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A new sparse representation-driven ensemble clustering

algorithm for large-scale data

HE Yulin'?, YANG Zhenyu'?, XIAO Yougi'?, HUANG Zhexue'*
(1. Guangdong Laboratory of Artificial Intelligence and Digital Economy(Shenzhen), Shenzhen 518107, China; 2. College of Com-

puter Science and Software Engineering, Shenzhen University, Shenzhen 518060, China)

Abstract: To address the challenges of inadequate sampling representativeness and high computational cost in large-
scale high-dimensional data clustering, this paper proposes a sparse representation-driven ensemble clustering(SREC)
algorithm. In the base clustering generation stage, SREC algorithm incorporates a hybrid sampling strategy that com-
bines random sample partitioning with K-means, along with facebook Al similarity search(FAISS) indexing to build an
efficient sparse graph. This approach effectively mitigates the limitation of local sampling in capturing the global data
distribution. For the consensus function construction, a non-iterative weighted spectral consensus function is introduced,
which employs the Tcut strategy to achieve high-precision cluster partitioning within the sparse graph. The SREC al-
gorithm is implemented in a distributed environment using the Spark computing framework, and its performance is sys-
tematically evaluated on datasets containing over one million samples. Experimental results show that SREC outper-
forms ten selected mainstream clustering algorithms on the NMI, ARI, and ACC evaluation metrics, with improvements
of 4.15%, 3.33% and 0.98%, respectively, over the second-best algorithm. Moreover, SREC algorithm exhibits strong
stability, demonstrating low sensitivity to changes in the number of base clusters, as reflected by an NMI standard devi-
ation of only 0.21%. Furthermore, when applied to clustering tasks with five million samples, SREC algorithm achieves
a 51.8% increase in computational efficiency compared to the next-best algorithm, confirming its advantages for large-
scale data clustering. The findings of this study can provide a reference for efficient clustering analysis of large-scale
data, distributed data mining, and the design of related intelligent application systems.

Keywords: large-scale clustering; sparse representation; ensemble clustering; representative point selection; distributed
computing; Spark; large-scale data; consensus function
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4 1 X A B 5 SR G TR % T B SR AR T SCRRAE
{E [A] B Ly = ADgv , 3% B Ly J& G 1 735 7357 46
M, ORISR A B B RRAE 0] 5 w5 2T 2k, M4
R AIE ) o FURRAE (B A, 38 2 7 2 1) A8 8 06 206 4
TEY 3 5 4k — AR E G, DTS 3] [ 4 B0 a4
iE 111 B2t 0, R 3 SR RFAE [] 8 XS T 1 Kt T 47 AIE HE
¥ IE HESTE—, W UB IR AE RN ; B e, XTiZER
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2 B ) B SRS 3k B 1 X RSF (N + p) X (N + p)
F9 R KL ASE JE B 0 A % 3 e, T R X R A Ry
p X p B RE FESR R REAEAE () R, O F 5 42 e i 32 9
% O(p*) 3L, 5 T 06 B3 WA N T8 56, DT K iR
PETE TG BRTE KABEAE E il 47 ek

g LR, ok BRI ASE R TR AR A
g LA R R T 5 R U1 HI 0 181 R0 43 3 A B,
AT SRC 5 15 RE % 76 1 £ 3R 28 ot 122 1 [+
I, 2 B R LA H i 4R 1 = RO SR 2K, IR ks
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MBS WHEE 1,

Bk1 SRCEH%
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1) N,d = size(X);

/1 BrBt—: RSP Z TN s

2) X; = random[RandomSamplePartition(X,r)]; //
M AT P BEAL R —

3) R = K-means(X;, p); /% T # JE4T K-means
BRI EER A
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4) TVFIndex = IndexIVF(R); /| FAISS J bR
B OA g A

5) distances,indices=IVFIndex.search(X,K); //#¢
HITAREAR BT K DA

6) B = GaussianKernel(distances);// 155 i i AH
LR P

/BB = RBEIR

7) Yy = Teut(B,k); /7500 53 FEALRE [ 2Rk 75 36 26
45
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Rl e R Rk R BEALPE S 3 A SRR E . iR
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¥%2 SRECEX

BN Xk, p, K, m, 7, Ky Ko

W Y.

11 By B —: A R R 53 A2 B (Map i Be )

1) for i = 1 to m in parallel do

2) BEALA: IR ZEEUR & € [Kunins K]

3) M — P HE R K7, — SRC(X, k;, p, K, 1);

4) I — m;

5) end for

6) N TAETT S R IE R R = {7y, 7y, 7, );

TR B — s A TR R B B 24 3R 26 (Reduce
BBz )

7) WAL FE R i 0] B Q e R™;

8) for j=1tomdo

9)for/=j+1tomdo

10) nmi « NormalizedMutuallnfo(z;, ) ;// 115
HERZEH L EAF R

11) QLj1 « QLj]+nmi;

12) Q[I] < Q[I] +nmi;

13) end for

14) end for

/1 ST A5 0 B A D RCER, 3858 05 4 TR 52
i)

15) w « Softmax(Q);

11249 IT 0 1 T A 5 B A O — P A 2

16) H HANAUX G 7K — T 18] B € RV Ko

17)if x; € C,and C, e m; do

18) B, =w;

19) else

20) B, =0;

21) end if

22) Y, = Teut(B, k);

23) & [0] Yo
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2, BT A AR S0R AR Y m A B 2R 26
SRR PO R R AL AT BBk B,

MrEg2: MREIREHSEFBYIE] (Reduce
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JEH R B AE B B, WA BT 2 A N X KPR
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3) F A= BB i — 40 B B 3RS e A 1 R
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m(m < N) M7 H) SRC B EWOIF A7 i AE s T
FEAT s AT . BAEN T, B0 UK Y
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T st
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HAZ B O(Nm) . VIFIEEH% Teut Xl 73 9 52 A% B
HALE SRC B krh—2, (HZE R K/INAN xm,
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i FH T Python 3.6.5 ARAS B 4 16 3R %

3.1 EWigIt
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Table 1 Information of data sets
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Fig.2 Four simulation data sets with 1% data size

R T AR ) KLY e e T 5 S e 4 R
1Al &2 3Pk, SREC Bk 7E Apache Spark 437 =it
SEAESR T HEAT T AR MEARERE, DR IR T ARE
O PR . FETHRAM b, AR SCR A A SRR 2R
A RO A L SR B R TR A TR . 7R B R
W B, AT 5 e o A RS B R I ik Ei s /K- D)
Gy IF SR M AR A TR R AR
Map-Reduce 753 : 15 7¢, Map W Bt 7E £ TAE T 45
FEAT AT R SR 2GR, v o D B R 4 o R
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Fig.3 Comparison of clustering results corresponding to different representative point selection methods on USPS and

Mnist datasets
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*2 BERBREFELN NMIEEETTM
Table 2 NMI performance evaluation of different clustering algorithms %
Syl ik USPS Letters Mnist Covertype Moons Circles Streaks Flower
Kemeans 62.90+ 35.60+ 49.69+ 7.40+ 19.22+ 1.36x107*+ 55.66+ 99.81+
0.07 0.47 0.56 5.1x107* 0.03 8.74x107° 0.02 3.5x107%
Nystrom 10.28+ 3421+ 0.03+ 0.00+ 17.04+ 1.19x1073+ 33.66+ 96.19+
8.04 11.49 1.1x10™ 0.00 0.06 1.55x1073 19.85 5.23
U-SPEC 84.66+ 45.74+ 69.70+ 8.50+ 98.66+ 99.998+ 89.26+ 99.84+
e 0.44 0.78 0.53 0.12 0.16 9.41x107* 13.03 0.02
LiteWSC 74.58+ 42.42+ 61.54+ 8.13+ 6.67+ 63.11+ 5191+ 89.12+
3.65 1.10 3.33 0.46 8.58 12.10 9.66 5.86
69.13+ 40.38+ 59.24+ 9.56+ 54.42+ 22.85+ 65.51+
FSSC 4.50 1.38 4.07 1.29 27.90 4.70 20.33 NA
SRC 84.92+ 45.83+ 71.19+ 8.50+ 98.81+ 99.999+ 86.67+ 99.86+
0.21 1.04 0.32 0.20 0.14 5.2x107* 13.3 0.01
72.27+ 37.19+ 62.04+
EAC 137 0.29 181 N/A N/A N/A N/A N/A
SEC 53.53+ 31.75+ 46.57+ 5.87+ 26.75+ 10.12+ 47.57+ 85.17+
5.54 1.13 2.5 1.62 7.21 7.10 12.71 7.34
7491+ 38.27+ 61.24+ 7.85+ 87.16+ 29.49+ 64.53+ 99.87+
il ECPCS-MC 1.48 0.32 1.50 0.17 15.41 22.56 1.07 1.3x10°°
BA U-SENC 85.52+ 4717+ 74.85+ 9.20+ 75.29+ 99.998+ 99.79+ 99.876+
0.88 0.65 1.57 0.62 24.56 3.8x107™* 0.26 2.3x1073
. 80.3+ 42.7+ 67.77+ 7.97+ 59.52+ 9421+ 80.47+ 92.72+
LiteWSEC 2.06 1.91 2.55 1.98 41.52 11.65 15.37 5.57
SREC 86.11+ 47.07+ 76.32+ 9.92+ 99.17+ 99.999+ 99.94+ 99.879+
0.23 0.59 1.85 2.06 0.01 5.7x10™* 0.04 1.2x107°
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Table 3 ARI performance evaluation of different clustering algorithms on standard datasets %
syl Bk USPS Letters Mnist Covertype Moons Circles Streaks Flower
Komeans 55.29+ 12.97+ 36.58+ -0.45+ 2543+ —5.0x107%+ 53.66+ 99.91+
0.09 0.36 0.08 2.76x1073 0.03 9.6x107 0.03 1.1x107"
Nvstrém 3.86+ 6.48+ —4.3x107% 1.5x107 "+ 22.67+ 1.1x1073+ 29.48+ 92.9+
y 4.49 2.34 5.8x107° 0.00 0.08 1.7x1073 17.94 10.44
U-SPEC 77.3+ 18.93+ 59.43+ 0.31+ 99.52+ 99.999 4+ 82.83+ 99.93+
Bk 0.41 1.17 1.97 0.11 0.06 2.3x107* 20.99 0.01
S LiteWSC 61.43+ 18.10+ 48.98+ 1.78+ 4.7+ 54.09+ 44,68+ 78.69+
5.81 1.09 493 0.47 5.41 15.61 8.79 12.80
54.79+ 17.50+ 44,79+ 5.62+ 54.61+ 8.61+ 57.04+
FSSC 8.38 1.88 6.32 2.72 30.16 2.25 26.62 N/A
SRC 77.49+ 17.99+ 59.76+ 0.35+ 99.58+ 99.999 8+ 78.57+ 99.94+
0.23 0.87 0.56 0.16 0.06 1.4x107* 21.42 3.6x107
62.31+ 13.36+ 50.66=+
EAC 208 0.77 143 N/A N/A N/A N/A N/A
SEC 27.65+ 8.26+ 22.95+ -0.41+ 24.14+ 5.58+ 32.69+ 69.91+
9.76 0.99 5.48 2.13 5.66 4.29 10.26 14.29
66.25+ 13.1+ 48.42+ 0.31+ 89.08+ 26.07+ 60.78+ 99.94+
£ ECPCS-MC 2.49 0.43 1.62 0.25 14.43 19.63 1.64 7.4x107*
A% U-SENC 7759+ 19.30+ 65.63% 1.54+ 74.66+ 99.9997+ 9991+  99.946+
0.85 0.86 2.77 0.46 26.37 9x107° 0.13 1.2x1073
. 70.98+ 17.77+ 56.19+ 2.03+ 59.19+ 91.53+ 77.54+ 84.68+
LiteWSEC 5.36 0.95 4.08 0.91 42.49 17.18 17.83 11.47
SREC 78.08+ 18.78+ 66.80+ 1.87+ 99.72+ 99.999 9+ 99.98+ 99.947+
0.29 0.74 3.08 1.28 3.3x1073 1.4x107* 0.01 5.7x107*
T IR R AT AR T e L2 5
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Table 4 ACC performance evaluation of different clustering algorithms on standard datasets %
Syl RS USPS Letters Mnist Covertype Moons Circles Streaks Flower
K-means 68.25+ 25.96+ 53.51+ 25.06+ 7522+ 33.40+ 78.90+ 99.96+
0.12 0.47 0.39 6.3x10°3 0.02 0.03 0.02 0.00
Nvstr 21.79+ 22.77+ 11.26+ 48.76=+ 73.81+ 33.46+ 58.06+ 93.19+
ystrom 5.13 643  2.0x10° 0.00 0.04 0.07 14.13 10.25
U-SPEC 79.85+ 33.94+ 71.47+ 26.81+ 99.88+ 99.999 8+ 86.66+ 99.970+
ok 0.28 1.11 1.97 1.56 0.02 7.8x107° 16.33 4.3x107°
S LiteWSC 65.92+ 30.8+ 62.01+ 24.06+ 59.25+ 73.04+ 69.59+ 82.1+
6.29 1.37 5.36 1.05 5.65 14.68 6.4 12.65
63.11+ 2921+ 56.85+ 31.07+ 85.52+ 44.06+ 72.96+
FSSC 7.01 1.3 7.19 4.50 10.18 2.49 20.43 N/A
SRC 80.07+ 33.11+ 71.09+ 25.99+ 99.90+ 99.999 9+ 83.33+ 99.973+
0.24 0.88 0.46 1.87 0.01 4.6x10°° 16.67 1.5x1073
70.29+ 25.98+ 63.94+
EAC 581 0.84 4.08 N/A N/A N/A N/A N/A
SEC 50.88+ 22.78+ 44.67+ 28.86+ 7436+ 43.77+ 57.25+ 76.22+
6.85 0.76 4.20 3.58 3.22 5.86 7.97 11.03
73.28+ 26.26+ 62.5+ 27.54+ 97.02+ 54.02+ 82.13+ 99.977+
HEW® ECPCS-MC 2.88 0.58 2.03 1.39 4.04 13.05 1.13 3.1x107*
RE U-SENC 80.72+  33.52+ 74.87+ 23.6+ 92.45+ 99.99991+ 99.97+ 99.977+
) 1.53 1.1 1.56 0.72 8.03 3x107° 0.04 5%x107
. 76.4+ 31.79+ 68.85+ 23.64=+ 84.50+ 94.54+ 89.37+ 86.91+
LiteWSEC 5.79 2.05 4.22 1.32 17.01 11.89 9.90 9.85
SREC 80.41+ 33.28+ 75.25+ 24.07+ 99.93+ 99.999 99+ 99.99+ 99.978+
0.25 1.03 1.68 1.07 8.2x10™* 4.6x1075 4.6x107° 2.4x107*
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Table 5 Average runtime of different clustering algorithms on standard datasets S
FAl G/ S USPS Letters Mnist Covertype Moons Circles Streaks Flower
K-means 1.66 4.83 37.87 24.33 3.8 4.94 10.78 19.51
Nystrom 4.26 5.84 10.65 89.36 87.2 113.63 272.58 745.94
ok U-SPEC 46.64 27.22 177.91 47.98 34.25 39.09 69.37 170.87
LiteWSC 0.76 1.31 5.89 26.32 38.06 53.20 149.60 498.28
FSSC 3.91 5.65 102.23 209.19 215.97 274.82 676.50 N/A
SRC 26.41 27.18 114.62 78.93 59.62 65.03 112.26 275.33
EAC 7328 27484 292550 N/A N/A N/A N/A N/A
SEC 72.10 182.39 1696.19 3508.70 2596.69  4766.14 13156.36  25784.42
ECPCS-MC 57.29 151.43 1453.01 3131.95 1351.17 1490.37 2899.87 4932.63
U-SENC 93220 55445 332327 903.28 909.21 1022.75 1821.32 3943.56
LiteWSEC 18.68 21.18 43.71 212.89 279.33 345.42 697.64 2611.13
SREC 52.53 62.88 279.72 302.78 357.02 422.04 841.91 1900.95
TEBE T SRC BIEAE N A RERA R 7 4R BURI A X T2 SEMt K-means 574
PEJE, HE—LIPAL SREC Bk mMERE . XTI ROSE RS A DBt

S 2 AT ) & B, SREC BvE M PEBETE 4 K £
BUIE LT R 2 LT H LA SR 2 A8 SRC DL i
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Ty Hb 38 5o il 221 v ot i SR R A AR A T R
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FEbR o FERRTE R ARL T FLA R 4L I, SREC Bk
AT 2 Y . AF Moons 2034 |, SREC &3k
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EAC Sk 78 Z2 8088 5 N A o ik 12
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Fig. 4 Critical difference diagrams of NMI, ARI, and ACC metrics corresponding to different clustering algorithms
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Fig.5 Critical difference diagrams of NMI, ARI, and ACC metrics corresponding to different ensemble clustering algorithms
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Fig. 6 Impact of representative point number p on clustering performance and runtime
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Fig. 7 Impact of nearest neighbor number K on clustering performance and runtime
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