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Abstract

In order to reduce the computational burden of large-scale data spectral clustering and further improve the clustering
accuracy and robustness, the spectral clustering ensemble algorithm based on the three-order tensor for large-scale data was
proposed. The sparse affinity sub-matrix was first constructed by the mixed representative nearest neighbor approximation
method. The sparse affinity sub-matrix was then represented as a bipartite graph. The preliminary clustering results were
obtained by Graph Segmentation. Finally, an unified clustering result was obtained by fusing multiple clustering results
through the three-order tensor ensemble method. On the real datasets and the synthetic datasets, the proposed algorithm
showed a better performance compared to the classical spectral clustering algorithm, the clustering ensemble algorithm,

and the improved algorithms in recent years.
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+T4 SCETT A EIBREEEN CAXLL

Ptk SC ESCG Nystrom LSC-K LSC-R FastESC  EulerSC  U-SPEC  SCETT
PenDigits 57.44% 78.21% 72.13% 84.07% 82.79% 70.97% 66.85% 83.21% 88.21%
USPS 63.83% 54.32% 52.21% 69.54% 61.61% 49.92% 48.68% 64.64% 80.06%
Letters 13.53% 31.45% 33.26% 36.57% 34.97% 30.42% 29.36% 35.81% 38.62%
MNIST 75.54% 64.67% 60.83% 80.64% 70.59% 56.61% 25.33% 75.42% 82.59%
Covertype N/A N/A 49.31% 49.92% 49.51% 49.76% 48.29% 49.65% 51.73%
TB-1M N/A N/A 80.25% 52.73% 53.38% 78.82% 80.11% 99.46% 99.65%
SF-2M N/A N/A 70.63% 86.59% 79.42% 75.63% 78.25% 93.47% 93.71%
CC-10M N/A N/A N/A N/A N/A N/A 53.85% 99.99% 99.97%
CG-10M N/A N/A N/A N/A N/A N/A 33.96% 82.54% 92.99%
Flower—-20M N/A N/A N/A N/A N/A N/A 34.84% 89.93% 94.07%
Avg—score N/A N/A N/A N/A N/A N/A 49.95% 77.41% 82.16%
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IR, ARICTTHEAE10 LI 4 B4y
PIHEAE T N, XU T AR SR AR
TS AERE . SCET TEBEAECC-10M%L
etk b B AL ke, AR50
SELVR RS RE 22 B K o A SO 8 Ffr e
— BT O &, ARSCHE
B4 BRI T 75.53%F182.16 % Hy A4
SFEINMIFEAE P CAS L, TiHEA S =
FU-SPECTT AL 43 BI S8 7 70.01%FA
77419 FEIN MU CAS 4, X E
TSR T B R A S e, 5
HAeth B w:4A L, SCET THE ¥HE i =Wk
ARG 2 N IR ISEE IR, IFFI AR
o3 B AL SR A2 I AT P B R, BB
S IEERLEZ NP EAMER, @G
P35I o B T R R R A A5, PRI R 2
LR S 2y

3.3 5ERXEMIENMLR

IR T s FH 8 Fh B ple B 26 Bk gk AT
RO HE s O SR R g A R R IR
HFHE 2 (evidence accumulation
clustering, EAC) T IALEHE =
HE Y (weighted connected triple
method, WCT,) BY, FEFk-meansHy

—EM: 325 (k—-means based consensus
clustering, KCC) 821 | B LR Hiar &
%1143 (probability trajectory based graph
partitioning, PIGP) B33 EFJ pl—a50 ek 22
2% (entropy based consensus clustering,
ECC) B4 B 4E 5 (spectral ensem—
ble clustering, SEC) B JF&HEIIAL R4
(locally weighted graph partitioning,
LWGP) BOFI g e 2R 2R R il (ultra—
scalable ensemble clustering, U-SENC) 1151
ROEME6 53 Hl IR T AR A
Sl SR SR BRVEAE LI H M A _ERINMI
EMCAE. N FPRIEH, EACH
WCTIs LA BEAL LA £ R T MNIS T
AR (B570 000X |, iIBfTRES
HICHEAF R IEM ST, X2 F N HHNAAF
IR A AR, Bk, EHIN/A
RLTRNAEAEAFAHGE R o AR SRR
Ho A 1 6.7 4l 3 2 SR 2w AL BT 1Y
DeA i SN RPRIUE SR EREREAN
WA LT, ABIRFRBLR 4T ZR3C
P Y SFVEAES D S R SR AN 5 A Al £
ok B HEAE BT # N, IXIERT T
AR A A

[T, REFIREGIL AL T P AT A
S5 H R L A 3 B R — A TT AN

R5 SCETT BiESHEMBEEA NMI XL

AEIEE S EAC WCT KCC PIGP ECC SEC LWGP U-SENC SCETT
PenDigits 76.25% 77.48% 58.76% 75.39% 57.92% 47.28% 77.34% 82.26% 84.34%
USPS 59.32% 58.68% 49.47% 59.82% 48.96% 39.51% 57.73% 73.65% 75.69%
Letters 37.33% 36.72% 33.81% 38.13% 34.42% 31.65% 37.14% 45.81% 46.50%
MNIST 66.21% 65.19% 54.47% 60.15% 56.24% 34.07% 65.28% 75.13% 76.24%
Covertype N/A N/A 5.91% 6.57% 5.86% 5.45% 7.51% 10.63% 12.23%
TB-1M N/A N/A 23.42% 34.35% 27.06% 10.83% 96.75% 97.46% 96.93%
SF-2M N/A N/A 42.86% 45.34% 41.51% 27.35% 69.97% 77.49% 78.82%
CC-10M N/A N/A 33.43% 0.51% 31.75% 17.25% 98.38% 99.89% 99.53%
CG-10M N/A N/A 64.81% 63.85% 62.93% 49.67% 78.14% 88.35% 91.53%
Flower-20M N/A N/A 61.08% 67.88% 60.87% 50.62% 78.64% 92.17% 93.51%
Avg-score N/A N/A 42.80% 45.20% 42.75% 31.36% 66.68% 74.28% 75.53%
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R 6 SCETT BESEMBEEAM CA XL

AEIEE EAC WCT KCC PIGP ECC SEC LWGP U-SENC  SCETT
PenDigits 80.96% 82.85% 63.42% 78.46% 62.21% 51.83% 81.65% 86.64% 88.21%
USPS 63.51% 62.83% 53.33% 62.58% 53.49% 45.26% 59.67% 76.82% 80.06%
Letters 30.36% 30.05% 26.87% 31.62% 27.49% 26.32% 30.91% 37.25% 38.62%
MNIST 73.25% 70.86% 59.78% 65.24% 61.32% 43.25% 71.84% 78.58% 82.59%
Covertype N/A N/A 49.65% 49.21% 49.73% 49.96% 49.53% 50.53% 51.73%
TB-1M N/A N/A 70.22% 82.88% 72.65% 60.32% 99.63% 99.72% 99.65%
SF-2M N/A N/A 67.24% 73.56% 66.82% 55.78% 88.87% 91.69% 93.71%
CC-10M N/A N/A 66.85% 52.85% 62.71% 61.84% 99.28% 99.99% 99.97%
CG-10M N/A N/A 66.89% 63.47% 64.83% 58.21% 81.78% 91.85% 92.99%
Flower—-20M N/A N/A 57.63% 63.76% 56.73% 50.68% 81.52% 92.62% 94.07%
Avg—score N/A N/A 58.19% 62.36% 57.80% 50.34% 74.47% 80.57% 82.16%

AR T AR, B AT 4
o 104 5 Bl 2 28 Bk 1 134 43 T
T, AR SCHEH R 4 AR A T 75.53% 1
82.16% [ B A - N MR 5 £ - C A4y
L, THES S AR R 26T i U-SENC
{43 B2 T 74 .58%F181.27 % W K15
NMIFIACCHr &L, iXUEIT 7 AR SCHIE A
Rt

SCET TR k5 4 ol B S B 1 I TA]
A P g5 R IR 7, DA AR SCHE HY
MISCET T J7 ¥ AR 5 T R 2 #05E pli %
Hagy ik, UHGEA R R T TR HL
MEEAR G b o AR SRR s A A

S G e R B B SR AT R B, AT
WAF B, 7T DI R dEAT AR 4 O 2 2 40
v, BETTE I = kR AR R S 2 R
SRATR, FER AL B0 A O DS 5ok 72 0 25
THHIERE S, RETE 2T iz g 2
KA EAME R, T RELE 755 T a S
[EIRE =S P

4 BES5RE

AR SCER X R R S A E R
ARG I 2l A T PO TR, 31 R — A

R7 SCETT EE5EMBERENNBRAXLL /s

AEIEE S EAC WCT KCC PIGP ECC SEC LWGP U-SENC SCETT
PenDigits 7.69 46.01 7.57 9.94 11.76 3.67 4.26 15.13 13.56
USPS 10.89  46.45 14.67 57.72 22.43 8.85 9.05 27.17 25.07
Letters 23.40 168.11 30.91 124.46 50.04 14.64 14.08 21.32 22.79
MNIST 543.71 3384.21  286.57 2165.18 402.10 247.96 253.46 136.44 125.60
Covertype N/A N/A 937.75 7 869.71 1463.43 691.64 672.72 178.48 163.49
TB-1M N/A N/A 129645 126482 2098.72 997.30 989.156 321.37 314.21
SF-2M N/A N/A 2896.34 2488.96 4708.16 2160.46 2 145.82 689.82 652.72
CC-10M N/A N/A 6 824.38 501791 11 189.43 5 030.84 5024.21 1 836.40 1 785.62
CG-10M N/A N/A 17296.29 11 485.11 27 482.95 10927.88 10 865.38 3 796.78 3 603.26
Flower-20M  N/A N/A 33 658.83 20 682.87 53652.15 21593.96 21 356.25  7432.17 7 265.29
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T =Wk ARG IRl S ik 7
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Z (AR e SR A0 JE G o SR, B 7 it 5%
FOF-5E AR N 28 SR FNAE RS, FEER eI
AR A2 AR AR . AT HB
4 A, WL o B T ARG 2R IS A
Ho ML B, SR T M=ok B R
BT KRG 2 A RBLR, 12l R
AR Z MM EAMS R, A2 — 5
BHESRIRELER . &5, 10D R
Hymie L TsLse, il SiERER
R IL L I A A 5%
BEAT R EE, R B T AR SO A P AR R A
s Bt FAE A e, R
T TR AR A R

Jr BRI, SEBRI A E e il
Ak, T H AT RB2sh A H Ao o T il ok
X U], ] AR R R SR AN B ik
MEE& HETHE, 4GRS HIHL
A, 28 B L BT BERAE B A AR A
A, DASEI S A A A v P O 2 A0
WX
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