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Abstract

The graph learning method only considers the relationship between samples, but ignores the
high-dimensional structure between samples. The non-negative matrix model based on Euclidean
distance is easily affected by noise and outliers. To solve the above problems, a hypergraph regu-
larization nonnegative matrix factorization (Lz,;HNMFL) method based on L;; norm is presented,
and the updating rules of the algorithm are given. The effectiveness of this algorithm is verified by
comparing it with other algorithms on classical data sets COIL20 and ORL.
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Table 1. Clustering accuracy on COIL20

5 1. COIL20 IR EE (AC)

k KM NMF L, NMF GNMF L, HNMFL
5 83.75+£10.97 82.07+£5.63 87.62+7.54 76.45£19.98 93.71£0.47
7 73.33+6.58 73.98 £6.01 71.50 +6.46 69.58+17.74 82.57+5.92
8 71.46 +6.89 71.64+3.38 72.57+4.18 69.13+9.09 75.86+£0.73
11 62.44+10.71 68.09 +4.41 66.68+5.02 62.64+7.23 74.88+3.21
12 59.02+5.80 63.50+3.83 62.57+£3.12 60.29+5.82 68.57+£2.58
13 61.93+9.04 62.60 +4.80 64.87 £4.95 65.87+7.01 72.66 +4.68
15 59.83+6.10 62.19+4.50 65.30£5.10 65.22+9.49 7441£2.72
18 60.25+8.78 61.69+4.21 60.86+3.71 63.02+6.74 66.33+2.21
20 58.23+4.60 61.59+3.24 59.40+4.97 63.09+£5.92 64.72£2.95
Avg 65.58 67.48 67.93 66.14 74.86
Table 2. Normalized Mutual Information on COIL20
%< 2. COIL20 EMY)A— L EFEEINMI)
k KM NMF L, NMF GNMF L, HNMFL
5 84.66+7.53 83.84£5.71 83.52+7.30 83.95+14.65 88.91+0.75
7 80.89+2.84 78.85+4.59 80.67 £3.97 81.11+£10.67 83.69+5.39
8 75.61+5.14 78.02+1.70 76.04+3.12 76.86+5.28 79.56 +0.72
11 72.28+6.17 74.07 £2.05 74.68+2.29 75.39+4.27 78.10£2.17
12 66.74+2.89 69.74 +2.49 69.00 +2.52 70.22+3.17 74.08 +2.00
13 72.73£5.80 74.63+2.77 73.79+£3.01 74.36+3.60 77.87+£3.19
15 73.37+3.14 75.70+2.38 75.50 £2.57 75.45+5.44 79.56£1.85
18 73.75+4.44 72.44+2.16 74.44+1.81 73.86£3.17 75.51%1.10
20 73.53+1.94 73.26+1.67 74.18+£2.56 74.12+2.73 75.80+£1.63
Avg 74.84 75.62 75.76 76.15 79.23
Table 3. Clustering accuracy on ORL
#* 3. ORL EHIRAEFE(AC)
k KM NMF L, NMF GNMF L, HNMFL
5 73.80+13.74 82.20+8.60 78.05+7.72 79.05£10.42 86.50+2.63
10 59.60 +6.77 60.57 +6.83 62.58+6.66 62.93+7.35 71.50+£3.17
15 51.20+4.17 57.93£5.33 60.17£5.32 61.82+5.75 62.13+4.00
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Continued
20 55.80+4.78 59.47+3.52 64.33+£6.47 61.94+5.01 69.21+3.23
25 54.16 £4.00 60.11+3.46 62.74+4.08 61.62+4.27 67.89+3.17
30 51.33+£3.64 55.54+4.72 57.22+3.71 59.23+4.09 62.78 £3.00
35 51.74£2.66 55.16£3.56 58.23+£2.71 57.57+3.30 60.15£2.77
40 52.72+2.44 5420£2.79 55.44£3.67 56.84£3.68 59.55+£2.70
Avg 56.29 60.65 62.33 62.63 67.46

Table 4. Normalized Mutual Information on ORL
#< 4. ORL ERYA—HEEZ(NMI)

k KM NMF L, NMF GNMF L, ,HNMFL
5 73.41+11.76 80.60+7.68 75.59+6.15 80.33+8.18 82.59+4.09
10 68.95+4.70 68.26+4.84 70.42+5.08 69.94+2.30 77.2142.10
15 62.88+3.68 67.99+4.04 70.56+3.88 71.92+3.85 71.08+2.62
20 70.39+3.66 73.78+2.44 77.2243.30 74.93+2.95 79.06+2.01
25 71.67+2.52 75.61+2.00 77.40+2.29 77.17+£2.38 79.94 +1.60
30 69.96+£1.61 72.87 £2.69 73.66+2.21 75.36+2.27 76.33+1.51
35 70.78 +1.74 72.84+1.93 74.89 +1.45 75.02+1.75 75.83+1.72
40 72.47+1.69 73.43+1.60 74.00 +2.02 75.55+1.67 76.63+1.51
Avg 70.06 73.17 74.22 75.03 77.33

4.4. XWERSHH

RDNREEE e PR S vpag T PG iR
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FITEREIE SR S B SR . 3) e T Lo HNMFL SR S HORREE I LT R, R Lo,
TEHORGRIFFRBNE, 40 Lo HNMFL SEELT BT Sl 5. 4) S50 TEA L, 45 L, HINMFL 51
HEAEDIR I AC T NMI {1 E 3R AT TR R o K0, ST A6 PR A6 R R 0o A 93—
G —(HESEH, Lo HNMFL 5032 Ho A 7 i A o 3R 00 20
5. 86&

BTG T A E T E ENALR R R A SRR, W] DA RO AL B = e . R R N R
B . 78 COIL20 H4EM ORL HE4E b, RIKEE IS T 6.90%F1 4.83%, H— HA5E 37l
T 3.08%F1 2.30%.

SE

[1] Fukunada, K. (1990) Introduction to Statistical Pattern Recognition. In: Rheinboldt, W. and Siewiorek, D., Eds., Com-

DOI: 10.12677/aam.2023.121048 457 IR Esid


https://doi.org/10.12677/aam.2023.121048

[10]

[11]

[12]

puter Science and Scientific Computing, Academic Press, Cambridge.
Kalman, D. (1996) A Singularly Valuable Decomposition: The SVD of a Matrix. The College Mathematics Journal, 27,
2-23. https://doi.org/10.1080/07468342.1996.11973744

Xu, W. and Gong, Y.H. (2004) Document Clustering by Concept Factorization. Research and Development in Infor-
mation Retrieval.

Lee, D.D. and Seung, H.S. (1999) Learning the Parts of Objects by Non-Negative Matrix Factorization. Nature, 401,
788-791. https://doi.org/10.1038/44565

Li, S.Z., Hou, X.W., Zhang, H.J., et al. (2001) Learning Spatially Localized, Parts-Based Representation. Proceedings of
the 2001 IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 1, I-1.

Chen, Y., Zhang, J., Cai, D., et al. (2012) Nonnegative Local Coordinate Factorization for Image Representation. IEEE
Transactions on Image Processing, 22, 969-979. https://doi.org/10.1109/TIP.2012.2224357

Deng, C., et al. (2010) Graph Regularized Nonnegative Matrix Factorization for Data Representation. [EEE Transac-
tions on Pattern Analysis and Machine Intelligence, 33, 1548-1560. https://doi.org/10.1109/TPAMI1.2010.231

Zeng, K., Yu, J., Li, C,, et al. (2014) Image Clustering by Hyper-Graph Regularized Non-Negative Matrix Factoriza-
tion. Neurocomputing, 138, 209-217. https://doi.org/10.1016/j.neucom.2014.01.043

Kong, D.G., Ding, C. and Huang, H. (2011) Robust Nonnegative Matrix Factorization Using L21-Norm. Information
and Knowledge Management.

Zhou, D., Huang, J. and Schélkopf, B. (2006) Learning with Hypergraphs: Clustering, Classification, and Embedding.
Advances in Neural Information Processing Systems, 19.

Yu, K., Zhang, T. and Gong, Y. (2009) Nonlinear Learning Uusing Local Coordinate Coding. Advances in Neural In-
formation Processing Systems, 22.

Xu, W., Liu, X. and Gong, Y.H. (2003) Document Clustering Based on Non-Negative Matrix Factorization. Research
and Development in Informaion Retrieval.

DOI: 10.12677/aam.2023.121048 458 IR Esid


https://doi.org/10.12677/aam.2023.121048
https://doi.org/10.1080/07468342.1996.11973744
https://doi.org/10.1038/44565
https://doi.org/10.1109/TIP.2012.2224357
https://doi.org/10.1109/TPAMI.2010.231
https://doi.org/10.1016/j.neucom.2014.01.043

	基于L2,1范数的超图正则化非负矩阵分解
	摘  要
	关键词
	Hypergraph Regular Nonnegative Matrix Factorization Based on L2,1 Norms
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	3. 基于L2,1范数的超图正则化非负矩阵分解
	3.1. 目标函数
	3.2. 更新规则

	4. 实验
	4.1. 数据集的描述
	4.2. 比较的方法
	4.3. 实验设计
	4.4. 实验结果与分析

	5. 结语
	参考文献

