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Abstract

Coding remains one of the most fundamen-
tal modes of interaction between humans and
machines. With the rapid advancement of
Large Language Models (LLMs), code gen-
eration capabilities have begun to significantly
reshape programming practices. This develop-
ment prompts a central question: Have LLMs
transformed code style, and how can such trans-
formation be characterized? In this paper, we
present a pioneering study that investigates
the impact of LLMs on code style, with a fo-
cus on naming conventions, complexity, main-
tainability, and similarity. By analyzing code
from over 20,000 GitHub repositories linked
to arXiv papers published between 2020 and
2025, we identify measurable trends in the evo-
lution of coding style that align with charac-
teristics of LLM-generated code. For instance,
the proportion of snake_case function names in
Python code increased from 40.7% in Q1 2023
to 49.8% in Q3 2025. Furthermore, we inves-
tigate how LLMs approach algorithmic prob-
lems by examining their reasoning processes.
Our experimental results may provide the first
large-scale empirical evidence that LLMs affect
real-world programming style.1

1 Introduction

The widespread use of Large Language Models
(LLMs) and LLM-powered tools (such as Copilot
and Cursor) in coding has been confirmed through
questionnaire surveys (Liang et al., 2024a; Daigle
and Staff, 2024; Peslak and Kovalchick, 2024; Li
et al., 2025). This paper takes a different perspec-
tive: Can the transformation driven by LLMs be
observed in real-world code?

† Equal Contribution. * Corresponding Authors. ‡ Project
Lead.

1We release all the experimental dataset and source code
at: https://github.com/ignorancex/LLM_code.

max_length = 1
current_length = 1

for i in range(1, n):
 if l[i] > l[i - 1]:
  current_length += 1
  max_length = max(max_length, current_length)
 else:
  current_length = 1

ml = 1
mlt = 1
for i in range(1, n):
 if l[i] > l[i-1]:
  mlt += 1
 else:
  ml = max(ml, mlt)
  mlt = 1

LLM-generated	code

Human-written	code

Prompt: Your task is to carefully read 
the following problem description and 
revise the given code ... 

(a) An example of code rewritten by LLMs.
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(b) Frequency of the variable name max_length in our human-
written code dataset and LLM-processed code, as well as its
coverage across the GitHub repositories we collected. The
dashed lines represent the results of the linear regressions.

Figure 1: LLMs’ preference for longer variable names
and snake_case naming patterns.

Previous research has explored the influence
of LLMs in the text and speech domains (Liang
et al., 2024b; Geng et al., 2024). Code gener-
ated by LLMs differs in style from human-written
code (Wang et al., 2024; Park et al., 2025). Thus,
we could potentially adopt a similar approach to
observe the impact of LLMs on code. Figure 1a
presents a motivating example where the short
variable names (i.e., ml and mlt) are replaced
with longer and more descriptive names following
the snake_case convention (i.e., max_length and
current_length). In addition, Figure 1b shows
that LLMs are more likely to use the variable name
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max_length compared to humans, and its preva-
lence in GitHub repositories has also increased.

The rapid adoption of LLMs has raised concerns
about code integrity (Wadhwa et al., 2024), po-
tential copyright infringement (Wan et al., 2024),
and broader ethical or legal implications (Xu et al.,
2024b). These issues have motivated efforts to
trace and attribute the influence of LLM-assisted
programming. Therefore, we conduct a pioneering
study to investigate the influence of LLMs on code
from the following perspectives.

From the perspective of naming patterns, we
first categorize the names of variables, func-
tions, and files into several distinct formats (e.g.,
snake_case). By analyzing the names of variables
and functions in the GitHub repository code, we
observe a clear increase in the usage of LLM-
preferred naming styles.

From the perspective of code complexity and
maintainability, we simulate code generated and
rewritten by LLMs, extract subsets for analysis,
and compare them with human-written code from
GitHub. Our results indicate that LLM-rewritten
code tends to be more concise under certain met-
rics—notably, cyclomatic complexity in Python,
although this improvement is less pronounced in
stylistic aspects such as naming conventions and
no clear trend is observed in the GitHub code.

From the perspective of code similarity, the
rewritten code exhibits relatively high similarity
to the original, especially compared to code gen-
erated directly by LLM. This observation further
highlights that different usage scenarios, such as
code rewriting versus direct generation, can pro-
duce different outcomes.

Based on the above findings, we further explore
whether the generated content influences the subse-
quent code generation abilities of LLMs. By ana-
lyzing the models’ thinking process, we find that
their outputs do not always align with the expected
algorithmic approaches for the given problems.

We believe the findings in our work will enhance
knowledge about LLMs’ programming abilities
and coding styles, providing novel insights for as-
sessing and monitoring their broader impacts.

2 Background

2.1 Position of Our Work

Comparisons between LLM-generated code and
human-written code can be conducted from mul-
tiple perspectives. Previous research has investi-

gated various methods to distinguish between the
two, such as using perplexity scores (Xu and Sheng,
2024) and manually designed features (Bulla et al.,
2024; Park et al., 2025).

However, rather than focusing on differentiating
LLM-generated code from human-written code,
our work considers a more realistic and increas-
ingly common scenario: LLM-assisted code au-
thoring, where human developers and language
models collaboratively produce code. For example,
we compare the similarity between human-written
code and code that has been rewritten or generated
by LLMs using cosine similarity and Jaccard simi-
larity. To better grasp how LLMs generate code, we
also carefully analyze the reasoning chains to see if
they think about the algorithms that the problems
were designed to elicit.

2.2 Code Style Measurements

Naming Patterns. The naming in code generated
by LLMs has its own characteristics (Park et al.,
2025). Therefore, we categorize variable, function,
and file names into several distinct formats: sin-
gle letter, lower-case, UPPERCASE, camelCase,
snake_case, PascalCase, and endsWithDigits. Be-
sides, the length of the names is also considered.

Cyclomatic Complexity. Cyclomatic complex-
ity (McCabe, 1976) is a metric used to measure
the number of linearly independent paths in a pro-
gram’s control flow. Graylin et al. (2009) ex-
plored the relationship between cyclomatic com-
plexity and lines of code. Some researchers use this
method to analyze code generated by LLMs (Dou
et al., 2024). Given the control-flow graph (CFG)
of a code snippet, let E denote the number of edges,
N the number of nodes, and P the number of con-
nected components. The cyclomatic complexity
is calculated by G = E − N + 2P . For a single
connected component (P = 1), it simplifies to the
number of decision points plus one. Each occur-
rence of if, for, while, etc., is counted as one
decision point.

Halstead Complexity Metrics. Halstead com-
plexity provides a quantitative assessment of code
complexity based on the use of operands and op-
erators (Hariprasad et al., 2017). It can be viewed
from the following perspectives:

• Program Vocabulary: n = n1 + n2

• Program Length: N = N1 +N2
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Figure 2: The process of our experiments.

• Calculated Program Length: N̂ = n1 · log2 n1 +
n2 · log2 n2

• Volume: V = N · log2 n
• Difficulty: D =

(
n1
2

)
·
(
N2
n2

)

• Effort: E = D · V
• Time to Implement: T = E

18 (in seconds)

• Estimated Bugs: B = E2/3

3000

where n1 is the number of distinct operators, n2

is the number of distinct operands, N1 is the total
number of operator occurrences, and N2 is the total
number of operand occurrences.

Maintainability Index. The metrics related to
maintainability are defined as follows:

• Standard maintainability index:

MIstd = 171−5.2·ln(V )−0.23·CC−16.2·ln(S)

• Custom maintainability index:

MIcustom = MIstd + 50 · sin
(√

2.4 · CR
)

where V denotes the Halstead volume, CC is the
cyclomatic complexity, S is the number of logical
source lines of code, and CR is the comment ratio.

Code Similarity. Let A and B be the words of
the code segment, and let v⃗A and v⃗B be their cor-
responding vector representations. Then we can
use the following cosine similarity to compare the
similarity of the code, defined as follows:

simcosine(A,B) =
v⃗A · v⃗B

∥v⃗A∥ · ∥v⃗B∥
. (1)

Similarly for Jaccard similarity:

simJ(A,B) =





1, if A = ∅ and B = ∅
0, if A = ∅ or B = ∅
|A∩B|
|A∪B| , otherwise

(2)

Label Similarity. To refine our analysis, we ana-
lyze the matching of reasoning and labels for each
question separately. Let T denote the set of all
labels. For each question q, let Aq ⊆ T denote
the set of ground-truth labels (from the question
description), and let Rq ⊆ T be the set of labels
appearing in the reasoning process. Then we define
the match and error metrics as follows:

match(q) = 1{Aq ∩Rq ̸= ∅}, (3)

error(q) = 1{(T \Aq) ∩Rq ̸= ∅}, (4)

where 1{·} is the indicator function, i.e., 1{P} = 1
if condition P is true and 0 if condition P is false.
The match rate and error rate are computed as the
average number of matches and errors per question.

3 Study Design

As illustrated in Figure 2, our process begins with
the collection of human-written code from GitHub
and Codeforces, after which we generate code us-
ing LLMs with various prompting strategies. By
comparing the differences between human-written
and LLM-generated solutions, and analyzing the
temporal trends of these metrics on GitHub, we
investigate the relationship between the two. Fur-
thermore, to broaden the scope of our study, we
select a subset of problems and evaluate code gener-
ated by a wider range of models to explore stylistic
variations across LLM-generated code.

3.1 Dataset

Human-Written Code. We utilize Code4Bench,
a multidimensional benchmark based on Code-
forces data (Majd et al., 2019). This dataset con-
tains user submissions on Codeforces before 2020,
which were barely impacted by LLMs.

GitHub Data. We collect a total of 22,074
GitHub repositories and 1,032,016 source code
files, corresponding to arXiv papers from the first
quarter of 2020 to the third quarter of 2025. In
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order to reduce the impact of confounding factors,
each repository in the dataset is labeled with two at-
tributes: the programming language, which can be
either Python or C/C++, and the scientific domain,
indicating whether the associated arXiv paper be-
longs to, for example, computer science (cs) and
non-computer science (non-cs). The number of
repositories and files per quarter for each program-
ming language is shown in Table 4.

Problem Subset. To reduce computational costs
while maintaining representativeness, we select
200 questions from Code4Bench, spanning a range
of difficulty levels and algorithm types. These are
grouped into four categories based on their diffi-
culty ratings: 800–1199, 1200–1599, 1600–1999,
and 2000+. The first valid tag is utilized to de-
termine each problem’s primary algorithm. We
then filter problems that are annotated with one of
the following ten target algorithms: implementa-
tion, brute force, constructive algorithms, greedy,
binary search, math, dp, data structures, combina-
torics, and dfs and similar. From each difficulty
group, we randomly sample 50 problems. The
number of problems per algorithm in our sample
approximates its distribution in the original group.
Detailed information is provided in Table 5.

3.2 Studied LLMs

A diverse set of LLMs is used to cover different
architectures and scales. The Qwen3 series (4B,
8B, 14B, 32B) and Qwen2.5-Coder-32B-Instruct
are chosen for exploring the impact of model sizes
on code generation (Yang et al., 2025a; Hui et al.,
2024). The DeepSeek family, including DeepSeek-
V3, DeepSeek-R1, and DeepSeek-R1-Distill-Qwen-
32B, was used to evaluate the reasoning perfor-
mance (Liu et al., 2024; Guo et al., 2025). We
also incorporate leading general-purpose LLMs,
GPT-4o-mini (Hurst et al., 2024), GPT-4.1 (Ope-
nAI, 2025), Claude-3.7-Sonnet (Anthropic, 2024),
Gemma-3-27B (Team et al., 2025), Gemini-2.0-
flash (DeepMind, 2024), Llama-3.3-Nemotron-
Super-49B-V1 (Bercovich et al., 2025), and Llama-
4-Maverick (Meta, 2025) to ensure broad cov-
erage of both closed- and open-source training
paradigms.

3.3 Simulations

We apply two code generation strategies across
six LLMs: GPT-4.1, Gemini-2.0-flash, Deepseek-
R1-Distill-Qwen-32B, Llama-4-Maverick, Qwen3-

32B, and Gemma-3-27B. The prompts for the two
strategies are shown in Figures 9 and 10.

Direct Generation. LLMs are provided only
with the problem description and asked to generate
a solution from scratch.

Reference-Guided Generation. In addition to
the problem description, the model is also given
a reference solution (i.e., a user-submitted, passed
code). The model is instructed to analyze this code
and revise it when generating its solution.

Syntax Validation. For C/C++, we compile both
direct-generated and reference-guided code using
g++ -fsyntax-only. For Python, we perform
static analysis with ast.parse. Only samples
where both code blocks passed syntax checks were
retained, ensuring syntactic correctness.

3.4 Evaluation
In addition to examining the similarities and dif-
ferences between human-written code and LLM-
generated code, we also aim to compare differ-
ent LLMs and assess whether some models pro-
duce code that more closely resembles human style.
To this end, we conduct a larger-scale evaluation
across a broader set of models. Based on our sub-
set, we expand our analysis to all models listed in
Section 3.2, excluding DeepSeek-R1-Distill-Qwen-
32B, GPT-4.1, Llama-4-Maverick, and Gemini-2.0-
flash. For each problem, we prompt the models
to generate code using the template in Figure 11,
repeating this process 32 times.

4 View I: Naming Patterns

4.1 Settings
We consider the following formats of names: sin-
gle letter, lowercase, UPPERCASE, camelCase,
snake_case, PascalCase, and endsWithDigits. Any
name that does not match these specific patterns is
grouped into the Other category. The length of the
names is regarded as an additional metric.

To extract names from source code, we apply
different strategies depending on the programming
language. For Python code, we use the ast mod-
ule to statically parse the abstract syntax tree and
extract function and variable names. For C/C++
code, we use regular expressions to identify name
patterns directly from the source text. All extracted
names are then matched against predefined regu-
lar expressions to classify them into the aforemen-
tioned naming formats.

5465



Human GPT Gemini DS Llama Qw Gemma
0.00

0.05

0.10

0.15

0.20

Pr
op

or
tio

n
LLM-Revised
LLM-Generated

(a) snake_case variables.

Human GPT Gemini DS Llama Qw Gemma
0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n

LLM-Revised
LLM-Generated

(b) snake_case functions.

Human GPT Gemini DS Llama Qw Gemma
0.0000

0.0025

0.0050

0.0075

0.0100

0.0125

Pr
op

or
tio

n

LLM-Revised
LLM-Generated

(c) Digit-suffixed functions.
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(h) Length of functions.

Figure 3: The four figures in the first row present simulation results derived from Codeforces human-written code,
either revised by LLMs or directly generated by LLMs based on problem descriptions. The four figures in the second
row show the trends over time in GitHub repositories for Python variable names using snake_case, digit-suffixed
function names, and the length of variable names. Model abbreviations: GPT (GPT-4.1), Gemini (Gemini-2.0-flash),
DS (DeepSeek-R1-Distill-Qwen-32B), Llama (Llama-4-Maverick), Qw (Qwen3-32B), Gemma (Gemma-3-27B).

To prevent large repositories from dominating
the overall distribution, we normalize at the reposi-
tory level: we first compute naming pattern distribu-
tions for each file, then average these distributions
within each repository, and finally average across
repositories to obtain the overall statistics.

4.2 Results

Patterns in LLM-generated Code. LLMs have
slight deviations from general human naming con-
ventions when it comes to variables and functions.
For instance, Figures 3a and 3b illustrate that all
three evaluated LLMs tend to use snake_case in
names compared to human-written code. Figure 3d
shows that LLMs tend to use longer function names.
But the trend is not always clear-cut, as in the digit-
suffixed naming pattern plotted in Figure 3c.

Trends in GitHub Repositories. Figures 3e and
3f show the adoption of snake_case names steadily
rises in both CS and non-CS projects, which is
consistent with the stylistic differences observed
between human-written code and LLM-generated
code. Similarly, Figure 3h presents the growth in
the length of function names in GitHub code. Al-
though some trends had already emerged before
the LLM era, it’s likely that LLMs have acceler-
ated the process. We are also considering further
subdividing the categories, and the trends may vary,
as shown in Figure 6 in the appendix.

Influence of Disciplines. For non-CS reposito-
ries, naming patterns sometimes exhibit greater

fluctuation compared to the clearer trends observed
in CS repositories. A good example is the trend
of Python function names ending with digits, as
shown in Figure 3g. While CS repositories demon-
strate a steady decline in the use of such names,
non-CS projects show more variability.

Differences between Programming Languages.
Unlike Python, fewer naming patterns show clear
temporal trends in C/C++ repositories. However,
there are still notable cases: the use of snake_case
in both variable and function names shows an up-
ward trend as shown in Figures 15g and 16h, while
the use of lowercase names in variables declines
over time. Both of them align with the stylistic
tendencies observed in LLM-generated code.

Other Evidence. More results are provided in
Appendix C. For example, Figures 12b and 12g
show that most LLMs tend to avoid digit-suffixed
and single-letter variable names, and these patterns
also steadily decline in both CS and non-CS repos-
itories. Similar trends are observed in the function
names. These parallel developments suggest a po-
tential correlation between human and machine-
generated coding styles.

Finding 1: The coding style of human-
written code may be influenced by LLMs: they
may not only mirror existing norms but also
subtly reshape them, gradually pushing human
developers toward greater stylistic alignment
with LLM-preferred conventions.
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Figure 4: (a)–(d) present the results of code generated by various models on our subset problems evaluated using
four metrics. The leftmost bars correspond to human-written code. The evaluated models, from left to right,
are Qwen2.5-Coder-32B-Instruct, Qwen3-4B, Qwen3-8B, Qwen3-14B, Qwen3-32B, DeepSeek-V3, DeepSeek-R1,
Gemma-3-27B, Llama-3.3-Nemotron-Super-49B-V1, GPT-4o-mini, and Claude-3.5-Sonnet. (e)–(h) illustrate the
evolution of Python code on GitHub according to the same metrics.

5 View II: Complexity and
Maintainability

5.1 Settings

In order to explore the difference between code
written by humans and LLMs, we assess them from
multiple dimensions, including information vol-
ume, control flow complexity, code structure, and
adequacy of comments. We first calculate the mean
and standard deviation for each problem across
32 generated outputs per model, using metrics de-
fined in Section 2. Subsequently, we average these
per-problem statistics across all problems to obtain
final results for each model. These final values
reflect each model’s overall performance on the
generation task, as well as the stability of its output
for individual problems.

5.2 Results

LLM-Generated vs LLM-Revised. Tables 10
and 12 present the results containing direct gen-
eration and reference-guided generation. For the
same model in Python, the Halstead volume and
effort of the solution obtained using the accepted
(AC) code as the reference (REF) are generally

lower than those generated directly (ANS). For ex-
ample, Deepseek-REF-Python exhibits lower vol-
ume (195.18 vs. 201.03) and effort (1345.86 vs.
1472.81) than Deepseek-ANS-Python. But the op-
posite trend is observed in C/C++, suggesting that
for Python, reference-guided generation leads to
more concise code, whereas in C/C++, direct gen-
eration yields more concise results.

LLMs vs. Humans. Figure 4a illustrates the cy-
clomatic complexity of the code written by humans
and different models. Compared to human-written
code, all LLMs except for Gemma3-27B gener-
ated C/C++ code with lower cyclomatic complex-
ity. However, for Python, the code produced by all
models is more complex than human-written code.
This may suggest that LLMs are more accustomed
to solving algorithmic problems in C/C++ and can
produce high-quality solutions in that language,
but tend to underperform when using Python. Fig-
ure 4b shows that human-written code exhibits the
second-lowest maintainability in Python and the
lowest in C/C++, suggesting that LLM-generated
code tends to be easier to maintain. Moreover, Fig-
ures 4c and 4d demonstrate that LLMs can produce
code with lower Halstead difficulty and fewer bugs.
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Model C/C++ Python

AC vs ANS AC vs REF ANS vs REF AC vs ANS AC vs REF ANS vs REF

Qwen3-32B 0.2805 0.6370 0.3686 0.2103 0.5629 0.2936
Gemma-3-27B 0.2993 0.7417 0.3941 0.2514 0.7202 0.3279
Deepseek-R1-Distill-Qwen-32B 0.3172 0.7375 0.3990 0.2587 0.5047 0.3685
GPT-4.1 0.2874 0.5281 0.4220 0.2468 0.5033 0.3829
Gemini-2.0-Flash 0.3149 0.7440 0.3943 0.2744 0.7697 0.3350
Llama-4-Maverick 0.2989 0.8005 0.3508 0.2274 0.8486 0.2644

Table 1: Cosine similarity between the human-written code (AC), the initial LLM-generated code (ANS), and the
LLM-rewritten code (REF) based on human-written code.

Model C/C++ Python

AC vs ANS AC vs REF ANS vs REF AC vs ANS AC vs REF ANS vs REF

Qwen-32B 0.2955 0.6173 0.3852 0.2885 0.6079 0.3518
Gemma-3-27B 0.3134 0.7391 0.4171 0.3742 0.7549 0.4451
Deepseek-R1-Distill-Qwen-32B 0.3250 0.7034 0.4161 0.3705 0.5554 0.4626
GPT-4.1 0.2649 0.4546 0.3787 0.3308 0.5425 0.4376
Gemini-2.0-Flash 0.3258 0.7370 0.4214 0.4056 0.8062 0.4618
Llama-4-Maverick 0.3160 0.7513 0.3874 0.3514 0.8404 0.3895

Table 2: Jaccard similarity between the human-written code (AC), the initial LLM-generated code (ANS), and the
LLM-rewritten code (REF) based on human-written code.

More results can be found in Tables 13 and 14.

Compared with the GitHub Dataset. Figures
4f and 4h show that the maintainability of GitHub
code increases and the estimated number of bugs
began to decline after 2023 Q1, especially in non-
CS repositories. Moreover, a moderate decrease
can be found in the Halstead difficulty of CS repos-
itories, as shown in Figure 4g. The evolution of
these three metrics after 2023 Q1 is consistent with
the characteristics of LLM-generated code.

Execution Checking. In addition, we also manu-
ally evaluated the results of LLM generation and
rewritten code (as shown in Table 11), and found
that REF outperformed ANS on most models and
questions (possibly passing problems that ANS
failed, or passing more test sets, and generally us-
ing less time and memory, even less than AC). This
also shows that our analysis of style is consistent
with the performance of the code.

Finding 2: LLM-generated code tends to ex-
hibit higher maintainability, lower difficulty,
and fewer bugs than human-written solutions,
which aligns with the evolution of GitHub code.

6 View III: Code Similarity

6.1 Settings
To quantify how closely LLM outputs resemble hu-
man style and to assess the impact of conditioning
on a human solution, we compare three versions of
each problem’s code: the original human-authored
solution (AC), the LLM’s output given only the
problem description (ANS), and the LLM’s output
when additionally conditioned on the human so-
lution (REF). The code generation and rewriting
strategies are described in Section 3.3.

6.2 Results
Tables 1 and 2 report the cosine and Jaccard simi-
larities among AC, ANS, and REF. We can see that
the overall trends of cosine similarity and Jaccard
similarity are consistent. Among the three pairwise
comparisons, AC versus REF yields the highest
similarity, indicating that LLMs are capable of
imitating a given human-written solution when
provided.

In contrast, AC vs. ANS exhibits the lowest simi-
larity and remains relatively low overall, suggesting
that in the context of IO algorithm programming
tasks, LLM-generated code, when produced with-
out reference, differs substantially in style from
human-written code.
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Model ANS (Python) REF (Python) ANS (C/C++) REF (C/C++)

Match Error Match Error Match Error Match Error

Qwen3-32B 18.28% 25.46% 13.11% 16.44% 26.89% 33.99% 25.59% 23.76%
Gemma-3-27B 10.68% 17.28% 12.94% 15.78% 16.03% 19.79% 23.45% 21.17%
Deepseek-R1-Distill-Qwen-32B 14.77% 20.20% 13.02% 14.86% 28.00% 30.59% 30.95% 25.73%
GPT-4.1 22.54% 29.30% 16.36% 23.21% 38.14% 49.75% 29.79% 27.51%
Gemini-2.0-Flash 12.60% 15.61% 12.27% 12.27% 21.75% 21.84% 22.73% 16.12%
Llama-4-Maverick 12.10% 15.61% 9.85% 12.35% 21.08% 23.58% 23.63% 18.98%

Table 3: Match and error rates (defined in Section 2.2) between the model’s predicted reasoning (ANS or REF) and
the ground-truth algorithm labels, for both Python and C/C++ code.

Additionally, similarity scores vary across mod-
els. For instance, in the AC vs. REF comparison,
Llama-4-Maverick scores the highest in both lan-
guages among all models, while for the AC vs.
ANS setting, Deepseek and Gemini score the high-
est in C/C++ and Python, respectively.

These results show that different LLMs have
different similarities with human code and different
abilities to learn from and imitate human solutions.

Finding 3: LLMs can effectively mimic hu-
man coding style when given reference code,
but without such guidance, their generated solu-
tions diverge significantly from human-written
code in IO algorithm tasks.

7 Labels in the Reasoning Process

7.1 Settings

In addition to the final generated code, the reason-
ing process of LLMs can also reveal how LLMs
understand and solve coding problems.

First, each problem on codeforces is associated
with one or more algorithm labels, corresponding
to different potential solution strategies. Since the
original Code4Bench dataset does not contain this
part, we have extended it by incorporating these
labels. Then, for the LLMs’ reasoning process,
we check whether these labels are explicitly men-
tioned. After counting each problem, we calculate
the match rate and error rate of questions of various
difficulty levels.

7.2 Results

Label Frequencies. Figure 5 illustrates the fre-
quency of the 10 most common algorithm labels
in different domains for each model. Table 6
presents the label frequency of the collected ques-
tions, while Table 7 and Table 8 show the label fre-
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Figure 5: Frequency comparison of top 10 algorithms
on various models (ANS/REF, Python/C/C++).

quency during the LLM reasoning process. Most
of the frequencies in ANS are higher than those
in REF, indicating that the reference code-based
model tends to analyze without relying on al-
gorithms. The label frequency in C/C++ is al-
ways higher than that in Python, suggesting that the
model is accustomed to analyzing from an algo-
rithmic perspective when implementing C/C++
code. Furthermore, GPT’s output frequency in
these ten labels is higher than other models, and
dp even exceeds 4000, implying that its algorithm-
based thinking performs best in IO scenarios.
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Match and Error Rate. Table 3 shows the match
and error rates between the ground-truth labels and
the reasoning outputs of the LLMs. The detailed re-
sults at different levels of difficulty are presented in
Table 9. From the results, we observe that the error
rate generally exceeds the matching rate, suggest-
ing that LLMs tend to explore more incorrect
approaches, likely due to their reliance on a lim-
ited set of mainstream algorithms.

Moreover, the match rate and error rate of most
REF cases are lower than those of ANS, indicating
that most models tend to imitate and refine exist-
ing solutions when provided with reference code.
GPT consistently achieves the highest match rate
and error rate compared to other models, meaning
that it is more inclined to use algorithmic thinking
to analyze IO questions.

Furthermore, both the match and error rates are
higher for C/C++ than for Python, which may
reflect language-specific design choices in the
models-favoring algorithmic reasoning in C/C++
and practical implementation in Python. Finally,
as problem difficulty increases, both match and
error rates rise across models and types.

Finding 4: LLMs may have limited algo-
rithm analysis capabilities, are more inclined
to approach C/C++ code from an algorithmic
perspective, and harder problems may better
stimulate their algorithmic reasoning capabili-
ties.

8 Related Work

LLMs for Code Generation. Code generation
has seen rapid progress in recent years. Before
ChatGPT arrived, transformer-based models for
code generation had already been developed, such
as CodeBERT (Feng et al., 2020), CodeT5 (Wang
et al., 2021), Codex (Chen et al., 2021), Alpha-
Code (Li et al., 2022).

Code Generation Evaluation. There has also
been extensive research on how to evaluate
and compare the code generation capabilities of
LLMs (Lu et al., 2021; Vaithilingam et al., 2022;
Jimenez et al., 2023; Dong et al., 2025). Dis-
cussions about the code generation capabilities
of LLMs have been ongoing (Manh et al., 2024;
Zheng et al., 2024; Chen et al., 2025; Tambon
et al., 2025), which is considered by the broader
research community as a key evaluation metric for
new LLMs (Guo et al., 2025; Yang et al., 2025b).

LLM-Generated Code Detection. The methods
for detecting the code generated by LLMs are di-
verse, such as feature-based classifiers (Rahman
et al., 2024; Demirok and Kutlu, 2024; Park et al.,
2025), contrastive learning (Ye et al., 2024; Xu
et al., 2024c), transformer-based encoder classi-
fier (Gurioli et al., 2024). People are also interested
in lexical diversity, readability, perplexity, concise-
ness, and naturalness (Shi et al., 2024; Wang et al.,
2024; Xu and Sheng, 2024). However, many stud-
ies have pointed out the limitations of existing de-
tectors (Xu et al., 2024a; Suh et al., 2024), encour-
aging us to explore the influence of LLMs on code
style rather than detection.

9 Discussion and Conclusion

LLMs have a wide variety of applications in sci-
entific research (Eger et al., 2025). The impact of
LLMs, particularly on academic writing, has been
measured in various ways (Liang et al., 2024b;
Geng and Trotta, 2024). The use of LLM-assisted
programming tools is likely to increase, but the
effect of LLMs on code, especially when using
real-world data, remains to be explored.

The number of questions on Stack Overflow has
declined since the emergence of LLMs2, which has
raised concerns among many (Zhong and Wang,
2024). LLMs could improve coding productiv-
ity (Ziegler et al., 2022), and effectively support
students in learning coding (Korpimies et al., 2024;
Rasnayaka et al., 2024), although several issues
remain unresolved (Pearce et al., 2025).

Our simulation findings reaffirm that LLM-
generated code possesses its own features when
compared to human-written code. There are both
differences and similarities among various LLMs,
such as in the names of variables and functions.
Therefore, we attempt to identify traces of LLMs
in the code from GitHub repositories. We find
the first large-scale empirical evidence that LLMs
affect real-world programming style, although it
is impossible to determine the specific numerical
value of the user percentage.

Consequently, there is a strong possibility that
human coding style will shift toward that of LLMs
in the future. We therefore emphasize the need to
consider not only the programming capabilities of
LLMs, but also their broader societal implications.

2https://blog.pragmaticengineer.com/
stack-overflow-is-almost-dead/
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Limitations

Although we have conducted multiple experiments
to evaluate the changes in code style in the LLM
era, our research still has some limitations.

First, we did not examine how much of the code
on GitHub was generated by LLMs, as this is not
the focus of our study. While such an analysis
could potentially provide additional support for our
findings, there is currently a lack of widely adopted
methods and benchmarks.

Secondly, our dataset can be further expanded.
Code4Bench is an early user AC code collection.
The code collection of a single evaluation result
cannot reflect the overall style of the entire human
code ecosystem, and the comparison with the LLM-
generated code is not complete.

In addition, there may be many scenarios for
user-generated code and prompt parameters. Our
simulation cannot cover all possible real-world us-
age situations, and thus the generalizability of our
findings needs further improvement.
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A Dataset

GitHub Data We use regular expressions to de-
tect whether the abstract of each paper in the arXiv
dataset contains a GitHub repository link. In the
arXiv dataset3, a single GitHub link may appear
multiple times, likely because the same repository
was used for multiple paper submissions. For such
repositories, if the publication dates of all asso-
ciated papers fall within a two-quarter range, we
retain the link and assign it the most recent pub-
lication date as its timestamp. Otherwise, we dis-
card the repository. Repositories that lack target
language files or are excessively large are also ex-
cluded from our analysis. Table 4 shows the num-
ber of repositories in our dataset. Table 5 shows
the number of problems per main algorithm across
difficulty buckets.

Human-Written Solutions We retrieved ac-
cepted Python and C/C++ code submissions from
the Code4Bench database using SQL queries, as
shown in Figure 8. For each Codeforces problem,
we retain only a single human-written submission
and then use BeautifulSoup to convert the problem
description from HTML into plain text.

B Prompt

Figures 9, 10, and 11 present the prompt designs
for direct generation, reference-guided generation,
and large-scale generation, respectively.

C GitHub Result

Figures 6 and 7 illustrate the use of snake_case
and the ratio of comments. Figures 12-17 present
naming convention preferences of LLMs and corre-
sponding GitHub trends across Python and C/C++
code elements (variables, functions, files).

D Tags Frequencies

Table 6 shows the tag frequency of the collected
questions. Table 7 shows the tag frequency results
of the model output reasoning. Table 9 shows spe-
cific results at different levels of difficulty.

E Metrics Result

Tables 10 and 12 show the results containing
reference-guided generation. Tables 13 and 14
show the results of large-scale model evaluation.

3The links to these repositories are mentioned in the
metadata of the arXiv dataset: https://www.kaggle.com/
datasets/Cornell-University/arxiv/data
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Figure 6: snake_case usage.
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Figure 7: Comment ratios.
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Quarter Python-cs Python-non-cs C/C++-cs C/C++-non-cs
(#Repo / #Files) (#Repo / #Files) (#Repo / #Files) (#Repo / #Files)

2020 Q1 462 / 21643 139 / 3998 81 / 1532 29 / 385
2020 Q2 488 / 27190 111 / 2755 85 / 1002 18 / 241
2020 Q3 468 / 23008 152 / 5188 78 / 1077 18 / 206
2020 Q4 499 / 35083 131 / 3857 91 / 1367 19 / 490
2021 Q1 480 / 27155 139 / 3025 93 / 962 16 / 324
2021 Q2 523 / 28696 135 / 3471 117 / 1332 21 / 295
2021 Q3 520 / 27802 127 / 2448 121 / 1544 20 / 139
2021 Q4 508 / 29693 160 / 3649 105 / 1247 26 / 357
2022 Q1 486 / 24890 185 / 5684 160 / 1612 29 / 456
2022 Q2 498 / 31272 192 / 5495 170 / 2450 35 / 599
2022 Q3 495 / 34820 202 / 6358 208 / 3233 29 / 308
2022 Q4 515 / 37587 193 / 4873 218 / 2354 18 / 341
2023 Q1 521 / 45587 191 / 5862 225 / 2150 24 / 185
2023 Q2 508 / 38882 240 / 6345 226 / 2416 35 / 872
2023 Q3 506 / 36300 255 / 6110 267 / 2429 25 / 186
2023 Q4 525 / 44676 232 / 7428 277 / 3177 31 / 212
2024 Q1 524 / 34320 250 / 6581 266 / 3058 24 / 301
2024 Q2 533 / 44075 325 / 9628 320 / 4070 41 / 616
2024 Q3 530 / 48355 359 / 9620 366 / 5541 49 / 542
2024 Q4 529 / 40706 431 / 13031 405 / 4363 50 / 957
2025 Q1 520 / 59170 323 / 10541 296 / 4363 56 / 787
2025 Q2 777 / 45674 116 / 5868 139 / 2191 21 / 852
2025 Q3 752 / 41810 157 / 6868 173 / 1340 41 / 478

Table 4: Number of repositories and Python/C++ files per quarter and category

Main Algorithm 800–1199 1200–1599 1600–1999 2000+

implementation 25 13 6 2
brute force 10 9 7 12
constructive algorithms 5 6 9 7
greedy 5 8 4 1
math 3 2 3 4
binary search 1 4 8 9
dp 1 2 4 7
data structures 0 2 4 3
combinatorics 0 2 2 4
dfs and similar 0 2 3 1

Table 5: Number of problems per main algorithm across difficulty buckets.

Tag Freq Tag Freq Tag Freq Tag Freq

2-sat 7 binary search 260 bitmasks 81 brute force 404
chinese remainder theorem 3 combinatorics 154 constructive algorithms 350 data structures 395
dfs and similar 260 divide and conquer 57 dp 565 dsu 91
expression parsing 26 fft 9 flows 34 games 62
geometry 157 graph matchings 18 graphs 312 greedy 513
hashing 55 implementation 849 interactive 20 math 631
matrices 39 meet-in-the-middle 10 number theory 184 probabilities 78
schedules 2 shortest paths 80 sortings 248 string suffix structures 25
strings 221 ternary search 15 trees 189 two pointers 113

Table 6: Frequencies of all algorithmic tags.

5475



SQL Queries

SELECT DISTINCT s.id, s.sourceCode, s.languages_id, p.fullname, p.id, p.name, s.countline,
p.context
FROM code4bench.source s
JOIN code4bench.problems p ON s.problems_id = p.id
WHERE s.languages_id IN (1, 8)
AND s.verdicts_id = (
SELECT id
FROM code4bench.verdicts
WHERE name = ’Accepted’
)
AND s.isduplicated = 0;

Figure 8: SQL queries for retrieving accepted Python and C/C++ code submissions from the Code4Bench database.

Prompt 1: Direct Generation

Your task is to carefully read the following problem description and implement a solution in
{language}.

Please first provide your reasoning in plain text, and then provide the corresponding code.

Format your response as follows using Markdown:

### Reasoning
<Please provide only your step-by-step reasoning in plain text here.>

### Code
<Please provide only your code in {language} here, with no extra explanation or text.>

Here is the problem description:
{context}

Figure 9: Prompt instructing LLMs to provide reasoning and solution code based only on problem descriptions.
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Prompt 2: Reference-Guided Generation

Your task is to carefully read the following problem description and revise the given code.

The code given is AC code (correct and has passed the test.)

Please first provide your reasoning in plain text, and then provide the corresponding code.

Format your response as follows using Markdown:

### Reasoning
<Please provide only your step-by-step reasoning in plain text here.>

### Code
<Please provide only your code in {language} here, with no extra explanation or text.>

Here is the problem description:
{context}

Here is the user’s AC Code:
{code}

Figure 10: Prompt instructing LLMs to provide reasoning process and solution code based on both problem
descriptions and correct human-written code.

Prompt 3: Large-Scale Generation

Your task is to carefully read the following problem description and implement a solution in
{language}. Return only the code without any explanations.

Here is the problem description:
{context}

Figure 11: Prompt instructing LLMs to provide only solution code based on problem descriptions.
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(g) Single letter variables.
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Figure 12: Comparison of Python variable naming styles in LLM-generated vs. human-written code and their
temporal trends on GitHub. Notably, LLMs exhibit a general avoidance of camelCase, digit-suffixed, and
single-letter variables, with a marked decline in usage frequency on GitHub repositories. The consistent trends
across both datasets suggest a potential correlation between LLM preferences and real-world coding practices.
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Figure 13: Comparison of Python function naming styles in LLM-generated vs. human-written code and their
temporal trends on GitHub. This reveals that LLMs consistently avoid the usage of camelCase, digit-suffixed,
lowercase-only function names, which is a trend paralleled by declining adoption in GitHub repositories. Further-
more, LLMs demonstrate a clear preference for longer function names, consistent with the increasing name
length trend in GitHub repositories.
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Figure 14: Comparison of Python file naming styles in LLM-generated vs. human-written code and their temporal
trends on GitHub. Lowercase file names show slight decline in CS repositories, while other naming patterns
demonstrate fluctuating usage without clear trends.
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(f) UPPERCASE variables.
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Figure 15: Comparison of C/C++ variable naming styles in LLM-generated vs. human-written code and their
temporal trends on GitHub. LLMs demonstrate a clear preference for snake_case variables in C/C++. This
naming convention has shown substantial growth in GitHub repositories over the past five years. However, we
observe a gradual decline in average variable name length within these repositories, which contrasts directly
with the naming preferences exhibited by all LLM models included in our experiments.
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(d) Other functions.
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(e) PascalCase functions.
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(f) UPPERCASE functions.
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(h) Snake_case functions.
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Figure 16: Comparison of C/C++ function naming styles in LLM-generated vs. human-written code and their
temporal trends on GitHub. Analysis reveals that LLMs favor snake_case naming for C/C++ functions, mirroring
a significant increase in the adoption of this convention across GitHub repositories from 2020 to 2025.
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(g) Snake_case file names.
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(h) UPPERCASE file names.

Figure 17: Comparison of C/C++ file naming styles in LLM-generated vs. human-written code and their temporal
trends on GitHub. All examined naming conventions demonstrate variability without establishing clear trends
in the past five years.
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Tag A_q_p R_q_p A_q_c R_q_c A_g_p R_g_p A_g_c R_g_c A_d_p R_d_p A_d_c R_d_c

2-sat 0 0 5 3 0 0 2 3 0 0 10 5
bfs 35 56 202 151 42 80 228 138 185 133 550 250
binary search 132 103 235 363 43 115 73 316 315 152 656 497
bitmasks 0 1 3 6 1 3 3 6 3 3 3 9
brute force 4 0 29 4 5 0 13 0 7 4 25 7
chinese remainder 0 0 1 0 0 1 1 0 0 0 3 0
combinatorics 2 2 9 3 0 0 1 4 1 3 8 5
constructive algorithms 0 0 0 0 0 0 0 0 0 0 0 0
data structures 32 10 80 110 3 7 38 90 30 26 69 100
dfs 41 41 249 379 63 83 304 431 31 37 183 358
divide and conquer 0 0 1 0 0 0 2 2 0 0 12 8
dp 284 29 1325 685 325 98 1497 649 1145 211 1977 1039
dsu 1 6 27 15 6 7 9 37 30 8 132 35
expression parsing 0 0 0 0 0 1 0 0 0 0 0 0
fft 0 0 0 13 0 0 0 23 0 0 0 13
flows 0 0 6 2 1 0 9 1 3 1 11 6
games 22 4 23 20 29 16 50 20 16 6 28 18
geometry 6 3 19 10 1 1 1 2 2 3 6 5
graph matchings 0 0 0 0 0 0 0 0 0 0 0 0
graphs 7 2 21 10 0 4 11 13 21 3 55 21
greedy 65 23 194 41 72 19 227 39 70 26 188 106
hashing 0 0 4 16 1 0 0 16 2 1 10 23
implementation 180 69 490 212 10 80 52 216 76 59 342 289
interactive 2 3 3 3 4 2 6 7 1 2 0 3
math 7 23 1 4 44 16 0 4 89 9 0 0
matrices 2 2 7 2 0 1 4 6 6 4 22 16
meet-in-the-middle 0 0 1 0 0 0 0 0 0 0 0 0
number theory 0 0 3 0 0 0 1 0 1 0 3 3
probabilities 13 25 73 85 9 11 77 77 8 8 105 121
schedules 6 2 1 5 0 0 1 1 2 2 1 0
shortest paths 7 3 57 37 4 9 58 40 8 5 57 63
similar 18 13 47 31 17 17 45 42 79 17 203 67
sort 216 63 449 125 271 90 469 131 500 142 645 279
string 696 477 1154 751 1021 734 1498 981 2366 765 2296 1281
strings 124 121 266 206 201 157 365 205 242 103 412 277
suffix 42 28 108 118 45 32 89 98 282 47 272 164
ternary search 0 0 0 12 0 0 3 11 1 0 3 16
trees 19 11 107 92 14 14 101 101 36 16 209 140
two pointers 25 15 52 14 5 3 10 5 14 7 24 12

Table 7: Frequencies of each output tag across different generation types. The format T_M_L denotes Type (A: ANS,
R: REF), Model (d: DeepSeek-R1-Distill-Qwen-32B, q: Qwen3-32B, g: Gemma-3-27B), and Language (p: Python,
c: C/C++).
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Tag A_gp_p R_gp_p A_gp_c R_gp_c A_ge_p R_ge_p A_ge_c R_ge_c A_l_p R_l_p A_l_c R_l_c

2-sat 0 0 15 4 4 1 7 7 0 0 24 5
bfs 94 95 509 182 44 49 196 92 48 49 176 120
binary search 142 137 551 361 73 97 184 243 72 95 160 288
bitmasks 3 4 21 11 1 1 6 7 0 0 2 3
brute force 43 15 108 23 6 2 29 5 3 1 10 1
chinese remainder 0 0 3 3 0 0 3 1 1 1 2 1
combinatorics 0 3 15 24 0 1 3 6 1 1 4 7
constructive algorithms 0 0 1 0 0 0 0 0 0 0 0 0
data structures 15 13 96 101 11 4 55 58 16 10 74 73
dfs 94 61 408 369 71 58 332 355 50 49 277 411
divide and conquer 0 0 26 6 0 2 2 6 0 0 0 3
dp 779 104 4230 1130 399 82 2172 764 87 52 752 802
dsu 2 7 103 10 3 7 19 17 0 3 0 8
expression parsing 0 0 0 0 0 0 0 0 1 0 0 0
fft 0 0 15 19 0 0 0 24 0 0 0 10
flows 3 2 35 8 1 1 3 0 0 1 0 1
games 68 12 67 21 17 15 41 16 39 31 66 31
geometry 3 2 16 12 1 1 1 1 13 1 31 5
graph matchings 0 0 0 0 0 0 0 0 0 0 0 0
graphs 10 7 45 19 1 5 10 9 3 2 37 15
greedy 79 27 252 52 39 20 127 56 9 5 49 26
hashing 4 1 31 27 0 0 0 12 3 0 1 13
implementation 202 42 1006 157 12 41 58 91 42 10 228 48
interactive 5 6 5 10 3 2 2 3 0 2 0 3
math 16 72 15 19 9 17 9 2 3 5 2 2
matrices 8 5 54 13 1 0 6 5 2 1 3 5
meet-in-the-middle 0 0 9 3 0 0 0 1 0 0 0 1
number theory 1 0 4 7 0 1 0 0 0 1 2 1
probabilities 11 10 114 58 2 5 34 48 14 8 109 104
schedules 1 2 2 4 1 0 1 2 1 1 1 0
shortest paths 12 10 102 39 11 4 46 26 11 6 43 19
similar 99 33 392 72 17 20 52 40 39 20 163 41
sort 225 112 816 205 214 59 455 122 183 79 414 115
string 880 599 1603 924 819 511 1280 790 711 739 1158 1210
strings 182 137 525 236 175 132 316 154 142 130 313 252
suffix 293 104 712 206 43 42 118 86 46 23 140 97
ternary search 2 0 9 19 0 0 0 13 5 0 0 14
trees 28 19 305 125 12 8 81 79 15 15 140 133
two pointers 21 13 112 17 5 7 15 4 9 15 16 16

Table 8: Frequencies of each output tag across different generation types. The format T_M_L denotes Type (A: ANS,
R: REF), Model (gp: GPT-4.1, ge: Gemini-2.0-flash, l: Llama-4-Maverick), and Language (p: Python, c: C/C++).
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Model-Language-Type 800–1199 1200–1599 1600–1999 2000+

Match Rate Error Rate Match Rate Error Rate Match Rate Error Rate Match Rate Error Rate

Qwen_Python_ans 9.24% 17.39% 18.44% 23.12% 24.84% 34.28% 27.73% 33.61%

Qwen_Python_ref 9.24% 11.68% 11.43% 15.58% 16.67% 20.13% 19.33% 25.21%

Qwen_cpp_ans 13.73% 19.95% 21.26% 22.43% 30.30% 35.90% 33.37% 44.85%

Qwen_cpp_ref 9.33% 11.66% 12.85% 18.69% 27.15% 21.54% 38.29% 33.26%

Gemma_Python_ans 5.43% 10.60% 9.87% 18.44% 15.41% 20.13% 15.97% 26.89%

Gemma_Python_ref 6.25% 9.51% 11.17% 13.25% 20.44% 21.07% 20.17% 30.25%

Gemma_cpp_ans 5.70% 12.95% 11.68% 17.06% 18.04% 18.21% 21.55% 25.29%

Gemma_cpp_ref 8.03% 8.55% 12.62% 15.65% 27.15% 18.21% 33.37% 31.62%

Deepseek_Python_ans 5.43% 13.59% 15.32% 20.52% 23.90% 23.27% 17.65% 30.25%

Deepseek_Python_ref 5.43% 10.87% 12.73% 11.43% 18.55% 18.55% 22.69% 28.57%

Deepseek_cpp_ans 11.92% 16.06% 20.56% 24.30% 33.27% 28.20% 35.48% 41.92%

Deepseek_cpp_ref 10.88% 13.47% 20.79% 19.63% 32.92% 25.74% 43.79% 34.31%

GPT_Python_ans 6.25% 14.13% 22.34% 27.79% 35.22% 36.48% 40.34% 61.34%

GPT_Python_ref 7.07% 14.13% 13.51% 23.12% 27.04% 28.62% 26.89% 36.97%

GPT_cpp_ans 13.21% 15.80% 27.57% 29.44% 45.18% 48.16% 50.00% 76.35%

GPT_cpp_ref 8.03% 14.77% 14.95% 21.50% 32.05% 23.99% 45.55% 38.64%

Gemini_Python_ans 4.62% 10.33% 10.13% 14.81% 21.07% 19.50% 22.69% 24.37%

Gemini_Python_ref 5.98% 8.70% 10.65% 13.51% 19.50% 11.95% 17.65% 21.01%

Gemini_cpp_ans 5.44% 10.36% 10.05% 16.12% 23.99% 20.32% 33.49% 30.91%

Gemini_cpp_ref 6.48% 8.29% 11.92% 10.75% 26.44% 13.31% 33.02% 24.24%

Llama4_Python_ans 1.90% 11.96% 10.91% 14.29% 21.07% 16.67% 23.53% 27.73%

Llama4_Python_ref 4.08% 7.88% 9.35% 13.25% 14.47% 13.21% 17.65% 21.01%

Llama4_cpp_ans 3.89% 12.69% 13.55% 14.72% 26.62% 17.69% 28.92% 36.89%

Llama4_cpp_ref 6.22% 10.36% 12.15% 14.25% 27.15% 14.89% 34.89% 27.99%

Table 9: Match rate and error rate for questions across different difficulty levels.
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Model Vocab Length Cal_Len Volume Difficul Effort Time_Sec Bugs

Qwen_ANS_Python 19.64 35 73.89 162.62 3.93 909.43 50.52 0.05

Qwen_REF_Python 19.24 33.72 72.27 157.44 3.88 921.69 51.21 0.05

Gemma_ANS_Python 19.78 36.33 76.08 172.55 3.81 982.84 54.6 0.06

Gemma_REF_Python 19.29 33.99 72.63 158.69 3.88 923.77 51.32 0.05

Deepseek_ANS_Python 21.72 41.09 85.91 201.03 4.63 1472.81 81.82 0.07

Deepseek_REF_Python 21.82 40.04 86.31 195.18 4.54 1345.86 74.77 0.07

GPT_ANS_Python 21.08 37.19 82.35 179.33 4.25 1168.85 64.94 0.06

GPT_REF_Python 19.77 35.36 75.55 168.17 4.07 1092.46 60.69 0.06

Gemini_ANS_Python 19.66 37.11 74.93 176.87 4.04 1202.63 66.81 0.06

Gemini_REF_Python 20.44 36.9 79.31 176.79 4.04 1090.5 60.58 0.06

Llama4_ANS_Python 21.79 38.58 84.89 184.97 4.18 1113.48 61.86 0.06

Llama4_REF_Python 21.45 39.34 85.19 192.17 4.18 1259.67 69.98 0.06

AC_Python 22.33 41.92 90.1 206.39 4.32 1353.9 75.22 0.07

Qwen_ANS_C++ 63.73 336.48 349.75 2070.25 20.73 58310.92 3239.5 0.69

Qwen_REF_C++ 65.9 419.96 365.58 2632.6 26.59 105535.64 5863.09 0.88

Gemma_ANS_C++ 53.78 343.6 279.63 2018.25 21.32 56967.93 3164.88 0.67

Gemma_REF_C++ 72.48 474.4 418.74 3064.43 26.34 122666.91 6814.83 1.02

Deepseek_ANS_C++ 61.95 380.38 337.54 2333.53 23.4 74950.39 4163.91 0.78

Deepseek_REF_C++ 66.76 449.56 372.17 2824.23 28.23 117793.48 6544.08 0.94

GPT_ANS_C++ 98.68 561.86 631.73 3953.33 21.76 123942.64 6885.7 1.32

GPT_REF_C++ 82.61 490.17 495.58 3253.06 24.9 115793.09 6432.95 1.08

Gemini_ANS_C++ 53.82 342.37 280.16 2022.3 22.34 63240.49 3513.36 0.67

Gemini_REF_C++ 73.43 486.13 426.49 3147.35 27 124454.36 6914.13 1.05

Llama4_ANS_C++ 57.87 349.08 307.25 2090.2 23.19 63666.78 3537.04 0.7

Llama4_REF_C++ 66.01 446.27 366.4 2795.06 28.41 117857.74 6547.65 0.93

AC_C++ 83.03 581.94 497.13 3857.01 30.67 170622.85 9479.05 1.29

Table 10: Halstead results. Each label follows the format model_type_language, where type refers to the experimental
setting and language indicates the programming language. Metric abbreviations: cal_len (calculated program
length), difficul(difficulty), time_sec(time to implement), bugs(estimated bugs).
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Model Problem Submission_id Type State Time Memory

Qwen 584B 19821 ANS WA Test1 - -

584B 19821 REF AC 61ms 52KB

586A 35393 ANS WA Test2 - -

586A 35393 REF WA Test7 - -

584A 19768 ANS WA Test7 - -

584A 19768 REF WA Test10 - -

Gemma 584B 19821 ANS WA Test3 - -

584B 19821 REF WA Test3 - -

586A 35393 ANS WA Test1 - -

586A 35393 REF WA Test2 - -

584A 19768 ANS CE - -

584A 19768 REF AC 62ms 40KB

Deepseek 584B 19821 ANS AC 77ms 48KB

584B 19821 REF AC 62ms 48KB

586A 35393 ANS WA Test2 - -

586A 35393 REF AC 62ms 44KB

584A 19768 ANS AC 77ms 44KB

584A 19768 REF WA Test10 - -

GPT 584B 19821 ANS AC 62ms 56KB

584B 19821 REF AC 62ms 40KB

586A 35393 ANS WA Test2 - -

586A 35393 REF WA Test2 - -

584A 19768 ANS AC 62ms 60KB

584A 19768 REF AC 61ms 44KB

Gemini 584B 19821 ANS AC 61ms 52KB

584B 19821 REF AC 62ms 48KB

586A 35393 ANS WA Test2 - -

586A 35393 REF WA Test2 - -

584A 19768 ANS AC 62ms 56KB

584A 19768 REF AC 62ms 52KB

Llama4 584B 19821 ANS AC 61ms 56KB

584B 19821 REF AC 46ms 52KB

586A 35393 ANS WA Test2 - -

586A 35393 REF AC 62ms 64KB

584A 19768 ANS WA Test10 - -

584A 19768 REF WA Test12 - -

Human 584B 19821 AC AC 78ms 44KB

586A 35393 AC AC 61ms 52KB

584A 19768 REF AC 62ms 832KB

Table 11: Case Study on testing LLM-generated code: We selected problems 584B, 586A, and 584A (corresponding
to submission IDs 19821, 39853, and 19768, respectively) and evaluated their correctness (compiled in C++17
(GCC 7-32)). ACC represents Accept, WA TestX represents a Wrong Answer in the Xth test set, and CE represents a
Compilation Error. For correct code, Time and Memory represent the time and memory consumption.
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Model Volume Cyclomatic SLOC LLOC Comment_Rate mi_std mi_custom

Qwen_ANS_Python 162.62 6.27 21.63 22.09 22.12 77.29 77.34

Qwen_REF_Python 157.44 2.64 17.42 17.7 5.75 66.15 66.65

Gemma_ANS_Python 172.55 7.94 22.39 22.47 0.95 58.99 58.95

Gemma_REF_Python 158.69 2.91 18.56 18.98 2.13 62.63 63.1

Deepseek_ANS_Python 201.03 2.49 24.82 24.95 4.6 62 62.79

Deepseek_REF_Python 195.18 3.08 22.16 22.4 5.79 63.84 64.48

GPT_ANS_Python 179.33 3.03 22.15 22.19 14.74 72.22 72.81

GPT_REF_Python 168.17 2 18.66 18.79 8.17 69.08 69.7

Gemini_ANS_Python 176.87 6.25 22.59 22.81 1.04 59.55 59.67

Gemini_REF_Python 176.79 2.66 18.98 19.47 2.16 62.32 62.8

Llama4_ANS_Python 184.97 7.56 22.09 22.42 3.85 60.43 60.47

Llama4_REF_Python 192.17 2.92 18.98 19.46 0.83 60.48 61.06

AC_Python 206.39 2.53 20.04 20.82 3.66 62.58 62.96

Qwen_ANS_C++ 2070.25 9.97 40.13 35.12 0.04 49.66 42.35

Qwen_REF_C++ 2632.6 11.89 46.3 38.5 0.01 43 40.82

Gemma_ANS_C++ 2018.25 13.49 44.01 39.69 0.01 42.41 41.03

Gemma_REF_C++ 3064.43 12.77 52.82 40.68 0.02 43.06 39.27

Deepseek_ANS_C++ 2333.53 11.52 48.26 42.53 0.01 42.79 40.33

Deepseek_REF_C++ 2824.23 12.68 49.72 41.09 0.01 41.21 39.9

GPT_ANS_C++ 3953.33 13.03 59.76 46.17 0.12 53.25 38.18

GPT_REF_C++ 3253.06 12.98 53.04 43.47 0.06 48.47 39.12

Gemini_ANS_C++ 2022.3 11.21 44.06 39.85 0.01 43.12 41.7

Gemini_REF_C++ 3147.35 12.54 53.58 41.2 0.03 43.13 39.14

Llama4_ANS_C++ 2090.2 10.39 40.96 35.86 0.01 44.02 41.99

Llama4_REF_C++ 2795.06 12.39 47.11 38.48 0 41.01 40.48

AC_C++ 3857.01 13.93 61.6 44.03 0.05 43.27 37.07

Table 12: Maintainability results. Each label follows the format model_type_language, where type refers to the
experimental setting and language indicates the programming language. Metric abbreviations: mi_std (standard
maintainability index), mi_custom (custom maintainability index).
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Model Language Stat. Vocab Length Cal_Len Volume Difficul Effort Time_Sec Bugs

Claude
Python mean 26.58 53.14 114.86 277.88 5.30 2303.85 127.99 0.09

std 9.07 24.51 58.33 164.09 1.49 2061.31 114.52 0.05

C/C++ mean 74.44 409.64 430.84 2611.66 19.76 67162.33 3731.24 0.87
std 11.94 96.36 89.76 698.95 4.31 34582.01 1921.22 0.23

DSV3
Python mean 24.46 50.52 100.73 254.75 5.49 2102.24 116.79 0.08

std 4.65 13.50 28.68 85.88 0.99 1111.11 61.73 0.03

C/C++ mean 55.73 321.06 294.59 1908.68 19.52 51055.60 2836.42 0.64
std 3.81 46.29 26.88 305.03 2.99 18789.07 1043.84 0.10

DSR1
Python mean 29.12 60.13 128.84 319.45 6.05 2902.90 161.27 0.11

std 8.13 22.49 51.49 147.19 1.47 1927.68 107.09 0.05

C/C++ mean 66.36 421.67 377.04 2720.12 22.66 98184.66 5454.70 0.91
std 18.88 213.40 158.33 1753.39 5.24 102703.88 5705.77 0.58

Gemma
Python mean 26.72 54.04 115.75 278.83 4.60 1792.06 99.56 0.09

std 6.86 18.17 42.99 117.70 0.98 1076.68 59.82 0.04

C/C++ mean 54.62 406.04 287.21 2379.33 21.96 67879.88 3771.10 0.79
std 3.81 76.19 26.26 474.05 4.14 26880.38 1493.35 0.16

GPT
Python mean 18.62 33.36 67.50 151.65 4.07 912.18 50.68 0.05

std 4.53 10.64 23.91 59.85 1.07 528.82 29.38 0.02

C/C++ mean 55.93 266.48 295.94 1571.22 15.88 30078.52 1671.03 0.52
std 8.08 41.75 57.16 283.63 2.99 9882.98 549.05 0.09

Llama
Python mean 23.69 44.93 95.89 222.09 4.78 1582.12 87.90 0.07

std 7.12 18.42 41.73 112.55 1.44 1201.02 66.72 0.04

C/C++ mean 55.31 315.29 291.68 1869.23 19.49 52663.32 2925.74 0.62
std 8.37 88.71 60.37 579.59 5.68 49067.76 2725.99 0.19

Qw4B
Python mean 20.45 37.84 78.39 178.54 4.27 1105.91 61.44 0.06

std 4.77 11.52 28.29 70.75 0.91 651.17 36.18 0.02

C/C++ mean 58.28 301.07 315.46 1822.14 16.76 41082.45 2282.36 0.61
std 7.68 59.78 58.12 424.64 2.86 18516.05 1028.67 0.14

Qw8B
Python mean 20.16 37.82 77.21 180.06 4.19 1174.21 65.23 0.06

std 5.65 14.60 32.15 86.64 1.21 852.52 47.36 0.03

C/C++ mean 54.69 287.56 289.40 1719.90 16.42 42327.90 2351.55 0.57
std 8.26 89.09 60.75 643.36 3.90 43502.31 2416.80 0.21

Qw14B
Python mean 22.50 41.93 88.48 201.97 4.62 1330.55 73.92 0.07

std 4.90 12.32 28.49 74.61 0.99 763.02 42.39 0.02

C/C++ mean 63.62 327.77 354.15 2021.52 17.46 46444.34 2580.24 0.67
std 9.29 67.10 70.76 482.39 3.33 23781.57 1321.20 0.16

Qw32B
Python mean 23.46 43.22 93.84 211.90 4.76 1458.62 81.03 0.07

std 5.83 14.35 33.83 87.12 1.22 921.81 51.21 0.03

C/C++ mean 62.29 332.51 342.14 2038.57 18.82 51082.68 2837.93 0.68
std 8.73 70.74 64.18 488.85 4.02 23772.82 1320.71 0.16

QwCo
Python mean 22.60 43.31 90.83 212.60 4.58 1457.38 80.97 0.07

std 7.22 18.37 42.43 112.54 1.45 1142.83 63.49 0.04

C/C++ mean 51.49 280.57 264.30 1633.43 18.53 41956.16 2330.90 0.54
std 5.31 72.14 36.29 455.12 5.03 27470.03 1526.11 0.15

Human
Python mean 26.09 51.14 111.90 263.59 4.96 1973.81 109.66 0.09

std 4.58 11.13 25.66 66.45 0.85 624.38 34.69 0.02

C/C++ mean 77.20 504.47 454.55 3303.25 26.78 145862.09 8103.45 1.10
std 32.55 340.85 259.09 2649.44 10.24 235927.01 13107.06 0.88

Table 13: Halstead metrics on the evaluation subset. Model abbreviations: Claude (Claude-3.5-Sonnet), DSV3
(DeepSeek-V3), DSR1 (DeepSeek-R1), Gemma (Gemma-3-27B), GPT (GPT-4o-mini), Llama (Llama-3.3-Nemotron-
Super-49B-v1), QwxB (Qwen3-xB), and QwCo (Qwen2.5-Coder-32B-Instruct). The label Human refers to human-
written code. Metric abbreviations: Cal_Len (calculated program length), Difficul (difficulty), Time_Sec (time to
implement), and Bugs (estimated bugs).
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Model Language Stat. Volume Cyclomatic SLOC LLOC Comment_Rate MI_Std MI_Custom

Claude
Python mean 277.88 9.37 29.06 29.22 20.47 72.62 72.72

std 164.09 4.71 9.71 9.70 11.13 7.45 7.45

C/C++ mean 2611.66 11.83 49.28 40.61 0.09 53.70 39.47
std 698.95 3.55 10.44 9.13 0.05 5.63 2.71

DSV3
Python mean 254.75 4.16 27.69 27.88 8.96 63.28 63.95

std 85.88 1.91 5.54 5.59 8.35 4.72 4.68

C/C++ mean 1908.68 10.37 42.54 37.72 0.00 42.87 42.02
std 305.03 2.10 5.73 5.55 0.01 2.06 1.59

DSR1
Python mean 319.45 5.63 33.16 33.62 18.92 56.58 57.29

std 147.19 3.53 9.56 9.67 47.74 7.55 7.49

C/C++ mean 2720.12 12.13 48.28 41.80 0.02 42.08 40.41
std 1753.39 3.52 12.44 9.98 0.05 3.89 2.91

Gemma
Python mean 278.83 11.64 31.14 31.49 0.54 52.74 52.74

std 117.70 3.76 6.82 6.89 0.63 3.80 3.79

C/C++ mean 2379.33 18.64 51.23 47.04 0.00 38.88 38.23
std 474.05 5.14 8.57 8.60 0.00 2.89 2.51

GPT
Python mean 151.65 4.34 19.77 20.18 7.35 66.81 67.11

std 59.85 2.38 3.89 3.99 8.25 8.40 8.40

C/C++ mean 1571.22 8.01 33.61 28.85 0.02 48.89 44.51
std 283.63 1.75 4.63 4.22 0.03 5.41 1.87

Llama
Python mean 222.09 6.67 24.25 24.67 3.60 59.23 59.45

std 112.55 3.85 7.10 7.27 7.10 7.05 7.04

C/C++ mean 1869.23 10.02 39.97 34.97 0.00 43.38 42.66
std 579.59 3.80 9.92 9.21 0.01 3.50 3.05

Qw4B
Python mean 178.54 5.43 25.25 25.61 14.78 66.60 66.90

std 70.75 1.80 4.61 4.63 11.42 5.08 5.07

C/C++ mean 1822.14 9.85 38.15 33.42 0.02 46.83 43.38
std 424.64 2.20 6.74 5.96 0.02 3.38 2.02

Qw8B
Python mean 180.06 4.63 23.17 23.57 6.59 62.92 63.26

std 86.64 2.23 5.84 5.91 8.36 6.05 6.03

C/C++ mean 1719.90 8.72 36.59 31.88 0.02 46.74 44.08
std 643.36 3.47 9.41 8.86 0.03 3.89 2.63

Qw14B
Python mean 201.97 5.68 27.68 28.20 9.60 64.48 64.77

std 74.61 1.97 5.15 5.20 7.13 4.72 4.72

C/C++ mean 2021.52 9.74 41.83 36.14 0.03 47.95 42.10
std 482.39 2.37 7.65 6.87 0.03 3.94 2.15

Qw32B
Python mean 211.90 4.71 26.86 27.27 4.78 61.56 62.00

std 87.12 2.45 6.03 6.09 4.69 5.79 5.76

C/C++ mean 2038.57 10.26 41.78 37.35 0.02 45.98 42.01
std 488.85 2.73 8.41 8.02 0.02 4.43 2.52

QwCo
Python mean 212.60 6.19 23.45 23.93 1.26 57.81 57.94

std 112.54 3.00 7.00 7.13 3.01 5.88 5.90

C/C++ mean 1633.43 9.22 34.53 30.81 0.00 44.76 44.44
std 455.12 2.97 8.02 7.71 0.00 3.13 2.84

Human
Python mean 263.59 2.64 36.01 23.59 6.51 60.82 60.82

std 66.45 1.45 9.26 4.76 11.64 5.64 5.64

C/C++ mean 3303.25 12.62 55.01 39.09 0.05 45.10 38.82
std 2649.44 7.00 29.40 18.13 0.09 7.81 6.46

Table 14: Maintainability results on the evaluation subset, broken down by model, language (Python vs. C/C++),
and statistic (mean vs. std). Model abbreviations follow those in Table 13.
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