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Error correction of automatic speech recognition based on Normalized Web Distance
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In this paper we focus on the problems in ASR error correction method based on Confusion Networks, which are
degradation of N-gram correction due to the null transitions and the availability of corpus in terms of calculating
semantic score. In attempt to solve these problems, first, we employ Normalized Web Distance as a measure for
semantic similarity between words which are distant from each other. The advantage of Normalized Web Distance
is that it uses WWW, Search engines and transcripts as a database for learning, which can solve the problem of
availability of corpus and the computational complexity. Secondly, we delete the null transitions from the test data
for N-grams to learn and correct effectively. Experimental results show that the correction of speech recognition

using our proposed method can reduce word errors.
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3.1 Conditional Random Fields

dodddooodoodooboooooooooooa
Jo0d0d0O0o0d00oO0bOooboboUooobOoOobobooOooDooa
0000000000000 000Conditional Random
Fields(CRF) 3] 000 00O0O0O0CRFOOO000OO0OOO
Do00d00dO0bbOoOo0000oboOoOo0o0o0oboobooooa
poddd0oboOobobOo0o0o0obobOooooooooooa
ooo

1
| B :051  “[F":05

“%4”:0.8 “7.0.9

“AV:0.4
®

0 2: Confusion Network O O

CRFOOO0OO0O0D 20000000000 y0000
0000 P(y|2) 000000000000

P(y | 2) = 75 03 defolv. ) ()

000 f,0000X000000000000000 Z(x)
goboooobooooboooooo

Z(@) = exp(>_ Aafaly, o)) (5)

00000 A 0000000 (z,%)(1<i<N)OOOO
000000000000 4000000

L= log P(y: | z:) (6)

=1

gbooobooooobodoboooobobooooboooo
gooooobobooobooooboboooooobobooo
goooooobooooooooboooooobbooooooo
L-BFGSOOO0O0000000
00ooUooUuoooOoUoOoooUOL Pylz)0oO
ooooooooooob0 0000000000000 9
O0000o0o0o00goouoon (70 ViterbiOOODO
goboooobooooboooooo

§ = argmax P(y | ) (7)
Yy

3.2 Confusion Network
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