5 77 A2 R

EARIEETIEM3EM

"+ X

£ % Constraitned-PLSA =z
oL T fg» X = 4 A 23

Document Clustering with Labeled and Unlabeled Data
Using Constrained-PLSA

FopoiimER

hERE 2R g

FERB —-BFAA




# v Constrained-PLSA 2. % & & & = ©# & #
Document Clustering with Labeled and Unlabeled Data Using
Constrained-PLSA

Moyod i mik g Student : Chun-Hsien Chen
hERR 2L Advisor : Chia-Hoang Lee
CINREE T
ERC O S G B A S
ML o @

A Thesis

Submitted to Institute of Computer Science-and Engineering
College of Computer Science
National Chiao Tung University
in partial Fulfiliment of the Requirements
for the Degree of
Master

in

Computer Science
June 2011

Hsinchu, Taiwan, Republic of China

PEAR-F &S



&£ ** Constrained-PLSA

J»

|
A

é?iﬁ SR E VAN
g4 mig g R 2R RR
M~ FFAFR FTAPLFE 1 /77 " L5

i &

Pl b e FAEE R o PR B E Y AR TR R B S

I+~

¥ F R U e TR S AN F A e L R A A B

oMU AT e r SR I S Avan ol RE P ek o
PR 4o~ ek 4 R FT e Tplens e A 2 & 41 Constrained-PLSA > i&
- BLERSFY gz #LFiRe T L 40~ Constrained-PLSA #
2P o Rl AR TR Ee DT e R A PSR -
B SERT N EFOERT T uR Constrained-PLSA Z 3§z * 7
g o ¥ eh A#e 4 % Constrained-PLSA it 47 > f1* > TR B

REFSTHESR R I HFRAERAS BERRAL) R g

=
e

FRTS T AT T ERRE- BREZ AL AK AN AL ok
genie £ 2 5% Tt Words only ~ Tags only ~ Words+Tags 4= Tags as words » 41 #* i& &
BELE 2 ARFH I ARDLFEFLEZRTH LA TMBELE D NT N R

B dbrmin e ok 0 &Y 4 7 5 d) Constrained-PLSA # riigd i 3
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Unlabeled Data Using Constrained-PLSA
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National Chiao Tung University

Abstract

Text classification is of great practical importance today given the massive
volume of online text available. Supervised learning is one of the popular techniques
for tackling text classification problems. However, enough labeled data is necessary
for supervised learning methods. Labeling must typically be done manually and it is a
time-consuming process obviously. In-general, unlabeled data may be relatively easy
to collect. Although unsupervised learning method doesn’t need any labeled data. But
users often have some background Kknowledge before clustering. Practically,
background knowledge should be"included into algorithms to improve clustering
accuracy. This paper extends PLSA clustering-model to propose a Constrained-PLSA
method, which is a semi-supervised learning algorithm. The Constrained-PLSA
assumes that data is generated by a mixture model and the correspondence between
each document and class label is one to one. By introducing the seeding documents as
constraints, we show that Constrained-PLSA can estimate maximum likelihood in
latent variable models using the Expectation Maximization (EM) algorithm.
Experimental results show that Constrained-PLSA with a small amount of examples
can effectively improve the performance. In addition, this paper also discusses tag
usage using Constrained-PLSA. Academic paper data set is employed in this paper.
Each paper consists of abstract and tag information. Tag is given by users after
reading the article. This paper analyzes four combinations of abstracts and tags:
“words only”, “tags only”, “words + tags” and “tags as words”. The best one is
presented in this paper. Meanwhile, the experimental result shows that
Constrained-PLSA outperforms other clustering algorithms.
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S S N Yk
2.1 Semi-Supervised Learning

L B8 Y (Semi-Supervised Learning) & - f&# * &3z (Labeled)fr 4

triz(Unlabeled) Frep BEY 2 2 T2 AR FH R g L ERFSEY

AN

T FFIOLERANFEE S SRKED > 2 F 7 co-training[4][5] »
semi-supervised Naive Bayes[6] ~ Transductive support vector
machines(TSVMs)[7] -~ graph-based approaches[8][9] - clustering-based
approaches[10][11][12][13]% & > iZdt 3 2 ¢ A% 4% b FUER » 4o p 2REF 3
f ¥ (Natural Languages Processing)[9][14][15] ~ ® 3 # %] (Pattern
Recognition)[16][17]4-F ##2~(Information Retrieval )[6][18] -

B R L AU B Y S kR 7o (Unlabeled) AL B~ 17 - 2 T30 > e 4rd B
BAlBER 7 3 & RS ART > AR PRI PRz R e 5 a T i g
R yrens gk [19] L8 ¢ — R FA AR (Labeled) shfad = & 5 F]pt 3
e EAGEY 22 ¢ AT - BRGeEhERK o bl4e t Nigam #riE )
Semi-supervised Naive Bayes[6] 5 BBk E_(1) F#L &4 = & 4 (Mixture
Model) = 2 = » (2)# | = & frifiech¥ u £ - #- &M % - Blun {- Mitchell
¥ e Co-training[4] 2 BEKF B FEA O £ 7 AR, 2 A B ek R o
Graph-based * i ¢ ™ B (Graph)4s i T4 » & 3 8L % £ #3z (Labeled) fr & &3z
(Unlabeled) g4t » = B A& FHRA-FTREFARES PR > 8- ko &
PR AT LR U N ek B R B hE 3 B - BAT T AR
triefr R e e B] o W F B NiF BN E S g T A AR (DR
% & PR s h TR ARTARE o (2)F B B 2L T F(smooth)[19] - #%~ #
&y 9 Semi-supervised learning = i# » & Semi-supervised Naive Bayes =i
KAApI e

- Vi ing & 2 ¥ 0L - A EE S - vi
Semi-supervised learning 2 ¥ iR - A 3F = Semi-supervised
4



classification 4= Semi-supervised clustering - Semi-supervised
classification fl* e frA e TR E 2 - B L EmanrHE S
Semi-supervised clustering f]* > £ effkie T4 E 1 A e Tl o Hox
% ofA & ¥ >unsupervised learning f4 ¥R ? 7 7 & F i F ALt » o

BHp g &R B iErd - BEMY > hopt - ko G- BEWY PR
PAR LR - TAN AR FEAY o B F P F A EIRE 2 0 A& PR
)b 2 & I Be(Cost Function) B 47 2 e o7 % & e 483 T »iie 4 chffim o
b 4e o K-means % 3 M ehd ] P E feFE ¢ o T 2 {epe it > Spectral
clustering[20][21] 4] * B 2, & & & TR & > # & p & 3 # (Objective
Functlon),T* € H %<3 B ¢ & ] > 2 (Graph Minimum Cut) ¢k 3% - "f 3 b iten
W B % S PLSA[22] f v #4 e % Sed AR AT 2 R hAJIE > ¢ SR LT
5 BARE o blde 2 328073 (Topic Modeling)fv = i 4~ # (Document Clustering) o
PLSA ¥ - ® 2 = #i74] (Generative Model) » v & A >R & » f2 (Mixture
Decomposition)#=#® ) B A ag W] 4] (Latent Class Model) ;5 i&42 & 1871 R, e
PLSA 7 = #&#3] » — B &_aspect #-3| » ¥ — B & statistical clustering #i-
A [23][24] » ~ % < #7 #& 4 & Constrained-PLSA &_4] * statistical
clustering model m # &_aspect model -

827X unsupervised learning 0= j2 fa 2 EpE2 & % 3R

e E F ki & efid (Seeds) » g FmgE Lo tma w[11] o 28
moh ey AABEFEEY oor - BRI TR s T U s Farek o W ¥ I
ACEPTORLT g S A FRFAUFIE 2 0 § oa FALAE B AR 0 S R RS g 1)
iE i o Wagstaff[10]#& & — & semi-supervised ¢ K-Means %3 » = i
COP-KMeans » #* = j2 4% - Aodrd kK B A1 FE 2 5 5 A B UHiEE > 5 -

AR % (must-1ink) » P iFE R A BHRELCERMRLS AR - BEPL %
Z A 7 ¥ i % (cannot-link) > & B4 2 JF A7 e o B IE R R A

SRBALY o A FE R 1S B R B8 RLE R 6E 2 - Basu[ 111917 A dphie T
5



% T+ & 45 f& semi-supervised 7 K-Means h% ) » i fa & flr i
Seeded-KMeans fr Constrained-KMeans * i Seeded-KMeans = & > f&a+ ¥ 4L %* &
K-Means #= 4%t chpriz » 25 A% AL ¥iF 52 ¢ > & Constrained-KMeans -
BRI ARE Gk T E Y e A HE (F P iR R e TR R 0 A s
e B % % 4 ¢ Constrained-KMeans +* Seeded-KMeans #x % 4% o &3z F it
% Constrained-KMeans fr Constrained-PLSA 4% ¢ figpiusie a2 2 4 % >
% — #;Constrained-PLSA _PLSA 2t # > @ Constrained-KMeans #_K-means
I oo

% b G- BT D0 K-means ¥ i 22 0 » 3 3F § o0 semi-supervised
clustering = i#» Ej¢H s chijg B2 ¥ @ % » b4 > Finely - Joachims[26]
- SVM FEZ I BEREBERS 22 BFafpin R R RPIRA
AR AR EREY > A e LR BT R £ 2% 0 Tt Wang[27 3% O -
i3 »eendgic 4204 (Sof t-Constraint)im £ 2 > AR E 2 F 7 B & gk
Ea BT - BRI, FHELE S 0% Constrained-KMeans > H 5 &2 A%~ #%
& e semi-supervised clustering model ApBE &% 7 > &5 d Zhoul[13]#74& !
g2 it 4 ¥ > Topic-Sensitive PLSA» Ji# 384 3 o ear A4 i% i Kk i PLSA et

(LA

NS

:z o F %+ > Constrained-PLSA 4= Topic-Sensitive PLSA &7 I 3o
Topic-Sensitive PLSA § & #@ * # & — & § LABcH> ) (Ti8 AL AL
FH R LR ﬁﬁié@ s A Bt 2 3 F (T A 2e (Positive Labeled)

TR R ER L EERE Y R R - BA A R

_‘m
i<
B

A& (Positive)H M ek H 8 2 3 B AR A 432 3 228462 § >
T H R 2t 48 (Negative) ¥4 » Topic-Sensitive PLSA &p & & {]
@A § frA e (Unlabeled)~ & » #-Afhiz~ R A4 G 2ol @
ABhY Fodok Ao chy AR I RABGHA R Ll R AR 5 B

Hi A SRR D A XA HAR IO 1 B TR B0 A HEL .



2.2  PLSA Model
FFER FY - EARRBEFHFTAR  blde 0 B F Y (Machine

Learning) ~ B9, %] (Pattern Recognition)fr p #X:% % a2 (Natural Language

-l

Processing) » #8— E &A% § 4oir § »ea i ALY (7 3 ER T3 2 2 IERIA
kg k BRI T- BFERE P I EY Y2 - BEE S %

TASEI R REE ARG DL A 2 AR T B ST ERE
2R %Q,Tfu?’ P G R IR R RTen- £ F ek > Hof fmann([ 24 ] & * dynamic

data #% i - ® unsupervised learning 77 £ > dynamic data 4p &~ B 4p 3
(domain)m f&4 2 chfk & X ={X,.... X}~ Y ={Vp,-- . Y} * (X, y;) & 1 & P fe ¥
d 3. (co-occurrence) sPF 3 o dynamic data A e * fi% b chAfe o A2 24

17 (Text Analysis) ~ & "% (Computer Vision){r:*+ & #3% 7 (Computational

Linguistics) » &~ & A& 4748 ¢ > X % document <& & » Y A & 1A X

TRHFARMAL T

I

shivocabulary # & » co-oceurrence s R (X, y, DR % 7y,

X; e73=% $c o

W+ o h % & > latent semantic analysis(LSA) #_- B » 47 < &
(Document)frF (Word)4p 3 BE 2 eg@afmfe> 2>yt 3 28 7 - B2 ez 2 @
%4 > LSA 4% singular value decomposition(SVD) % kg2 document-term

B B ik g 3T (Low-rank Approximation) ¥ M * kK irF fo2 F e

i
Ny

e /2 B enh % o PLSA 5 - 28 ¥ p LSA endid 53] »PLSA 3 3 § e d > %

- » PLSA ¥ - % unsupervised learning 7=/ » #7072 F & % Flix e et

e b %2 0 PLSA A- WA SR U R g R RENBE LGN
R AR LSRG AR R ST AL TR % 2 0 PLSA L

¥ ¥ (Latent Variable)® Mg 5] % (2 3 3 4 (Semantic Information) °

&4 PLSA 7 2 &J2 Polysemy Problem: = 7%{;&— BFid ¥ ARDEE

7



AR R Ana Y, B
N
(a) PLSA aspect model
o—-0 |
N

(b) PLSA statistical clustering model

Bl2-1 : two PLSA model

PLSA 3 & #& models > — ¢4 aspect model > ¥ *h - & &_ statistical
clustering model[23][24] » B 2-1 # #(a)+# 7 PLSA aspect model > d i % ¢

#_document random variable » w * % #%_word random variable » z & % e8_

latent variable >z ¥ 1 d & - meh(d,w) BET 7 £~ BF LhE &

2=z} B ARRP AR BT B W21 Y @)d T -

PEVUBRIFI LA A BALEA T UALEBF s F A

% latent variable model /=™ & 3* & maximum likelihood 7 & 4| *
Expectation Maximization(EM)[28]iF & iz » s i B @ ¢ 2 1A BHIR 5 - B
% E-step> % = B % M-step> % E-step » €& 4/* Bayes rule #: latent
variables &{$ % # % (Posterior Probabilities) » 12 = % & 1 latent

%4
~

variables ehis sk F 2 % 3\ o



P, |2,)P(z, |d,)
S P, 12)P(z |d,)

d2P(d)oen(dy) > Fltw b Ak o & M-step ¥ 0 & &+ 1 expected

P(Zkldi’wj):

complete data log-likelihood » = & ;X p| € 41 * E-step & !0 posterior

probabilities % { #7H&f% o

> n(d;,w,)P(z, | d;,w,)
Z:\n/l:lz:iln(di ! Wm)P(Zk | di J Wm)

P(Wj |z,)=

> n(d, w)P(z, |d;,w,)

P(z, |d;) = (@)




% = £ - Constrained-PLSA

L

PR E AR A & 9w B 2 Constrained-PLSA » piw B 2 B- BLE

74 ¥ (Semi-Supervised Learning) = i B % $j b 5 074140 § B~

LR S IS 5;;%—\%“ 3 iE o RS EE TR A R R 7R
FARANAER A AT RS Y S ERAT R R T L LR
FAsEL W g L R L R B ik~ kB IR AT P

’ﬁ i/{r’rjév\%i s Bl ﬂ\gé‘n‘? ER R ’F‘fpvf%l_ga_rfj?ﬁl ’ ?IJ'N‘ EQ ﬁ‘rgfjﬁ;{ % j\1i Ji 4F

Gk o PR E AN A 4 R FTE TR A 3 o

3.1 R&Ta

T g R R R A E IR SRR o 2 R B E S Do
Lingkrd o pr g LmdiwiEiDa{d, ndde d, L d R AE TR
NEHEHYE > A > 2 LRMEE BT AT E PR EL > HRaE S
Cr24 K@% > Coniai b C={l,. Ky Apigx- B3 g2 d 3

Feae o wEu R S pANPSET (Seeds) > &A% 5 deD' v

LB FAENC o Y, eCo T 0 ZATELWFTASNTF o L2

b
3

i

«-

S

LLDEBRELHRAIS AP R L D=D' UD" - &}

FEEA S B R (W W) 0 B W AT W ARES

(d,) > Vfl;%”'ﬁ‘”ﬁ S L Rk - S V=<W1,...,WM> "W mI_E'_,v- n(di,Wj) J

10



3.2 Constrained-PLSA

PLSA 3 = ##-3] > - #44_aspect #3] > ¥ - #84_statistical clustering
#-7) > aspect WA E - A ¥ ¥ ¥R F B topic 2 i3] 0 A statistical
clustering ¥ - ¥- &> *3h < & * 8 _statistical clustering #-3] >
* oA kst @ 5 Constrained-PLSA -

Ao PRCA]ZE Bk 2 Nigam[6]4p e ¢ % - BEGR 5 TR A 2 SR0R] 5
A& A (Mixture Model) » % = B 3K 5 8 & ~ & (Mixture Components)f-##

Ui - Ho HEM G- AEs BERZT EA N RLKURLE Y O

W

kg A AEReghice 7 ARBREEL Mixture Weights)iE# - BiR

W

LAt o BEYTEHNORE A SR I - B2k o Tt g d
likelihood d #7% R & 7 il S for T 4o™ > 37 4750 o
P, 19) = PEIP( 1 2i0) ®
HuldiE x5 KB oz, &% ki component” FliF F~ 2 F A jp>

R AT Arg 2 F D e logdikelihood ¥ & 7t = & - 2 F likelihood 2 #p

3% » B D log likelihood & i# 4™ = f23% o

InP(D|®)
- ZI |I’IZ P(y; =z,)P(d; | y; = z,; @) (2)

+ i Inip(zk)P(di |z, D)

d;eD" k=1
A3 E B 2 4o u £ - $F- $ & (One-to-one Correspondence) » #% i z_
#- B K #2ebinary random variabler, » 7, =<7Zi1,---,ﬂn<> CE Y=L o R

TKadeg? v 39 3 - Bt s 1> 2e4aiEy 5 05 P conplete log



likelihood ¥ % 7+ = & = fg;% o

N K
InP(D|®;7)= > > 7, INP(z,)P(d, | 2, D) €)
dieD k=1
WP w oA ¥4 7, B8R0 RAp ¥ @ > {1* Jensen * #5% €%
= 2 ;8 (3)complete log likelihood *2+4]-]- >t incomplete log likelihood 4=

< 2N (2) 557 > Fpt EMF £ 2 ¥ 35 7 locally maximum® -

Q: P(Zk |di) (4)

o P(z,)P(d; | z,) (5)

o Pz [ PO, 12" ©

— P(z, )I_M[ 0," " (7

- P(z,)exp(Yn(d, i) 11G) ®
E[L]= Y. 3 P, 1) InP(z, | D)P(, |2, ®) ©)
H =BT+ o= 3 P+ 35, -3 P(w, 1)) =0 (10)

o E-step # 2 3 B E@Z R hposterior % A2 F > .8 5 Q- Q& - B =
JEnxKeFaEd s - 70, AEF 23 d AEW ks o 2 RN ()5
#2350 ()& A1* Bayes 4 & » = 4255 (5)F] > 425 (6) A A!* multinomial
model 42 ¥ % > 2 ¢ multinomial mode % language model + & - & unigram

model » = 425 (6) &4 3+ & multinomial coefficient o = #28 (T)F* 7 OBk

TR A RN 4 topic-word A o OF FF|G ML - BEL S H

12



P BAR O R AFEY kAL F w0 24250 (8)E " natural
logarithm f= exponential function #-= 42:% (7)fad&ds = ¥ ¢k - BA550 -
Flt v d 2 4258 (9)complete log likelihood function fei & enf 4] if i+
Z:ZlP(Zk) =1- Z:LP(Wj |z,)=1%3* % Lagrange function - §|* Lagrange
multipliers pdfrr, A<k <K) Xk F3] > 4254 (10) 7 0bjective function > 1 *
= #2574 (11)4=(12)probability mass function % # + it He
P(z,) (11)

N

Y Pz Id)

i=1

(12)

3 P(z, |d,)n(d, w,)

i=1

> > P, [d)n(, w)
3100, w)
$ 3 un@.w,)

13



3.3 Constrained-PLSA ;% & ;2

Algorithm : Constrained-PLSA Algorithm

Input:
1. document-term matrix H of size N * M
2. K topics

3. §,.5¢ 5 K B topic ¥ shrseed, S,..S¢ =N documents

Output:

N & document 7K i topic % 5 ~ #
Algorithm:

. Initialize:

H;

Hi= ,fori=],,N N
Z]Hll
1 o1 1
= 5 Zuaes Mo ok =L K e S0
2. [terate:
(a)E-step

(Day = eXp(Z H,; log(é))
j

(2) Qik = chl((a;:al

(3)Qgy =1Q,,=1..,Q; « =1

(4) normalize(Q, ), normalize(Qs ), ..., normalize(Q;, )
(b)M-step
<1 ) bk = ZN:QikHi

(z)ek = gk
2. by

(3)g = 2
Zt=12i=1Q"

(c)change = |Q-Q™ ||
3. Terminate the iteration when change < t.

14



Input erdfa ¢ Z NE>Zamwe 2(H,...,.H )+ &8 R 5 M #7121 % n

q
s
3
9
|k
il
e
=
o
I
Il
:I
T

) FTF 2R T AT S N e (1)

P hELEL 3 ASBBEYE)  RBE Gl AR PA- e g RE

<o k& BE Y 0 BESG 1000 5 0 B 1%hERT o BIBD 1052 F R
% 78+ 5 pI|S, =10 -

Output en % 5 F B~ F e K BHES DB FLF > R B 5B FE
ﬁ%ﬁﬁ—%@i%%ﬁﬁwo

Initialize(F= 41 )endi A > #-5& K <~ % taNormalize e » H eh& 7 &
k- kv R el s sl Normalize ok e e ot d o A o Bk
BBl hfa+ (S),...,S ) di? s KEFRERES < (0,...,0) 0,....0, % & F
BMame & BEMAL B iNormalize iiZ it 23 {r i 10 6~ 7§
FE N BEYNRAS MBI I F o PP FoEuiog ¥ I mes

EFohEcriBBENFL NPT OIFREETHE L735 BEYF LG

MY

W ek -
[terate(ix B]) R 4e » X o 2w BIFE > (a)E-Step FHpEr iz o

seeds e £ ~ (b)M-Step s+ ¥ L 77> B (COFF K A5 w & vy

L

7
Rl

P

AR LGP ERI R AR BENOPILF B AR AHEY 0 E
multinomial distribution @ 3*& =V edg Fde™ > & %‘{,ﬁg 29 (a)h

(l)aik ﬁj%'g’é’\ °
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(2. Hy)
?{ v |exp(ZH log(6,))

= f(Hi)exp(Z h; log(6,))

§ AR L R EYA B R Nk

(dm

5 enfnT o f(H,) g
LA R g T el (M)A o g e 2 55 T(H) e i -

w80 (a)i(2)Q, LiniaNormalize evig2 » Q thidfrR £ 10 # 2 &
B R B AT PR

7 X,Tk{@i JHENRNES R BB T HENEL S 5 ¥ - BFE
Blehf A W F B EL 1 FL RS NG che R ¥ - BEYR DS 1
Spo Sy FR L ATHE L R 0 4 e £ (a) 9 (3) *1 5 ¥l
Qu=1Q,=L..Qu=1° LATREEE > #E3 L L5 enpal > A
T LR E R R - TR R s ifc(a)éﬁ(zl) S TR
normalize(Q; ), normalize(Q ),...,normalize(Q; ) ° MEcE A w I AT

RARfes 1
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(b)M-Step

PR B

-ﬁ;»ml"‘:—';-‘ic ’ i AT

? b—}k@Hi’&?”%%ﬂﬁéw,fq Ea-
i=1

EHETRET L&Y (b)(]l) N
B AT m—a = AR ,33»};
~ g E R{FF - V—JJ%KFMK‘.\,%/;%{‘{: TEe R E -
SH R SR A S S SRR R
Kend % ¥ 2 - K

Bl st (b)e(2) 2 5 4

Bk B oaH T
j=1 K
N
Normalize A2 » 3 & w 3 F H-4) » (b)e(3) ¢, ;il%k B E a7
Zt=12i=1Qit
i BB I ST 5 M E - BENIE K 4 ehis oo
(Xl % 20
PREERRFE R R ek AN QQV | 2 ATenE v FisF A F 2
%m‘%éi%ﬁﬁﬁﬁlnmmmmﬂ’»#{ﬁ EBAEnLE o P
B&F kA ETT i T AR e
FR bR B3 Pt R 5107 §
201070 > Bl ke B R A
B oo

ta(DrEd
i)

BRI 0 B

17



3.4 Constrained-PLSA 4

B & 4 %2 Constrained-PLSA ehpe 4 » 2 & &% § 52 (background
knowledge) » ~ At e Frkk v F R 0 1T 2l KRS 22 PLSA
FEZ BRRAAEENEY FEEPPLSA R A S X ERNETY FEE

T A Rdefe e » B e

“‘“ﬁ
__\_

I E S B B BIRA 0 A Aot

i

L2
eL ©

l.#7wgtt
%&—\?33 /ﬁfr/f PLSA L Z‘”'&p%ﬂ’—ﬂ :um IR 75'\(_’ r:"-i-"}; ,:'/fj{j —f_ﬂi,}}ﬁ
PP 4o T Bl 4-1 Ao 0 2 BRIB G = BEY O RIBPN OB 2 F 0 AT

Wy Bl TGP I SRR ke oo el 2 4

AR o FRPIAR R FER he g EH A ST 5 A e S B R R
A B R TR T LRI A S D A Y o

glg 1 E;"ﬁrﬁ'”'ﬁr ‘:’ 3
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AP EFEL I - e R RG TAPDfEF AT B 4207 0 2B G 2 HP
Afpe o FepEn o JIH EBe TER S APTT kT KRB o 0@

7

TR K e

324 o p ot

A ) # ng_gﬁ_; v ek A D W der T B 4-3 9170 = FIEB P m;f;é_—")— )

APBH P (TR P S AR P s &AL .

F3-3: LEAtms A%
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2. 2485 BHH P L
dTAP e Sefg S AR n 0 LR BT TR E N b T B 44
G A dei d BEATH - BEES TR L s g
A - Hulalx g s A ] RiEE - & Normalize» ¢ #:BH - B4 F

A Y] AT B BT RS G PR g o gD

IR

P

S5 o P R L T ATHME Y ot B ATeE Y et B g0 5] E

Y

2RI N IR B2 Fehe B KB ERTOES oo ARG T AT

Bers 8538 3 0 B0 e IR Y o

| 02| 03 [Ex;
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Sr® - RHRE/EESHG

4.1 H&oH

1.1 REEHRTE

PR EASHEST E deR T B TRE KBRS Eh T TR
AR R o REmy PR cEhw Y TR e R R Y FRERG Y R
FoRRE AL AENE LT FLRREV A2 3 omeET

EPILER e AT R e @ Y R R e FH B Farek E P B

B o

IR T he s 0 BB S EE T P ROLE R A7 AR S R
T oo R A D Bk ek o

.2a&wfime FREABES o LM bt b m ko P Sl
AR DT R R I SR ERITIRE T AN RSk TR
He o L ROR B i

33T N EHFEHRANEESIF R EAJI LB EET - K2 FD

w0 EA AR R o

4.1.2 w2 FHEIR

~#~ §1* Microsoft Academic Search'# ek~ & 7 TR e & o
Eip Bty 320 0E BgRTER DG AT T B 4-1 977 0 B¢ A

% %7 | Databases ~ 2. #_i* % 1+ Databases T ¢dp 7] & fC -

1 http://academic.research.microsoft.com/
21


http://academic.research.microsoft.com/

Microsoft Bt
Academic |2} Advanced Search
Search

Author » Academic > Top joumals in Databases 1+ 1- 41 of 41 results

Publication » Computer Science = ~| [AllYears -

Conference »

Jre— 2. Journal Publications Citations

Organization » MISQ - Management Information Systems Quarterly 555 28150

Keyword » TODS - ACM Transactions on Database Systems 928 36626
Sigmod Record 3092 85801
ISR - Information Systems Research 479 15162
TKDE - IEEE Transactions on Knowledge and Data Engineering 2401 31929
VLDB - The Vidb Journal 529 10723
DPD - Distributed and Parallel Databases 3N 4882
IS - Information Systems 1155 10794
JDM - Journal of Database Management 263 3495
WCIS - International Journal of Cooperative Information Systems 341 3964

Bl4-1 : Microsoft Academic Search
#& Microsoft Academic Search 8 & B #g&)<rt 7| & fis > 3| CiteULike®
WY R FFE S WER UG IaRE Y F E o TR 42 21 0 f1F BT
journal # = Databases #f%| ™ & “IEEE Transactions on Knowledge and Data

Engineering” # | -

Search CiteULike x

journal:"IEEE {Transactions on Knowledge and Data Engineering”

Include unauthenticated results too (may include "spam")
Enter a search phrase. You can also specify

— a CiteULike article id (123456),

= a DOI (doir10.1234/12345678)

] or a PubMed Id (pmid:12345678).

Click Help for advanced usage.

To search your own library, including private articles and PDFs, go to "My CiteULike" — "Search".

Search Help 1

¥V N I N [ [

Bl4-2 : CiteULike#y 7 40=

v
i)

{\x
(S
g
~=h
-l

Fhne o HY - B FRA40T B 4-30 48 F B

2 http://www.citeulike.org/
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http://www.citeulike.org/

B2 R &AL R R A o

Spatial SQL: A Query and Presentation Language
by: M. J. Egenhofer

=<

IEEE Transactions on Knowledge and Data Engineering, Vol. 6, No. 1. (1994), pp. 86-95. doi:10.1109/69.273029 Key: citeulike:5376380

Copy Posts Export Citation Find Similar

View FullText article

m IEEE Digital Library, DOI, Pubget, PubMed (Search)

Abstract

(11 Recently, attention has been focused on spatial databases, which combine conventional and spatially related data,
such as geographic information systems, CAD/CAM, or VLSI. A language has been d | d to query such spatial
databases. It recognizes the significantly different requirements of spatial data handling and overcomes the
inherent problems of the application of conventional database query languages. The spatial query language has

been designed as a minimal extension to the interrogative part of SQL and disti ishes from previ ly d
SQL extensions by: the preservation of SQL concepts; the high-level treatment of spatial ob]ects, and the
incorporation of spatial operations and relati hips. It c i of two comp s, a query language to describe

what information to retrieve and a presentation language to specify how to display query results. Users can ask
standard SQL queries to retrieve nonspatial data based on nonspatial constraints, use Spatial SQL commands to
inquire about situations involving spatial data, and give instructions in the Graphical Pr ion Language, GPL to

manipulate or examine the graphical presentation.

tozhanglei's tags for this article

I = db geospatial I
Bl4=3 ~CiteULikedp ~| %
AT R T AR T Sl I B BRI X G 5F S avh e o AT kip

W TG § 4T B A4 #Tn . DK RS TR G T T

el
X
g
O

b

ERPIATF a2

RENER £ SN

b

—
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41.3 HEFRELA
(- )i & H ik Tk

—hYRTHFEIEEAS BIA RRE Y A - R R ooMET AR

sl

P IR L ARG 2 R A AT e LT A R o R R deip e B 4
T AR TR RSN
7 7 48 & (Words Only)
RS TR RE AR L CARE T ARE LR LG TR LN 1S

G- B RHELT - B RER T N AT B L o RS B

@ £ 170 H it (Normalize) saJe -

2. 7 7 #4# (Tags Only)
227 3 3 & (Words Only) ks s mx Rt k& 7+ - R B £ 5 0

RAF 2 RRAY PF e TR RS R LT A B

l“‘b

BHEL T - b FERNFT IR EFRDFLE Do RE L

7 21 (Normalize) 52 o

3. 4 & &5 B w) vt b (WordstTags)
Fh £ Lt HMAER Y 3 BRGNS L F T I ARRY 3o
BE iRty Bolow £od Brai &8 N fio ftar A1 (Normalize)

)2z ;}%Q e fie £ &2 Fant bl s o

4 8§ + 4 & 5 (Tags as Words)
HEFDOELEfERDELL - BATDREL ﬁ‘u{ﬁfeﬁ BHEEBIE
HHRAEL S B - K R R bigh - =ok#s B “bigh o

Pl bigizBF e B¢ #E 2 [4n & i5— R ar i (Normalize) &d2 o
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(Z)FLHFRF

FemE &% ‘abcecde
ERPELEL 1 f
*-h ¥R fab

R gl RGN

NTRLAE - B ReomE Ao

1. 7 7 4 & (Words Only)

a b c d e
vector 0.5 0.5 0 0 0
2. 7 7 #4# (Tags Only)

c f
vector [ 0.5 | 0.5
3. 4 & & B w) vt & (Words+Tags)

a b c|d|e|Cc f
vector |04 |04 [O|]O0O |0 |01 |O.1
Words+Tags % ‘* &) 5 8:2 enffiw
4. 8§ >4 & F (Tags as Words)

a b C d f
vector [0.1 (0.1 [04 | O 04
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4.2 FHTA

R R OFHEL T M AT ARE T H A gl Haguls e

Fdcs 7 rApk o T
1. Citellike #H =

U E - R ST

TR

Bz FaE -

TG A & Ry B Ak R B

—"Ff@ g (Tag) kK § (Fafgenikdy; A% 2 jcfk 7 = B4 % Databases -

Graphics ~ Programming Languages » i&= B #f %] chdp 7 F 4™ £ 4-1 #7
’,:F o
FA4-1 k2 FHEA
DATABASES GRAPHICS PROGRAMMINGLANGUAGES
CSDA 813 CG 285 JFP 116
DKE 249 CGA 88 MP 381
SIGMOD 43 CGF 143 SCP 294
TKDE 169 TOG 32 SIGPLAN 491
TODS 15 TVCG 193 TOPLAS 82
Total 1289 Total 41 Total 1364

d R FE A G eniE R B TR H - A i) deT A

4-2 #157 o
242 %> FHEDB
DATABASES GRAPHICS PROGRAMMINGLANGUAGES

CSDA 813 CG 285 JFP 116
CGA 88 SCP 294
CGF 143 SIGPLAN 491
TOG 32 TOPLAS 82
TVCG 193

Total 813 Total 741 Total 983
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2. 20 Newsgroups
20 Newsgroups .- B ¥ A * A2 o FHS LT AL E > o TR B R
FrEFHmE B ¢ 70 BT 20000 e R 0 £ 5 20 BaEw 0 ¢ R
BN E®RE o JSEE NN A2 B2 comp ~ talk ~rec > sci i 4 BER
Bl kR T KA SRR R B B F BAE NI ERA1000 B ¥ 3
(1) 20newsgroups ¥ # & A
£ % comp. sys. ibm. pc. hardware §= comp. sys. mac. hardware °
(2) 20newsgroups ¥ #L # B
s 7 talk.politics. guns §r talk. politics.misc e
(3) 20newsgroups F# & C
¢ % comp. graphics ~ rec. autos »sci/cerypt f- talk. politics. guns °
3. Reuters
Reuters-21578 » H -k f%# * KRz @@ b ¥ - BFHE > EBF
FEEG 21578 K2 F iz 2T H % 41 o> 230K 135 Bagw; 7
B

R X

.ﬁ
&
Bhci
o
=

9y ik B e 10 45 K A 45 o

s

T4 43 w2 10 H TR P

N
k5
bt
A

SRS R LAY BT 8 T

* o

% 4-3 : Reuters F#L &

ACQ 2131
corn 207
crude 510
earn 3753
grain 528

interest 389
money-fx 601

ship 276
trade 449
wheat 264
total 9108
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4.3 H%HZ

4.3.1 g2
(1)Port Stemming

A * Stemming PP A G T RZUAR AL B OFHEL S - o
F o bl4romovies € # (* = movi-movie » € % i = movi’ 4t - K omovies
frmovie § @ - B3 AP Eege B B P A A p LR AL
Bzt - B3 ORAIT o AP erir ¥ (g Porter 9w B2 o i #3F S
FADORLLIGH R OFIFHRENLE O MERRDT O F Y R B

ER PR

(2)Stop Words
e F2¢ 0 € LA 3R BB i F o ¥ a -~ the~an ¥
- ﬁ{Stop Words gt 3 & § 2 B2 & 0 ¥ g5 o Fa- BN
(Noise) » F]pt 24 e sd-= dt ¥ e Stopwords 24 — B £ & » A #-F o Uk

WA E 0 § SRR A5 %3 % & 5 Stop Words 4 - ¢

BV m%%z;gwgﬁ:“}?;;g*); Xl BRI R E RS B

' ko

~m)

L7 g o FP A PR g e A oy 0 B G5

e
™
b
=

TR Bl IRBE L BB RELE S R R0 AH L

P RRTE s B A G g il B

28



4.3.2 H#H#ELSPFR%
ARSI FHRT 0 A * clustering FiFE 2 kB FF &% ok = F

“ri Flene fa ke & 5 words only ~ tags only - wordsttags fr tags as words °

+ words only §- tags only

BAH

|l
18

rar}%—ﬂw\ﬁm o #HH D ke

* wordsttags vt &%

-

A0 4wk B oword:tag vt b8 1:92:8 - 21 9:1 7R &% o

* tags as words

KRR L > APRTSES 15200

v * Plen 25 PLSA[23] ~ LDA[29] ~ K-Means ~ MM-LDA[30] » iz = /&
v e LEE N EE o A 2~ 1 Constrained-PLSA k¢ igat 2E T A5

= 7

ER NN S ;Egﬁ_‘zcmﬁ Fmr? 1% b fte )\];Eé’%‘#%/‘ga?‘é%ﬁi% 2 F L ik en

=

BT E A

4.3.3 Semi-Supervised Learning § &
Semi-Supervised Learning # &% ¥ > N PEfhie TR VA RE7 B
B kA ATk Somit A & 193] 5% o F S B enikge TSR AR B AT BRI .
BRI PR EF 2485 0 &5 1000 B = 3 0 & Lo in™ A PGS B
G EEERE 10 B Ry TR TR S Y AT BRIl T HE T RN . A PREs
Pl @B P10 X B 5 T Hms 9% 8% L8 251 WL IR
WAt L e TR o LI A h P BT P RS R o

Constrained-PLSA - Constrained-KMeans[10] ~ tSVM[7] -~ Graph-based

Semi-supervised[9] -
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4.3.4 Constrained-PLSA /=42 |
T B 4-5 F AF&H 2 Ptk 213 2 Constrained-PLSA 2. Bk A7) o

( R
Corpus
\ & y,
4 )
Preprocessing
\ y,

v

-
Document-term

N

L Matrix
(~ ll 3
Initialize
\_ _J
v
4 N
E-step <
\_ J
v
4 N
M-step
\_ J no
v
<
Terminate
J
yes v
\
Analysis
J

Bl4-5 : Constrained-PLSA/x 42

30



2 & " _\
4.4 dxap it E 33N
4.4.1 F1 cluster evaluation measure
LT et A 3% Tl cluster evaluation measure[30] k3=

BETR o F AR A RAERE AT D g B E IR 0 LT g

S T LA Ay LE O T BT P AR Eang S o B g iF
B R NT s e B R

1. True Positives(TP) :

R A A

N
&
4
it
b8
B
‘_

hk BREup o
2. False Positives(FP) :

RN AR R AR

f
flﬂ
o
H
«
i
bt
3%
N

Ak BRELRN -
3. True Negatives(TN) :

RN A AN S =

=1

EEHRO RS A Ak BAYP o
4. False Negatives(FN) :

R I R B S s A

o N
Jul
»
X
3\1\}
4
St
P11
%
fim
F_k
?‘T‘l
=
S
)
£
‘—A;!,

F1 cluster evaluation measure 3 ;* T_& 4 F -

.. TP
precision = ——
TP+ FP
TP
recall =——
TP + FN

_ 2* precision*recall
precision + recall

F1
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4.4.2 Macro-average F-measure
LER SR A $ ¥ Macro-average F-measure k37 4 3 {8 chig
5430 @ A 2% accuracy kA4 0 B EFEAPOTRES > G R FTRE

2

& pagLlhe £ 4% £3 T a5 doReuters & B TR E > & § 3 ToglER
fa

ToFa g F A F T AR blhek TR R BIK A SN E_800 & ~B = E_200
7

ook QUJFK;IZ_Q F AT A BT R0 €5 80%ctmadk i B ot K BB HE W 245 o
F]ut 41 * Macro-average F-measure & 4 47 81 o T £ 38 5 ¢ 2475 B
B4 R o
Macro-average F-measure #_% 3+ & & i #f %] e F-measure A {6 £ kBT 32
e E &2 Fl cluster evaluation measure 2% 4pfF e
1. True Positives(TP) :
PR B ¥ U ERTE S it
2. False Positives(FP) :
G F AT s 2 A B DRl -
3. True Negatives(TN) :
RICE S ¥ kxR e S aF 55
4. False Negatives(FN) :
- B D RRE R e A D4R Y o

- TP
precision = ———
TP+ FP

TP
recall =——
TP +FN
2* precision*recall
precision + recall

F —measure =

F measure,

Macro —average F —measure = N
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4.5
4.5.

RS

1 H#ELATRHRS

T A A4 E 45 cd 4-6 F Lo

FALR A S g S

F 4-4 %< T E A tags only ~ words only

PLSA K-means LDA | Constrained-
PLSA
Words only 0.4762 0.4842 0.504 0.5879
Tags only 0.5155 0.5013 0.5154 0.5766
% 4-5 %2 T4 8 A wordsttags
EL PLSA K-means MMLDA | Constrained-
PLSA
9:1 0.465 04982 0.5126 0.5794
8:2 0.507 0.5128 0.5763 0.6173
7:3 0.5351 0.5236 0.5702 0.6026
6:4 0.5185 0.5219 0.5517 0.6139
5:5 0.5034 0.5116 0.5208 0.5478
4:6 0.4967 0.5204 0.4798 0.5201
3:7 0.4933 0.5232 0.462 0.5274
2:8 0.4935 0.5022 0.4907 0.5093
1:9 0.4991 0.4945 0.406 0.4913
2 4-6 1 &< 4% A tags as word
Tag weight PLSA K-means LDA Constrained-
PLSA
0.5094 0.4887 0.5573 0.6091
0.5707 0.4783 0.5719 0.6154
10 0.5622 0.4957 0.5605 0.6163
15 0.5831 0.4994 0.5631 0.6282
18 0.5933 0.5 0.5874 0.6236
20 0.5503 0.5002 0.5043 0.5947
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T A AT A 484k 4-9 F L

T B i ehd %

# 4-T: %= 74 & B tags only ~ words only

PLSA Kmeans LDA | Constrained-
PLSA
Words only 0.8108 0.4754 0.8212 0.9265
Tags only 0.5793 0.5111 0.5456 0.6416

# 4-8 1 %< T4 § B wordsttags

ELA5 PLSA Kmeans MMLDA | Constrained-
PLSA
9:1 0.9428 0.5534 0.6231 0.9432
8:2 0.9057 0.5828 0.619 0.9268
7:3 0.6308 0.4793 0.9052 0.9069
6:4 0.5831 0.4827 0.8752 0.8854
5:5 0.5481 0.5043 0.8093 0.6508
4:6 0.507 0.5042 0.7298 0.5811
3:7 0.4886 0.503 0.5395 0.5494
2:8 0.4799 0.5025 0.5589 0.5159
1:9 0.4727 0.5026 0.5347 0.4987

# 4-9 %< 74 & B tags as word

Tag weight PLSA Kmeans LDA | Constrained-
PLSA
1 0.9435 0.5594 0.9346 0.9467
2 0.9428 0.5707 0.9316 0.9453
3 0.9345 0.4802 0.9254 0.9444
5 0.9316 0.4787 0.8911 0.9363
10 0.9157 0.4843 0.8449 0.9206
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4.5.2 Semi-Supervised Learning § %% % %
T % 4-10 fr® 4-6 5 20newsgroups F AL H A #cip B fod SE o

20newsgroups F # B A & B~ comp.sys. ibm pc. hardware -

comp. sys. mac. hardware iz B3 5| o

# 4-10 : 20newsgroups F# & A #icdy & %

Constrained tSVM Graph-based Constrained
-PLSA Semi-supervised -KMeans
1% 0.6983 0.5386 0.6029 0.4922
2% 0.7380 0.5727 0.6332 0.5239
3% 0.8052 0.5926 0.6665 0.5354
4% 0.8172 0.6494 0.7119 0.5408
5% 0.8249 0.6774 0.7324 0.5524

0.9000
0.6000 - 4— Constrained-PLSA
/H
0.4000
== Graph-based Semi-
supervised
0.3000
==je=Constrained-KMeans
0.2000
0.1000
0.0000 T T T T )
1% 2% 3% 4% 5%

B14-6 - 20newsgroups F #L A" 2 ]
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T 4 4-11 4B 4-T7 % 20newsgroups F # % B #kiyp % % frd R E -

20newsgroups # # # B 2~ talk.politics. guns §r talk. politics. misc &

i 55| o
# 4-11 : 20newsgroups ¥ # & B #ip % *
Constrained tSVM Graph-based Constrained
-PLSA Semi-supervised -KMeans
1% 0.6956 0.5325 0.5232 0.4630
2% 0.7781 0.5658 0.6448 0.4916
3% 0.7918 0.5996 0.6583 0.4976
4% 0.8116 0.6229 0.7037 0.5078
5% 0.8122 0.6334 0.7111 0.5161
0.9000
0.8000 ‘/’?—@
0.7000 e
0.6000 /r/ ¢— Constrained-PLSA
0.5000 M f EVE £SVM
0.4000 =>¢=Graph-based Semi-
supervised
0.3000
== Constrained-KMeans
0.2000
0.1000
0.0000 T T T T )
1% 2% 3% 4% 5%

®4-7 : 20newsgroups 7 #* $ B 4 ]
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T 4 4-12 4B 4-8 % 20newsgroups F AL E C #Ap Bk frd RE

20newsgroups % #* % C A&_P~ comp. graphics - rec.autos ~ sci.crypt =

talk. politics. guns &2 % %] ©

# 4-12 : 20newsgroups F# # C #icdp & %

Constrained tSVM Graph-based Constrained
-PLSA Semi-supervised -KMeans
1% 0.9356 0.5559 0.3578 0.2813
2% 0.9371 0.7084 0.3808 0.2886
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