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Diversity measuring method of a convolutional neural network ensemble

TANG Liying', HE Lile', HE Lin’, QU Dongdong'

(1. School of Mechanical and Electrical Engineering, Xi’an University of Architecture and Technology, Xi’an 710055, China;
2. School of Science, Xi *an University of Architecture and Technology, Xi’an 710055, China)

Abstract: Diversity among classifier models has been recognized as a significant performance index of a classifier en-
semble. Currently, most diversity measuring methods are defined based on the 0/1 outputs (namely Oracle outputs) of
the base model. The probability vector outputs of a convolutional neural network (CNN) still need to be converted into
Oracle outputs for measurement, which fails to fully use the rich information contained in the CNN probability vector
outputs. To solve this problem, a new diversity measuring method for probabilistic vector outputs based on CNNss is pro-
posed. Several base models of CNN models with various structures are established and tested on the CIFAR-10 and CI-
FAR-100 datasets. Compared with double-fault measure, disagreement measure, and Q-Statistic, the proposed method

can better reflect the differences between the models and provide better guidance for a selective ensemble of CNN models.
Keywords: CNN; ensemble learning; diversity measures; machine learning; multiple classifier ensembles; probability

vector outputs; Oracle outputs; basic model
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Table 2 Structures of four-candidate basic models

2R Model 2 Model 3 Model 5 Model 6
WAJZR 32x32 x3 32x32 x3 32x32 x3 32x32 x3
HBRZEL Conv3-64 3x3 Conv3-512 3x3 Conv3-64 3x3 Conv3-512 3x3




5% 6 1 LA, &5 — PGB TR 2 W 448 Y A1 4 T + 1033 ¢
k2
| Model 2 Model 3 Model 5 Model_6
BZ2 Conv3-128 3x3 Conv3-256 3x3 Conv3-128 3x3 Conv3-256 3x3
HIZE3 — — — —
WfkE1 Maxpool Maxpool Maxpool Maxpool
HBHZ4 Conv3-256 3x3 Conv3-128 3x3 Conv3-256 3x3 Conv3-128 3x3
BRUZS Conv3-512 3%3 Conv3-64 3x3 Conv3-512 3x3 Conv3-64 3x3
EHZ6 Conv3-64 3x3 — Conv3-512 3x3 —
ik/ZE2 Maxpool Maxpool Maxpool Maxpool
HEZEL Dropout(0.25) Dropout(0.25) Dropout(0.25) Dropout(0.25)
HBRZET Conv3-128 3x3 Conv3-512 3x3 Conv3-256 3x3 Conv3-64 3x3
HHZE8 Conv3-256 3x3 Conv3-256 3x3 Conv3-128 3x3 Conv3-128 3x3
HIZE9 Conv3-512 3x3 — Conv3-64 3x3 Conv3-256 3x3
Wfk=3 — Maxpool — —
EBRZE10 — Conv3-128 3x3 — Conv3-512 3x3
HBRZL — Conv3-64 3x3 —
HRZ12 _ _ _ o
Hik)Z=4 Global Maxpool Global Maxpool Global Maxpool Global Maxpool
i fatten fatten fatten fatten
UL (/S =) Dropout(0.25) Dropout(0.25) Dropout(0.25) Dropout(0.25)
iz Dense(64) Dense(65) Dense(66) Dense(67)
2 Softmax Softmax Softmax Softmax
xR 3 SNMREEERLEY
Table 3 Structures of five-candidate basic models
L) Model 8 Model_10 Model 12 Model 13 Model_14
AR 32x32 %3 32x32 %3 32x32 %3 32x32 %3 32x32 %3
HBRZEL Conv3-256 3x3 Conv3-512 3x3 Conv3-64 3x3 Conv3-64 1x1 Conv3-64 3x3
BRUZ2 Conv3-128 3x3 Conv3-64 3x3 Conv3-64 1x1 Conv3-64 3x3 Conv3-64 1x3
BIRZE3 — — — Conv3-64 1x1 Conv3-64 3x1
WAkZE1 Maxpool Maxpool Maxpool Maxpool Maxpool
EHZE4 Conv3-256 3x3 Conv3-128 3x3 Conv3-256 3x3 Conv3-256 1x1 Conv3-128 3x3
BRUZES Conv3-128 3x3 Conv3-64 3x3 Conv3-256 1x1 Conv3-2563x3 Conv3-128 1x3
HIZE6 Conv3-256 3x3 — — Conv3-256 1x1 Conv3-128 3x1
k=2 Maxpool Maxpool Maxpool Maxpool Maxpool
IR Dropout(0.25) Dropout(0.25) Dropout(0.25) Dropout(0.25) Dropout(0.25)
BRZET Conv3-128 3x3 Conv3-512 3x3 Conv3-512 3x3 Conv3-512 1x1 Conv3-256 3x3
HRUZ8 Conv3-256 3x3 Conv3-64 3x3 Conv3-512 1x1 Conv3-512 3x3 Conv3-256 1x3
=9 Conv3-64 3x3 — — Conv3-512 1x1 Conv3-256 3x1
)23 — Maxpool Maxpool Maxpool Maxpool
HBRUZ10 — Conv3-128 3x3 Conv3-128 3x3 Conv3-128 1x1 Conv3-512 3x3
HBRZEI — Conv3-64 3x3 Conv3-128 1x1 Conv3-128 3x3 Conv3-512 1x3
HRZ12 — — — Conv3-128 1x1 Conv3-512 3x1
Hifk)=4 Global Maxpool Global Maxpool Global Maxpool Global Maxpool GlobalMaxpool
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P fatten fatten fatten fatten fatten
G E2 Dropout(0.25) Dropout(0.25) Dropout(0.25) Dropout(0.25) Dropout(0.25)
2 Dense(68) Dense(69) Dense(70) Dense(71) Dense(72)
i 4 )2 Softmax Softmax Softmax Softmax Softmax
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Table 4 Prediction results A, of 19 candidate basic models %

HLARAY CIFAR-10 CIFAR-100 LT CIFAR-10 CIFAR-100
model 1 90.81 67.41 model 11 88.85 62.55
model 2 91.23 65.43 model 12 88.33 61.30
model_3 89.44 63.12 model 13 88.97 62.04
model 4 90.25 65.07 model 14 88.73 62.98
model_5 90.82 66.46 model 15 51.47 63.29
model 6 87.99 62.12 model 16 80.92 53.89
model 7 90.72 65.13 model 17 79.17 50.65
model 8 91.00 66.50 model 18 81.00 49.80
model 9 88.87 61.75 model 19 60.76 36.75
model_10 89.11 62.86
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Table 5 Results of an optimal two-classifiers model on CI-

FAR-10
K FHED Dy D, 0 Dypy
1 2-14 6-12 6-13 2-6
2 2-5 6-13 6-8 2-3
3 5-14 12-14 5-6 2-5

Hi 2 7 R 8 mIAN, AR SCO ¥R U 1 Y 1) = 70 25 4%
HE BRIl 2-3-6., 2-5-6 F1 2-6-8, HE U FEAH L T
FEAGL IS S0 B P2 T ROR A, $2 T T 2.575%
H1 ¢ 9. 10 W] 1, 7% 3C 7 ¥ i 3% Hh A DU 43 S e A
T 2-3-5-6., 2-3-6-8 HI 2-3-6-10, 4 MUK B AH LL T
FERERURE B T 2.580%, L O Giit Iy vE Rk R
U, AR —EbE A 22 0.397%, HEXUEE B i
A 2E 0.074% . [RI B, A SC 7 % 0 3 H 9 — 50
AT I ORGSR E] T 92.067%,
PEREAH LT FLAth 3 B VA 2 I Y, =408
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Table 9 Results of optimal four-classifier models on CI-

F6 WHRF[|EMERIE CIFAR-10 EF 4 R

Table 6 Prediction results of two-classifier models on

FAR-10
MRS Dy Dj, 0 Dyy
1 2-5-8-14  6-12-13-14  6-12-13-14  2-3-5-6
2 25-6-8  6:9-12-13  5-12-13-14  2-3-68
30 25-13-14 11-12-13-14  2-12-13-14  2-3-6-10

CIFAR-10 %
KH PR BRI R
D 91.987 90.260 1.727
D 90.093 88.510 1.583
0 90.920 89.700 1.220
Dpy 92.067 89.870 2.197

FT10 MHEBERERTE CIFAR-10 PN ER

Table 10 Prediction results of four-classifier models

£ 7 CIFAR-10 L EHMR R =5LBEREER

Table 7 Results of optimal three-classifier models on CI-

on CIFAR-10 %
Fo CPHAEORE JEREIOREE fRmA
Dr 92.767 89.790 2977
D;, 91.277 88.623 2.654
0 91.810 89.495 2.315
Dpy 92.511 89.931 2.580

FAR-10

K HES Dy Dy 0 Dypy
1 2-5-14  6-12-13  12-13-14  2-3-6
2 2-5-6  6-12-14  6-12-13  2-5-6
3 2-3-5  6-13-14 5-6-13 2-6-8

RS Z=ZHEB[BEMEEIE CIFAR-10 EFMLE R

Table 8 Prediction results of three-classifier models

on CIFAR-10 %
FH PR ERENFEE RERE
Dy 92.490 89.964 2.526
D 91.003 88.505 2.498
0 91.010 88.968 2.042
Dpy 92.293 89.718 2.575

M2 5.6 A H1, A S5 iR Ok ) — 40 2548
AE A B 226, 2-3 F1 2-5, 4R BOKS BEAH L T
FH ALY S ARG R T ROCR B A, BT T 2.197%;

3.43 3 F CIFAR-100 #0345 4 49 % b4

Sy it — 2 B UE AR ST 4R O Bk B A A, A
CIFAR-100 £t 4E AT uE L, £ 11 &3
P 38 Z2 FEE T3 ¥k FAS SCH 5 53 3l #E CIFAR-100
BAEE AR Z RS THE SRR P 8 4R
BRI, 3R 12 J& 3R 11 19 5 1 43 2 25 42 B 7Y
TN 285 58 5 2% 13 S5 B0 ARG T i K )
AN PRAE RER 14 2 HOTINSE R K15 2
15 30 (1) 224 1 G0 T S5 K 1 10 4 S e 4 A Y
16 S H 2

H# 11,12 AT AL, A ST R 7E CIFAR-100 %X
P AR b0 3 i A S AR A B AL 5-14 . 12-
14 F1 3-14, P-4 BORS BEAH L AR TR S S48 1
RIFSCR B, $2TFT 5.812%; H# 13, 14 A 41,
AT B Y = e A A AR R Ol 5-12-14
5-8-14 1 3-8-14, V- ¥4 BUKS FEAH F T LA U S
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REDL T WU, B & 0 vk L AN — B Dy i 0 Beit oy
B, FRIUE T A SO R A 8t

F 11 CIFAR-100 SRR T S K EMER

Table 11 Results of optimal two-classifier models on CI-
FAR-100
[ 7 HEF D Dy 0 Dpy
1 5-6 6-12 12-14 5-14
2 5-14 12-14 6-8 12-14
3 5-13 11-12 13-14 3-14

F 12 WHEBF[EMEE T CIFAR-100 RN 45 R

Table 12 Prediction results of two-classifier models

on CIFAR-100 %
SVl SO i ] S SItR B TN E R
Dy 67.740 63.400 4.340
D 65.880 62.240 3.640
0 67.273 62.988 4.285
Dpy 69.278 63.466 5.812

% 13 CIFAR-100 E SR AN =0 LFERER

Table 13 Results of optimal three-classifier models on CI-

FAR-100

R P HED Dx D 0 Dpy
1 5-13-14  6-12-13  12-13-14  5-12-14
2 5-12-14  12-13-14  9-13-14  5-8-14
3 5-6-13  11-12-13  6-12-13  3-8-14

F 14 =S FE[EMEBTE CIFAR-100 TN ZE R
Table 14 Prediction results of three-classifier models
on CIFAR-100 %

FA FRERIUEE EERENEEARE RERE
D 70.230 62.980 7.250
D 68.427 62.198 6.229
0 68.413 62.038 6.375
Dpy 71.493 64.072 7.421

® 15 CIFAR-100 b Z MRS KR EREER
Table 15 Results of optimal four-classifier models on CI-
FAR-100

KT HED ) Dy D, 0
1 2-5-13-14

DPV

9-12-13-14 9-11-13-14 3-5-12-14

2 5-8-13-14  6-9-12-13  9-12-13-14 3-5-8-14

3 5-12-13-14 11-12-13-14 6-12-13-14 5-8-12-14

F 16 Mo EEMEETE CIFAR-100 FIFIN 4 R
Table 16 Prediction results of four-classifier models
on CIFAR-100 %

e PR BUESEIYREE REE
Dy 71.697 64.120 7.577

D 69.590 62.123 7.467

(0] 69.503 62.123 7.380
Dpy 71918 64.072 7.846
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HH ) B AR AR 1) 4R IR AR AR, BRI TS — 2K
PEF O Biit )7 ¥ 5 7E CIFAR-100 B4l 4 b, Dpy 5
0 04 B R AL TGI8 S 24 4R B RE A 2 A
Xof AR R B T B ORI R A . U,
T R R AR X 4 55, AR AR 2 ) 5 B K A b s [
Al AR, Dyy J7 15 55 BE A% (R BRASE 78 2 [R] i B
FME, T B A AR R A A R AT SR R A
CIFAR-10 I CIFAR-100 £ #is 45 5 UE, A8 SCHE
[ Dy 715 AT LA 38 43 I A5 R 28 I 45 79 M 236 1)
R R, TR BE A2 AR R S ERME R, A
AL 2o M B A T T S R A R B L AR 2 [ Y
HAME R Z AR

4 %HRIE

B RS TR A 1 2 R B T i A A
TR Sy 45 TR 228 I 45 ) oA 78 4 ) FH AR R Ay o 19 R
e B Y [, AR SCH H — AL B R R &
W 2% ME 5 ) f 1Y) 22 FF R R B O vk . A E CI-
FAR-10 1 CIFAR-100 #8412k 24 A R 25
FA 110 265 R R 28 I 4% 00 47 3 T 22 R T 1 1) o 28 5
FSEBy, 45 9968, 7F CIFAR-10 3R 45 A Scoy
RS B B AT, LA T AR — 2R 0 42
7 k5 7E CIFAR-100 #4845 b, A EL T BU4E B
O G FUR — B T, AR SCHE R O iR
Mo ASCEE T IE BB TR0 R B B &
DO 245 (1%) ARE % ] i i 1R R, B G b (A ERARE AL 2 [
) 22 BE M, R I 78 AR R A R A 55 1), BB A% 1k



# VAL, G5 — Pl B 2 I 28 A ) AR D ik

* 1037

H RSB SRARS B B AR R 5, LA O R Y

PEfE

Xt AR AL B PERE A B TSR WL . e

T35 D TR 1] i ) A B e 2 ) 4 A R 4
IR AR ABE T — Pl B 2RI R R

S 3k

[1]

[2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

OPITZ D, MACLIN R. Popular ensemble methods: an
empirical study[J]. Journal of artificial intelligence re-
search, 1999, 11: 169-198.
ZHOU Zhuhui. Ensemble methods: foundations and al-
gorithms[M]. New York: CRC Press, 2012: 236.
YULE G U. On the association of attributes in statistics:
with illustrations from the material of the childhood soci-
ety, &c[J]. Philosophical transactions of the royal society
of London. Series A, 1900, 1900, 194: 257-319.
SKALAK D B. The sources of increased accuracy for two
proposed boosting algorithms[C]//Proceedings of Americ-
an Association for Artificial Intelligence, AAAI-96, In-
tegrating Multiple Learned Models Workshop. Portland,
USA, 1996: 1133.
GIACINTO G, ROLI F. Design of effective neural net-
work ensembles for image classification purposes[J]. Im-
age and vision computing, 2001, 19(9/10): 699—707.
KUNCHEVA L I, WHITAKER C J. Measures of di-
versity in classifier ensembles and their relationship with
the ensemble accuracy[J]. Machine learning, 2003, 51(2):
181-207.
KOHAVI R, WOLPERT D H. Bias plus variance decom-
position for zero-one loss functions[C]//Proceedings of
the 13th International Conference on Machine Learning.
San Francisco, USA, 1996: 275—-283.
CONOVER W J. Statistical methods for rates and propor-
tions[J]. Technometrics, 1974, 16(2): 326-327.
SHIPP C A, KUNCHEVA L I. Relationships between
combination methods and measures of diversity in com-
bining classifiers[J]. Information fusion, 2002, 3(2):
135-148.
HANSEN L K, SALAMON P. Neural network en-
sembles[J]. IEEE transactions on pattern analysis and
machine intelligence, 2002, 12(10): 993-1001.
CUNNINGHAM P, CARNEY J. Diversity versus qual-
ity in classification ensembles based on feature selec-
tion[C]//Proceedings of the 11th European Conference
on Machine Learning. Catalonia, Spain, 2000: 109—116.
PARTRIDGE D, KRZANOWSKI W. Software di-
versity: practical statistics for its measurement and ex-
ploitation[J]. Information and software technology,
1997, 39(10): 707-717.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

TR, B IR . kTR AR FIIER 28 5 22 B SCHf o
s AR R PR AR I (1], THEEHLRLE, 2016, 43(5):
252-256, 264.

XING Hongjie, WEI Yongle. Selective ensemble of
SVDDs based on correntropy and distance variance[J].
Computer science, 2016, 43(5): 252-256, 264.

. BT 22 SR R A R AR U T IS
BLH [D]. Kif: RIEMRE R, 2017.

LI Li. Optimization method research and application of
multiple classifiers ensemble based on diversity meas-
ure[D]. Dalian: Dalian Maritime University, 2017.
RXZEIH, Eh I, s, A5 SR AT EAME B 42
P AR I S R T 1 (0], DU AT R AR, 2016,
50(2): 13-19.

ZHAO Junyang, Han Chongzhao, Han Deqiang, et al. A
novel measure method for diversity of classifier integra-
tions using complement informationentropy[J]. Journal
of Xi’an Jiaotong University, 2016, 50(2): 13-19.

JA, S, B TR BRI B ) i R 2 R
EATSE [J]. HRAL TR 58, 2019, 41(9): 1700~
1707.

ZHOU Gang, GUO Fuliang. Process diversity measure-
ment of ensemble learning based on information en-
tropy[J]. Computer engineering and science, 2019,
41(9): 1700-1707.

JE TR, ARG, A B M DT LRIA (1), 3
FHL2EAR, 2017, 40(6): 1229-1251.

ZHOU Feiyan, JIN Linpeng, DONG Jun. DONG Jun.
Review of convolutional neural network[J]. Chinese
journal of computers, 2017, 40(6): 1229-1251.

FAN Tiegang, ZHU Ying, CHEN Junmin. A new meas-
ure of classifier diversity in multiple classifier system
[C]//Proceedings of 2008 International Conference on
Machine Learning and Cybernetics. Kunming, China,
2008.

W, XN, R4, A5 ER IR b i B 22 )
% [J]. B3hikaE3R, 2016, 42(9): 1300-1312.
CHANG Liang, DENG Xiaoming, ZHOU Mingquan, et
al. Convolutional neural networks in image understand-
ing[J]. Acta Automatica Sinica, 2016, 42(9): 1300-1312.
KRIZHEVSKY A, HINTON G. Learning multiple lay-
ers of features from tiny images[J]. Handbook of system-
ic autoimmune diseases, 2009, 1(4): 7.

KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Im-
ageNet classification with deep convolutional neural net-
works[C]//Proceedings of the 25th International Confer-
ence on Neural Information Processing Systems. Lake
Tahoe, USA, 2012.

SINHA N K, GRISCIK M P. A stochastic approxima-


http://dx.doi.org/10.1613/jair.614
http://dx.doi.org/10.1613/jair.614
http://dx.doi.org/10.1613/jair.614
http://dx.doi.org/10.1016/S0262-8856(01)00045-2
http://dx.doi.org/10.1016/S0262-8856(01)00045-2
http://dx.doi.org/10.1023/A:1022859003006
http://dx.doi.org/10.1016/S1566-2535(02)00051-9
http://dx.doi.org/10.3969/j.issn.1007-130X.2019.09.024
http://dx.doi.org/10.3969/j.issn.1007-130X.2019.09.024
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.1613/jair.614
http://dx.doi.org/10.1613/jair.614
http://dx.doi.org/10.1613/jair.614
http://dx.doi.org/10.1016/S0262-8856(01)00045-2
http://dx.doi.org/10.1016/S0262-8856(01)00045-2
http://dx.doi.org/10.1023/A:1022859003006
http://dx.doi.org/10.1016/S1566-2535(02)00051-9
http://dx.doi.org/10.3969/j.issn.1007-130X.2019.09.024
http://dx.doi.org/10.3969/j.issn.1007-130X.2019.09.024
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;

<1038 * B OB R & ¥ W %16 %

AR, 2, A S, R
WF5E 7 1 A LA N AR ik AR (HLER
222] . 2015 AEFRBEPT A = S 2E A R
FARB SEA 2016 AEFRBE YA R
HARE =%, FRIALHZNS
f, MR35 186, #bf 4 36, RERF
AR 86 i o

tion method[J]. IEEE transactions on systems, man, and
cybernetics, 2007, SMC-1(4): 338-344.

[23] GLOROT X, BORDES A, BENGIO Y. Deep sparse rec-
tifier neural networks[J]. Journal of machine learning re-
search, 2011, 15: 315-323.

EE®IT:
DAL, WA, ERAT ST AR, PRI, BRI SE 7 1] S T
1] A AR 5 FARASEI EE

ALIFBfeti— CRRESLESHE )

BRER AR AT B A | 2R R0 4% = SR TR A X A Y R AL 3 s AR B 2 1) B A HIL R
B M AT R 05 125, o2 80 RE BRI RN RO K (0 308 D B o A 45 0 8 BE B vk B T AUE AT 1 R4
MIE IR, B E N A ALEE: AL BT . Memetic 5905 R T HEST I L WO I L R MEST L L WA L

R AT R 2 AR BELR K SUO A IR AR R AL BT R
B/ AR AL RS IR I B IR R ARk
E=RE RO

R, 2, WYL TR R AR L H RIS U, TS, RIS I O RN S A AR 2R
TS KRB 2~ A5 R

B, J, WL TR RS R I B R HHE, WS, AR RA B SME Be -+, 2 W7 A 8B
BeAMEE B, TS5 1 O RIS MR ER -5 B AR | BRI~ S 2R

X3, Lo, WEH TR AR I R R, TR, A2 [E 55 B IR ) T K, K A AR R %
ARG E, L AR R RAGE, EBNETETT 10 o R BE S R GR | HLAS ) S R REIRR AL B

ZFMRMA, L, B, R E RIS ER, S, 2012 4F AJEHCHE AR B i 2200 T ANA SCRTRI, 2014 4E A
el v A BHEH AL, FERBIETS 10 N TR RE L IR R A R AL B



