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Abstract

In this paper, we introduce a spoken accent identification system for the Korean language, which utilize t-vector embeddings
extracted from state-of-the-art TitaNet neural network. To implement the Korean spoken accent identification system, we
propose two approaches: First, we introduce a collection method of training data for the Korean spoken accent identification.
Korean accents can be broadly classified into four categories: standard accent, southern accent, northwestern accent and
northeastern accent. Generally, in Korean language, the speech data for standard accent can be easily obtained via different
videos and websites, but the rest of the data except standard accent are very rare and therefore difficult to collect. To mitigate
the impact of this data scarcity, we introduce a synthetic audio augmentation using Text-to-Speech (TTS) synthesis techniques.
This process is done under the condition that the synthetic audio generated by TTS should be retain accent information of
original speaker. Second, we propose an approach to build the deep neural network (DNN) for Korean spoken accent
identification in a manner that fine-tune the trainable parameters of a pre-trained TitaNet speaker recognition model by using
aforementioned training dataset. Based on the trained TitaNet model, the accent identification is performed using t-vector
embedding features extracted from that model, and cosine distance function. The experimental results show that our proposed
accent identification system is superior to the systems based on other state-of-the-art DNNs such as the x-vector and
ECAPA-TDNN.
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1. Introduction

Accent refers to different ways of pronouncing a language
within a community [1]. Spoken accent identification is a
family of spoken language identification, which is used as an
essential technology in various areas of social life, including
automatic speech recognition, video classification, and cus-
tomer services based on user-agent voice commands.

Currently, the main research in the field of spoken lan-

guage recognition has been focused on distinguishing closely
related languages, dialects and accents correctly, provided
that the recognition techniques are mature enough to distin-
guish between essentially distinct languages (e.g., Korean,
Chinese, and English). Caused by more subtle acoustic and
linguistic variations, accent and dialect identification are
generally more difficult than language identification [8].
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Early, statistical techniques such as GMM-UBM [2], Joint
Factor Analysis (JFA) [3], and i-vectors [1, 4, 8] were widely
employed in language and accent identification. In particular, S.
Ramoji et al. [32] proposed a fully supervised learning-based
i-vector modeling method (s-vector) where class labels of
speech recordings are directly introduced into the i-vector model,
and through experiments, they confirmed that it has superior
performance compared to the traditional i-vector method.

After that, with the rapid development of deep learning
techniques, spoken language identification has been con-
verted from statistical techniques to DNN based methods
such as x-vectors [5, 21] and ResNet [6], and its performance
has improved significantly. Language and accent identificai-
tion using deep learning can be broadly divided into
end-to-end  neural network based methods and
DNN-embedding feature based methods, the latter approach
being mainstream. Deep embedding features are
fixed-dimensional representations of speech utterances ex-
tracted from DNNSs, among which x-vector and their variants
(e.g., F-TDNN [10], E-TDNN [11]) have been widely used.
An ideal DNN-embedding maximizes inter-class variations
and minimizes intra-class variations [9].

The widespread use of x-vector systems has led several
approaches  for  extracting more  discriminative
deep-embedding features, such as attention-based methods
[12, 15], residual connection based methods [13], Neural
i-vectors based on squeeze-excitation modules [14], and
transformer-based methods [7]. However, these methods still
suffer from the performance degradation due to external en-
vironmental conditions such as background noise, channel
distortion, and room reverberation.

Recently, ECAPA-TDNN model proposed by B.
Desplanques et al. [16] has achieved outstanding perfor-
mance in language and speaker recognition tasks as an ad-
vanced neural network architecture that eliminated some
limitations of TDNN based x-vector model [17-19].

This model emphasized the functionality of frame-level
block and statistics pooling layer using modeling techniques,
such as 1-Dimensional SE-Res2Block to explicitly model
channel interdependence from input acoustic feature data,
multi-layer feature aggregation to combine different hierar-
chical frame-level features, and statistics pooling with chan-
nel-dependent frame attention. As a result, the quality of the
embedding features extracted from this model is improved.

Meanwhile, N. R. Koluguri et al. [20] proposed a novel
neural network architecture, Titanet (also called t-vector),
using one-dimensional depth-wise separable convolution,
squeeze-excitation (SE) layers with global context, and sta-
tistics pooling layer based on channel attention. The authors
demonstrated that this deep neural model with scalable neu-
ral network architecture achieves remarkable performance in
speaker recognition and speaker diarization while reducing
the parameter count compared to ECAPA-TDNN model.

However, advanced deep models such as ECAPA-TDNN
and Titanet can deliver state-of-the-art performance only
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when sufficient amount of training data is available. Moreo-
ver, as the neural network architecture becomes complex and
the parameter count increases, more training data is required
to avoid overfitting in the model’s training and to ensure the
stability of the model. In particular, the training set should be
consisted of a balanced amount of data from each class.

To solve this problem, researchers have developed several
approaches including SpecAugment, additive noise augmen-
tation from the MUSAN dataset, reverberation noise aug-
mentation from the RIRs dataset, speed perturbation, voice
conversion, and the combination of various signal processing
techniques.

Recently, in order to extract more discriminative neural
embeddings, researchers have proposed various methodolo-
gies, a widely used strategy [22, 25] involves leveraging
acoustic and linguistic features extracted from sub-blocks of
large pre-trained models trained on extensive corpora (e.g.
Whisper [23], XLS-R [33], Wav2vec2 [24], and WavLM
[31]). The incorporation of these pre-trained models provides
a strong basis for acoustic feature extraction and
DNN-embedding learning, thus mitigating the performance
deterioration caused by lack of training data in the
low-resource language domain. However, the drawback of
this approach is that the inference speed is slow due to in-
creased computational complexity of the neural network.

In this paper, we propose a method for Korean spoken ac-
cent identification using t-vector embeddings extracted from
state-of-the-art Titanet model. The accent of Korean speech
differs slightly according to the regional characteristics,
which can be divided into four major categories: standard
accent, southern accent, northwestern accent and northeast-
ern accent.

First of all, we propose a text-speech synthesizer-based
data augmentation approach to prevent performance degra-
dation of the learning model caused by lack of training data
in the Korean spoken accent identification task.

Next, we propose a method to build the learning model for
Korean spoken accent identification by fine-tuning the pa-
rameters of a pre-trained Titanet speaker recognition model
using the aforementioned training data set, and demonstrate
its effectiveness from experimental results.

The rest of this paper is organized as follows. Section 2
describes the data collection for Korean spoken accent iden-
tification and the synthetic speech augmentation using
GradTTS. We also describe the architecture of TitaNet neu-
ral network, model learning and the classifier applied for
Korean spoken accent identification. The experimental re-
sults and analysis are presented in Section 3 and finally Sec-
tion 4 concludes.

2. Research Method

2.1. Dataset

In this section a speech corpus for Korean spoken accent
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identification is introduced. We performed the audio data
collection for four accents of Korean language: Standard
accent, Southern accent, Northwest accent and Northeast
accent. The standard accent data in Korean speech can be
easily obtained because most of the video such as news or
film is composed of standard accent speech. However, the
rest of the data except standard accent are very rare and
therefore difficult to collect.

The audio data was collected from various kinds of videos
(films, interviews, lectures, news, etc.) downloaded from
Korean Central TV channels and different websites. We ex-

tracted audio signals into 1-channel wav format with 16 KHz
sampling rate from each video using FFMPEG module. En-
ergy-based Voice Activation Detection (VAD) was applied
for removal of silence frames in the training data.

Each speech segment contains only one speaker and dif-
ferent environments such as indoor, street, telephone, etc.
Then, each of the resulting speech segments was manually
reviewed to remove files containing nuisance information
(e.g., music, other languages, laughter). The general specifi-
cation of the collected training dataset are listed in Table 1.

Table 1. General specification of the collected training data set.

Accent Segment Number Speaker Number  Min length (s) Max length (s) Avg length (s) Total (hrs)
Normal 17372 104 25 18.5 9.6 48.2
Southern 2720 17 2.6 143 8.6 6.5
Northwest 4018 28 2.2 12.6 10.2 114
Northeast 1838 13 3.4 12.8 9.4 4.8

Total 25948 162 2.7 145 9.5 70.9

2.2. Data Augmentation Using Text-to-speech
Synthesis

Preparing sufficient speech resources for each accent is
crucial for DNN based accent identification task. Generally,
in Korean language, standard accent utterance are readily
available, but utterance of other three accents are relatively
scarce.

We employ synthetic audio augmentation (SAA) using
text-to-speech synthesis techniques to mitigate the lack of
training data. In this work, we implement SAA leveraging a
Korean text-to-speech synthesis system that was already de-
veloped based on Grad-TTS [26]. Grad-TTS is an acoustic
feature generator based on denoising diffusion probabilistic
model that has high potential in modeling complex data dis-
tributions.

The basic principle of diffusion probabilistic model is to
build a forward diffusion process by iteratively destroying
original data until some simple distribution (usually standard
normal distribution) is obtained, and then to build a back-
ward diffusion by learning the neural network so that it fol-
lows the trajectories of reverse time forward diffusion.

The acoustic feature generator is built by training the
model so that noise is sequentially transformed into
mel-spectrogram extracted from the training sample. This
model provides explicit control of inference speed and is
capable of generating mel-spectrograms of better quality
compared to tacotron2. We use HiFi-GAN vocoder [27] to
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generate synthetic audio from Mel-spectrogram.

We obtained 16-hour training audio data from one speaker
with clean voice with respect to each accent (except for
standard accent) in a noise-free indoor environment. Here,
the text data collected for model learning consisted of sen-
tences containing more than 3000 most frequent words, each
of which consisted of 10 to 15 words. Then, we built an
acoustic feature generator and a HiFi-GAN vocoder model
for speech synthesis using the dataset composed of
text-speech pairs. By leveraging the trained speech synthesis
models, we obtained the synthetic audio of 24 hours for each
accent from pre-prepared plain-text data.

We have confirmed that synthetic audio generated by this
method retains almost the accent information of the original
speaker as MOS 4.32. Consequently, the amount of training
data for three accents, namely, Southern accent, Northwest
accent and Northeast accent, is 42.5, 47.4 and 40.8 h, in-
cluding the data used for speech synthesis, 36 h (training
data 12 h, synthetic speech 24 h), respectively.

The resulting total dataset is separated by a ratio of 8:1:1,
of which 80% are used for tuning the hyperparameters of
pre-trained TitaNet model, 10% for training the t-vector
classifier, and 10% for classification testing.

2.3. TitaNet Model

In this study, we implement the Korean spoken accent
identification system using TitaNet model as a baseline. Ti-
taNet is a neural network adopted encoder architecture of the
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ContextNet ASR model [28], which yields better perfor-
mance over other state-of-the-art models in speaker recogni-
tion by leveraging 1D time depth-wise channel separable
convolution, Squeeze and-Excitation (SE) layers with global
context, and channel attention based statistics pooling layer.

As depicted in Figure 1, the model consists of a Context-
Net-B>R>C model encoder and attention pooling decoder,
where B is the number of blocks, R is the number of repeated
sub-blocks per block, and C is the number of filters in the
convolution layers of each block.

Prologue block B, and epilogue block By consist of the
same components: one-dimensional convolution, batch nor-
malization, and ReLU layers. The kernel size of filter in
prologue and epilogue blocks are 3 and 1, respectively.
These blocks do not contain residual connections and drop-
out layers. Each intermediate block begins with time-channel
separable convolution layer (stride size: 1, dilation size: 1)
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Figure 1. TitaNet model Architecture.

The top level acoustic features obtained from encoder’s
epilogue block is fed into an attentive statistics pooling layer,
where a time-independent intermediate feature S of size B
(minibatch size) = 3072 is obtained. This intermediate fea-
ture S are passed through two linear layers whose output
sizes are 192 and N (number of classes to classify), respec-
tively, and finally, the probability of each class is computed
from the training data. The fixed-length embedding feature

1

(t-vector) is extracted as 192 dimensional vector before the
final logits linear layer.

2.4. Model Learning

In this study, as a baseline for implementing Korean spo-
ken accent identification system, we use a pre-trained Tita-
Net-S speaker recognition model, which was trained by us-

(o]
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ing Voxcelebl dataset. The VoxCelebl dataset used for the
model learning consist of human speech segments extracted
from interview videos uploaded to YouTube, which contains
more than 150,000 utterance segments of 240 hours, includ-
ing more than 1200 speakers. Based on this baseline model,
we generate a deep learning model that can identify four
accent of Korean language by fine-tuning the pre-trained
model using the training dataset mentioned in Section 2.1.

Fine-tuning is taking a pre-trained model and further
training it on a smaller dataset specific to a particular task or
application. Applying of this training strategy aims to avoid
the overfitting phenomenon caused by data lack in Titanet
model training which requires a large number of training
data, and to improve the accuracy of the model.

The input acoustic features are 80 dimensional
Mel-spectrograms computed using a 512 FFT and a Hann
window. We compute the acoustic features with frame length
25 ms and shift 10 ms in the frequency range of 20-7800 Hz.
Next, Mel-spectrogram features are normalized with respect
to the frequency axis.

The baseline model was trained for 16 epochs with
mini-batch size of 64 on a GeForce RTX 2070 GPU com-
puter. During model training, we employs SGD optimizer
and initial learning rate (LR) 0.01 using cosine annealing LR
scheduler. Subsequently, the baseline model is fine-tuned for
9 epochs using the dataset for Korean spoken accent identi-
fication. In AAM-Softmax loss function applied to minimize
intra-class variance, the margin m is set to 30 and the scale s
is set to 0.2. The NVIDIA NeMo toolkit Open Source [30]
was used for model building.

2.5. Classifier

We extract t-vector embedding features from the classifi-
er’s train data using the trained model. The resulting
t-vectors are centered using the mean of training data. Sub-
sequently, we applied linear discriminant analysis (LDA)
process not reducing the dimensionality of the data.

For the t-vector Wi, of the test accent inferred from the
trained model and the t-vectors W§, ¢ of the target accent,

the cosine score is computed as follows:

TitaNet
Baseline Model

W(eTst Vvt:rget
SCOI‘e Vvtes1 ’Vvtarget (1)
H\/\I[esl ’Vvlarget
Where,
V_vtest = ATWtest 2

and A isthe LDA transformation matrix.

Further, The V_Vérget is the mean of t-vectors extracted
from all the training utterances in accent a, which is calcu-
lated as follows:

©)

where N, is the number of training utterances in accent a
and W? is the t-vector of the i-th enrollment utterance of
accent a projected into the LDA transform space by Eq. (2).
For performance comparison with another classifier, in
addition to cosine distance, we also use Gaussian classifier.
Given the t-vector W, Of a test utterance, the
log-likelihood of a target accent a is computed as follows:

A (4)

Wiest test

—WZm—%mZm

where m, is the mean vector of accent a and X is the co-
variance matrix shared across all accents. It is computed as
follows:

1l a IVE U
ZZEEN—,zl(V\’i -m, (W' -m,) ()
where
1,
m, ,\T%W (6)

and K is the number of total accents.
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Figure 2. The configuration of the Korean spoken accent identification system using t-vector embeddings.

17


http://www.sciencepg.com/journal/sr

Science Research

http://www.sciencepg.com/journal/sr

3. Results and Anaysis

In this section, we evaluate the performance of the accent
identification system based on the method described in Sec-
tion 2 and analyze the experimental results. The system con-
figuration is shown in Figure 2.

In the experiments, the performance of Korean spoken
accent identification system is reported in terms of equal
error rate (EER). EER indicates the operating point on detec-
tion error trade-off (DET) curve at which false alarm and
miss rates are equal. EER per target accent is computed in a
manner that other accents serve as non-target trials.

We compared the discrimination performance between
TitaNet and two typical models after training them in two
stages of pre-training and fine-tuning as described in Section
2. For fair comparison, all of the neural networks were
trained by AAM-Softmax loss function and their perfor-
mance was evaluated by Cosine classifier. Table 2 shows the
experimental results.

Table 2. General specification of the collected training data set.

Number of model
0,
Model parameters (M) EERavg (%)

x-Vector [5] 4.6 4.54
ECAPA-TDNN [16] 6.2 1.16
TitaNet-S [20] 6.4 0.93

As can be noticed in Table 2, the average EER of Tita-
Net-S model is the lowest. This can be attributed to the supe-
rior characteristics of 1D time-channel separable convolution
and squeeze-excitation module involved in the architecture
of TitaNet model. The networks based on 1D time-channel
separable convolutions is fast, trains well, therefore that is
widely used in practice [29].

Next, we evaluated the discrimination performance for
each individual accent in the Korean spoken accent identifi-
cation system using the Titanet-S model.

Table 3. Equal error rate (EER) for each individual accent in the
proposed Korean spoken accent identification system.

Accent EER (%)
Standard 0.43
Southern 0.75
Northwest 1.62
Northeast 0.94

As shown in the table above, for standard accents, data
augmentation using speech synthesis was not conducted, but
the EER was lowest, with 0.43%. This can be attributed to
the diversity of training data for standard accent that contain
relatively a large numbers of speakers.

Also, the EER is 0.75% in Southern accent, 1.62% in
Northwest accent and 0.94% in Northeastern accent. In par-
ticular, in training dataset for each individual accent, syn-
thetic audio accounts for more than 50% of that total amount.
This means that the synthetic audio generated by TTS retain
almost the original speaker’s accent information and thus
positively affect on the performance of Korean spoken ac-
cent identification system.

Next, we evaluated the performance for each target accent
in terms of two distinct classifiers.

Table 4. The Performance for each target accent in terms of two
classifiers.

Classifier Scoring

Accent
Cosine Scoring Gaussian Scoring
Standard 0.43 0.45
Southern 0.75 0.83
Northwest 1.62 1.69
Northeast 0.94 1.12

From the above results, it can be seen that cosine classifier
provides better performance than Gaussian classifier in terms
of all of the accents.

This can be considered as the t-vector is extracted from the
TitaNet-S model trained by AAM-Softmax loss function, which
minimizes the intra-class variance in the angular space.

Finally, we performed a more intuitive analysis using
confusion matrix based on top-1 classification accuracy.

Table 5. Confusion Matrix based on top-1 classification accuracy.

Actual

Standard Southern Northwest Northeast

Standard  99.2 0.1 0.5 0.1
Pred Southern 0.4 98.8 0.7 0.2
icted  Northwest 1.3 0.7 97.8 0.1
Northeast 0.8 0.3 0.5 98.3

As can be noticed from the diagonal values in the table 5,
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in all cases, most of the results correspond to the correct ac-
cent class. The greatest confusion with respect to standard
accent was found with 0.5% in the northwest accent. Specif-
ically, the greatest confusion in testing dataset was found
with 1.3% between Northwest and standard accents. This
may be due to the fact that the two accents are geographical-
ly adjacent in terms of the area of use. The classification
accuracy for standard accent is the highest, with 99.2%. This
can explain by the fact that the diversity of speakers is rela-
tively high in the training data for standard accent.

4. Conclusion

In this paper, we proposed a Korean spoken accent system
by using t-vector embedding features and demonstrated its
effectiveness via experiments. First, we introduced a training
corpus for Korean spoken accent identification. In particular,
we introduced a synthetic audio augmentation for mitigating
the lack of training data, and confirmed that synthetic speech
by TTS preserves the original speaker’s accent information
and consequently has a good effect on the performance of the
accent classification model. Next, we built a Korean accent
identification model by fine-tuning the pre-trained TitaNet
speaker model and achieved EER of 0.43%, 0.75%, 1.62%,
and 0.94% for 4 Korean accents, i.e., standard, southern,
northwestern, and northeast accent, respectively.

This is the first report on the implementation of the Kore-
an spoken accent identification. In future search, we will
investigate in more depth the effects of other factors, like
gender, age etc. on the accent identification task.
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