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Abstract. In this paper, we propose context-dependent pronunciation variation
modeling based on the Kullback-Leibler (KL) distance for improving the performance of dysarthric automatic speech recognition (ASR). To this end, we
construct a triphone confusion matrix based on KL distances between triphone
models, and build a weighted finite state transducer (WFST) from the triphone
confusion matrix. Then, dysarthric speech is recognized by a baseline ASR system. The corresponding phoneme sequence of the recognized sentence is then
passed through the WFST to correct recognition errors. It is shown from dysarthric ASR experiments that average word error rate of an ASR system employing an error correction based on the proposed method is relatively reduced
by 16.54% and 3.34%, compared to those of an ASR system without any error
correction and using an error correction based on a conventional contextdependent phoneme confusion matrix, respectively.
Keywords: Dysarthric speech recognition, Kullback-Leibler distance, contextdependent pronunciation variation model, weighted finite state transducer,
speech recognition error correction

1

Introduction

Dysarthria refers to impairment of speech resulting from damaged control of the oral,
pharyngeal, or laryngeal articulators [1]. The impairment of a dysarthric speech results in pronunciation variations such as deletion, substitution, insertion, and distortion of particular phonemes. These pronunciation variations can cause degradation in
dysarthric automatic speech recognition (ASR) performance [2]. In order to compensate for the pronunciation variations, there have been reported several works which
automatically extracted pronunciation variation rules based on a data-driven approach
[3][4].
However, in the case of dysarthric speech, the pronunciation variation rules extracted by the data-driven approach are not reliable because of the insufficiency of the
database [5]. For this reason, a model-based approach can be considered as an alterna-
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Fig. 1. An example of the weighted finite state transducer obtained from a triphone confusion
matrix.

tive for extracting pronunciation variation rules for dysarthric speech. Therefore, a
context-dependent (CD) pronunciation modeling method is proposed in order to correct speech recognition errors. Here, the proposed method is based on KullbackLeibler (KL) distance between acoustic models, and it is incorporated into the construction of a weighted finite state transducer for error correction.
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KL
Distance
Based
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In order to obtain pronunciation variation rules, we first calculate the KL distances
between acoustic models. In this paper, acoustic models are composed of triphones,
where each triphone is represented as a three-state, left-to-right hidden Markov model
(HMM) with four Gaussian mixtures. Thus, a KL distance is defined as [6]
4
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where L − Ci + R means a triphone whose center phoneme is Ci while its left and
right context are defined as phoneme L and phoneme R, and ωi,k is the k-th
Gaussian mixture weight of the triphone of L − Ci + R. In addition, KL(bi , k || b j , k )
is the KL distance between the k-th Gaussian mixtures of L − Ci + R and

L − C j + R, defined as
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|Σ |
1
1
1
(ln( j , k ) + tr(Σ-j,k
Σi , k ) + ( µ j,k − µi,k ) T Σ-j,k
( µ j,k − µi,k ) − K )
2
| Σi , k |

54

(2)

where µi,k and Σ i,k represent a mean vector and a covariance matrix of bi ,k ,
respectively, and K indicates the feature vector dimension that is 39 in this paper.
Therefore, KL( L − Ci + R || L − C j + R) in Eq. (1) corresponds to the degree of pronunciation variation from phoneme C i to phoneme C j with the same left and right
context as L and R. Next, we obtain a triphone confusion matrix whose ij-th element is KL( L − Ci + R || L − C j + R). Finally, the triphone confusion matrix is transformed to a weighted finite state transducer (WFST). Each element in the triphone
confusion matrix is represented as a self-loop, in which the WFST outputs a phoneme
C j with KL( L − Ci + R || L − C j + R) when a phoneme C i with L − Ci + R
comes into the WFST.
Fig. 1 illustrates an example of WFST obtained from the triphone confusion matrix.
If a phoneme /SH/ with /AH/-/SH/+/IH/ passes through the WFST, the WFST outputs
the phoneme /CH/, /SH/, or /S/ with the KL distance values of 4.145, 5.254, or 8.013,
respectively. Here, a higher value indicates more confusability.

3

Performance Evaluation

To evaluate the performance of the proposed method, we constructed the following
three ASR systems: a baseline ASR system (Baseline), an ASR system with error
correction based on a data-driven CD phoneme confusion matrix (EC-DD) [4], and an
ASR system with error correction based on the proposed CD phoneme confusion
matrix (EC-KL). For the baseline ASR system, 10,000 utterances of British English
sentences from 92 non-dysarthric speakers were used as a training database [7]. As a
recognition feature, 39-dimensional mel-frequency cepstral coefficient vectors were
used. The acoustic models were composed of 22,433 triphones, where each triphone
was represented as a three-state, left-to-right hidden Markov model (HMM) with four
Gaussian mixtures. In addition, triphone models in the baseline ASR system were
adapted to each dysarthric speaker with 34 utterances from the Nemours database [8].
The lexicon size was 112 words, and a back-off bigram model was employed as a
language model. For EC-DD and EC-KL, CD phoneme confusion matrices were constructed by using 34 utterances that were identical to those used for the adaptation of
the triphone models. As a test database, we used 400 utterances from ten dysarthric
speakers [8].
Table 1 compares average word error rates (WERs) of Baseline, EC-DD, and ECKL. As shown in the table, EC-KL provided the lowest WER and relatively reduced
average WER by 3.34%, compared to EC-DD.

4

Conclusion

In this paper, we proposed a context-dependent pronunciation variation modeling
method based on KL distance for improving the performance of dysarthric speech
recognition. First, a triphone confusion matrix was constructed based on KL distances
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Table 1. Comparison of average word error rates (%) of the baseline ASR system (Baseline)
and ASR systems with error correction based on a conventional data-driven CD phoneme
confusion matrix (EC-DD) and proposed CD phoneme confusion matrix based on KL distances
(EC-KL).
System

Baseline

EC-DD

EC-KL

Word error rate (%)

36.75

31.73

30.67

between triphone models, and a weighted finite state transducer (WFST) was built
from the triphone confusion matrix. Then, the WFST was used to correct speech
recognition errors by passing through a phoneme sequence of a recognized sentence.
It was shown from speech recognition experiments that a dysarthric ASR system employing the proposed pronunciation variation modeling method provided a relative
WER reduction by by 3.34%, compared to that employing a data-driven pronunciation variation modeling method.
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