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Abstract

We present a systematic study of machine
translation for Chakma, an endangered and
extremely low-resource Indo-Aryan language,
with the goal of supporting language access
and preservation. We introduce the first and,
to our knowledge, largest Chakma—Bangla MT
resource: 15,021 parallel translation pairs com-
prising 9,548 sentence pairs and 5,473 dictio-
nary word pairs, plus 42,783 Chakma mono-
lingual sentences and a trilingual benchmark
with 500 unique sources and 600 Chakma ref-
erences. To address script mismatch and data
scarcity, we propose a character-level transliter-
ation framework designed to preserve pronunci-
ation and lexical identity while enabling trans-
fer from Bangla and multilingual pretrained
models. We benchmark from-scratch MT, fine-
tuned pretrained models, and large language
models via in-context learning. For the tested
pretrained models, transliteration is crucial.
ICL is strongest for CCP—BN; for BN—CCP,
BanglaT5 has the highest BLEU while GPT-4.1
with n-gram retrieval has the highest chrF.

1 Introduction

The Chakma language is spoken by the indigenous
Chakma people across Bangladesh, the easternmost
regions of India, and western Myanmar, and be-
longs to the Indo-Aryan language family (Mohsin,
2013). It is spoken by over 700,000 people across
the region (Office of the Registrar General & Cen-
sus Commissioner, India, 2011; Bangladesh Bu-
reau of Statistics, 2022). Despite this population,
Chakma remains predominantly oral, with limited
use of its writing system, leaving the language crit-
ically under-resourced in digital form. As noted
by Saikia and Haokip (2023), Chakma is classi-
fied as “Definitely Endangered,” and continued lan-
guage loss poses risks to cultural identity and com-
munity continuity. Although revitalization efforts
exist-such as pre-primary materials produced by
the National Curriculum and Textbook Board of
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Figure 1: Illustrative Chakma— Bangla translation ex-
ample comparing our two best-performing approaches:
fine-tuned NMT (BanglaT5) and GPT-4.1 with 400
demonstration pairs selected by n-gram similarity, our
best-performing ICL variant. Despite similar automatic
scores, the outputs differ in lexical choice and interpre-
tation.

Bangladesh (National Curriculum and Textbook
Board, 2019) and limited school textbooks in India
(Chakma Autonomous District Council, 2024)-they
remain largely confined to education, while every-
day communication and public discourse increas-
ingly rely on dominant regional languages such
as Bangla, underscoring the lack of computational
support for Chakma in broader communication set-
tings.

Chakma remains underrepresented in NLP, al-
though prior and recent work includes character
recognition and handwriting data (Podder et al.,
2023; Ferdeous et al., 2026), speech language iden-
tification (Pratap et al., 2023), and parallel-corpus
MT (Rahman et al., 2025). Although commercial
LLMs can recognize Chakma script, preliminary
inspection suggests that their Chakma outputs can
be semantically unreliable; our experiments use
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GPT-4.1 variants through the API (Section 7). As
a result, foundational text-based capabilities-most
notably machine translation (MT), which is criti-
cal for cross-lingual communication and access to
public resources-remain largely unexplored.
Motivated by the remaining gap, we present
a systematic study of machine translation for
Chakma, an extremely low-resource and endan-
gered language. We investigate how different mod-
eling paradigms, including classical machine trans-
lation, neural models, and large language models
via in-context learning, behave under severe data
scarcity and cross-script conditions. Our goal is to
establish practical baselines for Chakma MT while
highlighting challenges that arise in extremely low-
resource and non-standardized languages. Figure 1
illustrates qualitative differences between our best-
performing systems. A fine-tuned BanglaT5 model
produces higher-scoring translations with limited
parallel data. A GPT-based in-context learning
approach, using 400 demonstration examples, pro-
duces outputs that appear more faithful in the in-
spected examples.
Our contributions are summarized as follows:
(1) First and largest Chakma—Bangla MT re-
source to date. Originally released in 2024, ours
was the first Chakma—Bangla MT dataset and re-
mains, to our knowledge, the largest documented
Chakma MT corpus, with 15,021 parallel trans-
lation pairs comprising 9,548 sentence pairs and
5,473 dictionary word pairs. Of the sentence pairs,
8,647 additionally include aligned English; we also
provide 42,783 Chakma monolingual sentences
and a trilingual benchmark with 500 unique sources
and 600 Chakma references. These resources pro-
vide a foundation for machine translation and down-
stream NLP research on Chakma.
(2) Script-bridging transliteration framework.
We propose a simple, rule-based character-level
transliteration system that leverages Chakma—
Bangla script similarity to provide near one-to-one
mappings designed to preserve pronunciation and
lexical identity. This enables effective cross-script
transfer and allows pretrained and large language
models to be applied in this extremely low-resource
setting.
(3) Comprehensive benchmarking in an ex-
tremely low-resource setting. We systematically
benchmark statistical and neural MT, fine-tuned
pretrained models (e.g., BanglaT5, mT5), and GPT-
based in-context learning, establishing initial base-
lines for Chakma—Bangla translation.
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(4) Analysis of orthographic variability. We ana-
lyze orthographic inconsistencies in Chakma aris-
ing from non-standardized spelling and script us-
age. We examine how this variability may affect au-
tomatic evaluation, particularly BLEU, when mul-
tiple valid spellings occur.

2 Related Work

Machine translation has historically relied on abun-
dant parallel data, from statistical systems to neu-
ral encoder—decoders (Koehn et al., 2003; Bah-
danau et al., 2014; Koehn and Knowles, 2017),
leaving languages with scarce digital resources un-
derserved.

Work on low-resource NMT has explored a
range of strategies to mitigate data scarcity, in-
cluding semi-supervised learning with monolin-
gual data (Gulcehre et al., 2015), back-translation
(Sennrich et al., 2016), multilingual neural ma-
chine translation for cross-lingual transfer (Kocmi
and Bojar, 2018), and transliteration for closely re-
lated languages with different scripts (Durrani et al.,
2010). In extremely low-resource settings, prior
work reports very low translation quality overall
(often obtaining BLEU scores below 10) (Guzman
et al., 2019), with several MT approaches yielding
BLEU scores in the low single digits or around 1-2
under out-of-domain evaluation, highlighting the
difficulty of generalization (Zhang et al., 2020).

Following the initial 2024 release of this work,
recent Chakma resources include ChakmaBridge, a
complementary 807-sentence five-way corpus with
MT baselines (Rahman et al., 2025); MELD, which
represents Chakma, Garo, and Marma in Bengali
script with English and standard Bengali transla-
tions (Mabhi et al., 2025); a Bangla-transliterated
Chakma corpus for studying cross-lingual trans-
fer through MLLM fine-tuning (Khisa et al., 2025);
and a Chakma handwriting dataset (Ferdeous et al.,
2026). LLMs also offer in-context learning (ICL)
as an alternative to fine-tuning (Brown et al., 2020),
but its direction-dependent performance motivates
our study of extremely low-resource, cross-script
translation.

3 ChakmaNMT Dataset

Table 1 summarizes the parallel, monolingual, and
evaluation data collected in this work, with details
discussed below.



Category Source Samples Avg #Tok  Total
UN-Disabilities (BN-CCP) 610 16.86
UN-Child Rights (BN-CCP) 291 37.66
Parallel Dictionary (word pairs) 5,473 1.14 15,021
Crowdsourced (BN-EN-CCP) 3,444 4.51
Community translation + expert review (BN-EN-CCP) 5,203 3.60
Monolingual Local Chakma sources (CCP) 42,783 5.81 42,783
Evaluation RisingNews Benchmark Extension (BN-EN-CCP) 500/600 14.8 500/600

Table 1: Overview of the Chakma-Bangla datasets introduced in this work. The parallel total comprises 9,548
sentence pairs and 5,473 dictionary word pairs. Evaluation contains 500 unique source sentences and 600 Chakma
references. Avg #Tok counts space-separated Chakma (CCP) tokens; BN and EN denote Bangla and English.

3.1 Parallel Corpus

Parallel Documents After extensive searching,
we identified two publicly available documents that
contain aligned Bangla (BN) and Chakma (CCP)
translations: UN Convention on the Rights of Per-
sons with Disabilities (United Nations, 2007) and
UN Convention on the Rights of the Child (United
Nations General Assembly, 1989). The Bangla ver-
sions of these documents were available only as
scanned PDF files containing images of the original
printed documents. We applied Tesseract OCR! to
extract Bangla text from these scans.

Automatic sentence alignment methods such as
Hualign (Varga et al., 2005) were not applicable
in our setting due to the lack of a sufficiently rich
Chakma lexicon. Consequently, all sentence align-
ments were performed manually. This process re-
sulted in 610 and 291 CCP-BN sentence pairs from
the two documents, respectively. In addition, we
incorporated word-level translation pairs from the
only available Chakma dictionary, provided to us
in JSON format.> This yielded 5,473 additional
parallel samples.

Community Translation with Expert Review
To obtain high-quality sentence-level translations,
we organized a manual data collection effort involv-
ing native Chakma speakers with strong literacy
skills. We prepared paper-based forms containing
10,000 Bangla sentences randomly sampled from
the BN-EN corpus of Hasan et al. (2020). A three-
day voluntary translation program was conducted
in Dighinala, Khagrachari (Bangladesh). Between
7 and 10 proficient Chakma speakers participated
each day.

"https://github.com/tesseract-ocr/tesseract
The dictionary data were provided directly by the dictio-
nary’s owner for research use.
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All collected translations were subsequently re-
viewed by senior community-recognized Chakma
writers or teachers for linguistic quality and con-
sistency. After filtering, this process produced a
final set of 5,203 reviewed CCP-BN-EN parallel
sentence triples. Further details of this collection
process are provided in Appendix A.1.

Manual Translation via Crowdsourcing To
further expand the dataset, we collected addi-
tional translations through a crowdsourcing ap-
proach involving non-expert Chakma speakers. We
developed a web-based platform that displayed
Bangla sentences and allowed users to submit their
Chakma translations. The platform link was dis-
tributed through social media channels.

The source sentences primarily consisted of com-
mon conversational expressions collected from pub-
licly available resources®. Contributors translated
only the displayed Bangla sentences into Chakma;
English was retained when already available as an
aligned reference. Since most contributors were
unfamiliar with the Chakma script, they were in-
structed to write Chakma using Bangla characters.
We later converted these submissions into Chakma
script using a custom transliteration system (see
Section 4.2) developed for CCP-BN conversion.
After manual verification and filtering by Chakma
language experts, this effort yielded 3,444 addi-
tional CCP-BN-EN sentence triples.

Overall, we collected 15,021 BN-CCP parallel
translation pairs, comprising 9,548 sentence pairs
and 5,473 dictionary word pairs. Of the sentence
pairs, 8,647 additionally include aligned English
translations.

3https: //www.learnenglishfrombangla.com/2021/
@7/easily-learn-english-in-bangla-beginner.html,
https://www.omniglot.com/language/phrases/

bengali.php, and https://en.wikibooks.org/wiki/
Bengali/Common_phrases
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3.2 Monolingual Data

Figure 2 shows the distribution of the collected
Chakma monolingual data by content type. We
collected a substantial amount of Chakma mono-
lingual data relative to the available parallel re-
sources. Due to the scarcity of digitally available
Chakma texts,* we conducted in-person visits to
Chakma language scholars to obtain soft copies
of Chakma script materials. These materials pri-
marily consist of poems, articles, short stories, and
a small number of national-level textbooks. In
addition, we collected Indian Chakma textbooks
and a Chakma folktale mobile application, and we
reused the Chakma dictionary introduced in the
parallel data collection, which contains numerous
high-quality example sentences accompanying lex-
ical entries and is therefore well suited for mono-
lingual data extraction.

To process these sources, all materials were first
transcribed into separate .docx files, which pre-
served the original Chakma fonts used in the doc-
uments. However, these were legacy fonts that
mapped Chakma glyphs onto ASCII code points
using distinct encodings. To address this, we de-
veloped a conversion program that maps all source
fonts to RibengUni, a Unicode Chakma font. This
enabled consistent normalization across heteroge-
neous sources.

Finally, we applied a simple rule-based segmen-
tation procedure, splitting text at sentence bound-
aries defined by three punctuation markers: ‘?°, ‘!’,
and ‘I’ (full stop). After preprocessing and nor-
malization, we obtained a total of 42,783 Chakma
monolingual samples. Tables 3 and 4 provide de-
tailed descriptions of the monolingual data sources,
while the font conversion code is available in our
normalization repository> and the list of supported
ASCII fonts is provided in Appendix Table 5.

3.3 Evaluation Data

To evaluate our models, we constructed a carefully
curated benchmark dataset (see Table 1). We ran-
domly selected 500 unique Bangla—English sen-
tence pairs from the RisingNews Benchmark of
online news articles (Hasan et al., 2020). We gave
only the Bangla sentences to three Chakma lan-
guage researchers for translation into Chakma; En-

*Chakma digital texts and scripts are rarely available on-
line, and most existing materials are accessible only through
local scholars or printed sources.

Shttps://github.com/Aunabil4602/
chakma-nmt-normalizer
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glish remained an aligned reference. Each anno-
tator translated 200 sentences, including a com-
mon subset of 50 sentences translated by all three
annotators. The shared subset was included to
allow analysis of translation variability and or-
thographic inconsistency across gold references,
which we further discuss in Section 7. This pro-
duced 600 Chakma reference translations corre-
sponding to 500 unique source sentences. All
600 references are retained as separate evaluation
rows, so each shared source occurs once per anno-
tator/reference. The resulting RisingNewsChakma
benchmark is used exclusively for evaluation and
differs in domain from the UN documents, dictio-
nary entries, conversational expressions, and short
general-domain sentences used for training.

4 Machine Translation Approaches

Machine Translation Task This task is formu-
lated as a sequence-to-sequence learning problem
at the sentence level. Given a source sentence, the
model generates a target sentence token by token.
The objective is to learn this mapping from lim-
ited parallel data. We study machine translation
between Chakma and Bangla.

We compare three complementary approaches
to establish strong baselines and understand what
works best for this language pair. Our methods dif-
fer primarily in how they leverage prior knowledge
and handle the script mismatch between Chakma
and Bangla. First, we train conventional MT sys-
tems from scratch using only our parallel data,
which are limited by data scarcity. Second, we
fine-tune pretrained sequence-to-sequence models
by transferring knowledge from Bangla via script-
bridging transliteration and monolingual augmen-
tation. Third, we evaluate large language models
using few-shot in-context learning, adapting them
to Chakma translation without parameter updates.

4.1 From-Scratch MT Baselines

We train both statistical and neural baselines from
scratch on our parallel corpus. We use phrase-based
SMT (Koehn et al., 2003) as a classical baseline
that remains competitive in low-resource scenar-
ios (Koehn and Knowles, 2017). We also train a
GRU-based RNN with attention (Bahdanau et al.,
2014; Luong et al., 2015) as a lightweight neural
model. Finally, we train a Transformer (Vaswani
etal., 2017) as a stronger but more data-demanding
neural baseline.


https://github.com/Aunabil4602/chakma-nmt-normalizer
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4.2 Script-Bridging Transliteration

To enable the use of pretrained sequence-to-
sequence and large language models, we develop
a rule-based, character-level transliteration system
that bridges the Chakma and Bangla scripts in a
near one-to-one manner.® The mapping is designed
to preserve pronunciation and lexical identity while
mapping Chakma text into the Bangla Unicode
range, allowing Chakma data to be processed by
Bangla-pretrained models. This transliteration step
serves as a core foundation for both fine-tuning
pretrained models and in-context learning experi-
ments.

Exploiting the close relationship between
Chakma and Bangla. Chakma and Bangla ex-
hibit an unusually high degree of phonetic and or-
thographic similarity among Indo-Aryan languages,
making transliteration a natural and low-effort strat-
egy to bridge script mismatch and enable effective
transfer from Bangla-pretrained models. Beyond
script, the languages share a largely similar subject—
object—verb (SOV) word order, although Chakma
has systematic morphosyntactic differences (e.g.,
placing negation before the verb) that may intro-
duce local reordering effects. The transliteration is
largely based on straightforward one-to-one charac-
ter mappings in both directions, with a small num-
ber of deterministic phonetic substitutions where
exact script-level equivalence is unavailable. The
mapping is not bijective and may neutralize some
orthographic distinctions; thus, round-trip BLEU
and chrF measure surface-form retention and con-
vergence rather than independently establishing
semantic preservation (Section 7).

In practice, transliteration is used exclusively as
preprocessing and postprocessing: if Chakma is the
source, input is transliterated into Bangla before
translation; if Chakma is the target, Bangla-script
model output is transliterated back into Chakma for
evaluation. All pretrained sequence-to-sequence
models described in the following subsection are
trained and evaluated using this transliterated input—
output representation.

We provide full mapping statistics, handling of
non-direct characters, and a summary of all non-
direct rules (Figure 3) in Appendix A.3.

https://github.com/Aunabil4602/
chakma-nmt-normalizer
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4.3 Fine-Tuning Pretrained
Sequence-to-Sequence Models

We fine-tune pretrained text-to-text models on
transliterated Chakma—Bangla parallel data. We
experiment with BanglaT5 (Bhattacharjee et al.,
2023), mT5-small (Xue et al., 2021), and mBART
(Liu et al., 2020). These models allow us to transfer
linguistic knowledge from Bangla and multilingual
pretraining into the Chakma setting.

We further evaluate two data-centric extensions
to improve robustness under scarcity. We apply iter-
ative back-translation (IBT) (Hoang et al., 2018) to
generate synthetic parallel data from monolingual
corpora. In IBT, we start with the forward direction
CCP—BN trained on the original parallel data, the
backward direction (BN—CCP) is trained with syn-
thetic data, and in later iterations both directional
models are trained with additional synthetic data.
We also evaluate multilingual training (MNMT)
following Johnson et al. (2017). For MNMT, we
add 10k Bangla—English sentence pairs from Hasan
et al. (2020) to the training data to encourage cross-
lingual transfer across Bangla, Chakma, and En-
glish.

4.4 Large Language Models via In-Context
Learning

We evaluate few-shot in-context learning as an al-
ternative to fine-tuning using state-of-the-art large
language models. Specifically, we test GPT-4.1,
GPT-4.1-mini, and o4-mini with a fixed prompting
template and a limited number of demonstration
translation pairs. This setting assesses their abil-
ity to perform Chakma translation using only in-
context examples. The full prompting template and
example format are shown in Figure 4.

Example Selection Demonstration examples are
selected using two retrieval strategies: uniform ran-
dom sampling from the parallel data and character-
level n-gram similarity with each 20-sentence
query batch. We use character-level matching to
handle orthographic variation in Chakma, where
multiple valid spellings make word-level retrieval
unreliable. Comparing these strategies allows us to
examine how retrieval strategy and demonstration
count affect in-context translation quality.

S Experimental Setup

Data Splits and Evaluation We split the parallel
Chakma-Bangla corpus into training and develop-


https://github.com/Aunabil4602/chakma-nmt-normalizer
https://github.com/Aunabil4602/chakma-nmt-normalizer

ment sets.” The training set contains 12,016 par-
allel pairs and the development set contains 3,005
parallel pairs. We evaluate all models on the held-
out RisingNewsChakma online-news benchmark.
We report BLEU (Post, 2018) and chrF (Popovic,
2015) as our primary automatic metrics; following
common practice, BLEU is used for model selec-
tion on the development set, and chrF is reported
alongside BLEU for all experimental results.

From-Scratch SMT and NMT We use the
Moses toolkit® for phrase-based SMT and PyTorch
for neural models. All neural models are trained
on Google Colab using NVIDIA V100/A100
GPUs’. Data preprocessing follows the normal-
ization scheme of Hasan et al. (2020) with minor
language-specific adjustments.'!? We apply Senten-
cePiece (Kudo and Richardson, 2018) for tokeniza-
tion across SMT and NMT systems. Decoding
uses beam search with width 5 and a maximum se-
quence length of 128 tokens; coverage statistics are
reported in Appendix A.4. We train the GRU-based
and Transformer models described in Section 4.1.

Fine-Tuning and In-Context Learning We fine-
tune BanglaT5, mT5-small, and mBART for
Chakma—-Bangla translation. For iterative back-
translation, we use the full Chakma monolingual
corpus and 50k Bangla monolingual sentences.

We also evaluate large language models using
few-shot in-context learning without parameter up-
dates, including GPT-4.1, GPT-4.1-mini, and o4-
mini. We retained the default temperature set-
ting and did not tune decoding parameters be-
cause of API-budget constraints. Each prompt
contains 100400 demonstration pairs and batches
20 query sentences to reduce API cost; we did
not compare single-query prompting. One demon-
stration set is selected for the full 20-query batch
and held fixed across the three repeated genera-
tions, so reported variation reflects decoding rather
than demonstration-selection variability. Demon-
strations are drawn from the training split either
randomly or by Jaccard similarity over character
6-grams; Appendix A.4 gives the full retrieval pro-
cedure.

We additionally conduct ablation experiments

7https://huggingface.co/datasets/amlan1®7/
chakma-nmt-complete-dataset

8https://www2.statmt.org/moses/

9https://colab.research.google.com/

Yhttps://github.com/Aunabil4602/
chakma-nmt-normalizer
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by (i) removing transliteration for fine-tuned and
in-context models, and (ii) evaluating a zero-shot
in-context learning configuration without demon-
strations.

Additional experimental details necessary for repli-
cation, including normalization, training hyper-
parameters, model architectures and initialization,
multilingual data formatting and oversampling, in-
context learning prompt construction, and mul-
tiple runs and randomness, are provided in Ap-
pendix A.4. The complete experimental code is
available on GitHub.!'!

6 Results

Transliteration is crucial for the tested pre-
trained models Removing transliteration causes
near-zero BLEU and chrF for the selected pre-
trained and in-context models under our experi-
mental setup (Table 6). Thus, these models cannot
effectively use native Chakma-script data in this
configuration; the metrics do not isolate whether
the cause is tokenization, representation, or another
model-specific factor.

The relative advantage of ICL is direction-
and metric-dependent ICL is strongest for
CCP—BN. For BN—CCP, BanglaT5 achieves the
highest BLEU, whereas GPT-4.1 with n-gram re-
trieval achieves the highest chrF (Tables 2 and 8).
Thus, the relative advantage of ICL and fine-tuning
depends on translation direction and evaluation
metric.

From-scratch models generalize poorly under
extreme data scarcity From-scratch SMT, RNN,
and Transformer models achieve modest devel-
opment performance but near-zero test BLEU in
both directions (Table 2). This large development—
test gap is consistent with distributional differ-
ences between the training sources and the Ris-
ingNewsChakma benchmark, although our results
do not isolate domain shift from other causes.

Back-translation effects depend on model and
direction The effect of iterative back-translation
is model- and direction-dependent. It consistently
benefits mT5-small, while the largest improve-
ments occur for CCP—BN after two iterations (Ta-
ble 2). For BanglaT5 BN—CCP, iterative back-
translation does not improve over ordinary bilin-
gual fine-tuning. Notably, CCP—BN scores for

"https://github.com/Aunabil4602/chakmanmt
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BN—CCP CCP—BN
System Dev Test Dev Test
BLEU chrF BLEU chrF BLEU chrF BLEU chrF
From-scratch trained
SMT 46+ —— 263+ —— 01+—— 2024+ —— 324+—— 249+ —— O01+—— 204+ ——
RNN 534+091 22.2+3.71 0.1 £0.03 104 =245 8.0 +2.51 20.1 =437 0.1 £0.07 85+243
Transformer 1.6 £0.03 25.8 £0.21 0.2 +£0.04 23.2+0.30 3.0£0.12 27.2+0.28 0.4 +0.05 20.0 & 0.51
Fine-tuned with transliteration enabled
mBART 3.5+0.35 20.0+1.45 02+£0.03 11.1 £1.09 104 £6.74 22.6 £9.80 0.8 +0.51 12.8 +3.49
mT5-small 8.5+0.11 32.24+0.20 20+£0.04 258 £0.12 14.1 £0.33 33.9+£0.35 4.6 +0.07 27.2 £ 0.25
+IBT-1it 8.4 +£0.03 33.24+0.04 25+0.02 29.4 £0.09 14.1 £0.33 33.9+0.35 4.6 +0.07 27.2 £ 0.25
+IBT-2it 8.3+£0.09 33.9+0.14 2.7 £0.09 30.1 £0.09 15.1 £0.11 37.4+0.14 7.8+ 0.10 37.8 +0.20
+MNMT 6.1 £0.14 27.5+0.35 1.54+0.05 24.1 £0.73 9.2+0.28 28.1 2030 3.0+ 0.10 23.54+0.34
BanglaT5 10.9 - 0.06 36.3 £0.22 2.7 £0.05 30.6 = 0.21 24.4 +£0.11 44.6 £ 0.08 11.7 =0.19 37.9 + 0.09
+IBT-1it 104 +£0.19 36.5+0.11 224+ 0.06 27.7 +0.21 244 +0.11 446 +£0.08 11.7 £0.19 37.9 £0.09
+IBT-2it 10.5+0.18 36.8 +£0.07 2.5+ 0.18 28.5+0.35 242+ 0.11 46.8 +£0.06 13.9 + 0.20 46.3 +0.15
+MNMT 8.2+0.26 32.1 £0.22 24 +0.11 29.2 +£0.32 209 £0.62 40.1 £0.39 12.8 £0.12 38.5 +0.61
In-context learning with transliteration enabled
GPT-4.1-mini(R) - - 1.1 £0.06 28.4 + 0.19 - - 10.9 £0.19 40.0 £0.58
GPT-4.1(R) - - 1.6 £0.13 304 £0.12 - - 16.5 £0.12 48.2 £0.35
04-mini(R) - - 1.5 £0.03 29.7 4+ 0.03 - - 12.5+0.47 429 +0.08
GPT-4.1-mini(N) - - 1.2 £0.01 28.7 +0.25 - - 10.5+0.54 404 +0.47
GPT-4.1(N) - - 1.54+0.10 31.3 +0.53 - - 17.8 +0.12 49.6 +0.12
04-mini(N) - - 1.2 4+£0.07 29.7 £ 0.14 - - 122 £0.27 42.7 £0.48

Table 2: Translation performance on BN<«+>CCP across development and test sets. We report mean =+ standard
deviation for BLEU and chrF. Results are shown for from-scratch models, fine-tuned pretrained models (including
iterative back-translation (IBT), up to two iterations, and multilingual fine-tuning (MNMT)), and GPT-based
in-context learning (ICL) with 400 examples using random (R) or n-gram (N) similarity-based sampling. ICL is
strongest for CCP—BN. For BN—CCP, BanglaT5 has the highest BLEU, while GPT-4.1 with n-gram retrieval has
the highest chrF. Dashes denote unavailable ICL development results or unreported SMT standard deviations, as

applicable.

BanglaT5 and mT5 remain unchanged after the
first IBT iteration, since the backward model is
initially trained on the same parallel data.

Multilingual training generally underperforms
bilingual fine-tuning Adding MNMT reduces
test BLEU and chrF for both directions with mT5-
small and for BN—CCP with BanglaT5 (Table 2).
However, BanglaT5 shows a modest improvement
for CCP—BN, from 11.7 BLEU / 37.9 chrF to 12.8
BLEU / 38.5 chrF. Thus, the effect of multilingual
training is model- and direction-dependent. Table 9
additionally reports EN<+>CCP and BN<+CCP per-
formance under the MNMT setup.

ICL retrieval and scaling effects are non-
uniform N-gram retrieval generally benefits
GPT-4.1, but improvements are not consistent
across all model variants or demonstration counts
(Table 8). Performance is also non-monotonic as
the number of demonstrations increases.
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Performance-cost trade-offs between ICL and
fine-tuning ICL achieves strong CCP—BN per-
formance on both BLEU and chrF with minimal
data, but requires large commercial models and
costly prompts. Fine-tuning may be more economi-
cal under repeated use, although we do not perform
a formal cost analysis. The preferred approach
therefore depends on translation direction, evalua-
tion metric, and deployment frequency.

7 Qualitative Analysis

BN—CCP translation is substantially harder
than CCP—BN Across all systems, BN—CCP
performance is substantially lower than CCP—BN
on both BLEU and chrF (Table 2). Even the best
BN—CCP results reach only about 2-3 BLEU,
while CCP—BN attains 13—18 depending on the
method. We hypothesize that this asymmetry arises
because pretrained models encode Bangla more
effectively, making translation into Bangla easier



than into Chakma. The chrF gap suggests that the
difficulty extends beyond a BLEU-specific artifact.
Figure 5 provides representative BN—CCP outputs
across model families.

BLEU and lexical or orthographic variation in
Chakma The BLEU-chrF divergence is consis-
tent with lexical and orthographic variation, al-
though without exhaustive variant annotation or hu-
man evaluation we cannot isolate its contribution
from semantic errors. BLEU is particularly sen-
sitive to re-transliterated Chakma outputs, where
spelling differences introduced by script conver-
sion lower n-gram overlap. This is evident in inter-
annotator agreement on 50 shared benchmark sen-
tences (Section 3.3), which is only 4.48 BLEU
but 38.82 chrF, indicating stable character overlap
despite differing word forms. Figure 6 further illus-
trates multiple valid spellings for common words,
strongly penalizing BLEU. These patterns, driven
by the lack of standardized Chakma orthography,
motivate treating chrF as a co-primary metric along-
side BLEU.

Round-trip transliteration measures surface-
form retention The transliteration mapping is
designed to preserve pronunciation and lexical iden-
tity, but it is not bijective and may neutralize some
orthographic distinctions. After one cycle, scores
are 41.55 BLEU / 79.32 chrF for BN—CCP—BN
and 38.37 BLEU / 79.69 chrF for CCP—BN—CCP,
showing substantial character overlap alongside
nontrivial word-form differences. Later rounds
converge because the deterministic substitutions
have stabilized (Table 10). These round-trip met-
rics measure surface-form retention and conver-
gence; they do not independently establish seman-
tic preservation.

Zero-shot ICL ablation highlights the need for
demonstrations As an ablation, we evaluate
zero-shot ICL without any demonstrations. For
BN—CCP, BLEU remains below 1 across models
(Table 11), indicating that zero-shot ICL is ineffec-
tive in this direction. CCP—BN performs better
even without examples, but still lags behind few-
shot ICL. For the tested models and prompts, these
results show that demonstrations are important for
generating Chakma outputs in this extremely low-
resource setting. chrF is similarly low in zero-shot
BN—CCP, underscoring that models fail to recover
even partial character overlaps without examples.
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LLM variants show different effectiveness un-
der ICL Under identical in-context learning
(ICL) setups, GPT-4.1 achieves the strongest over-
all performance, while o4-mini often outperforms
GPT-4.1-mini in BLEU and chrF (Table 8). As
these models differ in architecture, capacity, and
intended design, we do not attribute the observed
differences to any single factor. Instead, we report
them as an empirical comparison of LLM variants
under the same ICL conditions. The chrF ranking
matches BLEU, suggesting that model differences
affect both token-level and character-level fidelity.

8 Conclusion

This work introduces new Chakma—Bangla re-
sources and evaluates transliteration-based trans-
fer across several machine translation paradigms.
Pretrained models and in-context learning substan-
tially outperform from-scratch systems, but perfor-
mance remains strongly direction-dependent. ICL
performs best for CCP—BN, while BN—CCP re-
mains difficult and shows metric-dependent differ-
ences between fine-tuning and ICL. The results
provide initial baselines rather than deployment-
ready systems.

Ethics

This work involves data collection for an endan-
gered and low-resource language with the goal
of supporting language preservation and accessi-
bility. All human-generated data were collected
with informed consent from contributors, who vol-
untarily participated and expressed support for
this research. No personally identifiable informa-
tion about dataset contributors is included in the
released data. Potential risks include linguistic
misrepresentation, reinforcement of contested or-
thographic conventions, and reuse outside the in-
tended community context. We mitigate these risks
through community review and explicit documen-
tation of orthographic variation. Third-party mate-
rials retain their original rights; we will redistribute
processed text only where permission or source
licenses allow, and otherwise provide metadata,
document identifiers, conversion code, and access
instructions.

Limitations

This work is constrained by the extremely low-
resource nature of the Chakma language, which
limits the size and diversity of available training



data and leads to relatively low automatic evalua-
tion scores, a common challenge in low-resource
machine translation. Our rule-based translitera-
tion framework enables effective cross-script trans-
fer for the tested models, but relies on manually
designed mappings and is not character-bijective;
round-trip metrics do not independently establish
semantic preservation. Automatic metrics such as
BLEU may further underestimate translation qual-
ity due to orthographic variation and multiple valid
spellings in Chakma. Our contribution is resource-
and evidence-oriented rather than a new MT ar-
chitecture, and the findings most directly apply to
cross-script pairs with a related higher-resource
language. The benchmark contains 500 unique
sources and 600 Chakma references, and the low
absolute scores make these initial baselines rather
than deployment-ready systems. Ultimately, the
primary bottleneck remains data scarcity: future
work could benefit substantially from automated
web-based data crawling and collection systems to
expand Chakma textual resources, as well as from
more data-driven transliteration and translation ap-
proaches tailored to extremely low-resource and
non-standardized languages.
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A Appendix

A.1 Additional Details on Community
Translation with Expert Review

Prior to data collection, we conducted a pre-
assessment to evaluate the feasibility of manual
translation by volunteer Chakma speakers. The as-
sessment revealed that participation and translation
quality were highly sensitive to task complexity
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and time requirements. In particular, longer sen-
tences significantly increased cognitive load and
annotation time, frequently resulting in incomplete
or inaccurate translations. These difficulties were
exacerbated by the fact that many Bangla or En-
glish lexical items are either rarely used in Chakma
or lack direct lexical equivalents, often requiring
paraphrasing or explanatory reformulation. Based
on these findings, we constrained source sentences
to a length of 2 to 8 words to reduce annotation bur-
den while maintaining sufficient linguistic content.

To mitigate these challenges and reduce anno-
tator fatigue, we deliberately selected short sen-
tences, with the probability of sentence selection
peaking at 4-5 words and gradually decreasing to-
ward both extremes. This distribution reflects an
optimal trade-off between linguistic informative-
ness and annotation feasibility. Very short sen-
tences (e.g., one word) were avoided due to limited
contextual value, while longer sentences were ex-
cluded to minimize translation difficulty and error
propagation.

The participants were predominantly young na-
tive Chakma speakers with functional bilingual
proficiency in Bangla and English but limited for-
mal training in translation. Senior reviewers were
community-recognized Chakma writers or teach-
ers, and translators were instructed to produce
natural translations faithful to the Bangla source.
Despite their linguistic competence, many partici-
pants reported difficulty translating abstract or in-
stitutional terms, as Chakma remains primarily an
oral language with limited standardized written
usage. Some experienced contributors provided
handwritten translations, which were later digitized
by trained typists due to limited familiarity with
Chakma script typing.

A.2 Origins of Orthographic Variation in
Chakma

Chakma lacks a widely accepted standardized
grammar, resulting in substantial variation in
spelling and syntactic structure across written
sources. Historically, language experts and lo-
cal shamans have documented the language using
personal conventions without publishing formal
grammatical guidelines. As a result, the same lex-
ical items are often written using multiple valid
spellings, leading to pervasive orthographic incon-
sistency. Disagreements among scholars have fur-
ther hindered consensus on standard grammatical
rules. These disagreements are also reflected in dif-
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ferences between Indian and Bangladeshi Chakma
scholarly traditions. Such variability complicates
data normalization and automatic evaluation in
downstream NLP tasks.

A.3 Script-Bridging Transliteration:
Mapping Coverage and Non-Direct Rules

This appendix provides the full mapping statistics
and the handling rules for characters that do not
admit an exact one-to-one correspondence between
Chakma (CCP) and Bangla (BN). A summary of all
non-direct substitutions in both directions is shown
in Figure 3.

CCP—BN coverage. Inthe CCP—BN direction,
all 10 Chakma digits have direct mappings. Among
the core Chakma letters (vowels and consonants),
36 out of 37 characters map directly to Bangla
equivalents. For diacritics, 18 out of 21 Chakma di-
acritical marks have direct mappings. The remain-
ing Chakma characters correspond to prosodic or
orthographic distinctions that do not have explicit
representations in Bangla. Notably, one such char-
acter functions as a lengthening/extension marker:
it modifies the pronunciation of an adjacent letter
rather than introducing independent lexical con-
tent. Since Bangla lacks an equivalent graphemic
mechanism for this feature, we normalize it dur-
ing transliteration by retaining the base character
without adding a distinct symbol in the Bangla ren-
dering. The four Chakma characters without direct
Bangla equivalents are rare in the collected data,
but their semantic effect is not independently eval-
uated.

BN—CCP coverage. In the reverse BN—CCP
direction, all 10 Bangla digits have direct map-
pings. Out of 50 Bangla letters, 44 map directly to
Chakma characters. Similarly, 10 out of 11 Bangla
diacritics have corresponding Chakma equivalents.
The remaining Bangla characters are mapped to the
closest Chakma counterparts according to pronun-
ciation and lexical identity.

Deterministic handling of non-direct characters.
For characters without direct one-to-one correspon-
dences in either direction, we apply determinis-
tic substitutions based on closest phonetic similar-
ity in the target script (Figure 3). Consequently,
the transliteration system is not strictly reversible
and may neutralize some orthographic distinctions.
Round-trip metrics quantify surface-form retention
rather than semantic preservation (Section 7). Over-
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all, the system remains predominantly a straight-
forward character mapping scheme, with a small
number of rule-based phonetic normalizations ap-
plied only when exact script-level equivalence is
unavailable.

A.4 Additional Experimental Details

Multiple Runs and Randomness To assess ro-
bustness to training stochasticity, we run all ex-
periments three times with different random seeds
(affecting initialization and minibatch order) and
report mean and standard deviation. For in-context
learning, we fix the demonstration set and repeat
generation three times to quantify decoding vari-
ability. Therefore, reruns under the same configu-
ration are expected to yield scores consistent with
the reported mean + standard deviation.

Normalization details On top of the normaliza-
tion described by (Hasan et al., 2020), we apply a
minimal and conservative normalization step uni-
formly to all text, including training data, model
inputs, and output labels, across all experiments.
For Chakma script, we merge a small number of
rarely used, phonetically similar vowel variants
into a common representation to reduce superficial
spelling variation. This is analogous to collaps-
ing long and short vowel variants in low-resource
settings and is intended to simplify orthographic
variation. We also normalize all bracket symbols to
parentheses in order to reduce sparsity in the data.
These normalization steps are applied symmetri-
cally; their semantic effect is not independently
evaluated.

Additional details on metrics We report BLEU
and chrF scores using sacreBLEU via the Hugging
Face evaluate library with default settings: BLEU
uses a maximum word n-gram order of 4 (BLEU-
4), and chrF uses character n-grams of order 6.

Sequence length and augmentation overlap Ta-
ble 1 reports space-separated words rather than
model subwords; in the tokenized training data,
3.04% of sequences exceed 32 tokens, 0.73% ex-
ceed 64, and 0.02% exceed 128, so the 128-token
limit covers over 99.9% of samples. Monolingual
augmentation samples were kept disjoint from the
parallel splits to avoid overlap and add new content.

SentencePiece Vocabulary Search We use Sen-
tencePiece (Kudo and Richardson, 2018) both for
(i) vocabulary building and (ii) tokenization for



SMT and NMT. As part of hyper-parameter opti-
mization, we evaluate vocabulary sizes of 1,000,
2,000, 5,000, 10,000, and 20,000.

Training Hyper-Parameters and Optimization
Settings We apply gradient clipping with max
norm 1.0. We tune learning rates in {0.001,
0.005, 0.0001, 0.0005}, batch sizes in {8, 16, 32},
and training steps in {10,000, 15,000, 20,000}.
Warmup steps are varied in {0, 2000, 4000}. We
use linear learning-rate decay after warmup. We
also tune label smoothing over {0.1, 0.2, 0.3, 0.4,
0.5}. The final tuned hyper-parameter configura-
tions are reported in Table 7.

RNN with Attention: Architecture and Initial-
ization For the RNN baseline, we use a public
PyTorch seq2seq implementation.!> The model
incorporates Luong-style attention (Luong et al.,
2015). We experiment with 1, 2, and 4 stacked
recurrent layers, and consider hidden size and em-
bedding size in {512, 1024}. Dropout is tuned in
{0.1, 0.2, 0.3}. All RNN parameters are initial-
ized from a normal distribution with mean 0 and
standard deviation 0.1.

Transformer: Model Variants and Initialization
For Transformer training, we follow the standard
Transformer formulation (Vaswani et al., 2017).
We explore MarianNMT-style Transformer!? con-
figurations available through HuggingFace imple-
mentations, and initialize weights with Glorot ini-
tialization (Glorot and Bengio, 2010). We vary the
number of layers in {1, 2, 6}, attention heads in {1,
2,6}, dropout in {0.1, 0.2, 0.3}, and feed-forward
hidden dimensions in {512, 1024}.

Multilingual Formatting, and Oversampling
In multilingual training (MNMT), we prepend a
target-language prefix tag to each input sentence:
<BN> for Bangla, <EN> for English, and <CCP>
for Chakma. To mitigate imbalance, we oversam-
ple Chakma-involving parallel pairs to better bal-
ance all translation directions, following practices
shown to improve multilingual performance (John-
son et al., 2017).

In-Context Learning Prompt Construction
For in-context learning (ICL), each prompt con-
tains one batch of 20 query sentences and one

2https://github.com/bentrevett/
pytorch-seq2seq/tree/main
Bhttps://huggingface.co/docs/transformers/model_doc/marian
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shared demonstration set. Random retrieval sam-
ples from the training pairs without replacement.
For n-gram retrieval, we form the union of char-
acter 6-grams across all 20 queries and rank each
training source by Jaccard similarity to that union.
Equal scores retain the original training-data order.
We apply no additional deduplication, so dupli-
cated training rows, if present, can yield repeated
demonstrations. The prompt requests 20 numbered
outputs aligned by index to the 20 inputs. The se-
lected demonstration set is fixed across the three
repeated generations, so the reported variation re-
flects decoding variability rather than demonstra-
tion selection. Character-level matching is used
instead of word-level matching due to the absence
of standardized spelling. The n-gram size was se-
lected through limited manual experimentation us-
ing a small subset of the development data, due to
computational budget constraints. This subset was
used only for preliminary testing of retrieval behav-
ior, and not for model selection or final evaluation.
We evaluated a narrow range of values and fixed
n = 6, which provided the most stable retrieval
behavior in these tests.

mBART: Additional Details We do not apply
iterative back-translation (IBT) or multilingual fine-
tuning (MNMT) to mBART, as its plain fine-tuning
performance is substantially lower than other mod-
els (Table 2, Section 6), making these extensions
unlikely to provide meaningful improvements.

A.5 Interviews with Chakma Language
Experts

We interviewed several scholars in Bangladesh
to discuss the variants, for example, the num-
ber of characters, diacritics, rules, spelling pat-
terns, etc. The scholars include Arjya Mitra, In-
jeb Chakma, Ananda Mohon Chakma, and Sugata
Chakma. However, almost all of them suggested
following the rules maintained by the members of
the National Curriculum and Textbook Board of
Bangladesh involved in writing the Chakma books
for the pre-primary levels because their rules will
be followed eventually. The most important rule
from them that we followed in our transliteration
codes from Bangla to Chakma, is that the core
grapheme cannot have more than one diacritic at-
tached to a consonant or a vowel. However, in
India, this restriction is not maintained, rather more
than one diacritic is seen frequently in their docu-
ments.


https://github.com/bentrevett/pytorch-seq2seq/tree/main
https://github.com/bentrevett/pytorch-seq2seq/tree/main

Title Content Samples
Ajanir dajan firana.docx Story 206
Amader-Bari-2.pdf Story 12
Amader-Bari-3.pdf Story 23
Amader-gaye-dewar-pinon.pdf Story 10
Amar-Charar-Boi.pdf Poem 123
Amlokir-Gach.pdf Story 27
Article 3rd Jamachug.docx Story 194
Article 4th Furamon.docx Story 194
Article 5th Pawr Murah.docx Story 191
Bang-O-Puti-mach.pdf Story 11
Banor-Berate-Eseche.pdf Story 35
Banorer-Marfa-khaowa.pdf Story 10
Bashir-soor.pdf Story 9
Bie-Bari.pdf Story 28
Bijhu.pdf Story 28
Binoy Bikash Talukder20.docx Poem 647
Binoy Dewan.docx Poem 2004
Bizute-Berano.pdf Story 12
Bone-Gie-Gach-Kata.pdf Story 30
Boner-Mama.pdf Story 11
Chader-Buri.pdf Story 28
Chakma Dictionary app Other 14928
Chakma Folktales app Story 3765
Chakma Love song Uvagit.docx Story 13
Chakma Text Book For Class-IV 2010 (IN Govt).docx  Textbook 1088
Chakma Text Book for Class-II 2010 (IN Govt).docx Textbook 490
Chakma Text Book for Class-III1 2010 (IN Govt).docx  Textbook 561
Chakma Text Book for Class-V 2010 (IN Govt).docx Textbook 940
Chakma Text Book for Class-VI 2010 (IN Govt).docx  Textbook 1543
Chakma Text Book for Class-VII 2010 (IN Govt).docx  Textbook 1858
Chakma.docx Article 136
Charar Boi-Chakma-Pages.pdf Poem 31
Cijir Orago Boi-Chakma-Pages.pdf Other 71
Cijir Talmiloni Kodatara-Chakma-Pages.pdf Other 45
Cycle-e-Bazare-Jawa.pdf Story 33
Dhanpudi.doc Story 1278
Dudur-Kanna.pdf Story 40
Dui-Bandhobir-Kotha.pdf Story 16
Ghara Poja pire-Chakma-Pages.pdf Other 4
H.FMiller’s Rangakura.docx Story 90
Hotat-Agun.pdf Story 12
Iskulo Akto-Chakma-Pages.pdf Other 5
Jhimit-Ekhon-Bhalo.pdf Story 42
Jhogra-Kora-Valo-Noi.pdf Story 42
Kalo-and-Forshar-Kotha-1.pdf Story 22
Kanamachi-Khela.pdf Story 13
Karo-bipode-hasa-thik-na.pdf Story 15
Kolar-Kotha-1.pdf Story 11
Korgosher-sobji-bagan.pdf Story 12
Lairang-er-nodi-par-howa.pdf Story 13
Lao-er-Desh-Vromon.pdf Story 44
Laz-kata-Banor.pdf Story 12
Lobh-kora-valo-na.pdf Story 16

Table 3: Names of the sources of our Chakma monolin-
gual data with details (Part 1).
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Title Content Samples

Mamar-Bari.pdf Story 19
Mayer-Upadesh-1.pdf Story 19
Meghla-Akash.pdf Story 22
Mitar-Fuler-Bagan-1.pdf Story 10
Moina-Pakhi-1.pdf Story 16
Monar Sabon-Chakma-Pages.pdf Story 36
Moni-Malar-Kotha-.pdf Story 22
Monir-shopno-dekha.pdf Story 14
Morog-Jhuti-Fool.pdf Story 25
My Legha by Injeb Chakma.doc Story 727
Nada-bhet-math for class I (IN Govt Tripura).docx  Textbook 878
Nanarakam-ghor.pdf Story 14
Nirapod-pani-pan-korbo.pdf Story 13
Ojhapador Chora-Chakma-Pages.pdf Poem 30
Paka-Lichu.pdf Story 19
Porichoy.pdf Story 16
Projapoti-Ronger-Kotha.pdf Story 12
Puti-Macher-Fal.pdf Story 13
Rangdhanu.pdf Story 20
Ranjuni for Class I (IN Govt) Tripura.docx Textbook 1459
SRM 1st P. Bargang.docx Poem 156
SRM Ist R. Krisnachura.docx Poem 149
SRM 2nd P. Belwa Pawr.docx Poem 259
SRM 2nd R. Chadarok.docx Poem 76
Sanye-Pidhe-.pdf Story 6
Shikkha B0i2017.docx Poem 722
Shing-Macher-Kata.pdf Story 36
Shiyal-er-Khang-Garang-Bazano.pdf Story 19
Shrout.pdf Story 8
Sial-mamar-school.pdf Story 14
Sukorer-pat-batha-1.pdf Story 12
Surjyer-Manush.pdf Story 21
Tanybi.doc Story 79
Tarum A Ranjuni-Chakma-Pages.pdf Other 16
Teen-bondhur-golpo.pdf Story 13
Text-Book-Chakma-pdf.pdf Story 1405
Thurong-Barite-Raja.pdf Story 43
Tin-bondhur-gacher-kotha.pdf Story 15
Tiya-Pakhi-1.pdf Story 23
chakma novel hlachinu.docx Novel 1571
chedon akkan(10).pdf Article 103
diarrhea-hole-ki-Korbo.pdf Article 18
ghila khara class 3 p. 62.docx Story 133
kajer-Kotha.pdf Story 11
kochpanar rubo rega.docx Story 151
mle- 2 ananda babu.docx Poem 174
tin fagala-1.docx Novel 1765
Changma Ekbacchya Kodha2.doc Other 170
Chadi 2 Pojhodhe.docx Novel 1209

Table 4: Names of the sources of our Chakma monolin-
gual data with details (Part 2).

ASCII Font list of Chakma

BivunabaKhamaC
BijoygiriDPC
Udoy Giri

Alaam

Arjyaban
Chakma(SuJoyan)
Punong Jun

Table 5: Legacy fonts identified in our data sources,
which map Chakma glyphs onto ASCII code points and
are converted to the Unicode Chakma font RibengUni
during corpus normalization.



BN—CCP CCP—BN
System Dev Test Dev Test
BLEU chrF BLEU chrF BLEU chrF BLEU chrF

BanglaT5 109 +£0.06 36.3 +£0.22 2.7 £0.05 30.6 £ 0.21 244 +£0.11 44.6 +£ 0.08 11.7 £ 0.19 37.9 + 0.09
BanglaTSJr 00+002 05+004 00£0.00 05+£0.18 23+0.04 145+0.09 0.1 +0.02 14.3 +0.37
mT5-small 8.5+ 0.11 32.2+0.20 2.0 £0.04 25.8 +£0.12 14.1 +0.33 33.9+0.35 4.6 +0.07 27.2 +0.25
mT5-smalll  02+0.17 9.14+091 00+0.00 7.7+0.23 0.8+004 11.9+0.99 0.1 +0.00 11.7 + 0.37
GPT-4.1(R) - - 1.6 £ 0.13 30.4 =0.12 - - 16.5 +=0.12 48.2 +£0.35
GPT—4.1(R)T - - 0.4+0.12 18.3 +0.12 - - 0.3+0.10 18.2 +£0.21

Table 6: Ablation study comparing models evaluated with and without transliteration on BN—CCP and CCP—BN
translation. Rows marked with f indicate evaluation without transliteration (native Chakma script as input and
output). Comparison includes BanglaT5 and mT5-small fine-tuned models, as well as GPT-based in-context learning
(ICL) models with random sampling of 400 examples. Metrics report mean + std for BLEU and chrF on the
development and test sets. Removing transliteration yields near-zero performance for the selected pretrained and

ICL models under this experimental setup.

Parameter RNN  Trans. TS
Max Epochs - - 5
Max Train Steps 20000 20000 -
Warmup Steps/Ratio 4000 4000 0.1
Learning Rate 0.0005 0.0001 0.0005
Batch Size 16 32 16
Max Length 128 128 128
Optimizer adam adam  adam
Vocab size 2000 10000 -
Beam width 5 5 5
Clip gradient 1.0 1.0 -
Label Smoothing 0.2 0.5 0.3
d_model - 512 -
dropout - 0.2 -
layer_dropout - 0.1 -
att_heads - -
ffn_dim - 512 -
blocks - -
rnn_dropout 0.3 -
layer_normalization True - -
layers 1 6 -
word_embedding 512 - -
hidden_embedding 1024 - -
weight_decay - - 0.01

Table 7: Final training hyperparameters selected based
on validation performance for from-scratch RNN and
Transformer models, and for fine-tuning pretrained T5-
based models (BanglaT5 and mT5-small). mBART was
fine-tuned using the same hyperparameter settings as
T5.
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I Dictionary 34.1%
I Story 22.2%

O Textbook 20.5%
E Poem 10.8%

O Novel 10.5%

O Article 1%

O Other 0.9%

Y

Figure 2: Distribution of Chakma monolingual data by
content type. The corpus contains 42,783 monolingual
samples collected from diverse sources, including dic-
tionaries, stories, textbooks, poems, novels, and articles.

Bangla Characters Direction Chakma Characters

L3
.7

<
el

083PBIRAE

Tl

Figure 3: Nearest-character substitutions used in the
Chakma—Bangla transliteration system for characters
without direct one-to-one mappings. These substitu-
tions approximate pronunciation and lexical identity
while potentially neutralizing orthographic distinctions.
The only entry marked with a dash (-) in the Bangla
column corresponds to a rare Chakma prosodic length-
ening marker that lacks an explicit Bangla graphemic
equivalent and is normalized during transliteration. All
four Chakma characters without direct Bangla counter-
parts are rare in the collected data; their semantic effect
is not independently evaluated.



You are given translation examples from Chakma to Bangla below:

Chakma Example 1: s a1 «if? forenq 7 sifa
Bangla Example 1: SIS =@ fEermi e a1 |

Chakma Example 2: fifa@rm
Bangla Example 2: 311

Chakma Example K: @ Foieae (RN IR A ageifag fererny fror zifem o -k |

Bangla Example K: Sieserzadt 71ga 12 -pore $afzfs crrm o [ =@ |

Provide the Bangla Translation of the Chakma provided below. Only provide the translation and do not output anything else.
Chakma Test 1: IR <fa 577 F @m0, 43 I TAG@ERIL (S FIO] @@ EF |

Chakma Test 2: 3 @1 @74 AT wat fors wre wifirme (28«R ) for e sreifa et & ars @R o et |

6hakma Test 20: @ SETEEA AR AR @ wied G1F Freaat (S ) weay erif ey , 996 s Rt wf ofas 7 siwt, e e e P ez ofis s |

Figure 4: Prompt format used for our few-shot in-context learning (ICL) experiments, illustrating the structure of
source-target examples, task instructions, and test-time input.

Random Sampling N-gram Similarity Sampling
System HEX. BN—CCP CCP—BN BN—CCP CCP—BN
BLEU chrF BLEU chrF BLEU chrF BLEU chrF
GPT-4.1 100 1.3 +0.13 28.7+0.40 16.2+0.23 47.8 £0.12 1.4+0.17 30.4 +£0.30 169 +£0.31 48.7+0.28

200 1.3+£0.07 29.5+0.20 16.8 +£0.53 47.8 £0.14 1.4+0.15 30.5+£0.35 17.5+0.28 49.1 £0.34
400 1.6 +0.13 304 +0.12 16.5+0.12 48.2+0.35 1.5+£0.10 31.3£0.53 17.8 £0.12 49.6 +0.12

GPT-4.1-mini 100 0.9 +£0.05 27.6 £0.26 10.3 £0.37 40.2+0.27 1.2 £0.10 28.6 £0.35 11.1 £ 0.50 40.7 £ 0.30
200 1.1+£0.14 28.1+0.31 10.9 +0.20 40.6 £0.12 1.1 +£0.02 28.5+0.24 11.1+0.03 40.7 +0.10
400 1.1 +0.06 284 +0.19 109 +0.19 40.0£0.58 1.2+0.01 28.7+£0.25 10.5£0.54 40.4 +0.47

04-mini 100 1.3 +£0.04 28.6+0.29 12.8+0.06 42.7+£0.03 1.1 £0.05 29.2 £0.14 12.6 +0.42 42.8 +0.29
200 1.5£0.02 283 £0.51 12.8£0.21 429+£0.16 1.4+0.04 298 £0.18 12.4 £ 043 42.2 +0.60
400 1.5+0.03 29.7£0.03 12.5+0.47 429 £0.08 1.2+0.07 29.7+£0.14 122 £0.27 42.7+0.48

Table 8: In-context learning (ICL) performance of different GPT variants under identical experimental settings.
Results compare random and n-gram similarity-based sampling of in-context examples across varying numbers of
demonstrations (#Ex.). BLEU and chrF are reported as mean =+ standard deviation for BN—CCP and CCP—BN
translation. The table enables a controlled comparison of LLM variants under the same ICL conditions. Performance
is non-monotonic as the number of demonstrations increases, and n-gram retrieval does not improve every model
and demonstration count.

EN—CCP CCP—EN BN—CCP CCP—BN
BLEU chrF BLEU chrF BLEU chrF BLEU chrF

BanglaT5 1.2+£0.06 23.0+028 65+036 285+032 24+0.11 292+£032 12.8+0.12 385 =£0.61
mTS5-small 02£0.01 11.1+0.88 1.0+£0.18 156+034 15+005 241£0.73 3.0+£0.10 235+0.34

System

Table 9: Test-set performance of multilingual fine-tuned models on EN<+CCP translation using BanglaT5 and mT5-
small. BLEU and chrF are reported as mean =+ standard deviation. The BN«+CCP columns show the corresponding
MNMT results and are included for comparison with EN<«>CCP.
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Src. 1 oM FAZIete W3 &S [T 1% (AT TF &Bfe

Ref. 1  833® S00® 9 5005 0SNeH® $23635 9F® (United Nations agencies and techni-
cal experts on emergency preparedness)

Src. 2 wifeaeaa LBTE 32 &S RTaeema I (AT TF ABRs | PTAPTRIeITe! |3 Altd i a0 (@Ie Restad
G ST ] B @IRACH G ST w91 T ©f i w4 aifoepfs oo weawe |

Ref. 2 830% S0n® 9 d5003 mSNehod® SueS gF®, 0t-ofo® o o Kalc dge
Bacess oded 950506e-FFNeERd ODE @ ocess CONe0sc FQ 6 DcR ASGBOE NG
I8 WS B¢ 1606 HAS DS (The government has also reneged on repeated promises
to await clearance from United Nations agencies and technical experts on emergency pre-
paredness, habitability, and safety of the island before relocating Rohingya there.)

Pred. 1 80335 G$0af3d vdodal So¥alesc afw 0586 | (United Nations ...) [Correctly generates a

named entity, but the output is not semantically interpretable.]
Pred. 2 80335 &J0afd vfodal Jofale aw a6 aME 303 1 JOUSOHG JoFalesc oy ced ¢
DO ,0IN0N® KR 7B NG BN O BOEHN® BSnE | 7603 0§ S oSoRBEES

998056 @D (United Nations’ General Secretary ...) [Correctly identifies a named entity,
but fails to preserve sentence-level semantics.]

SMT

Pred. 1 8033500 §oF 9 SD o8 (United Nations’ children and others) [Literal lexical translation
is produced, but the output is not semantically interpretable.]

Pred. 2 803352563 0c® 9 SH S P & S Pwe (United Nations’ all and others and why) [Literal
lexical translation is produced, but the output is not semantically interpretable.]

Trans  Pred. 1 <053w% 803006 809G edfiw® 1ee® M6a® 0@ 1(United Nations’ United Na-

-former tions’ United Nations’ United Nations’ help help) [Degenerate repetitive generation with

severe semantic degradation. ]

Pred. 2 903352505 S0505% aJ5M 0D 0D 06D 06D JOIIBS WerweE® FSMH 3G A3

of 9% 93 95 BB 0GB NR® B I B 06D 06D 06D (United Nations’ United Nations’
all country country country country autistic person’s rights rights rights and and and and
their their their own own own country country country) [Degenerate repetitive generation
with severe semantic degradation.]

Pred. 1 203550 3300 » g‘:f(v)(ﬁ QS® qdd')og@'e) JBM®B NO6 §JN (Preparedness required from
United Nations agency and technical expert persons) [Semantically faithful with minor
orthographic variation.]

Pred. 2 803350 350000 9 JFMISQEN0)® SHMG FOE® 0309, 008 O03e 0 V0SS RAHEMO
Bdweas c3ed 938 e 08 MG Buih ST et WBMRE MG OROG 305 GO RN |
(The government has reneged on repeated promises to await clearance from United Nations
agencies and technical experts on emergency preparedness, habitability, and safety of the
island relocating Rohingya there.) [Semantically faithful to the reference with minor ortho-
graphic variation.]

GPT 4.1 Pred. 1 90306 D00 NG nifdus c@sBwneE® 9qn 80308 H0505 (United Nations

(ICL) agencies and technical experts on emergency preparedness) [Semantically faithful to the
reference, with lexical choices that differ slightly from BanglaT5 while preserving mean-
ing.]

Pred. 2 9033500 dID0BES 06 0I@®AISTD QwBWness (5 S0308 0§, Bo®k Fdlm Nt SS&
KOG S ddded AT S SESM)E ew, HBEO a5uth DHDoes®dsos 5039 ASKNG
N 0B S HESMGB HO Q886 | (The government has reneged on repeated promises
to await clearance from United Nations agencies and technical experts on emergency pre-
paredness, habitability, and safety of the island before relocating Rohingya there.) [Seman-
tically faithful to the reference, with lexical choices that differ slightly from BanglaT5 while
preserving meaning,|

RNN

BanglaT5

Figure 5: Qualitative examples of BN—CCP translations generated by different models on short and long sentences,
illustrating differences across approaches. Parentheses () provide a literal English gloss of each model output for
readability, while square brackets [] give a brief qualitative comparison. In these inspected examples, BanglaT5 and
GPT models using in-context learning (ICL) appear more faithful than earlier SMT, RNN, and baseline Transformer
approaches, particularly for longer sentences.
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BN—CCP—BN CCP—BN—CCP
BLEU chrF BLEU chrF

1 4155 7932 38.37 79.69
2 99.97  99.99  97.61 99.46
3 100.00 100.00 100.00  100.00

Round

Table 10: Round-trip transliteration quality up to the third iteration on the Benchmark set. Scores are reported as
BLEU and chrF on benchmark sentences and show convergence after two rounds.

Src. TFOIEA Wts RO (iAreice ol ¢ wifon SpiRe =ife, Seeifs a3z e S Fa1 281 (Before the
iftar, a special munajat was offered seeking continued peace, progress and prosperity
of the nation.)

T1. 930004 ®3® oD 97 836 ol sk NGO, NF®S )
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Figure 6: Illustration of orthographic variation in Chakma, where multiple valid spellings of the same word appear
across translations produced independently by three language experts from the same Bangla source. Identical colors
highlight variant spellings of the same lexical item.

BN—CCP CCP—BN
System
BLEU chrF BLEU chrF
GPT-4.1 05+0.09 21.1 144 155+049 459+045
GPT-4.1-mini 0.6 £0.06 242 +0.71 9.2+0.13 38.9+0.02
o4-mini 0.6+0.03 226+ 141 1224+026 42.2+0.23

Table 11: Zero-shot in-context learning ablation showing translation performance with no in-context examples
for GPT-4.1, GPT-4.1-mini, and 04-mini on BN—CCP and CCP—BN. Results are reported as mean =+ standard
deviation for BLEU and chrF.
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