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CNN hyper-parameters optimization method based
on the change ratio of relative probability
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Abstract: Convolutional neural network (CNN) has been widely used in the field of image
classification. Its hyper-parameters have a great impact on the misclassification rate. In order to further
optimize CNN hyper-parameters, the change ratio of relative probability based on Softmax regression
was introduced. The change ratio of relative probability was used to find the hyper-parameters which
have great influence on the image classification problem, and the hyper-parameters were adjusted
according to their importance. In order to verify the effectiveness of the change ratio of relative
probability, experiments were carried out in Architecture 1 and Architecture 2. The experiment results
show that the concept of the change ratio of relative probability introduced in Softmax regression can
reflect the effect of CNN hyper-parameters on misclassification rate in both architectures, and it is more
helpful to find a better combination of CNN hyper-parameters and reduce the misclassification rate. The
comparative experiments on MNIST and CIFAR-10 datasets show that the above conclusions are
applicable to different datasets.

Keywords: convolutional neural network; combination of hyper-parameters; Softmax regression;

1 #5 B 81: 2020-10-23
HEEWMB: BERAHABAIETEIHE (61273042)
E—EE:F E(1996-), L, WERA. FEm: AEPEEY. E-mail: lihuil12665@163.com


http://dx.doi.org/10.13255/j.cnki.jusst.20201023001
mailto:lihui112665@163.com

220 o B TR 2 2 R

2021 4F 5 43 4%

change ratio of relative probability

WAk, B THEAILEE Y A DL R 1
B, B2 M 2% ( convolutional neural network,
CNN) 7E EHMG R 51 H Az i s s 1 3 K i ik
U o, AlexNet 7 2012 4Ef#) ImageNet 3% %€
HiL) 18.9% MR IR RS T4, 1M VGG MK TE
2014 413X — L FE P L 7.3% MY A IR R RS T
ORI T R VGG M 2%k
3B W BRI R, WAL E R 228 %H 1
AlexNet % Fi 11x11, 5x5 L K 3x3 B9 & B K
N, WiARJE EECRH 33 AE . PR Z IR 5
PR 22 51| FR U CNN 8 S 502 52 A 7R 11 70 25 T iff
#% . Shih % P Fl Bibaeva'” 1 76 3C % h 45 i,
CNN 7£ BG4 4 28 IE B 6 AR R AR B L A2 3
HSESHEW W, inEREnE . BREN
Fo . BRI G ib s O K.

R T HREEALN CNN S S, REak
IE#R, CAHEBRZMITENHT CNN fESH1L
b CNN@BSELAL LA WZs . —2h )
WAL AL 77, Hetn Zeiler 257 R R 45 R 0T 90
b AlexNet B 55— 215 )2, 4 AlexNet AY5E —
JEEBRE KN 11x11 BN R 7x7, 55 2K
2, ME S B AYLE ImageNet 2012 [ 4328 1F
R E TR AlexNet; 55— H sl S50k
Wik, fEAESEet, PRI &R (grid
search ) il 13 W1 20 1 2 B S HGE R, 36T 95 2% 0k
o W 4 e A 9 CNN 8 2804 4 . Bergstra 21 §iF
B, AT MR E, 72— N H#ET LIS R
(random search ) BEAS7E B 5 %) 31550 ek 7] P % 21 AH ]
BT AR AR b, Snoek %5 42 SR 0Lt
714k ( Bayesian optimization ) 2 5-3& ¥ L 10 =
¥, AT S, Snoek 257 gtk — bR 2 M 4
W 4% 7F CIFAR-10 | (3 JEIEH %, 1 Krizhevsky
U0 PR OB E R O T 9 NS,
A b A8 2SS TEA AR LT SCRR [10] 5285 1 3%,

EAEERE, FRJLA 5 R A8 [l
AWRINESE, ML RRAEBESHT CNN
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SRAG Y, S ) B SR A B R AT R R AR —
ARG R AL, RSz, R YRR R R T
A LB, 2 fak” R, R
iz LRBCAL, FIWBr A T8 TWh—28 510, e
Phillips 45" 5% I LR A6F R b 5 FH 59 5 42 ke
5538, DAHCRFNET R 42 B g Bk O

LR 2 T ke — 3 2K )i, B K H Logit
BR B50CHE S P Il I3 00 1 5 £k R (0,1) 22 [i) g AR 3
B, HkRFRFMEENMSE. Logit MEUE AN
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R FE SN dRIR T2 e A e P, BARTH R
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W, ARSI g, HOESEH G AT RO T RERL 4>




222 o B TR 2 2 R

2021 4F 5 43 4%

FN AR DRI, A IRE AR AR R
FON (RAS R R 5. Kt #HEH— LR
RS, W08 Do T2 B S & Ak
TR R RN, A3, AR AT setk 4
BT R IR A, WS TP RRIRRIE . Ht,
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WEAR L T i B R 2RI K AR 23, v
ARSI ) & A SR AH LTI R R 20 1 &
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SR | Pt — (B HEATHERT AR HE 75 X
FORE AT PR . X S O B i R R AY
| Pt — IR, % 3 3 o DR 3 31 D v 2 6
KRR RO, FRE, HHHENESK
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Fig.1 Effect of x; on misclassification rate
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M), A% SCLL MNIST £5040 4 Bl AL 18 5T 600 >4k 48
BTG, HARIGREREARRCH 400, R4
AECH 100, MEXFEREAECH 100, A SCHET4E4 1
X} CNN #SHGHAT TS, 280 1 s BRI 2
i, EEAE—-ERARZ, —EERZ, —Zih
2, MZ2aEER, a2,

SR 1
. o iz
AR R wiE S 9 o
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Fig.2 Diagram of Architecture 1

TS 1T, ACFERT T IS &
BEME . SR MR WiezEr
v, WALERRE R BB BRI
K. B 2B RN 2T NS )2 ek
P2 2 e A T 4 AN B S RO U
(2, 1412 0] B RE S, A BRAZ A S BOBUE D (4, 812 [H]
AR, BB R KR E (1,512 [A) /Y B4
WAk E H ALK R E B L TIZ R R, o —)2
SRR TR R S B IR E
(60, 14012 [A] Y REEL

TERM 1P, TR ESHPUELE, b
PL™=AE T 500 HE SR H A, KBRA G AR
Hy, 1586 B RO 393, BABS A ST
MNIST % di 4 b 1970 R IR A 5) 2 B W IR AL 1Y
S o A BE R AR S R R,
FEREAL™ A T 70 DA RBERLER 7. g S5
PEAT T 70 KL, X 70 YSLER 45 SR AT HEY .
HE P Ja XL T e ] Y30 U055 56 45 2R 43 ) I 2
& Wb, LIEINRKE ERg-FME, IR AR
HX A SHCE IR KRR Rk E
AR AR 7P SRR
3.1 Logistic BIAEI (L AELLTHE)

A 73 S B R R R Al B R I R )
TEEbR A SO F 2H B 2 80 7 A 0 I X 4
RO Bl AT A, B AR D e
Ho HMEAEE P AR RN T 2H 55T 0.25 1t
R o AR IR AR MR T 025 IF, Kyt
W7y i A R AR I o RS R AR B REARHC
174, FERRALGNIAEARLCN 219, I FR4E il
R A 5 K 42 R 0.75 ¢ 0.25 1 L B2 45 3 4

AU (8) BEATAREAL

=K (8)
(o8

A T BRI E s p Mo
G R EFITT 22

S 3 38 3 python 1 Y sklearn 68 S .
LR Zp A& 2R e 1 piran , e Ae A 1Y 23 28 1E
#H 91.91%.

#1 Z#1 T LR B3 (MNIST)
Tab.1 Parameters of LR in Architecture 1 (MNIST)

Ar i B Pcr |Pcr = 1]
X1 —0.4813 0.6179 0.3821
X 0.0502 1.0515 0.0515
X3 -0.1036 0.9015 0.0985
Xy 3.9565 52.2749 51.2749
X5 1.1926 3.2957 22957
X 0.2127 1.2371 0.2371
X7 1.6700 5.3126 43126
Xg -0.1551 0.8562 0.1438
Xg —0.1364 0.8724 0.1276

B AiE LR H Y Pop 2 75 A7 B T4 b CNN
B, BT LR B Pcr ¥ 393 A R 22 1S 54l
GRS, MK o RN 77.93% 2
51.50%, FFEIEREE N 26.43%, [FmE, JFes]—4
ALK CNN S HEA A, X 393 41 S5 516 4L
P AR B S B A TS, (EARYE LR
Pop W HHEAT L e, I 4 o A 1 R A %
i, #I2FR W LR A9 % A L AR fb R AR BE R g I
It CNN 2B R R R . it — A
FEMPESEAMALTTIE, ASFEHT Softmax
[l A5 2] T AH X SR AR A L, R AR A SR AR fE
HERAEAEAE S EL
3.2 Softmax B33 58 (HEXIHEETT{LLE)

TE Softmax [l H, 32l R k4R 3 4>
SO IR A SR R B AL T[0,0.25)Z AT I
PO H AR R A d s AL T (0.25,0.510F, #
SIFON R R RSN KT 0.5 B, BN
F R R W, FEZEHY 1 PR SN RS R R
B S B A BN 174, PASRRIEH N
147, EEEIRBIEGINN 72,

St Softmax [HIJA 143 IR, AR CRH
T HZEIAL(SLP) X Bl 702, Rt
¥ H python 15 5 H (1) keras fL R A2 L . FEASL
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¥, SLP E &M A Z M 2, W2 008G
PRELH “Softmax” , 512k pREN 38 S 512K MR
B, Pifbssh Adam. Tk AR BO RIS 11 25
ABRIEW, M ER KR, SLP & #lid#l
GRS, Mk BB /NS FESLP Ml 2N 2.
F AR BB, AR AR B Bl 500,
600 F1 700 A IF LT #EAT 05 . FEIEACIRECH 500
f, HRSE F A4 2R IE R N 80.39%; BRIk
I E] 600 B, AL M FEIEH N 87.45%:;
T4k 2L 38 i 2] 700 B, IR AR 18 0 2R 1E 1 R R [
5] 82.35%., A, 7E SLP 1, %k 4iE mkitik
Bh 600, SLIK AL AL EE K /N BatchSize 23 X 45 7l
Bz A PERE & L — e 2 R, AR B A IR
BatchSize, £ i} T BatchSize % ® & 16, 32 Hl
64 B, MK R IEM AL, 4 BatchSize
16 B, W3 48 43 25 1F i 32 O 81.56%; 3% fin %)
32 B, MAE IS IE A R S B 87.45%; T4k LE
HmE] 64 B, MR EE 2 IE B R IE R — P4
Fi, FEERT 76.86%. R, SLP fhAs ly A& Y
BatchSize & 32, It4h, @it SLP 4551284 1
F B SEIAERT R L AN 3R 2 PR

R2 B THRBSENENEREN L (MNIST)
Tab.2 Change ratios of relative probability of each hyper-
parameter in Architecture 1 (MNIST)

Ak P(dIIR PgR |PétR_1| |P?ZAR_1|
X 1.6255 1.5151 0.6255 0.5151
Xy 0.9521 2.3428 0.0479 1.3428
X3 1.1874 1.3682 0.1874 0.3682
Xy 0.0325 0.1134 0.9675 0.8866
X5 0.508'1 0.2957 0.4919 0.7043
X¢ 0.7424 0.9989 0.2576 0.0011
X7 0.2988 0.4386 0.7012 0.5614
Xg 0.9525 1.3278 0.0475 0.3278
Xo 1.4207 0.9768 0.4207 0.0232

RERSY Softmax 8] U5 H A4 AR X AR R AR AL U R TS
A BT CNN S5, 3T xR
X 393 4 H i = MBS A G AT T,
AR R 77.93% T IEF 13.53%, T REIE
ik 64.40%, X — FFEIEERFREF LR A4
Fb A8 fb R E 47 8 R B9 T % OIE E (26.43%) .
J it BB BE S A G, B 2 3R
X393 LI HE T R LB S A G KT
AR AR A L EA TR, K3 TR CNN

SR G, HINRAE B R R R 8.73%, ML
AT 9.90%, FEMET 1.17%, 13T LR )&k 4
FEAR AL X S B AT P R, R R AR 24 iR
R XSCRIR R, Softmax 11T (9 HH XA R A5 4k
FEAH T LR i & A AR AL R A B T 4R 81— A~
TR ESEA G, B0 R R
33 XELERHSH
3.3.1 LA S5 4 R A

1 RS H, CNN B S 5L 5 T4
R 1 FEAT, A HEBR P 45 B4 X S0 50 25 SR A 5 )
ASCTERH 2 F R F MNIST B8 4t ge A7 17 52
5. B2 AEMZERZ, WZMmt)E, %
H 16 NS, SBSEHEA SR a4 SILHR
(B Bl N2 3 Fm .

®3 EM2hHBSHEEEDNELEE

Tab.3 Hyper-parameters in Architecture 2 and their value

ranges
BESEL i g=Eli| HBSHL B fE Y
BRI [4,8] BIR20 [2,4]
Lo AL AN [2,5] BIUZ2M 58 [2,4]
BRI 5E [2,5] HRER2MK [1,2]
BREIREK (1,2 AR 2097 [2,4]
WALE DR [2,5] WALET 21958 [2,4]
WALE O 1WTE [2,5] WAk A 202K [1,2]
WALE TR [1,2] || F—BRERZNMZTAE [60,140]
BRWLIAE [12,20] | |58 2R ZI0 4L [60, 140]

ST 2, BENLIEAE T 500 448 250 & ik
FFocss, HBREAAHENBSEAGIE N 280 H
SR G . XX 280 41 # 2 B 17 Softmax
B 3AT AT LR 4387, 4S8 HER AR Lt dn
FaAPR, RAEHWARRMES Fis.,

R 41 A G B SR A AR L X 280 2H R B 3 4 4
i 22 B S EA A TS, nE R AE 4y 2 5
Rl JFOR 1) 49.80% T F# 31 9.9%, T KFEIE N
39.90%. TR &AL AR AL R T M S, AR
HRAE AT FEFE R FOR Y 49.80% T[4 48.36%,
HIR IR N 1.44%, /N FRETHIXHERAL L)
TR E 39.90%. BLAN, AR AR X AR AR AL HE X
280 HHE S AU A P HEMESEAGHITHS,
AT R DU 4 4R 43 28 B 1 % Bl R R 9 8.03% T B #]
6.53%, iKHE &4 AR b i =, (UF
K3 6.70%. LiR%HERB, LT LR WAL
AR FF Softmax [R]IH R A XA R AR L HLAE AR
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RIS X CNN RSB T IUE, FrRas R,

F4 M2 TEESHMNEXMETELZ KL (MNIST)
Tab.4 Change ratios of relative probability of each hyper-
parameter in Architecture 2 (MNIST)

2k PgtR PCr |PétR_1| |PgR_1|
X 1.7297 1.1120 0.7297 0.1120
Xy 0.6857 2.1394 0.3143 1.1394
X3 1.1448 0.6394 0.1448 0.3606
X4 0.0537 0.1610 0.9463 0.8390
Xs 0.6949 0.4837 0.3051 0.5163
Xg 1.1060 0.7672 0.1060 0.2328
X7 0.1731 0.5413 0.8269 0.4587
Xg 1.3939 1.0194 0.3939 0.0194
Xg 0.7434 2.066 1 0.2566 1.066 1
X1 0.9614 1.3716 0.0386 0.3716
Xy 0.2499 0.4786 0.750 1 0.5214
X2 0.8238 0.6592 0.1762 0.3408
xi3 1.0816 0.5677 0.0816 0.4323
Xi4 0.9203 0.4795 0.0797 0.5205
Xis 0.8047 1.2206 0.1953 0.2206
Xi6 1.4637 0.9372 0.4637 0.0628

£5 ZE#2 T LR B4 ( MNIST)
Tab.5 Parameters of LR in Architecture 2 (MNIST)

5 ht B & lef - 1]
X1 —0.2689 0.764 1 0.2359
X -0.0102 0.9898 0.0102
X3 -0.2131 0.8080 0.1920
Xy 3.7225 41.3708 40.3708
X5 0.3304 1.3915 0.3915
Xg -0.0991 0.9056 0.0944
X7 2.2307 9.3065 8.3065
Xg -0.1603 0.8518 0.1482
Xg —0.0020 0.9979 0.0021
X10 —0.2848 0.7521 0.2479
X1 1.9949 7.3516 6.3516
X1 1.3146 3.7233 2.7233
X13 0.4616 1.5867 0.5867
X14 0.1240 1.1320 0.1320
X1s5 0.2183 1.2439 0.2439
X16 -0.0564 0.9451 0.0549

3.3.2 ERAEXT SR R R A

RS AE MNIST £l M kAT, hit—4
HEBR £ A B XTSI 25 R i T4, A SCHFE CIFAR-
10 B4l 46 EbAT T80, T4 1, BEML™E
T S00 S HAG, AREAGHNAEE R
393 YIS A&, W IR GHLY 393 4 S Ht
17 Softmax [71 44347 1 LR 43H7, 4 22500 AH X 4R
AN 6 i, & AE AR RGO k7
Frm . WP 6 B4 3 393 S5 &Ry
RZEBSEAEHITIES, v R S 4,
B IR Y 80.36% T FEE 61.43%., MR 7
()& LA AR TR =, LR AR R AT
FE 74.9%. R B — LA CNN B 284
G, MRPEER 6 A A XA R AR Ak L X 393 41 S 4L
HEP W RUBESEA G HITHS, gL
AR ISR R i FOR 19 61.53% TR 58.16%.

Fzo M1 TEESHWMENMESTLLL (CIFAR-10)

Tab.6 Change ratios of relative probability of each hyper-
parameter in Architecture 1 (CIFAR-10)

Ar ik PétR PtcuR |P‘(iftR_1| |PtCuR_1|
X 2.3348 1.6788 1.3348 0.6788
X 0.7164 0.7058 0.2836 0.2942
X3 0.746 5 1.5468 0.2535 0.5468
X4 0.1893 0.0535 0.8107 0.9465
Xs 0.7774 0.2573 0.2226 0.7427
X¢ 1.5895 1.5599 0.5895 0.5599
X7 0.4425 0.5391 0.5575 0.4609
Xg 0.8971 1.4369 0.1029 0.4369
Xg 0.9658 0.6677 0.0342 0.3323

%7 %41 T LR 3% (CIFAR-10)
Tab.7 Parameters of LR in Architecture 1 (CIFAR-10)

T h B e e~ 1]
X -0.7336 0.4801 0.5199
X, 0.3895 1.4763 0.4763
X3 0.4056 1.5002 0.5002
X4 1.6891 5.4148 4.4148
X5 0.4135 1.5122 0.5122
Xg -0.3754 0.6869 0.3131
X7 0.7146 2.0434 1.0434
Xg —0.1386 0.8705 0.1295
Xg 0.1039 1.1095 0.1095




226 o B TR 2 2 R

2021 4F 5 43 4%

ARG 2 7 () &4 b AL R Hit T 2, A
AE R IR R ) 0 S Al R R . SRR R B, 3
T Softmax [\ I {1 AH X HE R AR AL L AR A [R5 HE 42 T
X CNNW B ST RS, HEgGRBEMRT
LR H KA tE AR I S 45 8

4 %

B 28 ) 4% 7 RS U 40 L 28 A T R
KA, S E A XA R R A K
M, (HZEHR B A A CNN S A HE— i)
6] B A B g it AR . AT gmstEl, R4k ONN S
A, AR T HET Softmax A1 B AR KR
A LR BB CNIN 25 S 500 53 SR8 DR S 1 52
TR DL A B S BN TE T 0] . IR kR
BRNE, TE28 1T, 1 Softmax o] 5 132 4 [n]
JH (LR) X% MNIST 48 £E 19 393 4 CNN & S84
EHEAT T 001, JEHRHE Softmax [8]1H fAH X6 HE 2 45
FEELAT LR A () & A AR A SR 43 5% 393 41 S5k
WA B 22 MBS BA G H#1T TIHE.
2E L, Softmax [0 U5 A AH X AE R AR fk LLAH EE T
LR 1 i) & A AR Ak R B 2 Bt CNN G 2 80 4
REERRE W, HEAB TR - EENE
SR G, BRI R R R N HERR e i e
XX —Z5 I B, FESEM 2T, R X MNIST %4
PEEBIEAT T, LIREE R KM, T Softmax
(] U5 F18) A 0 A SR AR £ HEFE A [R] 4244 T X CNN AR
SR TS, R A EAL T LR AR AL 45
o Rk — L HEBRE R XX — S is s, fE
CIFAR-10 b #E 47 7525, SLImas L RW,
CIFAR-10 |, %£T Softmax [A] 5 (1) A X #E 22 75 1k,
EE X S BT L 1 25 AT LR R A
AL R PR AL 25 R
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