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Can your LLM fix bugs beyond Python?

The task of issue resolving aims to modify a codebase to generate a patch
that address a given issue. However, most existing benchmarks focus
almost exclusively on Python, making them insufficient for evaluating LLMs
across different programming languages. To bridge this gap, we introduce a
multilingual issue-resolving benchmark, called Multi-SWE-bench, covering 8
widely used programming languages: Python, Java, TypeScript, JavaScript,
Go, Rust, C, and C++. It includes a total of 2,132 high-quality instances,
carefully curated by 68 expert annotators, ensuring a reliable and accurate
evaluation of LLMs on the issue-resolving task. Based on human-annotated
results, the issues are further classified into three difficulty levels. We
evaluate a series of state-of-the-art models on Multi-SWE-bench, utilizing
both procedural and agent-based frameworks for issue resolving.
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The above figure illustrates the distribution of issue lengths (in tokens) in
Multi-SWE-bench, which follows a power law, with the majority of issue
being under 1,000 tokens. To explore the effect of description length, the
Issues are categorized into 5 intervals: <100, 100-400, 400-700, 700-1000,
and >1000 tokens. The absence of a corresponding bars indicates cases
where no issues are successfully resolved.
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Resolved rate (%) of different models on Multi-SWE-bench
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