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An autoencoder-based spectral clustering algorithm combined
with metric fusion and landmark representation

ZHANG Min', ZHOU Zhiping"’

(1. School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China; 2. Engineering Research Center of Internet
of Things Technology Applications Ministry of Education, Jiangnan University, Wuxi 214122, China)

Abstract: Most existing spectral clustering algorithms are faced with low clustering accuracy and costly large-scale sim-
ilarity matrix storage. Aiming at these problems, this paper proposes an autoencoder-based spectral clustering algorithm
combined with metric fusion and landmark representation. First, instead of random sampling, the concept of relative
mass is introduced to evaluate node quality. Based on this, the most representative nodes are selected as the landmark
points and the graph similarity matrix is approximately obtained by sparse representation. Meanwhile, considering the
geometric and topological distribution of the nearest neighbor samples,the Euclidean distance and Kendall Tau distance
are integrated to measure the similarity between the landmarks and the other points, so as to increase the clustering pre-
cision. A stacked autoencoder is then used to replace the Laplace matrix eigen-decomposition, and the obtained similar-
ity matrix is taken as the autoencoder’s input. The clustering accuracy is further improved by joint learning of embed-
ded representation and clustering. Experiments on five large-scale datasets validate the effectiveness of our algorithm.

Keywords: large-scale datasets; metric fusion; landmark representation; relative mass; sparse representation; stacked au-

toencoder; joint learning; embedded representation
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Label(i) = argmax pj
2.4 ﬁ%k’éz%—*]}%ﬁ#ﬁ

T, N n DNBURFEA TP IE R p S HIAR AL, X
BRI R & 22 BE R OGpn), ¢ R AR E . AHALEE
T PR 3 R A0 S T 2 R EE R R B Rl A DA R
T i i e s AR T, iR & 24 B Ol O(pnlog,n) . 7S
SCE AR A gt 25 AR P B R R REAE 43
fif B4y, WA S 44 B2l OmD* +nvK), K R L
H, D Jyik & 1R Z i R ITEL, v B v 7
FRfF e R 4E B, — i K <v<D, T8 geag ikt
[ 5 %% % 2 O@pn+ pnlog,n+nD?) o JE T Hi bR KR
Fh PRk i SR 2k U B R 2 2R N OCepn + pnt
P +pin), T p<n, BHAEIE Z4BE 0] 5 R O(pn+ pn+
p*n)o p Al D BUE A Y HAag/NF n, R AR SCR
I 2% FE W v T AR T PR s Y PR SR S AR I
)52 2% B, R I F 35 1 A g tid s i 1% SR 2R
1 DEC™ Wi} [a] & 24 B O(n? +nD?), GraEn " 1y
B (] &2 24 B O(n® +nK D),

3 LI RANER

R UE AR SCAR RIS T KRB AR 4R, 1EHR
WF 5 N %dE4E . MNIST, USPS, COIL100, Cover-
Type Fl CIFAR10, X 5 ™44k 5 40 & A A 28 Al
M EG, TF5507 SRR L IR IEG F gk
WA A, FEARRIR K, AT LA R AR SCH
BAERIUBEE S LR ISTERE . 2 1 I AHICHK
P S HARME B o U B SIS A A5 Intel(R)
Core(TM) i7-6 700 CPU @3.40 GHz; 16 GB RAM;
BVE R 55 Windows7; 4i #2155 : Python 3.5,

3.1

F1 ZRHEEMR

Table 1 The description of experimental datasets

Bt PEAH % s
MNIST 70 000 10 784
LetterRec 20 000 26 16

COIL100 7200 100 1024
CoverType 581012 7 54

CIFAR10 60 000 10 1024

AR SCR 5 Sk [8-9] Fe T bR Y PR
IR LSC-R Ml LSC-K, A% JEHIAR S A FE T
B ) 3 B8 25 4 1 DEC™ 2 GraEn'"", SCHk [17]
o R PR S b RR A 1 P i Rk
SCAL-R J¢ SCAL-K #47%f I, LSC-R J SCAL-
R 238 i BEAL R AR p D HLAR A, LSC-K }
SCAL-K J&k FH k-means 5513815 p AN Hubs 509 o

AR UE SR Z [ A X L, ARS8
BEE : SCHR [8-9]. [17] KA SCH L5 S Hb bR £
AECp Ge— U E R 1000, B B 4 7 70 A8 1 15 K
WA AR 5K H kB &N 5, A Bk M k-means
B B AR ELCK 500, SCHK [16]. [17]. [25] &
A SRR S w) A Y i 48 58 4, G i as 4E B
p —500—-3500-2 000 - 10, ks #5 M] 2y 10-2 000-500—-
500—p, JE LML B KBS — R I PEAL IE 0T
(rectified linear units, ReLU), A CE L MY
5 1L BIE B =107, I B ot il 5 20 Bk AR Bk
BN h=10, Z B AT BT 532K ] mini-batch B
BLBR BE B3, /NIb i FEARELH m 2 256, 22 2] R
A=0.1; FE YN ZR B B, $44T k-means 515 20 K ik
WSS R, WG A gt 88 S5O R 2L bty
W S [ B 1% & A Th = 0.001, fiz K%k A L maxiter
20 000, P8 15 T AERRIE 2 [ R AR JE v = 0.1,
32 XKW

T B SR R AR, G O R A R
AR ESARZE TR o SRR HER 2 (ACC)
PRUEAL AR B (NMI) SR AF S BE e bn i 47 PEAl [
A, ACC FI NMI X 2 Fft B B AR HEAE [0,1] =2 B HL
H, (EBOR R AR, . & FhRVETE 5 1R
BRI AR R LI 25 S 3k 2.3 i

x2 AEAHBENERE ACC) HLLE

Table 2 Comparison of clustering accuracy (ACC) for dif-
ferent data sets

F¥E MNIST LetterRec COIL100 CoverType CIFAR10

9
LSCR™ 05890

02922 04896 02475 04716
LSC-K™ 07270 03033 05456 02550 0.5040
SCAL-R"" 08361 04394 07905 02602 05619
SCALK"" 08808 04470 08122 02933 05802
DEC™ 08651 02975 07219 02497 04821
GraEn"" 08182 02872 07350 02218 0.5134
ASCH 09012 04690 0.8903 03325  0.6129
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Table3 Comparison of normalized mutual information
(NMI) for different data sets

F¥ MNIST LetterRec COIL100 CoverType CIFAR10

[9]
LSC-R™ 05911 03734 07315 0.0831 0.0348

[9]
LSC-K™ 07222 0.3963 0.7632 0.0902  0.0542

[17]

SCAL-R" " 0.8297 03915 0.8274 0.0912 0.0765

[17]
SCAL-K" " 0.8754 04055 08416 0.1025 0.0844

[25]
DEC 0.8369 03851 0.8045 0.0856 0.0651

[16]

GraEn" ~ 07473 03712 0.7911 0.0719 0.0579

AHED: 0.8821 04435 08702 0.1342  0.1521

AR 2, 3 PIMHEAR T 894 Fh SR M RE R &
XFEE, AT LA H AR SCHR i 45 5 B B R G FI AR

FR ) B S5 ik I 255 L7 MNIST., LetterRec,

COIL100., CoverType K CIFARI0 iX 5 /> KB AR %5
P b, AERE T T MR R ) P Rk
LSC-R Ml LSC-K, &% JEHubR 5 (A 3£ F A i 1
BV DEC M GraEn, [ %65 2% 5 Hubs 5 45
A PR B 24545 SCAL-R & SCAL-K, 7 ACC
FINMI P Fh 5 AR T ¥R B H T 3 o0 BRAR A 3R 2R
PERE. RIS, 38 0] LIAS a0 T 2518

1) AR SCOR TR T8 M 0 28 7 PR A 3 8 40 B T 5
A BT AT AR S BRE, IF AT Al At
FETARAL R, FERIR G AR T, M T B AE
P2 TF % ISR Y LSC-R M1 LSC-K 4 F 45
# MisfritEl EF, 78 MNIST 4l 4 I, LSC-
R & LSC-K H AT 10 s A2 47, A SCH 8 ) 75
200~300 s iz 17 B A, {HAHXF F DEC & GraEn,
AL BT EFEAR T 1 000~2 000 s, A T 1R
K4, HIE 2 BT LIE W, 3t ACC, A3
Bk 5 LSC-K B LA e, £ MNIST, LetterRec .,
COIL100, CoverType 2 CIFAR10F 43 5| #&£ 7+ T
17.42%., 16.57%. 34.47%. 7.75%. 10.89%, 5 kil
ol FE B U B 5 LSC-R 2 e AH L, A3k,
[FIFE L, NFR 3 B, ASCHE L NMI WA T B
ST, M5 SCAL-R f SCAL-K B ¥E4{ I,
A SR A G R IR B R i 2 AR R A RO 4R 1 45
5 B, i HAE ACC. NMI /#4845 ¥4k T
g,

2) FH EE A 25 R MBS A 00 3 T A gD 3 R
FHE P DEC M GraEn, A CH 7 ACC Hl NMI
BT —EW4TE, 5 DEC B kX, A SCE %
1% LetterRec Z0#E 4 L ACC. NMI 4352 FH T

17.15%., 5.84%. UtIAA SCH 3 A 25 6 B Bt il 5
AR 7R A0 RR R0 R I B 4 T b sz Bk T 5 =2 1)
&5 B, Hisfr8eR R K 21T,

3) bAb, B3] LA H, L LSC-R, LSC-K K
REFZW G A by 58 5 DEC, GraEn MR
FYJEF IR A Zm b 55240 B, £ MNIST., COIL100
K CIFART0 3 $6 4 Ji AH X6 48 5 118) R R AR 25 B 4
i, REREMEREAL T 45, B 7E LetterRec M Cover-
Type 2 FE B AR A9 B0 4 LAk T 008, T 0 3E T
F i A 7% 118) B8 6 oo 2 5l S e R A A, b
R ERICH R TR B E A 1) R M

AR SCHE R H BR EGIE 25 5 Kendall Tau #i
| R N I W ok 14 &7 T =R M W (T VN e
5 1) 0T LU A RE 2 22 B B % 7 X
HISEM o TR A GBI, 4 AR SO i 3R 7 6 B
1 3853 43, 430 R AL T RRIGHE B (SCE) 53T
Kendall Tau #F 2 (SCK) 55 & % AH L, SR H
ACC HI NMI WA~ 48 br 5 A% SO il & B o 7 38
AT PERERT I . 3% 4 TR 3 PR TE 3 A8 4R
ERE R, R ATTLIE W, 2 FhE B &
I 20 il — R B RE T 4 1 M S gk A = ]
F &5 P 0 B, DT SR A5 B30 BAR (%) SR B . BR
[CHF B 5 Kendall Tau 353X 95 Fh B & 5 X A9
4, FEASREHER b K T ok, B85 635 2.3
AT LA, 3T AR SCHE % SCE F1 SCK H ik 1
3 AN A b 5 At LR B A B, A A AR
P BRI 5 SCAL R K SCAL K B %} ACC
FINMI X E o] LA Y A S 3 56 F X 00 o i 1)
PageRank 55 B MU AR o SR 200 T REBL1E
$£5 k-means Bk 05 vk, (A KT 35X B FR 5
RN O B, R A ST, T SO AR A A 3R p
M 100~1 000, 7F 3 P Eudis4E L, #Eir A CHE LS
SCAL-R. SCAL-K /i ACC {HF X} b3, & 1.2
9B R T SCAL-R, SCAL-K Jz A S5 vk AE 3 X
1 3 AR B, HAs SN EON 100~1 000 2Z (7] A5
1k, xR ACC B NMI{E . El el EWE
AR CHEBAE 3 B SE B ACCNMI 3k H
LSC-K. SCAL-K %5, B2 7E MNIST £#i4E I,
Hbm a5 A DB, AR SCHEL 5 SCAL-R Bk AH
LU W Ak T 45 34, 3 2 BT A SR s A R R R
FH B B8 Rl A 7 28, 78 Hubs A5 SO R £ BE
AR HF2 I AR 0 S5 M AR B, M bR A EO
300 JFhR, A SCH VA E R B AR R i) AT 2R
AT LLE W, HbR s ER3E o, 3 A Y
ACC.NMIH Wz #E5, HA XA LRI
AR S R PSR RS A A2 Hbs s
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Table 4 Performance comparision of algorithms with dif- Hif 0.70 L _ d__;fc-’“”—
ferent distance measurement schemes = // Sl
0.65F —
Bk B SCE SCK AKHE ol
ACC 08733 08624 09012 SR A
MNIST e
NMI 08489 08545 08821 (2) MNIST Zfii4
ACC 08391 08214  0.8903 090 1sex .
COIL100 0851 -+ SCAL-K =
NMI 08547 08427  0.8702 ) > AR P o Sl
080} I
ACC 05975 05899 0.6129 = oo,
CIFARI10 5075¢ '/_--* — o
NMI  0.1124 01324  0.1521 &
lE 0.70 + /
0.65+ ¢
095 060 ‘ ‘ ‘ ‘ ‘
090l LSCA'LK_K _» ' 200 400 600 800 1000
I R e o b
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