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Non-native Mispronunciation Verification Using Acoustic Tonal Phone

Embedding and Siamese networks
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(Beijing Advanced Innovation Center for Language Resources, Beijing Language and Culture University,
Beijing, China,100083; * Corresponding author, E-mail: xieyanlu@blcu.edu.cn)
Abstract: With the continuous development of automatic speech recognition, the computer-aided pronunciation
teaching based on automatic speech recognition has also progresses. As a supplement to traditional teaching
methods, it greatly makes up for deficiency of traditional educational resources and inability of traditional
educational methods to give feedback to learners in time. Pronunciation errors verification and evaluation of
second language (L2) learners is one of the most important research topics in computer assisted pronunciation
training. In view of the mispronunciation verification task being short of labeled mispronunciation speech data, a
method based on acoustic phone embedding and Siamese network is proposed in this paper. A pair of acoustic
phone segments with a pair-wise label is used as a system input, and speech features are mapped to high level
representation through neural network, consequently, different types of phones are expected to be differentiated.
The training process introduces Siamese network and optimizes the distance between output embeddings
according to whether two embeddings are from same type of phones or not, and optimization process is realized by
well-adapted loss function. Results show that accuracy of Siamese network based on cosine hinge loss function
which achieve accuracy of 89.93% is better than the other methods in the experiment, and accuracy of diagnosis is
89.19% in pronunciation error verification task with the best approach under the circumstance of no

mispronunciation training data being involved.
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