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Topic Graph based NMF for Transfer Learning

Hirok1 OciNo 1 and TETSUYA YosHIDA 1

We propose a method called Topic Graph based NMF for Transfer Learning
(TNT) based on Non-negative Matrix Factorization (NMF). Since NMF learns
feature vectors to approximate the given data, the proposed method tries to
preserve the feature space which is spanned by the feature vectors to realize
transfer learning. Based on the learned feature vectors in the source domain,
a graph structure called topic graph is constructed, and the graph is utilized
as a regularization term in the framework of NMF. We show that the proposed
regularization term represents the similarity between topic graphs in both do-
mains, and that the term corresponds to graph Laplacian of the topic graph.
Furthermore, we propose an extended learning algorithm based on the standard
multiplicative update rules and prove its convergence. The proposed approach
is evaluated over document clustering problem, and the results indicate that
the proposed method improves performance via transfer learning.
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Fig.1 Overview of Topic based NMF for Transfer Learning

2 RMEY I 7T 71205 NMF & 75858 O Mkl 2
Fig.2 The Framework of Topic based NMF for Transfer Learning
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B 3 Topic based NMF for Transfer Learning
Fig.3 Topic based NMF for Transfer Learning

Algorithm TNT(X;, Usg, v)
Require: X;
Require: U; € ]Rﬁ_xq s.t. ulTul =1, Vi=1,...,q
Require: v € Ry //EAIBAREL

1: Uy :=Uy /)T RAAL L THE LT Us ZHI0MEICEE

2: V¢ Z9I8HE

3: while & TZEAZ S 72N RY do

. R XV U W),

# U0y = (Ui v, vT 0D,

5: normalize Uy st. ulwu; =1, Vi=1,...,q

;: - Uy Xy
6: (Vt)lj = (Vt)zy (UzUtVt)LJ
7: end while

8: return Vi
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m-Tf5 77 7 OERTINCK T D7 T 777737 Ly WD,
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4.1.1 HET—4

BATRRED) ICHS &, BEREE 20 =2 — RV L—7 (BUF, 20NG L £ *'0s 7 2
B Y TR DEBEEICK LG L7z, 207 — 213y MVERET AL TRE SR
XET—2THY, "y T ATV ELTLOD >y 77 2V {comp,rec,sci,talk} 23
HY, TOTICHTHT TV RHDL (R 1SHR). BEFEHOERRE L LUL, WAL
UChy T HTraViddh@E L, NAAL VRILEE YT AT IV ICRTT—4 Y b
TR Lz, B RO BMILT —F BOZVIE R AL VLA EFE L TT — 2 BOD 7
WHIE R AL COMREM EEZMDZ L THHTD, TRAL LV ERAERAL LV ETOT—
PO E A1 L, BERAAL L TO{FY T HT I NG 25 HOIEEIEE T L,
KT—FEy NZEIZI0ET OV TAEER L. T—F &y haFE 2, £ 31T

£ 7))L T &IZ porter stemmer *2 % F T stemming 24TV, MontyTagger ** %
HAWTERFNZSEL, stop word #FrZE L THAFH T T LAZ 2,000 35O HGEZ BN L7z,

*1 http://people.csail.mit.edu/ jrennie/20Newsgroups/. A% Tld 20news-18828 #{#iffi L 7z.
*2 http://www.tartarus.org/ martin/PorterStemmer
%3 http://web.media.mit.edu/ hugo/montytagger
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# 1 20 Newsgropu (231 2 MfE
Table 1 hierarchy in 20 Newsgroup dataset
Fo 7 Ed ES kv Ed ES)
N7y N7y N7y N7y
graphics comp-1 crypt sci-1
os.ms-windows.misc comp-2 i electronics sci-2
comp Sys.ibm.pc.hardware comp-3 set med Sci-3
Sys.mac.hardwarc comp-4 Space sci-d
windows.x comp-5
autos rec-1 politics.guns talk-1
roe motorcycles Toc-2 talk bolitics.mideast | talk-2
sport.baseball rec-3 politics.misc talk-3
sport.hockey rec-4 religion.misc talk-4
% 2 4 clusters dataset
Table 2 4 clusters dataset
id Dataset Clusters
. Source comp-1 comp-4 Tec-2 Tec4
a comp Vs rec Targot comp-2 comp-5 Teo-1 Tec-3
b comp vs sci Source comp-1 comp-2 sci-1 sci-2
P V8 & Target comp-4 comp-5 sCi-3 space
-~ Source comp-1 comp-5 talk-2 talk-4
© comp Vs ta Target comp-2 comp-3 Talk-1 Talk-3
a rec vs talk Source rec-1 rec-2 talk-1 talk-3
“ Target rec-3 rec-4 talk-2 talk-4
i vs talk Source sci-2 sci-3 talk-3 talk-4
€ seivs ta Targot Sci-1 sci-d Talk-1 Talk-2
% 3 6 clusters dataset
Table 3 6 clusters dataset
id Dataset Source Data
£ comp vs rec vs sci Source comp-1 comp-2 rec-1 rec-2 sci-1 sci-2
“omp V8 rec va sc Target comp-3 comp-4 Tec-3 rec-4 SCi-3 sci-4
‘ - talk Source comp-1 comp-2 rec-1 rec-2 talk-1 talk-2
g comp Vs rec vs ta Targot comp-3 Comp-4 Teo-3 Teo-4 talk-3 Talk-4
h comp vs sci vs talk Source comp-1 comp-2 sci-1 sci-2 talk-1 talk-2
Somp V8 5C1 V8 ta Target comp-3 comp-4 sci-3 sci-4 talk-3 talk-4
. . . talk Source rec-1 rec-2 sci-1 sci-2 talk-1 talk-2
! rec vs selvs ta Target Teo-3 Too4 Sci-3 sci-4 talk-3 talk-4

4.1.2 F @ RE

FROT—21X, 7 —% (ZZTEHXE) JLIZEDOI TAEZBEMTHDL. KT —4
Ty M LT, &7 =X ICxtT2EDY AKX LEIDYTHNZY T A XIS CIER
(LA @R (NMI) 230 L7, Ho s 22 LE0 S THNZT T AZICHIET D%
¥z O, C L4 5L, ERUCHESHRE (NMI) 13U FTERSND.

Ei(619) (€ [0,1]) (12)

(H(C)+ H(C))/2
H() 3y v/ AAERETHY, I(;) FHEHBEETHS. NMI BREVIZEEDZ T 2
B TCOF—ZEETZAKT B L 2RI 2w, 77 AZELTOREICHIET 5
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RFEH 7 NMF OFETH S, 1) NMFY, 2) WNMFM 3) GNMFY (ot L, #2830
LDWEBEBEOMBEETM L. £72, toOBBEEEL LT, 4) SDT?, 5) MTrick'®
LB LTz, IS, BELRAAL Y OF—HITxT 5 =2 F 4L LT, 6)skmeans®, 7)
Neut'® 3 L7=. F72, 7T AX K EITE 21D LIRELTE.

WNMF 1%, 75757537 w202 Neut ST 2 BT 2EHLTF—
BITHNE R L, BB 0T —217512xt LT NMF #5335 FEchry.

GNMFY L3, 3.5 8iTih~7= X 912k (11) O 1 HEH 3 HA ML FIETH .

PEREETO NMF, WNMF 125 LTI (3) 27228, GNMF Ttk (3) & v i fk
BNIEFITE DS T2720, 1ERED GNMF TlrIEse L 7= £ 34742 skmeans Z 3 fH L7=.

4.1.4 EBRNFA—4

T2 WO L LT, SCHEAR TIEENICHV b D 31 SR Z v,
SDT, MTrick TIIE KA A Y TTNABEZEND Z L 2 ELTND, FHlFER T
FTYUTHWRW 8, TV RS EAMBIRIC RT3 567 50% 0 I28E LTz,

SCERY) 126V SDT TIXHAE N A A x4 5 EAREE 0.025 & L, Neut'™ L [REIEEC
kmeans WM L7=. 7=, K 128 MTrick TIEoE RAA LB T2 T — K7 5 2%
¥k 50, BEE R A A LSBT 2EMERE 1.5 & Lz, 72k, kY o X T~ Lok
SNWTRVAT (v 7 [iEE AW YIIEREN TE VD, X ~ FSGT 128 51751
G DOYIMEIL skmeans % V>, F 330 1260 pLSI?) 2 W CHIEME 2 3% L7-.

GNMF (Z5%f U7 — 4 Z L AHERUE DS BAL 10 O T — % % V< m-iifs 7' 7
TEMEL, A (11) TO XN FSTRY THER S U2l (A=100) & L7-.

415 EBR F B

BRIEIC L DA L= £BUT4] V 125 LT kmeans i%, skmeans %@ L CTY 7 A4
U7 & 7ot NMF 3R E1T 2 FIETh H7e®d, BonsFEE (T4 U, V) i
VIMEIRST T 5. 2o, A—07—24750xt L TITAIoREE T v % A2 10 8
Kz, ThWEH{HT—FZEy hTED 10 ¥ 7L L4103 LT 100 BRI TOFH 2R 7z
728, NMF O T &3k LI 30 & L.

4.2 ET—AIIxtT S

AETCOR TR T A — & Off, Hmid (12) © NMI ISHIET 5. P o ALE) (1K 4
M) THEBE NMF, S8IT WNMF, 8% GNMF T 5. £72, +T 13X 2 ® Step2.2
TLEEOFFEEZEH L CERSE 21T TG BICk IG5, IFTIE, —flELTER2T
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comp-talk ) .
- comp-sci-talk comp-talk comp-sci-talk
c,,7<9<><><><><><><><><><><><><><><><><><><>,., NMF S - e Q. 5
—o— NMF+T © oo™ 000%000000% o 81990009 000 S |goc” 00000000,
-~ WNMF . . .
—a WNMF+T S E 84
a
GNMF = T < a
z o y Z 24 A
~ GNMF+T g 2 s 2] W % b
Son'y A ° Auds ataax
m«‘f\ S ST RRTY
. vy TS 2]
WVVVVVVW o
] 50 100 150 200 o 50 100 150 200

a a a

4 FEREIECRU DR g O (2 - kmeans, 4] : skmeans)
Fig.4 Effects of # features g (left: kmeans, right: skmeans)

@ comp vs talk (c), & 3 TP comp vs sci vs talk (h) (T3 5K %2R

DI EBR Tl v=0.15, A=1.5 & L7=.

4.2.1 GBHFEOHMR

KBV, FHCHCHRFE TIIEL ORFERBZFE L CERAT 2 2 L nmEE L 2 nY.
D7, Kk ¢ ZO LIRS OB EE ORI L. EREX 4177 XM 4
T, LM 25077 713 kmeans, Al 2 13 skmeans (2T DR TH .

4 10, SR g OB NMF, WNMF, GNMF & & 23ISR MK T Lz, il
W, BEEERCTEBFEEZ1TY 221280, GNMF+T(RHEER) CIifEdi ¢ 021k
6 LTIRFIC AN MR E 720, ETRE B RE<SHELZ. NMF+T X WNMF+T
TIEHE—EBETLEbOD, g OANCHEVREE R M L L2, GNMF & FER, T bkt T
HRFEED L WA BT D IEEEIC L DB EE O R MR L.

4.2.2 HFEREDLEE

il FiE L O ER 412737, K2, K 3ICBNTHT AT T Y % Source(5t K A A V),
Target(AEE R A A ) ERFELTVEDR, ZOREEZLHELZES TOERLITY, %
T—=Fty NTLICEMEEZFY LR E R, 4.2.1 #i©R Lic & 9 ITRBIEOR RIS
B g \THRAFT 27, R 412037 7 A2k T3 LT 10 £i%, 30 5 DR A V256
O skmeans OFEFRZRT *? (F 4 T x10k, x30k & FiL) .

#z 4 kv, X (11) KT 5 GNMF+T X MTrick X Neut 72 EfiFiE4 2T REl>

*1 BT hT Y OBEOHREZHEL, T—2EOLRET 4.1.1 BITORRIHESTT =y FEER L.
*2 q BHIINL723E, WS L RBLA RPN REIRICIZ/R 5728 skmeans D573 kmeans & 0 /D FEEE S E - 7.

(© 2011 Information Processing Society of Japan



IPSJ SIG Technical Report

x4 fFEE O (NMI, skmeans 1)
Table 4 Comparison (NMI, with skmeans)

qRatio Dataset [ a [ b [ c [ d [ e [ f [ g h i
NMF4+T 0.228 0.105 0.211 0.159 0.180 0.231 0.250 0.202 0.225
X 10k WNMF+T 0.325 0.123 0.308 0.158 0.187 0.163 0.235 0.291 0.204
GNMF+T 0.527 0.287 0.447 0.329 0.413 0.428 0.462 0.449 0.423
NMF+T 0.310 0.148 0.294 0.216 0.245 0.266 0.301 0.263 0.263
X 30k WNMF+T 0.214 0.109 0.152 0.125 0.161 0.152 0.196 0.207 0.164
GNMF+T 0.516 0.252 0.413 0.295 0.351 0.385 0.431 0.429 0.349
MTrick 0.441 0.283 0.396 0.284 0.339 0.383 0.409 0.396 0.364
SDT 0.358 0.118 0.210 0.158 0.154 0.160 0.188 0.254 0.179
NMF 0.435 0.249 0.387 0.281 0.331 0.358 0.386 0.377 0.354
Xk WNMF 0.315 0.215 0.364 0.235 0.273 0.262 0.356 0.326 0.312
GNMF 0.393 0.161 0.345 0.243 0.247 0.308 0.332 0.326 0.276
skmeans 0.208 0.107 0.213 0.143 0.154 0.206 0.224 0.208 0.185
ncut 0.462 0.267 0.381 0.298 0.371 0.383 0.403 0.402 0.372

. FEIZHERIETO GNMF (xk O1T) L L THEBFEIC L SMmkm L3RR I
. GNMF+T = WNMF+T TiX x10k OF 2 BRI 2GR & 7o 072, NMF+T Tl ¢ D8
JCEECEEEE S B B L7720 (K 4 BHR) x30k O BifefkER L7220 SDT % k-7
2, MTrick (CI3ZRIE7R0 > 72, WNMF4T Tl ¢ OEINCHE D BER T AR E L, SDT &
ERl>728 0@, NMF+T % Flal- 7z,

FEEOBLE B, BERETK (11) 2V 78EE (GNMF4T) 13Tk & i L TR R
Lpoled’, FHBE g NS TR T, 1ERIE (Rt g 227 7 A2k
WRREL, A (3) #HWeiss) LHikd 5 & NMF+T, WMF+T OREEIX TR - 7-.

5. bH Y I

AFTIE, NMF CIRRBHERBICHIST 282 b (FE v 27 SIRR) TELND
MZERIC BN TT — X 2R L CHRBET 52 LICER L, FAL SR CREEBUCH VD4
MRZERIASERIT 5 &0 ) BB R S &, SHRZE R ORIFIEIC S B e Bk 2R L
72, RBETIIT AL LIZBNT NMF & VTS LBy bR by 2 7
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