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Abstract
Despite being the 5th most spoken language, Bangla remains underrepresented in Large Language Models (LLMs),
particularly for code generation. This primarily stems from the scarcity of high-quality data to pre-train and/or finetune
such models. Hence, we introduce the first dedicated family of Code LLMs for Bangla (1B & 9B). We offer three
major contributions: (1) a comprehensive Bangla code instruction datasets for programming domain adaptation;
(2) MBPP-Bangla, an evaluation benchmark for Bangla code generation; and (3) the TigerCoder-family of Code
LLMs, achieving significant 11-18% performance gains at Pass@1 over existing multilingual and general-purpose
Bangla LLMs. Our findings show that curated, high-quality datasets can overcome limitations of smaller models for
low-resource languages.
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1. Introduction

Recent advancements in LLMs have significantly
improved code generation (Touvron et al., 2023;
Hui et al., 2024; Team et al., 2025). State-of-the-
art models often achieve over 90% Pass@1 scores
on popular coding benchmarks like HumanEval
(Chen et al., 2021) and MBPP (Austin et al., 2021)
which led to their widespread adoption in do-
mains such as software engineering (Pasquale
et al., 2025) and education (Raihan et al., 2025b).
This progress, however, disproportionately bene-
fits high-resource languages (Joshi et al., 2020;
Blasi et al., 2022; Ahuja et al., 2023; Wang et al.,
2023a). Specifically, Bangla, with over 242 million
native speakers1 still lacks representation in code
generation tasks. This deficiency originates from
scarce datasets, limited resources, and absent
benchmarks (Bhattacharjee et al., 2022; Zehady
et al., 2024), leading to poor performance from ex-
isting general-purpose Bangla models compared to
English counterparts (Bhattacharyya et al., 2023;
Uddin et al., 2023).

Current multilingual models like BLOOM (Scao
et al., 2022) and LLaMA-3 (Dubey et al., 2024)
offer only basic Bangla support, exhibiting code
generation performance as low as 20% for Bangla
compared to 65-75% Pass@1 for English (Muen-
nighoff et al., 2023; Raihan et al., 2025a) due to
minimal data allocation (Iyer et al., 2022; Ahuja
et al., 2024). To address this critical gap, we intro-
duce TigerCoder, the first dedicated Bangla code-
generation LLM (1B & 9B parameters), finetuned
on a large (300K instruction-code pairs) Bangla

1ethnologue.com/

Code Instruction dataset, tailored for the task and
language.

We address 2 research questions (RQs):

RQ1 To what extent do state-of-the-art Code LLMs
preserve their code-generation quality when
the natural language part of the prompt is writ-
ten in Bangla rather than English?

RQ2 Does a simple Bangla → English machine-
translation step applied to each coding prompt
significantly boost generation quality com-
pared with direct Bangla inference?

With Bangla as our focus, we show how to develop
small, open-source, high performance code gener-
ation models for low-resource languages. Our key
contributions are the following:

C1 Development of three novel, high-
quality Bangla code instruction datasets:
Bangla-Code-Instruct-SI (100K, self-instruct),
Bangla-Code-Instruct-Syn (100K, syn-
thetic), and Bangla-Code-Instruct-TE (100K,
machine-translated).

C2 Introduction of MBPP-Bangla, a benchmark with
974 expert-validated programming problems
adopted from MBPP (Austin et al., 2021), de-
signed specifically for evaluating Bangla code
generation for 5 different programming lan-
guages (PLs) - Python, C++, JAVA, JavaScript
& Ruby.

C3 The TigerCoder2 model family that outperforms
existing models on Bangla programming tasks,
achieving strong Pass@1 scores across all 5
PLs.

2huggingface.co/md-nishat-008/TigerCoder-9B

ethnologue.com/
huggingface.co/md-nishat-008/TigerCoder-9B
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Model Size pt corpora ft ft-dataset Paper? Reprod.?
titu-Gemma 2B 4.4B X X X X X
titu-LLaMA 3B 37B X X X X X
Bangla-LLaMA 3B Y X 172K Orca-trans. Y X
G2B 9B X X 145K Alpaca-trans. X X
Bangla-LLaMA 13B Y X 145K Alpaca-trans. X X
TigerLLM 9B 10M Bangla-TB 100K Bangla-Inst Y Y

Table 1: Comparative analysis of Bangla LLM initiatives and their methodological approaches. The pre-
training (pt) and finetuning (ft) columns indicate corpus size in tokens and instruction count, respectively.

The remainder of this paper is organized as follows:
In Section 2, we discuss the current state of Bangla
LLMs, then introduce MBPP-Bangla in Section 3;
we address the two RQs in Section 4 & 5; then
describe the curation of Bangla-Code-Instruct in
Section 6 and TigerCoder in Section 7.

2. Related Work

Bangla LLMs Table 1 catalogs the Bangla-
centric LLMs released to date. Although these
initiatives demonstrate encouraging progress, most
models are distributed only as opaque check-
points with limited details on data provenance,
pre-processing, or training hyperparameters. This
paucity of documentation hampers independent
verification, reproducibility, and downstream adap-
tation—key pillars of scientific progress.

Bangla Benchmarks To assess Bangla NLP ca-
pability, researchers have introduced several task-
specific benchmarks—e.g., BanglaRQA for read-
ing comprehension (Ekram et al., 2022), BEnQA
for open-domain question answering (Shafayat
et al., 2024), and mHumanEval-Bangla for code
generation (Raihan et al., 2025a). More recently,
Raihan and Zampieri (2025) released TigerLLM,
a suite of general-purpose Bangla models trained
on a carefully curated corpus, which set a stronger
baseline across these datasets.

Code Generation in Bangla Despite the growth
in Bangla NLU and NLG resources, code genera-
tion remains virtually unexplored. Prior work evalu-
ates multilingual LLMs on Bangla prompts (Raihan
et al., 2025a) but no model has been purpose-built
for this setting. TigerCoder addresses this gap
by (i) constructing the first Bangla code-instruction
corpus, (ii) training specialised Bangla Code LLM
checkpoints, and (iii) establishing a rigorous evalu-
ation pipeline that disentangles programming com-
petence from Bangla comprehension. Our work
therefore extends the TigerLLM lineage into the
software-engineering domain and provides a re-
producible foundation for future research on low-
resource code generation.

3. The MBPP-Bangla Benchmark

Structure To address the absence of standard-
ized evaluation tools for Bangla–code generation,
we introduce MBPP-Bangla3. Derived from the
Mostly Basic Python Programs (MBPP) dataset
(Austin et al., 2021), MBPP-Bangla comprises 974
programming problems, each presented in Bangla
and paired with canonical reference solutions in
five languages: Python, Java, JavaScript, Ruby,
and C++. In addition, every problem is assigned
to one of five topical classes (String, Math, Data-
structures, Algorithms, File-I/O), enabling con-
trolled, category-wise evaluation.

Parameter Specification
Dataset Size 974 problems
Source Mostly Basic Python Programs

(MBPP) (Austin et al., 2021)
Programming
Languages

Python, Java, JavaScript, Ruby,
C++

Task Focus Basic–Intermediate coding prob-
lems (five topical classes)

Translation
Method

Human translation (independent,
manual)

Translators 2 native Bangla speakers (worked
independently)

Translator Profi-
ciency

Bangla (native), English
(TOEFL?? >100)

Verification
Method

Human expert verification (man-
ual)

Verifier 1 native Bangla speaker & poly-
glot programmer

Verifier Expertise Proficient in all five languages
above

Verification Scope Linguistic fidelity, Technical cor-
rectness, Cross-lang. consis-
tency

Output Compo-
nents

Task ID, Bangla prompt, 5× ref-
erence codes, test cases, topic
class

Table 2: Curation parameters for MBPP-Bangla.
Both columns use a light-gray background, with
a slightly darker shade for the header row.

Curation Process The complete curation phase
goes through five key steps -

3https://huggingface.co/datasets/
md-nishat-008/MBPP-Bangla

https://huggingface.co/hishab/titulm-gemma-2-2b-v1.1
https://huggingface.co/hishab/titulm-llama-3.2-3b-v1.1
https://huggingface.co/BanglaLLM/BanglaLLama-3.2-3b-bangla-alpaca-orca-instruct-v0.0.1
https://huggingface.co/KillerShoaib/gemma-2-9b-bangla-4bit
https://huggingface.co/BanglaLLM/bangla-llama-13b-instruct-v0.1
https://huggingface.co/datasets/md-nishat-008/MBPP-Bangla
https://huggingface.co/datasets/md-nishat-008/MBPP-Bangla
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Model
mHumanEval MBPP

English Bangla English Bangla
P@1 P@10 P@100 P@1 P@10 P@100 P@1 P@10 P@100 P@1 P@10 P@100

GPT-3.5 0.79 0.81 0.84 0.56 0.56 0.59 0.81 0.83 0.89 0.60 0.62 0.62
Gemini-Flash 2.5 0.82 0.85 0.89 0.58 0.61 0.62 0.82 0.85 0.91 0.62 0.62 0.70
GPT-4o-mini 0.74 0.79 0.84 0.56 0.56 0.58 0.77 0.84 0.87 0.51 0.53 0.54
LLaMA-3.2 (11B) 0.73 0.76 0.77 0.15 0.15 0.20 0.78 0.81 0.86 0.22 0.22 0.30
Gemma-3 (27B) 0.69 0.71 0.78 0.64 0.65 0.69 0.71 0.78 0.83 0.69 0.70 0.70
Pangea (7B) 0.61 0.63 0.63 0.10 0.15 0.20 0.64 0.65 0.65 0.09 0.12 0.17
Phi-4 (7B) 0.79 0.81 0.86 0.10 0.17 0.25 0.82 0.84 0.89 0.09 0.15 0.20
Titu-LLM (2B) 0.20 0.20 0.23 0.02 0.02 0.02 0.21 0.23 0.23 0.05 0.05 0.05
Bong-LLaMA (3B) 0.31 0.32 0.34 0.02 0.02 0.02 0.04 0.04 0.04 0.07 0.09 0.11
Bangla-LLaMA (3B) 0.44 0.48 0.50 0.10 0.19 0.21 0.41 0.49 0.55 0.13 0.15 0.15
Bangla-Gemma (9B) 0.47 0.49 0.49 0.10 0.15 0.16 0.45 0.49 0.50 0.08 0.19 0.21
TigerLLM (1B) 0.64 0.66 0.66 0.61 0.64 0.70 0.68 0.69 0.69 0.65 0.68 0.71
TigerLLM (9B) 0.69 0.69 0.71 0.63 0.69 0.72 0.71 0.73 0.75 0.61 0.68 0.73

Table 3: Pass@{1,10,100} comparison on English and Bangla variants of mHumanEval and MBPP. It shows
the consistent subpar performance of most models (except for TigerLLM) in Bangla, compared to English
in code generation. (The darker the cell color, the better the performance.)

Step1 We first extract all 974 basic–intermediate
problems from the Mostly Basic Python Pro-
grams (MBPP) corpus, ensuring coverage
of five topical classes.

Step2 Two native Bangla speakers, each with cer-
tified English proficiency (TOEFL Internet-
based — score >100), translate every En-
glish prompt into Bangla without consulting
one another.

Step3 For each task we curate or port five refer-
ence solutions—Python, Java, JavaScript,
Ruby, and C++—so that downstream
systems can be evaluated language-by-
language.

Step4 A third reviewer, fluent in Bangla and all five
programming languages, manually checks
every item for linguistic fidelity, technical cor-
rectness, and cross-language consistency.

Step5 The validated records are released with
a task ID, Bangla prompt, five reference
codes, original MBPP test cases, and a
topic label, forming the MBPP-Bangla bench-
mark.

Table 2 summarizes the key parameters of the
curation process.

Compared with mHumanEval-ben, MBPP-Bangla of-
fers complementary benefits. Its larger size yields
more statistically robust estimates, and its conver-
sational Bangla prompts—spanning five program-
ming languages—stress a model’s ability to both
comprehend varied natural language specifications
and generate syntactically valid code in multiple
target languages. Employing the two benchmarks
jointly therefore affords a comprehensive assess-
ment of Bangla code-generation capability.

4. RQ1 - Evaluating LLMs on Bangla
Code Generation Benchmarks

Several works on LLM evaluation have already
revealed that these models often perform better

when prompted in English (Rohera et al., 2025; Li
et al., 2024; Schut et al., 2025). None of them have
investigated this phenomenon for the task of Code
Generation. In this section, we attempt to shed
some light on it.

Benchmarks We consider both MBPP-Bangla
& mHumanEval-Bangla for evaluation purposes
for their unique design. Compared with
mHumanEval-ben, MBPP-Bangla offers complemen-
tary benefits. Its larger size yields more statis-
tically robust estimates, and its conversational
Bangla prompts—spanning five programming lan-
guages—stress a model’s ability to both compre-
hend varied natural language specifications and
generate syntactically valid code in multiple target
languages. Employing the two benchmarks jointly
therefore affords a comprehensive assessment of
Bangla code-generation capability.

LLMs For the evaluation phase, we choose all
the released Bangla LLMs - listed in Table 1. We
also consider the multilingual open-source models,
including LLaMA 3.2 (Dubey et al., 2024), Gemma
3 (Gemma Team, 2025), Phi 4 (Microsoft, 2024),
and Pangea (Yue et al., 2024). In addition, we
evaluate proprietary LLMs of similar size, like GPT-
4o-mini (OpenAI, 2024), Gemini-2.5-Flash (Google,
2024), and GPT-3.5 (Wang et al., 2023c).

Metric We use Pass@K as our evaluation metric.
For a task with n generated programs, m of which
pass all tests, Pass@K is defined as -

Pass@K = 1−
(
n−m
K

)(
n
K

) , 1 ≤ K ≤ n.

It is the probability that at least one of K without-
replacement draws is correct.

We adopt 3 variations of Pass@K :
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Model
mHumanEval MBPP

Bangla → English-MT Bangla Bangla → English-MT Bangla
P@1 P@10 P@100 P@1 P@10 P@100 P@1 P@10 P@100 P@1 P@10 P@100

GPT-3.5 0.48 0.44 0.53 0.56 0.56 0.59 0.55 0.50 0.67 0.60 0.62 0.62
Gemini-Flash 2.5 0.51 0.63 0.53 0.58 0.61 0.62 0.58 0.66 0.61 0.62 0.62 0.70
GPT-4o-mini 0.45 0.59 0.49 0.56 0.56 0.58 0.43 0.46 0.42 0.51 0.53 0.54
LLaMA-3.2 (11B) 0.10 0.11 0.11 0.15 0.15 0.20 0.19 0.12 0.18 0.22 0.22 0.30
Gemma-3 (27B) 0.59 0.56 0.62 0.64 0.65 0.69 0.64 0.60 0.73 0.69 0.70 0.70
Pangea (7B) 0.00 0.03 0.14 0.10 0.15 0.20 0.03 0.07 0.05 0.09 0.12 0.17
Phi-4 (7B) 0.04 0.06 0.22 0.10 0.17 0.25 0.00 0.03 0.13 0.09 0.15 0.20
Titu-LLM (2B) 0.00 0.00 0.00 0.02 0.02 0.02 0.00 0.01 0.00 0.05 0.05 0.05
Bong-LLaMA (3B) 0.00 0.00 0.00 0.02 0.02 0.02 0.11 0.12 0.02 0.07 0.09 0.11
Bangla-LLaMA (3B) 0.01 0.07 0.12 0.10 0.19 0.21 0.04 0.09 0.12 0.13 0.15 0.15
Bangla-Gemma (9B) 0.04 0.18 0.04 0.10 0.15 0.16 0.03 0.10 0.15 0.08 0.19 0.21
TigerLLM (1B) 0.52 0.58 0.61 0.61 0.64 0.70 0.69 0.57 0.61 0.65 0.68 0.71
TigerLLM (9B) 0.51 0.74 0.60 0.63 0.69 0.72 0.58 0.63 0.75 0.61 0.68 0.73

Table 4: Pass@{1,10,100} comparison on Bangla and Bangla→English-MT variants of mHumanEval and
MBPP. We observe a similar or worse set of results across the board with MT prompts compared to Bangla.

K∈{1, 10, 100}.
• K = 1: measures single-shot quality (default

user experience).
• K = 10: reflects a small, practical shortlist for

manual inspection.
• K = 100: estimates the model’s upper potential

under heavy sampling.

Observation The results reveal a consistent per-
formance gap, with most models favoring English
over Bangla. While proprietary models excel in En-
glish, they are outperformed by TigerLLM in Bangla.
This performance drop in Bangla is even more pro-
nounced among the open-source models. Gemma
3 is the exception in this group, showing only a
moderate decline.

The Bangla-specific models underperform sig-
nificantly in English and perform even worse in
Bangla. This leaves TigerLLM as the only model
with similar performance in Bangla compared to
English.

Analysis Most proprietary and large open-
source models are trained on corpora dominated
by English, so they naturally excel on the En-
glish subsets of both benchmarks (Common Crawl
Foundation, 2008–2025). Since Bangla appears
only sparsely—and often without paired code ex-
amples—these models struggle to map Bangla
instructions to valid programs, which leads to
the sharp drops we see across mHumanEval and
MBPP. Gemma 3 (27 B) shows a smaller gap be-
cause its greater capacity and multilingual pre-
training let it transfer knowledge more effectively,
but the English-first bias remains clear. In con-
trast, TigerLLM is fine-tuned on a purpose-built
Bangla–instruction corpus, so it retains almost all
of its English-side skill while markedly boosting
Bangla performance—even though it is one to two
orders of magnitude smaller than the proprietary
systems.

Open-source Bangla-specific models (e.g.,
Bong-LLaMA, Bangla-Gemma) fare poorly be-
cause their training data are small, noisy, or text-
only; without consistent, executable code pairs,
they cannot learn the rigorous syntax and logical
structure that Pass@K rewards. TigerLLM’s cu-
rated data close this gap: its 1 B variant rivals
much larger multilingual models in Bangla, and the
9 B version narrows the English gap to within a
few points while establishing a clear Bangla lead.
These results underscore a practical lesson for low-
resource languages—high-quality, domain-specific
data outweigh both model size and generic multilin-
gual pre-training when the task demands precise
code generation.

5. RQ2 - Does a simple Bangla →
English machine-translation help?

As some of the recent works (Toukmaji and Flani-
gan, 2025) have shown, LLMs often perform better
when the prompts are simply translated to English
before feeding them to the model. Again, this is
also a scenario that is not explored in the domain
of Code Generation. In this section, we attempt to
provide some careful insights into our second RQ,
investigating whether a simple machine translation
for the prompts will solve the issue of the perfor-
mance drop, as shown in Table 3. We adopt a sim-
ilar experimental setup with the same benchmarks,
models, and metrics from the previous experiment,
detailed in Section 4.

Prompt Translation We curate two
new benchmarks from our two existing
ones—mHumanEval-ben & MBPP-Bangla—which are
human-generated. We use NLLB (Costa-Jussà
et al., 2022) for the translation, as this is the SOTA
model for Bangla → English machine-translation.
Thus, we compile mHumanEval-MT & MBPP-MT.
We then carry out the similar set of experiments as
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Bangla-Code-Instruct -SI
(Self-Instruct)

-Syn
(Synthetic)

-TE
(Translated)

Size 100,000 100,000 100,000
Method Self-Instruction Synthetic Generation MT + Filtering
Seed/Source 5000 (Expert) Set of Topics Evol-Instruct
Teacher Model(s) GPT-4o GPT-4o & Claude-3.5 —
MT Model(s) — — NLLB-200
Code Validation Syntax + Execution Check Syntax + Execution Check Retained Source Code
Filtering Metric(s) Cosine Similarities BERTScore BERTScore + Comet QE
Prompt Origin Semi-Natural Synthetic Translated
Code Origin Synthetic Synthetic Natural (Source)

Table 5: Comparing details of the three subsets of Bangla-Code-Instruct; -SI, -Syn & -TE.

Figure 1: Incorrect keywords generated by ma-
chine translation.

Section 4, but this time contrast between Bangla
and Bangla-MT (Bangla→English) variants of the
benchmarks.

Observation Unlike the previous set of exper-
iments, we do not notice any significant perfor-
mance decline; rather, the results are mostly sim-
ilar or a bit worse with English-MT variants to
Bangla. While the proprietary models do better
in general, their performance does not match the
original English benchmark (Table 3), the same
with all the other families of models. Hence, we
can empirically compare the LLMs’ performance
over different variants of the same prompts as fol-
lows:

Performance when prompted in English >
Performance when prompted in Bangla >

Performance when prompted in English-MT

Analysis As we investigate the poor results with
MT prompts, we notice a very specific trend lead-
ing to the generation of unexpected performance.
As the coding prompts are translated into English
prompts, several code-specific keywords are often
translated into words that do not retain the same
meaning. A few common examples are shown in
Figure 1, which fails to describe to task and mis-
leads the models to generate poor results.

6. Bangla-Code-Instruct

As is evident from the experiments of Sections 4 &
5, recent LLMs perform poorly with Bangla coding
tasks, and the issue can not be solved with MT.
Hence, we curate three instruction-tuning datasets
in an attempt to finetune LLMs for this particular
task and language. The datasets are tailored for
Bangla: Bangla Code Instruct-SI, -Syn, and -TE.
These datasets are specifically designed to capture
diverse aspects of code generation and instruction
understanding, ensuring a robust training founda-
tion4 (see Table 5).

6.1. Bangla-Code-Instruct-SI

This dataset consists of 100,000 instruction-code
pairs generated via self-instruction (Wang et al.,
2023b). The process begins with 5000 seed
prompts manually authored in Bangla by program-
ming experts. These are then used to generate
a larger set of ‘semi-natural’ instructional prompts
(human-seeded and LLM-evolved using GPT-4o),
also in Bangla. The corresponding Python code for
each instruction is generated by GPT-4o and also
execution-validated, signifying that it passed both
a syntax check (using ast.parse5) and success-
ful execution in a controlled environment (Python
3.13.0, 10s timeout, 16GB memory ).

6.2. Bangla-Instruct-Syn

This subset provides 100,000 synthetic Bangla
instruction-Python code pairs generated by GPT-4o
(OpenAI, 2023) and Claude 3.5-Sonnet (Anthropic,
2023). To ensure instructional diversity, new in-
structions are compared against existing ones; a
BERTScore (Zhang et al.) of ≥ 0.7 against any
existing instruction results in the new pair being
discarded. The LLMs are prompted in Bangla to
produce these Bangla instructions and correspond-
ing code for diverse tasks. For this synthetic set,

4huggingface.co/datasets/md-nishat-008/
Bangla-Code-Instruct

5docs.python.org/3/library/ast.html

huggingface.co/datasets/md-nishat-008/Bangla-Code-Instruct
huggingface.co/datasets/md-nishat-008/Bangla-Code-Instruct
docs.python.org/3/library/ast.html
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Figure 2: Performance (Pass@1) comparison for different combinations of the SI, Syn, and TE instruction
datasets across model sizes (1B vs 9B).

code is validated for syntax (ast.parse) and exe-
cution (similar to -SI), aiming to broaden task di-
versity. This set complements the human-seeded
data, though the naturalness of LLM-generated
Bangla may differ from expert-authored versions.

6.3. Bangla-Instruct-TE

The final subset contains 100,000 prompt-code
pairs by translating English instructions from Evol-
Instruct (Xu et al., 2023) using multiple MT mod-
els and selecting the best translation based on
CometKiwi-22 QE (Rei et al., 2020) (> 0.85) and
BERTScore F1 (> 0.95). The original code is re-
tained.

The combined dataset (Table 5) of 300,000 ex-
amples provides TigerCoder with diverse training
signals from human-seeded (SI), purely synthetic
(Syn), and translation-based (TE) sources.

7. TigerCoder

We choose TigerLLM (Raihan and Zampieri, 2025)
as our base model, as the results from Table 3 & 4
strongly indicate its efficacy in Bangla code gener-
ation. We finetune it using Bangla-Code-Instruct
to build TigerCoder family that represents the first
dedicated family of Large Language Models specif-
ically optimized for Bangla code generation tasks.

7.1. Experimental Setup

We conduct finetuning on a single NVIDIA A100
(40GB) through Google Colab6, supported by

6colab.research.google.com

Hyperparameter 1B 9B

Max Sequence Length 2048 2048
Batch Size (Train / Eval) 16 32
Gradient Accum. Steps 4 8
Number of Epochs 3 3
Learning Rate 1× 10−5 1× 10−6

Weight Decay 0.02 0.04
Warm-up Steps 10% 15%
Optimizer AdamW AdamW
LR Scheduler Cosine Cosine
Precision BF16 BF16
Evaluation Strategy Steps Steps
Evaluation Steps 50 250
Save Strategy Steps Steps
Save Steps Varies Varies
Seed 42 42

Table 6: Empirically selected hyperparameters for
fine-tuning the TigerCoder model family.

80GB RAM and 256GB storage. The process com-
pletes in approximately 96 hours, proving sufficient
for model adaptation and task-specific optimization
with minimal computational overhead.

7.2. Fine-tuning

Given three instruction datasets with distinct cu-
ration methods, we fine-tune models on each
individually and in all possible combinations for
thorough analysis. Figure 2 shows strong base
model performance (especially 1B). Fine-tuning
on single datasets generally improves results, with
SI and TE proving more effective than Syn alone.
Dataset combinations exhibit clear synergistic ef-
fects: the SI + TE pairing significantly boosts per-
formance, achieving top scores for the 9B model

colab.research.google.com
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mHumanEval Bangla MBPP Bangla

P@1 P@10 P@100 P@1 P@10 P@100

Score ∆ Score ∆ Score ∆ Score ∆ Score ∆ Score ∆

TigerCoder (1B) 0.69 0.05 ↑ 0.73 0.04 ↑ 0.77 0.05 ↑ 0.74 0.05 ↑ 0.74 0.04 ↑ 0.81 0.08 ↑
TigerCoder (9B) 0.75 0.11 ↑ 0.80 0.11 ↑ 0.84 0.12 ↑ 0.82 0.13 ↑ 0.84 0.14 ↑ 0.91 0.18 ↑

Table 7: Pass@K scores for TigerCoder models with shaded improvements (∆) over the strongest prior
baseline (Gemma-3 27B or TigerLLM-9B; see Table 3). Darker teal indicates a larger gain; arrow denotes
improvement.

on mHumanEval (tying with all three datasets). Us-
ing all datasets (SI + Syn + TE) yields the best
overall results across both benchmarks and model
sizes, pushing the 9B model to 0.82 Pass@1 on
MBPP-Bangla. The larger 9B model benefits more
from comprehensive fine-tuning, particularly with
combined datasets, compared to the 1B model.
Performance on MBPP-Bangla is generally higher
than on mHumanEval across most configurations.

7.3. Evaluation

We benchmark TigerCoder on two complementary
Bangla code–generation suites: mHumanEval-ben,
whose tasks resemble traditional docstring-
completion, and our conversational MBPP-Bangla.
Because these benchmarks differ in prompt style
and program length, the performance gaps seen in
Table 7 reveal how well a model copes with terse
versus chat-like instructions.

7.4. Discussion

Table 7 shows that both TigerCoder variants
eclipse the strongest prior baselines (Gemma-
3 27B and TigerLLM 9B) across every metric.
The 1 B model already attains 0.69 P@1 on
mHumanEval-ben and 0.74 P@1 on MBPP-Bangla,
beating models up to 27× its size by 4–8 percent-
age points. Scaling to 9 B pushes the frontier
further to 0.75 and 0.82 P@1, with even larger
margins at higher K (see the shaded ∆ columns).
Proprietary APIs score in the mid-0.5 to low-0.6
range on Bangla (cf. Table 3), and existing Bangla-
specific models lag far behind, confirming that
TigerCoder fills a substantial capability gap.

Our approach delivers marked efficiency gains:
the 1 B model surpasses systems 27 × larger by
4–8%, while the 9 B variant widens the lead to
11–18% despite being only one-third their size.

7.5. Ablation Study

Given three instruction datasets with distinct cu-
ration methods, we fine-tune models on each
individually and in all possible combinations for
thorough analysis. Figure 2 shows strong base

model performance (especially 1B). Fine-tuning
on single datasets generally improves results, with
SI and TE proving more effective than Syn alone.
Dataset combinations exhibit clear synergistic ef-
fects: the SI + TE pairing significantly boosts per-
formance, achieving top scores for the 9B model
on mHumanEval (tying with all three datasets). Us-
ing all datasets (SI + Syn + TE) yields the best
overall results across both benchmarks and model
sizes, pushing the 9B model to 0.82 Pass@1 on
MBPP-Bangla. The larger 9B model benefits more
from comprehensive fine-tuning, particularly with
combined datasets, compared to the 1B model.
Performance on MBPP-Bangla is generally higher
than on mHumanEval across most configurations.

7.6. Performance on other PLs

TigerCoder models also exhibit strong perfor-
mance for Bangla Code Generation in program-
ming languages other than Python, as we evaluate
it on C++, JAVA, JavaScript and Ruby subsets of
mHumanEval-Bangla and our MBPP-Bangla.

7.6.1. C++

Table 8 shows that only the Bangla-specialised
TigerCoder models break the 0.70 Pass@1 and
0.80 Pass@100 barriers on both mHumanEval and

C++

Model
mHumanEval MBPP

Bangla Bangla

P@1 P@10 P@100 P@1 P@10 P@100

GPT-3.5 0.36 0.39 0.41 0.42 0.45 0.43
Gemini-Flash 2.5 0.44 0.40 0.42 0.49 0.42 0.59
GPT-4o-mini 0.43 0.45 0.42 0.37 0.35 0.32

LLaMA-3.2 (11B) 0.00 0.00 0.00 0.06 0.01 0.18
Gemma-3 (27B) 0.25 0.27 0.31 0.15 0.28 0.32
Pangea (7B) 0.00 0.00 0.00 0.00 0.00 0.04
Phi-4 (7B) 0.00 0.05 0.05 0.00 0.00 0.00

Titu-LLM (2B) 0.00 0.00 0.00 0.00 0.00 0.00
Bong-LLaMA (3B) 0.00 0.00 0.00 0.00 0.00 0.00
Bangla-LLaMA (3B) 0.00 0.08 0.03 0.00 0.03 0.00
Bangla-Gemma (9B) 0.00 0.04 0.01 0.00 0.02 0.10

TigerLLM (1B) 0.44 0.52 0.51 0.47 0.45 0.49
TigerLLM (9B) 0.48 0.50 0.57 0.50 0.58 0.56

TigerCoder (1B) 0.64 0.68 0.72 0.66 0.66 0.72
TigerCoder (9B) 0.67 0.73 0.78 0.72 0.79 0.82

Table 8: C++ – Pass@{1,10,100} comparison on
Bangla variants of mHumanEval and MBPP. Darker
cells indicate better performance.
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MBPP, with TigerLLM trailing but still leading all
generic systems; every other proprietary or open-
source baseline remains below 0.45 Pass@1, un-
derscoring the value of targeted, language-aware
training for low-resource code generation.

7.6.2. JAVA

For JAVA code generation, as shown in Table 9, the
TigerCoder family demonstrates a commanding
performance, establishing a new state-of-the-art. It
decisively outperforms proprietary systems, while
most other multilingual and Bangla-specific models
are rendered ineffective with scores near zero. The
significant improvement over its TigerLLM base
underscores the impact of specialized fine-tuning,
positioning TigerCoder-9B as the top-performing
model across all benchmarks.

JAVA

Model
mHumanEval MBPP

Bangla Bangla

P@1 P@10 P@100 P@1 P@10 P@100

GPT-3.5 0.29 0.31 0.30 0.35 0.33 0.36
Gemini-Flash 2.5 0.34 0.32 0.35 0.38 0.32 0.48
GPT-4o-mini 0.36 0.35 0.33 0.31 0.25 0.22

LLaMA-3.2 (11B) 0.00 0.00 0.00 0.01 0.00 0.07
Gemma-3 (27B) 0.18 0.19 0.21 0.05 0.16 0.22
Pangea (7B) 0.00 0.00 0.00 0.00 0.00 0.01
Phi-4 (7B) 0.00 0.01 0.02 0.00 0.00 0.00

Titu-LLM (2B) 0.00 0.00 0.00 0.00 0.00 0.00
Bong-LLaMA (3B) 0.00 0.00 0.00 0.00 0.00 0.00
Bangla-LLaMA (3B) 0.00 0.04 0.00 0.00 0.00 0.00
Bangla-Gemma (9B) 0.00 0.01 0.00 0.00 0.00 0.04

TigerLLM (1B) 0.35 0.41 0.42 0.37 0.39 0.41
TigerLLM (9B) 0.41 0.44 0.48 0.42 0.49 0.47

TigerCoder (1B) 0.58 0.64 0.67 0.61 0.60 0.66
TigerCoder (9B) 0.62 0.68 0.73 0.67 0.72 0.76

Table 9: JAVA – Pass@{1,10,100} comparison on
Bangla variants of mHumanEval and MBPP. Darker
cells indicate better performance.

7.6.3. JavaScript

In JavaScript code generation (Table 10), the Tiger-
Coder models again deliver a superior perfor-
mance, setting the benchmark for this language.
They substantially outperform proprietary models,
while the majority of other open-source and Bangla-
specific LLMs struggle, posting scores that are
frequently zero. The clear improvement from Tiger-
LLM to TigerCoder validates the effectiveness of
our fine-tuning approach, with TigerCoder-9B so-
lidifying its position as the most capable model
across all evaluation metrics.

8. Conclusion

In this work, we first carefully address the signif-
icant performance gap in LLMs’ code generation
capabilities in Bangla comapred to English. Based
on the gathered results and the follow-up analysis

JavaScript

Model
mHumanEval MBPP

Bangla Bangla

P@1 P@10 P@100 P@1 P@10 P@100

GPT-3.5 0.22 0.25 0.19 0.28 0.21 0.29
Gemini-Flash 2.5 0.28 0.21 0.25 0.31 0.22 0.39
GPT-4o-mini 0.29 0.28 0.24 0.22 0.18 0.13

LLaMA-3.2 (11B) 0.00 0.00 0.00 0.00 0.00 0.02
Gemma-3 (27B) 0.11 0.12 0.15 0.01 0.08 0.14
Pangea (7B) 0.00 0.00 0.00 0.00 0.00 0.00
Phi-4 (7B) 0.00 0.00 0.00 0.00 0.00 0.00

Titu-LLM (2B) 0.00 0.00 0.00 0.00 0.00 0.00
Bong-LLaMA (3B) 0.00 0.00 0.00 0.00 0.00 0.00
Bangla-LLaMA (3B) 0.00 0.01 0.00 0.00 0.00 0.00
Bangla-Gemma (9B) 0.00 0.00 0.00 0.00 0.00 0.01

TigerLLM (1B) 0.28 0.33 0.35 0.29 0.31 0.33
TigerLLM (9B) 0.33 0.37 0.39 0.35 0.41 0.40

TigerCoder (1B) 0.53 0.59 0.61 0.55 0.54 0.61
TigerCoder (9B) 0.57 0.63 0.68 0.62 0.67 0.71

Table 10: JavaScript – Pass@{1,10,100} compar-
ison on Bangla variants of mHumanEval and MBPP.
Darker cells indicate better performance.

(Section 4), we shed light on RQ1: To what ex-
tent do state-of-the-art Code LLMs preserve their
code-generation quality when the natural language
part of the prompt is written in Bangla rather than
English?

RQ1 Findings: For Code Generation, LLMs ex-
hibit a notable drop in performance with Bangla
prompts, often failing to capture the full require-
ments of the request compared to their English
counterparts.

We further show that machine-translating Bangla
prompts to English does not improve the results
(Section 5) answering RQ2: Does a simple Bangla
→ English machine-translation step applied to
each coding prompt significantly boost generation
quality compared with direct Bangla inference?

RQ2 Findings: For the task of Code Generation,
Bangla → English machine-translation does not
help improve the performance.

To bridge these gaps, we introduce TigerCoder
as the first family of LLMs to specifically and effec-
tively tackle the critical void in code generation for
the Bangla language. We have not only identified
a gap but have also built the essential foundation
to fill it, constructing three diverse, high-quality
instruction-following datasets and the comprehen-
sive MBPP-Bangla benchmark. The results are
decisive: our TigerCoder models demonstrate a
substantial leap in performance, outperforming ex-
isting systems and setting a new standard for the
field. This research results in a crucial finding:

Carefully curated, high-quality datasets em-
power smaller, efficient models to overcome low-
resource limitations, decisively challenging the
prevailing notion that ’scale alone drives perfor-
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mance’ (Kaplan et al., 2020; Hoffmann et al.,
2022).

Our work confirms that targeted data curation is
a powerful and resource-efficient path toward true
language comprehensiveness in NLP. By demon-
strating that a 1B parameter model can surpass
general models more than 27 times its size on
specialized tasks, we establish an effective and
replicable blueprint for the future of efficient, high-
performance LLM development for Bangla and
other low-resource languages.
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