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Abstract

We present the first systematic study of ma-
chine translation for Chakma, an endangered
and extremely low-resource Indo-Aryan lan-
guage, with the goal of supporting language
access and preservation. We introduce a
new Chakma-Bangla parallel and monolin-
gual dataset, along with a trilingual Chakma—
Bangla—English benchmark for evaluation. To
address script mismatch and data scarcity, we
propose a character-level transliteration frame-
work that exploits the close orthographic and
phonological relationship between Chakma and
Bangla, preserving semantic content while en-
abling effective transfer from Bangla and mul-
tilingual pretrained models. We benchmark
from-scratch MT, fine-tuned pretrained mod-
els, and large language models via in-context
learning. Results show that transliteration is
essential and that fine-tuning and in-context
learning substantially outperform from-scratch
baselines, with strong asymmetry across trans-
lation directions.

1 Introduction

The Chakma language is spoken by the indige-
nous Chakma people across Bangladesh, the east-
ernmost regions of India, and western Myanmar,
and belongs to the Indo-Aryan language family
(Mohsin, 2013). It is spoken by over 700,000 peo-
ple across the region (censusindia, 2011; Statistics,
2023). Despite this population, Chakma remains
predominantly oral, with limited use of its writ-
ing system, leaving the language critically under-
resourced in digital form. As noted by Saikia and
Haokip (2023), Chakma is classified as “Definitely
Endangered,” and continued language loss poses
risks to cultural identity and community continu-
ity. Although revitalization efforts exist-such as
pre-primary materials produced by the National
Curriculum and Textbook Board of Bangladesh
(NCT, 2024) and limited school textbooks in India
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Figure 1: Illustrative Chakma—Bangla translation ex-
ample comparing our two best-performing approaches:
fine-tuned NMT (BanglaT5) and in-context learning
(GPT with random 400 examples). Despite similar au-
tomatic scores, the outputs differ in lexical choice and
interpretation.

(CAD, 2024)-they remain largely confined to edu-
cation, while everyday communication and public
discourse increasingly rely on dominant regional
languages such as Bangla, underscoring the lack
of computational support for Chakma in broader
communication settings.

Compared to higher-resource Indo-Aryan lan-
guages such as Bangla and Hindi, Chakma has re-
ceived very limited attention in NLP research. Ex-
isting work is largely restricted to character recogni-
tion (Podder et al., 2023) and speech language iden-
tification (Pratap et al., 2023). In contrast, while
state-of-the-art commercial large language mod-
els (e.g., GPT and Grok) can recognize Chakma
script, they often fail to generate semantically faith-
ful Chakma sentences, limiting their reliability in
this low-resource setting (see 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 this gap, we present the first sys-
tematic study of machine translation for Chakma,
an extremely low-resource and endangered lan-
guage. We investigate how different modeling
paradigms, including classical machine transla-
tion, 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 accurate translations with limited parallel
data. A GPT-based in-context learning approach,
using only 400 demonstration examples, generates
outputs that remain semantically faithful despite
minimal supervision.

Our contributions are summarized as follows:

(1) First Chakma-Bangla MT resources. We
release the first Chakma—Bangla parallel corpus
with 15,021 sentence pairs, a large Chakma mono-
lingual corpus with 42,783 sentences, and a cu-
rated trilingual Chakma-Bangla—English bench-
mark with 600 evaluation sentences. These re-
sources provide a foundation for machine trans-
lation and downstream 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, preserving semantic content while bridg-
ing script differences. This enables effective cross-
script transfer and allows pretrained and large lan-
guage 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 strong and
robust baselines for Chakma-Bangla translation.

(4) Analysis of orthographic variability. We ana-
lyze orthographic inconsistencies in Chakma aris-
ing from non-standardized spelling and script us-
age. We show that this variability substantially
affects automatic evaluation and MT performance,
with BLEU underestimating translation quality due
to multiple valid spellings.

2 Related Works

Machine translation research has historically fo-
cused on high-resource language pairs, where large
parallel corpora were readily available (Koehn and
Knowles, 2017). Early work was dominated by
statistical machine translation systems trained on
millions of sentence pairs for high-resource lan-
guage pairs (Koehn et al., 2003). With the advent
of neural machine translation, attention-based en-
coder—decoder models further reinforced this re-
liance on abundant parallel data (Bahdanau et al.,
2014). As a result, languages with scarce digital
resources have received comparatively less atten-
tion and continue to face substantial limitations in
existing MT systems.

More recent work in low-resource NMT has
explored a range of strategies to mitigate data
scarcity, including semi-supervised learning with
monolingual data (Gulcehre et al., 2015), back-
translation (Sennrich et al., 2016), multilingual
neural machine translation for cross-lingual trans-
fer (Kocmi and Bojar, 2018), and transliteration
for closely related languages with different scripts
(Durrani et al., 2010), particularly for Asian and
Indigenous languages (Riza et al., 2016). In ex-
tremely low-resource settings, prior work reports
very low translation quality overall (often below
10 BLEU) (Guzman et al., 2019), with several MT
approaches yielding BLEU scores in the low single
digits or around 1-2 under out-of-domain evalua-
tion, highlighting the difficulty of generalization
(Zhang et al., 2020).

More recently, large language models have intro-
duced in-context learning (ICL) as an alternative
to fine-tuning for low-resource translation (Brown
et al., 2020). While promising, ICL performance
is direction-dependent and varies across language
pairs, often favoring high-resource target languages
(Brown et al., 2020). These limitations motivate us
to systematically study the effectiveness of ICL in
extremely low-resource and cross-script translation
settings.

3 ChakmaNMT Dataset

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

3.1 Parallel Corpus

Parallel Documents After extensive searching,
we identified two publicly available documents that



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
Expert translations (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) 600 14.8 600

Table 1: Overview of the Chakma—Bangla datasets introduced in this work, including data sources, sample counts,
and average sequence length (Avg #Tok) measured in space-separated Chakma (CCP) tokens; BN and EN denote

Bangla and English, respectively.

contain aligned Bangla(BN) and Chakma(CCP)
translations: UN Convention on the Rights of Per-
sons with Disabilities (UnitedNation) and UN Con-
vention on the Rights of the Child (resolution 44/25,
1989). The Bangla versions of these documents
were available only as scanned PDF files contain-
ing 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.

Manual Translation by Experts To obtain high-
quality sentence-level translations, we organized
a manual data collection effort involving 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.

All collected translations were subsequently re-
viewed and validated by senior linguistic experts to
ensure accuracy and consistency. After filtering and
quality control, this process produced a final set of

"https://github.com/tesseract-ocr/tesseract

The dictionary data were provided directly by the dictio-
nary’s owner for research use.

5,203 high-quality 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’. These resources already
include English translations. Since most contribu-
tors were unfamiliar with the Chakma script, they
were instructed to write Chakma using Bangla char-
acters. We later converted these submissions into
Chakma script using a custom transliteration sys-
tem (See Section 4.2) developed for CCP-BN con-
version. After manual verification and filtering by
Chakma language experts, this effort yielded 3,444
additional CCP-BN-EN sentence triples.

Overall, the parallel data collection process re-
sulted in 15,021 BN-CCP parallel sentence pairs, of
which 8,647 include aligned English translations.

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

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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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 fonts were encoded in
various ASCII-based formats, each with distinct
character mappings. To address this, we developed
a conversion program that maps all source fonts
to a unified Unicode font, RebangUni,5 the first
UTF-8—compliant font for the Chakma language.
This enabled consistent normalization across het-
€rogeneous 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
GitHub 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 Bangla—English sentence pairs
from the RisingNews Benchmark dataset, which
consists of online news articles, introduced by
Hasan et al. (2020). The RisingNews dataset was
preprocessed and filtered following the methodol-
ogy of Guzmdn et al. (2019), making it a high-
quality and widely used evaluation resource. Since
the dataset already contains bilingual sentence
pairs, translating these sentences into Chakma en-
ables the construction of a trilingual benchmark

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

5https ://github.com/Bivuti/RibengUni

Sanonymousfornow.com

spanning Bangla, English, and Chakma. We asked
three Chakma language researchers, who had not
participated in the parallel data collection, to inde-
pendently translate these sentences into Chakma.
Each annotator translated 200 sentences, with an
overlap of 50 sentences shared across all three an-
notators. The shared subset was included to allow
analysis of translation variability and orthographic
inconsistency across gold references, which we
further discuss in Section 7. In total, this process
resulted in 600 evaluation samples, which we re-
fer to as the RisingNewsChakma benchmark. This
benchmark is out-of-domain with respect to our
training data and is used exclusively for evaluation.

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-language sen-
tence, the model generates a target-language sen-
tence token by token. The objective is to learn this
mapping from extremely limited parallel data. We
study this setting for 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 meth-
ods differ primarily in how they leverage prior
knowledge and handle the script mismatch between
Chakma and Bangla. First, we train conventional
MT systems from scratch using only our collected
parallel data, which are directly limited by data
scarcity. Second, we fine-tune pretrained sequence-
to-sequence models by transferring knowledge
from Bangla via script-bridging transliteration and
monolingual augmentation. Third, we evaluate
large language models using few-shot in-context
learning, adapting them to Chakma translation
without any 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/Bivuti/RibengUni

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 sys-
tem that bridges the Chakma and Bangla scripts
in a near one-to-one manner.” The system pre-
serves phonetic and lexical content while mapping
Chakma text into the Bangla Unicode range, al-
lowing Chakma data to be directly 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 a unique 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 also share a largely similar
subject—object—verb (SOV) word order, which fur-
ther supports cross-lingual transfer. At the same
time, Chakma has systematic morphosyntactic dif-
ferences (e.g., placing negation before the verb),
which may introduce local reordering effects be-
yond script-level variation.

The transliteration is largely based on straight-
forward one-to-one character mappings in both
directions, with a small number of deterministic,
phonetics-based normalizations only where exact
script-level equivalence is unavailable. The sys-
tem prioritizes content preservation over strict char-
acter reversibility: round-trip transliteration may
introduce minor surface-level variation, but does
not result in semantic or lexical information loss
(Section 7). In practice, transliteration is used ex-
clusively as preprocessing and postprocessing: if
Chakma is the source, input is transliterated into
Bangla before translation; if Chakma is the tar-
get, Bangla-script model output is transliterated
back into Chakma for evaluation. All pretrained
sequence-to-sequence models described in the fol-
lowing 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.

"The transliteration code is publicly available on GitHub
(anonymous).

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 alter-
native to fine-tuning using state-of-the-art large lan-
guage models. Specifically, we test GPT-4.1, GPT-
4.1-mini, and GPT-04-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 the input sentence.
We use character-level matching to handle or-
thographic variation in Chakma, where multiple
valid spellings make word-level retrieval unreliable.
Comparing these strategies allows us to evaluate
whether demonstration relevance, beyond the num-
ber of examples, improves in-context translation
quality.

5 Experimental Setup

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



opment sets.® The training set contains 12,016
sentence pairs and the development set contains
3,005 sentence pairs. We evaluate all models on the
RisingNewsChakma benchmark, which is out-of-
domain with respect to the training data. We report
BLEU (Post, 2018) and chrF (Popovié, 2015) as
our primary automatic metrics; following common
practice, BLEU is used for model selection 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 normalization!!
scheme of Hasan et al. (2020) with minor language-
specific adjustments. We apply SentencePiece
(Kudo and Richardson, 2018) for tokenization
across SMT and NMT systems. Decoding uses
beam search with width 5 and a maximum se-
quence length of 128 tokens. We train the GRU-
based and Transformer models described in Sec-
tion 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 GPT-
o4-mini. We use default decoding settings with
temperature set to 1 due to budget constraints. Each
prompt includes between 100 and 400 example
translation pairs and translates 20 input sentences,
selected as a practical compromise between prompt
utilization and computational cost. Demonstration
examples are retrieved from the training split of the
parallel corpus and selected either randomly or via
character-level n-gram similarity, with n = 6 fixed
for stability.

We additionally conduct ablation experiments
by (i) removing transliteration for fine-tuned and
in-context models, and (ii) evaluating a zero-shot
in-context learning configuration without demon-
strations.

8The dataset is anonymous for review and will be released
publicly on HuggingFace upon publication.

ghttps ://www2.statmt.org/moses/

10https ://colab.research.google.com/

"https://github.com/anonymous_for_now

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.

6 Results

Transliteration is essential for effective model-
ing Transliteration is a prerequisite for leverag-
ing pretrained models and yields substantial gains.
As shown in Table 6, removing transliteration col-
lapses both BLEU and chrF to near-zero across
fine-tuning and in-context learning. Reintroducing
transliteration restores usable scores in both trans-
lation directions, showing that script conversion is
essential. The parallel drops in BLEU and chrF
indicate a failure at the character level rather than
a tokenization issue.

In-context learning is the most effective ap-
proach, but directionally asymmetric With 400
examples, ICL achieves strong CCP—BN perfor-
mance and is competitive with the best fine-tuned
systems, where BanglaT5 consistently outperforms
mT5 (Table 2 and Table 8). In contrast, BN—CCP
performance remains low (around 1-2 BLEU) even
with the best prompts, while fine-tuned models
continue to perform better. This reveals a clear
directional asymmetry: ICL is substantially more
effective when translating into Bangla than into
Chakma. chrF mirrors this pattern, showing much
higher character-level overlap for CCP—BN than
for BN—CCP.

From-scratch models fail to generalize under
extreme data scarcity From-scratch SMT, RNN,
and Transformer models achieve modest dev perfor-
mance but collapse on the test set, with both BLEU
and chrF dropping to near-zero levels (Table 2).
This degradation holds in both translation direc-
tions and indicates a failure to generalize under ex-
treme data scarcity. The parallel collapse in BLEU
and chrF further suggests a strong domain mis-
match with the RisingNewsChakma benchmark,
where models fail to recover even partial character-
level matches.

Back-translation improves performance in most
settings Back-translation improves performance
in most settings, with consistent gains across both
BLEU and chrF. The improvements are strongest
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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 046+ —— 263+—— 001 +—— 202+ —— 032+ —— 249+ —— 00.1 £ —— 204+ ——
RNN 053+ 091 22.24+3.71 00.1 +£0.03 10.4 +2.45 08.0 +2.51 20.1 +4.37 00.1 £0.07 08.5 +-2.43
Transformer 01.6 +£0.03 25.8 £0.21 00.2 + 0.04 23.2 +0.30 03.0 £0.12 27.2 +0.28 00.4 + 0.05 20.0 = 0.51
Fine-tuned with tranliteration enabled
mBART 03.5+0.35 20.0+1.45 00.2+0.03 11.1 £1.09 104 £+ 6.74 22.6 +9.80 00.8 +£0.51 12.8 4+ 3.49
mT5-small 08.5+0.11 32.2 4+ 0.20 02.0 & 0.04 25.8 = 0.12 14.1 +0.33 33.9 & 0.35 04.6 &= 0.07 27.2 & 0.25
+IBT-1it 08.4 +0.03 33.24+0.04 02.5+0.02 29.4 +£0.09 14.1 £0.33 33.9 £ 0.35 04.6 £ 0.07 27.2 £ 0.25
+IBT-2it 08.3 +0.09 33.9 +0.14 02.7 +£0.09 30.1 £0.09 15.1 £0.11 37.4 +0.14 07.8 £0.10 37.8 +0.20
+MNMT 06.1 = 0.14 27.5 4+ 0.35 01.5 4+ 0.05 24.1 =0.73 09.2 & 0.28 28.1 +=0.30 03.0 &= 0.10 23.5 +0.34
BanglaT5 10.9 £ 0.06 36.3 +0.22 02.7 = 0.05 30.6 + 0.21 24.4 +0.11 44.6 +=0.08 11.7 = 0.19 37.9 + 0.09
+IBT-1it 10.4 £0.19 36.5£0.11 02.2 £0.06 27.7 £0.21 244 £0.11 44.6 £0.08 11.7 £0.19 37.9 £ 0.09
+IBT-2it 10.5£0.18 36.8 +0.07 02.5+£0.18 28.5 +0.35 242 +0.11 46.8 & 0.06 13.9 + 0.20 46.3 +0.15
+MNMT 08.2+0.26 32.1 £0.22 024 +0.11 29.2 +0.32 20.9 + 0.62 40.1 +0.39 12.8 +0.12 38.5 +0.61

In-context Learning with tranliteration enabled

GPT-4.1-mini(R) - -
GPT-4.1(R) - -
GPT-04-mini(R) - -
GPT-4.1-mini(N) - -
GPT-4.1(N) - -
GPT-04-mini(N) - -

01.1 £0.06 284 £0.19 - -
01.6 = 0.13 304 £0.12 - -
01.5+£0.03 29.7 £ 0.03 - -
01.2+£0.01 28.7£0.25 - -
01.5+£0.10 31.3 £0.53 - -
01.24+0.07 29.7 £0.14 - -

10.9 £0.19 40.0 £0.58
16.5+0.12 48.2 +£0.35
12.5+:0.47 429 +£0.08
10.5 £ 0.54 404 +£0.47
17.8 £ 0.12 49.6 £ 0.12
12.2 £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-tunin(MNMT), and GPT-based in-context
learning (ICL) with 400 examples using random(R) or n-gram(N) similarity-based sampling. Overall, GPT-based
ICL achieves the strongest performance for CCP—BN, while BanglaT5 yields the highest BLEU for BN—CCP.

for CCP—BN: for BanglaT5, two iterations in-
crease test BLEU from 11.7 to 13.9 and chrF from
37.9 to 46.3, while mT5-small improves BN—CCP
from 2.0 to 2.7 (Table 2). Gains in BN—CCP are
smaller or mixed, although the forward model bene-
fits from additional synthetic data in later IBT steps.
Notably, CCP—BN scores for BanglaT5 and mT5
remain unchanged after the first IBT iteration, since
the backward model is initially trained on the same
parallel data. Overall, chrF closely mirrors BLEU,
indicating that back-translation improves character-
level fidelity rather than only n-gram overlap.

Bilingual fine-tuning outperforms multilingual
training in our setting Multilingual training un-
derperforms bilingual fine-tuning across both trans-
lation directions. For both BanglaT5 and mTS5-
small, adding MNMT reduces test performance
on both BLEU and chrF relative to bilingual fine-
tuning (Table 2). This indicates that the additional
English data introduces noise that outweighs any
cross-lingual transfer benefits in this low-resource
setting. Table 9 further supports this finding, as

EN<+CCP results are substantially worse than
BN<+CCP on both metrics, showing degradation
even at the character level.

ICL benefits from relevant demonstrations and
careful scaling N-gram similarity—based selec-
tion consistently matches or slightly outperforms
random sampling, particularly for CCP—BN (Ta-
ble 8). Increasing the number of demonstrations
improves performance on both BLEU and chrF up
to a point, after which gains plateau and become
non-monotonic. This shows that example relevance
matters more than sheer quantity, with chrF mirror-
ing BLEU and indicating improved character-level
fidelity rather than just word overlap.

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 is cheaper and more
stable, particularly for BN—CCP where ICL under-
performs on both metrics. As a result, the preferred



approach depends on whether one prioritizes peak
performance under data scarcity or long-term de-
ployment cost, with ICL’s gains concentrated in
CCP—BN and fine-tuning remaining more reliable
for BN—CCP.

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. This asymmetry likely arises because pre-
trained models encode Bangla more effectively,
making translation into Bangla easier than into
Chakma. The same gap in chrF confirms that this
is a genuine character-level difficulty rather than a
BLEU-specific artifact. Figure 5 provides represen-
tative BN—CCP outputs across model families.

BLEU underestimates quality due to lexical and
orthographic variation of Chakma Language
We observe a large divergence between BLEU and
chrF that reflects lexical and orthographic varia-
tion rather than semantic errors. BLEU is partic-
ularly sensitive to re-transliterated Chakma out-
puts, where spelling variation introduced by script
conversion lowers n-gram overlap without degrad-
ing meaning. This is evident in inter-annotator
agreement on 50 shared benchmark sentences (Sec-
tion 3.3), which is only 4.48 BLEU but 38.82 chrF,
indicating stable character overlap despite differing
word forms. Figure 6 further illustrates multiple
valid spellings for common words, strongly penal-
izing BLEU. These patterns, driven by the lack of
standardized Chakma orthography, motivate treat-
ing chrF as a co-primary metric alongside BLEU.

Our transliteration preserves content but is not
character-exact Round-trip evaluation shows
that transliteration largely preserves the input, al-
though it is not perfectly character-faithful. After
one cycle, scores remain strong (41.55 BLEU /
79.32 chrF for BN—CCP—BN and 38.37 BLEU /
79.69 chrF for CCP—BN—CCP), indicating only
minor character-level drift. After the second cycle,
scores reach near-ceiling levels (97.6-100 BLEU
and 99.5-100 chrF; Table 10), reflecting stabi-
lization once non-bijective mappings are resolved.
Overall, residual differences are best explained by
a small set of nearest-character (phonetic) substitu-

tions for symbols without exact cross-script coun-
terparts—surface variations that preserve pronun-
ciation and meaning rather than causing substan-
tive information loss. This interpretation is consis-
tent with downstream MT results (Table 2), where
strong systems maintain relatively high chrF de-
spite lower BLEU, while removing transliteration
causes both metrics to collapse (Table 6).

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. These results confirm that explicit demon-
strations are essential for generating Chakma out-
puts 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.

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 GPT-04-mini consistently
outperforms GPT-4.1-mini in both BLEU and chrF
(Table 8). As these models differ in architecture, ca-
pacity, 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 dif-
ferences affect both token-level and character-level
fidelity.

8 Conclusion

This work presents a foundational study on ma-
chine translation for Chakma, an extremely low-
resource and endangered language. We introduce
new datasets and a transliteration-based framework
that enables effective use of pretrained models and
large language models. Results show that lever-
aging pretrained models and related high-resource
languages substantially outperforms training from
scratch, while challenges such as translation asym-
metry and orthographic variation remain. Over-
all, this work establishes strong baselines and a
practical foundation for future NLP research on
endangered languages.



Ethics

This work involves data collection for an endan-
gered and low-resource language with the goal of
supporting language preservation and accessibil-
ity. All human-generated data were collected with
informed consent from contributors, who volun-
tarily participated and expressed support for this
research. No personally identifiable information
was collected, and we do not anticipate any signifi-
cant risks or harms resulting from this work.

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 and preserves phonetic and lexical content,
but relies on manually designed mappings and
is not strictly character-bijective, resulting in mi-
nor surface-level variation for a small number of
script-specific distinctions without affecting mean-
ing. Automatic metrics such as BLEU may fur-
ther underestimate translation quality due to or-
thographic variation and multiple valid spellings
in Chakma. Ultimately, the primary bottleneck
remains data scarcity: future work could bene-
fit 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 approaches tailored
to extremely low-resource and non-standardized
languages.
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A Appendix

A.1 Additional Details on Expert-Based Data
Collection

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
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 pro-
ficiency in Bangla and English but limited formal
training in translation. Despite their linguistic com-
petence, many participants reported difficulty trans-
lating abstract or institutional terms, as Chakma
remains primarily an oral language with limited
standardized written usage. Furthermore, expert
translators typically provided handwritten transla-
tions, which were later digitized by trained typists
due to limited familiarity with Chakma script typ-
ing.

We discuss additional things in Appendix A.2
and A.5
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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-
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 preserving the base character
without adding a distinct symbol in the Bangla
rendering, thereby maintaining lexical meaning
and the underlying pronunciation class. More-
over, the four Chakma characters without direct
Bangla equivalents are extremely rare in contem-
porary Chakma usage and do not materially affect
downstream translation quality.
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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 encode phonetic
distinctions that are not contrastive in Chakma or-
thography and are therefore mapped to the closest
Chakma counterparts that best preserve pronuncia-
tion and lexical identity.

Deterministic handling of non-direct characters.
For characters without direct one-to-one correspon-
dences in either direction, we apply deterministic
substitutions based on closest phonetic similarity
in the target script (Figure 3). Consequently, the
transliteration system prioritizes content preserva-
tion over strict character reversibility: round-trip
transliteration may introduce minor surface-level
variation, but does not lead to semantic or lexical
information loss (Section 7). Overall, the system
remains predominantly a straightforward charac-
ter mapping scheme, with a small number of rule-
based phonetic normalizations applied 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 collapsing
long and short vowel variants in low-resource set-
tings and is intended to simplify orthographic vari-
ation while preserving pronunciation and meaning.
We also normalize all bracket symbols to parenthe-
ses in order to reduce sparsity in the data. These
normalization steps are applied symmetrically and
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are not intended to alter semantic content or trans-
lation difficulty.

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.

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
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 O 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 a multilingual training(MNMT), we prepend
a target-language prefix tag to each input sentence:

Zhttps://github.com/bentrevett/
pytorch-seq2seq/tree/main
Bhttps://huggingface.co/docs/transformers/model_doc/marian


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

<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), demonstration ex-
amples are selected either uniformly at random or
using character-level n-gram overlap to account for
orthographic variation in Chakma. Character-level
matching is used instead of word-level matching
due to the absence of standardized spelling. The
n-gram size was selected through limited manual
experimentation using a small subset of the de-
velopment data, due to computational budget con-
straints. This subset was used only for preliminary
testing of retrieval behavior, and not for model se-
lection 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.
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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-II1 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.F.Miller’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).



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 1st 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 Atrticle 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: Chakma ASCII fonts identified in our data
sources and subsequently converted to the RibengUni
(UTF-8) font as part of corpus normalization.
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W Dictionary 34.1%
I Story 22.2%

O Textbook 20.5%
B Poem 10.8%

O Novel 10.5%

O Article 1%

O Other 0.9%

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.

Class Bangla Direction Chakma
Letter o — o
Letter 3 — o
Letter T — A
Letter 17 N oA
Letter Al — 105
Letter g — »

Diacritic g N j

Letter el — fe)

Diacritic [En .
Diacritic e P o
Diacritic - . I

Figure 3: Nearest-character substitutions used in the
Chakma—-Bangla transliteration system for characters
without direct one-to-one mappings. These substitutions
preserve semantic content and approximate pronuncia-
tion, while potentially neutralizing non-contrastive or-
thographic distinctions. The only entry marked with
a dash (-) in the Bangla column corresponds to a rare
Chakma prosodic lengthening marker that lacks an ex-
plicit Bangla graphemic equivalent and is normalized
during transliteration. All four Chakma characters with-
out direct Bangla counterparts are extremely rare in con-
temporary usage and have negligible impact on down-
stream translation quality.



You are given translation examples from Chakma to Bangla below:

Chakma Example 1: & g3t «ifs freeng 7 «ifes
Bangla Example 1: SIS =7aR f&emi sac3 a1 |

Chakma Example 2: fifsf@m
Bangla Example 2: =1

Chakma Example K: @ ol @R AEA1A1R A agenfe fevery frer zifem 2t -=fzq |

Bangla Example K: Stelarzeeid ara 12 -goraied ToifEfs crmm foma frafee =@ |

Provide the Bangla Translation of the Chakma provided below. Only provide the translation and do not output anything else.
Chakma Test 1: IAFARA &R JA HE @GR , 47 FreM TIGATAIR (S IR (@@ @ |

Chakma Test 2: T T&@ (74 A St fors @eq @fmme (386 ) for fmg sl e (i @t @ @@ ggaaf |

Chakma Test 20: 4 S5 TR R G T (o FrEacat (SIafeft ) Sy T e , 5 AR Rl W i 7 o1t , S1eer Ry Fices FicaTes (e o Brere |

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.

BN—CCP CCP—BN

Dev Test Dev Test
BLEU chrF BLEU chrF BLEU chrF BLEU chrF

BanglaT5 109 £ 0.06 36.3 = 0.22 02.7 = 0.05 30.6 £ 0.21 24.4 = 0.11 44.6 =0.08 11.7 £ 0.19 37.9 £ 0.09
BanglaT5"  00.0 + 0.02 00.5 4 0.04 00.0 4 0.00 00.5 4 0.18 02.3 +0.04 14.5+0.09 00.1 +0.02 14.3 + 0.37

mT5-small  08.5+£0.11 32.2 £0.20 02.0 +0.04 25.8 £0.12 14.1 £ 0.33 33.9 +0.35 04.6 £ 0.07 27.2 £ 0.25
mT5-small’  00.2 +0.17 09.1 4+ 0.91 00.0 4 0.00 07.7 & 0.23 00.8 +0.04 11.9 +0.99 00.1 +0.00 11.7 +0.37

GPT-4.1(R) - - 01.6 £ 0.13 30.4 +0.12 - - 16.5 +0.12 48.2 £0.35
GPT-4.1(R)f - - 004 £0.12 183 £0.12 - - 00.3 £0.10 18.2 £0.21

System

Table 6: Ablation study comparing models evaluated with and without transliteration on BN—CCP and CCP—BN
translation. Rows marked with { 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 results in near-zero performance across both fine-tuning and
ICL, highlighting its necessity in this setting.
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Src. 1  wfouT APt @3 offE RTaewma IR (A0 S &8s

Ref. 1  835% S0n® 9 5003 mSNgH0® 32363 FH® (United Nations agencies and techni-
cal experts on emergency preparedness)

Src. 2 WAL AT «R &YfE RTeaeema F1g (AT T &S | PRI 43 F S [awd @i Resi@s
T ST 1 IR @R G FIREe A T O IR 741 aifons s oo Fearg |

Ref. 2 833% Eon® 9 d$M03 mSnennd® 2365 8¢®, 0e-0fo® o1 Ko tdalc dge
Bocess (9ed 95050ce-FENecd ODC @ 0ces KATOReosc q Se DcwR AGBOE NG
WS w8 Fwe MO HS 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 $0af3d vdodal So¥alesc 23w ¢5s¢ | (United Nations ...) [Correctly generates a

named entity, but the output is not semantically interpretable.]

Pred. 2 80335 &j0afId vodal Sofaler Ww Mfac M@ 03 1 FOUSMG (fo3alesc By ced ¢
DOJ0C ,0INN® KR 7B NG FuihH O BOEHN® BSE | 603 08 OB Fo8OGBEEeS
29806 @D (United Nations’ General Secretary ...) [Correctly identifies a named entity,
but fails to preserve sentence-level semantics.]

SMT

Pred. 1 S033506 (giﬁ o) SH (é(ﬁ (United Nations’ children and others) [Literal lexical translation
is produced, but the output is not semantically interpretable.]

Pred. 2 803352503 0c® 9 SH S P S S Pwe (United Nations’ all and others and why) [Literal
lexical translation is produced, but the output is not semantically interpretable.]

Trans  Pred. 1 <0536 803006 S090G edfaii® Mee® 16a® 0@ 1(United Nations’ United Na-

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

severe semantic degradation.

Pred. 2 903352505 S05055% 0308 06D 0D 0D 06D JOIIBS wercwest BSMF% HSMGB HS0Gs
of 9% 9f 95 VE® NE® NE® B e B 0D 06D 0D (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 903352 35000 9 M5 AS® QCENN® SHMGB NDOc SGF® (Preparedness required from
United Nations agency and technical expert persons) [Semantically faithful with minor
orthographic variation.]

Pred. 2 20335% 5D 9 Jam3Eqenn®d Skme: eMedd doe, 0@ Ooe ) oieits RO
Bdweas 3ed 93edd e S8 MG Buii SIS Sosets WBMRE NGB OROGB 36 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 o056 SDond NG 0dedds o@sBwnEn 5qhH F0rod dNH0J0S (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 @0335w®% HH0SS 0% 05B0ISd cwdwnes @8 S0 ofwd, o scllo nos Ut
HOO% SIS dcded AJYR Sec SESKE ew, HBEO AuIth DHoes®dsos 5059 A5
NH OKOH 3B HESMGB HO Q88¢ | (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

BanglaTh

Figure 5: Qualitative examples of BN—CCP translations generated by different models on short and long sentences,
illustrating differences in semantic adequacy and robustness across approaches. Parentheses () provide a literal
English gloss of each model output for readability, while square brackets [] give a brief qualitative analysis comparing
translation quality. Overall, BanglaT5 and GPT models using in-context learning (ICL) produce more semantically
faithful translations than earlier SMT, RNN, and baseline Transformer approaches, particularly for longer sentences.
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Src. EFOIER Wit Reog (et o ¢ wifod eriRe =ife, wasife «ag s vl $a1 =81 (Before the

iftar, a special munajat was offered seeking continued peace, progress and prosperity
of the nation.)

Tl. PBOGEHE®B NOC QUM Gfwam-03H 06D 71 830 0! Seuwlss NG, NGBS 7))

QmD g yfwlcc!

T2. 9BOmKE DO lwadh 0D of 83k 0SS 1@, HISS N de
Gfa]

T3. 9300053 0o 08 fwadin oD g @3B 1o NEM g gl

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.
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Parameter RNN  Trans. T5

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 - 1 -
ffn_dim - 512 -
blocks - 6 -
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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Random Sampling N-gram Similarity Sampling

System #Ex. BN—CCP CCP—BN BN—CCP CCP—BN
BLEU chrF BLEU chrF BLEU chrF BLEU chrF
GPT-4.1 100 01.3+0.13 287 + 040 162+ 023 47.8 +0.12 014+ 0.17 304 +0.30 169+ 031 48.7 + 0.28

200 01.34+0.07 29.5+0.20 16.8 £0.53 47.8 £0.14 01.4£0.15 30.5+£0.35 17.5+0.28 49.1 +£0.34
400 01.6 +0.13 30.4+0.12 16.54+0.12 48.2+0.35 01.5+0.10 31.3 £0.53 17.8 £0.12 49.6 £ 0.12

GPT-4.1-mini 100 00.9 +£0.05 27.6 +£0.26 10.3 £0.37 40.2 £0.27 01.2£0.10 28.6 £0.35 11.1+£0.50 40.7 +0.30
200 01.14+0.14 28.1 £0.31 10.9 £0.20 40.6 £0.12 01.1 £0.02 28.5+0.24 11.1+£0.03 40.7 +0.10
400 01.1 +0.06 28.4+0.19 10.9 +0.19 40.0 £0.58 01.2 +£0.01 28.7 £0.25 10.5 £0.54 40.4 £0.47

GPT-04-mini 100 01.3 £0.04 28.6 £0.29 12.8 +0.06 42.7 £0.03 01.1 £0.05 29.2+0.14 12.6 £0.42 42.8 £0.29
200 01.54+0.02 283 +£0.51 12.8£0.21 429 £0.16 01.4£0.04 29.8 £0.18 12.4 +£0.43 42.2 +0.60
400 01.5+0.03 29.7+:0.03 12.54+0.47 42.9 +£0.08 01.2£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. Overall,
ICL performance improves as the number of in-context examples increases, with gains becoming more consistent at
200-400 demonstrations across models, and n-gram similarity-based sampling generally yielding stronger results
than random selection.

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

BanglaT5 01.2+£0.06 23.0£0.28 0654036 2854032 024+0.11 292+0.32 12.8+£0.12 385=£0.61
mT5-small 002 +0.01 11.1£0.88 01.0£0.18 15.6+0.34 01.5+0.05 24.1+0.73 03.0+£0.10 23.5+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. Results for BN«>CCP are shown for
reference to contrast multilingual performance with the bilingual setting.

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.

BN—CCP CCP—BN
System
BLEU chrF BLEU chrF
GPT-4.1 00.5+0.09 21.1 £1.44 155+0.49 459+ 045

GPT-4.1-mini 00.6 £0.06 24.2+0.71 09.2+0.13 38.9 =+ 0.02
GPT-o4-mini 00.6 £0.03 22.6 £ 141 1224026 422 +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 GPT-04-mini on BN—CCP and CCP—BN. Results are reported as mean + standard
deviation for BLEU and chrF.
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