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Abstract—In recent years, large language models (LLMs) have
showcased significant advancements in code generation. However,
most evaluation benchmarks are primarily oriented towards
Python, making it difficult to evaluate other programming
languages, such as Swift, with high quality. By examining widely
established multilingual benchmarks like HumanEval-XL and
MultiPL-E, we identified critical issues specific to their Swift
components, making them insufficient or even irrelevant for
assessing LLM coding capabilities on Swift. Unlike these existing
approaches, which prioritize rapid scaling and generalization
by automatically translating Python-centric benchmarks with
LLMs, we adopt a quality-over-quantity methodology. We present
SwiftEval, the first Swift-oriented benchmark consisting of 28
carefully hand-crafted problems, and evaluate 44 popular Code
LLMs on it. Our results show significant LLM scores drop for
problems requiring language-specific features, most noticeable in
the models of smaller sizes.

Index Terms—Program Synthesis, Code Generation Bench-
mark, Large Language Models, Swift Programming Language

I. INTRODUCTION

Over the past few years, Large Language Models for Code
(Code LLMs) [1]–[5] have significantly impacted the program-
ming and software engineering fields, excelling in tasks such
as code completion [6], translation [7], summarization [8],
and more. The advancement of Code LLMs in the natural
language-to-code translation task [1], [9]–[11] is particularly
notable, reflecting the growing attention to this area. To drive
progress in the field of neural code generation, it is crucial to
develop robust and high-quality evaluation methods. Recent
approaches have primarily focused on evaluating English-to-
Python code generation (e.g. [1], [9], [12], [13]). While there
has been a growing interest in expanding evaluation to other
programming [10], [14] and natural [15] languages, typically
established multilingual benchmarks incorporate other pro-
gramming languages by leveraging LLMs capabilities to trans-
late human-written Python problems. However, such transla-
tion pipelines often lack careful consideration of the unique
features and characteristics of other programming languages,
such as compiled vs. interpreted languages, static vs. dynamic
typing, object-oriented vs. functional programming paradigms,
and low-level vs. high-level languages, to name a few. To
ensure the high-quality development of multilingual Code
LLMs, evaluations must be tailored to each programming
language, respecting its unique features.

To demonstrate the effect of such tailoring, we are taking
the Swift programming language, and analyze Code LLMs on
established multilingual benchmarks for it. Swift is a statically
typed, compiled programming language introduced by Apple
in 2014 and getting steady adoption among Apple developers,
in 2024 being ranked in top-20 in the TIOBE [16] index and
residing in the third quartile of the RedMonk ranking [17].
We analyzed state-of-the-art multilingual benchmarks cover-
ing the Swift programming language, including MBXP [10],
HumanEval-XL [15], and MultiPL-E [14]. Our experiments
demonstrate that these benchmarks fall short in providing
a comprehensive and high-quality evaluation of Swift code
generation due to their Python-centric design. We provide a
detailed discussion of the issues encountered – issues that ex-
tend to other programming languages — and include practical
examples. To address these limitations, we present SwiftEval,
the first Swift-oriented benchmark consisting of 28 carefully
hand-crafted problems, and evaluate 44 popular Code LLMs
on it. We report the comparative results of the evaluations
conducted on both the established HumanEval benchmark and
our SwiftEval. Our findings demonstrate that even a small,
but language-tailored benchmark can provide more insightful
results than large, popular, but general-purpose benchmarks,
advancing the programming language understanding capabili-
ties of large language models.

II. BACKGROUND AND MOTIVATION

OpenAI’s HumanEval [1] benchmark is widely used to mea-
sure the functional correctness of generated code. HumanEval
consists of 164 programming problems, assessing Python
language comprehension, algorithms, and mathematics. The
problems include a function signature, docstring, body, and
several unit tests. Instead of relying on standard machine
translation metrics like BLEU [18] or CodeBLEU [19] to
compare the ground truth code and the LLM-generated one,
authors introduce the pass@k metric to calculate scores based
on a number of unit tests that the generated code passes.
However, HumanEval popularity has raised concerns about
potential memorization: Yang et al. [20] report that pre-
training sets such as RedPajama-Data-1T and StarCoder-Data
overlap with HumanEval by 8–18%. This issue can compro-
mise the benchmark-based evaluation due to model overfitting,
an effect we observe in Section IV. Following HumanEval,
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the Google Research team proposed the Most Basic Python
Problems (MBPP) [9], another widely used benchmark. It
consists of 974 programming problems, designed to test LLM
synthesis capabilities from English to Python with focus on
programming fundamentals and standard library functionality.
In recent years, many fresh benchmarks containing problem
and test sets and relying on the pass@k metric were proposed
for data science tasks [21], class-level code generation [22],
cross-file code completion [23], and more.

Gradual extension of benchmarks to other programming
languages had its issues due to direct translations from Python
to another language with unique features and syntax that
don’t align with Python. For instance, MBXP [10] classifies
languages into ’in-domain’ (present in training datasets, such
as Python, Java, and JavaScript) and ’out-of-domain’ (e.g.,
C++, Ruby, Swift), as primary motivation of the research was
to assess the generalization ability of language models on
out-of-domain languages. While in-domain languages receive
careful translations and manual validation, out-of-domain lan-
guages often lack such attention, resulting in benchmarks that
contain numerous errors. Moreover, even among in-domain
languages, challenges persist. For example, [24] emphasizes
Java’s object-oriented features and underscores the importance
of evaluating advanced programming concepts. It critiques the
relevance of directly translating Python-oriented benchmarks,
which prioritize functional programming and basic coding
skills, to an object-oriented language like Java.

For Swift the situation is even worse. Only 4 of 27 discov-
ered benchmarks [24], [25] support Swift, although only as an
additional multilingual translation. On top of that, problems
not only miss commonly used language features, but include
critical translation mistakes that make the assessment invalid.
For instance, HumanEval-XL [15] is a multilingual code
generation benchmark that establishes connections between 23
natural languages and 12 programming languages. Although
it includes Swift, a closer look reveals significant translation
issues. For instance, 27% of problems use AnyHashable
as input argument type, which breaks Swift’s type system
and confuses language models. Additionally, the translations
ignore essential Swift features like optional values, forcing
models to generate workarounds and return "none" in-
stead of conventional nil . Due to these issues, we found
HumanEval-XL unsuitable for Swift code quality assessment.
Another benchmark, MultiPL-E [14], translates HumanEval
and MBPP into 18 other programming languages, including
Swift. The most popular multilingual leaderboard ”Big Code
Models Leaderboard” 1 is based on this benchmark. Despite
its popularity, we found that 8 problems from the HumanEval
subset weren’t solved even once. These failures were due to
various reasons, such as the operator reserved keyword
usage as function argument label or misaligned unit tests. For
instance, one task expects the solution to round the answer
to the nearest integer using round function, but its test
cases assume Python’s bankers rounding, which rounds to the

1https://huggingface.co/spaces/bigcode/bigcode-models-leaderboard

nearest even integer. For example, rounding 8.5 yields 8 in
Python but 9 in C++, JavaScript, or Swift. This highlights
the Python-centric design of HumanEval and its unsuitability
for other languages. In the MultiPL-E (MBPP) subset, we
also found a lot of critical issues (10% of problems) with
tuples. As an example, we want to highlight one task where
an array of integers should be expanded into a tuple. This task
is completely unsolvable in Swift because tuples in Swift have
fixed sizes, unlike Python’s dynamic ones.

III. SOLUTION

To address the limitations of existing code generation bench-
marks, we decided to create our own benchmark. We designed
SwiftEval, a benchmark featuring manually crafted problems,
rather than relying on translations from other benchmarks. The
benchmark is designed specially for the Swift programming
language and considers unique Swift features like static typing,
protocols, generics, enumerations, closures, etc. These Swift
features are not covered by any other benchmark, so we found
it important to focus on them. In its current state, SwiftEval
contains 28 unique problems. The problems were designed
by an industry Software Engineer with deep Swift knowledge.
Each problem has a natural language query, an additional code
context to consider, a code entrypoint where generation starts,
and 3-5 unit tests to validate correctness. While HumanEval
has only function-level tasks, we combined both function-
level and class-level approaches. In addition, we focused on
creating more practical problems, not only algorithmic ones.
Our benchmark covers a diverse set of problems, including
tasks such as running system executables with arguments,
calculating abstract file-system metadata, comparing semantic
version strings, and implementing design patterns such as
state machine, dependency injection container, cache with
maximum capacity, among others. Problem details, together
with experiment results (Section IV) are available online 2.

IV. EVALUATION

We performed 44 experiments on open-source and closed-
source models of different sizes. For each experiment, we cal-
culate a pass@1 score with temperature 0.2, token probability
0.95, and 20 completions for each problem. While the OpenAI
team used 200 completions for each problem to estimate
pass@k reliably in [1], later work [14] observed that pass@1
rates appear to stabilize around 20 samples, suggesting that
future studies could achieve stable estimates with significantly
lower computational overhead. For open-source models, we
used the default model prompt template provided in the
tokenizer configuration when available. The use of the default
model prompt template is important because it aligns with
the model’s pretraining, ensuring optimal token handling. We
used the OpenAI API and HuggingFace Transformers library
(version 4.45.2) for code generation. The generated code was
compiled using the official Apple Swift compiler (version
5.10) and executed on a test machine running macOS 14.6.1.

2https://doi.org/10.5281/zenodo.14445601
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TABLE I

CODE GENERATION EVALUATION COMPARISON OF HUMANEVAL (PYTHON) AND SWIFTEVAL (SWIFT) BENCHMARKS. COLOR CODING INDICATES
PERFORMANCE CHANGES WITH SAME LEVEL , MINOR GAIN , MAJOR GAIN , MINOR DROP , MAJOR DROP , CRITICAL DROP .

Experiment HumanEval SwiftEval Difference

Model Size Score Rank Score Variance Rank Score Rank

GPT-4o - 90.3 2 88.9 ±2.6 1 -1.4 1

GPT-4o Mini - 87.2 7 85.6 ±2.9 3 -1.6 4

GPT-4 Turbo - 88.2 6 87.1 ±2.7 2 -1.1 4

GPT-4 - 86.6 8 82.2 ±3.2 5 -4.4 3

GPT-3.5 Turbo - 68.0 21 81.3 ±3.2 6 13.3 15

Codestral Mamba 7B 75.0 19 58.9 ±4.1 11 -16.1 8

Codestral 22B 81.1 13 77.8 ±3.4 8 -3.3 5

CodeLlama Instruct 7B 34.8 41 28.5 ±3.8 27 -6.3 14

CodeLlama Instruct 13B 42.7 37 43.7 ±3.9 16 1.0 21

CodeLlama Instruct 34B 41.5 38 42.1 ±3.9 17 0.6 21

CodeLlama Instruct 70B 67.8 22 52.3 ±4.0 14 -15.5 8

CodeGemma 2B 31.1 44 15.2 ±2.9 37 -15.9 7

CodeGemma 7B 44.5 35 26.9 ±3.8 30 -17.6 5

CodeGemma Instruct 7B 56.1 31 28.1 ±3.7 28 -28.0 3

CodeGemma 1.1 Instruct 7B 60.4 27 36.2 ±4.1 22 -24.2 5

CodeGeeX2 6B 35.9 39 2.5 ±1.3 44 -33.4 -5

CodeGeeX4 9B 82.3 12 53.7 ±3.9 12 -28.6 0

CodeQwen1.5 7B 51.8 32 41.5 ±3.8 18 -10.3 14

CodeQwen1.5 Chat 7B 83.5 11 37.9 ±3.9 21 -45.6 -10

Qwen2.5 Coder 1.5B 43.9 36 11.3 ±2.7 39 -32.6 -3

Qwen2.5 Coder 7B 61.6 26 25.5 ±3.5 31 -36.1 -5

Qwen2.5 Coder Instruct 7B 88.4 5 40.0 ±3.8 19 -48.4 -14

Qwen2.5 Coder Instruct 14B 89.6 4 62.8 ±4.0 10 -26.8 -6

Qwen2.5 Coder Instruct 32B 92.7 1 79.1 ±3.4 7 -13.6 -6

DeepSeek Coder Instruct 1.3B 65.2 24 10.8 ±2.6 40 -54.4 -16

DeepSeek Coder Instruct 6.7B 78.6 17 17.5 ±3.1 36 -61.1 -19

DeepSeek Coder Instruct 33B 79.3 15 32.0 ±3.8 25 -47.3 -10

DeepSeek Coder V2 Instruct 16B 81.1 13 69.1 ±3.7 9 -12.0 4

DeepSeek Coder V2 Instruct 236B 90.2 3 82.4 ±3.2 4 -7.8 -1

Granite Code Instruct 3B 51.2 33 12.1 ±2.7 38 -39.1 -5

Granite Code Instruct 8B 57.9 30 23.1 ±3.6 32 -34.8 -2

Granite Code Instruct 20B 60.4 27 17.6 ±3.1 35 -42.8 -8

Granite Code Instruct 34B 62.2 25 32.1 ±3.9 24 -30.1 1

StarCoder 2 3B 31.7 43 21.3 ±3.4 33 -10.4 10

StarCoder 2 7B 35.4 40 28.9 ±3.6 26 -6.5 14

StarCoder 2 15B 46.3 34 45.5 ±4.1 15 -0.8 19

StarCoder 2 Instruct 15B 72.6 20 53.6 ±4.0 13 -19.0 7

Stable Code 3B 32.4 42 9.1 ±2.5 42 -23.3 0

Stable Code Instruct 3B 59.0 29 10.2 ±2.4 41 -48.8 -12

OpenCodeInterpreter 6.7B 76.2 18 18.9 ±3.1 34 -57.3 -16

OpenCodeInterpreter 33B 79.3 15 27.3 ±3.5 29 -52.0 -14

Yi-Coder Chat 1.5B 67.7 23 4.9 ±1.7 43 -62.8 -20

Yi-Coder Chat 9B 85.4 10 33.9 ±3.9 23 -51.5 -13

Nxcode-CQ 7B 86.6 8 39.7 ±4.0 20 -46.9 -12



Table I shows a comparison of the evaluation results for
the HumanEval and SwiftEval benchmarks. Benchmark scores
estimate a model’s true performance with variance due to
finite sample sets, so we report it via 95% confidence intervals
calculated using the bootstrapping method. A significant gap
exists between OpenAI’s ChatGPT models and open-source
models. Only 3 models came close to ChatGPT’s perfor-
mance: DeepSeek Coder V2 Instruct [26] with 236B parame-
ters, Qwen2.5 Coder Instruct [27] with 32B parameters, and
Codestral [28] with 22B parameters. Within our benchmark,
small models did not perform well, and their scores dropped
significantly, while bigger models stayed more stable.

Fig. 1. Performance on HumanEval (Python) Across Model Sizes

Figure 1 with a dependency plot between the size of models
we consider (under 70B parameters) and their evaluation
scores for the HumanEval benchmark. The blue points rep-
resent specific models, plotted according to their size and
evaluation scores, while the blue lines denote models with
unknown sizes. The near-horizontal Ordinary Least Squares
(OLS) trendline (orange) indicates a weak correlation between
model size and performance, where, unexpectedly, small mod-
els achieve scores comparable to state-of-the-art models such
as OpenAI’s ChatGPT (red ellipse area).

Fig. 2. Performance on SwiftEval (Swift) Across Model Sizes

Figure 2 shows a plot with the same structure but within
SwiftEval benchmark evaluations. Here, we can see a more

inclined trendline compared to the HumanEval version. Such
a trendline represents a better dependency between model
size and score. HumanEval shows a weak correlation (0.30)
between model size and score, which supports the point of
potential benchmark memorization during model training. On
the other hand, SwiftEval has a higher correlation (0.50)
between model size and score, which makes us more confident
in our results.

V. RELATED WORK

During the last year, many authors reported different draw-
backs of the existing benchmarks. In JavaBench [24], authors
highlight that existing benchmarks primarily assess basic cod-
ing skills while overlooking advanced features. In CPP-UT-
Bench [29], authors report that the existing coding bench-
marks mostly cover high-level languages, and they are far
from real-world software engineering tasks. In HumanEval.jl
[30], authors suggest improving MultiPL-E prompts transla-
tion because the original prompts are not that accurate and
conventional regarding Julia programming language. In Rust
Compiling Benchmark [31], authors provide a benchmark
for Rust programming language but only to check if the
generated code compiles successfully. We find this method
viable for compiled languages as it requires less time to design
problems. In SwiftEval, 86% of evaluations (12,518) failed due
to compilation errors, while only 14% (2,153) failed because
of unit test failures.

VI. LIMITATIONS

We do not assess the security aspect of the generated
code, so we strongly recommend running test executions in a
virtual machine or another sandboxed environment for safety.
SwiftEval currently contains 28 problems, which is signifi-
cantly fewer than HumanEval (164 problems) or MBPP (974
problems), so we assume that results may vary slightly when
more problems are added. This limitation results from the fact
that it is much more difficult to create hand-crafted problems
than to translate existing problems from other benchmarks.

VII. CONCLUSIONS AND FUTURE WORK

We find that the quality of popular multilingual benchmarks
is generally inadequate with respect to the Swift programming
language. Therefore, we recommend that any future evalu-
ation efforts that involve translated prompts carefully verify
the quality of the translation for each specific programming
language before reporting the results or drawing conclusions
about a model’s performance on the language of interest.
However, the bigger problem is the multilingual benchmark
Python-centric base. We agree with other authors about Hu-
manEval limitations and suggest other authors create fresh
micro benchmarks to test your specific programming language.
In future work we will address generated code secureness and
efficiency. We also plan to create subcategories (e.g. design
patterns, system frameworks, user interfaces) to understand
model strengths and weaknesses. Such analysis will help to
understand what current training datasets are missing.
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