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ABSTRACT: This paper proposes speech recognition systems employing Convolutional Neural Network (CNN)
and Long Short Term Memory (LSTM) structures combined with Hidden Markov Moldel (HMM) to effectively
recognize the speech of VeloPharyngeal Insufficiency (VPI) patients, and compares the recognition performance
of the systems to the Gaussian Mixture Model (GMM-HMM) and fully-connected Deep Neural Network (DNN-
HMM) based speech recognition systems. In this paper, the initial model is trained using normal speakers’ speech
and simulated VPI speech is used for generating a prior model for speaker adaptation. For VPI speaker adaptation,
selected layers are trained in the CNN-HMM based model, and dropout regulatory technique is applied in the
LSTM-HMM based model, showing 3.68 % improvement in recognition accuracy. The experimental results
demonstrate that the proposed LSTM-HMM-based speech recognition system is effective for VPI speech with
small-sized speech data, compared to conventional GMM-HMM and fully-connected DNN-HMM system.
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Table 1. GMM-HMM bases speech recognition results
of speaker adaptation (word accuracy, %).

P1 P2 Avg.
No Processing 2.68 39.33 21.01
MLLR 78.52 90.67 84.06
MAP-MLLR 85.23 92.67 88.95
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Table 2. DNN-HMM bases speech recognition results
of speaker adaptation (word accuracy, %).
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Table 3. CNN-HMM bases speech recognition results
of speaker adaptation (word accuracy, %).

Trained Weights P1 P2 Avg. Trained Layers P1 P2 Avg.
All (W1, W2, W3) 82.55 9333 87.94 All(C1~C4,L1,L2) 85.23 96.00 90.62
W1, W2 85.23 94.67 89.95 C3,C4,L1 87.92 96.00 91.96
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Table 4. LSTM-HMM bases speech recognition results
of speaker adaptation (word accuracy, %).

P1 P2 Avg.
LSTM + HMM 86.58 96.67 91.63
Drop-out applied 89.33 97.33 93.63
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