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Abstract The research focus in text classification has expanded from a simple topic identifi-
cation to a more challenging task, such as opinion/modality identification. For the latter, the
traditional bag-of-word representations are not sufficient, and a richer, structural representation
will be required. Accordingly, learning algorithms must be able to handle such sub-structures
observed in text. In this paper, we propose a Boosting algorithm that captures sub-structures
embedded in text. The proposal consists of i) decision stumps that use subtrees as features
and ii) Boosting algorithm in which the subtree-based decision stumps are applied as weak
learners. We also discuss a relation between our algorithm and SVM with Tree Kernel. Two
experiments on the opinion/modality classification tasks confirm that subtree features are im-
portant. Our Boosting algorithm is computationally efficient for classification tasks involving

discrete structural features.
Key words Text Classification, Semi-Structured Text, Decision Stumps, Boosting

(bag-of-words LT BOW) &M E L THWY, B
1. L ®»IC G, B, AR—Y LVt AFTVIZFF AN B
. GET S, HAOHEY, ZhL0HTT ) 245
SVM ® Boosting & Vo LBMFEFEL, 7 (3 20010+ 34 582 5% 5720, BOW L1
FADSMICA SN, FCOBMEBIDT i ey 4 5372 HBEA SR C X 5.
A7, [11]. FFAMSHETHE, —RIZHBOES

— 163 —



—H, FTEATAZ YT OFHTIE, [BEHK
OFE] R [BBOFE| LViol:7XF AT =4 0b,
BHICEBOFRLERLRR, 7T 200 EER
i koohTwd, flzid, -ty s—u
b OMMER, HRHIERT v - FRRGL
Va—RErLORBEEDERE VLS R
DBERICHB. ThHDy A7 T, BROXE
SECRBNETT ) RBVWSRT, TEMN/E
BRICRRTVL200, (HoRET) HEDTV2/
Il Th200, BR/ER/BEREETHDED
P, Lo EEFOBRIIET AN 7T MED
N5, 8610, PEHEAMDS, XFL Vo KELHE
b, 28y k—T, XD &I AR EAICEL
LCWwa., Ihbid, FRFAMPEICEEDY W
2, BOW kLo EH R EHRTIE, BOBESS
LUz v, B, BERO N-7 74, 0%
B (RO T, ROV KORT) volz, HBED
LEMLRERMCENT A LT, HHRERER
EHEFETEL, L2L, ShHDFER, SRS
KEMD R, 7F AN DRSRIGERTE2NAE
Wi FELIZEVEEV.

ARHTIE, 7FAINFHEEORETHD LIREL
o0, BoWEEREMIEMT 5 HEREISHL,
FEAMYED [#E] T EEEZRTHEE, HH
ThATY)AXLERETH. TITOHEL L, BEE
DRV, FBHZITHELE Vo INIFEBERY
#81. ColEE, BRSHELBIIBVWT K%
bDTHDH. 512 HTML/XML X# D J <A
EEEAL LTEMMETE 5.

AT, RETIRREFHEOHM, 3 ETEOER
HEIZDOWTHBT S, 4 BT Tree Kernel * v
72 SVM L BRFEOREMRIISRT 5. 5 ETH
MEBRE FROOFEREWEL 6 BTILDS.

2. REF&E

FEMBIZA BN, KICHT 2V O NER, K
HIZOWTERTA.

2.1 ¥ 1
[E& 1] T~V EEFA
SNV ENEFREARE, TRTH/ —FII—BEDNSR
ARG ESRTEY, ARMRIEFFSZ 00D
ATHs. 0O
[E# 2] #HHA
tE u B INLVHEIEFRET S HEKR LI,
wieyFTE, LR, t A u DBFATSHS
(tCu) 43, t & w @/ —F I, 151 0FHH
KRy DNERTELILTHL. 25, ¢ i, HUT
D30T ELT. (1) v i, BFHERLREF
T5.(2) 93, RHOEFRELRETS. 3) ¢
RN VERFETA. O

FHTIE, 7NV EERFAL BMICIEFR, b
LCIIAREIESR. 35612, Kt FOTRTORTK
DEEE St) (S@) = {H'|t'Ct)), EHIT Rt D
J—FOHE |t RT3,

2.2 NIV EBFADSERE

T~ At SIEFAOGEME (Koo HEE) &
i, LEO¥ET—% T = {(x,y)}, 25, 7

MY f(x): X - {£1} 2 RETZIETH
BBl x € X BINAMGEEEARTHY,
yi € {1} ik, K x; LG ENLTRVTHS (T
ST, 2ESEMEEER D). BEO¥E, T8
R L D&V, Bl x; 2, BiEXZ PV THREZ
NBDTERL, 7V EEFAL L TRRSA
HEILHD.

2.3 Decision Stumps for Trees

Decision Stumps 13, 1 2OEEOFEICEO X
SEEITH, Bk 7T ) XA THS. Decision
Stumps &, & 1 ? Decision Tree (EXK) & A
—7T& 5. Schapire b i, H4DHEEEL 1 DOFEM
& ¥ % Decision Stumps = i\, 7% X F 3H %
ToTwa[11]. BZRTH, IV EEFAOS
FHBEIAL, LT L ) 289 kogEIET]
Decision Stumps % &2 %.
[%€# 3] Decision Stumps for Trees
tBLU x &, TRVHEMERAK, ye {21} %, 7
FAITNNVET B, KEGET 572900 Decision
Stumps Z L TFO L HICERT 5.
y ttx

h(t,y)(x) déf {

=y - (2ItCx)-1) O

—y otherwise.

SEBONST A—FE, Kt b FU y O#
(t,y) TH5B. Bk, ToM% V- LIS

Decision Stumps N#Ed, FE7 -5 T =
{{xi, i)}, WHT AT —EERHPMIT LN —
VE ) E BT BT L TERTE S,

L

argmin L Z(l —¥i - hg gy (i) (1)

o= teFye{x1} 2L &

PEL, F i, &MaAR0%Es (FHES) THD
(F=UL, S(x)). ST, V=0 (t,y) T 5
gain({t,y)) ELATFO L HITEHRT 5.

L .
gain((t,9) B Y pi - hyey (%) @)
i=1
gain ¥ v 2k, (1) oB/MEEER, UToRK
LRSS S % 5.

argmax gain((t,y))
teF,ye{+1}
AT, =9 —FRAIDDD YT, gain DEKAL
% B\ T, Decision Stumps DHFE % ERLT 5.

2.4 Boosting DEA

A% FE L T % Decision Stumps 13,1 DD
BARDEEIESEGEET I /20, FNEMT
IXHEEHSE . L2 L, Boosting [5] & HWT£D
BEZEESESZ LT E 5. Boosting i, BX
¥ B (2 2T, MOAREEMEL T % Decision
Stumps) # L, FROLOEAFTESEHPEIC Lo
T, ZRMER f 2 BT 2. k BFEOHEE
BiX, FNENEL - - BHSH (EAH) AP 2 H
WCEBSR L, dR = @®,. . dP), (=751
SN di=1,dF 20). 5% AV i, SESEEEL

(t9) =

— 164 —



HEUIBVEAN G OND L HITBEREH S D.
FE BRI EEASELIVOWEITRNI L ER
WRTIE, B—0iF¥ER LD, Boosting DL
BEND B % B 2 EAHEGRINGE S T3 [5).
Decision Stumps % §3% &% & % Boosting % %
EFHIE, SHdEEETLHE) KX (2) ¢ HBE
E- X R @ any

L
. def
gain((t, 1)) =D di- i - heyy(xi)
i=1

AdaBoost [5] 1 Boosting NDfUEM L7 VT Y
ALTHHD, ARTIR, FEBREOREIL,
Breiman 512 & % Arc-GV (3] # AV 5.

3. ¥ #®

FETR, Bl V-V (4§ ERRTL200
BELTVITIXLERET S, REV-VERR
BUTo L ycEfbsh s,

(P8 1] BoELV -V ERRBE

BT -8 T = {{(x1,1n,d1),...,{xz,yr,dL)}
(=720, xi BIEFEK, y» € {1} @d AR
BT A7 ATRN, & (L, di = 1,di 2
0) X, KOEAR) #5256 2 -k, gain ¢ &
RiZTaL—1 (f,g) 28R L (7L,
(,9) = argmaxier yeqany Giibe(xi), F =
UL, 8(x:)-

Hn FEL, &80k F 2Bl £
LBAD gain ¥ 52 5WF AL BRT 2L TH
A5, LdL, BAaROBERIZADY £ I i
BEIZHA TWL 721, 2oL bADRL
DFEIEMBEHREETSH 5. EBIC, XD
KAD 5 EHSARE TLICHET LRHEIZ, NP
WTHLEZ ENThoTWVAD.

ARETHE, REV-VRERMED - HOER
WP AT )X L2 RET S REFER, LT 3
OO O RSN B, BARMICI, THEREE
(branch-and-bound) DEX KL F—TdH 5.

(1) KoEars, 2RFTAEZLIER 2
T 5700 FEN L EREMEEERT S

(2) 1 TERLAFEREBLTRSBERREL,
BARD gain 52 5BOREERT 5.

(3) 1, 27cl, @8Rz LSAEDELIC
FIELTAIEEED) LV 22T, gain O LR
fExr RIRL Y, FEEMEBAD T 5.

03 ODEEIZOWT, NEICHET 5.

3.1 BHKDOINEFE

Abe & Zaki iX, Koo, 20O ARE, ELICE
BB TE7T L) X LRERIRE FREFR
MILTREL T2 (1), [13). BELRE, B7%E
% 5%+ % 7 )T 1) X 4 Set Enumuration Tree [2]
DB|IARND BREIFRE 2 > T b, BEILKRT
i, T, A X 1ORPHBENS. 2L T, H A4
X (k—1) DARIZ 120/ —FHBMT ST LTY
ALk DREZBET S, COFHRXZTHRHICE
BT 5ILTEBIARFIET L. LrL, £ED
MEBIZ/ —FE2EBWTALEETARTARLTL
FH70, /—FOBIMI—BORIELRTE. 2

BERE U
jO,
t ,72 &L .0

@) nan’ © @ B |
B , - A
© @D ! ©
’ N R

© @ ®:0 ’

BM1 B4R

B2 RGIROBERE (FFEK)

OHIRYBENROBLELTAFTTHS. DT
CBRAUROEZEE SR 5.

[E#& 4] BEHEK(]

Ktic120/—F s&EML THLNLBEFAR
t &k, At BREHREERT S, 2L, /—F
DBIMBUTOHBEHS. 1) /—F i3, t D&
AR (V- PO EILERD /- F 2 EITRSE)
ZaBnEh s, (2) BmEh B/ —FiX, BEDOR
3 (KH) ThHb. O

B 1 CBARROREZRT. EHE, K ¢t EHE
¥ (pre-order) T/ —F IZJEFMFEER TS S
DEThH H1OFITIE, MBT7O —FIBREH
BTEMEN B/ —FEkb, i, BMEIhAH
BOBMIZ 3 (LB 1,4,6) H 505, TNVDE
WESEZLLE, TRVOEEY x MEBH (M1
T, |{A,B,C} x3=9) Bh DK ¢' #*, BB
RLDAERSINS.

o, AR, BRMICEATAZ LT, —
o [ERAK] 2BETHENTEL,. H212, %
DERAROHI R, F 2 BTk, BEMI IV
NEFL 1 BEOALLTWE. COEEREZE
FTAHILT, &5 AE, REICEHL (T
E R

3.2 BRREMOEMY)

METERL EFEEM L TEREE (branch-
and-bound) DEZ IZHEVHEX Y T 5. KETH,
ZORBHLFEIIOVTENS., EE 1 (Mor-
ishita [9] DILIR) 13, t D& LAA ¢, (V' Dt) 124t
T2 gain((t',y)) D EREZ 52 5.

[ 1] gain ® LIR{E: u(t)

t & EMK ¢ (VEDL), y € {1} 12DV,
W—)b (t',y) O gain & p(t) % LREE T3
(gain({t'y)) £ p(t)). 7272ZL, p(t) BT TH

Abhb.
L
def
WO Emax(2 3 d-dwed
{ilyi=+1,Cx;} =1
L
2 Z i + Zyi ‘di).
{ilyi=—1.4Cx;} =1

—165—



A

L
gain((t',y) = Y diyi-y- (2I(E'Cxi) = 1)

i=1

IIT,y=41 DBHEIHEETLL

gain((t',+1)) = 2( Z d -

{ilys=+1,t'Cx;}
L
- Z yi-di
i=1
L
£2 Z di — Zyi - di

{ilyi=+1,'Cxi} i=1

L
<2 Z di_zyi'di

{ilyi=+1,tCx;} =1

> @)

{ilys=—1,t'Cx;}

(ot ogkfk ¢, 2T iy =
FLYCH < iy = +1,18x}| HFEELT B8
RI#ic,

L
gain({t’,-1)) £ 2 Z di+Zyi~d5

{ilyi=-1,tCx;} =1
BEXD, t OfERA ¢DL, y € {£1} KDWT

gain({t',y)) £ u(t) O.

EH1 LY, gain O LRENSEZONLDT, F
BREEE AV, FREMEZHAN)TEI LN TE
5. BRI, ¥, BEIRSEHT 2HRREN
R SEEFEFRL LIS, #RE gain (ZNETH
FL P TRAD gain) 7 &, TRISHET 5#EK
WLV —VERETS. L, gain({t,y) >7 &%
3L N —AHREEPICEOM T, BEEL —
v, EREEE ThENERT 5.

ST, AREIZOVT, L p(t) ST ROE, tD
LAY O gain i, T LT TH L0, t HRS
AT ESIIRMNITED. B pt) > 7%
5iE, gain((t',y)) > 1 L% B LA FHEET S
AR B 1, AL T RV F 7, p(t) > 7
i, J—F s, Kt ICRAEERC L BmS
NAHETY, u(s) < 7 % HIE, FIERSALA ¢ #F
AWM ZEMEHEN N TES.

4. SVM & OFEEM

SVM i1, Kernel Bt #AEbEHILT, £
BOBERFonBRLFEE, SFTEL. TNV
T ENEFEARZ TET 57290 Kernel & L T Tree
Kernel[4],[8] #*& 1, &HAARZEHOFE®L T
LG EREEEY SR D, BakE RARLOH
HELTHWTWAI LD, BOREENRETS
Decision Stumps & Tree Kenrnel {237 < SVM
i, EMEME VI BRACEYT, RERBHICFA-T
HrLnib.

2ONTNTY XLOENE, ¥ -0/

LT % (Boosting i& Iy / VA SVMs it I /v
L). XE[10] T, 2O/ L ADECE, ETLO
A= AME VI BATHRL TV 5. I [10]
LD, SVM 1T, ERIAN-ROBELHBHL, T
XA ROBHRITEFVERBALIOILETS.
SVM D5 EETFHE (w) i1, #BEHOREEETS
Z o, I 0 DREDIFVFHN, K- XY
K—EHENHDR LEOEBPLTH S, —H,
Boosting 13, E4X/N—XOBEL MNT 2. 2% D,
TELPITAHOERT w ERBAL L IET A,

SVM & Boosting 2 HE & ) BETHET 2
Z ki, F R RERS RS, TITIRTb%
v. LA*L, Boosting Z AV 2 I-EFHIZ, A/3—
ZAEMOMEDIS, BTOL 3% THEMNL ] AT
Hh b,

o BROLRPTE
TELFILROERCHEL, THESVHEICE
Tanaizn, L0 L) L FRESFRICERIAT
VB R, SEICEST D ERRAS, Lol
HAF VR TV, SVM T, ENZMARICRBR L
o, FDLIRFMESIITLN,

o BELIE
A= AL FEHEEIL, BELXSEETRICT 5.
Tree Kernel DEHH &1Z, O(M||N:}) TH B (2
L N &N, BB R &5 2D00KTHB). &
512 Kernel 2T CFET VT VX A HF—
Fxyy -0 L IKEFETS. 25h, SVM D
AT A M, O |V ||Ns]) &% DIEEITRE W
ZORER, EROGRAICBVTEEICZ > TV,

5. REREER

5.1 XREW, ¥E

EBRIE, LT 2 MED Y A7 Tif oz,

e PHS L ¥ a—4%% (PHS)
PHS 2—#2, BV /Bya s XKL T a—
AT AL BRLZBRROT -4 Thd. &
HEAE (30, X8 5,741, A7 TV TRV
HITEWE] D2OTH5b.

o XOEY YT 158 (MOD)
WERE 1 &5, HH 5 [14] D KSEIHEY, 9 5
HEEOHEL,S T > ¥ LITEAT 60 TEI, X
HBEDEF Y FAHELRF~5Thb. FEEM
I, okt 1,710, AE T, TER]TE
ElM8k] #32oTH%.
3ONYAIDF -y D—FIEE 3 IIRT.

XOFEBRFELL T, UTD 3 2% AV

e bag-of-words (bow), X—AF 4
BERIZEYY, HEOREY ERE TS, BE
#9121, $37, ChaSen ™ 2 VT HEZ YIN BT,
REL, BEORBE TCIE (, BRBERAW . 12
EFFETR, F1 X1 OBEOADPEMREE LR 5.
Zhid Boostexter [11] EF—T& 5.

e fRDSET (dep)
HMEEBG ORI FTEEL L TR RRTS. BfF
f91213, CaboCha' ' % v, B DR Y 1T

(i%1) : http://chasen.aist-nara.ac.jp/

({£2) * http://cl.aist-nara.ac.jp/ " taku-ku/software/cabocha/

— 166 —



PHS

BU: A—LEZRELLB . BEMSARTEINIOLHEMEBY A TT,

BUA: AL LARVAKNBOESIZBLET,

mod

ME: IR T O RBETORNERBITEATHTRENFEN,

ER: tORMEED. BRICHERERTTFPTILZLON,
Ridt: AT HETSHAELS RN, BEERYEARRLE Do,

B3 7—s0H

s ML otk HEE (BR) BLORY ZiTH
EICERT A, BRI, XETOERIEROE
Fi, XEHRORGEOBEIR/) XXHOTEE L
LHECHRILOLT A, T, TH, LRIZIESY
I-0/-FEEL.

e N-7 74 (ngram)
KHIE (BF) DR &4, BEROBBETHI LA
ZLERNZIARTH S, EEOESAR, BEE N-
VAZEN N/ TR

IRLOF -, XORBFEE B, REFE
(Boosting) &, Tree Kernel 2% % SVM D L#EE
By% 4T o 72. Tree Kernel 1213, UBK (8] TRE N
TVBBSADY A X 2EHIHR, BFHE
DEREIERET, 2RTRCRRAT LAV VS
V@ Tree Kernel Z V7o, Zhid, FHIfEDbR
LEMEAFA—IIL, BT AFITEDTH 5.
B 7 ADSEICIL, 2 ESERL SESEMNE
~IRT AFED 1 DTH S one-vs-rest & V72,
BN, 5-fold ZKEREIC L HFONI F HEDFHY
WTHD. SUMD VY7 =V rnRgi-% &K
UF Boosting M# 3L B, TRZNBRICE
&g is, FAMF =5 T 2MELRRIC
THEEARALLEY. AL, FhEhERPOR
FEhAUETOREEIT).

5.2 RBER

#1,2 12, PHS,MOD NEBRERE T T. Bidit
KT (Boosting), S it SVM 2 HVWIERTH 5.

#1 &% (PHS) #2 #% (MOD)

Table 1 Results (PHS)Table 2 Results (MOD)
F fi Wi | BR | #6h

B/bow 76.6 B/bow 71.2 1 62.1 | 83.0

B/dep 79.0 B/dep 87.5 | 80.5 | 91.9
B/ngram | 79.3 B/ngram | 87.6 | 78.4 | 91.9
S/bow 77.2 S/bow 72.1]59.2 | 82.5
S/dep 77.2 S/dep 81.7 | 26.1 | 88.1

S/ngram | 79.4 S/ngram | 81.7 | 26.1 | 88.1

5.3 ¥ =

5.3.1 WELZETHADNE

LEYAZIIBVWT, BETHVRWNR-AT (¥
(bow) 12, BiE X BB T A REFEVBFICH
AW EHHETED. £ 5T (dep) & N-
¥ 7 I (ngram) % BT 5L, MOD ¥ 27D [
Rl #7708V, HRYSIEETHV21E)
DD R, SERRIICBHE L AW TE L V.

(7¥3): SALO T x—Fig, EftofiE L2 bo—L T2
FV A RTINSO TH D

5.3.2 Tree Kernel % fiv27z SVM & D HLE

bow % #M & L 72358, Boosting & SVM {24
SEEREIIFER 3N 2\, dep, ngram ¥ A 7:3
BTH, REFENFA—DERLU EOHEEERL T
Wh. LHL, SVMOBE, #7T)Itk-oTiRE
LAHBEFEY. 20X ) 2HELRERTOER
& LT, Tree Kernel 23U ® & ¥ 5 Convolution
Kernel €605 FoRaABBITONE. BET—7
E Vo 72857 — # 12 Convolution Kernel ¥ v %
E, EUESFRBOICEZ A0, BALSL LR
MEHBL T, ATEE L ORBEFEOTRE(R
AEENCHD. THIZL Y, FEEFAICELL -E
BloAEFEL, BYBF 7407 5 ALGET
5L AR RER; TP T (B ThEf[
BT HHEELT, 1) KEGEMBEDEAE BE
2458, 2) ERSAOTHE ARBOFELES
2 5[6],3) 1 2 FEICL ) FEBRT S(12), &
Vo FESBEIATVS. TALDFEY BN
BILT, BRFEIVBVRELELTRENS
5 LdL, ThooFE0HNE, HCETHH
EHETHY, REFEOFOAS [HR5HE],
[BROLPT S ] OEBRTELY. T, FF0FE
HEEPAE(EboTL T )0, ERERLE
— W) RUTORFLEBHSTELR V., 51T,
BERLVOLBRETRENT A-IOKHI ML
V) ERCRELSERICZ>TLE ).

5.3.3 REFEOAA

4 BIIT, REFHED HENL ] FlRIIOWT
WAz, 2T, EBRER (PHS) 25, #h b D
FIE AT 5.

BEFEG, LERPROERE AEIINERY
BEESIEMA B, PHS # AZI2BWT, ERICfEiD
N7-EM (R EH) oL 1,793 ThHh, AF
CEABHICTR ) BFAXTH ot FFF—5
A5 L 724 1-gram, 2-gram, 3-gram D E% Y
A ENFN 4,211, 24,206, 43,658 THD I &b
5, WK LEOERTHTEETo TV A2 9Hh
5 bL,SVM DY R~ R7 7 —DOEEHPLH, Y
K-+ EUEERFETLE, BT Ao BEROEN
BiiarTFHEIND.

HR-FFEEOFHOFLL T, W41, 4D
HR-+EM t e G L, Boosting BWEHL 72K M
EX PN @"%%ﬁ\"f.

A)T(~L)ikw] 2EbHEE

[(~L) e {n ] i, —ICEEN 2 EROTER
THY, ZLOFERIA (BA) OEANFI LR
Twa, Lal, THhizdw] OAENEARL R
D, ¥ A4 H (PHS) % & CRBIL TV,

(B) 9] 2 &LF%E

(5 11, SRENCIE a2 AR O HER 7248, 130
DAY FFANTEANELL T5H ([

— 167 —



—1F, Mg —E). 3612, BEF ([
RFhor))ilhol ) MOBERE OB ([(~
D)~F ) ARV ) kb, BOER
HE2Z LT, BERFE.

(CO)[XE] 280 FEHE

F AL Y R 2N ([ FBRMAEY:
—F, [REHEPRV] —8) s Twa,
T2, AL IRBDFIIEELERL-ENHETH
Z)m.m.

A Tz BT R B. 3128 U RE

0.00273 &5 f=L»
0.00015 &5

0.00013 5 T3
0.00007 &5 PFL
-0.00010 5 ©FL 1=
-0.00076 &5 J=<L>
-0.00085 1 5 I
-0.00188 7 A% 5 ©FL»
-0.00233 #®H5TH 1=

0.004024 Yhd (=<
-0.000177 =<\ EOS
-0.000552 =Ly %% 1=
-0.000566 =<ty .
-0.000696 L 1=<L»
-0.000738 1=K 4%
-0.000760 #5 1=<LY
-0.001702 1z<ky

C.IRRIZAURE

[n‘.o“ozs RRHM & ﬁ_l.\] PHS7—4
MR DR R (Hdep)
-0.0041 FER FM bt K> (/u—»mmmms(w&lm/m

B4 Hd— b RO
510, W5 ICHBEOETHERT. ADX T#
BHEKE T, B, RRT v ixL, &¥Hnd
EMSERSRAPEICHAL, PWEESHICLT
WVh. DL %5HE Tree Kernel TiZHEET
b5,

¢ BRERLRIEL
ZOEH A

EH

5 SEOETH
(iE: RIMEFED S XTARERBIL TV A 70, ML 2)

BRI, DEEETH LD, REFEOFER
BEAT 0.135 £/1,149 FEHNIH L, SVM &, 57.91
/1,149 B8 TH o7 REEESB L2 400
BEETH DI LAHRIN.

6. HbH

ARETIE, 7% R bOMEE (BXHEERLL A7) b
) # ZBLA TS A 08 (HBELT 3 A+ 5
) (g, B9 AR% E ML T 5 Decision Stumps
&, FRL EF¥EEEE L THYS Boosting 7V
TYXLERELE. 8502, BAKRFIET VT Y

TEA) s [ HERERIATE THEV 1, RO Ty -y
a':ai LA, N-7 T L TER L.

(#¥5): XEON 2.4Ghz, ¥ilf 4.0Gbyte © Linux LTl
Lz

ALEPIRL, BFERODNERCER/pEFE
RIRELS. EF =¥ HVLERICT, XOHE
FEETALRPEOFDEL AL S50, &E
FEDO200FE (BROLPT S, GETH) &
ESAZIIBWTHEL -

&t i3

XOES Y FAHNF -5 % NTT I3y —
v a Y HEERFEROERERICRMEL Twizs
EF L/ ZZICERHEHALET.

X 13

[1] Kenji Abe, Shinji Kawasoe, Tatsuya Asai, Hi-
roki Arimura, and Setsuo Arikawa. Optimized
substructure discovery for semi-structured
data. In Proc. 6th European Conference on
PKDD, 2002.

[2] Roberto J. Bayardo. Efficiently mining
long patterns from databases. In SIGMOD
1998, Proceedings ACM SIGMOD Interna-
tional Conference on Management of Data.
ACM Press, 1998.

[3] Leo Breiman. Prediction games and arching
algoritms. Neural Computation, 11(7):1493 —
1518, 1999.

[4] Michael Collins and Nigel Duffy. Convolution
kernels for natural language. In Proc. of Neural
Information Processing Systems (NIPS), 2001.

[5] Yoav Freund and Robert E. Schapire. A
decision-theoretic generalization of on-line
learning and an application to boosting.
Journal of Computer and System Sicences,
55(1):119-139, 1996.

[6] David Haussler. Convolution kernels on dis-
crete structures. Technical report, UC Santa
Cruz (UCS-CRL-99-10), 1999.

[7] Thorsten Joachims. Text categorization with
support vector machines: learning with many
relevant features. In Proceedings of the ECML-
98, pages 137-142, 1998.

Hisashi Kashima and Teruo Koyanagi. Svm
kernels for semi-structured data. In Proceed-
ings of the ICML-2002, pages 291-298, 2002.

[9] Shinichi Morhishita. Computing optimal hy-
potheses efficiently for boosting. In Progress
in Discovery Science, pages 471-481. Springer,
2002.

[10] Gunnar. Rétsch. Robust Boosting via Convez
Optimization. PhD thesis, Department of Com-
puter Science, University of Potsdam, 2001.

[11] Robert E. Schapire and Yoram Singer. BoosT-
exter: A boosting-based system for text catego-
rization. Machine Learning, 39(2/3):135-168,
2000.

[12] Jun Suzuki, Tsutomu Hirao, Hideki Isozaki,
and Eisaku Maeda. String kernel with fea-
ture selection function (in Japanese). In IPSJ
SIG Technical Reports 2003-FI-72/2003-NL-
157, 2003.

[13] Mohammed Zaki. Efficiently mining frequent
trees in a forest. In Proceedings of the 8th In-
ternational Conference on Knowledge Discov-
ery and Data Mining KDD, pages 71-80, 2002.

[14) BHER and FIBEEZ. £7 XAX L OGEIEHE
12X A EOBERT. BREELE, 5(1), 1996.

— 168 —



