size 4 128, 2E3]%A 0.1, ARCPHAL T
TEARFFEE M non-1ID Hdf 7i :AE LT, (M
CNN FERI 5T 2 R 545 MNIST A1 EMNIST i itk
B 2 ) I R A AR 1 i
5.2 non-1ID #IEEME K

ASCAE MNIST F1 EMNIST ##5 8 1 e hit E 6l
T E TR MRS S BRI
AR P ity b A HU BRI TR SR ARG R, TESLER
HATEAR R i), 2567 I8 IR HLE) non-1ID )
Gy ITVEN P v oy FC A, A e A A
EFRIGNT L TR My . BRI, AR EAR Y
FEABRZE I 3 A RS FEARFEATRI 53, DA S R L
FH IR AN [ 25 P i (1) 4508 5 22 0 non-11ID JE .
FHE R 10 B AR AR i B R AR 2 oy
FiRATREZ A, Wl UL AR REA
B IR A 0 B R 2 B TR B 2% o b o ARS8
X Dirichlet 7347 bR £ T BEALRAE SR AF 20 bR 25
SIARHERE, AT MR RN K FEAFZ i 1
MER A3 Ao A T IR E non-TID F2 B (1% 7 i 5L
W, % E¥s Dirichlet /G KA S HA & o WE N
1.0, 0.8, 0.6. 0.4, a M7 FFIEFEE, HEM
N, B SRR R OR . R RS S ER IR
(12 o VUS540, ARG 70 P AT 1A ) BEAS E 8
FETERE 0°0 90°, 180°F1 270°, AEf% 4 R HAT i& i
RREEMI 2 Ui o
53 5RO

AT VP AR B M 5 A AL i )
ACFL S92 i S B A g 5 1tk BE PEA EL 35 v
UL R BRE e o 1 Y B AR O R 4 . AEAR A Sk
M, N T IRAE ACFL Sk IS SIGH FE 1k
455, 75 CNN A F 5 [FFE N H & B LT
CFL #ATXFE . 9 T R ACFL 53%TH % non-1ID
B i TR RN, o I AE AN [R) R B 0 = o
PR Szge w7 CFL &P treaAP L &
FedAvg 5, Bb4h, AT U64F ACFL 53k Bt
ANTHFE P non-TID %4 Bk % i (1) s PR AL 34, 43931
FEE T HELR B CFL. IFCA. FedAvg B 7
PR B i 2

1) HERIUSSIGEH B 43 #r

AFIE CNN B8 ES2I % b 7 ACFL AiJkZk
% CFL fER S E A ks, il s
Fiim o



53 391 KRB T HUEIE ) B I8 RIS 5] 205 -

08

TR

1 1 1
50 60 70 80

1 1 1
0 10 20 30

40
WERIR
s s

MK 5 FTLAE S|, ACFL B & hniE 7 RBBEH
RS SR, (E55 40 RCiBME I & s bl o
FIAFIZEMR, NERE 5 84 RiEE, RBBIIHE
BB B Tk CFL HIEMEE 40 ST T
Z PRI P R A, 23T 20 34 )RiEfE
A BRI S SRR . ACFL BIETEYR S
WE EEARMEREYS T EATELZS NG IR
PR, MRWHE A TR b7 53T 1E mE
GG STNIES S S

2) HERfE

KA ACFL kAN 3 Fhike Skt iT 7 xt
Et, B CFL. IFCA F1 FedAvg 5vZ. £ Szt i,
WHEITA & Pl Z SHRIIZ. EHEE 1 AR
W, BB T A R A AT A
I 25 1) #6 %0 epoch N 15, FH T A% Hh 58 1)
batch_size 7y 128, “#>J%Ny 0.1, X T HRKPLFHHL
BEIVEREVEANY, MR~ kT BES 5B
WZRI% P o R 2 A — AN AEE, A SCEprA 2R
T PN [R5 7 ity 2 T B AP A IR TR 4 H R LA
AR A b R HERf 2R, B T A & s
TSV B 22 1) P 3B R AT AN R R M B
4 FRPFBEIEAEA R 7R AR R 24T MNIST
FTEMNIST ## 82 il vErf 2 a0 1 fraw .

Wik E 1 ATLLE B, ACFL HIHERHRAE MNIST
BIEET a=0.8 IF LA K& EMNIST $#54 T 0=0.6 i}
FHXT FedAvg BB RS FESRTH B, 0l &
T 0.096 £ 0.147 .7 MNIST Al EMNIST $(#E 4T,
ACFL 1 CFL SBE1 T3 HER 2258 0.912 5.
0.916 7 F10.685 75. 0.693 5, it &1, ACFL H
IR B T A CFL 5092 L AH R R 3 o /£ MNIST
1 EMNIST ##i% T, ACFL. CFL. IFCA HJ°Fy
WIS FedAvg HVEAHEL 0325 T 10.8%.
11.3%- 4.67%F1 28.37%- 29.82%. 14.52%. FEISHk
HEEAM R T HEMR SR RIE R, 7 uE T
FIRH 5 2] FEFOR B LR AR S o R Hb,
ACFL SRR 2 R BAR AR I, Ve RE A B T 28R
R . 5 FedAvg HVEAH L, ACFL 5% 7E MNIST
Hoil S P BRPERESR = T 10.8%, TAETE = 2% 11
EMNIST a4 NECRIBEAL M REAE &1 1 28.37%.

SRR, SR SIS B A AL 2 B
FERIHAREE FedAvg S0V Hh B — 4 Joy GRS 284 1 1
RETEAL . IEWIER 1 WA S B % ACFL, HAE
2 AN EIEE SR N W] LASEEL S CFL S0 AH T AR
PERRERE . 4.5 F45 T ACFL Al CFL 5L
B HE 5 AN OWN) Ml Oh+ N>+ M), BWRE
ACFL S350 DL AR AT H S A sl 5 aE N R
FRIH CFL JUP— 8B g - ACFL 5% &5
L TFCA B AT m AR fEff %, /2 i ACFL
FEAHEL TFCA REIRAS TE AP ISR, 1K 2 RN
{E IFCA T, AN[FEZRIENE i IR 2 BENL ,
BT & P o5 21 i FL BN [ 2R i, AROKAT Re 20
ANF R o AR R R o B R — MR R R, &
it IFCA FEEBEIN GG B R AT AR A0 7 5
SEIE A ERRE P BEEAEE,
T B UL 20 e o A A ZE ORI & i . =
BB 23R AT I A oA BOCHIOASE B 1 BB A L 1 o B B
EEE IS

=1 4 MEXFEEENEHIE R R EE TET MNIST #1 EMNIST #3880 EfRZER

MNIST EMNIST
‘ ACFL CFL IFCA FedAvg ACFL CFL IFCA FedAvg
1.0 0.913 0.914 0.862 0.838 0.685 0.691 0.619 0.533
0.8 0.910 0.916 0.866 0.814 0.683 0.699 0.611 0.536
0.6 0.908 0.919 0.863 0.820 0.678 0.686 0.602 0.524
0.4 0.919 0.918 0.857 0.822 0.697 0.698 0.615 0.544
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D EANFE S R VE S & T IR R HE B 5 7 2
I -

WL 1 g ik T R R SRR 4 P AGE
SFEPEREE T RTERER I, W LIS 2] ACFL F1J
fibn 3 o3 2 I ) R 5 v B s FR B 1B 6 Bir
e M 6 ATLLE R, 3 RSO S
St VE BN 4R B ES AR T 2 IOR Se X) SVA
FedAvg, X Uil RIRPEIBELVE LA 9 i) Fa e v

wav, , =

)

e
0.6
1 MNIST
0.5 H mm EMNIST __
§£ 04f
E
%- 03F
-(
ﬁ“%k 02t
=
o1t |_|
0
ACFL CFL IFCA FedAvg

Pl 6 4 A Lid ¥ B e o ok e B 1R HOrT b

R, 7£ MNIST #4458 ~, ACFL %4 7=
YIS BB A S FedAvg HI—2F, FILHHIL
SRR E M, X R R 2 ) Bd
JoE PR R A AR L EE

b4k, DL MNIST ##EE kit 4 PhEELE
EMNIST ¥4 £ T £4h o3 14 35k 20048 50000 Sl i o
WAER KA, ACFL SHI%I3 5008 E 2 22%,
Ifi CFL. IFCA. FedAvg [ ahlEE 7378 111%.
31.5%- 42%, tHEi/eil ACFL 7EARFEEESE A+

RIVEAZ MBLL KBS, 1 CFL. FedAvg 5
R EL 7R RSN, XU ACFL SEN %
PE SR IR ST & B

6 ZHRIE

ARICHH T — P ERRRF S B ACFL, B
TE I3 B 38 2% >0 B340 S5 o P 0 A 28 P g o P K
i o ARl 2T SRR A RN SR S8R 1) 4% 4t SRRk
) HkL, ACFL ByESE T 7% 7 bt 7 SRR B
AE AL BRIATL A SE IR T A 7% 7 ity (4] 3 2 R SR S
HFHEFHEMAIT EERE. f£5T MNIST
EMNIST ffJ CNN #i%_FseagasiE 7 ACFL 7E32 &
T R AR 14 B8 U T A Rt . AHECIA 1 3R
JEEFR CFL, ACFL £ CNN MRS b4
=T 25%, fets AT SRR CFL LT
FAFI I UERA SR o b4, ACFL #£ MNIST Al EMNIST
BARLE S AH LA GBS 5L FedAvg ~FIHERG % 4y
IR T 10.8%A1 28.37%.

S K :

[1] MCMAHAN H B, MOORE E, RAMAGE D, et al
Communication-efficient learning of deep networks from decentralized
data[J]. arXiv Preprint, arXiv: 1602.05629, 2016.

[2] KONECNY J, MCMAHAN H B, RAMAGE D, et al. Federated
optimization: distributed machine learning for on-device intelligence[J].
arXiv Preprint, arXiv: 1610.02527, 2016.

[3] KAIROUZ P, MCMAHAN H B, AVENT B, et al. Advances and open
problems in federated learning[J]. Foundations and Trends® in
Machine Learning, 2021, 14(1/2): 1-210.

[4] £5, ZER, ZIF5. BRI SURIEM SRR [T AR, 2023,
34(3): 1168-1192.

WANG Y, LI G L, LI K Y. Survey on contribution evaluation for
federated learning[J]. Journal of Software, 2023, 34(3): 1168-1192.

[S] TAN Y, LONG G D, LIU L, et al. FedProto: federated prototype
learning across heterogeneous clients[J]. Proceedings of the AAAI
Conference on Artificial Intelligence, 2022, 36(8): 8432-8440.

[6] LI Q B, HE B S, SONG D. Model-contrastive federated learning[C]//
Proceedings of the 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Piscataway: IEEE Press, 2021:
10708-10717.

[71 SMITH V, CHIANG C K, SANJABI M, et al. Federated multi-task
learning[J]. arXiv Preprint, arXiv: 1705.10467, 2017.

[8] HU H P, WANG D, WU C. Distributed machine learning through
heterogeneous edge systems[J]. Proceedings of the AAAI Conference
on Artificial Intelligence, 2020, 34(5): 7179-7186.

[9] XU J, GLICKSBERG B S, SU C, et al. Federated learning for
healthcare informatics[J]. Journal of Healthcare Informatics Research,
2021, 5(1): 1-19.

[10] TAN A Z, YU H, CUI L Z, et al. Towards personalized federated
learning[J]. IEEE Transactions on Neural Networks and Learning
Systems, 2023, 34(12): 9587-9603.



5530

KRB T HUEIE ) B I8 RIS 5] - 207 -

[11] CHEN F W, LONG G D, WU Z H, et al. Personalized federated
learning with graph[J]. arXiv Preprint, arXiv: 2203.00829, 2022.

[12] LONG G D, XIE M, SHEN T, et al. Multi-center federated learning:
clients clustering for better personalization[J]. World Wide Web, 2023,
26(1): 481-500.

[13] BRIGGS C, FAN Z, ANDRAS P. Federated learning with hierarchical
clustering of local updates to improve training on non-IID
data[C]//Proceedings of the 2020 International Joint Conference on
Neural Networks (IJCNN). Piscataway: IEEE Press, 2020: 1-9.

[14] SUN B C, FENG J S, SAENKO K. Return of frustratingly easy
domain adaptation[C]//Proceedings of the Thirtieth AAAI Conference
on Artificial Intelligence. Palo Alto: AAAI Press, 2016: 2058-2065.

[15] VAHIDIAN S, MORAFAH M, CHEN C, et al. Rethinking data
heterogeneity in federated learning: introducing a new notion and
standard benchmarks[J]. arXiv Preprint, arXiv: 2209.10526, 2022.

[16] CORINZIA L, BUHMANN J M. Variational federated multi-task
learning[J]. arXiv Preprint, arXiv: 1906.06268, 2019.

[17] HUANG Y T, CHU L Y, ZHOU Z R, et al. Personalized cross-silo
federated learning on non-IID data[J]. Proceedings of the AAAI
Conference on Artificial Intelligence, 2021, 35(9): 7865-7873.

[18] SHOHAM N, AVIDOR T, KEREN A, et al. Overcoming forgetting in
federated learning on non-IID data[J]. arXiv Preprint, arXiv:
1910.07796, 2019.

[19] LI D L, WANG J P. FedMD: heterogenous federated learning via
model distillation[J]. arXiv Preprint, arXiv: 1910.03581, 2019.

[20] LIN T, KONG L J, STICH S U, et al. Ensemble distillation for robust
model fusion in federated learning[J]. arXiv Preprint, arXiv:
2006.07242, 2020.

[21] HE C Y, ANNAVARAM M, AVESTIMEHR S. Group knowledge
transfer: federated learning of large CNNs at the edge[J]. arXiv
Preprint, arXiv: 2007.14513, 2020.

[22] HUANG L, SHEA A L, QIAN H N, et al. Patient clustering improves
efficiency of federated machine learning to predict mortality and
hospital stay time using distributed electronic medical records[J].
Journal of Biomedical Informatics, 2019, 99: 103291.

[23] GHOSH A, CHUNG J, YIN D, et al. An efficient framework for
clustered federated learning[J]. IEEE Transactions on Information
Theory, 2022, 68(12): 8076-8091.

[24] SATTLER F, MULLER K R, SAMEK W. Clustered federated
learning:model-agnostic distributed multitask optimization under
privacy constraints[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2021, 32(8): 3710-3722.

[25] LI T, SAHU A K, ZAHEER M, et al. Federated optimization in
heterogeneous networks[J]. arXiv Preprint, arXiv: 1812.06127, 2018.

[26] YAO X, SUN L F. Continual local training for better initialization of
federated models[C]//Proceedings of the 2020 IEEE International

Conference on Image Processing (ICIP). Piscataway: IEEE Press, 2020:

1736-1740.

[27] KARIMIREDDY S P, KALE S, MOHRI M, et al. SCAFFOLD:
stochastic controlled averaging for federated learning[C]//Proceedings
of the 37th International Conference on Machine Learning. New York:
ACM Press, 2020: 5132-5143.

[28] FALLAH A, MOKHTARI A, OZDAGLAR A. Personalized federated
learning with theoretical guarantees: a model-agnostic meta-learning
approach[C]//Proceedings of the 34th International Conference on
Neural Information Processing Systems. New York: ACM Press, 2020:
3557-3568.

[29] DINH C T, TRAN N H, NGUYEN T D. Personalized federated

learning with Moreau envelopes[J]. arXiv Preprint, arXiv: 2006.088438,
2020.

[30] KHODAK M, FLORINA-BALCAN M, TALWALKAR A. Adaptive
gradient-based meta-learning methods[J]. arXiv Preprint, arXiv:
1906.02717, 2019.

[31] GHOSH A, HONG J, YIN D, et al. Robust federated learning in a
heterogeneous environment[J]. arXiv Preprint, arXiv: 1906.06629,
2019.

[32] LIU B Y, GUO Y, CHEN X Q. PFA: privacy-preserving federated
adaptation for effective model personalization[C]//Proceedings of the
Web Conference. New York: ACM Press, 2021: 923-934.,

[33] LIM WY B, LUONG N C, HOANG D T, et al. Federated learning in
mobile edge networks: a comprehensive survey[J]. IEEE
Communications Surveys & Tutorials, 2020, 22(3): 2031-2063.

[34] ZHAO Y, LI M, LAI L Z, et al. Federated learning with non-IID
data[J]. arXiv Preprint, arXiv: 1806.00582, 2018.

[35] PASZKE A, GROSS S, MASSAF, et al. PyTorch: an imperative style,
high-performance deep learning library[J]. arXiv Preprint, arXiv:
1912.01703, 2019.

[36] DENG L. The MNIST database of handwritten digit images for

machine learning research[best of the web[J]. IEEE Signal Processing

Magazine, 2012, 29(6): 141-142.

COHEN G, AFSHAR S, TAPSON J, et al. EMNIST: extending MNIST

to handwritten letters[C]//Proceedings of the 2017 International Joint

Conference on Neural Networks (IICNN). Piscataway: IEEE Press,

2017:2921-2926.

[38] ZHOU S R, TAN B. Electrocardiogram soft computing using hybrid
deep learning CNN-ELM[J]. Applied Soft Computing, 2020, 86:
105778.

[37

EE &N

KREE (1978 ) , L&, BRITMIRIEN,
Bt WA/RER T RIS, EEMR
7 NRETA 5 224 IR AN IR AT B

BIRE (1996— O , H, WEAOAN, B
SRR TR SR A, EEEHT R T [ Bk
MEE

RS (1979— O, B, BEITIIRIEN,
e, WARIEE T RSHEE, FEMRT
AT . TR, 5 R4,
Agent FiAREE,



	16-230566-1 ˚

