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Abstract

the feature manifold into account simultaneously. And CF algorithm can not consider the high-order relationship among

The concept factorization(CF) algorithm can not take the geometric structures of both the data manifold and

samples. In this paper,a novel algorithm called hypergraph dual regularization concept factorization(DHCF) algorithm
was proposed, which encodes the high-order geometric structure information of data and feature spaces by constructing
two undirected weighted hypergraph Laplacian regularize term, respectively. By this way, the proposed method can over-
come the deficiency that traditional graph model expresses pair-wise relationship only. Moreover, we developed the itera-
tive updating optimization schemes for DHCF, and provided the convergence proof of our optimization scheme, Experi-

mental results on TDT2 document datasets, PIE and COIL20 image datasets demonstrate the effectiveness of our method.
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—{bH 1% B (Normalized Mutual Information, NMD U 4 3% B8
FB RN RIE.,

(DTDT2 JCASHEE A ET 56 35hY 10021 30,

(2)PIE ARGEUHEIE . £ T 68 AK 11554 I ER . BREE
38 AR 164 IRERSL, A AR 170 (g EBR . ALK
BIRE RN R 32 % 32 IR B

(HCOIL20 PR ER BB FE . B85 7 20 MR 1440
TR R B R /N 32 » 32 MK R .

LI TR IR KR k(k=2,-+,10), DHCF Bk
5 5 FPAHOCH LU IR TE 3 308 HE B AT 20 ISR AT
BIRBERWE 1L 3 Y. AR I1-RIATHEWOTH
%‘VE\A'

(D7E TDTZ BB A ST B 8% CF BiEl
T ACC Fl NMI 43 B4R & T 11. 38%#0 12. 21%, Ik GCF
BHAREET 2.09% 0 3.19% ., 7 PIE g E+ , DHCF
B CF 8RS EH ACC FI NMI 4r B4 E T 13. 78%

12.08%, 1 GCF B4 A48 S T 3. 08% fl 2. 35%. 7
COIL20 %8 & &, DHCF & & k. CF B 5k 9F ¥ ACC 1
NMI 4> B3RS T 11, 95% F1 14. 02% , . GCF B84y B4R &
T4.38%F14.86%.

(2)GNMF # LCCF B ki FHIUH T 848504 B9 JLT 45
FfE B, TS MR K R NMF fI CF A B8 R E
o XRIIBARN A UM 1 H T R AT RE N,
Bxt FEBEESE, MW 6 A BENRIEEH.
FANHE 3 MR T GCF Bk IS 3R th F LCCF Bk,
XRREA GCF BEAMEEE T BRI N LMEHaE R, m
HWFAHTRHERIENSEHER.

(3)BeJg , 7R3 i DHCF J 3tk GCF B R
R4, HIFF 2 DHCF BEEE 5MEORE WP R R
T B AR TR B AT BB B T8 B ISR
BRI E R EE B, LB EERGEIEE b RS E A
HHE.

F£1 TDT2 $iEFE HRRBETINE R

& Aceuracy/ % Normalized Mutual Information/ %
NMF GNMF CF LCCF GCF DHCF NMF GNMF CF LCCF GCF DHCF
2 85. 69 93. 32 86. 13 94. 23 96. 21 97.43 65.72 83.79 67,28 84.18 85. 94 86. 67
3 79.51 87.29 79. 67 88. 53 91. 04 92. 38 63. 68 79. 82 68.91 78.23 81. 33 83.72
4 76.58 85.76 78.29 86. 65 89. 45 90. 19 68. 70 76.13 69.78 77.58 80. 64 82. 38
S 69, 34 83.11 73.63 83.41 87. 66 88. 25 62,35 70. 89 64, 65 72.04 76. 56 80. 14
6 71.43 80, 97 74,82 81. 26 84. 61 86. 46 67.51 71.99 67. 86 74, 86 77. 41 81.78
7 69.12 78. 34 70.53 79.12 80. 39 82.25 65. 87 70. 32 66. 54 73.32 75,17 79. 69
8 66. 80 73.32 67.04 74,28 75. 20 79. 87 67. 89 68. 31 68. 31 69.73 72.58 77.12
9 67.23 74, 47 67. 35 75.18 73.28 77.32 67.73 69. 26 69. 43 70. 42 72.20 76. 06
10 66, 48 69, 01 68, 65 69. 24 71. 86 74,41 66. 96 68, 31 69. 81 69. 59 71. 85 74.83
Avg. 72. 46 80. 62 74.01 81.32 83. 30 85. 39 66. 27 73.20 68. 06 74. 44 77.08 80. 27

* 2 PIEYEE FWELIRGR

b Accuracy/ % Normalized Mutual Information/ %
NMF GNMF CF LCCF GCF DHCF NMF GNMF CF 1.CCF GCF DHCF
2 56. 24 61. 31 57.23 62. 89 67. 14 69. 25 47,67 57.83 48. 62 60.43 64. 59 66. 14
3 53.37 58. 56 58. 14 58.42 69. 25 72.59 44, 83 55. 67 49. 14 57.85 61,78 64, 55
4 54,53 60. 04 58. 36 60. 12 71.71 74. 30 44, 46 52.76 47,23 53. 54 58. 38 61,02
5 52. 38 59. 79 58. 89 60. 61 72. 86 75. 47 46, 37 53. 25 48. 54 54,42 56. 36 59. 68
6 51.59 58,78 57.63 59.01 69. 67 73.18 44,14 50. 14 46.13 51.28 54,78 57.75
7 52.96 57.61 57.80 59. 36 70,27 71.39 45,56 47.76 45, 64 48,24 51. 87 55.19
8 53,50 55. 87 55,97 56,12 64,03 68. 26 43. 31 44,57 41. 29 45.11 49,41 51. 48
9 51.16 56. 45 57.26 57.45 65. 39 69. 87 38.76 40. 36 39. 56 42. 56 48, 35 49. 26
10 51. 83 55.61 56. 85 57.07 64,10 67. 85 34,58 35. 49 37.45 40. 76 45.61 47.25
Avg. 53. 06 58. 22 57.57 59.01 68. 27 71. 35 43.29 48. 65 44, 84 50,47 54. 57 56. 92

#3 COIL20 FimpE B RISLIWEER

. Accuracy/ % Normalized Mutual Information/ %
NMF GNMF CF LCCF GCF DHCF NMF GNMF CF LCCF GCF DHCF
2 89. 84 90. 11 89.72 90. 74 92. 48 94,76 71.25 73.78 71.13 74.51 80. 40 85. 62
3 77. 80 83,23 79. 34 84,22 85, 36 89. 23 63. 42 69. 41 63.21 68. 69 76. 35 82. 37
4 73.01 77. 35 73.04 78. 14 82.69 86, 68 67. 87 68. 96 66. 38 70.63 77.43 82. 63
5 70. 36 75.19 71.33 74. 46 79.23 84.15 66. 07 67. 83 67. 67 72.22 78. 56 83.24
6 65. 20 73.45 75.21 79. 59 82. 90 87. 87 68. 34 69. 03 65. 33 68. 81 74. 89 79. 42
7 64, 64 71.18 63. 85 70. 08 73.62 81. 32 70. 14 70. 96 66, 67 70.57 75.31 80. 17
8 65. 16 71. 39 64. 64 71. 64 75.51 79. 69 70. 40 71.34 67.28 70. 67 76. 45 81, 27
9 64. 87 68. 74 62. 86 67. 87 70. 02 75. 41 71. 65 72.28 66. 40 69. 86 72.71 78.55
10 65, 37 66. 52 62,15 65. 71 68. 44 70. 59 71.89 71.57 66. 27 68. 69 70. 63 73.25
Avg, 70. 69 75. 24 71.35 75. 83 78. 92 83. 30 69. 00 70. 57 66. 70 70. 52 75. 86 80. 72
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RAHERHH (Accuracy) Z BB F . HiIHEIENKES
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(a)regularization parameters a=p

(b)regularization parameters a=p
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(c)regularization parameters a=8
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(a)Number of neighborhoods p
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s ASCAS H T GHCF Epy Bbr BB R B R EH AR,
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