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Influence upon and improved algorithm of convolutional

neural networks under data imbalance
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(School of Sugon Big Date Science, Zhejiang University of Science and Technology, Hangzhou 310023, Zhejiang, China)

Abstract: Experiments under different data, activation functions and network structures show
that the CNN training error converges slowly and the generalization ability is poor under
imbalanced training data. In response to this problem, in combination with advantages of over-
sampling and under-sampling, equilibrium mini-batch stochastic gradient descent(EMSGD) was
put forward on the basis of the mini-batch stochastic gradient descent, ensuring the data
balance in mini-batch and adjusting accurately the gradient direction of update parameters.
Experiments prove that EMSGD can raise convergence speed of CNN training error under the
condition of imbalanced training data and improve the generalization ability.
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It 5 VR B 2 20 1) 2 AN N T R B — U TR TN 1 B0k R b s 19X 4% s o 7 D 8 AR R i
FRAY L HRIE S LIRS UR . 7E 2015 4 ImageNet Hi H %4 75 ) ImageNet KM BE 15 51 Bk %
% (ImageNet large scale visual recognition challenge, ILSVRC) H , f B 7T B 1 BA 42 H A8 1R 8 2 3 f
B R AR R A A SRR AR B 29 3. 57 %0 AT A 5. 10 AR R R L SR 5T B [T BA 11 o 2 K b
W T RHIE N B TR B b I 2 I i ST I . (BRI STt B P IR AT A B N B AR B i 2 R BUR B G
FH 25 M 4% (convolutional neural networks, CNN) M DL Wk 8 M 72 AL GE J 22 28 [n) 51,
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Fig. 1 AlexNet network architecture
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1.1 CNN&EEH
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A7 A S AR SRR 38 2ok T pR BSR4 SR AT AR AP AR 4 DA BT ARRRAE L 15 BIURRAE 8T, 45 AR )2 3 3 A
F AL/ CNN S50 (8 T %
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FEARMEAT /2. X F 2028, e — 2 M2 E )2 — M Softmax 2, R 4 4 #£47 Softmax 1145,
FH DA 0 A %6 1) i, O EL T 56 B s o Ay i L
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F 1 MINIST %4 46 A [F) 43 A i )1 25 55 4

Table 1 MINIST training data with different distribution gk
s R EMR B
0 1 2 3 4 S 6 7 8 9

1 1 000 1 000 1 000 1 000 1 000 1 000 1 000 1 000 1 000 1 000

2 1 300 700 1 300 700 1 300 700 1 300 700 1 300 700

3 1 900 900 900 900 900 900 900 900 900 900

4 550 650 750 850 950 1 050 1150 1 250 1 350 1 450
32 85 W 980 1135 1032 1010 982 892 958 1028 974 1 009

2.2 MEMNESHELE

TE R B 35y 1) BB D R LT AR AL A T AT AR 5y S B LA B TR AT R A e
CNN 5 Hg{H R i 5 ) — R B B CE UL RN N 5 X5 i o 200, — 2t Ak Clee R Ak » Ak A% /N
2 X 2) PP J2 4 43 (R 2 o0 B04% 31 100,100 ) NN, it Ji5 — J2 42 3% 2 ] Softmax i 45 5 . (i FH /it
= FEHLES B R & (mini-batch stochastic gradient descent, MSGD) B #E 471145, ¢ 2 K 0. 01, /Mt =
KN 200, AR EL A 20 000, A BR EUAE FH A2 U A M 0R 250, 05 eR B ] S R T BB R BRI 2K
P AT IR . R TXS AN [F R 2 A5 TR IR IR 45 R R R 2 B TLE M 2 SR EEE N A
CNN %544 LeNet-5 b 47 #5256, BOE R B0 R e& £l A o8 B8k 22 SUIR A AN o8 B, X 1) 2% 2 50ii
TR ARG SECS BiRnRalE . AR A REAF 251 Winl0 64 i &% .3. 30 GHz CPU,L4 G
WAESF . 1E Python & #E47 1056 . Jf i B Theano JE5¢ il s PERE TSR .
2.3 RBWIE

TEAS RN ZREHE FAS [R]85 R &0 T B MSGD Il 25 T A B AL 1) CNN I 2% 73 S HEff 38 WL 3R 2~ 4.,
5 J& LeNet-5 SBAITEA R VI ZR 4R T B MSGD Il 25 T 19 8 584 11 73 S HE B %2

WEETE S BRECT &S 19 73 ZEUERN 32, R I ICHB I35 0 T WIN A K B0 Bt 22 118 288 S0 7 000 3 I B 0 288 o
FOBGR AN 2 O3 2 P EBCE AT 3 R 0 28, 00 4 v 8.9 38, il 3R 2 WA ARG (O3 A DIF LT
WA 2 ) CNN BEAY S 8 UEA 2 W] 0 A T A X 8 8000 (0 A 2~ 00 T 19 70 R MERf 32 . T 7E AH W] 1)
B R 28 25 R AE DU S SR AN [ 08 38005 pRE A SR AFFE R LS 00 . e 3 RNER 4 WT R, A A [R) B0G
BRECT S8R oA D IR 2 1) CNIN AR AN 2 o A 58 2 & T A B 80 (or A 2~4), Wk 5 7l
AN BN SR B A 2 X AN ) ) CNIN BB 38 O . AR LeNet-5 A5 8Y 1A [n] $i 4 23 A 15 00 T 1%
) BB 3 2 ME O AR T DATE — 8 P B2 b R A AN 25 455 5000 7 O A A R 52 i) fEL 2 289 8 i (oAl D
T 00T A5 21 CNN SR 43 28 i A 5608 2 W 0 00 T A X 8 85008 (A 2~ O A5 00 R 19 73 e %

F2 1 MSGD YIZRE s ECh S s CNN M 45 43 R UET 5

Table 2 Classification accuracy of CNN networks as S activation function trained by MSGD %

e UNEW A &/ T 5 A B30 B o g 2 UER €
biiRTES 0 1 2 3 4 5 6 7 8 9 HiRTES
1 88.00 98.00 88.67 86.22 77.56 88.89 90.83 90.00 78.00 92.56 90.44 88.72
2 69. 94 98.11 67.67 93.56 41.00 95.78 40.33 93.56 68.22 91.67 13.33 77.19
3 81.14 99.78 85.00 79.78 59.56 83.56 78.67 84.11 85.44 73.11 81.67 83. 89
4 71.55 86.33 72.89 53.44 47.44 36.67 60.33 92.44 71.44 95.44 96. 44 75.26

F 3l MSGD YIZRmiim sRECh T AR CNN B 45 70 i 3

Table 3 Classification accuracy of CNN networks as T activation function trained by MSGD %

s A 3 T 5 R B0 B o o 2 UEsyiei
iR 0 1 2 3 4 5 6 7 8 9 HEH R
1 93.97 98.56 96.00 93.67 88.44 93.78 94.33 95.00 89.11 96.44 93.33 96.73

90. 65 99.00 91.56 97.11 79.89 97.89 86.33 96.78 85.22 96.44 74.33 94. 46
93. 85 99.56 85.00 79.78 ©59.56 83.56 78.67 84.11 85.44 73.11 81.67 96. 77
4 90. 73 95.44 92.11 88.11 81.78 78.78 91.17 94.78 90.78 97.56 97.00 93. 67
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F 4 b MSGD YR B R B R R CNN W45 73 28 v afy 3

Table 4 Classification accuracy of CNN networks as R activation function trained by MSGD %
eSS € T 5 U B B v €

yA
e TR 0 1 2 3 4 5 6 7 8 9 R R

1 95. 38 98.44 97.67 95.22 93.33 95.22 95.17 96.33 89.89 97.78 93.89 97.78
2 90.79 99.22 92.22 98.33 73.22 97.89 89.33 97.22 86.56 97.22 76.22 94.52
3 94.78 99.78 98.00 94.44 90.89 95.22 93.67 95.44 90.56 95.44 92.67 97.51
4 88.98 88.11 90.89 81.89 &81.44 77.44 89.00 97.11 88.11 96.67 98.11 91.63

£ 5 LeNet-5 M MSGD Il 45 1t 43 2 e 1 2R

Table 5 Classification accuracy of MSGD training for LeNet-5 networks %
R &/ T 5 PR B0 B8 o i 22 UEsie

yA
i TR 0 1 2 3 4 5 6 7 8 9 TR R

1 96. 18 98.44 97.67 98.00 96.67 96.44 97.83 95.56 87.78 96.11 95.89 98. 74
2 93.29 99.22 96.44 98.78 84.22 98.11 92.00 98.22 85.44 96.89 82.44 96. 82
3 94,37 99.78 95.33 97.89 91.44 95.56 95.83 96.11 86.33 96.78 88.78 96. 67
4 91.77 93.78 95.22 88.33 82.56 80.78 91.50 97.44 90.56 95.67 99.22 93. 54
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Ry ff DR IR AN B A I 2R 508 X CNIN A R e, FRATT 4 ) sk 353 EMISGD, 5 Bl HLES BE F 5
R IR0 45 SR B, AT AR A O B R A
3.1 ExEERE5xH

EFREALRR BT B B AN [ A R o FRATT ) st AR 3 DR O B AL At I 25 4 A R /NI o el ik Sk DR
ZEBCHE Al IBORE [F) B0AE P R A 2 B/ N B A A /N R S ORI A A . R SRR 0 Y R B AR UE /N
PN A B 8 A PR A B FRATTR B R S TR 22 B TSR BRI R o % BT 1 I A B X
RIS R BT Fh A S U Tl AR /NI P R B A BT AN T AR AL G 0 A R B AR TR A 1l A A U1 S AR e
WA R D BRI B R RS D . AN X 2R E B R MIE R N T T RRFE. BT
Y253 72 02 24~ B 0 Cepoch) 21 5 B 2 BT A 1 2 B FEAS R 23 4 T TN 2 It DA A AN A7 78 IR RCR A 1T
FEUE B ERM R, T8 PR /NS P 0 BRI O R AN ANURT LI R B AN S A ok AN R
M) o 3 AT AR AR A6 BT e 1 i) o (S ASE 7R 1) Rl SR B
3.2 KSR

EMSGD {9 44: g P4 R 55 Rk 3 56 40 ] 59 CNIN 85 b A0S - 005 BB R A S BR Bk T ok 50
R PR KB 25 R LR 6~8,7F LeNet-5 M IR 45 R W3R 9. TEBIE sRECH S BB IE L T . 515458
) Bt ATLASE B2 T o R AT BL IO R VR (R ME SR T v . P 2 BN B o A 2 TE R AL BE R RR S VA T
TR B B R A 69, 9400 1M 6 S B0 B i 1 I SR 5000 o R T Ak 88, 74 %0 4R I 2020 . FEANH]
RO 20 A T o B SR A T A 0 i A B I v AR 2R A A 2 rh 1 B  HE R R N 67. 67 00 (3R 2)
P H 96.22% (£ 6),

TEWOG BB T RECR R RSO0 T S48 1% G0 1 BE LA B2 e 530 vk I 3o 280308 o ff 232 ] L3k 3]
90 Y0 ZE AT AR AE R DR B HERf R IREAG . W3R 3 R oy A 3 1 3 JSBUE M HE R R LA 59. 56 26, 1M [F]
BEG BT 1A 5k B0 (o /0 S 1) A SR 2 AT 3R B 80 00 22 A 3 Tk I O B 1k AT A R R ONIN S 2 B
M5 2 HER R

X HGE 9 FIER 5 RIS AE LeNet-5 [FFE A R 78 B AN 49 7 19 1% 0 155 50 i o 55 A BT 32 7
P an 4 4 BB ECHE MER 2 1l 91, 77 %R = & 94. 16 %, I HLWT LUA 208 2 2 Bk i 4 M 2L Lo
A3 A 31 9 2 88. T8 W HEE F 95.56%
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Table 6 Classification accuracy of CNN networks as S activation function trained by EMSGD %

res ‘f')!ﬂ;ifﬁiﬂ(?ﬁ T 5 BT B o o % ﬂll%iﬁ)ﬁ
HIRTES 0 1 2 3 4 5 6 7 8 9 MRS
1 86.52 96.33 93.33 85.11 80.33 80.78 83.33 90.11 87.44 88.44 78.11 95.98
2 88. 74 95.89 96.22 85.11 90.22 83.11 85.00 90.89 87.00 80.67 90.44 94. 68
3 91.47 96.11 95.56 88.33 89.11 91.78 92.83 92.56 90.11 89.44 87.89 95.35
4 89.79 97.11 97.00 89.78 92.00 90.33 78.00 94.11 90.78 83.78 79.11 96. 09

F7 i EMSGD Y4 #E s 8 T eR B0 CNIN [ 2% 43 2 ik fiff %

Table 7 Classification accuracy of CNN networks as T activation function trained by EMSGD %

e fﬂﬂ?ﬁﬁlﬂé’? T B BT B0 1 % Ull?ﬁﬁlﬁé’i
HIRTES 0 1 2 3 4 5 6 7 8 9 HIZTES
1 87. 64 96.89 94.11 86.56 82.00 85.67 83.33 92.67 87.78 88.56 77.89 99.99
2 95. 08 96.44 98.67 94.22 95.44 95.67 92.00 95.22 94.78 94.89 91.78 99.71
3 94. 29 95.89 98.00 93.33 94.33 94.56 90.00 94.89 92.44 93.44 92.33 99. 57
4 92.00 98.67 97.44 90.00 93.33 94.67 87.67 94.33 91.22 88.78 79.78 99. 69

8 h EMSGD YRl s R s E0y CNN ) £ 73 2 iz afy <

Table 8 Classification accuracy of CNN networks as R activation function trained by EMSGD %

e fﬂﬂ‘iﬁiﬂlﬁ T 5 B0 B o % ﬁll?ﬁﬁﬁﬁ
HIZTES 0 1 2 3 4 5 6 7 8 9 HIRTES
1 88. 36 94.67 95.33 89.22 83.44 86.89 83.83 92.11 87.33 89.33 80.44 100. 00
2 91.47 94.78 98.67 87.89 91.89 87.67 93.00 91.56 95.11 79.11 93.33 99.95
3 94.57 88.33 98.78 94.78 95.56 96.56 91.17 96.11 93.11 94.56 93.89 99. 90
4 92.57 97.89 97.56 93.44 96.33 95.67 91.00 95.78 90.89 86.00 79.33 99. 86

F® 9 1f LeNet-5 M4 EMSGD Il 2k 43 26 i o R

Table 9 Classification accuracy of EMSGD training for LeNet-5 networks %

e RS EI T 5 BT B o i Ull‘?;ﬂ?’éﬂ)ﬁ
HE T < 0 1 2 3 4 5 6 7 8 9 HIZTES
1 90.42 98.00 95.89 91.11 86.67 88.22 88.00 93.00 89.56 89.78 83.33 100. 00
2 92.79 96.33 98.89 89.78 94.11 86.89 96.17 91.67 94.00 83.11 95.44 99. 95
3 96. 02 95.89 98.22 95.22 96.67 95.44 95.00 96.22 93.56 96.67 95.56 99. 84
4 94.16 98.89 97.00 96.33 97.33 94.11 93.67 95.00 91.78 90.44 84.44 99. 85

TERCYE AN YW D0 T » ot 50k BEBEALBR B T B 5905 T DUSE DRl 8. [ 3~ 5 23301 S i ek %K
9 S BB T sRBR RS CNIN AE 4 B A [A) I 2R B0 2o A 5 00 F 19U Zad A

HIPE 3 R B 4 AN ) 23 A 1 s 7ER0E s B S R BRI B0 T T et Bk e R R b &
S BR k B N R R . AR 3 Ca) IR  ACHE SR AR S 7 500 YRR AN R FE kB T 8000 . Tii %
S0 9 BE AL LT A 16 A0 A 3 B i 1 L 7 7 500 YRIE AR R 5 Hk B 5006 . I ZRoe U - ot 30k
INZRAFE 9 CNN I CE R 3 5w FE RO AN I 15 D0 B CUn A 3(b) L (o) (dD) FRBUASTE B ik

Pl AP 5 SRR S RO T B R B AE 4 R R B s 0L R il gead 72 . 5 S sk
917 DUARL » e R 5303k P BREAILAG JBE T e 53k A AN 32 15 i 4 B vy Wi S50kt B R pe  ELWfEAf SR B v . RS 3
ANTRI A2 B A Ca) TR 5 Ca) H o ol T BE AL J8E T I 5 0 18 80 ) v 0 3 s oo T 6 PR SCE R0 Al P LAY 3 7
e 8 AT LA B AES0 AT 1 B DL T » iR 53 1) D11 R 0000 o 1 25 L B AL Ao B e v sy o 4 2l v
il 23 S T AR » I T T BR300 vl BEAE B B A D0 2 S AR i 405 - S A T T R AN s 2

Kl 6 J& LeNet-5 £ 4 R [RZcls 70 A i 00 T ISR 8 . S8 5 AL ot 5903k L BEILAR 52 1 B B
TEAE AN T R Al A A S R TR, LV A R BRI T AT R A B A A TR ) X 4% 2 A
THREAMN . Bl T LeNet-5 BRI G A I, 5 S A= i U N BEAE 70 Al 1 FI00 A7 2 5 B0 T BB 2 e &%
A1 E B A R R A 32 T+ S T s AR T B ML A J8E I A0 I A B A AL TR
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Fig.3 Training process of CNN with S activation function

100
90
80
§ 70 )
¢ 007/
£ 50
£ 40
30
2 e B
0 — BB TS
07 © © © © @ © ©
,»SQ 5@ ,\SQ\QQQ OSQCSQ \,\SQ ’»QQQ
AR EL
(a) 7 Aii 1
100
90
80
< 70
_@_ 60
& 50
# 4o
30
i e S
" — EBLbRE e
0O Q O & O D O LD
qf’Q 6@ . Q\QQQQ?Q\L}QQ \(\@q’g@
BB
(c) /A3
100
90
80} /
© 70 !
—E\@]- [
& 50
& 4o
i e BB
" — LR RS
10T @ @ © @ ® © ©
'»C’Q 6@ A \QQQ\'\?Q@QQ \,\@@QQ
ERIREL
(a) 43 4ii 1
100
90} |
80} §
° 701§
'P?‘l‘ 60
& 50
# 40
30
2 e B
0 — BBUBE TV
0" © © © @ & © ©
’;)Q 6@ ,\@\Q@\W@\%@{\@&@
LEARIREL
(c) A3

100
90
80} |
o\\° 70 |
% 60 i
= 50
E 40
30
2 e B
10 — BlAUBEEE PR
0 © © © @ © ©
%"Q 6@ ,\SQ\QQQ\,;S \@Q \,\@%@Q
EARIREL
(b) 4342
100
90
807 4
c\\° 7014
Y 60
& 50
# 40
30
o e B
10 — FEMLBSRE TR RN
1M ® © © @ @ & ©
qﬁQ S «\‘S\@Q 0@\6@\ @q}q@
A
(d) 4344

B4 FOGRBON T R CNN I Zhid 72

Fig.4 Training process of CNN with T activation function
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