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With the rapid advancement of Large Language Models (LLMs), code translation has become a critical yet
challenging task in software engineering. Existing evaluations of this task remain unreliable due to two key
limitations: the absence of specialized function-level code translation benchmarks and flawed evaluation
pipelines. Specifically, current pipelines lack post-processing mechanisms to extract target code from LLMs’
inherently unstable output formats, directly resulting in non-executable translations and false negatives in
evaluation. To address these issues, we introduce FuncTransEval, an enhanced multilingual benchmark. It
comprises 400 × 4 functions across four programming languages (Python, C++, Java, and JavaScript) and 12
bidirectional translation pairs, each paired with executable unit tests for fine-grained functional validation.
Using FuncTransEval, we systematically assess LLMs’ true capabilities in code translation and identify their core
limitations: inadequate understanding of the implicit information such as function logic, type specifications,
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and cross-language differences. To mitigate these shortcomings, we propose ICAM-Trans (Implicit-Context-
Aware Multi-Agent Framework for function-level code translation). ICAM-Trans is a hierarchical, autonomous
multi-agents architecture that explicitly uncovers and leverages these implicit contextual information during
translation. It employs a Translation Orchestrate Agent (TOA) to autonomously coordinate four specialized
Context Analysis Agents (CAAs), which conduct pre-translation analyses on different aspects. Insights from
these analyses guide a Context-Aware Translation Agent (CTA) to generate semantically faithful target code.
Experiments on FuncTransEval demonstrate that ICAM-Trans consistently outperforms strong baselines,
validating its effectiveness in achieving high-fidelity and interpretable function-level code translation.

CCS Concepts: • Computing methodologies → Artificial intelligence; • Software and its engineering
→ Software creation and management;

Additional Key Words and Phrases: code translation, multi-agents, large language model, benchmark
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1 Introduction
Code translation, which refers to converting source code from one programming language to
another, has long been a key research topic in software engineering [3]. It enables developers
to reuse existing codebases across languages, reducing redundant implementation efforts and
significantly improving software development efficiency [8]. Beyond improving productivity, code
translation plays an essential role in software modernization. By converting code from older
languages to newer, more robust ones [2], it allows developers to migrate legacy systems to modern
programming environments that are easier to maintain and upgrade [4, 20, 24].

With the rapid advancement of Large LanguageModels (LLMs), they have achieved remarkable
success in code generation tasks. Both general-purpose LLMs (e.g., GPT-4 [1], Llama [27]) and
specialized code LLMs (e.g., Qwen2.5-Coder [10], CodeLlama [21]) have demonstrated strong
capabilities in generating functional code snippets. However, when it comes to code translation
tasks, their effectiveness is widely considered unsatisfactory, as highlighted in prior work like Lost
in Translation [17]. Nonetheless, this conclusion warrants scrutiny, as existing research suffers from
two critical methodological limitations that may have skewed assessments of LLM performance
[15]. First, there is a lack of specialized, function-level code translation benchmarks designed
to rigorously evaluate LLM capabilities in this task. Second, evaluation pipelines are inherently
fragile, they lack essential post-processing mechanisms to extract executable target code from
LLMs’ inherently unstable output formats. These flaws directly lead to non-executable translations
and false negatives in performance measurement thereby underestimating LLMs’ true potential
and casting doubt on the reliability of claims about their inadequacy in code translation. Given
these gaps, a key question arises: what is the genuine capability of LLMs in function-level code
translation when evaluated with proper datasets and robust pipelines? Addressing this question is
crucial for understanding whether LLMs can be trusted for cross-language code migration and for
guiding future research to enhance their translation performance.

To address these methodological gaps and establish a reliable foundation for evaluating LLMs’
translation capabilities, we construct FuncTransEval, an enhanced multilingual benchmark specifi-
cally tailored for function-level code translation, derived from G-TransEval [11]. It contains 400
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Fig. 1. Typical Errors occur in direct LLM translation.

functions per language (totaling 400 × 4 functions) across 𝑃𝑦𝑡ℎ𝑜𝑛, 𝐶++, 𝐽𝑎𝑣𝑎, and 𝐽𝑎𝑣𝑎𝑆𝑐𝑟𝑖𝑝𝑡 , cov-
ering 12 bidirectional translation pairs. Each function is paired with executable unit tests, enabling
fine-grained validation of both syntactic correctness and functional behavior. Complementing this
curated dataset, we redesign the evaluation pipeline by integrating refined prompting strategies and
structured post-processing mechanisms, critical for extracting executable code from LLMs’ unstable
outputs. This dual improvement provides a fairer, more trustworthy framework for comparing
model performance and uncovering LLMs’ true translation capabilities.

Our analysis using the reliable FuncTransEval benchmark reveals that while LLM-based transla-
tors significantly outperform non-LLM baselines (e.g., TransCoder [22] and TransCoder-ST [23]),
they still suffer from critical, recurring limitations. As illustrated in Figure 1, these flaws cluster into
three core categories: (1) Logic Inconsistency: Misinterpreting language-specific semantic nuances.
For example, LLM ignores the implicit 𝑓 𝑙𝑜𝑎𝑡-to-𝑖𝑛𝑡 truncation in C++, which introduces semantic
drift in numerical logic (Figure 1, Type 1). (2) Type Inconsistency: Incorrectly inferring the type
information. In dynamically typed languages (e.g., 𝑃𝑦𝑡ℎ𝑜𝑛, 𝐽𝑎𝑣𝑎𝑆𝑐𝑟𝑖𝑝𝑡 ), where parameter types
are not explicitly declared, the LLM may misinfer type semantics, for instance, misclassifying a
variable’s type during cross-language translation, which results in type mismatches between source
and target code (Figure 1, Type 2). (3) Declaration/API Misuse: Wrongly use a non-exist Library
or API. For instance, LLM fails to adapt the library/API to target-language ecosystems, generates
non-existent Java functions 𝑀𝑎𝑡ℎ.𝑡𝑟𝑢𝑛 (Figure 1, Type 3). Notably, logic and type inconsistencies
collectively account for nearly 85% of all translation errors, revealing a fundamental limitation:
Effective code translation requires not only syntactic alignment but also a deeper understanding of the
function’s implicit semantics and cross-language contextual dependencies.

Motivated by this insight, we propose ICAM-Trans, an Implicit-Context-Aware Multi-agent
framework for function-level code translation. ICAM-Trans is a hierarchical, autonomous multi-
agents architecture that explicitly uncovers and utilizes hidden contextual information during
translation. It is organized into three cooperative layers, each coordinated by one or multiple
specialized agents. At the Translation Orchestration Layer, a Translation Orchestrate Agent
(TOA) evaluates the source function and autonomously determines the optimal analysis workflow.
Guided by the TOA, the Pre-Translation Analysis Layer dynamically activates the required Con-
text Analysis Agents (CAAs), including Parameter Analysis Agent (PAA), Return-value
Analysis Agent (RAA), Logic Analysis Agent (LAA), and Language Difference Analysis
Agent (DAA) to perform targeted analyses in parallel. The results are then aggregated and passed
to the Context-Aware Translation Layer, where the Context-Aware Translation Agent (CTA)
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generates the final translated code. Through this explicit pre-translation reasoning process, ICAM-
Trans effectively mitigates implicit semantic inconsistencies by integrating structured analysis with
context-aware translation, thereby achieving more consistent and semantically faithful transla-
tions across programming languages. Comprehensive experiments on FuncTransEval demonstrate
that ICAM-Trans consistently outperforms strong baselines across pass@1, pass@10, and Aver-
age Computational Accuracy (ACA). Moreover, ablation studies verify that each agent within
ICAM-Trans contributes distinct yet complementary improvements, collectively enhancing trans-
lation reliability and robustness. Our FuncTransEval dataset, the automated testing pipeline, and
the complete ICAM-Trans framework implementation are opened via an anonymous repository:
https://doi.org/10.5281/zenodo.19556433.

The main contributions of this work are summarized as follows:

—A Reliable Benchmark for Function-Level Code Translation. We construct FuncTransEval, an
enhanced multilingual benchmark derived from G-TransEval. It includes 400 × 4 semantically
consistent functions implemented in four programming languages (Python, C++, Java, and
JavaScript), accompanied by automatically validated unit tests and standardized formatting.
We integrate testing and assessment into a unified pipeline and incorporate widely adopted
execution-based metrics (pass@k and ACA) to ensure convenient, comprehensive, and fair
evaluation.

—An Implicit-Context-Aware Multi-Agent Framework for Translation. We propose ICAM-Trans, a
novel multi-agent framework that introduces explicit pre-translation reasoning. It integrates
a TOA to dynamically coordinate multiple specialized CAAs, responsible for parameter, re-
turn_value, logic, and language difference analyses, and guides a CTA to produce semantically
faithful target code.

—Comprehensive Evaluation and Interpretability Analysis. Extensive experiments on Func-
TransEval demonstrate that ICAM-Trans consistently outperforms strong baselines in the
execution-based metrics. Ablation and case studies further reveal how each agent contributes
complementary reasoning capabilities, validating the interpretability and effectiveness of the
proposed framework.

2 Related Works
2.1 Evolution of Code Translation Techniques
The task of code translation aims to convert source code from one programming language to
another while preserving the functional and semantic integrity of the original implementation
[33]. Early research primarily relied on rule-based transformation systems that manually defined
mappings between syntax constructs and grammar rules [12]. While these approaches offered
deterministic behavior, they required extensive human engineering, making them difficult to
generalize to complex or dynamically typed programming languages. With the emergence of
Neural Machine Translation, researchers began to apply deep learning to code translation. Neural
models such as RNN-based and Transformer-based architectures [2, 13, 16] introduced end-to-end
learning pipelines that improved lexical and structural alignment between languages. However,
these models often failed to preserve deeper program semantics. Specifically, they exhibited issues
with logical consistency, readability, and maintainability—problems that stem from treating code
as plain text rather than as structured, executable programs. With the explosion of transformer
modeling, deep learning-based approach such as CodeBERT [7], CodeT5 [28], and TransCoder [22]
further improved translation quality by capturing long-range dependencies and leveraging large
pretraining corpora [7, 22, 23, 28]. Despite these advances, their success heavily depends on the
availability of large, high-quality bilingual code datasets, and the associated training costs remain
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prohibitive. Due to the outstanding performance of LLMs in natural language translation and code
generation, researchers have explored LLM-based code translation methods in recent years. The
paper published by Pan et al. [17] from IMB Research Institute in 2024 discovered that LLMs are
yet to be reliably used to automate code translation.

2.2 Evolution of Code Translation Benchmarks
The evolution of code translation evaluation has progressed from leveraging general-purpose
parallel corpora to developing task-specific benchmarks. Initially, researchers utilized large-scale
datasets like CodeNet [19] and xCodeEval [14], which offer massive multilingual corpora. However,
these datasets primarily evaluate translation at the program level, relying on standard input/output
matching, and often lack the strictly verified, one-to-one semantic equivalence required for precise,
fine-grained assessment. Subsequently, the community adapted multilingual function-level datasets
originally designed for code generation, such as Humaneval-x [32] and MultiPL-E [5], to support
cross-lingual translation tasks. While beneficial, applying generation-focused datasets directly
to translation tasks introduces inherent limitations. To address these gaps, researchers proposed
specialized evaluation benchmarks explicitly tailored for function-level code translation, including
TransCoder-test [22], G-TransEval [11], and EvalPlus [17]. More recently, the field has expanded
to evaluate higher levels of structural complexity, introducing class-level and repository-level
benchmarks such as ClassEval-T [18] and RepoTransBench [29]. While these benchmarks are
crucial for evaluating complex inter-method relationships, dependencies, and shared class states,
they present significant challenges for isolated error diagnosis. When an LLM fails to translate
a complex class, it is highly difficult to disentangle whether the root cause lies in a structural
misunderstanding (e.g., mismanaging class state) or in atomic, intra-function semantic errors.
Therefore, fine-grained, strictly isolated function-level benchmarks remain orthogonally essen-
tial. By stripping away external dependencies, function-level evaluation provides a controlled
testbed to rigorously diagnose the core semantic translation capabilities of LLMs. Ensuring high-
fidelity, semantically equivalent translations at this atomic function level provides the robust exe-
cution baseline strictly necessary before scaling to the broader complexities of real-world software
migration.

2.3 LLM-Based Agents for Code Translation
Recent advances in agentic LLM architectures have opened new possibilities for improving the
reasoning and adaptability of code translation systems. Unlike conventional end-to-end trans-
lation models, LLM-based agents decompose the translation process into multiple reasoning or
interaction stages, enabling more structured decision-making and self-refinement. Early works
such as Reflexion [25] and AgentCoder [9] explored using LLMs as self-reflective agents for code
generation and debugging, where the model evaluates its own output and performs corrective
iterations based on error signals. Extending this concept to translation, studies like TransAgent
[31] have demonstrated that multi-step reasoning and verification can improve cross-language
consistency and functional correctness. These systems often incorporate components such as plan-
ning agents for task decomposition, analysis agents for semantic alignment, and verification agents
for unit-test-based correction. However, most of these approaches still rely on ad-hoc coordination
rules or external execution feedback, which limits their interpretability and scalability across
programming languages. This gap motivates our design of ICAM-Trans, a Context-Aware Multi-
Agent Framework that integrates explicit pre-translation reasoning into the translation pipeline.
By coordinating specialized analysis agents before generation, ICAM-Trans aims to achieve both
interpretability and high-fidelity code translation without relying on iterative trial-and-error
mechanisms.
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Table 1. Code Translation Accuracy across Different Datasets and Language Pairs

Benchmark
C++ Java JavaScript Python Java JavaScript Python C++ JavaScript Python C++ Java

Python C++ Java JavaScript

PolyHumanEval 68.29 87.8 85.98 10.98 18.29 50.00 0 0 0 84.15 86.59 87.8
G-TransEval 93.00 95.50 94.75 17.50 27.50 11.25 0 0 0 90.50 91.25 90.75
FuncTransEval (Ours) 92.68 94.40 94.83 71.87 70.71 71.57 86.45 93.78 79.55 92.87 92.26 91.52

Values are represented in %.

3 Dataset Construction
3.1 Motivation for FuncTransEval
Although numerous datasets in the software engineering community can be used for code transla-
tion research, most are not designed to rigorously evaluate function-level translation capabilities
of LLMs. Large-scale benchmarks such as CodeNet [19] and xCodeEval [14] primarily assess
program-level correctness, where evaluation depends on complete executable programs rather
than isolated function semantics. Consequently, they are not suitable for fine grained diagnosis at
the function level. In contrast, multilingual function-level datasets such as PolyHumanEval [26]
and HumanEval-X [32] were originally constructed for code generation tasks, not cross lingual
translation. When directly repurposed for translation, their generation-oriented design can in-
troduce systemic false negatives. Even translation specific benchmarks such as G-TransEval [11]
present practical limitations, including unexecutable Python one liners and evaluation pipelines
that require manual multi-round testing.

As shown in Table 1, when evaluating Qwen2.5-Coder-7B-Instruct on these existing datasets, the
results exhibit severe anomalies. For example, the accuracy for translating into 𝐽𝑎𝑣𝑎 is consistently
0% across all source languages in both PolyHumanEval and G-TransEval. In addition, the accuracy
for translating into 𝐶++ is unexpectedly low, and the performance variance across language
pairs is highly irregular. Such catastrophic outcomes do not reflect the model’s actual translation
capability, indicating that these benchmarks fail to provide an objective assessment of LLM-
based translation performance. In contrast, FuncTransEval produces substantially more stable and
reasonable evaluation results.

The abnormal results observed on existing datasets stem from three major structural and semantic
limitations, as illustrated in Figure 2. Different Encapsulation Methods During Testing. As shown in
CASE1, programming languages adopt fundamentally different encapsulation paradigms. For exam-
ple, Python supports standalone functions, whereas Java requires methods to be embedded within
class structures. Standard evaluation scripts may fail because the raw function body generated by
the LLM cannot be executed directly within the target language testing environment. Inconsistent
Function Naming Conventions. As shown in CASE2, many existing test harnesses rely on fixed and
hard-coded function names. If an LLM preserves the original naming style during translation, such
as retaining snake_case style instead of converting to camelCase style, the generated function will
not match the expected signature, leading to false negatives. Inconsistent Intrinsic Semantics. As
shown in CASE3, some translation pairs contain latent semantic inconsistencies, particularly in
boundary behaviors or return types. For example, a Python implementation may return a binary
integer value, while the corresponding C++ reference returns a binary representation in string
form. Such discrepancies violate strict one-to-one functional equivalence and can distort translation
evaluation.

To address these critical evaluation bottlenecks, we introduce FuncTransEval. Our benchmark re-
solves the first two issues by incorporating a unified test suite equipped with automated AST based

ACM Trans. Softw. Eng. Methodol., Vol. 35, No. 11, Article 350. Publication date: November 2026.



ICAM-Trans: Implicit-Context-Aware Multi-Agent Framework 350:7

Fig. 2. The examples of the limitation of existing dataset for code translation task.

Fig. 3. An example of reformat process of 𝑃𝑦𝑡ℎ𝑜𝑛.

extraction mechanisms that normalize structural differences and harmonize function signatures
prior to execution. Furthermore, we mitigate the third issue through a rigorous test case augmen-
tation pipeline that exposes latent semantic divergences, especially under boundary conditions.
All identified inconsistencies are manually verified and corrected to ensure complete semantic
equivalence across language pairs.

3.2 Dataset Reconstruction and Automated Testing
To ensure high-quality, executable, and semantically consistent code across multiple program-
ming languages, we conducted a thorough reconstruction of the original G-TransEval dataset.
First, we focused on the Python portion of the dataset, which initially existed in a structured but
non-executable one-line format. To transform such text into standardized code, we designed a
regular expression-based parsing and substitution pipeline. This automated process systematically
restored standard Python syntax, reconstructed correct indentation hierarchies, and ensured full
structural integrity of function bodies, as shown in Figure 3. Beyond syntax repair, we performed a
comprehensive semantic alignment across all four programming languages (Python, C++, Java,
and JavaScript). Some translation groups in the original dataset exhibited functional divergence
caused by differences in control flow, operator usage, or built-in library behaviors. To address these
inconsistencies, we built a semantic validation pipeline that executed all implementations within
a translation group against a unified test suite. By comparing run-time outputs, we accurately
identified functionally inconsistent cases, which were then manually reviewed and corrected. This
iterative refinement ensured that the final dataset preserved strict one-to-one functional equiva-
lence across all languages. After reconstruction and validation, the resulting dataset comprised 400
fully parallel translation groups, each containing aligned implementations in Python, C++, Java,
and JavaScript.

To ensure consistent and reproducible evaluation, we developed a unified and fully automated
multi-language testing framework that provides a complete post-processing and testing pipeline.
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Fig. 4. An example of the post-processing flow.

The post-processing stage begins with regex-based code extraction, which isolates the translated
code from the raw LLM output. Next, an AST-based function extraction step identifies and retrieves
the target function from the extracted code. During this process, auxiliary components such as main
functions (commonly present in 𝐶++ and 𝐽𝑎𝑣𝑎) are filtered out, and the target function is renamed
to a standardized identifier 𝑡𝑒𝑠𝑡 𝑓 𝑢𝑛𝑐 for unified testing. Figure 4 demonstrates an example of this
post-processing flow. During the testing process, all previous manual steps, such as two-round Java
testing, are fully automated. The testing framework further supports multi-threaded execution,
enabling efficient code validation across large translation datasets. Finally, it incorporates a dual-
level reporting mechanism that automatically generates fine-grained results for each translation
pair and aggregated benchmark statistics, ensuring a consistent, efficient, and fully automated
evaluation process.

3.3 Test Case Expansion and Semantic Validation
To enhance test coverage and robustness, we designed an LLM-based test augmentation pipeline
that systematically expands each function’s test suite from an average of 5 to 13 cases. The test
case augmentation process begins by selecting Java as the reference language due to its static
typing and strict syntax, which enable reliable test execution and precise output collection. Using
Qwen2.5-Coder-7B-Instruct, we generate diverse input cases covering boundary conditions, edge
cases, type variations, and exceptional scenarios. These generated inputs are first executed on the
Java implementation to obtain ground truth input output pairs. The resulting pairs are then cross
validated across all four language implementations to ensure consistency.

Importantly, this expanded testing, particularly the inclusion of boundary conditions and negative
inputs, reveals latent semantic drift in the original corpus. We find that approximately 5% of the
translation pairs exhibit subtle functional inconsistencies that were not detected by the original,
limited test suites. Consider the 𝐶𝑜𝑢𝑛𝑡𝐷𝑖𝑔𝑖𝑡 function as an example. The original C++ and Python
ground truth implementations are shown in Figure 5(a) and (b). Although the Python version
passes basic positive integer tests, expanded boundary testing with negative inputs exposes a
critical semantic discrepancy. In C++, integer division using the operator / truncates toward zero
(e.g., −5/10 evaluates to 0). While in Python, floor division using the operator // truncates toward
negative infinity (e.g., −5//10 evaluates to −1), which leads to infinite recursion in this function.
To resolve this issue, we manually revise the Python implementation to use an explicit type cast,
thereby preserving the C++ truncation semantics, as shown in Figure 5(c).

Finally, all validated test samples are deduplicated, standardized, and revalidated across the
corrected implementations to guarantee strict one to one functional equivalence. The finalized
test cases are then integrated into the benchmark, substantially improving its ability to rigorously
evaluate translation fidelity and robustness.
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Fig. 5. An example of Semantic Validation.

3.4 Metric Integration
To better capture translation fidelity, we replace static text-based metrics (e.g., CodeBLEU) with
execution-driven indicators that evaluate models from multiple dimensions.

—pass@k [6]: Measures the probability that at least one of the top-k generated translations
passes all test cases. This metric quantifies probabilistic translation success and reflects the
model’s ability to produce correct code within limited decoding attempts. Its formula is as
follows:

𝑝𝑎𝑠𝑠@𝑘 =
1
𝑁

𝑁∑︁
𝑖=1

(︄
1 −

(︁𝑛𝑖−𝑐𝑖
𝑘

)︁(︁𝑛𝑖
𝑘

)︁ )︄
, (1)

where N is the total number of test samples, 𝑛𝑖 is the number of generated codes for the 𝑖th
sample, 𝑐𝑖 is the number of codes that pass the test case, and 𝑘 is the number of candidates
considered.

—ACA: Represents the average proportion of test cases passed per translated function. It
provides a fine-grained, continuous measure of functional correctness, complementing the
binary nature of pass@k. Its formula is as follows:

𝐴𝐶𝐴 =
1
𝑁

𝑁∑︁
𝑖=1

𝑝𝑖

𝑡𝑖
, (2)

where N is the total number of test samples, 𝑝𝑖 is the number of test cases that the 𝑖th sample
passes, and 𝑡𝑖 is the total number of test cases for the 𝑖th sample.

3.5 Dataset Summary
The FuncTransEval benchmark represents a significant advancement over existing code translation
datasets by addressing long-standing limitations in structural consistency, semantic fidelity, test
coverage, and evaluation automation. It comprises 400 fully parallel translation groups, each
containing functionally equivalent implementations in four widely used programming languages:
Python, C++, Java, and JavaScript. This yields a total of 1,600 high-quality, executable functions,
meticulously aligned to ensure strict one-to-one semantic correspondence across all language pairs.

As summarized in Table 2, FuncTransEval addresses the fundamental evaluation gaps present in
prior works. While large-scale corpora focus on general problem solving and previous translation
benchmarks suffer from divergent behaviors or execution failures, our dataset guarantees manually
verified semantic equivalence and introduces a unified AST-based execution pipeline to seamlessly
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Table 2. Dataset Statistics

Property CodeNet/xCodeEval PolyHumanEval/HumanEval-X G-TransEval FuncTranEval (Ours)

Primary Task Focus General Problem Solving Code Generation Code Translation Code Translation
Testing Granularity Program level (I/O) Function level Function level Function level
Executable Code ✓ ✓ ✗ (e.g., Python one-liners) ✓

Functions Semantically Equivalent ✗ (Algorithm variations) ✗ (Divergent behaviors) ✗ (Edge cases) ✓ (Manually verified)
Unified Execution Pipeline ✗ ✗ (Fails on naming/encapsulation) ✗ (Manual for Java) ✓ (AST-based extraction)
Tasks - 164 400 400
Aligned Test Cases ✓ ✗ ✓ ✓

Average Test Cases Varies widely ∼ 7 5 ∼ 13
Evaluation Metrics Accuracy/Execution Time pass@k CA, BLEU, CodeBLEU pass@k, ACA

normalize testing. Furthermore, it enables rigorous functional validation by expanding the average
number of aligned test cases per function to 13 and adopts modern, execution-driven evaluation
metrics (pass@k and ACA) in place of outdated static measurements. By providing a reproducible,
fine-grained, and bias-resistant foundation, FuncTransEval establishes the fair testbed necessary
for assessing the genuine capabilities of LLMs. In the following section, we leverage this unified
pipeline to conduct a preliminary study, exposing the systematic failure patterns inherent in direct
LLM translation and directly motivating the design of our implicit-context-aware framework.

4 Preliminary Study and Research Questions
Although LLMs have recently demonstrated remarkable progress in code generation tasks, they
seems yet to be reliably used to automate code translation. As highlighted in [17], even state-of-
the-art LLMs still struggle with function-level translation. However, this results is not reliable
enough as the evaluation pipelines in prior works remain methodologically fragile. They rely
on ambiguous instruct prompts and omit essential post-processing steps (e.g., code extraction,
interface alignment). As a result, model performance is frequently underestimated or misrepre-
sented, obscuring the true capabilities and limitations of LLMs in code translation tasks [15]. To
overcome these issues, we introduce a standardized evaluation pipeline, referred to as Standard,
built upon our proposed benchmark FuncTransEval. This pipeline is designed to ensure fair, stable,
and reproducible evaluation by integrating two key improvements: (1) Prompt optimization, where
translation instructions are carefully tailored for both base and instruct models to stabilize output
formats and improve translation consistency. The prompts are illustrated in Appendix A. (2) Post-
processing integration, which leverages FuncTransEval’s robust mechanism to extract translated
code, normalize function signatures, and conduct automated unit testing for functional validation.
Together, these components establish Standard as a unified, reliable evaluation framework that
enables consistent assessment of LLMs’ true translation performance across multiple programming
languages.

Using this improved evaluation pipeline, we conduct a comprehensive baseline study across nine
representative LLMs spanning Non-LLM Baselines (TransCoder, TransCoder-ST), Code-specialized
LLMs (CodeLlama-7B, CodeLlama-7B-Instruct, Qwen2.5-Coder-7B, andQwen2.5-Coder-7B-Instruct),
and General-purpose LLMs (Qwen2.5-7B-Instruct, Meta-Llama-3.1-8B, and Meta-Llama-3.1-8B-
Instruct). In order to ensure a fair comparison, all models are tested under consistent settings
(temperature 0, top_p 0.95) ensuring fair cross-model comparison. The results not only reveal the
current state of LLM-based translation but also uncover systematic failure patterns that motivate
the design of our proposed framework. We formulate a series of research questions to systematically
investigate the nature of translation errors and the contextual aware gaps in direct LLM translation.
These questions guide our error analysis and directly inform the architecture of ICAM-Trans.
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Table 3. Comparison of Model Performance on FuncTransEval

Model Python→C++ C++→Python Python→Java Java→Python C++→Java Java→C++

pass@1 ACA pass@1 ACA pass@1 ACA pass@1 ACA pass@1 ACA pass@1 ACA

Non-LLM Baselines
TransCoder 28.00 30.77 37.00 41.62 40.75 47.09 40.75 47.09 52.75 55.76 52.25 53.95
TransCoder-ST 36.00 40.01 56.00 60.23 51.75 55.32 68.00 72.70 56.00 58.11 58.25 61.12

Code-specialized LLMs
CodeLlama 14.55 15.47 13.55 15.22 15.55 16.94 15.00 16.76 20.00 20.96 16.00 16.64
CodeLlama-Instruct 68.75 72.70 72.25 76.02 72.55 75.24 75.75 79.73 80.75 82.21 78.75 81.75
Qwen-Coder 78.75 80.39 91.75 93.65 83.00 85.53 90.75 93.63 94.75 95.97 79.75 81.31
Qwen-Coder-Instruct 69.25 71.87 91.00 92.68 84.25 86.45 92.00 94.40 91.67 93.78 78.75 80.71

General-purpose LLMs
Qwen-Instruct 72.25 75.36 85.25 88.08 79.55 82.06 88.50 91.39 89.25 90.72 84.25 86.64
LLaMa3.1 53.25 57.57 73.00 77.44 61.55 64.87 74.25 78.11 76.00 78.19 74.55 75.75
LLaMa3.1-Instruct 64.75 68.01 84.50 87.36 76.75 80.67 84.50 88.38 84.25 87.84 77.50 79.70

Model Python→JavaScript JavaScript→Python C++→JavaScript JavaScript→C++ Java→JavaScript JavaScript→Java

pass@1 ACA pass@1 ACA pass@1 ACA pass@1 ACA pass@1 ACA pass@1 ACA

Code-specialized LLMs
CodeLlama 12.25 15.96 12.50 14.22 16.50 19.08 17.55 19.33 7.25 9.00 17.55 18.48
CodeLlama-Instruct 68.50 77.07 77.75 81.21 73.00 81.59 63.75 67.00 65.00 73.13 62.75 64.78
Qwen-Coder 88.75 92.86 91.55 93.74 89.75 93.90 73.00 75.77 92.00 95.52 81.75 83.27
Qwen-Coder-Instruct 89.75 92.87 93.00 94.83 89.55 92.26 70.00 71.57 89.25 91.52 79.55 80.61

General-purpose LLMs
Qwen-Instruct 86.00 89.88 89.75 92.53 90.00 93.46 72.75 74.79 84.25 86.98 77.55 78.91
LLaMa3.1 69.75 79.74 59.25 61.60 75.75 83.25 52.55 55.15 74.50 81.41 51.55 53.40
LLaMa3.1-Instruct 85.25 89.84 85.75 89.92 87.75 91.57 58.25 60.51 87.25 91.72 72.50 75.74

Values are represented in %. The best results achieved for each translation pair are highlighted in bold.

4.1 RQ1: How Effectively Can LLMs Perform Direct Code Translation under a
Standardized Evaluation Process?

Under the standardized evaluation pipeline, LLMs demonstrate strong translation capabilities. As
shown in Table 3, LLM-based models substantially outperform traditional non-LLM baselines across
all language pairs. Among them, Qwen2.5-Coder-7B achieves the best overall performance, with
pass@1 scores ranging from 73.00% to 94.75% and ACA scores from 75.77% to 95.97%. In contrast,
CodeLlama consistently performs below 20%, which can be attributed to its lack of instruction
fine-tuning—limiting its ability to interpret user prompts and execute guided translation tasks
effectively. These results suggest that LLMs can perform direct function-level code translation with
high fidelity and stability under a standardized evaluation framework, establishing them as the
new performance baselines for future research in this area.

4.2 RQ2: How Do Instruction-Following Capabilities and Model Specialization Affect
the Performance of LLMs in Function-Level Code Translation?

Our experiments show that instruction-following capability is a key determinant of translation
quality. Models trained with instruction tuning—such as CodeLlama-Instruct and LLaMA3.1-
Instruct—consistently outperform their base counterparts across all language pairs, demonstrating
stronger comprehension of task intent and adherence to cross-language conventions. Interestingly,
Qwen-Coder base models achieve relatively strong performance even without explicit instruction
tuning, likely because their pretraining corpus already includes translation-related tasks, grant-
ing them implicit instruction-following ability. In contrast, the base CodeLlama model performs
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Fig. 6. Distribution of failed cases in each translation group.

substantially worse, highlighting the importance of aligning model behavior with task instructions.
However, code specialization alone does not guarantee superior performance. For example, Qwen-
Instruct (a general-purpose model) achieves comparable or even better results than Qwen-Coder
in certain directions, such as Java → C++ and C++ → JavaScript. This indicates that effective
function-level translation relies less on code-specific pretraining and more on general semantic
reasoning and cross-lingual alignment. Overall, these findings suggest that high-quality code trans-
lation depends on both robust instruction alignment and contextual reasoning rather than narrow
domain specialization.

4.3 RQ3: What Are the Dominant Error Categories in Direct LLM-Based Code
Translation, and How Are They Distributed across Language Pairs?

We conducted a systematic error analysis on 738 translation failures produced by Qwen2.5-Coder-
7B-Instruct over the enhanced benchmark. Figure 6 visualizes the distribution of these errors across
multiple language pairs, grouped into five representative categories: Type errors, Logic errors,
Declaration/API errors, Dead Cycles, and other errors. Type Errors is the most frequent failure
mode across nearly all translation directions. These errors include incorrect data type mappings,
mismatched function signatures (parameter or return types), and invalid type casting across
language boundaries. It appears as a run-time error in Python and JavaScript, and as a compile-time
error in C++ and Java. Their prevalence reflects the LLM’s inability to enforce consistent type
systems without explicit structural reasoning. This suggests that pattern-based translation alone
cannot guarantee type correctness, which is inherently context-dependent. Logic Errors form the
second largest category, where the translated code is syntactically correct but functionally incorrect.
The LLM often misinterprets control flow, algorithmic operations, or conditional logic, leading to
semantic drift from the source function. This indicates that LLMs lack an internal representation
of execution semantics, resulting in failures to preserve functional equivalence even when surface-
level syntax is correct. Declaration/API Errors arise from incorrect use of target-language standard
libraries, system APIs, or framework-dependent declarations. The LLM frequently substitutes
unavailable functions or misapplies semantically similar but incompatible constructs. Such cases
reveal weak cross-language knowledge grounding, particularly when mappings between libraries
or idioms are non-trivial. Dead cycle and other_errors occur infrequently but are still present. Dead
cycle is particularly prone to appear in interpreted languages like Python and JavaScript, which lack
compile-time checks. Such errors are critical in real-world code translation scenarios, as they can
directly cause system crashes or run-time failures. Overall, logic and type errors collectively account
for nearly 85% of all translation errors. All these errors are not uniformly distributed. Their prevalence
varies significantly across translation directions, reflecting the inherent asymmetry in language
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design (e.g., static vs. dynamic typing, class-based vs. script-based structures). This distribution
implies that a one-size-fits-all translation strategy is insufficient; instead, translation systems must
adapt their reasoning to the specific semantic and syntactic challenges posed by each language pair.

4.4 RQ4: What Insights Do Error Patterns Provide for Improving LLM-Based Code
Translation?

The error distribution observed in RQ3 provides a direct empirical explanation for the limitations
of standard prompting. Specifically, nearly 85% of all failures are attributed to logic and type errors.
This concentration is not accidental. It indicates that the dominant failure mode of direct LLM-based
translation is structural rather than incidental. These dominant error categories share a common
root cause: missing implicit context.

Such implicit context includes execution semantics, type-system constraints, and ecosystem-level
conventions that are not fully expressed in the surface token sequence of the source function.
Instead, they reside in the language’s run-time behavior, typing discipline, and library design
principles. Because standard prompting treats translation as a surface-level sequence-to-sequence
mapping task, it forces the model to simultaneously translate syntax and infer these unstated
constraints within a single generation pass. Without explicit modeling of these constraints, semantic
inconsistencies become unavoidable. This structural limitation manifests in the failure patterns
illustrated in Figure 1:

—Type Inconsistency (Unconstrained Type Inference): In dynamically typed languages (e.g., Python
or JavaScript), the absence of explicit type declarations forces the model to guess variable and
return types, leading to mismatched function signatures. This is the largest error category,
indicating that type inference is the most critical implicit context missing from standard
prompting.

—Logic Inconsistency (Implicit Semantic Misinterpretation): The model fails to infer language-
specific operational rules, such as implicit 𝑓 𝑙𝑜𝑎𝑡-to-𝑖𝑛𝑡 truncation in C++, resulting in altered
numerical behavior. It is the second largest error category, indicating that reasoning over
implicit execution semantics is a critical contextual gap.

—Declaration/API Misuse (Ecosystem Misalignment): Literal API translation without adapting to
the target-language environment leads to nonexistent or incompatible calls (e.g., generating
Java’s 𝑀𝑎𝑡ℎ.𝑡𝑟𝑢𝑛). While this category is less prevalent than logic and type errors, it still
highlights the model’s failure to reason about cross-language ecosystem differences, which is
another form of implicit context.

The empirical provides concrete evidence that end-to-end prompting alone is insufficient. High-
fidelity code translation requires explicit modeling of implicit context before generation. Rather
than relying solely on holistic translation, future systems must first analyze and formalize execution
semantics, type dependencies, and cross-language constraints, and then guide generation through
structured reasoning. By decoupling contextual analysis from surface translation, the system
reduces the risk of hallucinating hidden language rules or unstated semantic assumptions. This
insight directly motivates the design of ICAM-Trans, which introduces specialized analysis agents
to extract and bridge implicit contextual gaps prior to target code generation.

5 Methodology
5.1 Overview
The Implicit-Context-Aware Multi-agent framework for Function-Level Code Translation (ICAM-
Trans) is a hierarchical and autonomous multi-agent architecture designed to explicitly uncover
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Fig. 7. The overview of ICAM-Trans.

and leverage implicit contextual cues that are often overlooked in conventional code translation.
Unlike traditional end-to-end translation paradigms that rely solely on direct source-to-target
mapping, ICAM-Trans introduces autonomous pre-translation analysis guided by an orchestration
agent, enabling a more implicit-context aware translation process. As illustrated in Figure 7, the
framework consists of three cooperative layers, each coordinated by one or multiple specialized
agents:

—Autonomous Orchestrate Layer : The TOA dynamically evaluates the translation difficulty of
each function and determines whether pre-translation analysis is necessary, as well as which
specific analyses should be performed.

—Pre-Translation Analysis Layer : A set of specialized CAAs conduct multi-perspective analyses
of the input function. The activation of these agents are guided by the TOA, enabling the
system to focus on the most relevant implicit contextual aspects for each translation task.

—Context-Aware Translation Layer : The CTA integrates the outputs from the pre-translation
analysis layer and dynamically constructs enriched prompts that incorporate the contextual
insights to guide the translation process.

5.2 Autonomous Orchestrate Layer
In this layer, the TOA serves as the central coordinator and intelligent decision-maker within the
ICAM-Trans framework. Unlike conventional fixed pipelines that proceed directly to translation, the
TOA performs an autonomous task analysis on each incoming Source Code function to determine
the optimal translation strategy. The TOA begins by assessing potential translation challenges,
leveraging contextual clues derived from both the source function’s complexity (e.g., control flow,
data structures) and the known language differences between the source and target programming
languages. Rather than following a fixed pipeline, the TOA dynamically decides whether and which
auxiliary context analyses are necessary, selectively engaging the specialized CAAs. This approach
ensures that computational resources are focused on critical aspects of the code while avoiding the
introduction of unnecessary information that could interfere with model generation. The exact
instruction templates for TOA are detailed in Appendix B.1. To maintain transparency, the TOA
explicitly outputs its decision-making process in a structured JSON format, which includes:

—Identified Translation Difficulties: A summary of the potential risks or challenges
detected in the source function.

—Selected Analysis Agents: A list of the specific CAAs (e.g., PAA, LAA) activated for the
pre-translation analysis phase.
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Table 4. Mapping of Identified Error Categories to CAAs

CAA Targeted Error
Category

Function As-
pect

Justification and Role in ICAM-Trans

PAA Type Inconsistency Interface (Input) Analyzes parameter types and seman-
tics to prevent cross-lingual type-mapping
failures.

RAA Type Inconsistency Interface (Out-
put)

Analyzes expected return semantics to
ensure the generated function signature
strictly matches the target language rules.

LAA Logic Inconsistency Implementation
(Algorithm)

Surfaces implicit algorithmic rules and op-
erational nuances (e.g., implicit float-to-
int truncation) to preserve strict semantic
equivalence.

DAA Declaration/API
Misuse

Implementation
(Ecosystem)

Identifies necessary library mappings and
language-specific idioms to prevent hallu-
cinated or incompatible API invocations.

By formalizing this orchestration, the TOA not only directs the subsequent pre-analysis layer but
also provides a clear and interpretable rationale for its choices, facilitating debugging, evaluation,
and future enhancements to the orchestration logic.

5.3 Pre-Translation Analysis Layer
The CAAs form the core of the pre-translation analyses layer of the ICAM-Trans framework. Rather
than selecting agents arbitrarily, the design and selection of these four specialized agents are directly
derived from the dominant error distributions identified in our empirical study (Section 4.4).

To comprehensively capture a function’s implicit context and prove the sufficiency of our design,
we define an isolated function by its two anatomical halves: its interface and its implementation. As
summarized in Table 4, we map our specialized agents directly to the primary failure modes: Type
Inconsistencies are mitigated by analyzing the interface via the PAA and RAA; Logic Inconsistencies
are addressed by analyzing the core algorithmic implementation via the LAA; and Declaration/API
Errors are prevented by adapting the implementation to the target ecosystem via the DAA. Because
a standalone function relies solely on its interface and local implementation, these four dimensions
are necessary and sufficient to capture the entirety of the pre-translation context.

The CAA module comprises the following four specialized agents. Rather than relying on
grounded external analysis (e.g., deterministic static analysis tools), these agents are implemented
entirely through structured LLM reasoning via specialized zero-shot prompting. The exact instruc-
tion templates for each agent are detailed in Appendix B.

—PAA: Performs semantic and structural inspection of function parameters. It leverages the
LLM’s in-context reasoning to analyze function signatures, naming conventions, and implicit
typing cues. The PAA extracts the exact types (including complex nested structures such as
list[int]) and generates a structured output to guide dynamic-to-static type mapping. The
final analysis result is strictly formatted as:
 [parameter_name] - [parameter_type]: [one_sentence_description]
  (e.g., mat - list of list of int: A 2D list representing a matrix.)

—RAA: Utilizes targeted prompting to deduce the expected return semantics from the source
code. Similar to the PAA, it captures both simple and nested return types, producing a
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concise, structured summary to ensure that the generated target function signature is correctly
declared. The final analysis result is strictly formatted as:
 [number] return value(s):
 Value[index] - [type]: [one_sentence_description]
  (e.g., 1 return value(s): Value1 - string: The function concatenates the input string with its reverse.)

—LAA: Prompted to explicitly extract the core algorithmic steps and control-flow structures.
Crucially, it highlights implicit language-specific operational nuances (such as implicit float-
to-int truncation in C++ or floor division behaviors) that must be preserved. The output is a
direct textual summary formatted as:
 [description]
  (e.g., The function FindMaxK calculates the largest power of 2 less than or equal to a given
integer n.)

—DAA: Leverages the LLM’s extensive pre-trained parametric knowledge. We explicitly prompt
the DAA to focus only on elements that actually appear in the code across five predefined
categories: (1) Syntax Differences, (2) Operator and Expression Differences, (3) Library and API
Mapping, (4) Data Types and Structures, and (5) Language Specific Features. It dynamically
filters out irrelevant categories and generates actionable mapping guidance formatted as:
 - [consideration_type]: [description]
  (e.g., - Operator and expression differences: JavaScript uses ‘Math.trunc()’ for integer division,
while Java uses ‘(int)’ casting.)

The activation of CAAs is dynamically controlled by the TOA, ensuring that only relevant agents
are invoked based on the complexity and characteristics of the source function. This adaptive mech-
anism optimizes computational resources and focuses analysis on critical semantic dimensions.
Besides, to enhance pre-translation efficiency, the selected CAAs execute concurrently, allowing
multiple facets of the source function (parameters, return values, logic, and cross-language consid-
erations) to be analyzed simultaneously. This parallelism minimizes latency in the implicity-context
analysis, ensuring that the CTA receives comprehensive and timely contextual guidance to generate
accurate, semantically aligned target code.

5.4 Context-Aware Translation Layer
The CTA constitutes the final layer of the ICAM-Trans framework and is responsible for generating
the target function-level code. It is explicitly designed to leverage the Contextual Guidance produced
by the Pre-translation Analysis Layer, thereby enhancing translation accuracy, semantic consistency,
and language-specific compliance. The CTA employs a flexible prompt construction strategy that
integrates the upstream analysis results into the translation process:

—System Prompt Instruction: The CTA is initialized with a comprehensive TranslatedSys-
tem_prompt (illustrated in Appendix B.6) that establishes its role as an expert code translator
and enforces critical constraints, particularly the preservation of parameter and return-value
consistency between source and target code.

—Dynamic Context Injection: Prior to translation, the CTA checks for the presence of anal-
ysis results generated from the activated CAAs (parameters, return values, logic, and language
differences). If any result is available, it constructs a rich user prompt that combines the
original source code with all relevant contextual insights. This mechanism ensures that the
underlying LLM has explicit information regarding type mappings, logical nuances, and
cross-language considerations, directly addressing common translation errors.
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—Basic Translation Fallback:When the TOAdetermines that the translation task is straight-
forward and no pre-translation analyses are required, the CTA executes a simplified prompt
to maintain efficiency while still producing reliable code.

By consuming and acting upon the structured, agent-generated context, the CTA effectively trans-
forms the LLM from a generic code translator into an informed, domain-specific adaptation engine.
This design allows the generated target code to faithfully preserve semantics, maintain function
signatures, and comply with target language conventions, significantly improving translation
reliability and correctness.

6 Experimental Evaluation
6.1 Experimental Setup
All experiments were conducted on a single high-performance workstation equipped with an
NVIDIA GeForce RTX 5090 D GPU (32 GB VRAM). Open source models were executed locally
using vLLM with float16 precision to balance computational efficiency and numerical stability. For
closed-source LLMs, we accessed models via their official APIs. All experiments were conducted on
the enhanced FuncTransEval benchmark (Section 3). We selected two representative LLMs from
distinct paradigms to evaluate ICAM-Trans:

—Qwen2.5-Coder-7B-Instruct: An open source, code-specialized LLM fine-tuned for multilingual
programming tasks. It serves as a representative of open source LLM ecosystems, allowing us
to test ICAM-Trans under fully controllable local inference conditions.

—Qwen-Flash: A close-source model with advanced reasoning and cross-language under-
standing capabilities, accessed via API-based inference. It represents the commercial LLM
ecosystem, reflecting real-world performance constraints and deployment scenarios.

These models were chosen to provide a balanced perspective on the translation capabilities of
current-generation LLMs across open source and commercial ecosystems. For all experiments,
we maintained consistent hyperparameters (temperature, top-p, and decoding settings) across
both models to ensure a fair comparison. Evaluation metrics include pass@1, pass@10, and ACA,
providing quantitative measures of functional correctness, probabilistic translation success, and
overall semantic preservation.

6.2 Quantitative Comparison with Baselines
To rigorously evaluate the effectiveness of ICAM-Trans, we compare it against four representative
baseline approaches, selected to cover a spectrum of common code translation strategies:

—Vanilla [17]: The most basic LLM-based translation, which directly applies the raw translation
prompt provided without any additional contextual guidance or prompt engineering. This
baseline reflects the performance of out-of-the-box LLM translation.

—Standard : A prompt-enhanced baseline developed in our study (Section 4). It incorporates
carefully designed instructions and minimal contextual cues to improve translation quality
over Vanilla, while still remaining a direct, non-agent-based approach.

—Oneshot (Yang et al. [30]): The single-example prompting strategy proposed by Yang et al., in
which the model is provided with one source-to-target translation example to guide inference.

—UniTrans (Yang et al. [30]): The test-case-augmented translation framework proposed by Yang
et al. UniTrans extends the Oneshot strategy by augmenting each input function with auto-
matically generated test inputs to improve translation robustness. Following the recommended
configuration in the original paper, we augment each input function with five automatically
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Table 5. Main Experiment of CAFM-Trans

Metric Method Python C++ Java JS Average
C++ Java JS Python Java JS Python C++ JS Python C++ Java

Qwen-Flash

pass@1

Vanilla 45.13 71.15 85.53 73.40 81.85 77.93 84.53 72.85 83.63 83.75 42.15 69.03 72.58
Standard 77.30 89.65 91.35 95.57 96.05 94.88 94.58 83.98 94.00 97.08 77.58 87.15 89.93
Oneshot 54.48 87.65 - 95.65 97.23 - 94.95 66.80 - - - - 82.79
UniTrans 61.97 46.30 - 95.02 89.30 - 93.98 84.50 - - - - 78.51

𝐼𝐶𝐴𝑀∗ 81.15 90.23 92.40 95.95 97.05 94.07 94.82 91.45 94.33 95.55 81.45 87.93 91.36

pass@10

Vanilla 78.00 90.50 95.50 94.25 96.75 95.25 95.75 94.00 95.25 96.25 76.25 90.50 91.52
Standard 84.00 93.00 93.25 96.50 98.25 96.75 95.75 91.50 95.75 97.75 83.00 92.00 93.13
Oneshot 59.75 90.24 - 96.50 98.00 - 95.75 72.75 - - - - 85.50
UniTrans 77.00 63.75 - 96.50 98.25 - 96.75 95.25 - - - - 87.92

𝐼𝐶𝐴𝑀∗ 90.00 95.25 95.50 97.50 99.00 97.00 97.25 97.00 97.75 97.50 91.00 94.50 95.77

ACA

Vanilla 46.90 72.77 87.95 74.51 82.93 79.40 86.25 75.31 85.37 84.82 43.59 69.94 74.15
Standard 79.55 91.02 93.59 96.93 96.55 96.63 96.76 85.54 96.39 98.55 78.93 87.92 91.53
Oneshot 54.94 89.63 - 97.26 98.04 - 96.87 67.48 - - - - 84.04
UniTrans 64.25 47.55 - 97.26 90.54 - 96.63 86.20 - - - - 80.41

𝐼𝐶𝐴𝑀∗ 83.18 91.76 94.45 97.16 97.86 95.87 96.89 93.42 96.13 97.44 83.27 89.10 93.04

Qwen2.5-Coder-7B-Instruct

pass@1

Vanilla 63.90 79.35 88.88 88.50 86.83 88.05 90.20 72.40 90.65 90.93 63.93 75.90 81.63
Standard 70.50 82.58 89.13 90.15 90.28 88.65 91.05 77.28 89.30 91.83 68.63 77.15 83.88
Oneshot 50.77 80.68 - 90.43 86.05 - 89.83 56.03 - - - - 75.63
UniTrans 26.83 19.35 - 88.25 47.55 - 68.77 37.40 - - - - 48.03

𝐼𝐶𝐴𝑀∗ 74.53 80.95 89.25 90.65 91.48 89.05 89.30 79.65 89.33 92.10 71.45 76.38 84.51

pass@10

Vanilla 88.25 95.75 95.00 96.75 98.50 95.00 97.50 93.25 96.00 97.75 88.25 94.00 94.67
Standard 87.25 92.00 93.75 96.00 97.50 94.25 95.50 92.50 94.25 96.00 86.00 91.00 93.00
Oneshot 65.50 92.50 - 97.00 98.00 - 95.75 73.25 - - - - 87.00
UniTrans 77.75 74.00 - 96.50 91.25 - 95.75 87.50 - - - - 87.13

𝐼𝐶𝐴𝑀∗ 87.75 92.25 93.25 96.00 97.50 93.75 95.00 90.75 94.25 97.00 87.50 93.00 93.17

ACA

Vanilla 65.83 82.12 92.42 90.89 89.06 91.66 93.18 74.64 93.31 93.14 66.00 78.12 84.20
Standard 72.48 85.05 92.39 92.29 92.46 91.89 93.80 79.60 91.99 93.92 70.40 78.74 86.25
Oneshot 52.02 83.25 - 92.57 88.22 - 92.48 57.66 - - - - 77.70
UniTrans 27.97 20.24 - 90.49 48.52 - 72.12 38.70 - - - - 49.67

𝐼𝐶𝐴𝑀∗ 77.21 83.61 92.58 92.97 93.50 92.50 92.70 82.19 92.29 94.01 73.50 77.82 87.07

Values are represented in %. Yellow shading denotes the best performance for each metric among all compared baselines. Bold values in the
average column represent the mean performance across all translation pairs for each baseline.

generated test inputs. To ensure a fair comparison focused on translation capability rather
than post-hoc correction mechanisms, we disable the iterative repair module in UniTrans and
evaluate only its prompt-based translation stage.

Experiments are conducted using both Qwen-Flash and Qwen2.5-Coder-7B-Instruct on the Func-
TransEval benchmark. All models were evaluated under identical decoding conditions: temperature=
0.7, top_p = 0.95, and n = 10. The quantitative results are summarized in Table 5.

Overall. ICAM-Trans consistently achieves the best or near-best performance across nearly all
metrics and settings, demonstrating its strong generality and ability to unlock the intrinsic transla-
tion potential of different LLMs. Notably, on the more powerful Qwen-flash, ICAM-Trans attains
the highest scores on all three metrics (pass@1, pass@10, ACA). On Qwen2.5-Coder-7B-Instruct,
it still leads in pass@1 and ACA, while remaining competitive in pass@10. These results indicate
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that ICAM-Trans not only improves the translation accuracy but also enhances the robustness and
executability of function-level cross-lingual code translation.

Under the pass@1 metric, which measures the accuracy of the top-1 generated translation,
ICAM-Trans clearly outperforms all baselines on both models. On Qwen-Flash, ICAM-Trans
achieves an average accuracy of 91.36%, exceeding the second-best result (Standard, 89.93%) by
+1.43 percentage points, which confirms a notable gain in one-shot translation correctness. For
instance, the accuracy of Python → C++ translation sees a significant boost, reaching 81.15%
from the second-best 77.30% (Standard), representing an improvement of +3.85 percentage points.
On Qwen2.5-Coder-7B-Instruct, ICAM-Trans similarly delivers the best performance, reaching
84.51%, ahead of Standard (83.88%) and Vanilla (81.63%). These results demonstrate that ICAM-Trans
substantially strengthens the deterministic language-to-language mapping capability of LLMs.
The improvement is particularly evident in stronger base models, such as Qwen-Flash, where
the implicit context-aware multi-agent fusion mechanism effectively activates latent translation
reasoning, enabling more accurate and semantically grounded translation.

Under the pass@10 metric, which assesses the probabilistic robustness of translation by verifying
whether any of the 10 sampled outputs is correct, ICAM-Trans again demonstrates strong perfor-
mance. On Qwen-Flash, ICAM-Trans achieves 95.77%, the highest among all methods and +2.64
percentage points above the second-best Standard baseline (93.13%), indicating that its translation
search space is both precise and sufficiently diverse. On Qwen2.5-Coder-7B-Instruct, although
Vanilla attains the top score (94.67%), ICAM-Trans ranks closely second, showing only a marginal
difference. This minor drop can be attributed to its analysis-driven reasoning mechanism, which
concentrates probability mass around high-confidence candidates. Such focused generation behav-
ior benefits stronger base models (e.g., Qwen-Flash) by ensuring more reliable and semantically
grounded outputs, but may slightly reduce the diversity of candidates on weaker ones. Nevertheless,
ICAM-Trans maintains consistent robustness across all translation directions and model types,
remaining among the top performers under every evaluation configuration.

Under the ACAmetric, whichmeasures the proportion of passed test cases per translated function,
offering a continuous and functionality-oriented evaluation of translation fidelity beyond discrete
correctness assessed by pass@1. Once again, ICAM-Trans achieves the strongest performance across
both models. On Qwen-Flash, ICAM-Trans attains an ACA of 93.04%, exceeding Standard (91.53%)
and Oneshot (84.04%) by a substantial margin. Similarly, on Qwen2.5-Coder-7B-Instruct, it achieves
87.07%, maintaining a consistent lead of approximately +0.82 points over the next best baseline
(Standard). These consistent improvements demonstrate that ICAM-Trans effectively preserves
functional semantics between source and target languages. By incorporating implicit contextual
reasoning before translation, the framework enables models to maintain logical coherence and
type integrity, resulting in translated programs that are not only syntactically correct but also
semantically equivalent and executable. This property is particularly critical for practical cross-
lingual code translation systems, where correctness must extend beyond textual similarity to
functional reliability.

In summary, ICAM-Trans consistently achieves superior overall performance across both models
and all evaluation metrics. Although Vanilla attains a marginally higher pass@10 on the weaker
Qwen2.5-Coder-7B-Instruct, this single outlier result does not undermine ICAM-Trans’s overall
advantage. The Vanilla baseline lacks consistent accuracy and robustness, as reflected by its notably
lower scores on both pass@1 and ACA, indicating that its occasional success stems more from
output randomness than true translation quality. By contrast, ICAM-Trans’s implicit context-
aware analysis mechanism systematically enhances the model’s reasoning precision and semantic
fidelity. This mechanism concentrates probability mass around high-confidence candidates—an
effect that allows stronger backbone models (e.g., Qwen-Flash) to fully exploit their inherent
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Table 6. Ablation Study on the Effectiveness of Each CAA

Metric Method Python C++ Java JS Average
C++ Java JS Python Java JS Python C++ JS Python C++ Java

pass@1

Standard 69.75 84.00 89.25 90.75 91.25 89.50 92.25 78.00 89.25 93.00 69.50 79.00 84.63
𝑤/ PAA 73.75↑ 84.50↑ 91.50↑ 93.00↑ 91.50↑ 90.00↑ 92.25 81.25↑ 90.00↑ 91.50 73.50↑ 79.75↑ 86.04↑
𝑤/ RAA 71.25↑ 83.00 90.50↑ 92.00↑ 92.75↑ 89.25 92.25 81.50↑ 89.25 91.75 69.50 76.25 84.94↑
𝑤/ LAA 76.00↑ 84.75↑ 89.50↑ 88.75 91.00 89.00 90.00 79.25↑ 90.00↑ 90.50 74.25↑ 83.75↑ 85.56↑
𝑤/ DAA 75.50↑ 85.50↑ 89.00 89.75 92.25↑ 89.25 90.50 80.50↑ 90.25↑ 92.25 73.00↑ 83.50↑ 85.94↑

ACA

Standard 72.37 86.20 92.52 92.48 93.48 92.16 94.63 80.31 91.32 94.83 71.07 80.27 86.80
𝑤/ PAA 75.51↑ 86.71↑ 93.96↑ 95.09↑ 93.38 92.74↑ 94.57 82.95↑ 92.81↑ 93.34 75.18↑ 80.62↑ 88.07↑
𝑤/ RAA 73.81↑ 85.55 93.34↑ 94.06↑ 94.43↑ 92.27↑ 94.95↑ 83.65↑ 92.10↑ 93.38 71.39↑ 77.67 87.22↑
𝑤/ LAA 78.78↑ 87.87↑ 92.93↑ 90.92 92.91 91.87 93.17 82.08↑ 93.18↑ 92.85 76.51↑ 85.31↑ 88.20↑
𝑤/ DAA 77.61↑ 87.83↑ 92.40 91.49 93.33 92.87↑ 92.85 82.15↑ 93.89↑ 93.84 74.63↑ 84.70↑ 88.13↑

Values are represented in %. Yellow shading denotes the best performance for each metric among all compared methods. Bold values in the
average column represent the mean performance across all translation pairs for each method.
reasoning and translation capacity. Even when applied to relatively weaker models, ICAM-Trans
maintains high robustness and semantic consistency, achieving the best overall balance between
accuracy, reliability, and diversity across all experimental settings.

6.3 Ablation Study
To verify the rationality and effectiveness of the components designed in ICAM-Trans, we conducted
an ablation study using Qwen2.5-Coder-7B-Instruct as the base model under a deterministic
decoding setting (temperature = 0, top_p = 0.95, n = 1).

6.3.1 Effectiveness of the CAAs. Wefirst designed ablation experiments to verify the effectiveness
of each agent in CAAs. We selected Standard, the second-best performing method on average, as
the baseline to ensure a fair and competitive comparison. Each ablation configuration activates only
one analysis agent in CAAs (including PAA, RAA, LAA, and DAA, to provide pre-analysis context
for the CTA. This setup allows us to systematically assess how each agent independently influences
translation performance. The results, summarized in Table 6, show that integrating any single agent
consistently improves average performance across all metrics compared to the Standard baseline.
Overall Effectiveness of CAAs. Across all translation pairs, each CAA demonstrates clear effec-

tiveness. Compared to the baseline, all agents achieve higher average scores in both pass@1 and
ACA, indicating consistent performance gains. Even in cases where certain agents yield marginal
or no improvement, the impact is not negative, suggesting that the introduction of CAAs generally
stabilizes and enhances translation quality rather than harming it.

Translation-Direction Dependency. Crucially, the empirical data reveal that no single agent is uni-
versally optimal across all translation scenarios. Instead, performance gains are strictly translation-
direction dependent. For instance, the best-performing results do not cluster around one specific
agent but are distributed based on the unique syntactic and semantic gaps between the source and
target languages. This pair-specific variance highlights a fundamental limitation of static analysis
pipelines: applying all agents uniformly is computationally inefficient and can introduce redundant
noise. Therefore, this finding directly validates the necessity of an adaptive mechanism, specifically
our TOA, to dynamically assess the translation context and orchestrate only the most effective
subset of agents for each unique task.

6.3.2 Effectiveness of the TOA. Building directly on the key takeaway that agent effectiveness is
translation-direction dependent, we conducted an ablation study on the TOA. The TOA is designed
to dynamically select the most relevant subset of CAAs for each translation instance. To verify that
this adaptive orchestration is not just theoretically sound but empirically necessary, we compared
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Table 7. Ablation Study on the Effectiveness of TOA

Metric Method Python C++ Java JS Average
C++ Java JS Python Java JS Python C++ JS Python C++ Java

pass@1 (%) 𝐼𝐶𝐴𝑀∗ 76.25 83.75 89.75 91.25 91.75 89.50 90.50 80.50 90.00 91.00 74.25 78.25 85.56
𝑤/𝑜 TOA 74.50 82.75 89.25 91.25 91.00 90.50 91.75 81.00 90.50 91.75 74.00 79.25 85.63

ACA (%) 𝐼𝐶𝐴𝑀∗ 79.24 86.34 93.38 93.59 93.66 92.42 93.83 82.44 92.53 93.77 76.59 79.56 88.11
𝑤/𝑜 TOA 77.69 85.43 92.47 93.19 92.80 93.81 94.54 82.83 93.89 93.63 76.50 80.69 88.12

time_cost (s)
𝐼𝐶𝐴𝑀∗ 4.80 5.97 4.35 4.96 5.77 4.24 4.18 4.51 3.95 5.25 4.78 6.88 4.97
𝑤/𝑜 TOA 6.47 6.13 5.26 5.54 6.59 6.90 6.11 6.89 6.45 7.87 6.49 9.20 6.66
time +34.81% +2.74% +20.81% +11.54% +14.29% +62.81% +46.16% +52.55% +63.14% +49.94% +35.82% +33.75% +33.95%

activate_agents 𝐼𝐶𝐴𝑀∗ 2.84 2.72 2.77 2.57 1.30 2.20 2.64 1.41 2.02 2.82 2.74 2.65 2.39

the full ICAM-Trans framework. In this experiment, we used the full ICAM-Trans as the baseline
and compared it with a variant w/o TOA, where all four CAAs are always activated simultaneously,
thus removing the agent selection mechanism. The results are summarized in Table 7.

We observed that disabling TOA resulted in only marginal average improvements in pass@1 and
ACA, since it introduced more analysis information, much of it was redundant rather than truly
beneficial. For example, for the translation direction Python→C++, performance even declined by
1.75%. More critically, disabling TOA caused a substantial rise in computational cost, an average
increase of 33.95% and a maximum of 68.81%, since all agents were engaged indiscriminately,
regardless of their relevance to the given translation pair. These results confirm that TOA effectively
balances translation performance and computational efficiency by dynamically controlling the
activation of analysis agents.

On average, only 2.39 CAAs were activated per translation in ICAM-Trans, with notable vari-
ation across translation directions, from as few as 1.30 for C++→Java to as many as 2.82 for
JavaScript→Python. This variation indicates that the TOA module is actively utilized in practice
and adapts its agent selection according to the complexity and contextual demands of different
translation pairs.

6.4 Case Study
To further explain the effectiveness of the ICAM-Trans framework in overcoming limitations of
direct code translation, we present a detailed case study involving four representative examples.
These cases, summarized in Table 8, illustrate scenarios where direct translation methods produced
erroneous code, while ICAM-Trans successfully generated functionally correct equivalents. Each
case highlights specific challenges in cross-language translation, such as logic inconsistency, type
mismatch and API misuse, and showcases how ICAM-Trans addresses these issues through its
multi-agent analysis system.

In CASE1, the source C++ code defines a function to compute the largest power of 2 less than or
equal to a given integer 𝑛. However, the direct Python translation incorrectly omits the flooring
operation when calculating the logarithm (which is implicit in the C++ code), leading to a Logic
error. By leveraging the ICAM-Trans framework, it dynamically invokes the LAA to analyze the
function’s logic and identify the missing flooring step. This analysis is provided to the Context-
Aware Translator (CAT), enabling it to generate the correct Python code that includes the flooring
operation using𝑚𝑎𝑡ℎ.𝑓 𝑙𝑜𝑜𝑟 ().

In CASE2, the source JavaScript code defines a function that concatenates a string with its
reverse. However, in the direct C++ translation, the return type was incorrectly defined as 𝑖𝑛𝑡
instead of 𝑠𝑡𝑟𝑖𝑛𝑔, leading to a Type error. By leveraging the ICAM-Trans framework, it dynamically
invokes both the PAA and RAA to analyze the function’s implicit parameter and return value.
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Table 8. Cases That Direct Code Translation Fail, but ICAM-Trans Framework Success

The RAA identify the return type correctly, and the analysis is provided to the CAT, enabling it to
generate the correct C++ code with the appropriate 𝑠𝑡𝑟𝑖𝑛𝑔 return type.

In CASE3, the source Python code implicitly defines the parameter𝑚𝑎𝑡 as a 2D list (list of lists)
of integers. However, in the direct Java translation,𝑚𝑎𝑡 was incorrectly defined as a 2D array of
characters 𝑐ℎ𝑎𝑟 [] [], also leading to a Type error. By leveraging the ICAM-Trans, it also invokes
both PAA and RAA to analyze the function’s information. The PAA inspects the source code and
successfully extracts the definition of “mat” as a 2D list of integers. With the help of the parameters’
information, ICAM-Trans translates the type of “mat” correctly into Java’s integer array type 𝑖𝑛𝑡 [] [].

In CASE4, the source JavaScript code utilizes the “𝑀𝑎𝑡ℎ.𝑡𝑟𝑢𝑛𝑐 ()” function to perform integer
division. However, in Java, there is no direct equivalent function. The direct translation incorrectly
retained𝑀𝑎𝑡ℎ.𝑡𝑟𝑢𝑛𝑐 (), leading to a Declaration/API error. By leveraging the ICAM-Trans, it assesses
the translation difficulty and decides to activate only the DAA in CAAs. The DAA then identifies
the operator and expression differences between JavaScript and Java, specifically noting that Java
uses (𝑖𝑛𝑡) casting for integer division. This analysis is provided to the CTA, enabling it to generate
the correct Java code using (𝑖𝑛𝑡) casting instead of 𝑀𝑎𝑡ℎ.𝑡𝑟𝑢𝑛𝑐 ().

Overall, the four representative cases collectively demonstrate the practical effectiveness and
interpretability of ICAM-Trans. Each case addresses a distinct failure type commonly observed
in direct LLM-based translation and highlights how CAAs mitigate these issues. By dynamically
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Table 9. Comparison of Average Inference Time (in Seconds)
across Standard, UniTrans, and ICAM-Trans

Standard UniTrans ICAM-Trans

Python → Java 1.77 15.98 5.06
Python → C++ 1.48 20.68 4.28
Python → JavaScript 1.11 - 3.86
Java → Python 0.92 14.45 3.52
Java → C++ 1.40 17.88 3.59
Java → JavaScript 1.13 - 3.50
C++ → Python 0.92 9.14 3.70
C++ → Java 1.79 16.67 3.92
C++ → JavaScript 1.14 - 3.78
JavaScript → Python 0.91 - 3.65
JavaScript → Java 1.84 - 5.45
JavaScript → C++ 1.66 - 4.23

Overall Average 1.34 15.80 4.05

Bold values in the ’Overall Average’ row represent the mean perfor-
mance across all translation pairs for each method.

invoking only the relevant agents under the guidance of the TOA, ICAM-Trans ensures that the
translation process remains both context-aware and computationally efficient. These case studies
not only verify the correctness improvements observed in the quantitative evaluation but also
reveal that the framework’s advantage lies in its explicit reasoning capability, which transforms
implicit LLM intuition into structured, verifiable translation guidance.This interpretability is critical
for building trustworthy code translation systems that can be audited, debugged, and extended to
more complex programming scenarios.

6.5 Computational Cost and Tradeoff Analysis
While ICAM-Trans demonstrates significant improvements in translation accuracy and semantic
consistency, the multi-agent orchestration inherently introduces additional computational com-
plexity. To provide a complete picture of this tradeoff, we quantified the average inference time
(in seconds) across all 12 translation directions using Qwen2.5-Coder-7B-Instruct, comparing
our framework against both the basic Standard baseline and the advanced, test-case-augmented
UniTrans framework.

As shown in Table 9, the Standard baseline requires an average of 1.34 seconds per function.
In contrast, ICAM-Trans requires an average of 4.05 seconds. This increase in latency is directly
attributable to the pre-translation reasoning phase. The system consumes extra inference time as
the TOA evaluates the difficulty, and the CAAs generate explicit textual representations of the
implicit parameters, return values, and logical nuances. However, it is noteworthy that ICAM-Trans
is nearly four times faster than the advanced UniTrans baseline, which requires an average of
15.80 seconds per function due to its reliance on iterative test case generation and execution. This
demonstrates that our multi-agent orchestration architecture achieves a highly favorable balance:
it significantly improves translation accuracy and robustness while maintaining much higher
computational efficiency compared to other complex translation pipelines.

Despite the overhead compared to the basic baseline, we argue that the tradeoff is highly advanta-
geous in practical software engineering contexts. In real-world migration tasks, the most expensive
bottleneck is human labor. Manually inspecting, diagnosing, and debugging subtle semantic drifts,
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such as a misunderstood cross-lingual type conversion or an implicit algorithmic truncation, can
take a developer minutes to hours per function. Exchanging an additional ∼2.7 seconds of inference
compute time to guarantee a highly reliable, semantically faithful, and executable translation
significantly reduces the downstream human-in-the-loop debugging effort, validating the practical
utility and efficiency of the ICAM-Trans framework.

7 Limitations and Threats to Validity
While our ICAM-Trans demonstrates consistent improvements across multiple baselines and
language pairs, several limitations and potential threats to validity must be acknowledged.

Dataset Limitations. Although FuncTransEval significantly enhances G-TransEval by providing
better semantic alignment, expanded test coverage, and automated evaluation, it only focuses on
four mainstream languages (Python, C++, Java, JavaScript). This coverage may not fully represent
the diversity of programming paradigms, especially for some rare or domain-specific languages
(e.g., Rust, SQL). Future work should extend the benchmark to include additional languages and
translation directions to further validate the generalizability of our findings.
Inherent LLM Limitations and Hallucination Risk. ICAM-Trans builds on the reasoning and

generation capabilities of LLMs. Consequently, its performance is partly bounded by the underlying
LLM’s intrinsic ability to understand the user instructions, perform consistent reasoning, and
handle long prompts. Crucially, while our multi-agent task decomposition significantly reduces
the risk of model hallucination by narrowing the focus of each prompt, it fundamentally relies
on structured LLM reasoning rather than grounded external analysis. Because all intermediate
contextual insights are generated by the LLMs themselves, the framework inevitably inherits the
same uncertainty it aims to mitigate, which means the hallucination risk is reduced, not eliminated.
Improvements inmodel architectures or alignmentmethodsmay alter the observed results, implying
that ICAM-Trans’s relative advantages could vary across future model generations.

Generalization and Scalability to Class and Repository Levels. While this work deliberately focuses
on function-level translation, we recognize that practical software migration typically occurs at the
class, module, or repository scale (as evaluated by recent structural benchmarks like ClassEval-T
and RepoTransBench). However, scaling to these higher levels fundamentally relies on high-fidelity,
semantically equivalent translations at the atomic function level as a prerequisite baseline. If a
model cannot reliably resolve intra-function implicit contexts (e.g., operator semantics or type
coercions), these errors will compound exponentially at the repository level.

Fortunately, the insights and multi-agent architecture of ICAM-Trans are inherently scalable to
address these broader structural complexities. To extend from isolated functions to class- or project-
level translation, the TOA can remain the core coordinator, while the suite of CAAs can be expanded
to include specialized agents for structural context, such as a Call Graph Analysis Agent or aMember
State Analysis Agent. Furthermore, the dynamic orchestration mechanism currently used to prevent
prompt bloat is perfectly suited to manage the sparsity of class-level dependencies—extracting and
injecting only the necessary inter-method context rather than overwhelming the LLM with the
entire repository. Future work will explore these hierarchical orchestration avenues to enhance
ICAM-Trans’s applicability to complex, real-world software modernization scenarios.

8 Conclusion
In this work, we systematically investigated the capabilities and limitations of LLMs in function-
level code translation. We identified critical shortcomings in existing evaluations, including the
lack of specialized benchmarks and fragile pipelines that often underestimate LLMs’ true potential.
To address these gaps, we constructed FuncTransEval, a reliable multilingual benchmark covering
Python, C++, Java, and JavaScript, with executable unit tests and standardized evaluation metrics.
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This benchmark provides a rigorous foundation for assessing LLM translation performance.Through
detailed analysis on FuncTransEval, we revealed that while LLM-based translators outperform
traditional non-LLM baselines, they still encounter frequent logic inconsistencies, type mismatches,
and library/API misuse. These errors highlight a fundamental insight: effective code translation
requires not only syntactic correctness but also a deep understanding of implicit semantics and
cross-language contextual dependencies. Motivated by this observation, we proposed ICAM-Trans,
an implicit-context-aware multi-agent framework that explicitly uncovers and leverages hidden
contextual information during translation. By integrating pre-translation reasoning through spe-
cialized CAAs and guiding a CTA, ICAM-Trans achieves more semantically faithful and robust
translations. Extensive experiments demonstrate that ICAM-Trans consistently outperforms strong
baselines in execution-based metrics, and ablation studies confirm the complementary contributions
of each agent in enhancing translation reliability and interpretability.

Overall, our work establishes a more trustworthy benchmark for evaluating function-level code
translation and introduces a novel framework that effectively addresses semantic inconsistencies
in cross-language translation. We believe that these contributions provide valuable insights for
both future research in LLM-based code translation.
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