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CRNN-Based Korean Phoneme Recognition Model with CTC Algorithm

Hong Yoonseok' - Ki Kyungseo™ - Gweon Gahgene™

ABSTRACT

For Korean phoneme recognition, Hidden Markov-Gaussian Mixture model(HMM-GMM) or hybrid models which combine artificial
neural network with HMM have been mainly used. However, current approach has limitations in that such models require force—aligned
corpus training data that is manually annotated by experts. Recently, researchers used neural network based phoneme recognition model
which combines recurrent neural network(RNN)-based structure with connectionist temporal classification(CTC) algorithm to overcome the
problem of obtaining manually annotated training data. Yet, in terms of implementation, these RNN-based models have another difficulty in
that the amount of data gets larger as the structure gets more sophisticated. This problem of large data size is particularly problematic in
the Korean language, which lacks refined corpora. In this study, we introduce CTC algorithm that does not require force-alignment to
create a Korean phoneme recognition model. Specifically, the phoneme recognition model is based on convolutional neural network(CNN)
which requires relatively small amount of data and can be trained faster when compared to RNN based models. We present the results
from two different experiments and a resulting best performing phoneme recognition model which distinguishes 49 Korean phonemes. The
best performing phoneme recognition model combines CNN with 3hop Bidirectional LSTM with the final Phoneme Error Rate(PER) at 3.26.
The PER is a considerable improvement compared to existing Korean phoneme recognition models that report PER ranging from 10 to 12.
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Fig. 3. DeepCNN +BiGRU( Thop~5hop), DeepCNN +BiLSTM(1hop~5hop) Models with Improved DeepCNN Models
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Fig. 4. Temporal Labels for Phoneme Recognition Models. One Phoneme Label per 30ms is Displayed in Each Cell
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Table 2. Results for Phoneme Recognition
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(g) DeepCNN + BiLSTM (1hop) 447 10h 5Im

(h) DeepCNN + BiILSTM (3hop) 3.26 13h 8m

(i) DeepCNN + BILSTM (5hop) 3.52 17h 23m
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