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Abstract: Analyzing highly sparse data is often falling into cheap results. To compensate data sparseness,
in this paper, we introduce a novel machine learning technique named Non-negative Multiple Matrix Fac-
torization (NMMF). NMMF factorizes multiple matrices simultaneously under a non-negative constraint.
Therefore NMMF can extract intuitively interpretable bases and coefficients from multiple matrices. We
formulate NMMF as a generalization of Non-negative Matrix Factorization (NMF) with the generalized
Kullback-Leibler divergence. We derive multiplicative update rules for parameter estimation. We evaluate
NMMF and other existing techniques in both the quantitative and qualitative ways. NMMF shows better
performance than other techniques on both synthetic and the real-world data set.

Keywords: Machine Learning, Data Mining, Matrix Factorization

Vol.2013-MPS-93 No.3

2013/5/23

Multiple Matrix Factorization under the Non-negative Constraints
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Sparse NMF VBNMF PMF NMMF
0% —1.24+0.21 —2.72+0.03 —2.47+£0.239 —1.03 £0.09
9% —19.39 £2.82 —8.49 £ 0.60 —13.00 £2.74 —0.99 £+ 0.08
99 % —42.45 +6.30 —14.55 +1.40 —16.25 £ 6.05 —1.07 £ 0.25
99.9 % | —43.254+3345 —1530+6.30 —12.854+11.20 —0.86 1 0.55
K1 ALT—=%: 7AMPENEREICE 2T )VOMERLK. 4 DDRE 2 A -2 %R
ZHOF =%y MINLT, 270ANY F— a v 217> 7. VFIE &R 2 2R
L7.
Optimal Paramet
0% sparse X+Y+Z 9% sparse 99.9% sparse 99.99% sparse
-15
=30
—45
- -60 g
] ]
0.0 -100 -75
0.001; -120 -90
-140 —105
| 0.0 0.0010.01 01 1.0 10.0100.0 pg 0.0 0.0010.01 0.1 1.0 10.0100.0
X (NMF) X+Y Alpha
3 TAMBARELR =V 7T X—% o (KVEh) and B (ShiEE) DBIR
Data set NMF VBNMF PMF NMMF
Last.fm —6.90 £ 0.03 N/A —6.17 £ 0.03
Togetter | —27.27 +0.23 N/A —12.97+0.48
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TERENDH L. ZOBRICIE, 28T X —F HEE DR EEIC 72
2285, T2 ANVERFEEZBRL T CRBERD S
tEZoN 5.

SEH

[1] M. Aharon, M. Elad, and A.M. Bruckstein. On the
uniqueness of overcomplete dictionaries, and a practical
way to retrieve them. Linear algebra and its applica-
tions, 416(1):48-67, 2006.

[2] D.M. Blei, A. Y. Ng, and M. I. Jordan. Latent Dirich-
let allocation. Journal of Machine Learning Research,
3:993-1022, 2003.

[3] B. Cao, D. Shen, J.T. Sun, X. Wang, Q. Yang, and
Z. Chen. Detect and track latent factors with online
nonnegative matrix factorization. In Proc. IJCAI, 2007.

[4]  A.T. Cemgil. Bayesian inference for nonnegative matrix
factorisation models. Computational Intelligence and
Neuroscience, 2009.

[5]  A. Cichocki, A. H. Phan R. Zdunek, and S. Amari. Non-
negative Matriz and Tensor Factorizations: Applica-
tions to Ezploratory Multi-way Data Analysis, John
Wiley. Wiley, 2009.

[6] C. Ding, T. Li, and W. Peng. NMF and PLSI: Equiva-
lence and a hybrid algorithm. In Proc. SIGIR, 2006.

[7] T. Hofmann. Probabilistic latent semantic indexing. In
Proc. SIGIR, 1999.

[8] P.O. Hoyer. Non-negative matrix factorization with
sparseness constraints. Journal of Machine Learning

(© 2013 Information Processing Society of Japan

[9]

[10]

[11]

Research, 5:1457-1469, 2004.

Y. Koren, R. Bell, and C. Volinsky. Matrix factorization
techniques for recommender systems. IEEE, 2009.

D. D. Lee and H. S. Seung. Learning the parts of objects
by non-negative matrix factorization. Nature, 401:788—
791, October 1999.

J. Lin, R. Snow, and W. Morgan. Smoothing techniques
for adaptive online language models: topic tracking in
tweet streams. In Proc. SIGKDD, 2011.

C. Liu, H. Yang, J. Fan, L. He, and Y. Wang. Dis-
tributed nonnegative matrix factorization for web-scale
dyadic data analysis on MapReduce. In Proc. WWW,
2010.

H. Ma, H. Yang, M. R. Lyu, and I. King. Sorec: Social
recommendation using probabilistic matrix factorization.
In Proc. CIKM, 2008.

Q. Mei, D. Cai, D. Zhang, and C. Zhai. Topic modeling
with network regularization. In Proc. WWW, 2008.

R. Salakhutdinov and A. Mnih. Probabilistic matrix fac-
torization. In Proc. NIPS, 2008.

P. Smaragdis and J.C. Brown. Non-negative matrix fac-
torization for polyphonic music transcription. In Proc.
WASPA, 2003.

C. Wang and D. M. Blei. Collaborative topic modeling
for recommending scientific articles. In Proc. SIGKDD,
2011.

F. Wang, C. Tan, A.C. Ko6nig, and P. Li. Efficient docu-
ment clustering via online nonnegative matrix factoriza-
tions. In Proc. SIAM, 2011.

W. Xu, X. Liu, and Y. Gong. Document clustering based
on non-negative matrix factorization. In Proc. SIGIR,
2003.



