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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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max(log f(x),log f(y)) —log f(x,y)
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NWD(z,y) = (1)
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#HETH 5. “NWD context model w/null” IFXRA 27 & L
T Normalized Web Distance Z 723 D, “NWD context
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TCRBHEETLVE 200w 5. mAIIE “NWD context model
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Confidence | LSA | NWD Null .
N-gram score score | score | node skip

Recognition result X X X X X

N-gram model O O X X X

LSA context model (Baseline) O O O X X

NWD context model w/ null (1) O O X O O

NWD context model w/o null (2) O O X O X

Proposed method (1 + 2) 8 8 i 8 S

# 4 W F L REFEOTHE
| SUB | DEL [ INS COR [ WER [%]

Recognition result 28,446 | 5,453 14,751 | 63,871 | 42.94
NWD context model w/o null 23,088 | 6,966 9,625 67,416 | 35.02
N-gram model 21,522 | 7,848 8,204 68,400 | 33.17
LSA context model (Baseline) 21,049 | 8,324 7,757 | 68,397 | 32.77
NWD context model w/null (Yahoo) 20,469 | 10,130 | 5,316 | 67,171 | 31.70
NWD context model w/null(CSJ) 18,073 | 11,524 | 4,597 | 67,873 | 30.18
Proposed method NWD w/null + NWD w/o null | 15,118 | 13,534 | 3,431 68,794 | 28.32

o TR, FERE LT, B REPRONICEoT0S,
“Baseline” & HHET % &, 32.77 %5 28.32 %F TIKT L,
P =SV T 445 KL v PREL K

5. &HDhIc
ARTIE, N-gram 1 & 2 EHiH e NWD ic X 2 RIS

ARz DRI ISR U CE AR ) 2 HEETIE L, HA 3R

WS R LS R PEARREL .

NWD Z W EZ Tk, ek FETH 2 LSA T L B
IRE RO 7231 D BTIEFE & RCHEERIOBRIEZ X ) X (&R
WL, SFEBRVTIECEMNTH 2 2 L 2R TE . £/, #
BXFRAS Yahoo! I E CST Lwozavk 7T DAL 3
A—RATH, AEDFIEITE .

F 7o, REFRIC X VIERTIE & R THEER ) K23 32.77%
M6 2832 £T, 445 B A ¥ PIGEEL 7. THUIRETFIERICX
D, HEERD 2 X VBB EDL IR, XIVERH h O
EFVTHIET 2 L RHSEURA a 7 Tl 7z EEDFR D %]
EEN, Z0% 2 VERZNRENICHIRL, X VERLLDOE
TOTRIIET 2 2 LI X D EHEHETEO P IN TV 5 &
ZZ6N05.

SHROFEE LT, BT 2 T3, T, IC) 2 EDBHE
SRR a7 NG 22 Lick ), BEREEZ O C % AR
DOXRED RonzDTlEhwhrtBbns.

SE 3

[1] Ryohei Nakatani, Tetsuya Takiguchi, Yasuo Ariki,
“Two-step correction of speech recognition errors

based on n-gram and long contextual information,” in
Proc. INTERSPEECH20183, pp. 3747-3750, 2013.

Cilibrasi, R.L., P.M.B. Vitanyi, “Normalized Web Dis-
tance and Word Similarity,” Handbook of Natural Lan-
guage Processing, 2nd ed, pp. 293-314, 2010.

J. D. Lafferty, A. McCallum, and F. C. N. Pereira,
“Conditional random fields: Probabilistic models for
segmenting and labeling sequence data,” in Proc.

ICML, pp. 282-289, 2001.

Lidia Mangu, Eric Brillx, Andereas Stolcke, “Finding
consensus in speech recognition: word error minimiza-
tion and other applications of confusion networks,”
Computer Speech and Language, vol. 14, pp. 373-400,
2000.

Julius development team, “KFEHEHHEH 5 Ak L v ¥ v
Julius,” http://julius.sourceforge.jp/, S 2013-01-17.

[5]

(6] A [l X AL WF 28 4% R 1 57 1) G5 BF 28 B, “H AR
i L % 2 — /%2 (Corpus of Spontaneous

Japanese),” http://www.ninjal.ac.jp/products-
k/katsudo/seika/corpus/, £ 2013-01-17.

[7] Thomas Landauer, Peter W. Foltz, Darrell Laham,
“Introduction to Latent Semantic Analysis,” in Dis-

course Processing, pp. 259-284, 1998.



