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Abstract: Objective The current development of deep learning has caused significant changes in numerous research fields
and has had profound impacts on every aspect of societal and industrial sectors, including computer vision, natural lan-
guage processing, multi-modal learning, and medical analysis. The success of deep learning heavily relies on large-scale
data. However, the public and scientific communities have become increasingly aware of the need for data privacy. In the
real world, data are commonly distributed among different entities such as edge devices and companies. With the increas-
ing emphasis on data sensitivity, strict legislation has been proposed to govern data collection and utilization. Thus, the tra-
ditional centralized training model, which requires data aggregation, is unusable in the practical setting. In response to
such real-world challenges, federated learning (FL) has emerged as a popular research field because it can train a global
model for different participants without centralizing data owned by the distributed parties. FL is a privacy-preserving multi-
party collaboration model that adheres to privacy protocols without data leakage. Typically, FL requires clients to share a

global model architecture for the central server to aggregate parameters from participants and then redistributes the global
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model (averaged parameters). However, this prerequisite largely restricts the flexibility of the client model architecture.
In recent years, the concept of objective model heterogeneous FL has garnered substantial attention because it allows par-
ticipants to independently design unique models in FL without compromising privacy. Specifically, participants may need
to design special model architecture to ease the communication burden or refuse to share the same architecture due to intel-
lectual property concerns. However, existing methods often rely on publicly shared related data or a global model for com-
munication, limiting their applicability. In addition, FL is proposed to handle privacy concerns in the distributed learning
environment. A pioneering FL method trains a global model by aggregating local model parameters. However, its perfor-
mance is impeded due to decentralized data, which results in non-i.i.d distribution (called data heterogeneity). Each par-
ticipant optimizes toward the local empirical risk minimum, which is inconsistent with the global direction. Therefore, the
average global model has a slow convergence speed and achieves limited performance improvement. Method Model hetero-
geneity largely impedes the local model section flexibility, and data heterogeneity hinders federated performance. To
address model and data heterogeneity, this paper introduces a groundbreaking approach called adaptive heterogeneous fed-
erated (AHF) learning, which employs a unique strategy by utilizing a randomly generated input signal, such as random
noise and public unrelated samples, to facilitate direct communication among heterogeneous model architectures. This task
is achieved by aligning the output logit distributions, fostering collaborative knowledge sharing among participants. The pri-
mary advantage of AHF is its ability to address model heterogeneity without depending on additional related data collection
or shared model design. To further enhance AHF s effectiveness in handling data heterogeneity, the paper proposes adap-
tive weight updating on both model and sample levels, which enables AHF participants to acquire rich and diverse knowl-
edge by leveraging dissimilarities in model output on unrelated data while emphasizing the importance of meaningful
samples. Result Empirical validation of the proposed AHF method is conducted through a meticulous series of extensive
empirical experiments. Random noise inputs are employed in the context of two distinct federated learning tasks: Digits
and Office-Caltech scenarios. Specifically, our solution presents the stable generalization performance on the more chal-
lenging scenario, Office-Caltech. Notably, when a larger domain gap exists among private data, AHF achieves higher over-
all generalization performance on these different unrelated data samples and obtains stable improvements on most unseen
private data. By contrast, competing methods achieve limited generalization performance in the Office-Caltech scenario.
The empirical findings validate our solution’ s ability, showcasing a marked improvement in within-domain accuracy and
demonstrating superior cross-domain generalization performance compared with existing methodologies. Conclusion In
summary, the AHF learning method, as extensively examined in this thorough investigation, not only presents a straightfor-
ward yet remarkably efficient foundation for future progress in the domain of federated learning but also emerges as a trans-
formative paradigm in comprehensively addressing model and data heterogeneity. AHF not only lays the groundwork for
more resilient and adaptable FL. models but also serves as a guide for the transformation of collaborative knowledge sharing
in the upcoming era of machine learning. Studying AHF is more than an exploration of an innovative FL methodology; it
provides numerous opportunities that arise given the complexities of model and data heterogeneity in the development of
machine learning models.
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5 03 P S ol P 2% o 32 IR B sk, i
Adam It fk #% (Kingma 1 Ba, 2014) , #] 4 2% 2] R H
n =107 JF HARINESAT T = 41 MEFRIR

R T VAR T AR AR SCIE Sk iR 3 AN (R
31 A FAA I 5t 10 7 2 O B B . b Ah,
3 AR B LIS 5 & RO YAl
ARG
3.2 LRE#E

AR SC LA AR G A BRI VA AL - 1) FEDMD
(NeurIPS’ 19) (Li F1 Wang, 2019) : #f & AH 5 1) 24 3t
BT EAE . 2)FEDDF (NeurIPS’ 19) (Lin
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45,2020) 38 o TChR 2B HEA T AR R R ZE R, L
g B R ED A . 3) RHFL (CVPR’ 22) (Fang %,
2022) : JH T hR 2 W S B 2% > N 1 544 % P o 1Y)
R P S K . 4) FCCL (CVPR’ 22) (Huang
85,2022) « Al FH JC bR 2 B8 X 55 28 UM G, I 78
RS G . B T RAR S B B IR e e — 3L
AR SCAR BR 7 1 S SRR AE DATE AR ) 250 T 2R 47 L
o b, S5 E MR 2 H A C Y EdE it
TIN5, LhSE AR B AT 55 o DR, AR ST A 7Y
B RS, I AE B BRI 2 01 B0 R 3R A5 D RS
iR
3.3 SHMEFHEER

5521 S 2 Y v AE T AR R G 1 B 4R
CIFAR-100 F1 Tiny-ImageNet I FEALME A F X /SR

W2 58 et T i [k, ik —4 2% g 2l
N BRI 25 I DL, 7 R AR 10 281
CIFAR-100 48 4E L itF4T T 4N FF B 4R S ik
N TFEHR B AETE I 22 PR R

DIMERE . B IPAYREARRA FeE  X
F, Qb ALIE 7S AHF () RIMWNER 1 iR, R 1L
SR MR AHF AL T A e . R
7 Office-Caltech 1% 5~ , H FRAA g A D,
FLRAA Bids 22 [6) 9 40 35 22 BE 48K, FE Digits 1 5 57
HPk it AHF HA kb B Se Bk 5 A9 BE 1, 9 2
N — R AR BE . AHF PERE (LR TR
T AR T 25 0 A AR RS AT S8 AR SO TR R
W JEE B AR T AR L I 5T 4 AR, B A T e A Sk

PERE -

x1 BENFUWEKBZEIREREENBRZURIBE

Table 1 Adaptive heterogeneous federated learning and comparative benchmarks for intra-domain accuracies performance

1%

Digits Office-Caltech
HAnE WIRZS
M U SV SYe  AVG AM« CA<— D«  We  AVG
FEDMD  77.19 6250 87.96 97.60 8131 7241 5898 5775 6034  62.37
FEDDF  82.17 4579 88.00 9798 7848 7203 5853 4458 5130 5661
B AL RHFL  87.12 6230 88.63 97.68 8393 6218 5352 1996 27.57 40.80
FCCL  86.69 8623 87.86 93.63 88.60 73.66 6394 6879 7447 7021
A 8426 7899 88.89 9743 8739 7282 6218 6731 7548 6944
FEDMD 7730 80.85 77.73 8772 8070 71.78 5729 6837 7220 67.41
FEDDF 8295 7884 7846 9130 8338 7001 5649 56.18 64.86 64.13
CIFAR-100 RHFL ~ 86.69 8039 8844 9790 8835 7335 5892 7091 7447 69.41
FCCL ~ 88.84 8442 7855 9123 8569 7509 6046 7495 7356 71.01
AL 8544 69.01 86.82 97.60 8471 7377 59.66 74.10 75.03  70.64
FEDMD 8397 4212 86.66 978  77.63 7154 60.14 5754 67.01 64.05
FEDDF 8482 5081 87.75 98.08 8036 856 98 1338 7.2 971
Eé?ﬁﬁé gﬁ% “ RHFL 8321 72.06 8836 98.1 8543 71.19 56.66 4437 4836 55.14
FCCL 8774 8143 8845 9787 8887 7352 5993 67.94 7435 68.93
A 8297  69.07 87.78 97.83 8441 7373 6183 603 7243  67.07
FEDMD  84.64 3431 8735 9810 76.10 7279 5889 66.67 6938 66.93
RHFL 7506 5519 8849 9723 7899 7161 5509 6497 66.10 64.44
Tiny-ImageNet

FCCL 8734 8503 87.89 9398 8856 7432 6275 7346 7525 71.44
AL 86.60 4998 8745 97.58 8040 7349 6135 73.04 7401 7047

e
PP

PRI IR PRSP IS BE A B RSS2, P IZ P A PRI R EE R AR A R . AV G FORTERE M5
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)z ATERE . ASCHER 2 S Tk
PEfE. X F Digits 5, ] LUE 3 AHF 78 34~ J6 %
Bds bR A SE S 0 Bz AR RS BEVERE . A,
AHF 76 5 BBk A 1 1Y Office-Caltech 37 5 | 5 31 H
Rz b te . EAEENE, A2 AR
AR SO ASFR GBI A L RE AL TR AR R A T
i 5 CIFAR-100 #H [t , B T HA T 2250 (5
W 2% K144, Tiny-ImageNet B 2Bk . K2 505E F
J7 I AE AL B Tiny-ImageNet BiJ i 21| 1 1R K0 R0,
SRR 2 AHF R 35 A Bk Ak
P Tiny-ImageNet, I4h, A& SCHE CIFAR-100 3P4l
T AHF, 2558 R 8] AHF @K 2807k, MEA
FH I HCHE (5] MR 7 2550 ) ) R A 384, 58
T EAT SR P LAAE FAAT B 22 T F0 R T 4 /08 650 05 2

(B Digits 15 5) Mm@ AR RA , (HZ,7F
Office-Caltech 5t T , 4 22 BE B KRBT, 8 K £
BOTEFRNM ORI R . ol AHF 105, 7645 Ff A
HXREHR M2 5 EHE 0T LT A 2 55 #5015
TAHBIWER , XEWE AHF X BA AR WAL
Ik 2 BB I FA A ERHE DA SO (R E FBE %) AN R DG B4l
BAT GBI . A SOk — 2025 T80 IT B0H A7 76 7Y i
25, PS8 FFEE 55 CIFAR-100 (1) A 35 46 28 1] B A

1028, A7 i R AR, AR SO IR IHBUS T Fa e
#£7t.
3.4 HBASCIS

ARSCHAT T —IUH ST, IPFAl AHF s
B R AR o Gl R S S 2 R
(participant diversity, PD) Fl #£ A& £ #£ £ (sample

®2 BENSUEBFEIRCGEARNEMNZURIBE

Table 2 Adaptive heterogeneous federated learning and comparative benchmarks for inter-domain accuracies performance

1%

Digits Office-Caltech
Bt di Tk
M—  U— SV— SY— AVG AM— CA— D— W— AVG
FEDMD 1674 1249 50.05 47.74 3175 24.68 3408 19.58 24.05 25.59
FEDDF 15.84 12.62 4429 5129 31.01 1846 31.63 1553 2037 21.49
R AL M P RHFL 2270 1093 53.67 5488 36.54 2134 21.67 1397 14.10 17.77
FCCL  27.86 2448 49.62 48.03 37.49 2221 3406 2044 2570 25.60
AR 2020 1576 5026 44.68 3272 2478 3835 1637 2677  26.56
FEDMD 897 12.61 40.89 43.03 2638 21.09 35.13 21.76 30.57 27.13
FEDDF 13.23. 1929 4525 4395 3043 23.87 2829 1627 22.82 2281
CIFAR-100 RHFL  19.15 1672 51.74 4865 34.06 19.11 2750 1655 23.83 21.74
FCCL 2074 20.60  4.68 28.02 3351 2516 33.68 17.52 2381 25.04
AR 2473 1514 4448 4734 3292 2872 3777 2219 3323 3047
FEDMD 10.62 13.55 4531 4998 29.86 21.37 37.19 16.85 20.84 24.06
FEDDF 16.65 1131 47.05 5225 31.81 10.1 9.69 849 1058  9.71
Eé;?i;;g;% " RHFL ~ 20.14 1838 5027 5046 34.81 1933 2406 1511 17.94 19.11
FCCL 1126 1742 4924 5139 3232 2049 351  17.95 2372 2431
AL 1076 1469  47.96 4648 2997 2594 3632 2139 31.08 28.68
FEDMD 1850 1326 51.23 52.06 33.76 3033 3627 2267 30.61 29.97
RHFL  16.14 14.05 5426 4757 33.00 18.66 30.70 16.02 2094 21.58
Tiny-ImageNet

FCCL  31.84 31.03 46.81 5275 40.60 22.49 43.67 1954 3219 29.47
AR 1777 1392 4611 5097 3219 31.15 4226 2750 32.87 33.44

W7
B SR 1) 1 g s Al

PN I, IR P RSP B B ORS BE ) dre U4 2, B SR PR P RS RS BE O AR S5 5 . AVG FoRTE R 0T
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diversity ,SD) AT 57k b M BRARIEAS A S5 1%
(P A SR 43 B s ), LAV BRI PEBE . ANk 3

JIE s, I B3 HG A A — 3 4 25 5 3U7E CIFAR-100 1
Tiny-ImageNet H1 4 BE T [ .

R3 KBEER ERHRISKE

Table 3 Comparison results of ablation studies

Digits Office-Caltech
G/ PD  SD
M—  U— SV—> SY—> AVG AM— CA—> D— W— AVG
N - 1405 1426 4423 4247 2875 27.68 3595 1923 29.08  27.98
CIFAR-100 - Vo 1471 1436 48.16  44.04 3031 2835 3287 19.13 3266 2825
N Vo 2473 1514 4448 4734 3292 2872 3777 2219 3323 3047
N - 1530 1638 47.66 49.85 3229 2556 42.84 26.12 26.11 30.15
Tiny-ImageNet - Vo 1127 1581 4859 4880 31.11 27.02 39.67 24.58 2390 28.79
N V1777 1392 4611 5097 3219  31.15 4226 2750 3287 33.44
Digits Office-Caltech
G PD  SD
M« U« SV SY<— AVG AM«— CA— D« W<  AVG
N - 8473 7206 8723 9693 8523 7349 61.15 6348 7379 67.97
CIFAR-100 - V8420 6683 8637 9755 8373 73.83 5978 7049 7469  69.69
N V8544 69.01 8682 97.60 8471 7377 59.66 7410 75.03  70.64
N - 8817 6194 8776 9745 83.83 7348 6052 7134 7356 69.42
Tiny-ImageNet - Vv 8683 49.69 8826 9758 8059 7394 6130 61.15 6543 6545
N V8730 5343 8762 9720 8132 7349 6135 73.04 7401  70.47

W ORI, RN, NIRRT, = R AR IR A B S P SR R e D R

N T HIGZANERE 3R 3 TE AL R, 7E Office-
Caltech W R AE— M W2 FBEX NS 58
S AR WL A AL B iz ALt RE R S T
B HARIME X THNS 5%, AHF#REIA 2 R
Wz ARG B . A R TR Rz A M BE  AHF
AT T H o Az AR e . SR R E R
Tiny-ImageNet £ 45 45 BT , AHF R B T 5471
PERE , RES N+ B AT RS P2 45 .

4 & ®

R TR DRI 2 2 e B AR R R R A P 1)
AR, A SCER T A O3 N SRR R~ (AHF) o 5IA
TCIRTT R, LIRS 57K 8 A TR RL A 5 ) 32 A
S TN S: VBl U & sk (R N S
25 FHBAEI3A0 22 5 A TREAR Z2 R B I AL
FRA VAR AT, AHF A] DUA 50 15 7 57 BBk %
PERY 5%, B A0 RA AT B0 22 [ B9 SR U 22 1 . A

% M2 5 45 B (Digits A1 Office-Caltech ) FIA AH %
B (BEHLME 7 | CIFAR-100 A1 Tiny-ImageNet) |- %)
K LI B A SCHRE ) AHF A T B0 HH G FL
Tk o ABARSE TAEMRAFAE— 2R I ZAb , AR S0
BT s R 207 AR A TS5 R TR b 2
P2 1) 2RI . T — 25 (A it I 2 nT LA B AE
R AIE 2 TS B BT S R A R W £ 07 R N 1RSSR
H1E.
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