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Abstract

The integration of Large Language Models (LLMs) into daily software develop-
ment workflows has fundamentally turned attention toward the sustainability
of modern Al infrastructures. This paper presents an empirical study extending
previous work by evaluating five local LLMs on a dedicated GPU cluster envi-
ronment using the HumanEval-X and MBPP+ benchmarks. We analyze how
changing the hardware environment interacts with prompting setups (0-shot vs
3-shot) to impact energy consumption, inference time, functional correctness and
syntactic similarity. Although the GPU cluster cuts execution runtime by over
99.8% and reduces energy consumption by up to 89.4%, the results show that
changing the hardware environment directly changes code generation, which can
compromise output quality. Due to hardware-level nondeterminism, changing the
computational backend causes model outputs to diverge, leading to unpredictable
performance drops and structural code variations in 0-shot scenarios. In contrast,
3-shot configurations successfully suppress conversational noise, delivering greater
operational stability and uniform energy-time savings across nearly all five local
models. These findings show that infrastructure transitions merely boost execu-
tion efficiency, reinforcing that prompt structure and model selection must be
designed together for reliable and green code generation.

Keywords: Large Language Models, Energy Consumption, GPU Inference, Few-Shot
Prompting, Coding Tasks, Green Al



1 Introduction

Large Language Models, such as GPT-4 [1], are transforming software development.
Initially created for natural language processing [2, 3], LLMs now operate as Al-driven
coding assistants, supporting code generation [4], debugging [5] and optimization [6].
Tools like ChatGPT [7], GitHub Copilot [8], specialized open-weight architectures
such as DeepSeek-Coder [9], and general-purpose model families like Llama 4 [10],
illustrate their growing role in software engineering, assisting in many tasks such as
code completion [11], test generation [12] and program repair [13].

The widespread use of Al coding assistants highlights their growing importance in
software development. The 2025 Stack Overflow Developer Survey [14] indicates that
over 84% of developers have actively integrated Al tools into their workflows, with the
vast majority relying on them daily for both professional tasks and personal projects.
This reflects a noticeable increase from the 76% adoption rate reported in the previous
year. However, generating responses with these models requires substantial energy, and
this continuous usage drives up both computational costs and carbon footprints [15]. It
is therefore essential to shift focus towards Green Al paradigms [16], which advocate
that energy consumption and processing time should be evaluated as primary metrics
alongside traditional performance accuracy.

This expanding energy footprint is already visible in industry-wide environmental
impact reports. For instance, Microsoft reported 20 million metric tons of carbon
dioxide equivalent in 2025 (a 25% increase from the 16 million tons recorded in 2024)
driven by the company’s rapid investment in Al infrastructure [17]. This trajectory
aligns with broader global trends: the International Energy Agency projects that data
center electricity emissions will nearly double by 2035, climbing from 180 million to
300 million metric tons [18].

Beyond sustainability, privacy and security remain primary drivers for local deploy-
ment [19, 20]. However, the landscape is also changing due to an unprecedented
quantitative explosion in model availability.

By March 2026, an official report from Hugging Face showed that their hub had
scaled to over 2 million public models, with specialized families like Qwen alone
generating more than 113k derivative variants - such as fine-tuned models and special-
ized adapters [21]. This vast and highly fragmented diversity makes model selection
increasingly difficult.

Prompting strategies such as zero-shot and few-shot prompting, where models
receive no examples or only a few examples to guide their responses, directly influence
output quality [22-27]. While the impact of n-shot prompting on hardware resource
utilization and energy efficiency has begun to be characterized in high-performance or
cloud-based setups, demonstrating that prompt design can influence inference energy
consumption [28, 29], less focus has been placed on how these prompting configurations
interact with CPU and GPU hardware environments to influence both the energy
footprint and the functional reproducibility of local LLMs.

To address these combined challenges, this study presents a systematic empirical
evaluation of five local LLMs across both CPU and GPU hardware environments.
Evaluating their performance under different n-shot prompting setups allows us to assess
how prompt configurations and hardware architectures interact to affect execution



efficiency, functional correctness and output consistency. Crucially, our cross-hardware
analysis reveals that shifting execution from CPUs to GPUs goes beyond mere execution
speedups. It introduces a behavioral variance where the exact same model, under
identical prompting configurations and LLM parameters (such as temperature, top _p
and seed), can diverge and produce structurally different code solutions due to hardware-
level nondeterminism [30, 31].

This paper stands as an extended version of previous work [32]. In that initial study,
we established a CPU baseline for local LLMs, yielding two main findings: (1) the
significant variability in energy consumption and execution time across different local
LLMs when run on CPU-only setups, highlighting the importance of model selection
for energy-efficient deployment; and (2) the positive impact of few-shot prompting in
improving both energy and time efficiency without compromising functional correct-
ness (i.e., test pass rates). Building directly upon those insights, this extended work
evaluates the same five widely used local LLMs on the same two standard benchmarks
for code generation and code completion, significantly broadening the scope to focus on
the following key aspects: (1) energy efficiency and runtime performance, contrasting
the CPU baseline against a dedicated GPU inference environment; (2) code genera-
tion effectiveness, evaluating how shifting the computing backend impacts syntactic
alignment and functional correctness under different hardware architectures.

Thus, this work addresses the following research questions:

RQ1: How do local LLMs behave in terms of energy consumption and execu-

tion time when running under a GPU inference environment?
To answer this question, the empirical evaluation focuses on characterizing the
energy consumption (measured in Joules) and execution time (in seconds) of five
widely deployed quantized local LLMs: Meta-Llama-3-8B-Instruct. Q6 K [33],
deepseek-coder-6.7b-instruct. Q5K M [34], codellama-Tb-instruct. Q5K M [35],
codegeex4-all-9b.Q6 K L [36] and starling-lm-7b-alpha.Q5 K S [37]. Energy
consumption and runtime data are collected during inference on the HumanEval-
X [38] and MBPP+ [39] benchmarks.

RQ2: How do local LLMs perform in terms of syntactic metrics (BLEU
variants) and functional correctness (pass@k) under GPU inference?
To address this question, three syntactic metrics (CodeBLEU, SacreBLEU and
GoogleBLEU) and two functional correctness metrics (pass@Ql and pass@10) are
calculated for the code generated on the GPU. These metrics are analyzed under
both 0-shot and 3-shot prompting setups to assess how n-shot prompting influence
output quality.

RQ3: To what extent does transitioning from CPU to GPU inference impact

the overall energy efficiency, inference time, output consistency, and
functional reproducibility of local LLMs?
To address this final question, a cross-hardware comparative analysis directly
contrasts the new GPU findings against the original CPU baseline from our
original work [32]. This comparison examines whether changing the computational
backend compromises code stability, tracking how output solutions diverge despite
identical generation settings.



Our findings reveal a clear trade-off between hardware efficiency and code quality.
While moving from the CPU to the GPU cluster cuts execution time by over 99.8% and
reduces energy consumption by up to 89.4%, this hardware transition - as theoretically
expected due to architectural differences - directly impacts the generation process,
which can ultimately compromise output quality. In fact, the GPU environment causes
unpredictable performance drops in 0-shot scenarios, whereas 3-shot prompting helps
keep the code structure stable and ensures steady energy savings across nearly all
models.

The remainder of this paper is organized as follows: Section 2 reviews related
work. Section 3 describes our experimental methodology, including the selected models,
benchmarks, energy measurement framework and cluster setup. Section 4 presents the
empirical results and answers the proposed research questions. Section 5 addresses
threats to validity. Finally, Section 6 summarizes our conclusions and outlines future
work.

2 Related Work

Several approaches have targeted energy efficiency in software. These range from
code-level techniques, such as removing obsolete code [40], to managing software
lifecycles to avoid energy-intensive processes [41], optimizing hardware utilization [42],
and, in distributed settings, improving data-transfer protocols [43]. All these efforts
align with the Green AI agenda of minimizing computational carbon footprints [44].
Moreover, research shows that programming language choice significantly affects
energy consumption [45]. Tools like Intel RAPL [46] and CodeCarbon [47] enable real-
time energy analysis, allowing developers to make informed decisions during software
optimization.

More recently, LLMs have been widely applied in software development, with
specialized open-weight architectures such as DeepSeek-Coder [9] and the Llama
4 family [10] accelerating coding tasks. Other efforts, such as DeepDev-PERF [48]
and Mentat [49], focus on performance enhancement and debugging. Additionally,
multilingual approaches to program repair have been demonstrated by tools like
AlphaRepair, which addresses software defects across various languages [50]. LLMs
trained on large datasets support code generation, debugging, and optimization [51],
with fine-tuning and prompt engineering enhancing performance [52, 53].

Structured benchmarks like HumanEval-X and MBPP+ provide a comprehensive
framework to assess the quality and efficiency of LLM-generated code [4, 39, 54-56].

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 inference phase for code generation tasks [15, 57-59], as well
as during the training phase [60-62].

While our previous work focused only on a local CPU baseline [32], running LLMs
solely on CPUs is not the only local alternative. New benchmarks are evaluating how
these models perform across different hardware setups and Al accelerators, measuring
speed, latency and energy [63, 64]. However, these studies focus mostly on general text



tasks and system metrics. They do not look at how changing the hardware affects code-
specific metrics or functional correctness under different prompting styles, nor do they
account for the hardware-level nondeterminism that alters model outputs even when
using the exact same hyperparameters, random seeds and sampling configurations [30,
31]. This paper bridges this gap by extending our previous baseline to a GPU setup,
directly comparing how the new hardware environment impacts both the execution
costs and the quality of the generated code.

3 Methodology

This section details the experimental setup, tools and evaluation infrastructure used
in this study. The following subsections describe the selected LLMs (Section 3.1), the
energy measurement pipeline (Section 3.2) and the evaluation benchmarks (Section 3.3).
Next, the overall experimental setup (Section 3.4) is presented, detailing the system
architecture (Section 3.4.1), the execution parameters (Section 3.4.2) and the statistical
tests used to validate the results (Section 3.5). Finally, the hardware specifications of
the cluster (Section 3.6) are described.

3.1 LLMs Under Analysis

This study explores running LLMs locally, inheriting the baseline constraints of a
common CPU-only setup with 32 GB of RAM from the initial work [32]. To ensure
a direct and correct cross-hardware comparison, this evaluation reuses exactly the
same five models. Models that run efficiently under these hardware constraints were
prioritized, focusing on quantized GGUF models, which reduce resource usage while
maintaining reasonable performance [65]. To ensure diversity, models were selected
from various families, avoiding bias toward any single architecture or training method.

Since the focus is on code generation, the selection targeted models that are
either specialized or fine-tuned for programming tasks and have been widely evaluated
on public code-related benchmarks [9, 38, 66-71]. These include specialized code-
generation families like DeepSeek-Coder, CodeLlama and CodeGeeX. Additionally,
general-purpose models outside the strict LLM4Code scope, such as Llama 3 and
Starling-LM, were included to assess their performance in code generation tasks.

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

The specific models evaluated in this study, alongside their architectural parameters,
precise quantized GGUF variants and short-form identifiers used throughout this
paper, are summarized in Table 1.

3.2 Energy Measurements

Hardware energy consumption is tracked using CodeCarbon version 2.4.2, running
continuously during the inference cycle. Reusing this specific version ensures absolute
methodological consistency with the previous CPU baseline study [32]. While the
original CPU baseline relied on Intel RAPL energy estimation [72-75], the GPU



Table 1: Evaluated models and GGUF variants

Model Full Name Short Name Params. Quantized GGUF Variant
Meta-Llama-3-8B-Instruct Meta-Llama-3 8B Meta-Llama-3-8B-Instruct.Q6 K [33]
DeepSeek-Coder-6.7B-Instruct deepseek-coder 6.7B deepseek-coder-6.7b-instruct.Q5 K M [34]
CodeLlama-7B-Instruct codellama 7B codellama-7b-instruct.Q5 K M [35]
CodeGeeX4-All-9B codegeer/, 9B codegeex4-all-9b.Q6 K L [36]
Starling-LM-7B-Alpha starling-lm 7B starling-lm-7b-alpha.Q5 K S [37]

evaluation environment configures the framework to query the NVIDIA Management
Library (NVML) API via the nvidia-ml-py library.

3.3 LLM Benchmarks

To evaluate code generation and completion capabilities, this study reuses exactly
the same two established benchmarks from the previous CPU baseline study [32]:
HumanEval-X [76], which assesses code completion (completing a function body based
on a given signature and docstring) in C++, Go, Java, JavaScript and Python [77], and
MBPP+ [78], which evaluates Python code generation (writing a functional program
from scratch based on a natural language prompt) [39]. Using the exact same datasets
under identical testing conditions ensures a reliable cross-hardware comparison. These
benchmarks remain widely established baselines in the literature for testing functional
correctness through code execution [4, 79)].

As in the previous work [32], functional performance is assessed via the unbiased
pass@k estimator [4], computed for k € {1,10} based on whether the outputs success-
fully pass the benchmarks’ predefined unit test suites. However, this study expands
the analytical scope by also evaluating the syntactic and structural alignment of the
generated code - a dimension left unexplored in the prior CPU analysis. To address
this new layer of evaluation, three distinct syntactic metrics are applied. SacreBLEU is
integrated using version 2.4.0 via the sacrebleu Python package, while CodeBLEU [80]
and GoogleBLEU [81] are executed directly from the pre-configured Docker container
environments provided in the HumanEval-X repository [76]. Although built for that
repository, this container pipeline was also mapped to process the MBPP+ outputs
without modification.

3.4 Experimental Setup

To preserve exact experimental alignment and guarantee a fair comparison with the
previous CPU baseline study [32], all models were deployed locally using LLaMa.cpp [82]
keeping identical execution arguments. Specifically, the environment used the llama-
cpp-python bindings compiled with explicit CUDA support (CUDA version 12.4) to
ensure full hardware acceleration and model offloading onto the GPU infrastructure.
Inference parameters were kept constant across all runs: maz_tokens = 512, n_ ctx =
4096, seed = 42, top_p = 0.95 and temperature = 0.6 [66].



3.4.1 System Architecture

To ensure a modular and reproducible setup, the system architecture follows the exact
design of the baseline study [32], as shown in Figure 1. Reusing the same pipeline
ensures that any performance or energy differences found are strictly due to the
hardware transition (CPU to GPU) rather than changes in the execution software.

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.

Code Completion Tasks Code Generation Tasks
" MBPP+ HumanEval-X
MIBRE RRanEve X >— repository | repository
2.The main script reads the prompts from 1. The user sets the 6. The repository for the
the dataset of the requested benchmark. program arguments. requested benchmark calculates

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

|

Main script

[ codegeexd-all-9b-Q6_K_L } d

7. The main script appends

benchmark specific metrics
[ codellamazbalnSULCt OSRRIM } data to the correct CSV file.
[ deepseek-coder-6.7b-instruct.Q5_K_M ] 0-shot 3-shot

CSV files CSV files
[ Meta-Llama-3-8B-Instruct-Q6_K J 5. After executing all
3. Prompts are provided the pll;ompr:S f0fkth:3‘1 T
entire benchmark, the
[ starling-Im-7b-alpha.Q5_K_S J to the LLAMACPP class main script calculates 4. Appends energy,
the specific metrics. power and CO2emissions
metrics data to the

LLAMACPP correct CSV file.

LLaMAG. @

cq;ﬁJN
E=0=0

Fig. 1: Architecture for Execution and Measurement

3.4.2 Benchmark Execution

Following the setup from the original study [32], every prompt is executed 10 times
consecutively per model to reduce hardware power fluctuations, adopting the empirical
guidelines proposed in [83]. For energy and runtime profiling, each run acts as an
individual data point, and anomalous data is filtered out using the Interquartile Range
(IQR) method per prompt-language group. For the functional pass@k metrics, the 10



generations are grouped into a single pool to calculate the final success rate. Few-shot
evaluation (n = 3) uses the first three tasks of each language’s dataset as fixed context
examples to evaluate the remaining prompts. These three prompts are then excluded
from the actual evaluation to avoid overlap. This ensures consistency in the examples
used across all evaluations.

3.5 Statistical Analysis

To validate the observed differences in execution time and energy efficiency, the
statistical analysis is structured around two main operational families, hereby defined
as Dimension 1 (Dim. 1) and Dimension 2 (Dim. 2). First, the intra-hardware analysis
(Dim. 1) evaluates the impact of few-shot prompting (0-shot vs 3-shot) strictly within
the GPU environment. Second, the inter-hardware analysis (Dim. 2) measures the
effect of the infrastructure transition by comparing the new GPU metrics against the
baseline CPU distributions established in the prior study [32].
For each target comparison, the hypothesis framework is defined as follows:

® Hy: There is no statistically significant difference between the two compared
distributions.

® [,: There is a statistically significant difference between the two compared
distributions.

The statistical pipeline follows a two-stage process. The Shapiro-Wilk test was first
applied to assess the normality of the data samples. Since all distributions significantly
departed from normality (p < 0.05), the non-parametric Mann-Whitney U test was
used for all subsequent comparisons.

Finally, we address the risk of Type I errors (false positives). When performing
a high volume of cross-comparisons, the probability of incorrectly rejecting a true
null hypothesis purely by chance increases drastically. To prevent these false positives,
the Holm-Bonferroni correction was applied independently for each metric within its
respective analytical family. All matrices containing the raw test statistics and adjusted
p-values generated by this pipeline are detailed in the online appendix (provided in
the Data Availability Statement).

In total, this significance pipeline executed 180 independent hypothesis tests, fully
stratified as follows:

¢ HumanEval-X (150 tests total):

— Dimension 1 (50 tests): 2 metrics (Energy and Time) evaluated across 25
combinations (5 LLMs x 5 programming languages) comparing 0-shot vs
3-shot setups.

— Dimension 2 (100 tests): 2 metrics evaluated across the 25 core combinations
under both 0-shot and 3-shot prompting strategies, tracking the architectural
transition from CPU to GPU hardware.

e MBPP+ (30 tests total):

— Dimension 1 (10 tests): 2 metrics evaluated across 5 configurations (5 LLMs

x 1 programming language) comparing 0-shot vs 3-shot setups.



— Dimension 2 (20 tests): 2 metrics evaluated across the 5 configurations under
both 0-shot and 3-shot settings, measuring the infrastructure transition from
CPU to GPU.

3.6 Experimental Equipment

The experiments were performed using a GPU-accelerated partition of the Deucalion
supercomputer!, running Rocky Linux 8 as the operating system. The evaluation was
conducted on a single dedicated compute node featuring two 64-core AMD EPYC 7742
processors operating at 2.25 GHz, equipped with four NVIDIA Ampere A100 GPUs (40
GB VRAM each) and 512 GB of DDR4 RAM. Local storage is provided by a Micron
5300 480GB SATA SSD, with network connectivity handled by two NVIDIA ConnectX-
6 200 Gb/s interfaces. To eliminate interference and ensure consistent performance
measurements, all evaluations were executed on the compute node with no other active
user workloads running on the same hardware during the experiments.

4 Results and Analysis

The entire GPU evaluation pipeline required a total execution time of 3 days and
11 hours, consuming an aggregate of 45 megajoules (MJ) of GPU energy. The experimen-
tal data reveals a strong, near-perfect positive Pearson correlation between execution
time and GPU energy consumption, with correlation coefficients consistently falling
between 0.98 and 0.99 across all tasks.

Before diving into specific research questions, all datasets - including the baseline
metrics from the previous CPU study [32] - were subjected to the statistical testing
pipeline outlined in Section 3.5. As detailed in the online appendix, the Shapiro-Wilk
test confirmed that 100% of the collected runtime and energy distributions across both
the HumanEval-X and MBPP+ benchmarks deviated significantly from normality
(p < 0.05), fully justifying the use of non-parametric analysis.

Subsequently, the Mann-Whitney U tests, corrected via the Holm-Bonferroni
method, led to a universal rejection of the null hypothesis (Hy) across all evaluated
tasks, programming languages and models. This mathematical validation shows that
both the intra-hardware prompting variations (0-shot vs 3-shot) and the inter-hardware
architectural transition (CPU vs GPU) induce highly significant shifts in efficiency
and performance.

The remainder of this section is organized as follows: Section 4.1 evaluates the
intra-hardware resource efficiency metrics under few-shot prompting (RQ1); Section 4.2
tracks the resulting functional and syntactic quality shifts (RQ2); Section 4.3 details the
cross-hardware infrastructure trade-offs by comparing CPU and GPU implementations
(RQ3); and Section 4.4 synthesizes these dimensions into a consolidated energy-based
ranking of the evaluated LLMs.

Yhttps://docs.deucalion.macc.feen.pt /deucalion /
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4.1 Energy Consumption and Execution Time in the GPU
Environment

To answer RQ1: How do local LLMs behave in terms of energy consumption
and execution time when running under a GPU inference environment?,
this subsection evaluates the intra-hardware resource efficiency of the selected LLMs
strictly within the accelerated GPU computing environment. The operational impact
of the prompting strategy (0-shot vs 3-shot) on energy consumption and execution
time is analyzed across the multi-lingual tasks of HumanEval-X (Section 4.1.1) and
the Python-centric generation parameters of MBPP+ (Section 4.1.2).

4.1.1 Code Completion: HumanEval-X

The experimental data reveals a universal trend regarding the prompting strategy:
switching from 0-shot to 3-shot systematically cuts down both execution time and
energy consumption across every single evaluated model and programming language
(as shown in Figures 2 and 3). This efficiency gain happens because providing in-
context examples guides the LLM to generate code directly, avoiding the verbose
text, markdown wrappers or filler explanations that often occur in a 0-shot setup. As
empirically demonstrated in Figure 4, transitioning to a 3-shot prompting forces a
significant drop in the volume of generated output tokens across all evaluated models
and languages. For instance, deepseek-coder reduces its mean generated output token
count from 315 to 86 in C++ and from 356 to 95 in Java, directly aligning with
the overall reduction in energy consumption and execution time. By stripping away
this verbose conversational output, the model requires less computational effort from
the GPU, thereby minimizing resource expenditure. A similar behavioral impact on
reducing computational waste was also observed in our previous study on CPU-only
environments [32].

When comparing overall performance under the 0-shot prompting, codellama is
the most efficient and fastest baseline across all benchmarks, with energy consumption
remaining below 500 J (ranging from 161 J in Python to 461 J in Go) and execution
times between 0.91 s and 2.57 s. Conversely, starling-Im and Meta-Llama-3 consis-
tently demand the most resources in this baseline setup, with energy costs frequently
scaling between 700 J and 850 J, and execution times exceeding 4 s across nearly all
languages. Looking at individual programming languages, codellama establishes abso-
lute dominance, achieving the lowest energy consumption and shortest execution times
for C++, Go, Java, JavaScript and Python in 0-shot settings. Under 3-shot prompting,
codellama loses its monopoly on efficiency. While it remains the most efficient model
for C++ and Go, it is surpassed by deepseek-coder in Java (172 J vs codellama’s 175 J)
and JavaScript (138 J vs codellama’s 145 J), while both models achieve a virtual tie in
Python at 102 J.

4.1.2 Code Generation: MBPP+

The experimental results for the MBPP-+ benchmark, presented in Figures 5 and 6,
confirm that the positive impact of 3-shot prompting remains highly consistent dur-
ing code generation tasks. Across all evaluated model families, providing in-context
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Fig. 2: GPU energy consumption (J) across LLMs and programming languages for
the HumanEval-X benchmark under 0-shot and 3-shot prompting
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Fig. 3: Execution time (s) across evaluated LLMs and programming languages for the
HumanEval-X benchmark under 0-shot and 3-shot prompting

examples leads to a decrease in both energy consumption and runtime, with the single
exception of the codellama family. As mapped out in Figure 7, this optimization is
driven by a reduction in token volume for the worst-performing models in 0-shot:
starling-Im reduces its mean generated output volume from 328 down to just 39 tokens,
triggering an energy drop from a peak of 729.23 J (4.08 s) in 0-shot down to 85.04 J
(0.50 s) in 3-shot.

When evaluating baseline efficiency, codellama again establishes itself as the most
optimal model under 0-shot conditions, requiring only 75.27 J and 0.47 s to complete
the benchmark. However, the MBPP+ dataset highlights a unique behavioral inversion
for this specific model: codellama is the only LLM that does not benefit from few-shot
prompting in this setup, showing a slight performance degradation with its energy
rising to 83.09 J and execution time increasing to 0.49 s under 3-shot prompting.
Figure 7 exposes the root cause of this anomaly: under O-shot, codellama already
features an extremely lean generation profile of only 43 tokens, leaving no room for

11
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Fig. 4: Mean number of generated tokens across LLMs and programming languages
for the HumanEval-X benchmark under 0-shot and 3-shot prompting

optimization via few-shot filters, shifting down marginally to 36 tokens. Because this
performance penalty mirrors the exact behavioral anomaly observed in the previous
CPU study [32], it highlights a potential architectural or fine-tuning particularity
unique to the codellama family, although the exact computational root cause requires
further isolated investigation. Across all other models, deepseek-coder emerges as the
most responsive to the inclusion of in-context examples, achieving the absolute best
overall efficiency in the 3-shot prompting by dropping to a minimal consumption of
73.58 J and a runtime of 0.46 s.

= 0-shot
= 3-shot

GPU Energy ()

codegeex4 codellama deepseek-coder Meta-Llama-3 starling-Im

Fig. 5: GPU energy consumption (J) across evaluated LLMs for the MBPP+ bench-
mark under 0-shot and 3-shot prompting
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Fig. 6: Execution time (s) across evaluated LLMs for the MBPP+ benchmark under
0-shot and 3-shot prompting
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Fig. 7: Mean number of generated tokens across evaluated LLMs for the MBPP—+
benchmark under 0-shot and 3-shot prompting

RQ1: How do local LLMs behave in terms of energy consumption and
execution time when running under a GPU inference environment?

In GPU environments, there are significant variations in energy consumption and
runtime across different models. The results highlight that resource usage is heavily
influenced by the specific family of each LLM, the programming language under
evaluation, and the chosen prompting configuration (0-shot vs 3-shot). Crucially,
the data shows that the number of generated tokens directly determines execution
time and energy costs, since 3-shot prompting saves resources by preventing models
from generating noisy text (e.g. conversational style) alongside the code. Specifically,
when transitioning from 0-shot to 3-shot prompting, the average energy consumption
for the HumanEval-X benchmark was reduced by 64.4% (dropping from 644.0 J
to 229.0 J), while runtime decreased by 66.1% (from 3.33 s to 1.13 s). A similar
optimization trend was observed for the MBPP+ benchmark, which achieved a
reduction of 47.7% in energy consumption (from 402.4 J to 210.3 J) and 59.3% in
execution time (from 2.22 s to 0.90 s).
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4.2 Syntactic Quality and Functional Correctness under GPU
Inference

To answer RQ2: How do local LLMs perform in terms of syntactic metrics
(BLEU variants) and functional correctness (pass@k) under GPU inference?,
this subsection analyzes the generative quality and correctness of the code produced
under GPU inference. The evaluation measures how the transition from a 0-shot baseline
to a 3-shot prompting impacts functional correctness through pass@k distributions,
alongside structural and lexical syntactic alignment via the CodeBLEU, SacreBLEU and
GoogleBLEU metrics. These dimensions are detailed sequentially for code completion
in HumanEval-X (Section 4.2.1) and code generation in MBPP+ (Section 4.2.2).

4.2.1 Code Completion: HumanEval-X

The functional correctness and syntactic similarity metrics for the HumanEval-X
benchmark are detailed in Figures 8, 9 and 10. Across almost all evaluated models and
programming languages, the transition from 0-shot to 3-shot prompting produces a
significant improvement in both pass@1 and pass@10 scores. Under 0-shot, functional
correctness is exceptionally low for multi-lingual tasks (C++, Go, Java and JavaScript),
with scores frequently dropping below 0.10 (representing a low 10% success rate). In
contrast, 3-shot prompting guides the models to comply with the expected execution
format, allowing performance to surge. For instance, deepseek-coder increases its pass@1
score from 0.010 to 0.537 in C++ and from 0.030 to 0.612 in Java. Python stands out
as the only language where 0-shot baselines are already high, with codegeez achieving
the highest baseline score of 0.698, although its performance slightly decreases to 0.629
under 3-shot prompting. Across all other languages and shot setups, deepseek-coder
consistently delivers the highest functional correctness values.

The pass@10 distributions follow an identical pattern. While 0-shot results remain
severely constrained for non-Python languages, 3-shot prompting unlocks higher
functional correctness. Under 3-shot, deepseek-coder achieves the highest functional
correctness overall, reaching a pass@10 of 0.758 in C++, 0.832 in Go, and 0.857 in
Java. Interestingly, while codellama suffered an energy and runtime degradation under
3-shot prompting (as seen in RQ1), its functional correctness still increases compared
to its 0-shot baseline, moving from a pass@1 of 0.327 to 0.383 in Python, and from a
pass@10 of 0.232 to 0.553 in C+—+.

Syntactic and structural similarity metrics, assessed through CodeBLEU, Google-
BLEU and SacreBLEU (Figure 10), closely mirror the functional correctness trends
while highlighting distinct aspects of code generation quality. For the majority of mod-
els, the 3-shot prompting (represented by dashed lines) consistently outperform the
0-shot baselines (solid lines). This gap is particularly wide for surface-level text metrics
like SacreBLEU and GoogleBLEU in languages such as C++, Java and JavaScript,
where 0-shot prompting suffer heavy penalties due to conversational verbosity, with
scores frequently dropping into the 0.05 to 0.12 range. Conversely, CodeBLEU, distin-
guished as the only metric in our evaluation that incorporates abstract syntax tree
(AST) and data flow tracking alongside standard n-grams, exhibits higher resilience
under 0-shot conditions, maintaining significantly higher baseline scores between 0.18
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and 0.34, as it isolates and evaluates the structural components of the generated code
rather than relying solely on lexical overlap.
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Fig. 8: Functional correctness (pass@1) across LLMs and programming languages for
the HumanEval-X benchmark under 0-shot and 3-shot prompting

pass@10
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Fig. 9: Functional correctness (pass@10) across LLMs and programming languages
for the HumanEval-X benchmark under 0-shot and 3-shot prompting

4.2.2 Code Generation: MBPP

Figures 11 and 12 show the pass@1 and pass@10 results for both the original MBPP
and the enhanced MBPP-+ test suites across unsanitized and sanitized splits. 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 under 0-shot conditions, codegeex4 and Meta-Llama-3 show
the lowest overall performance, with pass@1 scores dropping to 0.00 and 0.01 on
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Fig. 10: Syntactic metrics (CodeBLEU, GoogleBLEU and SacreBLEU) comparison
across LLMs for the HumanEval-X benchmark under 0-shot and 3-shot prompting

MBPP+ (unsanitized). In contrast, codellama achieves the highest baseline scores in
this setting, with a pass@1 of 0.25 and a pass@10 of 0.58 on the same split. However,
when transitioning to 3-shot prompting, deepseek-coder emerges as the top-performing
model, achieving a peak pass@1 of 0.65 and a pass@10 of 0.78 on the MBPP+ sanitized
split. As expected, scores are generally lower on MBPP+ due to the larger number of
test cases. Also, pass@10 consistently outperforms 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
extraneous code and isolates the function of interest. The drop in performance from
MBPP to MBPP+ remains consistent post-sanitization.

The syntactic similarity evaluation (Figure 13) confirms this behavior across both
subsets. The 3-shot implementations (dashed lines) maintain a steady and higher
structural baseline across all variants of BLEU compared to 0-shot executions (solid
lines). For Meta-Llama-3 and starling-lm in the unsanitized split, surface-level lexical
metrics like SacreBLEU and GoogleBLEU drop close to 0.05 under 0-shot conditions
due to conversational verbosity, whereas CodeBLEU exhibits higher resilience by
maintaining scores above 0.30, as it isolates and evaluates the structural syntax tree
components rather than relying solely on lexical overlap.
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Fig. 11: Functional correctness (pass@1 and pass@10) across evaluated LLMs for the
MBPP-+ benchmark splits under a 0-shot prompting
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Fig. 12: Functional correctness (pass@1 and pass@10) across evaluated LLMs for the
MBPP+ benchmark splits under a 3-shot prompting

RQ2: How do local LLMs perform in terms of syntactic metrics (BLEU
variants) and functional correctness (pass@k) under GPU inference?
The results under a GPU inference environment show that transitioning from 0-shot
to 3-shot prompting improves both functional correctness and syntactic metrics. For
functional correctness, 3-shot learning increases pass@1 and pass@10 scores across
all architectures. For syntactic similarity, the inclusion of in-context examples reduces
conversational noise, leading to higher SacreBLEU and GoogleBLEU scores, while
CodeBLEU exhibits a more moderate increase due to its structural evaluation of
syntax trees and data flow.

4.3 Impact of the CPU-to-GPU Inference Transition

To answer RQ3: To what extent does transitioning from CPU to GPU infer-
ence impact the overall energy efficiency, inference time, output consistency,
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Fig. 13: Syntactic metric comparison (CodeBLEU, GoogleBLEU, and SacreBLEU)
across unsanitized and sanitized splits for the MBPP+ benchmark

and functional reproducibility of local LLMs?, this section compares execu-
tion efficiency (energy and execution time) alongside generative quality (pass@k and
BLEU variants) to evaluate the cross-architecture trade-offs between CPU and GPU
inference. For this macro-analysis, the standard MBPP dataset is integrated alongside
the enhanced MBPP+- suite. This combined evaluation serves as a cross-benchmark
validation mechanism to determine whether the architectural shift induces uniform
impacts when moving from standard evaluation suites (represented by MBPP) to
highly strict testing environments with expanded test cases (represented by MBPP+-).

Figures 14 and 15 illustrate the absolute savings achieved in energy (Joules) and
execution time (Seconds) when transitioning from CPU to GPU hardware, alongside
their relative percentage reductions. The data reveals an absolute efficiency dominance
for the GPU across all evaluated cases. Energy consumption exhibits a consistent
downward trend, with the majority of these model-language pairs achieving relative
savings between 82.5% and 89.4%. The only notable exceptions occur in specific few-
shot setups: codegeez in Go (0-shot) shows a slightly lower relative energy reduction
of 78.5% (saving 2002 J), while codellama under the grey-labeled MBPP+ (3-shot)
baseline achieves a more constrained reduction of 66.1% (saving 395 J), echoing the
prompting degradation behavior identified in RQ1. Following an even more pronounced
and uniform optimization pattern, execution time reductions remain highly stable
across all models, languages and prompting strategies, consistently yielding relative
savings of either 99.8% or 99.9%.

The impact of hardware translation on generation quality is detailed in Figures 16
and 17, which plot the average absolute gain or loss across metrics (measured on a 0.0
to 1.0 scale) between GPU and CPU execution. Under 3-shot prompting, the GPU
environment induces a substantial and consistent absolute quality improvement for
the Python subsets under unsanitized conditions (MBPP Unsanitized and MBPP+
Unsanitized). For instance, in pass@1, deepseek-coder achieves an absolute metric
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and benchmarks compared to CPU execution

gain of +0.748 (MBPP) and +0.639 (MBPP-), while codegeex4 exhibits absolute
gains of +0.686 and +0.486, respectively. This improvement indicates that the GPU
environment successfully handles long-context dependencies introduced by few-shot
examples.

In contrast, 0-shot prompting exposes severe performance inconsistencies during
hardware transition. While some models like codellama show minor functional cor-
rectness gains under unsanitized settings, others suffer catastrophic degradation; most
notably, Meta-Llama-3 experiences an absolute performance drop of —0.645 in pass@1
and —0.752 in pass@10 on the MBPP Unsanitized set. This cross-hardware diver-
gence occurs because keeping identical execution parameters and hyperparameter
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configurations across different studies cannot guarantee determinism when changing
computational backends [31]. Due to the non-associative nature of floating-point arith-
metic, the highly parallel reduction paths and optimization kernels within CUDA
introduce micro-numerical deviations in the outputs compared to CPU execution [30].
Even though sampling parameters like temperature = 0.6, top_p = 0.95 and seed
= 42 are kept perfectly constant, the sampling layer processes these slightly altered
logit distributions. This leads the pseudo-random token selection to draw different
paths, inherently causing the final code solutions to diverge between the two hardware
platforms. This pattern is closely mirrored in the syntactic matrices (Figure 17), where
3-shot lexical metrics (SacreBLEU and GoogleBLEU) experience prominent absolute
gains on unsanitized blocks (e.g., up to +0.225 and +0.207 for codellama) due to the
suppression of conversational text under accelerated inference, whereas CodeBLEU
metrics exhibit negligible absolute variations between hardware executions.
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(pass@1 and pass@10) between GPU and CPU hardware execution under 0-shot and
3-shot prompting
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Fig. 17: Heatmaps of the average absolute gain or loss across CodeBLEU, SacreBLEU
and GoogleBLEU metrics between GPU and CPU hardware execution under 0-shot
and 3-shot prompting

RQ3: To what extent does transitioning from CPU to GPU inference
impact the overall energy efficiency, inference time, output consistency,
and functional reproducibility of local LLMs?

Transitioning from CPU to GPU hardware significantly reduces both energy consump-
tion and execution time across all evaluated models and programming languages, with
energy savings scaling up to 89.4% and runtime consistently dropping by 99.8% to
99.9%. Regarding functional correctness (pass@k), the hardware transition improves
scores under 3-shot prompting - particuladly for the MBPP+ benchmark - but intro-
duces volatility under 0-shot, where performance changes vary depending on the
model. For syntactic metrics, the hardware transition increases lexical similarity
(SacreBLEU and GoogleBLEU) under 3-shot prompting due to reduced conver-
sational noise, whereas structural similarity (CodeBLEU) exhibits no significant
variations between the two hardware platforms.




4.4 LLMs’ Energy-Based Ranking

To synthesize the experimental results, Table 2 presents a multi-dimensional ranking of
the LLMs prioritized by their mean GPU energy consumption across all tasks, mapping
efficiency alongside execution time, functional correctness (pass@1, pass@10) and
structural similarity (CodeBLEU). We report both pass@1 and pass@10 to capture
functional correctness under different generation constraints. For the syntactic metrics,
we choose to report only CodeBLEU for simplification, as it focuses specifically on
code structure - evaluating AST and data flow - rather than basic text overlap. Within
this ranking, the model in Rank 1 represents the optimal efficiency reference for that
specific n-shot. For the remaining rows, the energy and time sub-scripts indicate the
performance penalty multiplier relative to this leader (e.g., in 0-shot, codegeez/ requires
1.53%x more energy and 1.31x more time than codellama). Furthermore, the colored
arrows and adjacent sub-scripts denote the absolute metric shifts and direction when
transitioning from the baseline CPU environment [32] to the accelerated GPU setup,
where upward green arrows (1) represent beneficial quality improvements, downward
red arrows (]) indicate performance degradation and rightward grey arrows (—) signal
stable, unchanged metrics. For example, moving to a GPU environment under a 3-shot
setup allows the leading deepseek-coder to achieve an absolute functional boost of
+0.07 in pass@1 and +0.03 in pass@10 compared to its CPU execution, while also
slightly increasing its structural similarity score (+0.02).

Table 2: Ranking of LLMs with Energy and Time, as well as Pass@1, Pass@10 and CodeBLEU

in Each Shot Setting (GPU environment)

Rank LLM Energy (J) Time (s) pass@l pass@l0 CodeBLEU
1 codellama 296 1.7 0.13).0.04 0.35]-0.03 0.20— . o
2 Codegeex4 4531‘53>< 2.21,31>< 0.15— 0 0.25— 0 0.26l,_(),()1
0-Shot 3 deepseek-coder 646218 x 3.62.16x 0.217+0.01 0.407T+0.01 0.28—~ ¢
4 Meta-Llama-3 7282‘46>< 3.92.32x 0.13$_(),()5 0.29\L_(],[)3 0.27¢-(),()1
5 starling-lm 7912.67x 4.42.63x 0.17).0.02 0.46— 0o 0.25].0.01
1 deepseek-coder 139 0.8 0.61710.07 0.817.0.03 0.297 . 0.02
2 codellama 1391 .00x 0.81.00x% 0.35T10.02 0.62— ¢ 0.28110.01
3-Shot 3 starling-lm 1561 .12 % 0.91.10% 0.330-0.02 0.62]_0.03 0.281: 0.01
4 Meta—Llama-3 2241460>< 1.21,50>< 044T 0.01 0.69\L_(),()2 0.29— 0
5 codegeex4 2551.83>< 1-31.67>< 0.46T+0_05 0.79T+0_04 0.28*>7()

The consolidated data highlights a critical trade-off between resource efficiency and
generative quality. Under 0-shot conditions, codellama secures the top rank, demanding
a minimal mean energy consumption of 296 J and an execution time of 1.7 s. However,
this efficiency comes at a high quality cost, as it exhibits low functional correctness
scores (pass@1 = 0.13, pass@10 = 0.35). When transitioning to a 3-shot prompting,
the entire hierarchy changes. While deepseek-coder and codellama share the peak
efficiency tier (139 J, 0.8 s), deepseek-coder achieves absolute functional superiority,
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delivering a pass@1 of 0.61 and a pass@10 of 0.81, establishing itself as the most
well-balanced model in GPU environments.

5 Threats to Validity

This section addresses the construct, internal and external threats to validity identified
in our experimental design, along with the mitigation strategies applied.

5.1 Construct Validity

Standardized benchmarks like HumanEval-X and MBPP+ focus on isolated algorithmic
tasks, which do not fully replicate real-world programming where software development
is interactive and context-heavy [84]. However, as noted in Section 3.3, we selected these
specific datasets because they are widely adopted across the literature for evaluating
LLM-generated code, ensuring our cross-model comparisons remain consistent with
existing academic papers. Regarding the energy measurement process, tracking software-
based consumption can capture background system activities. We mitigated this
by running all experiments in isolated node environments on the Deucalion cluster,
allowing CodeCarbon to automatically interface with the NVIDIA Management Library
(NVML) via the nvidia-ml-py dependency to collect the required metrics.

5.2 Internal Validity

Internal threats involve typical hardware power variations and system-level processes
that can alter energy and runtime measurements. To minimize this, we ran all models
using the same LLaMa.cpp software stack with identical parameters (seed, temperature,
context window and max tokens). We also executed every prompt 10 times consecutively
to account for any performance fluctuations. Outliers were filtered out using the
Interquartile Range (IQR) method, and we validated the final significance trends using
the 180 independent hypothesis tests described in Section 3.5. Furthermore, for the cross-
hardware analysis, the baseline CPU metrics were collected on a physically different
machine. Since the two environments do not share the same motherboard or RAM
architecture, these infrastructure differences inevitably influence the energy baselines
independently of the transition from CPU to GPU execution. This architectural change
also introduces hardware-level nondeterminism that causes minor fluctuations in the
raw logit outputs. Although this variance can lead the final code solutions to diverge
even under identical configuration settings, we isolated its operational impact on our
energy and runtime comparisons by maintaining strict parameter symmetry across
all runs. Finally, we applied a uniform prompt structure across all evaluated LLMs,
omitting the model-specific special tokens required by certain architectures. While this
design choice was intentional to maintain strict parity with the original CPU baseline
study, ignoring these specialized formats may introduce operational bias and alter the
generation behavior of individual models.
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5.3 External Validity

The generalizability of our findings is constrained by our specific choice of models
and configurations. All LLMs were evaluated using quantized GGUF variants at Q5
and Q6 precision. Testing other quantization levels (such as Q4 or Q8) or choosing
different model families could yield different energy and performance rankings. Addi-
tionally, because new LLMs are released continuously, newer versions might alter the
specific positions in our ranking. However, our selection includes models from different
training backgrounds - covering both highly specialized models for code and general-
purpose systems - and the evaluation framework is designed to be fully repeatable for
benchmarking future models under the same criteria.

6 Conclusions

This paper presented an extension of our previous study [32]. While the original work
benchmarked five local LLMs on a CPU-only setup, we replicated the exact setup on a
GPU cluster to evaluate how the hardware platform used and the number of shots in the
prompt influence energy consumption, inference time, functional correctness (pass@1,
pass@10) and code similarity metrics (CodeBLEU, SacreBLEU and GoogleBLEU).

Our main findings show that energy and runtime are heavily tied to the volume of
generated tokens. Moving from 0-shot to 3-shot prompting acts as a filter that cuts out
conversational noise, explanations and markdown wrappers, lowering both energy and
execution times across nearly all models by guiding them toward concise responses.
Specifically, 3-shot prompting reduces average energy consumption and runtime by
64.4% and 66.1% for HumanEval-X, and by 47.7% and 59.3% for MBPP+. Regarding
the transition from CPU to GPU, moving to the GPU cluster cuts energy between
78.5% and 89.4% for HumanEval-X (and 66.1% to 89.4% for MBPP+), while reducing
runtime by 99.8% to 99.9% across all tasks. However, this hardware transition does
not lead to a clear trend in code quality; while we see small variations in the metrics,
the overall impact is inconsistent. Due to hardware-level nondeterminism from parallel
floating-point operations (inherent to GPUs), changing the execution platform causes
the raw model outputs to diverge. In 0-shot scenarios, this divergence introduces
noticeable performance fluctuations and structural code variations where functional
correctness and similarity metrics vary unpredictably or even degrade. In contrast,
the 3-shot configuration provides greater operational stability, maintaining structural
CodeBLEU scores while preventing text noise and hardware-induced variance from
harming the output quality.

Based on our consolidated energy ranking, the choice of the optimal model depends
directly on the prompting strategy, with clear shifts when compared to CPU execution.
Under 0-shot conditions, codellama remains the most energy-efficient architecture across
both hardware platforms, though it delivers poor functional correctness. However, under
3-shot prompting, deepseek-coder achieves the best overall balance, matching codellama
as the peak efficiency leader on the GPU while delivering the highest functional
accuracy (pass@l = 0.61, pass@10 = 0.81) and the largest quality improvements over
its CPU baseline. These findings reinforce that hardware acceleration alone is purely
an efficiency optimization and not a quality booster. To deploy local LLMs effectively,
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model selection and prompt structure must be considered together, with few-shot
configurations on models like deepseek-coder offering the most balanced trade-off by
sustaining high functional correctness at the lowest hardware energy tier.

Future Work:

Our study suggests several directions for future research. Evaluating these local LLMs
on broader benchmarks like RepoCod [85], LiveCodeBench [86] and SWE-Bench [84]
could better capture repository-level dependencies and real-world coding complexity.
Developing precise methodology to isolate LLM-specific energy consumption from
background system overhead would also improve the granularity of sustainability
assessments. Furthermore, testing newer model families across a wider range of hardware
architectures and alternative quantization levels could generalize our findings and
track industry progress in energy-efficient code generation. Finally, future work should
explore how advanced prompting techniques (such as Chain-of-Thought [87]) and
internal model parameters like temperature and top-p influence the energy-efficiency
and correctness trade-offs during GPU inference.
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