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Abstract
The rapid adoption of Large Language Models (LLMs) is transform-
ing research, education, software development and everyday life.
As their use grows, so does the diversity of available models, from
general-purpose to code-oriented LLMs that can run both in data
centers and on edge devices. Several benchmarks have emerged
to evaluate their performance in code generation and completion
tasks, yet their energy and time efficiency remain underexplored.

This paper evaluates five local LLMs on HumanEval-X and
MBPP+ to analyze their accuracy, runtime and energy consumption
under CPU-only inference, reflecting realistic on-device deploy-
ment scenarios where GPUs are unavailable. The results reveal
clear trade-offs between effectiveness and efficiency: while some
models achieve higher accuracy, others deliver comparable results
with substantially lower energy use. In particular, 3-shot prompt-
ing consistently improves runtime and energy efficiency compared
to 0-shot, without sacrificing code quality. These findings empha-
size that prompt design and model selection must be considered
together when deploying LLMs for coding tasks and call for the
creation of practical prompt-efficiency guidelines to support more
sustainable and efficient use of local LLMs.

CCS Concepts
•Hardware→ Power estimation and optimization; • Comput-
ingmethodologies→Natural language processing; • Software
and its engineering→ Software creation and management.
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1 Introduction
Large language models (LLMs), such as GPT-4 [56], are transform-
ing software development. Initially created for natural language
processing [21, 45], LLMs now serve as AI-driven coding assistants,
supporting code generation [10], debugging [70] and optimiza-
tion [49]. Tools like ChatGPT [55] and GitHub Copilot [19], as well
as models such as CodeBERT [23] and Code Llama [63], illustrate
their growing role in software engineering, assisting in many tasks
such as code completion [35], test generation [44] and program
repair [64].

The widespread use of AI coding assistants shows their growing
importance in software development. A 2024 GitHub survey [26]
found that over 97% of developers have used such tools and most
rely on them both professionally and personally. As their use ex-
pands, so do the computational and environmental costs. It is there-
fore essential to assess not only their effectiveness but also their
efficiency in energy consumption and runtime.

Despite their benefits, LLMs demand significant computational
resources, raising concerns about energy consumption [54]. For
example, Microsoft reported a 30% increase in greenhouse gas emis-
sions in 2023, largely due to AI expansion [7]. Privacy and security
are also critical, especially for organizations handling sensitive
data [65]. Running LLMs locally in offline mode offers greater con-
trol and data protection, particularly in sectors like finance, health-
care and defense [40]. As LLMs become more influential, the range
of available models continues to expand. Between October 2019 and
December 2023, more than fifty LLMs were released [54], covering
a wide range of tasks and running on increasingly diverse hardware.
This diversity motivates comparing local LLMs not only in terms
of effectiveness - their ability to generate correct code - but also
in terms of efficiency, as both dimensions influence their practical
usability in real-world software development.

This paper evaluates fivewidely used local LLMs on two standard
benchmarks for code generation and code completion, focusing
on the following key aspects: (1) energy efficiency and runtime
(considering only the LLMs’ consumption during inference, not that
of the generated code); (2) code generation effectiveness, measured
as task accuracy and analyzed together with runtime and energy
to highlight performance-efficiency trade-offs.

Prompting strategies such as zero-shot and few-shot prompt-
ing, where models receive no examples or only a few examples
to guide their responses, directly influence output quality [5, 30,
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31, 69, 81, 82]. While prior work has primarily examined accuracy,
little is known about how prompting configurations affect energy
consumption. To address this gap, we systematically evaluate the
energy consumption of five LLMs under different n-shot prompting
setups. Furthermore, we examine how the number of examples
(shots) affects energy use and runtime efficiency across models
and tasks, helping practitioners optimize deployments for greater
sustainability.

Thus, our work addresses the following research questions:

RQ1: How do state-of-the-art local LLMs for code compare
in terms of energy consumption and runtime efficiency?

To answer this question, we benchmark five widely used local
LLMs (using quantized versions) includingMeta-Llama-3, deepseek-
coder, codellama, codegeex4 and starling-lm. We use two established
benchmarks, HumanEval-X [83] and MBPP+ [47], to evaluate the
quality and functionality of the generated code. However, tradi-
tional evaluations often ignore energy consumption, a key aspect
of Green AI [16]. We therefore incorporate energy consumption as
a sustainability metric alongside accuracy and runtime.

RQ2: How does n-shot prompting affect energy consumption
and runtime efficiency across models and tasks?

We ran a large-scale empirical study using a batch-based frame-
work to execute LLMs on coding tasks with the HumanEval-X and
MBPP+ benchmarks, tracking both energy consumption and run-
time. The study consumed about 304 million joules over 53 days.
We tested n = 0, 3, treating n = 3 as a few-shot setting to see its ef-
fect on energy consumption and runtime during inference. Results
show that energy consumption and runtime vary widely with the
model, benchmark, programming language and prompting style,
with 3-shot prompting being generally more efficient than 0-shot.

This paper is organized as follows: Section 2 reviews relatedwork.
Section 3 describes our methodology, including models, bench-
marks, energy measurement framework and experimental setup.
Section 4 presents and discusses results. Section 5 addresses threats
to validity. Section 6 summarizes our conclusions, followed by a
description of our replication package and data availability.

2 Related Work
Several approaches have targeted energy efficiency in software.
These range from code-level techniques, such as removing obsolete
code [11], to managing software lifecycles to avoid energy-intensive
processes [58], optimizing hardware utilization [38], and, in dis-
tributed settings, improving data-transfer protocols [14]. All these
efforts align with the Green AI agenda of minimizing computational
carbon footprints [77]. Moreover, research shows that program-
ming language choice significantly affects energy consumption [57].
Tools like Intel RAPL [34] and CodeCarbon [15] enable real-time
energy analysis, allowing developers to make informed decisions
during software optimization.

More recently, LLMs have been applied in software development
through specialized models such as CodeGPT, which focuses on au-
tomating tasks like bug fixing and code repair [60], and Code Llama,
which is designed for efficient and secure code generation [63].
Other efforts, such as DeepDev-PERF [24] and Mentat [61], focus
on performance enhancement and debugging. Additionally, mul-
tilingual approaches to program repair have been demonstrated

by tools like AlphaRepair, which addresses software defects across
various languages [80]. LLMs trained on large datasets support code
generation, debugging, and optimization [28], with fine-tuning and
prompt engineering enhancing performance [9, 37].

Structured benchmarks like HumanEval-X and MBPP+ provide
a comprehensive framework to assess the quality and efficiency
of LLM-generated code [2, 10, 13, 47, 52]. At the same time, the
field of Green AI has focused on sustainability by monitoring and
benchmarking computational footprints [77].

Several researchers have investigated key aspects of LLMs for
Code (LLM4Code). A significant body of work has focused on the
energy consumption of these models, particularly during the in-
ference phase for code generation tasks [1, 22, 48, 66], as well as
during the training phase [68, 76, 78].

Our work explores similar topics by leveraging quantized models
and evaluating LLM benchmarks, but focuses on energy consump-
tion and CPU execution time. We chose CPUs instead of GPUs or
TPUs because they are widely available, from laptops to servers,
whereas GPUs and TPUs are not always accessible or practical.
Building on prior studies of LLM energy usage, we evaluate five
LLMs across quantized configurations on CPUs. Many scenarios
require smaller models typically run on CPUs and practitioners
often want to run LLMs locally on laptops or edge devices without
GPU access, which is not a niche use case [42, 53, 67]. Industry
initiatives also support CPU inference: HuggingFace provides Opti-
mum and BetterTransformer [32], Intel has published Llama 3 CPU
optimizations [33] and Neural Magic explores sparsity-based effi-
ciency techniques [41]. Studying CPU-based inference is realistic
and valuable, while assuming GPU-only execution oversimplifies
real-world AI on laptops, desktops and edge devices.

3 Methodology
This section presents the empirical methodology used to address the
research questions (RQs) from Section 1. Rather than aligning meth-
ods with each RQ separately, we use a unified experimental design
for our analysis. Guided by [79] (see Part II - Steps in the Experi-
ment Process), our study systematically benchmarks and compares
multiple LLMs under identical conditions using standardized bench-
marks and quantitative metrics. The following subsections detail
the evaluated LLMs, energy measurement, benchmarks, metrics,
experimental setup and hardware specifications. This integrated
approach ensures all RQs are fully addressed.

3.1 LLMs Under Analysis
This study explores running LLMs locally on typical machines,
specifically a CPU-only setup with 32 GB of RAM (more informa-
tion in Section 3.5), reflecting common hardware constraints. We
prioritized models that run efficiently under these conditions, focus-
ing on quantized GGUF models, which reduce resource usage while
maintaining reasonable performance [51]. To ensure diversity, we
selected models from various families, avoiding bias toward any
single architecture or training method.

Since our focus is on code generation, we selected models that
are either specialized or fine-tuned for programming tasks and
have been evaluated on public code-related benchmarks [20, 27,
43, 50, 63, 71, 75, 83]. These include deepseek-coder, codellama and
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codegeex4. Additionally, we included general-purpose models out-
side the LLM4Code scope, namely Meta-Llama-3 and starling-lm,
to assess their performance in code generation tasks.

All selected models are open-source or, at a minimum, publicly
available and runnable locally, ensuring transparency, reproducibil-
ity and practical feasibility for offline experimentation.

The models and their GGUF variants, referenced by short names
throughout this paper, areMeta-Llama-3 (Meta-Llama-3-8B-Instruct-
Q6_K) [4], deepseek-coder (deepseek-coder-6.7b-instruct.Q5_K_M) [73],
codellama (codellama-7b-instruct.Q5_K_M) [72], codegeex4 (codegeex4-
all-9b-Q6_K_L) [3] and starling-lm (starling-lm-7b-alpha.Q5_K_S) [74].

3.2 Energy Measurements
We measured CPU energy consumption using CodeCarbon on a
Linux system equipped with an Intel CPU. CodeCarbon leverages
Intel RAPL, providing accurate energy estimates with minimal
overhead [29, 39, 59, 62]. Unless otherwise specified, all reported
energy values correspond to CPU energy consumption measured
by CodeCarbon through RAPL.

3.3 LLM Benchmarks
To evaluate the code generation and completion capabilities of the
LLMs in this study, we use two established benchmarks focused
on functional correctness: HumanEval-X [17], which assesses code
completion in C++, Go, Java, JavaScript and Python [12] andMBPP+
[18], which evaluates Python code generation [47]. The original Hu-
manEval [10] and MBPP [2] - simplified versions of these - include
mainly synthetic tasks to test LLM code synthesis. Although not
fully representative of real-world scenarios, they remain standard
benchmarks [6, 10, 47].

The benchmarks themselves specify the evaluation setup for each
LLM. The pass@kmetric measures model performance by counting
correct solutions that pass unit tests, using an unbiased estimator
to select the best result among 𝑘 generated samples [10]. In our
experiments, we used HumanEval-X and MBPP+ with 𝑘 ∈ {1, 10}
for pass@k.

3.4 Experimental Setup
We conducted experiments using the HumanEval-X and MBPP+
test suites, each following the methodologies and configurations
detailed in Section 3.4.2. All LLMs were executed using LLaMa.cpp
[25], a C/C++ library optimized for efficient inference across a range
of hardware platforms, both local and cloud-based.

3.4.1 System Architecture. To ensure a modular and reproducible
experimental setup, we designed our system architecture as ob-
served in Figure 1. The framework consists of a command-line
interface (CLI) tool developed in Python to analyze the energy
consumption and runtime of LLMs while generating code for the
benchmarks described in Section 3.3. The tool also records the
metrics obtained from each generation.

3.4.2 Benchmark Execution. Each LLM was evaluated using both
0-shot and 3-shot prompting across all prompts in the test suites
described in Section 3.3. To minimize the impact of outliers in
energy consumption measurements (collected via CodeCarbon),

0-shot
CSV files

Codegenerates

7. The main script appends
benchmark specific metrics
data to the correct CSV file.

codegeex4-all-9b-Q6_K_L

codellama-7b-instruct.Q5_K_M

deepseek-coder-6.7b-instruct.Q5_K_M

Meta-Llama-3-8B-Instruct-Q6_K

starling-lm-7b-alpha.Q5_K_S

is read byPrompt

3-shot
CSV files

MBPP+
dataset

3. Prompts are provided
to the LLAMACPP class

5. After executing all
the prompts for the

entire benchmark, the
main script calculates
the specific metrics.

LLM

Main script

6. The repository for the
requested benchmark calculates

 the specific metrics (e.g., pass@1,
 pass@10, CodeBLEU, SacreBLEU,

 and GoogleBLEU).

2.The main script reads the prompts from
the dataset of the requested benchmark.

1. The user sets the
 program arguments.
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power and CO2 emissions

metrics data to the
correct CSV file.LLAMACPP

HumanEval-X
datasets

MBPP+
repository

HumanEval-X
repository

Code Generation TasksCode Completion Tasks

Figure 1: Architecture for Execution and Measurement

each prompt was executed 10 times per LLM. This repetition re-
duces the influence of environmental variability, leading to more
reliable energy consumption estimates, which is in line with estab-
lished recommendations [8]. For the pass@1 and pass@10 metrics,
the 10 runs using the same model, prompt and parameters were
grouped together to compute the final results. For energy and run-
time analysis, each run was considered individually. Outliers in
energy data were removed using the Interquartile Range (IQR)
method on groups defined by prompt and programming language.

We computed pass@1 and pass@10 for all LLMswith unchanged
LLaMa.cpp parameters: max_tokens = 512, n_ctx = 4096, seed = 42,
top_p = 0.95 and temperature = 0.6 (the last two follow [63]).

For 3-shot prompting, we used the first three prompts of each
programming language in HumanEval-X and the first three prompts
from theMBPP+ test suite as examples. These specific prompts were
not included in the actual 3-shot evaluation to avoid overlap. This
ensured consistency in the examples used across all evaluations.

3.4.3 Statistical Significance. We performed a statistical analysis
to determine if there were significant differences in energy con-
sumption and execution time between 0-shot and 3-shot prompting.
First, we assessed the normality of the data using the Shapiro-Wilk
test. Based on the results, we applied the appropriate statistical
test: the paired samples t-test for normally distributed data, or the
Mann-Whitney U test for non-normally distributed data. For each
comparison, we calculated the corresponding p-value to evaluate
statistical significance. To account for multiple comparisons and
reduce the risk of Type I errors, we adjusted the p-values using the
Holm-Bonferroni method.

3.5 Experimental Equipment
The experiments were performed on a GNU/Linux computer, featur-
ing an x86_64 Intel Core i7-8700 CPU with 6 cores and 12 threads,
supported by 32 GB of DDR4 2666MHz RAM. Tominimize overhead
and ensure consistent performance, only the minimal necessary
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processes were running on the operating system during the experi-
ments.

4 Results and Analysis
This section presents and analyzes the statistical tests, the rela-
tionship between energy consumption and execution time and the
results from the benchmark problems HumanEval-X and MBPP+.

We analyze energy consumption and runtime, ranking LLMs
based on results for HumanEval-X and MBPP+ tasks under 0-shot
and 3-shot prompting. Our analysis shows a perfect positive correla-
tion (coefficient = 1) between execution time and energy consump-
tion for all benchmarks, meaning higher energy always implies
longer runtime. Therefore, we show only energy plots here; execu-
tion time plots are in the online appendix.

4.1 Statistical Significance
We analyzed whether the prompting strategy (0-shot vs 3-shot)
leads to statistically significant differences in execution time and
energy consumption. This analysis was carried out across all com-
binations of LLM, programming language and benchmark.

In total, we conducted 120 hypothesis tests. For the HumanEval-
X benchmark, we evaluated five LLMs across five programming
languages, yielding 25 combinations. Considering two efficiency
metrics - energy consumption and execution time - and comparing
two prompting strategies, this results in 50 tests per metric, for
a total of 100 tests. For the MBPP+ benchmark, which includes
only one programming language, we performed 10 tests per metric,
totaling 20 additional tests.

For each comparison, we tested whether the choice of prompt-
ing strategy (0-shot vs 3-shot) leads to a statistically significant
difference in the distribution in a given metric. The null hypothesis
(𝐻0) assumes no difference between the two prompting strategies,
while the alternative hypothesis (𝐻1) suggests the distributions
differ significantly.

We first tested the normality of each sample with the Shapiro-
Wilk test. Because most samples were not normally distributed, we
applied the Mann-Whitney U test to compare the metric values
between the 0-shot and 3-shot prompting conditions.

Due to the large number of comparisons, we applied the Holm-
Bonferroni correction to control the family-wise error rate. The
correction was performed separately for each metric (Energy Con-
sumption and Execution Time), considering all combinations of
LLM, language and prompting condition (0-shot vs 3-shot).

After correction, all results remained statistically significant
(𝑝adjusted < 0.05), indicating that prompting strategy can meaning-
fully impact both energy consumption and execution time. Com-
plete tables with raw and adjusted p-values are included in the
online appendix.

4.2 Code Completion: HumanEval-X
To estimate error rates in HumanEval-X, we applied the Wilson
score interval for each LLM across programming languages, with
detailed results provided in the online appendix. In the 0-shot set-
ting, error rates ranged from 0.02% to 1.13% (4-74 errors out of
8200 entries), indicating low and consistent values across models
and languages. In the 3-shot setting, the range slightly widened to

0.02%-1.22% (up to 79 errors out of 8050 entries), confirming that
erroneous entries remain negligible.

Figure 2 compares the energy consumption of five LLMs on
HumanEval-X, showing a clear reduction under 3-shot prompt-
ing, likely due to fewer generated tokens (see online appendix for
details).

Among the LLMs, starling-lm demonstrates the highest average
energy consumption (5523 J), while codellama exhibits the lowest
(2238 J) in 0-shot prompting. In contrast, during 3-shot prompting,
codegeex4 consumes the most energy on average (2007 J), whereas
the other four LLMs show similar consumption patterns.

Regarding programming languages, in 0-shot prompting, C++
code generation consumes the most energy on average (4773 J),
while Python consumes the least (3654 J). Conversely, during 3-shot
prompting, generating Python code requires the least energy (915 J),
whereas C++ requires the most (2046 J).
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Figure 2: Energy for HumanEval-X in 0-Shot and 3-Shot

Focusing on the functional correctness metrics, such as pass@1
and pass@10, calculated for all the LLMs using the HumanEval-
X test suites, we provide bar plots for both metrics using 0-shot
and 3-shot prompting. Figure 3 refers to the pass@1 and pass@10
metrics, respectively. We observe that the pass@1 metric increases
significantly from 0-shot to 3-shot prompting, especially in code
generation for C++, Go, Java and JavaScript. For instance, Meta-
Llama-3 improves from 0.04 in pass@1 for Java in 0-shot to 0.50
in 3-shot. However, for Python, not all LLMs show improvement;
for example, codegeex4 decreases from 0.70 in 0-shot to 0.64 in 3-
shot. This appears to be an exception, as most LLMs increase their
pass@1 scores across other languages.

Another noteworthy observation is the increase in the pass@10
metric compared to pass@1 for both 0-shot and 3-shot prompting
across all LLMs and programming languages. This can be explained
by the higher likelihood of passing more tests when generating
multiple outputs (10 outputs in pass@10) rather than relying on a
single output, as in pass@1. For example, deepseek-coder’s Python
executions improve from 0.58 in pass@1 in 0-shot to 0.89 in 3-shot.
Similarly, codellama’s Java generations improve from 0.36 to 0.37.

4.3 Code Generation: MBPP+
To examine the energy consumption of the same LLMs on a code
generation task, we used the MBPP+ benchmark, as shown in Fig-
ure 4. This complementary analysis provides insights into energy
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Figure 3: Pass@1 (left) and Pass@10 (right) for HumanEval-X in 0-Shot and 3-Shot settings.

efficiency in code generation, supplementing the code completion
results from HumanEval-X. In the 0-shot setting, starling-lm ex-
hibits the highest average energy consumption (5201 J), while codel-
lama consumes the least (598 J). In the 3-shot setting, energy con-
sumption generally decreases across all LLMs, except for codellama,
which increases to 678 J - a 13.38% rise. starling-lm shows the largest
reduction, decreasing to 582 J (an 88.81% drop), making it the most
energy-efficient model. In contrast, codegeex4 records the highest
average energy consumption per task (698 J) in the MBPP+ test
suite.

codegeex4 codellama deepseek-coder Meta-Llama-3 starling-lm
0

1000

2000

3000

4000

5000

CP
U 

En
er

gy
 (J

)

1128

598

2296

4336

5201

698 678 693 598 582

0-shot
3-shot

Figure 4: Energy for MBPP+ in 0-Shot and 3-Shot

Figure 5 shows the pass@1 and pass@10 results for both the
original MBPP and the enhanced MBPP+ test suites. The MBPP
results are included for completeness, as the MBPP+ evaluation
automatically reports both. Since the two benchmarks use the same
tasks but MBPP+ adds more test cases per task, we compare them
briefly to show the impact of stricter validation.

Among the models, codegeex4 shows the lowest overall per-
formance, with average pass@1 scores of 0.12 (0-shot) and 0.27
(3-shot), and pass@10 scores of 0.13 (0-shot) and 0.28 (3-shot) on
MBPP and MBPP+. In contrast, Meta-Llama-3 achieves the high-
est scores across all models, with pass@1 averaging 0.63 (0-shot)
and 0.37 (3-shot), and pass@10 averaging 0.78 (0-shot) and 0.73
(3-shot). As expected, scores are generally lower on MBPP+ due
to the larger number of test cases. Also, pass@10 consistently out-
performs pass@1, since generating multiple outputs increases the
likelihood of a correct solution.

All LLMs show improved pass@1 and pass@10 scores on both
MBPP and MBPP+ after code sanitization, which removes extrane-
ous code and isolates the function of interest. The drop in perfor-
mance from MBPP to MBPP+ remains consistent post-sanitization.

In the 0-shot setting with sanitized code, codellama and deepseek-
coder achieve the highest scores (pass@1: 0.52, pass@10: 0.77),
while codegeex4 scores lowest (pass@1: 0.21, pass@10: 0.49). In the
3-shot setting, starling-lm performs best (pass@1: 0.52, pass@10:
0.77), whereas deepseek-coder has the lowest scores (pass@1: 0.21,
pass@10: 0.49).

RQ1: How do state-of-the-art local LLMs for code compare
in terms of energy consumption and runtime efficiency?
According to Figures 2 and 4, there are significant variations in
energy consumption across different models. The results highlight
that energy usage is influenced by factors such as the specific
architecture of each model, the programming languages used and
the prompting methods adopted.

4.4 LLMs’ Energy-Based Ranking
This section ranks LLMs on the HumanEval-X and MBPP+ bench-
marks for both 0-shot and 3-shot settings, as shown in Table 1.
Models are sorted by average energy consumption (ascending). For
each LLM, we report runtime, mean pass@1 and pass@10 (averaged
over HumanEval-X and MBPP+).

Table 1: Ranking of LLMs with Energy and Time, as well as Pass@1
and Pass@10 in Each Shot Setting

Rank LLM Energy (J) Time (s) Pass@1 Pass@10

0-Shot

1 codellama 1742 26.5 0.101 0.299
2 codegeex4 25431.46× 38.91.47× 0.138 0.197
3 deepseek-coder 39732.28× 60.82.30× 0.143 0.326
4 Meta-Llama-3 44082.53× 67.32.54× 0.113 0.245
5 starling-lm 54173.11× 82.93.14× 0.156 0.420

3-Shot

1 codellama 1009 14.9 0.317 0.600
2 deepseek-coder 10251.02× 15.41.03× 0.605 0.840
3 starling-lm 10471.04× 15.71.05× 0.317 0.629
4 Meta-Llama-3 11861.18× 17.71.19× 0.413 0.694
5 codegeex4 16171.60× 24.51.64× 0.448 0.792

For models ranked second through fifth, additional energy and
time relative to the most efficient model are shown as subscripts. For
example, in the 0-shot ranking, codellama consumes an average of
1742 J and 26.5 s per task, achieving pass@1 = 0.10 and pass@10 =
0.30. The next model, codegeex4, requires 2543 J and 38.9 s (1.46×
more energy and 1.47× more time than the most efficient model)
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Figure 5: Pass@1 and Pass@10 Unsanitized and Sanitized for MBPP and MBPP+ in 0-Shot (left) and 3-Shot (right) settings

achieving a slightly higher pass@1 = 0.14 but a lower pass@10 =
0.20.

In the 0-shot setting, themost efficientmodel, codellama, achieves
moderate correctness (pass@1 = 0.10, pass@10 = 0.30). By con-
trast, starling-lm, the most energy-demanding model, consumes
about three times more energy (5417 J) and time (82.9 s), reach-
ing higher correctness (pass@1 = 0.16, pass@10 = 0.42). In the
3-shot case, codellama again exhibits the lowest energy consump-
tion (1009 J) and fastest runtime (14.9 s), with pass@1 = 0.32 and
pass@10 = 0.60. The higher-energymodel, codegeex4 (1617 J, 24.5 s),
achieves higher correctness (pass@1 = 0.45, pass@10 = 0.79).

These results show that higher correctness often comes at the
cost of more energy and longer runtime. Users should balance
accuracy and efficiency based on their needs.

RQ2: How does n-shot prompting affect energy consump-
tion and runtime efficiency across models and tasks?
Table 1 shows that prompting type clearly affects LLM’s energy
consumption. 3-shot prompting generally performs better than
0-shot and is therefore recommended. Guidelines are needed for
writing prompts that balance performance and energy use, as
the best prompt can vary across models. We encourage LLM
providers to study these differences and offer best practices, ide-
ally designing tools to make energy-efficient prompting easier. In
summary, n-shot prompting can improve both performance and
energy efficiency in code generation.

4.4.1 Detailed Analysis. Next, we illustrate key differences for each
benchmark.
HumanEval-X: codellama is the most energy-efficient model in
both n-shot settings. Although it does not lead in pass@1 and
pass@10 (0-shot: pass@1 = 0.10, pass@10 = 0.30; 3-shot: pass@1 =
0.32, pass@10 = 0.60), its energy and time savings are notable. For
example, in 0-shot, it uses about half the energy (2238 J) compared
to deepseek-coder (4842 J). For Python tasks, it achieves good accu-
racy (pass@1 = 0.33, pass@10 = 0.67) at a much lower energy cost.
However, in 3-shot, deepseek-coder is a strong alternative: it uses
only about 1% more energy (1192 J) than codellama (1180 J) but
delivers nearly double the pass@1 (0.61 vs 0.32 from codellama).
MBPP+: Again, codellama is the most energy-efficient model but
does not achieve the highest pass@1 and pass@10 scores. In the

0-shot setting, Meta-Llama-3 has the highest (sanitized) scores
(pass@1 = 0.57, pass@10 = 0.73) but uses 2.47 times more energy
and takes 2.48 times longer than codellama. In 3-shot,Meta-Llama-3
(pass@1 = 0.51, pass@10 = 0.76) and starling-lm (pass@1 = 0.52,
pass@10 = 0.77) reach similar scores but use 1.17 and 1.09 times
more energy, respectively, than codellama. Therefore,Meta-Llama-3
is preferred for code completion tasks because it is more energy-
efficient and faster than starling-lm while delivering similar results.

5 Threats to Validity
Our study compares the energy use and performance of local LLMs
on coding tasks, focusing on efficiency and accuracy, and discusses
construct, internal, and external threats to validity.
Construct Validity: Benchmarking programming tasks does not
always capture how developers actually use LLMs, since most
benchmarks ignore the interactive and contextual aspects of real
development. The benchmarks we used are mainly algorithmic
and well-established, so LLMs often perform well on them, which
may not reflect broader programming challenges. In addition, Code-
Carbon measures total chip energy use rather than isolating LLM-
specific consumption, meaning background processes can affect
accuracy. To address this, our study minimized background noise
through a controlled environment and limited concurrent processes.
We used these standard benchmarks as a reference to enable con-
sistent and widely accepted cross-model comparisons.
Internal Validity: Results may be influenced by factors beyond
model differences, such as quantization methods or execution en-
vironments. Although all benchmarks ran under consistent con-
ditions, some system-level variability is unavoidable. Still, Code-
Carbon has shown reliability for comparative energy analysis on
Linux, due to RAPL.
External Validity: We used quantized versions of all LLMs, which
may reduce output quality. Additionally, we evaluated a fixed set
of LLMs, but other models - with different architectures or quanti-
zation levels - could have been selected. Newer versions are now
available, and using them might yield different results and rankings.

6 Conclusions
This study benchmarked five local LLMs on code completion and
code generation tasks using HumanEval-X and MBPP+. We jointly
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analyzed energy consumption, execution time and accuracy to un-
cover trade-offs between effectiveness and efficiency. The results
show that model architecture and prompting style substantially af-
fect both runtime and energy consumption, with 3-shot prompting
generally offering better energy-time efficiency than 0-shot with-
out compromising accuracy. These findings reinforce that prompt
design and model selection must be considered together when de-
ploying local LLMs. Beyond performance metrics, we highlight the
need for clearer prompt-efficiency guidelines and model-specific
best practices to help practitioners and LLM providers reduce com-
putational waste. Our work thus contributes empirical evidence and
practical recommendations toward more sustainable and efficient
use of local LLMs for coding tasks.
Future Work: Our study suggests several directions for future re-
search. Evaluating LLMs on broader benchmarks like RepoCod [46]
and LiveCodeBench [36] could better capture real-world coding
complexity. Developing methods to isolate LLM-specific energy use
would improve sustainability assessments. Testing newer LLMs,
different hardware and more quantization levels could generalize
findings and track progress in energy-efficient code generation.
Finally, examining GPU energy use and runtime during inference
is important, as our study focused mainly on CPUs.
Replication Package
Repository: https://doi.org/10.6084/m9.figshare.30777077
Online Appendix: https:// sites.google.com/view/energy-local-llms-for-code/
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