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Abstract Automatic analysis of concepts or semantic relations from text documents enables not
only an efficient acquisition of relevant information, but also a comparison of documents in the concept
level. We present a multiple cause model-based approach to text analysis, where latent topics are
automatically extracted from document sets and similarity between documents is measured by
semantic kernels constructed from the extracted topics. In our approach, a document is assumed to be
generated by various combinations of underlying topics. A topic is defined by a set of words that are
related to the same topic or cooccur frequently within a document. In a network representing a
multiple-cause model, each topic is identified by a group of words having high connection weights
from a latent node. In order to facilitate learning and inferences in multiple-cause models, some
approximation methods are required and we utilize an approximation by Helmholtz machines. In an
experiment on TDT-2 data set, we extract sets of meaningful words where each set contains some
theme-specific terms. Using semantic kernels constructed from latent topics extracted by multiple
cause models, we also achieve significant improvements over the basic vector space model in terms
of retrieval effectiveness.
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(posterior probability) ¥ Plad, Gl W AHZ
FRo] ZHY A$, R 719H o FE £¥ F
F Add)E EU#eZH ol g ZAHH FRE
A=g 4 gtk dEE2 fAgME dFaY UEY
adqAe A4 vEHI 4 UEHZ(recognition
network)Z F71g4e2H, ol#g @ I+ AFFh
a9 2& 29 19 dFaql 2l #35% 9T 48
= "9 oF Bt

I¥ 2 24%o] s AET2 vl HdHe oY
2 23] AAxd(generative model)S $
FEHE vela, AL dEHFeEREY <l
2 gl (recognition model)S& A3 @A otk

AqMEAaE YEFosty e9sozs] A9
Q2B 9ol FUAY, Qdd)e DAY H5A I
¥ RE WARSE e ¥ Qd, B 938 33
gk 29 28} o] Y= EZY] Z9(lateral) 22
of ASA Hom, 94 MEAZ PN e x=
2(1<k<KEE 9 =29 o] Fold W A2 =

% 590ln ol e Lol HAWL

A dd,, =1 &Azdd, B @

Azdd,, Bt BREDAM} Zo] Aarels &
o g3 A=,

Az fd,, B= 1 6)
1+6XD(“‘ mﬁ;“rmkwm)
ra(l<m<M, 1<k<KE A2MEHI oy

Yre », 0BRE 24YxE 2,29 AZFMY J1FA
o, ry= 2YEE 20 diF ulo]ojX(bias)elt)
ojBl g A WIES I A7 24 YRS B, 4§
Ex vl& A¥(posterior) HE I E FAsc A
A A3 ¢ e wuehes AT,

3. CiER0! Do 71Het HAE BM BY



598 FEASIN=EA AZES ] R & A 31 A A 5 TQMU5)

3.1 HAE EM@ 98 24 3& Y EYOH &

23N AFE nkel Zo) B =RdqAe tFedl
HIEY A B5S 98] T2 vl o83t
Z dgxse e dojd d$Hm, 4 2¥xEE
Aol diAld 2Y<ujzbd(latent semantic feature)
< BYIY ol T ==2RE 44 JEAV} =
2 Y¥x=, & Qo9 Iz HgHt}

I 2% 2 EEEx vAldAg yARd 4
2do i/l 6ok R FAL Ydide L8 A
7125 (self-supervised) 3% L3el&E¢l wake-sleep
2321418 ]88t} wake-sleep GREEL Fo]
A "ot Fe Z dolglel s wake-BAI%
sleep-@Ale] ¥ QAE Wgoprly yrEzoz APFH
224 29 g AYS Wake-SAldE 914
Bdg o]gdly Z+ 2y¥xtEo] FAzE A5 T
32 o] B HE MEHYE B9 eYxsE 4
A 893 A4RE AR/ 2 4 AR uld) g
AEDAASL} 4A 4 dolelE olEste] YRy
oS e BT Sleep-BANME wake-©A
o= WR, 9A £A" A4dEd vifdsE ol
3t il 7Hd diolels AN Wl o)A 239
SYYxEg Yz RES o)83ta ¢axnde] of
MEF g BAGTE 2 SANAY A4, 4z
WARFES D% AY det FH(local delta rule)
o &3t AANHEH11,12]). ol3F #4L Generalized
EM ¢neE15ls afxe] AZds 8 £ e,
wake-GAlE AA AR AARSEE gEInz
Maximization @A), sleep-TAE U2nd-& 3FS
3 Fo1R dolgle exFM 2 Q& APz,

Expectation @Ao] ZARBIGR & 4 o12]. & 12
HAE FA Ui 2l 58 943, wake-sleep ¥
2HF 7ivke A s Pojrt,

YEE2 vde 7EFoR ojdxEg FAYE VE
HAadel A dolel BA4A M ) goje] 28 W1
TE nAPezN Ho ZAFQA E 2Fd 5o
EH ¥ AHI6l B =FoiMe Jandy o8 BA 4
o AE A 2,0 AEY BE Qz)d) AN VIESY
a 39 7 gz g HB Holo) wxs 3
9, ojJ& & 1¢] wake-TAldHH FHLgc}

3.2 EMZ RAIZ {EE 9% o) 34

AEAYE 9% e F0ED(vector space model)
(1714 % 24 4,9 4,9 FAEE 7123es oe
7} Zol REY & U6l

sim(dd)=(STd) - (STd)=dl587d,, (6

di=0t(w), t(wy), ..., t(w)) T
dy={(t2{w1), tslws), ..., to{ws)) T

tl{wn) e B w,(A<m<M FX 4, WA
ARE Yehil= 222 BE 4, M9 »,9 EF
Y AEE Yeidd, P8 S 212 9y 3
Ar e EAME OhE ARAFTINeE AMdsr) 9% Hg
g Fol}, Cristianini[7}9} Siolas[18]& ©]& oA #Ad
(kernel) TFANA A3, 4.9 471 Fo12 o
54 AAEe g9 APd(mapping) ¢ disl AL
TE Kd,d)=<¢d),¢(d)»E EFAL. 2 (6)oA
HEPH St AF 48 B ez B F e
o, o] W ()= S Td2 FojAT}.

3 1 wake-sleep EE]|Eo) 7)ikg d2E EA 9§ 35

e D, K)
D @o-8A B (B £ N, B4 & M.
K: edgua(edes)y 4

— oF 37 ) =:
1. G R %273
2. wake A

B), HEJS B 843 95 24,
2-2. 2-19] A3} 7)utato G AA
3. sleep @A

3-2. 3-19] A3} 7 B 23
4. EE EAd dg 2,3 FAE ¥ 59

E2%: (G R, G RBIEAZS AYES, B AAUESN A vfAdS5.

2-L ¥4 d = wywy.,wpddl A8 AANEQR FAA Z oA YwE)d q& F pE ALY

371z Y AR(EY=E)Y 843 R E Q&L ) AAY F, olzFE AYUEAT 4o 7 dol(yd
HxE)o 43t &F pad AMSRT(Y 3), 4EFE T8 7Y BN 4.




GEaEdel 7ud H2E AN B 25 9 o6 AR & 599

WEPHS] S= T ,( I, MxM SHIE)Y v o
olWg] FteM e T EAZF] WA g fAREoH,
GEMNEE HF dolol i /FEAZE Fodg s @
38 Se WG AF S pe=diaglidf(w)), idw,),
idfws),~, idf wy)E EAE o9} 3ol SV} iz}
FEA B S= I, F+= XF3td)ole 4 dof
B g3l BHHE o] HEFAFANA FLlortho-
gona)E °|F2Z Tolge] AWPAE ¥ 4 §l
e HellA 2 BAAe] A= #vH1,67,18]

718 e FEd(basic VSM)Y] ol EAHL
o= Ax FHistaz she =¥ P oo
Aand =e ou] #AE 1y & e W=
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¥ 4 ¢tk LSl(latent semantic indexing)[1,10] 7]%
dre Dol tig SVD(singular value decomposition)
E $98A( D= US V) AN K<rank( DAY left
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agdL S= U= A9k TEX swe] olm 9
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BE K<MoH, 3F G Z} golX At £
GojEE M2 1 AFET EAY Holx T EY
7" gojez 79t
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4.1 M ZElcz2¥e EL B F&

TDT-2 24 ARdA By #48 47 9L F
Ao BE 10685 FME Mgsld EFY ©o] F&d
A AFE FYch 718FHA EL(stop words)E
AASI, 1070 olFe] FAolA et gl & A<}
o] AzARF] Z 6000718 DolEL M3 on,
284 AL AXNA gieh AA FAe) uig @}
we 43 ARZF Kwyre 2 (9t 2rH21l

Kw) = () k) log 2L ©)
9 AN pdwsh pwe et 2ol AveH,

Ky =—2do)_ =t
2n(d, w) ngn(d, w)

n(d, we A dollMe) dol wel Bizsojth

APl dEEx HA9 & Yd¥xe JE o
o tg=Hol F 6000719 YY==F AW, E 2&
g £E 642 AT Sy A9 29 ©

£ 2 e9usvt 649 WEEX B Sy F3 33€
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rupiah, bailout, traders, inflation, imf, stabilize, currencies,
investor, restructuring, recession, banking, indonesian,
devaluation, baht, slump

unscom, palaces, nerve, unrestricted, biological, tariq,
compounds, invasion, scud, verify, aziz, iraqi, inspector,
severest, anthrax

congressional, capitol, gingritch, newt, mccain, hearings,
senators, trent, bipartisan, democrat, conservatives, legis-
lation, republicans, rep, tennessee

intern, lewinsky, whitewater, impeachment, monica,
paula, perjury, tripp, subpoenaed, starr, lindsey, clintons,
hillary, ginsburg, recordings

palestinian, militants, terrorism, jerusalem, israelis, egypt,
gaza, ramadan, holy, refugees, civilians, islamic, jewish,
netanyahu

nagano, tokyo, ioc, winter, olympics, athletes, organizers,
skater, hockey, snowboarding, sweden, norway, medalist,
downbhill, medals

pope, cuba, visit, fidel, havana, john, pontiff, communist,
cubans, church, human, catholic, vatican, rome, roman

cigarrettes, farmers, producers, marketing, manufacturers,
smokers, products, advertising, smoking, nicotine, indu-
stries, philip, customers, illnesses, taxes

attorneys, courts, testified, lawsuit, jury, prosecution,
testify, lawyers, client, jurors, misconduct, attorney,
courtroom, prosecutors, courthouse

viagra, impotence, pill, patients, pfizer, drugs, doctors,
aids, medical, researchers, medicine, male, physical, treat-
ment, dr
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The next few months may well decide the financial
and legal future of the tobacco industry. (F%).. In
proposing the settlernent, the tobacco companies are
hoping to buy legal peace from a growing number of
lawsuits. (F2).. the companies would receive protection
against most cigarette-related lawsuits and would be
shielded against punitive damages. (£%) it will not
back legislation to restrict government authority over
nicotine. Tobacco farmers, who were not included in the
June proposal, are also lobbying for compensation under
any legislative plan...
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HAPgez Bag

® 3& TDT-2 4 A F “vFoire] 2 @A
WU 2 AF70 @EE Yotk &Y EF F HT
Ao WE gl o EISL 225YeL u,
2014 3WA(TZ 93] #E), gHARHW 4 #
), oA AP #3) Fo) XTFEHJY. EE MG FA
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4.2 tiERolog 7id oo H& ol8s EM Y

32 oA H&d 9] AL 439 419 A4
FRMED, CACM, CISI, CRAN)l gt B4 ZHA
¥ gen 4 B4 JEY 74 B 49 2o

712 VSM olfldl GVSM, k-means Z-B&EHE,
LSI, tEeudg o]&3 dHojg 7lyte] v 7d
o dislM d¥e stm I Ase wasgckd sE
VSM ¢]9)9] yujA] vl WiEdre] Q& o9} A
e FAE simy(q, e 718 VSMAXY FALE

# 4 MED, CACM, CISI, CRAN &4 A%< 84 &

Adg &
MED CACM CIslI CRAN
E(EE) F 1,033 3,204 1,460 1,398
A & 30 51 76 225

1) A4 Adlol(query) e L dold el #ME HFAch

kosde, D% 2t WHE S 9v) AL k(e DY
g FAIEe) Bae A
simda,d=% koola, D+l d  (10)

Z Aools} EAv @] WES(term frequency) M)
HE XHHY, 57129 ZE W] s dole o
EMuEE 1@t E 5& o PHEEL a9
A A Fe},

0Eeed, LI ALde &Y ) $8 32,
43, 64, 80, 96, 1282 HM3IANA WrlHA APsPen,
k-means FE2E e AT FAR HHow F9
2E 9] 71 32, 48, 64, 80, 96, 1289 Ao thal A
d¢ sack 29 32 & M A O, e
VSM 7% 9n] A9 FAE 9T 471 ¥yE o]
£8e wo] HB/R-AHL(precision-recall) T Lo]
o, ¥ 62 2 7ge] BFHYEE Bt Fedw
o, k-means FE2EHY, LSI2] A$os s &
= o2y g 43494 MY 22 45E Holk
A4E ANZGHLH, £F kmeans FH2HAY o
F8AR9e 109 £33 Fo 2 FIPY REEA
£ HAET.

2% 3% ® 60 HAHez B ot dFedrd
T} LSI 7]ke] ¢jn) Ado) % %ol o W Ed
3] 2F ¢ 3 A5 RY9th GVSMI k-means
@269 79 CACM CISI dlojels] tsirxe
71 VSMET o33 1 Aol AstE=d o=
AnzE g o, dag 9o Fr] R oL XL K
AR 2AA BEA] TE0] HAE Fo2 ¢ F Aok

Zt BN AY ¥z ou] Agd 93 4% I Ax
o) Fzte] WAE HoleH, ojEIt Aole) E4& 8
Z A el Ao Uiy FE EMEY 54L& &
g Z AR ol diF e EFYL FolA
PRAFMNEY JAY =X FY¥Eda sEE W, ek
T7F oo did HFAENES FFs 7EE & Io
A tFeqed Fd % £4 B4 Ee 7o @
AE 40 £X )50 & dgdd 9n AHEL
F2% F A€ Aotk 2y 28 AL} ohby,
22 e 1o 93 A" B F A
AdE F BHEY F gL AHolth oI B F,
AYFSo} Ui AW EMEQ vAAEXM Y olAe
(dispersion) 3¢ F8 Z BAo] g Py Ax
g #ugich A9 g Ui FAEM FY 19 F4
HEE g 3 1ol £ BHEY oo dT /A
5 239 g & o, s s e o)
55 shth A9 gg JlAe HAFENEY AH nl
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® 5 WHEd BE WP PF ¥ FAAR =23 . GVSM, LSL tEeflrde] AEsgde H$ 3236
Ad PEE ARSI k-means FEAEHY A dF 9 T €2 spherical k-means g &{3]
3 ¥ I EA E82HY FHYHE X

T ® A4 HERH S A=
7% VSM(BVSM) k pvsu S or k svaula, d)
Generalized VSM(GVSM) ks=kcvsu S prx D —;( kevada, &+ kcvsula, D)
k-means (KM) ks=kgy S wrx C _%(kBVSM(G, d+kale, D)
LS ks=kig Swrx U Lk svsula, )+ 1s(a, D)
E 2 A=A (MCM) ks=Fkycy S orx G —%(k svsu(d, &)+ k yaul(a. d))
E 6 MED, CACM, CISI, CRAN £ gl U3 J7 =
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