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Abstract: Analyzing highly sparse data often results in poor generalizing performances of matrix factoriza-
tion. To compensate data sparseness, in this paper, we introduce a novel machine learning technique called
Non-negative Multiple Matrix Factorization (NM2F). NM2F factorizes multiple matrices simultaneously un-
der a non-negative constraint. We formulate NM2F as a generalization of Non-negative Matrix Factorization
(NMF) with the generalized Kullback-Leibler divergence. We derive multiplicative update rules for param-
eter estimation. We evaluate NM2F and other existing techniques in both the quantitative and qualitative
ways. NM2F shows better performance than other techniques on both synthetic and real-world data sets.
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Fig. 1 The target matrix X is factorized to the bases W and the coefficients H with

the row wise auxiliary matrix Y and the column wise auxiliary matrix Z.
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end for
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end for
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end for
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Fig. 2 Graphical model of Non-negative Multiple Matrix Fac-
torization. X and Z are generated from the same bases
W but different coefficients H and B. Y is generated
from bases A and coefficients H shared by X.
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1 P 1)
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VAV
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Inp(X,aY,3Z|W,H, &A,3B)

=Ilnp(X,|W,H)+Inp(adY |H,&A)

+Inp(BZ|W,3B)

I N
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i=1 j=1 n=1j=1

I M
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JE TV D3 B EE e RAL &S IZ 5T 5 .

NM2F 757 4 ANVEFNVER 2 1ZRT. I 74
HIVETNDG, X, Y, ZMHIW, Hx AT 50
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NM2F s e e 7V & LTI 5 2 & T, NM2F
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Algorithm 2 NM2F @7 — ¥ A {8 FE

Require: I,J M,N, K
—G SO} L i W, H, A, B
fori=1to I do
for j =1to J do
x5, ~ Poisson(zi ;| S5 w; phy ;)
end for
end for
for n=1to N do
for j =1to J do
Yy ~ Poisson(yn| S anihiy)
end for
end for
fori=1to I do
for m =1 to M do
Zim ~ Poisson(zim| b, wi 1b.m)
end for
end for
return X,Y ., Z
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F(X10) = 57 > logp(amld). (23)
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4.2 AIF—42%E

NL 7 — % EE Tl¥ NMF, VBNMF (Variational
Bayesian Non-negative Matrix  Factorization) [7],
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X #0ag e L, NM2FIZ X, Y, Z 250 g e+
L. RERTHEERETEDOT— % £y MIxbd 2 UL ERE
PHEET 572012, X OF Aty M B
TEEZH 4. NM2F 3BT Y, Z % [R5 d
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il R RA LR T, SERTRS SV IEEELELR L, BEtaE=E (p = 0.05)
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Table 1 Comparison on the average test log likelihood of non-zero entries among dif-

ferent sparseness. Means and one standard deviations of four data sets are

presented.
Sparseness NMF VBNMF PMF NM2F

0% —1.24+£0.21 —2.72 £ 0.03 —2.47+£0.239 —1.03 £0.09
9% —19.39 4+ 2.82 —8.49 £ 0.60 —13.00 £ 2.74 —0.99 £+0.08
99% —42.45 4+ 6.30 —14.55 4+ 1.40 —16.25 +6.05 —1.07 £0.25

99.9% —43.254+33.45 —15.30+£6.30 —12.854+11.20 —0.86 +0.55

Optimal Parameters
X+€ 0% sparse Xz 9% sparse 99.9% sparse 99.99% sparse

" Alpha

" Alpha

B3 TAMty bAOPEIBIEE AT —) ¥ FE o OKFED) & g (Ghis) oBEfR

Fig. 3 The average test log likelihood versus the scaling parameters « (horizontal) and

B (vertical).
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WHERTED, 72720, NM2F I ZA 7 — ) v FEBD I —
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=) Y TEBORFUF L TENANTHDL VR S,
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WAREFELROWEMENM ELTnwD LV 5,
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4.4 E7F—2EERB

EF—FEBRTIE2o00F -5ty FE2HWDL, B
VBNMF & PMF I35 EAYK & W 72082 6 Brih L 7-.
NMF & NM2F ojUfbitfe % lbigd 5 729012, #Bllfr5] X
DT ANty FOVEIIEEE VS, ZHEFET—5
W BIERMEEDP O EREINS ERELIE, FNL—=
7y M bREICEE L7z NMF & NM2F O € 7L
N, TNTNEOMRME T ENZITIEEICHEE TS 720
EWVIOIRIEIC R B, WiBNTHI Y, Z &, NM2F O AT
IR LT % 72D PUEPERE D IR I IE V7o,
4.4.1 Last.fm ¥—%

Last.fm 7 — % & v M& Hetrec 2011*2H 53L& T
WAL EHHETAE, F=%ty FIZIE 1,802 A2 —
I, 17,632 MO 7 —T 4 AN, 11,946 D ¥ 7H3&Eh
TWwh, =%, T—=514 AL, ¥7, 7L FERIZH
BbL—=HDAL LTI A%, i, j, n, m EEDD. x;; 1
HHI—FWRid, T—F4 AL j O EHIEL 7 [
Bed b, X e REOPITORZ 2B E T 5.y, 1,
YT, T—FA AN Iy ST EROEETS.
Y € RO 2ImmATI T 5. 2y 1, W
=W mORKANEREETETSH, b L—FREAEA
BRIZHhNL 2, =1 %D, £)THRIFIUL 2, =0 &
%%, Z € RYPPUS2 205 &5 5. NMF & NM2F
OMRER, X OT A bty MIT 5 BIEIC X -

*2 http://ir.ii.uam.es/hetrec2011/
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Table 2 Comparison of average test log likelihood of nonzero entries among different

data sets.
Data set NMF VBNMF PMF NM2F
Last.fm —6.90 + 0.03 N/A N/A —6.17 +£0.03
Togetter | —27.27 +0.23 N/A N/A  —12.97 +0.48
#1 #2 #3 #4
Britney Spears| The Beatles| Eminem| Muse|
Lady Gaga Pink Floyd Nine Inch Nails Radiohead|
Christina Aguilera| The Rolling Stones| Nas| Nirvana|
Madonna The Doors 50 Cent| Coldplay]
Katy Perry David Bowie| 2Pag Placebo
Avril Lavigne The Who| Jay-Z Red Hot Chili Peppers
Miley Cyrus| Queen| Lil' Wayne 30 Seconds to Mars
Kylie Minogue John Lennon Mos Def| Paramore]
Kelly Clarkson Led Zeppelin VNV Nation U2
Taylor Swift| The Velvet Underground| Obie Trice Foo Fighters
Artist Values Artist Values Artist Values Artist Values
pop| classic rock] industrial rock]|
female vocalists 0 rap alternative|
dance rockl hip-hop alternative rock
female vocalistf british| ebm| 905
pop rock] soul] darkwave| grungej
female] funk] futurepop male vocalists
singer-songwriterj 60 dark electro singer-songwriter|
love] psychedelic hip hop acoustic|
amazingj psychedelic rock] favorite| american|
Sexy]| oldies| german| pop rock]|
Tag Values Tag Values Tag Values Tag Values

4 NM2F . HEECTEHWMEZ 27T =T 4 A e 7 (wy, :

TRt 7 7)

FEEEBES T 7, ar @ TED

Fig. 4 Artists and Tags with the highest values in bases of NM2F for Last.fm data.

#1 #2
Britney Spears| The Beatles|
Lady Gaga Arctic Monkeys
Kelly Clarkson] Radiohead|
Hilary Duff Amy Winehouse
Kylie Minogue| Muse]
Kes$ha The Strokes|
Rihanna] Oasis|
Katy Perry]| The Killers
Christina Aguilera) Coldplay
Demi Lovato| Kings of Leon

Artist Values Artist Values

5 NMF: EETHWMEZ 72T —T 1 AMNEY T (wy, .

#3

#4

Iron Maiden Pink Floyd
Metallica] Muse]
Eminem| Nine Inch Nails
50 Cent Tangerine Dream|
Megadeth] Electric Light Orchestra|
Opeth| The Beatles
Slaye Porcupine Tree|
Akon| Vangelis|
Pantera| Rammstein|
Dream Theater| Camel

Artist Values Artist Values

HOwEs77)

Fig. 5 Artists with the highest values in bases of NMF for Last.fm data.
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IN—=ABATHN E 2 B ATH) X 1389 180 F x 20 FEHE DK
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WA T -5 L LT, TLORFETOHEREZ bag
of words & L CRIL L7z, #ilhir5% Y € Rfs’mwg?’s’ow
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#1 #2

47news gjmorley|

earthquake_jp noffills

kiri_tori nakano

NS_keitail HyoYoshikawa

nhk_HORIJUN| gloomynews|
asahi_kantei thoton

nikkeitter, kny187

User Values User Values

B TE|
2 N
HKE JET
BE rt]
» LNy
km )
B Kt
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[ HE 74
3 &
=R stu
PN <l
p=3:4 I35
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asahikawa_akira|
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sebun_digital|

haluna?

isetta_afgn|
kuminchuu|
ebitoro

understeer
yukio_saitoh
kimukou_26|
goto_ipv6
kuwa_tw
matsuul
nsiena

User Values

User Values

g F—4
EURLLY F%
T—=XY A/
AL—| 1t
P 959K

I VAT I
Bl =3}
&3 P

AV )
£ FA

' 720N

45H WE
=) I74)
TR puk:]

Word Values Word Values

FEHEERT T 7, ap .

Fig. 6 Users and Words with the highest values in bases of NM2F for social curation

data.
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