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Cholesky Decomposition Rectification
for Non-negative Matrix Factorization

TETSUYA YOsHIDA HirRokI Ogino 1l

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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1 Non-negative Matrix Factorization (NMF)
Fig.1 Non-negative Matrix Factorization (NMF)

NMF(X, q)
Require: X € RL*": 77— #1775
Require: q € N: Fpf#d

1: U, V 24181k

2: while & TZRIEANETZ SALNERY do

XV,
3: Uij = Uij (vaT;”

. vy UTX)
4 Vi = Vi groy),,
5: end while

6: return U,V
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2.2 NMF £RW=z935R4) 5
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B 2 NMF (239 % 2t b A ¥ —4fif s 724 EE (CNMF)
Fig.2 Cholesky Decomposition Rectification for NMF (CNMF)

CNMF(X, algNMF, q, parameters)

Require: X € Rixn //data matriz

Require: g; //the number of features

Require: algNMF; //the utilized NMF algorithm

Require: pars; //other parameters in lagNMF
1: U, V:= run algNMF on X with ¢ (and pars) s.t. ulTul =1, Vvi=1,...,q
2: M := UTU
3: T := cholesky decomposition of M s.t. M =TTT

4: return U, TV
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M=T"T (6)
# (6) 23k (4) IWRAT B LICL D, aLAF—SMTRD EZA1751 T 2 AT
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3.1 ERE

3.1.1 ®ET—4

BREEE 20 22— 7 V—7 (LLF, 20NG &%) *Y, TRECF—%t v s 2 0r 5
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*1 http://people.csail.mit.edu/~jrennie/20Newsgroups/. AR Tit 20news-18828 Zffifj L 7.
*2 http://glaros.dtc.umn.edu/gkhome/cluto/cluto/download
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% 1 20 Newsgroup (2T 57 —% v b
Table 1 Datasets from 20 Newsgroup dataset
F—4Ev k GENDIN—TH
Multib comp.graphics, rec.motorcycles,rec.sport.baseball, sci.space,talk.politics.mideast

Multil0 alt.atheism, comp.sys.mac.hardware,misc.forsale, rec.autos,rec.sport.hockey,

sci.crypt,sci.med,sci.electronics,sci.space,talk.politics.guns

Multils alt.atheism, comp.graphics, comp.sys.mac.hardware, misc.forsale, rec.autos,
rec.motorcycles, rec.sport.baseball, rec.sport.hockey, sci.crypt, sci.electronics,

sci.med, sci.space, talk.politics.guns, talk.politics.mideast, talk.politics.misc

%2 TREC 7—Xtv b
Table 2 TREC datasets (original representation)

dataset | # attr. | #classes | #data
hitech 126372 6 2301
reviews 126372 5 4069
sports 126372 7 8580

fbis 2000 17 2463
ohscal 11465 10 11162

klb 21839 6 2340

XET =2 ThS.

20NGIZXLCBE 2725, 107 7 A%, 157 7 AZinbies 3 >OREMEZREL, 4
7 FAENBENEN S0 T ODOLEFELIFE T L TF—Fty FEER LTz, BREH
CHEEND = 2— AT N—T%FK LITRT. FRERITH LT 10 AT >0 4 7% ERk
L7z, ¥ 70T LIZ porter stemmer *! % VT stemming 1T\, MontyTagger *>
RV TEFIIE L, stop word & FRZE L CHIAE#H & T AL 2,000 55D HGE A I L
7. TREC 7—57“Ey MZxFLTIEE 217" T 6 207 —% %y & L7z, 20NG &
FIERAR BRI L 0 B8 T =41y MR LT 10 fHF 20 F 2 ER L7228, TREC
Vam ﬁt/kﬁ RIS 7 Cdb 5 7 OB DO RTLER 72 13 T/ n o 7z,

3.1.2 FFffi R E

EROTF—=21%, £7—2 (ZITEXE) JLICEDY FAZBRMTHD. {7 —H

*1 http://www.tartarus.org/ martin/PorterStemmer
*2 http://web.media.mit.edu/ hugo/montytagger
*3 fbis DHK Y T AL Z L2 35 i3 o3 E A IEE o L7z,
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Ty MK LT, &7 —XICHTHEDOI FTAX LE DY CToNTy T AXIZHSNTER
(LA HE (NMI) 235 Lz, Bos 5 2% 80 ST Ly T 2 2 IS5 5 e
E¥E C,C LT 58, EBRYCHENHRE (NMI) 13U T TERESND
Mr= GO (€ [0,1]) (8)
(H(C)+ H(C))/2

Q)d??/yﬁﬁiﬁ%b I(;) IMHEBRETH D, NMI BREWVIZEEDY 5 2
A TOT—ZELABET DL 2R, 77 AFZELOELE FEE) ST 5.
3.1.3 m%&%i

HFEW72 NMF OFETH S, 1) NMFY | 2) WNMF) 3) GNMFY (2xf L, #2REIC X
DRIEONREEMR LTz, WETRIIETHEIN I JAL )V TEITHI DO TH DD T T
228 (LR Tk &R T5A0NDERKELZ. £, MIRIGAN—ARBEF
WEF — Z KT HAEURER 72 FE L LT skmeans? B _X— 25 A & LCEHE L 7.
3.1.4 ERBRNZA—4

X1, K 21ZR-7&91Z, NMF (2
qEIITAEEEDL,... 20 TEZTERLEZ. NMF DUk
z”bfb\%’of:&’) [“—I 1D 29TH TOMK T EMITM K LE 30 & Liz.

ZERIC I T DAL & UCiE, SCEOE CEEERICHW B ILD A R & H

wt.GNMF_ﬁbfi%7~&_kmﬁ@ﬁﬁﬁﬁno@@ﬁ%?~&&%bwnmﬁ%
757 R L, SCIRY OHESRE S s ERIGEREE -

3.1.5 EBRFIE

KFETHELERIUTIIV, BXORELEL (7) TER LTI TV IS LT, 22—
70y FEMARET HEAER R 7 T 2 Z Y o 7iEE LT kmeans #£3 L O skmeans 7%
WHL T IR Y T E{ToTz.

NMF 3Rt b 217 2 FIETh 5720, %%hé@%ﬂﬁﬂ[lV)i@%1:Wf?
5. ZOkW, FH—0F7—24T5NIk LT 1 O 11TEOWEHLE T 2 & A1 10 [FIZE
%?ﬁ L7-. £/, kmeans {58 LU skmeans 512 L 5 7 T A X B ClLIpiE éf@%’iﬂ%
ZTF 5720, AR LIREIIK L THIHEIY T 7 & A2 10 RIZ X THET L

3.2 ETF—RIIXT BHFFE

AETOMIEET =2y FZTLICHT 5 10 o TAOFYE *Th 1, BT

BIFLEEARAT A= IRHEH ¢ THD. 207D
ey AN/t ey

*4 YT TN 100 BT L7278, SRHEET LIZE 1000 [BlOFRAT O E A R T
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# 3 X (3) ZHW=H58 LU skmeans OFEH: (NMI)
Table 3 Results with eq.((3) and skmeans (NMI).

Multib Multil0 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
Multi5 . .
Multi10 Multil5
ey -~ NMF 84
2:000 : \’;‘V’KIIE-FC ; y\:&AHAbAAAAﬁAHA'&g %’ ‘AH‘.&A*AHA“"‘*A
8 Ayah Aa A WNMPrc N oooo s ¥ %
=37 POVY STV R VOUN GNMF =8 v. O = o Voo &
$° ) ~o GNMF+c 2° 000000235030” 23] ot eggvv
@ | ., 31 Ve 8 1%000009%” v
S A4 o Vv99e Z
% g [fvesppaseteseereeess  Apgeaserestreseerees
° 20 40 60 80 100 ° 50 100 150 200 50 100 1%9 200 250 300
#dim . #dlr_n
Multi5 Multil5

0.36

NMI
NMI

0.32

o, :
00007

NMI
025 030 035 0.40 045 0.50

0.28

50 100 150 200 250 300
#dim

20 40 60 8 100
#dim

B 38 20 Newsgroup (23 %58 (NMI) (LB : kmeans, LB : skmeans)
Fig.3 Results on 20 Newsgroup datasets (NMI)

g, MEfhiE=C (8) @ NMI ICkid 5. oo LEICTHEBRIE NMF, ST WNMF, filitix
GNMF TH 2. 2B, +clFBFEICLL2RBTH VIZK (7) TRELZ TV ITxT 2%
RThHD. Fio, HBFECH L THERE 22 8B 55 (3)) ICk 28 FEORSE *1,
B LW skmeans OFEREFR 3 1R T. LLFTRT LI, BEEEZHOTHIIE LR
skmeans Z i H L7546 (8512 WNMF+c) 132 3 IR 30EskiE & RS Lotz R Lz,
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3.21 20=2—RFNL—7

F 1R L 20NG (R T DHEFREZK 3 1ICR-T. K3 X0, NMFICX0EE Lk
BV ICktLclEo=2—2 Uy NiEEEZ WS kmeans iE3 KOV ¥ VHHELEE 2 W5
skmeans L& 5@ AE, BEEEZHAWVWDZ L TRHEENA ELTWDZ ENbnd. ZOkk
RODIEREIIDHRNTH D L E XD, FRZ, skmeans IEICKIT 5 M EFERELS (M3 DT
BY), # 3 LIBLCHIEE (NMI) 1xm0 -7, £7=, WNMF I2xf L TIREES -3
A (FOEBRO WNMF+c) (3 GNMF & shilig U Ch A% BRI 2R Z2 R LT,

175, GNMF ICITHRBIEIDRN 2N L2 D (WICE(L L), Zo#EBE LT,
GNMF @ BHIBI%cTix, ®@% o NMF To BRI xHET 58 1 BT TH 2 HEE
AMEIE & LTBML, SCHRY 129> TR E REANLREE VTV 5. 5 2 ) D O FEN
FEFICREWZD, NMF I35 (1) OEBIBMR AR Y SI729, MRS ARV IX
F—H1TH X O U ICHES BB & 1IN = RBUC > TnWb EEZ BN,
DIz, 2.4 FiCHRATZHHAD RS LW T2 DICIRBIEOER 2ol B DND.
GNMF [T ENEWFIETH 5720, GNMF THE S5 RBTH V. OREIZFBEZE
B, SHOMETHD.

B8k ¢ OB NMF, WNMF OFEEEIZA0RIZ B L U722, IREEORHIEL AWz
BB (NMF4-c, WNMF4c) ([CIZIEFICa R R ThoTz. Hric, WNMF 3R E ¢ o
(PR WABITRE EE S AL L7278, 1REEZ AV WNMF+c id ¢ DI L Tr AR b
RERAERL, REbE,oT. REFE, FRCHCHRFE TS ORFRAEZFEE L
TIHEATH L BEEL 257200, ZOBA»S bREEIDRHTHL EEZBND.

3.2.2 TRECT—4+tvy hk

# 2R L7 TREC 7—# %ty M 28R %K 4 189, NMF 12X 2 RBUTHIV
IR DHEH L LCIE, 20NG & [RFEIC skmeans 4728 kmeans 5% K& < EEID, @& O
BR b IIEFE B 2R L7272, X 4 1213 skmeans IEOFE R OB E R

TREC 7 —# %t~ FTh, 20NG 33 AR SIFIEREARMER & 2oz, RELIT
7S AZ Y TFELE LTS (klb 2RV TIE) GNMF &R IERBEOMREE = L (B
WNMF+c), F728 88K ¢ ([oxt LTHRICa AR FTho7z. i), 20NG OBa L ok
LT, TREC ¥—#% > b Tl NMF+c & WNMF4c & THEDEWZENIEEREL 2
not.

*1 £T7T =2ty FTE 10 BT AER Lz7o®, F 100 BIORITONELfEE R~
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hitech reviews sports
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3 8] Vv,v 24 |
S .
\
g vvw < \
sl ° ‘ : Y L%
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B4 TREC F—%% v Mokt 268 (NMI)
Fig.4 Results on TREC datasets (NMI)

4. FbH Y I

AFETlE, NMF (Non-negative Matrix Factorization) & HW\CERBLFH 217 9 B, 58
SN2 RARBEOIEANCHKEH L, FHZEHICHT 2RHRICHT 5 2 L 2% —05® %
FANWTHEE L RBIEMIET 2 FIEEZRE Lz, #2215 TIX NMF 7 — X {751 % JHTREl
EEORBATINIORT A Z LIZEB L, RFTEBZ HOTRERZRICK T 2H 2 HEE
L, &KL Ta b 2xF—3nbHond E=A1T5 215 H L CRBUTIIZMIET 5.
REFIIIEFIC TN TED DD, BETDHMIEEEZ A THRBITIEEHRT D2 LIk
D, NMF T8 Li=RBE2 7 7 A4 ) 7R PICEAT 8, AT 7 130 XAEE
FI 5 Z L RFTERBOIFERZMZMIE LR I5 A FTREIC 72 2 EIFF S 5.

TRELR 20 22— NV —7 TREC ¥ =%t v bR EDERT A= AR KR &
OEF—ZIZH L TIMEL, 79 2% VU > 7 OB NMF T%8 L-EHA2HME L TOREN
WIEATE 22 L 2R Lz, FriC, NMF 2 AW RBUFEIZB O CIIRHEEAE 2 513
EIHBERMEICERT2MENKRELS 2D B2 0NDM, REEITFHMEKICK L CIERICR
NARNTHDHZ LEHER L.
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