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Abstract
Regional dialects of Bangla, such as Sylheti and Chittagonian, pose significant challenges for natural language
processing due to their low-resource nature and substantial linguistic variation from standard Bangla. In this work,
we present a systematic evaluation of eight open-source LLMs for translating fifteen distinct Bangla dialects into
standard Bangla. To achieve this comprehensive coverage, we utilize a combination of established benchmarks
and a novel dataset curated from an ongoing regional linguistic project. We assess model performance using a
multi-metric framework that combines exact-match and error-rate evaluations such as, Averaged BLEU, WER, and
CER with embedding-based semantic metrics including BERTScore, METEOR, and COMET. Additionally, we
perform a detailed dialect-level linguistic analysis to identify the deep-seated structural, orthographic, and semantic
barriers inherent to dialectal translation. Our study highlights the strengths and limitations of current open-source
models, provides empirical insights for future dialect-aware fine-tuning, and contributes a reproducible benchmark
for the research community.
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1. Introduction

Bangla exhibits immense geographic and linguis-
tic diversity across a vast dialectal continuum, his-
torically categorized into major groups like Rarhi,
Varendri, Kamrupi, and Bangla (Chatterji, 1970).
As illustrated in Figure 11, peripheral variants such
as Sylheti, Chittagonian, and Rangpur differ sig-
nificantly from standard Bangla (primarily Rarhi-
based) in phonology, vocabulary, and morphology
that they frequently border on mutual unintelligibil-
ity.

Rarhi (Standard)

Howrah–Hooghly

 Kolkata

 Manbhum

 Birbhum

 Sunderbani

 Midnapore/Contai

 Malda

 Dhaka Urban 

 Barendra

 Rangpur–Dinajpur

 Jessore

 Barishal (Chandradwip)

 Dhakaiya (Bongali)

 Mymensingh (Bongali) 

 Puran Dhaka’s Kutti

 Comilla 

 Noakhali

 Tripura Koine

 Chittagonian

 Kamtapuri–Rajbangshi

 Sylheti

Figure 1: Regional dialects of the Bangla lan-
guage.

This extreme variance creates a severe com-
putational bottleneck. Table 5 in the appendix
section provides examples that capture some of

1 Banerjee (2023), The Linguist Magazine

the regional dialectal diversity. IPA transcrip-
tions are included solely for these instances to
improve interpretability and are absent from the
remaining data. Despite the rapid advancement
of Large Language Models (LLMs), most founda-
tion models are trained predominantly on standard
Bangla, leaving these structurally different dialects
largely underrepresented. Consequently, current
Bangla NLP systems experience catastrophic per-
formance drops often failing entirely at intent recog-
nition, sentiment analysis, or semantic parsing
when processing these peripheral variants. This
failure carries a profound real world cost: millions
of native dialect speakers are effectively excluded
from modern digital inclusion initiatives, including
voice assistants, e-governance platforms, and AI-
driven healthcare, as their natural speech is sys-
tematically misinterpreted as erroneous. Trans-
lating these regional variants to standard Bangla
is therefore an essential prerequisite for equitable
downstream NLP performance.

However, this remains a fundamentally low-
resource challenge characterized by a critical
scarcity of aligned corpora. Furthermore, robust
evaluation requires nuance. While the Averaged
BiLingual Evaluation Understudy (BLEU) score
serves as a widely adopted baseline for measuring
n-gram translation precision, morphologically rich
dialects demand evaluation methods that do not
strictly penalize valid regional substitutions. The
cost of relying exclusively on exact-match metrics

https://linguistmag.com/exploring-the-bengali-dialects-beyond-diglossia/
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is substantial: it fundamentally misguides model
development by artificially lowering the scores of
models that successfully preserve semantic intent,
thereby stalling progress in dialectal NLP. A com-
prehensive evaluation must therefore capture both
exact-match surface normalization and deep se-
mantic fidelity.

To address these limitations, we systematically
evaluate open-source LLMs across fifteen distinct
Bangla dialects. These specific dialects were
strategically selected because they span the en-
tire geographical and morphological continuum of
Bangladesh capturing both mutually unintelligible
linguistic islands (such as Chittagong and Sylhet)
and central, transitional variants (such as Tan-
gail and Mymensingh) thereby providing a holis-
tic benchmark of true dialectal diversity. Lever-
aging a rigorously curated consolidation of exist-
ing public datasets, along with a private fold de-
rived from an ongoing project referred to herein
as the Regional-Standard Bangla Corpus (RSBC),
we identify persistent structural translation barriers.
Our evaluation employs a rigorous multi-metric ap-
proach. We combine surface-level lexical assess-
ments such as Averaged BLEU (Papineni et al.,
2002), Word Error Rate (WER), Character Error
Rate (CER) with flexible and semantic-aware mea-
sures like Metric for Evaluation of Translation with
Explicit Ordering (METEOR) (Lavie and Agarwal,
2007), Crosslingual Optimized Metric for Evalua-
tion of Translation (COMET) (Rei et al., 2020), and
BERTScore F1 (Zhang et al., 2020). Through de-
tailed dialect-aware error analysis, this study pro-
vides a reproducible benchmark and critical in-
sights, offering a roadmap for geographically inclu-
sive, low-resource dialectal translation.

2. Related Work

The computational landscape for Bangla regional
dialects is characterized by a significant dispar-
ity between data availability and task-specific util-
ity. While dialects have been explored within
socio-linguistic frameworks such as the BIDWESH
(Fayaz et al., 2025) dataset introduced for multi-
dialectal hate speech detection the development
of parallel text corpora remains the most critical
requirement for linguistic standardization and ma-
chine translation.

2.1. Evolution of Parallel Corpora and
Translation Benchmarks

The primary obstacle to bridging dialects with stan-
dard Bangla is the lack of high-quality parallel data.
Initial efforts to address this were often restricted to
specific regions, such as ChatgaiyyaAlap (Chowd-
hury et al., 2025) for Chittagonian and FeniVerse

(Mahi et al., 2025a) for the Feni dialect. Broader
benchmarks like Vashantor (Faria et al., 2023)
and the BanglaDial (Mahi et al., 2025b) corpus
have since emerged to provide a multi-dialectal
foundation. The ONUBAD (Sultana et al., 2025)
dataset offers a comprehensive collection for auto-
mated conversion into standard Bangla, while re-
cent works like BhasaBodh (Bhuiyan et al., 2025)
provide parallel data for Chittagong and Sylhet,
alongside addressing the real-world challenge of
romanized digital communication. Despite these
advancements, many sub-regional variations re-
main underrepresented, and the field continues to
rely on a limited set of parallel pairs for model train-
ing.

2.2. From Traditional Neural Models to
Large Language Models

Methodologically, dialect translation has shifted
from rule-based mapping to Transformer-based ar-
chitectures. Previous studies (Khandaker et al.,
2025) have demonstrated that fine-tuned models
like BanglaT5 can achieve a WER as low as 15.7%
for standard-to-dialect translation.

Beyond text-based tasks, the complexity of
Bangla dialects has also been investigated in the
speech domain as well. For instance, Dipto et al.
(2025) demonstrated that state-of-the-art ASR sys-
tems suffer severe performance drops on dialects
like Chittagonian and Sylheti. Our benchmark mir-
rors this investigation in the text domain, evaluat-
ing whether LLMs exhibit the same vulnerability.

The current research frontier, however, centers
on the deployment of LLMs. To adapt these
foundation models, frameworks like Sylheti-CAP
(Prama, 2025) have actively sought to improve
zero-shot translation accuracy through sophisti-
cated context-aware prompting. Systems like
BanglaDialecto (Samin et al., 2024) have further
attempted to unify speech recognition and transla-
tion into a single pipeline.

Building on this, recent work (Riad et al.,
2025) has begun exploring parameter-efficient
fine-tuning via Low-Rank Adaptation (LoRA) to
develop dialect-aware conversational AI. For in-
stance, Fine-tuned models such as Mistral,
Gemma, and Claude for Question-Answering (QA)
tasks across a subset of five regional variants.
While these studies demonstrate the viability of
fine-tuning LLMs for dialectal comprehension, they
primarily rely on traditional n-gram metrics like
BLEU and ROUGE for evaluation. As previ-
ously established, these exact-match metrics of-
ten fail to capture semantic fidelity in morpholog-
ically rich dialects. Furthermore, these efforts fo-
cus on chatbot-style QA generation rather than
rigorous linguistic standardization. Consequently,
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a comprehensive, multi-metric evaluation of open-
source LLMs specifically targeting direct dialect-to-
standard translation across a much wider array of
geographically diverse Bangla dialects remains a
critical gap in the literature.

3. Dataset

Figure 2: Map of evaluated dialects.

3.1. Task Definition
We formulate dialect-to-standard translation as
a sequence-to-sequence generation task. A vi-
sual summary of the data conversion and pre-
processing steps is presented in Figure 3. Given
an input sequence of tokens in a regional Bangla
dialect, the objective is to generate a semantically
equivalent token sequence in Standard Bangla.
The model must maximize the conditional proba-
bility of the standard translation given the dialectal
input, ensuring deep semantic preservation while
actively normalizing regional lexical, phonological,
and morphological variations.

3.2. Proprietary Dialect Dataset
The RSBC corpus is composed of both aggregated
open-source datasets and a private subset, which
we designate as the Proprietary Dialect Dataset

(PDD). This proprietary subset represents a cu-
rated checkpoint derived from a separate, ongo-
ing research initiative dedicated to developing a
large-scale Bangla parallel corpus. We integrated
this private data into the current benchmark to
augment our total sample size and expand our
geographic coverage across a wider array of re-
gions. While this specific subset remains tem-
porarily proprietary pending the completion of its
parent project, its inclusion ensures a more com-
prehensive, linguistically diverse, and statistically
robust evaluation of the models. This PDD check-
point currently encompasses data from 8 regions.
To ensure high-quality parallel translations, we re-
cruited 9 independent, native speakers for each
respective regional dialect. The annotators were
specifically trained for this task and spent approx-
imately six months transcribing the data, while ex-
pert linguists continuously validated the accuracy
of the outputs. All annotators were fairly compen-
sated for their time.

3.3. Dataset Construction and
Concatenation

To build a comprehensive multi-dialectal bench-
mark, we aggregated different publicly available
sources such as Vashantor (Faria et al., 2023),
BIDWESH (Fayaz et al., 2025), Kothon (Faisal
et al., 2025), BanglaDialecto (Samin et al., 2024),
Bangla Regonal Text Corpus (Ahmed et al., 2026),
Bangla Dialect Dataset (Naeen et al., 2025),
FeniVerse (Mahi et al., 2025a), ChatgaiyyaAlap
(Chowdhury et al., 2025), ONUBAD (Sultana
et al., 2025), in addition to the Proprietary Dialect
Dataset (PDD) introduced in Section 3.2. In total,
this benchmark encompasses 15 distinct regional
Bangla dialects, including Chittagong, Noakhali,
Barishal, Sylhet, Feni, Habiganj, Mymensingh,
Khulna, Rangpur, Rajshahi, Tangail, Kishoreganj,
Narail, Narsingdi, and Cumilla, as visualized in Fig-
ure 2. Each instance in the corpus provides a
parallel sentence pair containing the original re-
gional text, its Standard Bangla translation, and
corresponding metadata tracking the region and
dataset source. To ensure high data integrity
across these disparate sources, all datasets were
merged into a single unified corpus through a rigor-
ous pipeline. This process included strict schema
normalization, UTF-8 encoding standardization,
a two-stage cross-dataset duplicate removal pro-
cess utilizing both exact and fuzzy matching, and fi-
nal manual and automated quality validation steps
to remove malformed pairs.

The RSBC corpus contains 68,666 samples
in total, with 17,004 derived from our propri-
etary dataset and 51,662 collected from external
sources. Details regarding all these data sources
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Evaluate on Open LLMs

METEOR COMET

CER WER

Metrics Evaluation

BERTscore BLEU

District

Regional Bangla

Standard Bangla

Dataset Source

Data Conversion

Cleaning

Validation

Filtering

"কি সুন্দুর এইডা এট্টু  উপহার দেন"

Regional Bangla

RSBC Corpus

"এটি কত সুন্দর,
একটু  উপহার

দাও"

Model Generated
Output

"কি সুন্দর!
আমাকে একটা
ছোট্ট উপহার

দাও।"

Standard Bangla

Figure 3: Overview of Regional–Standard Bangla Corpus (RSBC) creation and evaluation pipeline.

utilized in this work are presented in the Appendix
(Section 12) at Table 3.

District Samples Total Words Standard Unique Dialect Unique OOV (%)

Chittagong 19919 200524 19274 25225 23.59
Barishal 8065 80428 10386 11662 10.94
Noakhali 7983 89709 11492 13415 14.33
Rangpur 6108 40551 4677 7190 34.95
Habiganj 5357 50451 5564 8154 31.76
Sylhet 4904 36375 4305 6197 30.53
Feni 4035 42686 7865 8456 6.99
Kishoreganj 3623 21856 2844 4096 30.57
Mymensingh 2957 23467 3297 3927 16.04
Narsingdi 1973 14965 2416 3161 23.57
Narail 1143 6620 1467 1912 23.27
Khulna 909 4768 898 1266 29.07
Rajshahi 885 5624 1091 1621 32.70
Comilla 455 4145 768 1014 24.26
Tangail 350 2711 748 906 17.44

Total 68, 666 624, 880 76, 092 99, 202 N/A

Table 1: Dataset statistics and OOV% by district.

Table 1 summarizes the region-wise corpus
statistics, including sample volume, vocabulary
sizes, and the approximate Out-of-Vocabulary
(OOV) percentage. Prior to analysis, texts were
normalized and standard stopwords were re-
moved.

Table 4 in the Appendix (Section 12) con-
tains representative samples from our constructed
RSBC corpus, illustrating regional dialect diversity
and corresponding Standard Bangla translations.
Figure 6 in the Appendix (Section 12) illustrates
the distribution of samples across each regions.

As shown in Table 1, the aggregated corpus ex-
hibits a severe class imbalance. High-resource
dialects within our collection, such as Chittagong,
contain nearly 20,000 samples, while the most low-
resource variants, such as Tangail, contain only
350. A ratio of approximately 57:1. This disparity

is an unavoidable reflection of the current scarcity
of publicly available parallel corpora for peripheral
Bangla dialects, necessitating reliance on the lim-
ited data currently available online and from our on-
going data collection efforts. Beyond sample distri-
bution, two critical linguistic patterns emerge from
this data.

First, for every evaluated region, the number
of unique dialectal tokens significantly exceeds
the unique tokens in the corresponding Stan-
dard Bangla translations (e.g., 25,225 dialect vs.
19,274 standard tokens in Chittagong). It is im-
portant to note that traditional Type-Token Ratio
(TTR) is highly sensitive to corpus size, making
cross-district comparisons of unique token counts
(e.g., Chittagong vs. Tangail) susceptible to size-
induced skew. However, because our corpus is
strictly parallel, comparing the dialectal vocabu-
lary directly against its Standard Bangla counter-
part within the exact same set of sentence pairs
perfectly controls for corpus size. This mathemat-
ically valid intra-dataset vocabulary inflation high-
lights the morphological richness and lack of stan-
dardized orthography in regional dialects, requir-
ing models to learn complex, many-to-one map-
pings during translation.

Second, the OOV percentages reveal severe
lexical bottlenecks. Regions such as Rang-
pur (34.95%), Rajshahi (32.70%), and Habiganj
(31.76%) demonstrate that roughly one-third of
their regional vocabulary is entirely disjoint from
Standard Bangla.

This high prevalence of OOV tokens provides
a direct, empirical explanation for why traditional
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foundation models pre-trained almost exclusively
on standard linguistic structures exhibit the ele-
vated WER seen in Table 6 when attempting to
normalize these peripheral variants.

To further quantify the structural and morpho-
logical divergence between the regional dialects
and Standard Bangla, we analyzed the sentence
length relationships across the parallel corpus.
Figure 12 in the Appendix (Section 12) visual-
izes the character-level length distribution for all
15 evaluated dialects. In each subplot, a single
data point represents a parallel sentence pair, plot-
ted by its Standard Bangla length (x-axis) against
its corresponding Regional Bangla length (y-axis).
The solid diagonal line indicates absolute parity
(y = x), where the dialect and standard sentences
are identical in length.

While a strong positive correlation is naturally
maintained across all districts, the visualizations
reveal critical morphological variances. The dis-
persion of points away from the diagonal parity line
illustrates that regional variations frequently uti-
lize either highly compressed morphological con-
structs (falling below the line) or more verbose,
descriptive phrasing (appearing above the line) to
convey the same semantic meaning as the stan-
dard text.

Notably, highly divergent dialects such as Chit-
tagong, Sylhet, and Noakhali exhibit broader scat-
tering. Conversely, central and western dialects
such as Tangail, Narail, Rajshahi, and Khulna
demonstrate a much tighter clustering along the
parity line. Specifically, the subplots for Rajshahi
and Khulna reveal that their data points closely
hug the diagonal, indicating that their sentence
structures and morphological lengths strongly mir-
ror Standard Bangla with minimal deviation. This
variance mathematically demonstrates that trans-
lating peripheral Bangla dialects is not a symmet-
ric, word-for-word substitution task. Instead, it in-
herently involves handling one-to-many and many-
to-one token mappings. For foundation models
(LLMs), this structural elasticity compounds the
translation difficulty, as the model must bridge
significant gaps in sentence length and syntactic
structure to preserve the underlying intent, further
reinforcing the necessity of semantic-aware evalu-
ation metrics.

4. Dialect-Level Corpus Analysis

Beyond model evaluation, we conducted an ex-
ploratory linguistic analysis to quantify lexical and
semantic variation across the fifteen regional di-
alects represented in our merged parallel corpus.
Since this work is dialect-focused, understand-
ing inter-dialect similarity is crucial for interpreting
translation difficulty and model behavior.

4.1. Lexical Variation
To measure surface-level lexical overlap between
dialects, we compute pairwise Jaccard similarity
scores. For each region, we construct a vocabu-
lary set consisting of unique word tokens extracted
from the regional dialect side of the corpus.

Figure 4: Jaccard Matrix of Bangla dialects.

The resulting Jaccard similarity matrix in Figure
4 reveals substantial lexical divergence across sev-
eral geographically distant dialects, while neigh-
boring regions tend to exhibit higher overlap.
This supports the hypothesis that lexical varia-
tion contributes significantly to translation difficulty.
While pairwise Jaccard similarity provides a use-
ful heuristic for surface-level overlap, we note that
the severe disparity in corpus sizes across districts
(as outlined in Table 1) naturally suppresses the
intersection ratio between high-resource and low-
resource pairs. Consequently, these similarities
represent corpus-level distributional overlap rather
than absolute linguistic distance.

Specifically, the matrix demonstrates that Chit-
tagong and Sylhet dialects exhibit the lowest simi-
larity scores compared to Standard Bangla. These
dialects function almost as linguistic islands, pos-
sessing distinct vocabularies and root words that
severely limit surface-level overlap. In contrast,
central and northern regions such as Tangail,
Kishoreganj, and Rajshahi show markedly higher
similarity indices, reflecting their closer morpholog-
ical ties to the standard form.

4.2. Orthographic Divergence
To quantify the surface-level orthographic and mor-
phological variation that models must overcome
during normalization, we computed the average
character-level Levenshtein distance between the
sentences of each regional dialect and their corre-
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sponding Standard Bangla translations. This met-
ric measures the minimum number of character
insertions, deletions, or substitutions required to
transform one sentence into another, thereby cap-
turing the spelling variations, affix differences, and
phonological realizations inherent to each region.

Figure 5: Average Character-Level Edit Distance
to Standard Bangla.

The resulting bar chart in Figure 5 illustrates
the mean edit distance to Standard Bangla across
the evaluated regions. Higher values indicate a
stronger orthographic divergence from the stan-
dard form. As shown, dialects from the southeast-
ern and northeastern regions most notably Chit-
tagong, Noakhali, Habiganj, and Sylhet exhibit the
highest average edit distances. This reflects sub-
stantial phonological and morphological mutations
that require heavy character-level alterations to
standardize. In contrast, southwestern and central
dialects such as Khulna, Narail, Cumilla, and Nars-
ingdi demonstrate relatively lower edit distances,
suggesting a much closer surface-form similarity.

Measuring the direct distance to the standard
form provides a precise diagnostic of the normal-
ization burden for each variant. This pronounced
surface-level divergence offers a clear linguistic
explanation for the elevated CER and WER ob-
served in our zero-shot LLM evaluations, confirm-
ing that foundation models struggle heavily when
confronted with severe morphological mutations,
even if the underlying semantic intent is preserved.

4.3. Semantic Similarity Analysis
To evaluate meaning preservation and capture se-
mantic closeness, we calculate the average co-
sine similarity between dialectal sentences and
their Standard Bangla counterparts using multilin-
gual Sentence-BERT embeddings (Reimers and
Gurevych, 2019).

As reported in Table 2, similarity scores range
from 0.632 in Chittagong to 0.897 in Tangail, re-
vealing nuanced variations in semantic proxim-
ity. Regions such as Narail, Narsingdi, and My-
mensingh also exhibit high alignment, showing
scores of 0.822, 0.801, and 0.793, respectively.
It suggests that they function as a linguistic ”cen-

District SSS District SSS

Tangail 0.896610 Rangpur 0.741638
Narail 0.821695 Kishoreganj 0.720103
Narsingdi 0.800928 Noakhali 0.716744
Mymensingh 0.793136 Rajshahi 0.688009
Khulna 0.782692 Comilla 0.686630
Feni 0.772380 Habiganj 0.685308
Barishal 0.743976 Sylhet 0.655511
Chittagong 0.632263

Table 2: Average Semantic Similarity Scores
(SSS) between regional dialects and standard
Bangla.

tral hub” where core concepts and sentence struc-
tures remain highly preserved. In contrast, periph-
eral dialects like Chittagong, Sylhet, and Habiganj
exhibit low semantic alignment, with scores falling
to 0.632, 0.656, and 0.685, accordingly. This is
particularly noteworthy because these regions are
traditionally perceived as the most lexically dis-
tinct or even mutually unintelligible with Standard
Bangla, a perception now validated by their po-
sitioning at the lower end of the semantic spec-
trum. These findings reinforce the critical research
distinction between lexical divergence (surface-
level word choice) and semantic divergence (the
core meaning conveyed) when evaluating dialect-
to-standard translation performance.

Notably, these findings should be viewed
through the lens of our dataset’s sample distri-
bution, which varies across regions. While the
pronounced divergence in Chittagong and Sylhet
highlights a significant linguistic gap, the high se-
mantic proximity in Tangail suggests that these re-
sults serve as a high-signal indicator of how geo-
graphical proximity influences linguistic standard-
ization. Ultimately, this observed semantic spread
validates the hypothesis that translation difficulty is
inherently dialect-dependent, necessitating more
robust, dialect-aware modeling strategies to bridge
these specific linguistic divides.

4.4. Lexical vs Semantic Correlation

To better understand how surface-level variation
relates to deeper semantic alignment, we an-
alyzed the correlation between lexical distance
(1− Jaccard similarity) and sentence-level seman-
tic similarity (Sentence-BERT). We observe a mod-
erate negative correlation (r = −0.47) between
lexical distance and semantic similarity across dis-
tricts, indicating that increased lexical divergence
generally leads to reduced semantic similarity.
However, the relationship is not statistically signif-
icant (p = 0.074), suggesting that many dialectal
variations preserve meaning despite substantial
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lexical differences, see Appendix (Section 12.2) at
Figure 7.

Rather than a weakness, this lack of strict sta-
tistical significance is a profound linguistic finding
that perfectly supports our core hypothesis. As il-
lustrated in Figure 7, while peripheral dialects (e.g:
Chittagong or Sylhet) exhibit extreme vocabulary
shifts, their semantic degradation is not perfectly
linear. This proves that dialects are not simply
”noisy” Standard Bangla, but robust, expressive lin-
guistic systems capable of maintaining semantic
integrity even when surface-level overlap is min-
imal. Consequently, this validates our argument
that traditional exact-match metrics (which heavily
penalize lexical divergence) are fundamentally in-
adequate for this task, and deep semantic-aware
evaluations are absolutely necessary to judge true
translation capabilities.

This corpus-level finding provides critical linguis-
tic grounding for the observed LLM performance
disparities: peripheral dialects do not merely suf-
fer from surface-level spelling variations, but from
deep-seated vocabulary shifts that fundamentally
break the semantic mapping of standard founda-
tion models. Consequently, this compounded di-
vergence exponentially increases the translation
burden, validating the severe spikes in WER ob-
served in our evaluation. More importantly, it
proves that standard zero-shot inference is fun-
damentally insufficient for bridging extreme dialec-
tal gaps; resolving this semantic-lexical disconnect
strictly necessitates the development of dedicated,
dialect-aware fine-tuned LLMs capable of internal-
izing these robust regional linguistic structures.

5. Methodology

5.1. LLM Inference Framework

5.1.1. Problem Formulation

We are studying the task of translating regional
Bangla text into standard Bangla across 15 dis-
tinct region dialects. Each problem instance con-
sists of a regional Bangla input sequence, denoted
as R = {r1, r2, . . . , rn}, where each ri originates
from a specific dialect within the region set D =
{d1, d2, . . . , d15}. These inputs are paired with a
fixed zero-shot instruction prompt, denoted as Pzs,
which instructs the model to perform the dialect-
to-standard conversion without relying on prior in-
context examples. The objective is to generate the
correct standard Bangla text, represented as Ŝ, for
each regional input ri. This framework enables us
to evaluate the inherent zero-shot translation capa-
bilities of a LLM. Throughout the execution of our
pipeline, the parameters for the model were kept
entirely frozen. The entire procedure can mathe-

matically be abbreviated as follows:

Ŝi = LM([Pzs, ri]) (1)

Figure 3 illustrates a high-level overview of the
proposed methodology.

5.1.2. Prompting Strategy

To ensure a robust and reproducible evaluation,
we employ a structured zero-shot prompting frame-
work (Kuo and Chen, 2023). Our methodol-
ogy utilizes an instruction-based approach de-
signed to enforce strict linguistic role conditioning
and output constraints. Specifically, the prompt
template incorporates structured tagging (e.g.,
<translation>...</translation>) to
facilitate deterministic parsing and minimize both
model hallucinations and extraneous conversa-
tional filler. To maintain experimental integrity and
ensure a fair comparison across the 15 region-
specific datasets, we apply an identical prompt
configuration to all evaluated models. This stan-
dardized formatting ensures that performance vari-
ations are attributable to the models’ inherent lin-
guistic capabilities rather than prompt engineering
biases. The comprehensive prompt template used
throughout this study is detailed in Appendix 12.3.

5.2. Experimental Setup

5.2.1. Models

We evaluated a diverse suite of state-of-the-art
LLMs to assess translation capabilities across var-
ious regional variants and dialects. Our selection
encompasses both foundational and reasoning-
optimized architectures, including Llama3.2
(Grattafiori et al., 2024), Phi4 (Abdin et al.,
2024), Qwen3 (Yang et al., 2025), gpt-oss
(Agarwal et al., 2025), and IBM Granite4
(Mishra et al., 2024). To further probe the lim-
its of reasoning-heavy translation tasks, we in-
cluded DeepSeek-R1 (DeepSeek-AI, 2025),
Mistral (Jiang et al., 2023), and Gemma2
(Team et al., 2024). All models were deployed in a
zero-shot prompting configuration to evaluate their
inherent linguistic resilience and latent dialectal un-
derstanding without the influence of task-specific
fine-tuning.

5.2.2. Evaluation Metrics

To rigorously quantify translation quality, we uti-
lized a multi-metric framework designed to capture
both lexical precision and semantic fidelity. For
evaluating meaning preservation beyond surface-
level overlap, we employed BERTScore (Zhang
et al., 2020) and COMET (Rei et al., 2020), which
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leverage contextual embeddings to ensure seman-
tic alignment. We further utilized METEOR (Lavie
and Agarwal, 2007) for its sensitivity to synonymy
and stemming. To measure baseline n-gram trans-
lation precision, we report the averaged BLEU (Pa-
pineni et al., 2002) score, which captures structural
mapping from unigrams up to 4-grams, while WER
and CER were used to provide granular diagnos-
tics of morphological and lexical normalization ac-
curacy.

6. Result Analysis

6.1. Performance Analysis

The comprehensive evaluation detailed in Table
6 at Appendix (Section 12.4) reveals significant
disparities in how current LLMs handle the struc-
tural and morphological complexities of regional
Bangla. Specifically, the data highlights a severe
gap between exact lexical normalization measured
by BLEU, WER, and CER and the underlying se-
mantic preservation captured by BERTScore and
COMET.

gpt-oss and Qwen3 emerge as the
dominant performers across the macro-average.
gpt-oss achieves the highest overall seman-
tic alignment with a METEOR score of 0.3324,
a COMET score of 0.8106 and a BERTScore of
0.8402, while also demonstrating the best exact-
match BLEU average of 0.2224. Qwen3 closely
trails gpt-oss in semantic retention scoring a
BERTScore of 0.8329, but secures the lowest over-
all CER of only 0.4333, indicating superior capa-
bility in handling fine-grained morphological stan-
dardizations. Both models showcase robust re-
silience when translating linguistically central di-
alects like Tangail, where gpt-oss reaches an
impressive BERTScore of 0.8897 and a compara-
tively low WER of 0.6052.

However, it is crucial to interpret the macro-
average reported in Table 6 at Appendix (Sec-
tion 12.4) with caution due to the aforementioned
dataset imbalance. The macro-average treats all
fifteen districts equally, meaning the results from
350 samples of Tangail carry the same weight
as those 19,919 samples from Chittagong. The
exceptionally high performance figures for Tan-
gail (e.g., gpt-oss achieving a BERTScore of
0.8897) likely reflect its closer linguistic proximity
to Standard Bangla and its smaller, highly curated
sample size, which is less representative of the
true translation difficulty seen in heavily divergent
dialects. Consequently, the unweighted macro-
average may artificially inflate the perceived overall
performance. While we report the macro-average
to establish a baseline across all fifteen regions,
future benchmarking on this dataset should con-

sider weighted averages or isolated reporting of
high-resource versus low-resource clusters to pro-
vide a fairer performance picture.

In contrast, Mistral and Llama3.2
struggle profoundly with this dialectal normaliza-
tion task. Mistral records the lowest macro-
average across all positive metrics with a BLEU
score of 0.0826, and COMET score of 0.5671. Ad-
ditionally, it suffers from the highest global error
rates and showed a WER of 1.2612, and CER
of 1.0924. For heavily divergent regions such
as Narsingdi and Kishoreganj, Mistral’s WER
balloons to 1.6315 and 1.7807 respectively, sug-
gesting massive token hallucination and structural
breakdown.

To qualitatively investigate these extreme WER
values, we analyzed Mistral’s raw generation logs
for these specific districts. We observed that in-
stead of performing a direct mapping, Mistral fre-
quently succumbed to severe output length mis-
match driven by its failure to comprehend the pe-
ripheral dialect syntax. For example, given the
Kishoreganj input ”আেন্নরা িদয়া কােরন্ট আইেছ?”, the tar-
get Standard Bangla reference is ”আপনােদর ঐিদেক
কােরন্ট এেসেছ?” (containing 4 tokens). However,
Mistral completely failed the instruction and gen-
erated ”আপিন এক্সটৰ্া হেলা এক িবশব্বতর্ী ভাষা িবজ্ঞানী...”
followed by a continuous, non-sensical loop of
over 6,400 hallucinated tokens. This type of error
manifesting as repetitive hallucination drastically
inflates the insertion penalty component of the
WER formula, mathematically pushing the score
well above 1.0 and highlighting the brittleness of
standard foundation models on low-resource re-
gional variants.

Llama3.2 fares only marginally better, indi-
cating that without specialized fine-tuning, stan-
dard base models lack the necessary vocabu-
lary and syntax mapping to bridge extreme re-
gional variations. It is important to contextualize
these results with respect to model size. The
gpt-oss (20B) model possesses nearly
seven times the parameter count of models like
Llama3.2 (3B) and Granite4 (3B).
While gpt-oss demonstrates superior seman-
tic retention, this is largely expected given its
massive parameter advantage. The struggles of
Llama3.2 and Granite4 highlight the lim-
itations of highly compact models in low-resource
dialectal mapping, rather than a fundamental archi-
tectural flaw.

Finally, the data reinforces our core linguistic hy-
pothesis: exact-match metrics inherently penalize
the necessary lexical substitutions required for di-
alect translation. Even the best performing model,
gpt-oss, achieves a maximum average BLEU
score of only 0.2224, yet its BERTScore average
of 0.8402 proves that the fundamental meaning is
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largely preserved.
Thus, while exact-match evaluations highlight the
surface-level brittleness of LLMs, semantic-aware
metrics are vital to accurately assessing true trans-
lational intent across the Bangla dialect continuum.
The radar chart in Appendix (Section 12.2) at Fig-
ure 8 provides a holistic view of each model’s multi-
metric footprint. Because exact-match metrics
inherently penalize dialectal normalizations, the
“BLEU” axis remains universally contracted across
all models. However, highly capable models like
gpt-oss and Qwen3 demonstrate a wide, ex-
pansive footprint toward the semantic axes, specifi-
cally BERTScore, COMET while successfully min-
imizing their stretch toward the error axes for in-
stance, CER and WER, proving their superior ca-
pability in handling morphologically rich Bangla di-
alects.

Figure 9 and Figure 10 in Appendix (Section
12.2) separate the evaluation into positive seman-
tic quality metrics including METEOR, COMET,
BERTScore, BLEU and negative structural error
metrics such as CER, WER. The quality distri-
butions visually confirm gpt-oss’s dominance
across all embedding-based metrics, closely fol-
lowed by Qwen3. Conversely, the error distribu-
tions in Figure 10 highlight the extreme lexical brit-
tleness of Mistral and LLaMA 3.2, which
suffer from distinct spikes in both CER and WER,
indicating frequent hallucinations and poor mor-
phological mapping.

Figure 11 plots the models on a trade-off
curve between semantic preservation (COMET)
and surface-level structural degradation (WER).
This scatter plot effectively clusters the mod-
els into three tiers of dialectal comprehension.
gpt-oss and Qwen3 occupy the optimal top-
left quadrant (high semantic retention, low er-
ror), while Mistral is isolated in the bottom-
right quadrant, representing a near-total failure to
normalize the peripheral dialect structures effec-
tively.

7. Future Work and Conclusion

While this framework successfully identifies criti-
cal linguistic barriers, current evaluations remain
constrained by the severe geographical imbalance
and representational disparity of available parallel
data. Because we aggregated all currently avail-
able public data alongside our ongoing project,
the resulting corpus suffers from heavy skew (e.g.,
Chittagong vs. Tangail). As an ongoing resource-
building initiative, we are actively expanding our
corpus to specifically target and over-sample these
underrepresented sub-regional varieties to correct
this imbalance. By using this expanded dataset,
our objective is to fine-tune and publicly release

a dedicated regional dialect-to-standard Bangla
translation model, complete with comprehensive
evaluation scripts and model cards. Ultimately,
by providing both curated linguistic resources and
an open-source baseline model, we aim to estab-
lish a sustainable infrastructure for dialect-aware
NLP research and promote broader digital inclu-
sion across all Bangla-speaking communities.

In this work, we presented a systematic evalua-
tion of open-source LLMs across fifteen Bangla re-
gional dialects, revealing significant semantic and
structural challenges in dialect-to-standard trans-
lation. Through a multi-metric evaluation frame-
work combining surface-level and semantic-aware,
we provided a comprehensive analysis of current
model capabilities and limitations in low-resource
dialectal settings. By identifying these persistent
translation gaps and proposing a unified bench-
marking approach, this study contributes a foun-
dational step toward more inclusive, linguistically
grounded, and regionally representative language
technologies.
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12. Appendix

12.1. Dataset Sample Distribution

Dataset Source Total Count Covered Regions
Proprietary Dialect Dataset 17, 004 Chittagong, Comilla, Habiganj, Kishoreganj, Narsingdi, Noakhali, Rangpur, Tangail
Vashantor 9892 Barishal, Chittagong, Mymensingh, Noakhali, Sylhet
BIDWESH 8985 Barishal, Chittagong, Noakhali
Kothon 7989 Chittagong
BanglaDialecto 4477 Noakhali
Bangla Regonal Text Corpus 4462 Barishal, Khulna, Narail, Rangpur
Bangla Dialect Dataset 4038 Barishal, Chittagong, Mymensingh, Rajshahi, Rangpur, Sylhet
Feniverse 4035 Feni
ChatgaiyyaAlap 4007 Chittagong
Onubad 2565 Barishal, Chittagong, Sylhet
Sylheti Dialects into Standard 1188 Sylhet
SylhetiCAP 24 Sylhet
Total 68, 666 12

Table 3: Dataset-wise total sample count and covered districts (sorted in descending order).

Regions Regional_bangla Standard_bangla
Chittagong আই হইদেদ, হাের দইজেজেদ? আিম বিল েয কােক ধেরেছ?

Feni েহেতরেগা তুন অয্াঁন্ডা ভালা েখইলিছলাম। তােদর েথেক আমরা ভােলা েখেলিছলাম।
Kishoreganj ও আইচ্চা, েতারার বাইত েগেল িক খাইতারবাম? ও আচ্ছা, েতােদর বািড়েত েগেল িক েখেত পারেবা?

Sylhet অউ ফুিড় রীিতমেতা েমার ভাই আর আম্মাের খষ্ট েদর। এই েমেয় রীিতমেতা আমার ভাই আর মােক কষ্ট িদেচ্ছ।
Mymensing আমার কাল্কা একটা ভালা দােতর ডাক্তর েদহািনর কথা। আমার আগামীকাল একজন দাঁেতর ডাক্তােরর সােথ েদখা করার কথা।
Narsingdi িকন্তু অয় যহন ঢুকেছ দেল তহন েথইকা িকন্তু খুব ভােলা েখলেছ। িকন্তু ও যখন ঢুেকেছ দেল তখন েথেক খুব ভােলা েখলেছ।।
Barishal হয্ায় েযমেন েমাের আশা করেছ মুই িনেজের েহমেনই সামেন আনিছ। েস েযভােব আমােক আশা করেছ আিম িনেজেক েসভােব উপস্থাপন করিছ।
Khulna কুথায় কুথায় ইংেরিজ কেব আমাইেগ সামেন েহাডা আমাইেগ সহয্ হেব না। কখনও কখনও আমােদর ভাষার সােথ ইংেরিজ িমিশেয় েফলা সহয্ করা হয় না।।

Rangpur আজকা মুই েতা হনু েয, আল্লাহর রাস্তায় যাইম, চিল্লশ িদন থািকম, এই কিরম। আজেক আিম েতা আল্লাহৰ্ রাস্তায় যাব, চিল্লশ িদন থাকব, এসবই করব।
Habiganj তারফর ফাইয়ােজর ফর ওইেলা িগয়া আেরকটা আেছ, ইটার নামটা বুইল্লা েগিছগা। তারপর ফাইয়ােজর পর হেলা িগেয় আেরকটা আেছ এটার নাম ভুেল িগেয়িছ।
Tangail মধুপুের রাবার বাগােনর পেরই আেছ মধুপুেরর িবখয্াত আনারেসর হাট জলছতৰ্ হাট। মধুপুের রাবার বাগােনর পেরই আেছ মধুপুেরর িবখয্াত আনারেসর হাট, জলছতৰ্ হাট।
Cumilla এই কুত্তার বাচ্চা ধরতাম িগয়া আফেনর অন্তত দুই েথেক িতন বার কুত্তার কামড় খাইিছ। এই কুকুেরর বাচ্চা ধরেত িগেয় আপনার অন্তত দুই েথেক িতন বার কুকুেরর কামড় েখেয়িছ।

Rajshashi যখন েস েহিব একটা েবড িনউজ েপইেয় েগেলা তখন েথেকই েস খুব দুঃখ েহােয় েগেলা। যখন েস খারাপ সংবাদ েপল, তখন তার দুঃখ হেলা।
Noakhali দুিনয়ার বুেক েযন েদওয়ান বািগর িবচার হয় েযন টাডা পের আললা েতায়ার গজব নািজল কের দাও। দুিনয়ার বুেক েযন েদওয়ান বািগর িবচার হয় েযন টাডা পের আললা তুমার গজব নািজল কের দাও।

Narail তুইেতা ইবিলসেক আিছস ের ভাই! েতার েখাঁজ করিছল ইবিলস। েতার নমব্রটা আই ইবিলসেক িদ িদিচ। তুইেতা ইবিলসেক আিছস ের ভাই! েতার েখাঁজ করিছল ইবিলস। েতার নমব্রটা আিম ইবিলসেক িদেয়িদলাম

Table 4: Region-wise sample data from the RSBC corpus (sorted by Regional Bangla length)

Subset Bengali text IPA Transcription
Standard Bengali সামেন ইদ, ইেদর েকনাকাটা করেত হেব ভাই! ʃɐmne ɪd,̪ ɪde̪r kenɐkatɐ korte̪ hɔbe bʱɐ͡ɪ!

Rangpur সামেনাত ইদ, ইেদর েকনাকািট কইরবার নাগেব, ভাই! ʃɐmnoto̪ ɪd,̪ ɪde̪r kenɐkatɪ ko͡ɪr̯bar nɐgbe, bʱɐ͡ɪ!
Kishoreganj সামেন ঈদ, ঈেদর িকনাকাডা করন লাগেবা ভাই! ʃɐmne ɪd,̪ ɪde̪r kɪnɐkɐdɐ kɔron lɐgbo bʱɐ͡ɪ!

Narail ছামেন ঈদ, ঈিদর িকনাকাটা ওিত্ত অেব ভাই! cʰɐmne ɪd,̪ ɪdɪ̪r kɪnɐkɐtɐ ott̪ɪ̪ ɔbe bʱɐ͡ɪ!
Chittagong সামেনা িদ ঈদ, ঈদর িকনাকাটা গরন ফিরবু বাই! ʃɐmno dɪ̪ ɪd,̪ ɪdo̪r kɪnɐkɐtɐ gɔron pʰorɪbu bɐ͡i!̯
Narsingdi সামেন ইদ, ইেদর িকনাকাডা করুন লাগেবা ভাই! ʃɐmne ɪd,̪ ɪde̪r kɪnɐkɐdɐ korun lɐgbo bʱɐ͡i!̯
Tangail সামেন ইদ, ইেদর িকনাকাটা করন নাগেবা ভাই! ʃɐmne ɪd,̪ ɪdeɾ kenɐkɐtɐ kɔɾon nɐgbe bʱɐ͡ɪ ̯

Habiganj সামেন ইদ, ইেদর লাইগ্গা েকনাখাডা খেরান লাগেবা বাই! ʃɐmne ɪd,̪ ɪdeɾ lɐ͡ɪg̯gɐ kenɐkʰadɐ kʰɔɾon lɐgbo bɐ͡ɪǃ̯
Sylhet সামেন ইদ। ইেদার েকনাকাটা করা লাগেবা, বাই। ʃɐmne ɪd,̪ ɪdoɾ kenɐkɐtɐ koɾɐ lɐgbo bɐ͡ɪ.̯

Barishal েহামেন ইদ, ইেদর েকনাকাডা করেত অইেব বাই। homne ɪd,̪ ɪdeɾ kenɐkɐdɐ koɾte o͡ɪbe bɐ͡ɪ.̯
Sandwip সামেন ইদ, ইেদর িকনাকাডা কইরেতা হইব বাই। ʃɐmne ɪd,̪ ɪdeɾ kɪnɐkɐdɐ ko͡ɪɾ̯to̪ ho͡ɪb̯o bɐ͡ɪ.̯
Cumilla সামেনেদা ইদ, ইেদর িকনাকাডা করতইেবা বাই। ʃɐmnedo̪ ɪd,̪ ɪde̪r kɪnɐkɐdɐ koɾto̪͡ɪb̯e bɐ͡ɪ.̯
Noakhali সামেন ঈদ আইেয়য্র, ঈেদর বাজার হদাই করন লাইগেবা ভাই। ʃɐmne ɪd̪ a͡ɪe̯r, ɪdeɾ baɟɐɾ hɔdoɪ kɔɾon lɐ͡ɪg̯bo bʱɐ͡ɪ.̯

Table 5: Dialect diversification from different regions taken from (Hassan et al., 2025)
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Figure 6: region-wise sample distribution.

12.2. Dialect-level Corpus Analysis

Figure 7: Correlation between Lexical Distance and Semantic Similarity across all the evaluated dialects
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12.3. Prompt
The following prompt was utilized as the system instruction:

You are an expert linguist specializing in Bangladeshi regional
dialects and Standard Bangla.

TASK: Translate the following {district} regional dialect text
into Standard Bangla (পৰ্িমত বাংলা).

CRITICAL INSTRUCTIONS:
- Provide ONLY the Standard Bangla translation.
- Do NOT provide any explanation, reasoning, or analysis.
- Do NOT include the original text in your response.
- Do NOT add any prefixes like "Translation:" or "Standard Bangla:".
- Output ONLY the translated text in Standard Bangla.
- Wrap your final translation in <translation>...</translation>

tags.

REGIONAL DIALECT INPUT ({district}):
{regional_text}

STANDARD BANGLA TRANSLATION:

Here, {district} dynamically specifies the dialect source (e.g., Chittagong, Sylhet, Noakhali),
and {regional_text} represents the dialectal input sentence.

12.4. Performance Analysis
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Figure 8: Multi-metric radar chart depicting the holistic performance footprint of each LLM.
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Models Barishal Chittagong

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.3893 0.8310 0.8515 0.2742 0.3957 0.6497 0.2712 0.7356 0.8245 0.1650 0.5537 0.8664
Qwen3:8B 0.3534 0.7782 0.8339 0.2471 0.4014 0.6786 0.2663 0.6796 0.8150 0.1797 0.4546 0.7728
Phi4:14B 0.2139 0.7067 0.7820 0.1366 0.6821 0.9313 0.1799 0.6422 0.7756 0.1111 0.7262 0.9764
Granite4:3B 0.2074 0.6283 0.7259 0.1416 0.6884 0.9123 0.1877 0.6145 0.7751 0.1206 0.6765 0.9519
deepseek-r1:7B 0.2399 0.6964 0.7933 0.1591 0.6125 0.8743 0.1586 0.5580 0.7257 0.1030 0.7682 1.0197
Gemma2:9B 0.2365 0.7431 0.7799 0.1556 0.6110 0.8787 0.1740 0.6697 0.7667 0.1099 0.7064 0.9763
LLaMA3.2:3B 0.1504 0.6046 0.7454 0.0961 0.9278 1.1340 0.1189 0.5532 0.7349 0.0724 0.9866 1.1912
Mistral:7B 0.1365 0.5514 0.6052 0.0848 1.0174 1.1803 0.1072 0.5095 0.5698 0.0640 1.1667 1.3058

Models Cumilla Feni

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.2929 0.7511 0.8346 0.1787 0.4745 0.7699 0.3623 0.7983 0.8364 0.2409 0.3918 0.6807
Qwen3:8B 0.3043 0.7140 0.8415 0.1898 0.3932 0.7347 0.4261 0.7847 0.8504 0.3004 0.3483 0.6025
Phi4:14B 0.1933 0.6489 0.7863 0.1082 0.6855 0.9692 0.3156 0.7534 0.8182 0.2069 0.5041 0.7754
Granite4:3B 0.2237 0.6581 0.8009 0.1340 0.5786 0.8818 0.3055 0.7135 0.8094 0.2042 0.5164 0.7914
deepseek-r1:7B 0.2297 0.6310 0.7600 0.1451 0.7282 0.9617 0.3254 0.6573 0.7577 0.2296 0.5765 0.7716
Gemma2:9B 0.1884 0.6726 0.7775 0.1057 0.6767 0.9844 0.2625 0.7657 0.8010 0.1693 0.5546 0.8403
LLaMA3.2:3B 0.1308 0.5857 0.7485 0.0747 0.8689 1.1138 0.2490 0.6483 0.7772 0.1602 0.6993 0.9544
Mistral:7B 0.1410 0.5291 0.5858 0.0790 1.1389 1.2609 0.2022 0.5773 0.6593 0.1247 0.7252 0.9667

Models Habiganj Khulna

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.2835 0.7482 0.8341 0.1624 0.5108 0.8163 0.3581 0.8921 0.8491 0.2423 0.4344 0.7071
Qwen3:8B 0.3163 0.7055 0.8381 0.1885 0.4074 0.7638 0.2718 0.8441 0.8083 0.1886 0.4981 0.8102
Phi4:14B 0.2020 0.6603 0.7892 0.1060 0.7139 0.9857 0.2578 0.7919 0.8274 0.1775 0.6122 0.8589
Granite4:3B 0.2317 0.6533 0.7966 0.1277 0.6288 0.9337 0.2013 0.7574 0.7877 0.1333 0.6601 0.9299
deepseek-r1:7B 0.2313 0.6083 0.7589 0.1359 0.7192 0.9853 0.1417 0.6832 0.7287 0.0986 0.7491 1.0051
Gemma2:9B 0.2038 0.6942 0.7896 0.1103 0.6734 0.9722 0.2763 0.8286 0.8290 0.1894 0.5412 0.8258
LLaMA3.2:3B 0.1529 0.5871 0.7460 0.0779 0.9211 1.1735 0.1160 0.6502 0.7346 0.0813 0.9189 1.1537
Mistral:7B 0.1553 0.5470 0.6174 0.0790 1.0835 1.2776 0.1255 0.6015 0.6820 0.0791 0.9470 1.1804

Models Kishoreganj Mymensingh

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.2538 0.7509 0.8290 0.1353 0.5944 0.8570 0.4779 0.8827 0.8748 0.3535 0.3298 0.5498
Qwen3:8B 0.2746 0.7328 0.8392 0.1510 0.4746 0.8547 0.4425 0.8184 0.8630 0.3177 0.3520 0.5801
Phi4:14B 0.1661 0.6625 0.7894 0.0704 0.8746 1.1357 0.3011 0.7678 0.8070 0.2002 0.5395 0.7761
Granite4:3B 0.2039 0.6735 0.7977 0.1002 0.7104 1.0182 0.3146 0.7436 0.8210 0.2161 0.5150 0.7533
deepseek-r1:7B 0.1916 0.6267 0.7419 0.1039 0.9402 1.1339 0.2662 0.6399 0.7445 0.1853 0.6430 0.8386
Gemma2:9B 0.1757 0.6970 0.7883 0.0799 0.7253 1.0402 0.2935 0.8022 0.8099 0.1988 0.5241 0.7780
LLaMA3.2:3B 0.1141 0.5927 0.7295 0.0482 1.1160 1.3354 0.2350 0.6585 0.7861 0.1560 0.7177 0.9278
Mistral:7B 0.1328 0.5636 0.5971 0.0542 1.6930 1.7807 0.1871 0.5769 0.6810 0.1188 0.8730 1.0497

Models Narail Narsingdi

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.3822 0.9075 0.8583 0.2665 0.4030 0.6580 0.2456 0.7967 0.8270 0.1592 0.4869 0.8326
Qwen3:8B 0.3055 0.8684 0.8235 0.2141 0.4542 0.7494 0.2575 0.7746 0.8058 0.1869 0.4145 0.7858
Phi4:14B 0.2941 0.8198 0.8410 0.1994 0.5760 0.8179 0.1538 0.6770 0.7816 0.0960 0.7752 1.0661
Granite4:3B 0.2453 0.7960 0.7982 0.1632 0.6368 0.9042 0.1679 0.6935 0.7703 0.1138 0.6857 0.9929
deepseek-r1:7B 0.1878 0.7238 0.7407 0.1311 0.7198 0.9787 0.1856 0.6521 0.7181 0.1341 0.7861 1.0208
Gemma2:9B 0.3077 0.8530 0.8393 0.2069 0.5309 0.7920 0.1585 0.7113 0.7800 0.1007 0.6698 0.9841
LLaMA3.2:3B 0.1472 0.6932 0.7558 0.1016 0.8309 1.0796 0.1111 0.6118 0.7277 0.0741 1.1189 1.3586
Mistral:7B 0.1213 0.6035 0.6349 0.0785 0.9595 1.1718 0.1167 0.5870 0.6432 0.0759 1.3655 1.6315

Models Noakhali Rangpur

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.2728 0.7464 0.8060 0.1740 0.4841 0.7921 0.3375 0.8279 0.8441 0.2141 0.4610 0.7521
Qwen3:8B 0.3240 0.7299 0.8274 0.2214 0.3661 0.6837 0.3033 0.7741 0.8314 0.1932 0.4699 0.8031
Phi4:14B 0.1836 0.6576 0.7664 0.1135 0.6575 0.9271 0.2185 0.7258 0.8033 0.1256 0.7375 0.9971
Granite4:3B 0.2140 0.6488 0.7799 0.1383 0.5916 0.8730 0.2302 0.7159 0.8006 0.1387 0.6454 0.9459
deepseek-r1:7B 0.2083 0.6013 0.6999 0.1392 0.6520 0.8842 0.1819 0.6327 0.7315 0.1124 0.7879 1.0360
Gemma2:9B 0.1853 0.6887 0.7599 0.1165 0.6463 0.9324 0.2243 0.7567 0.8023 0.1324 0.6567 0.9502
LLaMA3.2:3B 0.1513 0.5780 0.7453 0.0949 0.8810 1.0899 0.1198 0.6109 0.7382 0.0664 1.0389 1.2561
Mistral:7B 0.1396 0.5323 0.6062 0.0854 0.8956 1.0965 0.1359 0.5812 0.6472 0.0727 1.1609 1.3468

Models Rajshahi Sylhet

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.2894 0.8385 0.8117 0.1938 0.5615 0.7809 0.3107 0.7970 0.8324 0.2180 0.5306 0.7533
Qwen3:8B 0.2702 0.7810 0.8063 0.1843 0.5832 0.8208 0.2785 0.7310 0.8240 0.1908 0.4738 0.7593
Phi4:14B 0.1961 0.7406 0.7728 0.1273 0.7174 0.9381 0.1914 0.6862 0.7748 0.1232 0.7865 1.0028
Granite4:3B 0.1878 0.7134 0.7752 0.1254 0.7201 0.9499 0.1957 0.6641 0.7861 0.1266 0.7233 0.9630
deepseek-r1:7B 0.1400 0.6180 0.7080 0.0926 0.9205 1.0803 0.1419 0.5772 0.7052 0.0953 0.8471 1.0445
Gemma2:9B 0.2034 0.7892 0.7762 0.1337 0.6670 0.9136 0.2126 0.7337 0.7840 0.1418 0.6464 0.8958
LLaMA3.2:3B 0.1379 0.6345 0.7505 0.0894 0.8842 1.0913 0.1311 0.5912 0.7513 0.0848 1.0082 1.2087
Mistral:7B 0.1147 0.5787 0.6716 0.0737 1.0092 1.1852 0.1208 0.5516 0.6648 0.0753 1.0815 1.2430

Models Tangail Average

METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓ METEOR ↑ COMET ↑ BERTScore ↑ BLEU ↑ CER ↓ WER ↓

gpt-oss:20B 0.4594 0.8546 0.8897 0.3282 0.4359 0.6052 0.3324 0.8106 0.8402 0.2224 0.4699 0.7381
Qwen3:8B 0.4409 0.8282 0.8852 0.3093 0.4079 0.6300 0.3223 0.7696 0.8329 0.2157 0.4333 0.7353
Phi4:14B 0.2714 0.7489 0.8234 0.1700 0.7497 0.9322 0.2226 0.7126 0.7959 0.1382 0.6892 0.9393
Granite4:3B 0.3482 0.7673 0.8349 0.2473 0.5808 0.8005 0.2310 0.6961 0.7906 0.1487 0.6372 0.9068
deepseek-r1:7B 0.3488 0.7237 0.7907 0.2574 0.5995 0.8189 0.2119 0.6420 0.7403 0.1465 0.7367 0.9636
Gemma2:9B 0.2407 0.7648 0.8195 0.1496 0.7121 0.9449 0.2229 0.7447 0.7935 0.1387 0.6361 0.9139
LLaMA3.2:3B 0.1977 0.6687 0.7806 0.1267 0.9129 1.0782 0.1509 0.6179 0.7501 0.0907 0.9221 1.1431
Mistral:7B 0.2059 0.6162 0.6930 0.1223 1.2685 1.2414 0.1428 0.5671 0.6372 0.0826 1.0924 1.2612

Table 6: District-wise and macro-average performance of LLMs for dialect-to-standard Bangla translation
across fifteen districts. The best average metrics are in bold.
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Figure 12: Sentence length comparison between Regional and Standard Bangla across dialects.
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