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Adaptive Training of Language Models with Inter-word Co-occurrence
for Speech Recognition

KEIKICHI HIROSE,! NOBUAKI MINEMATSU and TAKAAKI MORIYAT

In large vocabulary speech recognition, statistical language modeling usually requires a huge
amount of text corpus, which is usually difficult to arrange for a specific domain on which
speech recognition is conducted. One probable solution of this problem is domain adaptation,
where MAP (Maximum A Posteriori) adaptation is successfully used. In this paper, we inves-
tigate the language model adaptation using inter-word co-occurrence information through a
series of experiments. This paradigm introduces correlation between words of a long distance
additionally into the language model, enabling the language probabilities to be modified ac-
cording to words which are not actually seen but can be potentially found in a given context.
Experiments showed that higher reduction rate of perplexity was observed compared to the
conventional MAP adaptation. It should be especially noted that the proposed method can
decrease the perplexity even when the MAP adaptation does not work well, i.e., adaptation
of original language models to a target domain by using text close to but strictly out of the
target domain. This is considered to be because the proposed method captures the word
correlation with limited respect of the surface of the text.

gooooooooooboooobooboooo o
o0ooooooooboomoboooboobooDboo

1. 0oo0ao

gooooboooboooboooooooooo
O0ON-gramOO0 0000000000 O0COCOOCODO
000000000 Y00000000000000
goooooooooooboooooooooooo
gobooobdoooodoooooboobooooooooo

t00000b000000000o00a0
Graduate School of Frontier Sciences, The University
of Tokyo
tt0000000000000000
Graduate School of Information Science and Technol-
ogy, The University of Tokyo

2065

000000000000000000000000
000000 000000000000000000
000000000000000000000000
000000000000000000000 000
000000000000 000000000000
0000000000000000000000 00
000000000000 000000000000
Oo0OO0O0O0O0o0O0ooon
0000000D0000000000000000
00000%000000000000 00 Maximum
A Posteriori; MAPOOOD®4Y000000000



2066 goooooooo

00000000000 000000000000O0
0000000000000000000O0D0O00O0
0000000°0000000000N-gram 00
000000 MAPOODOOOOOOOOOO90
MAPOODOOOOOOOOOOOOOO N-gram
000000000000000000000000
000000000000000000000000
00000000000%000000000000
000000000000000000000°°00
000000000000000000000000
oo”"oooo00O00000000000000
00000000000000000O0000000
00000000000000000000 trigger
word 00O N-gram 0 0000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000 trigger 00000000 29°000000
00000000000 trigger 10000000 O
0000000000000000000%0000
0000000000000000000 trigger O
00000000000 2)00000000000
trigger word 00 0000000000000 O0OO
0000000000 trigger word 0000000
000000000000000000 32000
0oo
00000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000000000000O0
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000000
000000000000000000000000
000000000000000000000
000200000 MAPOOOOOOOOOOO
000000000003000000000000
00000000 D0D0000000000O0000O0
000000000000000000000000
00000000 4005000000000000
000000000000000000000000

Y 0po0O0000000000 N-gramOOOO00O
" 0poOoOooO000000000000000

July 2002

000000000000000000'Y00000n
0000000000006 00000000000
000000000000 0000 70000000
oooo

2. MAPOOOOOOOOOOOOOOO
go

00000000000000000000000
0O00O0O0OMAPOOOODODOOOOOOOO0OODO
00000000D000000000000000
090000000000000000000000
000000000000 000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000D000000000000000000000
000000000000000000000
y0000D000600000000000000
0000000000000000
p(yl0)p(6)

p(0ly) = o) (1)
00DO0OMAPODOOOODOOOO p(Aly) 00000
0000 00000000000 ply) D000
00000D00p(y) 000000000000 (1)0
00000000000000000000

0 = arg max p(0]y)
= argmax p(y|6)p(9) (2)

OO00OON-gramOOO0OOOOOOOOOOOOODO
0 yOUOOOOOOOODOOOOO @0 N-gram
00000000000 N-gram OO OO000OOp(0)
gbobooboooooobbooooooooooooo
O00o0OO0UOp(yp)DODOD0ODOOOUOOOOOO
yooooooooooooooboooobooooo
000 NgramOODOOODOODOOOOODODOOOO
gooooooobooooooooobboooooo
0000 p(@) D00000000DO0OOO0OODOO
gooooooooooboobooboobodooooo
gboobobooooooobooooooooooan
gbboobooobbi0ob wobhOooooooooo
oooooocoooooooo

p(yl0) o 6= Nivw (1 — 6)= Vit ~Nitw) (3)
p(6) o 6N (1 — 6)NiNiw (4)

000 wORODOODOODODODOODOONIONA
000000000000 000000000D0dg



Vol. 43 No. 7

0000000000 (3)0(4) 00000 (2)00
ooo
p(wlh) = arg max p(y|6)p(9) (4)
_ _ Niw +wNi, ©)
> Niw +wNiy,

w

gooooo
3. D0OobOoboOoooooooooan

3.1 0000000000000000000
00000000 MAPOOOOOOO O0O0OODO

000000000000000000000000

0000000000000000000

(1) 00000000DO000O00000000000
0000000000000000000000
0000000000 00000000000
0000000000000 00000000
0000000000000000000

(2) opoopooo rMoor'=7/Ty---T., 00
0000000000000 7000000
000000000000000000000
oooooooooooooo™oooooo
000000030000000000000
000000000000000000000
000000000000000000000
O7/oooooo

(3) 0O0DO0DDOO0DODOO0OO000DODOTLO
000 »0000D000 hwd bigramOO 2
OOtrigram 00 3000000000000
0000000 1000000000000 0
000000 ¢, 000k00000000
00000001 000M000v0 hwOO
0000000000v0 hw 0000000
00000000007 0000000 0
hwOD0DO0O0O0O0O0O000O0OO0OD0OO00
000000000000000000000
O0wl hwO0000000D00000000O
000000000000000000

nr

I 1 Z k

Qv[hw] = n_I v[hw] (7)
k=1

(0< Q£[hw] <1
0000000000 740000000000
0000000 gy 000 0¢ 0,0 ¢
000 v0000 hwOOOOOOOOODO
000000000000000000000

gooooooboooooooooooOobobobOOoboOooooooo 2067

RSB URITFR b

SBULLEBESTHR b

vEhwhs
aEhT
(AL-¥.]

v&hwat
|ENT
(AT-Y:

RANFESOYE
EoBE M (T0&
T3,

BUTFHRMPSHMULE  BETHRHOHMLLE
HERMOREY HER oS

01 0OO00ooboooboooooo
Fig.1 Calculation of the inter-word correlation.
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Table 1 Text data used in the experiments.
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weighting factor w (test text A).
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