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Class-Balanced Federated Learning Based on Data Generation
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Abstract Modern terminal devices such as mobile phones and wearable devices produce massive amounts of
data every day, but these data often involve sensitive privacy and thus cannot be directly disclosed and used. To
solve this problem, Federated Learning (FL) has been developed as an important machine learning framework
under privacy protection, which allows extensive terminal devices/clients to collaboratively learn a superior
global model, without sharing the private data on the clients. However, in practical application, there are still two
underlying limitations to existing FL mechanism. First, the global model needs to consider the data on multiple
clients, but each client usually contains only partial classes of data and the data amount of different classes is
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severely imbalanced, making it difficult to train the global model. Specifically, most data on the client belong to
a few classes, while other classes have few or no data. As a result, the trained local models tend to overfit the
data on the clients and achieve poor performance on global data, which severely affects the training of the global
model. Second, the data distribution is extremely different across the clients, which causes the trained models on
each client to be quite different, making it hard to derive a promising global model. In fact, the training data on
each client usually come from the usage of the terminal device by a particular user. Due to the differences in the
functions of the terminal devices and the usage habits of users, different clients often produce different classes of
data, leading to extremely different class distribution across the data on the clients. Consequently, there will be
huge differences among the local models trained on such distribution, making it difficult to obtain a superior
global model through the traditional approach of element-wise weighted averaging model parameters. To reduce
the impact of class imbalance and distribution differences, in this paper, we propose a novel Class-Balanced
Federated Learning (CBFL) method based on data generation, which aims to produce a class-balanced data set
suitable for the training of global model for each client through data generation technique. To this end, CBFL
designs a class distribution equalizer that consists of a class-balanced sampler and a data generator. First, the
class-balanced sampler samples those classes that have insufficient data on the client with a higher sample
probability. Then, the data generator generates corresponding dummy data according to the classes sampled by
the class-balanced sampler. Finally, each client combines its original data and the generated data to produce a
class-balanced data set for training. In this way, the performance of each local model can be greatly improved
and the differences among local models are highly reduced, which contributes to obtaining a promising global
model. Moreover, to obtain high-quality generated data, we exploit global data distribution information from the
global model to train the data generator. Extensive experiments on four benchmark datasets demonstrate the
superior performance of the proposed method over existing methods. For example, the ResNet20 model trained
on CIFAR-100 dataset by the proposed CBFL outperforms existing methods by 5.82% in terms of accuracy.
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ANMREPEAR R IE GRS, BINERR s &K
J2 iy () B AN — 52 IR AR [E] 4341 CINIC-10 HAAH
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5.4 S&FAERELER

ARICH CBFL 5 H Aol 7347 e, B
FedAvg™®. FedProx®®, SCAFFOLD™#1 FedNova'®.
BE FedProx, Z<30¥F FedProx tf Proximal I fAX
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FH# 1 741, SCAFFOLD 7 fT A Sl 42 i 28
S R M E SR - NI At 0] AP P o R =
Ik 55 45 o Bl AL SR A 2% 7 o 1) G A BB (A
10%) 2%/ i P 428 1) A% 5 TR A et B AR A LA
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RIS AR SCHRE H R B 2 s A 4 Fey A 2R v R 4
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F+ %2 81.34%, & RRiAHERIZE M 84.9T%IEFA 2
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6.5 FERIESHEE 4 EER R
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HE— N3 5 HE R 10 B, IR B H ()
PR ABR R I, A A PR A M RE 1Y
Tt DRI, AT WE A =1.

HNIRFL A (13) FHSE L WA FIHUE X 1
BERIRZIE, FeAITR F] ResNet20 £i%Y, 7E CIFAR-100
AR AT 708, AR T 5 MR B
4, HJ 0. 200. 400, 600 F1 800. SZi&4sH U 9
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HEE (%) 59.36 59.83 60.24 59.97 59.63

6.6 A EIFHAREE HEERTEERI M

AR TR ER Ry 1A [7) BUEDRH 5 BE 1 52
Wi, AS2a6 % ) ResNet20 A7, £ CIFAR-10 %3
$E3E4T. A28 M0, 900]X (A 4TI HL T 10 AN
A ) Rw B SREGZE R 9 Fim. MReHUEN O
i, SRR 4 R AR R R e gk, ARRESRAF R
S RBHR A E R Bk, FIAZAE R4 T
B A g e DLAE e A, AT S T A AR
RN Rt P 4 R AR RE. 2 R HUELAL O 381
2700 HF, B AL s e I 4 JR AR AR SR AT o HER
(4 R B A (S 2, AT AR R B v Jo 2 1Y) R 4D
PR G A IR, JE 1A R T4 a4 R B AL i
e, MRy HUE N 700 B, BTl 2R 4 JR AR Y TS
GFEIVERE. 4 R (R HUELIE — 2P 15 N %1 800 A1 900 I,
R BE AR A AN B .
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FHAAFE L

B9 FHEEEL R B R U X A O R
6.7 BEFim ¥ EX1EERF I

SRR TR v B B ) B MR R R Y
M, FATKH ResNet20 #i%, 7F CIFAR-10 %#54:
AT T SRR, AR SEES SR A AR v 7 43 A Dir(0.1)
SRARALL 25 7 3 (R 2 ) 3 A 2% 7 o 50 P A5
N K e {100150,200,250,300} . [}, At pr
P CBFL 5IUE LT LRI, Bl Tk
FH AR IR (1 2 56 4 B DAEAT A P Le . sk 10 fr
TN B8 Ui R T 2 4 T B A ST SRR I 1 R
SRIM, SIAE JA L, ARt CBFL Xt Fr
AN KA, HARIUSRIFIERE. X R AR
H 1) CBFL VAT E RHUARE HS 2 21 3% 5 EAT SR e LL
WA TS E AT RS, IRA, AT RN E 5
16 AN, FEFLSEIREE BT SEPRIGUE, &
AN AR — B S 8 TITAN Xp GPU _F ik
TGk A& P amfEEiimE s 5% (|
B iR FE R R 100%). SEEG4E R ansR 11 k. 1t
i}, SCAFFOLD wH(f%Y FedNova HHITHITERE,
KR T VEAE R Ui SR R 26 1 1) 3 5 AR Ag X
R rItERe. ASCHTHRH Y CBFL EMifig 5 1
P HAS B e 1 .

®10 BFIRHE K IERERFNT

MR (%)

i
ik K =100 K =150 K = 200 K =250 K = 300

FedAvg®  84.13 80.82 78.90 77.56 77.51

FedProx® 84.15 79.97 78.92 77.28 77.49
FedNova® 8255 79.27 76.32 7455 75.43
CBFL 85.89 82.59 80.05 78.57 78.92

®1 AEGEEVEZFRGR ERERR (%) R

% P FedAvg® FedProx® FedNoval® SCAFFOLD  CBFL

K=5 82.61 84.10 82.15 81.84 87.22

K =16 88.13 88.47 85.15 86.37 89.31

6.8 IBIFRHNEREAIR IR
GNTERE IR, AT SEIR IFE S e 4L R 1

W9 1000. X PP F EH B BIBR Y ) Rg b A
En [PEAE AR, FESEPR 7 d, FERRAE SR
B SRR BRI OL T, B A2 2] RGAEAEHE DL
AR 2 s EA. A, BT R v AE
FEEAN AT R i R EAE A 2 R B,
AR ST AR A LA Sl

RN FBE R BT Fyk R sem, RAIE
CIFAR-100 ¥4l & FikAT 1 SE5%, {5464kt 1000
ZEK % 2000, SEeah K 10 s, Lt — Pk
EERCBT, BTE 7R A R A AL R A Hi AR A Y A
R BT X2 RN A SR H SCHR 3]/ 2% 2] 2
TREITR, FRAIEAS I S TN 0.996. R
B 7E 2000 #EfE, FARNMBAANNE (LH
0.000033) , g IH v A5 28 P v A 28 A T e Ak
Tt SR, ASCATERH Y CBFL R LLIA ik
Hf5 B s R ERf 22, kA, CBFL IlZR) 4 Japii iy
K B H bR 2 P A 8 AE R B T A .
WK 12 Fizn, 24 ResNet20 FALEF| H AR R
(60%) I, CBFL X 75% 902 (s, mmifkT
FedAvg (1586) il FedProx (1765). *4 MobileNetV2
FREALAF) HARUETZR (66%) i, CBFL 1Y% 807
iE{E, KT FedProx (888) Al FedNova(906).
XUERH T CBFL LLEA 77 iE A SR U S 3.

RROLEES

& FedAvg
A FedProx
2z FedNova

& CBFL
0.20 0.31 :
600 800 1000 1200 1400 1600 1800 2000 600 800 1000 1200 1400 1600 1800 2000
TR JEfEEE

(b) A=Hi#% MobileNetV2

(a) A HI Y ResNet20

P3¢

HER %

0.63 |y 1 gf & FedAvg
A FedP

0.62 £x FedNova
& cBFL

0.47 0.61
600 800 1000 1200 1400 1600 1800 2000 600 800 1000 1200 1400 1600 1800 2000
AL B

(c) &A%Y ResNet20  (d) 4 /1% MobileNetV2
B 10 A HuAR T RN 4 JB AR Y AE CIFAR-100 P03 vy R ol 25

* 12 AEFEEE B EREMENBELRILR

e FedAvg®!  FedProx®®  FedNoval® CBFL
ResNet20 1586 1765 N/A 902
MobileNetV/2 N/A 888 906 807

T BT TGIRIE B B AR R
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6.9 SEISYE ST

S IARAS [R5 ) SRR S e 200, AR
F ResNet20 (Z%&=%14 0.3M) , {E CIFAR-100
Lﬁﬁi%.ﬁﬁﬁﬁW%ﬁmﬂﬁﬁﬁx%ﬁi
GRS 2 o) L B SR 0% ISR (Rl FE L AL 25
ﬁmd%M‘Lﬁﬁﬁﬁﬁimﬁa*@%K%m
BB ST, FEHER o B AR T S A
HorEfEE. SLiRgs Rk 13 fros. FedNova fir
5 WS ATE T A 7 e i, R ILIRIS IR
R T H e miE A i) CBFL Bras 1id
15 WUAMK T FedAvg Al FedProx, iX &[>y CBFL B
HERMGWSCR (LE 7). sesh, BT 7 ERS
S BE A AR AT SR, CBFL HWHE HiETHFERE

KAUIZRRSIA], K10, CBFL 375 IHERf R,
F 13 ERFAENIRMELR
T3 #EfR (%) UIZRITIE] Ch) SEfE R (MD
FedAvg™ 59.13 41 584.4
FedProx[®! 59.01 6.0 582.0
FedNoval® 55.88 41 466.8
CBFL 60.24 2.0 565.8

6.10 ERB BRI AU LER

KATATIALLE CINIC-10 a4 b A e
WA 11 fow, BT H A s i s mT DLAE R A 8
RN R HI B F (B BTAE R R S S B A AR
KEF. XRFAN, ARCINGRRE A A F 45
PR P 4 o B o A 5 2SR B A R 0L 50, 1
MR % Pt B, A AR B AL 5

-
IR >

5
B 11 7& CINIC-10 #¥adE A sl A T ik
7 g

ARSCHE T — B T O A R 28 2 1 Ik
2% >] (CBFL) J7¥%. CBFL 1% &% /1 i k)i 2
SISHT B AR, DABRAR S i 2 ) AN 35 i A1 2
Uity 2 (B4 A 22 R BRI &, CBFL Bt T
—ANRRor At Ay, o — AN R A A A
— MR A AR R o, SRR A LA
R SRAE P i A H S A R 2R, AR,

HHE A AR AR AR BT SR 1D 28 0 AR A L PR R 401 2
. S5G AH R AR LR, & i i 20
MBSk AT AL SR, T AT 2
REAx B, ASCIE DY MR AE R 4R Bk AT T K&
SES6, ERH T CBFL AN T IA Jr ik r ke

¥ O REEREmAS THREHERR

AXHBADZEZNIHRANBAIRT
https://github.com/lizhipengcs/CBFL.
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Background

Currently, an unprecedented amount of data is distributed
on extensive terminal devices. However, due to privacy
concerns, it is infeasible to perform conventional centralized
training by gathering the whole data from the terminal devices.
To solve this problem, Federated Learning (FL) has emerged as
a new paradigm to learn a shared global model without sharing
the data on the terminal devices (also called clients). However,
there are still two limitations to existing FL mechanism.

First, the global model needs to consider the data on
multiple clients, but each client contains only partial classes of
data and the data amount of different classes is severely
imbalanced, making it difficult to train the global model.
Specifically, most data on the client belong to a few classes,
while other classes have few or no data. As a result, the trained
local models tend to overfit the data on the client and achieve
poor performance on global data, which seriously affects the
training of the global model. Therefore, how to reduce the
impact of the imbalanced class distribution on the client to
obtain a superior global model becomes an important problem.

Second, the data distribution is extremely different across
the clients, making it hard to derive a good-performance global
model. In fact, due to the differences in the application
scenarios of the terminal devices, the data distribution across
the client is usually different. Hence, there will be huge
differences among local models trained on such distribution,

making it difficult to obtain a superior global model through the
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traditional approach of weighted averaging model parameters.
Thus, how to reduce the impact of data distribution differences
across the clients on the global model is still an open question.

To address the above issues, in this paper, we propose a
novel Class-Balanced Federated Learning (CBFL) method,
which produces a class-balanced data set for each client
through data generation technique. Specifically, CBFL designs
a class distribution equalizer that consists of a class-balanced
sampler and a data generator. First, the class-balanced sampler
samples those classes that have insufficient data on the client
with a higher probability. Then, the data generator generates
corresponding dummy data according to the classes sampled by
the class-balanced sampler. Finally, each client combines its
original data and the generated data to produce a class-balanced
data set for training, which contributes to obtaining a promising
global model. Extensive experiments on four benchmark
datasets verify the effectiveness of the proposed methods.
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