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Abstract
With the development of deep learning, the performance of the
mispronunciation detection model has improved greatly. How-
ever, the annotation for mispronunciation is quite expensive as
it requires the experts to carefully judge the error for each pro-
nounced phoneme. As a result, the supervised end-to-end mis-
pronunciation detection model faces the problem of data short-
age. Although the text-based data augmentation can partially
alleviate this problem, we analyze that it only simulates the cat-
egorical phoneme error. Such a simulation is inefficient for the
real situation. In this paper, we propose a novel unit-based data
augmentation method. Our method converts the continuous au-
dio signal into the robust audio vector and then into the discrete
unit sequence. By modifying this unit sequence, we generate a
more reasonable mispronunciation and can get the vector dis-
tance as the error indicator. By training on such simulated data,
the experiments on L2Arctic show that our method can improve
the performance of the mispronunciation detection task com-
pared with the text-based method.
Index Terms: mispronunciation detection, second language
learning, speech recognition

1. Introduction
With the trend of globalization, more and more people need to
learn a second language (L2). To offer a flexible education ser-
vice for these learners, Computer-Assisted Pronunciation Train-
ing (CAPT) technologies have been studied extensively in re-
cent years.

A typical CAPT system requires the learner to read a target
text, and the system detects mispronunciations of the speech
for feedback. The learner can adjust the pronunciation accord-
ingly to improve oral skills. Early CAPT papers [1–3] utilize
the Hidden Markov model (HMM) to align the phonemes and
then use the posterior probability to judge the correctness. With
the improvement of ASR technologies, recognition-based meth-
ods [4–6] have also been applied to mispronunciation detec-
tion. These methods recognize the pronounced phonemes and
align them to the target phonemes to find out the mispronounced
ones. However, such methods only consider the ASR task, and
the target text is used only for alignment during inference. As a
result, the detection task is not directly optimized. To solve this
problem, end-to-end mispronunciation detection methods [7–9]
propose to use the target text for input and predict the mispro-
nunciation state directly. These methods generally achieve a
better performance compared with the ASR-based methods.

Despite the success of end-to-end methods, one main defi-
ciency is that such methods require human-annotated training
data. Unfortunately, annotating the mispronunciation is quite
hard. The experts need to judge the correctness of each pro-
nounced phoneme carefully. As a result, the dataset for mis-
pronunciation detection is quite scarce. For example, compared
with the hundred-hour level Librispeech [10] (a common ASR
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Figure 1: End-to-end mispronunciation detection model and
the text-based data augmentation. The speaker tries to learn
the word “sat (S AE T)” but mispronounces it to “cat (K AE
T)”. Such a mispronunciation can also be simulated from a na-
tive utterance that pronounces “cat” by replacing the original
phoneme “K” with “S” as the target phoneme.

dataset), the annotated part of L2Arctic [11] (a CAPT dataset) is
only a few hours. Thus, data augmentation methods are needed
to generate artificial mispronunciations so that the mispronun-
ciation detection model will not overfit.

So far, however, there has been little work that focuses on
the data augmentation method for mispronunciation detection.
Existing methods generally modify the target phoneme for sim-
ulating the mispronunciation. For example, [12] adds the nega-
tive samples for a certain phoneme to train the supervised sup-
port vector regressor (SVR). [9, 13] analyzes the typical mis-
pronunciation when learning the second language, and designs
the phoneme replacement rule to simulate mispronunciations.
In summary, these data augmentation methods are text-based.
They choose to modify the original text so that the speech and
the text does not match each other. For example, the speech
of the word “cat” (phonemes are “K AE T”) can be a mispro-
nunciation for the target “sat” by replacing the phoneme “K”
with “S”. Here the raw utterance that pronounces “cat” gener-
ally comes from the accessible ASR dataset by native speakers
(because we cannot view the non-native speech as a standard
pronunciation for the transcription).

Although such a text-based data augmentation can par-
tially simulate mispronunciations, it has the following deficien-
cies. First, the text-based method only generates the categorical
phoneme error. This assumes that mispronunciations can be
represented by another phoneme in the target language. How-
ever, according to the L2 speech learning theory [14], the mis-
pronunciation generally takes place between similar position-
sensitive allophones rather than at the more abstract phoneme
level. Meanwhile, as analyzed by [15], the pronunciation of
second language learners is affected by their native language.
The mispronunciation may not be accurately categorized into
the phoneme set of the target language [16, 17] Second, the
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text-based data augmentation only uses the existing native utter-
ances for phoneme replacement but cannot generate non-native
speech features for training. However, for the inference of the
detection model, the input is the non-native speech from the lan-
guage learners. This conflict makes this augmentation method
less efficient.

To solve these problems, we propose a data augmentation
that can simulate a more realistic mispronunciation for the end-
to-end models. We utilize the unsupervised Wav2Vec2 model
[18] and the k-Means clustering model [19] to convert the orig-
inal continuous speech into audio vectors and then into discrete
acoustic units. As the training process for these two models
does not need text annotations, these two models can be trained
on both native and non-native utterances. Thus, the unit can
better model the accented pronunciation compared with the for-
mer phoneme-based method. After converting the continuous
speech into discrete units, we can easily replace the raw unit
with another unit to simulate mispronunciations. Moreover, we
can get the vector distance between the original unit and the re-
placed one as the error indicator. By using the proposed data
augmentation method, we show that the detection performance
is improved under different settings of the trainset.

2. Method
2.1. Text-based data augmentation

Before describing our method, we first introduce the end-to-
end mispronunciation detection model and the text-based data
augmentation in detail. The workflow is shown in Fig.1.

End-to-end mispronunciation detection. We denote an
annotated mispronunciation as the triplet (A,P tgt, E), where
the audio feature is A = {a1, ..., aT }, the target phoneme is
P tgt = {ptgt1 , ..., ptgtL }, and the error state isE = {e1, ..., eL}.
The length of the audio and phoneme sequence is T and L,
correspondingly. The annotator may also label the canonically
pronounced phoneme of the speech. We denote it as P . We
use the Transformer model [20] for this task. The end-to-end
mispronunciation detection model uses the audio feature A for
the encoder input and the target phoneme P tgt for the decoder
input. The model directly outputs the binary error state Ê for
mispronunciation detection. The binary cross-entropy (BCE)
loss is applied for training,

le = BCE(Ê, E). (1)

If the pronounced phoneme P is available, the model also pre-
dicts the pronounced phoneme as the auxiliary ASR task to
avoid overfitting. Cross-entropy (CE) loss is applied,

lasr = CE(P̂ , P ). (2)

The loss function for the whole model is

l = le + lasr. (3)

Text-based data augmentation. The text-based data aug-
mentation method starts from the accessible ASR dataset of na-
tive speakers. For a native utterance, we can view the pair of
the phoneme annotation P and the audio A as correct pronun-
ciations (i.e., for the triplet (A,P tgt, E), P tgt = P , and E
is all 0). The text-based data augmentation method modifies
part of the original phoneme P and sets the modified version
as the new target phoneme. Thus, the original speech can be a
mispronunciation for the new target phoneme. The error state
for the modified phoneme is set as 1. A sample utterance that
pronounces “cat” is also shown in Fig.1.
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Figure 2: We convert the continuous audio signal into audio
vectors and then into the discrete audio unit sequence U for fur-
ther processing. We use the clustered centroid to represent each
unit. By replacing u with ur , we obtain the vector distance d as
the error indicator. For example, we replace the original unit in-
dexed 26 with the new 77. Thus, the first unit is mispronounced.
The vector distance 3.12 reflects the error degree.
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Figure 3: The proposed method and the unit-based data aug-
mentation. We use the discrete audio unit for the encoder input.
For the same native utterance that pronounces “cat”, we mod-
ify its original audio unit to simulate mispronunciation for the
phoneme “C”.

2.2. Unit-based data augmentation

Our method also modifies a native utterance to simulate mis-
pronunciations. Instead, we modify the audio part. In this sub-
section, we first describe how we modify the audio to simulate
mispronunciations and generate the error distance. Then, we
describe the training process for our data augmentation method.

Audio to unit. To make the modification more convenient,
we first convert the continuous speech signal into the discrete
audio unit sequence. The workflow is shown in Fig.2. We use
the self-supervised Wav2Vec2 [18] to extract the audio vector.
Next, we use k-Means [19] to cluster the extracted audio vectors
into k discrete audio units (we use the centroid of each cluster as
the unit). As the training process for the Wav2Vec2 model and
the k-Means clustering model does not need text annotations,
we can use both the native speech and the non-native speech for
training. Thus, the k clustered units can represent the acoustic
feature for both the native pronunciation and the non-native pro-
nunciation. For a native utterance, we denote its discrete audio
unit sequence as U = {u1, ..., uT }. Although the original u is
native, we can replace it with the other unit so that the modifi-
cation can take the non-native pronunciation into consideration.
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Such a simulation is more reasonable compared with the former
text-based method.

Unit replacement. After converting the continuous audio
signal into U , we randomly replace part of U to obtain the new
unit sequence Ur = {ur

1, ..., u
r
T } and the distance sequence

D = {d1, ..., dT } for simulating the mispronunciation1. A
sample is shown in Fig.2. The centroid distance d between ur

and u in the vector subspace (we use the Euler distance) reflects
their similarity. A bigger distance suggests that the new ur devi-
ates more from the original pronunciation and thus the original
phoneme. As a result, this distance reflects the error degree.
For simplicity, we call it “the error distance” in the following
discussion.

As discussed in the introduction part, the mispronunciation
generally takes place between similar pronunciations. In other
words, for each original unit u, the other unit that has a smaller
distance will be more likely to be chosen for replacement. To
achieve such a target, we first sort the other k− 1 units by their
distance to u (in the ascending order). Then, we choose the
unit that ranked the jth for replacement. Formally, we denote
the sorted unit sequence as Su = {su1 , ..., suk−1} and the cor-
responding distance as Sd = {sd1, ..., sdk−1}, then ur and d are

ur = suj (4)

and
d = sdj . (5)

We use a norm distribution to decide j,

j = min(k − 1, d (k − 1)|m|
3

e), (6)

where m ∼ N(0, σ2). Here σ controls the diversity of ur . A
low σ means ur is more likely to be chosen from the units that
have low distance of u. A higher σ means more units that are
far from u will be chosen.

Training with the error distance. The workflow for using
the unit-based data augmentation method is shown in Fig.3. To
use the discrete unit for the encoder input, we use an embedding
layer to map the unit to its corresponding audio vector (i.e., the
audio vector of the centroid). Note that the distance sequence
D = {d1, ..., dT } is at the unit level. To get the phoneme-
level error distance, we first find the alignment between the unit
and the phoneme by using the force alignment tool MFA [22].
Then, we average the corresponding sub-sequence of D for
each phoneme to get Dp = {dp1, ..., dpL}. For our method, we
force the model to predict the error distance by using the mean
squared error (MSE) loss,

led =MSE(D̂p, Dp) (7)

We should note that the proposed error distanceDp is more
expressive than the binary error state E used by the text-based
method. For Eq.1, le only requires the model to judge whether
the speech matches the target phoneme or not. In contrast, led
forces the model to output the exact distance so that the model
needs to discriminate different degrees of mispronunciation.

Finally, we combine the unit-based data augmentation and
the former ASR task for training,

l = led + lasr. (8)

1We also trained a Transformer-based text-to-speech (TTS) model
[21] to demonstrate the effect of unit replacement. We set the discrete
unit as the input “text”. Audio samples are available in https://
zju-zhan-zhang.github.io/e2e-sed/

Table 1: ABX scores on the valset

Feature Within Across Average
Fbank 19.58 28.43 24.01
XLS-R (n = 6) 12.31 11.24 11.77
XLS-R (n = 8) 11.93 10.76 11.35
XLS-R (n = 10) 13.00 11.16 12.08
XLS-R (n = 12) 13.36 11.19 12.28
XLS-R (n = 14) 13.24 11.11 12.18

When calculating led, we apply the unit-based data augmenta-
tion to replace U . When calculating lasr , we leave the original
unit untouched.

3. Experiments
We use two datasets in our experiments. The first is a native
ASR dataset called Librispeech [10]. The second is the accented
dataset L2Arctic [11] for mispronunciation detection. L2Arctic
contains 3599 annotated utterances that have the phoneme-level
mispronunciation label. The other 23268 utterances are not an-
notated. We split the annotated utterances into 8:1:1 as the train-
set, valset, and testset for experiments.

3.1. Audio to unit

We use the pretrained Wav2Vec2-XLS-R model [23] to extract
the audio vector. This model is trained on multiple languages,
and thus it can extract robust audio features even for the non-
native speech from language learners. The input for Wav2Vec2
is the 16kHz raw waveform, and we use the output of the nth
layer as the extracted audio vector. We conduct the ABX test on
the valset of L2Arctic to decide the hyper-parameter n.

The ABX score is the metric for testing the discriminability
of the unsupervised feature2. Given the feature X and the fea-
ture A of the same allophone, if the discriminability of such
a feature is good, the distance between X and A should be
smaller than between X and the other feature B that belongs to
the different allophone. Here the ABX test is divided into two
situations. For the within-speaker task, A, B, and X belong to
the same speaker. For the across-speaker task, A and B belong
to the same speaker, while X belongs to another speaker. We
show the ABX scores on the L2Arctic valset in Tab.1. We also
show the performance of the 80-dim Fbank feature for compar-
ison. The results suggest the extracted audio vector is robust for
discriminating the allophone, and we choose n = 8 as it gives
the best result.

To ensure the units can present both native and non-native
pronunciations, we train the k-Means model on the audio vec-
tors of Librispeech and the unlabeled part of L2Arctic. We con-
duct the phoneme recognition task to choose the cluster number
k. We use the Transformer-based ASR backbone [26] to test
the phoneme error rate (PER) on Librispeech. For the Trans-
former, we use 12 encoder layers and 12 decoder layers in our
experiments. We set the attention dimension to dmodel = 512,
attention heads to h = 4, and the feed-forward dimension to
dff = 1024. For the converted unit sequence U , k = 4096 can
get a similar PER performance on Librispeech test-clean com-
pared with using the 80-dim Fbank feature and thus is chosen
for the experiments.

To visualize these k units, we plot the co-occurrence be-
tween the phonemes and the units as suggested in [18]. The re-

2For more details of the ABX test, we suggest readers refer to the
Zerospeech challenge [24, 25].
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Figure 4: Phoneme-Unit co-occurrence for Librispeech. The y-
axis is the phonemes and the x-axis is over the k discrete units.

sult is shown in Fig.4. We can see that these units can generally
represent each phoneme. Their co-occurrences are also related
to the pronunciation. For example, the units that have high co-
occurrence for the phoneme “S” also appear for the phoneme
“Z”, suggesting their pronunciations are similar. Such a phe-
nomenon can also be observed especially for the vowels.

3.2. Mispronunciation Detection

We use the hierarchical evaluation structure defined in [27] to
divide the detection results into true acceptance (TA), false re-
jection (FR), false acceptance (FA), and true rejection (TR). As
the model should make a good balance of detecting the wrong
pronunciations and accepting the correct ones, we use the F1
score as the main metric.

For mispronunciation detection, we compare the following
methods.

• The ASR-based method. We use Librispeech for pre-
training on the ASR task. Then, we fine-tune the model
to recognize the pronounced phoneme on the trainset of
L2Arctic. For inference, the misalignment between the
recognized phoneme and the target phoneme is judged
as an error.

• The pure end-to-end method that does not use data aug-
mentation. We still use Librispeech for the ASR pre-
training task (Eq.2). Then we fine-tune the model on
L2Arctic using Eq.3 to predict the error state directly.

• The end-to-end method that uses the text-based data aug-
mentation. We use Librispeech for simulating the mis-
pronunciations. The loss function is Eq.3. Then we fine-
tune the model on L2Arctic (still using Eq.3).

• The proposed method. We use Librispeech for simu-
lating the mispronunciations and use Eq.8 to train the
model. Then we fine-tune the model on L2Arctic us-
ing Eq.3. Note that the output layer for predicting D̂p is
fine-tuned to predict Ê.

For the ASR-based methods, we use the CRNN-CTC model
[4] and the attention-based Transformer model (the structure

Table 2: Metrics on the valset using different σ

σ Precision Recall F1
1 0.658 0.550 0.599
0.5 0.657 0.560 0.605
0.25 0.641 0.552 0.593
0.125 0.633 0.544 0.585

Table 3: F1 scores on the testset

Method 0% 20% 40% 60% 80% 100%
ASR-Based
CRNN-CTC 0.386 0.449 0.478 0.513 0.527 0.536
Transformer 0.411 0.464 0.496 0.528 0.534 0.558
End-to-End
Transformer - 0.447 0.493 0.547 0.569 0.589
+ TextAug - 0.464 0.511 0.553 0.573 0.596
+ Proposed - 0.489 0.525 0.567 0.588 0.606

setting is the same as the aforementioned Transformer for
phoneme recognition) for experiments. The other end-to-end
models also use the same Transformer setting. To predict P̂ ,
we append a linear layer after the decoder. To predict Ê or D̂p,
we append a convolutional module. This module is construct
by two stacked Conv1D (kernel size is 3, stride is 1, and ReLU
as the activation function) layers.

We use the warm-up learning schedule for the pretraining
task. Next, we fix the learning rate as lr = 10−4 for fine-
tuning. For the end-to-end methods, we set the threshold as 0.5
to convert Ê into the binary error state. When adding the text-
based data augmentation, we randomly replace 20% of the orig-
inal phoneme P . For our method, we randomly replace 20% of
the original unit U . We also decide the hyper-parameter σ by
choosing the model that has the highest F1 on the valset. The
results are shown in Tab.2. We choose σ = 0.5 for our method.

Finally, to test the performance of the data augmentation
methods, we use different fractions of the full L2Arctic trainset
to fine-tune the model. We show the F1 scores in Tab.3. Note
that the annotation is not compulsive for the ASR-based meth-
ods. The corresponding F1 scores that do not use annotations
are shown in the 0% part. As we can see from Tab.3, due to
data shortage, the performance for the pure end-to-end method
is worse than the ASR-based methods for the 20% and 40%
cases. When using more data for training, the F1 score for the
end-to-end method improves. Adding the data augmentation
also solves this data-shortage problem. The results show that
our method can get a better detection performance compared
with the text-based data augmentation (TextAug).

4. Conclusions
In this paper, we propose a novel data augmentation method
to train the end-to-end mispronunciation detection model. By
modifying the converted unit sequence, we generate a more rea-
sonable mispronunciation and can get the vector distance as the
error indicator. By training on such simulated data, the experi-
ments on L2Arctic show that our method can improve the per-
formance of the mispronunciation detection task compared with
the text-based method.
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