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—— Abstract

Background. Large language models (LLMs) can generate executable code, but their reliability
across programming languages remains difficult to characterize.

Aims. We investigate multilingual code capability under problem alignment, focusing on functional
reliability, cross-language consistency, translation behavior, problem and sampling effects, and
execution quality.

Method. We present MCIBENCH, covering 1,489 programming problems and eight languages, of
which 1,466 have execution-validated coverage in all eight languages. We evaluate representative
LLMs through multilingual generation and analyze source-code-conditioned translation on 100
randomly selected all-language-covered problems.

Results. Performance varies substantially across models and target languages, while source-code-
conditioned translation also exhibits marked variation across source-target settings. Problem
difficulty and candidate budget materially affect correctness, strong aggregate performance does not
necessarily imply cross-language consistency, and accepted programs differ in runtime and memory
efficiency.

Conclusions. Aggregate pass@k alone is insufficient for characterizing multilingual code capability,
motivating evaluation that considers language consistency, problem sensitivity, sampling behavior,
translation settings, and post-correctness execution quality.
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1 Introduction

Large language models (LLMs) have shown strong capabilities in generating executable
programs from natural-language descriptions [8, 2]. However, their reliability across program-
ming languages remains difficult to characterize [6]. Many existing evaluations either focus
on a single language or aggregate results over heterogeneous problem sets [4, 1, 5, 12]. Such
results provide useful overall indicators, but they make it difficult to determine whether a
model solves the same problems consistently across languages, how its performance varies with
problem characteristics and candidate budget, and whether functionally correct programs
exhibit comparable execution quality.

A key challenge is problem comparability. When different languages are evaluated on
different problem sets, observed performance gaps may reflect task composition rather than
target-language effects. We therefore adopt a problem-aligned design in which the same
underlying programming problems are evaluated across target languages under a unified
execution-based protocol. This design enables multilingual behavior to be compared under
matched problem semantics and supports analyses beyond aggregate pass@¥k, including
language consistency, failure behavior, sampling effects, and post-correctness execution
quality.

To support this study, we construct MCIBENCH, a problem-aligned evaluation infrastruc-
ture containing 1,489 algorithmic programming problems across eight languages: Python3,
Java, C, C++, Rust, JavaScript, C#, and Golang. Among them, 1,466 problems have
execution-validated program coverage in all eight languages. MCIBENCH integrates problem
descriptions, difficulty labels, algorithmic tags, language-specific templates, generated out-
puts, executable submissions, and execution records, allowing model behavior to be analyzed
consistently across problems and languages.

Figure 1 summarizes the evaluation setting. Our primary study focuses on multilingual
code generation, where the same problem description is used to generate solutions in each
target language. We additionally randomly select 100 all-language-covered problems for a
complementary analysis of source-code-conditioned translation across 56 ordered source-target
settings. This analysis examines how translation performance varies across source-target
combinations, language roles, and reversed translation directions. All generated and translated
programs are evaluated through execution, with correctness, failure status, runtime, and
memory recorded when available.

We evaluate representative advanced LLMs together with a Qwen3 scaling series. Our
analyses examine overall reliability and failure modes, consistency across target languages,
sensitivity to problem difficulty and algorithmic characteristics, the benefit of additional
candidates, source-code-conditioned translation behavior, and runtime-memory efficiency of
accepted programs. The results show substantial variation across models and languages, and
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Figure 1 Problem-aligned multilingual evaluation for code generation and code translation.

demonstrate that strong aggregate pass@k does not necessarily imply consistent multilingual
behavior. Problem difficulty and candidate budget also materially affect correctness, while
accepted programs can differ in execution efficiency even when they are functionally correct.

This paper makes three contributions:

We construct MCIBENCH, a problem-aligned multilingual code evaluation infrastructure
containing 1,489 programming problems across eight languages, including 1,466 problems
with execution-validated coverage in all eight languages.

We provide a unified execution-based pipeline that integrates multilingual code generation,
source-code-conditioned translation, failure categorization, candidate sampling, and
runtime/memory collection.

We conduct a large-scale empirical study of multilingual code capability across models,
target languages, translation settings, problem characteristics, candidate budgets, and
post-correctness execution quality.

2 Related Work

2.1 General Code Generation Evaluation

LLMs have demonstrated strong capabilities in generating executable code from natural-
language requirements [21, 19]. Benchmarks such as HumanEval [4] and MBPP [1] evaluate
functional correctness through execution on controlled programming tasks. While these
benchmarks have established widely used evaluation protocols, they primarily focus on
individual programming languages and provide limited support for studying whether the
same model behaves consistently on the same problems across multiple languages.

2.2 Multilingual and Cross-Language Code Evaluation

Recent benchmarks extend code evaluation to multilingual settings. HumanEval-based
resources, including HumanEval-X [29], HumanEvalPack [16], MultiPL-E [3], HumanEval-
XL [17], and mHumanEval [18], provide code-generation tasks in multiple programming
languages. Other benchmarks, such as XLCoST [30], XCODEEVAL [10], and PseudoEval [26],
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Table 1 Comparison with representative code generation and code translation benchmarks.

Aligned Code Code
Benchmark Year Scale #Lang. Coverage Gen. Trans.
MBPP [1] 2021 974 tasks 1 v
HumanEval [4] 2021 164 problems 1 - v -
XLCoST [30] 2022 901 problems 7 Partial v v
HumanEval-X [29] 2023 164 problems 5 164 aligned v -
HumanEvalPack [16] 2023 164 problems 6 164 aligned v -
MultiPL-E [3] 2023 1,138 problems 18 Partial v -
G-TransEval [9] 2023 400 pairs 5 - - v
HumanEval-XL [17] 2024 80 problems 12 80 aligned v -
XCODEEVAL [10] 2024 7.5K problems 11 Partial v v
mHumanEval 18] 2025 164 problems 25 164 aligned v -
PseudoEval [26] 2025 357 problems 3 333 aligned v -
MciBench 2026 1,489 problems 8 1,466 all-language-covered v v

*) “Aligned Coverage” indicates whether the same programming problem has corresponding multilingual solutions
or execution-validated program coverage across languages. “Partial” means that multilingual solutions are
available only for some problems, languages, or language pairs.

further support multilingual generation, cross-language tasks, or aligned evaluation settings.
As summarized in Table 1, these resources vary considerably in scale, language coverage,
problem alignment, and supported evaluation tasks.

Problem alignment is particularly important for cross-language comparison because per-
formance differences measured on different problem sets may reflect task composition rather
than programming-language effects. MCIBENCH therefore evaluates the same underlying
problems across target languages, enabling direct comparison under matched problem se-
mantics. It additionally supports source-code-conditioned translation on problems with
multilingual program coverage, allowing generation and translation to be studied under a
common execution-based framework. Prior translation benchmarks such as G-TransEval [9]
provide complementary support for evaluating cross-language program transformation.

2.3 Execution-Based and Quality-Aware Evaluation

Execution-based evaluation is central to code generation and translation because textual
similarity is a weak proxy for functional correctness [4, 1, 11]. Metrics such as passQk
measure whether generated programs satisfy executable tests rather than whether they
resemble reference implementations [4]. In multilingual settings, execution also exposes
language-specific failures related to compilation, type systems, libraries, runtime behavior,
and submission interfaces. LLMs have also been explored for software-quality analysis
beyond code generation, including large-scale inspection of static bug warnings [22, 20].
Beyond execution-based testing, recent LLM-assisted formal-methods research has explored
translating natural-language requirements into LTL specifications and synthesizing program
specifications through static analysis and neuro-symbolic reasoning [13, 14, 23, 24].

Functional correctness, however, does not fully characterize generated code. Accepted
programs may still differ in runtime and memory consumption, motivating post-correctness
evaluation of execution quality. Compared with existing benchmarks, MCIBENCH combines
problem-aligned multilingual generation with execution records that support failure analysis,
candidate-sampling analysis, source-code-conditioned translation analysis, and runtime-
memory evaluation of accepted programs.
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Figure 2 Overview of the MCIBENCH evaluation workflow and analysis dimensions.
3 Study Design

3.1 Overview

Figure 2 summarizes the MCIBENCH evaluation workflow. Starting from a problem-aligned
benchmark, we evaluate LLMs on two programming tasks: multilingual code generation
and source-code-conditioned translation. For both tasks, each model generates multiple
candidates, which are converted into executable submissions and evaluated under the same
execution-based protocol. The resulting records capture functional correctness, failure
status, runtime, and memory, supporting analyses from model-, language-, problem-, and
execution-quality perspectives.

Our primary evaluation focuses on multilingual code generation, where the same program-
ming problems are evaluated across eight target languages under matched problem semantics.
We further conduct a complementary source-code-conditioned translation analysis on a
randomly selected set of all-language-covered problems. Using the same 100 problems across
all 56 ordered source-target settings enables controlled analysis of source-target variation,
language roles, and translation directionality.

3.2 Benchmark Construction

MCIBENCH organizes executable programming problems, multilingual program coverage,
language-specific templates, model outputs, and execution records under a unified evaluation
framework. For each problem, we store its platform identifier, description, difficulty label,
algorithmic tags, and language-specific submission templates.

Starting from 2,029 collected problem records, we retain 1,489 algorithmic programming
problems covering Python3, Java, C, C+4, Rust, JavaScript, C#, and Golang. The retained
set contains 481 Easy, 723 Medium, and 285 Hard problems. Problems are retained if they
support executable submission in the selected languages and can be evaluated through a
stable submission-and-check protocol.

For multilingual code generation, all 1,489 problems are evaluated across the eight target
languages using the same problem identities and execution protocol. Because generated
candidates are checked directly through execution, generation does not require an existing
reference implementation in every target language.

To support code translation, MCIBENCH further maintains multilingual program imple-
mentations across languages. As shown in Table 2, the initially collected reference solutions
are highly uneven across languages, and only 331 problems have reference implementations in
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Table 2 Coverage of initially collected reference solutions in MCIBENCH before execution-validated
solution enhancement.

Per-language solution coverage Per-problem solution alignment
Language #Problems Coverage #Collected Lang. #Problems
C++ 1,448 97.2% 1 10
Python3 1,353 90.9% 2 168
Java 1,338 89.9% 3 98
JavaScript 1,163 78.1% 4 81
C 1,120 75.2% 5 212
C# 1,014 68.1% 6 420
Golang 568 38.1% 7 169
Rust 371 24.9% 8 331

Table 3 Overview of MCIBENCH.

Item Description

Problems 1,489 algorithmic programming problems

Difficulty 481 Easy, 723 Medium, 285 Hard

Languages Python3, Java, C, C++, Rust, JavaScript, C#, Golang
Code generation 1,489 problems x 8 target languages

Initial all-reference coverage 331 problems with solutions in all eight languages
All-language coverage 1,466 execution-validated problems

Translation analysis 100 randomly selected problems X 56 ordered source-target settings
Candidates 5 candidates per setting

Evaluation protocol Execution-based submission and checking

Evaluation outputs Correctness, failure status, runtime, memory

Metadata Difficulty levels and algorithmic tags

all eight languages. We therefore expand multilingual coverage through execution-validated
solution enhancement, retaining additional problem-language implementations only after
they pass the execution-based checker. This process results in 1,466 problems with validated
program coverage in all eight languages. For the translation analysis in this study, we
randomly select 100 problems from this all-language-covered set.

With eight languages, each selected problem supports 56 ordered source-target translation
settings. For the translation analyses reported in this paper, the same 100 problems are
evaluated across all 56 ordered source-target settings, enabling controlled comparison of
translation behavior across language combinations. Table 3 summarizes the benchmark scale
and evaluation settings.

3.3 Evaluation Tasks

Task 1: Multilingual Code Generation. Given a problem description and a target language,
the model generates candidate solutions in the requested language. The same problem
identities are evaluated across all eight target languages, enabling direct comparison of
multilingual behavior under matched problem semantics.

Task 2: Source-Code-Conditioned Translation. Given an execution-validated source-
language implementation and a target language, the model generates a semantically equivalent
program in the target language. The eight languages define 56 ordered source-target settings.
In this study, we analyze these translation results across models, source-target combinations,
source/target language roles, and reversed translation directions.
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Table 4 Evaluated models.

Model Role Generation Translation
qwen3-coder-480b-a35b-instruct  Cross-model comparison v v
gpt-4o Cross-model comparison v v
glm-4 Cross-model comparison v v
deepseek-v3.2 Cross-model comparison v v
claude-3-5-haiku-20241022 Cross-model comparison v v
qwen3-32b Scaling analysis v -
qwen3-14b Scaling analysis v

qwen3-8b Scaling analysis v

qwen3-4b Scaling analysis v -
qwen3-1.7b Scaling analysis v -

*) For qwen3-coder-480b-a35b-instruct, the model has 480B total parameters, with 35B parameters activated
during inference.

3.4 Research Questions

We organize the empirical study around five research questions.

RQ1: How reliable are LLMs in problem-aligned multilingual code generation?
We examine overall functional correctness, model scaling, and failure profiles in the full
generation setting.

RQ2: How consistently do LLMs solve the same problems across programming
languages? We analyze target-language performance and model-language variation
under aligned problem semantics.

RQ3: How does source-code-conditioned translation vary across models and lan-
guage settings? We analyze overall translation performance, source-target pair effects,
source/target language roles, and differences between reversed translation directions on
the 100-problem translation set.

RQ4: How sensitive is multilingual code-generation reliability to problem charac-
teristics and candidate budget? We study performance across difficulty levels and
algorithmic topics, together with the benefit of generating multiple candidates.

RQ5: Does functional correctness imply comparable execution quality? We compare
runtime and memory characteristics among accepted generated programs to examine
post-correctness execution quality.

4 Experimental Setup
4.1 Evaluated Models

Table 4 summarizes the evaluated models. Five representative advanced LLMs are evaluated
on both multilingual generation and source-code-conditioned translation. We additionally
evaluate a Qwen3 scaling series on multilingual generation to examine how model scale affects
cross-language coding performance.

4.2 Candidate Generation

Each model generates five candidates per evaluation setting, enabling empirical pass@k
evaluation and analysis of candidate-budget effects. For multilingual generation, the prompt
contains the problem description and requested target language. For translation, the prompt
contains an execution-validated source implementation and the requested target language.
The complete prompt templates, decoding parameters, and model invocation configurations
are included in the accompanying artifact.
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Model outputs are post-processed into executable submissions using the corresponding
target-language templates. If fenced code blocks are present, we select the first block
matching the target language; otherwise, we use the first complete code block or cleaned raw
output. Post-processing only extracts code and fills submission templates; it does not repair
program logic or manually correct generated outputs. Outputs that cannot be converted
into executable submissions are treated as failed candidates.

Following prior execution-based code evaluation [4], empirical pass@k is the proportion
of evaluation instances for which at least one of the first k generated candidates passes the
execution-based tests. Unless otherwise stated, we report pass@1 and pass@5.

4.3 Execution and Result Collection

Each generated or translated program is submitted through the target-language execution
interface under a common submission-and-check protocol. A candidate is accepted only if
it passes all available target-language tests. For failed candidates, we record the returned
status, including wrong answer, compile error, runtime error, time limit exceeded, memory
limit exceeded, and output limit exceeded. For accepted candidates, runtime and memory
are recorded when available.

The same execution protocol is applied across models, tasks, and target languages. The
resulting records include raw model outputs, extracted submissions, execution status, failure
type, runtime, and memory measurements.

4.4 Statistical Analysis

The evaluation unit depends on the task. For multilingual generation, an instance is a problem-
target-language pair. For translation, an instance is a problem-source-target triple. We
report aggregate pass rates over the corresponding instances and use 95% Wilson confidence
intervals for the main pass@5b results [25].

For comparisons across models and target languages, we use the same underlying problem
instances whenever possible to reduce confounding from problem composition. For the
translation analyses in RQ3, the same 100 problems are evaluated across all 56 ordered
source-target settings. Pair-level, role-level, and direction-level results are therefore computed
over matched problem identities, reducing variation caused by different problem compositions.

Runtime and memory analyses are conducted only on accepted generated programs.
Because raw measurements are not directly comparable across problems or target languages,
we normalize them within each problem-language group, comparing accepted programs only
with other accepted programs solving the same problem in the same target language. Con-
fidence intervals for the normalized efficiency results are estimated by bootstrap resampling.
These measurements are interpreted as relative, platform-reported post-correctness indicators
rather than machine-independent performance measures.

5 RQ1: Reliability of Multilingual Code Generation

RQ1 examines the functional reliability of LLMs in problem-aligned multilingual code
generation. We first compare overall correctness across models and then examine how
unsuccessful candidates fail. Target-language effects, candidate-budget effects, problem
characteristics, and execution efficiency are analyzed in subsequent RQs.
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Table 5 Overall results for multilingual code generation. Each model generates 59,560 candidates.

Model Accepted Cand. Acc. Pass@l Pass@5 Pass@5 95% CI
qwen3-coder-480b-a35b-instruct 53,022 89.0% 89.1% 92.1% [91.6, 92.6]
gpt-4o 46,050 77.3% 77.2% 88.6% [88.0, 89.2]
qwen3-32b 44,608 74.9% 74.7% 87.6% [87.0, 88.2]
glm-4 40,073 67.3% 67.4% 82.6% [81.9, 83.3]
deepseek-v3.2 27,855 46.8% 46.4% 77.8% [77.0, 78.5]
claude-3-5-haiku-20241022 38,855 65.2% 65.1% 77.2% [76.4, 77.9]
qwen3-14b 31,790 53.4% 53.1% 64.6% [63.7, 65.5]
qwen3-8b 29,942 50.3% 50.2% 52.1% [51.2, 53.0]
qwen3-4b 24,645 41.4% 41.4% 43.2% [42.3, 44.1]
qwen3-1.7b 13,686 23.0% 22.9% 24.1% [23.3, 24.9]

5.1 Overall Model Performance

Each model is evaluated on 1,489 problems and eight target languages, with five candidates
generated for each problem-language pair. This yields 11,912 evaluation instances and 59,560
generated candidates per model. We report candidate-level acceptance rate together with
empirical pass@1 and pass@5. The 95% confidence intervals in Table 5 are Wilson intervals
computed over the instance-level pass@5 outcomes.

Table 5 shows substantial differences in multilingual generation reliability. qwen3-coder-
480b-a35b-instruct achieves the highest pass@5 at 92.1%, followed by gpt-4o at 88.6% and
qwen3-32b at 87.6%. At the other end of the spectrum, qwen3-1.7b reaches only 24.1%.
Within the Qwen3 scaling series, pass@5 increases consistently with model size, from 24.1%
for qwen3-1.7b to 87.6% for qwen3-32b, indicating a strong association between model scale
and multilingual code-generation reliability.

Candidate-level acceptance and pass@5 capture different aspects of performance. For
example, deepseek-v3.2 accepts 46.8% of individual candidates, while its instance-level pass@5
reaches 77.8%. This difference illustrates that candidate-level success rates and best-of-k
reliability should not be interpreted interchangeably. We analyze the effect of candidate
budget in detail in RQ4.

5.2 Failure Mode Analysis

Pass@k measures whether a model eventually produces an accepted program, but does
not explain why unsuccessful candidates fail. We therefore categorize rejected candidates
according to the execution status returned by the evaluation platform: wrong answer, compile

error, runtime error, time limit exceeded, memory limit exceeded, and output limit exceeded.

Figure 3 reveals heterogeneous failure profiles across models. Wrong answers account for
a substantial fraction of failures, particularly for several smaller Qwen3 models, and may

arise from incorrect algorithms, missed corner cases, or misunderstood problem constraints.

Compile and runtime errors instead reflect failures in realizing an executable target-language
implementation, such as syntax, typing, library, or interface mismatches. Resource-limit
failures indicate another class of problems related to computational or implementation
efficiency. Thus, similar aggregate pass rates can arise from qualitatively different failure
patterns.
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Finding 1 (RQ1). LLMs exhibit substantial differences in problem-aligned multilingual
code-generation reliability. Within the Qwen3 scaling series, larger models consistently
achieve higher pass@5. Failure analysis further shows that unsuccessful generations arise
from distinct semantic, implementation, and resource-related errors, demonstrating that
aggregate correctness alone does not fully characterize model reliability.

6 RQ2: Multilingual Consistency across Programming Languages

RQ2 examines whether LLMs behave consistently across programming languages when
solving the same underlying problems. Because all 1,489 problems are evaluated in the same
eight target languages, observed differences can be analyzed under aligned problem semantics
rather than heterogeneous task composition. We first examine target-language performance
and then compare the cross-language consistency of individual models.

6.1 Target-Language Performance

Figure 4 presents the model-language pass@5 matrix. Performance varies substantially
across target languages, and the magnitude of these differences is strongly model-dependent.
Some models remain relatively stable across languages, whereas others exhibit pronounced
weaknesses on particular targets.
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Table 6 Average generation performance by target language.
Language Tasks Pass@Ql Pass@Q5 95% CI  Gain
Python3 14,890 66.3% 77.0% [76.3, 77.7)  10.7%
JavaScript 14,890 66.4% 74.9% [74.2,75.6] 8.5%
C# 14,800 62.6%  72.8% [72.1,735] 10.1%
Golang 14,890 63.9% 72.6% [71.9, 73.3] 8.7%
Java 14,890 62.4% 71.7% [71.0, 72.4] 9.3%
C++ 14,890 50.1% 63.0% [62.2, 63.8] 12.9%
C 14,890 50.4% 60.7% [59.9, 61.5] 10.3%
Rust 14,890 48.0% 59.2% [58.4, 60.0] 11.2%

Table 7 Cross-language consistency in multilingual code generation.

Model Mean Pass@5 Weakest Lang. Strongest Lang. Range Std.
qwen3-coder-480b-a35b-instruct 92.1% C (83.4%) Python3 (94.6%) 11.2%  3.6%
gpt-4o 88.6% C (81.6%) Python3 (91.3%)  9.7%  3.0%
qwen3-32b 87.6% C++ (78.4%) C# (92.2%) 13.8%  5.3%
glm-4 82.6% C (70.2%) Python3 (86.7%)  16.5%  5.2%
deepseek-v3.2 77.8% Java (64.2%) Golang (91.6%) 27.4%  8.8%
claude-3-5-haiku-20241022 77.2% Rust (27.8%) Golang (94.3%) 66.5%  23.3%
qwen3-14b 64.6% C++ (40.7%)  Python3 (80.6%)  39.9%  12.2%
qwen3-8b 52.1% C (35.1%) Python3 (62.4%) 27.3% 87%
qwen3-4b 43.2% C (27.3%) Python3 (57.3%)  30.0%  9.5%
qwen3-1.7b 24.1% Rust (10.6%) Python3 (36.7%)  26.1%  8.0%

Table 6 summarizes generation performance averaged over the evaluated models. Python3
achieves the highest average pass@5 at 77.0%, followed by JavaScript, C#, Golang, and Java,
while C++, C, and Rust obtain lower scores. Rust has the lowest average pass@5 at 59.2%,
producing a 17.8-point gap from Python3. Because the same problem set is evaluated in every
language, this difference cannot be explained simply by variation in problem composition.

The observed target-language differences likely reflect several interacting factors, including
language syntax and type constraints, library and interface conventions, evaluation templates,
and the models’ familiarity with different programming ecosystems. For example, lower
performance on C, C++, and Rust may be associated with stricter compilation requirements
or more explicit implementation constraints. However, these results should not be interpreted
as intrinsic rankings of programming-language difficulty.

The benefit of additional candidates also differs across target languages. For example,
C++ exhibits a larger pass@l-to-pass@Q5 gain than JavaScript or Golang. We defer a
systematic analysis of candidate-budget effects to RQ4.

6.2 Model-Level Cross-Language Consistency

Language-level averages do not reveal whether an individual model performs reliably across
all target languages. A model may achieve a high overall pass@5 while still exhibiting a
substantial weakness in one or more languages. We therefore characterize each model using
its mean pass@b5, strongest and weakest target languages, range, and standard deviation
across the eight languages.

Table 7 reveals that high average performance does not necessarily imply strong cross-
language consistency. GPT-40 has a relatively narrow 9.7-point range across languages,
while qwen3-coder-480b-a35b-instruct spans 11.2 points. By contrast, claude-3-5-haiku-
20241022 exhibits a 66.5-point range, largely due to its substantially lower Rust performance
relative to Golang and JavaScript. Deepseek-v3.2 also shows marked cross-language variation,
performing strongly on Golang but considerably worse on Java.

25:11

ESEM 2026



25:12

An Empirical Study of Multilingual Code Generation and Translation by LLMs

Table 8 Overall results for directed code translation.

Model Candidates Accepted Accepted Rate Pass@Ql Pass@5 95% CI
qwen3-coder-480b-a35b-instruct 28,000 24,433 87.3% 87.5% 90.5% [89.7, 91.2]
gpt-4o 28,000 17,295 61.8% 61.8% 85.8% [84.9, 86.7]
glm-4 28,000 15,141 54.1% 54.3% 73.8% [72.6, 74.9]
deepseek-v3.2 28,000 12,215 43.6% 43.8% 60.5% [59.2, 61.8]
claude-3-5-haiku-20241022 28,000 10,477 37.4% 37.4% 59.0% [57.7, 60.3]

These differences demonstrate that model ranking and multilingual consistency capture
distinct properties. Two models with similar average pass@5 can differ substantially in their
weakest target language and cross-language variance. For practical model selection, the
intended programming language may therefore matter as much as aggregate multilingual
performance.

Finding 2 (RQ2). Problem-aligned evaluation reveals substantial and model-dependent
variation across target languages. Python3 achieves the highest average pass@5 and Rust
the lowest, with a 17.8-point difference under the same problem set. Moreover, strong
average performance does not necessarily imply cross-language consistency: some models
remain stable across languages, whereas others exhibit pronounced language-specific

weaknesses.

7 RQ3: Directed Cross-Language Transfer

RQ3 examines source-code-conditioned translation as a complementary multilingual pro-
gramming setting. Unlike direct generation, translation must preserve the behavior of an
existing implementation while producing executable code in another language. We analyze
the 56 ordered source-target settings from overall, pair-level, role-level, and direction-level
perspectives. Unless otherwise stated, the pair-, role-, and direction-level translation analyses
report pass@b averaged over the five models evaluated on the translation task.

7.1 Translation Subset

For translation, we randomly select 100 problems from the all-language-covered set described
in Section 3. Each problem has an execution-validated implementation in all eight languages,
allowing every language to serve as a source and every other language as a target. The same
100 problems are used across all 56 source-target settings, and correctness is determined
through target-language execution.

7.2 Overall Translation Performance

Each model is evaluated on 100 problems and 56 ordered source-target settings, with five
candidates per instance, yielding 5,600 translation instances and 28,000 candidates per model.
As in generation, we report candidate-level acceptance together with instance-level pass@1
and pass@5.

Table 8 shows substantial differences across models. gwen3-coder-480b-a35b-instruct
achieves the highest pass@5 at 90.5%, followed by gpt-40 at 85.8%, while glm-4, deepseek-v3.2,
and claude-3-5-haiku-20241022 reach 73.8%, 60.5%, and 59.0%, respectively. The broad
ordering resembles the generation results in RQ1, suggesting that general code-generation
capability remains relevant when source code is provided. However, aggregate scores do not
reveal how translation performance varies across language settings.
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Figure 5 Directed source-target pass@5 matrix for code translation.

Table 9 Average pass@5 when each language is used as source or target in directed translation.

Language As Source As Target Target—Source (pp)

Python3 77.1% 62.7% -14.4
Java 77.6% 64.1% -13.5
C 74.5% 69.2% -5.3
C++ 75.2% 75.5% 0.3
C# 72.1% 72.2% 0.1
Golang 74.2% 81.7% 7.5
Rust 70.0% 82.0% 12.0
JavaScript 70.7% 84.0% 13.3

7.3 Source-Target Pair Effects

We next aggregate pass@5 by ordered source-target pair to examine variation hidden by
model-level averages.

Figure 5 shows substantial variation across source-target combinations. The same target
language can obtain markedly different pass@5 depending on the source language, indicating

that translation performance depends on their combination rather than on the target alone.

Such variation may reflect differences in source comprehension, target realization, type
adaptation, library mapping, and interface reconstruction.

7.4 Source and Target Language Roles

We further summarize each language by its average pass@5 when used as a source and when
used as a target.

Table 9 reveals clear role differences. Python3 and Java achieve higher averages as source
languages than as targets, whereas JavaScript, Rust, and Golang perform better in the
target role. C++ and C# are comparatively balanced. These results suggest that a single
language-level translation score can obscure differences between source interpretation and
target-language realization.
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Table 10 Largest directional gaps in code translation.

Direction Pass@5 Reverse Pass@5 Gap (pp)
Java— JavaScript 85.8% 58.4% 27.4
JavaScript—Python3  58.6% 84.6% 26.0
Python3—Rust 82.6% 58.6% 24.0
Java—Rust 82.4% 58.8% 23.6
Golang—Python3 63.0% 82.4% 19.4

Table 11 Generation performance by problem difficulty.

Difficulty Tasks Pass@Ql Pass@5 Pass@5 95% CI Gain

Easy 38,480  734%  81.8% [81.4, 82.2] 8.4%
Medium 57,840  57.7%  68.2% [67.8, 68.6] 10.5%
Hard 22800  36.8%  49.3% [48.7,49.9] 12.5%

7.5 Directionality

Finally, we compare each source-target setting with its reverse direction. If translation
behavior were symmetric, the two directions of a language pair would have similar pass@5;
the results show otherwise.

Table 10 reports the largest differences between reversed language pairs. For example,
Java—JavaScript reaches 85.8% pass@5, compared with 58.4% for JavaScript— Java, while
Python3—Rust reaches 82.6% compared with 58.6% in the reverse direction. Several reversed
pairs differ by more than 20 percentage points, showing that pair-level averages can conceal
substantial variation.

Together, the pair-, role-, and direction-level results show that source-code-conditioned
translation is highly heterogeneous across language settings. These aggregate observations
do not establish the causes of individual gaps, but they identify settings where source
interpretation and target realization warrant more detailed analysis.

Finding 3 (RQ3). Source-code-conditioned translation varies substantially across models
and language settings. Translation success depends on the source-target combination,
languages exhibit different source and target roles, and several reversed pairs differ by more
than 20 pass@5 points. Thus, aggregate translation scores alone provide an incomplete
view of cross-language transfer.

8 RQA4: Effects of Problem Attributes and Candidate Sampling

RQ4 examines how sensitive multilingual code-generation reliability is to problem character-
istics and candidate budget. We analyze performance across difficulty levels and algorithmic
topics, and then quantify how additional candidates change measured success.

8.1 Impact of Problem Difficulty

We first group generation results by the platform-provided difficulty labels: Easy, Medium,
and Hard. Table 11 reports pass@1, pass@5, 95% confidence intervals, and the gain from
five candidates.

Difficulty is strongly associated with generation success. Pass@5 decreases from 81.8%
on Easy problems to 68.2% on Medium and 49.3% on Hard problems, while pass@1 drops
from 73.4% to 36.8%. The gain from pass@1 to pass@5 also increases with difficulty, from



Q. Wang, C. Wen, D. Liu, X. Han, B. Yu, P. Chen, S. Qin, and C. Tian

Table 12 High-performing algorithmic tags in multilingual code generation.

Tag Tasks Pass@l Pass@5 Gain
Counting Sort 640 73.6% 82.5%  8.9%
Simulation 7,280 64.9% 75.1% 10.2%
Randomized 720 65.7% 72.8%  7.1%
Counting 8,400 62.8% 724%  9.6%
Reservoir Sampling 160 63.7% 71.9%  8.1%
Two Pointers 10,080 62.1% 71.6%  9.6%
String 38,080 59.1% 69.3% 10.3%
Sorting 19,600 58.7% 69.2% 10.5%
Math 24,320 59.4% 69.1% 9.8%
Array 72,080  58.7%  69.0% 10.3%

8.4 percentage points on Easy problems to 12.5 points on Hard problems. Thus, additional
candidates provide greater benefit on harder problems, but do not close the substantial
Easy-Hard performance gap.

8.2 Impact of Algorithmic Tags

Difficulty labels provide only a coarse characterization of problem complexity. We therefore
further group generation results by algorithmic tags. Because a problem may have multiple
tags, the same problem-language instance can contribute to multiple groups. Table 12 reports
the highest-performing tags by pass@5.

Higher-performing categories include Counting Sort, Simulation, Counting, Two Pointers,
String, Sorting, Math, and Array. Many of these tags correspond to frequently occurring
algorithmic patterns, which is consistent with models performing better on familiar imple-
mentation structures. However, tags overlap and are correlated with factors such as difficulty,
problem length, and data-structure requirements. The observed differences should therefore
be interpreted as descriptive topic-level variation rather than independent causal effects.

8.3 Benefit of Multiple Candidates

We next examine how the candidate budget affects measured reliability. Pass@1 reflects
first-attempt success, whereas pass@b5 captures whether an accepted solution appears within
five attempts.

Table 13 and Figure 6 show that the benefit of additional candidates varies substantially
across models. gqwen3-coder-480b-a35b-instruct begins with high pass@1 and gains only 3.0
percentage points by pass@5. In contrast, deepseek-v3.2 improves by 31.3 points, indicating
that later attempts frequently recover instances missed by the first candidate. Several smaller
Qwen3 models gain little from additional sampling, showing that a larger candidate budget
does not benefit all models equally.

The translation results exhibit the same general phenomenon. For example, gpt-4o
improves from 61.8% pass@1 to 85.8% pass@5, while claude-3-5-haiku-20241022 and glm-4
gain 21.7 and 19.5 percentage points, respectively. These results reinforce that single-
candidate evaluation can substantially underestimate models whose successful programs
appear in later attempts.

8.4 Relative Magnitude of Empirical Effects

Finally, we place the observed sources of variation in context using descriptive range-based
gaps. These quantities summarize different analyses and should not be interpreted as causal
effect sizes or directly comparable estimates of importance.
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Table 13 Pass@5 gains over pass@1 from generating five candidates.

Task Model Pass@l Pass@Q5 Gain
Generation qwen3-coder-480b-a35b-instruct 89.1% 92.1%  3.0%
Generation  gpt-4o 77.2% 88.6% 11.4%
Generation  qwen3-32b 74.7% 87.6% 12.8%
Generation  glm-4 67.4% 82.6% 15.2%
Generation  deepseek-v3.2 46.4% 77.8% 31.3%
Generation  claude-3-5-haiku-20241022 65.1% 77.2%  121%
Generation  qwen3-14b 53.1% 64.6% 11.5%
Generation qwen3-8b 50.2% 521%  1.8%
Generation  qwen3-4b 41.4% 432%  1.8%
Generation  qwen3-1.7b 22.9% 24.1%  1.2%
Translation —qwen3-coder-480b-a35b-instruct 87.5% 90.5%  3.0%
Translation — gpt-4o0 61.8% 85.8% 24.0%
Translation  glm-4 54.3% 73.8% 19.5%
Translation — deepseek-v3.2 43.8% 60.5% 16.7%
Translation claude-3-5-haiku-20241022 37.4% 59.0% 21.7%
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Figure 6 Generation pass@k curves by model.

Table 14 shows that model capability produces the largest observed generation gap, with
68.0 pass@5 points between the strongest and weakest models. Problem difficulty produces a
32.5-point Easy-Hard gap, while the spread in generation sampling gains reaches 30.1 points.
For context, the largest translation directional gap observed in RQ3 is 27.4 points, and
the generation target-language range is 17.8 points. These results illustrate that measured
performance depends not only on model choice, but also on the problem set, target language,
and candidate budget.

Finding 4 (RQ4). Multilingual code-generation reliability is highly sensitive to both
problem characteristics and candidate budget. Harder problems substantially reduce
pass@1 and pass@b5, algorithmic tags reveal topic-level variation, and the benefit of
additional candidates differs markedly across models and difficulty levels. Therefore,
aggregate pass@k should be interpreted together with problem- and sampling-aware

analyses.
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Table 14 Magnitude of major empirical effects observed in MCIBENCH.

Factor Comparison Observed Gap (pp)
Model capability in generation best vs. weakest model pass@Q5b 68.0
Problem difficulty in generation Easy vs. Hard pass@5 32.5
Candidate sampling in generation largest vs. smallest pass@5 gain 30.1
Model capability in translation best vs. weakest model pass@5 31.5
Translation directionality largest A—B vs. B—A gap 27.4
Target language in generation easiest vs. hardest language pass@5 17.8
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Figure 7 Runtime-memory efficiency of accepted generated programs.

9 RQ5: Runtime-Memory Efficiency of Accepted Code

RQ5 examines whether functionally correct programs generated by different LLMs exhibit
comparable execution quality. Because pass@Fk treats all accepted programs as equally
successful, we conduct an accepted-only analysis of runtime and memory efficiency.

9.1 Efficiency Measurement

We analyze accepted generated programs only. For each problem-language pair and model,
if multiple candidates are accepted, we retain the first accepted candidate, corresponding
to a practical first-success strategy. Because raw runtime and memory measurements are
not directly comparable across problems or target languages, we normalize them within
each problem-language group. Specifically, for a measurement 2 (runtime or memory), we
compute its relative efficiency as e(z) = =%
programs within the same problem-language group. Each accepted program is therefore

, where Z is the mean measurement of accepted

compared only with other accepted programs solving the same problem in the same language.

Higher runtime-efficiency and memory-efficiency scores indicate faster execution and lower
memory consumption, respectively. For each model, we aggregate these normalized scores by
averaging over its accepted problem-language instances.

9.2 Runtime-Memory Efficiency across Models

Figure 7 summarizes post-correctness execution quality across models. Each point represents
a model; the x- and y-axes denote normalized runtime and memory efficiency, respectively,
point size represents candidate acceptance rate, and error bars show bootstrap confidence
intervals. Larger values indicate better relative efficiency.
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Correctness and execution efficiency do not necessarily align. qwen3-coder-480b-a35b-
instruct achieves the highest candidate acceptance rate and competitive memory efficiency,
but does not dominate runtime efficiency. Conversely, deepseek-v3.2 has substantially lower
correctness than the strongest models, yet its accepted programs achieve the highest relative
runtime efficiency in this analysis. Differences in memory efficiency are smaller, but accepted
programs are nevertheless not resource-equivalent.

These results show that pass@b captures whether a model can produce a correct program,
but not the execution quality of that program. A model with high correctness may generate
relatively expensive accepted solutions, while a lower-performing model may produce efficient
programs on the subset of problems it solves. Since the analysis is conditioned on successful
outputs and relies on platform-reported measurements, these results should be interpreted as
relative post-correctness efficiency rather than unconditional model efficiency.

Finding 5 (RQ5). Functional correctness does not imply comparable execution quality.
Accepted programs exhibit meaningful runtime-memory differences across models, and
models with higher pass@k do not necessarily dominate post-correctness efficiency. Runtime
and memory therefore provide complementary information beyond correctness, while
remaining accepted-only and platform-dependent measures.

10 Discussion

Our results show that multilingual LLM code capability cannot be adequately characterized
by a single aggregate pass@k score. Even under problem-level alignment, performance varies
across target languages, translation settings, problem characteristics, candidate budgets,
and post-correctness execution quality. These observations lead to several implications for
multilingual code evaluation. First, evaluation should be language-aware, because models
with similar average performance may exhibit substantially different strengths and weaknesses
across target languages. Second, task formulation should be considered explicitly: direct
generation and source-code-conditioned translation impose different requirements, and trans-
lation performance can further vary across source-target settings. Third, evaluation should
be problem-aware, since difficulty levels and algorithmic topics reveal non-uniform behavior
across problems. Fourth, it should be sampling-aware, because pass@1 and pass@5 capture
different aspects of reliability, and the benefit of additional candidates varies considerably
across models. Finally, it should be quality-aware, as functionally correct programs can
still differ in runtime and memory efficiency. Model selection for multilingual programming
should therefore consider the intended language, translation setting, problem characteristics,
candidate budget, and execution-quality requirements in addition to aggregate correctness.

Threats to Validity. Several threats affect the interpretation of our results. First, MCIBENCH
focuses on online algorithmic programming problems in eight mainstream languages, so the
findings may not generalize to repository-level development, domain-specific languages, or
production maintenance tasks. Second, the evaluated problems are publicly available and
may have appeared in model training data; our results should therefore be interpreted as
benchmark performance under a problem-aligned execution protocol rather than evidence of
generalization to unseen tasks. Third, prompt design, decoding settings, post-processing rules,
language templates, and submission interfaces may affect measured performance, although
we apply a common protocol across models and languages and release the corresponding
artifacts for inspection. Fourth, the translation analysis uses 100 randomly selected problems
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from the all-language-covered set, and the execution-validated source implementations may
differ in provenance, style, idioms, and complexity; these factors can influence translation
performance and limit the generality of source-target comparisons. Finally, execution-based
correctness depends on the available tests and does not establish full semantic equivalence.
Recent work combining LLMs with formal verification and proof synthesis suggests comple-
mentary mechanisms for stronger semantic validation [15, 28, 7, 27]. Runtime and memory
are analyzed only for accepted programs and are platform-dependent. Accordingly, the
efficiency results should be interpreted as relative post-correctness indicators rather than
unconditional or machine-independent measures of model quality.

11 Conclusion

This paper presented a large-scale empirical study of problem-aligned multilingual code
generation and source-code-conditioned translation by LLMs. Across 1,489 programming
problems and eight languages, our generation results reveal substantial variation across
models, target languages, problem characteristics, candidate budgets, and execution quality;
a complementary analysis on 100 problems further shows substantial variation across source-
target translation settings. These findings demonstrate that aggregate pass@k alone provides
an incomplete view of multilingual code capability. Reliable evaluation should therefore
consider cross-language consistency, translation settings, problem and sampling effects, and
post-correctness execution quality.

Data Availability Statement

The benchmark data, prompts, model outputs, executable submissions, execution records, and
analysis scripts are publicly available at https://github.com/Xidian-ICTT-GZ/MCIBench.
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