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Speech Recognition Error Correction Using
CRF on Confusion Network

RyoHEI NAKATANI, ! TETSuYA TakicucHi?
and YASUO ARIKI'?

This paper presents a speech recognition error correction method using Con-
ditional Random Field (CRF). In previous works, speech recognition error de-
tection methods have been discussed, where the error detection was learned
using negative evidence in the form of negative weights on N-grams which are
rarely seen in natural language text, or parts of speech information in Japanese.
In this paper, we accomplish error correction by detecting error on Confusion
Network. Then, we propose error correction using context information. On
error correction experiment on speech recognition results, we show that our
proposed method improves the recognition performance.
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%+ 1 Speech analysis conditions and specifications of HMM

Sampling frequency 16 kHz
MFCC (12 dim.) +A MFCC (12 dim.) +A power (total 25 dim.)
Hamming window

Acoustic feature
Window type

Frame length 25 ms
Frame shift length 10 ms
Acoustic model Triphone (3,000 states)
The number of mixtures 16
State 5 states and 3 loops
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% 2 The number of data

Learning Test
Number of lectures 150 13
Number of speeches 39,808 4,771
Number of words 361,513 39,822

% 3 Features used for error tendency learning

Unigram wo
Bigram w_1/wo , wo /w1
Trigram w_a/w_1/wo , w_1/wo/w1 , wo/w1/wa
Confidence of Confusion Network CN score
Semantic score SCy

%+ 4 Performance of correct detection

Precision Recall F-measure
Nonsemantic 0.9136 0.9550 0.9338
Semantic 0.9153 0.9578 0.9361

% 5 Performance of correct detection

Precision Recall F-measure
Nonsemantic 0.7246 0.5673 0.6364
Semantic 0.7403 0.5757 0.6477
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% 6 Evaluation with each error type
SUB DEL INS COR WER

CN-oracle 1,855 2,476 831 35,491 12.94
CN-best 7,246 | 2,141 | 3,423 | 30,435 | 32.17
Nonsemantic 6,531 | 2,633 | 2,242 | 30,658 28.64

Proposed method 6,451 2,631 2,253 30,740 28.46
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