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Abstract—Large Language Models (LLMs) show great po-
tential for automating code-related tasks. However, sound as-
sessments are necessary to understand their true capabilities,
particularly in code translation, where reliability is crucial. We
introduce Polyglot, an automated, multi-language framework
for evaluating the translation quality of LLLMs between different
programming languages. Leveraging the IBM CodeNet Project,
an extensive collection of coding problems in multiple languages,
we assess translation quality using syntactic correctness, execu-
tion reliability, semantic preservation, and static code metrics.
Our evaluation focuses on translating C to Java, Python, and
Rust, languages that follow distinct paradigms and represent
alternatives to modernize C-based systems. We evaluate open-
source LLMs using three prompting strategies to understand the
impact on translation performance. Our findings highlight that
while LLMs show promising results for simple code translation,
their limitations regarding complex logic and distinct language
paradigms require further analysis.

Index Terms—Code Translation, LLM for Code, Code Quality

I. INTRODUCTION

Software systems must often be migrated or modernized due
to technological advances, maintainability concerns, or perfor-
mance improvements. For example, a significant trend involves
migrating legacy applications written in C into modern lan-
guages to enhance security and maintainability [1]. However,
manual code translation is time-consuming, error-prone, and
demands expertise in the source and target languages, making
automated code translation a key area of research [2].

Large Language Models (LLMs) have recently demon-
strated strong performance across a range of code-related
tasks, including code completion [3], fault and vulnerability
detection [4], [S], code patching [6], and automated code
generation [7]-[9], among others [10]-[12]. Leveraging their
emerging capabilities in natural language translation [13], [14],
LLMs hold great potential for automating code translation,
which can reduce migration effort and improve reliability.
However, despite the growing interest in LLM-based code
translation [15]-[17], two critical limitations persist: i) code
reliability remains a key challenge, particularly with complex
constructs and semantic gaps [18], and ii) existing evaluations
are fragmented, relying on ad hoc setups that lack extensibility
and reproducibility [8], [9], [19].

This paper presents Polyglot, an extensible and fully
automated framework designed to rigorously overcome these
limitations by providing a structured methodology comprising:
(1) comprehensive evaluation metrics, (2) real-world programs
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of varying complexity, (3) systematic prompting strategies, and
(4) a repeatable evaluation process. Our assessment targets
four key aspects of translation quality: i) syntactic correctness
(successful compilation), ii) execution reliability (absence of
runtime errors), iii) semantic preservation (functional equiva-
lence via test cases), and iv) static code metrics (analysis of
complexity and size variation).

We instantiate the framework using the IBM CodeNet
dataset [20], which provides a diverse set of verified solutions
that we use to support the controlled evaluation of LLM-
generated translations. To improve coverage, we augment the
dataset with LLM-generated test cases and assess the im-
pact of prompting strategies by comparing standard zero-shot
(s-28), curated zero-shot (C-zS), and Chain of Thought (CoT)
approaches. PolyglotWeb.site is a public repository to
support transparency and continuous assessment by publishing
raw data and expanding evaluation results over time.

We assess the ability of seven open-source LLMs to trans-
late C programs into Python, Java, and Rust. We focus on
open-source models to ensure transparency, reproducibility,
and cost-effectiveness. While not exhaustive, this setup show-
cases Polyglot’s utility and extensibility, while exposing
key challenges in LLM-based code translation. We chose
Python, Java, and Rust for their contrasting paradigms and
relevance in modernizing C-based systems: Python emphasizes
high-level abstraction and automatic memory management;
Java introduces strong typing and object-oriented design; and
Rust presents the most significant challenge due to its strict
compile-time memory safety guarantees.

Our comparative analysis, beyond isolated language pairs
and ad hoc evaluations, shows that LLM performance varies
notably across target languages. While LLMs handle simple
constructs well, complex features remain a problem. Java
translations tend to be more accurate, whereas Rust presents
significant challenges. We also found that LLM-generated
code frequently introduces syntactic errors and semantic bugs,
impacting reliability and maintainability. These findings high-
light the need for robust evaluation frameworks such as
Polyglot to support the development of more capable and
trustworthy code translation systems.

To summarize, the key contributions of this work are:

e Polyglot, a novel, fully automated, and extensible

framework for rigorous and reproducible assessment
of LLM-based code translation. It defines all essential



components (evaluation metrics, real-world programs and
test suites, prompting strategies, and a procedure) to
overcome the limitations of ad hoc evaluations.

A comparative evaluation of open-source LLMs for
translating C into Java, Python, and Rust. Our struc-
tured analysis contrasts with fragmented prior work and
reveals performance variations across distinct language
paradigms.

Guidelines for integrating new workloads, advanced
metrics, and diverse prompting strategies. This design
ensures the framework remains extensible and adaptable
for evolving code translation scenarios.
PolyglotWeb.site, a public repository for pub-
lishing up-to-date evaluation results, fostering collabo-
ration in the LLM-based code translation community.

The remainder of the paper is as follows. Section II reviews
related work. Section III introduces Polyglot. Sections IV
and V describe the experimental setup and results. Section VI
discusses key observations. Section VII outlines threats to
validity. Section VIII concludes and puts forward future work.

II. BACKGROUND AND RELATED WORK

LLMs are transforming software engineering by enabling
code generation, bug detection, and documentation automa-
tion [21]. Open-source (e.g., LLaMA, DeepSeek) and com-
mercial models (e.g., GPT-4, Gemini), trained on large code
corpora, learn patterns to handle complex tasks. However,
code translation remains challenging, as it requires adapt-
ing both syntax and semantics across diverse programming
paradigms [18], [22]. Unlike traditional transpilers, which rely
on explicit, rule-based mapping (e.g., AST transformations)
and are designed specifically for translation [23], LLMs rely
on pattern-based inference.

Code translation has traditionally relied on rule-based tran-
spilers and neural machine translation (NMT) models [24],
[25]. Rule-based systems map source to target constructs but
are rigid and struggle with complex transformations [26],
[27]. NMT models, adapted from natural language processing,
offer improvements but often fail to capture deeper structural
and semantic relationships essential for accurate translation.
Hybrid approaches that combine static and dynamic analysis,
AST transformations, and deep learning aim to improve trans-
lation accuracy, but still struggle with memory management,
concurrency, and paradigm shifts [28], [29].

Pretrained models such as CodeBERT [7] and GraphCode-
BERT [30] introduced multilingual code translation, though
performance varied across language pairs. Al TransCoder [31]
used unsupervised learning to translate between Python, Java,
and C++, but struggled with fundamental structural transfor-
mations, especially for low-level C constructs. While LLMs
have since shown implicit translation abilities, their reliability
remains poorly understood, heavily influenced by prompt
design, with persistent challenges in semantic preservation and
adaptation across diverse programming paradigms [15]-[18].

Reference-based approaches evaluate generated code by
comparing it to human-written references using metrics such

2363

as BLEU [32], CodeBLEU [33], and Computational Accu-
racy (CA) [34]. Syntactic correctness is often assessed via
compilation success [35], while semantic preservation is typ-
ically measured by executing test cases. Similarity metrics,
such as Levenshtein distance and AST-based comparisons
(e.g., in CodeBLEU), measure alignment with the reference
code. Cyclomatic complexity [36] captures structural over-
head, and dependency-based metrics such as DEP [37] as-
sess structural coherence. Embedding-based metrics such as
CodeBERTScore [38], structure-aware RUBY [39], and the
reference-free ICE-Score [40] provide deeper semantic evalu-
ation. However, these sophisticated metrics can be difficult
to reproduce or interpret, underscoring the importance of
complementary, explainable metrics.

Several recent benchmarks have focused on evaluating
LLM-based code translation. For example, CodeXGLUE [41]
provides a broad collection of tasks and metrics, establishing
a common ground for evaluation. Still, it relies primarily on
reference-based measures (e.g., BLEU, CodeBLEU), supports
only a limited number of language pairs, and offers little
emphasis on test-based semantic validation or extensibility.
CodeAlpaca [42] provides curated prompts and solutions that
have been widely adopted in practice; however, it omits func-
tional test cases and does not address translation-specific tasks,
thereby limiting its relevance for code migration scenarios.
TransCoder [31] was an influential early effort toward multi-
lingual translation, demonstrating the potential of unsupervised
learning, but it relied heavily on synthetic training data, and
its evaluation lacks transparency and reproducibility.

Despite progress in LLM-based code translation, there is
a lack of comprehensive and extensible evaluation frame-
works [16], [21]. Many studies rely on narrow metrics or
limited translation scenarios [18], [34], [43], which, while
useful for large-scale automated evaluation, overlook aspects
such as code complexity and semantic preservation. Inade-
quate language and dataset coverage further limit general-
izability [15], [44], while inconsistent evaluation procedures
hinder reproducibility and cross-study comparisons [8], [9].

In contrast to prior work, Polyglot introduces a mul-
tidimensional evaluation approach using real-world programs
of varying complexity and functionality. Designed for scal-
ability and adaptability, it supports consistent assessment
across LLMs, prompting strategies, and target languages. Our
evaluation, which translates C to Python, Java, and Rust,
shows Polyglot’s applicability as a foundation for rigor-
ous, automated, and reproducible comparisons that reveal the
capabilities and limitations of LLM-based code translation.

III. THE PorYycLoT FRAMEWORK

Polyglot is a systematic framework for evaluating LLMs
on code translation tasks, grounded in established bench-
marking principles to ensure rigor and broad applicability.
Its core goals are to be representative by using real-world
problems, produce repeatable results, and remain nonintrusive,
preserving natural model behavior. The framework supports
workload scalability, offers partial portability across models
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Fig. 1. Design of the Polyglot Framework

and tasks (acknowledging that complete portability, namely in-
stallability, and replaceability, are out of scope), and promotes
simplicity through automation. It distinguishes itself with a
clearly defined scope and built-in extensibility, enabling it to
evolve alongside future research needs.

Polyglot design comprises three elements (Figure 1).
Problem Framing defines the systems under evaluation and
sets the framework’s scope. The Polyglot Framework
Components specify the key elements that support the as-
sessment: metrics for evaluating translation quality, a work-
load of real-world programs and test cases, prompt templates
to guide translation, and a procedure for experiment setup,
execution, and analysis. Finally, Validation and Evolution
ensures alignment with the core design principles and provides
guidelines for extensibility, supporting new languages, metrics,
workloads, and prompts.

Although our approach is intrinsically empirical, it is
grounded in well-established assessment practices. Consistent
with any evaluation framework, Polyglot abstracts practical
use cases into a controlled setting, and direct generalization to
other scenarios is neither intended nor supported. For instance,
our evaluation focuses on translating C into Python, Java, and
Rust, so we should interpret conclusions within the scope of
these specific language pairs and the workload used.

A. Problem Framing

1) Systems Under Evaluation: Characterizing the systems
under evaluation is a critical aspect of Polyglot’s design.
It defines the role of LLMs in code translation and ensures
the framework captures the practical challenges posed across
languages and paradigms. This characterization informs key
operational assumptions and core evaluation requirements,
enabling structured, repeatable comparisons and supporting
adaptation to evolving LLM capabilities.

Our assumptions include evaluating LLMs in a closed-box
setting and accessing them via APIs or prompts without inter-
nal modifications. This approach reflects common deployment
scenarios and motivates a nonintrusive methodology. We as-
sume model-agnostic conditions, avoiding reliance on vendor-
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specific features, training configurations, or architectures to
ensure consistent, comparable assessment across LLMs.

Requirements for code translation include syntactically valid
output, preservation of semantic behavior, and appropriate
adaptation of language-specific constructs, even in the absence
of direct mappings. These capabilities, shaped by factors
such as model architecture, training data, tokenizer design,
and pretraining objectives [16], constrain generalization across
languages and abstraction levels. Inference-time variables, in-
cluding sampling strategies, prompt design, and context limits,
introduce variability that one must account for.

2) Scope Definition: Establishing a clear scope is essential
for defining a practical evaluation framework. It determines the
capabilities to assess, the nature of the translation tasks, and
the success criteria. A well-defined scope ensures alignment
between framework components and goals, maintains focus,
and enables meaningful comparisons across models.

Polyglot evaluates LLMs on code translation tasks in-
volving complete programs (not code snippets) while pre-
serving functional behavior and structural integrity. This ap-
proach enables a multidimensional assessment across syntactic
correctness, execution reliability, semantic preservation, and
code complexity. To reflect real-world translation challenges,
the framework includes code of varying complexity and con-
structs, such as loops, conditionals, memory operations, and
exception handling.

The defined scope also sets specific evaluation conditions:
Polyglot currently operates under zero-shot prompting
without in-context examples, reflecting typical usage, and eval-
uates a single translation per program. While alternative strate-
gies (e.g., multi-sample generation or re-ranking) may improve
performance, they introduce additional variables beyond the
current scope. Nonetheless, Polyglot is designed for exten-
sibility, supporting new languages, metrics, prompt types, and
evaluation procedures through clearly defined guidelines.

B. Metrics

Polyglot uses three groups of metrics: (1) outcome-
based metrics, summarizing overall success (e.g., test pass
rates); (2) contextual metrics, identifying failure points in the
pipeline (e.g., compilation or runtime errors); and (3) static
metrics, assessing structural preservation or degradation. We
chose these types of metrics to balance syntactic and semantic
insight with interpretability, avoiding reliance on reference
translations or complex scoring. For fair comparison, metrics
are computed independently per language pair and LLM.
While aggregation can offer broader trends, one must use
it cautiously to avoid masking model-specific behaviors or
translation challenges.

1) Outcome-Based Metrics: We classify each translation
into one of four mutually exclusive categories, capturing the
full spectrum of success and failure modes: fails to compile
(Fy); compiles but fails at runtime (e.g., crash or timeout)
(F3); compiles and runs but fails test cases (F3); and passes
all test cases (F}y). These categories form a complete partition:
Fi +Fy, + F3 + F, 100%. Given a set of translations



T, we define the outcome-based metrics as the percentage of
translations falling into each category F;, computed as:

F;= ﬁ > Ik, (t) x 100, for j € {1,2,3,4}
teT
where I, (t) is an indicator function equal to 1 if translation
t falls into category F);, and O otherwise. These metrics
allow precise identification of failure types, whether syntactic,
runtime, or semantic, and enable comparative evaluation of
performance across different stages of the translation pipeline.

2) Contextual Metrics: To complement the cumulative F
categories with stage-level detail, we define a generalized
stage success rate for each pipeline stage 6:

1

R i tEZTH I () x 100

where: 0 € {compile, run, pass} denotes the pipeline stage
of interest; Ty C T is the subset of translations for which
stage 6 is applicable; Iy(t) = 1 if translation ¢ successfully
completes stage 6, and O otherwise; and T is the full set of
translations. This formulation enables fine-grained tracking of
LLM performance across the translation pipeline. Specifically,
the compile rate reflects the percentage of translations that
compile; the run rate considers only those that compile and
execute without errors; and the pass rate measures correctness
among those that compile, run, and pass all test cases. This
stage-wise breakdown helps pinpoint strengths and weaknesses
in the translation process.

We acknowledge some overlap between contextual and
outcome-based metrics, but this is intentional to support a
multi-perspective analysis. Metrics such as Reompile and Fy
are related yet distinct: contextual metrics (R.) capture stage-
specific success rates (e.g., conditional on compilation), while
outcome-based metrics (F}) provide an end-to-end view across
the dataset. This dual perspective enables fine-grained di-
agnostics (e.g., isolating compilation or runtime failures) as
well as macro-level comparisons across models, prompts, and
languages, while giving benchmark users the flexibility to
choose metrics aligned with their evaluation objectives.

3) Static Metrics: We assess structural properties that
impact readability and maintainability, focusing on whether
LLM-generated code preserves the characteristics of the
source. These metrics are computed only for translations that
compile, execute, and pass all test cases to ensure mean-
ingful comparisons. We define two metrics: (1) Cyclomatic
Complexity Variation (ACCj,.) quantifies changes in control
flow complexity between source and translated code, indi-
cating whether LLMs introduce unnecessary complexity or
preserve logical structure; and (2) Source Lines of Code
Variation (ASLoCj,,) captures verbosity or compactness of
the translated output relative to the source. Both follow a

Nip

unified formulation:
1
AMppy = — I
o Nip ;é; %8 ( )

where M denotes a metric (CC' or SLoC); My, and M;,
are the metric values for the source and translated programs,

M,
M.,
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respectively; and IV, is the number of successfully translated
programs (i.e., those that compile, run, and pass all tests). The
logarithmic transformation ensures symmetric treatment of
increases and decreases and scales differences proportionally.

C. Workload

A well-curated workload is critical for evaluating code
translation across languages. It should meet key criteria [43],
including: parallel code samples (equivalent implementations
across languages) for cross-language comparison; functional
verification via test cases to assess semantic preservation;
and diverse problem scopes spanning algorithmic complexity
and code structures. The workload should include languages
with differing paradigms, typing systems, memory models, and
abstraction levels to reflect real-world translation challenges.
Following these principles, the Polyglot workload uses
real-world programs with functional tests and varied structural
properties, supporting robust and meaningful comparisons.

1) Real-World Programs: 1BM CodeNet is a large-scale
dataset for code-related machine learning tasks [20]. It con-
tains 14 million code samples (referred to as “solutions”)
spanning 4,053 distinct problems across 55 programming lan-
guages. Although originating from competitive programming,
this dataset includes diverse problems with varied structures,
complexity, and constructs (e.g., I/O handling, memory man-
agement, control flow) that are common in code transla-
tion, particularly for modernizing legacy C code. While it
differs from large-scale, domain-specific systems, it offers a
controlled and diverse setting that effectively exposes LLM
performance differences. Our results show clear variation
across model specialization, prompt design, and problem com-
plexity, demonstrating that even a limited yet well-structured
benchmark can reveal the strengths and limitations of current
translation capabilities.

Several adjustments were needed to adapt IBM CodeNet
for integration into the Polyglot framework. From the
4,053 available problems, we excluded those lacking English
descriptions (necessary for manual inspection), resulting in
2,667 problems, and applied additional filtering per language.
For instance, after removing incorrect samples (as per Co-
deNet metadata), only 1,535 problems have at least six valid
C solutions, totaling 276,014 samples. While the minimum
sample threshold is configurable, multiple implementations
per problem allow analysis of translation consistency, failure
modes, and strategy diversity.

We extend the original metadata with metrics that character-
ize each code sample further. For every solution, we compute
two standard metrics: Source Lines of Code (SLoC) and
Cyclomatic Complexity (CC) [36]. To complement these, we
introduce a Code Construct Feature Score (CFS), quantifying
the presence and complexity of specific language constructs.
While SLoC and CC capture overall size and control flow,
CFS offers a finer-grained view by highlighting patterns, such
as control structures, memory operations, and nested logic, that
pose challenges for LLM-based cross-language translation.
CFS is a weighted sum of construct occurrences:



CFS =wcC+wrL +wrR+wpD +wy M + wrT

where: C' is the number of conditionals (i f, else, switch);
L is the number of loops (for, while, do—-while); R is
an indicator for recursion (1 if present, O otherwise); D is
the count of unique data structures (e.g., arrays, lists, maps);
M 1is the number of manual memory operations (malloc,
free, new, delete); T are concurrency constructs (e.g.,
threads, locks, async); and we,wr,wWgr,wWp,wyr, wr are
weights reflecting the complexity contribution of each feature.

Note that CFS is not intended to equate independent and
nested loops, but to capture the presence of control-flow con-
structs that often challenge code translation. It is deliberately
coarse-grained, supporting high-level complexity stratification
without detailed per-problem analysis, which is unnecessary
for our current sampling. Future work may extend CFS
with depth-aware variants or related enhancements, enabling
broader applications such as problem selection or fine-grained
difficulty modeling beyond stratification.

At the problem level, we compute the average Source Lines
of Code (SLoC 4.,4), average Cyclomatic Complexity (CC gy4),
and average Code Construct Feature Score (CFS,,,) across
all valid solutions for each programming language. These
metrics highlight variations in problem difficulty, enabling
the analysis of how LLMs perform on translation tasks with
varying complexity. They also provide a basis for selecting or
partitioning subsets of the dataset.

2) Test Cases: Although CodeNet does not include test
cases, we retrieved them from the original platforms where the
problems were published: Aizu and AtCoder. For Aizu,
extraction was straightforward, as problem IDs matched those
in CodeNet, and test cases were available via standardized
URLSs. For AtCoder, where IDs did not align, we applied
a reverse-matching strategy: we matched each test set to a
CodeNet problem by executing it against valid solutions.

We could not find test cases for 82 problems on Aizu
and AtCoder. However, each problem includes at least one
test case embedded in the natural language description. Many
problems also contain too few test cases for reliable evaluation,
often only one. We set a configurable minimum of 7 test cases
per problem to ensure meaningful assessment. For the 2,667
English-described problems, we manually extracted embedded
test cases for the 82 without any and used LLaMA 3.1 (8B)
to generate additional test cases where necessary to meet
the threshold. While this introduces synthetic elements, all
additions were validated to minimize bias.

As our goal was to augment the dataset, not to evaluate
LLMs for test case generation, we followed a simple strategy.
For each problem needing more tests, we prompted LLaMA
3.1 (8B) with the natural language description and exam-
ples to generate inputs using three strategies: similar cases,
edge cases, and diverse variations. We discarded invalid
test cases and used three randomly selected C++ solutions
to determine expected outputs (we used C++ to avoid data
leakage with respect to our experimental evaluation). We
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retained only test cases where all three solutions produced
matching outputs.

D. Prompt Templates

Prompting plays a critical role in the quality of LLM-
generated translations [18]. For example, zero-shot uses
only task instructions and the model’s pre-trained knowl-
edge; CoT (Chain of Thought) prompts encourage reasoning
steps; and few-shot provides examples or fine-tuned guid-
ance. Polyglot currently focuses on zero-shot prompting
to isolate inherent translation capabilities without example-
based influence, reflecting real-world scenarios where gener-
alization is required (as mentioned, the framework includes
guidelines for extending to other prompting strategies). Each
prompt is built from a template and instantiated with the
relevant source code and task details during execution (see
PolyglotWeb.site for the prompt templates):

1) Standard Zero-Shot (S-ZS): provides direct instructions
without examples or additional reasoning.

2) Curated Zero-Shot (C-ZS): we followed an iterative,
instruction-oriented design process to build the c-zs prompt
template. Starting from the minimal S-zs baseline, we incre-
mentally added elements to clarify the task, constrain output
format, and emphasize functional equivalence. Pilot evalua-
tions and best practices in LLM prompt design guided this pro-
cess. The resulting instruction provides structured, language-
agnostic guidance that balances specificity and generality.

3) Chain-of-Thought (CoT): encourages the model to ex-
plain its reasoning before generating the translated code, but
still in a zero-shot manner regarding external examples. Note
that CoT in Polyglot is implemented in a zero-shot fashion:
models are instructed to reason step by step before produc-
ing the final code, but without in-context demonstrations or
examples. The distinction therefore lies in the verbosity and
reasoning style encouraged by the prompt, not in the use of
extended context.

E. Procedure

A procedure ensures a rigorous and reproducible evaluation.
Polyglot’s execution process consists of three phases as
depicted in Figure 2 and detailed next.

1) Setup: Involves defining the experimental setup, includ-
ing the selection of languages, code samples, and LLMs:
1.1. Source and Target Languages: Chosen based on research

objectives, accounting for syntactic and semantic differ-
ences, such as typing discipline, memory management,
and execution model.



1.2. Code Sample Filtering: When complete evaluation is
impractical, one may select a subset of samples based on
problem- or solution-level characteristics. The selection
criteria are flexible and context-dependent, e.g., filtering
by average cyclomatic complexity or specific code con-
structs. In our evaluation (Section IV-B), we apply two-
level stratified sampling based on selection scores.

Model Selection: Identify the LLMs to evaluate, along
with configuration options such as decoding strategies
(e.g., temperature), enabling exploration of translation
behavior and the impact of determinism on code quality.

1.3.

2) Translation: This step involves inserting the program’s
source code into the selected prompt templates (e.g., S—ZS or
C-283), producing a ready-to-use prompt for LLM inference:

2.1. Prompt Instantiation: Code is integrated into each
prompt, reflecting the different strategies (Section III-D).

2.2. LLM Inference: The selected LLM(s) generate transla-
tions for the given programs based on the constructed
prompts and the selected decoding strategies.

3) Analysis: Consists of interpreting and analyzing the
results to derive insights about LLM performance:

3.1. Metric Computation and Analysis: Compute the evalua-
tion metrics (see Section III-B) and analyze the results
across models, prompts, and code characteristics.
Synthesis and Conclusions: Conclude from the results,
identifying trends, strengths, and limitations, informing
the broader understanding of LLM performance.

3.2.

F. Validation & Evolution

1) Properties Analysis: Polyglot is grounded in es-
tablished benchmarking principles, embedding key properties
directly into its design to ensure robust and fair evaluation.

To ensure representativeness, it targets translation tasks
and code samples that, although simple, reflect real-world
scenarios, spanning diverse problem complexities and lan-
guage constructs. Although LLM outputs are not deterministic,
Polyglot’s evaluation is repeatable through deterministic
prompt generation, controlled runtime environments, and a
standardized execution process. Nonintrusiveness is main-
tained by evaluating LLMs as-is, without modification, and
using prompts that mirror realistic usage rather than synthetic
input structures. The framework is scalable via automation
and modularity, supporting large-scale experiments across
languages and models. It promotes portability by avoiding
model- or language-specific assumptions, and ensures simplic-
ity through an automated, streamlined process.

2) Extensibility — Guidelines: A core strength of
Polyglot 1is its flexibility and adaptability without
compromising the core benchmarking principles. Adding new
metrics, such as those targeting maintainability or security,
can be done by defining appropriate scoring functions. We
can incorporate additional code datasets by computing size,
complexity, and construct metrics using existing scripts.
When test cases are missing, we can use LLMs to generate
them (see Section III-C2), expanding dataset coverage and
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improving representativeness. Customizable templates enable
the integration of new prompting strategies that incorporate
additional context, examples, or reasoning. This approach
maintains the framework’s nonintrusiveness while enabling
structured analysis of prompting effects. The framework can
also support alternative evaluation modes, such as multi-
translation and in-context learning, allowing researchers to
assess output diversity and augment prompts with examples.

While adding new models and metrics may seem straight-
forward, the novelty of Polyglot lies in standardizing the
entire evaluation pipeline (from workload integration to metric
analysis and public result dissemination). This goes beyond
ad hoc setups by providing a reproducible, extensible, and
modular framework aligned with benchmarking principles.

Extending to additional languages depends mainly on
dataset coverage. If the source language is already in Co-
deNet, experiments require only configuring and executing
runs within the existing infrastructure. Otherwise, curating or
integrating a parallel dataset with code samples, functional test
cases, and metadata (e.g., SLoC, cyclomatic complexity, CFS)
is necessary. Adding a new target language is simpler, typically
involving adaptations to prompt templates across strategies to
capture syntax, conventions, and I/O patterns. The extent of
modification varies by prompt type, from simple formatting
(s-25) to more structured refinements (C-ZS, CoT).

The benchmark also supports reverse translation with
only minor adjustments. Since Polyglot is modular and
language-agnostic, this mainly requires selecting a differ-
ent source language from CodeNet and adapting its prompt
templates. The evaluation pipeline remains fully applicable,
as test cases are tied to problem specifications rather than
implementation language.

Polyglot is written in Python and deployed using Docker
containers. Its modular architecture simplifies extensions.
PolyglotWeb.site is a companion platform for publish-
ing results and comparisons, encouraging broader adoption.

IV. EXPERIMENTAL SETUP

This section discusses the source and target languages, code
sample filtering, and model selection.

A. Source and Target Languages

To demonstrate Polyglot, we evaluate C-to-Python, C-
to-Java, and C-to-Rust translations, enabling a controlled
comparative analysis across three diverse target languages.
We chose these target languages for their structural diversity
and relevance to real-world software modernization. They
represent distinct paradigms, from dynamic to static typing,
procedural to object-oriented, and manual to automatic mem-
ory management, capturing critical translation challenges. C’s
low-level features require careful adaptation to higher-level
abstractions in the target languages. Note that the underlying
CodeNet dataset includes implementations in many other lan-
guages. Extending to new source or target languages requires
only configuring and executing additional experiments within
the existing infrastructure.



TABLE I
C PROBLEMS AND SOLUTIONS USED IN THE EVALUATION

Selection Value
Problems (per complexity / total): 43 /129
Solutions (per problem / per complexity / total): 6 /300 / 900
Avg Min Max
Simple SLoC 18.1 3 264
P cc 57 1 86
SLoC 46.0 7 400
Moderate 137 2 191
Complex SLoC 75.6 14 618
P cc 259 4 268

B. Code Sample Filtering

Due to practical constraints, including runtime limitations
and computational resources, we were unable to evaluate all
problems in the workload. Instead, we applied a principled
selection process to construct a representative and diverse
subset of problems and solutions. We will continuously publish
more results on PolyglotWeb.site.

We employed a two-level sampling strategy to capture vari-
ation in problem complexity to ensure meaningful and context-
aware evaluation. At the first level, we define a Problem
Selection Score (PSS) to rank problems based on average
code size, cyclomatic complexity, and construct richness,
considering the solutions in the programming language at hand
(C in our experimental evaluation). For each problem p, the
score is computed as:

CSp — pos n CCyp — pocc " CFSy — pcrs
ocs occ

PSS, =
oCFs
where C_Sp, C_Cp, CFSp represent the average code size,
cyclomatic complexity, and construct feature score (CFS) for
problem p, respectively, and i and o denote the global mean
and standard deviation for each metric. In our experiments, we
assign equal weight to all components to maintain a neutral
ranking, though we could adjust the weights to prioritize
specific dimensions. Using PSS, we stratify problems into
three complexity tiers (simple, moderate, and complex) based
on percentile thresholds, and sample uniformly from each
group. This ensures balanced coverage across the complexities.

For each selected problem, we compute a Solution Selec-
tion Score (SSS) to select a diverse subset of implementations,
which is especially important for problems with many avail-
able solutions. The SSS quantifies how much each solution
deviates from the problem-level averages:
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where CS;,CCs,CFS; denote the code size, cyclomatic
complexity, and construct feature score of solution s; and
CS,,CC,,CFS,, along with their corresponding standard
deviations o7, 0%+, 0% g, are computed over all valid so-
lutions for problem p. As with problem selection, solutions
are stratified into three percentile-based groups and sampled
uniformly across strata to ensure structural diversity.

In our experiments, we tested 150 problems, and for each,
we considered six solutions of varying complexity (Table I).

This corresponds to more than 56700 translations (150 prob-
lems x 6 solutions x 3 languages x 7 LLMs x 3 prompts).

C. Model Selection

Table II lists the LLMs evaluated. They span a diverse range
of parameter counts (7B to 70B), training regimes (general-
purpose vs. code-specialized), and sources (e.g., Meta, Al-
ibaba, DeepSeek). This diversity enables a comparative analy-
sis of how scale, specialization, and design affect multilingual
code translation performance.

To ensure transparency, accessibility, and reproducibility,
we focus on open-source LLMs and run all models using the
Ollama framework with default configurations. We used the
ollama-python library to interact with the models. This
setup eliminates external variability, such as API instability
or vendor-specific sampling behavior, ensuring consistent ex-
ecution. While Polyglot supports proprietary models, our
open-source focus provides a robust, reproducible foundation
for analyzing performance across languages, prompt styles,
and problem complexities, enabling low-overhead extensions.

V. RESULTS

This section discusses outcome-based and static met-
rics. Raw data and detailed results are available at
PolyglotWeb. site. While contextual metrics offer a com-
plementary view, they are omitted due to space constraints.
However, these metrics reinforce the same trends observed.
Examples of failure are presented at the end of the section.

A. Outcome-Based Metrics

1) Language vs Model: Table 11l summarizes the outcomes
across target languages and models. The results reveal substan-
tial variation in success and failure rates, shaped by model
specialization, scale, and language characteristics.

Java: qwen2.5-coder_32b leads with a pass
rate of 61.77%, followed by gwen2.5_32b
(53.36%) and deepseek-coder-v2_16b  (51.46%),
deepseek-coder_33b (51.21%) and llama3.1_32b
(50.24%). 11ama3.1_8b performs the worst, with 36.78%
of outputs failing to compile and only 21.91% passing all
tests. These results highlight the challenges that smaller,
general-purpose models encounter due to Java’s verbosity and
type strictness.

Python: Compilation is rarely an issue, but runtime failures
dominate. Although Python is not compiled, we simulate
this step using its compile () function to detect syntax
errors. gwen2.5-coder_32b leads with a 49.43% pass rate,

TABLE II
LLMS USED IN THE EVALUATION

Model Size  Training Data Source Alias in the Text
. 8B general (mixed) Meta 1lama3.1_8b
LLaMA 3.1 70B general (mixed) Meta llama3.1_70b
Qwen2.5 32B general (mixed) Alibaba Cloud  qwen2.5_32b
7B code-specialized ~ Alibaba Cloud  qwen2.5-coder_7b

Qwen2.5-Coder Alibaba Cloud

DeepSeek-Al
DeepSeek-Al

32B  code-specialized

DeepSeek-Coder 33B
DeepSeek-Coder V2 16B

qwen2.5-coder_32b

code-specialized
code-specialized

deepseek-coder_33b
deepseek-coder-v2_16b




TABLE III
LLM TRANSLATION OUTCOMES BY LANGUAGE

Lang. LLM Fail Comp. Fail Run. Fail Tests Pass Tests
llama3.1_8b 36.78%  1431%  26.99% 21.91%
llama3.1_70b 17.02%  11.72%  21.02% 50.24%
qwen2.5_32b 19.50%  11.12%  16.02% 53.36%

Java qwen2.5-coder_7b 27.18% 12.27% 16.43% 44.12%
qwen2.5-coder_32b 11.75%  10.90%  15.57% 61.77%
deepseek-coder_33b 1539%  13.83%  19.58% 51.21%
deepseek-coder-v2_16b 21.13% 11.23% 16.17% 51.46%
llama3.1_8b 578%  56.06%  17.98% 20.17%
llama3.1_70b 2.82% 41.19%  17.54% 38.45%
qwen2.5_32b 1.11%  39.75% 12.01%  47.13%

Python qwen2.5-coder_7b 3.00%  54.76% 13.13% 29.11%
qwen2.5-coder_32b 1.08% 35.93% 13.57% 49.43%
deepseek-coder_33b 3.89% 43.79% 16.54% 35.78%
deepseek-coder-v2_16b 4.63%  42.86% 14.28% 38.23%
llama3.1_8b 80.13% 9.75% 4.23% 5.90%
llama3.1_70b 59.07%  16.57% 8.68% 15.68%
qwen2.5_32b 51.35%  18.87%  10.72% 19.06%

Rust  qwen2.5-coder_7b 67.33% 12.53% 8.97% 11.16%
qwen2.5-coder_32b 3522%  17.09%  15.39% 32.30%
deepseek-coder_33b 74.45%  11.42% 5.04% 9.08%
deepseek-coder-v2_16b 58.29% 15.31% 8.82% 17.58%

followed by gwen2.5_32b (47.13%). deepseek-coder-v2
and deepseek-coder_33b follow at 38.23% and 35.78%,
while 11ama3.1 lags at 20.17%. These trends show LLMs
struggle with Python’s dynamic semantics, even when they
handle syntax correctly.

Rust: Rust remains the most difficult target, with
the highest compilation failure rates. 1llama3.1 and
deepseek-coder_33b exceed 70% in failed compilations.
Only gwen2.5-coder_32b delivers a relatively acceptable
pass rate (32.30%), clearly surpassing the next best model
(gqwen2.5_32b at 19.06%). These findings show the difficulty
LLMs face with Rust’s strict type and memory safety con-
straints. Sparse training data and Rust’s niche usage may also
contribute to the observed low performance.

Overall: Code-specialized models with larger capacities
(gqwen2.5-coder_32b, deepseek-coder-v2_16b) outper-
form general-purpose ones. On average, they achieve a
Pass Tests rate above 40%, versus ~25% for models like
llama3.1_8b and llama3.l1_70b. gwen2.5-coder_32b
stands out for its strong, balanced results, highlighting the
benefits of scale and task-specific training. Rust remains the
hardest target due to strict compile-time checks, with Fail
Comp. rates, in general, above 50%. Python is dominated by
runtime failures, reflecting challenges with dynamic execution.
Java presents mixed difficulty, with moderate compilation and
runtime issues.

2) Language vs Model vs Prompt: Table IV summarizes
the impact of prompting strategies for the three top-performing
models. Rust is excluded due to consistently low pass rates,
though similar prompt-related trends were observed.

Java: gwen2.5-coder_32b leads overall, with s$-75
achieving the highest pass rate (63.96%) and c-zs close be-
hind (62.74%), while also showing the lowest runtime failure
rate (10.57%). coT lags at 58.62% with moderately higher
failure rates. deepseek-coder-v2 follows a similar trend:
best under S-S (53.06%), slightly lower with c-zs (51.39%),
and further down with CoT (49.94%). 11ama3.1_70b stays
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TABLE IV
IMPACT OF PROMPTING STRATEGIES ON TRANSLATION OUTCOMES

Lang. LLM Prompt Fail Comp. Fail Run. Fail Tests Pass Tests
S-ZS 1491% 11.35% 16.35%  57.40%

llama3.1_70b C-ZS 14.79% 11.57% 17.35%  56.28%

CoT 21.36% 12.24% 2937%  37.04%

Java S-ZS 10.34% 11.01% 14.68%  63.96%
qwen2.5-coder_32b C-ZS 13.46% 10.57% 13.24%  62.74%

CoT 11.46% 11.12% 18.80%  58.62%

S-ZS 21.13% 10.79% 15.02%  53.06%

deepseek-coder-v2_16b C-ZS 22.58% 10.23% 15.80%  51.39%

CoT 19.69% 12.68% 17.69%  49.94%

S-ZS 1.22% 41.05% 15.35%  42.38%

1lama3.1_70b C-ZS 245% 36.82% 13.35%  47.39%

CoT 478% 4572% 23.92%  25.58%

Python S-ZS 0.78% 36.04% 12.90%  50.28%
Y qwen2.5-coder_32b C-ZS 1.78% 34.71% 1235% 51.17%
CoT 0.67% 37.04% 15.46%  46.83%

S-ZS 4.67% 43.83% 13.68%  37.82%

deepseek-coder-v2_16b C-ZS 523% 3693% 1635%  41.49%

CoT 4.00% 47.83% 12.79%  3537%

competitive under both s-zs (57.40%) and c-zs (56.28%),
outperforming DeepSeek across prompts, but drops sharply
with CoT to 37.04%, alongside the highest test failure rate
(29.37%). These results indicate that s-zS and C-zS provide
similar gains for Java translation, while verbose CoT prompts
hinder performance, especially for the non-specialized model.

Python: Prompting differences are most evident in Python,
where runtime instability prevails. gwen2.5-coder_32b
excels under c-zs (51.17%), remains strong with S-ZS
(50.28%), and declines slightly under CoT (46.83%).
deepseek-coder-v2 follows this pattern, with the highest
performance under C-zS (41.49%) and the lowest under CoT
(35.37%). 1lama3.1_70b again struggles most with CoT,
dropping to 25.58% pass rate and showing peak runtime
(45.72%) and test failure (23.92%) rates. Unlike in Java, where
S-zs often leads, Python results slightly favor c-zs, sug-
gesting that explicit instructions help manage the language’s
runtime unpredictability.

Overall: s-zs and c-zS outperform CoT across all metrics
(compilation, runtime, and test success). In contrast, general-
purpose models such as 11ama3.1_70b show high sensitivity
to verbose prompting. Its pass rate drops from 57.40% (S-2s)
to 37.04% (coT) in Java, and from 42.38% to 25.58% in
Python. These results suggest that CoT introduces verbosity
without the structured inductive bias needed for program
synthesis. Prompt engineering thus acts as a critical tuning
layer that complements model architecture and training.

3) Language vs Model vs Problem Complexity: To un-
derstand how model performance varies with problem com-
plexity, problems are categorized into simple, moderate,
and complex tiers using the PSS metric (Section IV-B).
We focus on llama3.1_70b, qwen2.5-coder_32b, and
deepseek-coder-v2, excluding Rust due to its consistently
low pass rates. To isolate the impact of complexity, we
limit this analysis to s-zs, which previously showed strong
performance (though the trends hold across prompt types). As
shown in Table V, translation success declines consistently
with increasing problem complexity.

Java: gwen2.5-coder_32b is the most reliable, with pass



TABLE V
IMPACT OF PROBLEM COMPLEXITY UNDER S-ZS PROMPTING

Lang. LLM Complex. Fail Comp. Fail Run. Fail Test Pass Test
Simple 401%  7.69% 7.69% 80.60%

llama3.1_70b Moderate 1224%  9.86% 22.11% 55.78%
Complex 28.10% 16.34% 19.28% 36.27%

Java Simple 2.34%  635% 10.03% 81.27%
v qwen2.5-coder_32b Moderate 10.54% 9.18% 14.29% 65.99%
Complex 17.97% 17.32% 19.61% 45.10%

Simple 6.02%  8.03% 9.70% 76.25%

deepseek-coder-v2_16b Moderate 19.05% 8.84% 18.71% 53.40%
Complex 3791% 15.36% 16.67% 30.07%

Simple 0.33% 23.08% 10.03% 66.56%

llama3.1_70b Moderate 0.68% 44.22% 18.71% 36.39%
Complex 2.61% 5556% 17.32% 24.51%

Pyth Simple 0.00% 2542% 4.35% 70.23%
YHOM g wen2.5-coder_32b  Moderate 1.02% 33.33% 14.97% 50.68%
Complex 1.31% 49.02% 19.28% 30.39%

Simple 1.34% 31.44% 5.69% 61.54%

deepseek-coder-v2_16b Moderate 3.40% 43.54% 19.73% 33.33%
Complex 9.15% 56.21% 15.69% 18.95%

rates of 81.27% (simple), 65.99% (moderate), and 45.10%
(complex), and moderate rises in compilation and runtime
failures. deepseek-coder-v2 degrades more steeply (from
76.25% to 30.07%) driven by an increase in compilation
failures (6.02% to 37.91%). 11ama3.1_70b starts strong at
80.60% but drops to 55.78% and 36.27%, following similar
trends and highlighting challenges in complex scenarios.

Python: Both gwen2.5-coder_32b and 1lama3.1_70b
handle simple Python tasks well (70.23% and 66.56%, re-
spectively), but performance deteriorates on complex in-
puts. qwen2.5-coder_32b drops to 50.68% (moderate)
and 30.39% (complex), while deepseek-coder-v2 falls to
33.33% and 18.95%. The main cause of degradation is rising
runtime failures, e.g., deepseek-coder-v2 from 31.44%
(simple) to 56.21% (complex), indicating challenges with
execution and control flow in dynamically typed code.

Overall: While code-focused LLMs excel at simple tasks,
reliability declines as problem complexity increases. On av-
erage, Pass Tests rates drop from ~72% (simple) to ~31%
(complex), with failure types reflecting language-specific chal-
lenges (compilation issues in Java and runtime errors in
Python). These trends highlight the need to evaluate LLMs
across difficulty levels and to develop prompts and models
that generalize better to complex scenarios.

B. Static Metrics

We now analyze the structural transformations introduced
by LLM-generated code across languages, models, and
prompting strategies (Tables VI and VII). This analysis helps
reveal how LLMs alter the underlying structure of source
code and how such changes relate to functional correctness
and maintainability. While we omit complexity-specific break-
downs due to space constraints, the observed trends are consis-
tent, with detailed results available at PolyglotWeb.site.

Java: All LLMs show minimal structural change under all
prompts (in general, small average decreases in complexity
and small average increases in size). While rare outliers
do occur (such as 1lama3.1_70b reaching +12 in CC
under CoT, and deepseek-coder-v2 hitting +22) there
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TABLE VI
CYCLOMATIC COMPLEXITY (ACC') VARIATION
S-ZS C-ZS CoT
Lang. LLM ACCi Min Max ACCi; Min Max ACCw; Min Max
1lamA3.1_70b -0.04 -173 5 -0.06 -90 10 -0.09 -92 12
Java v 5-coder_32b -0.04 -89 11 -0.07 -184 12 -0.02  -105 14
deepseek-coder-v2_16b -0.05 -59 5 -0.11 92 11 -0.05 -44 22
1lamA3.1_70b 0.17 =37 25 0.22 -56 38 0.59 -57 35
Python gqwen2.5-coder_32b 0.24 -102 47 0.17 -102 33 0.43 -101 57
deepseek-coder-v2_16b 0.25 -179 29 0.10 91 17 0.41 -91 19
llamA3.1_70b -0.09 -8 5 -0.13 97 26 -0.08 =78 6
Rust  qwen2.5-coder_32b -0.12 -106 10 -0.18 -105 53 0.00 -66 12
deepseek-coder-v2_16b -0.08 -55 7 -0.24 -92 5 0.03 -73 13

are also notable reductions. For instance, 1lama3.1_70b
and gwen2.5-coder_32b reduce SLoC by up to 369 lines,
demonstrating abstraction capabilities in boilerplate-heavy
code. However, SLoC spikes such as 11ama3.1_70b’s +210
under c-zS and gwen2.5-coder_32b’s +317 under CoT
suggest occasional loss of structural control.

Python: Python translations generally increase cyclomatic
complexity while reducing SLoC, particularly under CoT.
llama3.1_70b peaks at ACCloe = 0.59 under CoT, while
deepseek-coder-v2 reaches ASLoCj,; = —0.30 under
S-2S. The SLoC range for qwen2.5-coder_32b spans from
—331 to 4203, suggesting significant variability in code
expansion and condensation depending on prompt style and
problem structure. While cyclomatic complexity tends to rise,
SLoC increases remain rare and within acceptable bounds. The
models’ ability to reduce size, and occasionally even simplify
control flow, reflects their potential for structural abstraction.

Rust: Rust exhibits the most erratic structural behav-
ior. gwen2.5-coder_32b shows moderate complexity shifts
(ACClog = —0.12 under S-7S) but wide SLoC variation (up
to +332). deepseek-coder-v2 follows suit with similarly
large SLoC changes. These fluctuations reflect challenges in
generating structurally and semantically valid Rust due to its
strict typing and ownership semantics. Compilation failures
align with these structural instabilities.

Overall: LLMs tend to increase cyclomatic complexity and
reduce source lines in permissive languages such as Python,
maintain structural stability in statically typed Java, and show
erratic shifts in strict, low-level Rust. Lower structural devi-
ation correlates with higher functional pass rates, especially
in Java. Model behavior varies by language and prompt;
qwen2.5-coder_32b and deepseek-coder-v2 generally
maintain moderate deviation but exhibit significant outliers
under CoT, underscoring prompt-induced volatility. Structural
consistency is higher under s-zs and c-zs, which produce
more stable transformations. These findings underscore the

TABLE VII
SOURCE LINES OF CODE (ASLOC) VARIATION
Sz czs CoT
Lang. LLM ASLoCp; Min Max ASLoCiy Min Max ASLoCiy Min Max
TlamA3.1_70b 008 354 127 007 369 210 006 369 88
Java  qwen2.5-coder 32b 006 163 57 007 354 219 003 369 317
deepseck-coderv2_I6b 009  -163 149 010 -104 148 008  -163 141
llamA3.1_70b 024 386 99 028 386 76 026 38 144
Python qwen2.5-coder_32b 029 331 80 029 330 203 -029 330 125
deepseck-coderv2_I6b 030 386 197 025 386 147 029 38 202
llamA3.1_70b 005 65 23 005 379 14 001 118 106
Rust  qwen2.5-coder_32b 004 94 332 002 379 231 000 -120 69
deepseck-coderv2_I6b 005 65 142 005 19 204 003 63 207




importance of structure-aware evaluation and the need to align
prompts with language-specific constraints.

C. Qualitative Insights

Beyond quantitative metrics, it is essential to contextual-
ize translation outcomes with concrete examples of failure,
which highlight why syntactic validity alone does not ensure
functional correctness. Next, we present some example cases,
grouped into compilation, runtime, and semantic/test failures.

Java and Rust translations frequently failed during compila-
tion due to type mismatches, undefined symbols, and method
misuse. For example, L1ama3.1 in Java often produced “in-
compatible types” errors (e.g., long to int) and “cannot find
symbol” issues. In Rust, Qwen2.5-coder and DeepSeek-v2
commonly triggered borrow checker violations such as E0499
(double mutable borrow) and E0384 (immutable mutation),
typical when translating from memory-unsafe languages.

Python translations were especially prone to semantic
drift. For instance, Qwen2.5-coder produced runtime
errors such as valueError (“invalid literal for int()”),
UnboundLocalError, and In Java,
frequent  failures included NullPointerException,
ArrayIndexOutOfBoundsException, and
InputMismatchException. Rust outputs often panicked on
unwrap (None) or list out-of-bounds access.

A recurring source of semantic/test failures was misinter-
preting I/O formats, particularly space-separated or multiline
inputs. Models often hardcoded values or misapplied parsing
logic, resulting in programs that compile and run but fail
correctness checks. Another common failure involved the
misuse of language-specific constructs, such as translating C
loops into invalid Python list comprehensions or recursion,
which sometimes led to errors like RecursionError.

Nine problems could not be translated by any model:
three simple, two moderate, and four complex. Failures in
the simple cases stemmed mainly from input handling, as
the original C programs required multi-line, space-separated
inputs that models misrepresented. No problem was solved
in all scenarios; the best-performing one reached 300 correct
translations out of 378. This simple task (CC 3-7, SLoC
9-18) was consistently solved across all prompt types only by
three configurations (deepseek-coder_33b, gwen2.5_32b,
qwen2.5-coder_32b), showing that even simple prob-
lems can defy robust handling. Conversely, the most com-
plex successfully translated problem (CC 191) was solved
in Java (1lama3.1_70b, gwen2.5-coder_32b), Python
(deepseek-coder-v2), and Rust (qwen2.5-coder_32b),
where models abstracted utility code, reducing effective com-
plexity to 7-18. The largest program (over 400 SLoC) was
translated into all three languages by multiple model-prompt
combinations, with outputs condensed to about 21 SLoC.

IndexError.

VI. DISCUSSION

Here are the key observations from our results. Note that
these findings are valid only within the context of our experi-
ments (see Section IV) and are not intended to be generalized.
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Impact of Target Language: Our study shows that the
target language impacts translation outcomes, underscoring the
importance of multilingual evaluation. Rust’s strict type and
memory safety lead to high compilation failure rates, often
accompanied by erratic structural changes. In contrast, despite
syntactic correctness, Python’s dynamic semantics result in
frequent runtime failures, revealing LLMs’ difficulty with
logical accuracy and implicit typing. Java’s verbosity and strict
typing cause compile and runtime issues, but its regular struc-
ture leads to more conservative and stable transformations.

Code-Specialized vs. General-Purpose Models: Code-
specialized models such as gwen2.5-coder_32b and
deepseek-coder-v2_16b  consistently  outperform
general-purpose models, even those with larger parameter
counts. Trained on structured, code-centric corpora and
optimized for syntax-aware generation, they show good
performance across languages and greater robustness to type
constraints, runtime edge cases, and structural variability. In
contrast, general-purpose models such as 1lama3.1_70Db
struggle with structurally complex translations and low-level
features such as memory management and ownership in Rust.

Specialization vs. Complexity: qwen2.5-coder_32b
shows the highest syntactic validity and performance across
problem complexity tiers, still losing performance in all three
languages as task complexity increases. Although having a
lower performance, deepseek—coder-v2_16b shows a
similar pattern for Java and Python, but exhibits a steeper
decline in performance in Rust. As shown in Table V, its pass
rate in Java drops from 76.25% (simple) to 30.07% (complex),
and in Python from 61.54% to 18.95%. This indicates that
while specialization improves average performance, robustness
under complexity remains a challenge.

Scale vs. Specialization: The translation outcomes across
Java, Python, and Rust reveal that model scale alone does
not guarantee superior performance. For example, the general-
purpose model 1lama3.1_70b (70B parameters) achieves
a moderate pass rate of 50.24% in Java and 38.45% in
Python, but struggles significantly with Rust (15.68%). In con-
trast, code-specialized models with fewer parameters, such as
gwen2.5-coder_32b and deepseek-coder-v2_16b, out-
perform it in Java (61.77% and 51.46%, respectively) and
maintain more robust results in Rust (32.30% and 17.58%).
This suggests that architectural specialization and training on
code contribute more to translation success than model size.

Limitations of General-Purpose Models: General-purpose
LLMs like 1lama3.1_70b and llama3.1_8b show clear
limitations in code translation tasks, particularly as com-
plexity increases. These models frequently produce outputs
with high compilation and runtime failure rates. For example,
llama3.1_8b exhibits an 80.13% compilation failure rate in
Rust, and only 5.90% of its translations pass all tests. Simi-
larly, 11ama3.1_70b achieves just a 15.68% pass rate in Rust,
highlighting its struggle with strict type and memory safety
requirements. Even in Python, a more permissive language,
general-purpose models underperform code-specialized ones.

Prompt Sensitivity and Reasoning Stability: Prompt-



ing strategies highlight differences in model stability. Code-
specialized LLMs perform consistently across S—-ZS and
C-zS prompts and degrade more gracefully under CoT.
In contrast, general-purpose models are more volatile, with
CoT often reducing compilation and test success rates. This
instability is amplified in high-complexity tasks involving
longer control flows. These findings support the hypothesis
that training on enriched data, such as ASTs, type annotations,
or compiler traces, can improve translation accuracy.

Generalizable and Complexity-Aware Translation: Our
results suggest that effective multilingual code translation
depends on a combination of scale, architectural priors, train-
ing alignment, and complexity sensitivity. Code-specialized
models consistently outperform general-purpose ones in both
average-case accuracy and robustness under difficult condi-
tions. However, even top performers degrade with increasing
complexity, exposing limitations in current LLM generaliza-
tion. To address this, we advocate hybrid approaches that
integrate LLMs with static analysis, compiler feedback, and
symbolic reasoning to bridge the gap between fluent genera-
tion and semantic correctness.

Significance of Differences: All models were evaluated
under a fixed inference configuration (temperature = 0.7) with
one decoding trial per model-prompt setup, reflecting standard
zero-shot usage. Prompt instantiation is deterministic, and
over 56,000 translation attempts help smooth out fluctuations
and support consistent trend observation. To verify robust-
ness, we applied Wilcoxon signed-rank tests across prompt
strategies and model comparisons. All yielded statistically
significant results (e.g., p < 0.01 for pairwise prompt com-
parisons with deepseek—-coder-v2 in Java; p = 0.03125
for qwen2.5-coder_32b vs. deepseek-coder-v2 under S-
Z5), providing confidence that observed trends are not artifacts
of stochastic variation.

VII. THREATS TO VALIDITY

Internal Validity: Training data leakage remains a concern,
as LLMs may memorize content seen during pretraining.
However, since translations of our dataset are not publicly
available, this risk is limited. While we use datasets with
clear provenance, leakage cannot be fully ruled out. Additional
noise may stem from inconsistencies in human-written code or
the inherent stochasticity of LLM inference. To mitigate these
issues, we filter out non-compiling or non-executing solutions
from the CodeNet dataset. We apply standardized inference
settings to reduce variability stemming from the inherent
stochasticity of LLM inference. Selection bias may occur
from filtering criteria (e.g., requiring multiple valid solutions),
potentially reducing diversity. Broader datasets could improve
generalizability. Lastly, despite relying on objective metrics,
human interpretation bias remains a risk.

External Validity: Generalizing our findings across LLMs
is challenging. This study focuses on open-source models,
whose performance may not extend to proprietary systems
(e.g., GPT-4) due to differences in architecture and training
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data. Reproducibility is another limitation, as LLMs can pro-
duce different outputs across runs, even with identical inputs
(a result of their inherent stochasticity). While we use stan-
dardized inference settings to reduce variability, achieving full
reproducibility is challenging due to the models’ considerable
internal complexity. Computational constraints also limit the
scope of our evaluation. Although we use a representative
subset from the CodeNet dataset, scaling to more problems,
solutions, and models would improve robustness.

Construct Validity: While we evaluate translations using
metrics for syntactic correctness (via compilation), runtime
reliability (through execution and test cases), semantic preser-
vation (by comparing outputs), and static complexity (via code
metrics), these dimensions do not fully capture translation
quality. For instance, successful execution does not guarantee
that code is maintainable, idiomatic for the target language, or
performance-optimized. LLM performance is also sensitive to
prompt formulation, making it challenging to disentangle true
model capability from the effectiveness of the prompt strategy.
To mitigate this, we use standardized templates and controlled
instantiation, e.g., fixed prompt structures with only the C code
varying, though some input sensitivity remains. Future work
should expand evaluation with metrics for maintainability,
idiomaticity, and coding standard adherence, as well as explore
prompt variants. Our framework supports these enhancements
through systematic and reproducible extension guidelines.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we introduced Polyglot, a novel and
flexible framework designed to evaluate LLM-based code
translation rigorously. Instantiated using the IBM CodeNet
Project, Polyglot measures code translation quality across
four dimensions: syntactic correctness, execution reliability,
semantic preservation, and static code metrics. We evaluated
seven open-source models, including both general-purpose and
code-specialized LLMs, on the task of translating C into
Python, Java, and Rust.

Our evaluation shows that LLMs handle simpler translation
tasks reliably, with gwen2.5-coder_32b achieving more
than 80% semantic correctness for C-to-Java conversions of
basic functions. However, performance deteriorates on struc-
turally complex problems, particularly when translating low-
level constructs into Rust (where runtime reliability can fall
below 20%). Code-specialized models demonstrate superior
resilience in these scenarios compared to general-purpose
models such as 11ama3.1_70b, which are prone to logic er-
rors and structural volatility. A key finding is the effectiveness
of structured prompting: S-zS and C-zs strategies outperform
CoT in runtime reliability, reinforcing the benefit of concise,
instruction-based guidance.

Future work will expand support to additional language
pairs (e.g., C++ to Go) and include proprietary models (e.g.,
GPT-5),. We will extend metrics to capture maintainability and
idiomaticity, and explore hybrid solutions such as enhancing
test generation, refining outputs via post-processing, and inte-
grating LLMs with rule-based or fine-tuned components.
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