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Abstract

Text-to-Speech (TTS) system for the Urdu language presents significant challenges, primarily due to the scarcity
of high-quality datasets and an insufficient focus on modeling pronunciation. Urdu is spoken by 250 million people
worldwide, but its research on computational linguistics remains underrepresented. In this paper, we introduce
URDUTTS, a comprehensive and publicly available Urdu TTS dataset containing 89 hours of studio-quality speech,
with accompanying transcriptions in three formats: Urdu Script, Phonemized Script, and Romanized Script. The
dataset includes both mono-speaker and multi-speaker configurations. As Urdu relies heavily on phonetic features,
accurate pronunciation is highly essential for the language. Therefore, we benchmark our dataset using VITS and
GlowTTS models to compare the widely used Romanized script format with the Phonemized representation. To
make the evaluation highly comprehensive, we combined both objective and subjective evaluation strategies. For ob-
jective evaluation, Mel-Cepstral Distortion (MCD with Plain, Dynamic Time-Warping, and Slope-Limitation variants),
Signal-to-Noise Ratio (SNR), Word Error Rate (WER), and Character Error Rate (CER) were taken. Subjective
evaluation was governed by Mean Opinion Score (MOS) ratings from 40 native speakers. Results show that using
VITS and GlowTTS with Phonemized transcriptions performs significantly better than Romanized ones, with an
improvement of 9.6% and 26.5% in MOS. The data and code are available at github.com/KAABSHAHID/URDUTTS.
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1. Introduction

Urdu has an estimated 246 million speakers world-
wide (Wikipedia contributors, 2025). Even with
this large speaker community, computational lin-
guistics (Amin et al., 2025) and speech technol-
ogy research (Arif et al., 2025) for the language
remains highly underrepresented. Particularly the
domain of Text-to-Speech (TTS) for Urdu lags far
behind compared to other major world languages.
There have been various works on TTS systems
for English, Chinese, and several regional South
Asian languages, but research for Urdu has often
been limited to small-scale with fine-tuned mod-
els built on low-quality datasets. The development
of dedicated, large, and high-quality resources for
Urdu has also been neglected.

Urdu TTS research also suffers from the bad
treatment of pronunciation (Hussain, 2004; Us-
ama et al.,, 2024). This language is phoneti-
cally rich and characterized by diverse classes of
sounds (Niazi and Farhat, 2023): nasal conso-
nants and nasalized vowels (e.g., /mé&/), a com-
plex plosive system with voiced/voiceless and as-

pirated/unaspirated contrasts (e.g., /k/ J vs. /kh/
j), affricates (e.qg., /t[/ &, /d3/ &), fricatives (e.g.,

IxI 'L, ¥l E), liquids (e.g., I/, /r/), glides (e.g., /w/,
/j/), retroflex and emphatic consonants (e.g., /t/ =,
/t/ ), as well as a full set of oral and nasalized
vowels. Additionally, Urdu inherits several pharyn-

geal and emphatic consonants from Arabic and
Persian (e.g., /h/ {, IS/ £ ), which further diver-
sify its phonetic space. These sounds are the very
backbone of the language’s identity.

Unfortunately, previous research in Urdu TTS
has often ignored these pronunciation complexi-
ties. Mainly the majority of the previous systems
have directly relied on Romanized Urdu script
which is represented using Latin characters. The
problem with this is that the Romanized Urdu is
highly ambiguous. For example, the Urdu word
»..g’}'; (dream) can appear in Roman script as
“khawab”, “khwaab”, or “khwab”, depending on the
writer. Hence, these representations fail to accu-
rately capture aspirated sounds, vowel length, and
pharyngeal contrasts. Similarly, nasalization and
retroflexion are frequently lost, which leads to de-
graded pronunciation in synthesized speech. As a
result, Romanized input fails to preserve the pho-
netic prosody that underpins Urdu’s natural sound
system.

1.1. Challenges in Urdu TTS

There are several challenges which makes Urdu a
particularly difficult language for developing TTS
systems:

Orthographic Complexity: Urdu uses a Perso-
Arabic script (Nastaliq style), which omits short
vowels in writing. For instance, the written form ,
can be read in several ways: “par” (feather), “par”
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(but), or “pur” (full of, as in "% 4 “full of happi-
ness”). All of these forms share the same writ-
ten representation but they differ in pronunciation
and meaning (Bashir, 2011). Hence, grapheme-
to-phoneme (G2P) conversion becomes compli-
cated as the correct reading generally depends on
linguistic context.

Romanized Urdu Ambiguity: Romanized
Urdu is widely used in informal digital commu-
nication, but it lacks standardization (Ahmed,
2009). The same word can have multiple Roman
spellings, such as the Urdu word —~ s (master)
can have various Roman spellings like “sahib” vs.
“saheb” vs. “saahib”. Furthermore, many sounds
have no direct Latin equivalent (e.g., retroflex //,
pharyngeal /5/). Due to this lossy input in TTS
models are inevitable.

Scarcity of Dataset: Existing Urdu speech
datasets are extremely limited in size and qual-
ity. Earlier data were generally collected for unit-
selection or HMM-based systems (Adeeba et al.,
2016), which typically contain only a few hours
of speech. Very limited works have used a good
quality of dataset, but they are not publicly avail-
able (Naseem et al., 2025). Therefore, there is a
scarcity of datasets that are large and simultane-
ously high quality in the public domain.

Pronunciation Modeling: Urdu has a rich pho-
netic inventory which requires (Niazi and Farhat,
2023) accurate handling of aspiration, retroflexion,
nasalization, and pharyngeal. Previous works re-
sulted in synthetic speech that is unnatural and
has low pronunciation accuracy due to the less em-
phasis on these phonetic features.

Evaluation Limitations: Previous Urdu TTS
studies have been evaluated either with small-
scale intelligibility tests or by transferring models
trained in other languages (Jamal et al., 2022).
Comprehensive evaluations combining objective
metrics (MCD, WER, CER, SNR) with subjec-
tive listening tests have rarely been performed
(Naseem et al., 2025).

2. Prior Work

Urdu TTS has seen research going from tradi-
tional statistical-based to recent neural systems.
Broadly, prior work can be grouped into four cat-
egories: (i) early statistical models, (ii) neural ar-
chitectures with scratch training or fine-tuning, (iii)
efforts around dataset development, and (iv) pro-
nunciation modeling via script representation (Ro-
man vs. Phoneme-based).

2.1.

Early Urdu TTS systems relied on unit-selection
and Hidden Markov Model (HMM)-based synthe-

Traditional Approaches

sis. Habib (2014) adapted the HTS toolkit for
Urdu by generating full-context labels and training
HMM-based voices from scratch on limited data.
Adeeba et al. (2016) compared unit-selection
and HMM approaches using a 10-hour manu-
ally annotated studio data and reported 97.76%
ASR accuracy on training data. Their results
were intelligible but produced speech with robotic
prosody and limited naturalness which reflects the
well-known drawbacks of HMM-based synthesis
(Tokuda et al., 2013).

2.2. Neural End-to-End Models

The advent of deep learning shifted Urdu TTS
research toward neural architectures such as
Tacotron (Wang et al., 2017), Tacotron 2 (Shen
et al., 2018), and multi-speaker generative mod-
els. Saba et al. (2022) trained a Tacotron 2
+ WaveGlow (Prenger et al., 2019) model from
scratch on a 70-minute Urdu dataset and reported
a MOS of 3.76. Naseem et al. (2025) trained
Tacotron 1 and Tacotron 2 systems on Urdu and
Punjabi data (8—14k utterances, <10 seconds per
utterance), they showed significant improvements
over Meta’s MMS baseline. But their data was
not released publicly. To mitigate data scarcity,
some studies employed transfer learning. Ja-
mal et al. (2022) fine-tuned English and Arabic
Tacotron models on Urdu. They found that cross-
lingual transfer improves MOS (x3.3-3.4) com-
pared to scratch training (=~2.9). Hanzala and
Kanwal (2024) adapted the multi-speaker Tortoise-
TTS model on 16k Urdu samples and achieved a
MOS score between 3.6 and 4.2. They also re-
ported that multi-speaker fine-tuning outperforms
single-speaker setups. Khan et al. (2024) fine-
tuned the multilingual SpeechT5 model on Mozilla
Foundation (2020) Urdu dataset which is a publicly
available dataset, though data quality and pronun-
ciation issues persisted.

2.3. Dataset Development

Availability of Dataset remains a major challenge
in Urdu TTS research. Habib et al. (2014) pro-
posed a greedy selection algorithm to construct
an 8-hour phonetically rich dataset covering over
99% of frequent unigrams and bigrams, but this
dataset was not released publicly. Adeeba et al.
(2016) also created a 10-hour corpus, but it is still
unavailable. Jamal et al. (2022) released multiple
small datasets (1-11.6 hours) on GitHub, some of
them included synthetic Google TTS speech with
limited naturalness. Hanzala and Kanwal (2024)
collected 16k utterances but did not release their
data. Ai4Bharat released 71 hours of Urdu ASR
data Javed et al. (2024). The dataset is open-
sourced, but it suffer from high variability and un-
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Table 1: Data sample, English translation "Whose example is impossible among the slaves of the self.”

Phonemized Romanized

Urdu

1s ki mis'a:l b,andag'a:n
n'afs m'é n'‘azmomk,1in he

JS KY MSAL BNDGAN NFS
MYN NAMMKN HE

et ke deds

even quality similar to Mozilla Common Voice data.
This is likely due to its collection through crowd-
sourcing, as in IndicSUPERB benchmark (Javed
et al., 2023). Naseem et al. (2025) reported sub-
stantial 20-hour dataset with phonetic annotation.
But their dataset’s release status is still unclear.
Standardized, high-quality quality noise-free, pub-
licly accessible datasets are still a challenge.

2.4. Romanized vs. Phonemized Script
Representations

Another important dimension for good TTS sys-
tems is input representation. Most neural Urdu
TTS research has relied on Romanized Urdu,
which lacks orthographic standardization (Ahmed,
2009). Due to this, crucial phonetic contrasts such
as aspiration (/k/ vs. /kh/), vowel length, retroflex-
jon, and nasalization are lost (Hussain, 2004).
Butt et al. (2025) evaluated Roman-Urdu transliter-
ation with transformer models and achieved ~96%
character-level BLEU. Even with the use of ad-
vanced models, the systematic errors were not mit-
igated.

Phonetic transcription provides a precise map-
ping of Urdu’s 44 consonants and complex vowel
system. Hussain (2004) established letter-to-
sound rules mapping for the Perso-Arabic script
to CISAMPA phonemes which enables consis-
tent pronunciation modeling. Traditional systems
(Adeeba et al., 2016; Habib, 2014) have tried to
use such phonetic transcriptions earlier. Modern
neural systems often avoid them due to the com-
plexity of lexicon construction. Jamal et al. (2022)
and Saba et al. (2022) relied exclusively on Ro-
manized input while Khan et al. (2024) used raw
Urdu text without explicit phonetic modeling.

No previous work has directly compared the im-
portance of Phonemized representation over the
Romanized one, even with the theoretical under-
standing of the advantages of the phonetic invento-
ries. This gap motivates our present study, where
we try to empirically evaluate both approaches
through objective and subjective metrics on the
benchmark dataset.

3. Our Contributions

To overcome these challenges, we make the fol-
lowing contributions in this work:

« Dataset creation: We introduce URDUTTS,
an 89-hour studio-quality speech dataset at
22.05 kHz. The dataset includes both mono-
speaker and multi-speaker recordings (four
speakers in total), and provides transcriptions
in three formats: native Urdu script, Roman-
ized Urdu script, and Phonemized Urdu script.
To our knowledge, this is the largest high-
quality dataset with 3 way transcriptions ever
created for Urdu TTS.

+ Benchmarking with modern models: We
benchmark this dataset using strong non-
autoregressive neural TTS models, namely
VITS (Kim et al., 2021) and Glow-TTS (Kim
et al.,, 2020). These models have proven
state-of-the-art for many languages, and here
we adapt them to systematically evaluate
Urdu speech synthesis under the three text
representations.

* Phonemized vs. Romanized Urdu: We con-
ducted a comprehensive evaluation to test
our central hypothesis, that Phonemized Urdu
script provides superior pronunciation quality
compared to Romanized Urdu. Our evalu-
ation includes both objective metrics (MCD,
WER, CER, SNR) and subjective listening
tests with 40 native Urdu speakers using
MOS, with special emphasis on pronunciation
and naturalness.

This work releases a large, publicly available
corpus, presents a comprehensive benchmark
comparing Phonemized and Romanized transcrip-
tions, and directly addresses the limitations of prior
approaches. This study establishes a new re-
source and evaluation standard for Urdu speech
synthesis and highlights the importance of Phone-
mized transcriptions for other low-resource lan-
guages with complex phonetic inventories.

4., Dataset

4.1. Background

Although Urdu is spoken by hundreds of millions
of people, high-quality speech resources for re-
search are scarce. Public efforts such as Mozilla
Foundation (2020) provide sizable amounts of
Urdu audio (tens of hours), but the recording
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Table 2: Dataset statistics for each speaker and overall totals.

Speaker Duration (hrs) #Samples AvgDur. (s) Avg Words Avg Chars
Speaker 1 27.38 15,160 6.20 17.00 73.54
Speaker 2 29.95 15,900 6.78 18.36 81.79
Speaker 3 21.56 16,200 4.79 12.74 53.99
Speaker 4 9.70 8,190 4.26 10.99 49.76
Total / Avg 88.59 55,450 5.50 14.77 64.77

quality and annotation consistency vary substan-
tially. Prior academic efforts typically released
only small data (on the order of a few hours)
or did not publish their data under an open re-
search license as discussed in subsection 2.3,
which limits reproducibility and progress in Urdu
speech and language technologies. To address
this, we present URDUTTS, an 89-hour, studio-
quality Urdu TTS dataset recorded at 22.05 kHz
(16-bit PCM). The dataset contains both mono-
speaker and multi-speaker material (four speakers
in total) and provides three aligned text representa-
tions for every utterance: (1) native Urdu script, (2)
Romanized Urdu script, and (3) Phonemized Urdu
script as shown in Table 1. Our aim is to release
URDUTTS so that it can serve as a benchmark for
TTS, ASR and phonetics research.

4.2. Dataset Collection

All source audio was obtained from publicly avail-
able recordings (such as LibriVox, internet archive,
Loyal Books etc) that met an initial quality filter to
ensure speaker consistency, pronunciation qual-
ity, no audible background noise, and consistent
recording conditions. Recordings were standard-
ized to 22.05 kHz, 16-bit Pulse Code Modulation
(PCM) before further processing.

4.2.1. Audio Segmentation

Long continuous recordings were segmented into
short clips suitable for model training. Segmenta-
tion was automated using the pydub library’s si-
lence detection with the following heuristic:

» Detect a silent interval if the pause is greater
than 400 ms and the amplitude is below -15
dB.

» Do not accept clips shorter than 2 seconds.

+ Discard clips longer than 15 seconds at this
stage; only clips with final length between 2
and 15 seconds were retained for the corpus.

With this empirical setup, manual clipping was
avoided, and further evaluation of the audio were
taken into account in further section.

4.2.2. Segment Synchronization

Automatic segmentation of audio clips can cut
at sharp boundaries, sometimes splitting lexical
items across adjacent clips. To reduce unnatural
truncation and preserve word onsets/offsets, we
applied a light synchronization heuristic, by empir-
ically trimming 100 ms from the end of clip ¢ and
prepended the same 100 ms to the start of clip
i+1 when both clips originated from the same con-
tiguous recording session. Hence, boundaries are
smoothen and abrupts are reduced with preserv-
ing the original continuous timing.

4.2.3. Automatic Transcription and
Post-editing

Automatic Urdu script transcriptions were pro-
duced with a Whisper-based pipeline imple-
mented using the faster-whisper (Radford
et al., 2023) wrapper to generate time-aligned text.
Although Whisper has its own limitations (Sehar
et al.,, 2025), it is currently accepted for Urdu
ASR as there are no better well documented open-
source ASR available to the community. The
transcripts were then converted into Romanized
and Phonemized texts. Romanized Transcrip-
tions were generated by a deterministic translit-
eration module (Ahmed, 2009) that maps Urdu
graphemes to Latin characters according to a
fixed convention. The Phonemized transcrip-
tions were generated by the espeak—ng (eSpeak
NG Project, 2015) toolkit to produce phoneme se-
quences for each utterance.

4.3.

URDUTTS is intended as a public benchmark for
TTS, ASR, and phonetics research in Urdu lan-
guage. The dataset is available on our project
GitHub and Hugging Face under an explicit re-
search license (details and the exact license text
will be provided on the repository). The release
will include:

Intended Use and Release

* 89 hours audio clips (22.05 kHz, 16-bit PCM),
* monospeaker and multispeaker format,

» Urdu transcriptions,
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+ corresponding Romanized and Phonemized
transcriptions,

« codes for dataset construction and model
training for reproducibility,

» metadata files and a short usage guide de-
scribing recommended train/test splits and ci-
tation instructions.

Table 3: MOS rating scale combining pronuncia-
tion and naturalness.

Score Description

5 Fully natural, no mispronunciations

4 Mostly natural, minor errors, understand-
able

3 Somewhat unnatural, noticeable errors but
intelligible

2 Unnatural, frequent errors, difficult to follow

1 Completely unnatural, unintelligible

4.4. Reproducibility

All scripts used for segmentation, synchroniza-
tion, normalization, transliteration, phonemization
and metadata generation (including configuration
for pydub, the faster-whisper pipeline, and
espeak-ng settings) will be released alongside
the dataset to ensure reproducibility and to allow
other researchers to adapt the pipeline for different
datasets or languages.

4.5. Dataset Quality

To assess the quality of the corpus, both objec-
tive and subjective evaluations were carried out.
We computed the Voice Activity Detection—based
Signal-to-Noise Ratio (VAD-SNR), which yielded
an average score of 48.52 dB across the dataset,
as mentioned in Table 4. This confirms that the au-
dio recordings have very low noise levels and high
acoustic clarity. A listening test was conducted
with 40 native Urdu speakers. Participants rated
the recordings of the dataset on a 5-point Mean
Opinion Score (MOS) scale, with emphasis on nat-
uralness and pronunciation quality. The dataset
achieved an average MOS of 4.79 4+ 0.12 as men-
tioned in Table 5. In the test, listeners perceived
the recordings as highly natural and of excellent
quality.

4.6. Dataset Statistics

The URDUTTS dataset contains approximately 89
hours of recorded speech at a sampling rate of
22.05 kHz and 16-bit resolution. The dataset
is composed of more than 55K audio clips, and
all speakers are male, further statistics are men-
tioned in Table 2.

5. Experimental Setup

5.1. Models and Training Setup

We evaluated a range of both autoregressive
and non-autoregressive TTS models, including
Tacotron 2 (Shen et al., 2018), TransformerTTS
(Li et al., 2019), Neural HMM (Mehta et al.,
2022), VITS (Kim et al., 2021), Glow-TTS (Kim
et al., 2020), DelightfulTTS (Liu and et al., 2021),
and FastSpeech (Ren et al.,, 2019). Based
on preliminary experiments, we observed that
non-autoregressive models, particularly VITS and
Glow-TTS consistently produced higher-quality
audio while also offering faster training conver-
gence and more efficient inference. Conse-
quently, these models were selected as our pri-
mary systems for benchmarking.

Each model was trained twice, once using the
Romanized text representation and once using the
Phonemized text representation. All experiments
were conducted using the CoquiTTs framework
(Coqui Al, 2020), with models trained entirely from
scratch. Training was performed on an NVIDIA
V6000 GPU with 48 GB of RAM, using a batch
size of 64 for 3,000 epochs. The single-speaker
1 subset of the URDUTTS dataset was used for
training in all cases.

Training VITS required approximately 5 days on
Romanized text and 6 days on Phonemized text,
while Glow-TTS required about 7 days and 8 days,
respectively. A fair comparison between Roman-
ized and Phonemized text representations was
conducted.

5.2. Evaluation Metrics

To thoroughly evaluate both the performance of
the trained models and the quality of the UR-
DUTTS dataset, we adopted a comprehensive
evaluation strategy that combines subjective and
objective metrics so that both human perception
and quantitative acoustic characteristics are cap-
tured.

5.2.1. Subjective Evaluation

For the subjective evaluation, a total of 250 au-
dio samples were selected, 50 from each system
(ground truth reference, VITS-Phonemized, VITS-
Rmanized, GlowTTS-Phonemized and GlowTTS-
Rmanized). These were evaluated by 40 native
Urdu speakers in a controlled, noise-free environ-
ment. Participants were instructed to rate each
sample using the Mean Opinion Score (MOS) pro-
tocol Table 3, with scores ranging from 1 (bad) to
5 (excellent). Special emphasis was placed on
two aspects critical to Urdu: (i) pronunciation ac-
curacy, particularly of nasalized vowels, aspirated
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Table 4: Objective evaluation of systems. 500 samples were evaluated for each system. Ph and Rm
acronyms are used for Phonemized and Romanized Urdu scripts respectively.

System MCDPlain| MCDDTW | MCDDTW-SL| SNR(dB)T WER (%)l CER (%)l
VITS-Ph 17.00 £2.71 7.97 £ 1.66 9.35+2.19 61.86 12.3 5.3
VITS-Rm  17.53 +2.96 8.53 £ 1.74 9.98 £+ 2.26 35.39 15.1 6.5
Glow-Ph 17.71£2.01 6.74 £ 0.98 7.42+1.26 10.40 12.5 5.8
Glow-Rm  18.83 +2.12 7.07£1.07 7.86 £1.44 10.27 25.0 11.8

plosives, and retroflex sounds, and (ii) naturalness
of speech. MOS values were reported with 95%
confidence intervals. There are limitations of MOS
(Le Maguer et al., 2024), but it is a well accepted
evaluation criteria in speech synthesis tasks.

5.2.2. Objective Evaluation

For the objective evaluation, 500 audio samples
were analyzed for each system and the ground
truth. The following metrics were employed:

* Mel-Cepstral Distortion (MCD): Measures
the distance between the mel-cepstral coeffi-
cients of generated and reference audio (Ku-
bichek, 1993; Tokuda et al., 2000; Kim et al.,
2020, 2021). We report three variants:

1. MCD-Plain measures frame-by-frame
spectral differences. It reflects the overall
spectral fidelity, but is sensitive to slight
temporal misalignments.

2. MCD-DTW applies Dynamic Time Warp-
ing to account for small misalignments
in speech timing, which often occur in
synthesized outputs. This ensures that
evaluation focuses on spectral similarity
rather than timing mismatch.

3. MCD-DTW_SL gives a slope limitation in
DTW to prevent over-flexible alignment,
giving a more realistic measure of pro-
nunciation accuracy and prosody.

Lower MCD values indicate better spectral
similarity (Kubichek, 1993).

+ Signal-to-Noise Ratio (SNR): We use Voice
Activity Detection (VAD)-based SNR to es-
timate the ratio of speech energy to back-
ground noise. Higher SNR values indicate
cleaner and higher-quality audio.

» Word Error Rate (WER): Measures the per-
centage of word-level mismatches between
the ASR-transcribed generated output and
the reference transcript. Computed as:

WER — % % 100

where S = substitutions, D = deletions, I =
insertions, and N = total words. Lower WER
indicates higher intelligibility.

» Character Error Rate (CER): Similar to WER
but computed at the character level, making
it sensitive to pronunciation errors in morpho-
logically rich languages such as Urdu. De-
fined as:

S+D+1

CER = — N x 100

where the operations are measured on char-
acters instead of words.

Jointly analyzing subjective MOS scores and ob-
jective metrics (MCD, SNR, WER, CER), our eval-
uation provides one of the most comprehensive
and fine-grained assessments of Urdu TTS to date.
We thus evaluate spectral fidelity, noise, intelligi-
bility and pronunciation accuracy. It ensures that
both human-perceived naturalness and machine-
measured fidelity are rigorously benchmarked.

6. Results

The evaluation results demonstrate a clear and
consistent advantage of using Phonemized Urdu
input over Romanized text for both VITS and
GlowTTS models.

Subjective evaluation: As shown in Table
5, VITS-Phonemized achieves the highest MOS,
closest to the natural speech reference which in-
dicates that listeners perceive it as highly nat-
ural and accurate in pronunciation. GlowTTS-
Phonemized also outperforms its Romanized
counterpart, though both GlowTTS models score
lower than VITS.

Objective evaluation: 500 samples were eval-
uated per model. Table 4 shows that Phonem-
ized models consistently achieve lower MCD val-
ues which reflects better spectral fidelity and more
accurate phonetic realization. Figure 1 and Figure
2 shows the statistics of MCD metrics and variabil-
ity over the test audio samples. Similarly, VAD-
SNR values in Table 4 indicate that Phonemized
VITS outputs are cleaner, with less background
noise or artifacts.
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Figure 1: MCD statistics for VITS (a) Phonemized,
(b) Romanized and GlowTTS (c) Phonemized, (d)
Romanized. Left: violin plots show the distribu-
tion of Plain, DTW, and DTW-SL. Right: Sample-
wise trends highlight variability, with Plain exhibit-
ing larger fluctuations than others.
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Figure 2: MCD statistics for (a) VITS Phonemized
vs. Romanized, (b) GlowTTS Phonemized vs. Ro-
manized.

Table 5: Mean Opinion Score (MOS). 50 samples
were evaluated for each system. Scores include
95% confidence intervals.

System MOS

Reference 4.79+£0.12
VITS-Phonemized 4.38+0.24
VITS-Rmanized 3.86 +0.36
GlowTTS-Phonemized 3.34 4+ 0.28
GlowTTS-Rmanized 2.64 +0.31

Word and character error rates were taken af-
ter transcribing audio generated by models via
faster—-whisper model. In Table 4, WER and
CER are reported which provides an explicit mea-
sure of intelligibility. Phonemized systems achieve
substantially lower WER and CER than Roman-
ized ones. It gives the understanding that phonetic
representation reduces pronunciation errors and
enhances comprehension.

Both subjective and objective results confirm
that Phonemized Urdu consistently outperforms
Romanized counterpart across all metrics. The
Phonemized systems produce speech that is
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Table 6: Top-5 hardest and easiest words by recognition accuracy for each model.

Hardest Words Easiest Words

Model Word Acc. Model Word Acc.
Iy 14.3% - 100%

B2 20.0% gl 100%

VITS-Ph 51 20.0% VITS-Ph £ 100%
ol 40.0% =5 100%

Sy 40.0% ‘_/ 100%

.U% [y (]

= 0.0% = 100%

S 16.7% »2> 100%

VITS-Rm &, 200% YITSR™ L 100%
= 20.0% 5 100%

G~ 20.0% =5 100%

G~ 0.0% Jli  100%

045 28.6% s 100%

GlowTTS-Ph dup 400% GlowTTS-Ph "2 o,

Vi

= 42.9% JJ 100%

e 57.1% Jg  100%

=5 0.0% —F 100%

§r 187% %2 100%

GlowTTS-Rm & 50.0% GlowTTS-Rm b 100%
5 20.0% 5 100%

G~ 20.0% <5 100%

Table 7: Top substitution confusions (reference — hypothesis) per model.

Model Reference — Hypothesis Count Linguistic Note
Jr 4 Nasalisation loss
VITS-Ph <=l 3 Case-suffix deletion
uL/a Lf 3 Nasal coda drop
-l — L6 3 Word truncation
e 11 Initial alef deletion
) RV 5 Retroflex confusion
VITS-Rm gl = 5 Case-suffix insertion
=y 3 Retroflex confusion
sl — o 17 Conjunction instability
GlowTTS-Ph %%~ L 5 Final » deletion
ULZ/_> LZ/ 3 Nasal coda drop
/51 - 3 Initial alef deletion
P 11 Initial alef deletion
) RV 5 Retroflex confusion
GlowTTS-Rm gl = 5 Case-suffix insertion
JW — gk 3 Nun-ghunna vs. noon

more natural, clearer, and closer to human pro-
nunciation. Hence, it validates the effectiveness of
phonetic transcription in improving Urdu TTS qual-

ity.

7. Linguistic Analysis

To better understand model behaviour beyond ag-
gregate metrics, we conducted a word-level lin-
guistic analysis across all four TTS systems. For
each model, we tracked per-word recognition ac-
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Table 8: Mean recognition accuracy (%) by word
length (Unicode characters).

Model 2 3 4 5 6

VITS-Ph 949 903 935 939 917
VITS-Rm 89.8 84.8 922 943 915
GlowTTS-Ph 964 926 96.9 98.1 86.2
GlowTTS-Rm 89.8 84.8 922 943 915

curacy (the fraction of utterances in which a refer-
ence word was reproduced correctly by the ASR
transcription), identified the most common substi-
tution confusions, and examined how word length
relates to intelligibility. The analysis filters words
appearing fewer than five times to ensure statisti-
cal reliability.

7.1. Hardest and Easiest Words

Table 6 reports the five words with the low-
est and highest recognition accuracy for each
model. The word (3! I (istighraq, “absorp-
tion/contemplation”) is consistently difficult across
all models, reflecting both its low corpus frequency
and complex phonetic structure. s (jaddah) and
~* (‘anhu) are similarly problematic. By contrast,
high-frequency, phonetically simple words such

as (L (zuban, “language”) and 2 (tujh, “you”)
achieve 100% accuracy across all systems, sug-
gesting that these forms are robustly synthesised
regardless of the acoustic model or input script.

7.2. Common Substitution Confusions

Table 7 lists the most frequent word-level substi-
tution pairs per model. Several patterns recur
across systems. The confusion &/ — & (pro-
noun “it/him” reduced to postposition “from”) is the
dominant error in both romanised models (11 oc-
currences each), pointing to a systematic difficulty
in distinguishing word-initial / in short function
words. Similarly, sz — | appears in both phone-
mised models, suggesting that the word-final » is
consistently under-synthesised. The GlowTTS-Ph
model exhibits a notable s/ — I confusion (17
occurrences), which may indicate instability in syn-
thesising the common conjunction s/ under that
architecture. The pair d}, — (~ (“big” vs. “bad”)
appearing in both romanised models reflects a
well-known Urdu minimal pair distinguished only
by the retroflex ~/, which is challenging for models
trained on romanised input.

7.3. Word Length and Recognition
Accuracy

Table 8 shows mean recognition accuracy
grouped by word length (in Unicode characters)

for each model. Contrary to the general expecta-
tion that longer words are harder to synthesise,
the results show a non-monotonic pattern: 3-
character words consistently exhibit the lowest
accuracy, while 5-character words often perform
best. This likely reflects the high proportion of
short function words (pronouns, postpositions,
conjunctions) at lengths 2-3 that are phonetically
similar and easily confused, rather than a simple
length—difficulty relationship. All models show
similar trends, suggesting this is a corpus-level
property rather than an architectural one.

Overall, the linguistic analysis reveals that model
errors cluster around (i) phonetically ambiguous
short function words, (ii) words containing retroflex
consonants (/, 5, <) which are absent from Ara-
bic and therefore potentially underrepresented in
model priors, and (iii) rare lexical items with com-
plex morphology. Phonemized models show a
qualitative advantage in handling the retroflex dis-
tinction, while Romanized models suffer more
from function word confusions involving word-
boundary effects, and overall Phonemized per-
forms significantly well than Romanized, backing
our hypothesis (Phonemized are better for speech
synthesis than Romanized).

8. Conclusion

In this work, we addressed the challenge of devel-
oping a high-quality TTS system for Urdu, which
is a language with rich phonetic diversity but
scarce computational resources. We introduced
URDUTTS, an 89-hour studio-quality, multi-format
dataset(native Urdu script, Romanized Urdu, and
Phonemized Urdu), with both mono-speaker and
multi-speaker configuration, which to our knowl-
edge is the largest open dataset of its kind for
Urdu speech synthesis. Through extensive ex-
periments with modern non-autoregressive TTS
models (VITS and GlowTTS), we demonstrated
that Phonemized Urdu input consistently outper-
forms Romanized input, achieving higher natu-
ralness, intelligibility, and lower distortion across
both subjective (MOS) and objective (MCD, SNR,
WER, CER) evaluations and with linguistic anal-
ysis. This confirms our central hypothesis that
phonetic representations are crucial for handling
Urdu’s complex sound system and for producing
natural-sounding speech.

Beyond benchmarking, our results highlight
broader implications: (1) Phonetic transcription
should be prioritized over Romanization for low-
resource languages with rich phonologies; (2) A
large-scale, high-quality dataset like URDUTTS
provides a solid foundation for downstream tasks
such as Automatic Speech Recognition (ASR),
and linguistic research.
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9. Data and Code Availability

We release URDUTTS with a permissive license
to encourage open research and reproducibil-
ity. We hope that this resource and our find-
ings will serve as a benchmark for future Urdu
TTS work, and also as a model for developing
speech resources in other underrepresented lan-
guages. The data and code are available at
github.com/KAABSHAHID/URDUTTS.

10. Ethics Statement

The URDUTTS dataset was curated with careful
consideration of ethical principles. We ensured
that no personally identifiable information (Pll) is
contained in the dataset, and all contributions
were anonymized before release. The dataset is
intended strictly for research and educational pur-
poses in the fields of computational linguistics and
speech technology.
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