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Non-negative Matrix Factorization Parallel Optimization Algorithm Based on Lp-norm

HUANG Lulu' , TANG Shuyu® . ZHANG Wei® and DAI Xiangguang®

1 School of Electronics and Information Engineering, Chongqing Three Gorges University, Chongqing 404100, China

2 School of Computer Science and Engineering, Chongqing Three Gorges University, Chongqing 404100, China

3 Key Laboratory of Intelligent Information Processing and Control,Chongqing Three Gorges University, Wanzhou, Chongqing 404100, China
Abstract Non-negative matrix factorization algorithm is an important tool for image clustering,data compression and feature ex-
traction. Traditional non-negative matrix factorization algorithms mostly use Euclidean distance to measure reconstruction error,
which has shown its effectiveness in many tasks, but still has the problems of suboptimal clustering results and slow conver-
gence. To solve these problems, the loss function of non-negative matrix factorization is reconstructed by Lp-norm to obtain better
clustering results by adjusting the coefficient p. Based on the collaborative optimization theory and Majorization-Minimization al-
gorithm, this paper uses the particle swarm optimization to solve the non-negative matrix factorization problem of reconstruction
in parallel. The feasibility and effectiveness of the proposed method is verified in real datasets,and the experimental results show
that the proposed algorithm significantly improves program execution efficiency and outperforms the traditional non-negative ma-
trix decomposition algorithm in a series of evaluation metrics.

Keywords Non-negative matrix factorization, Lp-norm, Clustering, Parallel optimization,Rate of convergence
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Fig. 5 Variation of clustering metrics with p on ORL dataset
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Fig. 6 Variation of clustering metrics with p on Jaffe dataset
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Fig. 7 Variation of clustering metrics with p on Yale dataset



BRI F SR T Lp YRR AR SO IR 23 A T AT AL SR

105

A sS—F 705,24 p fEEFESE ORL, Jaffe, Yale 43
MEL 0. 5~0.6,0.2~0.3,0.3~0.4 I, AR HEH I,
F2HNH T K AL E L ACC fit NMIfH.,
F 2 KNRBERAELIE LW LK

Table 2 Comparison of different algorithms on three datasets

HAE & 5% ACC NMI
CLpNMFE  0.5925  0.7746
e NMF 0.5850  0.7023
ORL # # 4 : :
S NMFE-KL  0.5825  0.7469
MahNMF  0.5875  0.7575
CLpNMF  0.9577  0.9459
. NMF 0.6948  0.7306
affe # ¥ 1 : :
Jaffe %% % NMF-KL  0.8357  0.8297
MahNMF  0.8545  0.9066
CLpNMF  0.5273  0.5621
e NMF 0.4244  0.4612
Yale # 4 % ’ ’
kS NMF-KL  0.3828  0.4546
MahNMF __ 0.4727 _ 0.4925
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Table 3 Parallel and unparallel optimization time consumption with different number of particles in datasets

Bf % R : RS
N=2 N=3 N=14 N=6 N=7 N=38 N=9 N=10 N=11
ORL AT A B E] /s 24.38 27.80 35. 88 54.29 66.20 79. 54 94. 08 107. 46 120. 14
A% K AT ACH B /s 36. 48 104. 12 120. 49 160. 09 192.06 222.52 276. 65 287.96 317. 85 414,55
Jaffe HATHAE 7 /s 7.82 11.26 15.16 21.97 25.65 28.93 32. 60 36.85 39. 36
A% F AT ACH /s 10. 82 16. 80 23.98 37.71 47.13 51. 10 57.11 62. 90 65.10
Yale FAT A B A /s 25.16 30. 84 47.95 70.61 79.75 87.68 91. 69 109.75 117.16
Bk FIFATHACH /s 30. 93 57.62 77.94 136. 09 161. 86 199.76 203. 60 239.31 233.16 246.49
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