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Cholesky Decomposition Rectification
for Non-negative Matrix Factorization

TETSUYA YOsHIDAT! and HiRok1 OGinof?

We propose a method based on Cholesky decomposition for Non-negative
Matrix Factorization (NMF). NMF enables to learn local representation due
to its non-negative constraint. However, when utilizing NMF as a represen-
tation leaning method, the issues due to the non-orthogonality of the learned
representation has not been dealt with. Since NMF learns both feature vectors
and data vectors in the feature space, the proposed method 1) first estimates
the metric in the feature space based on the learned feature vectors, 2) applies
Cholesky decompsition on the metric and identifies the upper triangular ma-
trix, 3) and finally utilizes the upper triangular matrix as a linear mapping for
the data vectors. The proposed approach is evaluated over several real world
datasets. The results indicate that it is effective and improves performance.
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3.1 Non-negative Matrix Factorization

Non-negative Matrix Factorization[J NMFI? 0OO0O0ODDO0O pO0000O00O0O0O N
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oo

X ~ UV (1)
00000000000 UOVOOOODOO00000000 ;0 uy,---,u, 0000
0000000000000 00000000000ONMFOOOOOOOOO0OO XO
00000 UOO0D0D0O00D00000000000000 VOODOOoOoOoooooo
UODVOO (1)000000000000000000000000000000

Ji=|X-UV|? (2)
000 ||-/|000000000000000000000 KLOOOOOOOOO0O0O0O0
0D0D00Y0000000000000000000000000000000000
000 ¢UDO0000 uy,---,u,0000000000000000000000D000
0000000000 0OPCAOODODODOODOOOOODDOODOOONMFODOO
000000000000 00000000000000000000000000000
000000000000 0000000

NMFOOOOOOOODO 1000%0100000000304000 UOVOOOO
0000000000000 00000000000 (2)000000000000000
00000000 (1)0000UOVOOOOOO00000000000000000
200000000 UDOO0OO0O00OO0OD0O0O0000000O00YOo

3.2 NMFOOOOOOOOODO
NMFOOOOOOODOOOOODOOODOO0O0O0OO0D0000000000®Y0000000
0000000000000 000000000000000%'YONMFODOOOOOO

*1 DDDDDNMFDDDDDDDDDDXGRT“IDDDDDDDDDDDDD

(© 2011 Information Processing Society of Japan



96 NMFOOOOOOOOOOOOOOOOOOOOOOobooOOoOo

NMF(X, q)

Require: XERﬁ_X”: goooo
Require: ¢ ¢ N: 000

1 U, vOOooo

2: WhileDDDDDDDDTDDDDD do

U U XV,

3: ij = Yij (UVVT)J,,-J-
(UTX),

4 Vi =V 7<I]T'[]‘r)ij

5: end while
6: return U,V

0 1 Non-negative Matrix Factorizationd NMFQO
Fig.1 Non-negative Matrix Factorization (NMF).
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CNMF(X, algNMF, q, parameters)
Require: X € RI_;_X” //data matriz
Require: g; //the number of features
Require: algNMF; //the utilized NMF algorithm
Require: pars; //other parameters in lagN M F
1: U, V:= run algNMF on X with ¢ (and pars) s.t. u;‘"ul =1, VvVi=1,...,q
2: M := UTU
3: T := cholesky decomposition of M s.t. M = TTT
4: return U, TV

02 NMFOOOOOOOOODODODODOOOOOCNMFO
Fig.2 Cholesky Decomposition Rectification for NMF (CNMF).
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01 20 Newsgroup DO00OO0O0O0O0O00O0OO
Table 1 Datasets from 20 Newsgroup dataset.

gooooo (ooboooooo

Multib comp.graphics[ rec.motorcycles rec.sport.baseballl] sci.spacel talk.politics.mideast

MultilO alt.atheism0 comp.sys.mac.hardwarel] misc.forsalel rec.autosl rec.sport.hockey

sci.cryptl sci.med0 sci.electronicsO sci.spacel talk.politics.guns

Multils alt.atheism0O comp.graphicsO comp.sys.mac.hardwared misc.forsaled rec.autosO
rec.motorcyclesl rec.sport.baseballl rec.sport.hockey sci.cryptO sci.electronicsO

sci.med0 sci.spacel] talk.politics.gunsl talk.politics.mideast[] talk.politics.misc

02 TRECOOOOOO
Table 2 TREC datasets (original representation).

dataset # attr. F#classes #data
hitech 126,372 6 2,301
reviews 126,372 5 4,069
sports 126,372 7 8,580

fbis 2,000 17 2,463
ohscal 11,465 10 11,162

klb 21,839 6 2,340
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0ooooooooooood
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00000000000 porter stemmer **00 0 0 stemming O O O O MontyTagger *0
000000b00D0Ostopword 00 0O0ODOO0OOOOODO20000000000000
TRECOOOOOODOOOOOO 2000 60000000000000020NGOOO
00O000O0*®00000000000 100000000000000O00TRECOOO

*1 http://people.csail.mit.edu/ " jrennie/20Newsgroups/0 0000 20news-18828 0O O 000
*2 http://glaros.dtc.umn.edu/gkhome/cluto/cluto/download

*3 http://www.tartarus.org/ martin/PorterStemmer

*4 http://web.media.mit.edu/ hugo/montytagger

x5 fbis 0000000000 3500000000000000
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03 0 (3)000000000 skmeans 0000 NMIO
Table 3 Results with Eq. (3) and skmeans (NMI).

Multib MultilO Multils hitech | reviews sports fbis | ohscal klb
NMF 0.266 0.215 0.247 0.285 0.321 0.499 | 0.357 0.252 | 0.523
WNMF 0.310 0.295 0.299 0.307 0.341 0.554 | 0.505 0.276 | 0.588
GNMF 0.124 0.065 0.068 0.067 0.260 0.387 | 0.364 0.076 | 0.227
skmeans 0.371 0.335 0.330 0.270 0.468 0.575 | 0.562 0.261 | 0.602
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Fig.3 Results on 20 Newsgroup datasets (NMI) (upper: kmeansO lower[] skmeans).
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Fig.4 Results on TREC datasets (NMI).
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