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Abstract

Real-time speech assistants are becoming in-
creasingly popular for ensuring improved ac-
cessibility to information. Bengali, being a
low-resource language with a high regional
dialectal diversity, has seen limited progress
in developing such systems. Existing systems
are not optimized for real-time use and focus
only on standard Bengali. In this work, we
present BanglaTalk, the first real-time speech
assistance system for Bengali regional dialects.
BanglaTalk follows the client-server architec-
ture and uses the Real-time Transport Proto-
col (RTP) to ensure low-latency communica-
tion. To address dialectal variation, we intro-
duce a dialect-aware ASR system, BRDialect,
developed by fine-tuning the IndicWav2Vec
model in ten Bengali regional dialects. It out-
performs the baseline ASR models by 12.41-
33.98% on the RegSpeech12 dataset. Further-
more, BanglaTalk can operate at a low band-
width of 24 kbps while maintaining an aver-
age end-to-end delay of 4.9 seconds. Low
bandwidth usage and minimal end-to-end de-
lay make the system both cost-effective and
interactive for real-time use cases, enabling in-
clusive and accessible speech technology for
the diverse community of Bengali speakers.1

1 Introduction

Conversational speech assistants (Dutsinma et al.,
2022) have transformed human-computer interac-
tion, making information more accessible. Widely
adopted tools such as Alexa, Siri, and Cortana
demonstrate the profound impact of real-time
speech assistants on human lives (Hoy, 2018).
However, while significant progress has been made
for high-resource languages such as English, Man-
darin, and French, such tools are still underdevel-
oped for the low-resource Bengali language. Ben-
gali is a morphologically rich Indo-Aryan language
(Islam et al., 2025), spoken by approximately 260

1https://github.com/Jak57/BanglaTalk
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Figure 1: Existing Bengali speech assistants (left) fail
to understand queries in regional dialects due to re-
liance on standard Bengali ASR (incorrect transcriptions
are shown in red). BanglaTalk (right) successfully
handles regional dialect queries through its dialect-
aware ASR (BRDialect). It is bandwidth efficient and
operates in real-time due to the incorporation of the
Real-Time Transport Protocol.

million people worldwide. It exhibits significant re-
gional dialectal diversity, with variations in phonol-
ogy, vocabulary, and syntax (Hasan et al., 2024b).
This linguistic diversity poses a major challenge in
building robust speech assistants.

Automatic Speech Recognition (ASR) is a key
component of speech assistant systems. Existing
ASR systems are developed primarily for standard
Bengali (Saha et al., 2021; Rakib et al., 2023b),
and their performance is significantly degraded in
regional dialects. As a result, existing speech assis-
tant systems that integrate such ASR cannot sup-
port regional dialectal communication (Hasan et al.,
2021; Arnab et al., 2023). Moreover, real-time de-
ployment requires not only dialectal robustness, but
also minimal end-to-end delay and efficient band-
width usage. Previous works lack dialect-aware
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ASR, systematic analysis of delay minimization
techniques, bandwidth efficiency, and real-time
communication.

In this work, we introduce BanglaTalk, the first
real-time conversational speech assistant for Ben-
gali regional dialects. BanglaTalk adopts a client-
server architecture and incorporates the Real-time
Transport Protocol (RTP) (Schulzrinne et al., 2003)
to achieve low-latency communication. Robust au-
dio encoding enables operation at 24 kbps (kilobits
per second). As illustrated in Fig. 1, while existing
speech assistants fail in interpreting regional dialec-
tal queries, BanglaTalk transcribes them accurately
through the dialect-aware ASR system. It responds
to queries effectively and interactively in real-time
using low bandwidth.

The BanglaTalk client integrates lightweight au-
dio processing modules, including noise cancella-
tion, dynamic range compression, and audio en-
coding. On the server side, a dialect-aware ASR
system, a voice activity detector (VAD), a natural-
sounding Text-to-Speech (TTS) system, and audio
encoding modules form a complete pipeline for
real-time speech assistance. Central to this sys-
tem is BRDialect, a dialect-aware ASR model fine-
tuned on ten Bengali regional dialects. BRDialect
outperforms the baseline Whisper (Tugstugi, 2023)
and IndicWav2Vec (Javed et al., 2022) models,
achieving a word error rate of 74.1% and character
error rate of 40.6% on the RegSpeech12 (Hassan
et al., 2025) dataset.

Additionally, the integrated VITS (Kim et al.,
2021) TTS model produces natural-sounding
speech with a high mean opinion score (MOS) of
4.49, enhancing the user experience. With an aver-
age end-to-end delay of 4.9 seconds, BanglaTalk
enables interactive real-time communication be-
tween the user and the speech assistant. This sys-
tem will significantly impact the lives of Bengali
speakers due to its dialect-aware ASR, low band-
width usage, and real-time performance.

In summary, our main contributions are:

• We introduce BanglaTalk, the first real-time,
bandwidth-efficient Bengali speech assistant
designed to support regional dialects through
a client-server architecture.

• We develop BRDialect, a dialect-aware ASR
system that substantially outperforms exist-
ing ASR models on the RegSpeech12 dataset
spanning twelve regions of Bangladesh.

• We provide a comprehensive analysis of au-
dio processing latency, bandwidth usage, end-
to-end delay, and generated speech quality,
demonstrating the robustness of BanglaTalk
for real-time, dialect-aware communication.

2 Methodology

BanglaTalk follows a client-server architecture,
with lightweight audio processing on the client and
computationally intensive tasks on a centralized
server. The overall pipeline is illustrated in Fig. 2.

2.1 BanglaTalk Client
The client is responsible for capturing, processing,
and transmitting audio to the server. As shown
in Fig. 2 (left), its main modules include audio
capture, dynamic range compression, noise sup-
pression, encoding, and transmission.

Audio Capture The client captures audio in 20-
ms (milliseconds) frames at a sample rate of 16
kHz (kilohertz). Each frame contains 320 samples
in 16-bit PCM little-endian format (Dobson, 2000).
Although the Opus codec (Valin et al., 2016) sup-
ports multiple sample rates (e.g., 8-48 kHz), we fix
the sample rate at 16 kHz to align with the ASR
and VAD modules. Opus allows frame durations
of 2.5-100 ms. A frame duration of 20 ms (50
RTP packets per second) offers a balance between
packet size and loss rate in real-time communica-
tion.

Dynamic Range Compression (DRC) Speech
captured from the microphone often includes soft
and excessively loud signals. Compressing the dy-
namic range helps maintain a consistent audio level,
enhancing performance (Giannoulis et al., 2012).
We develop the dynamic range compression algo-
rithm described in Alg. 1 and apply compression
only to the loud audio segments. Whenever the
decibel level of a normalized audio sample exceeds
-10 dBFS (decibels relative to full scale), we apply
a compression ratio of 2:1. Samples outside this
threshold remain unchanged.

RNNoise Cancellation Noise poses a major is-
sue in audio communication. Background and fore-
ground noise can be picked up by the microphone
and transmitted to the network, degrading the over-
all performance of the system. To mitigate this, we
perform noise suppression with RNNoise (Valin,
2018). It is a lightweight neural network-based
denoiser capable of real-time operation.
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Figure 2: Client (left) and server-side (right) processing pipelines of the BanglaTalk System.

RNNoise is trained to remove noise from an au-
dio frame of duration 10 ms at a 48 kHz sample rate.
Since every captured audio frame duration is 20 ms
at a 16 kHz sample rate, we apply audio segmenta-
tion, upsampling, and downsampling during noise
suppression. Alg. 2 shows the pseudocode for up-
sampling. Linear interpolation (Xu and Xu, 2022)
is used in upsampling from 16 to 48 kHz due to
minimal computational overhead. After denoising,
the audio is downsampled to 16 kHz using Alg. 3.
Specifically, we skip intermediate sample values
– from every three consecutive audio samples, the
first one is retained and the remaining two are dis-
carded. This simple technique is computationally
efficient for downsampling.

Encoding with Opus Codec Opus is a high-
quality audio codec for interactive speech and mu-
sic transmission over the Internet (Valin et al.,
2016). It is widely used in VoIP (Voice over IP)
applications (Sundvall, 2014) due to the low la-
tency processing and error concealment. Each au-
dio frame contains a total of 320 samples (640
bytes). Without compression, audio frames are ex-
pensive to transmit over the Internet due to high
bandwidth consumption. To mitigate this, each au-
dio frame is encoded using the Opus codec with a
low bitrate of 24 kbps. This ensures low bandwidth
usage, which is a critical factor for greater accessi-
bility. The incoming audio frames from the server
are decoded with the same codec.

Packetization and Transmission Each encoded
audio frame is encapsulated in an RTP packet fol-
lowing the Real-time Transport Protocol (Group
et al., 1996). The first 12 bytes of each packet con-
tain the header, and the remaining bytes contain
the Opus-encoded payload. App. B describes the
structure of the RTP packet. These packets are sent
at 20 ms intervals to the server’s public IP and the

RTP packet receiver port (Postel, 1980).

2.2 BanglaTalk Server
The server is responsible for receiving the audio
stream from the client and generating an appropri-
ate audio response. The overall server-side process-
ing pipeline is illustrated in Fig. 2 (right). To func-
tion effectively, the server employs several intercon-
nected modules. First, the incoming audio frames
are received and decoded using the Opus decoder.
Next, voice activity detection is performed to iden-
tify speech segments. When a complete user query
is detected, the corresponding speech segment is
transcribed into text. This text is then processed by
a large language model (LLM), which generates
a suitable response. The response is subsequently
converted into speech using a TTS system. Finally,
the speech is resampled and the resulting audio
frames are encoded with the Opus codec. Follow-
ing the RTP protocol, the created RTP packets are
transmitted to the client. The detailed workflow of
these modules is described below.

RTP Packet Parser The server receives audio
data from the client in the form of RTP packets.
Each packet is parsed to extract header information,
encoded data length, and encoded audio data in
byte format.

Decoding with Opus Codec The extracted en-
coded audio is decoded using the Opus codec.
Based on the encoded data length and audio bytes,
the decoder reconstructs audio frames of 20 ms du-
ration, corresponding to 320 samples at a 16 kHz
sample rate.

Voice Activity Detection (VAD) Voice activity
detection is a crucial component of real-time com-
munication, as it identifies speech segments while
discarding non-speech portions. This prevents un-
necessary downstream processing, thus reducing la-
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Algorithm 1 DRC compresses the amplitude of
samples exceeding a −10 dBFS threshold by ap-
plying a 2:1 compression ratio. It leaves the quieter
samples unchanged.

Require: Frame x ∈ ZN , threshold τ = −10
dBFS, ratio r = 2

Ensure: Compressed frame y ∈ ZN

1: y ← x
2: for i← 1 to N do
3: s← yi
4: if s = 0 then
5: continue
6: end if
7: d← 20 · log10

(
|s|/32768

)

8: if d ≤ τ then
9: continue

10: end if
11: d′ ← τ + (d− τ)/r
12: σ ← sign(s)

13: s′ ←
⌊
10 d′/20 · σ · 32767

⌋

14: yi ← s′

15: end for
16: return y

tency and improving overall efficiency. We use the
Silero VAD (Team, 2024) in the streaming mode,
which is specifically designed for real-time applica-
tions. It works with a frame duration of 32 ms (512
samples) at a sample rate of 16 kHz and determines
whether each audio frame marks the beginning, end
of a speech segment, or none. Only the detected
speech segment corresponding to the user query is
forwarded to the ASR system.

Automatic Speech Recognition (ASR) We train
a Wav2Vec2-based model (Baevski et al., 2020)
using speech data from ten regional dialects from
the Ben10 dataset (Humayun et al., 2024). For
data processing, we follow Hasan et al. (2024a)
and fine-tune the pre-trained IndicWav2Vec (Javed
et al., 2022) for Bengali on that processed dataset.
To evaluate the performance of our trained ASR
model, we use the RegSpeech12 (Hassan et al.,
2025) test set (Ben10 test set is not publicly avail-
able). A detailed description and analysis of these
datasets are provided in App. C.1 and App. C.2.

End of Query Detection Accurate detection of
the end of a user query is essential for real-time
speech assistance systems (Liang et al., 2023). We
have defined the end of query as a silence segment

lasting at least 1.2 seconds. For silence detection,
Silero VAD is utilized. Once an end-of-query is
detected, the speech segment is passed to the ASR
system to generate the transcription. The result-
ing query is then forwarded to the LLM, which
produces the system’s response.

Generating Response Using LLM Large Lan-
guage Models (LLMs) are crucial for generating
responses to user queries (Dam et al., 2024). To
maintain coherent communication, responses are
generated for valid queries, while invalid queries
are discarded. We employ GPT-4.1-nano as the
chat model, with the prompt template presented
in App. D. To minimize latency, we use stream-
ing mode, which delivers responses incremen-
tally rather than waiting for a full response. The
streamed text is segmented based on Bengali punc-
tuation and forwarded to the TTS system.

Text-to-Speech (TTS) Several TTS models are
available for Bengali (Raju et al., 2019). We experi-
ment with MMS-TTS-Ben (Pratap et al., 2024) and
two variants of VITS-Bengali (male and female
voices) (Hossen, 2023). These models are selected
because of their minimal processing delay. MMS-
TTS-Ben produces speech at a 16 kHz sample rate,
while VITS-Bengali outputs at 22.05 kHz. For sys-
tem compatibility, the VITS-generated speech is
resampled to 16 kHz.

Network Transmission The processed audio is
segmented into 20 ms frames and encoded with
the Opus codec at a bitrate of 24 kbps. Each RTP
packet is constructed with a 12-byte header, fol-
lowed by encoded audio data. The RTP packets are
transmitted over the Internet to the client’s public
IP and port at 20 ms intervals, ensuring synchro-
nized real-time playback.

3 Result & Discussion

3.1 Implementation Details

Since the system is intended for deployment across
a diverse population in Bangladesh, we prioritize
computational efficiency on the client side to en-
sure accessibility across devices with varying hard-
ware capabilities. In contrast, the server must be
sufficiently powerful to handle audio processing,
response generation, and real-time communication
with minimal latency. Accordingly, our experi-
ments were conducted with an Intel Core i7 CPU
(without GPU) as the client and a server equipped
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Model WER ↓ CER ↓
Whisper-medium-Bengali 0.846 0.562
IndicWav2Vec-Bengali 0.897 0.615
BRDialect 0.741 0.406

Table 1: Performance of ASR systems on the test set
of the RegSpeech12 dataset, covering twelve Bengali
regional dialects.

with an NVIDIA GeForce RTX 4090 GPU for effi-
cient processing.

3.2 Evaluating BRDialect

To evaluate the performance of our dialect-aware
ASR system, BRDialect, we use the test set
from the RegSpeech12 (Hassan et al., 2025)
dataset. It includes dialects from twelve regions
of Bangladesh – Rangpur, Sylhet, Chittagong,
Noakhali, Narail, Kishoreganj, Barishal, Habiganj,
Comilla, Tangail, Sandwip, and Narsingdi, totaling
2132 audio files.

For evaluation, we report the Word Error Rate
(WER) and Character Error Rate (CER), following
the formulas described in App. E.1. To refine ASR
predictions, we apply beam search decoding with a
5-gram KenLM language model (Heafield, 2011).
We also investigated the impact of the preprocess-
ing and postprocessing steps, including noise can-
cellation, normalization, and punctuation removal,
as these factors significantly affect the overall per-
formance of the ASR.

As shown in Table 1, BRDialect outperforms
baseline models in both WER and CER. Specif-
ically, it achieves the lowest WER of 0.741 and
CER of 0.406 when decoded with a 5-gram KenLM
model, combined with Unicode normalization and
punctuation removal, but without noise cancella-
tion.

BRDialect consistently outperforms
Whisper-medium-Bengali (Tugstugi, 2023)
and IndicWav2Vec-Bengali (Javed et al., 2022),
achieving a 12.41–17.39% relative improvement
in WER and a 27.77–33.98% improvement in
CER. The comparatively poor performance of the
baseline models suggests that dialectal variation
is not adequately addressed during their training,
limiting their suitability for regional speech-to-text
tasks. BRDialect highlights the importance of
dialect-aware fine-tuning for building a robust
ASR system.

Processing WER ↓ CER ↓
Noise Cancellation 0.876 0.497

No Noise Cancellation 0.865 0.452
5-gram KenLM Decoding 0.827 0.442
Unicode Normalization 0.796 0.420
Punctuation Removal 0.741 0.406

Table 2: Impact of different types of processing on the
performance of the BRDialect ASR system. Processing
pipelines are combined from top to bottom consecu-
tively for the group without noise cancellation.

Performance across Regions We further evalu-
ate BRDialect across individual regions. As shown
in Fig. 3, the ASR system performs well across
most regions, with WER below 70% in seven out
of the twelve regions. The lowest WER, 0.438,
is achieved for the Comilla region. Although
the Comilla dialect is not included in the training
data of BRDialect, its low WER demonstrates the
model’s strong generalization capability to unseen
dialects.

3.2.1 Ablation Study
We analyze the effect of different preprocessing and
postprocessing techniques on ASR performance.
Table 2 summarizes the improvements observed
with BRDialect.

Impact of Noise Cancellation We experiment
with denoising the input audio before transcrib-
ing. The experimental results show that denoising
with RNNoise slightly increases WER by 1.27%.
Aggressive denoising can remove speech cues nec-
essary for the accurate transcription of regional di-
alects. For the remaining processing steps, we keep
the original audio without denoising and combine
processing pipelines.

Impact of 5-gram KenLM Decoding Integrat-
ing a 5-gram KenLM model during decoding im-
proves WER from 0.865 to 0.827, a 4.39% reduc-
tion. This confirms the value of training a KenLM
language model with a Bengali regional text corpus
for robust ASR performance (Rakib et al., 2023b).

Impact of Unicode Normalization Normaliz-
ing text further reduces WER to 0.796. This step
is crucial since many Bengali characters can be
represented in multiple ways, causing transcrip-
tion inconsistencies. Normalizing text with the
BnUnicodeNormalizer (Ansary et al., 2023) en-
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Figure 3: Regionwise word error rate distribution of the
test set of the RegSpeech12 dataset. Transcriptions are
generated using the BRDialect ASR system.

sures uniform representation, improving ASR per-
formance.

Impact of Punctuation Removal Since baseline
ASR models do not generate punctuation, we re-
move punctuation from the RegSpeech12 transcrip-
tions to ensure a fair comparison. Combined with
previous steps, this yields the lowest WER of 0.741
and CER of 0.406. A detailed analysis of the pro-
cessing configurations and their impact on the BR-
Dialect ASR is provided in App. E.2.

Impact of High WER A Word Error Rate
(WER) of 74.1% is relatively high for a general-
purpose ASR system. However, dialectal speech
recognition is inherently more challenging than
the standard ASR task. The poor performance of
the baseline models (Whisper-medium-Bengali
and IndicWav2Vec-Bengali) validates this diffi-
culty. In this context, BRDialect achieves a relative
improvement of 12.41-33.98% over the baseline
models, representing a substantial achievement.

Within the BanglaTalk system, the integrated
large language model (GPT-4.1-nano) effectively
compensates for minor transcription errors. Lever-
aging its robust contextual understanding, the LLM
can infer user intent even from noisy or imperfect
ASR outputs, as illustrated in Fig. 10. Most ob-
served errors involve minor substitutions that do
not significantly affect the intended meaning.

Furthermore, explicitly prompting the LLM to
interpret dialectal queries (Fig. 7) enhances the sys-
tem’s ability to generate appropriate responses. The
combination of a dialect-aware ASR model (BR-
Dialect) and the powerful LLM (GPT-4.1-nano)
ensures that the BanglaTalk system remains usable
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Figure 4: Distribution of Levenshtein distance for the
best processing settings - without noise cancellation,
Bangla unicode normalization, and punctuation removal
by three ASR systems on the RegSpeech12 dataset.

and effective despite relatively imperfect transcrip-
tions.

3.2.2 Levenshtein Distance Analysis

Fig. 4 illustrates the distribution of normalized Lev-
enshtein distance between the ground-truth tran-
scriptions and the outputs of the evaluated ASR
systems under the best processing configuration –
No noise cancellation, Unicode normalization, and
punctuation removal. For BRDialect, transcription
quality is further refined during decoding using our
trained 5-gram KenLM language model. A lower
Levenshtein distance indicates higher transcription
accuracy.

Among the models, BRDialect achieves
the lowest mean distance of 0.65, demon-
strating strong alignment with the reference
transcriptions. Whisper-medium-Bengali
performs moderately with a mean distance
of 0.78, while IndicWav2Vec-Bengali con-
sistently underperforms. The distribution of
IndicWav2Vec-Bengali peaks sharply at 1, with
the highest mean distance 0.89, highlighting
substantial deviation from the ground truth.

In contrast, BRDialect exhibits a broader distri-
bution, reflecting variability in performance – some
utterances are transcribed with high accuracy, while
others are less. It achieves a measurable improve-
ment of 16.67-26.97% compared to the baseline
models, highlighting its effectiveness in handling
dialectal diversity.
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Figure 5: Uploading bitrate on the client side for a
duration of one minute.

3.3 Evaluating BanglaTalk

Low Latency Audio Processing On the client
side, each captured audio frame undergoes three
sequential processing steps – dynamic range com-
pression, noise cancellation, and encoding with
the Opus codec. The average processing time for
an audio frame of duration 20 ms, is reported in
Table 3.

Among these, the encoding with the Opus codec
is the most efficient, requiring only 0.56 ms per
frame. This is consistent with the codec’s design,
which targets real-time, low-latency audio appli-
cations (Valin et al., 2016). Similarly, the DRC
module introduces minimal computational over-
head, averaging 1.31 ms per frame. In contrast,
the noise cancellation with RNNoise introduces the
highest processing time of 6.51 ms.

RNNoise applies a lightweight neural network
for speech enhancement, making it more resource-
intensive than traditional signal processing meth-
ods. Additionally, RNNoise operates exclusively at
a 48 kHz sample rate, while the BanglaTalk system
relies on 16 kHz to ensure compatibility with ASR
and VAD modules (see §2.1). As a result, each
frame must first be upsampled from 16 kHz to 48
kHz prior to noise cancellation and subsequently
downsampled back to 16 kHz. These resampling
operations introduce an additional delay of 1.40
ms for upsampling and 0.34 ms for downsampling.
Compared to other ML-based noise cancellation
systems (Cha et al., 2023), RNNoise provides an
excellent balance of speech quality and efficiency,
making it highly suitable for real-time speech ap-
plications (Valin, 2018).

Despite this, the total processing time (8.38 ms)

Module Process Time (ms)

DRC 1.31
RNNoise 6.51
Encoding 0.56

Total 8.38

Table 3: Average processing times of a single audio
frame of duration 20 ms.

remains well below the 20 ms frame duration, en-
suring that all processing completes before the ar-
rival of the next frame. This guarantees uninter-
rupted, real-time streaming without additional la-
tency.

Adaptive Bitrate Control In real-time assistive
speech technologies, both end-to-end latency and
bandwidth efficiency are crucial factors (Kaur et al.,
2019). Bandwidth efficiency is particularly impor-
tant for underserved populations, such as those in
rural areas of Bangladesh, where high-speed or ex-
pensive Internet connections are often unavailable.

To address this challenge, our system prioritizes
bandwidth efficiency without compromising per-
formance. Audio streams are encoded at a target
bitrate of 24 kbps, significantly reducing bandwidth
usage in the upload and download streams during
client-server communication. Fig. 5 shows the up-
load bitrate of client-side for a one-minute audio
stream.

We employ the variable bitrate (VBR) mode of
the Opus codec, which dynamically adjusts the
bitrate based on the characteristics of the audio sig-
nal – allocating more bitrate to speech segments
and conserving bitrate during silence. In the exam-
ple shown in Fig. 5, the average bitrate over one
minute is only 19.29 kbps. This adaptive bitrate
usage makes the system more accessible to users
in economically disadvantaged regions (Osuagwu
et al., 2013), who might otherwise be unable to
benefit from assistive speech technologies.

Although applying RNNoise noise cancellation
slightly increases the ASR system’s Word Error
Rate (WER) by 1.27% (Table 2), it is retained in the
client application due to its substantial benefit in re-
ducing bandwidth usage. By removing background
and foreground noise, the audio signal becomes
more compressible. Without noise cancellation,
the average upload bitrate of the audio (as shown
in Fig. 5) rises from 19.29 kbps to 23.6 kbps – an
18.26% increase that is inefficient for client-side
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transmission. Given that the large language model
(GPT-4.1-nano) demonstrates strong robustness in
understanding minor transcription errors and gener-
ating accurate responses (Fig. 10), the advantages
of incorporating RNNoise into the client applica-
tion outweigh its modest negative impact on ASR
performance.

End-to-End Latency For real-time assistive
speech systems, minimizing the delay between the
end of a user’s query and the beginning of the sys-
tem’s audio response is essential to ensure natural
interactivity. The BanglaTalk system is designed
with this principle in mind, introducing minimal
overhead in both client and server-side processing.

We conduct rigorous testing and time analysis
to measure the BanglaTalk system’s end-to-end de-
lay. As detailed in App. E.3, the BRDialect ASR
module of the BanglaTalk system introduces only
a small delay, making it well-suited for real-time
applications. The TTS systems evaluated in our
study also exhibit low processing delay. App. F
presents a detailed evaluation of TTS systems.
Among them, the VITS-Bengali (male variant) is
the best-performing model, achieving a high Mean
Opinion Score (MOS) of 4.49 on the subset of the
BanSpeech (Samin et al., 2024) dataset.

To quantify the overall end-to-end delay of the
BanglaTalk system, we simulate ten user queries in
a conversation setting and measure the time elapsed
from the end of the user queries to the start of
the system’s response. As shown in App. G, the
system achieves an average end-to-end delay of 4.9
seconds. This latency is acceptable for real-time
assistive applications, ensuring smooth interactivity
and an enhanced user experience.

Preliminary User Study To evaluate the real-
world usability of the BanglaTalk system, we con-
duct a limited user study involving four native
speakers of the Sylhet and Mymensingh dialects.
The Sylhet dialect is selected due to its relative
high WER (0.831), while the Mymensingh dialect
is included to assess the generalizability of BR-
Dialect to unseen dialects, as it is not part of the
training set. Two native speakers from each region
interact with BanglaTalk on general information
and everyday task queries. Participants rate their
interaction experience on a 1-5 scale, where 1 indi-
cates a poor experience and 5 indicates an excellent
experience. Table 9 summarizes the results of five
queries per user. Overall, BanglaTalk achieves a
mean rating of 3.62, indicating a generally positive

user experience.
As illustrated in Fig. 10, users from both regions

interact successfully with the system despite mi-
nor transcription errors. Notably, users from the
Mymensigh region, whose dialect is not included
in BRDialect’s training data, report a mean satis-
faction rating of 3.73, further demonstrating the
model’s strong generalization capability to unseen
dialects. Participants also note that, despite their
strong accent in regional dialects, BanglaTalk re-
sponds accurately and naturally, providing an inter-
active and effective speech-based experience.

4 Related Work

4.1 Bengali Speech Assistants

Several speech assistant systems have been devel-
oped for the Bengali language in recent years. The
ALAPI system (Hasan et al., 2021) introduces an
open-domain Bengali conversational agent that pro-
cesses recorded audio queries from users and gen-
erates response audio using AI techniques along-
side a custom-built database. Shohojogi (Arnab
et al., 2023), designed for the banking sector,
provides voice-based customer support in Ben-
gali. It integrates Wav2Vec2-based ASR (Baevski
et al., 2020), query summarization, Google Text-to-
Speech (gTTS), and a doc2vec model to retrieve rel-
evant information for responses. Adrisya Sahayak
(Sultan et al., 2021) presents a desktop-based vir-
tual speech assistant for visually impaired Bengali
speakers, supporting computer operations, periph-
eral devices, and home appliance control.

In the healthcare domain, a voice-enabled Arti-
ficial Conversational Entity has been developed to
automate service interactions in Bengali (Pranto
et al., 2021). This system leverages a domain-
specific database and similarity-matching strate-
gies to generate responses to user queries. Extend-
ing beyond monolingual assistants, Disha (Ullah
et al., 2024) is a humanoid virtual assistant capa-
ble of interacting in both Bengali and English. It
can address financial queries and perform real-time
transactions. Beyond general-purpose applications,
Bengali voice assistants have also been deployed
in specialized domains such as providing informa-
tion on metro rail services in Bangladesh (Rahman
et al., 2024), assisting farmers with agricultural
queries (Divakar et al., 2021), and offering acces-
sible feminine healthcare support for marginalized
women (Puja et al., 2024).
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4.2 English Speech Assistants

Voice assistants such as Amazon Alexa, Apple Siri,
Microsoft Cortana, and Google Assistant have be-
come integral to modern human-computer inter-
action (López et al., 2017). These systems, pow-
ered by artificial intelligence, are increasingly in-
fluencing daily life and societal practices (Subhash
et al., 2020). Their development has been driven
by advances in both signal processing and machine
learning, which form the technological foundation
of voice-based interaction (Haeb-Umbach et al.,
2019).

Beyond their technical design, researchers have
examined the broader impact of these systems. For
example, Flavián et al. (2023) demonstrated that,
compared to text-based recommendations, voice-
based recommendations delivered by assistants
have a stronger influence on consumer decision-
making. User studies also indicate that voice as-
sistants are most frequently employed for activi-
ties such as music, information search, and smart
home (IoT) control (Ammari et al., 2019). Further-
more, their role has extended into education and
healthcare contexts, where they support learning
environments and assist older adults in managing
everyday activities (Terzopoulos and Satratzemi,
2020; Oewel et al., 2023).

4.3 Automatic Speech Recognition in Bengali

Research on Automatic Speech Recognition (ASR)
in Bengali has been addressed through both system
development and survey-driven studies (Mridha
et al., 2022; Tasnia et al., 2023; Sultana et al., 2021).
The availability of large-scale datasets, such as
Bengali Common Voice (Alam et al., 2022), OOD-
Speech (Rakib et al., 2023a), and RegSpeech12
(Hassan et al., 2025), has created significant oppor-
tunities for advancing Bengali ASR systems. Con-
tinuous Bengali ASR has been benchmarked on
the SHRUTI corpus using DNN-HMM and GMM-
HMM-based models (Al Amin et al., 2019), achiev-
ing relatively low error rates. Leveraging CNN-
RNN architectures, Saha et al. (2021) developed
a gender- and speaker-independent ASR system.
In Bangla-Wave (Rakib et al., 2023b), the inte-
gration of an n-gram language model is shown to
yield notable performance improvements. Further-
more, comparative analysis demonstrates that the
Wav2Vec-BERT model outperforms Whisper on
the Bengali Common Voice dataset (Ridoy et al.,
2025).

5 Conclusion & Future Work

In this work, we present BanglaTalk, the first real-
time, end-to-end conversational speech assistant
designed specifically for Bengali regional dialects.
The system integrates both client and server appli-
cations, with low-latency audio signal processing
implemented on both ends. To ensure efficient net-
work transmission, speech data is transmitted at
a low bandwidth of 24 kbps, making the system
accessible to a broad range of users. Our devel-
oped BRDialect ASR system, integrated into the
BanglaTalk pipeline, effectively transcribes Ben-
gali regional dialects, achieving an overall word
error rate of 74.1% and a character error rate of
40.6% on the RegSpeech12 dataset, which spans
12 regions of Bangladesh. For speech synthesis,
the VITS-Bengali TTS model (male) incorporated
into the system attains a mean opinion score (MOS)
of 4.49 on a subset of the BanSpeech dataset, en-
hancing the naturalness and human-like quality of
the generated voice. Furthermore, the system main-
tains a low end-to-end delay of 4.9 seconds, en-
suring a highly interactive user experience. These
performance metrics demonstrate the effectiveness
of the system for real-time communication.

Limitations

The BRDialect ASR system is trained on regional
speech data covering ten regions of Bangladesh.
Regions not included in the training data may ex-
perience less accurate transcriptions when using
the BanglaTalk system. Incorporating speech data
from the remaining regions of Bangladesh is ex-
pected to significantly improve the performance of
the BRDialect ASR system. Although BanglaTalk
reduces end-to-end delay and is highly interactive,
several limitations remain:

• User interruption: In the current system, the
assistant continues speaking until the utter-
ance is completed. Adding the capability to
handle user interruptions would make conver-
sations more natural and interactive.

• Speaker verification: The system does not
verify the speaker. If another person speaks
during the user’s conversation, their speech
is transcribed, which negatively affects per-
formance. Incorporating speaker verification
would mitigate this issue.

• Concurrent conversations: At present, only
one conversation can be executed at a time.
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Supporting multiple concurrent conversations
would increase system availability and usabil-
ity.

• User study coverage: Feedback has so far
been collected from a limited set of regional
speakers. A broader user study covering all
regions of Bangladesh would provide deeper
insights into system performance, user accep-
tance, and overall impact.
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A Algorithms

A.1 Upsampling

The upsampling algorithm described in Alg. 2 in-
creases the audio sample rate by generating inter-
mediate samples through linear interpolation.

Algorithm 2 Upsampling with linear interpolation
increases the sample rate by inserting new sample
values between consecutive samples. The inter-
mediate values are calculated using the previous-
current sample pair and the slope between them.

Require: Input frame x ∈ ZN , ratio r, previous
value p

Ensure: Upsampled array y ∈ ZN ·r

1: y ← array of zeros with length N · r
2: k ← 1
3: for i← 1 to N do
4: cur ← x[i]
5: ∆← (cur − p)/r
6: for j ← 0 to r − 1 do
7: v ← p+ j ·∆
8: Clip v into range [−32768, 32767]
9: y[k]← ⌊v⌋; k ← k + 1

10: end for
11: p← cur
12: end for
13: return y

A.2 Downsampling

The downsampling algorithm described in Alg. 3
reduces the audio sample rate by discarding inter-
mediate samples.

Algorithm 3 Downsampling by an integer factor
r reduces the sample rate by keeping every r − th
sample from the speech signal.

Require: Input frame x ∈ ZL, ratio r ∈ N, r ≥ 1
Ensure: Downsampled array y ∈ Z⌊L/r⌋

1: N ←
⌊
L

r

⌋

2: y ← array of zeros with length N
3: k ← 1
4: for i← 1 to L step r do
5: y[k]← x[i]; k ← k + 1
6: if k > N then break
7: end if
8: end for
9: return y

B The RTP Packet Structure

The structure of a standard RTP packet, which com-
prises a 12-byte header, is shown in Fig. 6.

C Dataset

C.1 Ben10 Dataset Analysis

The Ben10 dataset (Humayun et al., 2024) com-
prises speech recordings from 373 speakers across
ten distinct regions of Bangladesh. The training
set contains over 63 hours of audio sampled at 16
kHz. Table 4 presents the region-wise distribu-
tion of audio files within the training set. Since
the transcripts of the Ben10 test set are not pub-
licly available, we instead employ the test set of
the RegSpeech12 dataset (Hassan et al., 2025) for
evaluation in our study.

Training Set

Region Audio File Count

Barishal 796
Chittagong 1406
Habiganj 940
Kishoreganj 1638
Narail 1488
Narsingdi 1098
Rangpur 1037
Sandwip 1049
Sylhet 2903
Tangail 987

Total 13342

Table 4: Training set distribution of the Ben10 dataset

C.2 RegSpeech12 Dataset Analysis

The RegSpeech12 dataset (Hassan et al., 2025) is a
spontaneous speech corpus encompassing twelve
regional dialects of Bangladesh, comprising ap-
proximately 100 hours of speech data. In this
study, we utilize the test split of the dataset, which
contains around 10 hours of recordings. Table 5
presents the region-wise distribution of the test set.

D Prompt to LLM

To generate responses to spoken user queries tran-
scribed by the dialect-aware ASR system, we pro-
vide the prompt illustrated in Fig. 7 to the GPT-4.1-
nano model.
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Figure 6: RTP packet structure with a 12-byte header followed by the audio payload.

Test Set

Region Audio File Count

Barishal 101
Chittagong 176
Comilla 32
Habiganj 117
Kishoreganj 205
Narail 186
Narsingdi 137
Noakhali 28
Rangpur 130
Sandwip 131
Sylhet 762
Tangail 127

Total 2132

Table 5: Test set distribution of the RegSpeech12 dataset

System Prompt: You are a helpful chatbot
who understands Bengali regional dialects
and only speaks standard Bengali. Please be
concise and end every sentence with {|}.

User Prompt: Please generate a response
for only the valid query. For an invalid
query, print only a {$}. Here is the query in
the Bengali regional dialect {user_query}.

Figure 7: Prompt for LLM to generate response for
query in Bengali regional dialect.

E ASR System Evaluation

E.1 ASR Evaluation Metrics
Word Error Rate (WER) and Character Error Rate
(CER) are the standard metrics for evaluating the
performances of ASR systems. The formula for
Word Error Rate is:

WER =
S +D + I

N
× 100%, (1)

where S is the number of substitutions, D is the
number of deletions, I is the number of insertions,
and N is the total number of words in the reference
transcription.

Similarly, the formula for Character Error Rate
is:

CER =
Sc +Dc + Ic

Nc
× 100%, (2)

where Sc is the number of substitutions, Dc is the
number of deletions, and Ic is the number of inser-
tions at the character level. Nc is the total number
of characters in the reference transcription.

E.2 Impact of Processing on BRDialect ASR
System

Processing pipelines play a critical role in shaping
the performance of ASR systems. Table 6 presents
the impact of 5-gram KenLM decoding, noise can-
cellation, text normalization, and punctuation re-
moval on the BRDialect ASR system.

E.3 Processing Times of ASR Systems

The inference time for audio files varies across dif-
ferent ASR systems, as shown in Table 7. The
Whisper model exhibits significantly slower pro-
cessing compared to BRDialect and IndicWav2Vec.
Although the IndicWav2Vec model is slightly faster
than BRDialect, its overall performance is consid-
erably lower. In contrast, the processing time of
BRDialect falls within an acceptable range for real-
time communication applications.

F TTS Systems Evaluation

In this study, we conduct extensive experiments
with three open-source TTS systems, all of which
are based on the VITS architecture (Kim et al.,
2021): MMS-TTS-Ben (Pratap et al., 2024),
and the VITS-Bengali Male and Female variants
(Hossen, 2023). To evaluate the quality of the syn-
thesized speech, we employ the mean opinion score
(MOS) metric.
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KD NC UN PR WER CER

✓ ✕ ✕ ✕ 0.827 0.442
✓ ✕ ✕ ✓ 0.796 0.420
✓ ✕ ✓ ✕ 0.781 0.430
✓ ✕ ✓ ✓ 0.741 0.406
✓ ✓ ✕ ✕ 0.838 0.493
✓ ✓ ✕ ✓ 0.813 0.474
✓ ✓ ✓ ✕ 0.801 0.479
✓ ✓ ✓ ✓ 0.770 0.458
✕ ✕ ✕ ✕ 0.865 0.452
✕ ✕ ✕ ✓ 0.834 0.444
✕ ✕ ✓ ✕ 0.834 0.429
✕ ✕ ✓ ✓ 0.793 0.419
✕ ✓ ✕ ✕ 0.876 0.497
✕ ✓ ✕ ✓ 0.853 0.487
✕ ✓ ✓ ✕ 0.853 0.478
✕ ✓ ✓ ✓ 0.822 0.467

Table 6: Performance of the BRDialect ASR system
on the processing settings of 5-gram KenLM Decoding
(KD), Noise Cancellation (NC), Unicode Normalization
(UN), and Punctuation Removal (PR).

For a robust comparison, we curate a diverse
set of texts from the BanSpeech dataset (Samin
et al., 2024), which contains audio-text pairs across
thirteen categories. From each category, one repre-
sentative text sample is selected, forming the test
dataset, as detailed in App. F.1. Each text sample is
synthesized using all three TTS models. To assess
naturalness and perceived audio quality, an experi-
enced human rater with expertise in audio signal
processing independently rates each generated au-
dio on a 1 to 5 scale, where 1 indicates very poor
quality and 5 represents excellent quality (Streijl
et al., 2016).

The results, summarized in Fig. 8, indicate that
the VITS-Bengali Male model achieves the highest
average MOS score of 4.49, producing speech that
is perceived as highly natural and pleasant. The
VITS-Bengali Female model achieves an average
MOS of 4.40, which is also suitable for end-to-end
speech assistant systems. In contrast, MMS-TTS-
Ben performs the lowest, with an average MOS
score of 3.66, approximately 22.7% lower than
VITS-Bengali Male, indicating reduced suitability
for end-to-end applications.

F.1 Text Samples from the BanSpeech Dataset

The BanSpeech dataset (Samin et al., 2024) com-
prises audio–text pairs spanning diverse categories.

Audio Preprocessing Times (s) ↓
Whisper IndicWav2Vec BRDialect

sylhet_1 3.07 0.65 0.77
sylhet_2 3.61 0.59 1.00
sylhet_3 3.99 1.36 1.31
sylhet_4 3.49 0.80 0.97

Table 7: Processing time analysis of four audio files with
an average duration of 8.75 s from the Sylhet region.

User Query End-to-End Delay (s) ↓
Query_1 5
Query_2 4
Query_3 5
Query_4 5
Query_5 4
Query_6 6
Query_7 5
Query_8 5
Query_9 5
Query_10 5

Average 4.9

Table 8: End-to-end delay analysis of the BanglaTalk
system. Delay is calculated from the end of the user
query to the start time of getting the audio response
from the speech assistant.

For evaluating the TTS systems, we use the text
samples from this dataset, as illustrated in Fig. 9.

G End-to-End delay of BanglaTalk
System

To quantify the end-to-end delay of the BanglaTalk
system, the delay for ten user queries is measured.
Table 8 shows the results of this experiment. The
BanglaTalk system has a low end-to-end delay of
4.9 s.

H User Study

To evaluate the user experience with the BanglaTalk
system, a rigorous qualitative analysis is performed.
Table 9 presents a summary of the experimental
results, while Fig. 10 illustrates user interactions
with the BanglaTalk system from two regions of
Bangladesh – Sylhet and Mymensingh.
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Figure 8: Mean Opinion Score (MOS) of three TTS models on the subset of the BanSpeech dataset.

Audio Books: অথর্ষাৎ �দশ স্বাধীন হবার পর খুব সহেজই �মরামত করা যােব
Biography: িবেশষ কের লালেনর মতুৃ্যর পর বাউল িনযর্ষাতেনর সংখ্যা �বেড় যায়

Celebrity Interview: একটা নারী িহেসেব আমার িনেজেক �বশ ভােলা লােগ
Cass Lecture: এখান �থেক �দেখা তুিম ত্বরণ �পেয় যােচ্ছো

Documentary: কাঠগড়ায় দাঁড়াক এবার আমরা নজর িদেত চাই
Drama Series: আপনার বয়েফ্রেন্ড গুিল করেব �কন

Kid Cartoon: আমার কােছ দারুণ সুস্বাদ ুএকটা ফল আেছ তার নাম আেপল
Kid Voice: ভূত নাই ভূত না থাকুক সাপটাপ থাকেত পাের খারাপ �লাক থাকেত পাের

Medicine: তারপর হেচ্ছে িরসাচর্ষ ােরর পারপােসর ব্যাপার আেছ
Parliament Speech: প্রধানমন্ত্রী থাকা অবস্থায় এিতেমর অথর্ষ আত্মসাত করার কারেণ দিণ্ডিত হন

Political Talk Show: আমােদর সােথ িতন জন অিতিথ আেছন ভাচুর্ষ য়ািল যুক্ত হেয়েছন তারা আমােদর সােথ
Sports: সািকবেক যিদ আমরা িতন নম্বের ব্যাট করােত পাির

Television News: �দশ িহেসেব না তাকােল সহায়তার িদক িদেয় ইউেরাপীয় সংস্থা সমহূও আেছ শীষর্ষ িতেন

Figure 9: Selected text samples from the BanSpeech dataset to evaluate the performance of the TTS systems by
calculating MOS scores.

User Region Rating Mean ↑
Query_1 Query_2 Query_3 Query_4 Query_5

User_1 Sylhet 3.0 4.0 2.5 3.0 5 3.5
User_3 Sylhet 3.4 3.7 3.2 3.3 4.0 3.52
User_2 Mymensingh 2.0 4.0 3.8 4.2 3.3 3.46
User_4 Mymensingh 5.0 3.0 4.5 3.5 4.0 4.0

Mean 3.62

Table 9: User ratings on a 1–5 scale (where 1 indicates a poor experience and 5 indicates an excellent experience) for
conversational interactions with the BanglaTalk speech assistant. Ratings are collected from four users representing
two regional dialects – Sylhet and Mymensingh.
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মরুিগর ʟ˥ কƟামেন রানমু

মরুিগর ĺগাʅ রাȵা করেত হেল Ƶথেম ভােলা ভােব পিরɱার করেত 
হেব। এরপর মসলার সােথ মািখেয় িকছুǘণ রাখেত হেব। তারপর 
কড়াইেয় ĺতল গরম কের মরুিগ িদেয় রাঁধেত হেব। রাȵা ĺশষ হেল 

গরম গরম পােত পিরেবশন ক˙ন।

মরুিগর ĺগােʅা ĺকমেন র আনমু

বাংলােদেশ ĺসিলেƷǅ ĺকডা নাম কও কেয়কটা ĺসিলেƷǅর

বাংলােদেশর িকছু পিরিচত ĺসিলিƷǅর নাম হেলা অপ ুিব˞াস, 
শািকব খান, মমতাজ, এবং জয়া আহসান।

বাংলােদেশর ĺসিলিƷǅ কাডা নাম ক কেয়কটা ĺসিলিƷǅ

সুȱরবেনর মােঝ যাওয়ার আেগ িকতা িকতা খাগেজা বা িনয়ম 
ǅয়ম লােগ এইটা ĺলইখা িদও ছুটু তািলকাও একটা িদও

িনবিȴত িনয়ম অনযুায়ী, বেনর মেধƟ Ƶেবেশর আেগ ʆানীয় অনমুিত 
ĺনওয়া Ƶেয়াজন হয়।

সুȱর বেনর মােঝ যাওয়ার আেগ িকতা িকতা খাগেজা বা িনয়ম 
ǅয়ম লােগ ইটা ĺলিখয়া িদও ছুটুতা এখটা িদও

রাতারʟেলা যাওয়ার সবেচেয় ভালা ʛন মাস ĺনৗকা বারা ĺখমন 
আয় এইটা খুব সহজ ভােব ĺলইখা িদও

সাধারণত িডেস˘র ও জানয়ুাির মােস রাতারʟেলার দশŪন সবেচেয় 
সুȱর হয়।

রাতারʟেলা যাওয়া সবেচেয় বালা ʛন মাস ĺনৗকা বালা ĺখমন আর 
ইটা খুব সহেজ ĺলখা িদও

Figure 10: Conversational interactions with the BanglaTalk speech assistant using the regional dialects of My-
mensingh (left) and Sylhet (right). Each example includes the user’s query, the transcript generated by the BRDialect
ASR system, and the corresponding LLM-generated response. Although the WER of BRDialect is relatively high
in some cases, the LLM effectively captures the context and produces appropriate responses.
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