2013 £ 11 A BRI AFFROE LR ZHO Nov. 2013

#30% 26 Journal of Chongqing Normal University (Natural Science) Vol. 30 No. 6
EEZHEHR DOI:10. 11721/ cqnuj20130601

ERIEH S MR A

FAHL L REL
(1. PEBEBE B0 5 REREDRITBE, LT 1001905 2. PRI k2 Gt 5802 B, L5 100081)

WENER.FAEE L HAHACLERABELEAAR IR RN ERE 2 —, ZHARG AN —AmbrnE PRI
e AT ZRA THRE AEEFI(ARAE REPRREE TN L., AXENCHEER L 0¥
FEBRXHEEPRARAENNET M AEE 2 FEERTER, HE 2 ZHEBAARENTHERE, HAFE,
GTEMBREE . THESER. ZEAMTERFIAE PR EU EXANBAXZES BA 2O R A =6, % H8%
PR, BEEN—FHXEA, BHAT AT LA EAERE - FRENTR,

KEWR :EAEEPE X RTE  K-means; BEE X0 BRAE HERX  LALEHREN

FES%EE:0151. 21;TP391 XERERL:A XEHES:1672-6693(2013)06-0001-08

1 FREESBOFREHE

AR 17 40 B4 43 % (Nonnegative matrix factorization, NMF)M 2 ¥ F 3 i 4> 70 #7 (Principal component analy-
sis, PCAY™ . PCA F AT LGB #] 1901 4F, #% Karl Pearson S Je 2 i, 7§ J5 78 -t 42 30 4E 4% Ly Harold
Hotelling 2 37 B 42 1 I gl 447 . PCA BB FEAE Y — A BEAH AR, B 78 S/ 3 19 38 SCF B 6% 1143015 5]
— 2 S5 0 R ) R B AL v AR AR . B R B LG R O ) R DA 22 DR IR I RO 3R 3K Dy 3k 4 B )
A Ao SoF LA e B — ARG ZS R rh SRR R4 RT DL fe et B o3 B TR i AL BREE ) BT U T
B 00 R I F VAR AR £ R,

TR 3 B A B A Rk ) P o3 A IR (R A AT BRO(E T RO Bl SR Tk Sk ) e 9 R ME AL L A R B0
WA AT, PCA WAL R B AT LRk Sy i 3 F ] 20l 1 B S B0 — 45 % . SRmIFE i 2 0 b, 1
L2 R UL SR OF i Y . 28R 40, R AR 3R G 2R B (A AR X X LR AT A BN B0 Y R . OF FLEE
SR I H S G T A A I 4 3 BT | RAROAR B A W R0 SCA A3 v Sl BB S A R AR 3 Y L Dy T S G b A3 BT R £
B o [ B i 5 S 0 AT A R, — ORI O U R A A7 B ) ke R IR AR RO . AR KR A A AR AR O 4R
W, S L Z AN AT LGB E] F 2 70 AR AR D 90 4EAR Paatero™ Al Lee & Seung™ P W TAEZ G5 T
TR RERE . TR HL D, XA ] DA 2R B X o GERY AR U RE X i 2 DN EAETUR TR F ORI G ff 45
X~FG" , Hrf F F1 G (AR 0 n Xk Tl m X ke () R JETSCLE E S, 3R P Ay =l 7 B 4 i A AL
R <oy, PRI A 1A 21 M R 3 T 8508 A B (2R 25 F i B4, FGT A 23 R T RE AL X1

AR 5 A B B 43 ik 04 R 98 DA TR T, 3285 70 1) L3 M Jo AN W e & B i HE 1 A A5 219 g . B
O AR AR A A g o A R R R A B R B A b SO A
A A5 B A0 A5 A U — A B, T I P 1 R I 4 SR B 2 | SRS o W RIS XU S RN B [ ot
A5 ) L

X A 44— NMFE X0 32 5053 20 B 0 B0 M o S0P o0 ) . 4 i 1o 42 21 1 . NMF X331 F

xRS HH#A:2013-08-07 P 4% 1 AR A 18] : 2013-11-20  14:46
FREA  F 5K H KRR FE4 (No. 11131009 No. 61203295) 5 o I 25 K 2 BHIF A 57 141 BA 2 433 %1 (2013)
TEE RN EAEIN, B W 0, L A U WF 55 O i s AE BEIE 5  H AE S B2 E-mail ;. zxs@amt. ac. en; BIAEE KB,
E-mail: zhyuanzh@ gmail. com

™ £& AR Bk : hetp: //www. enki. net/kems/detail/50. 1165. N, 20131120. 1446. 201306. 1_028. html



2 FERFEAFFHRCEARFMH  http://www. cqnuj. cn % 30 %

PCA 5 5 % 1) — 50Ul A2 FLAE 1700 1 29 3 I8 4 3 Al £ M 29 B 7S 5T IR 2 AT A W7 T 1T 1% S 250 43 b [m]
2T XA ) R

EE1 GUEMFD A 0<X<M EHARMEME, Kb M 2FEEMEFR, F.G REREHEHET X=
FG", WIAETE—A X MM X=0 ffifF X=FG'=(FD)(GD )'=F G'",H 0<F; </M ,0<G; <M. f§
WML X SRR, B F=G" .l G* =G,

FOOSX<M E£R 0<X, <M,i=1,2,,n.j=1,2,ym,

ARSCRIAF A HLWR 56 2 AN NMF 19 3 P 1% L 5 1k (Multiplicative update rules) .2 3 #4318
T NMF £ 8 FfH E R 56 R85 4 BN T NMFE (8 JUAS 28 80 1T, I DURE 141 5 48 3% 0 [7) 252 451 £ 47
NMF 75 52 2% W 28 4347 v (8 0 5 Jis 565 5 3840 25 AR SCRY 2 MR B

2 EREBESBIFREEREE

B A A Y £ B2 NMF A5 A AT DLl 3R 3R a0 9 1 42 v 1 Ja) 4 Al
min J (X | FG")
s.t. F=0,6=0
Hop J(X | FGT) 2 i X I FG™ Z [0 22 5 1 9% F pR 48
AILUE B A BE F R G b (4 BT A o0 R A e O Ak 0% 78 o PR sk 2 — > RO Ak 1) 8, T L7 5 B
J(X || FG™) it U B X AT 3 R (0 PR 5T« 76 [T 58 G R % F OS2 Y 72 [ F OB, X G 2 i, BRI,
7 K ZHCR i NMF (53 #0 & k AAH e e hie AE 4L F ANG . 1H5 NMF 9 — 50k vl DLk 5 i 5k 1R v]
PLSR AN [ 0 7 vk S B 2 AT FSE 34T, L a4 dic /N — 37k (Alternative least squares)™ (BB 2 SRLE D A
ML SRR S R R SR R Rl )Y A R e 1 2% AR 875 (Multiplicative update rules)! ),
B PR T AT AN R B, e 28 s T2 J (Xl FGT) =
I X—FG'||: 8¢ #% 2 7 ¥ 1 Kullback Leibler divergence

B 1 AR U B A3 i (M) — B8 12 fiE 42
BWAF” .G t=1

W F.G JXIFGH= D) (X,log X,/ (FG")—X, +(FG",), 7R Hir
Liwhile 1 do BOF F I G TR BN B As R 1
2:[E GV A PO J (XL FOG PTH< A X s AN A2 Br L AER R AR LR R R P BB TR R B

JXLFTPGTTD . YL J(X || FG") = || X—FG" || & {9 ok i3t B 53 9 i S 1
3:E FO L GO A J(X.FPGOTH< T2,

JXFOG ) HLRHEE (X | FG™) = || X — FG" || 3 % F i 544
LR R LR L0

X Fo T - X, — F/ it ju o z K >

5 oif B 2 Ik M S B 2 then IEaFW]( I 6™ Z( Z‘( Gu)Gyo WAERN
6:F=F" N =F./ (FG'G),, s 1
7:G=G" B J Ty _ (XG) .,
8. B F,=F., — . EJ(X | FG )—F‘,um
9:end if Wik F G B (0, o] LIS S 453 G YR A, Al
10:2=2¢+1 DA B 500 00 R 20 o 10 BE T B B0 2B K SR i S S 4R
11:end while

BN IR A 20 RV RS B0 . R S0 A R W B I
SECPE o RIIE B 50 2 B T R O B AR B — A R i B U . ISR A M SO TIE B AE R i SRR L2 A i X —
HEZRIR TG 1 vh A T 55U 3T 19 Expectation maximization B 5 (EM) BYUESCHEIE I . & B 242 0 o 2R 01 48 [ 4y
figp A WL SIOCME TR B 0 — > — RO HE R IR R R T B R Y o R AR WA AT DL GRIE S  BE R RE

SCHRL33 10 33k 26 F A ek BRI AR B ) 26 AR HE I 64T T RGE MR 1 6 Al N T8 . 11 20 A= W 5 P 4 04l
2 HNIE S A 22 45 5 58 P AT LA, 25 R R WL GE i e/ — 3 H AR R BUR KL divergence H b bR Y £0(E
SR EN TR 44 RER




% 6 4 EHNEF EAEES B RE FEREA 3

® 1 AERE A R EFIE R R SRk OE N B g

Tab.1 Summary of different divergence functions and the corresponding multiplicative upalate rules
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Nonnegative Matrix Factorization: Model, Algorithms and Applications

ZHANG Xiang-sun', ZHANG Zhong-yuan’
(1. Academy of Mathematics and Systems Science, Chinese Academy of Sciences, Beijing 100190;

2. School of Statistics and Mathematics, Central University of Finance and Economic, Beijing 100081, China)

Abstract: Nonnegative Matrix Factorization (NMF) is becoming one of the most popular models in data mining society recently.

NMF can extract hidden patterns from a series of high-dimensional vectors automatically, and has been applied for dimensional re-

duction, unsupervised learning (image processing, clustering and co-clustering, etc.) and prediction successfully. This paper sur-

veys NMF in terms of the research history, model formulation., algorithms and applications. In summary, NMF has good interpret-

ability, is very flexible, has a close relationship with the existing state of the art unsupervised learning models and a variety of appli-

cations. In addition, as a developing technology, there are still many interesting open issues remained unsolved and waiting for re-

search from different perspectives.

Key words: nonnegative matrix factorization; multiplicative update algorithms; K-means; PLSI; image processing; clustering; com-

munity structure detection
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