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—— Abstract

Background. Large Language Models (LLMs) are increasingly used in software engineering tasks
such as code generation, bug detection, and program repair. However, their use introduces inference-
time costs that are rarely considered together with functional performance, especially in debugging
and repair workflows where models may be invoked repeatedly.

Aim. This study evaluates the correctness-energy trade-offs of LLMs across model scales in Python
bug-fixing tasks. We examine how model size relates to code correctness, inference time, and GPU
energy consumption.

Method. We conduct a controlled empirical evaluation of six open-source code-oriented LLMs,
ranging from 1.5B to 15B parameters, on 40 real-world Python bugs from the BugsInPy benchmark.
Each model is executed multiple times per task under a consistent hardware and prompting setup.
Repair performance is measured using Pass@k and test-suite outcomes, while computational cost is
measured using inference time and GPU energy consumption. We also analyze generated outputs to
identify recurring failure patterns.

Results. Increasing model size substantially raised computational cost without consistently improv-
ing correctness. The smallest model, Qwen 1.5B, achieved the best overall performance, with a
Pass@1 score of 43% and an average runtime of 38.7 seconds. In contrast, StarCoder 15B achieved a
Pass@1 score of 23%, required 96.7 seconds, and consumed approximately 7 times more energy per
inference while solving fewer tasks. Higher success rates were also observed in web-related projects,
suggesting that structurally localized bugs are more effectively handled by current models.

Conclusion. On the evaluated localized Python bug-fixing tasks, smaller LLMs offered a more
favorable trade-off between correctness, inference time, and energy consumption. These results
suggest that scaling model size does not automatically lead to more efficient LLM-based repair, and
that inference cost should be considered alongside functional correctness when comparing models.
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1 Introduction

Large Language Models (LLMs) are increasingly used in software engineering tasks, including
code generation, bug detection, automated debugging, and program repair [12]. Code-oriented
LLMs can generate patches, complete missing code, and assist developers in reasoning about
faulty program behavior. As these models become more accessible through local deployment
and integrated development tools, they are likely to be invoked repeatedly during software
development workflows.

This growing use of LLMs raises an important sustainability concern. AI models consume
substantial energy during training and continue to consume energy during inference after
deployment [2], [8], [9], [22]. For example, the energy consumed during LLaMA 3.1 training
has been compared to the emissions from 83 years of electricity use by a single household
in the United States [2]. Prior work has also reported that training a large neural network
can produce emissions comparable to those of multiple cars over their lifetimes [9]. With
the increasing demand for large-scale Al systems, data centers are projected to consume a
growing share of global electricity, reaching approximately 20% by 2030 [9].

However, in software engineering workflows, sustainability concerns extend beyond model
training. Once deployed, LLMs consume energy during inference, the process by which
trained models generate outputs [8], [9], [22]. Inference is particularly relevant in debugging
and repair because these tasks are often iterative: developers may request multiple fixes,
regenerate patches, or apply models across many defects. As a result, even moderate
per-inference costs can accumulate when LLMs are used frequently.

This concern aligns with Green AI, which argues that AI research should consider
computational cost alongside model performance [6]. For LLM-based software engineering,
this means evaluating not only whether a model produces correct outputs, but also the
inference cost required to produce them. Prior studies have examined the environmental
impact of large-scale Al systems, the energy efficiency of LLM-generated code, and differences
between smaller and larger models in programming tasks [2], [9], [16], [20]. These studies
provide useful evidence, but energy measurements are highly dependent on hardware, task
configuration, implementation choices, and measurement boundaries [1]. Therefore, results
from one type of programming task do not necessarily generalize to other software engineering
activities.

Bug fixing is a particularly relevant setting for studying correctness-energy trade-offs.
Developers spend substantial time locating, understanding, and repairing defects [25], [21],
[23]. Debugging includes several subtasks, such as bug localization, classification, and
repair, and different bug types may require different levels of reasoning and contextual
understanding [24]. Python bug fixing is also a practical and challenging target. Python is
widely used in domains such as data science, machine learning, automation, web development,
and backend systems. At the same time, Python bugs can be difficult to repair because of
dynamic typing, heterogeneous data structures, and domain-specific library usage [24].

Despite growing interest in Green Al and LLM-based software engineering, limited
empirical evidence is available on the inference-time cost of using open-source code LLMs for
real-world bug fixing. Much prior work evaluates the efficiency of generated code after it is
produced, for example, by measuring the runtime or energy consumption of the generated
program. In contrast, this study focuses on the energy consumed by the model during
repair generation. This distinction matters because, in LLM-based debugging, sustainability
concerns arise from both the code eventually produced and the repeated inference required
to obtain it.
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In this paper, we investigate the correctness—energy trade-offs of LLM-based Python
bug fixing, with particular emphasis on how model size influences both repair effectiveness
and inference cost. We evaluate six open-source code-oriented LLMs, ranging from 1.5B to
15B parameters, on 40 real-world bugs from the BugsInPy benchmark under a consistent
hardware and prompting setup. Our goal is to determine whether increasing model size
improves correctness—cost behavior, or whether smaller models can offer more favorable
trade-offs under the evaluated conditions.

The study is scoped to localized bug repair, where the faulty code can be isolated to
a single function or class and replaced as a complete block. Repair scenarios that require
repository-level reasoning, coordinated edits across multiple files, or a broader architectural
understanding are outside the scope of this work. Accordingly, the findings and conclusions
should be interpreted in the context of this class of localized repair tasks.

This paper makes the following contributions:

We provide a controlled empirical comparison of six open-source code-oriented LLMs on

real-world Python bug-fixing tasks from BugsInPy.

We measure repair correctness, inference time, and GPU energy consumption under a

consistent experimental setup, making inference cost visible alongside functional correct-

ness.

We analyze correctness-energy trade-offs across model scales and show that larger models

do not necessarily provide more efficient LLM-based repair in the evaluated setting.

We characterize recurring failure patterns in generated repairs to help explain differences

in model behavior.

The rest of the paper is organized as follows. Section 2 discusses related work on Green
Al energy-aware LLM evaluation, and LLM-based software repair. Section 3 presents the
research questions and describes the methodology and experimental setup. Section 4 presents
the results. Section 5 discusses implications, and Section 6 presents threats to validity.
Section 7 concludes the paper.

2 Related Work

Energy-aware software engineering has increasingly examined how software systems, program-
ming practices, and Al-assisted development affect energy consumption. In the context of
LLM-assisted programming, recent work has studied both the energy behavior of generated
code and the computational cost of using the models themselves. This section summarizes
representative studies that motivate our focus on inference-time energy in LLM-based bug
fixing.

Rani et al. [17] studied whether LLMs can improve the energy efficiency of existing
code. They optimized 400 MATLAB scripts using GPT-3, GPT-4, Llama, and Mixtral,
and compared the results with optimizations produced by a senior MATLAB developer.
Their evaluation considered energy consumption, memory usage, and other performance
metrics. The results showed no clear energy benefit from LLM-based optimization and
indicated negative effects on memory usage. Their findings suggest that LLM-assisted code
optimization does not automatically lead to more sustainable software and that energy effects
must be evaluated empirically.

A prerequisite for such evaluations is reliable energy measurement. Sallou et al. [18]
addressed this challenge by introducing EnergiBridge, a cross-platform tool for measuring
software energy consumption on Linux, Windows, and macOS. This is relevant because
many earlier energy measurement tools were platform-specific, making comparisons difficult
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across environments. However, even with improved tooling, energy measurements remain
sensitive to hardware, operating system behavior, workload characteristics, and experimental
configuration.

Several studies have evaluated the energy efficiency of code generated by LLMs. Islam
et al. [9] compared code generated by 20 LLMs with human-written code using energy
consumption, runtime, memory usage, and correctness. Their results showed that human-
written code was approximately 1.17 times more energy-efficient than DeepSeek-v3 and
more efficient than other evaluated LLM outputs. They also found that increasing problem
complexity was associated with greater inefficiency in LLM-generated code. These findings
show that functional correctness alone is insufficient for evaluating Al-generated code.

Ashraf et al. [2] studied energy-aware code generation across model scales. They compared
three small open-source models, StableCode-3B, StarCoderBase-3B, and Qwen2.5-Coder-3B-
Instruct, against two large proprietary models, GPT-4.0 and DeepSeek-Reasoner, using 150
Python programming tasks from LeetCode. Their evaluation measured correctness, runtime,
memory usage, and energy consumption during execution of the generated code. The results
showed that large models achieved stronger correctness and runtime performance, while
small models were more energy-efficient in more than half of the cases where their outputs
were correct. Their study is closely related to ours because it compares models of different
sizes under a sustainability lens. However, their measurement target is the execution cost of
generated code, whereas our study measures the inference cost of generating repairs.

This distinction is important because energy consumption in Al-assisted software engin-
eering arises at different points in the workflow. Early Green Al work emphasized the need
to account for computational costs across the Al life cycle [6, 22]. More recent work shows
that inference can substantially increase the overall energy footprint of deployed Al systems,
as models may be executed repeatedly at scale [9]. Fernandez et al. [7] similarly emphasize
that inference can represent a major share of energy consumption in deployed Al systems.
In LLM-based debugging, this repeated-use concern is especially relevant: developers or
tools may request multiple patches, regenerate outputs, or apply models across many defects
before arriving at a correct fix.

Overall, prior work provides important evidence on software energy measurement, LLM-
generated code efficiency, and model-scale comparisons. However, most related studies focus
on the energy behavior of generated code after execution or on general programming problems.
Less is known about the inference-time energy cost of using open-source code-oriented LLMs
for real-world bug-fixing tasks. This study addresses that gap by evaluating six open-source
code LLMs of different sizes on Python bugs from BugsInPy, measuring repair correctness,
inference time, and GPU energy consumption during patch generation under a consistent
experimental setup.

3 Methodology

We conduct a controlled experiment to evaluate open-source code-oriented LLMs of different
sizes on Python bug-fixing tasks. The goal is to examine how model size relates to repair
correctness, inference time, and GPU energy consumption during repair generation.

3.1 Research Questions and Hypotheses

The study is guided by three research questions:
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Figure 1 Per-run experimental workflow. Runtime and GPU power are recorded only during
LLM inference; tests are used to determine repair correctness.

RQ1. How do LLMs of varying sizes differ in their ability to fix Python bugs in terms of
repair correctness and inference time?

RQ2. What is the inference-time energy cost associated with running these models on
Python bug-fixing tasks?

RQ3. Which model provides the most favorable trade-off between correctness, inference
time, and energy consumption?

We investigate two hypotheses:

H1. Smaller models can achieve comparable repair correctness to larger models while
requiring less inference time and energy consumption.

H2. Larger models require greater energy resources during inference than smaller models,
regardless of whether the generated fix is correct.

3.2 Experimental Design

For each experimental run, the pipeline takes a selected model and a selected bug as input. It
prepares the buggy project state, extracts the buggy function or class, prompts the model to
generate a repair, inserts the generated repair into the source file, and executes the associated
tests to determine correctness. Figure 1 summarizes this per-run pipeline.

The study evaluates block-level repair: each generated output replaces the extracted
buggy function or class. This supports automated insertion and testing, but does not evaluate
repository-wide or multi-location repairs.

Runtime and GPU power are recorded only during LLM inference, from immediately
before repair generation until the model output is returned. Repository setup, extraction,
prompt construction, patch insertion, and test execution are excluded. Because power is
measured using NVML, reported energy values represent GPU-side inference energy, not
full-system energy.
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Table 1 Overview of selected models.

Identifier Model Name Parameters  Size
Qwenl.5 Qwen2.5-Coder-1.5B 1.5B Small
StableCode3 StableCode-3B 3B Small
DeepSeek6 DeepSeek-Coder-6.7B-Instruct 6.7B Small
StarCoder7 StarCoder2-7B B Medium
CodeLlamal3 CodeLlama-13B-Instruct 13B Medium
StarCoderl5 StarCoder2-15B 15B Medium

3.3 Benchmark and Models

Python was selected because of its widespread use in Al, data science, automation, web
development, and backend systems [19]. We use BugsInPy [24], a benchmark of real-world
Python bugs from open-source GitHub projects. We selected 40 bugs from BugsInPy projects,
including Ansible, Black, Cookiecutter, Fast API, Luigi, Sanic, Scrapy, TQDM, and Youtube-
dl. The selected bugs cover several software domains, including web frameworks, automation,
developer tools, utilities, and data-processing projects. The selection was constrained by the
block-level repair setting used in this study: a bug was included only if the buggy code could
be localized to a function or class, the relevant block could be extracted for prompting, and the
associated test suite could be executed in our environment. Bugs requiring multi-file repairs,
repository-level changes, unavailable dependencies, or non-reproducible test environments
were excluded.

We evaluate six open-source code-oriented LLMs ranging from 1.5B to 15B parameters.
Models were selected based on open-source availability, Python support, and prior use or
performance in code-related benchmarks such as HumanEval [5] and CodeXGLUE [13].
Following prior work [2], we categorize models up to approximately 6-7B parameters as
small and models from 7B to 15B parameters as medium-sized. Table 1 summarizes the
selected models and their parameter sizes. All selected models are publicly available on the
Hugging Face! model repository. All models were executed locally on the same hardware.
Proprietary API-based models were not included because their inference energy cannot be
measured directly under the same hardware and measurement conditions.

3.4 Prompting and Execution

A fixed zero-shot prompt was used for all models and tasks to ensure a consistent evaluation
setting. We deliberately used a single standardized prompt rather than model-specific
prompting or alternative prompting strategies, such as few-shot prompting. This design
reduces prompt engineering as a source of variation and enables the models to be compared
under identical prompting conditions [4] [3]. The prompt instructs the model to generate a
complete Python function or class and to output only executable code.

! nttps://huggingface.co/
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You are a Python expert.

Fix the following {block_type} named ’{block_namel}’.
STRICT RULES:

- Output ONLY valid Python code

- DO NOT explain anything

- DO NOT include markdown

- DO NOT include text before or after code

- The output MUST start with: def {block_name} OR class {block_name}
- The code MUST be complete and executable

BUGGY CODE:

{buggy_block}

Generated outputs were evaluated without manual intervention. Outputs containing
non-code text, Markdown formatting, incomplete blocks, syntax errors, unexpected function
or class structures, or missing return statements were counted as unsuccessful repairs (counted
as failures in Pass@k). We intentionally did not edit, clean, or reformat generated outputs
because adherence to the fixed output constraints is part of the evaluated zero-shot repair
setting. For executable repairs, correctness was determined solely by whether the generated
repair passed the associated bug-specific test suite.

All models used the same prompt template and were executed without task-specific
or model-specific decoding tuning. Generation followed the defaults of the inference lib-
rary/model configuration used in our scripts. The batch size was 1. Model loading time
was excluded from inference-time and energy measurements. Random seeds were not fixed;
instead, each bug-model pair was executed 10 times to capture output and measurement
variability.

For each bug-model pair, we perform 10 independent runs, resulting in 2,400 intended
model executions. Each run takes a project identifier, bug identifier, and model identifier
as input; prepares the BugsInPy workspace; extracts the buggy block; runs LLM inference;
inserts the generated repair; executes the bug-specific tests using pytest; and records
correctness, inference time, and GPU energy.

A run is successful if the generated repair passes all bug-specific tests. A bug is considered
fixed by a model if at least one of the model’s 10 generated repairs passes the tests. Runs
failing due to syntax errors, runtime errors, failed tests, invalid output format, or timeout
are counted as unsuccessful. The timeout policy was governed by the overall SLURM job
time limit.

All experiments are conducted on a dedicated GPU node equipped with an NVIDIA
Tesla V100 GPU with 32 GB memory, 4 CPU cores, and 128 GB RAM. Each experiment
is executed as an independent job with an identical configuration, and a fixed delay is
introduced between repeated runs to reduce thermal effects.

All runs used the same software environment, model execution scripts, and measurement
scripts. The models were loaded before each measured run. Model-loading energy and time
are excluded from the reported inference cost.

3.5 Measurements and Analysis

Repair correctness is evaluated using execution-based testing. A generated repair is correct
if it passes the bug-specific test cases. Since each bug-model pair is evaluated over 10 runs,
we use Pass@k to summarize repair success [11, 5]. Pass@1 is computed as:

Total Successful Attempts
Total Attempts

Pass@1 = (1)
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Pass@1 is computed as the observed proportion of successful repairs across repeated
independent runs. For Pass@10, a bug is considered solved for a given model when at least
one out of the 10 generated repairs successfully passes the bug-specific test suite.

Inference time is measured using time.perf_counter. GPU energy is measured during
inference using NVML, with GPU power sampled every 100 ms and integrated over time:

Emeasured - Zp(t) x At (2)

where P(t) is instantaneous GPU power and At is the sampling interval. Baseline idle energy
is subtracted from measured energy:

Eﬁnal = Emeasured - Ebaseline (3)

Because NVML reports GPU-side power, the reported values represent GPU inference
energy rather than full-system energy. Baseline idle GPU energy was measured under the
same job configuration and sampling interval, and subtracted from measured inference energy
to estimate the additional GPU energy associated with repair generation.

For each run, we record the model identifier, bug identifier, execution status, number of
tests passed, total number of tests, correctness outcome, inference time in seconds, and GPU
energy in Joules.

The collected data are aggregated across repeated runs. For RQ1, we analyze Pass@1, the
number of bugs fixed, and inference time. For RQ2, we analyze GPU energy consumption.
For RQ3, we jointly compare repair correctness, inference time, and GPU energy consumption
to identify correctness-energy trade-offs across models.

To compare energy differences between models, we aggregate inference-energy measure-
ments per bug-model pair across the 10 runs and use the per-bug average as the unit of
analysis. This gives one paired energy value per bug for each model. We use the Wilcoxon
signed-rank test [14] for pairwise comparisons and report Vargha—Delaney A;5 effect sizes [10]
to quantify the magnitude of differences. Because multiple comparisons are performed,
p-values are interpreted together with effect sizes and descriptive trends rather than as the
sole basis for conclusions.

Finally, we conduct an exploratory inspection of generated repairs that failed to fix the
observed failure to identify recurring failure patterns, such as invalid syntax, incomplete
repairs, incorrect function or class structure, incorrect repair logic, or outputs that do not
address the observed failure. This inspection supports the interpretation of the quantitative
results rather than producing a validated taxonomy.

4 Results

This section presents the results organized by the three research questions. We analyze repair
correctness, inference time, GPU energy consumption, and the resulting correctness-energy
trade-offs across the evaluated models. Only bug-model pairs with 10 completed runs were
included in the analysis. Of the 40 selected bugs, 35 had complete and consistent 10-run
coverage across all six models and were retained for analysis. Bugs with incomplete runs due
to execution timeouts or missing run logs were excluded to ensure a balanced comparison.
The final dataset, therefore, contains 35 bugs (2,100 runs). The complete experimental
results are available in the replication repository as a CSV file.
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4.1 RQ1: Repair Correctness and Inference Time

How do LLMs of varying sizes differ in their ability to fix Python bugs in terms of repair
correctness and inference time?

This RQ evaluates H1 by examining whether smaller models can achieve repair correctness
comparable to larger models while requiring less inference time. Table 2 summarizes repair
correctness and inference time for each evaluated model. Pass@10 is reported as the number of
bugs, out of the 35 bugs retained for aggregate analysis, for which a model generated at least
one test-passing repair across its 10 runs, while Pass@1 represents the observed proportion
of successful repair attempts across all runs. The difference between these measures reflects
the repeated-run setting, in which some bugs are solved consistently across multiple runs,
while many others are not solved at all.

Table 2 Repair correctness and inference time across models.

Model Size Pass@10 Pass@l Avg Time (s)
Qwenl.5 Small 15 0.43 38.7
StableCode3 Small 0.20 45.7
DeepSeek6 Small 5 0.14 54.3
StarCoder7 Medium 8 0.23 48.2
CodeLlamal3 Medium 14 0.40 68.5
StarCoder15 Medium 8 0.23 96.7

As shown in Table 2 and Figure 2, Qwenl.5 achieves the strongest repair performance
among the evaluated models, fixing 15 unique bugs and reaching a Pass@1 of 0.43 while
maintaining the lowest average inference time (38.7s). CodeLlamal3 performs competitively
in terms of correctness, fixing 14 bugs with a Pass@1 of 0.40, but requires substantially
longer average execution time (68.5s). The remaining models fix fewer tasks and exhibit
lower overall Pass@1 values.

18
Models

Qwenl.5
StableCode3
DeepSeek6
StarCoder7
CodeLlamal3

W StarCoderl5

16 P@1: 0.43
15
P@1: 0.40
14

14
12

10
P@1: 0.23 P@1: 0.23
8 8

8 P@1: 0.20
7

6 P@1: 0.14
5

Unique Bugs Fixed (Pass@10)

Qwenl.5 StableCode3 DeepSeek6 StarCoder7 CodelLlamal3 StarCoderl5

Models

Figure 2 Repair correctness across models.
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Models
Qwenl.5
100 96.7s StableCode3
DeepSeek6
StarCoder7
CodeLlamal3
I starCoderls

80

68.4s

60

45.9s

38.7s

Average Time (seconds)

20

Qwe'nl.s SQabIa‘CodaB DeepSeek6 StarCoder7 Codaleama:l.a StarCoderl5
Models

Figure 3 Average inference time across models.

These results indicate that increasing model size does not consistently lead to higher
repair correctness or lower inference time in this setting. For example, StarCoderl5, the
largest evaluated model, fixes only 8 bugs, achieves a Pass@1 of 0.23, and requires the highest
average inference time (96.7s). As illustrated in Figure 3, overall inference runtime increases
with model scale, although the trend is not strictly monotonic across model families.

Summary: Qwenl.5 achieved the highest Pass@10 and Pass@1 while also requiring
the lowest average inference time. This supports H1 in the evaluated setting,
although CodeLlamal3 was competitive.

4.1.1 Exploratory Failure Analysis

Although Qwenl.5 achieves the highest Pass@1, its score remains below 0.50, indicating
that even the best-performing model does not reliably generate a test-passing repair in a
single attempt. We conducted a targeted manual inspection of repairs generated for 20 bugs
across all six models, covering 1,200 outputs (20 bugs x 6 models x 10 runs). The analysis
was exploratory and aimed at identifying recurring failure patterns rather than constructing
a validated failure taxonomy. Figure 4 presents five illustrative cases selected from this
inspection to show recurring success and failure behavior across repeated runs.
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Figure 4 Number of successful runs for selected bugs across models (out of 10 independent
attempts).

As shown in Figure 4, repair outcomes exhibit a pronounced 0-or-10 pattern: a model
either succeeds in all 10 runs or fails in all 10 runs.For Ansible 7 and Ansible 11, Qwenl1.5
and CodeLlamal3 produce test-passing repairs in all 10 runs, whereas the remaining models
fail in every run. Qwenl.5 similarly achieves 10/10 successful runs for Luigi 9 and Scrapy 2,
while no evaluated model successfully repairs Black 3.

Ansible 11 provides an illustrative example of how output structure can affect repair
success. The bug requires updating the map_obj_to_commands function to construct CLI

command strings for networking banners based on state conditions (absent vs. present).

Specifically, when the state is present, the function must determine whether the target
banner text differs from the existing text and format the string using specific delimiter tags
(@\n...\no).

As illustrated by the following generated repair, Qwen1.5 produces a concise, self-contained
function that satisfies the required structure and passes the associated tests. Qwenl.5 and
CodeLlamal3 both achieve 10/10 successful runs for this bug.

def map_obj_to_commands (updates, module):

commands = 1list ()

want , have = updates

state = module.params[’state’]

if state == ’absent’ and ’text’ in have.keys() and have[’text’]:

commands . append (’no,banner,%s’ % module.params[’banner’])

elif state == ’present’:
if want[’text’] and (want[’text’] != have.get(’text’)):
banner_cmd = ’banner,%s’ % module.params[’banner’]
banner_cmd += ’_,0\n’
banner_cmd += want[’text’].strip()
banner_cmd += ’\n@’

commands . append (banner_cmd)

return commands
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Manual inspection revealed that models like StarCoder7 and DeepSeek6 generated the correct
banner_cmd logic but failed to execute because they wrapped the code in triple-backtick
Markdown blocks ("‘python ... ") or redeclared the parent module import after the
return statement. Since our execution pipeline treats syntax/insertion errors as immediate
failures, these minor formatting deviations caused complete test suite failures.

Taxonomy of Recurring Failures. Across all 20 manually inspected bugs, failures fall into

three main categories:

1. Structural & Format Violations (~50% of failures in medium models): Inclusion
of Markdown tags, explanatory text, duplicated function signatures, or code outside the
target block.

2. Incomplete Repairs (~30% of failures): Correct handling of primary branches but
omission of required initializations, return statements, or edge-case null checks.

3. Incorrect Logic (~20% of failures, predominant in Qwen1.5): Flawed API usage,
invalid state checks, or incorrect enumeration (enum) indexing (e.g., in Black 3).

Unexpected Findings. The manual inspection showed that structural and formatting
violations were more common than complex algorithmic misunderstandings (such as incorrect
recursion or invalid mathematical operations). In several cases, generated outputs partially
captured the intended repair logic but failed because they violated the required block structure
or output format. This suggests that within the evaluated zero-shot block-repair setting,
output compliance can be as important as the quality of semantic repair.

4.1.2 Project and Category-Level Performance

We also examine repair success across projects and broader project categories to understand
whether model behavior varies by software domain. Table 3 reports the number of bugs fixed
by each model for each project included in the selected benchmark subset.

Table 3 Project-wise number of bugs successfully fixed by each model.

Project Qwenl.5 StableCode3 DeepSeek6 StarCoder7 CodeLlamal3 StarCoderl5
Ansible 2 0 0
Black 0
CookieCutter 0
FastAPIT 4
Luigi 1
1
3
4
0

¥}

Sanic
Scrapy
TQDM
Youtube-dl

O NO = O O OO
O = O Kk O WO o
(= = ===
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The results show that FastAPI, Sanic, and TQDM are solved more consistently across
models, while Ansible, Luigi, and Scrapy are more selective. Qwenl.5 performs strongly across
several projects, particularly FastAPI, Scrapy, and TQDM. Codel.lamal3 also performs
competitively, while StableCode3 and DeepSeek6 show more limited success across projects. In
contrast, none of the evaluated models successfully solved bugs from the Black, CookieCutter,
and Youtube-dl projects.

Figure 5 aggregates the project-level results into broader categories. The heatmap shows
the percentage of bugs fixed by each model within each category.

The evaluated Web category is solved consistently across all models. This may indicate
that the evaluated web-related bugs are more localized or structurally regular, although
confirming this would require a more detailed bug-characteristic analysis. Performance is
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Figure 5 Model performance across project categories.

more moderate in the Utility category and lower in the Data, Automation, and DevTool
categories. No model solves the evaluated DevTool bugs, suggesting that this category was
particularly challenging in the selected benchmark subset. These observations indicate that
repair success depends not only on model size but also on the characteristics of the underlying
bugs.

4.2 RQ2: Inference-Time GPU Energy Cost

What is the inference-time energy cost associated with running these models on Python
bug-fizing tasks?

This RQ evaluates H2 by comparing GPU energy consumption during inference between
larger and smaller models. Inference-time GPU energy consumption is one factor in the
sustainability of deployed LLM-based software engineering systems, especially when models
are invoked repeatedly. Figure 6 shows the average GPU energy consumption per inference
after subtracting baseline idle energy.

Average GPU energy consumption increases with model size in the evaluated set. Qwenl.5
consumes approximately 526 J per inference, followed by StableCode3 with 905 J and Deep-
Seek6 with 1,050 J. Among the medium-sized models, StarCoder7 consumes approximately
1,651 J, CodeLlamal3 requires around 2,784 J, and StarCoderl5 consumes over 3,200 J per
inference. These results show that medium-sized models incur substantially higher GPU
inference energy costs than smaller models.

Figure 7 shows the distribution of GPU energy consumption across tasks for each model.
Smaller models consume less GPU energy overall, but their energy values vary more across
tasks. Manual inspection suggests that this variation may be related to differences in
generated output length and structure, although output length was not analyzed as a
separate quantitative variable. In contrast, CodeLlamal3 and StarCoder15 show consistently
higher but relatively less variable energy consumption, indicating more stable but more
expensive inference behavior.

We further analyze GPU energy differences using Vargha—Delaney A5 effect sizes. Figure 8
presents pairwise comparisons, where each cell represents the probability that the model
on the vertical axis consumes more GPU energy than the model on the horizontal axis.
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Values close to 1.0 indicate that the row model usually consumes more GPU energy than the
column model, while values close to 0.5 indicate similar distributions. The heatmap reports
lower-triangular pairwise comparisons to avoid duplicate symmetric entries.

The A;o results show clear differences between small and medium-sized models. Com-
parisons involving StarCoder7, Codellamal3, and StarCoderl5 produce values close to
1.0 against smaller models, indicating a high probability that these models consume more
GPU energy across tasks. Differences among smaller models are less pronounced, although
Qwenl.5 remains the lowest-energy model overall.

Average Energy Consumption Across Models
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Figure 6 Average GPU energy consumption per inference across models.
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Figure 7 Distribution of GPU energy consumption across models.
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Figure 8 Pairwise comparison of GPU energy consumption using Vargha—Delaney A2 effect size.

Table 4 Pairwise Wilcoxon signed-rank test results comparing Qwenl.5 with other models.

Comparison p-value Significant
Qwenl.5 vs StableCode3 < 0.001 Yes
Qwenl.5 vs DeepSeek6 < 0.001 Yes
Qwenl.5 vs StarCoder7 < 0.001 Yes
Qwenl.5 vs CodeLlamal3 < 0.001 Yes
Qwenl.5 vs StarCoder15 < 0.001 Yes

Because Qwenl.5 has the lowest average GPU energy consumption, we use it as the
reference model for pairwise Wilcoxon signed-rank tests. Using per-bug average GPU energy
values, the tests show statistically significant differences between Qwenl.5 and all other

evaluated models.

Summary: GPU energy consumption increases substantially with model size in
the evaluated set. Qwenl.5 consumes the least GPU energy, and pairwise statistical
tests show significant differences between Qwenl.5 and all other models. This
supports H2 in the evaluated setting.

4.3 RQ3: Correctness—Energy Trade-offs

Which model provides the most favorable trade-off between correctness, inference time, and
energy consumption for Python bug-fixing tasks?

RQ3 compares repair correctness, inference time, and GPU energy consumption jointly.
Figure 9 presents normalized values for the three dimensions across models. Energy and
runtime are cost dimensions, so lower normalized values are preferable for those lines.
Repair correctness is a benefit dimension, so higher normalized values are preferable for the
correctness line.
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Figure 9 Normalized trade-off comparison of GPU energy consumption, inference time, and repair
correctness across models. All metrics are Min-Max scaled to [0, 1], Lower values are preferable for
energy and runtime, whereas higher values are preferable for repair correctness. Data labels display
raw, unnormalized values for direct reference.

Qwenl.5 provides the strongest overall trade-off between correctness and energy. It is the
only model that is best on all four reported dimensions: Pass@10, Pass@1, average inference
time, and average GPU energy consumption. Codellamal3 achieves competitive repair
correctness, but at substantially higher inference time and GPU energy cost. StarCoder15
consumes the most energy and takes the longest inference time, yet achieves lower repair
correctness than both Qwenl.5 and CodelLlamal3.

These results show that higher model size and higher GPU energy consumption do
not necessarily translate into better repair performance. In the evaluated setting, repair
correctness does not increase consistently with model size, whereas inference time and GPU
energy consumption generally do. Therefore, correctness-only comparisons would miss an
important part of the model-selection trade-off for LLM-based repair.

Summary: Qwenl.5 provides the most favorable trade-off between correctness and
energy among the evaluated models, while also achieving the lowest average inference
time. Larger models generally incur higher runtime and GPU energy costs without
consistent improvements in correctness in this benchmark.

5 Discussion

The results show that model size alone is not a reliable indicator of repair effectiveness in the
evaluated Python bug-fixing setting. Qwenl.5, the smallest model in the study, achieved the
strongest repair correctness while also requiring the lowest inference time and GPU energy
consumption. In contrast, larger models, such as StarCoder15, incurred substantially higher
runtime and energy costs without corresponding gains in correctness. This suggests that
scaling model size does not automatically improve correctness; there are energy trade-offs in
LLM-based repair.
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One explanation is the block-level and format-constrained nature of the repair task. Each
model was asked to generate a complete replacement for a function or class and to output
only executable Python code. The exploratory failure analysis suggests that several failures
were caused not only by incorrect repair logic, but also by output-structure problems such as
extra text, duplicated code, incomplete blocks, or code outside the expected structure. In
such a setting, concise, structurally compliant outputs may be more useful than longer or
more complex outputs.

The project and category-level results further indicate that repair success depends on
the characteristics of the underlying bugs. The evaluated web-related bugs were solved
more consistently across models, whereas DevTool, Data, and Automation tasks were more
challenging. This suggests that future studies should examine bug characteristics more
explicitly, including locality, dependency structure, and whether the repair requires a broader
repository context.

For researchers, these findings reinforce the need to report inference time and GPU energy
alongside repair correctness. For practitioners, the results suggest that smaller open-source
code LLMs should not be dismissed solely because of their size, especially in local or repeated
debugging workflows. However, these implications are limited to the evaluated models,
prompt, benchmark, and hardware setup, and should not be interpreted as a general claim
that smaller models are always preferable.

6 Threats to Validity

Construct validity. Repair correctness is measured using execution-based testing: a gener-
ated repair is considered correct if it passes the bug-specific test suite. This is common in
automated program repair, but passing the available tests does not guarantee semantic equi-
valence to the developer patch or correctness for all inputs. In addition, this study measures
GPU energy during model inference using NVML. The reported values therefore represent
GPU-side repair-generation energy, not full-system or end-to-end pipeline energy; CPU,
memory, disk, cooling, repository setup, patch insertion, and test execution are excluded.
The repair task is also limited to function- or class-level replacement, so bugs requiring
multi-location edits, new imports outside the extracted block, configuration changes, or
broader repository-level reasoning are not captured.

Internal validity. Energy and runtime measurements can be affected by GPU state, thermal
behavior, background processes, caching, and scheduling effects. To reduce these threats, all
experiments were executed on the same dedicated GPU node with an identical configuration,
a fixed delay between repeated runs, and baseline idle energy subtraction. Full-system
energy could not be measured because CPU and host-level energy profiling were restricted
in the HPC environment. Model-output variability is another threat. We did not apply
task-specific or model-specific decoding tuning and relied on the default generation behavior
of the inference library/model configuration. Random seeds were not fixed; instead, each
bug-model pair was executed 10 times, and results were aggregated across attempts. Invalid
or non-compliant outputs, such as Markdown, explanations, incomplete code, syntax errors,
or outputs with an unexpected structure, were counted as unsuccessful repairs and were not
manually edited.

External validity. The study initially selected 40 Python bugs from BugsInPy, of which 35
were retained for the balanced aggregate comparison across all six models due to complete
and consistent run coverage. The six evaluated open-source code-oriented LLMs range
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from 1.5B to 15B parameters and were executed on a single hardware configuration: an
NVIDIA Tesla V100 GPU with 32 GB of memory, 4 CPU cores, and 128 GB of RAM.
Results may not generalize to proprietary models, larger or newer models, quantized variants,
tool-augmented repair systems, other programming languages, other benchmarks, or different
hardware. Results may also differ under alternative prompt designs, decoding configurations,
or model-specific tuning. Therefore, the findings should be interpreted as evidence for the
evaluated models, tasks, prompts, and hardware setup. In particular, our conclusions should
not be generalized to automated program repair scenarios requiring repository-level reasoning,
cross-file modifications, or broader contextual understanding.

Conclusion validity. Repeated runs, statistical tests, and effect sizes are used to support
comparisons across models. However, the benchmark size is limited, and multiple pairwise
comparisons may increase the risk of false positives; therefore, statistical results are interpreted
together with descriptive trends and effect sizes. The qualitative failure analysis is exploratory
and is used to support the interpretation of quantitative results rather than to provide a
validated taxonomy of LLM repair failures.

7 Conclusion

This study presents an empirical evaluation of open-source LLMs for localized Python
bug-fixing tasks, where each repair replaces a single extracted function or class. Using
the BugsInPy benchmark, models ranging from 1.5B to 15B parameters were evaluated
under controlled conditions. The results show that increasing model size does not con-
sistently improve performance for the localized repair scenarios investigated in this study.
In particular, the smallest model (Qwen 1.5B) achieved the highest overall performance
while consuming significantly less energy. In contrast, larger models incurred substantially
higher computational costs without delivering proportional gains in correctness, indicating
diminishing returns from scaling. The qualitative analysis further suggests that output
characteristics, such as conciseness and structural correctness, can affect repair success in the
evaluated block-level setting. In the inspected cases, some medium-sized models produced
longer or more structurally complex outputs, which were more susceptible to formatting or
structural failures. These findings highlight an important trade-off between performance and
sustainability in Al-assisted software engineering. Rather than defaulting to larger models,
practitioners should select models based on task requirements, reliability constraints, and
resource efficiency.

Future Work

This study can be extended in several directions. First, to include a broader range of models,
including larger-scale and proprietary systems, to better understand how model size and
architectural differences influence both performance and energy consumption. In addition,
exploring alternative prompting strategies, such as few-shot and instruction-based prompting,
may provide further insight into how input design affects both correctness and computational
efficiency. Second, the evaluation can be expanded to cover additional programming languages
and more diverse software systems, enabling analysis of whether the observed trends generalize
beyond Python-based bug-fixing tasks. Incorporating a larger set of bugs, including those
currently excluded due to dependency or execution constraints, would further improve the
representativeness of the results. Finally, future studies can extend energy measurement
beyond GPU inference to capture full-system consumption, including CPU, memory, and
the complete execution pipeline.
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