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Abstract Federated learning,due to its inherent privacy-preserving nature,has gradually become a widely recognized framework
for distributed machine learning. However,it faces significant challenges such as insufficient generalization performance,degraded
convergence efficiency,and data skew,particularly in the presence of Non-I1ID data. Using pre-trained foundation models to miti-
gate Non-1ID issues has emerged as a novel approach,leading to the development of various solutions. This review examines exis-
ting works from the perspective of pre-trained foundation models. Firstly,it introduces foundation model methodologies and pro-
vides a comparative analysis of typical foundation model architectures. Secondly,a new classification framework is proposed from
three perspectives: modifying inputs.retraining parts of the foundation model,and parameter-efficient fine-tuning. Finally, it ex-
plores the core challenges of this type of work and outlines future research directions.
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P TR A 45 % 7 I A 12 AR PR RE L IS AR Bl i 51 A RT I 2k
B, AR 7R 2 > o (9 pFedPT H) ] 2 /i k455 38 )3 % 2 3
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Xt Non-1ID 48 ) 35 R BE 7 5 & etk .

6 78 I 238 F I8 A7 96 TR 32 BRI 30 2% 3% 4%, BE 6% I 25l
AR B PR T e P B e DI D A R R L E 7 B AT
45 1 B 2 T T R A S AT B 5 4R R I RS A el T
PR Z PR AT 552 0, DL T KRR A B 0 g i 3 55 A 4R 4

PR ORASE Y 50 A 3 T 0P R S  HE RO AR, X-
PEFTY 3 aof S0 4 /) 9 58 23 5K i 4 P13 17 b 3% 4460 PC 4%
AR LU A% SEE BE RO P AFREAIR T 10000 £ . A B 4 v H 2
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3.4 RBE

= A [a) J2 1 4G 1 2 Al 58 80 X = 35 Bk AR R 22 S Y X
Uil ank 2 pral, % 3 Geit AR METT 5 Ttk Non-
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Table 2 Comparison of relationships and differences in classification methods
st 4 N\ O % [LE & PN Skl AR 4 2 A B S 5808 R
BHREBHNREREFT AHAHE, HABEEFRFR RRNEBEAY ERRIROBRAFIXREF . ALH
EIE] WeE AL M A AR F ] NonlID HEMEIA RABEEM Non1ID # HMAI ESH B ABBASEEY
5] B HY Bk YAy E AN AR BHATER
A AN EN WREEXAGE EHBEAWNSHR AL AB L5 H K
PS8 B R DN & HHERER MM BE PR B EEESHEE D E T &
AL A A [ £3
HHTHASEFRBEEFRASEE REUHEREARRIZI2ERE, ABBRKEFMEHTR. AP EER
% mEFM EHFEARS A EEE METBRBKEZFERA, Z MmN A RBBHBEL FENZ N L
E A R T AR R 9 e AR AL & 1
ERFI PR EAETRERELF MEBAEEME R WEEER ;7 YW HFELH RE TR AESFHE
Je TR F—H . YmEAEZ AR EEY MmMBEEERETFHER BARSY S8R AMELIAR. BT ERBSE

IRk

NELRES T HERAFRSA

B LA AECERE ET YRS
%

3 U R % IR 4 F AL
AL EUNEEEN 347
AN E

BARM
6% 98 4 T W A X
kg

3 43P Non-TID [a] 85 4 % 5 4 o

Table 3 Comparison of the effects of classification methods in solving Non-IID problems

B & o % S E 3 VS A& B E R AT
o FE\HAEE Digit-5 Office-10 DomainNet —
FedAvg. Digit5. 4 E 5 A FedAvg 32. 98 33. 84 19. 25 -
FedPCL . Office-10, .
Solo ) 45 5 A Solo 38.35 36.38 27.15 —
DomainNet
FedPCL 45.22 41.4 32.23 —
R R\ E WNLI CoLLA MNLI —
b A
FedID FedAvg glue kD' ( . Z) FedAvg 48.3 48.9 81.4 —
rla—
(X & PN FedID 50. 9 49.6 81.9 —
CIFAR . N R\ E 11D CIFARI10 11D CIFAR100
) 10, i | 7% F 4
FedFTG FedAvg 3 1‘%Jﬁ;m oA FedAvg 83.78 79.59 50. 29 50.17
CIFAR100 Dir(a=0. 3)
FedFTG 87. 34 84. 38 56. 94 55.96
b H 5 JE\#AE % COVID-FL — -
o A 5
SelfFed FedAvg COVID-FL k, " FedAvg 74.6 — — —
Dir(a=0.5)
SelfFed 82.1 — — —
CIFARI LR A R\ & CIFARI0  CIFARI100 — —
> 0. i | 7w E
fedmix FedAvg : e FedAvg 85.98 65. 67 — —
CIFAR100 Dir(a=1)
FedMix K=14 88. 54 67.54 — —
St A A FE\BEE CIFAR10  CIFARI100 — —
HA R ) CIFAR10, A E A -
EPa-E pFedMoE FedProto CIFARI00 DirCa—0. 3) pFedMoE 42.23 9.61 — —
. 1r(a=0.
B % FedProto 53. 64 11.23 - —
R\ & CIFARI0  CIFARI100 — —
CIFARI0,
MocoSFL FL-BYOL — FL-BYOL 83. 34 61.78 — —
CIFAR100
MocoSFL-1 87. 81 58.78 — —
FE\EEE 11D CIFARI10 11D SVHN
. ) CIFAR-10, -
FedCK FedAvg SVHN — FedAvg 47.1 30.72 79.69 60.57
R FedCK 54.6 43.16 98. 65 76. 25
CIFAR N kD R\ E 11D CIFARI10 11D CIFAR10
) -10., i | 7% F 4 i
5 W BN pFedPT FedAvg CIFARLOL = ﬂfj{)”;;ﬁ i FedAvg 60.5 53.01 29.6 25.93
e ’ pFedPT 60.01 74.92 31.66 36.8
) CIFAR10 CIFAR100
. ‘ ) rE\ S & — - — -
FedPG FeAy CIFAR-10, A 5 F oA Disjoint Dir(0. 1) Disjoint Dir(0. 1)
e x £
P € CIFAR100 Disjoint FedAvg 88. 04 79.79 63.33 51.37
pFedPG 90. 08 87.57 70. 96 55.91
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HRHEMREN BRI TR, Bk BeaSs 50
T {4 6E 1 (GPU, TPU 4§) . Fl Fl 28 17 £ AR A 5 % T (9 B 4
BTG R A AEAS b, LA D S TR TR RS . B R A
R SBAFEAE N AE T 4% T A112 3 DRAM, FIF“% 1
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FLIE TR Y W 2 T Tk 22 O IO L ok i ORASE B PRI A
YRR .
5.2 SHBMMIEANREA

450 _F L X FE R R R AT RO © 2 B — AP aE 20 L 4R
T A% G5 0 SR vk S T SR RIS 28 0 BT A S 40, W A SR A
R R FOAT: 55 B0 i 3G 4, U 2 AR R B . B AR AL
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NRZAE, 5 S0 S8R SO T R R JC ik B
Xof i A 2 B AT 55 FECHE B BEAT O Ak X 2 B0m ROMOA T
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