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PRI B AR TR A (Non-TID) 6945 0L, B b, 3 T — 2 T CutMix #9 B IR 5 3 4B R, Bp 3 373§ 32 B & 3 (CutMix
Enhanced Federated Learning, CEFL), & i@t 23 F sk L kadje#ek A 43, F i@ A T CutMix 0 3038 38 5% 5 X 347 )
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Enhanced Federated Learning Frameworks Based on CutMix

WANG Chundong,DU Yingqi, MO Xiuliang and FU Haoran

National Engineering Laboratory for Computer Virus Prevention and Control Technology, Tianjin 300384 , China
Engincering Rescarch Center of Learning-Based Intelligent System: Ministry of Education, Tianjin 300384 , China
School of Computer Science and Engineering, Tianjin University of Technology, Tianjin 300384, China

Abstract The emergence of federated learning solves the problem of "data silos" in traditional machine learning. Federated learn-
ing enables the training of collective models while protecting the privacy of the clients local data. When the client’s dataset is in-
dependently identically distributed (IID) data, federated learning can achieve an accuracy similar to that of centralized machine
learning. However,in real scenarios,due to differences in client devices and geographic locations, there are often cases where cli-
ent’s dataset contain noisy data and non-independent identical distribution(Non-IID). Therefore, this paper proposes a CutMix-
based federated learning framework, namely CutMix enhanced federated learning (CEFL ), which first filters out noisy data
through data cleaning algorithms and then trains through CutMix-based data enhancement. Compared with the traditional federa-
ted learning algorithm,the accuracy of CutMix enhanced federated learning can be improved by 23% and 19% for the model on
Non-1ID dataset.

Keywords Federated learning, Non-independent identically distributed data,Data cleaning,Data augmentation,Saliency detection
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A D= {Xk, Y} for k=1,++,N
Ni : number of data instances used for computing average x,y
1. Initialize wo for global server
2.for t=0,--,T—1 do

3. for client k with updated local data do
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4. Split local data into Ny sized batches
Compute ;,; for each batch
Send all ;,; to server

end for

Si<-K clients selected at random

Send w, to client kE S,

10.  if updated then

© o N >

11. Aggregate all ;,; t0 Xms Y
12. Send X s Y to clients k€ S,
13.  endif

14. for k€S, do

15. wl;rlFLocalUpdatc(kywl 3 Xm s Ym)

16.  end for

17, o, €%k§§ PLo

end for

Bk 3 AHEHTE

LocalUpdate(k,w; X » Yi) under Algorithm 2
W< w,

1. for e=0,--,E—1 do

2. Split Dy into batches of size B

3 for batch b(X,Y) do

4 Select an entry Xm s ym from X, » Yo

5 Xvm = SaliencyDetect (x,)

6. rysry =argmax(Xym)

7 A=Unif(0,1)

8 ry =sqrt(1—2)

9 r, =sqrt(1—2a)

10. x1 =Round(Clip(ry—ry/2,min=0))
11. x2 = Round(Clip(ry +r1,/2,min=W))
12. y1 =Round(Clip(ry —ry/2,min=0))
13. y2 =Round(Clip(ry+r/2,min=H))
14. for each x;,y; in X,Y do

15. XilovooXiexesyieyz J=xml ey xiexe sy 12 ]
16. A=1—(xs—x1) X (y;—y1)/(WXH)
17. yi=AXyi+ (01— Xyn

18. end for

19. wo<—w—7 Vi(w,b)

20. end for

21. end for

22. return o
4 KIGIAE

4.1 EWEE

AR SO S B AR T 2 A T A 5T R L K R AR
& PR TERR I 2 2] R G vh HEAT 5L CI S8 N=100) , Hi b 4
ANEPIHTA A C AR, REME Ao RS
o RS LA A SR AR . K P N TE AR Ml I 25
MERLIE G BIIR & 28 IR AR S MR A I REA T —
BE5UIGMNE .

AR SC Al FH A RO 4B G 6 MINIST 304 45 DL & CIFAR-
10 BdEge . Scmerp LU 3 Fp oy 2R 4 B8 OF 43 0 45 % 7 i
COTID B4 500 5 - 53 A bR 8 09 5088 7 259 20 43 310 4% A~ %
Vi » KRR RSB 7 v ) AR 19 4 AR A L. (2) Non-1ID %5 4

K43 2 o T BN S 3 B S TR 80 L Non-TID 19 77 20 X
Gy BN 5% P v, fE MNIST $0# 42 i, A< SOl Hsieh 260
$2& 05053 5 38 B 4 A 28 KOINEES IR B8 300 AN EE AR Kl
a3 — HBUE B A% P A A T ALEOE X R R ZHUR P
wh BB M BF . CIFAR-10 Bdi £ 5 MINIST %4 4
F R4 77 KRB R, A% Pt R A R E R, (3O&
A RS I B R A SCAE ID SR A R4 2R B L O
J S BN P 2 M R — 28 2 A A A G B A A B (1l dn
1 MNIST Hod 46 v i A3 4 CIFAR-10 %4 45 (0 5l . 5
— 28 S O TR A M AT R I o b A (L A MR S
R A T LB GRS A R R 0 PR RE . kTR 55 A% i 11 /N T
FEWERHE B2 0 e DT 4R 000 4R P BE AL SR AR AR AT A A I R AR
% 09 i R,

AR AT A TR MR 22 46 25 4 AR O Sk b ke Il £ B OB 2
S HBER, CNNEMK 9 E.5X5X32 HBMZE>2X2
MALZE—>LRN—>5X5X32 HM)Z—>LRN—>2X 2 it {b |2 —
=X 256 EHEIEIZE>256 X 10 & # 4% )2 > Softmax 2, H =
e T4 A BE K /N % T MNIST, 2=1 568, % T CIFAR-
10,2=2048,
4.2 HWBFREELR

FEBIETE Vg b O TIPS SRk MR fE L 4 9 #E MNIST
B M CIFAR-10 EUERE & 15 4 Fhix sk gt 47 &L
(1) 22 45 4 3 #E 5% 5 (Benchmark Model) 5 (2) B¢ 3 24 5 =
(FedAvg) ; (3)FLDebugger B ¥k ; (4) 454 1 #95 7 e 19 B 55
-8k (FedAvg+ Data cleaning) ,
4.2.1 RREFHIEX 5 T893k 58

£ %t MNIST i ] 3 FhBCHE % 20 647 %t e SE 56
(D TID 44145 5 (2) Non-1ID 4 %1143 5 (3) 2 5 Mt 7 1 3 4
Rl 43 o PR 2 B i A SO IR R AT R 4y BR AT T A
Mg G BN B0 43 L 1 SE 5 N SVHIN B30 45 rb SR BE 00 B R &
B HAREIR A IR A A MR S B o SR IR B0HR 4R 19 20 %6, [ B
W 202009 % P i BOHE Hh Y 2L S BOHE AT A4S 2 SRS R AR I
R4,

AT MNIST #dE 4. [/ 4 4 W 7 1l J Bk 3 Fsi
Rl 53 07 4 AR TE SR A b RS 0 R L HL o i o A A
PR B B2 Ry 8 B TR B R E R S nai st © & 58
MCYINZR. 76 11D B b, i T3 s A 2 B8, 55
R0 B A, LAt 3 S AR 45 6 A 2 R K 3 R A
R BRI BT, & A& P i A LT bk o 45 R A [
G5 B B0 5 DT A IR o AR R (RS B Rk T
96. 7%, FLDebugger 5 ¥k ik #] T 98. 1%, FedAvg + Data
cleaning B AR T 94.8%) ., 7F Non-1ID %¥t#g I, T LLFE H
TR 1 8 35 55 FLDebugger 8 ¥ 1 A5 1 1 i SR B0 F6 I T
10 %6 Z2 A7 AR TN T 50808 W5 e 5 125 19 TR RSP #8 B0k — o AR
W/ T Non-TID HH i 455 8 o i BE 1 52 i), 35X 2 i T 76 4
0 U 355 5 2 P it 1 500 43 A SRR T AR AL, E VS TR R R 43R
S AT DU IR 2 50k A R R o R B R T IR L R
AR A I T AR AR T R Bk ) AT b A B IC L OF BB
B DR T B o R R B P vk, 4 I FLDebugger B ik
WA B4R T, X R BT AR SO R R R R R
[EiNE- -
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Fig.4 CutMix with significance detection

X F CIFARLO ¥ 4, R 7 A A 09 7 sk AT 7 5530
(fEMg PR A il T FEMNIST B8 4 89355 73 50 1 i
7). FTLUE M, 7E 1ID R8T BR 5 MNIST 446 42 25 1,
B 2 A& Non-1ID 3 8 . f1 T CIFAR-10 % 48 £ 26 %Il &% F
R L, H RS bk, Bk H MNIST 048 5 1 i 4
RETREE 2 (BIR T YL B AR 80 8 T B T LT
40%) , CEFL AT 7 %8 K Y M 8 T e, AH J2 5 2 H b 1 o
LA 23 MR TE, fEW A HE T 5 MNIST 3
PR,

4.2.2 ARF s R ERIEES A ERE

TE L1 S v N e o IR A Y B O R A
B 2% . A T A5 HAS [) E B3] 3k v 50 405 46 ) 156 IR 455 T8 A 5 g
Xt b T AR [ B A i v ROHE R T R AL, T
CIFAR-10 I & W &) 73 B H 48 240 T 100 48, 25 R n 3k
1R8N . G ST, I 2 RO I A A, e v A R (0 o B R
W BRI B 4% R R T R 20%)
B JU-T- 7 58 o A S AR 1 ) 5048 T ok R 0 M 0 3 CBCHIE 1k #R

TR INED 406, HERBE RGN T 200) 31X T8 R B B0 U A
T Tt B/ ) R v A 4 T LU PR R A R R
B

F 1 N IR] L {91 5k v AT S 0 AT o it
Table 1 Model accuracy on benchmark datasets with different
scales
1% 2% 3% 4%
Benchmark Model 51.2 57.1 65.4 71.2
FedAvg—+Data cleaning 80.5 81.1 81.4 82.3

4.3 HIYIEEEETR
4.3.1 & Non-1ID £ 3 4 T o9 3t b 52 36

9 7 B AF BY 1) 5 8 55 05 75 Non-1ID FRBE T B9 PE Ak A< 5
SCG SR A Non-1ID (1 4045 %1 43 . ¥ FedAvg fl FedProx fE
S LE AT I H o Tk W O CutMix 1R A P R AR 4
B f% A7 R0 70 B JRORG o BT L A o G S v A T AR
PR I B 1 CF SCFk 2 9 OriginalMix) . 43 378 MNIST F1
CIFAR-10 it 47 5256, 85 5 an &l 5 im .
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FEM B R E R e 73X 4 Fh o ik b % 8 15
B YR BN AR R R A 2 N 6 TR . BT DUE Y T B Al
FHAF- 34 5085 (7 OriginalMix 7% §8 B /& T FedAvg B35 L K
FedProx 5.3 , CEFL [ RE XA F3X 3 Fh 5 vk, H HLAE# A

WHAE G 2L Fas B 7 BRI SOE B . X B P i 2
[F1] 22 8 - 249 K4 7T UAT 20 22 i Non-TID %04 47 3 1 82 0 . []
AR 4K TG 19 CutMix B 7 ¥ 804 5 A< s 4048 R &
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4.3.2 CutMix ¥ 7R Bl i% A Wb s 42 2 4k B 44 % vh
LM CatMix BiE T A x 760, 1) X ] g 3 51 B
B AR T DL 5 [ TR A L i o AR A M R . 3% 2 %)
I TIEARRFIRA L F . CEFL 78 MNIST 45 CIFAR-10 %tk 4
L4348 100 S8 0 500 F A4 455 B 1k B LG B CEOHE R4
Non-1ID %143 . 7EIR G LI B, A< b 5088 3R A% T 3 £ 413
Bl A5 2 B B R JE T R T Y Ak g2 e A L et 8L
8 AT AR SR R AR, DTS 25 1 A TR B 1 TR e o R ot 7 5 ik

HMSE A MERBRPHEPE LR,

F 2 AFIRA XA i
Table 2 Effect of different mixing ratios on model accuracy
CHLA - 060D
0.5%
71.2
69.3

0.1% 0.2%
93.5 95.6
80.8 81.5

A 0.05%
MNIST
CIFAR-10  78.2

90.1

4.3.3 AN AT AR AR 4 % R

FEIR A SR W oh L R 0 R S & P I T A AR AL
P X, FIY,, o R SO AN P i E T Y (A B T
BN AE R EEN, I AERZ A 45 R gk 3 s, EWkE .,
N AB 80/ KE 5 30T BB 22 4% 7 B0 DT 1 o 45 41
N N I o R I R U A (NS TR S Sl N O
MNIST #l CIFAR-10 $4 4 , B & N, B 3G 0, Pk g R A /D g
TR A 3 A . 3k U B AR SCAE VA TT DAFE R U B RA 1Y (W] i
R AR A5 & L JF ELUR S8k o 2 (B RURS )2

# 3 N RERURS BE A5
Table 3 Effect of N, on model accuracy
AL )
Ng 5 10 20 50
MNIST 92.4 94.6 94. 2 93.5
CIFAR-10 78.2 80. 8 81.5 69.3
4.3.4 B3P SRR A E 6k
ST B AR A A B VA I, BE 48 A R W CutMix

HIPERE B T — A SCE . A MNIST 5 CIFAR-10 $4
B ELXTE T B A A A 3 A I B CEFL /9
FERDIE B L 2 313548 T 100 %85 500 48 (B4 % 4 & Non-11D
X500 AR R 4 BTy, ok SE8 A LA Y, #E MINIST 42
P4 LA M CIFAR-10 098 46 b, 8 35 VA I /i A, — & 1 B

=~ ~ OriginalMix == CEFLl
100
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) 2 % /
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60 rara 7
25 /
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Comparison experiments on Non-IID dataset

b T CutMix FAEIRIB G RO 5 T R4 3% ~4%

1 M BE .
Fe 4 MR X AR JBE Y 52 i
Table 4 Effect of Saliency detection on model accuracy
CHLAL: 06D
MNIST CIFAR-10
— Saliency Detection 91.5 80. 3
~+ Saliency Detection 94.3 84.5
GERTE AR SCEN MR IR 2 2T & P I B AR A ST W) 43 AR
EAFAEME S [ [a] B, $2 T — B 3 F CutMix Ay 3 5 1 2%

JMESR WS A B T VR R R P o AR M R L 2 R R R
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B2 00 TAEME 2575 S8 A 22 43 B fA 1 07 2Ok R IE B0 19 %2 4
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