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Landmark-based Spectral Clustering by Joint Spectral Embedding and Spectral Rotation

LI Peng.LIU Li-jun and HUANG Yong-dong
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Abstract Classical spectral clustering algorithms consist of two separate stages. One is spectral embedding, computing eigenvalue
decomposition of a Laplacian matrix to obtain a relaxed continuous indication matrix. The other is post processing,applying k-
means or spectral rotation to round the real matrix into the binary cluster indicator matrix. Such a separate scheme is not guaran-
teed to achieve jointly optimal result because of the loss of useful information. Meanwhile, there are difficulties of low clustering
precision, high storage cost for the similarity matrix and high computational complexity for the eigenvalue decomposition of
Laplacian matrix. The existing joint model adopts an orthonormal real matrix to approximate the orthogonal but nonorthonormal
cluster indicator matrix. The error of approximating a nonorthonormal matrix is inevitably large. To overcome the drawback, we
propose replacing the nonorthonormal cluster indicator matrix with an improved orthonormal cluster indicator matrix. The pro-
posed method is capable of obtaining better performance because it is easy to minimize the difference between two orthonormal
matrices. Furthermore,a novel landmark-based joint spectral embedding and spectral rotation algorithm is proposed based on the
sparse representation by landmark points, which greatly solves the effective computation of spectral clustering for large scale

dataset. Experimental results on benchmark datasets demonstrate the effectiveness of the proposed method.
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Fig. 1 Circle data set
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Table 1 Description of 11 data sets
Circle 1000 2 2
Wine 178 13 3
Cars 392 8 3
Iris 150 4 3
Ecoil 336 7 8
Haberman 306 3 2
Cancer 683 9 2
USPS 9280 256 10
Pendigits 10992 16 10
LetterRec 20000 16 26
MNIST 70000 784 10
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AR UE B 2 1) A 2SS X b, BLR SHOR AT . S 8
A A LR R L T 2 K2 47 knn 7 5, LU A B HE O OE
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BHIBAT T 20 WIS TSR, WE R RIERRE

T, . Ty, Ts 4354 100,10,10 , LSC-K Fll LJSESR % ¥ 41 %}
11 ABCHE B 1) M b B K i 8 S 200,150,120, 120, 70,
160,210,2000,1000,1000,1000,
4.3 PEMIERR
3 S A R AR AR AT I B 2 B AR BRI A AR A AT L
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{5 & (Normalized Mutual Information, NMI) Fl14§ & (Purity) ,
ACC: I T LB IR S5 AR B P B IE SR R B 5 %

ACC=%2\T,HP,\ (18)
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Table 2 Comparison of ACC of each algorithm
CHLpE %)

¥ E k-means  Rcut Ncut LSC-K JSESR IJSESR LJSESR
Circle 50.90 100.00 100.00 100.00 100.00 100.00 100.00
Wine 70.22 38.76 39.32 70.22 74.43 73.56 76.71
Cars 14.89  63.01 44.13 67.09 68.21 67.46 68.87
Iris 88.66  90.66  90.66  86.00 87.45 87.56  96.00
Ecoil 63.69 58.03 57.44 64.88 56.75 56.76 71.41

Haberman 50.00  73.85 73.20 50.32 66.76 65.35 74.18
Cancer 96.04  65.15 66.03 96.34 96.74 96.66  97.07
USPS 67.49  66.41 72.73 65.37  64.72 64.34  74.63

Pendigits 65.17  73.47 66. 29 78.29  67.43 66.44  81.88

LetterRec  24.71 4.62 8.96 31.91 31.46 30.44  32.18
MNIST 54.28  64.23 72.76 69.61 72.43 72.32  73.42

*3 BTIEN NMI X
Table 3 Comparison of NMI of each algorithm
AL )

HIEE k-means  Rcut Ncut  LSC-K JSESR IJSESR LJSESR
Circle 0.02 100.00 100.00 100.00 100.00 100.00 100.00
Wine 42.87 3.72 7.02 42.87  42.56  42.43  43.15
Cars 20.48 4.74 0.33 18.85  18.96 18.47  20.96
Iris 74.19  80.57  80.57 73.78 76.65 76.32  86.41
Ecoil 60.30 61.82 60.35 59.24 55.35 56.43 64.25
Haberman ~ 0.11 3.86 0. 89 0.31 5.56 5.39 8.77
Cancer 74.78 1.82 5.64 76.02  73.98 74.76  81.13

USPS 61.56 81.86 78.22 76.75 71.34 71.22 72.91
Pendigits 66.98  79.27 81.76  75.83 66.43 65.76  76.06
LetterRec  34.51 5.12 18.04  44.33  40.32  38.24  42.76

MNIST 48.40  56.23  66.43  69.07 70.87 70.02 71.96
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Table 4 Comparison of Purity of each algorithm

CHRAL 20

HEE k-means  Rcut Neut LSC-K JSESR IJSESR LJSESR
Circle 50.90 100.00 100.00 100.00 100.00 100.00 100.00
Wine 70.22 39. 88 41.01 70.22 72.43 72.34 74.71
Cars 65.05 63.01 62.50 68.77 67.43 66.65 68. 87
Iris 88. 66 90. 66 90. 66 86. 00 87.76 87.45 96. 00
Ecoil 79.16 83.33 79.46 80. 14 77.54 78. 34 80.95
Haberman  73.52 73.85 73.52 73.52 73.67 74.13 74.18
Cancer 96. 04 65.15 66.03 96. 34 94. 45 94.66 97.07

USPS 73.74  80.75 72.95 79.21 76.35 76.37  81.02
Pendigits ~ 70.10  73.69 80.67 78.77 65.64 64.67 81.88
LetterRec  26.66 4.72 9.80 35.66  32.04 31.56  34.84

MNIST 58.05  65.42 74,12 74,76 75.89 74.32 76.16

% k-means B kA0 H A B 75 XF Circle B4 45 19 R 25
R EEIR R 100%, X & N k-means JC ¥ 1E # %) 43 3F ™
B R B S vk T LA SR AT B A R Ay . B T b

FrFERH LSC-K Ml LJSESR #f Cancer $idi £ R )5 x5 T
JUF-AH R B VA 26, 76 MINIST %04 45 |, LISESR £ B4 T
LSC-K 553k, ULUA I & BB W LUR FH RS . AT L)
KB F ACC.NML Purity 3 1545, B Circle B ¥ £ 41 .
AR A TJSESR M fig 55 JSESR 3, LISESR 78 £ $5(
54 F 6 T k-means, Reut #1 Necut, %} T LetterRec #l
MNIST %44, LSC-K 1 LJSESR & 177 0 & #2 7}, J5 B 2
FEF AR B R A ALHED Y, #E JSESR A IJSESR $ik
LA W AR TR T IA T A R E B T i T LARE S
R NE TN

FTSHET 11 AEIEEAEARFFL LK CPU i 17 it
], ALK B, 7E 2 BOBHE %8 b k-means Jy I B[R] P 58 5
W AH SRR A 3 2000 B, 38T 3 3R S R R 9 LISESR
FLSC-K Y CPU (5 F I [ L 40 &

F5 FHEPM CPU WA H

Table 5 Comparison of CPU time of each algorithm
CHLfS e s)
HAEE k-means Reut Necut LSC-K JSESR IJSESR LJSESR
Circle 0.0050 0.0260 0.0900 0.0180 0.0430 0.0360 0.0170
Wine 0.0060 0.0120 0.0080 0.0080 0.0070 0.0630 0.0130
Cars 0.0030 0.0130 0.0139 0.0070 0.0130 0.0130 0.0060
Iris 0.0019 0.0139 0.0080 0.0050 0.0140 0.0120 0.0080
Ecoil 0.0030 0.0279 0.0160 0.0080 0.0280 0.0240 0.0080
Haberman 0.0020 0.0109 0.0090 0.0110 0.0130 0.0120 0.0060
Cancer 0.0019 0.0270 0.0179 0.0220 0.0230 0.0210 0.0170
USPS 0.5910 7.6630 6.6120 1.3770 6.6310 6.5320 1.1590
Pendigits 0.0460 0.5520 1. 3420 0.7980 0.8740 0.7450 0.6560
LetterRec 0.2669 5.6660 15.5240 2.9230 14.3240 14.2540 2.2790
MNIST 23.2000 45.6334 156. 4560 7.1720 125.8340 105. 4210 6.5279
P 2 0T LU B RE AR A0 38 s Neat, JSESR, EWIE OASCIRM T R R R R %y

IJSESR {5 CPU 5 J] I ] 1 3 3 i1 s Reut, LSC-K, LJSESR., k-
means %8 CPU & S E] 2> s Reut B CPU f7 A B ] 2> F
Neut B9 3 25 F &« Reut 77 B2 3R M #5156 MR 19 45 AF 16043 17 7]
B, 52 5 FE AR F Neut 5 2R g 0 7 SCRRAE (8 43 1 o) B
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D
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2 KB PAE Circle B¥E4E E 1) CPU K} [E]

Fig. 2 CPU time of each algorithm on the Circle data set
AR A ET LISESR Bk 52 man &l 3 fios . ml LG 3,
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Fig. 3 Influence of the number of landmarks on LJSESR algorithm
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