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1 FUSHIC

T ¥ A FEHEARS AT MCE W TEEERR IAREHE D) X507 v ROz E ) BE2RHHEO—
DTHB, ZOFEMELR O T, HEIC LT - BAEEHRCSEERE AR L L TR R o
FORPIRE L ZZ 2 FENE AV NTw 3, ZoEREMKER (MTRE LW LT3, ) OFHIM
ISR LT g T, BT/ Edak TE %2 M7 F3E (1), CART (Classification and Regression Tree) [2] %
EDEJEARZ AW T3], =2 —F %y b 2w FiE [4][5], sum-of-products & W72 Fik [6] 72 &3
REINTWS, £, WHET VY TNVFEEOFED—DTH % Bagging (Bootstrap and Aggregating)
[7] # CART IZ & 2 PRTRICIEA L, FHIEREZ A LW 2MAa TN T3 [8],

Z TR TR, FHEMGER O TRIMEZ S 5K kI 2 0BRB 7 vy IVERBEAT S
LERRA D, R TIE, Gradient Boosting[9][10] & MEN 2 EREYRE TV EZEAT 2 Z L2 A 5,
Gradient Boosting /3 HREEE L TEREELZIT I ZLICL o TR—A LR ZFEHEFTAZEA L, FllE
T ERDAEETNVERK T 2FETH 5, KERTIE, MBEEFILDOR—R L2288 FILICiZERAR
(Regression Treee) % f\>, FHIEAZEIC k 2 B BHIT % 7> %, ¥ 7 Bagging Z WA 7 ¥ v TPk ER
FiEEOHE BT 7,

2 FPrHYITINEE
2.1 WHIR7 Y527 ILEE  Bagging

2T, MHIBEL T VY TVEE TH B Bagging 7T Y XA [T IO THRICHAT 5,

HEANRI PV x = (31,29, ,zn) DIERMER y £ T2, B FT—FIINME, {y,z}) TH2 LT3,
CDLE, MMORRZFEHTT I bz, am) ZMF L, BRI FE2 L2 2 ETHERFHE TN F(z) %
fEZ 739 X L5 Bagging 7 VY XL TH B,

1 M
F(z) = Mﬂ;hmam) (1)
CZT Ay ZmBHOEEETNVNDNRIA—F Ly F2RL T3, Bagging 7L XL TREFEF—FIZ
WNUTT—FRAF 7y 7% (EThH) 28 0E LT, BUWREET -y 2 MEEDHL, 2hs
%0 EICHBOYEET N bz, a) ZHILICHEET 5, COWHBO T v v TAVEFIXEERT— & IR
BF=IVBEETNTIHEAINELZ RO 282> T3, HORWEEF—2 iz LTtz T
WF2AREED 2, £ XA —FEHIEREICE S 2D, FREZFELIEFVER,

2.2 ERBF2HVTIVEE . Gradient Boosting

2T, AUERICB G TBRE T 4 v 7 AFEE E L CTEA L Gradient Boosting 7L 3 1) A4 [9] 12
DUWCHBIZHAT %,

Bagging 7V 3 Y AL ERIRRIC, HBATRT Pz = (21,29, - ,0,) DIERER g £ T3, 7KL, 22
BF—Z I NM, {y,z ) THBLETE, COLE MEORLEZ¥EFETN Mz, am) ZITEHIHEA L.



Hir B PUE PN Flo) 2065 L2 EL 5.

M
F(@) = Bm h(z,am) (2)

m=0
2T ay 3mBEHOFERETNVDONRFIA—F Ly F 2R L TWw5, —fRIVIC Boosting & FFIFN 2 BRAL 7
YUY TNVERTE, R—RALBRBZEFETVDNRTIA=F 2y b a, BEOEFEETFTVOBEAMEES,, &
BEME U(y, F(x)) LTERMICERELZTI 2 LItk RO, FHEF LV ERZIMEEF LR Tw
2, 2%¥h. m—-1BHETOFHFETARMELIETVE Fyq(x) EERTEmBHICIET 22857
WDNRGRX=FXY P an BEOCREDFEET VORI B, BUTO LI IIRKD 2,

N
(B, Qm) = argminz U(y;, Frn—1(x;) + Bh(x;, a)) (3)

fa i
ZLTmBEHETOEBETNENEL T T Fp(a) 1 B B L K am 2T
Fo(z) = F-1(x) + Bh(x, am) (4)

ELTEA W Eizk Bl

Lip L, EROEABESICE A (3) 2 2 L I3JERICRE R METH 5, Z 2T, Gradient Boosting[9)]
T LEOMER an, 2 ROERXT Y TEEV B, ZROEAT Y TD2ATy 7IblF 5 2 L CERBDHEE
B O (y, F () KR U GERIIZR (3) 2RO B Z LR E LTV, ZFHEFLDNRT A—% a, 2K
B2y 77T, BHEOIIEE TV Fpa(x) & IEMME y & OBEBE LICEBWT

G = — [M]
OF (x;) F(x)=Fm—1(z)

& DEAND i 2 TFET—F i DRRRICE T BREZEE L, S ORERE G 1SN 2 ZFFLER B/NC
TEETNUNRTIA—F R a ELTRD B,

(5)

N
A = argmin Y _ [fim — ph(, a)]’ (6)
‘ “p =1 ‘
ZLT, LRED an KEDEZALNEEBFBET N A(x,an) 25 L2, 526 N7HEBEE L TOBREIRN
I3 X ) ICEFETNDBEAGE O, ZIET 5.,

N

O = argminz U (ys, Fro—1(x;) + Bh(x;, am)) (7)
i=1

2.3 MEBFKO7 YV 7IVEE : Gradient Tree Boosting

X1z Gradient Boosting 7T Y XLICBWBTR—ADEHEFNLE LTCLEAOY —7 ) — Flc k W R X
N3 EER (Regression tree) Z V7 HA&IC D2V THMAT 5, Z DT Gradient Tree Boosting H L { 1&
Multiple Additive Regression Trees(MART) &I T3, LADY —7 ) — F2EOBRAIZAT <7 b

LEREISR Uy, F) = e¥F LT Adaboost[11] 7L TV RATH 3, '

3



VEM x 2 H ISR LEOSEM (R, o, KoEIL, SEHETH 2 EHeRTFHMETLTHEDOT, mB
HOBEDBELIZBI2EFET VR TOX ) ICRT Z L%,

L
h(z, {le}lel) - Z Gim1(z € Rym) (8)
=1
ZZT
Yim = Meang;cry,, (gzm) (9)

THD, 1) BEBEPEOLELREL, ETARVESIZ0E2ETHETH 2,
MRSV =7/ —FThIEREETETNTHZ2DOTR(7) BUTO L IcflHflt L tEL 2 LT
&3,

Vi, = argmin Z ‘I’(yi,Fm—l(mi) + ’7) (10)
x;ERyy,

EREL. T Yim = Ol TH B0 EHERICR @) BUTO LS I0E C Lo 3,
Fon(®) = Font (@) + Yim1(@ € Rim) (11)

CZTHICMRAT A=Y v 2 ERICBAT S, ZOPEAIXA—Fidrv <10 ENEEZDRLT S
CEDPRBIICAIL N TS, ZOPRAI A=Y v 2Hw5s LK (11) BUTO K F Itk 3,

F(@) = Fpo1(x) + v - Yim1(x € Rim) (12)

INGDIERF LD D ER—RADEFETNVICEIFEARZ H725E6? Gradient Boosting 7L 3V XL 13 B
TokIHicks,

Algorithm : Gradient Tree Boosting

Fy(x) = argmin, Zfil U (ys,7)

For m =1 to M do:
S B\If(yi,F(mi))} i—=1.--- . N
Yim [ OF (x;) F(a:):mel(a:Y ¢ > >

{g}im,mi}{v 2H MR EBE: Yy—7/—F {le}lL
Vim = argming, 35 cp W (yi, Fno1(2i) +7)
Fm(cc) = Fm_l(m) +uv- wml(a: € le)

endFor

~N O TR W N

HEBEBICR T FETE (Y, F) = (y — F)? PlIHE U(y, F) = |y — F| ® Huber M ¥(y, F) = (y —
FY1(ly—F} <8 +26(Jy — F| - 6/2)1(ly — F| > 8) BREBHAVOLNS Z D%\, LhBAFE CIZELE
BU(y, F) L LCZR/REV(y, F) = (y— F)2/2 2wz, ZOBKEE (Y, F) = (y - F)?/2 18w,
p=p0,%0, IOIKEER G = vi — Fno1(z) £ 5, ZNRBEMICEEOTHE FLICB T 25%%
2O LICBERMNICRKROTFMETVEBEET 2 7LTY XL ERD, — BT TV (Generalized Additive
Model) IZfl7e 7 3Y X1 %2,

2 —JREYIT boosting THEDIRL J L IPEF— Y OPHOBEARRELL, K7LV XL TRZD L I RTRIERV, o TA
B2\ 7 Gradient Boosting 7013 X A —RREY% boosting & 13874 D, MIVEEIEIREE 71 (Additive Regression Model) iZ
WPV ITV AL THLEEZ D,




3 SEER
3.1 SRERSF

REHEOFEZ R T720, SRMERRREO FRBAIC X 258 21T 7, ERICH W7 — ¥ 1358
FHMO07 8 L UEEE F009 D ATR SHENT YAy F BDO 503 XETH S, REHTIL 503 XHD 400 X
BEEET—SELUTUHY, BYDI03XEZ T AL T2 L U THWR, 2B, EBICH WS Ek R
DTRVBFAYFIRY T EDEZTWE, PUYVITNVEFDR—RA L L BEEETVORBEICIL 24
AROEYHAR (Regression Tree) Z Va7, %7 L, BIRAROERE, BRI BIVORAL-I v 7% BTk 5T
W3 [12], FET—F OBMAEHE U QI T O 47 FBEOFE - SBABERC S ESHE V7=,
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3 1: Comparison of number of leaf nodes. Basic learning algorithm is regression tree, and 10 classifiers are

made in ensemble method. Regression tree is constructed at each target class.

. Number of Ensumble
Speaker | Target Method 1{2|3(4|5 |6 78] 9 ]|10|RMSE[ms]

Regression Tree 146 | - - - - - - - - - 17.49
Bagging 208 | 244 | 216 | 255 | 256 | 230 | 153 | 194 | 216 | 207 17.05
Boosting v =10 [146| 58 | 18 | 17| 1 - - - - - 16.71
Vowel Boosting v =0.7 [146 | 70 | 57 | 31 | 22 | 23 | 11 | 1 1 1 16.56

Boosting v =05 [146|122| 61 | 47 | 27 | 30 | 15 | 1 1 1 16.19
Boosting v =0.3 {146 | 111 81 | 67 | 55 | 45 | 55 | 48 | 25 | 26 16.17
Boosting v = 0.1 | 146 | 152|131 |129|105| 96 | 87 | 95 | 73 | 92 18.97
Boosting v = 0.05 | 146 | 150 | 156 | 131 {139 | 119 | 119 | 130 | 122 | 105 22.47

MO007 Regression Tree 223 | - - - - - - - - - 14.21
Bagging 341 {303 [ 299 [ 318 | 259 | 333 | 256 | 280 | 257 | 323 13.57

Boosting v =1.0 22387 | 37| 7 |22 1 - - - - 13.31

Consonant Boosting v =0.7 [223|137] 73 | 37|30 |19 5 |12} 10| 1 12.91
Boosting v =0.5 223167117 72} 73 | 45 | 17} 23 | 1 1 12.63

Boosting v =0.3 {223}175|144[116| 95 | 92 | 58 | 60 | 15 | 51 12.75

Boosting v =0.1 223 190|196 | 189 | 182 | 167 | 163 | 154 | 127 | 143 15.60

Boosting v = 0.05| 223 | 217|200 | 201 | 192 | 188 | 189 | 170 | 175 | 173 19.47

Regression Tree 166 | - - - - - - - - - 15.21

Bagging 187 | 278 {242 | 268 | 282 | 270 | 211 | 246 | 269 | 217 14.81

Boosting v=1.0 |166| 67 | 27 | 20 | 4 | 12|14 | 1 - - 14.71

Vowel Boosting v =0.7 |166| 86 | 58 | 40 | 9 | 18 | 1 1 1 1 14.37
Boosting v =05 |[166(93 | 59158132 132)21 17|18} 1 14.03

Boosting v=10.3 |166| 99 |134| 80 | 63 | 68 | 43 | 31 | 35 | 20 14.19

Boosting v =0.1 | 166|179 | 114|111} 87 | 81 | 113|103 | 90 | 111 16.10

Boosting v = 0.05] 166 | 166 | 171 | 134 | 112 | 128 | 113|120 | 96 | 108 18.06

F009 Regression Tree 240 | - - - - - - - - - 13.29
Bagging 320 (301|270 | 317|331 |374|367 404 |337| 356 13.17

Boosting v =1.0 2401 77 | 30 | 1 - - - - - - 12.18

Consonant Boosting v =0.7 12401135| 73 | 35 | 38 | 1 1 1 1 1 11.98

Boosting v =05 |240[162| 96 | 97 | 46 | 42 | 1 1 1 1 11.84
Boosting v =0.3 240|192 (133|111 | 85 [108} 72 | 58 | 26 | 35 11.99
Boosting v = 0.1 | 240 {206 | 203 | 170 | 175 | 184 | 163 | 153 | 140 | 147 17.24
Boosting v = 0.05 | 240 | 204 | 198 | 228 | 180 | 189 | 193 | 162 | 186 { 162 22.64

3.2 WERINFA—=F v BLUONSTX—IE OB

Gradient Boosting 7V IV ALIZEIT AR AT A —F v i3 v <1 DE ZPLRERZ DR TERZ LN

BERIICH S TS, 22T, DU A—%% v =0.05 01, 03, 05, 0.7, 1.0 L, FAFF—FIcH
7



TRV FEEEEMEI L ICRD T, £, 10EOEDRELICETBEFEADY —7 /7 — FREOEME LT
Bagging 7V T Y ALICEIF2EFBARDY —7 ) — FROEALD HIRD 7 DR, R1IKZOBERERT,

ZDORITE T “M007” & “F009” 13 ZNZNE5E M007 B X UF009 12 L 2fER %2R L, “Vowel” & “Con-
sonant” WZNZNEBEEFBEF—F L LEEFTAVREBII 2RFI L 2T A N F— ¥ OifS R, FHr25yE
F=F ELEETNICBTA2THICLETANTF— 2 OFHIRERZR T, £72 “Regression Tree”, “Bagging”.
“Boosting” 1& Z 1LF 1WA DEIRAIZ L 2558, Bagging 1K X % 7 V4> 7 VEEZIT - T BlIRAZ v 754
B Gradient Boosting I & 27 V¥ v I NVEEEToBRAREZHWEBREZRT, @ BJINEAAS X —%
EZRL. BRFORBRIFRVBEL (FyH v IV B2 —7 ) —F&E2HRT, 7 “BMSE[ms)” 135
AL F=2ICWT AV REREERT,

ZDFE 5 Bagging TV ITY A5 D L < 1L Gradient Boosting 7V TV AAIC K 57 V3 ¥ T VEBETS
LT, ELLDFEHICBOTHHAEDERARDEA L DD ZIREL DR TEIENTE S I LIMHERT
X2, ¥RMCERTI A=Y v 2/NZLTHE, ERDELIZBIAEREBARDOY —7 7 —FEIMEZ Tl Z L
P, W0EDEDELICEWTRNER ST X = BBELRr =050 EFEREBPRDID R 0T
VBRI EDROLPSE, IHIPEATI A=y =05 DL XD Gradient Boosting 72V X AL, Bagging
FTLIYZXLED BV Y =7 —F (NI XA=F)VBTLHVREDDLBOTFHETNVEBETE TS Z
L3bd b, AEBROBES. Gradient Boosting 7L 3V X A IFBEDEIRARDE S & iR, P ERET
4 1.30[ms] B2, Bagging 7L Y XA EHAKY 0.9[ms] MEEZFD IR EVTEL I EWDD 3B,

3.3 ZEHFMmMBER

R 2ICHEDBETAR, Bagging 12 & 2@, Gradient Boosting(v = 0.5) I K AEEARICET 27 A b 57—
ZICRT 2 HHBIREL PN RRRE, P TRERE. /< A4 A PP SRR R B ETHIRIR & LR T,
INSDRITBWT 47, “AAE’, “RMSE”, “NMSE” iFZhZh 7y v OEEHBEGRT, Fofniis,
P TREEE )< 7 A AR PHIEREE R T, o OFERHERGED 5 b Gradient Boosting 7V I
VR 5 (v =05) 1%, Bagging 7VITY XL XD SFTEDDLOFHMET NV ZEETE S I Lbh 3,

# 2. Comparison of duration modeling for speakers M007 and F009. Basic learning algorithm is regression
tree, and 10 classifiers were made in ensemble method. r is correlation coefficient, AAE is average absolute
error in [ms], RMSE is root mean squared error in [ms], and NMSE is normalized mean squared error.

Regression tree is constructed at each target class.

» » Vowel Consonant
Speaker | Method T AAFE | RMSE | NMSE r AAE | RMSE | NMSE
Regression Tree 0.81 | 13.19 17.49 0.34 0.85 | 10.67 14.21 0.28

MO007 Bagging 0.82 | 12.90 17.05 0.33 0.86 | 10.27 13.57 0.25
" | Boosting v =105 | 0.84 | 12.17 16.19 0.29 0.88 9.47 12.63 0.22

Regression Tree 0.72 | 11.50 15.21 0.438 0.91 9.89 13.29 0.17

F009 Bagging 0.75 | 11.10 14.81 0.45 0.92 9.83 13.17 0.17
Boosting v = 0.5 | 0.77 | 10.46 14.03 0.40 0.93 8.84 11.84 0.13




4 F&&H

KHFECIE, HEMGEE O PRI % X 5101 1 X% 2 72 Gradient Boosting & FHIEN 2 ERE 7 o4 v
TNEEE R EA L7, Gradient Boosting TIZHERBEM L CEXRRBEEIT) 2 LI o TR—R L 5%H
TPVERMEL, PHET LV ERBNMEETVERBKT 5, KRB TEIMETTLVOR—R L 2 24HET
VIZRFEARZE AV, =72 F—=F s 2 FRIEE I L 2 ZEFHI 2T 7, ZFEFHHORE. Gradient
Boosting 7)Y A LlE, Bagging TV I Y XL LD b0 XA =5 T YBREOD L WLFHIEF LR
METZLZe8bboT:,

SHROFEITRERTH BRI L 3R L 3 BRBEBRONAPEE T — Y OO OBEAREZ LT
O—FDEALREBEIFSND,
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A HOREEBEEFIICEITEHE

g7 —% L LT MEEF VDR~ &7 258 E 7T Decision Stump & Model Tree (M5) [12][13]
AV IEGO PRI & 2 FEEHMERKR 2T . Model Tree lE AN F V&M% \»IC KR ZMICY
HL. DEINFAREICE W TRIBRIRIC &L 23608802179 FRIETFAVTH 2, %D, BRA LA
REHABGDELT ATV XL TH B,

3 3: Comparison of duration modeling for speakers M007 and F009. Basic learning algorithm is decision
stump, and 10 classifiers are made in ensemble method. r is correlation coeflicient, AAFE is average absolute
error in |[ms], RMSE is root mean squared error in [ms], and NMSE is normalized mean squared error.
Decision stump is constructed at each target class.

Vowel Consonant
Speaker Method r AAE RMSE NMSE r AAE RMSE NMSE
Decision stump 0.67 17.01 22.18 0.55 0.42 19.43 24.39 0.82
MO007 Bagging 0.67 17.01 | 22.19 0.55 0.42 19.41 24.38 0.82
Boosting 0.74 15.54 20.16 0.46 0.68 16.28 20.73 0.59
Decision stump 0.32 16.21 20.76 0.89 0.46 23.94 28.79 0.79
F009 Bagging 0.33 16.21 20.76 0.89 0.46 23.94 28.78 0.79
Boosting 0.58 14.34 18.53 0.40 0.73 18.53 23.46 0.53

# 4: Comparison of duration modeling for speakers M007 and F009. Basic learning algorithm is model tree,
and 10 classifiers are made in ensemble method. r is correlation coefficient, AAE is average absolute error
in [ms], RMSE is root mean squared error in [ms|, and NMSE is relative mean squared error (normalized
mean squared error). Model tree is constructed at each target class.

Vowel Consonant
Speaker Method r AAE RMSE NMSE r AAE RMSE NMSE
Model Tree 0.83 12.53 16.68 0.31 0.85 10.57 14.19 0.28
Mo007 Bagging 0.85 12.00 16.00 0.29 0.88 9.64 12.80 0.22
Boosting 0.84 12.23 16.25 0.30 0.88 9.62 12.85 0.23
Model Tree 0.75 10.94 14.56 0.44 0.92 9.10 12.29 0.14
F009 Bagging 0.76 10.71 14.32 0.42 0.93 8.73 11.72 0.13
Boosting 0.76 10.69 14.25 0.42 0.93 8.77 11.68 0.13

£ 3B IUR4ITZNZN Decision Stump & Model Tree (M5) 2 VR ER T, TNS5DRITEBWLT
“M007” & “F009” 1&Z 1L Z N 5E#H M007 B L T F009 IZ & 2/ ZR L. “Vowel” & “Consonant” (X Zh %
NREEZHEB T - ELRETVICBT 2RFICL 27 2 F 7 — 2 OFiifE R, TE2¥ET—FELET
WIEBIT B FEFILE BT AT —F OFHIRI R 2R T, $£72 “Decision Stump”, “Model Tree”, “Bagging”.
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“Boosting” 1% % NLZ 1LEURD Decision Stump 12 K iR, BAED Model Tree (M5) I & 5 {55, Bagging
WXB7 vy TVERETo R, Gradient Boosting IC X 57 V4V TV EFRRToLERERT, &
NEDRICEWT 97, “AAE", “RMSE”, “NMSE” 2 ZNZNE 7Y v ORMFHBRE, Fifaigs, £
B, ) A AN IR RERRT,

ZDFED S Decision Stump KEWTIHEEDEE LD O FHIBEL2IEHICHETE S Z L300 5205,
Model Tree (M5) 2B W TIIEADGE L HRTFREBE L2 ZNEBEWETER VI L8bd 5, TOI LS
ARHEBIC W BERI 7 3y TV IR, N—R LB Z¥EFET VO TFEBEMECES I THRBELZ)
RBIcEEET 2822450, R—R LB H2EFEFNVOBEPRCEAICIEFHREZIRNICIIEETE
NI EBbh 5,

B {OFHMETIL & DL
fHE7—% L LT, BElR/AEMIEZAWARTE L] &L OFPHRREIC XL 3 R 2R TR T,
# 5: Comparison of duration modeling using linear regression method. r is correlation coefficient, AAE is

average absolute error in [ms|, RMSE is root mean squared error in [ms], and NMSE is normalized mean

squared error.

Vowel Consonant

Speaker | Method r AAE | RMSE | NMSE r AAE | RMSE | NMSE
Linear Regression | 0.83 | 12.62 16.79 0.32 0.83 | 11.39 15.03 0.31
MO007 Regression Tree 0.81 | 13.19 17.49 0.34 0.85 | 10.67 14.21 0.28
Boosting ¥ = 0.5 0.84 | 12,17 16.19 0.29 0.88 9.47 12.63 0.22

Linear Regression | 0.75 | 10.98 14.63 0.44 0.88 | 11.44 15.18 0.22

F009 Regression Tree 0.72 | 11.50 15.21 0.48 0.91 9.89 13.29 0.17
Boosting ¥ = 0.5 0.77 | 10.46 14.03 0.40 0.93 8.84 11.84 0.13
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