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Semi-supervised Clustering Based on Gaussian Fields and Adaptive Graph Regularization

ZHAO Min and LIU Jing-lei
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Abstract Clustering is to divide a given sample into several different clusters, which is a widely used tool, has been applied in
machine learning.data mining and so on,and has received extensive concern by researchers. However, there are still three main
limitations. Firstly.usually there are noises and outliers in the data,which will bring about significant errors in the clustering re-
sults. Secondly . traditional clustering methods do not use supervision information to guide the construction of similarity matrices.
Finally,in the graph-based clustering method, when constructing graphs,the neighbor relationship is determined. Once the calcu-
lation is wrong, it will result in poor quality of the constructed graph,which will affect the clustering performance. Therefore.a
semi-supervised clustering model based on Gaussian field and adaptive graph regularization (SCGFAG) is proposed in this paper.
In this model, supervised information is introduced by gaussian field and harmonic function to guide the construction of similarity
matrix to realize semi-supervised learning. Sparse error matrix is introduced to represent sparse noise,such as impulse noise, dead
line, stripes,and /; norm is introduced to alleviate the sparse noise. In addition, the /,,; norm is also introduced by the proposed
model to mitigate the effects of outliers. Therefore,our SCGFAG is insensitive to data noise and outliers. More importantly, the
regularization of adaptive graph is introduced into SCGFAG to improve the clustering performance. In order to realize the goal of
optimization clustering,an iterative updating algorithm-Augmented Lagrangian Method (ALLM) is proposed to update the optimi-
zation variables respectively. Experimental results on four datasets show that the proposed method is superior to the eight classi-
cal clustering methods.and has better clustering performance.
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Fig. 1 Convergence curve of SCGFAG on COIL20
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Table 2 Experimental datasets
A& “instances # features # classes
COIL20 1440 1024 20
YaleB 165 1024 15
AR 840 768 126
Yale 165 4096 15

25 B S R IR R AN 2— 1 5 BTR

i =

K2 COIL20 %t 4 /i il
Fig. 2 COIL20 dataset samples
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Fig.5 Yale dataset samples
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Table 3 Clustering results on COIL20 dataset
(AT 20
I AMNH  NNLRS  SCGFAG
2 74.09 76.40
5 83.29 85.53
8 84.50 86.90
11 88. 86 90. 12
14 89.43 91. 80

Xt F YaleB #5454~ ABEHLEEH 4,7,10,13,16 5k &
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BAETARICHEAR R BE D RPRICREA . SR A R INE 4
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F4 TE YaleB BB B RILER

Table 4 Clustering resultson YaleB dataset
BT 2 %)
R IR B A A 2 SPG NNLRS SCGFAG

4 47.10 75.52 76. 40

7 81. 84 84.87 86.63

10 86. 49 89.01 89. 85

13 88.13 90. 90 92. 45

16 90.76 92.71 94. 81

T AR s B AL D 2.5.8.11,14 sk 14 4E
FbRICAEA A RIME R PR IEREAS . ST 4SR5 5,

5 TE AR BURAE RIS

Xt F Yale Bl 4E . 554~ ABEHLIE H 2~6 5k B A1E Jy bz
ICREAS  H AR IR N R ARICREA . LI 45 R 6 fisl.,

6 TE Yale B4R L HYRKL

Table 6 Clustering result on Yale dataset
BT 2 %)
AR I A A A # SPG NNLRS SCGFAG

2 51.25 56. 66 59.25

3 55.16 67.10 68.23

4 58.58 71.83 74.15

5 66.45 76.89 79.35

6 71.46 81.54 84. 44

73— 6 Al LLA 1, SCGFAG 24 1 il B 28 45 1 B ik
IR OE T HARS B, BB AR RE A B ARG N RS A R
A W] AR T U] GFHFE 5] A AR & 15 5 ok 48 S48 L 48
W 1 4 A R 0 B v SR 28 Y PR R

Table 5 Clustering result on AR dataset
Cfin %) 5.5 SEBHERNN
FRAE A R A B SPG NNLRS SCGFAG XFF NNLRS.SPG Fl A& 3CH SCGFAG 77 %, A SC 52 88
2 : 5 ) SN . ¥ ) e v T =
- 09.38 - BL.Z5 86,40 RX B R HETE R E BRI RN — S 5 5K
5 77.39 93,34 95.63
. e V11 0 B A A b ¢ BRICRE A, (1] ACC, NMI
11 91. 46 97.20 97.40 Fl Purity fE R IFMFEFR . 3T R 7— R 9 LA RPEAT T
14 95.00 97.69 97.80
S3HT
F T ORISR AR A [ B 4R v i ot
Table 7 ACC of different algorithms on different datasets
(AL )
Dataset K-means NMF RMNMF RGNMF SPG NNLRS LMFAGR SNMFDSR SCGFAG
COIL20 68. 24 43.67 64. 20 63.46 60.57 66.08 70. 89 84.52 86.63
YaleB 11.78 11.28 20.05 22.78 23.63 22.75 24.56 37.42 33.04
AR 27.24 15. 60 33.26 28.10 27.23 29.10 30.01 31.34 34.24
Yale 48. 88 35.07 46.95 60.12 55.15 65.45 63.69 50.23 70.38
F 8 NIEVEUHE 4 i b v AL ELAE B
Table 8 NMI of different methods on different datasets
(AL 00D
Dataset K-means NMF RMNMF RGNMF SPG NNLRS LMFAGR SNMFDSR SCGFAG
COIL20 72.97 43.67 66.83 66.61 64.25 68. 35 70.58 92.45 84.72
YaleB 6.19 5.54 21.41 20. 88 22.56 21.31 25.59 52.67 38.03
AR 37.24 18.79 40.63 33.81 31.90 33.11 34.26 34.58 35. 11
Yale 39.31 23.09 45,38 51.40 53.17 52.59 53.62 54. 34 55.03
29 TRECHE S Y 4l
Table 9 Purity of different methods on different datasets
G2 %)
Dataset K-means NMF RMNMF RGNMF SPG NNLRS LMFAGR SNMFDSR SCGFAG
COIL20 70. 60 47.28 65.72 65. 64 67.85 65.38 66. 84 85.59 87.92
YaleB 12. 46 11. 88 20.01 24. 84 25.27 25.62 27.45 37.60 38.86
AR 29.06 16.70 34.54 29.32 32.90 32.11 31.65 30. 32 38.15
Yale 49.57 38.11 51.54 60. 83 56.69 55.59 49.96 59.68 66.73

H G, X ST K1) NMF J5 %, 4l RMNMF, RGNMF,
LMFAGR FIA SCHE H 1Y SCGFAG . 78 K £ 08 U5 48 wh B3
T It K-means il NMF B4R SREMERE, X2 & TE R
NMEF Fil FHAH B4 1] e 42 4 45 e B0 19 07 & LA 45 4, ) LB 35
L NMF By Z 2 fE

H K ,RMNMF FA SCH#E 9 SCGFAG 3k A L., yu B0k
$215 NMF Ry &2k, AR 7 5 W X R ER . M
B AL SCGFAG @B H T £ 388, Wi/ 7 W 5 X 2R

AL, X UL W B FE Y NMF 1T LA4R 55 NMF B R 2%
PERE

FRUC A SCHE H Y SCGFAG A H HoAt 9 14 1E ] 48 NMF
I RMNMF #l RGNMF . ff — & iy ik, BRI b 4 FhJy
BERd T R R L2 2 RMNMFE #l RGNMF A9 % A &l
TR B 43 e (0 A b R bR [ Y . SRR 04 T TT BB R B AR 4T
HIE 4k NMF. A i BRI T NMF A9 R 25MhE . A SCIR
SCGFAG i 1 % 2] A i 1 ¥ 1R 47 #b 1F W) £ NMF, M i 5 5]



B RS T S R 1 P I DU A 2 M SR

143

TRUF R R EROR .
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RMNMF,RGNMF #l LMFAGR %3, B2 66 A B W10 42
Ft. M SPG,NNLRS #l SNMFDSR 54 #: , SCGFAG %5 fiff
FAT A8 R L E ), A8 Ry 2 S L ST BRI AT L e R
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