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Abstract
In this study, we show how to develop high-quality TTS models for low-resource scenarios that according to our
extensive evaluation are competitive with the models trained on dedicated TTS data recorded in the studio. We
develop three Text-to-Speech (TTS) models for Central Kurdish as a low-resource language using F5-TTS architecture.
The models are trained on Central Kurdish TTS datasets in which two of them are curated from audiobooks during
this study and the third one is evaluated for the first time. We also demonstrate the potential of TTS models for
developing other speech technologies in low-resource languages by proposing a speech synthesis framework used in
a speech-to-text translation application, achieving promising results on standard speech translation benchmarks.The
dataset and models are publicly available under the CC BY-NC-ND 4.0 license.
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1. Introduction

Recent advancements in speech synthesis have
enabled the generation of speech that closely ap-
proximates natural human voices across a wide
range of languages (Lux et al., 2023). Beyond
their role as standalone applications, these sys-
tems tends to become important components of
broader technologies including audio language
models (Pu et al., 2025), automatic speech recog-
nition (Li et al., 2025), deepfake detection (Wang
et al., 2024; Casanova et al., 2023), and speech
translation (Mizumoto et al., 2025). Indeed, they
can augment the initial database with synthetic
data, create speaker diversity, or generate data
from a specific domain. Nevertheless, many low-
resource languages remain underrepresented in
these developments.

The development of Text-to-Speech(TTS) mod-
els for many languages have recently gained the
interest of the community, as shown by the diver-
sity of languages proposed in the last Blizzard chal-
lenges: English, French (2023), Hindi (2015) and
recently for Bildts, a unique language variety from
the Netherlands in an under resource scenario 1.
When come to low resource languages, TTS faces
many different issues (Louw, 2023). The available
data to train the TTS models is scarce, and is usu-
ally non dedicated. For instance, traditional speech
synthesis relies on clean audio data (mainly au-
diobooks or studio recordings), while low resource
data can come from radio/TV shows or in the wild
recordings with non professional speakers which
may lead to heterogeneous qualities (Guennec
et al., 2023). The number of speakers is gener-

1https://blogs.helsinki.fi/ssw13-2025/
the-blizzard-challenge-2025/

ally low, sometimes a unique speaker is present.
This low diversity might prevent the training of mul-
tispeaker models.

The focus of the current study is on provid-
ing TTS datasets and models for Central Kur-
dish, which is a low-resource language. Kurdish
is a macrolanguage comprising a dialect contin-
uum (Northern Kurdish, Central Kurdish, South-
ern Kurdish, Hawrami, Zazaki, and Laki) (Shey-
holislami, 2015) spoken by more than 35 million
people across a broad region known as Kurdistan,
spanning four Middle Eastern countries (Iran, Iraq,
Turkey, and Syria). The current study is limited to
Central Kurdish, which is spoken by approximately
8 million people and written in a modified Arabic
script (Sheyholislami, 2021).

In recent years, few studies on Kurdish TTS have
been released. In (Muhamad et al., 2024) 21 hours
audio from one female speaker recorded and used
in training Tacotron 2 model, but the TTS models
and the dataset from this study are not public. In
(Ahmad and Rashid, 2024) 13 hours of male au-
dio recorded in studio which is used as one of the
training datasets in our current research. The MMS
models from Meta supports both Northern Kurdish
and Central Kurdish varieties (Pratap et al., 2024)
but has some limitations such as the absence of a
detailed evaluation, the unavailability of public TTS
datasets, and the lack of a voice cloning process,
which is essential for increasing speaker diversity in
auxiliary tasks such as speech translation (Section
5).

The limited number of publicly available TTS
models and datasets in Kurdish language, as well
as the growing use of TTS models as speech syn-
thesizers in various applications, have motivated
us to introduce two new TTS training datasets,

https://blogs.helsinki.fi/ssw13-2025/the-blizzard-challenge-2025/
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three models, and a setup for data augmentation
in speech translation applications. To this end, we
first demonstrate how publicly available web data
can be leveraged to develop high-quality speech
synthesis for a low-resource language. As part of
this effort, we introduce two new Central Kurdish
datasets derived from audiobooks: one featuring a
female voice and another a male voice. To further
examine the relative potential of such web-derived
data compared with data collected on purpose for
speech synthesis (generally read speech recorded
by actors in studio conditions), we also develop a
system leveraging a dataset called Giganet (Ahmad
and Rashid, 2024). To the best of our knowledge,
this dataset, recorded in a professional studio and
publicly available, has not been systematically eval-
uated or used to develop a TTS model prior to our
work.

While subjective evaluation is the standard ap-
proach for assessing speech synthesis quality and
intelligibility, it is often impractical for low-resource
languages due to the difficulty of recruiting native
speakers. To address this challenge, we perform
an objective evaluation of the synthetic speech qual-
ity using multiple metrics in different aspects (Sec-
tion 4). To validate this approach, we also conduct
a comprehensive subjective evaluation of the audio
quality with Mean Opinion Score (MOS) test.

Beyond evaluation, we further demonstrate the
value of such TTS systems by generating syn-
thetic data for training speech translation mod-
els. Through comprehensive experiments, we
show that in scenarios where no dedicated natural
speech exists, speech synthesis systems can pro-
duce diverse, high-quality data to enable the rapid
and cost-effective development of other speech
technologies for low-resource languages.

The current study presents diverse contributions:
(i) the development of TTS systems for Central
Kurdish including datasets and models, (ii) a com-
prehensive objective and subjective evaluation of
TTS quality for different application purposes, and
(iii) the development of a speech translation model
for Central Kurdish trained solely on synthetic data.

2. Central Kurdish TTS datasets

Recording read speech in controlled acoustic envi-
ronments is a common way of collecting data dedi-
cated for TTS. However, creating such resources
is expensive and sometimes results in limitations,
such as lack of spontaneity and limited prosodic
variability (Tahon et al., 2017). In this paper, we
show how to reuse the available resources to ex-
tract TTS training datasets for Central Kurdish as a
low-resource language. We provide two datasets,
one male and one female voice, each containing
around 11 hours of audiobook podcast recordings.

The audio-books format was 44khz resampled to
24khz mono channel wav format. The two datasets
are coming from different bibliographic domain (Ta-
ble 1). The data preparation follows these steps:

• Segmentation: The long audiobook podcasts,
each around 30 minutes in length, are seg-
mented automatically using an energy-based
voice activity detection. The segments be-
tween 1 and 15 seconds are retained.

• Automatic transcription: The segmented ut-
terances are transcribed automatically using
a fine-tuned version of Seamless for Central
Kurdish developed in (Mohammadamini et al.,
2025b). The ASR system performance on
Asosoft benchmark (Veisi et al., 2022) which
is a clean read speech, is at the level of 8%
WER which shows the high quality of gener-
ated transcriptions and a minimum revision is
required.

• Manual revision and validation: The Central
Kurdish transcriptions are manually revised to
correct possible errors and to remove prob-
lematic samples, such as noisy segments or
distorted speech.

At the end of this process, we obtained two new
datasets with the specifications listed in Table 1.
The third dataset –Gigant denoted as “studio-M”–
has been recorded in studio conditions by a male
professional dubber reading sentences from differ-
ent domains (Ahmad and Rashid, 2024).

Table 1: TTS training datasets

Dataset Duration #Utts Domain
audiobook-M 10h51mins 6044 biography
audiobook-F 10h54mins 5572 biography
studio-M 13h35mins 6055 multi

3. TTS Models

In low resource contexts, the available data for
model training is often heterogeneous and non
dedicated, originating from radio or TV broadcasts,
online repositories, or spontaneous recordings, re-
sulting in varied acoustic conditions and inconsis-
tent transcription quality. By choosing the training
data from audiobooks, we tried to minimize these
variabilities. However, since the datasets were not
purposely recorded for TTS training, we do not have
complete control over them.

Given these challenges, our design priorities
were data efficiency, speaker flexibility, and robust-
ness to noisy or non-standardized data. We there-
fore selected the multilingual F5-TTS (Chen et al.,
2025) among other multilingual alternatives such



as VITS (Kim et al., 2021) or XTTS (Casanova
et al., 2024). This choice is motivated by previ-
ous experiments in the framework of the Blizzard
2023 challenge (Mas et al., 2025). F5-TTS is a fully
non-autoregressive text-to-speech system based
on flow matching with diffusion transformer. Be-
sides the input text for synthesis, the model takes
as input a prompt that includes an audio sample
from the target speaker and its transcription. It out-
puts mel-spectrograms which are given to Vocos
(Siuzdak, 2023) vocoder.

This design ensures stable and efficient training
while requiring fewer resources. The model takes
as input a prompt composed of an audio sample
from the target speaker and its corresponding tran-
scription, together with the text to be synthesized.
Since, one application of the developed models
is using them to generate synthetic data for train-
ing speech translation models, this configuration
enables speaker cloning and enhances prosodic di-
versity in the generated speech which are required
for creating varied and natural-sounding dataset for
speech translation.

In our experiments, we fine-tuned the English
checkpoint of F5-TTS-base2. In general, F5-TTS
does not rely on any grapheme-to-phoneme con-
version which makes it particularly suited for low-
resource languages lacking phonetic dictionaries
or phonetizer. However its input vocabulary miss
many Kurdish characters. Since Central Kurdish
language is almost a phonemic language and have
very high precision Grapheme-to-Phoneme (G2P)
tools, two preprocessing steps are applied:

• Normalization: A normalization is done in all
the pipelines for training and inference. The
normalization includes Unicode, punctuation,
number unification, and number-to-word con-
version implemented in Asosoft library 3 (Mah-
mudi et al., 2019).

• G2P Conversion: A G2P conversion is ap-
plied on the normalized input text to make it
compatible with the vocabulary of the F5-TTS
baseline model (Mahmudi and Veisi, 2021).

As the number of speakers is clearly not enough
to train a Central Kurdish multi-speaker TTS model,
we choose to train three mono-speaker models.
The fine-tuning of F5-TTS was performed inde-
pendently for three datasets, leveraging 1 GPU
(RTX8000, 48GB) in 2 days. For each dataset 500
samples separated as the test set and the rest of
the data is reserved for training the model.

2https://huggingface.co/SWivid/F5-TTS/
tree/main/F5TTS_Base

3https://pypi.org/project/asosoft/

4. TTS Evaluation

So far, there is no standard metric to precisely de-
termine the exact epoch at which we should stop
training a TTS model (Peiró-Lilja et al., 2022). This
identification is generally realized with an empiric
number of training steps. In our experiments, we de-
sign a protocol to automatically evaluate the model
during the training stage. Once the training finished,
this protocol will be examined through a perceptive
evaluation process.

4.1. Objective evaluation
To evaluate the TTS systems automatically, we fo-
cus on three key aspects of synthetic speech qual-
ity: Naturalness, Signal Quality, and Intelligibility
following our previous work (Mas et al., 2025).

1. Naturalness measures how closely the syn-
thetic speech resembles human speech, regard-
less of the listener’s familiarity with the language.
We evaluate naturalness from two complementary
perspectives:

• Estimating the overall perceived naturalness
using a Mean Opinion Score (MOS) predictor.

• Exploiting a deepfake classifier model to as-
sess the likelihood of the audio being bona fide
versus fake.

The predicted MOS (MOSp) is obtained us-
ing Squim package from Torchaudio, a non-
intrusive model that estimates perceived natural-
ness without requiring a matching reference. This
model has been trained on synthetic speech sen-
tences in English generated with various TTS
and Voice Conversion systems, the BVCC dataset
(Huang et al., 2022). This returns a score ranging
from 1 (poor naturalness) to 5 (highly natural).

To complement the MOSp, we extracted the
pseudo bona-fide probability (DF) from the deep-
fake classifier AASIST4 (Jung et al., 2022). This
score ranges from 0 (fake) to 1 (bona-fide). Under
the assumption that more natural speech is harder
to classify as fake, a higher pseudo bona-fide prob-
ability is interpreted as an indicator of improved nat-
uralness. This metrics is motivated by prior work
(Miniconi et al., 2025).

2. Signal Quality evaluates the integrity of the
synthetic signal, considering factors such as noise,
artifacts, and reverberation. We adopted three non-
intrusive metrics, originally developed for assessing
telecommunication speech quality:

• PESQ (Perceptual Evaluation of Speech Qual-
ity) (Rix et al., 2001) estimates human per-
ceived audio quality by accounting for dis-

4https://git-lium.univ-lemans.fr/
asini/df_rank_ssq
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tortions such as noise, clipping, and interfer-
ence, without requiring clean reference sig-
nals. PESQ produces scores typically within
[−0.5, 4.5].

• WSNR (Weighted Signal-to-Noise Ratio) (Kim
and Stern, 2008) provides an estimate of the
effective signal-to-noise ratio.

• SRMR (Speech-to-Reverberation Modulation
Energy Ratio)5 measures the ratio of modu-
lation energy between the direct speech and
its reverberant components, using a spectral
modulation approach. Higher SRMR values
indicate better speech quality.

3. Intelligibility assesses how accurately the
synthesized speech conveys the semantic and
textual content of the input text. To measure
intelligibility, we used SeamlessM4T V2 Large
models fine-tuned for Central Kurdish prsented at
(Mohammadamini et al., 2025b). According to the
reported results, this is the SOTA ASR model for
Kurdish language by giving a 8 and 20 WER on
Asosoft (Veisi et al., 2022) and Fleurs benchmarks
(Conneau et al., 2023) respectively.

We developed tts4all_eval 6 a Python pack-
age to calculate all evaluation metrics described
above.

The fine-tuning process and performance evo-
lution of different quality metrics with respect to
training steps are illustrated in the Figure 1, which
summarizes the convergence behavior. The DF
measure increases consistently across all systems,
indicating that the generated speech signals be-
come progressively more similar to natural speech
as perceived by a deepfake classifier. The ASR
performance, measured in terms of CER, shows
a steady improvement in intelligibility during the
first 100k iterations, after which it stabilizes and
converges for all systems. Regarding signal qual-
ity, represented by the PESQ metric, distinct be-
haviors are observed among systems. While the
Studio-M system maintains a consistently high and
stable signal quality, the Audiobook systems benefit
from the early stages of training, which lead to im-
proved PESQ scores. However, the Audiobook-M
system exhibits a slight degradation in later iter-
ations, which we believe results from a trade-off
between different aspects of quality.

5https://lightning.ai/docs/
torchmetrics/stable/audio/speech_
reverberation_modulation_energy_ratio.
html

6https://git-lium.univ-lemans.fr/
jsalt2025/wp1/tts4all_eval

Figure 1: Learning curves for different aspects of
synthetic speech quality. While the improvement
in intelligibility (reduction of CER) is evident for all
systems, the improvements in DF measure (natural-
ness) and PESQ (Signal Quality) for the audiobook-
M voice are not optimal at the final checkpoints.

4.2. Subjective evaluation
Subjective evaluation remains a crucial component
in assessing the effectiveness of TTS systems, par-
ticularly for languages like Central Kurdish where
the nuances of pronunciation, idiomatic expres-
sions, and code-switching patterns are underrepre-
sented in existing datasets. To capture these per-
ceptual aspects, we designed an evaluation across
multiple linguistic domains that reflect the diver-
sity and complexity of the language, allowing us to
measure how well synthesized speech preserves
naturalness, expressiveness, and intelligibility in
different scenarios.

The subjective evaluation is conducted across
several categories, which are listed bellow:

• Code switching: A sentence that has at least
one English loanword. The English word is
written in Kurdish script according to accepted
orthographic rules.

• Prosodic variability: A sentence that ex-
presses an emotion such as fear, sadness,

https://lightning.ai/docs/torchmetrics/stable/audio/speech_reverberation_modulation_energy_ratio.html
https://lightning.ai/docs/torchmetrics/stable/audio/speech_reverberation_modulation_energy_ratio.html
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or happiness, or a sentence that shows disap-
pointment or lamentation.

• Expressions and idioms: A sentence that
contains a Kurdish expression or idiom.

• Semantically unpredictable (sus): A sen-
tence that is syntactically correct but semanti-
cally nonsensical.

• News: A neutral sentence adopted from news
agencies.

• In-domain test: Test sentences separated
from the TTS dataset.

• Natural test: Speech utterances separated
as test set from the TTS dataset.

For each category, we selected sentences which
reveals distinctive characteristics of the Central Kur-
dish language such as code-switching, or target
application vocabulary or expressions. In each cat-
egory, 20 synthesized sentences and 20 genuine
speech sentences are included, resulting in 140
sentences per system for evaluation. We decided
to run a Mean Opinion Score (MOS) evaluation.

Participants were asked:
“How close is the following voice to real human

speech?”
and were instructed to rate them on a MOS scale

from 1 to 5. Each listener was asked to evaluate
40 sentences.

From the 3,101 submitted answers by 88 partici-
pants, the perceived MOS was calculated for both
synthetic and natural speech samples. The aver-
age MOS scores are presented in Table 2. The
first column shows the average MOS assigned to
genuine samples by the evaluators. The evalua-
tors were not informed about the presence of real
speech samples. The second column shows the
average MOS for synthesized samples across dif-
ferent domains and categories. Among the three
systems, those trained on data with higher MOS
achieved higher MOS scores in the TTS system.
The results indicate marginally better performance
for the female audiobook dataset compared to the
multi-domain dataset recorded in the studio.

Table 2: Average and std of MOS per system

speaker natural tts_mos std_mos
audiobook-F 4.42 4.08 0.98
audiobook-M 4.34 4.01 1.06
studio-M 4.40 4.06 1.04

The results in Table 3 show the performance of
three TTS systems trained with different datasets,
audiobook-M, audiobook-F, and studio-M, across
multiple application categories. In general, pre-
dicted MOSp values remain consistently high

(≃4.3–4.4) and closely match subjective MOS rat-
ings. In all categories, the CER is less than 8%
and remains consistent across the three speakers.

The audiobook-F system achieves slightly
higher MOS in code-switching conditions (4.29).
The studio-M system, however, outperforms
both audiobook-trained voices in acoustic fidelity
(PESQ=4.0 for in-domain).

The subjective MOS reveals a difference be-
tween natural and in-domain conditions for three
systems, this distinction is not captured by objec-
tive measures such as DF or MOSp, highlighting
the limitations of current objective metrics. Among
the objective metrics, DF shows the highest corre-
lation with subjective MOS, with a Spearman rank
correlation coefficient of 0.42 (p < 0.001).

Across systems, all models show difficulty in
handling expressiveness and prosodic variability,
where subjective MOS decreases. The synthetic
speech in prosodic-variability scenario remain the
most challenging case. This can be attributed to
the lack of contextual information for both synthesis
and evaluation steps, as listeners are often unable
to accurately judge the quality or appropriateness
of a synthetic signal without a predefined context
that frames the intended emotion, emphasis, or
prosodic pattern.

5. Speech translation

In this section, we explore the use of TTS models for
generating synthetic data to train Central Kurdish to
English speech translation models as an auxiliary
task.

5.1. End-to-end Speech-to-Text
Translation (E2E S2TT)

E2E S2TT is the direct translation of speech from
a source language into text in a target language
(Barrault et al., 2025). Training E2E S2TT models
requires a large amount of parallel data consist-
ing of source language audio and corresponding
target language translations. However, many low-
resource languages lack such datasets. In this
section, we apply our TTS models to extend the
available bitext data (i.e. parallel Kurdish to English
text pairs) by synthesizing speech from the source
language text. Finally, we use the synthetic speech
and English translations to train E2E S2TT models.
In our experiments, we employ three TTS models
and a pool of sentences randomly selected as ref-
erences. The references are selected randomly
from Central Kurdish part of Common Voice (Ardila
et al., 2020).



Table 3: Averages and Confidence Intervals (95%) for metrics by training datasets and categories.

TTS Category DF ↑ MOSp ↑ PESQ ↑ WSNR ↑ SRMR ↑ CER ↓ MOS ↑
audiobook-M natural test 0.98±0.03 4.36±0.03 3.27±0.12 39.15±7.13 1.68±0.43 0.02±0.01 4.34±0.14

in-domain 1.00±0.00 4.35±0.05 2.41±0.17 70.03±13.09 1.91±0.58 0.02±0.01 4.20±0.16
code-switching 0.97±0.06 4.39±0.02 2.56±0.21 95.80±6.07 3.68±0.46 0.07±0.03 4.04±0.16
sus 0.96±0.05 4.40±0.01 2.54±0.24 79.77±10.73 3.09±0.51 0.04±0.02 3.97±0.17
news 1.00±0.00 4.38±0.01 2.39±0.14 36.04±3.20 0.69±0.08 0.07±0.07 3.97±0.18
prosodic-variablity 0.81±0.14 4.37±0.03 2.89±0.29 94.30±7.35 4.01±0.50 0.07±0.05 3.88±0.17
expression 0.94±0.07 4.39±0.02 2.52±0.26 91.40±8.43 3.63±0.43 0.04±0.03 3.66±0.19

audiobook-F natural test 1.00±0.00 4.37±0.03 3.74±0.16 50.59±13.51 1.92±0.47 0.01±0.01 4.42±0.14
in-domain 1.00±0.00 4.39±0.01 3.04±0.22 41.85±7.52 1.88±0.49 0.01±0.01 4.26±0.14
code-switching 1.00±0.00 4.35±0.02 3.30±0.19 89.46±8.34 3.65±0.47 0.03±0.01 4.29±0.14
sus 1.00±0.00 4.37±0.01 3.25±0.24 69.61±11.94 3.17±0.48 0.02±0.01 3.91±0.16
news 1.00±0.00 4.40±0.01 2.88±0.11 28.89±2.27 0.77±0.14 0.08±0.07 4.09±0.14
prosodic-variablity 0.93±0.08 4.32±0.03 3.32±0.23 90.44±9.49 4.46±0.76 0.07±0.06 4.01±0.15
expression 0.98±0.03 4.33±0.07 3.18±0.26 89.45±10.27 3.63±0.45 0.04±0.04 3.61±0.19

studio-M natural test 0.98±0.04 4.42±0.02 4.16±0.06 15.41±1.22 2.32±1.05 0.09±0.08 4.40±0.14
in-domain 0.97±0.05 4.43±0.01 4.00±0.07 36.37±10.57 1.87±0.78 0.08±0.08 4.20±0.17
code-switching 0.93±0.08 4.44±0.01 4.05±0.10 52.37±11.47 4.17±0.47 0.04±0.03 4.11±0.18
sus 0.96±0.05 4.43±0.01 3.96±0.13 48.36±9.23 3.46±0.43 0.02±0.01 3.96±0.19
news 1.00±0.00 4.44±0.00 4.08±0.07 23.73±2.02 0.81±0.12 0.07±0.07 3.88±0.16
prosodic-variablity 0.74±0.16 4.38±0.05 3.78±0.17 67.81±12.91 4.61±0.59 0.06±0.05 3.95±0.16
expression 0.87±0.13 4.43±0.03 4.02±0.07 54.59±9.80 3.98±0.44 0.03±0.02 3.89±0.17

Figure 2: Speech synthesis pipeline for S2TT

5.2. Looking for data synthesize scenario
Leveraging synthetic speech as training data lags
behind real speech mainly due to limited speakers,
expressivity and acoustic diversity, which leads to
strong convergence on the training set but poorer
generalization to real conditions. To make synthetic
training data closer to real-world scenarios, we ex-
plored several setups. To identify the best setup,
we simplified the problem by removing the linguistic
variability required in speech translation. Specif-
ically, we used the FLEURS test set as both the
training and evaluation data (Conneau et al., 2023).
Although this scenario is not realistic, having identi-
cal linguistic content in training and test is expected
to yield the highest possible performance. In this
way, we remove the performance degradation due
to linguistic variability or translation quality, and any
remaining performance loss can be attributed to
speech/acoustic factors.

A series of speech translation experiments are
reported in Table 4. First, we fine-tune a Whis-

per v3 large (Liu et al., 2024) model on the real
FLEURS CKB→EN test set, achieving a BLEU
score of 92.42, which we treat as the upper bound.
We then evaluate configurations combining one to
three TTS models and prompt references drawn
from a pool. The reference pool includes 5000 ut-
terances chosen randomly from Common Voice
18. As intuition suggests, using three TTS models
with randomly selected prompts produces richer
training data and achieved a BLEU score of 79.95
which is better than using one TTS or one fixed
reference from the same speaker. Accordingly, in
our speech translation experiments we randomly
selected both the TTS model and the prompt to
generate the training data.

When we use only one TTS model for data gen-
eration, we expect to find a correlation between the
quality of our TTS model and the performance of
S2TT model. The results obtained by three TTS
models show this correlation. As it is shown in Ta-
ble 2, the TTS model trained on the audiobook-M
achieves a lower MOS (4,01) and in Table 4 achiev-
ing 73,92 BLEU score, the synthetic data gives
lower performance in S2TT application in compari-
son to two other TTS models.

5.3. Speech translation experiments
Using the setup shown in Figure 2, we generated
approximately 500 hours of synthetic speech from
a bitext corpus. The total number of synthesized
samples is 340k. The first source of the bitext data
used for synthesis is Kuvost, the Kurdish translation
of Common Voice English (Mohammadamini et al.,
2025a), which accounts for 200k of the synthesized
samples. The second source is a parallel dataset
introduced in (Mohammadamini et al., 2025b), com-
piled from parallel books, certified translators, philo-



Table 4: BLEU scores given by Whisper model,
fine-tuned on real and synthetic data obtained with
various TTS setups. The real and synthesized data
are Fleurs test set. The Random prompt means
a randomly chosen reference while the Fixed one
comes from the same speaker as the TTS speaker.

Training Material BLEU
TTS Prompt

studio-M audiobook-F audiobook-M
Yes Yes Yes Random 79.95
Yes No No Random 76.87
No Yes No Random 74.64
No No Yes Random 73.92
Yes No No Random 76.87
Yes No No Fixed 76.89

Fleurs genuine speech 92.42

sophical encyclopedias, and other sources. The
remaining 140k synthesized samples come from
this second resource. During the synthesis pro-
cess, one of the three TTS models is selected at
random, and the reference is also chosen randomly
from among the 5000 files in the Central Kurdish
Common Voice speech dataset.

With the synthetic audio for Central Kurdish and
the English translation, we fine-tune Whisper v3
large model. The fine-tuned model is evaluated
on the CKB→ENG part of Fleurs benchmark. The
second evaluation benchmark used in this paper
is called Asosoft benchmark. This benchmark
originally proposed for multi-domain ASR which
includes 100 unique sentences from different do-
mains and we extended for speech translation by
adding the English translations (Veisi et al., 2022).
Table 5 shows the results for zero-shot case and
fine-tuned Whisper model. The fine-tuned model
achieve a 27.23 BLEU score on Asosoft benchmark
and 18.50 BLEU score on Fleurs benchmark.

Table 5: S2TT BLEU score under two evaluation
protocols

Model Train Data Asosoft FLEURS
Zero-Shot — 2.31 1.51
Synthesized 340k (514h) 27.23 18.50

As discussed in the Section 4, one reason be-
hind choosing F5-TTS model is accepting prompts
as reference from different speakers. We hypothe-
sized that this characteristic of F5-TTS model can
bring a speaker diversity which is required to design
generalizable speech translation models.

In order to show the speaker diversity in the syn-
thetic speech, we plot the ECAPA-TDNN (Desplan-
ques et al., 2020) speaker embeddings of 20 syn-
thetic utterances generated by the three systems
and five different prompts from 5 different speak-
ers (Figure 3). The Speechbrain toolkit is used
as speaker embedding extractor (Ravanelli et al.,
2021). For a given reference and a given system
all embeddings are plotted in the same cluster shar-

ing the same speaker characteristics. When the
same reference is given as prompt, we expect that
all systems give close speaker embeddings. The
T-SNE visualization shows that in some cases utter-
ances generated by a system tends to be more sim-
ilar than utterances generated with same prompt.
Therefore, we can entail that the training speaker
characteristics still exist in the synthetic utterances.
This visualization and the results presented in Ta-
ble 4 shows that the speaker information captured
by prompting is limited and it is required to target
the integration of speaker characteristics with the
synthesized speech more explicitly.

Figure 3: T-SNE speaker embeddings for 20 utter-
ances generated by 3 TTS models and 5 references
prompts

6. Conclusion

In this paper we introduced a general methodol-
ogy of rapid development of TTS models for low-
resource languages from available resources. In
our experiments we worked on Central Kurdish
which is a low-resource language which might fa-
vored over other languages due to phonemic con-
sistency. Two new TTS datasets curated and an
existing one evaluated. We performed an exten-
sive subjective and objective evaluation of the de-
veloped systems. We demonstrate that audiobook
data reach competitive results in comparison with
high quality studio data. Also we proposed an ap-
proach on using these models for low-resource
speech translation by finding the best scenario of
data generation.

The reported results demonstrate the strong po-
tential of the developed TTS models for auxiliary
tasks such as speech translation. Future work will
focus on enhancing synthetic dataset diversity to
improve model robustness and generalization. This
includes broadening linguistic diversity through au-
tomatic translation, enriching prosodic diversity via
varied speaking styles and emotions, and increas-
ing speaker diversity. The availability of multiple
TTS systems with voice cloning and prompt-based



prosody control enables systematic synthesis of
diverse speech data. Building on this, we aim to
define diversity metrics that guide the automatic
generation of task-optimized datasets, supporting
more robust and adaptable multilingual TTS and
speech translation systems.
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