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Clustering Method Based on VAE with Convolution Optimization
YAN Xiao-Ming"?
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Abstract: The traditional Variational AutoEncoder (VAE) takes the flattened sample as input data directly. When the
sample is image data, the effect of learning by this method is weakly. In this study, VAE V\;ith'the convolution
optimization is proposed to preprocess image data with multiple convolution networks ofvafiable layers. Each
convolution network sets different parameters to process the input data, then spl‘i‘ces the results of different layers as the
input of VAE. Clustering is implemented through the distance betwé,en the category label distribution of original dataset
and the category distribution of each sample is calculated by addiﬁg a category encoder. The experimental results show
that the convolution optimization method proposed in this study improves the clustering accuracy compared with the non-
optimal VAE, increases the quality of the generated image and the diversity of the generated samples in the edge and
shape.

Key words: convolution; Variational AutoEncoder (VAE); clustering; clustering accuracy

A3 5y E 4t 2% Variational AutoEncoder (VAE)! i FEE, VAE $2BUH BOUFAE S Bk T R 36 B SR RN FR A
Ik G i 2 E 40 27 IR AR oy A B I EE AN DT 22, SRREURE [ o A e, B B N — I R T R T
NS 8 et S (T G BN e o5 et 3% X o = o N S E i e oy AT AR AN 7 22, AN S gk 15 1) A 7% i FH v B
B RAE AR R A AL, AT E gm i 2% AutoEncoder a3 A BT AR,

© YSeh e E]: 2020-03-03; & SO [A]: 2020-03-27; SR I []: 2020-04-14; csa ££24& H i H]: 2020-09-30

222 WA AR H 1 Software TechniquesAlgorithm

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/7623.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007623
http://www.c-s-a.org.cn

20204F 55294 %5 10

http://www.c-s-a.org.cn

i H AR SN A

TE J0 MBS 2 3] ARk, 30T 4 R [ P A 2 3 56 AR 4y
H gt i 255 L5030 AT S FH 3647 7 K EWTFT: Fabiu ¥ VAE
A RNN RS54, $EH T MG H 39S 2% VRAE,
FH T SR HCET 18] 77 51) ) MR 2R R AE, $2 55 RNN Y1 2R
P SRR S N VAE $REH AR E P 45 S
HURIBLRY, T/ INEEA BB K 4325, 49 21 T B8 LF I v A
00w B 2 N VAE $2 BUCSGE 5 10 70 A RS AE, 75
&5 O W R B R T IR I N HERE R S OR [ )
VR B, B T HERERE RN, Xie % NHEH Y Deep
Embedded Clustering (DEC)"! 3 it it SR A £ 3L T i
O soft assignment A4 B H F5 73 A7 (1) KL 5 R 5k
DL, 76 MNIST £ 48 LR B MM R B S T
84.3%. DEC KM E, M THE 7S H
IR R AAATRAELR R, /AR BUEE 77, A REAE BOHTRE AR,

TR X A 5 ] G L 4 AT 4 P 3R D
R T SR SR 2, ﬁxﬁﬁ%&i%éﬁ%%k%i}%@
it 2 A AR 1 RRAERE 215 > B fE SRR S H g
T2 FEAR B B3 RN, W T HEER IR A, 1X
FEMCEAL T 24, i T RS R U, BEAR BT RIAE B
(2840 LI SR 2, 3R BB UG A 7 5 1R
NEHE, VAE W A& g M A e 58 A R R T R ik
s R, BAEMREERTEEZNEERE L%
BUGREA, AEH0ME bt 2 B — 8 R B (R i 22 . A SCHR
7P B M A B AR AR, B B Gt A
SR T % T B AUE P RS B B S
W22k, 1%, FORSERHIERIATHEEL, F#IK T VAE %i
Tich 45 TR At PR P 0 . s B 4 R 3K W, ) VAE R

KA SCERIAL 5 B EHE RS, R 460 A8 B 5 |

N LB, TERUER R4 20% A4, VAE FPgfs a4
) REAS S8 INAG 78, AR AR AS 10 0B 1 3 AR Y
52T ;g ¥
1 KR

AR 53 1 4 i 2% B0 451 2K BR B0 H FH SRS JER AR A F B A
12K DL R DR FRFEAS Z AR IR KL #5032 458 2% P 1 23 2L k.
T RIAFEAERX = {xl,xz,---x”}, VAE il i /My
PR AL 13 A I R A SR X = {x1x2 ,fc"}%i&)?iﬁé?
FEASE, XA B b 2838 R REAS 1) 7152 25400 ). Kingma
FESCHA [1] it 7 A=

logq(zlx(i)) = logN(z;y(i),O'Z(i)I) (1)

(1) TG A q (2x® ) AU B A, T
22RO R IEZS I3 AR Bl 5 A s p(R©O|2) AX 28 73 Afi
> BIRAE, I8 B BUARE A O R RE A RO, F5R
FITA FEAS B3 U7 Uk 22 VR N2 oy B Gt 5 1 B R 22

reconstruction_loss:

. IO ) i
reconstruction_loss = - ; (x® — 20y 2)
29 MG B s I LE 25 53 A HOR PN, p 07 22
IAFALE, ﬁﬁ77\%#E‘J%%#ﬁaé%*/l\ﬁﬁﬁmﬁ,
XA VAE A JARREE 5. BRERRAE R 97 2 A 0,
TR 0 B 0 AN B AE TR 20 1) A SR B 1 45 R AN
FETE A B2 B AR T A % I RBE 7. Kingma 763
MR [1] 98 H, Bl KL BB 5 2R kL_Loss 845 9w Y &%
13 BN IE AT EIL e i bR E IR S 70 A1, B
ki_loss =KL(N (1,0)IN(O, 1))
=%(—log0'2+u2+0'2—1) 3)

T BRI IE &S AT T 208 1, it MUt 28
g (26O )RR IE 45 9045 2 1) ki _Loss, S8t T ik 4T
AR B 0 0 AT B AR UE IE A5 5040, 10580 T 4 1Y 245
SIS AT 2R 0, R T VAE H4E At

AE5Y 1 35 ST SR AE I FE SR R BRI
KA K category_lossIFHEAT I/, B o SRR B
CHUESIISE 0% 3 TE s S (NN W e K
)7 A S s pOP), 1 VAE BB 6 R, i —
NGB B g (1), S IFHD 32— IR LA A
B AR A e 15 SR A 3 0 22 U 4, 402K 040
G281 2 B4R RE 20 A1 g 0 el R A A p o) 2 L3R
HEATH KL BUE:
q(ylx)

p(y) = f q(ylx) In ——=dy “)

KL(q(ylx) )

HI S RIS, IS

gol) 1o Ol
f a0 In =2y~ ;m L )

b, v/ ~ (37 )x).
IR e SR PN SE -k

k k
category loss = % [J_Zl In(g(y/|x%)) - Z In(pG/ )| (6)

J=1

Software TechniquesAlgorithm X FFi A 572 223

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20204F %5294 55101

FE3K(6) T, pOy/) e I A A 4 rh 28031 4 S 3 23
A, BT 2R HOE A E M, AT DR R R 2
oA, W (6) B JE =38 3 B — N H L e iR
)45 K bR BT BSR4 B

| =

category loss =

k
PRLICTRED) ()
J=1

2 BRLALIAZ ) B gniSas

FEARSL NGRS, A2 501 VAE KRR -1 il — 4
Bl ME N, TR, BEA AR R R A
J 2ZT) FRINGLFP A0 BT R B, 3 BOX L8 i 2 (8] B AR A AE
M5 B RATEL, X R85 S AR ASCHE VAE (4

%

|
# |
L

S5 T SE
e

_

)
o | e |
L

# |

T 58 BTN 25 A5 B 4, 0 1B A 5 AT 25 504
e, H5 BRI AR g LB O N, RO ZE AR 28
IMOHLRERG A BRI, I I

PR AL TR, AR AR 32, 76 RS VR
R S oft LB T BRI, SR R B
Pl 30 4, TR (5 AT AL T, B4R T AV IR0
S AERL YRR VAE RIS BRI, AR %
BN P 8 P (OB AL AT T IR, L6 VAE 04
N, 5T LB PR R A i A K W, U 10
{30 MR 2 T 5 4 2 R (R PR 55 ) 5 £
1, 4 FLTSE B et LR A 5 OB A SCBBR
it VAR SR B I 1 R

Trancon_

L Layerl ]

=}
/ |_2g_l

B 1 BRI VAE B

1 SEEHE T R R B, FETR ) R R T8
PEYERE R RN, REEHETE NN 45 B, Con_Layerl J&—
MERR, B —NERE, — /NS EA—NE,
B NBHE N R AR R AR 582 Con_Layer2 1% A%k
$5 5 Con_Layerl it &5 %, il Con_Layerl AN
&, X—E BRI RN E R A T OO, B E R

PINERUR I EE RIATHHE, 19 VAR i as %A

Kt ARG BUAZ R 2 M R A R, B BN R
W AR B s R R AR N DA R, %fﬂ&‘z%ﬁzﬁ%&ﬁé
KK B AR 2% 5 BARAL 1 2 B U Bda s
FE A PR 18K 9 e R B 3 K 2 I, 3 AT LA T A
BRI JZ B M %, BRI SEL, BOE R EH
WAl S AT DLd 24 4.

1 Fp e ) B R D 2 15 B B0, g
JEE R B4 5 B i AH [F], 4% Con_Layerl 45 R 2% AT 15 2
I4EERIUS, /E N5 Con_Layerl XM I R & UZ
TranCon_Layer] FFI%i NEHE, 18 J5 A2 SRR AR

1 HRB RIS — N2 EHE ML, 5 —
JZH Softmax £ 73 a5 RAFEEMFEA K2, F01 2
HONF IR FE A S B FE A 2800 2. SRS 0 80 AR 48

224 A AR H % Software TechniquesAlgorithm

AR 7 WWEIEMBUE, IABIHUR R E T, 25 Sk
Ik AL, AS 5 REIRFE.

AR H BRI AR 4 E gl & SRR AP
BRINGE 1. i
% 1. U0 o B Y8
1) ﬁﬁiﬁlﬁ%ﬁ‘]gﬁmiﬁﬁﬁﬁ.

2) HAE A 2%, M A 3R 7 SRAFREAR RIS K category loss.
3) W AN A RE N 2%, LA REA DRI & = 002045 (1 B O F 5 22
logo—z(i).

4) iRHE = (3) 3Kkl loss.

5) A\ 3) 45 B 0 40 AT R, G AR M 4 R AR X (2) TR
reconstruction_loss.

6) 2 R Rloss N 2),4),5) B 3 MR Z AN, PLHBAIE R B/ MEloss.
7) kAl 2), ERE B E FE AL

8) i R AR EEAEAT 48 58 BIAE OFEAS, 1T SRS 2.

-

3 SIS SeE Rt

A SC 3 B 5 H0 7 HE S MINTS T A0 i i Pl 4%
# 445 Fashion MNIST!” T 5256, MNIST $#fi 42t
10 NG F 5 H 7 BIME; Fashion MNIST %4 £
A B R AR 10, B8 T AME, £, L, BT

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20204F 55294 %5 10

http://www.c-s-a.org.cn

i H AR SN A

SEORF AR, 5 MNIST #d &E 0 10 F 5 307 g,
Fashion_ MNIST 4 £ 1 i) iR i A 45 55 & 2% I 4R XF
R, WA TEZER, BGEEL. W EEENE
IR INFOREAEHER AR [R], 43531 9 28%28 A1 70 000 4,
EEAERRUEARSCE AL . SEI IR R EAL A E
:Intel i7 CPU, 8 GB P17, Windows 10 #:/E R4, 15
& N Python.

AL S R R B2 I R Ry 22 (1 4 R e T
WIS Hs, XA ) 5 1 4 5 AH [R], DA 31 22 A g 22
{17 24 50K /I8 xof 5 2H T A 28 DA B A R AR I = P B2 T
# Con_Layerl il Con_Layer2 #{ ¥ B AN A& Z 5L
BRI 2%, 25t 2 8ntE €, B Con_Layerl
T B2 K H A S B M B 16 A, Kb

79 3x3, KN 1, RAFIA R, WoF R A0k RelLU,

KH 2x2 W KAk, BRI 4 Con_Layer2 M5
HHE Sy 324N, KANA 5x5, FLB 15 M A L 0 2
Con_Layer] FH[F]. H TSI (175 &, i Xt 2 £
nfB IS, 771 3 S B4 R R 4 T 3 U KL A5 4
T E (B SO RS, SR 19 ST HEAE VGG6 B
RIS T AR T AR 3 7Rk lossi
LA F7 2 WSO R, S35 2 2 1 1E 45 4 A
[ 2 B 5l 7 22 e OB 2k, 1 T 56 50 B A7 1
GO, B A B I 54T I WS B, S
H9 1. ARSI T Ay T Bl S R S R 2 T A Okt
S 20 SR I B T LV AT VR 15 Mo, T B
i 70 000 A FEAR, UIZREERIBE R 60 000 AMHEZS, 3
AR AR R A, S206 v PV HER 50, 5200
gERWR 1 PR,

N F1 LR
) W R L . ey LR
Atk S " R Rl A TR TG AT
2 2 128 41.23 41.13 66.40 66.39
5 2 128 33.15 33.42 87.61 88.32
10 2 128 32.04 31.85 85.65 86.54
MNIST 20 1 512 37.71 37.4 84.63 85.06
50 1 512 47.20 46.59 93.94 94.0
60 1 512 50.13 50.16 94.22 94.42
100 1 512 66.12 65.36 83.66 83.92
10 4 512 154.20 160.18 67.45 66.51
20 6 512 141.74 146.70 64.8,? ! 64.01
30 4 512 143.77 146.93 67.62. - 67.6
Fashion MNIST 40 5 512 148.73 150.72 © .,66.19‘ 65.67
60 5 512 158.39 . 1‘_62.43 - 68.03 68.0
70 5 512 161.70 4 1é3.41 64.54 64.8
100 5 512

17810 180.82 66.08 65.67

R 1 gLt A ER)R PP 4 TR Bim AN RN

% o U S22 R (81 B OO S FOMUEL. M 1
R DLE W, XS T MNIST #E 42, b e 2 2 s 4E 4L
R H 0, 325 5 15 o2 R 1) 3 L I 45+t 1) 3 T8 2 0 B
2B X SR BB IR AS A A 4RI N, St #s RE
L M AOL B R A 1 2 A R AE IR S B 4 1T DA A
D1 JEHO EUE AT B R, 5 ULFIR, BT PR
(1 4 NS e T Gt R A R 115 5 70 20 U B, G R 2
WA G R R 2 A & e AN O AT A, e
RN RBHER RS LT M2 B REYEHCN 50, &
FAM & tp B A2 20N 1, a b 2% 40 24 AN BUTE
512 if, VAE [ R IEM 5k 2 (H 94% i, K
ik [6] H DEC Bk 84.3% MR IEMFRA KK

Tt BRZLERCRT 60 Jom, W HBL 7 W6, TR
HITUE T I

F G AR 43 E G fith 25 %5 MINIST 4 4R (1 5 28 5
Krrh, FERGZLERCN 10, gt s 2 o 8 B0 100 It
BB T RBHERIF N 75% BIWEAE. X HEIXANEER, A&
MR A BRI B i THEM 2 A%
B 2 0f B R A A R AT I B AT PR, REAE IR
RARRE LK B )30 4 SR AR A5 Bl I AN R A AR
AT SR, HEOR T By N B 4 2, bE SRR R A 2 1
7 EE AT A%t 52 ), R KGR T
R FE RO e, 2O B . (R o o 04 i i N 40
HERE IR, X (2) BB A FEAR S A YR A I Y
TIREZABIER, FE3R 1 5K s B 4 RAERE 2

Software TechniquesAlgorithm X FHi A 572 225

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2020 4F 45294 55101

.

Fashion  MNIST Al MNIST )14 45 % [FIFE K
A, 1H 2 FEUG AP ) AR EE T 5 S i T AR, BRAEAR
FIEHER SCIAEZ T MNIST, S8 7 s b &
TAHFEZEI S OL T, R R TR, X2 1% 485
IR B UERI R /N T MNIST SR 41 F HH . B0
W 28 0 1% B R R AR I A PR B 2 (B AR
e, fESEg T, BZAREYERE N 60, BB 24 K5
FUZHECH 5, g8 A& o 8808 512 I, 3R/45 1 5
TP R ISIER R 68%, b fa L T WA 1S o1&
GHIAR 5y H i 25 %F Fashion MNIST a4 1) 555k
B, TERRZ 4ERON 25, it a4 o B 5Ch 200 Ik

BB TR AR 55% HIIEAH, fﬂ&tﬁiﬂ&%i

ES @R SUREE N S OF ST T B

S LT B S S 06, SRR 445 SV AE [
F2 4 FEARAE 50 % 60 208, A F 1 o th T UL Bt
Fashion_MNIST $i 4 14 51t t: KR 1 B2 4 S L
MNIST #4521 10 4k, £ 70 sl 40 A et ik 2
SRR AR, (LR 2 4 RS R e T R R
O UAE T 430 445 8, 3302 o F 85 307 490 1 0 4 45
WD 2, 5347 B 5 FE A S5O A 8 B O (V2
W2 4 P K B — 5 MU I 5 0 93 A4 £ 38R 34 5
O, B K E T RZ BRI a2 A
J2 4 R S A 162 7 2273 9 43 1 0 6 1 8 T
0, 177 2R AN, VAE 222 T 7 e

R IR 25 R T 4 L 46 0 X\ K0 19 AL FRAS
S SR 2 3 W) 2 AR T, IR g T

5 F it 35 A BOFE A 2 FE 1%, 18] 2 J2 Fashion MNIST. |

SR AE RSN 60, BBURZH 1 EHCA'S B, A
i B A7 4 B T AR T, (Bag) SX A 25 5 7E
REAR £ REE b OSB3R 4 A RIS 80F 000
W (T-shirt) K-8 (Ankle boot) fI% H, % 3 NI /2 il
5109 s G5 IR 25 53 O S 8 00 45 L, 43397 SCEKE VAB
e BT N2

€] 2 LG VAE A BB A b AR e R T
DU 19 2 2, TR/, DO 2L 1 00 R 25
AR SCECHE G VAR 773 oI 626 R S 3 9 L
TR 55 R, % 0 82 T 30 (25 A
2 TR0 VAE. [ 3 b IR A /e S8 M 1 b 28
P05 F /200, I FLCE R M 42 10 55 DA% S PR K
NIRRT 555 VAE (R R, I 4 ST LUE

226 B AR H % Software TechniquesAlgorithm

H, 48 VAE fEKEOREAI) 2 FEE L AR BLAE K
R AR R, B S A R T R SIURE b, X TLANMRFAEAE
A3 VAE JiiE T REOFEAS o S B S, I B R
AAERFFACHE A RT3 T, 2R T ROTIR AL 2 L
A 5 2 1A, X RO R (0 Se 36, LA SR f R
AABFREAAIL T A SO SAEE B A Z R ERISETT

B2 £4 VAE SHGE VAE 612650 b £ BERERS L

it

B3 454 VAE 508 VAE 7850402550 F 2 REPEXT L

Kl 4 {4 VAE 5d VAE 7EKHEE ) 2R xT

4 HEiE

AR T H 2B AR 55 g i 25 5
LIRS 71, 38 Ik B 2 7 R P 4 ORI 3 R 24 2 4
[ %, 76 %+ MNIST Al Fashion MNIST %454 () 52
e Ry, 1?75/2 B G348 oy B gntis LA, SRS HER
RAFH) T RS, W0 T AR A g DA A RRE AR
2R, AR B AR5 A

Sk

1 Kingma DP, Welling Max. Auto-encoding variational bayes.
https://arxiv.org/pdf/1312.6114.pdf, 2019.

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://arxiv.org/pdf/1312.6114.pdf
https://arxiv.org/pdf/1312.6114.pdf
http://www.c-s-a.org.cn

20204F 55294 %5 10

http://www.c-s-a.org.cn

i H AR SN A

w

W

Fabius O, van Amersfoort JR. Variational recurrent auto-
encoders. arXiv: 1412.6581, 2014.

AL, FKHE. FET VAR FIER IHLHI /A B 5
K75 ¥ T E ML S B A, 2019, 36(10): 168—174. [doi:
10.3969/j.issn.1000-386x.2019.10.030]

M B, R, TS, & — Pk TR I R AR
Bk T EHLERE, 2019, 46(1): 126-130. [doi: 10.11896/.
issn.1002-137X.2019.01.019]

Xie JY, Girshick R, Farhadi A. Unsupervised deep
embedding for clustering analysis. Proceedings of the 33rd
International Conference on Machine Learning. New York,
NY, USA. 2016. 478-487.

Simonyan K, Zisserman A. Very deep convolutional

networks for large-scale image recognition. https://arxiv.org/

oo

10

abs/1409.1556, 2019.

Szegedy C, Liu W, Jia YQ, et al. Going deeper with
convolutions. Proceedings of 2015 IEEE Conference on
Computer Vision and Pattern Recognition(CVPR). Boston,
MA, USA. 2015. 1-9.

He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
image recognition. Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las
Vegas, NV, USA. 2016. 770-778.

LeCun Y, Cortes C, Burges CJC. The ,,MNIST database of
handwritten digits. http://yann.lecun.gonﬂéxdb/mnist/. 2019.
Xiao H, Rasul K, Vollgraf R.«Fashion-MNIST: A novel
image dataset\! for,
algorithms. arXiv: 1708.07747, 2017

benchmarking machine learning

Software TechniquesAlgorithm #XAFH AR 5% 227

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.3969/j.issn.1000-386x.2019.10.030
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.019
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.019
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
http://yann.lecun.com/exdb/mnist/
http://dx.doi.org/10.3969/j.issn.1000-386x.2019.10.030
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.019
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.019
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
http://yann.lecun.com/exdb/mnist/
http://dx.doi.org/10.3969/j.issn.1000-386x.2019.10.030
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.019
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.019
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
http://yann.lecun.com/exdb/mnist/
http://www.c-s-a.org.cn



