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Abstract

Non-native mispronunciation verification is an important com-
ponent in computer-aided language learning (CALL) systems.
However, the data sparsity problem makes it difficult to es-
tablish an accurate acoustic model directly on non-native data
with supervised approaches since it is impractical to collect and
manually label a large amount of non-native speech data. In
this paper, we propose a pre-training approach based on self-
supervised learning with multi-target contrastive coding utiliz-
ing plenty of raw resources of two native languages for non-
native acoustic modeling of mispronunciation verification. In
our work, the model is designed to learn the representations of
discrepancy with respect to phonetic structures in and across
different languages, and speakers by making predictions that
are contrastive to different targets. In addition, an additional
term is incorporated as a regularization term by reconstructing
the original speech from the shared components. Through the
experiments on the Japanese part of the BLCU inter-Chinese
speech corpus, results show that our proposed approaches are
effective to improve the performance for the non-native acous-
tic modeling of phone recognition and mispronunciation verifi-
cation.

Index Terms: non-native acoustic modeling, multi-target con-
trastive coding, self-supervised learning, mispronunciation ver-
ification

1. Introduction

Flexible time and space, low cost make computer-aided lan-
guage learning (CALL) systems draw more and more atten-
tion in recent years. As a core component of CALL systems,
computer-aided pronunciation training (CAPT) is designed as
a pronunciation teacher. It processes and analyzes language
learners’ non-native speech and then gives an assessment of the
pronunciation quality to them, which is referred to as pronunci-
ation assessment [1, 2, 3]. And, more to the point, CAPT should
be able to accurately detect pronunciation errors, diagnose the
types and locations of these errors in the learners’ utterances,
and then provide instructive feedback about how to correct the
errors in their future learning, which is mispronunciation verifi-
cation [4, 5, 6, 7].

Most of the mainstream mispronunciation verification sys-
tems are mainly based on state-of-the-art speech recognition
technologies, in which non-native acoustic modeling plays a
crucial role. As there are many kinds of variations, e.g., lack-
ing idiomatic pronunciation placements or manners, distortion
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and disfluency, in non-native speech, it is straightforward to
set up the acoustic model using the learner’s non-native data.
Benefiting from the development of deep learning methods in
recent years, mispronunciation verification has been evolving
with the help of machine learning methods in several researches
[8,9, 10]. However, the approaches in these researches based on
supervised learning need plenty of training data. It is difficult to
collect a large amount of non-native data, and time-consuming
to label, if available, large-scale data manually since it relies on
professional phoneticians of speech perception. It is still a chal-
lenge to handle the data sparsity problem in non-native acoustic
modeling of mispronunciation verification.

In recent years, several researches have explored a variety
of approaches to learn audio representations in unsupervised
manners [11, 12, 13, 14]. [11] has proposed contrastive pre-
dictive coding (CPC), in which high-level properties of speech,
such as phonetic structures and speaker characteristics, can be
captured from raw speech without human supervision. The
main idea of it is to train an encoder of context representations
that make long-term predictions about future observations while
retaining some kinds of structures or properties of the input.
These representations can be used in some downstream related
tasks, e.g., automatic speech recognition (ASR) and speaker
verification [11]. In view of this scalable and cheap method,
[15, 16] have made a preliminary study on non-native acous-
tic modeling with an unsupervised approach based on CPC of
a single self-supervised task and adversarial training to capture
non-native phonetic patterns using raw speech from two native
languages and achieve encouraging results. However, speech
signals are not only high-dimensional and variable-length se-
quences but also entail complex hierarchical structures that are
difficult to infer with the framework of a single self-supervised
task [17].

In this work, we explore to enrich the representations
learned by self-supervised training for non-native acoustic mod-
eling, mainly including two schemes: 1) we propose multi-
target contrastive coding. Several researches have indicated that
the predictive coding-based approaches contrastive to different
targets can capture different information, e.g., the model with
negative samples from the same utterance to the input can cap-
ture phonetic structure [11], and which with the targets from
different speakers’ utterances can learn speaker-related infor-
mation [18]. Inspired by it, in this work, our model is de-
signed to make predictions about the observations contrastive
to different targets jointly to learn the representations of the dis-
crepancy with respect to phonetic structures in and across lan-
guages, and speakers at the same time. 2) an additional term
to reconstruct the original speech from the shared components.
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Figure 1: A demonstration of the proposed pre-training model with multi-target contrastive coding and mispronunciation verification
framework. Pre-training phase is in the dashed box on the left, and mispronunciation verification using the features extracted by the
pre-trained model is on the right. The blocks marked as red are parts of the negative samples when making predictions at t with Cy.
Zc is another utterance in the same mini-batch and z  is that from another language. Note that Japanese utterances serve as negative

samples only.

This term serves as a regularization that leads the intermedi-
ate representations learned by the model to be a good abstrac-
tion of the input speech. With these two schemes, we expect
that the representations learned by our propose approaches from
two native languages will be transferable and meaningful for
non-native acoustic modeling of phone recognition and mispro-
nunciation verification without human supervision. The per-
formance of our proposed method is evaluated on the Japanese
part of BLCU inter-Chinese speech corpus, which is designed
for learners from Japan who learn Mandarin Chinese as their
second language.

2. Approach

Our goal is to learn the representations of the discrepancy with
respect to phonetic structures, speakers, and languages at the
same time from the raw speech of two native languages with-
out human supervision, then apply them to non-native mispro-
nunciation verification. As shown in Figure 1, the raw Chinese
speech is firstly fed into an encoder to be converted to hidden
representations, and the model is trained with these represen-
tations by making predictions that are contrastive to different
targets, i.e., the same and different utterances in the same lan-
guage, and the utterance from a different language (Japanese).
Then the pre-trained model plays a part of the acoustic mod-
eling of the downstream mispronunciation verification task. In
this section, we elaborate on the detail of our approaches.

2.1. Multi-Target Contrastive Coding

Our model is based on contrastive predictive coding [11] that
is an unsupervised learning framework with the idea from slow
feature analysis [19]. The objective is to extract features that
make long-term predictions about future observations while re-
taining properties or structures of the input signal by maximiz-
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ing the mutual information of these features with that extracted
from negative samples. Predictions of different timescales will
capture different levels of information. Quickly varying rep-
resentations can be considered to be of local structures, and
slowly varying ones can be of higher abstractions or global
structures, such as phonemes and words in speech signal [19].
And several researches have found that predictions with differ-
ent utterances can capture information for speaker verification
[20, 21]. Based on that, our model, as shown in the left part of
Figure 1, explores to make predictions jointly with multiple tar-
gets to make the learned representations of various properties at
the same time. In this work, we focus on the Chinese-Japanese
pair, but the model is not limited to the this condition.

In more detail, let x¢ = {z{, 2§, .. 2F} and x/ =
{x{, z3, ..., mf}@zc,acf € R denote raw speech signal in L
discrete time steps in Chinese and Japanese respectively. An en-
coder gen. of multiple convolutional layers firstly converts the
signals into the high-dimensional vector representations z°
{29,25, ...,z Yand 27 = {2],2],...,2]},2{, 2] € R%=.

M
@)
Then a sequence model gse, generates context aware rep-

resentations of Chinese speech, which can be defined as c
{ci,ca,...,ct},ci € Rée,

C:gseq(Z?7Zg7~--7Z$)7 3

Meanwhile, a regularization term serves as a constraint
to lead the intermediate hidden representations to be an accu-
rate abstraction of the input by reconstructing the speech input
through a reconstructor grecons. The regularization works for
both languages. The reconstructor is trained to minimize the



mean absolute error (L1) based reconstruction loss as follows,

L
['TBCO”S = Z ‘grecons (Z)’L - 37'L| (4)

The model is trained by optimizing the loss based on In-
foNCE [11], which is a loss function of noise contrastive esti-
mation as the lower-bound on the mutual information between
the context aware embedding c; and negative representations
zi4 for k € {1,..., K}. For example of negative sampling
from the same utterance, given a set Z = {z1,22,...,zZn}
which contains one positive sample from p(z;x|c:) and N —1
negative samples from “noise” distribution p(z). The InfoNCE
loss function for each step ¢ can be defined as follows:

fr(ct, Zerr)

N YDsez frlcr, )

where fr(ct,z¢+%) is a scoring function that can be a log-
bilinear model:

LY = —Ez |log )

6

fr(er, zepn) = exp(c; Wiz k)

where W, are the parameters in each model for each k.

The same procedure is easily made to obtain the loss £¢¢“"
contrastive to different texts and speakers. Negative samples are
drawn from the representations of another utterance 2 in the
same mini-batch, which is from the same language but prob-
ably different texts or different speakers, or both. As a con-
sequence, the model can learn the representations that embeds
properties from different texts like that in [17] or speaker iden-
tities from different speakers, or both. Similarly, the loss Eii"g
is obtained with the negative samples from the utterances of a
different language (Japanese in this work). We expect it can
capture information across different languages encouraging the
model to learn the discrepancy between two languages. The
speaker’s identity information is implicitly included in this pro-
cess in which they have different language backgrounds.

Then the total loss to be minimized is the average of these
losses:

£ = Avg(Lreems 4 TS £ 4 £l 4 gl ()
t k

2.2. Mispronunciation Verification

Once the pre-training is finished, the pre-trained model serves
as a part of the acoustic model of the downstream mispronun-
ciation verification framework. The non-native speech is first
fed into the pre-trained model to generate the resulting context
representation (c). Then it is sent to the sequence layers and
extended recognition network (ERN) [7] to output phone-level
transcriptions. The system evaluates the speech according to the
difference between the recognized transcriptions and the canon-
ical ones. Finally, the system searches the knowledge from the
database and provides instructive feedback to learners. At the
mispronunciation verification stage, the parameters of the non-
native acoustic model are trained, and whether those of the pre-
trained model remain frozen or not at the downstream stage is
investigated.

3. Experimental Setup

3.1. Corpus

AISHELL corpus is employed as the Chinese source, which
is an open-source Mandarin Chinese speech corpus [22], and
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Corpus of Spontaneous Japanese (CSJ) is used as the Japanese
source, which is a database containing a large collection of
Japanese spoken language data [23]. We randomly choose 150
hours of data from the two corpora above as our training set for
pre-training.

BLCU inter-Chinese speech corpus, which is collected for
language learners who learn Mandarin Chinese as their second
language [24], is employed as our non-native dataset. It con-
tains conversational speech from 17 Japanese speakers of 4631
utterances involving 64.190 phonemes. All ground-truth labels
of mispronunciations in this corpus are labeled by well-trained
phoneticians. Around 80% of this corpus is used as the train-
ing set, 10% for validation, and the rest for testing. There is
no overlap of speakers between the training and testing sets.
Leave-one-out cross-validation is performed in this experiment.

3.2. Experiment Setup
3.2.1. Mispronunciation Verification using Non-Native Data

Non-Native Only. We first establish a mispronunciation ver-
ification model using only non-native speech data as one of
our baselines. The 40-dimensional surface feature of Mel-
frequency cepstral coefficients (MFCCs) extracted from non-
native speech through 25ms windows with a 10ms frameshift
is employed as the input feature. The feature is applied with
cepstral mean and variance normalization (CMVN) [25] before
training. Bi-directional recurrent neural network with gated re-
current units (GRU-RNN) [26] is employed for acoustic model-
ing. The feature is fed into three-layer bi-GRU [27], where each
layer has 550 units. Batch normalization [28] and a dropout
[29] of 0.2 are employed following each layer. RmsProp [30] is
employed as the optimizer with a batch size of 16.

3.2.2. Mispronunciation Verification with Pre-Trained Model

Original CPC. One of the baselines with pre-training ap-
proaches is an original CPC model with multi-lingual data.
We mix the data from two languages (Mandarin Chinese and
Japanese) into a large dataset for training the original CPC
model. The encoder contains five 1-dimensional convolutional
layers with a 160 down-sampling factor thus there is a feature
vector for every 10ms of speech, which keeps consistent with
the rate of phoneme sequence labels obtained with Kaldi. For
convolutional layers, the size of filters are [10, 8, 4, 4, 4], the
strides are [5, 4, 2, 2, 2] and the paddings are [3, 2, 1, 1, 1].
512 hidden units of each layer are with ReLU activation. Batch
normalization is employed following each convolutional layer.
A recurrent neural network with gated recurrent units (GRU-
RNN) with 256-dimensional hidden state is employed as the se-
quence model. The output of GRU at every timestep is used as
the context c to predict 12 timesteps in the future. In each train-
ing iteration, speech data from two languages are combined.
A segment containing 20480 data points (around 1.28s) is ran-
domly selected from the speech for every utterance. Adam opti-
mizer [31] with a learning rate of 2e-4 is used to train the model
with a mini-batch whose size is 8. In this scheme, all of the
negative samples are selected from the same utterance to the
input.

MTCC. The setup of multi-target contrastive coding
(MTCC) is similar to the original CPC. The main difference is
that the negative samples are selected from the same utterance
to the input, the different utterances from the same mini-batch,
and utterances from a different language. Note that, in this man-
ner, the Japanese speech serve as negative samples only.



Then we employ our pre-trained model in the mispronun-
ciation verification task. The mispronunciation verification
framework is a hybrid neural network. The senone labels (tied
HMM states) are first obtained by a Gaussian mixture model-
hidden markov model (GMM-HMM), then these labels and the
corresponding aligned frames are used for training. The same
alignment information is employed in all schemes. The decoder
is a bi-GRU of one layer with 550 units. Batch normalization
and a dropout of 0.2 are performed following each layer. Rm-
sProp is employed as the optimizer with a batch size of 16.
The configurations are the same for all of the pre-training ap-
proaches for a fair comparison.

4. Results and discussions
4.1. Main Results

Firstly, we evaluate the performance for non-native phone
recognition as mispronunciation verification needs to recognize
them first. Phone error rate (PER) is used as the metric. As
shown in Table 1, it indicates that our proposed model is ef-
fective for non-native phone recognition. Our proposed model
improves the PER from 11.94% to 9.84% comparing to mod-
eling using non-native data only. And MTCC outperforms the
original CPC that is contrastive to the target from the same ut-
terance for all the samples, which obtains the PER of 12.13%.
It also can be found that the performance can be improved by
introducing reconstruction regularization that guides the hidden
vectors to be an accurate abstraction of the input. With it the
PER is decreased from 9.84% to 9.42%. We also investigate the
performance in the case of unfreezing the parameters of the pre-
trained model at the downstream stage to handle the mismatch
between different datasets. The results report that the perfor-
mance can be further improved by tuning works from 9.42% to
9.38%.

Table 1: Phone error rate (PER) for phone recognition with dif-
ferent approaches. Non-native only denotes the acoustic mod-
eling directly on non-native data only. CPC is the original CPC
model. MTCC is the proposed model in this work. FT denotes
the parameters of the pre-trained model are fine-tuned at the
downstream stage.

Model PER(%)
Non-native only 11.94
CPC 12.13
MTCC 9.84
MTCC+recons 9.42
MTCC+recons+FT 9.38

Then we evaluate the performance for mispronunciation
verification. As shown in Table 2, the overall performance is
improved by the MTCC model. Our proposed model improves
the Recall from 40.12% to 49.28% comparing to modeling us-
ing non-native data only, and the original CPC of a single task
from 34.73% to 49.28%. It means that our model can find out
more pronunciation errors from all of the phones. It is also
can be found that the precision is improved from 54.92% to
60.97% comparing the non-native data only, and from 54.2%
to 60.97% comparing to the original CPC, which indicates the
number of pronunciation errors detected by our model being
truly errors is larger than them. Finally, the best results are
obtained by our proposed model with reconstruction regular-
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Table 2: The detection performance for mispronunciation veri-

fication. DA denotes detection accuracy.

Model Recall(%) Prec(%) F1 DA (%)
Non-native only 40.12 54.92 46.37  84.66
CPC 34.73 54.2 4233  84.59
MTCC 49.28 60.97 5451  86.97
MTCC+recons 51.04 61.43 55.75  87.22
MTCC+recons+FT 52.31 61.87 56.69 87.59

Table 3: Ablation study about the importance of each compo-
nent in our proposed model.

Model PER(%) Recall(%) Precision(%)
MTCC 9.84 49.28 60.97
wio Lbateh 10.33 47.85 58.19
wlo Llend 11.08 42.88 57.34
w/o both 12.13 34.73 54.2

ization. We notice that the performance of the original CPC is
not good. When training the original CPC model, speech data
from two languages are combined into one dataset and all the
negative samples are selected from the same utterance to the in-
put, in which the model performed the predictions within the
utterance. While in the scheme of MTCC, the prediction is per-
formed jointly with multi targets from the same utterance, the
utterance of different text, the different speakers, and different
languages. This confirms our conjecture that, for the mispro-
nunciation verification task, it would be more effective to en-
rich the representations with the model of the multi-target self-
supervised task than the model of a single self-supervised task.

4.2. Ablation Study

An ablation study is made to investigate the effectiveness of
the different components in our proposed model. As shown in
Table 3, when removing each of the additional losses, the re-
sults decrease to varying degrees. The model degenerates into
the original CPC model when removing both of the additional
losses. We can also note that the decrease is larger when re-
moving £'*™9 than that when removing £°**°", especially for
recall. It indicates that language information plays an important
role for this task.

5. Conclusions

In this paper, we propose an unsupervised framework based on
self-supervised learning with multi-target contrastive coding to
learn the representations for non-native acoustic modeling of a
downstream mispronunciation verification task. In our frame-
work, the model is designed to learn the representations of the
discrepancy with respect to phonetic structures in and across
different languages, speakers by making predictions that are
contrastive to different targets. Besides, an additional term is
used to reconstruct the original speech from the shared compo-
nents as a regularization. Through the experiment on Japanese
part of BLCU inter-Chinese speech corpus, results show that
our proposed approaches are effective to improve the perfor-
mance for non-native acoustic modeling of phone recognition
and mispronunciation verification.
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