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A Gaussian mixture variational autoencoder
based clustering network

Chen Huahua® , Chen Zhe, Guo Chunsheng, Ying Na, Ye Xueyi
School of Communication Engineering, Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: Objective Effective automatic grouping of data into clusters, especially clustering high-dimensional datasets, is
one of the key issues in machine learning and data analysis. It is related to many aspects of signal processing applications,
including computer vision, pattern recognition, speech and audio recognition, wireless communication and text classifica-
tion. Current clustering algorithms are constrained of high computational complexity and poor performance in processing
high-dimensional data due to the dimension disaster. Deep neural networks based clustering methods have its potential for
real data clustering derived of their high representational ability. Autoencoder ( AE) or variational autoencoder ( VAE)
clustering networks improve clustering effectiveness. But, their clustering performance is easy to be distorted intensively
because of poor features extraction in distinguishing clear and unclear data or posterior collapse to clarify determining its

posterior parameters of the latent variable of VAE, and they are insufficient to segment multiple classes, especially share
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very similar mean and variance in the context of clustering a multiclass dataset or two different classes. We demonstrate a
clustering network based on VAE with the prior of Gaussian mixture (GM) distribution in terms of the deficiency of AE and
VAE. Method The VAE, a maximum likelihood generative model, maximizes evidence lower bound (ELBO) via minimi-
zing model reconstruction errors. Its difference of potential cost is through Kullback-Leibler (KL) divergence between the
posterior distribution and the hypothesized prior, and then establishes maximum marginal log-likelihood (LL) of the data
observed. Due to the approximate posterior distribution used VAE as a benched Gaussian distribution, it is challenged to
match the ground truth posterior and have its priority of the KL term in ELBO, and the latent variable space may be arbi-
trarily complicated or even multimodal. To further improve the description of latent variables, a VAE is facilitated based on
a latent variable prior of GM distribution. Its GM distribution prior linked data representation is approximated using the pos-
terior distribution of the latent variable composed of a GM model, and the reconstruction error and the KL divergence based
cost function between posterior and prior distribution is adopted to train the GM model based VAE. Due to the KL diver-
gence between two GM distribution functions without a closed form solution, we use the approximate variational lower bound
solution of the cost function with the aid of the fact that the KL divergence between the two single Gaussians has a closed-
form solution, and implement the VAE using GM distribution priors optimization to resolve the KL divergence. A VAE
based clustering network is constructed through a clustering layer combination behind the VAE. To improve the clustering
performance, the STUDENT s ¢-distribution is used as a kernel to compute the soft assignment of the latent features of the
VAE between the embedded point and the cluster centroid. Furthermore, a KL divergence cost is constructed between the
soft assignment and its auxiliary target distribution. The commonly used VAE utilizes fully-connected neural networks to
compute the latent variable, which generates more over fitted data parameters. Thus, the clustering network is carried out
by convolutional neural networks (CNNs) , which consist of three convolutional layers and two fully-connected layers, with-
out fully-connected neural networks, and no pooling layers used in the network because it will result in loss of useful infor-
mation of the data. The network is trained by optimizing the KL divergence cost using stochastic gradient descent ( SGD)
method with the initial network parameters from the VAE. Our clustering network was obtained by the two-step training
mentioned above like acquired VAE, as the initial value to train the following clustering layer. Result To test the effective-
ness of the proposed algorithm, our network is evaluated on the multiclass benchmark datasets MNIST ( Modified National
Institute of Standards and Technology Database) which contains images of 10 categories of handwritten digits, and Fashion-
MNIST which consists of grayscale images associated to a 10 segmented label. Our algorithm achieves 95. 86% accuracy
(ACC) and 91% normalized mutual information (NMI) on MNIST, ACC 61.34% and 62.5% NMI on Fashion-NMIST.
Our network demonstration has the similar performance to ClusterGAN with fewer parameters and less memory space. The
experimental results illustrate that our network achieves feasible clustering performance. Conclusion We construct a VAE
based clustering network with the prior of GM distribution. A novel framed VAE is established to improve the representation
ability of the latent variable based on a latent variable prior of GM distribution. The KL divergence between posterior and
prior GM distribution is optimized to achieve latent variable features of VAE and reconstruct its input well. To improve the
clustering performance, the clustering network is trained by optimizing the KL divergence between the soft distribution of the
latent features of the VAE and the auxiliary target distribution of the soft assignment. We focus on the issue of where the
number of Gaussian components in prior and posterior is different and the ability of the representation of the model on com-
plex texture features further.

Key words: clustering; Gaussian mixture distribution; variational autoencoder ( VAE) ; soft assignment; Kullback-Leibler

(KL) divergence

58, WATHHI 42 1 X 28 RO AY T e 5 B e — 1
R 3 iR R ) TR AL, BLA B B X
R R B A2 I U — R F 5T 5 1,
WEH B BOR B R Bl i AU S 1R RO R H AT TR B R e (5 B R BTk Z —.
K, XA A S G P M AMENTE R B8 A B (8] 9572 100G 2, AR 3 2 Bl

0 5

[l



2150

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 7 ,Jul. 2022

(R RRAE SRR B3R N R R 200 W RR A i | 455
PR B B/ N 25 S v R D ) B s A R
M2, RSP E T 2 T A P g sk
Mg 45,2018) PRI UEHEAE R G (RS,
2010) L AMHT (I 55,2008 ) S R (R
25 ,2017) FMISCA RIS (B R 4 ,2012) S5k,
W5 | T R 22 ) 2 3 A B 3R 28 40 T 19 F 5 BA
i,

1 #HxIE

MacQueen (1967 ) #2 i} 1Y) K-means 5257 il
Ester % A (1996 ) # i1} i DBSCAN ( density-based
spatial clustering of applications with noise ) 225 7%
AR AT 1 K-means 57 1 FEA AR
SRR AR 25, B — A A — DR
Feruts MR EICHE 21 2% JE2 v Y BE S SR I AL 2R
Ko, REERGE - ERAEMREL R,
DBSCAN JZ—Fh L T4 B2 ) SR T30k, AR HIa <B4
8 IR W2 X U2 75 T T 2 X IO TR il i o 2R
75, K HH I A0 i I SR PR R AT 5 014 21 5 5 PG SR A
J3HE

SR, Bt A 2 P (0 B2 1, 2 ML SRS VAT
JREX e ARSI I A E A A A A I ME S ) i A3t
AR MRES I BRCR A, In4ER R4
RIZ8 155 T AR, DR, Ok B i T ST
GORs F O ) R PR L 2 ) AT R 2K b . AHLEL T
TG Tk R ¢ ~J RE % T 4y b A5 B BCH e Ak 1 1%
HeFon P m RIS, Yang F A (2017) T
DCN(deep clustering network ) ##Y jZ A I 2 — A~
H ZmiZes AE (autoencoder) , 15 2 EHR 4 1IE IR 4E 2=
7RG 45 A K-means 58 2880k W 544 45 2% AN
K-means IR SEATHR G U0 AL, 2B B 3R 2R AR
e TR I AL SRk Xie S8 N (2016) #2417
DEC ( deep embedded clustering ) # 7Y  #571I| 25—~
SR F D5 4845 2B R AR AR AR R SR )5 1
BEELA FA R IEMLS . Opochinsky 25 A (2020) FlI
Chazan %5 A (2019) HHZ A4~ A dafid s 7 R R 2%
R AR H it de s — g S T AR R
B, Duan 55 A (2019) 2R H H 4% A6 i — IR E
R W FH T80 [ 4 , 27> — softmax H s
TARHFERECH A5 TR SE 4 2R . (HE A

gt an i H A 22 R T REE, 280 25 B bn o2 Al
fif B 25 L RN A AT BEAE T, I SRR AR T
FEAAAT B AR ) 23 A i, 5 B0 R AR AR A b A 22
5 A Gt a8 AH O I T — ol G B 2 02 28 03 F G B 2
(variational autoencoder, VAE) , Jiang %6 A (2017)
I Lim 48 N (2020) $2 i 77287 A 4 5 4% T %
2, el VAE A R JZRHIE SR 5 FIR & & i e A
A B2 RHIE, BRI T 2 1y S T7 B A
— e AR T ik, B0 A g e R T BR ME I
BIAAE R R, A 5 T 5 358 M (Guo AF,
2020) , XFA [7] 288 51 B8 40 119 43 A1 A RE 4 4 b i 3
S G B R R A 45 R, A, AR SO T TR B e
IIATVE R S, M IR G i A G A R A R 2
FRAE, 2 B R AE 20 A, JF DL g it s 55 SR 26
G IE R I M 3 3 0k g % 4% B2 R AE
R R T A1 55 2 O A 38 4l B B 0 A1 22 8] Y
KL # ¥ ( Kullback-Leibler divergence ) X 5 2% [ £%
HEAT ISR . ESEMERE 25 MNIST (Modified Nation-
al Institute of Standards and Technology Database ) 7l
Fashion-MNIST _ fy) 52 56 45 5 32 W], A SC I 46 U7
TGP RRZOR, BT 40 2 Fim AT i R 2k
IR

2 BRER

2.1 EBEEHTHBHERE

A3 H i i 2% ( Kingma 11 Welling, 2014 ) J& %
JEE 2 27 4035 — T R4 B A A g AR AR R ) AR 4y
e SR 2 S M5 6, BRI ) BB 45 F 1 1
FRIERR B, oA A ) — PP B 2Tk
FRUEAR5) H difih 2 i) B AR sRET 2R

L(0,¢5x) =-Dylq,(z|x) llp,(2)] +

Eq(b(zlx)l:log Pa(x ‘Z)J (1)

Ao, MR U 56 0 A 5 R R S 58 40 A Z [ ) KL
HUE Dy [q,(z | x) [[py(2) ] T/, EAREREL L,
¢ix) FRREAR, MR RLR B R, Hrb B %
RINER 0 F 4ol & Ae g oA p UG B340 g
S, x Fl z 53 00278 43 F bt 1 i AR R Z
FRIE I bRUEAS 23 F gt s b ok AR I IR 2840
AAE R AEE, T RES AL 5 B30 B ( Guo %5,2020) , JF:
H 255 7 W — S0V AE 1 728 i 20 3, R BON A [R) 2 531)
BRI 0 A5 AN BB G- M 3 T, 5200 3 Gt B X 4% 114



$o7E/E7H /2022 F7 B Bt

,» B,

2151

BEE, Wi, HEX / BESHED BRERAIRAERMES

AR AR, R, ZMC%’I/\/FE%%EE/\?M’E

S, MR o A A dr . RA TR T R
IRH

po(2) = imN(z(” w! oD (2)

ﬁwi =1 (3)

X, B AR R R p O e
RES i MREIT AR D 2, 20 £t i
AP i A R BRUZ AR, T PR R M RN
oy AN, N(e s+ ) Ronmilsr i . AR, T
UG q,(z | x) AIFRRA

M
0,(z1x) = D oNz"u ') (4)
i=1

M

Za)i =1 (5)

X, o, B4 AR R B p O e
REFEE i DN R ER 22, X(1) paE
S 1 BURRA &S miE UG5 55502
[y KL 5O, H a0 JC s 80 5k ol LIRS B i
fi#trfi . M, Hershey Al Olsen(2007) 2 T —7#h
PRI R AR 4 W AT KL 8O B, F
JEde/IMb KL #8503 4 R e /ML LB A iR
e LiTp /I

BEH x BOTR A RS () g (x) S350
RINNA

f(x) = fa,-fv<x;ﬁ“>,z¥“>zl> (6)

g(x) = iBiN(x;u'“),tr"”zl) (7)

R, o, 1B, A3 HE f(x) Fl g(x) BOSS @ AR
i EY Za =1 ZB —1,,u“3Fﬂ0”2ﬁ3\

VIPEFIEY EF"EI% i /l\#imﬁﬁﬁj\ﬁ‘ﬁéﬁi’ﬂﬁﬂlﬁ%,u
o' O 5B g () HES ¢ AR A 24 (A
T2, T, f(x) Al g(x) ZEIAY KL 8% FAAT
LR A

Dy (f(x) lg(x)) < 2 a,(log(e,/B,) +

Dy, (f;(x) H&(x))) (8)
K, fi(x) Bl g, (x) 430040R f(x) Fil g(x) T 55
SAME A s A

P, (1) RS A ME 1 3] AR N

M
- DKL[ 2 wiN<z(i) ;I"(i) ’O'MZI)
i=1

M
I ZmN(z“’ TN

(log + Dy (N2 s 0D |

=1

M
N(z<'> /1(' o'’ I)) ) z (IOg +
2’4 L 1 ’&j(i)z (/-l/‘;i) _,U/j ) + O'J.( )2 .
; 2 08 (i)2 + ~ ()2 1
Jj=1 g'j a_j
(9)
Ao, w Fom e A TER, o R o i

i AICE, hp'” e MY
K1) PEES AL 2 TURE I, &
TS PR EAE 73 A S as 2L, B

L

1
Epyiao Llog py(x[2) ] = -3 log py(x |2)

it

(10)
b LR ER, 2, BT AR L3RR 1 YORFE
A (9) A1 (10) AT ENR A @ B a1 5 56 5 5E 5%
IR TN
M J
L(0,p;x) =- Z (10g+ Z %

j=1

~ (2
5
log e
o

J

(w? - +of
()2 -1

—_

7[2, ngo(x‘zz (11)

(1) BRGS0 A gntidas i B AR R4,
2.2 REMLEK

A SCHEIR & s A8 73 A G it o ) LAty B (0
i i 25 30 oV A s 23 TR RIREAE 23 8] 22 18] (1) 4] G ik
SR gt s R R 2K R A G R R M 4, I 1 B
o B LA 2] SRS IR A = o A B S A%
T R 28 1 bt i 58 43, 45 & R B2 id i
S5e /MK Bl H B 53 A FIER 73 B0 53 A6 2Z 18] 19 KL U
P REM L, BT RRANT

BRAFERE S [ x®  x™  N A EK
PEFEAR B A B s x” FNRA w5 A S
s A B BRZRAAE 20l FH BRI HE B8 3R B =
FFAE 27 BRI o) BEERS, o' TR 1 MR
2y, FRE A ¢ 49046 (van der Maaten #1 Hinton,
2008 ) ffif it FRUZARFAE 27 BRI ¢ Z A AR

o~

(N) }



2152

PEERBEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 7 ,Jul. 2022

BE s, WBVRRIE 20 2 FC B RIS ¢ 14K 53 AR
K (Dempster %,1977) , s, iTH N
L+ [z — e 20
2(1 e
=K, )(ﬁ%%tﬁj‘ﬁﬂ’]ﬁﬂﬂr HTREE TR E
2 TCREAS SURAIE y MU, AR SCH Yy = 1,
PR A B ZRRA5 HTR & =22 4 H g 2815
S FRZFFAE SR 5 FEFRE 25 (8] R FHR A e W 152 78 sk
TR R T AREDL [V e® eV E
HRIIRALE RIS
AR SCR A Fe /M A By B BR 3 AR FIER S5 T 22 8] 1Y
KL HICRE S R A Ak, PRI B H A 53 A 1 328

(12)
Iz -

H bR A W 12T e o ey A R R A, DA g
RAERMERYE, TR T2 — 1&1&%@%@/\
BRI B TTER, B Lk S R R S B RE
FRIEZS TR, PR 8 30000 O M 25 %) B ) s o0
A p, € X H

si/f,
;ﬁm
RS = Ds, RFEES BRI IR,

i P EER RO L, SR
SMA s SR ERRAME p 2 10 KL B SR RAL
BEEE R (AU B, LAY

Py = (13)

e N . ‘ Lowee = D (plls) = Pa log Pu(14)
P RIHORERTE, Xie A (2016) $2 1115 Y uste KL 2 2
_ Iu(l)
\ z(l)
L . ) ’ 0'“)2
RO e ol el
EET] ] 3x3x256 | ~_‘ \ 3x3 256
TX7x128 S 10x1 0x1 & 7x7x128
14x14x64 = 14x14%64
28x28x1 2304¢1 S o0 2304x1 28x28x1
10417 “lox » strided Conv 3x3,ReLU
I strided Deconv 3x3,ReL.U
- = strided Deconv 3x3,sigmoid
;~-;‘\\;-”\ z .
& /} ® ik
_ }jjv"
/ o.ml\ Z »
> v @ O - W,
- iﬁw R R g
3x3x256 (& G \ = u = d
7x7x128 S 10x I\ 10%1 4
14x14%64 ; SNE A
28x28x1 2304x1 AS) 20
1% 101
.r :
Gifides BRZE
Bl RBIEML LA

Fig. 1  Structure of the clustering network

2.3 MKLEH

A SO B R 43 G it s R A B 28 9 246 52
B, I R L5 R A& 1 s H%E’Jﬁﬁ%’%ﬁiﬁ
Oy BRI R/INR 3 x3 KO 2 GlIERCK 64 11
EFHZE G AR ReLU(rectified linear unit) pR
B, FEENALELE ST REERAATE 2R IS
BAIA B (Sabour 45,2017 ), A LR HZ K /N R
3x3 KN 2 MBRESI N R R EEA

o BRIGHIER/IN R 3 x 3 LK N2 BN

128 MBRZE, YK/ K3 x 3 2K N2 il
R 256 BTUZR  SRIG WA 22, 450y
SlJ2 2 304 A1 10,

il A i 3R 4 TE S5 H4 5 Bt 85 0 SR KR
BRI 2 E R, BT 45055 5
10 12 304, 8K J& Lk — 4 4 5022 JE )2 (reshape
) BRI 2 304 B4 3 x 3 x 256, 8K
JEHREE 3 NERR RN 3 x 3 MRERZ, BN
Sy A 128 M iE 64 dHiE 1 HIE, H4mDAE2E
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Priese, BRiE, SELE, N, HEX /B

AniiEsBRIERIREME

), RS R A K R 2 R & BUZ S8 LR,
AR A A I 5 — 2 W B BUZ M sigmoid pRETE
S R, B RUZ B2 0 sR AR
JH ReLU pR%K,

BRI, [ miSE L5 HIERIRE &
o3 F gl 2§ 0 i ts i 43, I DL 23R4 1 2 i
S BRI , 2 —2PHK (14) Fos H s iR %L
PRk > RIS 45

3 KWERSDH

3.1 XRBEE

SERS R FH B9 T WL E 41 : Intel (R) Core
('TM)i5-7300HQ@ 2. 50 GHz CPU, Windows 10, g
#% Python3. 6, IN/7 4 8 GB, Zi FE #4355 A TensorFlow
N Keras , JRAZITET N Python,, M8 G2 508 R
EAM R BRI AL, batch size Sy 100, Pk 7K
Adam fEAE#S %> F4 0. 000 1,

RVEAR A SO R A RO, R T R B Hrh
H I MNIST ( LeCun %5, 1998 ) %3 4 Al Fashion-
MNIST ( Xiao %% ,2017 ) ¥ 5 43 ) YEAT S 56 70,
MNIST 445 /& LeCun 55 A (1998 ) 7 36 [H B ZK b
HE SR ARBFFE B 2 AL 1 T 5 B0 45 1Y FE Rl L
FEHAT T RSTFRUEAL BB T rh oAb 55 AL R B AR £
PR, B 60 000 YIZERFEA AN 10 000 SIHAREA L
B, B AEAHR 2 28 x 28 MR Z (WK FE IR ; Fash-
ion-MNIST J&—N/0 MNIST 5 507 48 (1 [E {5 8%
Pt | s E R S 7 Zalando HE R BOBFFEEB1T4R
HE T T 10 FP3EHIEE 70 000 A~ AS R E  R L AY
IEMHR BEEMG, BUR R/ 28 x 28 1R &, U4
T il W5 EAZ M SNE B R s shiE A
FHET45 10 2800 ATk Im) R AR, S8 v fifi
PRSP & NN M = 10, %5021
IRA RBOREAE N 1710, W1 AL B A3
T =10,
3.2 EMIEER

KRG E (accuracy, ACC) Flbx i HAF B
( normalized mutual information, NMI) {E HPEASFEHR

RANE ACC T 1t 515 3 1) R 2B An 4
HERPE 5N

N
ACC = maX%Zm“) = m(17))  (15)
m L'=l

2, 19 g BRI AR, 10 kAR
IR REHRZE, m( ) 7 R IR % FE S8 5 )
P& Z [T A AT RE A — X — et B R FESR 2R
P 5 LS 28 0l B 4 22 1) 4 3 e A L Af 3k L
K ) 4 F) 5 ¥ (Kuhn, 2005 ) 73 31 5 43 B 5T
1( - ) FRRTE/R BB, 455 NI 3R7R S LI (E R
1,040,

FrfEAl BAE 2 NMI 2 4 & WS B AL 5 7 22 18]
FASCHE R B2 bR , o W R RSP TR R 2 —,
X B A i SR AR A S B S IR 1 S
FREE, ARifEfb B A5 BT

MI(1,1)
JH(DH(T)
2, MICLT) 2B SRR 2 bR % 1 0 ) 265 15 5]
MRAERRZ T EAEE, H() R H() 5y 512 ed]
N RSP
3.3 XWHER

AR SCAERL 53 5 7E MNIST 1 Fashion-MNIST %4
AR LT T RETIE O TR AR SO AR
HRE, 5= WriR A A ( Gaussian mixture model
GMM) ( Fraley #1 Raftery, 1998 ) . VAE + K-means
(Kingma #1 Welling, 2014 ) . DEC ( deep embedded
clustering) ( Xie %%, 2016) , IDEC ( improved DEC)
(Guo %,2017) . GMVAE ( Dilokthanakul %% ,2017) .
KADC (K-autoencoders deep clustering ) ( Opochinsky
4,2020) , VaDE ( variational deep embedding) ( Jiang
%%,2017) .DCVA (deep clustering with VAE) ( Lim
4%,2020) Fll ClusterGAN ( clustering in generative
adversarial networks) ( Mukherjee 55,2019 ) 255 15
FFRFEE, R EE R ANER 1 R 2 B,

M T FIZ 2 Al LA, A SCR LS GMM |
VAE + K-means DEC . IDEC .GMVAE  VaDE #1 DC-
VA # L, 7€ MNIST il Fashion-MNIST $(#54E [ )5
FHKGRE ACC FRMEELME B NMI A B KEEH. 5
KADC H L, AR 37 7E Fashion-MNIST (4% 19
PRUEEAF B NMI KT KADC, 5 ClusterGAN 53
FHHE A SCEE A MNST Hdia k9 5R2E ACC Rz
WEH A B NMIL AL T ClusterGAN , {H7E Fashion-MNIST
HlnsE LW T ClusterGAN 575, BR'T GMM A
ClusterGAN J7 i, Hifth 77 4B )2 N AE 5% VAE JEfih
R R o PERE B UF 1Y VaDE J5 VA X R

NMI(L,1) = (16)
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£ 1 ZAEHE L7 MNIST #1 Fashion-MNIST
HEE LB ACC LEE
Table 1 Comparison of ACC among different
algorithms on MNIST and Fashion-MNIST datasets
/%

I R7S MNIST Fashion-MNIST
GMM 52.73 49.37
VAE + K-means 70.92 45.57
DEC 84. 30 58.6
IDEC 88. 06 58.9
GMVAE 88. 54 56. 35
KADC 88 60
VaDE 94. 46 -
DCVA 88.75 -
ClusterGAN 95 63
A 95. 86 61.34

TEHL TR R 2 S e U 45 2R -7 3208 IR SR R i
P,

£ 2 ZA[EE%7E MNIST #1 Fashion-MNIST
HHEE L NMI b
Table 2 Comparison of NMI among different
algorithms on MNIST and Fashion-MNIST datasets
/%

ER7S MNIST Fashion-MNIST
GMM 49.26 48. 69
VAE + K-means 70. 34 46. 74
DEC 83. 64 57.5
IDEC 86.7 55.7
GMVAE 87.03 53.59
KADC 86 65
VaDE - _
DCVA 81.9 -
ClusterGAN 89 64
A 91 62.5

EVHLT (R 425 45 0 R (e 2 s~ — ™ o TG
VAR

SR FHEAA BT 27 ik A4S (] vh Y [ £, T A 37 ¥
R F—MR G i 0 9 B At e 00 26 i A2 [ o
{8 1o} B, R X A SR T LA SIS B R 1 3K [
Bl AR AT i AR & 1 SRR HERR I, B 1k
T BRI S [, (R0 B RGP 32k
I ; ClusterGAN FIA SCJ7 vk B AR AR )& T4 iU R

7% AR TCIE S A 28 25 40 i J2 S LR i |
J& TR B 285, ClusterGAN J2: H i RIS
RESRCUF B A R 4% AR SO07 sk 50 B PR REAH
M, BT  ASCRE B A B RELE R,

AN, H 3% 1 g 2 8 n] A, R4S MNIST Al
Fashion-MNIST #B2: 28 x 28 14 2% 1t 5 4k R 15 504k |
FLATRR R] 00 B4k 4 B, (1R TE 8 & ACC F8 brid &
NMI $845, 85 EEBR T GMM J5 36 78 B3O8 $i 4l 45 At

RhR T R E AN oA 7 vt BT R R R, X
JEPRA MINIST 5408 45 H ¢ FE A8 Ak [/ 1 (5145 41
B, BORFEAR B R — ) F 2R 1R
B TERG R B RRAE I 0 £ A58 Y i) AP E R ik g ) 22
SRAH XA, T Fashion-MNIST #0454 H K Ji 25 4k
0 R MR A R, SCPRRREAR B L, ik
MR BRI A T A NSO R % TER AR R
FEAIE ) X £ A58 () R AiE 22 3R 8 ) BSR4, i H AT
()5 %t Fashion-MNIST 04 5 1 45 AF 17 8 R 1834
AR, PECREMERE 8.4 F MNIST S 4 .

Bl 2 FI T AR SO AE MNIST il Fashion-
MNIST ZdiE sh 20 10 8 &G, Horp g —4 7
B — SR, A 2 (a) W1, A SCBEAL X MNIST
BRI RS BB e, (H L T 2147 0
“OTIRVEMIIE AL, 3X — 45 R 5 4" F“9” 1Y SR WL AR IE
PRI DG, B 2 (b) AT %1, Fashion-MNIST %k 4 4
TR R i SNE T B T
BB T ML S AR, REGER by mEE |
e VT G2 iR TR AR AR RS
BORWER  TEINE B i 3 K Bl T AT
YR SO, X — 25 3R 0 7= A 53X 3 PR r ob
SRASE R A 2, DX 433 3 ) i S A R L
PRRRIER 22 5%

W) 000020060 S E T ¥
50 /i so L IGEY 1T
Haysyqguq YYyweoyyyEyy
ERIs 23232333 3N ANAR0 00N
& 77913777 na
%150 S555555 i 15 e o
& L 6660606 (IS
200 29;%,7..;2;; 200
75 E‘ ¥ o o 4
225023245 250 [l Y
0 50 100 150 200 250
BEAH BEAIH
(a) MNIST (b) Fashion-MNIST

|2 MNIST Fl Fashion-MNIST %40 4 A SR 2545
Fig.2  Clustering results on MNIST and Fashion-MNIST datasets
((a) MNIST; (b) Fashion-MNIST)
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Priese, BRiE, SBELE, M, HEX / BREEHED BRIDBENRENE

B3 FH T AR SCHIA S ClusterGAN 875 78
Fashion-MNIST $#i 4 T AU HE LR, K 3 AlA,
ClusterGAN 5.3 55 445 5] G 1) SU B IE AR SO
RUVE T, AR S BARAE /Y $2 05 B B T A SOy
. L, ClusterGAN R ZEZRAE Fashion-MNIST
Bl BRIt TA S

i i
150 200
(b) ClusterGAN

u
100 150 200 0 50 100

(@) ASTHRHY
K3 ALY ClusterGAN 21 245 1

Fig.3  Reconstruction of the proposed network and ClusterGAN
((a) ours;(b) ClusterGAN)

3.4 HMEFESW

AR SCHEAIAE Fashion-MNIST $045 42 19 2548
Frbg A% T ClusterGAN 3% AR SCHE Y F Cluster-
GAN FLkHRJE T 4B X R 2K 05 %, AR )2 Clus-
terGAN SR FHAE ORI I 48 ] T 528 i A SCR TR
G A AR 7 F A o Rk T A R A AR
SHCRIAT T BT, A 3 PR

R3 AXEAEL ClusterGAN EEHERSHELLE
Table 3 Comparison of the number of parameters in
the proposed network and ClusterGAN

Bk RIS B
ClusterGAN 13 199 785
AL 1225 417

E L PR R L as 3R

FHE% 3 A0, AR SO 2805 A M ClusterGAN
B 110, 38/ T ClusterGAN B35, JE—A T 5%
TR L8 A S A SO | FH SN A7
23 8] BEAR T X AR R oK R BR A% SC Tt iy i
FT3E BE , 78 Fashion-MNIST %48 45 b 0 M 5E 2% =% /)
T 2%,

4 & it

AR T — PP TR A R H i ae i

RFMLEAIRY | LI G 5 B oA RS ss g sr A8 53 A
Yl , 5 > B PR E A AR5 R gt 2 5 Rk
SR A RIS LS, R F gt 25 5 2 RRAE A9 41053
e A7 -5 505 O 46 Bl B A5 2 A 2Z 6] 9 KL #5083
YER EL bR R, X 28 AT N 2R A Ak, 78 R ERL
PEAE MNIST F1 Fashion-MNIST | ¥EAT T PEH 1 1
B L S g s SRR SR R & 5 0 F 2t 25 9
2R RN AT LSBT R By KR, i B H bR
A5 AMEAF5RE B AT R AP SRR B, (45 48 3
TEAERIE ACC FbRHEHAS B NMI $8FRAR L T 24
HIF)— LRI UG TR R AR
{HRASCRRMAAEPT AR 1) FERS AL EE ST
e S R g A v e AR O A [R]  RAR S
B A LT Y Hr ) — S RARL (R vk R
JERT SR (0 R T A AL PR 5 52 PR A7 A — e 22
o] S5 B B — i B A L 20 R i v e v S
ANBOFAS AT, afa] P AR i3 A 0] 8 A i (]
B, AR S P A T A i TR A R BN Bl R i
RIS EAR A R, MUEARE 290 15 R SRR
G, Bz S e SRR, 2) FERTRIGHE BRI
BT b, YA ZR SO RRE B, SOMURRAE 7 B AL
RARHEE . FRBEREE T — D5 E A,

2 2% K ( References)

Chazan S E, Gannot S and Goldberger J. 2019. Deep clustering based on
a mixture of autoencoders//Proceedings of the 29th IEEE Interna-
tional Workshop on Machine Learning for Signal Processing. Pitts-
burgh, USA: IEEE: 1-6 [ DOI. 10. 1109/MLSP. 2019. 8918720 ]

Cheng B Z, Zhao C H, Zhang L L and Zhang J P. 2017. Joint spatial
preprocessing and spectral clustering based collaborative sparsity
anomaly detection for hyperspectral images. Acta Optica Sinica,
37(4):296-306 (EZ, WA, sKum, . 2017, B
s [ T4 B 55 335 2R 2 1 DR IR) A 8L o2 D' 3% S K. Dlpse s
%, 37(4): 296-306) [ DOL: 10.3788/A0S201737. 0428001 ]

Dempster A P, Laird N M and Rubin D B. 1977. Maximum likelihood
from incomplete data via the EM algorithm. Journal of the Royal Sta-
tistical Society: Series B ( Methodological ), 39 (1) 122 [ DOI.;
10.2307,/2984875 ]

Dilokthanakul N, Mediano P A M, Garnelo M, Lee M C H, Salimbeni
H, Arulkumaran K and Shanahan M. 2017. Deep unsupervised
clustering with Gaussian mixture variational autoencoders [ EB/
OL]. [2020-05-06]. https://arxiv. org/pdf/1611.02648. pdf

Duan L, Aggarwal C, Ma S and Sathe S. 2019. Improving spectral clus-
tering with deep embedding and cluster estimation//Proceedings of

2019 IEEE International Conference on Data Mining. Beijing, Chi-

2155



2156

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 7 ,Jul. 2022

na: IEEE: 170-179 [ DOI: 10.1109/ICDM. 2019. 00027 ]

Ester M, Kriegel H P, Sander J and Xu X W. 1996. A density-based
algorithm for discovering clusters in large spatial databases with noise
[EB/OL]. [2020-05-06 ]. hitps://max. bookl118. com/html/
2017/0725/124226331. shim

Fraley C and Raftery A E. 1998. How many clusters? Which clustering
method? Answers via model-based cluster analysis. The Computer
Journal, 41(8) : 578-588 [ DOI: 10.1093/comjnl/41.8.578 ]

Guo C S, ZHOU J L, Chen H H, Ying N, Zhang ] W and Zhou D.
2020. Variational autoencoder with optimizing Gaussian mixture
model priors. IEEE Access, 8: 4399244005 [ DOI. 10.1109/AC-
CESS. 2020. 2977671 ]

Guo X F, Gao L, Liu X W and Yin J P. 2017. Improved deep embedded
clustering with local structure preservation//Proceedings of the 26th
International Joint Conference on Artificial Intelligence. Melbourne,
Australia: AAAIL: 1753-1759 [ DOI: 10.24963/ijcai. 2017/243 ]

Hershey J R and Olsen P A. 2007. Approximating the Kullback Leibler
divergence between Gaussian mixture models//Proceedings of 2007
IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing. Honolulu, USA: IEEE: IV-317-1V-320 [ DOI: 10. 1109/
ICASSP. 2007. 366913 ]

Jiang Z X, Zheng Y, Tan H C, Tang B S and Zhou H N. 2017. Varia-
tional deep embedding: an unsupervised and generative approach to
clustering//Proceedings of the 26th International Joint Conference on
Artificial Intelligence. Melbourne, Australia; AAAI; 1965-1972
[ DOI: 10.24963/ijcai. 2017/273 ]

Kingma D P and Welling M. 2014. Auto-encoding variational Bayes
[EB/OL]. [2020-05-06]. https://arxiv. org/pdf/1312. 6114. pdf

Kuhn H W. 2005. The Hungarian method for the assignment problem.
Naval Research Logistics, 52 (1) 7-21 [ DOI. 10. 1002/nav.
20053 ]

LeCun Y, Bottou L, Bengio Y and Haffner P. 1998. Gradient-based
learning applied to document recognition. Proceedings of the IEEE,
86(11): 2278-2324 [ DOI: 10.1109/5.726791 |

Lim K L, Jiang X D and Yi C Y. 2020. Deep clustering with variational
autoencoder. TEEE Signal Processing Letters, 27; 231-235 [ DOI;
10. 1109/LSP. 2020. 2965328 |

Lu R, Xiang L, Liu M R and Yang Q. 2012. Discovering news topics
from microblogs based on hidden topics analysis and text clustering.
Pattern Recognition and Artificial Intelligence, 25 (3 ). 382-387
(2R, Tss, XIBASE, #77. 2012, FEF R 38T R SCA 3R
ZE M PR S R A . BECIR 5 N A RE, 25(3) .
382-387) [ DOI: 10.3969/j. issn. 1003-6059.2012. 03. 004 ]

MacQueen J. 1967. Some methods for classification and analysis of multi-
variate observations [ EB/OL]. [2020-05-06]. http://citeseerx.
ist. psu. edu/viewdoc/download; jsessionid = 4172CEB4912D3E21
EF68579C8888BA567 doi =10.1.1.308. 8619&rep =repl &type = pdf

Mukherjee S, Asnani H, Lin E and Kannan S. 2019. ClusterGAN:
latent space clustering in generative adversarial networks [ EB/OL].
[2020-05-06]. https://arxiv. org/pdf/1809.03627v1. pdf

Opochinsky Y, Chazan S E, Gannot S and Goldberger J. 2020. K-
autoencoders deep clustering//Proceedings of 2020 IEEE Interna-

tional Conference on Acoustics, Speech and Signal Processing. Bar-

celona, Spain: IEEE. 40374041 [ DOI. 10. 1109/1CASSP40776.
2020. 9053109 ]

Sabour S, Frosst N and Hinton G E. 2017. Dynamic routing between
capsules [ EB/OL]. [2020-05-06]. https://arxiv. org/pdf/1710.
09829. pdf

van der Maaten L and Hinton G. 2008. Visualizing data using t-SNE.
Journal of Machine Learning Research, 9: 2579-2605

Wu H, Wang Y J, Wang Z, Wang X L and Du S Z. 2010. Two-phase
collaborative filtering algorithm based on co-clustering. Journal of
Software, 21(5) : 1042-1054 (R, KT, £, EFA, #
A 2010, B Bk A B S U IR G R A k. A R
21(5): 1042-1054) [ DOI; 10.3724/SP. J. 1001.2010. 03758 ]

Xiao H, Rasul K and Vollgraf R. 2017. Fashion-MNIST: a novel image
dataset for benchmarking machine learning algorithms [ EB/OL].
[2020-0506]. https://arxiv. org/pdf/1708. 07747 pdf

Xie J Y, Girshick R and Farhadi A. 2016. Unsupervised deep embed-
ding for clustering analysis [ EB/OL]. [2020-05-06]. https://
arxiv. org/pdf/1511.06335. pdf

Yang B, Fu X, Sidiropoulos N D and Hong M Y. 2017. Towards
K-means-friendly spaces: simultaneous deep learning and clustering
[EB/OL]. [2020-05-06]. https://arxiv. org/pdf/1610.04794. pdf

Yue F, Sun L, Wang K Q, Wang Y J and Zuo W M. 2008. State-of-the-
art of cluster analysis of gene expression data. Acta Automatica Sinica,
34(2): 113-120 (g, Phst, 94, TK, ZHER. 2008.
BN IR AR RIS TR TE . A Sz, 34(2) ¢ 13-
120) [DOI: 10.3724/SP. J. 1004.2008.00113 |

Zhang HT, Cui Y, Wang D and Song T. 2018. Study of online healthy
community user profile based on concept lattice. Journal of the Chi-
na Society for Scientific and Technical Information, 37 (9) . 912-
922 (3KifEHE, MR, FST, RIh. 2018, FETHEEH 1Ll
FEAL DX H P RS, AR, 37(9) ¢ 912-922) [DOI: 10.
3772/j. issn. 1000-0135.2018. 09. 006 ]

EZE N

Wrtefe 1975 440 B R #0R, M IETT
] 07 G AL B S HL AL B 0 A SR
5l

E-mail: iseealv@ hdu. edu. c¢n

VR, 55 WL RS0 RS T 1o R G A B
E-mail ; 631950238@ ¢q. com

A, B B, T A A S R U
E-mail ; ges@ hdu. edu. cn

IR, L, BB, T T 6 R {5 S A B i A S A B
JH WA, E-mail; yingna@ hdu. edu. cn

W2 SO BB, 57 ) PR AL P U 5
BB, , E-mail ; xueyiye@ hdu. edu. cn



