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Abstract

Persian remains substantially underrep-
resented in open speech-text resources,
limiting progress in multi-speaker text-to-
speech (TTS), speech-language modelling,
and low-resource speech processing. We
introduce ParsVoice, the largest publicly
available Persian speech-text corpus tailored
for training multi-speaker TTS systems,
along with a scalable pipeline to construct
high-quality speech-text data from long-form
audiobook recordings. The pipeline combines
a fine-tuned ParsBERT sentence-completion
classifier, ASR-based boundary optimization,
punctuation restoration, speaker identification,
and a multi-dimensional quality assessment
that covers both audio and Persian-specific
text properties. The resulting release con-
tains a 2,200-hour TTS-ready subset with
1.36 million aligned segments from 1,815
automatically inferred speaker IDs, making
it more than 25 times larger than the largest
previously available open Persian TTS dataset.
To validate the corpus, we fine-tune XTTSv2,
a zero-shot multilingual TTS model that
operates directly on raw Persian text without
phoneme representations. The resulting model
achieves a naturalness MOS of 3.6/5 and a
speaker-similarity MOS of 4.0/5. ParsVoice,
its metadata, and the corpus-construction
pipeline are publicly available on Hugging
Face1 and GitHub2, supporting reproducible
research on Persian speech synthesis and
low-resource speech-language technologies.

1 Introduction

The rapid advancement of transformer architec-
tures (Vaswani et al., 2017) and generative mod-
els has increased the demand for large-scale, high-
quality speech data. Despite this growing need, re-
source availability remains highly uneven across

1https://huggingface.co/datasets/
MohammadJRanjbar/ParsVoice

2https://github.com/MohammadJRanjbar/ParsVoice

Figure 1: Comparison of Persian speech datasets by
duration, in hours of audio on a logarithmic scale.
Speaker counts are shown at right; n/r indicates that
the speaker count is not reported.

languages, and Persian remains significantly un-
derrepresented in speech corpora compared to
high-resource languages such as English.

This scarcity extends beyond speech: insuffi-
cient Persian data affects a broad range of lan-
guage technologies, including ASR, forced align-
ment, and optical character recognition (OCR).
English benefits from thousands of hours of high-
quality labelled speech (Panayotov et al., 2015),
mature alignment tools with pretrained acous-
tic models (McAuliffe et al., 2017), and well-
established OCR benchmarks—resources that are
simply unavailable at a comparable scale for Per-
sian. Moreover, Persian speech presents several
language-specific challenges: short vowels are sys-
tematically omitted in written text, the Ezafe—a
connective vowel between consecutive words—is
never written yet must be pronounced, and a sin-
gle letter can map to multiple phonemes depend-
ing on context (Adibian et al., 2025). These prop-
erties make raw-text Persian TTS challenging and
have motivated many prior systems to rely on ex-
plicit phonetic or linguistic preprocessing. This
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Figure 2: Overview of the ParsVoice corpus construction pipeline. Stages 1–5 handle segmentation and transcrip-
tion; the dashed arc between stages 3 and 4 shows the iterative extension loop for incomplete sentences. Stages
6–9 handle filtering, speaker identification, punctuation restoration, and final output.

resource gap has slowed development across mul-
tiple areas of Persian language processing and
widened the digital divide between Persian and
better-resourced languages.

TTS is particularly demanding in its data re-
quirements. Unlike ASR models, which can
tolerate noisy, real-world recordings, TTS mod-
els require data that satisfies several strict crite-
ria simultaneously: audio must be free of back-
ground noise, music, and artifacts surrounding the
speech signal, as background noise directly im-
pairs alignment and degrades synthesised speech
quality (Zen et al., 2019); transcripts must con-
sist of complete, well-punctuated sentences, since
punctuation governs prosody modelling and its ab-
sence measurably reduces naturalness (Zen et al.,
2019; Qharabagh et al., 2024); speech and text
must be precisely aligned at sentence boundaries
rather than arbitrary silence points (Zen et al.,
2019); and the corpus should cover a diverse range
of speakers and content domains to enable general-
isation across voices and topics (Zen et al., 2019;
Seki et al., 2025). Meeting all of these require-
ments at scale is significantly more difficult and
expensive than collecting ASR data, and the chal-
lenge is compounded for Persian by the linguistic
properties discussed above. Compared with the
wide range of English speech resources (Panay-
otov et al., 2015; Ito and Johnson, 2017; Yamag-
ishi et al., 2019), Persian TTS datasets are still
limited in scale, speaker diversity, and accessibil-
ity. Most are single-speaker and often proprietary,

which restricts the development of multi-speaker
TTS systems.

To address this gap, we introduce ParsVoice,
a large-scale publicly available Persian speech-
text corpus designed to provide high-quality
training data for Persian TTS and low-resource
speech-language research. ParsVoice targets the
harder setting of constructing a multi-speaker
corpus from long-form audiobook recordings
without relying on publicly available reference
transcripts. We develop a scalable automated
pipeline that combines sentence-aware segmen-
tation, ASR-based transcription, a ParsBERT
sentence-completion classifier, ASR-based bound-
ary optimization, speaker identification, punctu-
ation restoration, and Persian-specific audio/text
quality assessment. The final TTS-ready re-
lease contains 2,200 hours of speech, 1.36 mil-
lion aligned segments, and 1,815 automatically in-
ferred speaker IDs. In terms of duration, this ex-
pands the scale of openly available Persian TTS
data by more than a factor of 25 relative to Man-
aTTS (Qharabagh et al., 2024).

To validate ParsVoice, we fine-tune
XTTSv2 (Casanova et al., 2024), a zero-shot
multilingual TTS model that operates directly on
text without explicit phoneme representations. On
unseen Persian reference speakers, the adapted
model achieves a naturalness MOS of 3.60/5 and
a speaker-similarity SMOS of 4.03/5, demonstrat-
ing the suitability of ParsVoice for multi-speaker
Persian TTS. Figure 2 provides an overview of
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the corpus construction pipeline.
The remainder of the paper is organized as fol-

lows. Section 2 reviews related Persian speech
resources and TTS systems, Section 3 describes
the ParsVoice construction pipeline, Section 4 an-
alyzes the resulting corpus, and Section 5 evalu-
ates TTS training with ParsVoice. Sections 6–8
conclude with the main findings, limitations, and
ethical considerations.

2 Related Work

2.1 Speech Corpora for High-Resource
Languages

Speech dataset development has been dominated
by English resources. LibriSpeech (Panayotov
et al., 2015) provides 960 hours of read speech
from audiobooks across 2,484 speakers, LJSpeech
(Ito and Johnson, 2017) offers 24 hours from
a single speaker, and VCTK (Yamagishi et al.,
2019) contains approximately 44 hours across
109 speakers. Multilingual efforts such as Com-
mon Voice (Ardila et al., 2020), Multilingual Lib-
riSpeech (Pratap et al., 2020), and VoxPopuli
(Wang et al., 2021) have expanded coverage to
20+ languages, but remain skewed toward Euro-
pean languages with variable quality across lin-
guistic communities. Many widely spoken non-
European languages—including Persian—have re-
ceived comparatively little attention in these initia-
tives.

2.2 Persian Speech Datasets

Existing Persian speech resources suffer from crit-
ical limitations in scale, speaker diversity, and ac-
cessibility. Figure 1 compares ParsVoice with rep-
resentative Persian speech datasets in terms of du-
ration.

Prior to this work, DeepMine+ (Zeinali et al.,
2019) was the largest existing Persian speech
resource, providing over 480 hours of speech
from more than 1,850 speakers; however, it is
commercially restricted. Among TTS-specific
datasets, DeepMine Multi-TTS (Adibian et al.,
2025) provides 120 hours across 67 speakers un-
der a restricted license with manually verified
transcripts and phoneme-level annotations; Ar-
manTTS (Shamgholi et al., 2023) contains approx-
imately 9 hours from a single speaker; and Man-
aTTS (Qharabagh et al., 2024) offers 86 hours
from a single speaker under an open CC-0 license.
Common Voice’s Persian portion exists but lacks

the audio quality required for TTS training.

2.3 Persian TTS Systems
Existing Persian TTS systems have predominantly
relied on explicit phoneme-level intermediate rep-
resentations, adding pipeline complexity and re-
quiring language-specific lexicons or grapheme-
to-phoneme models. ManaTTS (Qharabagh
et al., 2024) introduced an end-to-end Persian
TTS system built on a Tacotron-style archi-
tecture and trained on its accompanying 86-
hour single-speaker corpus, with phoneme se-
quences derived from a rule-based front-end. Ar-
manTTS (Shamgholi et al., 2023) similarly targets
single-speaker synthesis from a 9-hour corpus us-
ing a standard sequence-to-sequence TTS pipeline
with phoneme inputs. The most closely related
prior work is DeepMine Multi-TTS (Adibian et al.,
2025), which trains Tacotron2 and FastSpeech2
models on their dataset, using phoneme sequences
rather than raw Persian text as input. For cor-
pus validation, we fine-tune XTTSv2 (Casanova
et al., 2024), which operates directly on raw Per-
sian text without any phoneme transcription step.
This choice avoids the explicit phonetic front-end
used by several previous Persian TTS systems.
A quantitative comparison of MOS scores is pre-
sented in Section 5.

3 ParsVoice

ParsVoice is constructed using a scalable pipeline
that transforms raw audiobook recordings into a
structured, high-quality speech-text corpus. The
pipeline addresses three key challenges in Per-
sian speech data creation: preserving sentence
integrity, ensuring accurate audio-text alignment,
and processing thousands of hours of speech at
scale.

3.1 Data Collection and Source Selection
We selected IranSeda (book.iranseda.ir) as our
primary data source based on several critical con-
siderations. The platform hosts over 3,800 audio-
books across many categories, ensuring broad lex-
ical and stylistic coverage essential for TTS train-
ing. Content is produced by professional narrators
in controlled recording environments at a 44.1 kHz
sampling rate, providing consistent audio quality
crucial for neural TTS model training. Impor-
tantly, IranSeda audiobooks are publicly accessi-
ble, making the platform a practical large-scale
source for Persian audiobook data.
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Although IranSeda provides audiobook record-
ings together with metadata, the corresponding
written transcripts are not publicly available. We
considered obtaining transcripts from scanned or
digitised book editions using OCR, but this ap-
proach was unreliable at scale. Audiobook nar-
rations often differ from printed editions due
to abridgement, narrator edits, translation differ-
ences, or edition-specific wording, and many titles
have no accessible digitised text version. Even
minor text–audio mismatches would introduce
systematic alignment errors and propagate noise
throughout the corpus. We therefore adopted an
ASR-based transcription strategy that is edition-
agnostic, does not require access to source texts,
and can be applied automatically at scale.

3.2 Intelligent Audio Segmentation
Raw audiobook files typically span several hours
and must be segmented into short, linguistically
coherent chunks for TTS training. This is chal-
lenging because silence-based Voice Activity De-
tection (VAD) boundaries do not necessarily co-
incide with sentence boundaries: a segment may
start at a natural pause but still end before the
sentence is complete. We therefore use a three-
phase segmentation pipeline that combines acous-
tic boundary detection, ASR transcription, and
text-based completeness validation.

Phase 1: Acoustic Boundary Detection. We
apply WebRTC (Wiseman) VAD with aggressive-
ness level 0 to identify silence-based candidate
boundaries in each audio file; see Appendix A for
a comparison of alternative configurations.

Phase 2: Transcription. Each candidate
segment is transcribed using the Google Web
Speech backend through the SpeechRecognition li-
brary (Zhang, 2017), which was selected for being
free, fast, and reliable, achieving the lowest Per-
sian ASR error rates among the tested alternatives
(Appendix B); any ASR system can be substituted.
Since the API returns only the recognised text
string without word-level timestamps, timestamp-
based alignment is not possible, which motivates
the boundary-extension procedure described be-
low. Remaining transcription errors are removed
by quality filtering in Section 3.4.

Phase 3: Completeness Validation and
Boundary Extension. Each transcript is analysed
by a ParsBERT-based sentence-completion clas-
sifier fine-tuned to distinguish complete from in-
complete Persian sentences. Segments predicted

Figure 3: Boundary optimization algorithm, applied in-
dependently to the start and end boundaries of each seg-
ment.

as incomplete undergo iterative boundary exten-
sion in 0.1-second increments, up to a maximum
of 5 seconds. After each extension, the segment
is re-transcribed and re-evaluated by the classifier.
This loop continues until the transcript satisfies the
completeness criterion or the maximum extension
limit is reached. Segments that remain incomplete
are retained with an incompleteness flag rather
than discarded, allowing downstream users to ap-
ply their own quality thresholds. Full details of
the classifier training procedure, including the con-
struction of complete and truncated training exam-
ples from PersianPunc (Kalahroodi et al., 2026),
are provided in Appendix C.

3.3 Boundary Optimization Algorithm

Even with accurate transcription, audio segments
may contain unwanted silence, background noise,
or acoustic artifacts at boundaries that degrade
TTS model performance (Zen et al., 2019; Jung
et al., 2024; Seki et al., 2025). Our boundary op-
timization algorithm employs binary search to de-
termine optimal trimming points for both segment
start and end boundaries. Figure 3 illustrates the
full algorithm.

The boundary optimization is applied indepen-
dently to each boundary: the start boundary is pro-
cessed first, then the end boundary, using the same
procedure. A hard ceiling of 3 seconds is set for
the initial trimming step to prevent over-trimming
in edge cases.

The procedure follows a two-stage search strat-
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egy:
1. Initial Adjustment: 3 seconds are removed

from the boundary, and the trimmed audio is re-
transcribed.

2. Stability Verification: If the new transcrip-
tion differs from the original in any way—that is,
if even a single character changes—the trimming
is deemed excessive and must be reduced.

3. Binary Search Optimization: The algo-
rithm iteratively halves the trimming interval to
converge on the maximum trim length that still
produces an identical transcription. Binary search
terminates when the transcription is character-for-
character identical to the original.

4. Fine-Grained Linear Search: After binary
search converges, a linear search with 0.1-second
increments is applied to achieve precise boundary
alignment, continuing until the transcript changes,
at which point the last step is reverted, and the
boundary is accepted.

In practice, the binary search converges well
within the 3-second ceiling for the vast majority
of segments. Leading silence is more prevalent
than trailing noise in the source recordings; full
trimming statistics are reported in Appendix E (Ta-
ble 9).

3.4 Text-Audio Quality Assessment

High-quality speech is critical for TTS training
data, as low-quality samples can degrade model
performance. We implement a comprehensive as-
sessment across both audio and text dimensions.
All thresholds were determined through human re-
view of a random subset of segments: candidate
threshold values were applied, and the resulting
accepted and rejected samples were manually in-
spected until the authors judged the boundary to
produce consistently clean output. The distribu-
tion of quality scores across the full dataset is pro-
vided in Appendix E.

3.4.1 Persian Text Quality Metrics

The Persian Text Quality Framework evaluates
transcriptions across five dimensions: character
quality, length quality, repetition score, linguistic
complexity, and phonetic coverage. Each metric
is normalised to [0, 1] and combined using fixed
weights to produce a total score on [0, 1]. Seg-
ments scoring below 0.5 are excluded from the
TTS-ready subset (Section 3.6). Descriptive tier
boundaries used for reporting, together with full

metric descriptions and weights, are provided in
Appendix D.

3.4.2 Audio Quality Metrics
The audio quality framework assesses recordings
for overall clarity, absence of distortions, and suit-
ability for speech processing. Metrics include es-
timated signal-to-noise ratio, dynamic range, clip-
ping ratio, silence ratio, background music pres-
ence (detected via inaSpeechSegmenter (Doukhan
et al., 2018)), and duration. Each segment re-
ceives a composite score on a 0–100 scale; seg-
ments scoring below 75 are excluded from TTS
use (Section 3.6). Full scoring rules, metric de-
scriptions, tier definitions, and score distributions
are provided in Appendices D and E.

3.5 Speaker Identification

Since approximately 40% of audiobook entries
lacked narrator names and some books featured
multiple narrators, we apply a two-stage speaker
identification pipeline based on ECAPA-TDNN
embeddings (Desplanques et al., 2020) to assign
consistent automatically inferred speaker labels
across the corpus. The first stage clusters seg-
ments within each audiobook into local speaker
identities; the second merges these local identi-
ties into global speaker labels across the entire
corpus. Low-confidence segments and spuriously
small clusters are excluded at both stages. Full im-
plementation details, including cluster-count esti-
mation, the clustering ensemble, outlier removal,
dimensionality reduction, confidence thresholds,
and cross-book merging criteria, are provided in
Appendix F.

3.6 Final Data Cleaning and Preparation

We apply audio and text quality filtering to the
boundary-optimised corpus: segments with audio
quality scores below 75 (out of 100) and segments
with text quality scores below 0.5 are removed, re-
ducing the corpus to 2,089,749 segments (3,007.8
hours). The final TTS-ready subset is then con-
structed by excluding segments assigned to low-
confidence speaker clusters, and segments flagged
as incomplete by the sentence-completion clas-
sifier. This yields 1,364,671 segments totalling
2,199.7 hours. Since ASR transcriptions lack
punctuation, we apply the ParsBERT-based Per-
sian punctuation restoration model of (Kalahroodi
et al., 2026) to all segments prior to release. The
release includes punctuation-restored transcripts,
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Table 1: ParsVoice Dataset Statistics. We refer to the
boundary-optimised corpus before TTS-specific filter-
ing as the processed ASR-oriented subset.

Metric ASR Subset Final TTS Subset
Total Hours 4,096.2 2,199.7
Segments 2,999,296 1,364,671
Total Tokens 29,566,314 17,347,614
Unique Word Forms 309,406 229,860

available metadata, automatically inferred speaker
IDs, and per-segment audio and text quality scores,
so users can re-filter the corpus to their own qual-
ity and speaker-confidence thresholds using the re-
leased pipeline.

4 ParsVoice Corpus Analysis

The current release contains 2,231 processed au-
diobooks, of which 1,706 are retained in the final
TTS subset after quality filtering.

Table 2: ParsVoice pipeline statistics at each processing
stage.

Stage Segments Hours
VAD output 5,161,459 5,824.7
After removing empty transcripts 3,323,679 5,127.3
After boundary optimization 2,999,296 4,096.2
After text-audio quality filtering 2,089,749 3,007.8
Final TTS subset 1,364,671 2,199.7

Quality Assessment. The mean audio-quality
score is 89.5 (median 92.0), with 83.1% of seg-
ments reaching the high-quality tier (≥ 90) and
13.4% in the acceptable range (75–89). Mean
SNR is 41.8 dB and 96.5% of segments exceed
20 dB, reflecting the controlled studio conditions
of the source recordings. On the text side, the
mean quality score in the final TTS subset is 0.737
(median 0.748). Combined audio and text filtering
removes 30.3% of boundary-optimised segments
(Table 2); full score distributions and tier defini-
tions are given in Appendices D and E. Transcript
accuracy was additionally verified against inde-
pendent human transcriptions of 500 randomly
sampled released segments; the results are re-
ported in Appendix G.4.

Linguistic Analysis. Following text normalisa-
tion, token and vocabulary statistics are computed
using the Hazm Persian tokeniser (Roshan, 2014).
Token and vocabulary counts for both subsets are
reported in Table 1. Segments in the final TTS
subset contain an average of 12.71 words and 60.7
characters.

Transcript Verification. To independently as-
sess transcript accuracy, two native Persian speak-
ers transcribed 500 randomly sampled segments
from the TTS-ready subset. Compared with the
human reference transcriptions, ParsVoice tran-
scripts achieve 4.90% WER and 1.81% CER, with
69.0% of segments transcribed perfectly. Full tran-
scription and normalization details are provided in
Appendix G.4.

Speaker Statistics. The final TTS subset con-
tains 1,815 automatically inferred global speaker
IDs, covering both metadata-linked named nar-
rators and audiobooks with unknown narrator
names. Gender analysis was performed using
narrator names present in the available metadata.
Among audiobooks with available metadata, ap-
proximately 33% of narrators are female, and 67%
are male. As a metadata-based clustering consis-
tency check, we computed speaker-ID purity. For
each global speaker ID, purity is defined as the
fraction of its metadata-linked audio duration asso-
ciated with the dominant narrator name. A purity
of 1.0 therefore indicates that all metadata-linked
audio assigned to that global ID comes from a sin-
gle named narrator. Among 325 global speaker
IDs with sufficient metadata-linked audio, the me-
dian purity is 1.00 and the mean is 0.871; 214 IDs
(65.8%) have purity of at least 0.90. A merge-
threshold sensitivity analysis is reported in Ap-
pendix F.1.

5 Evaluation: TTS Model Training

To assess whether ParsVoice is suitable for
downstream TTS training, we fine-tuned
XTTSv2 (Casanova et al., 2024), a state-of-
the-art open-source multilingual zero-shot TTS
model that supports over 17 languages and can
clone a speaker’s voice from a short reference clip
without any fine-tuning on that speaker.

5.1 Model Adaptation

We adapted the GPT component of XTTSv2 to
Persian while keeping the remaining modules
frozen. A BPE tokeniser was trained on Persian
text, and 2,500 additional Persian tokens extracted
from the ParsVoice text were added to the XTTSv2
GPT vocabulary.

The model was trained on a single NVIDIA
A100 GPU using AdamW with a learning rate of
5 × 10−6 and weight decay of 10−2 for 340,000
steps. We used a per-device batch size of 21 with
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Table 3: Evaluation results. MOS = naturalness, SMOS = speaker similarity, Intel. MOS = intelligibility MOS,
and Spk.Sim. is ECAPA-TDNN cosine similarity reported as a percentage. † DeepMine results are taken directly
from the original paper and were not re-evaluated by our raters.

System MOS SMOS Intel. MOS Spk.Sim. (%)

Real Persian Speech† 4.72 4.86 — —
XTTSv2 + ParsVoice 3.60±0.09 4.03±0.08 4.03±0.08 80.0
DeepMine Tacotron2 (unseen spk.)† (Adibian et al., 2025) 3.80±0.04 — — —
DeepMine FastSpeech2 (seen spk.)† (Adibian et al., 2025) 4.12±0.06 3.98±0.11 — —

gradient accumulation over 8 steps, resulting in an
effective batch size of 168.

5.2 Evaluation Setup
We evaluated the fine-tuned model using 90 syn-
thesised samples generated from random sen-
tences and unseen Persian reference speakers
drawn from the Persian Common Voice dataset.
The age and gender distribution of the reference
speakers is reported in Appendix G.3. Subjective
evaluation used 22 retained native Persian raters
(of 42 participants; retention criterion and demo-
graphics in Appendix G.2). Each item was rated
by a median of 7 raters (mean 6.7). Raters scored
naturalness using MOS, speaker similarity using
SMOS, and intelligibility using an additional 1–
5 intelligibility MOS. Further details about the
rater pool and annotation procedure are provided
in Appendix G.2. For objective evaluation, we
measured intelligibility using WER and CER
from three ASR systems: Google ASR, the tran-
scription system used during corpus construction;
a Persian-finetuned Whisper model (Nezamisafa,
2025), which is independent of our pipeline; and
Qwen ASR 1.7B (Shi et al., 2026). To contex-
tualise these scores, we also evaluated the same
ASR systems on the Google FLEURS Persian test
set (Conneau et al., 2023), which serves as a real-
speech reference. Speaker similarity was addition-
ally measured using ECAPA-TDNN cosine simi-
larity between reference and synthesised speaker
embeddings.

5.3 Subjective Evaluation Results
Table 3 reports the subjective evaluation results.
The fine-tuned XTTSv2 model achieves a natural-
ness MOS of 3.60, a speaker-similarity SMOS of
4.03, and an intelligibility MOS of 4.03 in a zero-
shot setting with unseen reference speakers drawn
from Persian Common Voice. For context, we also
report results from (Adibian et al., 2025), which
were obtained with different raters and evaluation

conditions. DeepMine FastSpeech2 achieves a
MOS of 4.12 and an SMOS of 3.98 under seen-
speaker evaluation and is not evaluated on unseen
speakers, whereas its Tacotron2 model achieves
a MOS of 3.80 under unseen-speaker evaluation.
The real-speech MOS and SMOS values are also
taken from (Adibian et al., 2025) as approximate
upper-bound references. Because the systems
differ in speaker conditions, test material, rater
pools, model architectures, and input representa-
tions, these values are provided only for contex-
tual comparison rather than as a controlled head-
to-head evaluation.

5.4 Objective Results
Table 4 reports WER and CER across three ASR
systems. Because Google ASR was also used dur-
ing corpus construction, we treat its results only
as a diagnostic measure. The Persian-finetuned
Whisper model, which is independent of the
construction pipeline, provides the primary non-
circular ASR-based intelligibility evaluation.

Google ASR achieves 10.40% WER and 5.92%
CER on synthesised speech, compared with 6.53%
WER and 2.55% CER on real Persian speech
from the FLEURS test set, corresponding to a
WER degradation of 3.87 percentage points. The
Persian-finetuned Whisper model shows a similar
trend, with 17.20% WER on synthesised speech
versus 13.07% on FLEURS, a gap of 4.13 per-
centage points. This consistency across an inde-
pendent ASR system suggests that the relatively
low error rate on synthesised speech is not solely
an artefact of using Google ASR during corpus
construction. Qwen ASR 1.7B produces higher
absolute error rates on both real and synthesised
speech, while preserving the same overall pattern.

As an additional ASR-independent intelligibil-
ity check, two native Persian speakers indepen-
dently transcribed the 90 synthesised samples
without access to the target text. Compared
with the intended sentences, the resulting hu-
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Table 4: Multi-ASR intelligibility evaluation. WER
and CER are reported on 90 synthesised samples and
on the Google FLEURS Persian test set as a real-speech
reference. Lower WER/CER is better; the gap column
shows TTS−Real degradation in WER.

TTS Real Gap

ASR System WER CER WER CER WER

Google ASR 10.40 5.92 6.53 2.55 +3.87
Whisper fine-
tuned (Nezamisafa,
2025)

17.20 7.79 13.07 5.05 +4.13

Qwen ASR 1.7B 34.08 15.32 22.92 8.56 +11.16

All values are percentages.

man transcriptions yield a WER of 4.78%. This
provides complementary evidence that the syn-
thesised speech is intelligible to native listeners.
Further details of the human transcription proto-
col and agreement analysis are provided in Ap-
pendix G.4.

Finally, speaker similarity was assessed using
ECAPA-TDNN (Desplanques et al., 2020) embed-
dings extracted via the SpeechBrain toolkit (Par-
collet et al., 2022; Ravanelli et al., 2024), com-
puting cosine similarity between the reference and
synthesised speaker representations. The result-
ing score of 80.0% indicates effective zero-shot
speaker adaptation across the 42 unseen reference
speakers.

5.5 Effect of Training-Data Scale

To examine whether the scale of ParsVoice
contributes to TTS performance, we fine-tuned
XTTSv2 on nested 120,h and 530,h subsets and on
the full 2,200,h corpus using the same tokenizer,
model configuration, and evaluation set. Under
an equal number of training epochs, increasing
the amount of training data improves Google-ASR
WER from 42.89% for 120,h to 20.06% for 530,h
and 17.83% for the full corpus. NISQA-TTS like-
wise increases from 2.968 to 3.081 and 3.165, re-
spectively.

However, equal numbers of epochs correspond
to substantially different numbers of optimiza-
tion updates across training-set sizes. We there-
fore also compare checkpoints at approximately
matched optimization budgets. Under this setting,
the differences are smaller and no training-set size
is consistently best across all metrics, although
the full-data model achieves the lowest WER and
CER with the Persian-finetuned Whisper evalua-

tor. The loss curves also indicate that the full-data
model remains at an earlier stage of optimization,
whereas the 120,h model begins to show signs
of overfitting at high step counts. Full numeri-
cal results and training curves are provided in Ap-
pendix H.

6 Conclusion

In this work, we address the scarcity of high-
quality Persian speech datasets by introducing
ParsVoice, the largest publicly available Persian
speech-text corpus tailored for TTS training to
date. ParsVoice consists of 2,200 hours of clean,
segmented speech suitable for TTS training, cov-
ering 1,364,671 segments from 1,815 automati-
cally inferred speaker IDs. In addition, the broader
processed corpus contains 4,096.2 hours of au-
dio, making it useful for a wider range of Persian
speech research tasks.

Alongside the dataset, we provide a scalable
and automated pipeline for dataset creation. This
pipeline incorporates several key parts, including
a BERT-based model to ensure sentence complete-
ness, a binary search algorithm for precise audio-
text boundary optimization, and comprehensive
audio-text quality assessment frameworks specif-
ically designed for Persian. Together, the dataset
and the pipeline provide a valuable resource for
advancing Persian speech research and TTS devel-
opment.

We validated ParsVoice by fine-tuning XTTSv2,
achieving a naturalness MOS of 3.60/5 and a
speaker similarity SMOS of 4.03/5 (Section 5).
Multi-ASR intelligibility evaluation using both
the transcription-pipeline ASR and a Persian-
finetuned Whisper model provides complementary
evidence that the synthesised speech remains in-
telligible under evaluation. These results sup-
port the usability of ParsVoice for training multi-
speaker Persian TTS systems, addressing a critical
resource gap in Persian language technology.

7 Limitations

Despite the scale and quality of ParsVoice, sev-
eral limitations should be acknowledged. First,
the corpus is derived entirely from audiobooks,
which means the speaking style is predominantly
formal and narrative. Spontaneous conversational
speech, which differs substantially in prosody,
pace, and vocabulary, is not represented. TTS
models trained on ParsVoice may therefore pro-
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duce speech that sounds natural in read-aloud con-
texts but less so in conversational applications.
Second, our transcription pipeline relies on a pro-
prietary ASR system without access to the origi-
nal book texts, which introduces a small but non-
zero transcription error rate. While our multi-
stage quality filtering mitigates this, some resid-
ual errors may remain in the dataset. Third, the
evaluation of ParsVoice was conducted by fine-
tuning XTTSv2, a single model architecture. Due
to limited access to GPU compute, we were un-
able to train multiple model architectures or con-
duct extensive hyperparameter searches, which
limits the generalisability of the validation results.
Similarly, we were unable to evaluate against
restricted-access baseline models such as Deep-
Mine Multi-TTS, meaning our MOS comparison
relies on scores reported in the original papers
rather than a controlled head-to-head evaluation
with shared raters. Finally, around 40% of au-
diobooks lack narrator metadata (Section 4), with
two consequences. The metadata-linked portion
of the corpus is gender-imbalanced, which may
affect the quality of TTS voices synthesised for
female speakers relative to male speakers, and
the full-corpus gender distribution remains only
partially observed. Speaker identity for the un-
labelled recordings is also assigned through au-
tomated clustering rather than verified ground
truth; although the ECAPA-TDNN-based pipeline
provides useful global speaker IDs, these labels
should be interpreted as automatically inferred
speaker identities rather than manually verified
speaker annotations. Segments whose speaker
identity is confirmed by narrator metadata are
flagged in the release, allowing users who require
verified speaker labels to restrict to that subset.

8 Ethical Considerations

ParsVoice is derived from publicly accessible au-
diobooks on IranSeda. We do not redistribute
complete recordings, only short quality-filtered ex-
cerpts, consistent with Article 7 of Iran’s Copy-
right Act, which permits quotation from published
works for scientific and educational purposes with
attribution. Copyright in the underlying record-
ings remains with IranSeda and the narrators; we
make no ownership claim. The pipeline code is
released under Apache 2.0 and our annotations
(transcripts, speaker IDs, quality scores) under CC
BY-NC 4.0. Audio segments are distributed for

non-commercial research only, under gated access
on Hugging Face. Rights holders may request re-
moval; affected audio will be excluded from future
releases.

Because ParsVoice may support voice-cloning-
capable TTS systems, potential misuse includes
impersonation, fraud, deceptive synthetic media,
and disinformation. Such uses are outside the in-
tended scope of the dataset. We encourage down-
stream users to obtain appropriate speaker consent
for deployed cloned voices and to use provenance
or watermarking mechanisms for publicly released
synthetic speech.
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A VAD Method Comparison

To justify the choice of the VAD algorithm used
in Phase 1 of the segmentation pipeline (Sec-
tion 3.2), we evaluated six VAD configurations on
a random sample of ten audiobooks. The evalua-
tion metric is completion rate: the percentage of
produced segments that the ParsBERT sentence-
completion classifier identifies as complete sen-
tences. WebRTC Level 0 achieved the highest

VAD Method Completion Rate (%)

WebRTC Level 0 75.31
WebRTC Level 1 73.43
WebRTC Level 2 59.62
WebRTC Level 3 31.60
Silero (SileroTeam, 2024) 42.02
Whisper-based VAD 52.10

Table 5: Completion rates of segments produced by dif-
ferent VAD methods on ten randomly selected audio-
books.

completion rate while remaining lightweight and
scalable; Silero and Whisper-based VAD are ad-
ditionally heavier to run. We therefore selected
WebRTC Level 0 as the segmentation backend.

B ASR System Comparison

We compared three ASR systems on 1,000 ran-
domly selected samples from Persian Common
Voice (Ardila et al., 2020) to select a transcription
backend.

ASR System WER CER

Google Speech Rec. 20.10 7.03
Whisper-large-v3 Persian-finetuned (Neza-
misafa, 2025)

32.50 11.14

Whisper-large-v3 (Radford et al., 2023) 43.77 15.62

Table 6: Persian ASR comparison on 1,000 Persian
Common Voice samples. Lower is better.

Google Speech Recognition achieves the lowest
WER (20.10%) and CER (7.03%) and was there-
fore selected as the transcription backend.

C Sentence Completion Classifier

The classifier is fine-tuned from ParsBERT (Fara-
hani et al., 2021) on synthetic data from Persian-
Punc (Kalahroodi et al., 2026). Positive examples
are complete sentences; negatives are generated by
removing up to five words from the sentence end
or truncating the final word by up to five charac-
ters, reflecting the tendency of VAD boundaries to
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cut sentences at their endings. Incomplete exam-
ples are oversampled at a 3:2 ratio. Training runs
for 3 epochs with Adam (lr = 2×10−5, batch size
128, weight decay 0.01). On a 10,000-sample held-
out set the classifier achieves 97.4% F1 across both
classes.

D Audio and Text Quality Scoring
Details

D.1 Audio Quality Scoring
Each recording receives a composite score on a 0–
100 scale. Scores of ≥ 90 are high quality; 75–89
are acceptable; below 75 are low quality. Scoring
rules are listed in Table 7.

Table 7: Audio quality scoring rules. Adjustments are
summed and clamped to [0, 100].

Metric Condition Adj.

SNR > 20 dB +35
10–20 dB +25
5–10 dB +15

Dynamic range > 20 dB +15
15–20 dB +12
10–15 dB +10

Duration 3–15 s +15
15–30 s +5

No background music clean (binary) +35

Clipping > 5% −20
1–5% −10
0.1–1% −5

Silence > 50% −15
30–50% −10
20–30% −5

D.2 Text Quality Scoring
Each transcription is scored on a 0–1 scale across
five weighted dimensions. (Table 8). Tier thresh-
olds for descriptive reporting: ≥ 0.78 = high qual-
ity; 0.62–0.78 = mid quality; < 0.62 = low qual-
ity. Note that these tiers are used only for analysis
and reporting; the actual filtering threshold that ex-
cludes segments from the TTS-ready corpus is 0.5
(Section 3.6).

E Corpus Statistics

E.1 Pipeline Stage Statistics
Segment counts and hours at each processing
stage are reported in Table 2 in Section 4. Af-
ter transcription and before boundary optimiza-
tion, segments have a mean duration of 5.55 s (me-
dian 4.20 s). Only 1.1% of segments are shorter

Table 8: Text quality dimensions, weights, and descrip-
tions.

Dimension Weight Description

Character quality 0.25 Fraction of valid Persian char-
acters or digits; penalises
Arabic-script substitutes.

Length quality 0.20 Word and character counts
in an acceptable range (3–30
words, 20–200 characters).

Repetition score 0.20 Lexical diversity; penalises ex-
cessive word repetition.

Linguistic com-
plexity

0.175 Combines common-word ratio,
average word length.

Phonetic cover-
age

0.175 Diversity of Persian characters;
favours broad phoneme cover-
age.

Table 9: Boundary optimization trimming statistics
across 2,999,296 retained segments.

Metric Start End

Segments trimmed 2,434,154 (81.2%) 1,510,777 (50.4%)
Mean trim, all segs (ms) 426.9 181.6
Mean trim, trimmed (ms) 526.0 360.5

Total audio removed by trimming: 507.0 h (11.0% of pre-trim duration of retained segments, 4,603.2 h)

than 1 s and 1.9% exceed 20 s, confirming that
VAD-based segmentation produces broadly TTS-
suitable lengths even before further refinement.
Of the 3,323,679 segments with non-empty tran-
scripts, 86.3% were classified as complete by the
ParsBERT classifier; the remaining 13.7% under-
went iterative boundary extension with a mean of
17.7 extension steps.

E.2 Boundary optimization

The boundary optimization algorithm processed
3,323,679 non-empty transcript segments. Of
these, 324,383 segments were discarded due to
transcription instability or failed re-transcription
during the boundary search, accounting for ap-
proximately 524 hours of audio. The remaining
2,999,296 segments were retained and trimmed.
Table 9 summarises trimming statistics for the re-
tained segments.

E.3 Audio Quality

Summary audio-quality statistics are reported in
Section 4. Of all scored segments, 3.5% fall be-
low the exclusion threshold of 75 and are removed.
Background music was detected in 4.3% of seg-
ments by inaSpeechSegmenter (Doukhan et al.,
2018).
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E.4 Text Quality

Summary text-quality statistics are reported in
Section 4. Sub-metric means in the final TTS
subset are: character quality 0.851, length quality
0.900, repetition score 0.597, linguistic complex-
ity 0.586, and phonetic coverage 0.699.

F Speaker Identification Details

Local clustering. Segment-level ECAPA-
TDNN embeddings are preprocessed by removing
statistical outliers (z-score threshold 3.0),
L2-normalised, and PCA-reduced when the
embedding dimension exceeds 512. The number
of speakers k∗ per book is estimated by consensus
among the Silhouette score, the gap statistic,
and DBSCAN-based estimates. Clustering uses
an ensemble of Agglomerative (cosine distance,
average linkage), Spectral, and Gaussian Mixture
Model methods, with the result selected by the
highest silhouette score. Each segment receives
a confidence score ci = 0.6 s̃i + 0.4 di, where
s̃i is the normalised silhouette score and di is
the distance-based confidence. Segments with
ci < 0.4 and clusters smaller than 1/k∗ of
the high-confidence pool are excluded; speaker
groups with fewer than 10% of the book’s
high-confidence segments are discarded entirely,
preventing fragmented utterances from entering
the final subset.

Global merging. Local cluster centroids are
compared across all books using pairwise cosine
similarity. Agglomerative clustering with average
linkage and a similarity threshold of 0.90 forms
global speaker-cluster IDs. Cross-book merges are
accepted only when the matched speakers share at
least 100 segments in total; otherwise they are kept
as separate single-book identities.

F.1 Speaker-ID Validation

Narrator metadata covers 83.2% of segments. For
each global speaker ID, we define purity as the
fraction of its metadata-linked audio associated
with the dominant narrator name. Across 325 IDs
with sufficient metadata, median purity is 1.000
and mean purity is 0.871. Overall, 10.8% of
IDs are associated with more than one narrator
name. Because narrator metadata are provided
at the book level, genuinely multi-narrator books
may also create such conflicts; this rate therefore
provides an upper bound on speaker mixing.

Table 10 shows sensitivity to the global merge
threshold. Higher thresholds make cross-book
merging more conservative and produce more
speaker IDs. Purity remains stable through 0.90
but decreases at 0.95, indicating that an overly
strict threshold does not improve metadata consis-
tency. We therefore use 0.90. Here, N2 denotes
the effective number of speakers after accounting
for highly unequal cluster sizes. Because the re-
sulting IDs are automatically inferred and may
fragment the same speaker across multiple clus-
ters, the reported 1,815 IDs should not be inter-
preted as a verified count of distinct speakers.

Table 10: Global-merge threshold sensitivity.

Threshold IDs N2 Median purity

0.75 921 64.3 1.000
0.80 1165 94.5 1.000
0.85 1472 98.2 1.000
0.90 1815 142.1 1.000
0.95 2448 466.2 0.832

G Evaluation Details

G.1 Annotation Interface and Procedure
Ratings were collected via Goyar, a custom
Telegram-based annotation bot developed for this
study. Raters accessed the interface through their
personal Telegram accounts at their own conve-
nience. Before the session began, each rater
received the following standardised instructions:
complete the evaluation in a quiet environment,
and use in-ear headphones (earphones) through-
out, to ensure consistent and distraction-free lis-
tening conditions.

Each session comprised 90 evaluation items pre-
sented sequentially. For each item, the bot dis-
played (i) the item index out of 90, (ii) the Per-
sian reference text, (iii) a reference audio clip
recorded by the target speaker, and (iv) the corre-
sponding synthesised audio clip. Raters were ex-
plicitly instructed to listen to the reference audio
first in order to familiarise themselves with the tar-
get speaker’s voice characteristics before listening
to the synthesised audio. Ratings were submitted
directly via the bot’s inline response buttons.

Each synthesised sample was scored on three
criteria using the following scales:

1. Naturalness (MOS). How natural and
human-like does the synthesised voice sound?
Raters were asked to consider whether the voice
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sounded robotic, whether prosody and intonation
were unusual, and whether pauses and pronuncia-
tion were natural.

• 1 = Completely unnatural, machine-like

• 2 = Somewhat unnatural with clear defects

• 3 = Acceptable but not fully natural

• 4 = Almost natural with minor imperfections

• 5 = Completely natural and human-like

2. Speaker Similarity (SMOS). How closely
does the synthesised voice resemble the reference
speaker? Raters were asked to judge whether
the quality, pitch, and vocal characteristics of the
synthesised voice matched those of the reference
recording.

• 1 = Completely different, like another person

• 2 = Somewhat different, low similarity

• 3 = Moderate similarity

• 4 = Very similar with minor differences

• 5 = Identical to the reference speaker

3. Intelligibility (Intel. MOS). How well does
the synthesised audio match the written text?
Raters were asked to note whether any words
were missing, added, or mispronounced. Because
Persian-specific phenomena such as Ezafe, unwrit-
ten short vowels, and context-dependent homo-
graph pronunciation manifest as pronunciation er-
rors to native listeners, these phenomena are also
reflected in the intelligibility ratings. This scale
used 0.5-point increments to permit finer-grained
assessment of intelligibility:

• 1 = Completely mismatched with the text

• 2 = Some correspondence but many errors

• 3 = Acceptable correspondence

• 4 = Good correspondence with minor errors

• 5 = Perfectly and exactly matched

Figure 4 shows a screenshot of the Goyar inter-
face as displayed to raters.

Figure 4: Screenshot of the Goyar Telegram-based an-
notation interface. The bot presents the reference text,
delivers the reference and synthesised audio clips in
sequence, and collects naturalness, speaker similarity,
and intelligibility ratings via inline response buttons.

G.2 Raters

Subjective ratings were collected via the Telegram-
based interface described above. A total of 42 na-
tive Persian-speaking participants contributed rat-
ings. For the subjective results reported in the
paper, we retained the 22 raters who evaluated
at least 10 items, yielding 1,812 retained ratings
from 1,915 unique rating events. Table 11 sum-
marises rater demographics, and Table 12 reports
mean scores grouped by rater gender. Participants
were adult volunteers recruited through university
research groups and personal contacts; participa-
tion was voluntary and uncompensated, and raters
were told their ratings would be used for academic
research on Persian speech synthesis. Only self-
reported age and gender were collected. This
minimal-risk perceptual evaluation was exempt
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from formal ethics-review-board approval under
our institution’s guidelines.

Table 11: Retained rater demographics (22 raters).

Property Value

Female / Male 11 / 11
Mean age (years) 28.6
Age range 19–60

Table 12: Mean scores by rater gender.

Rater gender MOS SMOS Intel. MOS

Female 3.46 3.82 3.84
Male 3.76 4.30 4.26

Inter-Rater Agreement. We measured listener
agreement using Krippendorff’s α, which supports
different numbers of ratings per item. Each item
received a median of 7 ratings. Ordinal α was
0.418 for MOS, 0.146 for SMOS, and 0.368 for in-
telligibility. Since MOS is reported as an average
across listeners, we also estimated the reliability of
the averaged scores using a crossed item and rater
random-effects model. At the observed average of
7 listeners per item, reliability was 0.819 for MOS,
0.591 for SMOS, and 0.808 for intelligibility.

G.3 Reference Speakers
The 90 synthesised samples correspond to 42
unique reference speakers stratified from Persian
Common Voice (Ardila et al., 2020), unseen dur-
ing training. Speakers were stratified by gen-
der and age group to ensure demographic cov-
erage. Table 13 summarises their demographics.
Female reference speakers received marginally
higher scores across all three dimensions (MOS
3.69 vs. 3.53, SMOS 4.13 vs. 3.99, intelligibility
MOS 4.14 vs. 3.94).

G.4 Human Verification of Transcripts
To evaluate ASR transcript accuracy, we randomly
sampled 500 segments from the released TTS-
ready subset, comprising 7,013 words. This eval-
uation therefore reflects the quality of retained
segments and does not include rejected segments.
Two native Persian speakers independently tran-
scribed all 500 segments by listening. They
agreed on 100% of the words. Compared with
these human reference transcriptions, the released
ParsVoice transcripts achieved 4.90% WER and
1.81% CER, with 345 of 500 segments (69%)

Table 13: Reference speaker demographics (42 speak-
ers).

Property Count %

Gender
Female 17 40.5
Male 20 47.6
Not reported 5 11.9

Age group
Teens 6 14.3
Twenties 10 23.8
Thirties 10 23.8
Forties 7 16.7
Fifties 1 2.4
Sixties 1 2.4
Not reported 7 16.7

transcribed perfectly. Before computing WER
and CER, reference and hypothesis texts were
normalised consistently by removing punctuation
and diacritics and normalising ZWNJ/half-spaces,
Arabic-to-Persian characters, digits, and whites-
pace.

The 90 synthesised evaluation samples com-
prise 942 words. The 4.78% WER reported in Sec-
tion 5 corresponds to 45 word errors, with 52 of 90
samples (57.8%) transcribed perfectly. The two
transcribers differed on only 20 of the 942 words,
corresponding to 97.8% word-level agreement, in-
dicating strong consistency between the indepen-
dent human transcriptions.

Transcription protocol. Both transcribers
worked independently and blind: they were
shown neither the ASR output nor, for the synthe-
sised samples, the target text, and they did not see
each other’s transcriptions. They were instructed
to transcribe verbatim exactly what they heard, in-
cluding inserted, repeated, or hallucinated words,
rather than what they expected the sentence to
be. Because Persian does not write short vowels,
transcribers were told to listen to the realised
pronunciation and to write the word actually
produced; when a short vowel or an Ezafe was
pronounced differently from the intended word,
the produced word was transcribed as heard and
therefore counted as a substitution.

H Data-Scale Ablation

We fine-tuned XTTSv2 on nested 120,h and 530,h
subsets of ParsVoice and on the full 2,200,h train-
ing set using the same tokenizer, model config-
uration, and optimization settings. The subsets
were constructed from a single random ordering
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of the full training corpus and truncated by cumu-
lative duration, ensuring that each smaller subset
is contained in the larger one: 120, h ⊂ 530, h ⊂
2,200, h. In addition to WER and CER, we re-
port NISQA-TTS (Mittag and Möller, 2020), a
reference-free predictor of synthetic-speech natu-
ralness.

Under equal epochs, performance generally im-
proves as the training set grows, but this compar-
ison also reflects optimization exposure because
the same number of epochs corresponds to sub-
stantially different numbers of parameter updates
across training-set sizes. Moreover, none of the
three runs has clearly converged by 26 epochs, as
validation loss is still decreasing for all conditions
(Fig. 5a).

We therefore also compare checkpoints at ap-
proximately matched optimization budgets. Un-
der this setting, differences across data scales are
smaller and no model is consistently best across
all metrics. The runs also correspond to very dif-
ferent numbers of passes through their respective
datasets: approximately 160k updates correspond
to about 140 epochs for the 120,h subset but only
about 8.9 epochs for the full training set. Con-
sistent with this difference, the 120,h run begins
to show signs of overfitting at high step counts,
whereas the full-data run remains at an earlier
stage of training and may benefit from additional
optimization (Fig. 5b).

Table 14: Data-scale ablation after the same number
of training epochs, scored with two independent ASR
systems.

Google fa-IR Whisper-fa

Training data WER (%) CER (%) WER (%) CER (%) NISQA

120 h 42.89 33.68 48.51 27.53 2.968
530 h 20.06 13.84 27.81 13.66 3.081
Full 17.83 12.14 30.36 14.58 3.165

Table 15: Data-scale ablation at comparable optimiza-
tion budgets, scored with two independent ASR sys-
tems.

Google fa-IR Whisper-fa

Training data WER (%) CER (%) WER (%) CER (%) NISQA

120 h 15.18 10.34 26.01 12.30 3.035
530 h 19.11 12.26 28.24 12.70 3.075
Full 17.62 11.96 25.58 10.90 3.015
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Figure 5: Validation loss.
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