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Abstract

This paper introduces the TaLK Corpus, the first speech benchmark corpus for Sri Lankan Tamil Automatic Speech
Recognition (ASR) covering speech from 22 administrative districts of Sri Lanka. The corpus contains 1 hour and
33 minutes of speech from 22 native speakers (one per district) and includes rich metadata on demographics,
location history, recording conditions, and domain information, along with transcriptions in Tamil script and the
International Phonetic Alphabet (IPA). Standardised preprocessing (16 kHz mono WAV format) and segmentation
using Silero Voice Activity Detection (VAD) resulted in 1,214 utterances. All recordings were manually transcribed by
trained linguists, and MD5-based file naming used to ensure data integrity and consistency. TaLK corpus enables
district-wise benchmarking of ASR systems and supports dialect-sensitive evaluation. We establish baseline results
for multilingual models (Whisper Large-V3 and Facebook’s MMS) in zero-shot settings. The evaluation reveals
substantial performance disparities across districts, highlighting the impact of regional phonological variation in
low-resource Sri Lankan Tamil. Although Whisper Large-V3 outperforms MMS overall, it shows considerable
variability, with mean Word Error Rates ranging from 0.672 to 0.903 across districts. These findings demonstrate
strong regional effects even within a single model. By releasing TaLK-Corpus under the CC-BY-NC 4.0 licence, we
aim to support dialect-robust ASR research and foster inclusive speech technologies for Sri Lankan Tamil-speaking
communities.
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1. Introduction

Speech processing has become a critical area
of research as voice interfaces power an increas-
ing number of applications, from virtual assis-
tants to real-time transcription and accessibility
tools (Rakotomalala et al., 2021). In this context,
Automatic Speech Recognition (ASR), which is
the conversion of spoken language into text, and
Text-to-Speech (TTS) have gained prominence.
Transformer-based models such as Whisper (Rad-
ford et al., 2023), achieve high accuracy in con-
trolled settings for high-resource languages. How-
ever, persistent challenges limit their robustness
in real-world deployment, including noise and en-
vironmental variability, speaker and accent vari-
ability, multilingualism and code-switching, data
scarcity in low-resource languages, and sponta-
neous or conversational speech (Ahlawat et al.,
2025).

Dialectal processing also presents challenges
for ASR. Dialectal variations introduce pho-
netic mismatches (e.g., vowel shifts, consonant

"TaLK” is inspired by the IETF BCP 47 language
tag ("ta-LK”) for Sri Lankan Tamil, which corresponds
to "ta_LK” in the Unicode CLDR locale format.

changes), lexical differences, prosodic variations,
and morphosyntactic deviations from standard
training data (Palivela et al., 2025). Models trained
primarily on mainstream varieties exhibit system-
atic biases, leading to substantially higher Word
Error Rates (WER) for regional or minority dialects
compared to standard forms. In low-resource
languages, these issues are exacerbated by lim-
ited dialect-specific data, lack of standardized or-
thographies, and the absence of diverse training
corpora, hindering the development of inclusive,
robust systems (Dhasmana et al., 2026).

Benchmark datasets play a central role in ad-
vancing Automatic Speech Recognition (ASR) by
enabling standardized and reproducible evalua-
tion of model robustness across linguistic and
acoustic variability.

Existing Tamil ASR benchmarks, (Mozilla Foun-
dation, 2019; OpenSLR, 2019; Bharathi et al.,
2022, 2024), mainly focus on Indian Tamil or de-
mographic diversity without structured geographic
coverage in Sri Lanka. While Sri Lankan re-
sources like EmoTa (Thevakumar et al., 2025) ex-
ist, they target emotion recognition rather than
ASR and do not provide district-level representa-
tion, leaving a gap for geographically structured Sri
Lankan Tamil speech datasets.

To address this gap, we introduce a regionally di-
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verse evaluation set for Sri Lankan Tamil speech,
called TaLK-Corpus?, covering speakers from all
22 districts. The dataset is explicitly designed as
a benchmarking resource, enabling reproducible
district-wise evaluation of ASR systems. By incor-
porating Tamil script, Roman transliteration, and
broad IPA annotation, TaLK supports conventional
WER-based comparison, establishing a standard-
ized benchmark for Sri Lankan Tamil dialectal ASR
research.

This paper makes two main contributions. First,
we present a carefully manually curated speech
corpus for Sri Lankan Tamil, comprising 1 hour and
33 minutes of high-quality, geographically repre-
sentative audio—text pairs with verbatim transcrip-
tions. Second, we establish a zero-shot perfor-
mance baseline for this dialect by evaluating two
widely used multilingual ASR models—Whisper
V3 and Facebook’s Massively Multilingual Speech
(MMS).

2. Background and Motivation

Tamil is one of the world’s oldest living classi-
cal languages, belonging to the Dravidian family,
with a rich literary tradition spanning over 2,000
years (Newbigin, 2019). It is spoken by more
than 86 million people (Zeidan, 2020), primar-
ily in Tamil Nadu (India), Sri Lanka, Singapore,
Malaysia, and diaspora communities, and holds
official status in several regions. Despite its cul-
tural and demographic significance, Tamil is a low-
resource language in modern NLP and speech
technologies (Sarveswaran et al., 2021), suffer-
ing from limited large-scale annotated digital cor-
pora compared to high-resource languages like
English. Key linguistic characteristics include ag-
glutinative morphology, a rich phonemic inventory
(notably retroflex consonants and vowel length
distinctions) (Jain and Bhowmick, 2025), syllable-
timed prosody (Thinakaran et al., 2025), diglossia
(distinct literary and colloquial varieties), and fre-
quent code-switching (Prasanna and Arora, 2024),
especially with English.

Sri Lankan Tamil speech exhibits notable re-
gional variation due to historical settlement pat-
terns, prolonged contact with Sinhala and En-
glish, and population movements (Unjum et al.,
2026; Yasmini, 2017). These factors lead to
differences in pronunciation, accent, vocabulary,
and prosody across districts and even within
them. While Tamil ASR has advanced through
corpora dominated by Indian Tamil (e.g., Common
Voice Tamil, lISc-MILE) (Mozilla Foundation, 2019;
OpenSLR, 2019), Sri Lankan-specific resources
remain scarce and often task-specific, such as

2https://github.com/LTG-UoJ/
TaLK-Corpus—Public

EmoTa for emotion recognition (Thevakumar et al.,
2025), limiting the development of dialect-robust
models for Sri Lankan contexts.

More importantly, there is no benchmark dataset
available for Sri Lankan Tamil to evaluate the per-
formance of ASR systems on this language vari-
ety. To address this gap, we present Version 1 of
the TaLK speech corpus, a district-level Sri Lankan
Tamil evaluation corpus comprising 22 speakers
(one per district), with over one hour of total speech
and rich metadata, annotated in the Tamil script.

3. Related Work

In Tamil ASR, several datasets have supported
model development, including resources from
Mozilla Common Voice Tamil (Mozilla Foundation,
2019) and OpenSLR (OpenSLR, 2019). While
these corpora provide valuable training and testing
material, they primarily represent Indian Tamil and
largely consist of read or crowd-sourced speech,
with limited structured metadata for dialect-aware
benchmarking

The LT-EDI shared tasks on Speech Recogni-
tion for vulnerable Individuals in Tamil introduced
evaluation datasets targeting elderly and transgen-
der speakers in naturalistic settings (Bharathi et al.,
2022, 2024; Nishanth et al., 2025). These initia-
tives represent an important step toward inclusive
ASR benchmarking in Tamil by focusing on demo-
graphic diversity from the Indian region. Further,
their design centers on speaker-group variability
rather than geographically structured dialect varia-
tion, and they do not provide district-level dialectal
coverage.

In the Sri Lankan context, EmoTa: A Tamil Emo-
tional Speech Dataset (Thevakumar et al., 2025)
contributed a valuable speech resource for emo-
tion recognition research. Although important for
affective computing, EmoTa is not structured as an
ASR benchmark and does not support systematic
evaluation of regional dialect robustness.

More broadly, dialect-focused benchmarks in
multilingual settings such as IndicVoices-R (Javed
et al., 2024)-have demonstrated the necessity of
geographically diverse evaluation sets to measure
accent and dialect sensitivity in ASR systems.
These works highlight that models trained predom-
inantly on standardised language varieties may ex-
hibit systematic degradation when evaluated on re-
gional speech.

4. Data Collection and Corpus
Design

The dataset was collected from native Sri Lankan
Tamil speakers across all 22 districts (out of 25)
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Figure 1: District-level distribution of speakers

of Sri Lanka to ensure comprehensive geograph-
ical coverage and dialectal diversity. The objec-
tive was to capture diverse variations in pronun-
ciation, accent, and speaking style across differ-
ent regions, making the corpus suitable for evalua-
tion and diagnostic purposes in Automatic Speech
Recognition (ASR) systems.

4.1.

The corpus consists of 22 speakers (12 female
and 10 male) representing diverse demographic
backgrounds. The age distribution includes one
speaker below 20 years, the majority between 20
and 60 years, and one speaker above 60 years.
Participants were drawn from varied educational
and occupational backgrounds to enhance repre-
sentativeness for ASR development. All partic-
ipants had previously sat for the GCE Ordinary
Level (O/L) national examination in which mother
tongue (Tamil) is an important subject.

Speaker Selection

4.2. Recording Protocol

Speech recordings were captured using the Sony
PCM-A10 digital recorder and the DJI Mic Re-
ceiver connected to a mobile device. The DJI Mic
features an Intelligent Noise Cancelling function,

which was enabled to reduce background noise
when recording with a smartphone. Recordings
were conducted under controlled indoor environ-
ments with minimal background noise.

Participants were asked to speak spontaneously
across multiple everyday domains, including
school life, education, university experience, trips
and travel, friends, family, places, festivals, fu-
neral events, self-introduction, life experiences,
and other common daily topics. These domains
were selected to ensure lexical diversity and to re-
flect natural conversational contexts in Sri Lankan
Tamil.

All recordings were standardised for ASR com-
patibility by converting the audio into mono-
channel WAV format with a 16 kHz sampling rate.
This configuration provides an optimal balance be-
tween speech quality and computational efficiency
for modern speech recognition systems. The total
duration of the collected speech data is approxi-
mately 1 hour and 33 minutes.

4.3. Metadata Schema

All metadata for the TaLK corpus is stored in a sin-
gle CSV file, where each row corresponds to an au-
dio file and its associated transcription. Speaker-
level information is repeated for every utterance to
ensure each row is self-contained. The metadata
includes the district of birth, gender, age band, job,
religion, and domain(theme). Utterance-level infor-
mation includes the duration of the recording, the
filename of the audio file, and its transcript in Tamil
script. In addition, IPA annotations are captured
for each utterance to enable further phonological
analysis. For the Jaffna district, IPA transcriptions
were generated using the tool called ThamizhilPA-
Trans (Mahaganapathy et al., 2026) and validated
by a linguist, while for other districts, annotations
were manually created by the linguist. Table 1 pro-
vides a sample Metadata Entry from the TaLK Cor-
pus. All audio files are stored in a dedicated folder,
with filenames matching the entries in the CSV, al-
lowing direct linking between metadata, audio, and
transcripts. This format ensures compatibility with
standard ASR processing pipelines and facilitates
filtering or analysis by speaker attributes or record-
ing characteristics.

4.4. File Naming Strategy and
Anonymisation

An MD5-based hashing strategy was used to gen-
erate file names. Demographic attributes (Current
Residence, Birth Place District, Age, and Gender)
were combined into a unique input string and pro-
cessed through MD5 so that in the future errors
in file-naming can be easily tracked. A sequential
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Field Value

File name 0d2d12...9f850a_001.wav
Transcription SBG @(HSEGLEUTF...
IPA anga irukkimbédu...
Birth Place (District)  Kilinochchi

Age Band 20-60

Gender Feminine

Job Student

Religion Hindu

Theme School

Duration 0:00:06

Table 1: Sample Metadata Entry from the TaLK
Corpus

three-digit index was appended to maintain unique-
ness across multiple files.

4.5. Ethics and Consent

All participants provided informed consent before
recording, and their identities were anonymised to
protect privacy. The data is licensed for research
use, with restrictions preventing commercial ex-
ploitation, ensuring ethical compliance throughout
data collection and usage.

5. Audio segmentation and
Annotation

Speech segmentation was performed using Silero
VAD v4.0° with a threshold of 0.5, a minimum
speech duration of 250 ms, a minimum silence
duration of 100 ms, a 512-sample window size,
and 30 ms padding to produce clean speech seg-
ments. This process resulted in 1,214 utterances.
Transcription was carried out manually by two
trained linguists in dialect-preserving Tamil script
and aligned to the segments. Text preprocessing
and normalisation included Unicode normalisation,
removal of punctuation, special characters, and ex-
tra or leading/trailing spaces. Quality control was
conducted through manual checks, with double an-
notation considered for future validation.

6. Model benchmarking

The primary task supported by the TaLK corpus is
the benchmarking of ASR systems for Sri Lankan
Tamil. In addition, the detailed geographic and
demographic metadata enables optional auxiliary
tasks such as dialect or regional classification.
In this section we report the performance of two
widely used models Whisper V3 and MMS.

Shttps://github.com/aosfatos/
silero-vad-v4

Model WER CER
Whisper v3 0.807 0.425
facebook/mms-1b-all 0.845 0.342

Table 2: ASR evaluation results on the TalLK
dataset.

Model TaLK IndicVoices-Ta
Whisper v3 0.807 0.784
MMS 0.845 0.754

Table 3: WER comparison between TaLK (ours)
and IndicVoices Tamil.

6.1.

Word Error Rate (WER) and Character Error Rate
(CER) were used as the primary evaluation met-
rics. Scoring follows Tamil-aware tokenisation that
respects the language’s agglutinative morphology
and script conventions. Punctuation marks and
special characters are ignored during evaluation,
and numerals are normalised consistently.

Metrics

7. Baseline results

We present evaluation results for multilingual ASR
models on Sri Lankan Tamil in zero-shot set-
tings, assessing their performance without any Sri
Lankan Tamil specific adaptation.

All experiments use the same audio prepro-
cessing (mono, 16 kHz), normalisation, and scor-
ing pipeline to ensure fair comparison across dis-
tricts. We compute WER on the Tamil script
transcripts and additionally report WER on Ro-
man transliterations to separate orthographic ef-
fects from acoustic errors. Decoding parameters
and any language-model usage are held constant
across districts and documented for reproducibil-

ity.

8. Results and Analysis

We evaluate on 1,214 utterances from 1 hour 33
minutes TaLK-Corpus. Table 2 reports WER and
CER for the two zero-shot baselines. Whisper V3
outperforms Facebook’s MMS under this evalua-
tion. For comparison, we also report the perfor-
mance of Whisper V3 and Facebook’s MMS from
the IndicVoices (Javed et al., 2024) study in Table
3, which shows that the models perform poorly for
Sri Lankan Tamil compare to the Indian Tamil (or
the major variety included in language models).
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WER by District and Model
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Figure 2: WER per district for MMS and Whisper
V3.

Figure 2 provides a per-district breakdown.
Whisper V3 shows notable variability across dis-
tricts, with mean WER ranging from 0.672 t0 0.903,
indicating strong regional effects even under a
single model. Hatton, Moneragala, and Badulla
districts show comparatively lower WER for both
MMS and Whisper V3. This is likely because the
speech in these districts is closer to Indian Tamil,
which the models were primarily trained on, so
the ASR systems can recognise it more accurately
than the more distinct Sri Lankan dialects in other
districts.

Error analysis. Whisper V3 frequently code-
switches to English for numerals and educational
terms, which increases WER against Tamil-script
references, for instance, as shown below, the
ASR output contains code-switching and Roman
script. Interestingly, the case markers present in
the Tamil text are also reflected in the romanised
text, but in Tamil script. For instance, @ ku (DAT
marker) follows “lecture” in the ASR output below.

Ground truth: QUL Qs eubgl LIMTSE-
Camberrm @ ridleSey Liquid GymbuGeu
lgo oGO SMET GTETRT  FLOEFLOEV
CevdgmsE Gumernm grmidl e _(H ey
IS srem @) (&G eren ClFmemem

ASR output: Qms eubBg UMTSSTD-
em, English Medium, QpmibLiGeu Diffi-
cult e Sometimes, lecture @ Cu-
QTT, GBI (BBE U LOMG STET @)(Hd-
G erer CFmanaTmn?.

These patterns highlight the importance of han-
dling code-switching and numerals consistently in
evaluation. The IPA annotation layer in TaLK en-
ables future analysis of dialectal phonological pat-
terns beyond orthographic WER.

9. Auvailability, Licensing, and
Reproducibility

The TaLK dataset has been made publicly avail-
able to support research in dialect-aware Sri
Lankan Tamil speech processing. It includes
clean, segmented 16 kHz mono WAV audio files
and Tamil script and IPA transcriptions. The
dataset is released under the Creative Commons
Attribution-NonCommercial 4.0 International (CC
BY-NC 4.0) license. This permits sharing, adapta-
tion, and use for non-commercial research, specif-
ically for evaluation, and academic purposes, pro-
vided appropriate credit is given to the creators (ci-
tation required).

10. Conclusion

We introduce the TaLK Corpus, a Sri Lankan Tamil
speech corpus comprising district-level data for
benchmarking ASR applications for Sri Lankan
Tamil, along with rich metadata that can be used
for in-depth dialectal studies and phoneme-level
benchmarking. The benchmark enables repro-
ducible, dialect-aware evaluation of ASR sys-
tems across all districts, highlighting meaning-
ful regional variability in zero-shot performance.
Our baseline results and error analysis show
that current multilingual ASR systems struggle
with dialectal variation and code-switching, rein-
forcing the need for geographically diverse eval-
uation and richer Sri Lankan Tamil resources.
TaLK-Corpus provides a concrete starting point
for more inclusive ASR research and for fu-
ture expansions in speaker coverage and record-
ing conditions. The TaLK corpus repository is
available at https://github.com/LTG-UoJ/
TaLK-Corpus—Public.

11. Limitations and Future Work

The current dataset is small to support model train-
ing; therefore, model evaluation was conducted
in a zero-shot setting. In addition, the present
version of TaLK includes only one speaker per
district. Consequently, it is not yet possible to
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fully disentangle district-level dialect effects from
speaker-specific characteristics such as speak-
ing rate, articulation style, or recording variability.
The reported district-wise WER differences should
therefore be interpreted as preliminary and indica-
tive rather than definitive evidence of systematic
dialect-level model performance differences.

WER evaluation is further affected by ortho-
graphic or spacing differences in the manually cre-
ated ground truth. For example, when the model
predicts "@@m&@n Gurg” as two tokens while
the ground truth is "@ @& @WGLITg" is one token,
the WER metric counts this as an error despite
the prediction being linguistically correct. Such
discrepancies are inherent to human annotation
and can slightly inflate reported error rates, espe-
cially in low-resource languages with flexible or-
thographic conventions. Therefore, WER should
be interpreted as indicative of overall performance
rather than exact linguistic correctness.

This work is part of a broader initiative to de-
velop a Sri Lankan Tamil speech corpus. We
are currently expanding the dataset by including
multiple speakers per district with balanced demo-
graphic representation, increasing the total num-
ber of recording hours through longer and more
natural conversations, and incorporating diverse
recording conditions (e.g., varying noise levels and
channels). In addition to direct speech record-
ings, we plan to compile speech data from publicly
available sources, such as YouTube, with appro-
priate consent and ethical compliance, to further
enhance district-level coverage.
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