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Simultaneous Word Sequence Search for Parallel Language Models
in Large Vocabulary Continuous Speech Recognition

KUNIO NAKAJIMA,"9 YOSHIHARU ABE," HIROYASU ITSUIt
and YUzZO MARUTAf®.BE

An efficient method to search parallel language models for a word sequence is proposed.
The method finds simultaneously the most probable word sequence in word sequences of com-
ponent language models. The simultaneous search is realized by a best-first search algorithm,
in which a pointer to the component language model and the partial word sequence are paired
as a hypothesis. In experiments for large vocabulary continuous speech recognition, the per-
formance was compared with a serial search method, which selected the most probable word
sequence after sequentially searching the component language models for the most proba-
ble word sequences. As a result, the simultaneous search method, in a case of parallel nine
language models, reduced the count of generated hypotheses below one fifth of that of the
serial search method, and obtained the error reduction rate of 8.4%, which was comparable
to that of the serial search method of 8.0%. Thus the effectiveness of the proposed method
was confirmed.
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Fig.1 A block diagram of the two-stage search method.
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Fig.2 Asymmetric error model.
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Fig.3 A flow diagram of the simultaneous search.

00000000000 11)0000000000
00000000000000000000 X/ =
{1,22,...,2;}02, 00000000000000
00000000 WFOODO tOOOOOOO
0 X{(0<t<I)0000000D0 ;000000
ooooo

gi(t) = log P(X{|Y (WI))P(Wf|c)P(c) (5)

900 g:(0) = P(e) (6)
O0:0000000000 he(t) O
ha(t) = g:(t) — Eno(t) ")
Env(t) 0OO0OO0OUO0OOOO ¢t 0D00ODOODOOO
{j} 000000 Env(t) =max;g;(t) 00000
Env(t) = —00(0< ¢t <) 000000000000
ooboooooboooooboooooooooon
0 A*0D0D0DO0ODO0O00DO0O0O0DooooD
(40000 P(e) D0000000O0DOOOODO
ooooobooooooobooboottooooooo
k0000000000 he(t) O Env(t) = gu(t) O
O (yOooOoUOooUOUODOUOOOOOOOooOOoO
000000000 P(e)DO0DODOOOOODOOODO
goooooooooooooooooooobooDo
gooooooooooOooo0oobOooooooDo
O0O0OP(c)0D000O0OOODODOODOOOOODO
O0o000ooO0ooUooUOP(eOOOOOO
oooooooboooooooobooooooooon
ooooobooooooooobooooooooo
O0000000000000 A*OOO0OOP(e) O
gooooboboooooooboobcoooooboooobo
Oo00 “««»OODOOOODOOOOO0OOO0ooOoooo0Od
oooooboooooooooboooooooooon
0000000000000000P(¢) 00000
00000000000000000000P(e) O



Vol. 45 No. 12

gooooooo
gooooooooooooooboooooooo
gobooooooooooooooboooboonoooo
goooboooooooobooboobooonoooon
goooboooooooooooboobooonoooo
gobooobooooboooooboooon

3. DOoO0OoOobOOoooooobooog

00000000000000000000000
000000000000 CcO00000000000
000000000000000000 CcO00000
00000000000 s€S00000 ceC OO
00 L(s,c) 000000000000000000
0000000000000000000 ws,ws, -
0000000000000 logP(wilc) 00000
0000 L(s,c) 0000

L(s,0) = Y g(w)log P(wile)/ Y _ g(wi) (8)

O000g(w;) 000 w; O0O0D0O0OODO

000000 Oridf] residual inverse document fre-
quencyD 00 000ridf 000000 dfD document
frequencydd 0 Poisson 000000000 dfO0O
0000000OPoisson00O0O0O0DOOOOOOO
000000000OPoisson0O0O0OOOOOOO
00 rndf00000O0DOODODOOODOOOODOO
0'¥0000000000000000000000
00o0O0DO0oOOo0bOooDoOobOoOoooOobooo
000o0o0oodrndf0Od0O0O0O

ridf O

ridf, = idf; — log(1 — p(0; \:))

cf; 9
= logdifi—log(l—e_7> ©)

p(k, \NOOODO=000X0000000O
;000 w; OOO0O
000000000 00idf0 inverse document fre-
quencyD000 w; 0000000 O0O0O0ODOOO

N
idf; = log — 10
it = log - (10)
NODOOOO df;000 », 000000
gboboobo
4. 0 00O O

00000000D000D000000000000
0000000 0oO0ooo

41 0000

00000 CD-ROM1991-19950) 000 40 90

gooooooooooooooooo 2837

01 0o0b0oo0o0oooooooo

Table 1 Text corpus (newspaper articles).

Purpose Articles Sentences Words
Training | 428.6 x 10° | 5029 x 10° | 102.5 x 10°
02 00000
Table 2 Language models.

Clustering K-means algorithm 14)

Component LM
Full corpus LM

65K-word, 3-gram LM
Used jointly
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Table 3 Test speech data (Japanese News Article Speech
corpus).

Set | Amounts | Tag/Comment
JO5 | 178sent. oooo

J09 | 146sent. oo

J12 | 270sent. oo

J1 200sent.
J2 200sent.

Low perplexity and normal length

High perplexity and long length
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04 450000000000000000
Table 4 Amounts of training texts in Section 4.5.
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Table 5 Comparison of the single language model and
the parallel language models.
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00 0000 | 00000 [ 00000
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J05 21.54 19.81 21.13
JO9 17.96 16.10 15.87
J12 21.29 20.83 20.80
00 20.26 18.91 19.27
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Fig.4 Comparison of the counts of generated hypotheses
(n =20 x (C+1)).
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Fig.5 Ratio of the counts of generated hypotheses
(n=20x (C+1)).
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Table 6 Relation between the search conditions and the

average performances.

gooo
oo oo god gooood 0o0o0o00%
0o ooo 0ooo 0000%0O
n C+1

0o 20 1 24178 18.67
(1.00) (0.0)

0o 200 1 34171 17.84
(1.41) (4.4)

oo 2000 1 35581 17.86
(1.47) (4.3)

0o 180 8+1 240748 17.17
(9.96) (8.0)

0o 198 8+1 252834 17.18
(10.46) (8.0)

oo 180 8+1 43715 17.13
(1.81) (8.2)

0o 200 8+1 43895 17.11
(1.82) (8.4)

0o 2000 8+1 44419 17.12
(1.76) (8.3)

07 DO0O0D0O00D00On ~200,C =80
Table 7 Comparison of search times (n ~ 200, C = 8).
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JNSJ1 2.70 6.79 22.22
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oo 20.22 30.37 70.02
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