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Abstract: Automatic Speech Recognition, also known as ASR, has grown exponentially over the past decade and is used
to recognize and translate human speech into readable text automatically. However, Vietnamese Speech Recognition faces
critical challenges such as frequent mispronunciations as well as a huge variant in Vietnamese speech. In this work, we dive
into the difficult challenge of Mispronunciation Detection (MD) in the Vietnamese language. As such a tonal language,
Vietnamese is not only based on consonants and vowels but also on variations in pitch or tone during pronunciation. In this
paper, we propose DaNangVMD model for detecting mispronunciations in Vietnamese speech based on the audio speech
and canonical transcript. By leveraging multi-head attention-based multimodal representation from the embeddings of the
phonetic encoder and linguistic encoder, DaNangVMD aims to provide a robust solution for accurate mispronunciation
detection and diagnosis. Throughout the extensive evaluation, the proposed DaNangVMD exhibits superior performances
rather than that of the PAPL baseline models by 15% in F1 score and 13% in accuracy.

Keywords: mispronunciation detection, multimodal embeddings, Vietnamese speech recognition.

Tiéu dé: DaNangVMD: Nhan dién phat 4m sai tiéng Viét

Tém tit: Nhan dién giong néi tu dong, con duge goi 1a ASR, da phat trién manh mé trong thap ky qua va dudc st dung dé
nhan dién va dich giong néi ctia con ngudi thanh vin ban doc duge mot cach ty dong. Tuy nhién, nhian dién giong
néi tiéng Viét gip phai nhiing thach thifc 16n nhu 16i phat Am thudng xuyén ciing nhu su bién déi 16n trong giong
néi tiéng Viét. Trong cdng trinh nay, chiing toi giai quyét thach thic ctia viéc phat hién 16i phat &m (MD) trong tiéng
Viét. La mdt ngon ngit c6 thanh diéu, tiéng Viét khong chi dua trén cic phu 4m va nguyén Am ma con phu thudc
vao su thay ddi trong cao do hoic thanh diéu trong qud trinh phat 4m. Trong bai bdo nay, ching tdi dé xuit md hinh
DaNangVMD dé phit hién 18i phat am trong giong ndi tiéng Viét dua trén 4m thanh giong néi va vin ban ding. Bing
céach tan dung biéu dién da md hinh dua trén su chi y da diu tif cic ma hoéa clia bd ma héa ngit 4m va bd ma hoéa
ngodn ngit, DaNangVMD nhim cung cp mot gidi phap manh mé cho viéc phat hién va chin doan 18i phat am chinh
x4c. Qua danh gia mé rong, DaNangVMD dé xuét cho thy hiéu sut vugt troi so v6i cdc md hinh PAPL véi mifc ting
15% trong diém F1 va 13% trong do chinh xéc.

Tir khéa:  nhdn dién phdt dm sai, biéu dién da phwong thiic, nhdn dién giong néi tiéng Viét

I. INTRODUCTION optimized for Vietnamese speech. Furthermore, there more
and more foreigners working in Vietnam and preschool

Nowadays, organizations, individuals, and businesses in- children who have a huge demand to study Vietnamese
creasingly embrace Al as a supportive tool, voice input as- language. However, current language learning applications

sumes a pivotal role in the operations. Voice input facilitates only focus on English pronunciation and do not focus on
tasks such as searching, and popular social media platforms Vietnamese pronunciation.

utilize automatic speech recognition to generate automatic

subtitles for videos posted on platforms like YouTube, Mispronunciation Detection (MD) is an crucial applica-
Facebook, TikTok, among others. However, there are still tion of phoneme recognition which is a core of Computer-
many errors in recognition due to the system not yet fully =~ Aided Pronunciation Training (CAPT). This module plays
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an important role in speech recognition for tonal languages
such as Vietnamese and has recently attracted significant
attention from researchers and many methods have been
proposed to address these issues. However, up to now,
results have not been effective due to the complex and
variable nature of the target being recognized as human
speech. A multitude of factors, including linguistic dif-
ferences, syntactical, phonetic structures, pronunciation,
and intonation contribute to this complexity. In the initial
approach, a promising ASR end-to-end structure for the
mispronunciation detection task, called CNN-RNN-CTC
[1] was proposed with the phoneme representation by
associating raw acoustic features with the corresponding
pronounced phoneme sequences, facilitated by the utiliza-
tion of the Connectionist Temporal Classification (CTC)
loss function [1], showed superior performance, surpassing
the outcomes of Kun Li et al [2]. However, researchers
were not utilizing the pre-existing prior texts from canonical
sequences.

In the MD task, because the canonical phoneme se-
quences are available, Linguistic data from the canonical
text can be helpful to integrate into models to improve
the performance. SED-MDD [3] was proposed by leverag-
ing the attention mechanism to combine acoustic features
and corresponding canonical character sequences. Besides,
Kaiqi et al [4] proposed the model by combining the
acoustic feature with the encoded phoneme features to
improve the linguistic embedding, but the low-level features
of the acoustic encoder might be sensitive to noise and
affect the model performance. Thus, the Acoustic-Phonetic-
Linguistic (APL) [5] approach has dramatically improved
the performance of MD and achieved state-of-the-art results
by including the phonetic embedding to the model. More-
over, due to the tonal nature of the Vietnamese speech,
the APL architecture alone is inadequate for addressing its
complexity and variety. Identifying tone is also a challenge
for MD tasks in Vietnamese. In fact, the pitch feature, which
represents the high and low frequency, is measured in the
time and frequency domain which can provide useful fea-
tures to identify the tone. An APL-based architecture, called
PAPL leverages the pitch feature, extracts pitch by utilizing
the Kaldi toolkit [6], and achieves promising results for
VMD. In this work, we propose the DaNangVMD archi-
tecture for Vietnamese Speech mispronunciation detection
by customizing the APL [5], and PAPL [6] architecture by
utilizing Phonetic and linguistic embeddings for a better
and more robust MD solution. Different from APL, PAPL
we introduce Phoneme type and multi-head attention across
modals data (i.e., speech and transcript), and eliminate
unnecessary components in the models to produce the
smaller model with a better performance in VMD by a
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( Output ]
T
Decoder
[ LogSoftmax

Linear

Dropout

5 BatchNorm1d
®Hé) ! x
] Add |

Phonetic Encoder A
( MHA ]

S
S

BI-LSTM _ .
Linguistic Encoder
LSTM Stack

—

Norm

: LSTM Stack
' Dropout

BatchNorm1d

Pretrained

Wac2Vec

e

[ Type Emb ] lPhoneme Emb|

Figure 1. The proposed DaNangVMD for Vietnamese Speech
mispronunciation detection

II. THE PROPOSED DANANGVMD ARCHITEC-
TURE

1. Overview of Vietnamese phonemes

An overview of Vietnamese syllables is illustrated in
Figure 2, where the hierarchical structure [7] is proposed.
Each syllable of Vietnamese is divided into 3 parts: Initial,
Rhyme, and Tone. Rhyme is broken down into Medial,
Nucleus, and Ending. There are six tones in Vietnamese:
Mid-Level Tone (no tone mark), Low Falling Tone (‘), High
Rising Tone (”), Low Rising Tone (?), High Broken Tone
(~), and Heavy Tone (.). This study maps each Vietnamese
syllable to a phoneme, encompassing 53 phonemes. This
mapping preserves the hierarchical structure of syllables,
facilitating the detection of various types of mispronun-
ciations. The example of syllable conversion to phoneme
is presented in Figure 3. Because the phoneme can keep
the original hierarchical structure of syllables, this mapping
can allow us to detect all types of mispronunciation. In



the DaNangVMD, we will incorporate the phoneme type
to better represent the canonical transcript to preserve the
basic structures of Vietnamese speech.

2. DaNangVMD model
a) 2.2.1. Baseline model

We have chosen the recent PAPL architecture [4] which
has been considered the state-of-the-art for Vietnamese
MD as the baseline model for detecting and diagnosing
mispronunciations. The PAPL approach integrates pitch,
acoustic, phonetic, and linguistic features into the common
embeddings for the end-to-end training with a CTC loss
function. This enables the model to effectively learn and
extract patterns, enhancing its performance in addressing
Vietnamese mispronunciations. While conducting the ex-
periments, we discovered that extracted acoustic and pitch
features are sensitive to noise and have the potential to
yield a negative impact on the overall output, especially in
the small training dataset. On the other hand, the phoneme
and tone features are already represented in the pre-trained
model Wav2Vec2 for Vietnamese speech recognition using
a large speech dataset [11]. This pre-trained model brings
an incredible result in extracting phonetic embedding even
when the data includes noises. Therefore, we decide to elim-
inate the acoustic and pitch encoder from PAPL architecture
and retain the phonetic encoder for learning the relation-
ships between audio frames. Additionally, we customize the
linguistic encoder with the extra information from the given
transcript and the decoder for phoneme recognition. The
sections below will discuss all the components appearing
in our proposed model.

b) 2.2.2 Detailed architecture

Phonetic Encoder
In the phonetic encoder, we utilize Wav2Vec2.0 [9] one of
the most powerful ASR models for extracting the phonetic
embedding which was fine-tuned on a large Vietnamese
Speech dataset [11]. The phonetic embedding is fed into
an encoder designed with a Bi-LSTM layer, a BatchNorm
layer, and a Dropout layer. Additionally, we also leverage
the Positional Encoding [14] - this technique provides
the position of each audio frame, and this information
enhances the output of the LSTM stack. Finally, we
normalize this result by the Norm layer and achieve a
matrix H, = [h?,...,h;]. This process is illustrated in
Figure 1. We detected the redundancy of CNN layer
of the phonetic encoder due to their already existed in
Wav2Vec2.0 and produce low performance. As the results,
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we can reduce the model size significantly.

Linguistic Encoder
In the MD task, the language encoder is also a
necessary component in identifying incorrectly pronounced
phonemes. The input of this encoder will be canonical
phoneme sequences (i.e., transcript) embedded into one
hot embedding vector. Additionally, utilizing the genre
of canonical phonemes such as Initial, Medial, Nucleus,
Ending, and Tone is also crucial to enhance the robustness
of canonical representation. It helps the model grasp the
structure of phoneme sequences and prior information on
identifying phonemes, as shown in Figure 1. Canonical
phoneme embedding and phoneme type embedding will be
concatenated and passed through a Bi-LSTM. The output
of the Bi-LSTM H; = H, = [h’l"v, s hlfv’v] will be used as
keys and values in the cross attention of the decoder. The N
symbol represents the number of phonemes in the sentence.

Decoder
For the decoder, we implement Multi-Head cross Attention
1 (MHA) instead of the single-head attention mechanism
utilized in the baseline model. The vector H, from the
Phonetic decoder and Hy, H, from the Linguistic decoder
are transmitted to the Multi-Head Attention as follows:

MHA (H,, Hy, H,) = Concat(head, ..., head,)W°

ey
and head; = Attention(H,W %, H W ;" H, W ;Hx)

This mechanism enables the model to match the rele-
vant linguistic features corresponding to specific segments
of the extracted phonetic features. Thus, multiple cross-
relations were built upon MHA to strengthen the correlation
between phonetics and linguistic features which implicitly
represented in the attention score and helped to boost pro-
nunciation recognition performance. In the mispronounced
cases, the phonetic feature needs to be emphasized to
provide additional information for the decoder, hence the
output of MHA is added to H,. Thereby enhancing the
model’s capacity to attend to mispronounced phonemes
and phonetic features. Subsequently, the combined output
undergoes BatchNorm, Relu, Linear, Dropout, and finally,
the LogSoftmax layer to compute probabilities based on
audio frames. This entire process is depicted in Figure 1
to illustrate the stages of our model architecture.

III. DATASETS

In this work, we conduct the training and testing for
the MD task of Vietnamese speech with two MD datasets
[13] for detecting mispronunciation. The first dataset [10]
contains augmented recordings of adults speaking pairs of
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Figure 3. Example of a Vietnamese phoneme presentation.

single-syllable Vietnamese words (released by MachinaX).
The second dataset [4] features recordings of children aged
five to seven, either speaking or reading Vietnamese sen-
tences in passages or dialogues (released by SoICT-HUST
and the Vietnam Psycho-Pedagogical Association). For the
first dataset, it is created by a set of pairs of single-syllable
words. Therefore, a pair may or may not have a meaning
but be easier to pronounce. Each pair will be generated into
five other variations, corresponding to the overall six tones
in Vietnamese: mid-level, high-rising, low-falling, high-
rising-glottal, low-falling-rising, low-falling-glottal. These
pairs of single-syllable words will later be recorded by a
native speaker. For the second dataset, a group of native
children who come from both kindergarten and primary
schools participated in creating this dataset. The primary
school children were recorded reading sample sentences
that were collected from various Vietnamese schoolbooks.
There are 20 annotators who were trained to evaluate
the entire dataset and mark any instances of incorrect or
defective pronunciation. There are a total of 4983 audio, of
which 4263 are recordings of native children’s voices, the
rest are adult voices as shown in Table 1.

Children aged from five to seven whose pronunciation
varied from very poor and adults deliberately mispronounc-
ing pairs of single-syllable Vietnamese words (such as tone,
initial, etc.) as the testing set as described in Table II.

IV. EXPERIMENTS
1. Experimental Setups

In this work, we validate nine models for evaluation and
incrementally find out based on the ablation study the best
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Medial Tone Ending
Table I
DETAILS OF THE COLLECTED DATASET [6]
Properties Children | Adult
# of Recording 4263 746
# of Hours 5.68 0.36
Table 11

DETAILS OF THE VIETNAMESE
DATASET USED IN THE EXPERIMENTS

Properties
# of Recording

Training
4101

Testing
880

architecture for DaNangVMD:

PAPL Baseline: Pitch - Acoustic - Phonetic - Linguis-
tic model [6].

PPL: Using Pitch features (Kaldi library [15]), Pho-
netic embeddings, and Linguistic embeddings (canoni-
cal phoneme sequences) as input and not using Acous-
tic features.

APL: Taking Acoustic features (mel spectrogram),
Phonetic embeddings, and Linguistic embeddings as
input and not using Pitch features.

Customized PAPL (C-PAPL): Similar to the base-
line PAPL model [6], but without using CNN in the
Phonetic Encoder.

C-PL: Use only Phonetic embeddings and Linguistic
embeddings as input and don’t use CNN in the Pho-
netic Encoder.

C-PL1: Similar to the C-PL model, but using ad-
ditional Phoneme Type Embedding in the Linguistic



Encoder.

o C-PL2: Similar to the C-PL model, but using an
LSTM Layer (LSTM — Norm — Dropout) instead
of LSTM in the Linguistic Encoder.

o C-PL3: Similar to the C-PL model, but using Multi-
Head Attention (MHA) in Decoder.

« DaNangVMD (Proposed architecture): Taking Pho-
netic embeddings and Linguistic embeddings as input;
without using CNN in the Phonetic Encoder; using
additional Phoneme Type Embedding and an LSTM
Layer in the Linguistic Encoder; using Multi-Head
cross Attention (MHA) in Decoder as shown in Fig-
ure 1.

The audio files were uniformly sampled at a rate of
16,000Hz, and we derived mel-spectrogram, pitch, and
phonetic embeddings using a frameshift of 20ms and a
frame length of 25ms. For model training, we employed
the AdamW optimizer, setting a learning rate of 0.00005
with a maximum of 100 epochs.

2. Phoneme Recognition

To align the ASR predictions with human annotations,
we utilized the Needleman-Wunsch algorithm [14]. We
conducted our evaluation metrics using the formula 2,
where “I" represents insertions, “D” represents deletions,
“S” represents substitutions, and “N” represents the total
number of phonetic units as follows:

N-S-D
Correctness = -~
N-S-D-1 @)
Accuracy = ———
N

As aresult, Table III shows the outcomes of our phoneme
recognition performance from all models. The accuracy for
phone recognition of PAPL baseline architecture stands at
79.46%. However, with PPL, the accuracy rises to 80.95%,
APL achieves 81.41%, and C-PL sees an improvement to
82.87%. Therefore, this ablation study indicates that we
can enhance the model accuracy by omitting Acoustic and
Pitch features and excluding CNN in the Phonetic Encoder
enhances the model accuracy. This improvement could
be attributed to the good quality pre-trained Wav2Vec2.0
model in extracting Acoustic and Pitch features instead
of training from the scratch acoustic, pitch encoder from
a small mispronunciation dataset. In addition, since the
Wav2Vec2.0 model already incorporated CNN layers,
hence utilizing CNN in the Phonetic Encoder becomes
redundant. Based on this observation, we validated this
C-PAPL model without CNN layers in the Phonetic
encoder. Consequently, we produced the C-PL model,
resulting in a better accuracy of 82.87% and a correctness
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of 84.86%. These findings demonstrate the substantial
improvement of the C-PL architecture over the baseline
PAPL for more precise phoneme recognition as well as
substantially reducing the model size.

Building upon the C-PL model, we iteratively refined
its variations. C-PL1 exhibited an accuracy of 83.55%, C-
PL2 reached 84.46%, and notably, C-PL3 with multi-head
cross attention achieved an impressive 90.68% accuracy,
signifying a substantial improvement. This highlights the
effectiveness of incorporating additional Phoneme Type
Embedding, employing an LSTM Layer in the Linguistic
Encoder, and Multi-Head Attention (MHA) in the Decoder
in the architecture. Based on all of the aforementioned
observations and enhancements, we built the DaNangVMD
model, resulting in an accuracy of 92.3% and correctness of
93.53%. This marks a noteworthy increase of 12.84% and
11.39% compared to the original PAPL baseline, respec-
tively. DaNangVM exhibits superior performance compared
to the other baselines, particularly in timbre recognition.
Moreover, DaNangVMD achieves a significant reduction in
the number of model parameters, diminishing from 64.6M
to 10.4M. This substantial reduction substantially improves
the speed of phoneme recognition in the Vietnamese lan-
guage and training time.

3. Mispronunciation Detection Result

The hierarchical evaluation structure is used to measure
the MD system performance. With correct pronunciations
of phones, TA (True Acceptance) means the recognized
phone sequence is matched with the reference text, and
FR (False Rejection) means the recognized phone sequence
differs from the reference. With mispronounced phones,
TR (True Rejection) means the mispronounced phones
are detected, and FA (False Acceptance) means failing to
recognize the mispronounced phones.

TR . TR
Recall = ————, Precision = ————
FA+TR FR+TR 3)
Precision X Recall
F1Score =2 %

Precision + Recall

As shown in Table III, the PAPL baseline model achieved
the highest Recall of 87.95% but the Precision score was
very low at only 29.72%, leading to a low F1 score of
only 44.43%. We analyzed the PAPL model results which
have a high Recall but low Precision score due to the heavy
dependence on the canonical labels and could not detect the
mispronounced phoneme. On the other hand, the proposed
DaNangVMD model overcomes the above problems and
balances the recall and precision performance by leveraging
the refined Linguistic Encoder, and Multi-Head Attention
in the Decoder of the model. The refined structure reduces
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Table III
EXPERIMENTAL RESULTS OF VMD MODELS FOR VIETNAMESE MD TASK. NOTE THAT, WE DIDN’T COUNT THE
NUMBER PARAMETERS OF THE PRE-TRAINED VIETNAMESE WAVE2VEC2.0 ENCODER FOR ALL OF THE MODELS

VMD Model Params Phoneme Recognition I\/I.ispron'unciation Detection and

performance (%) Diagnosis (%)

Accuracy | Correctness | Recall | Precision F1
PAPL (Baseline) 64.6M 79.46 80.91 87.95 29.72 44.43
PPL (without Acoustic) 46.2M 80.95 82.59 86.79 31.76 46.51
APL (without Pitch) 61M 81.41 82.89 85.37 32.26 46.83
C-PAPL (without CNN in Phonetic) 29.2M 81.38 82.8 86.25 32.03 46.71
C-PL 8M 82.87 84.96 68.39 31.48 43.12
C-PL1 (Using Phoneme Type) 8.6M 83.55 85.34 82.5 35.66 49.8
C-PL2 (Using LSTM Layer) 8M 84.46 86.13 83.75 37.39 51.69
C-PL3 (MHA in Decoder) 9.6M 90.68 92.9 32.68 47.41 38.69
DaNangVMD (Proposed) 10.4M 92.3 93.53 55.54 63.73 59.35

the over-dependency on the canonical via MHA and adds a
skip connection after MHA from phoneme representation.
Hence, the acoustic features impact more on the predictive
capabilities of the model. As the results, DaNangVMD
outperforms PAPL baseline 14,92% and 34,01% in terms
of F1 and Precision, respectively. These results highlight
the outstanding performance of our DaNangVMD model,
particularly in the realm of mispronounced phoneme recog-
nition within the Vietnamese language.

V. CONCLUSIONS

In this paper, we propose the DaNangVMD architecture
designed for detecting mispronunciations in Vietnamese
speech. Our findings in removing the CNN layers in the
phonetic encoder, integrating Phoneme type embeddings in
the Phonetic Encoder, and utilizing MHA in the Decoding,
prove significant enhancement of phoneme recognition in
the context of the Vietnamese language. The experimen-
tal results demonstrate the effectiveness of the proposed
DaNangVMD system, by significantly improving Recall,
Precision, and F1 scores by 55.54%, 63.73%, and 59.35%,
respectively. The overall accuracy reached an impressive
92.3%, representing a substantial advancement compared
to the baseline model. In future works, we involve further
development of the DaNangVMD system into a more robust
and effective speech recognition tool by leveraging diverse
and extensive Vietnamese datasets, encompassing regional
and ethnic minority voices.
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