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In this paper. a data-driven method to improve the performance of the Jacobian adaptation (JA) for the
noisy speech recognition is proposed. In stead of constructing the reference HMM by using the model
composition method like the parallel model combination (PMC), we propose to train the reference HMM
directly with the noisy speech. This was motivated from the idea that the directly trained reference HMM
will model the acoustical variations due to the noise better than the composite HMM. For the estimation of
the Jacobian matrices, the Baum-Welch algorithm is employed during the training. The recognition
experiments have been done to show the improved performance of the proposed methed over the Jacobian
adaptation as well as other model compensation methods.
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Table 1. Comparison in word recognition rates (%) of the
proposed method (D-JA} with previous methods in
the noisy speech recognition (Car noise).

0dB 10 dB 20 dB Clean

Bassline 12.6 60.7 925 98.6

Re-training 82.1 950 |[. 975 98.6

PMC 59.8 87.8 9%.3 98.6

JA 59.9 87.8 95.4 98.6

D-JA 824 95.0 97.4 98,6

2, HES ZHREZ0IA RIOHE WH(D-JA)Z} 7|8 HAZIo] Bofoly
29 ui@

Table 2. Comparison in word recognition rates {%) of the
proposed method (D-JA) with previous methods in
the noisy speech recognition (Babble noise).

0dB 10 dB 20 dB Clean
Baseline 13.6 61.7 92.5 98.6
Re-training 79.7 93.9 96.8 98.6
PMC 54.9 86.6 95,1 98.6
JA 54.2 86,7 953 | 986
D-JA 79.7 94.0 96.9 98.6
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Table 3. Performance comparison in word recognition rates (%)

of the proposed method (D-JA) with other model

compensation methods and the re-training method

when the SNR of the testing speech ¢hanges. (Babble

noise).
oA

£ odB | 58 | 1548 | 250B
10dB | 79.7 | 901 | 952 | 93.4

D-JA
20dB | 645 852 | 953 | 97.7
n 10dB | 51| 748 | 920 | 958
20d8 | 580 | 771 | 924 | 968
- 10dB | 13| 894 | 948 | 927
Rectraining 1 "8 | 316 | 69.7 | 953 | 97.4
PMC 549 | 742 | 921 | %9
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