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Beyond Translation Accuracy: Addressing False Failures in
LLM-Based Code Translation

Anonymous Author(s)
Abstract
Large Language Models (LLMs) have achieved remarkable success
in automated code translation. While prior work has focused on
improving translation accuracy through advanced prompting and
iterative repair, the reliability of the underlying evaluation frame-
works has received less attention. In this paper, we demonstrate
that a significant number of reported failures in code translation
are not due to incorrect logic, but rather evaluation-induced errors
stemming from improper compilation flags, missing library links,
and unconfigured runtime environments. We conduct a large-scale
empirical study across five programming languages (C, C++, Java,
Python, Go) and three benchmarks (Avatar, CodeNet, EvalPlus) us-
ing GPT-4o. Our analysis identifies and categorizes common false
negatives, revealing that standard evaluation pipelines frequently
misclassify semantically correct translations. Our findings highlight
the necessity for transparent, configuration-aware evaluation stan-
dards to accurately assess progress in LLM-based code translation.

Keywords
Large Language Models, Code Translation, Program Correctness
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1 Introduction
During code translation, migrating software from one program-
ming language to another while preserving functional correctness,
is a long-standing challenge in software engineering. Such migra-
tion is critical for maintaining legacy systems [4, 8, 26], improving
performance [5, 19], and ensuring long-term maintainability [18],
yet it often requires extensive manual effort and expert knowledge.
Recent advances in large language models (LLMs) have significantly
improved automated code translation [13], making it feasible to
translate non-trivial programs across programming languages such
as C, C++, Java, Python, and Go.

Despite these advances, fully automated code translation re-
mains unreliable in practice. Prior work has largely evaluated trans-
lation quality using compilation success and test case execution as
the primary indicators of correctness. While this methodology is
reasonable in principle, it implicitly assumes that the evaluation
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pipeline, including compilation commands, flags, and runtime con-
figurations is itself correct and faithful to the translated program’s
requirements.

In this paper, we show that this assumption often does not hold.
Through an in-depth analysis of existing code translation artifacts
and benchmarks, we find numerous cases where translated code is
semantically correct yet reported as incorrect due to inappropriate
settings such as compilation configurations. In particular, missing or
incorrect compiler flags (e.g., omitted libraries, language standards,
or optimization constraints) can lead to compilation or runtime
failures that are unrelated to translation quality.

This issue is especially problematic in large-scale empirical stud-
ies, where evaluation pipelines are automated, and errors intro-
duced by incorrect compilation settings propagate silently into
reported results. As a consequence, translation systems may be
unfairly penalized, and empirical conclusions about model perfor-
mance may be misleading.

To systematically study this problem, we design an analysis
pipeline that iteratively inspects translation and evaluation out-
comes. By separating translation errors from evaluation-induced
errors, our analysis reveals a significant class of false negatives
in existing benchmarks, cases where translations are semantically
correct but misclassified due to incorrect compilation flags. Our
findings highlight the need for more robust and transparent evalu-
ation practices in code translation research.

2 Related Work
LLM-based code translation has been widely studied at the function
and file levels. Prior work improves translation quality through
architectural adaptations and contextual augmentation. For exam-
ple, SteloCoder [12] adapts decoder-only multilingual models for
code translation, while Spectra [10] and Saha et al. [17] leverage
natural language or structural specifications as intermediate guid-
ance. Retrieval-augmented approaches further improve few-shot
translation by injecting relevant examples [2], and pseudocode-
based methods translate abstract representations into executable
code [24].

Several works focus on correcting translation errors after gener-
ation. Rectifier [23] learns from faulty–corrected code pairs, while
UniTrans [22] and ExeCoder [6] use execution feedback and se-
mantic information to iteratively repair translations. Lost in Trans-
lation [13] categorizes common bugs and failure modes in LLM
code translation. Multi-agent systems such as TransAgent [25]
and BabelCoder [16] distribute responsibilities across translation,
testing, and repair agents. These methods primarily target solving
translation-induced errors while translating code.

Repository-level translation has also been explored. K3Trans [11]
incorporates dependency and historical knowledge, while Alpha-
Trans [7] applies static analysis and neuro-symbolic decomposi-
tion. RepoTransBench [21] provides a benchmark highlighting chal-
lenges in translating real-world repositories with automated tests.
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Some recent works on code generation emphasize synthesizing
executable code from natural language instructions, docstrings, or
functional specifications rather than translating from existing imple-
mentations. In single-agent approaches, models like CatCoder [14]
and TOOLGEN [20] enhance generation by incorporating structural
repository context or mimicking developer-tool interactions. Multi-
agent frameworks further distribute these tasks; for instance, Self-
collaboration [3] and CodeAgent [27] simulate software team dy-
namics or integrate external tools to improve reliability. While these
methods share architectural similarities with translation—particularly
when intermediate specifications are involved—they rely on sparse
natural language intent.

Unlike prior work, we address evaluation-induced errors (e.g.,
incorrect compilation flags) that cause valid translations to be mis-
classified as failures.

3 Methodology
We analyze false failure cases in LLM-based code translation using
an automated translation and evaluation pipeline. Given a source
program and target language, the pipeline (1) translates the code
using GPT-4, (2) compiles and executes the translated program
using dataset-provided test cases, and (3) records compilation errors,
runtime failures, and test mismatches.

To distinguish translation errors from evaluation-induced fail-
ures, we manually inspect evaluation artifacts, including compila-
tion commands, error logs, and runtime configurations, without
modifying the translated code. Cases where the code is semantically
correct but fails due to incorrect configurations are classified as
evaluation-induced errors.

This pipeline is used solely as an analysis tool to diagnose failure
modes in existing benchmarks, rather than as a new translation or
repair system.

4 Experimental Setup
All findings in this work are derived from the code translation task.
We focus on five programming languages: C, C++, Java, Python,
and Go, performing translations between each language pair. Our
analysis utilizes three widely used benchmarks: Avatar [1], Co-
deNet [15], and EvalPlus [9], which provide parallel corpora and
corresponding test cases across these languages.

We use GPT-4o to translate source programs into target lan-
guages. The translated programs are compiled and executed using
the dataset-provided test cases via command-line execution. For
each run, we record compilation outcomes, runtime behavior, and
test results. The entire translation and evaluation process is fully
automated and serves as the basis for identifying translation errors
versus evaluation-induced failures.

5 Findings
Our extensive analysis reveals that a significant portion of reported
failures in code translation benchmarks stems from artifacts in the
evaluation pipeline rather than fundamental errors in the translated
logic. We categorize and detail these key findings below.

5.1 Evaluation-Induced Compilation Errors
Natural language contamination. Large Language Models fre-
quently intersperse natural language explanations or conversa-
tional fillers within the generated source code. Additionally, they
often wrap code blocks in Markdown formatting (e.g., “‘cpp). If
these artifacts are not rigorously sanitized before compilation, stan-
dard compilers interpret them as syntax errors. Consequently, per-
fectly functional code is rejected solely due to formatting issues,
inflating the reported failure rate.
Missing library linking. Automated evaluation scripts typically
rely on generic, minimal compilation commands (e.g., gcc file.c
-o file) which are often insufficient for complex programs. Trans-
lated C programs frequently require explicit linker flags to resolve
external dependencies. Common examples include -lm for math-
ematical functions in math.h, -lgmp for arbitrary-precision arith-
metic in gmp.h, and -lssl / -lcrypto for cryptographic operations
in openssl/ssl.h. The omission of these flags leads to linker errors
that are incorrectly classified as translation failures.
Excessive global memory usage. We observed instances where
C translations attempted to allocate extremely large uninitialized
global arrays or variables, sometimes exceeding 16 GB of memory.
While such declarations may be syntactically valid in the source lan-
guage (or on systems with vast resources), they exceed the standard
stack or heap limits of the evaluation environment. We classify
these as genuine code errors, as the translation failed to adapt
memory management to standard constraints.

5.2 Language-Specific Compilation Behavior
The nature of compilation failures exhibited distinct patterns de-
pending on the target language’s strictness and paradigm:

• Python: We observed virtually no compilation-stage errors
after applying our iterative fix pipeline. As an interpreted
language, Python’s failures are predominantly runtime-
based, simplifying the initial validation step.

• Java/C/C++: These statically typed languages sufferedmostly
from syntax violations and missing import statements. In
C++, specifically, template instantiation errors and header
dependency chains were frequent sources of build failure.

• Go: The Go compiler enforces strict discipline regarding
unused imports and variables. LLMs often translate logic
directly from looser languages without cleaning up redun-
dant variable declarations, causing frequent build failures
unique to Go’s strict tooling.

5.3 Runtime and Test Mismatch Errors
Faulty PyTest - JUnit conversion. The automated conversion
of test suites from Python (PyTest) to Java (JUnit) proved to be a
source of error. In several cases, the LLM hallucinates incorrect
assertions or fails to port the test logic accurately. This leads to
correct Java translations failing tests because the ground-truth test
case itself is flawed.
Unrealistic Timeout Constraints. We identified a systemic bias
where correctly translated code failed due to rigid timeout limits
inherited from the source language. Benchmarks often enforce the
execution time limits of the source implementation (e.g., highly
optimized C++). Consequently, valid translations in languages with
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higher runtime overhead—such as Python (due to interpretation) or
Java (due to JVM startup time)—are unfairly penalized, even when
they implement the correct asymptotic algorithm.
Missing native APIs. Certain source-language features lack direct
equivalents in the target ecosystem. For example, Python’s dynamic
eval() function has no native counterpart in Java or C++. LLMs
often attempt to reimplement these complex features from scratch,
resulting in custom implementations that are incomplete, buggy,
or insecure, leading to runtime crashes.
Divergent API semantics. Subtle semantic differences in opera-
tors across languages cause silent failures. A prominent example
is the modulo operator (%) applied to negative operands: Python
retains the sign of the divisor, whereas Java and C retain the sign
of the dividend. Such discrepancies result in semantic mismatches
where the code runs without error but produces incorrect numerical
outputs.
Logical and corner-case errors. Some failures stem from missing
corner-case handling that cannot be inferred without deep knowl-
edge of the source context. For instance, Python’s round() function
employs “banker’s rounding” (rounding to the nearest even number,
e.g., round(2.5) → 2), whereas C, C++, and Java typically round
away from zero or truncate. These nuanced differences reflect a
fundamental limitation of context-free translation.
Uninvoked entry-point logic. In datasets like Avatar and Co-
deNet, evaluation relies on capturing standard output (stdout). We
found numerous cases where the LLM correctly implemented the
required logic within a function or class but failed to generate the
main execution block to invoke it. As a result, the program com-
piles and runs successfully but produces no output, leading to a
test mismatch.

6 Conclusion
This work investigates the causes of false failure verdicts in code
translation across five languages. We demonstrate that even se-
mantically correct translations are often rejected due to evaluation-
induced errors, specifically regarding compilation flags and runtime
configurations. Future work will extend this analysis beyond code
translation to broader software engineering tasks, incorporating
more languages and datasets.
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