
Improving Quality of LLM Code Generation
in Low-Resource Programming Languages

via Uncertainty Estimation
Georgii Andriushchenko

Research Center of the Artificial Intelligence Institute
Innopolis University
Innopolis, Russia

georgyandryuschenko@gmail.com

Abstract—Large language models for source code (Code
LLMs) demonstrate great performance on high-resource pro-
gramming languages (HRPLs) but struggle with low-resource
ones (LRPLs). Previous studies have improved LLM performance
on LRPLs by continued training or tokenizer adaptation. How-
ever, they require costly data and can cause catastrophic for-
getting. This paper proposes to address the poor performance of
LLMs on LRPLs using uncertainty estimation (UE). UE methods
have advanced LLM performance on natural language tasks, but
are underexplored in source code settings. The research may pro-
vide three contributions: (1) a new code generation benchmark
evaluating not only functional correctness but also readability,
efficiency, and idiomatic style across Python, Java, Racket, and
Elixir; (2) a new benchmark for evaluating uncertainty estimation
when generating code; and (3) methods to improve LRPL code
generation by leveraging UE. The methods utilizing UE include
filtering synthetic training data by low uncertainty, an UE-driven
curriculum learning strategy, uncertainty-aware decoding, and
using uncertainty as an RL reward in alignment. The research
may provide a comprehensive evaluation of uncertainty in code
models, demonstrate that UE can improve LRPL generation, and
open-source release of benchmarks and models as outcomes.

Index Terms—large language models, code generation, low-
resource programming languages, uncertainty estimation
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I. RESEARCH PROBLEM

Large language models (LLMs) have become popular tools
for programmers, powering code completion, synthesis, and
refactoring. Modern LLMs for source code (Code LLMs)
achieve impressive results on high-resource programming lan-
guages (HRPLs) like Python, Java, and C++ [1], [2]. How-
ever, Code LLMs struggle with the tasks in low-resource
programming languages (LRPLs) [1], [3], [4]. This disparity
is concerning: LRPLs risk obsolescence if AI tools fail to
handle them. Indeed, recent work warns that many developers
of LRPLs cannot fully leverage LLM assistance [4].

The core problem is the low performance of Code LLMs on
LRPLs. General-purpose and Code LLMs are typically trained
on web-mined or open-source code with heavy HRPL bias

[3], [5]. Without large LRPL corpora, LLMs lack exposure to
LRPL syntax and idioms. Fine-tuning on small LRPL datasets
can help, but risks catastrophic forgetting of HRPL knowledge
[3]. Thus, improving LRPL code generation is both an open
challenge and a critical need.

The key insight introduced by the proposal is to leverage
uncertainty estimation (UE) to address LRPL challenges with-
out solely relying on large training sets. While UE has been
widely applied to natural language tasks, its application to
code generation is novel. There is a hypothesis that using UE
can guide models to avoid generations with high uncertainty,
thus improving accuracy on LRPLs that naturally have limited
data.

This proposal outlines a plan to:
1) survey and synthesize (i.e., structure and analyze) related

work on Code LLM adaptation and UE;
2) design new benchmarks covering non-functional code

quality and UE evaluation for code;
3) develop methods that integrate UE into training and

decoding to boost LRPL performance.
The proposed evaluation uses a variety of code benchmarks

and metrics.

II. BACKGROUND

A. Adaptation of LLMs to LRPLs

Several recent studies confirm that LLMs struggle with
low-resource programming languages. Cassano et al. showed
that, despite training on trillions of tokens, code models
underperform on languages with sparse data [1]. For instance,
StarCoder 2 [6] still lags on Racket and Elixir relative to
Python [3]. McEval reports that leading models achieve high
scores on popular languages (Java, C++) but much lower on
niche ones [7].

The root causes include limited LRPL data and syntac-
tic/semantic differences from HRPLs. Researchers, therefore,
explore knowledge transfer techniques: they generate synthetic
LRPL code via translation from Python or create tests to
filter synthetic data. For example, MultiPL-T [1] generates
pseudo-code in LRPLs by translating Python solutions and
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validating them with tests. Similarly, MultiPL-E [8] compiled
multi-language benchmarks to analyze this gap.

Another approach is tokenizer adaptation: Andriushchenko
and Ivanov [3] show that updating the tokenizer vocabulary
improves LRPL generation quality. However, all these methods
require nontrivial additional data or computation. Fine-tuning
on synthetic code can lead to catastrophic forgetting of HRPL
proficiency, and generating large synthetic corpora for many
LRPLs is expensive.

B. Uncertainty Estimation

Uncertainty estimation quantifies how unsure a model is in
its outputs. According to [9], the existing UE methods fall into
several categories:

Information-based methods use internal probabilities of
the model for estimation. For example, uncertainty may be
estimated using maximum sequence probability by simply
calculating the joint token probability of a sequence [9].
Another method is based on token entropy. Fomicheva et
al. use the average or max token entropy as a confidence
score [10]. More recently, attention-based measures have been
proposed for building an “attention chain” to estimate token
marginal probabilities [11].

Meaning-diversity methods evaluate the consistency of
meaning across outputs. Semantic entropy [12] measures
uncertainty over latent meaning representations. Frequency
scoring [13] generates multiple answers and sees how often
each appears. Infrequent answers are considered uncertain.
LUQ [14] scores outputs by how many entailments they have.
These methods capture conceptual uncertainty beyond raw
token probabilities.

Ensemble-based methods run multiple model samples and
measure disagreement. For example, Token-level Mutual Infor-
mation [15] between token predictions of ensemble members
can serve as uncertainty quantification.

Density-based methods use latent feature spaces. One can
compute the Mahalanobis distance of a new example’s hidden
state from the training data’s distribution [16]. In addition,
there are robust density estimators to detect out-of-distribution
inputs [17] or hybrid deep ensembles [18].

Reflexive or verbalized methods ask the model to assess
its answer. One approach is to estimate the probability that
the answer is correct [19]. Another is to have the model
output a confidence token or natural-language justification of
confidence [20].

Pre-trained heads train a classifier head on top of the
model to predict uncertainty [21].

C. Code LLM Benchmarks

Code Generation Benchmarks. These benchmarks eval-
uate the functional correctness of code generated by LLMs
across various programming languages. Notable examples
include the BigCode Evaluation Harness [22], which supports
multi-language evaluation via HumanEvalPack and MultiPL-
E. Another example is McEval [7], a multilingual benchmark
with 16K examples in 40 languages. Mercury [23] focuses on

code efficiency, measuring runtime performance. CodeScope
[24] provides a broader assessment of code quality across 43
languages, including execution-based tasks.

Repository-level Code Generation. Benchmarks like Re-
poBench [25] and CrossCodeEval [26] test models’ ability
to handle multi-file code completion and context understand-
ing. RepoBench evaluates in-file and cross-file completion in
Python and Java repositories, whereas CrossCodeEval extends
this to real-world projects in Python, Java, TypeScript, and C#,
emphasizing cross-file dependencies.

Agentic Benchmarks. These benchmarks simulate real-
world developer tasks, such as bug fixing and issue resolu-
tion. SWE-Bench [27] and Multi-SWE-Bench [28] focus on
repository-level bug fixes across multiple languages, including
Java and Rust.

D. Summary

Existing literature consistently finds that Code LLMs trained
on HRPLs perform poorly on LRPLs. Methods like fine-tuning
on synthetic translations improve LRPL accuracy, but require
additional data and can cause HRPL forgetting. Meanwhile,
UE methods have not been applied to code. Regarding evalua-
tion, most current benchmarks focus on functional correctness
only: aspects like readability, efficiency, and coding style are
rarely measured. These gaps motivate our new benchmarks
and UE-driven approach.

III. METHODOLOGY

A. Programming Languages

The experiments may consider Python and Java as HRPLs
and Elixir and Racket as LRPLs. The choice of HRPLs is
motivated by the fact that these languages represent the largest
portion of the training data of popular Code LLMs [6], [5].
The LRPLs are selected because they usually represent quite
a small portion of the training data [6], [3].

B. Large Language Models

The proposed research involves experimentation with
General-purpose and Code LLMs. General-purpose models
include Llama 3 [29], DeepSeek [30], Mistral [2], and Gemma
[31]. These represent the latest open-source LLMs known
for strong performance and broad tasks. They are not trained
specifically on code, but it may be interesting to check whether
they may perform competitively on LRPL code tasks with
proper uncertainty guidance. Considered Code LLMs may
include StarCoder 2 [6], DeepSeek-Coder [?], CodeLlama
[32], and Qwen2.5-Coder [33]. These are recent open models
explicitly trained on code.

C. Proposed Approach

New Benchmark Proposal for Code LLMs. Existing
benchmarks mostly focus on functional correctness, avoiding
consideration of other aspects. A new benchmark for HRPLs
and LRPLs may be proposed that considers readability, effi-
ciency, and idiomatic style of the generated code as well as its
functional correctness. Readability may be measured with code
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complexity (cyclomatic complexity [34], Halstead metrics
[35], or line count) and documentation density (comments-to-
code ratio) metrics. Measurements of code efficiency could
be runtime or resource usage. To evaluate idiomatic style,
language-specific style linters may be used. Functional cor-
rectness may be checked with unit tests.

Proposal of Uncertainty Estimation Benchmark. This
step involves applying existing UE methods for code genera-
tion. The purpose of the benchmark is to evaluate the quality of
uncertainty estimation for code. Various uncertainty estimation
methods, such as information-based, meaning-diversity, en-
sembling, density-based, reflexive, and pre-trained heads, may
be applied to code generation and evaluated. Cross-entropy
between the predicted and actual uncertainties may be the
metric of the benchmark. Additionally, the correlation between
functional correctness and uncertainty may be analyzed.

Proposal of the Improved LLM for LRPL Code Gen-
eration Using Uncertainty Estimation. The study could try
the following strategies to utilize uncertainty estimation for
improved LRPL code generation:

• Fine-tuning on synthetic data filtered by uncertainty.
Generate or collect synthetic LRPL code (for example,
via translating HRPL code to LRPL code) and apply a
model to label it. Next, compute uncertainty using various
methods for each generated example. Then, filter out
examples above a threshold of uncertainty. The intuition
is to train only on the model’s confident outputs, avoiding
noisy pseudo-labels.

• Uncertainty-driven curriculum.
Inspired by [36], the training examples may be sorted
by uncertainty (low to high) and gradually introduced in
fine-tuning. The model first sees “easy” (low-uncertainty)
LRPL code, then progressively ”harder” ones. This ap-
proach might stabilize training and improve convergence.

• Uncertainty-constrained decoding.
This option involves modification of the generation pro-
cedure at inference. The possible techniques could be
Uncertainty-Thresholded Decoding (pruning token candi-
dates with high uncertainty), Top-k Confidence Decoding
(sampling tokens with the highest negative uncertainty),
Uncertainty-Aware Beam Search (using uncertainty to
score the beams), and Uncertainty-weighted Sampling
(sampling from the token distribution but weighting
choices inversely by uncertainty).

• LLM Alignment with Uncertainty Reward.
Experiments with policy optimization (Proximal Pol-
icy Optimization [37] or Reinforced Self-Training [38]),
where the reward is inversely related to uncertainty, may
be performed. For example, use the negative sum of token
entropies (i.e., maximize confidence) plus a bonus for
passing unit tests. The model is thus trained to prefer
sequences of high-confidence tokens that also satisfy
functionality.

IV. EXPECTED CONTRIBUTIONS

The following key contributions may be anticipated:

1) The new code generation and uncertainty benchmarks
will bridge the existing limitations and will be intro-
duced. Both will be open-source resources to guide
future research.

2) It will be demonstrated for the first time how various
existing uncertainty estimation techniques apply to Code
LLMs in the LRPL setting.

3) The methods to exploit uncertainties to improve code
generation performance in LRPLs will be provided and
analyzed.

4) The study may shed light on code hallucination in LR-
PLs. For instance, it may be discovered that uncertainty
spikes precisely when a model generates invalid syntax
or logically incorrect code.

5) All the artifacts, including data, code, models, and
benchmarks, will be open-sourced.

V. PRELIMINARY RESULTS ACHIEVED

Tokenizer adaptation for LRPLs [3] is one of the achieved
results so far. In this paper, it was shown that updating
the tokenizer (via methods like ZeTT) significantly improves
LRPL code generation by better encoding rare syntax. It sets
the stage for the current proposal: having demonstrated that
low-level data adjustments help, now it makes sense to seek
model-level improvements via UE.

VI. RESEARCH EVALUATION PLAN

The evaluation involves two high-resource languages
(Python, Java) and two low-resource languages (Racket,
Elixir), testing both general-purpose LLMs (e.g., LLaMA-
3, Gemma) and code-specialized models (e.g., StarCoder2,
DeepSeek-Coder). Benchmarks will include existing frame-
works like BigCode Evaluation Harness, McEval, and Mer-
cury, as well as our new code-quality benchmark, which
measures functional correctness (pass rate), readability (cy-
clomatic complexity, Halstead metrics, comment density),
efficiency (runtime performance), and idiomatic style (adher-
ence to language-specific linters). For uncertainty estimation,
the metrics such as token entropy, semantic entropy, and
ensemble variance against ground-truth correctness will be
assessed. Experiments will compare baseline performance with
uncertainty-driven strategies (filtered fine-tuning, curriculum
learning, and modified decoding) to quantify improvements in
LRPL generation quality while maintaining HRPL proficiency.
Human and static analysis will validate automated metrics for
readability and style.

VII. CONTRIBUTION PLAN

The research will be disseminated through peer-reviewed
publications at top-tier conferences (e.g., ICML, NeurIPS,
ICSE, ASE), release open-source benchmarks (e.g., code-
quality and uncertainty benchmarks) on platforms like Hug-
gingFace and BigCode, and share fine-tuned models (e.g., UE-
enhanced StarCoder 2) alongside evaluation scripts.
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