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Hyper-graph regularized concept factorization algorithm and its
application to data representation
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Abstract: The manifold learning methods of the simple graph model ignored the high-order relationship between data
points. Therefore, an algorithm, called hyper-graph regularized concept factorization(HRCF) is proposed. HRCF considers
the high-order relationship of samples by constructing the hyper-edge in hyper-graph with a subset of data points sharing with
some attribute. The concept factorization(CF) algorithm can preserve the high-order relationship of the manifold structure,
by adding hyper-graph regulation term in clustering. Thus, the algorithm has more discrimination power. The experimental
results on Yale, USPS and TDT2 database show that the proposed approach provides a better representation and achieves
better clustering results in terms of accuracy and normalized mutual information, and verify the effectiveness of the proposed
method.
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2 82.46 80.01 8576  89.79 93.72 74.56 70.04 8326  86.38 91.57
4 76.79 8278  83.27  86.06 86.92 75.29 76.88  80.58  83.01 83.81
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4 78.28 82.68 8379  84.66 88.14 62.38 63.78  68.42  70.06 83.81
5 75.46 79.01 8274  85.76 87.96 57.09 6240 6432  68.32 79.06
6 72.58 71.47  78.05  80.42 85.15 55.21 58.12 6139  65.07 76.45
7 68.82 63.79 7446  78.32 83.06 55.18 59.96  62.07  64.98 72.82
8 72.71 76.07  77.07  80.79 84.76 58.31 65.34 6676  68.42 74.42
9 68.89 7442 7838 8246 88.71 60.02 6597 67.12  70.33 79.06
10 71.19 72.06  76.54  82.99 85.89 63.11 6426 6844  73.79 78.42

avg 73.98 75.87  79.73 82.86 87.34 60.05 6290 66.85 70.55 78.86
. USPS £\ TDT2 JE FEREMMEMRBME—LEE  FIINMISAl$Em 7 9.57 % M9.17 %; HE 27 A,
g HRCF 7 USPS J# I *F #4 AC F1 NMI /& i£ 87.34 % Fll
%1~ 34 Yale. USPS. TDT2 %4 FE 9% 78.86%; H & 3 7] WL, HRCF Ltk LCCF [¥] *F ¥3J AC Al
iy i 1A W, HRCF L CEEESF X AC AT NMIZldg s 17 2.90 % H12.44 %.




58 M F & ATRAENLOBASMBAERKELT PG LR 1403
#3 7ETDT2 HiEE LAOEE A %
P accuracy normalized mutual information
K-means NMF CF LCCF HRCF K-means NMF CF LCCF HRCF
2 75.87 79.26  82.79 89.78 93.96 77.88 79.92 82.42 86.12 88.78
3 77.84 77.84 80.06 83.48 87.78 76.71 75.54 80.15 81.12 84.96
4 75.48 72776  78.74 80.54 85.11 75.59 71.13 77.42 79.38 82.24
5 73.26 70.44 76.00 81.06 80.74 68.92 66.32 73.28 78.13 80.82
6 68.11 69.62  73.49 76.62 78.64 65.42 68.78 72.45 73.82 75.36
7 64.32 66.35 68.81 75.07 76.69 77.88 64.72 66.72 75.22 76.08
8 56.79 60.00 63.77 70.55 75.02 76.71 63.06 64.38 72.06 73.38
9 53.22 58.27 60.67 72.14 75.59 75.59 62.79 62.66 68.89 70.42
10 50.18 5542 62.12 70.22 72.04 68.92 58.82 6232 64.37 69.12
avg 66.12 67.77 71.83 77.72 80.62 65.42 67.90 71.31 75.47 7791
33 BEKE 75
HRCR B 5 205 2 1 53, 5y N
>] X R o 5 -means s
IS BT IR B e AN A0 SUR IE I T2 40 o 5851%£_ R
= IS /, /=314 IS = t -~
RAFZHUE X L0 %M%mﬁﬁﬂﬁimﬁ%ﬁ g 8Op e HRGy
«
Hrel 5, k BUE N 2 ~ 10, IS4 o 76 10 ~ 10 000 75
S S % FRAH. : : :
TN, S0 AR a3 70} - . . =
95 ENI 25k
90 ;__ﬂ,ﬂ"-*’/ | (a) 7F YaleE I
S 85t me—Bee g ] 100
2 %0 ¢ ¢ ¢
8 _?_ §§/}1§ans §
= 75 T TCCE >
—— HRI[‘F S
j=]
70 : — : 5
10° 10' 10° 10° 10° S
ENIN 4 o
(a) 1F Yale £ I
035 2 $k
95
_I.B_ ﬁ]};}l}sans (b) ?‘FUSPSE:FJ:
90t = ECCF 100 ~m@ K-means
S —— HRV —— NMF
> - ,/*’”"‘S \ - 95 T Tecr
e 851 s g = r‘>{,\% —— HRCF
— \4 >
2 sof g o0} e I
g 5 *‘“’”“we—wﬂ\\“‘\\
75 i ; ; 8 85— ¥
10° 10' 10 10° 10 i
. 80 ' ' -
IEMIRZ4L o 2 4 6 8 10
) 1E T 2 $ k
(b) #EUSPSJE L WTEH
o5 (c) ETDT2JE I
=2/
Al
ool M/\ S5 ARBBHTA kR ARTERN
c\\c /H ——
g SSFE—TEm ~] X 1F ) 350 2 8 o A8 AL I, 5 B B i 7E 3 AN 4
5 sof gy £ FRBWHEFHRINE 478, S8 o % K-means.
] 5. HRCE
S sl NMF. CF 50, LCCF 534 o fH AL AR
70 . . . 1F Yale £ F o« = 100. 7E USPS f1 TDT2 F o = 1000,
0 1 2 3 4
10 10 10 10 10 HRCF 572 HUAS & 4F 20 R 5 D+ 8 3 1) T
E IS4 o

(¢) {ETDT2JF I

El 4 EMNRSH o NRAERERIFM

Bkt BIHRUEF R, RS, Bk = 65,
HRCF % ¥ 7F Yale fl USPS | %k 3 & iF, #£ TDT2 I,
Mk = 4 WU BT



1404 % | 5 3 R ¥ 30 %
34 Sigo [3] Lee D D, Seung H S. Algorithms for non-negative

H 5 3.2 T RN5E 3.3 WAl {5 40 N 458

1) H T K-means % 7% . NMF 5 % fil CF 5.7% %
2% B2 A (1 LT 454845 B, LRSS ACHTNMI
TAINERFF T 546723 (8] JL T 4544915 B ¥ LCCF 5%,

2) HH-F LCCF 53 H REF5 I8 B4 0] B0 58 &, AN
REAG R B A3 A 2 24 (R 300 8] 0 3 B TLART 25 44015 2,
PRI A U HRCF Hi%;

3) MSH o BN, 18 B b R E0d i I AL A
o L EAUD, B2 T HRE ) LA 25 K K = B 2 1ok
R, U o BRI, B4 5 MR AR R, ot 4
Hi IR R A A

4) M SH kBRI, AN B A A R P 1 Ak i
[ — Sfc R A2, A4 AR ABLRE FRAIR, SRI0 OB 2 I, 2
SRk BN, K B A RV R S5 R 15 B I O B
e 2R BT B R ARAR, G k gk SRR, (SR
FUER 2T B
4 4 W

ASCHEH ) HRCF 5338 % CF 5951 H AR iR
K14 0Bz 37 P T U A IO, SR A5 S ) [ A
I TLAT S #4458, B CF Sk At PR Y LCCF
HRBAERIERRE ). 4l T BIEB R AR ACR
il 5325 WSS IE BH RN 2 000k 5 43 #, FEAE Yale FE
USPS A TDT2 g b kAT 1 S8, BH S50 45 R ] A1,
HRCF 5 v (1 #ERf R A — b B A5 S B8 T K-
means. NMF. CF. LCCF #.7%, % B 7 HRCF & 7% 1)

BRME. (H/2, HRCF 8 8 S 4 k Al o 75 2585 X (7]
RSB SAAE, H A eSS E AR
HIE E T —.

2E ik (References)

[1] Xu W, Liu X, Gong Y H. Document clustering based on
non-negative matrix factorization[C]. Annual ACM SIGIR
Conference. Toronto: Sheffield, 2003: 267-273.

Duda R O, Hart P E, Stork D G. Pattern classification[M].

The 2nd ed. Hoboken: Wiley-Interscience, 2000: 5-10.

(2]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

(11]

[12]

[13]

matrix factorization[C]. Advances in Neural Information
Processing Systems. Columbia: Vancouver, 2001: 556-
562.

Xu W, Gong Y H. Document clustering by concept
factorization[C]. Proc of ACM SIGIR. Sheffield, 2004:
202-209.

Liu H F, Zheng Y, Wu Z H. Locality-constrained concept
factorization[C]. The Twenty-Second Int Joint Conf
Artificial Intelligence. Barcelona:
2011: 1378-1383.

Cai D, He X F, Han J W. Locally consistent concept

Morgan Kaufmann,

factorization for document clustering[J]. IEEE Trans on
Knowledge and Data Engineering, 2011, 23(6): 902-913.
Zhou D Y, Huang J Y, Bernhard S. Learning with
hypergraphs: Clustering, classification and embedding[C].
Advances in Neural Information Processing Systems.
Cambridge: MIT Press, 2006: 1601-1608.

Hong C Q, Yu J, Li J, et al. Multi-view hyper-graph
learning by patch alignment framework[J]. IEEE Trans on
Neurocomputing, 2013, 118(2013): 79-86.

Yu J, Tao D C, Wang M. Adaptive hyper-graph learning
and its application in image classification[J]. IEEE Trans
on Image Process, 2012, 21(7): 3262-3272.

Yu J, Rui Y, Chen B. Exploiting click constraints and
multiview features for image reranking[J]. IEEE Trans on
Multimed, 2014, 16(1): 159-168.

Zeng K, Yu J, Li C H, et al. Image clustering by hyper-
graph regularized non-negative matrix factorization[J].
IEEE Trans on Neurocomputing, 2014, 138(22): 209-217.
Cai D, He X F, Wu X Y, et al. Non-negative matrix
factorization on manifold[C]. Proc of the 8th IEEE Int Conf
on Data Mining. Pisa, 2008: 63-72.

Wang C, Yu J, Tao D P. High-level attributes modeling
for indoor scenes classification[J]. Neurocomputing, 2013,

12(2003): 337-343.

(KR FEE)



