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Efficient Training Algorithm for Maximum Entropy Semantic Modeling

KoicHi TANIGAKI,t KEISUKE WATANABE! and YASUSHI ISHIKAWA f

This paper proposes an efficient feature selection algorithm for maximum entropy modeling,
to cope with the problem of heavy computation required to construct models for semantic
processing. The proposed method introduces hypothesis tests into the previous algorithm of
successive feature selection ®) that is completely resort to liklihood gain using Newton method.
The tests for estimation errors of probability about feature occurrences efficiently detects those
features that take less effect at liklihood gain. By rejecting the ineffectural features from can-
didate set, the computational cost to calculate liklihood gain is highly reduced, so that the
algorithm can efficiently generate maximum entropy models. The proposed method is applied
to generate the model that discriminates the intention of speaker, given the word sequence of
utterance to our spoken dialog system. Experimental results show that our method cuts the
training time down to 18% with no decline at discrimination performances, compared to the
previous algorithm. It is also showed that our method performs stably better at discrimina-
tion error rates in the equal training time, than those naive methods of pre-selection based
on frequency/mutual information.

goooooooocooobooobooooobooooo

1. 040 oo
gooooo

goooobooooooboooobooboooooo e J000O0ODOUOOODDOOODDOOOOO—DODO
gbo0ooooooooooooooobooboooobooo oooooooooooooboobooboooooo
gooboodoooooooooooooobooooo oooooo
goboooooooooobooooooooboood e JOOOOOODOOOOOODOOOOOOOO
gbooooboooooooooooooboooooon oboboooooobooooooooooooon
goooooooooboooobOOoOoooooooo gooooo
goooooooooooboooooooooboooo uboboooooooboobooooooooooo

0000000000000 oooO 1)~5)moo gboooboobooooboooboooooboboog
goodobooooobobooboboboobooboobo

t00000b000000000o00a0 6)
Information Technology R&D Center, MITSUBISHI pooooooo booboooooooooon
Electric Corporation gobooo0ooooboouooboboboobogo NO

2138



Vol. 43 No. 7

gooocooooooooobocoboobooooObobOoo
gooooooooboooocboooooooobooo
goooboooooooooooooooooooo
oooooooooooooooocboboobobo
gooboobooooooooooocoooooooboo
gooobooboooooooboboboooooboDbon
gooboooooooboooooooooobobon
goolyoooo0oooOooOoooOooOooOood
00002)0o0b00oooO0ooooooooooon
gobobooboooooooobooooooooooon
gbooobooboooooobooboooooobooo
oooooooobooooo
gbobobOoooooobooooooobooobooo
gooooobooobooooooooboOoDoOooobooon
goooooobooobobooooooobooooooo
goboooooobooooooooooobooooboon
goooooooboooobboboobooobobo
OO00O0DO0O0O000O0BergerO00OO0OOOODOO
goooooboooboooooobooooooooon
gbobbodoobooooboooooooboOooood
000000000 00000000%000000
goooboooooooooooboboooboooooo
oooboooocoooobooooooooooooo
gbooooboooooooooboooooooooo
gobooooooooooboooocoooooooo
gooboooooooooooboooboobooobo
ooood
goooboooooooooboobooooooon
gboooooooooooooboooooooood
gooooooobooocoboboouoocooobooo
gbooobooooooobobooooooooobo
gboooboooooobcooocobocoobobooon
gobobooooooooooooooooooooon
goooooooooboooooobooonooooo
gooooooOo00o0oooooooooboo
goboooooooobooooobooooo
go00000000Printz00O000000DDODO
goooboooooboooooooooooooo
goooobooooobobooooooooooooo
0000000”0000000000000000
gobooboooooooooooooooooooo
gooboboodobooobooocooooooooooboo
goooooboooooobOoooooooooooo
goooooooooooboooobobooooooon
Mikheev O OOOOOOOOO0OOO0OOODOOO
000000000000¥00000000000

goooooooooOoOoooooooobOboOoOoooooon 2139

000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000 NOOOOOONDOOOOOODOOOOON
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000O0000ooo?Y00000000ooo
0000000000000000000
00000000000000000000000
000000000000000000000000
000000000000000000000000
00000000®000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000

2. 0ooooooooooboboooobo
go

00000000000000000000000
000 «0000000000000000 MOO
00000 Y ={pn,...,yn} 0000000000
0000000000 «00000000 y*000
ooooooo

y" = argmax p(y|u) 1)
yey

00000000 «w0000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000000
0000000000000000000000000
0000000000 MOD00mMO00mOon
0MO0MOD0000000 1900000000
0(1)0000000 p(ylu) 0000000000
000000000

2.1 000000000000O000000

0000000000000000000000
00000000D00000000 2000 00
0 FOOOOOODOOOOOOOOOO0000 w0
00 yOO (uv,y) 00000000000 D0000



2140 goooooooo

O0o0Ooo0oo00 Imooooooooooooo o
ogooo
F={fi:(uy)—{01},i=12..1 (2

00000000 FOODODOOOOODOOOOO
JO000000OO0o0obOboOO0oOO0ooooooooOoa
OO0FO0000D000O0DODOO CPOODOODODOO
00oo0oO0oooooo0oooooooooo p(ylw)
gdboooooooooono

p* = arg max H(p) (3)

peCp

0 3)0OoooooooUooouoouoo crp OO
00 (4000000000000000p()000
0000o0oo0oooUoooooUp()ooUoOooO
000000000000 (4)0(6)00000000
00 00000000000 /00000000
0000 «00D0 yOOOOOOODODODODOO
0000000000 p(f,) 00000000000
Dﬁ(fi)DDDDDDDDDDDDDDDDDDDD
oooa

Cr={plVfi € F, p(fi) = p(fi)} (4)
oooa

p(fi) = w) D> plylu) fi(u,y) (5)

p(fi) =D p(u,y) fi(u,y) (6)

0000 3)00ooooooooooooooo
oooooooooo fi(w,y) DODODOO N 000
00000000000 D0O0O00%0

plul) = 7o exp (Z A i, y>> @)

000 Z(w) OOy, p(ylu)=1000000000
ooooo

Z(u) =) exp (Z Aifilu, y)) ®)

2.2 0000000000000
000000000000 00000000000

0000000000200000000000000

(A) 000 yO0OOO0O0O00OO0O000000000
w,...w,dn0000000000000000
ooo

(B) OO0 yODOOOOOOOO00D0 w0 w0
00000000 d(e{1,2,3}) 0000000
000000000000000000 d000
w0 w, 0000000000000

July 2002
01 0O0O0o
Table 1 Example of features.
oooad oooo /
od 0ood ooooo *1

(A) oooooo
Al |O0OO0OD |00 251/270
A2 |00O00O oad 22/25
A3 |0000 |00/0/00 8/9
A4 | DOO 0oog/o 126/133
(B) oooo oooo oo
B1 good oagd a 3 236/246
B2 | 0000 (OO END 2 23/24

*1 000000000000 000000000000
go0o0oOooO0oO0oooo0oO0OoOoooOoboOooOoooo
00o0o0o00o00o00oo0ooooooooooo

010 ADBOOOOOOOOODODOO0OO0OO
0 AlDD000D00000000000000000
00000000000000000000000
0000000 f4, 00000000O00O00O00
0 SO0000 nO00000D0D000000000
270 0000000000000000000000
000000 n-p(fa;) 0000000000000
n-p(fa) =251 000000000000 (4)0(6)
ooooooo

00000000000000000000000
00000000000000000ADOO BOO
0000000 10000000000000000
0000000000000000000000°00
000000000000000000i0ivO000
00000000000D0000 100000000
0000000000 AODOBODOOOODAOO
000000000 ADDODDOOODOO0
nO000000000000i)00BO0OOODOO0
00 ¢d000000000000) 0000000
000000000000000000000000
0000D00000000000000000000
00000000000000000

3. bobooboooooobooboooo

obooboooboooooooooooooon
gobobooooobooooooooogooooo
oooUooeUoOoOoOoUUoOoOoUOOOOOoDOO
gooobobooodooooooobooobooboooon

" 00 20000000000000000000000000
goooOoboOoooOoOoooOoooOoooOoboOoooooooo
gooooooo0ooOo0ObDO0o0OO0O0OO0O0O0O0DOO0O00O0
g0ooooooooooooooooOooooboooooo
0o0000000000000O0000000000000



Vol. 43 No. 7

0000000 00ooooooOooog Step 1020
gooobooooboobooboboo
Step1 ODOOO0OOO0OODOOOOODODOOOOOO
goooooobooooobooooboooboo
gooooooooboobobooboooooo
go0doopoo0omooooooooooo
godoooob 1000000
Step2 0000 OOOODOODOODODOOO
gooboobooooobooboboooon
0 Improved Iterative Scaling: 1ISOO0 OO OO
oooooooOSteplOOODO
gobooobooboboooboooobooooo
Stepl 000 0OOO0OO0OO0OOODOOOOOOODOOO
goooooooooDobobooooooooooo
Ogooooooooooooooooooboooo
00oDo0o000o0bDoooDoOoOobOoOoboooon
000000000000 O0Stepl000O0O0DOODO
gooooobooood
3.1 O0O0O0OO
gobooooobooooboobbbbobooboa
goboo0o0ooobooooooboboobobooobo
gooooboobooobobooooboboboooo
010000000000 0AlODOO0O0OOooOooOoGO
0ooo0obObo0obOOobO0o0obOOoooooboooo
0ooodob0o0oooooboboooboboooooo
goooo.-..oo0oog ---m---0000 - -
goodoo ---0bbo0o0oboobooobooobao
O000A10 BlOOOOOOODOODODOODOOOO
gbooboobobooboboooboooobooboo
gobooobooobooobbooooooogoboooo
goooboboooob 10oo0boogboooooog
godoooboobobooboooobooobooooo
gooooooooo
goooooooooooo 101000000
010000000000000 10 A10A20B1
Ood0dbO0o0oOoboobOoOobbooobooboobooa
00000000000 AlD0Oooooooooo
0000000 0oOo A20000o0oo0ooooo
gooooboboobbobooobbobooobo
A3 ooOoUoOo/o/oOooooOoUoUOoooo
goooboooooobooobobuobooobobooo

o 0000000000000 0000O0Step3 0000000
gooooooOoOoooOoOooOooOoOOOOOOO0OOb0O0O0on
ooo0b00000000000000O0O0000O0000O0
goooooooooOoOOOOOO0OOO000O0O0O0O0000
oooo0o0o0oooo0oO0oo0oooooOooOoooboooo

goooooooooOoOoooooooobOboOoOoooooon 2141

00000000000

00000000000000000000000
0000000 100000000000000000
000000000000000000000000
0000000000000000

3.2 0000000000

000000000000000000000000
00000000000 f000000 fO0000
p00000000 (4)0000000000000
0 p(f)=p(f)000000000000000 f
0000D0000000000 pO00D0DOO00O0
000000000000 f0000 pO00OD0
000000000

0000000000000 p(f) 0000 5(f)
000000000000000000000000
0000 SO0000000 000000000
00000000000000000000000
00000000000000000000 p(f) =
p(f) =00000000 0000000000
000000000000 D00000000000
f0000000000000000 (u,y) 000
Sy ={(uw,y)Fy, flu,y) =1} (€ S)DOODOOOO
ooooo

S;000000 f000000000O0O0O00
0000 ps,(f) 0000 ps,(f) 0000 (5)0(6)
00000000000000ps,(w) 0 fs,(u,y) 00
0000 $;0000 «w000 (uy) 000000
ooo

ps, (1) =3 ps, () S plulu) fluy)  (9)

By (F) =Y s, (w,y)f(u,y) (10)

000000008, 0000000 mOO00°0
S, 000000 000000 ¢c0000000O
00c000000000000000000
c=m-ps,(f) (11)
00 f000000 ps,(f) 0000000000
$;0000000 mO00DO0O000D00O0f00
00 x000000000020000000000
oooooo
blzsmiq) = mCag” (1 —q)" " (12)
q=ps;(f) (13)
00 20000000000000000000

U0 goooO0DO000000 3,250000000000 21,096
oooooom 00000 1,30600000 10000 39.9
ooooooo



2142 goooooooo

fs,(f)000000000 ps,(f) 0000000
00 « <cOOOOOODOOOOOOOOO z2>c¢
go0ooOO0o0oooOooboOoboOobooooooon0 R
oooao
> b(aimiq) if B, (f) < ps,(f)
R: x;O
Zb(m;m;q) otherwise

(14)

000 ROOODOOO000O0D000O ps,(f)0
ooooooOoooOoOooOoooooooooooo
000000000000 0ooooooooooon
O00000oO0o0oOooOOoooooOoooooooog
000 RODDOOOODODOOO0OO0OO ps,(f) 0
000000000oo0o0o0o0o0o00ooooooooo
0000oo0oooooooooooooon

3.3 JO00oOooo

3200000000 ROODOOOOUOODOO
goooooOoOooooUoUOoUoopoOoooooo
O00o0o0o0oooooooooooOooO NOOOoOo
O0oo0oO0ooo0ooooooooooouoooo
O0000ooOooooogoooloooooooon
00ooo0ooO0ooOoUoOooOoooooooog
ooooooonD 430000000

01000000000000000000000
000000000 200000 I1SO Inproved It-
erativeScaling6)DD[I[IEIEID[IDDDDDDDD
O000dooooDoooooooostogoooo
ooooUoooeU00OO0OUDDUOOUDOOO1DO
2nd 000000 Step 10000000 0OOIISOO
OO0 Step20000001st00000O0OOODOO
000o0o0ooooooooooOoooooooog
00000000oooDOooOooooOoooOd 2nd
000000000000 ooooooooooon
00 2nd0000000000O0O0ODOODODOODOO
odooooooooooooooo

4. 00O OO

goobooodooooboo20000000000
00o0ooUooooooooouoooooe0OoOO
goooooooooooboocoooboobooooo
4.1 0 O0O0O0O0

oooooboz200000000000000000
goooooooooooooooooooooboogon
goobooooooooboboobooboooobobo

July 2002

e 1) K »
N bR oL

st — F nd¥—F
= 0 pre > o —_—
B T e 17 e | | =70
#E TN T e | R AU

/11 =]

A =
01 DO000o0DO0oo0ooooooo

Fig.1 Proposed feature selection algorithm.
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