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Abstract

Despite its widespread use, Bengali lacks a ro-
bust automated International Phonetic Alpha-
bet (IPA) transcription system that effectively
supports both standard language and regional
dialectal texts. Existing approaches struggle to
handle regional variations, numerical expres-
sions, and generalize poorly to previously un-
seen words. To address these limitations, we
propose BanglaIPA, a novel IPA generation
system that integrates a character-based vocab-
ulary with word-level alignment. The proposed
system accurately handles Bengali numerals
and demonstrates strong performance across
regional dialects. BanglaIPA improves infer-
ence efficiency by leveraging a precomputed
word-to-IPA mapping dictionary for previously
observed words. The system is evaluated on
the standard Bengali and six regional variations
of the DUAL-IPA dataset. Results show that
BanglaIPA outperforms baseline IPA transcrip-
tion models by 58.4-78.7% and achieves an
overall mean word error rate of 11.4%, high-
lighting its robustness in phonetic transcription
generation for the Bengali language.!

1 Introduction

The International Phonetic Alphabet (IPA) is a
widely accepted notation system for representing
the phonetic structure of languages (Association,
1999), providing precise pronunciation guidelines
for learners, linguists, and speech-processing ap-
plications (Daniels and Bright, 1996). IPA plays a
critical role in text-to-speech systems (Zhang et al.,
2021), enabling accurate and consistent speech syn-
thesis across diverse languages. However, many
low-resource languages, including Bengali, still
lack a standardized and efficient IPA transcription
framework (Islam et al., 2024), which poses a sig-
nificant bottleneck for real-time speech generation
and computational linguistic research. Despite be-
ing spoken by approximately 260 million people
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Figure 1: Existing IPA transcription systems (left) are
limited to standard Bengali and struggle to process texts
containing regional dialectal variations and numerical
expressions. In contrast, BanglaIPA (right) successfully
transcribes both standard and regional dialects and
accurately handles numerical expressions through the
incorporation of a contextual rewriting procedure.

worldwide (Islam et al., 2025), Bengali continues
to exhibit many inconsistencies in phonetic repre-
sentation due to unresolved phonetic analyses and
persistent linguistic ambiguities (Kamal, 2025).

The rich diversity of regional dialects in the Ben-
gali language (Hasan and Dipta, 2025) makes the
development of an automated IPA transcription sys-
tem even more challenging. These dialects often
diverge significantly from the standard language in
terms of phonology, vocabulary, and syntactic struc-
ture (Hasan et al., 2024). In addition, Bengali nu-
merals exhibit context-dependent pronunciations,
which existing IPA transcription systems fail to
transcribe accurately (Al Zubaer et al., 2020). The
widespread use of the Bengali language highlights
the need for a specialized IPA transcription frame-
work, particularly to support high-quality text-to-
speech synthesis (Nath and Sarma, 2024).

In this work, we introduce BanglaIPA, the first
end-to-end IPA transcription system designed to
support standard Bengali, six regional dialects, and
numerical expressions. BanglaIPA integrates mul-
tiple processing modules that combine data-driven
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machine learning with algorithmic techniques to
generate accurate and robust phonetic transcrip-
tions of Bengali text (Zhou, 2021). As illustrated
in Fig. 1, existing systems are primarily developed
for standard Bengali, which severely limits their ap-
plicability for users of regional dialects. Moreover,
these systems are unable to properly transcribe
numbers, instead converting individual Bengali dig-
its into English forms”. BanglaIPA addresses these
limitations through the incorporation of a contex-
tual rewriting (Bao and Zhang, 2021) mechanism
and by training the transcription generation model
on both standard and regional dialectal data.

In the BanglaIPA system, input text containing
numbers is first rewritten into word form by lever-
aging the full textual context. Like Bengali, in
English, the digit ‘1’ is pronounced differently in
“1 dollar” and “Ist place” despite sharing the same
numeric form. The contextual rewriting ensures the
preservation of the correct pronunciation of num-
bers. For each word in the rewritten text, IPA tran-
scription is generated using a Transformer-based
model (Vaswani, 2017) trained on the DUAL-IPA
(Fatema et al., 2024) dataset. The resultant word-
IPA pairs are cached in a dictionary for efficient
reuse. We develop a State Alignment (STAT) algo-
rithm to specify which subword segments require
model-based transcription, enabling robust han-
dling of out-of-vocabulary characters and symbols.
Results demonstrate that our approach achieves a
mean word error rate of 11.4% on the constructed
test set, which is a substantial improvement of 58.4-
78.7% over the baseline MT5 (Xue, 2020) and UMT5
(Chung et al., 2023) models. Moreover, BanglaIPA
maintains a strong and consistent performance
across all regional dialects, with word error rates
remaining close to 11% for four of the six regions.

In summary, our main contributions are:

* We propose BanglaIPA, the first end-to-end
system capable of generating phonetic repre-
sentation (IPA) of the standard Bengali lan-
guage, its six regional dialects, and numbers.

* BanglaIPA substantially outperforms existing
baseline models on the DUAL-IPA dataset and
demonstrates strong performance across re-
gional variations with low word error rates.

* We introduce the State Alignment (STAT) al-
gorithm, which enables efficient handling of
out-of-vocabulary characters and symbols.
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Figure 2: Overview of the end-to-end processing
pipeline of the BanglaIPA system for generating the
International Phonetic Alphabet (IPA) transcription.

2 Methodology

The BanglaIPA system comprises multiple process-
ing modules designed to accurately transcribe Ben-
gali text into the International Phonetic Alphabet
(IPA). An overview of the complete processing
pipeline is shown in Fig. 2 using an example script.

Contextual Rewriting The pronunciation of
Bengali numerals is highly context-dependent, and
the same numeric expression may correspond to
multiple IPA transcriptions, posing significant chal-
lenges for rule-based approaches. Examples illus-
trating this pronunciation variability are provided in
Appendix B. To address this issue, we incorporate
a large language model (LLM), which offers strong
contextual reasoning capabilities (Zhu et al., 2024).
Specifically, we prompt the GPT-4.1-nano model
(prompt in Fig. 6) to rewrite only the numerical
expressions in the input text into their correspond-
ing word forms based on the surrounding textual
context. This rewriting step ensures that numerals
are converted into linguistically appropriate lexical
forms before generating IPA transcription.

De-duplication The contextually rewritten text is
used to construct a dictionary in which each unique
word serves as a key and its corresponding IPA tran-
scription is stored as the value. For each newly en-
countered word, an empty IPA entry is initially as-
signed and subsequently populated by downstream
processing modules. This de-duplication strategy
ensures that an IPA transcription is generated only
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Algorithm 1 The State Alignment algorithm seg-
ments a word into subwords using a predefined
vocabulary. It assigns a state to each segment to
indicate the need for model-based IPA generation.

Require: token ¢, set of characters C
Ensure: state and subtoken lists: S, T’
1: Initialize S < [, T' < ||

2: N < lengthof ¢

3: 10

4: while: < N do

5: st < false

6: ts

7: if t[i] € C then

8: st < true

9: while i < N and t[i] € C do
10: Append t[i] to ts

11: t—1+1

12: end while

13: else

14: while i < N and t[i] ¢ C do
15: Append t[i] to ¢4

16: 11+ 1

17: end while

18: end if

19: Append st to S

20: Append t;to T’
21: end while

once per unique word and reused thereafter, thereby
reducing redundant computations of the system.

State Alignment The unique words extracted
from the rewritten text may contain characters or
symbols that do not belong to Bengali language.
Such out-of-vocabulary characters and symbols
present significant challenges for accurate IPA gen-
eration. To address this issue, we propose the State
Alignment (STAT) algorithm (see Alg. 1), which
leverages a predefined Bengali character set to split
every word into subword segments. Each segment
is assigned a state to represent whether it needs
model-based IPA generation or has to be kept un-
changed. This mechanism ensures that any seg-
ment with foreign characters and symbols is not
passed to the model that was not seen during train-
ing, enabling robust handling of unseen characters.

Generation of IPA & Merging For each sub-
word identified as requiring IPA generation, we
construct a synthetic sentence by inserting spaces
between adjacent characters within the subword
and then apply vectorization. The resulting vector-
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Figure 3: Region-wise word error rate distribution on
the DUAL-IPA test dataset, with IPA transcriptions gener-
ated by the BanglaIPA system. The system consistently
shows very low word error rates across most regions.

ized input is passed to a Transformer-based model,
which generates sequences of IPA characters. After
generation, the spaces between the characters are
removed to produce the final IPA representation of
the subword. The complete phonetic transcription
for each word is obtained by merging the model-
generated IPA for the relevant subwords with the
remaining segments that do not require direct tran-
scription. This merging process ensures a coherent
and accurate word-level phonetic transcription.

Rebuilding Sequence The merged IPA transcrip-
tions are used to update the Word-IPA dictionary.
The contextually rewritten text is then traversed
from beginning to end, and the corresponding IPA
entries are retrieved from the dictionary to recon-
struct the final IPA transcription of the Bengali text.

3 Results & Discussion

3.1 Implementation Details

We train a small Transformer-based model com-
prising a single encoder-decoder architecture with
approximately 8.6 million parameters. Model train-
ing is performed using the RMSprop optimizer
(Elshamy et al., 2023) in conjunction with a sparse
categorical cross-entropy loss function (Mao et al.,
2023). The model is trained on the processed
DUAL-IPA dataset (Fatema et al., 2024) as de-
scribed in App. A for 40 epochs, using a learning
rate of 0.001 and a batch size of 64.

3.2 [Evaluating BanglaIPA

To evaluate the performance of our IPA transcrip-
tion system, BanglaIPA, we conduct experiments
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Word Error Rate |

Model Mean
Chittagong Kishoreganj Narail Narsingdi Standard Rangpur Tangail

MT5 27.8 39.7 60.4 67.1 43.4 106.4 88.1 53.5

UMTS5 31.6 22.8 19.5 28.5 28.6 29.0 27.8 274

BanglalPA 124 12.3 10.8 14.3 10.8 10.7 11.1 114

Table 1: Performance comparison of different models on the DUAL-IPA dataset for Bengali text-to-IPA transcription.

on the prepared test set described in App. A from
the DUAL-IPA dataset. This test set includes stan-
dard Bengali as well as six regional variations
spoken in Bangladesh: Chittagong, Kishoreganj,
Narail, Narsingdi, Rangpur, and Tangail. The dis-
tribution of text samples across these regions is
detailed in Table 2. We compare the performance
of BanglaIPA against two baseline models, MT5
(Xue, 2020) and UMT5 (Chung et al., 2023), using
word error rate (WER) as the evaluation metric.
As shown in Table 1, BanglaIPA consistently
outperforms both baseline models across all re-
gions, achieving an overall word error rate improve-
ment of 58.4-78.7%. Among the baselines, MT5
exhibits the weakest performance, with a WER of
53.5%. Although UMT5 performs better, achieving
a WER of 27.4%), it still falls substantially short
of the performance of BanglaIPA. The low overall
WER of 11.4% in our system represents a signifi-
cant advancement in automated IPA transcription.

Performance across Regions In BanglaIPA,
dialect-specific IPA is generated for dialectal vocab-
ulary, while standard IPA is produced for standard
vocabulary. We further analyze the system’s re-
gional performance variability. As illustrated in
Fig. 3, the word error rate remains close to 11%
for four of the seven evaluated regions. The low-
est word error rate of 10.4% is observed for the
Rangpur dialect. Compared to the baseline sys-
tems, BanglaIPA demonstrates more consistent
performance across Bengali regional variations.
This robustness can be attributed to training the
Transformer-based model from scratch, whereas
the baselines are fine-tuned on the text-IPA pairs.

Numerical Rewriting Analysis For assessing
the impact of the LLM-based contextual rewriting
stage on the IPA generation pipeline, we construct
a dataset of eighteen sentences containing numeri-
cal expressions in diverse linguistic contexts, along
with their corresponding human-validated rewrit-
ten forms. Experimental results show that, in the
absence of the contextual rewriting stage, the word

error rate between the original text containing num-
bers and the human-validated rewritten text is 27%.
In contrast, incorporating the LLM-based rewrit-
ing stage reduces the WER to 1.3% when com-
pared against the same human-validated references.
This substantial reduction in error is critical for the
downstream components of the BanglaIPA system,
which operate on the rewritten text. Although the
contextual rewriting stage is not perfectly accurate
and may occasionally produce hallucinated outputs,
its overall performance represents a significant im-
provement over the non-rewriting baseline and is
sufficient for practical use within the system.

4 Related Work

4.1 Text-to-IPA in Bengali

In recent years, several International Phonetic Al-
phabet (IPA) transcription systems have been pro-
posed for the Bengali language. A rule-based ap-
proach introduced by Al Zubaer et al. (2020) fo-
cuses on transcribing standard Bengali characters,
words, and numerals. The District Guided Token
(DGT) method proposed by Islam et al. (2024) is
designed to handle only regional dialects by fine-
tuning T5-based models (Raffel et al., 2020) with
district-level information. The challenges inherent
to Bengali IPA transcription are comprehensively
analyzed by Fatema et al. (2024), who also intro-
duced a novel transcription framework along with
the DUAL-IPA dataset, which serves as a benchmark
for evaluating transcription systems for Bengali.

4.2 Text-to-IPA in Foreign Languages

High-resource languages such as English (Engel-
hart et al., 2021), Mandarin (Odinye, 2015), Ger-
man (Odom et al., 2023), and French have seen sub-
stantial advances in automatic IPA transcription in
recent years. In particular, Yolchuyeva et al. (2020)
investigates the effectiveness of attention-based
Transformer architectures for the grapheme-to-
phoneme (G2P) conversion task (Deri and Knight,
2016), demonstrating notable improvements over
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earlier convolutional approaches (Yolchuyeva et al.,
2019). More broadly, Cheng et al. (2024) presents
a comprehensive survey of neural network-based
methods for grapheme-to-phoneme conversion in
both monolingual and multilingual settings, outlin-
ing current challenges and promising directions.

5 Conclusion & Future Work

In this work, we present BanglaIPA, the first end-
to-end system designed to generate International
Phonetic Alphabet (IPA) transcriptions of stan-
dard Bengali, six regional dialects, and numerals.
BanglaIPA employs a contextual rewriting mech-
anism to handle context-dependent numerical pro-
nunciations effectively. IPA transcriptions are gen-
erated on a word-by-word basis using a lightweight
Transformer architecture trained on the DUAL-IPA
dataset. To address out-of-vocabulary characters
and symbols, we introduce the State Alignment
(STAT) algorithm that applies model-based tran-
scription generation only to valid subwords. Ex-
perimental results demonstrate that the proposed
system outperforms baseline models, achieving a
minimum word error rate of 11.4%. As future
work, we plan to incorporate data from additional
regional dialects and train a small language model
for efficient contextual rewriting of numbers.

Limitations

The proposed system is trained on data covering
six major regional dialects of Bengali. While this
provides broad linguistic coverage, performance
on dialects that are not represented in the training
data may vary, and extending coverage to addi-
tional dialects remains an important direction for
future work. In addition, the system employs an
LLM-based module for context-aware rewriting of
numerical expressions. Although this component
improves robustness and consistency in numerical
reasoning, it introduces modest additional compu-
tational cost, which we view as an acceptable trade-
off given the gains in accuracy and generalization.
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Algorithm 2 SPLITDATASET: Construction of
training and test sets from the DUAL-IPA dataset
using the IPA novelty score.

Require: Dataset D, Elbow point score £ P
Ensure: Training set Digin, Test set Dyegt
1: Initialize Diegt < 0
2: Initialize Digain < D
3: CS «+ o0
4: while C'S > 0 do
5 for each sample S in Dyi, do
6: Extract word IPA set Sg from .S
7: Extract word IPA set St from Dieg
8 CS(S) < |Ss — St|
9: end for
10: Select S* +— argmaxg C'S(S)
11: CS + CS(5%)
12: if C'S < EP then
13: break
14: end if
15: Move S* from Digain 10 Dyt
16: end while
17: return Dyin, Diest

Appendix
A DUAL-IPA Dataset Detail

The DUAL-IPA dataset (Fatema et al., 2024) repre-
sents the first effort to standardize Bengali IPA
transcription by providing parallel pairs of text
and corresponding IPA annotations. Two subsets
of this comprehensive dataset have been made
publicly available through affiliated competitions?:
the DataVerse Challenge - ITVerse 2023
(Ahmed et al., 2023), which contains a corpus of
standard Bengali text, and Bhashamul: Bengali
Regional IPA Transcription (Humayun et al.,
2024), which includes corpora from six regional
dialects. In this study, we utilize these publicly
available subsets to train and evaluate our novel
automatic IPA transcription system.

Preprocessing In Bengali, the same character
can be represented using multiple Unicode encod-
ings (Needleman, 2000), which introduces ambigu-
ity into the text (Ansary et al., 2023). Since neural
models typically perform better when trained on
standardized and normalized inputs (Demir and
Topcu, 2022), we apply a Bengali text normaliza-
tion procedure using the normalizer proposed by
Hasan et al. (2020). This preprocessing step en-

Shttps://www.bengali.ai/

Number of Sample

Region

Train Test Total
Chittagong 4157 605 4762
Kishoreganj 6089 642 6731
Narail 5449 573 6022
Narsingdi 3923 586 4509
Rangpur 3539 503 4042
Tangail 3732 513 4245
Standard 18882 3117 21999
Total 45771 6539 52310

Table 2: Distribution of the processed training and test-
ing data in the DUAL-IPA dataset of parallel text corpus
across the standard Bengali and its six regional dialects.

sures consistent character representations and im-
proves the reliability of downstream modeling.

Elbow Method for Dataset Splitting We use
the normalized dataset to construct the training and
test sets, as the original test split of the DUAL-IPA
dataset is not publicly available. To minimize lexi-
cal overlap between the two splits and to maximize
the presence of unseen words in the test set, we
employ a custom dataset splitting procedure, de-
scribed in Alg. 2. At each iteration, the sample
with the highest IPA novelty score is selected and
assigned to the test set. This novelty score is com-
puted based on the number of words in the sample
that have not yet appeared in the test set. The test
set construction continues until the novelty score
falls below a predefined Elbow Point (EP) (Liu and
Deng, 2020), after which the remaining samples
are allocated to the training set.

Fig. 5 presents the novelty score progression
across iterations for the Rangpur dialect. The El-
bow Point (EP) is identified when the curve flattens
and becomes approximately parallel to the x-axis,
indicating that further iterations result in negligible
changes to the score. In our experiments, the EP
is observed at a score of approximately 3. Based
on this criterion, we construct the training and test
splits shown in Table 2. The resulting test set max-
imizes the number of unseen words and lexical
diversity (Malvern et al., 2004; Johansson, 2008).

B Pronunciation Change of Number

Numbers are a fundamental component of any lan-
guage, conveying critical information in everyday
communication (Wiese, 2003). Accurate interpre-
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Figure 4: The pronunciation of Bengali numbers varies
depending on the textual context (highlighted in col-
ors). The BanglaIPA system converts numbers into
word forms as an intermediate step in IPA transcription.

Rangpur

Score
G

6 160 260 350 4&0 560
Iteration

Figure 5: Identification of the optimal Elbow Point
(EP) to terminate the dataset splitting procedure for the
Rangpur dialect using the Elbow method.

tation of numerical expressions is essential for a
robust IPA transcription system in Bengali. Nu-
merical expressions representing quantities, years,
dates, times, phone numbers, and similar constructs
can have multiple verbal pronunciations and word
forms, as illustrated in Fig. 4. In the BanglaIPA
system, we address this challenge by converting
numbers into intermediate word-form representa-
tions using GPT-4.1-nano. We provide the model
with the prompt shown in Fig. 6, instructing it to
leverage the contextual information of the full sen-
tence (An et al., 2024) to generate word forms for
numerical expressions while leaving other words
unchanged. The resulting contextually enriched
text is subsequently used for model-based IPA tran-
scription, improving the accuracy and robustness.
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System Prompt: You are a helpful chat-
bot who understands Bengali numerals in
different contexts.

User Prompt: Please rewrite the provided
text so that no Bengali digits are present.
Convert the numbers to word form based on
the context. Do not modify any words.

Here is the text: {user_text}.

Figure 6: Prompt used to instruct the large language
model to generate contextually rewritten Bengali text
by converting numerical expressions into word forms.



