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Non-negative matrix factorization(NMF) 71 & &°] obd o 2 7438 HlolE 8 % 232 %o #P T
FAoz Pgste volE FAVIYo A, dArErloly, uo] A XX, WElvlto] HolH £4 F &
2EQch 2 AT E 712 NMF 71l 71tse] 92 BA2RE EXNE 3&31 A 0]E 74
9% EA37] 913 Topographic NMF (TNMF) 718 At @&ch. TNMFe] & £ 7pA gk dlole & A4
A #AAN Bk ABA o2 Hotstsv] £80] B £ Ytk INMFE 442D #H4 & o, 209 &de
SR AN B2 BET 5 910, 49 edFeld a9 eHF oz dFL EN LN EAY
AolBE TE o] T4E FIUTH INMFIM Y S&E o84 453 2483 34 S 254
she] g 44 B3P ¢ B8 Bgol ol ol e, et H AL 71 NMF 713 8 P 0 2 RE FAME &
B2 §$5€ § 922 Btk 27123 2 Probabilistic LSAS] 7|23 £8 7143} 719 4 8 2(sparse)#
(#) £2& 2422 ¥ non-smooth NMF 71 78] A#4 & 84, AN ok NIPS 3] &£ vlolee cje 4

g B8 AXP $PEl E Y AL EFEL 5RO MAGE F JIEE A

1.4 &

A Y e Wz oo W& FRF] LA FUIE 28
g2 A3l A9 Fo] AA Fheel vtel A5 3
g 9AE 4o gt 277 FUEL 4oH, o A3
NAGEoIT BAX gneFel 710 S A7t
wol AP=HT P}, 53] A EFR Ed(latent topic
model)2 @& 2 F7](cooccurrence) E/3 ol 71454 H
AE EA delge] A 533 e £E izt gn9l
EARAAE AEEE J3 FE2F2EA, TR Hol
Bo digh A 23 o8 @ &4 FE vtebg 7 A #
JEHOFE, LSA (latent semantic analysis), PLSA
(probabilistic latent semantic analysis)[8], NMF (non-
negative matrix factorization)[11] &l AL FH R 2.1, o] &
NMF$} PLSAE @ojE°] did ¢ 7tFA|ute] FFo=
Efg Jogozy, FANMZY AR EA) 48 £
Aol 714kst LsAo] w8 Bk A 7he e Heie ERES
328 5 AddE F3Fo] AT

E3], NMF 71’2 &) old gto2 74 vole € A
Q9 F g Rz = VWO Z EY & HelM
9 #EAN1E HEA 329 EFL VNICE & EAT
A3 45 k-means THE T4 I TS 2L
g 2k $ 98 £ lokE AFEAAE AANFH U 14]. =
# wlol A EAE A Ropol] g v, & EHH £
i e FE10) ® AE THE2 5] $8E TR

I 840 AAEHT Yot AW, NMF 71l M e &
g EFo] dg 73 715E AFEA g, SOM
(self-organizing map)°ll A% HAE EA EA[9]ANMHH
2339 Aol ZA EHE ] 7AIE7} bested di R
AE A AT ol AL 97 e FAEES HEHl1
FgAoe sotsled =20 2 & Yt

B =RoAE o] g5te] 7IE NMF 71l 7128 9
AE BNERE EXLE FEH FAN0E TMFHLE R
A8+7) 918 Topographic NMF (TNMF) 7% & A 30,
184 ¢S5 71 B NMFIlA 8 fAte 402 2
g & g BAt B9 7| & PLSAC 79 EF 22/
7}A 3} 29 ProbMap o] d#4 & 1 EATS 4 B
G102 F dolM EAs, FH £ HolH FTLH, sparse
NMF9] & £5< nsNMF8 #d& AA g 181,
83 =% HolE| & Ao ® Asl= TNMF 7189 FHA
EY MAE Ao e §84 8 AFET

2. Non-negative matrix factorization

Non-negative matrix factorization (NMF)[10]2 &°] otd
Zoz AP HolEE F A AR ¢ FH Fo=
2t AA Y EAR FAHE A IR
V= [0,0,.... 0], v;=(v;;)i= o A3 NMFE V= WHS
g o3 vE AT A2 AHA AVl W H
4% Nx K, KxMBEolth K& B8 K< NMLE
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dRE e, dAEvte]d BN HAE £4 JFo g
FE #EHE B Adn & 5 ok 4AE B4
e FAEARDZA ) NMFe] s, we) 2 4& sht
o EF & At @ol g9 /HEA grEeln HY 7t &
< ol 3PPl EE Y AAH BEY g oRl
ARl sigetth 19 12 o] S Jo2 BEY FiAN
dolgtoz el AR, & A4 2dd d3lA NMFE |l
EQa 72 AAg

3% 1 AEEE BYAM I NMF(FH) 8 TNMF(%)

Wt HY BE 949 gl fof ohd @S ZAEF g2
EM, NMFE 94 E Ao tha] skt o149 2 9 (factor),
5 EREY 7HgA A4S 7P gt olof 71x 34, [11]e]
M ojulA] Hole s} tiEo] H2E £ doledl disf
NMF 7]®¥o] PCA (principal component analysis)'} VQ
(vector quantization)? 22 Hlo|H JFo2REH HA
H Aol opd REA EAEL QA0 22Y )%
< A A3

NMFol4 8 8% I-divergence (generalized KL
divergence) =+t L,-norm(PFFe dHAME Frobenius
norm)°l] 719E SAFFE HAHEE FoF HoHd
[12], & 2delX o EM 2853 FAM B0z W
o HE EAHCR FAHAFOEN Bgo] o] R E3
@47} I-divergence < 3-%, NMF& tH&9] J,, & H43
Fid=

Jnm = nml __j?_fn___
! m=1n§1 v og(WH)

nm

Unm + ( VVH)nm
S BA3E A JE w) NMFE Bl Al7]e Algd
PLSA (probabilistic latent semantic analysis)2} f-A}3}o]
(333 Fx), 52 G5 2o] o] FoRTH11].

W W (VO (WHNHT1@ Uy 1 H ) )
H—HO W (Vo (WHN (W 1y, ) )
9 AN % ot A4 F BPIH B AAAE 2=

Y45 B FHYFIIE Adulgitth 1, 2 RE L2 ]
°] 191 Ax g Hoith

3. Topographic non-negative matrix factorization

7|23 NMF 7| & vlol8 228 E9ES 34T,
olE 7HA g3t A # WS TEA vk EY 27
HEo] Axd gofl oA EFE& T ETFOEN, HA
EEAAG H YAE EFE ABHoln aH3H Q) o
ote]l =&o] 4 At} Topographic NMF (TNMF)+= o] &

B@eted £ FUYIA Y EFE 29 #873 Ho| 4
& £Qstel o5 ARAIA £ 223 B 2o] 0|8 EY

31299 =

1% 12 A 2 d(generative model) ZA A} 71 NMF
o} thH]3te] A b= TNMFE MIEQA 722 AA ¢
EYZ oA shiel B9 4 w7t Fo]d o, TNMF 7
Z8A p= EF Y Aol g 5ol I st MER B
3L Pt 4 EREY JHEA 2FoEA, st
dolei7t B9 7t st o2 AEetd, TNMF]
A Hele v v= WiShel s 2AISE T 9714, 5= d
o8l A4AY) &ttt noisy channel2 7H3 € # = ot
zA ZdM B o TNMFE Al33 NMF[1]9 & «=2
B S gled, gt B 293 ASst FYIIL 295 S
AANE NEA BHo) DAFHAY v AR AAES
o g3 WalEuE, 9 giado] ehete FolA ATE
el mdolet ¥ & it

32599 g

TNMFol Al #Hol&E ¥ s= 1HIAAY vig] AAEH
Ho 2, st45E NMFolA & o]l WlE s HYH ] 42
2 A9k 438t 8t B8 ¢4 7} I-divergence?l

o =
73T,'—T

M N Vpm ( WSH)
Jtnmf = E E UnmlOg ( ”SH)nm ~ Unm +

nm |,
m=1ln=1

[12]04 A A B B 234 (auxiliary function) o 7] &8 v
e g3t WA wek He 4 3)% ()9 W83/ 2
of Aol olsh A E e

W wo (Ve (WSH)SH) 1o Uy (SE)T) ()
H—HO(WS)T (Ve (WSHN @ (WS 1y ) (4)

Al T, 71 NMF 7189 W 784 AelM H thald]
Sx H7Y o) §H 9, H 784 oA W el Wwx §7h o] &
e Ao,

TNMF7F 52 02 st 249 g2t M e =9 3§ 44l
A BN AEE dolge 3 seta & ¢ e, & =F
oM S IYZ o] e 7|23k A
Az 7z %2 EY 9E
S aHE ¢ AT AR q
st FA B siget FA
ol AR &t (2% 2).

5
A AT Rx (= K)
AR E o, o] 2R Bt
l<i<R1<j<0O
e dde e g

ifli—k+j-l=1

da“a):{l
PR 0 otherwise

283, o5 BEE T G AEgE S At € o),
o]|ZXE graph Laplacian L= D— A w3 graph
exponential®ll &8 o) &= B H §=exp(—4L)E HFH
o2 AT p(= 0)E AFEA Ol E BATLEA ET
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2 ool W §,=1/K (Vi.j)ol=, =0
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Graph Laplacian

2 —1 0
L“{_l 4 ()]
' 0 0 2
O }
. S=exp(—3L)

y

0.600.10--- 0.02
5=ﬁ-100~50“'0-03
020.03- 0.60

3% 2 Graph Laplacian®] 7]4gt B8 9
delXel B8 b dolstE ¥Y s7&

TNMF &% #3230 Edge F437) g8 gar2
F83] F # By A ARSI w|E 2AE 2AEH
(T =m0<r<1))] g8 2 ;L FUriuA,
B < Brinu s NHEE H7tA A ALt o] el EFH
2AEY L SOM (self organizing map)elA <] o] g5
{neighborhood function)9] Z73 3} 3 fAl&tc} F=04 8
& & FolgE ¥E S e RS gol =Y
W7tA] A 3)F )8 e o Lyt ¥ 1S AH T
F BH & 9 943to] A A s}

£ 1. Topographic NMF2] A st& A}

* INPUT: V, B, 7(0<7<1)
* LEARNING PROCEDURE
1. Initialize W and H.
B= Btart
2. do
S=exp(—BL)
do
update W according to Eq. (3)
update H according to Eq. (4)
until converged
B <8
until (8 < Bin)
* QUTPUT: W, H

3a3@pd AT

Hofmann[7]== PLSA (Probabilistic Latent Semantic
Analysis)[8)7] g oll 7|23t HAE EM2REH ERE F

£3t3 o] & /M SEE §8F EY 93 7] ¥ (ProbMap)
& Attt PLSA 7182 2d 9 Hiolg A gt 7t
A 1 2RSS HollA NMF 71 H3 333 2540 Q)
ou, &g ¢ndlFE ZHAAM & o KL divergenceol 7|4t
¥ NMF 8t 2 9= PLSAS EM ¢ &el 712 % (X Y)
Ht) %X (maximum likelihood) 3} <] shite] & Fatet [4,
6].

71 A = ProbMap 713 TNMFS #AE 53¢
2 7 ¢ o7 H 4 (parameter) & T A A A 1A} g}
ProbMapolA & th-g3 22 27 9% Jeo) BEAPFE
AYggosm 2d L a3

M N
map = Y Y nd, w,)og plw,ld,,)

m=1n=1
AM N

= E E”(dm,wn)IOEEP(wnlzk);p(zklzk')p(zk'ldm).

m=1ln=1 k

Vpm = w,)/ 36(drw,), pWn) = D 00m/ 240 Vnm
2ARE W, J,,,°1 719 Ldivergence & &3 2
ol FEZ & ATH(C= Dic(dnrwr)).

Jaie == Jymap/ C+ constant
== ‘]pmap/C
+ Y vnmlogtnm, — Vnmlogp(dy ) = (v — pldmsw, )]
m.n
l vnm.
= 2l )

pldy,, w,) = Ep(wnh)p(ﬂz')p(z'ldm p(d,,)

G I, Adde J,d Aise &P,
Wi =plwnlz), Su=plalz) Hyy =pld,.2) 2 28T
7$1, ProbMap$l I-divergence 715t TNMF2| £& g
EFYsitta g 4 Ao

i 34 34 "ol B, ProbMap 222 EM ¢
nEEFe) 98 b3 2ol plw,lz) S plzld, ) E HEF
o2 FRFOER SFEHH,

M
plw,l2)t Vec Y v,,p T (2ld,, w,) )
m=1

Unm +P(dm7’w,.) 3

plald,, )Y = nﬁlvnmpff“) (zldm,wn)/nfjlvnm (6)
vy (2d,, w,) T p (ld e, )&

p(t)(wlz)Zp(zlz')p(” (z'ld,,)
IR ) YRS

WG, D010 (wlz)

T i) e e (i) - ®

@

PtV (eldy, )

pd (el w,)

1) p(zdd,)p(d,) =pld, z)
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A7), (8)% 2 (5), () AL i stz M FATF A
29 Zo] INMF o148 SR o= HEstd,

M wii)vnm E‘S}kjfl(nt-x)

R Y B
B2 T e

N HI\(:n) vnmgskl n;!)
Hét-'- 1)
SRR >77 e SEuT:

©)

(10)

uebd TNMFeA 3E8 wel 7 def sl f} W, =10°]

HE% B2F38 1 A (3), (@9 A 9), (100 AT FA
g gujsta, Wil gt g gUg A9 199
Aol &E Ssoll sl ProbMap} A sl TNMFY A9 3
9 stdE & 5 Ytk B3], S=exp(—BL)AAM =0,F
s=19 A% we 4 75 BEE8(A (7), 9 E BE)
H ol 4 & TNMF$ ProbMap2 22 8% A& &tk

AgAoz, 13" AFd FA EF ds -
divergence® 7] &% TNMF& ProbMap®] Huj ¢= 714t
&3 Yy e gdol oty & 4 Ak &A T, NMF 714
o) Buclidean 2.3to) 7128 B3 401218 T hES
Bregman divergence 7|4tS] £ g QM Fold
4 Q1%o], INMF %Al ProbMap 7IHoAe] TE#xE
(multinomial distribution) 718t#3& T2 FH 9 A<
of dhsiA L, Hole BAl/ A i hEA BY e A
A Foll g3l dolg ghol | ol =S HHE Fo{A
7 k& ASolE Y e SAkE B AN ALAAHA
Rogn FAGE 5 Utk o] ol Ak

Zold vlojE g ZALEE T BF Y FTH AN 2
o, TNMF non-smooth NMF (nsNMF){3, 13]¢} & U &HA|
EHEC nsNMF 7182 E 2@ 2 dlol g AR H)
dAolx Aol NMFel ¥l 8 B} 84S (sparse) 58 & %
£ dsolutiony& E=Z37] HW ALE THOEA
W= VSH 2% tol] ZAtglel M P& g% b3 ol
e gt

2) dgstAs, W AAAM S H ol &3 H 7MY W ol g
B2 oA ProbMape ol ZBAdxey A3g, INMFe A
BAA Y ARE FA] ol &tk wety ARH 2HAIME
Z+ 744 A#st dledA =E2EHU (404 AAS PLSAS
NMF 8 A9 A3 B2HIME §38 ¢ YFE0l, HE
2L 2NAERKSF 7t oh)ERFE sG] ARG sriE
el o2 FEAY Atolz A ProbMap 71E 7 TNMFE
A o2 A9 sef o1F + Utk

2 o)t} o] 2 B3] WY SHE F P (smooth)dHA Fo 2
# NMF 7}%¢] 7182 (additive) S| & B3t s34
o YAAR AL o] &3] H Wl A BY 42§
(sparse) HE FTA e Aol 1 FFoth AW,
TNMF Aol Ao 84 s g4 FAFNM AAZHCE 3
5o @ Ao B} o] £ FAYF7} OhE o] X R
TR0 e 9PXE AEE HAYPOEHN o)E B3 F
zx oz EFE) & topographic mapg TH3E7) &
Aolat= el N, RE # BE PH s e R 4T
BN B d= RS BAOE 3= nsNMF 7|3 73
h=

4. 4894 4%

NIPS (Neural Information Processing Systems) 23] =
HolE3E U oE TNMEY 2 7hA skl B8 43S
st o] AE L 1987 K H 1999E 744 1332k
NIPS 88 HE ¥ 174070 £X 2 FA = 31oH, of
#A 271 13,6490tk BT 9x 9 (=81) 2719 24h2 B
Aol BEHEE SR T, SRS 2V1FE 1008 3§
grev =0.9x g1 AAZP g8 g > 10708 UHE
iR &g ATt 2 pkel dha TNMFS] 52
25 2t A A wskgel 5x 107 foltol A 4 (3)
7} (4)ol) o) g 84 wrE 770090 o] & WA st

¥ 32 INMF 29 8% 28] B 85 g W
g, = g T g HATh FAES ol AdH R b
FAGA Bastes AH(-0) ggted 2AEZ g3 A
olBEHY s MEA 2FE AR L gugdt o2 @ A
@8 WE A H e FAL, BEEZ WO HE Fo] FHPYSE
W ool A aA n s BTt AR Y B 3o Thedxia
AR oz Fo|F S&dclEH M Br ol HEF &
& @70l ZFox7] HEQA A L2 AtE AT

fo M

-1
-

) -
i \,\

Tteration

1% 3. NIPSEH3 =% ujolge] o3 TNMFAes52d

2% 32 TNME gr50] 28% 39 2219 B g8 AlA
s} shube] ER g sFER 7L B2 A 5 delEsd v
datarh ED 99 FAL 2E $E e AT FAEL

3) hitp:// www.cs.toronto.edu/~roweis/data html
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PAZ P A A A W= LS & 5 U
AL Eol 22EZ  HEY 73} (reinforcement
learning)"el] @& EH & AvRE, O A3 Ao o]& He
A “elm s Z&(Markov model)”, &-§ Holld “E2R A
o7, “AY” B #E FA S IEHA ST L F A
o oA “Z2 R Ao B8 FAE 1 H5o) “vision” VY,
oA “yvision” BH EF L I FHo “A4adE HAAF" A
Fo BEE EREo] XAEL E & Yok AT AABY”
7Y FAEL F2 Y f] & Aol 1234, pead)
ica B8 EH& “A % A ¢](signal processing)”, “°] 9] x| A
2" 38 4T FAY AP A et o9 T2 P2
3} Topographic NMF 7} 0] 7]& NMFS &l A E §A ¢
g BEY 3& 715E v o E FAl, AR FHel
gl e B P ARHLE FF, ANTE BRI

-3
KB
=

548

& =% )| 4+ Topographic NMF 71 & o] -& &,
A AgozRe £Y 7}A 3 71 A AT TNMF
o o3t E¥ W) T4 7l5 HoldE PEY = o
2RE Y &x47 sgol o8 ed=, ga AL 78
NMF A st 598 F2 02 §X 7Medteh 28 538
2 dlole 2832 SH)A ProbMap R nsNMFsH2] @
AL A o] A Holelo] i AP L T EY
7N & 2ol AEA L 2Pt GAErtejgolit Hiol
QAEHEA Bl A2 dolHE Fgste= Az o
QQES B 2Ny A% A7 43, FF o
HolEl & FAlo /N H oz ¥4 7bs® WFes B
g8t A} gk

HAEe

=1

=
A=
2

structure state units fraining function probabitity algorithm kernel bayesian
rules recuirent unit eror functions bound learning support distribution
language input hidden generalization  neural learning loss vecior gaussian
representation time leamning learning threshold bounds examples set posterior
connectionist network weights weight networks theorem function svm prior
répresentations node network learning dynamics convergence optimal function model
modet nodes input gradient system stochastic function data data
memory network layer algorithm point equation approximation mode! models
code input sutput error squations thecrem enor method likelihood
representation activation training weight networks function functions estimate em
memory network network time energy graph data data data
capacity fime neural neurat optimization problem clustering jocal experts
associative routing networks dynamics function algorithm cluster regression variance
patterns fault results systern boitzmann local algorithm model prediction
stored traffic net state problem path clusters function set
parailel neuron controt model matrix space riof genetic iree -
processor neurons system time vector points basis algorithms set

neural learning controlier  nonlinear linear point function search data
processors neural model state vectors dimensional  functions algorithm trees

bit pattern neural prediction space mapping radiat problem training
circuit analog noise signatl learning vector distance classification rules
input chip input signats pca vectors tangent class set
voltage visi optical noise principat map vectors classifier learning
weight neural noisy net input kohonen transformations training rule

figure digital ouiput knear rvle input set data data
system circuit channel source basis level recognition training hmm
delay figure time sources sparse matching digit detection recognition
neuron voltage iemplate  separation data modet digits false systemn
phase output signal blind projection hierarchical  network region context
circuit current channels independent learning hierarchy neural set speech
neurons spike auditory filter image feature character word speech
neuron information  sound filters wavelet features characters words recognition
firing rate frequency ica images image network recognition speaker
time noise model natural disparity images recognition letter phoneme
model fime time information figure resolution set character acoustic
synaptic stimulus eeg phase image face system learning state

cell respanse time model images images user network markov
cells stimuli activity visual visual faces hand game model
neurons population  data oscillators surface image road training states
synapses information  brain osciliator color recognition tracking tasks time
model cells motion visual object motor robot leaming state
ofientation cell eye attention objects mode} environment reinforcement  learning
cortex mode} model motion model control goal model policy
dominance orientation  visual figure recognition learning learning system action
ocular visual velocity direction view movement position fime function

19 4 NIPS &8 £F dolEe] ¥ TNMF &% B3 (52 W9e) I71E 9x9)
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