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Abstract
This study focuses on the creation of the KazEmoTTS dataset, designed for emotional Kazakh text-to-speech
(TTS) applications. KazEmoTTS is a collection of 54,760 audio-text pairs, with a total duration of 74.85 hours,
featuring 34.23 hours delivered by a female narrator and 40.62 hours by two male narrators. The list of the emotions
considered include “neutral”, “angry”, “happy”, “sad”, “scared”, and “surprised”. We also developed a TTS model
trained on the KazEmoTTS dataset. Objective and subjective evaluations were employed to assess the quality of
synthesized speech, yielding an MCD score within the range of 6.02 to 7.67, alongside a MOS that spanned from
3.51 to 3.57. To facilitate reproducibility and inspire further research, we have made our code, pre-trained model,

and dataset accessible in our GitHub repository.
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1. Introduction

The demanding challenges of generating high-
quality synthesized speech for one or more speak-
ers have been met by rapidly developed text-to-
speech (TTS) systems (Shen et al.,, 2017; Ren
et al., 2020; Arik et al., 2017). Yet, synthesized
speech still faces significant difficulties in express-
ing paralinguistic features such as emotions.

In the area of emotional TTS, where the voice syn-
thesized by a TTS system is to convey emotions
(e.g., anger, happiness, sadness, etc.), the avail-
ability of high-quality labeled datasets remains
quite limited.

As far as our knowledge extends, most pub-
licly available emotional speech datasets primarily
cover high-resource languages, such as Chinese,
English, or French (Adigwe et al., 2018; Costantini
et al., 2014; Busso et al., 2008). These datasets
typically focus on either distinct emotional states
(e.g., anger, happiness, etc.; Costantini et al.
2014) or emotion polarity, ranging from absolutely
negative to absolutely positive (Cui et al., 2021).
They often include several narrators’ speech sam-
ples and exhibit variations in terms of total audio
duration (Zhou et al., 2021; Cui et al., 2021).

In our study, we have undertaken the pioneer-
ing task of creating an emotional TTS dataset for
Kazakh—a low-resource language. However, its
utility extends beyond this specific domain and
can be applied effectively in diverse areas, includ-
ing speech emotion recognition (SER) and emo-
tional voice conversion tasks. The dataset com-
prises a total of 74.85 hours of recorded high-
quality speech data featuring six distinct emotional
categories. The Kazakh emotional TTS (KazE-
moTTS) dataset is comprised of contributions from

three professional narrators, with 34.23 hours of
the data provided by a female narrator and 40.62
hours by two male narrators. Additionally, we in-
troduce a TTS model, trained on KazEmoTTS,
with the capability to produce Kazakh speech re-
flecting six emotional expressions. KazEmoTTS
and the model are openly accessible for both aca-
demic and commercial purposes, operating under
the provisions of the Creative Commons Attribu-
tion 4.0 International License in our GitHub repos-
itory."

The structure of the paper is as follows: Section 2
offers an overview of previous research in emo-
tional TTS. Section 3 describes the construction
of the dataset. Section 4 covers the experimental
design and evaluation metrics. Section 5 provides
a presentation of the experimental results and a
brief summary of the main findings. Section 6 con-
cludes the paper.

2. Related Work

Previous studies into the complex relationships
and interactions between distinct emotional states
suggest that individuals can potentially experience
a wide array of diverse emotions (Plutchik, 2001;
Braniecka et al., 2014). Plutchik and Kellerman
(2013) distill a set of eight fundamental emotions,
including anger, anticipation, disgust, fear, joy,
sadness, surprise, and trust, with other emotional
states believed to arise from various combinations
of these.

That said, Paul Ekman’s well-known theory of six
basic emotions (Ekman, 1992) proposes the exis-
tence of anger, disgust, fear, happiness, sadness,
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and surprise, and is frequently invoked in emo-
tional TTS research (Schrdder, 2009; Zhou et al.,
2020, 2022a).

Most datasets employed for emotional TTS in-
clude emotion labels, in contrast to prosody
modeling approaches (Du and Yu, 2021; Guo
et al., 2022b), which do not rely on preset la-
bels. Presently, emotional TTS research primar-
ily revolves around two methods: (1) synthesiz-
ing speech with explicit, predefined emotional la-
bels and (2) regulating the intensity of emotions in
speech synthesis.

Employing hard-labeled emotions is gener-
ally considered the most straightforward ap-
proach. Lee et al. (2017) utilized an attention-
based decoder that captures an emotion label
vector to generate the desired emotional style in
the synthesized speech. In Kim et al. (2021), style
embeddings were extracted from both a reference
speech sample and a corresponding style tag.

With respect to models that allow for the control of
emotional intensity, the prevailing method of de-
termining emotional intensity is relative attributes
ranking (RAR) (Parikh and Grauman, 2011). RAR
involves the creation of a ranking matrix that is
derived through a max-margin optimization prob-
lem typically addressed using support vector ma-
chines. The solution is subsequently employed
for model training. However, it is important to
note that this process is manually constructed and
therefore can potentially introduce biases into the
training process (Guo et al., 2022a).

In Um et al. (2019), the researchers introduced an
algorithm designed to increase the gap between
emotion embeddings. They also employed the in-
terpolation of this embedding space as a means
to control the intensity of emotions. In Im et al.
(2022), quantization techniques were introduced
to measure the distances between emotion em-
beddings, enabling the control of emotion inten-
sities.

Similar methods have been applied to intensity
control in emotion conversion (Choi and Hahn,
2021; Zhou et al., 2022b). However, even though
an autoregressive model (Zhou et al., 2022a) that
relies on intensity values derived from RAR to
weigh emotion embeddings is implemented, the
problem of speech quality degradation persists.
EmoDiff (Guo et al., 2022a), built on the design of
GradTTS (Popov et al., 2021), introduces a soft-
label guidance approach inspired by the classifier
guidance technique, employed in diffusion mod-
els (Dhariwal and Nichol, 2021; Liu et al., 2021).
The classifier guidance technique is a sampling
method that leverages the gradient of a classifier
to lead the sampling path when provided with a
one-hot class label. The adoption of an alterna-
tive approach can be observed in EmoMix (Tang

et al., 2023), another GradTTS-based model. This
approach combines a diffusion probabilistic model
with a pre-trained SER model. The emotion em-
beddings extracted by the SER model act as an
additional condition, enabling the reverse process
within the diffusion model to generate primary
emotions.

3. Dataset Construction

3.1. Text Collection

Narration materials were drawn from multiple
sources. Scientific, computer technology, histor-
ical, and international articles were retrieved from
Kazakh Wikipedia. News content was collected
from reputable Kazakh media outlets. In addition,
selections from public domain books, fairy tales,
and phrasebooks were included. All the collected
texts were split sentence-wise.

3.2. Recording Process

We hired three professional narrators—one fe-
male and two males—for the project. The narra-
tors were given the option to record in their person-
ally arranged home studios or within the facilities
of our institution. They were also given precise
instructions to read the texts in quiet indoor set-
tings while conveying a high degree of emotional
expression in line with the specified emotions.
Each sentence was paired with one of the six emo-
tions selected for the study, ensuring an even dis-
tribution among all sentences. Our selection of
these emotions was informed by their prevalence
in prior research (Zhou et al., 2021; Adigwe et al.,
2018; Busso et al., 2008) and their discernibility
by evaluators (Costantini et al., 2014). As a result,
the list of emotions examined in our study included
all those proposed in Ekman (1992), with the sole
exception being “disgust”. Additionally, we intro-
duced a “neutral” option, representing the absence
of a specific emotion.

All recorded audio files were either sampled at a
rate of 44.1 kHz and stored as 16-bit samples or
at a rate of 48 kHz and stored as 24-bit samples.
The whole data collection process was facilitated
by a messenger application (Telegram) bot, as de-
picted in Figure 1a.

3.3. Audio-to-Text Alignment Verification

We conducted a thorough examination of the
recorded audio files using a customized version of
the Whisper multilingual automatic speech recog-
nition (ASR) (Radford et al., 2022) system to
assess the accuracy of the audio-to-text align-
ment. The ASR system generated transcriptions
based on the audio files, which were subsequently
compared with the original texts. Texts exhibit-
ing a character error rate (CER) were identified
and subjected to a review process by a team of
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F1 M1 M2

E Count

Total Mean Min Max Total Mean Min Max Total Mean Min Max
neu 9,385 585 5.03 1.03 15.51 454 477 0.84 16.18 230 4.69 1.02 15.81
ang 9,059 544 478 1.11 14.09 427 475 093 17.03 231 4.81 1.02 15.67
hap 9,069 577 5.09 1.07 15.33 443 485 0.98 15.56 223 474 1.09 15.25
sad 8,980 560 5.04 1.11 15.21 462 513 0.72 18.00 265 552 1.16 18.16
sca 9,098 566 496 1.00 15.67 413 451 0.65 16.11 234 496 1.07 14.49
sur 9,179 591 5,09 1.09 14.56 452 492 0.81 17.67 228 4.87 1.04 15.81

Note. Each emotion (E) was abbreviated to its first three letters due to space constraints.
Table 1: Recording count and duration statistics: Total (hours), Mean, Max, and Min (seconds)
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Figure 1: Telegram bot user interfaces: a) Narra-
tion functionality, and b) evaluation functionality.

moderators. Recordings were excluded if they
contained mispronunciations or significant back-
ground noise.

3.4. Dataset Specification

The audio recordings and their corresponding
transcriptions are organized into separate fold-
ers for each narrator. All audio recordings were
downsampled to a rate of 22.05 kHz and saved

in the WAV format with a 16-bit per sample con-
figuration. They also underwent a preprocess-
ing step involving the removal of silence and nor-
malization, achieved by dividing the audio by its
maximum absolute value. The transcripts were
saved as TXT files encoded in UTF-8 variable-
length character encoding standard. Both the
audio and transcript files share identical file-
names, differing only in their file extensions. Each
file name comprises the narrator’s identifier (ID),
emotion, and utterance ID, structured as narra-
torID_emotion_utterancelD.

The dataset contains 8,794 unique sentences and
86,496 unique words with an average sentence
length of 10.83 words. Initially, a total of 84,714
audio files were recorded, but following quality
checks, the dataset now contains 54,760 audio
recordings. These recordings collectively repre-
sent an overall duration of 74.85 hours. The
duration for the female narrator (F1) is 34.23
hours, with an average segment length of 5.0 sec-
onds. The duration for the first male narrator (M1)
is 26.51 hours, with an average audio segment
length of 4.8 seconds. For the second male narra-
tor (M2), the duration is 14.11 hours, with an aver-
age segment length of 4.9 seconds. More detailed
statistics for the dataset are provided in Tables 1
and 2.

Narrator # recordings Duration (h)
F1 24,656 34.23
M1 19,802 26.51
M2 10,302 14.11
Total 54,760 74.85

Table 2: Narrator statistics

4. Experimental Setup

4.1. KazEmoTTS Architecture

We built our TTS model based on the design of
GradTTS with hard label emotions (Popov et al.,
2021), as was done in Guo et al. (2022a) and Tang
et al. (2023). The model was trained with the
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Adam optimizer and a learning rate of 10~ for
3.7 million steps on one graphics processing unit
(GPU) on an NVIDIA DGX A100 machine. To im-
prove the performance of diffusion models (Song
et al., 2020), we implemented exponential mov-
ing averages for the weights of the model dur-
ing training. In addition, we removed the depen-
dency on ground truth duration data and adjusted
the sampling rate to 22,050 Hz. During the infer-
ence phase, we set the guidance level parameter
~ to 100. The output of the model was an array of
80-dimensional log mel-filter bank features, rep-
resenting acoustic features. To transform these
acoustic data into time-domain waveform sam-
ples, we utilized the HiFIGAN vocoder (Kong et al.,
2020). Specifically, we trained it as a multi-
speaker vocoder on the KazEmoTTS dataset with-
out providing emotional labels for 1.72 million
steps.

4.2. Objective Evaluation

We employed mel-cepstral distortion (MCD) (Ku-
bichek, 1993) as an objective assessment met-
ric to evaluate the quality of the synthesized
speech. This approach involves comparing the
mel-frequency cepstral coefficient (MFCC) vec-
tors extracted from the generated speech and the
ground truth speech, with a lower MCD score sug-
gesting that the generated speech is more similar
to the ground truth. To mitigate issues arising from
the potentially extreme scaling of MCD due to vari-
ations in the two input speech lengths, we adopted
the dynamic time warping (DTW) algorithm, as de-
scribed in Battenberg et al. (2019).

4.3. Subjective Evaluation

To evaluate the quality of the synthesized speech,
we conducted a subjective evaluation survey via a
messenger application (Telegram) bot. The user
interface of the bot was developed in Kazakh, as
shown in Figure 1b. To recruit volunteer partici-
pants, we distributed the link to the survey on pop-
ular social media platforms.

The survey involved a two-fold evaluation process.
Participants were first tasked with evaluating the
naturalness of a given speech sample, focusing
on its degree of human-likeness. The evaluation
was conducted using a five-point scale: 1. bad,
2. poor, 3. fair, 4. good, and 5. excellent. Subse-
quent to the naturalness evaluation, participants
were prompted to identify one of the six distinct
emotions with which the speech sample was nar-
rated.

We compiled an evaluation set of 3,600 audio
samples that were not included in the training set,
from which a random subset of 36 (18 ground truth
and 18 synthesized) speech samples was pre-
sented to each participant. The samples were se-

lected to ensure an equal representation of each
narrator and emotion, amounting to six samples
per narrator and one per emotion. Participants
were presented with one speech sample at a time.
While participants were afforded the opportunity to
listen to each sample multiple times, it was empha-
sized that their selection could not be altered once
submitted.

5. Results and Discussion

The evaluation results are provided in Tables 3—
5. As can be seen from Table 3, on average, the
synthesized speech delivered in a female voice
demonstrated a greater likeness to the corre-
sponding ground truth samples compared to the
synthesized samples in both male voices. An in-
teresting observation is that synthesized speech
samples featuring emotional states typically as-
sociated with lower-pitched voices (e.g., neu-
tral, sad, scared) exhibited greater similarity to
the corresponding ground truth samples. Con-
versely, speech samples generated to convey
emotional states characterized by higher-pitched
voices (e.g., angry, happy, surprised) demon-
strated a comparatively lower degree of similarity
to the ground truth samples.

N | MCD | Mos

|neu ang hap sad sca sur Avg| GT Syn
F1|5.72 6.08 6.2 5.82 5.97 6.34 6.02(3.94 3.55

M1|7.63 7.98 7.88 7.19 7.68 7.65 7.67|3.95 3.51
M2|6.85 7.56 7.57 6.83 7.13 7.54 7.24|4.22 3.57

Note. N: narrators, Avg: average, GT: ground truth,
Syn: synthesized

Table 3: MCD and MOS results

As for the evaluation survey, there were a total of
64 participants. The mean opinion score (MOS)
for assessing the naturalness of the synthesized
speech varied only slightly, ranging from 3.51 to
3.57 (see Table 3). Narrator M2’s samples at-
tained the highest MOSs for both the ground truth
and synthesized samples, with M2’s synthesized
samples achieving a slightly higher score than that
of F1 by a margin of 0.02. The generated speech
of Narrator M1 received the lowest MOS. This un-
derscores the lack of a correlation between MOS
and the volume of data accessible for each narra-
tor. Despite the greater volume of data for Narrator
F1 in comparison to the other two narrators, it did
not translate into a much higher MOS for the fe-
male narrator. Similarly, the MOS was not higher
for Narrator M1, despite having nearly twice as
many data as Narrator M2.

A comparison of MOSs highlights notably higher
results in a separate study focused on Kazakh
TTS (Mussakhojayeva et al., 2022). For fe-
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male speakers, ground truth speech evaluations
achieved scores within the range of 4.18 to 4.73,
while MOSs for the generated speech covered a
spectrum from 4.05 to 4.53. In the case of male
speakers, MOSs for ground truth ranged from
4.37 to 4.43, while scores for synthesized speech
spanned from 3.95 to 4.2.

In English emotional TTS studies, results closely
aligned with our findings were reported by Zhou
etal. (2022a). They achieved a MOS of 3.45 when
the emotion “surprised” was presented with 0% in-
tensity of other emotions. Notably, superior per-
formance was observed with EmoDiff (Guo et al.,
2022a), scoring 4.01, and EmoMix (Tang et al.,
2023), which attained a MOS of 3.92.

As illustrated in Table 4, sentences delivered in a
neutral manner were more accurately recognized
as such, achieving an accuracy rate of 65%. In
contrast, sentences expressed with anger proved
to be the most challenging to identify, with a recog-
nition accuracy of only 22%.

| F1 | M1 | M2 | F1&M1&M2
E

| GT Syn| GT Syn| GT Syn| GT Syn Overall
neu [0.75 0.60|0.64 0.67|0.53 0.67|0.64 0.65 0.65
ang |0.28 0.07|0.26 0.06|0.58 0.07(0.37 0.07 0.22
hap [0.59 0.35/0.50 0.32|0.64 0.41|0.58 0.36 047
sad |0.22 0.32]0.40 0.29|0.37 0.26|0.33 0.29 0.31
sca [0.25 0.35(0.42 0.29|0.28 0.35/0.32 0.33 0.33
sur |0.32 0.19]/0.28 0.23|0.33 0.20|0.31 0.21 0.26
Total\0.38 0.31 ‘0.42 0.32‘0.46 0.33‘0.43 0.32 0.37

Table 4: Results of emotion prediction accuracy

Table 5 displays the percentages of participant re-
sponses regarding their choice of emotion and re-
veals that “neutral” was frequently selected by par-
ticipants when identifying the emotion of a speech
sample. Interestingly, “happy” was the most eas-
ily identifiable emotion, chosen by nearly half of all
participants, irrespective of the narrator. It is also
worth noting that participants faced challenges
when distinguishing “angry” speech samples, of-
ten mistaking them for “sad” or “scared” expres-
sions. Frequently, samples labelled as “scared”
were also erroneously identified as “sad”.

In light of the MOS results acquired, it is appar-
ent that despite providing participants with explicit
instructions to focus on the emotion conveyed by
the delivery of a sentence, rather than its inher-
ent message or content, we acknowledge the cog-
nitive challenge of perceiving a sentence with in-
herently somber content, such as one related to a
grave iliness or loss of life, being articulated with a
seemingly cheerful emotion. This presents a cog-
nitive challenge that may not have been fully re-
solved in our current study. In our future emo-
tional TTS studies, we aim to address this chal-
lenge more effectively.

Participant responses (%)
ang hap sad sca
66.92| 4.62 | 4.62 [{13.08| 2.31
65.32| 4.05 | 6.36 [12.14| 5.78
59.60(15.23| 3.31 |11.92| 4.64 | 5.30 |M2

neu sur
8.46 | F1

6.36 |M1

neu

43.31|16.56| 3.18 |14.01|14.01| 8.92 | F1
39.04(15.75| 2.74 |{18.49|13.70(10.27 |M1
31.33|33.33| 2.67 |{10.00|12.67|10.00 | M2

ang

37.75| 0.00 |45.70| 3.97 | 1.99 [10.60| F1
39.73| 8.90 |43.84| 2.74 |10.27| 9.15 |M1
28.28| 2.07 |51.72| 1.38 | 2.76 |13.79 M2

hap

35.63| 3.13 | 3.75 |25.63|19.38|12.50| F1
46.43| 2.38 | 0.60 |34.52| 7.74 | 8.33 |M1
50.00| 0.74 | 2.94 |31.62| 8.82 | 5.88 (M2

Actual emotions

sad

21.77117.01| 6.12 |20.41|29.93|17.01 | F1
23.98| 2.92 | 1.17 |26.90|35.09| 9.94 M1
20.95/16.89| 0.68 [12.84|31.76|16.89 | M2

sca

37.04| 2.47 |12.96| 4.94 |14.81|27.78 | F1
30.41| 5.85 | 4.09 |18.71|15.79|25.15 | M1
37.01| 3.15 |11.02(12.60| 9.45 |26.77 |M2

sur

Note. N: narrators.
Table 5: Emotion perception results

6. Conclusion

This study aimed to construct the KazEmoTTS
dataset for Kazakh emotional TTS applications.
The dataset comprises a substantial 54,760 audio-
text pairs, covering a total duration of 74.85 hours.
This includes 34.23 hours delivered by a female
narrator and 40.62 hours by two male narrators.
The emotional spectrum within the dataset cov-
ers “neutral”, “angry”, “happy”, “sad”, “scared”, and
“surprised” states. In addition, a TTS model was
developed through training on the KazEmoTTS
dataset. Both objective and subjective evaluations
were performed to gauge the synthesized speech
quality, resulting in an objective MCD metric rang-
ing from 6.02 to 7.67 and an MOS ranging from
3.51 to 3.57. Our findings are particularly promis-
ing, considering that this study represents the first
attempt at emotional TTS for Kazakh. To facilitate
replicability and further exploration, we have made
our code, pre-trained model, and dataset available
in our GitHub repository."
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