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Abstract

The recent rise of Large Language Models (LLMs) has transformed software engineering
by enabling automated code generation, documentation, testing, and optimization. While
these tools promise increased productivity and potentially more efficient code, they
also raise important environmental concerns due to their high energy demands, reliance
on specialized hardware, and integration into energy-intensive infrastructures. This
thesis investigates the trade-offs between the energy costs and benefits of using LLMs
for code-related tasks, with a particular focus on their role in sustainable software
development.

Three empirical studies are presented. First, we evaluate the runtime performance
of LLM-generated code on over 200 Leetcode problems, revealing that while LLMs can
outperform human-written solutions in some cases, their efficiency is highly sensitive to
model parameters and problem familiarity. Second, we quantify the energy consumption
of code assistants like GitHub Copilotthrough a user study and server instrumentation.
The results show significant energy waste due to unsolicited suggestions and highlight
how inference server configuration and usage modes can reduce energy consumption.
Third, we analyze the net energy impact of LLM-based code optimization techniques
across 118 problems. Our findings show that while optimizations can reduce energy
usage, they are only environmentally profitable if the optimized code is run frequently
enough to offset the cost of generating the optimization.

Together, these three contributions provide a detailed examination of the trade-offs in
using LLMs for code generation and optimization, with a focus on energy consumption.
By empirically assessing both the costs and potential savings of code assistants and
LLM-based optimizers, this thesis highlights a critical dimension of sustainable software
engineering. While LLMs can improve code efficiency and accelerate development, their
environmental impact depends heavily on usage patterns, deployment conditions, and
application context. As ICT’s footprint grows, understanding these trade-offs is essential.
This thesis offers actionable insights for aligning software development with ecological
constraints.





Résumé

La montée en puissance récente des grands modèles de langage (LLMs) a transformé
l’ingénierie logicielle en permettant la génération automatique de code, la documentation,
les tests et l’optimisation. Bien que ces outils promettent une augmentation de la pro-
ductivité et, potentiellement, un code plus efficace, ils soulèvent également d’importantes
préoccupations environnementales en raison de leurs besoins énergétiques élevés, de
leur dépendance à un matériel spécialisé, et de leur intégration dans des infrastructures
énergivores. Cette thèse étudie les compromis entre les coûts énergétiques et les bénéfices
liés à l’usage des LLMs pour les tâches liées au code, avec un accent particulier sur leur
rôle dans le développement logiciel durable.

Trois études empiriques sont présentées. Premièrement, nous évaluons les perfor-
mances à l’exécution du code généré par des LLMs sur plus de 200 problèmes provenant
de Leetcode, révélant que, bien que les LLMs puissent surpasser des solutions humaines
dans certains cas, leur efficacité reste très sensible aux paramètres du modèle et à la
familiarité avec les problèmes. Deuxièmement, nous quantifions la consommation énergé-
tique des assistants de code comme GitHub Copilotà travers une étude utilisateur
et une instrumentation des serveurs. Les résultats montrent un gaspillage énergétique
important dû aux suggestions non sollicitées, et soulignent comment la configuration
des serveurs d’inférence et les modes d’utilisation peuvent réduire cette consommation.
Troisièmement, nous analysons l’impact énergétique net des techniques d’optimisation
de code basées sur les LLMs sur 118 problèmes. Nos résultats montrent que si ces
optimisations peuvent réduire la consommation d’énergie, elles ne sont écologiquement
rentables que si le code optimisé est exécuté suffisamment souvent pour compenser le
coût de sa génération.

Ensemble, ces trois contributions offrent une analyse détaillée des compromis liés
à l’usage des LLMs pour la génération et l’optimisation de code, avec un focus sur la
consommation énergétique. En évaluant empiriquement à la fois les coûts et les économies
potentielles liés aux assistants de code et aux optimiseurs basés sur les LLMs, cette
thèse met en lumière une dimension essentielle de l’ingénierie logicielle durable. Si les
LLMs peuvent améliorer l’efficacité du code et accélérer le développement, leur impact



vi

environnemental dépend fortement des usages, des conditions de déploiement et du
contexte applicatif. Alors que l’empreinte environnementale des technologies numériques
continue de croître, comprendre ces compromis devient crucial. Cette thèse propose des
pistes concrètes pour aligner le développement logiciel avec les contraintes écologiques.
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Chapter 1

Preface

Before my PhD thesis started in October 2022, not a lot of people had heard about the
Large Language Models, some form of it existed, but they were not mainstream yet.
However, on the 30th of November 2022, a shiny new application named ChatGPT was
launched by OpenAI and took the world by storm, quickly gaining the record of the
application with the fastest growing user base [41]. Academic literature across domains
soon followed suit and seized the subject of Large Language Models leading to a drastic
increase of the research effort concerning this technology [60].

Nowadays, when you are working in tech, it is difficult not to hear about artificial
intelligence every other day. Large Language Model (LLM) have become almost ubiquitous,
and have integrated themselves into most white-collar domains and especially in the
computer science industry. The sheer amount of automation and ease of work that is
made possible by the LLM-powered tools for developers is simply astonishing. Thanks to
these new technologies, developers can write code faster, with less skill required, create
working tests and insightful documentation in minutes instead of hours and find and fix
bugs at a much accelerated pace.

It seems too good to be true, doesn’t it? “What’s the catch?” I hear you say. Well,
LLM technology is growing way too fast and is way too young for research to be able to
reliably measure its direct impacts on the economy, environment and society, let alone its
indirect impacts. Nonetheless, some of their environmental impacts have been assessed
over the years, despite the non-transparency of LLM providers and GPU manufacturers.
From these results, we can at least say that LLMs are rather bad for the environment as
a whole, but I will go more in detail as to why later on.

In this thesis, I will present my contributions to the research efforts on the environ-
mental impacts of LLMs, more specifically in their use for code generation by developers.



2 Preface

I hope reading this is as insightful for you, reader, as it was for me to work on during my
PhD thesis.

I wish you a good read.



Chapter 2

Introduction

2.1 Large Language Models

Deep Learning (DL) is a subfield of Machine Learning, itself a subfield of Artificial
Intelligence. DL is based on neural networks, which take inspiration from neuroscience
and is centered around stacking artificial neurons into layers and training them to process
data. DL models are used, among other things, to perform tasks such as classification,
regression and representation learning. Notably, they have been used in automatic speech
recognition, image recognition as well as natural language processing and recommendation
systems [85]. At its core, a Large Language Model (LLM) is a Deep Learning model, that
can understand and write human-like text and generalize to multiple tasks. The specificity
of LLMs is that they leverage transformer architectures to learn and understand the
patterns present in language. The transformer architecture, as described by the 2017
foundational work “Attention is All You Need” [101], is based on self-attention mechanisms
which enables the models to handle efficiently long strings of texts. Architectures that
build upon transformers, such as the GPT (Generative Pre-trained Transformer) and
BERT (Bidirectional Encoder Representations from Transformers) enable models to
remember the full context of a sentence or document, which dramatically improves
their performance on Natural Language Processing (NLP) tasks. As LLMs’ number of
parameter grew from millions to billions, researchers found them emergent capabilities,
that is, abilities to solve tasks for which they were not specifically trained for. For
instance, they could reason, take informed decisions, answer questions, role-play, etc.,
without having been trained specifically for these tasks [16]. These improvements enabled
new textual applications of LLMs such as chatbots, summarizing or translating text
and answering questions [16]. Nowadays, LLMs can also process other modalities of
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information such as audio, images and videos, which enables more insightful conversations
in multi-modal settings and expands their potential applications.

It has been shown that LLMs can dramatically improve their capabilities when
prompted with examples (few-shot prompting) compared to not using examples at all
(zero-shot prompting) [103]. Moreover, fine-tuning LLMs for specific tasks as well as using
reinforcement learning to align them to human preference has been shown to enhance
their generalization capabilities [16].

LLMs have been applied to almost all of the software engineering fields. LLMs that
have been fine-tuned to perform software engineering are usually called “Code LLMs” or
“Large Language Models for code” by the community. In testing, code LLMs have been
used to generate unit tests [104], maintain tests [111] or even to generate test inputs [112]
and inputs generators [51]. LLMs have also shown capabilities in code documentation
generation [33]. LLMs have also been extensively applied to debugging and program
repair. Notably, they are able to identify and locate the cause of software bugs using
failing tests, error logs or even bug descriptions [104]. Once a bug has been found, LLMs
have shown to be more efficient at program repair than traditional approaches [55].

More specifically, one of the areas of software engineering where LLMs have been
applied the most is certainly code generation. LLMs are now widely integrated into
development tools to assist programmers in building software more efficiently. The
most popular instance of those tools is GitHub Copilot, an Integrated Development
Environment (IDE) extension which main feature consists of suggesting code completions
to the user. According to the StackOverflow annual developer survey [1], more than 80%
of developers are using ChatGPT in their daily work, and more than 40% of developers
are using a code assistant to help them in their development. As a result, a growing
share of today’s software is being built with the help of LLM-generated code. Given
their widespread adoption, it is crucial to evaluate the reliability and safety of the
code they produce. For example, Pearce et al. [79] found that GitHub Copilotoften
generates code containing security vulnerabilities, highlighting the need for careful review
of LLM-generated output.

One quality of LLM-generated code that concerned me during my thesis was its
efficiency, specifically, how much time and energy resources the code uses when executed.
Indeed, programming efficiency is paramount, especially when resources are scarce or
programs are deployed on a large scale. In today’s context where the energy consump-
tion of software systems has become a major concern, improving software efficiency is
particularly relevant since decreasing the resource consumption of a program can also
lead to a reduction of its energy consumption [102, 7]. However, while users seem to put
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a lot of trust in code generated by LLMs, they still have trouble reviewing it [98, 92],
which can lead to slow code being shipped in production, especially if a LLM generates
inefficient code.

On the other hand, LLMs have also been shown to be quite capable at code optimiza-
tion, that is, rewriting programs to improve their efficiency. Recent advances in code
LLMs have made it increasingly easier to generate optimized version of existing code,
with shorter execution times and lower energy consumption [61]. Most of these methods
rely on iterative refinement [71] which enables them to adapt and improve based on the
outcomes of each optimization step. The process of manual code optimization is lengthy
and intricate, requiring careful attention and a certain level of expertise, especially
when searching for the best-performing algorithm, selecting the most appropriate data
structure, or struggling with memory hierarchy. As such, automating this process with
LLMs could have the potential to make optimizing code easier and more accessible for
developers, and consequently, reduce the overall resource consumption of the ICT sector
around the world.

This potential for efficiency gains is especially important given the escalating envi-
ronmental crisis. Global warming is intensifying extreme weather events, accelerating
sea-level rise, and provoking conflicts over increasingly scarce resources such as fresh-
water [30, 84]. In parallel, the extraction of minerals and metals (essential for digital
infrastructure) is becoming more costly and environmentally damaging. Mining activities
often lead to soil and water pollution, the destruction of ecosystems, and serious human
rights concerns, including the exploitation of underpaid and underage laborers [48, 8].
According to the UN Environment Programme’s International Resource Panel, global
raw-material extraction tripled between 1970 and 2024, reaching 106 Gt/year. With a
projected rise of 60% by 2060 (1̃60 Gt/year) [35]. All of these facts underscores the urgent
need for actions towards reducing the overall environmental footprint of our society.

It just turns out that the Information and Communication Technology (ICT) industry
has a direct role to play in these environmental and societal problems. Servers, computers,
phones, IOT devices, and networks all need very specific resources to manufacture which
entails a strong negative impact on the environment. For instance, modern smartphones
contain over half of the periodic table, as well as 25 different metals and 17 rare earth
elements, most of which are considered critical resources [5]. GPUs, which are fundamental
for training and using LLMs need many conflict minerals, which have been tied to funded
violence and human rights violations. GPUs also require an important quantity of rare
earth elements and metals, which require polluting manufacturing processes [3].
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Manufacturing is not the only impact of the ICT industry: actually using those
equipment and services as well as disposing of them at their end of life also has a
considerable impact. It is estimated that the ICT industry consumes about 4.7% of
the world’s electricity production and accounts for a growing 1.7% of global greenhouse
gas emissions [108]. In France, the ICT sector is responsible for a growing 2.5% of the
country’s GHG emissions, which is estimated to triple by 2040 if no mitigating measures
are taken [108]. Datacenters require enormous amount of fresh water to cool down, most
of which is then evaporated into the atmosphere. Microsoft and Google already reported
respectively, a 34% and 20% increase in water demand between 2021 and 2022. As water
becomes a scarcer resource over the years, its increasing use in ICT is becoming a serious
concern [67].

At the end of its life, ICT hardware needs to be disposed of, either through reusing
or recycling parts of the equipment, or throwing it in landfills. According to the UN’s
Global E-Waste Monitor 2024, only 22% of electronic waste has been formally collected
and recycled [11] while global generation of electronic waste is rising five times faster
than its recycling. While recycling equipment may sound like a good idea, it is actually
near-impossible to cost-effectively recycle each material in electronics, which means that
most of the minerals and metals in electronics do no actually get recycled [17]. This
shows that relying on the reusing and recycling part to reduce the environmental impact
of ICT is at best unreliable, and the best bet is to use equipment for longer and use
fewer of them.

As the impact of ICT on the environment is increasing, it is becoming ever more
important to reduce its footprint and its usage. However, the rise of AI technologies
in these last few years do not seem to have helped at all with the direct environmental
impacts of ICT. LLMs in particular require large amount of processing power for their
training and inference phase (the usage phase of the LLM), as well as specialized hardware
in the form of GPUs, which require large amount of abiotic (non-renewable) materials to
manufacture and consume a lot of energy when running. For instance a medium-sized
LLM, such as Qwen-72B, can require a full Nvidia H100 GPU to run, which needs a
most 800W of energy to run.

Some researchers have already uncovered some environmental impacts of LLMs. For
example, a query to ChatGPT via the GPT-4o model is estimated to consume about
1.2Wh (the equivalent of a 10W light bulb turned on for 7 minutes), while sending
the same query to OpenAI’s reasoning model o3 is estimated to consume 21.4Wh (the
equivalent of a 10W light bulb turned on for 2 hours) [52]. Concerning water, one paper
suggests that 10–50 queries to GPT-3 consumes around half a liter of water [56]. Another
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paper estimates that supporting one year of Stable Diffusion (a latent diffusion model
that generates images ; not an LLM, but similar in resource use) service can generate as
much as 360 tons of CO2 equivalent [14].

Some people might argue that AI has a net positive impact on the environment,
because it can allow us to produce code faster and cheaper (thus requiring less human
labor), and produce code that is more resource-efficient. As such, it is tempting to see code
assistants like GitHub Copilotand LLM-based code optimizers as a straightforward
win for sustainability, right? Well, as we just said, LLMs are very resource-intensive and
require powerful inference servers for deployment and operation. Thus, any potential
savings achieved by producing code faster and optimizing code must be weighed against
the substantial energy cost of using LLMs in the first place.

In light of the environmental impact of LLMs and their potential to alleviate the
resource consumption of ICT, I ask the following question that will guide the rest of this
thesis: “What is the negative and positive energy impact of code LLMs?”.

While I cannot fully answer the question in this thesis alone, I’ve aimed at answering
parts of this question during my thesis. Notably, I’ve explored three components of this
question, which I will describe below:

(I) How efficient are the solutions generated by LLMs? First and foremost, I
wanted to know how efficient was the code generated by LLMs out-of-the-box and how
it compared to human-written code. As the usage of LLM-powered tools increase, it is
important to understand and assess the actual quality (here, the efficiency) of the code
that they produce.

(II) How much energy is used when using code assistants like GitHub
Copilot? As code assistants usually make their inference (the text generation) on a
remote server, the users are not aware of their real energy consumption when they use
such a tool, and may believe it to be negligible. With this question, I aim to measure how
much energy is really consumed when using a code assistant like GitHub Copilotas
well as find levers to reduce this energy consumption. Thanks to this question, I hope
that users will be more aware of their energy impact when using such tools.

(III) What is the real energy cost of using LLM-powered code optimizers?
Is the performance and energy gain of optimized code sufficient to justify
the energy cost of optimization? As LLMs become increasingly used to optimize
source code, the question of their actual effectiveness at reducing the energy consumption
remains. With this question, I would like to investigate the cost of optimizing code
with LLMs and compare it to the actual energy savings that were enabled thanks to the
optimization.
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This thesis presents my answers to these three smaller questions via three contributions
that I present in the next section.

2.2 Contributions

In this section, I present an overview of the contributions realized during my thesis. As
stated before, the goal of my research is to study the energy impact of using LLM for code
generation and code optimization. The main contributions of my work are summarized
as follows.

A study of the performance of LLM-generated code on Leetcode. In this first
contribution, we studied the performance of code generated by 18 LLMs on problems from
Leetcode, a competitive programming website, and compared them to human-written
solutions. We considered factors such as model temperature (a parameter regulating the
randomness of the model) and success rate, and their impact on code performance. To
perform our research, we extracted old and new problems from Leetcode. Old problems
were problems that were old enough to have been present in the training dataset of
the tested LLMs. In total, we had 300 old problems and 204 new ones. We made the
LLMs generate 10 solutions to each of those problems, and evaluated the validity and
performance of those solutions with tests extracted from Leetcode.

Using a novel method for measuring and comparing the speed of LLM-generated code,
we observed that LLMs produce code with comparable performance, irrespective of the
adopted model. Additionally, using a higher temperature parameter led to more frequent
inefficient and slow generated code with also an increased chance of infinite loops being
generated or code with an exponential complexity. We also found that LLMs are capable
of generating code that is, on average, more efficient than the code written by humans.
Our contribution highlights the risks of using Leetcode as a dataset for LLM evaluation
as there is important data contamination issues concerning older problems.

A study on the key factors affecting the energy consumption of code
assistants. In this second contribution, we studied the energy consumption of code
assistants with a user study of developers using GitHub Copilot. First, we created
AssistantTraces, a dataset of development traces collected thanks to 20 participants
who developed a Java project for one hour while using GitHub Copilot. This dataset
enabled us to easily replay the developer’s interactions with GitHub Copilot, this time
using our own inference server. This setup allowed us to study the impact of some of the
inference server’s and assistant’s configuration options on their energy consumption and
performance.



2.2 Contributions 9

Our results revealed that a considerable portion of energy was wasted due to sugges-
tions being cancelled by GitHub Copilotor not wanted by the users. We concluded
that if the automatic suggestion trigger mechanism was replaced by a manual one, we
could greatly minimize unnecessary requests, thus saving a lot of energy. Additionally, the
number of concurrent developers using a single inference server greatly affected its energy
efficiency, as having more concurrent developers better used the resources of the server.
Lastly, we found that the configuration of the inference server played a significant role in
its energy consumption. For instance, (i) smaller models tended to use less electricity ;
(ii) reducing the number of GPUs decreased the energy consumption at the cost of a
higher latency ; and (iii) some quantization techniques positively impacted both the
energy consumption and latency of the code assistant. In the end, we estimated that on
average, a developer using a code assistant like GitHub Copilotwould consume about
20W of electricity when actively coding. Our results highlighted the need for raising
awareness of the users on their code assistant’s energy consumption.

A study on the cost of LLM-based code optimization. In this last contribution,
we systematically evaluated the energy gains of 8 LLM-based code optimization methods
on 118 tasks from the EvalPerf benchmark. We assessed the trade-offs between code
performance, correctness, and energy consumption of multiple optimization methods
across multiple families of LLMs. To help with our analysis, we introduced the Break-
Even Point (BEP) as a key metric to quantify the number of executions required for an
optimized program to outweigh the energy consumed when generating the optimization
itself.

Our results showed that, while most LLM-based optimization strategies were capable
of reducing the energy consumption of code, the energy savings they delivered did not
always offset their own energy costs. In some cases, the optimized code had to be
executed hundreds of thousands of times before the energy spent on the optimization
was compensated by the energy saved. For example, a large model like DeepSeek-R1-14B
combined with a powerful optimization method could reduce energy usage by up to
49% on average, but only became energetically beneficial after approximately 200,000
executions of the optimized programs. In contrast, smaller models like Qwen2.5-Coder-7B
achieved worthwhile savings with far fewer executions, making them more suitable for
lightly used code samples or one-off scripts. Notably, in some high-consumption scenarios,
we observed energy reductions from 318 J to just 2.6 J, which offset the optimization cost
in under 100 executions. Moreover, the optimization process often yielded incorrect or
less efficient code. On average, the code was correct only 62% of the time and only 76% of
the remaining correct code samples were more efficient than their “unoptimized” parent.
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Importantly, we identified a weak negative correlation between performance metrics
gains and actual energy savings, challenging assumptions that faster code automatically
equates to a smaller energy footprint.

These findings demonstrated that while LLM-based optimization can yield substantial
energy savings, its actual profitability is highly context-dependent and must be carefully
evaluated based on how frequently the optimized code is expected to run.

Taken together, these three contributions offer a comprehensive examination of the
trade-offs involved in using LLMs for code generation and optimization, with a specific
focus on their energy consumption. By empirically analyzing both the energy cost and
the energy-saving potential of code assistants and LLM-based optimization methods,
this thesis sheds light on a critical dimension of sustainable software engineering. The
results highlight that while LLMs can, in some cases, produce more efficient code or
accelerate development workflows, their benefits must be critically assessed in light
of their substantial resource requirements. This work demonstrates that there is no
straightforward sustainability gain from the use of LLMs: their environmental impact
is nuanced and strongly dependent on deployment conditions, usage patterns, and
application contexts. In an era where ICT’s environmental footprint continues to grow
and the urgency of climate action increases, understanding and quantifying these trade-
offs is essential. By addressing each facet of the main research question, this thesis
provides actionable insights for researchers, tool designers, and practitioners aiming to
align software development practices with planetary boundaries.

2.2.1 Digression on the rebound effect

Recent work by Luccioni et al. [67] has shed important light on a point that’s often
overlooked in discussions around AI and sustainability: efficiency gains do not always
translate into environmental benefits. In fact, they can sometimes make things worse.
This phenomenon is known as Jevons’ Paradox, and it plays a central role in what’s
called rebound effects. The idea is simple: when something becomes more efficient or
cheaper to use, people tend to use it more, sometimes a lot more, so much so that the
total resource use actually increases instead of decreasing.

In the case of AI, this means that even if we build models that are more efficient, or
data centers that use less energy per operation, we might still end up with a larger overall
footprint. Luccioni et al. describe three types of rebound effects that are particularly
relevant here: material, economic, and behavioral. Material rebound effects happen when
efficiency gains lead to more hardware being produced and deployed like more GPUs
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or larger data centers. Economic rebound effects emerge when AI becomes cheap and
convenient enough to integrate everywhere, driving up demand for AI-enabled services.
And behavioral rebound effects are about us, the users, how we tend to interact more
with AI systems when they are fast, available, and easy to use, sometimes in ways that
are not necessary or useful.

These insights have direct consequences for the findings in this thesis. Yes, LLMs can
generate code that runs faster and uses less energy. And yes, they can help developers
work more quickly. But these gains do not exist in a vacuum. For instance, we saw that
using Copilot triggers many suggestions that are never accepted, but still consume energy.
In the case of code optimization, we showed that while LLMs can reduce energy usage in
many cases, the benefit only becomes real if the optimized code runs often enough to
pay back the cost of generating it. Without some care, these tools could end up being
used indiscriminately: optimizing code that barely runs, or pushing suggestions for every
keystroke, ultimately wasting more energy than they save.

Another important rebound effect comes from the fact that LLMs make it easier and
faster to produce software. This might seem like a good thing, but it can also lead to
developers creating more features, more tools, and more systems than they otherwise
would. When the friction to build something drops, the volume of software tends to
rise. But every additional line of code has a lifecycle: it needs to be tested, deployed,
maintained, and executed, often repeatedly, sometimes indefinitely. So by speeding up
development, LLMs might end up increasing the overall amount of software running in
the world, which in turn means more servers, more energy, more data transfers, and
more emissions. This kind of rebound effect reinforces the idea that efficiency needs to
be paired with restraint and sobriety if we want to avoid turning short-term gains into
long-term environmental costs.

This brings us to a broader point: efficiency is not a substitute for sobriety. Rebound
effects remind us that solving environmental problems is not just about doing the same
things more efficiently, it is also about questioning whether we need to do all those
things in the first place. LLMs are powerful tools, but their environmental impact will
ultimately depend on how we choose to use them. If they enable developers to offload
cognitive effort without reflection, or to optimize low-impact scripts by default, their
efficiency may mask a broader pattern of excess. On the other hand, if they are used
carefully (triggered manually, aimed at meaningful bottlenecks, or deployed only where
the long-term payoff justifies the cost) they can be part of a more sober and sustainable
development process.
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The real challenge, then, is not just technical. It is about promoting a mindset of
moderation in a field that has historically been driven by speed, scale, and abstraction.
We need to resist the temptation to equate automation with improvement, and to
remember that in a world facing ecological limits, less can often be better. Rebound
effects are not inevitable, but avoiding them requires intention. It requires design choices
that encourage responsible usage, and social norms that value sufficiency over-abundance.
If we want LLMs to contribute to a sustainable digital future, we must learn not only
how to use them well, but when not to use them at all.

2.3 Structure of this thesis

In this section, I describe the structure of the rest of this thesis. The second chapter of
this thesis pertains to the state of the art. Third, fourth and fifth chapters present the
contributions of this thesis, and the sixth and last chapter concludes this thesis while
providing perspectives on the contributions. The chapters are as follows:

Chapter 3 - State of the art. This chapter aims at providing the reader with an
overview of the domain of LLM code generation, LLM-based optimization as well as the
sustainability of LLMs in general. This chapter helps define the various concepts and
terminology that will be used in the later chapters of this thesis.

Chapter 4 - A Performance Study of LLM-Generated Code on Leetcode.
In this chapter, I present a study on the performance of LLM-generated code where 18
LLMs have been evaluated on problems extracted from Leetcode. Notably, this study
shows that the code generated by LLM is not always efficient and that using Leetcode as
a benchmark presents important risks.

Chapter 5 - Green My LLM: Studying the Key Factors Affecting the
Energy Consumption of Code Assistants. This chapter revolves around a study on
the energy consumption of code assistants like GitHub Copilot. The study estimates
how much energy is used when a developer uses GitHub Copilotand highlights some
energy inefficiencies of GitHub Copilot.

Chapter 6 - When Faster Isn’t Greener: the Hidden Costs of LLM-Based
Code Optimization. In this chapter, I present my latest study which is about the
potential energy gains of optimizing code with LLMs and the costs of the LLM-based
optimization process. The results highlight that while LLMs are able to optimize the
code efficiency a majority of the time, most of the optimized programs would need to be
executed thousands of time in order to turn an energy profit.
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Chapter 7 - Conclusion and Perspectives. With this last chapter, I conclude the
work presented in this thesis, summarize my contributions and discuss its implications
and limitations. I also present research ideas and future directions as short-term and
long-term perspectives.

2.4 Publications
During the development of the contributions presented in this thesis, I co-wrote three
research papers. The first of the three papers got accepted in an international conference,
whereas the other two are still under review by a journal and conference. These papers
are as follows:

1. Tristan Coignion, Clément Quinton, Romain Rouvoy. A Performance Study of
LLM-Generated Code on Leetcode.. In Proceedings of the 28th International
Conference on Evaluation and Assessment in Software Engineering (pp. 79-89)
(EASE). June 2024. https://doi.org/10.1145/3661167.3661221.

2. Tristan Coignion, Clément Quinton, Romain Rouvoy. Green My LLM: Studying
the Key Factors Affecting the Energy Consumption of Code Assistants. Submitted
at the Journal of Systems and Software (JSS). Under major revision.

3. Tristan Coignion, Clément Quinton, Romain Rouvoy. When Faster Isn’t Greener:
the Hidden Costs of LLM-Based Code Optimization. In Proceedings of the 40th
IEEE/ACM International Conference on Automated Software Engineering (ASE).
November 2025

https://doi.org/10.1145/3661167.3661221




Chapter 3

State of the art

In this chapter, I review the growing body of literature that investigates the intersection
of LLMs and software engineering, with a specific focus on their applications in code
generation, code optimization, and software sustainability. I begin by examining how
LLMs are evaluated for their ability to generate syntactically and functionally correct
code, before transitioning to studies concerned with the performance and efficiency of
LLM-generated solutions. Following this, I detail approaches that leverage LLMs for
improving the quality of both auto-generated and human-written code, and conclude by
reviewing recent research on the environmental impact of both LLM-generated software
and LLM inference processes themselves.

3.1 LLMs for code generation

LLMs’ code generation capabilities have been extensively investigated in academic
literature. Most of the time, their capacity to generate code is tested using code
evaluation datasets and programming contest datasets. Code evaluation datasets such
as HumanEval [20] and MBPP [10] usually contain functions signatures and their
documentation (which both act as the prompt for the LLM) as well as relevant unit tests.
HumanEval’s goal is to measure the functional correctness of programs synthesized from
docstrings. It consists of 164 original Python programming problems that assess language
comprehension, algorithm writing and simple mathematics. MBPP is a similar dataset,
that contains around 1,000 crowd-sourced Python programming problems, designed
to be solvable by entry level programmers. On such datasets, the correctness of the
LLM-generated solutions is measured by pass@k, which is the probability of getting at
least one valid generation (i.e., which passes all tests) out of k generations.
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While HumanEval and MBPP come bundled with unit tests, it has been shown that
such tests are too few in numbers, use relatively simple inputs and outputs and do not
fully explore the functionality of the code or corner cases. As such, some generations from
LLMs may pass the dataset’s tests and appear correct when there are in fact incorrect. To
solve this problem, Liu et al. [63] proposed EvalPlus, a method to synthesize large amounts
of new test inputs using LLM-based and mutation-based input generators. EvalPlus
allowed them to extend HumanEval by building HumanEval+ with 81x additionally
generated tests. They found out that when using HumanEval+, the measured correctness
of the LLMs dropped by 15.1%. Additionally, thanks to their more exhaustive tests,
some ground truth solutions from HumanEval were found to be in fact incorrect.

Later on, Qiu et al. [87] used expert-written test generators on HumanEval and found
that incorrect ground truth solutions were still present in HumanEval+. Moreover, they
also observed that many of the solutions in both the original and augmented HumanEval
were inefficient and could be improved.

Apart from the traditional LLM evaluation datasets, competitive programming
websites are also often used in programming LLM evaluations. Their abundance of
problems, their multiple programming languages support, automated judge system as
well as their database of user-submitted solutions make them a very good fit for easily
evaluating LLMs. They usually contain natural language descriptions of algorithmic
problems (e.g., sorting, data structures problems, etc.) as well as the signature. One
prominent competitive programming dataset built for ML is CodeNet [86], a large
collection of code samples used for training LLMs. However, among the programming
contest websites, Leetcode is the one that appears the most across literature [24, 76, 97,
83, 45, 100, 29].

However, most LLM evaluation datasets are susceptible to data contamination.
That is, the data on which LLMs are evaluated may also be present in their training
data, which would lead to the model performing better than usual on the leaked test
data [72, 27]. For instance, it has been shown multiple times that some LLMs such as
ChatGPT might have been contaminated by HumanEval’s data [31] or may have been
overfitted specifically on HumanEval [51]. To prevent this from happening, model makers
specifically filter out popular evaluation datasets like HumanEval and MBPP from their
training data (competitive programming datasets however are not filtered out). However,
slight lexicographic changes in the function signatures or documentation can bypass
this filtering while still significantly contaminating the model, which might explain the
apparent contamination of ChatGPT by HumanEval [89].
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While many studies have explored the potential data contamination of HumanEval or
other code datasets, the data contamination of Leetcode and the rest of the competitive
programming websites remain, as far as I know, underexplored in academic literature.
The potentiality of data contamination of Leetcode is especially important since Leetcode
is used in many LLM evaluations papers all the while many instances of user-submitted
solutions to their problems exist on GitHub, a major source of training data for the LLMs.
I explore in my first contribution (in chapter 4) the data contamination of multiple LLMs
on Leetcode problems.

However, recently, Jain et al. [51] created LiveCodeBench–a Leetcode-based compre-
hensive and contamination-free benchmark for LLMs. To avoid data contamination, it
continuously collects new coding problems from platforms like Leetcode, AtCoder, and
Codeforces.

To improve LLMs code generation capabilities, researchers have built bigger and
better models, with higher quality training datasets [47, 57, 65]. If training a new model
from scratch is too costly, another option to improve quality is to fine-tune the models
with specialized or high-quality code [65, 103]. However, there also exists methods to
improve LLMs without needing to retrain or fine-tune them. Many of these techniques
are categorized as prompt engineering techniques, that is, techniques which modify the
prompt given to the LLMs in order to produce better results. These techniques can
be as simple like asking the model to “Think step-by-step.” (Chain-Of-Thought) [106]
and showing the LLMs examples of task and their solutions in the prompt (Few-Shot
Prompting). Prompt engineering techniques are often paired with iterative refinement
strategies, that is, repeatedly refining the output of an LLM using feedback [71].

Iterative refinement offers great promises in terms of enhancing the capabilities of
LLMs without needing retraining. For instance, it can increase the rate of correct code
production and increase the trust in the LLM’s output. For example using the LLM to
give feedback to itself using the Self-Refine method improves the average task performance
by 20% [71]. Using a more complex methodology, Reflexion [93] manages to achieve a
91% accuracy on HumanEval surpassing GPT-4 that achieves 80%.

3.2 Evolving algorithms using LLMs

LLMs have also been used as operators in evolutionary algorithms, more specifically,
genetic programming. Notably, Taherkhani et al. [96] present Evolutionary Prompt
Engineering for Code (EPiC) which uses an LLM to mutate a prompt to produce better
results. The LLM mutates the prompt of a HumanEval or MBPP task, which then helps
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a second LLM to generate a better program. Their method is able to attain slightly better
results than the others tested methods on HumanEval and MBPP with GPT-4o while
minimizing the amount of LLM-ressources used when compared to other evolutionary
methods. Similarly, Chen et al. [19] used an LLM to evolutionarily improve a neural
architecture search prompt.

The Self-Taught Optimizer (STOP), presented by Zelikman et al. [114] uses an LLM
as a meta-optimizer to find the best way to improve its code generation. The strategies
used by the LLM to improve on itself included genetic algorithms, decomposing and
improving parts, multi-armed prompt bandit, varying temperature, simulated-annealing
based search and beam search.

Lastly, in Evolution of Heuristics by Liu et al. [62], the LLM does not evolve code
directly, but evolves heuristics: ideas describing how the algorithm works, which are then
translated into code. The authors evaluate their method on optimization problems such
as the traveling salesman problem and find that their method surpasses other evolutionary
methods for this application.

While LLMs show great promises as mutators in evolutionary algorithms, to my
knowledge, their potential as mutators has not yet been applied to optimizing the
efficiency of everyday code such as with the tasks of the HumanEval and MBPP datasets.
In my third contribution in chapter 6, I use Evolution of Heuristics to improve code
efficiency.

3.3 LLMs for code optimization

Code optimization is the act of improving certain qualities of a program other than its
correctness. A growing body of research focuses on producing and improving LLM-based
code optimization methods. Many of these methods leverage iterative refinement and
prompt engineering to optimize code and improve its runtime performance or energy
efficiency. Parallel to this, there has been a lot of efforts towards measuring the efficiency
of the code generated by LLMs. In this section, I present the benchmarks that were
created to measure the efficiency of LLM-generated code. Next, I will explain the results
from the literature on the efficiency of LLM-generated code as well as on the optimization
capabilities of LLMs.
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3.3.1 Benchmarks to measure the efficiency of LLM-generated
code

As the need for efficient code generation grows, a number of recent works have devel-
oped specialized benchmarks to evaluate not only the correctness, but also the runtime,
memory, and energy efficiency of code produced by LLMs. Traditional benchmarks such
as HumanEval and MBPP primarily focus on functional correctness, often using small
or non-representative inputs. In contrast, the benchmarks discussed in this subsection
are specifically designed to stress test the generated code, assess its performance charac-
teristics, and measure its alignment with expert-crafted or canonical implementations.
These benchmarks vary in scope, methodology, and evaluation metrics, offering a diverse
landscape for the systematic assessment of LLM-generated code efficiency.

COFFE. Peng et al. [82] proposed COFFE, a code generation benchmark for eval-
uating the time efficiency of LLM-generated solutions. COFFE contains 398 and 358
problems for function-level and file-level code generation respectively. Namely, they
proposed a new metric, named efficient@k that considers both correctness and time
efficiency based on CPU instruction count measurements. Along with their benchmark,
the authors developed a stressful test generator, STGen, which uses an LLM across a
multi-step process to create generators of large test inputs while verifying that the test
cases are correct.

EffiBench. EffiBench [45] is a benchmark with 1,000 coding problems from Leetcode.
As Leetcode does not make its performance-stressing tests public, the authors of EffiBench
created their own test case generator using LLMs. To measure the efficiency of the code,
EffiBench uses the normalized execution time and memory usage of the solutions on
their generated tests. Some caveats of this benchmark is that it uses Leetcode without
any effort to avoid the effects of the data contamination of Leetcode, which may bias its
results. Moreover, the authors created test cases generators using LLMs, but they do not
verify the validity of the generated test cases.

ENAMEL. ENAMEL is also a benchmark for evaluating the efficiency of LLM-
generated code [87]. It is based on a modified version of HumanEval. Namely, the authors
removed the problems with a time complexity of Θ(1), and used expert-written test case
generators to generate the inputs. They proposed a novel efficiency metric called eff@k
which generalizes the pass@k metric from correctness to efficiency. One novel feature of
ENAMEL is its handling of right-censored execution time and its ability to precisely
characterize the efficiency of programs under different sample sizes.

Mercury. Mercury [32] is a code efficiency benchmark comprising 1,889 Python
tasks extracted from Leetcode problems. They created test cases generators which
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they validated using Leetcode’s Online Judge system. Moreover, the authors introduce
Beyond, a novel metric which computes a runtime-percentile-weighted Pass score to reflect
functional correctness and code efficiency simultaneously. Akin to EffiBench, the authors
did not try to mitigate the important data contamination of Leetcode.

ECCO. ECCO is a benchmark built by Waghjale et al. [103] that aims to evaluate
the efficiency of LLM-generated programs. It can evaluate programs generated from
Natural Language (NL) descriptions of tasks or from history-based code editing. ECCO
is based on the CodeNet dataset [86]. It uses CodeNet’s test cases as well as the test
cases generated by the AlphaCode project [59].

EvalPerf. The authors of EvalPlus and HumanEval+ devised Differential Perfor-
mance Evaluation (DPE), a framework to evaluate LLMs for efficient code generation [64].
DPE curates efficiency datasets by selecting efficiency-demanding tasks from existing
benchmarks (HumanEval+ and MBPP+ in their case) and then generates performance-
exercising tests for those datasets. Then, to evaluate the efficiency of a program, DPE
profiles and compares it against a set of reference solutions that are clustered together
by efficiency level. Their metric, DPS, ensures that comparisons on a given problem are
based on how fast a solution is compared to the other existing solutions for this problem,
which greatly facilitates unbiased comparison across problems of different complexities.
Efficiency here is measured based on CPU instructions rather than execution time which
improves the reliability of the measures. Using DPE, the authors created the EvalPerf
benchmark from HumanEval+ and MBPP+. It contains 118 peformance-exercising tasks
in Python.

We summarize the benchmarks presented in this chapter in Table 3.1. When realizing
the contribution presented in chapter 6, we used EvalPerf as our dataset because of its
extensive performance-stressing tests cases and its near absence of data contamination–
especially when compared to Leetcode-based datasets. While ENAMEL, and ECCO
were also valid choices, we ultimately decided to use EvalPerf thanks to its ease of use, its
robust measuring process and adaptability (we had to use the benchmark with a variety
of code optimization methods).

These benchmarks provide the tools needed to assess LLM-generated code beyond
correctness, enabling systematic evaluation of runtime, memory, and other efficiency
aspects. The following section builds on these resources to examine how LLMs perform
in the absence of explicit optimization.
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Benchmark Based On Goal Metrics Used
HumanEval [20] Manually written problems Evaluate functional correct-

ness of Python code
pass@k

MBPP [10] Crowd-sourced Python prob-
lems

Test beginner-level code gen-
eration

pass@k

HumanEval+ [63] HumanEval with extended
tests

Robust correctness evalua-
tion

pass@k

EvalPerf [64] HumanEval+ and MBPP+ Compare runtime efficiency
using reference clustering

DPS (CPU
instruction com-
parison)

ENAMEL [87] Modified HumanEval Fine-grained efficiency eval-
uation with censoring

eff@k

COFFE [82] HumanEval, MBPP, Code-
Contests and APPS

Joint correctness and effi-
ciency (CPU instructions)

efficient@k

EffiBench [45] Leetcode Runtime and memory profil-
ing

Normalized run-
time and mem-
ory usage

Mercury [32] Leetcode Combined correctness and
efficiency benchmarking

Beyond
(runtime-
weighted
pass@k)

ECCO [103] CodeNet + AlphaCode tests NL-to-code and code editing
evaluation

Execution time

LiveCodeBench [51] Recent Leetcode problems
(Leetcode, AtCoder, Code-
forces)

Contamination-free correct-
ness evaluation

pass@k, etc.

CodeNet [86] Aizu & AtCoderP Large-scale dataset for train-
ing and evaluation

Pass/fail via
judge systems

Table 3.1: Summary of existing benchmarks for LLM-generated code evaluation

3.3.2 Efficiency of LLM-generated code without optimization

While LLMs have demonstrated impressive capabilities in generating functionally correct
code, a growing body of empirical studies highlights their consistent shortcomings in
producing efficient implementations when no explicit optimization strategies are employed.
Across a wide range of benchmarks and evaluation settings, LLM-generated code is
observed to be systematically less performant than human-written counterparts in terms
of execution time, memory usage, and energy consumption.

Several benchmarks, including COFFE, EffiBench, ENAMEL, and Mercury, converge
on the observation that state-of-the-art models such as GPT-4 generate code that is
significantly more computationally expensive than canonical human solutions [82, 45,
32, 87]. For example, code generated by GPT-4 may exhibit, on average, over three
times the execution time of human-written solutions, with extreme cases reaching up
to thirteen times slower execution and forty times higher memory consumption [45].
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These results demonstrate that correctness alone is not a reliable indicator of runtime
performance. Indeed, even when models achieve high functional correctness (e.g., pass@1
scores exceeding 80%), their efficiency (e.g., eff@1) remains markedly lower.

Importantly, increasing model size does not appear to mitigate these efficiency deficits.
Larger models tend to improve correctness, but not efficiency [82]. This suggests that
the number of parameters alone is insufficient for giving models the ability to reason
effectively about performance, algorithmic complexity, or low-level implementation details.
Moreover, performance degradation becomes even more pronounced when LLMs are
tasked with generating larger code units, such as file-level or multi-function programs,
compared to isolated function-level snippets [82]. This indicates limitations in the models’
ability to manage performance trade-offs over extended, context-rich code.

The root causes of these inefficiencies are both algorithmic and syntactic. Anal-
yses of generated code reveal recurring antipatterns, including the use of suboptimal
algorithms, inefficient function calls, poorly structured loops, and underutilization of
language-specific performance features [58]. These shortcomings reflect the models’ lim-
ited awareness of performance-sensitive design principles and highlight a gap between
generating semantically correct and computationally efficient code.

Finally, it is worth noting that in rare cases where LLMs produce efficient solutions,
these are often attributable to memorization of known problems and widespread answers,
rather than genuine algorithmic reasoning [97]. Such cases, while potentially beneficial
in narrow contexts, do not generalize to novel or complex programming tasks, further
emphasizing the models’ lack of robust performance-aware generalization.

Taken together, these findings establish a clear baseline: without targeted optimization
strategies, LLM-generated code is reliably correct but computationally inefficient. This
finding is further explored in chapter 4. In the next section, I present solutions to this
issue with the various LLM-powered methods that are used to improve the efficiency of
code.

3.3.3 Improving the efficiency of LLM-generated and human-
written code with LLMs

Recent advances have demonstrated a broad spectrum of techniques for enhancing the
efficiency of both LLM-generated and human-written code using large language models.
These techniques can be categorized based on whether they are applied during code
generation, to already existing code, or in a hybrid manner across both stages. The
underlying strategies span from lightweight prompt-based interventions to full-fledged
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model fine-tuning guided by execution feedback or historical data. I present a summary
of these methods in Table 3.2

A first family of methods focuses on prompt-based optimizations, where efficiency
is sought directly through how the model is queried. In-context learning allows the
LLM to observe examples of efficient code transformations and imitate such patterns in
new generations [103]. Similarly, Chain-Of-Thought prompting structures the model’s
reasoning process, leading to more deliberate and optimized code outputs. General
prompt engineering, particularly when guided by observed inefficiencies in the code, has
also been found to improve runtime and memory performance [103]. In some cases, simply
requesting energy-efficient or optimized code, as tested in environments like Matlab or
Leetcode, can lead to measurable gains, although results remain inconsistent [88, 97].

Going beyond prompt design, iterative refinement methods introduce feedback loops
into the generation process. These approaches typically rely on either natural language
critiques or execution-based feedback such as test outcomes, runtime measurements,
or overhead resource usage profiles. Tools like PerfCodeGen [81] and EffiLearner [44]
employ this strategy, using runtime signals to revise and improve the initially generated
code across multiple iterations. Execution information plays a crucial role here, acting
as a grounding signal that helps LLMs balance functional correctness with performance
improvements.

A growing body of work explores retrieval-augmented approaches, where external
sources of performance knowledge are leveraged to guide LLM behavior. For instance,
RAPGen [40] retrieves prompt instructions from a curated knowledge base of prior
performance bug fixes to guide the generation of fixes for similar inefficiencies in new
code. More advanced systems integrate retrieval into the optimization process through
search-based frameworks, combining LLM generation with evolutionary algorithms or
heuristic search. These systems, such as SBLLM [38], not only evaluate and select
candidate solutions based on execution metrics but also integrate optimization patterns
and chain-of-thought prompting to iteratively improve them.

When it comes to optimizing already existing human-written code, LLMs benefit
significantly from exposure to datasets that record performance-focused edits. Fine-
tuning on such data, such as the PIE dataset of performance-improving edits [94],
allows the model to learn patterns of transformation that developers apply to improve
efficiency. Complementary strategies include fine-tuning on execution traces or refactoring
logs, thereby enabling models to capture the relationship between code changes and
performance outcomes [44]. Some systems also leverage dictionaries of antipatterns,
mined from large-scale code repositories, to identify and repair inefficient constructs at
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scale. For example, ECO [61] applies this approach to billions of lines of production
code in Google’s monorepo, achieving massive performance savings with high correctness
guarantees.

Finally, recent frameworks have proposed integrated generation pipelines that explic-
itly separate the logical design of algorithms from their implementation. LLM4EFFI [112]
exemplifies this paradigm by first generating multiple algorithmic strategies, optimizing
their theoretical performance, and only then implementing and refining them to ensure
correctness. This two-stage approach mirrors how expert developers approach efficiency,
enabling the model to achieve state-of-the-art performance across multiple efficiency
benchmarks. Similarly, SwiftCoder [46] focuses on fine-tuning models using only correct
and efficient code examples, and selecting the most performant variant from multiple
candidates based on local execution profiling.

While these methods demonstrate the potential of LLMs to produce more efficient
code, the question remains: at what (energetic) cost? My third contribution addresses
this issue in chapter 6, quantifying when LLM-based optimization is actually worth it. In
this contribution, we evaluated some of these optimization methods (LLM4EFFI, ECCO
and other prompt-based methods) on their capacity to reduce the energy consumption of
code, while also measuring their own energy cost.

Overall, improving code efficiency with LLMs requires a multi-faceted toolkit. While
prompt engineering provides accessible and sometimes effective baselines, substantial and
reliable efficiency gains increasingly depend on execution-informed iteration, retrieval of
optimization knowledge, and model fine-tuning grounded in empirical performance data.
As these methods mature, they offer the potential not only to generate optimized code
from scratch, but also to scale optimization practices across vast, real-world software
repositories. LLM-based optimization may help to build more sustainable software. In
the next section, I will present the complicated relationship between sustainability and
LLMs.

3.4 Sustainable software and LLMs

The growing use of LLMs in software development and digital services has raised important
questions regarding their environmental impact. Recent research has approached this
issue from two complementary angles: the sustainability of the code produced by LLMs
and the resource consumption of LLMs themselves during training and inference. This
section surveys both lines of inquiry to provide a broader understanding of how LLMs
intersect with software sustainability.
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Method / Concept Application
Type

Broad
Category

LLM Depen-
dency Type

In-context learning [103] Both Prompt-based Prompting
Chain-of-thought prompting [97] Both Prompt-based Prompting
Prompt engineering based on inefficien-
cies [58]

Both Prompt-based Prompting

Simply asking for efficient code [88, 99,
97]

New code Prompt-based Prompting

Iterative refinement with execution or
NL feedback [103, 81, 44, 80, 71]

Both Iterative refine-
ment

Prompting

Retrieval-Augmented Generation [40] Existing code Retrieval-based Prompting
Search-based LLMs + evolutionary
methods [38]

Both Search-based Prompting

Dictionary of anti-patterns + fine-tuned
LLM [61]

Existing code Pattern mining +
fine-tuning

Fine-tuning

Algorithm exploration before implemen-
tation [112]

New code Multi-stage gen-
eration

Prompting

Fine-tuning on execution and edit his-
tory [103]

Existing code Fine-tuning Fine-tuning

Fine-tuning on performance-improving
edits [94]

Existing code Fine-tuning Fine-tuning

Fine-tuning on correct and efficient code
only [46]

New code Fine-tuning Fine-tuning

Table 3.2: Summary of methods to improve code efficiency using LLMs.

Many studies have investigated the capacity of LLMs to produce less energy-intensive
code. Notably, Vartziotis et al. [99] evaluated the sustainability of auto-generated code
produced by GitHub Copilot, ChatGPT and CodeWhisperer on 6 of the most popular
Leetcode problems. Their experiment was run under two generation conditions: in the
first generation condition, they only asked the LLM to solve the problem, while in the
second condition, they asked it “Give me a runtime-optimized solution for this problem”.
The authors found that their LLMs produced a less environmentally conscious code
than the optimized human solutions taken from Leetcode. However, despite its novel
analysis method, this study presents one big caveat: the authors use only 6 problems
from Leetcode, which, as I previously said, are among the most popular problems. This
means that there may be a strong data contamination of the tested models by these
problems, consequently biasing the results of the experiment.

A study on CodeLLaMa led by Cursaru et al. [24] observed the energy efficiency of
LLM-generated code with respect to human-written source code on three well-known
programming problems each in C++, JavaScript and Python. They found that the
capacity of CodeLLaMa to generate green code was strongly mediated by the programming
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language and specific problem at hand, while human solutions were generally more efficient.
They also found that temperature seemed to have no effect on the efficiency of the code.

There is also a growing interest in examining the resource consumption of the LLMs
themselves. Luccioni, Jernite and Strubell [68] studied the cost of inference using 88
task-specific and general-purpose ML models (including LLMs) across 10 tasks and
30 datasets. The tasks covered many applications of ML such as image classification,
question answering or text-generation. They found, among other things, that generative
tasks cost more energy than discriminative tasks, and that similarly, generalist models
cost more energy than task-specific models for the same tasks.

Samsi et al. [91] were among the firsts to measure the inference energy usage of
LLMs, particularly LLaMa models of various sizes, on the Alpaca and GSM8K datasets.
They were able to measure the energy usage of the inference with different perspectives:
energy per second, energy token, energy per response. The authors also varied multiple
experimental parameters to study their effect such as the batch size, the number of
shards, the size of the model and the type of GPU used.

While most studies focus on measuring the energy consumption of the inference phase,
Berthelot et al. [14] used an LCA-based methodology to estimate the environmental
impact of training and hosting a Stable Diffusion model for a whole year. While Stable
Diffusion model is a latent diffusion model that generates images, i.e., not an LLM,
its characteristics are very similar to that of an LLM. The impacts studied were not
only the electricity usage, but also the greenhouse gases emissions as well as the abiotic
depletion for minerals and metals. Moreover, they not only studied the impact of the
service provider, but also the impacts of the network and user terminals which use the
service. The authors report that supporting one year of Stable Diffusion service can
generate as much as 360 tons of CO2 equivalent.

More recently, Jegham et al. [52] estimated the energy consumption, water usage, and
carbon emissions of 30 closed and open-source LLMs, including GPT-4o or DeepSeek-R1
as they would be deployed in commercial data centers. They found that reasoning models
such as DeepSeek-R1 were among the most energy-intensive models, consuming over
33Wh per long prompt while a single short GPT-4o query consumes 0.43Wh. The authors
illustrated that although AI is becoming cheaper and faster, its total environmental
impact keeps increasing.

Taken together, these studies reveal the multifaceted and still poorly understood
environmental footprint of large language models. While some efforts have begun to
evaluate the sustainability of LLM-generated code or the energy costs of inference, much
of this work remains fragmented–either limited to small-scale examples, or disconnected
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from real-world developer practices. Moreover, only few studies address the embodied
impacts of integrating LLMs directly into everyday software development workflows.

This is precisely the gap addressed by our second contribution (in chapter 5), which
focuses on the energy consumption of LLM-powered code assistants as they are used in
realistic developer scenarios. By measuring how different usage patterns and configura-
tions influence energy consumption at inference time, our study seeks to provide insight
into the actual sustainability of using code assistants in software engineering.

3.5 Conclusion
This growing body of work confirms that while LLMs are increasingly integrated into
software development pipelines, their implications for software performance and sus-
tainability remain only partially understood. Many studies evaluate code correctness
or speed, but few explicitly measure energy consumption. Others explore LLM-driven
optimization, but without considering the cost of the optimization itself. Additionally,
the broader environmental impacts of LLM-based tooling–especially rebound effects, such
as increased tool usage–are rarely quantified. These gaps motivate the three contributions
of this thesis: (i) a performance-focused comparison of LLM-generated code, (ii) a study
of the energy consumption of code assistants, and (iii) an analysis of the energy trade-offs
of LLM-based code optimization.





Chapter 4

A performance study of
LLM-generated code on leetcode

Chapter summary. This first contribution focuses on how efficient the code generated
by LLMs really is, especially when they’re just asked to produce working solutions
to algorithmic problems. We tested 18 different models on a wide set of Leetcode
tasks, and compared their output to human-written code. Our findings show that most
LLMs produce code with similar performance, regardless of their size or training data.
Interestingly, they often generate code that runs faster than human solutions–though
higher generation temperatures tend to lead to buggier or less efficient outputs. We
also point out that while Leetcode is a useful testbed, it has major issues with data
contamination and measure reliability, which could skew evaluation results if not handled
carefully. This study helps paint a clearer picture of how well LLMs perform out of the
box, and why it’s important to measure not just correctness, but also efficiency.

4.1 Introduction
Since LLMs have increased in popularity, they have been integrated in many developer
tools, like GitHub Copilot, a tool that generates code for the developers. There
has also been a significant amount of research dedicated to evaluate the LLMs and
their limits. Notably, many researchers have assessed various qualities of the code
generated by LLM, with a particular emphasis on code correctness [20, 10, 113, 42, 105]
or the presence of vulnerabilities in the code [79, 92, 83, 53]. Some studies delve deeper
into the assessment of the code correctness by observing the impact of changes in the
configuration (e.g., temperature parameter) or context of the generation (e.g., modifying
the prompt) [105, 29].
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However, to the best of my knowledge, when this contribution was first made, there
was no research work evaluating the performance of the code generated by LLMs on
normal code generation tasks. Yet, having code that runs faster is an often sought-after
characteristic of a program. As explained in chapter 2, in today’s context the energy
consumption of software systems has become a major concern. Thus, improving software
efficiency is particularly relevant since increasing the performance of a program can also
lead to energy consumption reduction [102, 7].

Yet, the process of code optimization is lengthy and intricate, requiring careful
attention and a certain level of expertise, especially when searching for the best-performing
algorithm, selecting the most appropriate data structure, or struggling with memory
hierarchy. However, this process is necessary to identify opportunities for improvement
that may result in minor reductions in execution time. LLMs can be used as a way to
make this process easier, e.g., by generating performance-improving code edits [70, 39, 21].
Garg et al. [40] presented RAPGen, a method for generating zero-shot prompts to
enhance performance. However, while users seem to put a lot of trust in code generated
by LLMs, they still have trouble reviewing it [98, 92], which can lead to slow code being
shipped in production, especially if a LLM generates inefficient code.

This is why in this contribution, we study the performance of LLM-generated code,
when the LLM is simply tasked to generate correct code. To that end, we will source
problems from Leetcode, a programming contest website which hosts a myriad of pro-
gramming problems. We describe in detail the reason for choosing Leetcode in section 4.2.
To guide our study, we come up with the following research questions:

RQ1: Can Leetcode be used as a reliable dataset and a benchmark platform for evaluating
LLMs? Leetcode can serve as both a dataset of problems and a tool to evaluate and
measure solutions to the problems. Particularly, we study if the dataset is subject
to data contamination and if the measures provided by Leetcode are reliable.

RQ2: Are there notable differences between the performance of the code generated by
different LLMs? LLMs differ greatly in terms of generating correct code, so we
want to know if they also differ in terms of generating efficient code.

RQ3: Is there an effect of the success rate and the temperature of the LLM on the code’s
performance? Having a higher temperature decreases the capacity of the LLMs to
generate valid code, so we aim to study if this also applies to the performance of
the code. In the same way, we also study if an LLM that is very good at generating
valid code on one problem, is going to generate efficient solutions to this problem.
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RQ4: How efficient are the solutions generated by the LLMs compared to human so-
lutions? Comparing the LLMs to a set of human-authored solutions can provide
insights into their position relative to humans in terms of code performance.

The key contributions presented in this chapter are as follows: (i) We study the
performance of the code generated by 18 LLMs on 204 problems and investigate per-
formance differences across models using a novel method for measuring and comparing
the performance of LLM-generated code. (ii) We compare the performance of the code
generated by LLMs to the code written by humans. (iii) Incidentally, we evaluate the
usability of Leetcode,1 a public repository of algorithmic problems that we use as a
dataset.

Main findings & implications. Our results show that LLMs produce code with
comparable performance, irrespective of the adopted model. Additionally, using a higher
temperature parameter let to more frequent inefficient and slow code. We also found that
LLMs are capable of generating that is, on average, more efficient than the code written
by humans. Lastly, we uncover strong risks associated with the use of Leetcode as a
dataset for LLM evaluation as there is important data contamination issues concerning
older problems.

From section 4.2 to section 4.4, we describe the tasks dataset and the models we
selected, outline our experiment setup, and explain the methodology we followed to
analyze the obtained results, respectively. We report in section 4.5 on the results of our
evaluation and provide a critical discussion in section 4.6. Finally, section 4.8 concludes
the chapter.

4.2 Dataset

In this section, we describe our dataset and explain our reasons for choosing it.
Task selection. The input tasks—i.e., problems specified by a prompt—we consider

to generate code from various LLMs has to meet the following requirements:

• A given problem, should offer multiple candidate solutions, whose generated code
performs differently. This ensures one can observe differences across the various
LLMs;

• Generated solutions should exhibit variable execution times. Given more complex
inputs, one should differentiate O(n) from O(2n) and O(n2) algorithms.

1https://leetcode.com/

https://leetcode.com/


32 A performance study of LLM-generated code on leetcode

As a result, task datasets, such as HumanEval or Mostly Basic Python Programming
(MBPP), which are classically used when evaluating LLMs for code assessments [20, 77,
4, 9], cannot be considered for our purpose. Indeed, while they do provide unit tests
to drive the generations, the size of the inputs in these unit tests remains small and
fails to scale to appreciate performance issues. Moreover, the solutions that need to be
generated are often very short, which would lead to fewer possible variations between
implementations. Also, the fact that many problems are not algorithmic by nature makes
them less prone to inefficient practices and performance variation. To face such issues, we
used input prompts that were built from Leetcode problems. Leetcode is an online judge
platform that suggests programming problems to registered users. It addresses the above
limitations as it provides algorithmic problems with varying levels of difficulty and test
cases with large input sizes. Leetcode also exposes a GraphQL API2 to fetch relevant
metadata on the problems, such as exercise instructions, code snippets containing the
signature of the function to generate, as well as the difficulty and topics of the problem.

We followed an experimental design similar to the one used by Döderlein et al. [29],
while using a different set of Leetcode questions. To avoid data contamination, which
happens when an LLM is tested on data it was trained on,3 we only considered problems
that were published after January 1st, 2023. As all the LLMs (except GitHub Copilot)
we evaluated were trained using datasets older than these problems, we avoid any
data contamination. As these problems are published by Leetcode in the context of
programming competitions, they are always original. However, GitHub Copilotbeing
an online closed-source tool, one cannot tell whether it underwent training with the
problem set we employed. Our set was composed of 204 problems—labeled as 56 easy
problems, 104 medium problems, and 44 hard problems, as classified by Leetcode upon
the problem’s publication.

To answer RQ1, we also performed our experiment a second time on the set of
questions used by Döderlein et al. [29], which is composed of 300 problems (95 easy, 105
medium, and 100 hard) from the most liked problems of Leetcode. We will refer to this
dataset as the “old” dataset, and to our dataset of problems published during 2023 as
the “new” dataset. Code generation was performed in Python for its ease of use and
because of the prevalence of Python-written datasets for evaluating LLMs [20, 10].

Input prompts. The instructions given by Leetcode for each programming problem
contain (i) the description of the problem, (ii) examples of inputs and outputs, and
(iii) constraints on the input data. To build the prompts inputted to the LLMs, we

2https://pypi.org/project/python-leetcode/
3You can find more details on data contamination here.

https://pypi.org/project/python-leetcode/
https://web.archive.org/web/20231020160612/https://bdtechtalks.com/2023/07/17/llm-data-contamination/
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chose to only include the description of the problem. This choice aimed to maintain the
prompt’s conciseness and ensure compliance with potential LLMs’ length restrictions.
Indeed, LLMs are constrained by a context size, imposing the maximum number of tokens
they can process at once, encompassing both the prompt and the answer. In our study,
the majority of LLMs impose a context window of 1024 tokens. Figure 4.1 illustrates
a descriptive prompt (enclosed within triple quotes) along with a solution generated
using this prompt and the corresponding benchmark instructions. Leetcode occasionally
includes an additional comment in the prompt, indicating the available methods of the
elements passed to the solution (e.g., binary trees). While adding examples in the prompt
could potentially increase the likelihood of generating correct solutions [29], we chose not
to include them due to the complexity of representing Leetcode’s data structures (such
as arrays, graphs, linked lists, trees, etc.) in textual form. On Leetcode’s website, data

# Start of the input prompt
"""
Given an integer array nums, return all the triplets `[nums[i], nums[j],nums[k]]`

such that `i != j`, `i != k`, and `j != k`, and `nums[i] + nums[j] + nums[k] ==
0`.

↪→

↪→

Notice that the solution set must not contain duplicate triplets.
"""
class Solution:

def threeSum(self, nums: List[int]) -> List[List[int]]:
# End of the input prompt

# Start of the generated code
nums.sort()
res = []
for i in range(len(nums) - 2):

...
# End of the generated code

# Start of the benchmarking code
def check():

Solution().threeSum([82597, -9243, 83030, ...])
Solution().threeSum([0, 0, 0, 0, ...])
Solution().threeSum([0, 0, -1, -1, ...])

import pytest
@pytest.mark.benchmark(group="3sum")
def test_3sum_generated_1(benchmark):

benchmark(check)
# End of the benchmarking code

Figure 4.1: Example of problem’s input prompt, generated code, and benchmarking code.
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structures are textually represented using an array notation format with brackets (e.g.,
“[1, 2, 3]”), which might be misleading for an LLM working with data structures that
differ from arrays or lists.

Canonical solutions. Each problem was matched with a single valid solution,
written by a human and fetched from various sources. These solutions, referred to
as “canonical solutions”, are considered as baselines during the benchmarking process,
although they may not represent the entirety of human-written solutions. They were
used to assess the stability of the measuring process. Most of the canonical solutions
were fetched from the WalkCC repository of Leetcode solutions.4 When one question did
not come up with any solution in Python from this repository, we selected one solution
proposed by the Leetcode community among the most upvoted ones (starting from the
one with the most upvotes), which are also publicly available on the Leetcode website.
These modifications only included changes to the function name, variable names, and
type hints except for one specific case, where a recursive solution provided by WalkCC
was replaced by an iterative one from the Leetcode community because of the stack limit
on our local setup. We ended up with one Python-based canonical solution for each
problem of our dataset.

Test cases. Testing generated solutions is a twofold process, as both the correctness
and scalability (performance) of each solution must be checked. First, to ensure that
generated solutions are correct, we provide such solutions to the Leetcode online judge
system, which in turn validates them based on its test suites. Second, we execute the
valid solutions with input data to assess their performance. To retrieve such input data,
we crawled through the problems’ instructions and extracted two to three examples of
inputs and expected outputs provided by Leetcode. However, such inputs were too small
to exhibit significant performance differences, e.g., arrays containing only two to five
elements. To execute the generated solutions with larger input data, we took advantage
of Leetcode’s judge system that returns the inputs and expected output of the first failed
test of a test suite. We noticed that Leetcode tests if the submitted solution is inefficient
by using a timeout system. Since all selected problems are algorithmic by nature, one
simple way to put a heavier load on their implementations is to increase the size of
the inputs. For every problem, we thus submitted a modified version of a canonical
solution that failed only when the size of the first parameter exceeded a certain threshold.
We then set this threshold manually multiple times for every problem to extract three
different inputs for each problem, resulting in more than 150 MB of fetched input data
with most inputs having over 105 elements.

4https://github.com/walkccc/LeetCode

https://github.com/walkccc/LeetCode
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LLM Model Model family Size RQ1
GitHub Copilot Codex 11 ✓
CodeGen-Mono 6B CodeGen 6 ✓
CodeGen-Mono 2B CodeGen 2 ✓
CodeGen-Mono 350M CodeGen 0.35 ✓
CodeGen2.5-7B-mono CodeGen2.5 7
CodeGen2.5-7B-instruct CodeGen2.5 7
CodeLlama-7B-instruct CodeLlama 7
CodeLlama-7B CodeLlama 7
CodeLlama-7B-python CodeLlama 7
CodeLlama-13B-instruct CodeLlama 13
CodeLlama-13B-python CodeLlama 13
replit-code-v1-3b replit-code 3
WizardCoder-pythin WizardCoder 7
SantaCoder Santacoder 1.1 ✓
StarCoder StarCoder 15.5
InCoder 6B Incoder 6 ✓
InCoder 1B Incoder 1 ✓
CodeParrot Codeparrot 1.5 ✓

Table 4.1: LLMs considered in our study. Models with the RQ1 checkmark were also
evaluated on the “old” dataset. Size is in billions of parameters

4.3 Experiment Setup

This section describes our experiment setup to generate and validate the solutions
produced by the LLMs. First, we describe the models we used as well as how solutions
were generated from each LLM. Then, we outline the three-step process used to filter
invalid solutions. Finally, we explain how the run time of the generated solutions was
measured.

4.3.1 LLMs Under Study

Our empirical study covers a total of 18 LLMs, specifically designed for coding purposes.
We selected the 18 popular code LLMs from Hugging Face,5 as well as GitHub Copilot,
which is an online closed-source code assistant. The LLMs were selected based on the
number of downloads and likes they exhibited. We chose GitHub Copilotto offer
a comparison between a commercial LLM and open-source LLMs, but did not choose
any other GPT models from OpenAI because of their cost. Table 4.1 summarizes all
the LLMs considered in this study. This includes variants of the same base LLM—i.e.,
models with varying sizes (in billions of parameters) or different training data, such as
variants of CodeGen, InCoder, and CodeT5. LLMs belonging to the same family
are models closely related in terms of training data and method. We first performed our
experiment in March 2023 with a subset of the models presented here, with the “old”

5https://huggingface.co

https://huggingface.co
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dataset. We then performed it a second time in September 2023 with all the models and
the “new” dataset.

4.3.2 Code Generation

We generated 10 solutions for each problem from our dataset by varying the temperature
of the LLMs used to generate them. Specifically, we considered 6 different temperatures
(0.1, 0.2, 0.4, 0.6, 0.8, and 1.0). As Copilot’s temperature cannot be configured,
we used its default temperature for generating all the problems.

Generating code with GitHub Copilot. Automatically generating with GitHub
Copilotfor a reproducible experiment proved to be a difficult task. Firstly, the code
suggestion feature of Copilot activates when typing in a text editor with the installed
Copilot plugin. Additionally, GitHub Copilotproduces code based on a context
that encompasses the current file and the files previously accessed by the user, impacting
the generated solutions. Lastly, we noticed a caching mechanism on the GitHub
Copilotserver side, which resulted in very similar or identical solutions if we generated
multiple solutions for a given problem in the same session. To address these issues, we
used a generation method similar to the one used by Döderlein et al. [29] by instrumenting
the GitHub CopilotNeovim plugin6 and restarting the plugin between every generation
to avoid the caching effect. This method allowed us to automatically generate solutions
in a quick and isolated fashion. On top of that, GitHub Copilotprovides 2 means of
generation: inline generations (the suggested code is integrated with the editor) and panel
generations (Copilot generates at most 10 completions and displays them on a panel
next to the editor). We chose to exclusively use inline generations, as panel generations
yielded worse results in terms of functional correctness than inline generations.

Generating code with open-source models. Regarding the open-source models,
we generated solutions by deploying the models on servers provided by the Grid5000
platform [12]. We used the Deepspeed library to make the generation process faster and
fit larger models on our GPUs. Concerning the sampling, we used the same methods
as Chen et al. [20] and used nucleus-sampling [43] with top p = 0.95. The maximum
number of tokens to be generated was set to 600. This is because the LLMs we used
have a limited context size of 1024 tokens (prompt included). Thus, to avoid exceeding
the context size, we had to limit the number of tokens to generate. We also verified it
did not significantly impact the functional validity of the LLMs.

6https://github.com/github/copilot.vim
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In total, we generated 2, 040 solutions with Copilot and 12, 240 with each of the
eight other models, resulting in 210, 120 generated solutions overall.

4.3.3 Validation

Each generated solution was tested to ensure its functional correctness following a three-
step process. At every step, if a solution was found to be invalid, it was excluded from
subsequent stages of the experiment. The process was as follows:

i) Local validation. We filtered out code generations that included easy-to-spot errors,
such as syntax errors or runtime errors, by using the small inputs we fetched earlier (see
section 4.2 - Test cases). While this step was not strictly necessary, it quickly reduced
the number of solutions to be validated in the next step;

ii) Leetcode validation. Next, we submitted the solutions to the Leetcode judge system
using the Leetcode GraphQL API, where they underwent a rigorous test suite managed
by Leetcode. We kept the solutions that passed all the test cases or exceeded Leetcode’s
allocated time limit. The latter was kept to ensure that correct solutions that were too
slow remained included in the benchmark;

iii) Exclusion of timeouts and other errors. Finally, we excluded the solutions that
reported errors when executed with our benchmarking setup using the large inputs fetched
beforehand. We invalidated the code generations that took more than 10 seconds to run
or raised an error. Most of the errors raised in this step were recursion errors caused by
differences between Leetcode’s Python interpreter and ours. Indeed, Leetcode’s seemed
to have a higher recursion limit than ours, which we set to 10, 000 instead of the default
1, 000 (we could not manage to set it any higher). Additional errors occurred because we
developed our helper classes differently from Leetcode’s implementation. Although these
classes are provided by Leetcode during the submission process, they are not publicly
available. Out of the 4, 930 invalidated solutions that were caught in this step, 4, 863
(98.6%) were due to timeouts, 20 (0.04%) to recursion errors, and 47 (0.1%) to other
errors. Following this validation process, the initial set of 210, 120 generated solutions
was pruned down to 7, 481 (3.6%) valid solutions remaining across the 18 LLMs.

4.3.4 Measuring run time

We measured the performance as the run time of the generated solutions using pytest-
benchmark,7 which runs pytest unit tests multiple times to obtain run times statistics.
The measurements were performed using parameters that ensured each solution ran at

7https://github.com/ionelmc/pytest-benchmark
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least 10 times and for at least 1 second in total. We did not perform warm-up runs of the
benchmarks, as we did not notice any significant difference in the measured time during
preliminary testing. To facilitate the measurement protocol, the generated solutions were
sorted into “runs”, based on the specific LLM and temperature that were used during
the code generation. Within each run, which was defined by a unique combination of
model and temperature, the solutions were measured in sequence during a single program
execution. Furthermore, in every run, we added the canonical solutions we previously
collected, which would run alongside the generated solutions. This approach ensured
that the same canonical solutions were executed in every run, allowing us to maintain
measurement stability. Specifically, we calculated the standard deviation of the canonical
solution run times across all runs, thus providing a reliable measure of the variability of
the measurement protocol. We observed that over 96% (196 out of 204) of the canonical
solutions had a standard deviation lower than 1/10th of their average run time, which we
deemed to be an acceptable level of variation.

The cluster we used to run the benchmark was the chiclet cluster of the Grid5000
testbed.8 It hosts 2 AMD EPYC 7301, with 16 cores per CPU and 128GB of memory.
When using the node, all the cores of both CPUs were reserved, but only one was used
at a time to maximize the stability of the measurement protocol.

4.3.5 Replication package

All the artifacts of this study, including our results, code, and datasets, are available in
the following public repository: https://zenodo.org/doi/10.5281/zenodo.7898304.

4.4 Data Analysis

In this section, we describe the methods we adopted to analyze our results. These
methods fall into one of the two following categories: functional correctness and code
performance.

4.4.1 Functional Correctness

The functional correctness of an LLM defines how much the LLM outputs code conforming
to the program contract (as specified by the input prompt). To evaluate the functional
correctness of our LLMs, we computed their pass@k metrics with k = 1 and k = 10, using

8http://grid5000.fr

https://zenodo.org/doi/10.5281/zenodo.7898304
http://grid5000.fr
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the unbiased estimator proposed by Chen et al. [20]. The pass@k unbiased estimator
which, from k samples produced, considers the test as successful if one of these samples
passes all the tests, is computed as follows (with n the total number of samples, c the
number of correct samples and E the expected value):

pass@k := E
P roblems

1 −

(
n−c

k

)
(

n
k

)
 (4.1)

As Chen et al. [20] suggest, we calculated the pass@k for each temperature when
evaluating an LLM’s functional correctness and considered the best one as the pass@k
for that LLM.

4.4.2 Code Performance

To measure the code performance, we considered three different metrics. First, we used
the memory usage reported by Leetcode. Then, we computed the median of the run times
measured by pytest-benchmark for every generated solution. Lastly, to compare the LLMs
solutions to human-submitted solutions, we also used the rank reported by Leetcode
when validating the solution. This rank is a number between 0 and 100 that indicates the
share of submitted solutions that are slower than the current solution (e.g., if a solution
has a rank of 90, it is faster than 90% of the submitted solutions on Leetcode).

To assess the LLMs’ performances, we conducted pairwise comparisons as follows:
For each pair of LLMs, we identified problems where both models generated more than
5 valid solutions. For each identified problem, we conducted a Student t-test on the
mean run time of the generations to determine if there was a significant difference. Then,
for each pair A-B of LLMs, we computed the ratio of problems where A’s code was
significantly faster than B’s and where B’s code was significantly faster than A’s.

4.5 Results

In this section, we summarize the key observations from our experiment and answer our
research questions. In Table 4.2, you can also find the functional validity results of the
different LLMs on both of our Leetcode datasets. Our results are also available in the
form of a companion notebook in our replication package. The companion notebook
offers more insight into the results and additional graphs.
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LLM Model Pass@1 Pass@10
StarCoder 0.095 0.132
CodeLlama-13B-python 0.093 0.201
GitHub Copilot 0.092 0.196
CodeLlama-7B-instruct 0.082 0.191
CodeLlama-13B-instruct 0.078 0.206
WizardCoder-python-7B 0.075 0.157
CodeGen2.5-7B-mono 0.066 0.147
CodeGen2.5-7B-instruct 0.062 0.142
CodeLlama-7B-python 0.047 0.172
CodeGen-6B-mono 0.045 0.113
CodeGen-2B-mono 0.038 0.103
replit-code-v1-3b 0.025 0.083
InCoder-6B 0.021 0.064
SantaCoder 0.015 0.064
CodeLlama-7B 0.014 0.015
InCoder-1B 0.012 0.039
CodeGen-350M-mono 0.007 0.039
CodeParrot 0.002 0.015

Table 4.2: Functional validity of the LLMs on Leetcode (by decreasing pass@1, higher is
better)

4.5.1 RQ1: Can Leetcode be used as a dataset and a benchmark
platform for evaluating LLMs?

4.5.1.1 Can Leetcode problems be adopted as a dataset for LLM generation?

As on can observe in Figure 4.2, the generated codes exhibit on a significant drop in
functional correctness between the two datasets. The difference here is pretty staggering
for every tested LLM, reporting on a tenfold decrease in pass@k. We believe this issue may
stem from data contamination in the old dataset. Data contamination occurs when an
LLM is assessed on data that was included in the training dataset, introducing bias into
the evaluation process. In our case, a significant number of questions in the old dataset
are widely known and have been extensively shared on GitHub. For instance, a search
for the prompt of the “3sum” Leetcode problem on GitHub yields approximately 4.000
matches in public repositories. These questions are also old enough to likely be included in
the training datasets of the LLMs under study, as the majority of their training datasets
have a cut-off date between 2021 and 2022. Due to this data contamination, LLMs tend
to recite, reproducing verbatim source code when generating solutions. This phenomenon
is more pronounced when the prompt is highly specific and lacks contextual information,
as seen in Leetcode prompts that closely match GitHub repositories. The observed shift
in functional validity between the two datasets could also arise from a genuine difference
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Figure 4.2: Average pass@1 of the evaluated LLMs for every difficulty and dataset, with
95% confidence interval (higher is better)

in the difficulty of the questions within each dataset. However, quantifying this last
hypothesis proves to be challenging.

4.5.1.2 Are Leetcode measurements reliable?

Run time. As reported in Figure 4.3, the coefficient of variation of the Leetcode
measures (0.089) is slightly higher than the coefficient of variation of the local measures
(0.035). This suggests that Leetcode’s measuring setup is less suited to ensure accurate
benchmarks.

We also study the correlation between our local measurements and Leetcode’s, and we
notice two issues: (1) the times measured locally and by Leetcode only slightly correlate
on average (0.28). For some problems, the measures are highly correlated (> 0.8) while,
for others, they are almost not (< 0.2). This is more apparent when we look at the
scatter plot showing the measures of some problems in Figure 4.4. In this problem, there
are four clusters of generations with a different locally measured time, but the clusters
are indiscernible in terms of Leetcode time. This could be due to two main reasons.
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Figure 4.3: Coefficicent of variation of the time measured by Leetcode and locally for
every problem using canonical solutions

Firstly, as previously discussed, the variance of the measures from Leetcode is higher and
as such, there is much more noise in the measures, decreasing the precision. Secondly,
the tests we employed may be more focused on performance testing than Leetcode’s.
Notably, our test suite comprises only three tests featuring significantly large inputs,
potentially accounting for certain disparities in the results.

Although still usable, relying on the time reported by Leetcode introduces some
limitations due to its higher variance. Consequently, Leetcode’s measures cannot allow us
to discern the differences in run time between different code implementations as precisely
as locally measured time.

Memory usage. While we did not measure the memory ourselves, we observed the
variation of the memory usage measure provided by Leetcode. We notice that the memory
usage for the same solutions decreases over time. There is indeed a slight correlation of
-0.24 between the day of the year we tested our solution and the memory usage. The
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Figure 4.4: Scatter plot of the measures done by Leetcode and locally for every generation
for the problem “Difference between element sum and digit sum of an array”. Orange
points are from multiple measures of the same canonical solution and serve as visual
references for the measurement error

fact that the memory usage measure evolves renders comparisons between LLMs harder.
While we could theoretically offset the memory usage when we detect changes over time,
it would require testing the canonical solutions alongside the generated one on Leetcode.

Leetcode rank. The time ranking that Leetcode returns when we test a solution
represents the share of submitted and valid solutions that are slower than ours. While
this could be a great tool to rank LLMs among human-submitted solutions, we find that
the ranking is heavily affected by our submissions and time. As you can see in Figure 4.5,
the overall rank of the LLMs we tested decreases over time. To verify this, we tested
GitHub Copilottwice, once as the first LLM, and a second time after testing all the
LLMs. The first test of Copilot has an overall rank of 77, and the second test ranks
down to 54, despite it being tested with the same solutions. This effect of the rank
evolving becomes obvious when you consider that the rank is determined using all the
previously accepted solutions, including ours. This means that by testing thousands of
our solutions on Leetcode, we are actively changing the ranks of future tests.
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Figure 4.5: Scatter plot of LLM’s rank and date they were tested on Leetcode. The two
models in red are the same model tested on different dates

RQ1: The evaluation of LLMs using Leetcode questions as a dataset presents some
challenges. Although Leetcode’s questions could serve as a valuable dataset akin
to HumanEval, limitations arise due to the constraint that only the problems
published after the LLM’s training dataset formation are usable for evaluating the
LLM in question. This creates potential difficulties in reproducibility, particularly
as new LLMs emerge, especially if they do not exclude Leetcode problems from
their training datasets [49]. Additionally, while Leetcode’s provided metrics, such
as run time, memory usage, and rank may offer practicality in various scenarios,
their usability and reliability are questioned when compared to more traditional
measurement methods. The presence of these challenges emphasizes the need for
careful consideration and scrutiny when adopting Leetcode to evaluate LLMs.
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4.5.2 RQ2: Are there notable differences in performances be-
tween LLMs?

The pairwise comparison depicted in Figure 4.6 reveals subtle distinctions in the perfor-
mances of various LLMs. Notably, some models, such as StarCoder and the CodeLlama
model with 13B parameters specialized in Python, consistently exhibit slightly superior
results compared to others. Despite these observed variations, the mean Cohen’s d effect
size measures a mere 0.024, a statistically insignificant magnitude. This suggests that the
practical impact of these differences on the mean speed of code generation is remarkably
small. For instance, when comparing CodeLLama-13-instruct and CodeGen25-7B-mono,
CodeLLama outperforms the latter in a statistically significant manner in 3 problems
out of 8. However, it is crucial to note that the mean performance difference between
these models is a mere 0.02 standard deviation. It thus seems that improving an LLM in
terms of functional validity does not significantly impact the performance of the code
it generates. This may be due to different factors, such as the fact that most LLMs
share the same datasets or that they are trained to produce valid code and not fast code.
Improving the performance of an LLM could be done by curating a training dataset
of only efficient code and fine-tuning one of the foundational models we used, or by
using reinforcement learning to “teach” the model to produce better code. Madaan et al.
produced an LLM that could improve the performance of code [70]. This LLM could be
leveraged in a generation pipeline to directly improve the generated code.

RQ2: Our analysis uncovers statistical differences in the performance of generated
code among different LLMs. However, the effect size, as measured by Cohen’s d, is so
negligible that it raises questions about the practical significance of these differences.
Despite some models consistently outperforming others, the overall impact on the
mean efficiency of LLM-generated code appears to be minimal.

4.5.3 RQ3: Is there an effect of the functional validity of the
LLM and its temperature on the generated code’s perfor-
mance?

Functional validity. When calculating for every problem the correlation between the
success rate of the LLM that generated the solution and the run time of the solution,
we find that there is only a very slight negative correlation (−0.08) between the success
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Figure 4.6: Number of problems where an LLM (row) is better than another (column)

rate and the performance. There is close to no correlation (−0.11) observed between the
success rate of the model and the variation in the performance of the generated code.

Temperature. There is no correlation (0.05) observed between the temperature
of the generations and the performance of the generated code. This means that the
temperature does not affect how fast the solutions are. However, we observe that
temperature is moderately correlated (0.41) with higher variations in performances. This
means that higher temperatures tend to increase the variation in performance across
generations. The complete distribution of the correlation for each of the 24 problems
can be seen in Figure 4.7. So, while increasing the temperature leads to a lower success
rate [29], it can help find a faster solution with an extended exploration of generations.
The fact that the temperature increases the variation in performances comforts the idea
that higher temperatures lead to more diverse outcomes.
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Figure 4.7: Distribution of correlations for every problem between the temperature and
the variation of the performance. The red line is the median

RQ3: Our analysis of LLMs indicates that the quality of generated code does
not have a substantial impact on its performance. However, we observed that
modifying temperature settings within an LLM significantly affects the diversity of
code performances produced. This implies that, while code validity may not be a
decisive factor in performance, adjusting temperature settings can be a valuable
strategy to enhance the variety of outcomes in code generation processes.

4.5.4 RQ4: How fast are LLMs compared to humans ?

As previously stated, the Leetcode time ranking evolves, so we chose to compare the
second model we tested on Leetcode with humans (Copilot being the first, it did
not have enough generations overall because of its lack of a temperature setting). The
results of this comparison are depicted in Figure 4.8. The comparison is done using the
Leetcode ranking, with the assumption that most of the previous submissions were made
by humans.
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We observe in Figure 4.8 that the solutions generated from LLMs are faster than
most previous submissions with a mean rank of 73%, and that it even generated some
solutions that were faster than 95% of the previous submissions.

RQ4: It seems that the LLMs are faster than most of the human solutions on
Leetcode, on average. If the LLM we tested were in an actual competition, his valid
solutions would be on average faster than 73% of the other solutions on Leetcode.

4.6 Discussion
In this section, we discuss the results reported in the previous section and their implica-
tions.

On the Leetcode measures and usability. The data contamination issue we
unveiled poses a significant challenge in the evaluation of LLMs, as it prevents an
accurate evaluation of their real performances. Because Leetcode’s problems are not
filtered from the training datasets, as research on LLMs continues, even the newer
problems might contaminate future training datasets, thus rendering reproduction of
our study harder [49]. This conclusion also holds for any study using Leetcode as an
evaluation dataset, such as [16, 29, 76]. However, we believe that the methodologies
employed and the conclusions drawn would likely hold validity with alternative sets of
questions from Leetcode or other performance-oriented datasets. This suggests that
future studies seeking to replicate our findings would primarily need to change the dataset
employed for assessing LLMs. Addressing the data contamination concern could involve
leveraging pre-filtered evaluation datasets, such as HumanEval, already separated from
the training processes, and repurposing them into performance evaluation datasets.

On functional correctness. The ranking of the functional correctness of the LLMs
is consistent with the previous evaluations of the LLMs on HumanEval [20, 4, 77, 9, 57,
69, 90]. However, it seems that InCoder performs worse than presented in its introductory
paper [37], which may be due to our experimental protocol—using it only for left-to-right
generation instead of infilling like it was built for.

We observe that Leetcode’s problems seem harder for the LLMs to solve than
HumanEval’s problems. Indeed, StarCoder, the model that performed the best with a
pass@1 of 0.09, had a pass@1 of 0.408 on HumanEval [57]. We believe this is due to
multiple factors. First, our Leetcode prompts and expected solutions are longer than in
HumanEval (the average length of solution in HumanEval is 180 characters vs 425
characters in our dataset), thus increasing the chance of a generation to fail. Indeed,
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Figure 4.8: Distribution of the ranking for the CodeGen-6B-mono model

having to generate more code can lead to a higher chance of making a mistake, as
shown by a correlation of −0.30 between the solution’s length and the success rate of
the problem. Second, Leetcode problems come from programming competitions and
need a lot of thinking to be solved. The causal generation of the LLMs does not allow
a “thinking” process to happen, which for harder problems causes a drop in functional
validity. This could be solved by making the LLMs mimic human thinking with methods,
such as Chain-of-Thought prompting [106].

On the performance of generated code. To the best of our knowledge, our
methodology for evaluating LLMs based on the performance of generated code is novel
and could serve as a benchmarking approach for future studies involving new LLMs and
datasets. While we aimed for a singular performance score for LLMs, similar to pass@k,
the varying rates at which LLMs generate valid solutions posed a challenge, leading us
to employ pairwise comparisons. An improvement to our method could involve using
an optimal solution as a reference point and comparing the speed of each generated
solution to the optimal solution’s speed. Speed would thus be expressed as a factor
relative to the optimal time, addressing the issue of problems having different time scales
and potentially laying the groundwork for a more comprehensive “performance score”.



50 A performance study of LLM-generated code on leetcode

The low success rate of LLMs on Leetcode posed a considerable challenge for their
comparison. Among the 204 problems, only 24 had (i) valid solutions from at least
10 different models (out of the 18 assessed LLMs) and (ii) at least 10 valid solutions
in total (see to the companion notebook). This low success rate complicated pairwise
comparisons, as numerous models could not be compared due to an insufficient number
of common problems with a substantial number of generated solutions.

Our discoveries offer valuable insights for developers in their choice of LLMs. For
example, when developers are considering an LLM for tasks like code generation, such as
with GitHub Copilot, the performance of the generated code may be an important
concern. With our findings, developers can be assured that there is no significant variance
in the performance of code generated by different LLMs. This means that if they aim to
have fast code, there’s no necessity to consistently opt for the largest model available;
instead, a smaller one suffices. We also hope that our findings will incentivize further
research on building new LLMs that produce even more efficient code.

4.7 Limitations & Threats to Validity

In this section, we address several limitations of our study.
Regarding functional correctness, although we did our best to generate code in the

most optimal conditions, some changes to the input prompt (i.e., adding examples and
constraints), or the configuration of the models may have changed the performance of
the LLMs. However, we believe that this should not significantly impact the validity of
our experiment, as all the models were configured similarly.

GitHub Copilotbeing a closed-source tool, it might be retrained without the
community’s knowledge, which could potentially lead to a modification in the tool’s
performance in upcoming experiments.

The majority of our validation and benchmarking process relied on Leetcode’s test
suite and online judge system. Thus, it is possible that some big test cases we extracted
for the benchmarking favored some types of implementations over others. We mitigated
this issue by systematically fetching three test cases and by having a large dataset of
problems to generate from. During our experiments, we also tried to generate plausible
inputs using random generators, but this method did not yield satisfying results because
randomly generating data structures with specific shapes, or properties (e.g., generating
valid regular expressions) is difficult to achieve.

One gap in our study is that we do not consider memory usage at all when studying
the LLMs. This is because our benchmarking setup did not allow for memory monitoring
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and doing otherwise would have cost us a lot of time. Moreover, we believe our results
obtained with only the run time to be self-sufficient.

The way we compared a LLM to a human using Leetcode rankings gives a good idea
of where the LLM stands in terms of performance. However, because the ranking evolves
and we have no information about the population the LLM is ranked against, the results
here should be taken with a grain of salt.

It is also important to note that Leetcode as an evaluation dataset suffers from some
issues. As we only evaluate the LLMs on algorithmic problems, the performances of the
LLMs are hard to generalize across all programming fields. However, this is difficult
to improve on for similar reasons to HumanEval: we only have a limited context size
and have to make the LLM generate in one go a completion to some code, which must
be self-contained (meaning, all the information needed to generate the solution must
be in the prompt). Also, in terms of performance, it is difficult to find another kind of
self-contained code than algorithmic problems that have, such variations in performance.
While studying the LLMs on SQL generation could be a good idea, it would not fit into
our studies with generalist programming languages.

Regarding Leetcode as a platform, we are heavily dependent on it for validating the
generated solutions and are limited by its daily rate limits of 1, 000 submissions per
account. For future studies, it would be great to consider alternatives to Leetcode, such
as the project CodeNet [86], which does not have as many restrictions as Leetcode.

4.8 Conclusion

In this chapter, we provided a preliminary answer to the question “How efficient are
the solutions generated by LLMs?” by presenting a comprehensive analysis of the
performance of code generated by various LLMs, which uses a novel methodology that
measures and compares the runtime speed of solutions to algorithmic problems. Our
findings suggest that the performance of the generated code is largely similar across
different models, regardless of their size or training data. Furthermore, increasing the
temperature parameter during code generation leads to a greater variance in performance,
though not necessarily to better or worse solutions on average. We also critically evaluated
the suitability of Leetcode as a dataset and benchmark platform for assessing LLMs. The
results indicate that, while Leetcode’s problems are suitable for performance evaluation,
their measures should be used cautiously due to issues with stability and reliability.
Additionally, we observed that the use of newer Leetcode problems is essential to avoid
data contamination and ensure the validity of LLM evaluations.
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This work opens up several avenues for future research, including the development
of performance-oriented training datasets and the fine-tuning of LLMs for performance
improvement. As the field of AI-assisted programming continues to evolve, studies such
as ours will play a critical role in understanding and enhancing the capabilities of LLMs.

While evaluating the runtime performance of LLM-generated code is essential to
understand their capabilities, it only captures one part of the picture. As these tools
become more widely adopted, it also becomes important to look beyond what the
generated code does, and examine what it costs to produce it–especially in terms of
energy. Developers using LLM-based assistants like GitHub Copilotrely on remote
inference servers to generate code suggestions, but the energy implications of these
interactions remain largely unexplored. In the next chapter, we shift focus from the
output of LLMs to their use, and explore the real-world energy consumption of code
assistants during software development.



Chapter 5

Green My LLM: Studying the key
factors affecting the energy
consumption of code assistants

Chapter summary. In this second contribution, I looked at what’s usually invisible to
the developer: how much energy is actually used when working with a code assistant like
GitHub Copilot. To do that, we ran a user study with participants who used GitHub
Copilotto develop a Java project, and built a dataset of real development traces, which
we then replayed on our own inference server to measure the energy consumption of a
typical code assistant under different conditions. We found that a surprising amount
of energy was wasted–mainly due to unwanted or canceled suggestions. Some simple
changes, like switching to manual triggering of the code assistant or tweaking server
configurations, could cut down this waste significantly. We also showed that things like
the number of developers sharing a server, the model used, or whether quantization is
used, all have a big impact on energy consumption. Overall, this study reveals just how
much hardware and configuration matter, and why both users and tool providers should
think more critically about the energy side of these tools.

5.1 Introduction

In recent years, LLMs for code have significantly become better at generating code,
facilitating their seamless integration into developers’ IDEs as code assistants, which offer
auto-completion suggestions that developers can either accept or reject. The generation
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process is typically initiated automatically after a brief pause in typing, but can also be
manually triggered via a command or keyboard shortcut.

Numerous code assistants, like GitHub Copilot, Tabnine, and CodeWhisperer,
including open-source options—like Tabby and Cody—offer IDE extensions and manage
inference servers for code suggestions.

However, as explained in chapter 2, the energy consumption of software–and more
specifically, that of LLMs–has gained prominence as a significant environmental and
societal concern. For instance, Samsi et al. benchmarked the energy consumption of LLM
inference and were able to estimate the energy of a single response from an LLM [91].
Other works focused more on the impact of training the model, such as the carbon
footprint of the Bloom model estimated by Luccioni et al. [66]. However, the evaluation
of LLMs’ energy consumption remains challenging when assessing LLMs dedicated to
specific purposes. In the context of LLMs for code, existing studies have only focused on
the impact of the generated code [99, 23].

In this chapter, we want to provide an answer to the question “How much energy is
used when using code assistants like GitHub Copilot?”. Notably, we aim to determine
how much energy an average developer consumes when using a code assistant similar to
GitHub Copilotand how to reduce it. To the best of our knowledge, our work is one of
the first to study the energy consumption of LLMs in code assistants. In particular, we
wish to deliver actionable insights into the energy consumption of the code assistant from
the perspective of both the service provider (e.g., GitHub Copilot) and the end-user
interacting with the code assistant. All the more in the context of code assistants, like
GitHub Copilot, the end-user knows little about the internal workings and impacts of
the service: as the LLM inference is executed remotely in the cloud, it is difficult for the
developer to perceive the computing impact of using a code assistant. Thus, we aim to
answer the following research questions:

RQ1: What is the impact of certain factors on the energy consumption and performance
of code assistants? Specifically, we study the impacts of the number of concurrent
developers using the assistant, the streaming and manual triggering of the requests,
the model and its quantization, the maximum number of concurrent requests, and
the number of GPUs.

RQ2: How many generation requests made by GitHub Copilotare useful? Knowing
how many generations are useful to the developer could allow future works to
improve the efficiency of code assistants.
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RQ3: How much energy does a developer consume when using a code assistant similar
to GitHub Copilotunder different scenarios and objectives? We aim to get a
broad look at the potential impacts of a code assistant by leveraging the knowledge
about the various factors we gathered when answering RQ1.

We chose to study GitHub Copilotspecifically for three reasons: (i) it is the
most used code assistant according to the 2023 StackOverflow developer survey,1 (ii)
the inference server provided by GitHub Copilotexhibits low latency and correct
quality [29], which we may not be able to reproduce with our own inference server, and
(iii) GitHub Copilotprovides many mechanisms making it one of the state-of-the-art
code assistant, such as preventing some generations requests that may not be useful,
caching the results of the previous generations requests, canceling the previous request
when a new one is sent, and building of prompts that take into accounts multiple files.
We are aware of the existence of these mechanisms thanks to the Copilot Explorer
project [2], while evidence of similar mechanisms in other code assistants is unclear, and
verification is time-consuming.

In this chapter, we share the following contributions:

- We provide the first dataset of development traces from developers using GitHub
Copilot, which allows the simulation of developers using a code assistant on a
real inference server.

- We study the impact of some configuration options of the inference server and the
code assistant on its energy consumption and performance.

- We analyze the ratio of useful generation requests from GitHub Copilot.

- We estimate how much energy a developer would consume when developing under
different configurations of the inference server.

Main findings & implications. Our results reveal that a considerable portion of
energy is wasted due to suggestions being cancelled or not wanted by the users. Thus,
manually triggering the generation of the code assistant can significantly reduce its
energy consumption, by minimizing unnecessary requests. Additionally, the number of
concurrent developers on a single inference server greatly affects the energy consumption
of a single developer, as having more concurrent developers better uses the resources of
the server. Providers should aim to maximize the number of developers per server or
share inference servers in order to maximize efficiency. Lastly, the configuration of the

1https://survey.stackoverflow.co/2023/#section-most-popular-technologies-ai-developer-tools

https://survey.stackoverflow.co/2023/#section-most-popular-technologies-ai-developer-tools
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inference server of the code assistant plays a significant role in its energy consumption.
For instance, smaller and models tends to use less electricity, reducing the number
of GPUs decreases the energy consumption at the cost of a higher latency, and some
quantization techniques can positively both the energy consumption and latency of the
code assistant.

Outline. From section 5.2 to section 5.4, we describe how we collected our dataset,
performed our experiments, and explain the methodology we followed to analyze the
results obtained. We report in section 5.5 on the results of our evaluation and provide a
critical discussion in section 5.6. In section 5.7, we discuss the limitations of our study.
Finally, section 5.8 concludes the chapter.

5.2 Dataset

To investigate our research questions, it was imperative to measure the energy con-
sumption of a code assistant in a realistic usage setting. To that end, we designed an
experiment with participants using GitHub Copilotto gather a dataset of development
traces, enabling us to simulate developers using a code assistant on an inference server
under our control. This approach was necessitated by our inability to access GitHub
Copilot’s inference server and our objective to measure its power consumption. More-
over, conducting this experiment in two distinct phases—(i) having participants use
a code assistant to develop a small application followed by (ii) exploring the energy
consumption through traces replay—allowed us to gain more freedom when it came to
controlling the configuration of the code assistant and facilitated the reproducibility of our
experiment. Hereafter, we refer to the traces dataset we collected as AssistantTraces.

5.2.1 Involved participants

We recruited 20 volunteers among Computer Science (CS) students and CS professionals,
using mailing lists and word of mouth. All of the participants were proficient in Java
programming. 13 participants were between 18 and 25 years old, 6 were between 26 and
35 years old, and 1 was between 36 and 45 years old. 13 of them were students in CS (12
in a master’s degree and 1 in a bachelor’s degree), and 7 of them were CS professionals.
1 participant did not know GitHub Copilotbefore the experiment, 7 participants knew
GitHub Copilotbut never used it, 4 already used it a little, and 8 used it regularly.
All of the participants were familiar with VSCode. The participants were compensated
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for their time with 50€ each. This experiment was approved by our institution’s Ethical
Board.

Before the experiment, the 20 participants filled out a survey with their age, devel-
opment experience, and familiarity with GitHub Copilot. Following the experiment,
19 out of the 20 participants agreed to complete a subsequent survey concerning their
experience and feelings during the experiment. This last survey was used to report ideas
for future research.

5.2.2 Assigned task

The task given to the participants consisted of developing a CLI Connect 4 game2 in
Java in one hour using VScode and GitHub Copilot, it is derived from a project
given in an university OOP introductory course. A skeleton of the project and associated
unit tests were provided. The participants then had to design and write the game loop
and logic and handle the board display to the players using the CLI. The instructions for
the participants, the skeleton project, and the projects created by the participants are
available in our replication package.

The participants used the GitHub Copilot VScode extension only through inline
and panel completions; that is, they could not use other features of GitHub Copilot,
such as the chat. They were also given access to the Internet while being forbidden from
using other AI assistant (e.g., ChatGPT).

We collected GitHub Copilot’s telemetry by modifying the VScode extension
and redirecting the telemetry to the computer of the participant. GitHub Copilot’s
telemetry includes a plethora of different messages that enable us to retrace the history
of a generation, from the moment GitHub Copilotdecides to send a generation request
to the moment of its acceptance from the user.

The participants all used the same laptop: A Dell Latitude 7410, with 32 GiB of
memory, an Intel Core i7-10610U and a CML GT2 Mesa Intel graphics card. It was
running on Debian (bookworm). The monitor was a Dell U2720Q.

5.2.3 Dataset description

The AssistantTraces dataset consists of all the telemetry sent by GitHub Copi-
lotduring the experiment in JSON format. There are 119, 774 telemetry messages in
total, including 9, 633 generation requests. The dataset is available at https://doi.org/10.
5281/zenodo.11503612.

2https://en.wikipedia.org/wiki/Connect_Four

https://doi.org/10.5281/zenodo.11503612
https://doi.org/10.5281/zenodo.11503612
https://en.wikipedia.org/wiki/Connect_Four
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5.3 Experiment setup

To estimate the energy consumption of GitHub Copilot, we leveraged the collected
traces to simulate the developers’ behavior and the front end of the code assistant on an
inference server. Specifically, the inference servers were run on a cluster, whose nodes
consist of AMD EPYC 7513 (Zen 3), with 512 GiB of memory and 4 Nvidia A100-SXM4-
40GB (40 GiB). The server’s distribution and OS were Debian 6 on Linux 5.10.0-28-amd64.

All the artifacts of this study, including our results, code, and datasets, are available
in the following public repository: https://doi.org/10.5281/zenodo.13167546.

5.3.1 Simulation client

Thanks to the telemetry data from the AssistantTraces dataset, we could reproduce
the API requests that GitHub Copilotsent to its inference server. We developed
a simulator (the client) to mimic developers’ interactions with GitHub Copilotby
replaying generation requests to the inference server. The main benefit of our approach
is that we can make multiple simulations with different scenarios by varying e.g., the
number of developers or the behavior of the code assistant.

When performing simulations with concurrent developers, we limited the simulation
to the first hour of development to account for some developers who needed more than
one hour to complete the task and to keep the simulation times short and manageable.
For other developers who completed the task in less than an hour, we delayed their
start times so that the middle of each simulation aligned, thus creating a more realistic
distribution of the server’s workload. For example, a 1-hour telemetry session starts at
minute 0 and reaches its midpoint after 30 minutes, while a 50-minute session begins at
minute 5 and also reaches its midpoint at minute 30.

When simulating less than 20 developers, we repeated the simulation multiple times
with different developers until all were included (e.g., we repeated a simulation of 2
developers 10 times with varying pairs of developers every time, so that all 20 developers
would be simulated). For simulations with more than 20 developers, we randomly picked
replicates among the 20 developers. To avoid issues with simultaneous identical requests,
we offset each duplicate by a random number of 0 to 30 seconds.

5.3.2 Inference server

To handle generation requests and generate code suggestions, we set up an inference
server. Code suggestions are generated using an LLMs. In particular, we used the Text

https://doi.org/10.5281/zenodo.13167546
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Generation Inference (TGI) server,3 a server for text generation inference that is
easily configurable to operate with different LLMs and that supports sharding between
multiple GPUs and multiple parallel requests (using continuous batching). The server
was set up with its default parameters, except for the number of shards, quantization
method, and the number of concurrent requests which we describe in the next section.

5.3.3 Studied factors

Using the aforementioned setup, we performed several simulations with varying elements
in the setup’s configuration. We chose to study specific factors because we hypothesized
they would affect the energy consumption of the code assistant. The factors we studied
are as follows:

Number of concurrent developers: We varied the number of developers concur-
rently querying the code assistant ranging from 1 to 500 with discrete values: 1, 2, 5, 10,
20, 30, 50, 75, 100, 150, 200, 300, 400, 500.

Streaming the requests: We emulated different request-sending behaviors from
GitHub Copilotby activating and deactivating streaming when sending requests. By
default, GitHub Copilotuses streaming, which allows it to cancel a previous request
that is still generating when a new one is sent. Deactivating streaming signifies that
every request that is sent by GitHub Copilothas to complete the triggered generation,
even if it is no longer useful for the user.

Manually triggering the code assistant: Typically, GitHub Copilot’s genera-
tion mechanism is triggered automatically. We also considered emulating a manual trigger
for the generation behavior by only sending generation requests that were completed and
displayed to the user based on the assumption that the developer manually triggering
GitHub Copilotwould wait for a response. While this method is not perfect, it serves
as an approximation of the user behavior.

Code assistant model: We tested three different LLMs from the StarCoder family,
namely: StarCoder (15.5B parameters) [57], StarCoder2-7b and StarCoder2-15b [65].
We chose these models as they are popular open-source models for code generation.
The range of models allows us to see the impact of the size of the model, as well as
its architecture. Indeed, StarCoder is a decoder-only transformer with Multi-Query-
Attention and positional embeddings, whereas StarCoder2 is a decoder-only transformer
with Grouped-Query-Attention and Rotary-Positional-Encodings.

3https://github.com/huggingface/text-generation-inference

https://github.com/huggingface/text-generation-inference


60
Green My LLM: Studying the key factors affecting the energy consumption of code

assistants

1 2
Ratio of accepted to 
rejected suggestions

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 u
se

rs

0.10 0.15 0.20
Ratio of accepted to 

requested suggestions

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 u
se

rs

5 10 15
Requests per minute

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 u
se

rs

50 100 150
Total time taken (minutes)

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 u
se

rs

Figure 5.1: Various statistics on the participants’ usage of the code assistant and their
time taken to finish the experiment. The first figure represents the ratio of the number of
suggestions accepted by the user to the number of suggestions by the user. The second
figure represents the ratio of the number of accepted suggestions to the total number of
suggestions requested by the code assistant. The third one focuses on the frequency of
requests made by the participant, and the last figure represents the time taken by the
participant to finish the experiment.

Quantization method: Quantization is a method used to reduce the compu-
tational and memory costs of running inferences. We studied multiple quantization
methods for running the models on the inference server: EETQ [75], BitsAndBytes-NF4,
BitsAndBytes-FP4 [26] and no quantization at all.

Maximum number of concurrent requests: We varied the number of concurrent
requests on the TGI server which effectively modified the number of requests that could
be queued simultaneously. When the server was overloaded, it returned an error to the
caller.

Number of GPUs: All of our servers had 4 GPUs available which enabled us to
run the simulations using a subset of the available GPUs, such as two or just one GPU.
When using less than 4 GPUs, we considered the unused GPUs nonexistent and did not
account for their consumption.

5.3.4 Configuration space exploration

We define a configuration as a set of factors with a specific value. One example of
configuration is [20 concurrent developers; streamed requests; requests are automatically
triggered; the model used is StarCoder2-7b; no quantization method; 4 GPUs].

The combination of these multiple factors and their varying modalities results in
4, 896 unique possible configurations. Considering each configurations takes between 1
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and 20 hours to simulate and measure, we decided not to explore the whole configuration
space. To keep the exploration manageable yet informative, some factors were fixed while
exploring the impact of others (e.g., fixing the model and number of GPUs while varying
the number of developers or the quantization method). In total, we performed 829 simu-
lations with 314 unique configurations. As explained in subsection 5.3.1, configurations
with less than 20 concurrent developers needed to be simulated multiple times (2 for
10 developers, 4 for 5 developers, 10 for 2 developers, 20 for 1 developer), which partly
explains why there are more simulations than configurations. Moreover, we simulated
some other configurations up to five times to measure the stability of our setup.

5.3.5 Energy consumption measurements

We measured the energy consumption of the inference server’s CPU and GPU using perf
and nvidia-smi utilities, respectively. We also collected the time taken for generations
to complete (latency), the number of rejected requests (due to server saturation), and
the number of completed generation requests. When measuring a configuration multiple
times, we found that the standard deviation of the power consumption was only 1.4% of
the mean power consumption. We considered this level of standard deviation acceptable
and concluded that our measuring setup was stable. To estimate the carbon emissions
related to the energy consumption measured during our experiments, we considered
France’s 2023 carbon intensity, equivalent to 56 g of CO2 per kWh [34].

5.4 Data analysis

In this section, we describe our methodology for analyzing the results we obtained from
section 5.3.

5.4.1 Simulations analysis

To get an overview of the data, we computed the mean power consumption (in Watts)
and total energy used (in Wh) for every simulation, as well as the mean latency, the
number of rejected requests, and the number of completed generations. We also derived
the power consumption per developer, which allocates an equal share of the server’s
energy consumption to every developer using the code assistant. When analyzing a
simulation with multiple concurrent developers, only the period in the simulation where
all developers were active in parallel was considered.
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Figure 5.2: Energy impact ratio from switching from one option to another. A ratio of 1
means no change, a ratio of 2 means the energy consumption doubled, and so on. Points
correspond to the ratio in energy when comparing neighboring configurations.

Server saturation. When the server receives more requests than it can handle, the
number of rejected requests or the latency may increase, depending on the client and
server configuration. We consider that a server is saturated when the number of rejected
requests exceeds 10% or when the mean latency of the requests exceeds 20 seconds.
Note that this saturation threshold was set arbitrarily; searching for an ideal saturation
threshold is out of the scope of this study.

Measuring the impact of a factor. To assess the impact of a factor on energy
consumption or latency, we compared pairs of configurations that differed only by the
factor being studied. This method ensures that any observed differences are solely due
to the factor in question.

5.4.2 Participant analysis

For each participant, we performed analyses using the gathered telemetry and survey data.
Specifically, we calculated the number of generations requested, displayed, and accepted,
and those remaining in the code after a certain period. To determine which generation
requests remain in the participant’s code, we leveraged GitHub Copilot’s telemetry,
which indicates whether a generation is still present in the code. This is assessed using
edit distance at the character and word levels, with the generation considered removed
when the word edit distance falls below 50% [2].
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Figure 5.3: Latency impact ratio from switching from one option to another. A ratio of 1
means no change, a ratio of 2 means the latency doubled, and so on. Points correspond
to the ratio in latency when comparing neighboring configurations.

In Figure 5.1, we share various statistics on the participants code assistant usage and
time taken to realize the experiment. We observe variations in the way the participants
use GitHub Copilot, notably in the ratio of accepted suggestions over the number
of rejected suggestions or total sent generations requests. We also notice that some
participants trigger generations more frequently than others. Lastly, there is also a great
variation when it comes to the time the participant took to finish the experiment, indeed,
5 participants requested to have more than one hour to finish, and 6 completed the
task within 40 minutes. Out of the 20 participants, 9 did not complete the task they
were given and decided to end the experiment at the one hour mark. When calibrating
the duration and complexity of the task given to the participants, we aimed at having
the most development traces as possible. Thus, we chose to reduce the chances of the
participants finishing early, thereby increasing the chances of the participant finishing
late or giving up after one hour. We find that participants not completing the whole task
is not an issue for our experiment, as the usage of the code assistant roughly stays the
same during the whole task.
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5.5 Results

In this section, we summarize the key observations from our experiment and answer our
research questions. We make our complete results available in the companion notebook
in the replication package.

Metric Independent variable Groups Test used Stat P-value Significant

Ratio of accepted suggestion
over rejected suggestions

Computer experience professional, student t-test -2.496 0.022 ✓

GitHub Copilot familiarity regularly, sometimes, never used ANOVA 1.743 0.205 ✗

Coded Java in the last year did code in java, didn’t code in java t-test -0.570 0.576 ✗

Finished finished, didn’t finish t-test 0.127 0.900 ✗

Requests per minute

Computer experience professional, student t-test 0.808 0.429 ✗

GitHub Copilot familiarity regularly, sometimes, never used ANOVA 1.034 0.377 ✗

Coded Java in the last year did code in java, didn’t code in java t-test 0.243 0.811 ✗

Finished finished, didn’t finish t-test 0.799 0.434 ✗

Table 5.1: Inferential statistics of the effect of three independent variables on two
metrics. The significance was asserted using a Benjamini-Hochberg correction with a
False Discovery Rate of 0.20

5.5.1 Relationship between participant’s characteristics and
their usage of GitHub Copilot

Before answering any of the research questions, we wanted to have a look at the re-
lationship between some of the participant’s characteristics, such as their experience,
familiarity with GitHub Copilot, if they coded in java during the last year, or whether
or not they finished the task, and their usage of GitHub Copilot, that is, the rate at
which the participants made requests, and the ratio of code suggestions they accepted
when presented to them. We performed this investigation in order to find if any notice-
able effect could bias our subsequent evaluations, so the metrics were chosen because
they become important later on. In total, we performed 8 post-hoc tests, which are
described in Table 5.1. In order to reduce the Type I error rate (false positives), we also
performed a Benjamini-Hochberg procedure to determine the significance of the tests
using a false-discovery rate (FDR) of 0.20.

From the data in Table 5.1, we cannot conclude that there is any effect between
most of the characteristics studied and the studied metrics, except between the computer
experience and the ratio of accepted suggestions over rejected suggestions. When
analyzing the data, we see that professional developers have a ratio of 0.67 whereas
students have a ratio of 1.26. This indicates that the professional developers in our sample
are more conservative towards the suggestions made by GitHub Copilotcompared
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to the students. The students tend to accept the suggestions made by Copilot twice as
much as the professional developers.

5.5.2 RQ1: What is the impact of studied factors on the energy
consumption and performance of code assistants ?

In this section, we report on our findings on the different studied factors and their
impacts. In Figure 5.2 and Figure 5.3, we depict the impact of switching from one option
to another on energy consumption and request latency, respectively. The impacts were
calculated using the method described in subsection 5.4.1. Each hue represents one factor,
while each row represents the switch from one option to the next. The X-axis reflects the
ratio in measured latency or energy consumption between the first and second options.

Number of concurrent developers. When increasing the number of concurrent
developers, we observe an increase in the average power consumption of the machine
and the latency of the server up to a certain point. Thanks to the continuous batching
techniques used by TGI, adding more developers only marginally increases the latency
and consumption of the server, thus reducing the energy consumption per developer.
This is illustrated in Figure 5.4, where we can observe that the energy consumption per
developer decreases whenever a developer is added. On the other hand, with too many
developers, the latency becomes excessively high, making the code assistant unusable.
With the configuration shown in Figure 5.4, the average latency reaches 16 seconds with
75 concurrent developers, and increases exponentially from that point with each developer
added (50 seconds at 100 developers, 210 seconds at 150 developers, etc.). It finally
reaches a plateau past 150 concurrent developers as the server reaches the maximum
number of concurrent requests limit and starts rejecting new requests.

Streaming the requests. Enabling streaming to send requests—i.e., canceling
previous generation requests when a new one arrives—reduces server latency by 62%,
on average, and reduces power consumption by 7%. The lesser reduction in power
consumption compared to the reduction in latency is due to the inference server still
spending most of its time generating responses. As a result of the lower latency, streaming
allows more concurrent developers to use the assistant.

Manually triggering the code assistant. Manually triggering the code assistant
by only requesting the generations that were proposed to the developer, reduces energy
consumption by 15% and reduces latency by 35%. The highest reduction in energy
consumption (25%) is observed with the configuration [StarCoder2; no quantization; no
streaming automatic trigger; maximum 1000 concurrent requests; 2 GPUs; 5 developers],
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Figure 5.4: Evolution of the average power consumption and the latency depending on the
number of developers, for the following configuration: StarCoder2-7B; no quantization;
no streaming; manual trigger; maximum 1000 concurrent requests; 4 GPUs. The latency
and power consumption are superposed in order to easily visualize how they interact
when the number of developer increases.
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which also reduces the latency by 25%. On the other hand, the lowest reduction of
the energy consumption (5%) is observed with the configuration [StarCoder2-7b; no
quantization; no streaming; automatic trigger; maximum 1000 concurrent requests; 4
GPUs; 75 developers] which, however, reduces the latency by 93%. In this specific
configuration, enabling an automatic trigger made the server saturate (226 seconds of
latency and 59% of rejected requests), while using a manual trigger allowed it to handle
the load from the 75 developers (14.6 seconds of latency and 0% of rejected requests).

Quantization. Quantization generally increases latency. Notably, employing the
method EETQ over no quantization at all increases the latency by 3.1%, and using
BitsAndBytes-NF4 or BitsAndBytes-FP4 increases the latency by 138.6% and 156%, re-
spectively. In some cases, the use of EETQ also reduces energy consumption: on average,
it reduces energy consumption by 1.1%, but it can reduce it by up to 12.6% in the case
of the configuration [StarCoder; streaming; automatic trigger; maximum 1000 concurrent
requests; 4 GPUs; 5 developers]. BitsAndBytes, however, slightly increases the power
consumption by 5% on average.

Model. Using LLMs with fewer parameters reduces energy consumption and la-
tency. For instance, switching from StarCoder2-15B to StarCoder2-7B reduces energy
consumption by 15.6% and latency by 10.0%. However, the model architecture also plays
an important role in latency. For example, while StarCoder (15.5B) and StarCoder2-
15B exhibit a similar number of parameters and power consumption, using the latter
over the former increases the latency by 149% on average. We believe this might be
due to differences in the architecture of the two models. For instance, StarCoder uses
Multi-Query-Attention, whereas StarCoder2 adopts Grouped-Query-Attention.

Maximum number of concurrent requests. Increasing the maximum number of
concurrent requests allowed by the TGI server does not affect the energy consumption of
the server, but greatly increases latency when there are too many concurrent developers—
i.e., up to 597% increase with the configuration [StarCoder2-7B; EETQ; no streaming;
automatic trigger; 4 GPUs; 50 developers]. Providers should prefer having a lower
maximum to reject the requests early rather than making the users wait for several
minutes.

Number of GPUs. As intuitively expected, reducing the number of GPUs allocated
to the inference server reduces the energy consumption of the server and increases latency.
For example, using 4 GPUs instead of 2 increases consumption by 51.8% and can decrease
the latency in some cases, hence enabling some more concurrent developers to use the
code assistant as more memory is available. Downsizing the number of GPUs can be a
viable option for saving energy if the number of concurrent developers is low enough.
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Usage of the code assistant. Participants’ usage of GitHub Copilotvaried,
with the average amount of requests per minute ranging from 1.9 to 14.7, overall
averaging 9 requests per minute. We observe that the more a developer uses GitHub
Copilot(i.e.,, the more generation requests are made), the more power consumption
increases (correlation of 0.93). We infer that in its current state, the usage of a code
assistant is directly correlated with the amount of code a participant writes—i.e., the
more time a participant spends writing code in the IDE, the more a code assistant
triggers generations.

RQ1: Various factors significantly impact the energy consumption and performance
of code assistants. Increasing the number of concurrent developers improves energy
efficiency, but risks server saturation. Streaming requests and manually triggering
generations both significantly reduce energy consumption and latency. Quantization
methods and the choice of LLM also affect performance, with smaller models showing
better efficiency. Adjusting the number of GPUs is crucial for optimizing energy use.
Our findings, therefore, confirm the importance of carefully selecting and optimizing
these factors.

5.5.3 RQ2: How many generation requests made by GitHub
Copilotare actually useful?

Figure 5.5 illustrates the final state of generation requests sent by GitHub Copi-
lotduring our experiment. Out of the 9, 634 generation requests made by GitHub
Copilotover the 20 participants, only 2, 944 finished generating and were displayed to
the user (30%). Of these, 1, 066 were accepted (11% of all requests), and 816 (8.5%) were
kept in the code at the end of the experiment according to GitHub Copilot.

Our analysis reveals that the majority of generation requests made by GitHub
Copilotwere canceled, often because they were started while the user was still typing,
leading to new requests that replaced the previous ones. Empty completions typically
occur at the end of a sentence, or before a closing parentheses or brackets. The completions
that were displayed but not accepted are most likely due to either the users not wanting
or needing the suggestion in the first place, or to the suggestions not matching what the
user expected.

Previously, we discussed the energy implications of these inefficiencies when presenting
the energy saving of manually triggering GitHub Copilot. By eliminating unnecessary
requests, i.e., canceled and empty requests, we could save 15% of energy on average.
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Cancelled
before completion (55.4%)
Empty result (13.8%)
Displayed,
but not accepted (19.5%)

Accepted but
not in code anymore (2.6%)
Accepted and 
still in code (8.5%)

Figure 5.5: Percentage of requests sent by GitHub Copilotdepending on their com-
pletion state. Red-tinted categories represent requests that did not benefit the user.
Blue-tinted categories represent requests that benefited the user.

This relatively modest energy saving, despite removing almost 70% of the generations is
due to the lower-than-average computing time used by canceled and empty generations,
compared to completed generations. Assessing the energy impact of suggestions displayed,
but not accepted, by users is left for future research.

RQ2: An analysis of GitHub Copilot’s generation requests reveals a significant
share of them are not useful to the end user, indicating that many generation
requests are either unnecessary or not helpful to users. This inefficiency highlights
the potential for substantial energy savings by optimizing when and how generation
requests are made, possibly through more intelligent triggering mechanisms or better
user interaction designs.

5.5.4 RQ3: Under different scenarios and objectives, how much
does a developer using a code assistant such as GitHub
Copilotcost in energy?

For the sake of simplicity, this section only focuses on a subset of configurations and their
impacts, given the large number of different configurations available (314). However, the
entire set of configurations can be found in our companion notebook. When presenting
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these results, we assume that the server load is constant—i.e., all developers are working
simultaneously—and that the server is turned on only when the developers are working.

To select the configurations, we defined three different development scenarios, each
with two objectives. The goal of these scenarios is to highlight how different use cases
require different configurations and have varying impacts. The scenarios are as follows:

• Small team: 5 developers concurrently requesting a single dedicated server
machine.

• Medium team: 20 developers concurrently requesting a single dedicated server
machine.

• Distributed service (e.g., GitHub Copilot): A large number of developers
(sharing) requesting many server machines. The aim is to maximize the number of
developers per machine while not saturating the servers. We report on the impact
of a single machine in this scenario.

The two objectives a development team may aim for we considered in our study are
as follows:

• Performance: By design, the generation requests are triggered automatically, and
the previous ones are canceled (using streaming). The latency between requests
is thus minimized. Generations are triggered automatically so that the developer
always receives suggestions as quickly as possible. This is also the default triggering
and streaming mode of GitHub Copilot.

• Frugality: The energy consumption per developer is minimized. The generation
requests are triggered manually, and the previous ones are not canceled (not
using streaming), as we expect the developers to wait for their manually triggered
generation requests to finish.

Table 5.2 shows the best configurations for each scenario and objective. For each of
the 6 configurations, its latency and various energy consumption metrics are presented.
To better put in perspective the energy usages of the configurations, we also show them
in Figure 5.6. As we can see from both the table and the figure, the energy consumption
of a single developer varies significantly across the different configurations. The setup
machine’s high idle power consumption (~270 W for four GPUs and one CPU) results in
a substantial per-developer energy impact when fewer developers utilize many GPUs.
Conversely, increasing the number of concurrent developers reduces individual energy
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Figure 5.6: Hourly energy consumption (Wh) of a single developer based on the objective
and the number of developers using the assistant.

consumption by leveraging the continuous batching from the TGI server, aligning with
the findings discussed in subsection 5.5.2.

If GitHub Copilotwere using a setup similar to ours with maximized server load,
the average power consumption per developer could range from 10 W to 20 W depending
on their objective. However, with dedicated servers for small teams, under-utilization
could result in a high power consumption per developer (~120 W). This can be mitigated
by using fewer GPUs and smaller models, or considering server sharing.

To put it in perspective, we measured the energy of the laptop and the monitor of
the last two participants using a power-meter. The average power consumption of the
laptop and monitor when used by our participants was 19.7 W and 18 W, respectively.
Thus, in GitHub Copilot’s best-case scenario using our setup, the power consumption
per developer would be about 58% the consumption of a laptop’s consumption, and at
worst it would be roughly equal to that of a laptop.

We observe that all performance configurations uses StarCoder due to its low latency.
However, among the three studied models, StarCoder is the worst at generating code:
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StarCoder has a 33.6 pass@1 on HumanEval while StarCoder2-7B and 15B have 35.4
and 46.4 pass@1 [57, 65], respectively.

Scenario Small team
(dedicated server)

Medium team
(dedicated server) Distributed service

Objective frugal performance frugal performance frugal performance

Number of concurrent developers 5 5 20 20 75 50
Model StarCoder2-7B StarCoder StarCoder2-7B StarCoder StarCoder2-7B StarCoder
Quantization method - - - - EETQ -
Number of GPUs 1 4 1 4 4 4
Streaming ✗ ✓ ✗ ✓ ✗ ✓

Manual trigger emulation ✓ ✗ ✓ ✗ ✓ ✗

Average latency (s) 6.4 1.2 7.7 1.7 16.5 2.3
Average server power (W) 249.3 633.1 363.2 898.8 858.9 1038.2
Energy per 1000 generation requests (Wh) 12.0 30.7 0.9 2.2 0.1 0.4
Energy per hour per developer (Wh) 49.9 126.6 18.2 44.9 11.4 20.8
CO2 emissions per hour per developer (g) 2.8 7.1 0.9 1.0 0.6 1.2

Table 5.2: Optimal configurations for each scenario and objective, and their energy and
performance impacts.

RQ3: The energy cost for a developer using a code assistant like GitHub Copi-
lotvaries significantly based on its configuration. Small teams with dedicated servers
can see high per-developer energy consumption (~120 W), while large-scale services
can achieve much lower consumption (10–20 W) by maximizing server load. Overall,
our results emphasize the importance of choosing appropriate configurations based
on team size and objectives to optimize both energy consumption and performance
when using code assistants.

5.6 Discussion
In this section, we discuss the results reported in the previous section and their implica-
tions.

On energy usage. As reported in our results, the configuration choice for a code
assistant significantly impacts per-developer power consumption. However, a considerable
portion of the energy spent on generations is wasted due to cancellations and disinterest
from users. Substantial energy savings could be achieved by requiring users to manually
trigger GitHub Copilotand encouraging them to rethink their interactions with the
tool, or by enhancing the request-triggering mechanism. For instance, Mozannar et
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al. [74] proposed a novel method for triggering generation requests by leveraging human
feedback collected from GitHub Copilot’s telemetry. Furthermore, Barke et al. [13]
showed that developers exhibited two kinds of behaviors when interacting with GitHub
Copilot—acceleration mode and exploration mode—which could also be leveraged to
adapt the triggering mechanism of GitHub Copilot.

One of our objectives with this contribution is to raise awareness among practitioners,
tool providers and researchers about the environmental impact of using code assistants.
Developers using code assistants can significantly reduce their energy usage by manually
triggering the generations and using the assistant in a more conscious manner to avoid
unnecessary generations. On the other hand, the providers of the assistants should
maximize the number of users per inference server and carefully select the quantization
method so as to decrease the resource usage. The choice of the model is also paramount,
as it dictates the amount of memory left for batching requests, and the computational
cost of a single request.

We encourage researchers to pursue our work by finding more ways to enable users
and providers to reduce the energy consumption of their code assistants. One avenue of
work is to evaluate the environmental footprint of the assistant using life-cycle analysis,
in order to incorporate the hardware and training costs. Lastly, while code assistants and
more specifically GitHub Copilotcan improve developer productivity [6], the rebound
effects [28] stemming from faster development needs to be assessed. We hope that our
dataset, AssistantTraces, will serve as a valuable resource for researchers and tool
providers. We encourage researchers to build upon AssistantTraces, enhance its
collection methodology, and refine it through their own user studies.

On the number of developers. Our results indicate that using a inference server
for a small number of developers can be inefficient in terms of hardware and energy.
Optimizing the number of developers per machine improves utilization, but a balance is
needed between developer load and code assistant performance. Having few developers
complicates hardware and model selection, as smaller GPUs may struggle with large
models, while smaller models may generate lower-quality code. In this case, practitioners
should consider sharing hardware and its costs with others, so that they may all benefit
from higher-end hardware and a lower individual impact. We also encourage researchers
to develop and improve sharing models for LLM inference, such as Petals [15].

On the difference in latency between StarCoder models. We observed a
sharp increase in latency between the StarCoder and StarCoder2-15B models. While we
believe this is due to the architecture changes introduced by the StarCoder2 model [65],
more research is needed to get a better insight into the reasons for such an increase. As
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latency plays a key role in the maximum number of concurrent developers an inference
server can handle, finding ways to reduce said latency could help further improve the
efficiency of code assistants.

On quantization. In our results, we found that quantization effectively increased
the latency and had close to no effect on the energy consumption. We find this result
surprising considering quantization reduces the LLM’s size. It is possible that these
specific quantization method increase the computational cost of inference. We advise
researchers to investigate the reasons for this effect, and explore the energy savings of
other quantization methods.

On the generalization of our results. Our study uses one specific setup and
varies its configuration. While the energy consumption we observed in our different
scenarios give a good idea of the scale of the energy required to run a code assistant, the
observed energy consumption is specific to the context of our experiment, and should
not be generalized to other code assistants, especially GitHub Copilot. However, even
though other code assistants might use a different hardware, model or serving framework,
they can still benefit from our results. Another setup, completely different from ours,
with users making a different amount of requests per minute (which is highly correlated
with the energy consumption of the assistant) would still save energy by maximizing the
number of concurrent developers per machine, by using smaller models, by having the
users manually trigger the generations and by cancelling them early if they’re not needed
anymore, etc.

On the environmental footprint of the code assistants We only calculated the
CO2 emissions that were due to the energy consumption of the inference server. Future
studies could also include the other sources of impact such as the hardware the server
is hosted on, and the datacenter its in. This could also be an opportunity to present
other metrics such as resource depletion or water use, which can be as important as CO2
emissions when talking about ICT. [95]

5.7 Limitations & Threats to Validity

In this section, we address several limitations of our study:
Participants and task selection. Selecting participants by word of mouth, and

mailing lists from university students and professionals allowed us to easily recruit enough
qualified participants for our study. Moreover, the task assigned to the participants
was designed to be short and simple for an experimental setting, yet long and complex
enough to simulate a realistic development session. One alternative was to perform our



5.7 Limitations & Threats to Validity 75

dataset collection on developers working for their companies or school projects. While
this alternative could have provided us with more realistic development traces, it would
have been logistically harder to perform. Another alternative was to assign multiple
short tasks, following Vaithlingam et al. [98], which could simplify generalization, while
compromising the realism of the full development process, including including design,
debugging, and testing.

Having a non-representative sample of the population of developers and a not complex-
enough task may affect some of our results such as the number of accepted/rejected
generation requests, as well as the number of requests per minute made by the participants.
As the rate of generation requests is highly correlated (0.93) with the energy consumption
of code assistant, the raw energy consumption numbers would also be affected. If our
sample was indeed biased, we believe it would not affect the results from RQ1 and RQ3, as
our experiment focuses mainly on the impact of changing configuration options of the code
assistant. Another setup, completely different from ours, with users making a different
amount of requests per minute (which is highly correlated with the energy consumption of
the assistant) will still save energy by maximizing the number of concurrent developers per
machine, by using smaller models, by having the users manually trigger the generations
and cancel them early if they’re not needed anymore, etc.

Configuration space and exploration. To keep the number of simulations low, we
had to limit both the configuration space’s size and its exploration. Indeed, we restricted
our evaluation to three models from the StarCoder family and ran our simulations without
varying the hardware. Additionally, we only considered a subset of TGI parameters. As
a result, some configurations yielding different or optimal results might not be explored.
We mitigated this effect by curating the configurations to explore so that they cover a
large spectrum.

Emulation of a manual trigger of a code assistant. Our method of emulating
the manual triggering of GitHub Copilotby only sending generation requests displayed
to the user is only an approximation that allowed us to save time and resources by
simplifying our dataset collection process. In reality, user behavior may differ, and this
emulation might not fully capture the nuances of manual interactions. A dedicated study
involving real users manually triggering generations is needed to obtain more accurate
insights.

Simulation of the developers. Simulating the developers instead of performing live
measures allowed us to have more freedom and explore more configurations. In return,
our simulations do not allow for any kind of change in behavior from the simulated
developer—i.e., the same request will be sent at the same times no matter the latency or
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quality of the responses. An alternative was to measure the energy as the participants
were developing and modify GitHub Copilotto use our inference server. While this
would yield more accurate reactions from the developers, it would greatly limit the
amount of configurations we could explore. A compromise was to develop autonomous
agents simulating the developers, which we deemed to difficult to realize.

Quality of the generated code. When performing the simulations, we decided not
to assess or take into consideration the quality or correctness of the code generated by
the LLMs. It was possible to estimate the quality of the code by comparing it to the code
written to the developer using a BiLingual Evaluation Understudy (BLEU) score [78].
However, as shown by Chen et al. [20], any score relating to the proximity between two
texts is unreliable at best when evaluating LLMs for code. Another alternative was
to evaluate the generations by hand, which would have been too much time intensive.
A third alternative was to consider the reported pass@k from the model’s creators,
which could have been easy to implement, but would have made our search of optimal
configuration harder in subsection 5.5.4. The rationale for our choice can be explained by
the lack of methods to evaluate the quality of the generated code in the context of our
experiment and the simplicity of not considering the code quality when searching for the
best models under specific scenarios and objectives. Nevertheless, the trade-off between
energy consumption, performance, and code quality is a consideration that should be
addressed in future research.

5.8 Conclusion

In this chapter, we explored the question “How much energy is used when using code
assistants like GitHub Copilot?” by studying the energy consumption of code
assistants powered by LLMs, with a user study. Our findings indicate that various
configuration factors, such as the number of concurrent developers, model size, and
use of streaming, impact both the energy consumption and performance of these tools.
Notably, a substantial amount of energy is spent on generations that are ultimately
unused, highlighting an area for potential improvement.

Our results indicate that significant energy savings can be achieved by service providers
and end-users if they follow the following steps: disable the automatic triggering of
code assistant suggestions on the client side, utilize batching techniques to maximize
inference server usage and support more concurrent developers, and reduce model resource
consumption through effective quantization and the use of more efficient models.
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Overall, while LLM-based code assistants offer productivity benefits, it is crucial to
consider their environmental impact. By adopting more efficient configurations and usage
practices, we can make these tools more sustainable without compromising their utility.

While our investigation into code assistants revealed ways to reduce their energy
consumption during typical usage, this raises a broader question: can these models also be
used to actively improve the energy efficiency of the software they help create? In other
words, beyond measuring the cost of using LLMs, can we also measure their potential to
reduce future energy use, especially when they’re tasked with optimizing existing code?
This is the focus of the next chapter, where we shift our attention from the energy cost
of inference to the energy savings that might be achieved through LLM-powered code
optimization, and ask whether these tools can truly deliver a net environmental benefit.





Chapter 6

When faster isn’t greener: the
hidden costs of LLM-based code
optimization

Summary of contribution. In this final contribution, I examined an often-overlooked
aspect of LLM-based code optimization: its actual energy cost. While it’s tempting
to assume that faster code inherently leads to lower energy consumption, the process
of generating these optimizations using large models is itself highly resource-intensive.
To investigate whether such optimizations are truly worthwhile, we benchmarked eight
optimization strategies on 118 tasks from EvalPerf and introduced the concept of a
Break-Even Point (BEP)–the number of program executions needed for the energy saved
by the optimized code to compensate for the energy consumed during its generation.

Our findings reveal a more complex picture than the common assumption suggests.
Although many optimization strategies did yield significant energy savings, those gains
often came at a steep initial cost. In several cases, the optimized code had to be run
tens or even hundreds of thousands of times before breaking even. However, smaller
models–like Qwen2.5-Coder-7B–were often able to generate efficient optimizations with
much lower overhead, making them more suitable for scripts or code that isn’t executed
frequently. These results highlight that while LLM-based optimization holds promise,
its real-world utility is highly context-dependent. Not every piece of code needs to (or
should) be optimized using an LLM, especially if the energy required to produce the
optimization outweighs the eventual benefit. In that sense, this study calls for more
restraint and more critical assessment when deciding when and how to use LLMs for
code optimization.
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6.1 Introduction
As presented in chapter 2, among the numerous interesting applications of LLMs in
software engineering, one particularly promising application is code optimization: au-
tomatically rewriting programs’ code to improve performance. Recent advances in
code-oriented LLMs have made it increasingly feasible to generate optimized versions of
existing code, potentially reducing execution time, energy consumption, and resource
usage without requiring deep expertise in performance engineering [112, 44, 81]. Most of
these methods rely on iterative refinement [71] which enables them to adapt and improve
based on the outcomes of each optimization step.

However, the growing popularity of these models coincides with increasing concerns
about the environmental sustainability of computing, as also presented in chapter 2.

In this context, it is tempting to view LLM-based optimization as a straightforward
win for sustainability, faster code often resulting in greener code. Unfortunately, the reality
is more nuanced. While GPUs have become increasingly efficient, their overall energy
consumption and environmental impact keep exponentially increasing [73]. LLMs, which
depend heavily on GPU-based computation, are known to be very resource-intensive [91,
68, 14], requiring powerful inference servers for deployment and operation [22]. Thus, any
potential savings achieved by optimizing code must be weighed against the substantial
energy cost of using LLMs for the optimization itself. This concern raises a critical
question for the community: What is the real energy cost of using LLM-powered code
optimizers? Is the performance and energy gain of optimized code sufficient to justify the
energy cost of optimization?

In this chapter, we address this question by assessing the energy cost of LLM-based
code optimizations and determining when it is energetically beneficial to optimize a given
program. Additionally, our evaluation setup allows us to also compare the effectiveness of
different LLM-based optimization methods in terms of both performance and correctness.
To the best of our knowledge, this is the first study to examine not only the benefits of
LLM-based code optimization but also its environmental trade-offs.

Specifically, we investigate the following research questions:

RQ1: What is the best method to optimize code?

RQ2: What is the energy necessary to produce one optimized result?

RQ3: In terms of energy, at what point is it profitable to optimize a given code?

To answer these questions, we evaluated 8 code optimization methods using the
EvalPerf [64] benchmark. For each experiment, we measured both the energy consumption
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caused by the optimization process and the energy difference between unoptimized and
optimized code. To quantify the energy trade-offs, we introduce a new metric that
measures the number of optimized code executions required to compensate for the energy
cost of the optimization.

Main findings & implications. Our results show that, while most LLM-based
optimization strategies are capable of reducing the energy consumption of code, the
energy savings they deliver do not always offset their own energy costs. In some cases,
the optimized code must be executed tens of thousands of times before the energy spent
on optimization is compensated by the energy saved. For example, a large model like
DeepSeek-R1-14B combined with a powerful optimization method can reduce energy usage
by up to 49% on average, but only becomes energetically beneficial after approximately
200,000 executions. In contrast, smaller models like Qwen2.5-Coder-7B can achieve
worthwhile savings with far fewer executions, making them more suitable for lightly
used code samples or one-off scripts. Notably, in some high-consumption scenarios, we
observed energy reductions from 318 J to just 2.6 J, which offset the optimization cost in
under 100 executions. These findings demonstrate that while LLM-based optimization
can yield substantial energy savings, its actual profitability is highly context-dependent
and must be carefully evaluated based on how frequently the optimized code is expected
to run.

The remainder of this chapter is structured as follows : In section 6.2, we explain the
methodology of our experiment. We report our results in section 6.3 and discuss them in
section 6.4. Finally, we discuss our limits in section 6.5 and conclude in section 6.6.

6.2 Methodology

In this section, we explain how we set up and led our experiment. Namely, we list the
various optimization methods we chose and how we implemented them, as well as the
LLMs chosen to be used alongside the optimization methods. We also present the metrics
considered to analyze our results.

6.2.1 Dataset

We evaluated the optimization methods on the 118 tasks from the EvalPerf dataset [64],
which is based on HumanEval+ and MBPP+. This dataset is well-suited for our
evaluation purposes as it contains both performance-exercising programming tasks and
tests, as well as reference solutions with varied performances. EvalPerf’s tasks were
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selected because they are computationally non-trivial, which enable a higher runtime
variation in the possible solutions of the tasks. This higher variation, coupled with the
performance exercising tests make it easier to differentiate good and bad optimizations.

6.2.2 Methods and their implementation

We selected 8 methods to optimize code, which can be classified in two distinct categories:
i) single-code optimizers and ii) batching optimizers. Single-code optimizers take one
sample as input and output one code sample, while batching optimizers may take multiple
inputs and output multiple samples. The key consideration about batching optimizers
is that they produce batches of code samples, in which only the sample with the best
performance, in terms of number of CPU instructions, is selected as a result for analysis.

The single-code optimization methods considered in this study are:

• Simple prompting. This method consists of simply asking the LLM to optimize
the program.

• Chain-of-Thought prompting (CoT). This method [106] is similar to simple
prompting, but asks the LLM to think step by step before generating its answer.

• Chain-of-Draft prompting (CoD). This method [110], while being inspired by
CoT prompting, aims at reducing the number of tokens produced by the LLM by
prompting it with the instruction “Keep a minimum draft for each thinking step,
with 5 words at most”.

• Self-refinement with Natural Language Feedback. This method and the
associated prompts come from the works of Madaan et al. [71] and Waghjale et
al. [103], respectively. For every code sample, the LLM is prompted to give feedback
on the solution, then prompted a second time to optimize/fix the code sample.

• Self-refinement with Execution Feedback. This method and the associated
prompts come from Waghjale et al. [103]. Instead of LLM-generated natural
language feedback, the LLM is enhanced with execution feedback, which includes
either runtime information or test execution results, depending on whether the
sample passes the unit tests.

The batching optimization methods considered in this study are:

• LLM4EFFI. This method [112] revolves around the idea of first producing a
correct and efficient algorithm, and then producing the corresponding code. In this
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method, iteration 0, which is normally used to generate the baseline, is tasked with
generating efficient code, and the subsequent iterations, which are normally used to
optimize the samples, are only focused on improving the correctness of non-correct
samples. Using this method, 10 algorithms and their associated code samples are
generated to produce a single result, which is the fastest of the code samples. As
we use our own test cases, we did not implement the test case generation feature of
LLM4EFFI. LLM4EFFI generates batches containing 10 samples.

• Evolution of Heuristics (EoH). This method from Liu et al. [62] uses an
evolutionary algorithm to make LLMs produce better code. While this method was
used on optimization problems, such as the traveling salesman problem, we thought
it would be interesting to apply it to code optimization. Instead of evolving the code
samples directly, this method uses the LLM to evolve ideas (heuristics) through
various mutations. Each idea is also associated with a code sample generated
with the idea. We set the population size parameter to 10 (meaning, after every
generation of 50 heuristics, only the 10 best heuristics are selected), and the parents
parameter (for exploratory mutations) to 3. EoH generates batches of 10 or 50
samples, depending on the amount of correct samples in the input. If at least one
correct samples is found, then the batch size is 50, as 10 samples are sampled for
each of the five mutation, otherwise, the batch size is 10, as 10 samples are selected
and a fix is attempted on them.

• Simple10 (custom method). As LLM4EFFI and EoH both generate batches
of optimizations and take the best one out of the batch, they are set apart from
the other methods which generate single code optimizations (“batches” of one
optimization). To study whether the differences between LLM4EFFI and EoH and
the single-code optimizers are due to their higher batch size, or due to other aspects
of the methods, we implemented Simple10, a variant of the simple method which
generates batches of 10 optimizations using the prompt from the simple method,
and considers the best sample of the batch as the result.

6.2.3 LLMs under study

During our study, we tested the optimization methods using 5 different LLMs. The
models we used were Starcoder2-15B (instruct), Qwen2.5-Coder-{3,7,14}B (instruct)
and DeepSeek-R1-Distill-Qwen-14B. We selected those models specifically because we
wanted to see the difference between models of different families and sizes, and between
instruction-tuned models and reasoning models.
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6.2.4 Experimental setup

Our experiment aims to optimize code samples using LLMs in multiple iterations while
assessing the energy consumption of the optimization process as well as the energy
consumption of the programs before and after optimization. Thus, we split our exper-
iment into two distinct phases: a) the optimization phase and b) the program energy
consumption evaluation phase. Separating the experiment into these two phases helped
us manage our server budget, as evaluating the energy consumption of the programs
is not required by the optimization process and does not need GPUs. Our experiment
was conducted on the 118 tasks from the EvalPerf dataset with 8 optimization methods,
using 5 models. For a given configuration (i.e., method + model combination) and
for the single-code optimization methods, 40 independent samples were generated by
task. Simple10 generated 40 independent batches by task, EoH generated 3 independent
batches by task and LLM4EFFI generated 5 independent batches by task.
Optimization phase. The optimization phase consists of one base iteration (iteration 0)
and four optimization iterations (iterations 1–4). Each iteration is split into three steps:
i) code generation ii) correctness evaluation and iii) performance evaluation. In the base
iteration (iteration 0), during the code generation step and depending on the optimization
method, we either generate a solution to a problem, or use the optimization method to
generate a solution if the method allows it (LLM4EFFI and EoH are the only two methods
concerned). The code samples that were generated in iteration 0 with just the problem’s
base prompt are then used as baseline for comparison with the optimized programs. In
subsequent iterations, in the code generation step, we generate optimizations of samples
from the previous iteration using the optimization methods’ techniques.

In the correctness evaluation step and performance evaluation step, we evaluate
each code sample that was produced during this iteration using the correctness and
performance tests from EvalPerf. Only samples that passed all the correctness tests are
evaluated on performance. During each step of the optimization process, we measured
the energy consumed by the machine. While the CPU was always taken into account,
the GPU was only recorded during the code generation phase, as it is the only one using
the GPU. Additionally, at the start of each iteration, we performed a calibration for 30
seconds where we recorded the energy consumption of the machine at rest.

Program energy consumption evaluation phase. During this phase, we measured the
marginal CPU energy consumption of every valid sample that was generated in the
optimization phase. The samples were executed with the performance-exercising tests
from EvalPerf. Before evaluating each configuration, a calibration phase of 30 seconds
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was realized, in order to get the idle consumption of the machine. This idle consumption
as well as the energy measured during the evaluation were used to calculate the marginal
energy consumption of the samples [50]. When measuring the energy consumption of the
samples, our idle measures had a coefficient of variation of 0.014, which indicates a great
stability of the measures across the runs.

To increase the accuracy of our results, we repeated each sample’s execution until at
least one second was elapsed. As we had to evaluate 1,147,198 samples, this minimum
duration seemed like a good trade-off between measure accuracy and feasibility of the
experiment. When analyzing the data, to aggregate the energy consumption at the task
level and then at the configuration level, we either averaged the energy consumption of all
generated samples for single-code optimizers or averaged the energy consumption of the
best samples from each batch for batching optimizers. Many parts of our experiment were
built upon the EvalPerf and DPE experiment framework from Liu et al. [64]. Namely,
we adapted their generation and evaluation framework to fit our needs.

6.2.5 Hardware and software setup

The optimization-related phases of our experiment ran on devices with 1 AMD EPYC
7513 (Zen 3), as well as 4 Nvidia A100-SMX4-40GB. The energy profiling of the individual
samples was executed on devices with 2 AMD EPYC 7301 (Zen). We used VLLM [54] to
run our LLMs. It was executed using Docker, with tensor parallelism set to 4 (the match
the number of GPUs). The generations made by the LLMs were made using temperature
of 0.2, which is the temperature that was chosen by most of the previous studies on
LLM-based optimization. To maximize GPU usage and get more realistic energy data,
generation requests were sent concurrently, and then batched internally by VLLM.

In total, this experiment consumed 651.24 KWh which amounts to 36.47 kg of CO2eq
using France’s energy mix’s carbon intensity, which is where the servers hosting the
experiment were located. The replication package of our experiment, with all of the data
from our experiment as well as a companion notebook with additional figures and tables
is available at https://doi.org/10.5281/zenodo.15526179.

6.2.6 Evaluation metrics

To evaluate the quality of the optimization methods and models, we used multiple metrics
to quantify the performance of the samples generated, their correctness as well as their
energy cost.

https://doi.org/10.5281/zenodo.15526179
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DPSnorm. The Differential Performance Score (DPS) is a metric developed by Liu et
al. [64]. DPS uses clustering to more accurately assess the runtime performance of a given
program on a lot of different tasks, compared to traditional metrics such as speedup.
This metric is based on CPU performance counters, which is more reliable than CPU
time. Given a set of reference solutions to a problem and a sample solution, the DPS is
the cumulative ratio of the reference that is immediately slower than the sample solution.
For example, a DPS of 80% implies that overall the LLM generates code whose efficiency
can match or improve 80% of all LLM-generated solutions. We use a variant of DPS,
named DPSnorm, a normalized version of DPS that ignores the volume of solutions at
each level of efficiency. This metric is more suitable for our study as it is better at
highlighting differences in efficiency levels among a large variety of tasks. We also define
the DPSnorm∆ as the difference in the DPSnorm of the baseline and the DPSnorm obtained
in the final optimization iteration.

Pass@k. We evaluate the correctness of the code produced by a given method using the
Pass@1 developed by Chen et al. [20]. This metric represents the proportion of generated
samples that are functionally correct, that is they pass all the unit tests of the problem.
For optimization methods that produce batches of samples (e.g., EoH, LLM4EFFI, Sim-
ple10), we compute Pass@1 over all individual samples in the batch, regardless of whether
they were ultimately selected as the final result. However, since this does not necessarily
reflect the correctness of the selected output, we additionally introduce a metric called
Pass@result. This metric evaluates the correctness of the chosen result per optimization
attempt: for single-code optimizers, Pass@result is equivalent to Pass@1, as only one
sample is generated per attempt; for batch-based optimizers, Pass@result measures the
proportion of batches whose selected result passes all tests. In this sense, Pass@result acts
as a dynamic variant of Pass@k, where k corresponds to the batch size used by the method.

Efficient@k. We adapt the Efficient@k metric from Peng et al. [82]. While pass@k is the
probability of generating a correct solution, Efficient@k is the probability that at least
one of the top-k correct code samples for a problem is more efficient than our baseline.
For example, an Efficient@1 of 0.7 means that 70% of the generations that are correct
are also better than the baseline. Our version of the metric is slightly different from
the original one, because incorrect samples are excluded from its calculation whereas, in
the original, incorrect samples would count as “not more efficient” samples and lower
the score. We chose to alter the metric in order to really focus on the probability of a
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successful optimization to actually be faster than the baseline.

Energy reduction. While the Efficient@k gives us a good idea of the probability of a
successful optimization, the Energy reduction is designed to give insights on how much
more efficient the optimized code is compared to the baseline. The Energy reduction is
simply defined as the ratio of the energy consumed by the optimized sample over the
energy consumed by the baseline. For instance, an Energy reduction score of 0.60 means
that the optimized sample’s energy consumption is 40% lower than that of the baseline.

Break-Even Point (BEP). Let eorig be the energy consumed per execution of the original
(non-optimized) program, eopt be the energy consumed per execution of the optimized
program, and Eoptim be the one-time energy cost of the optimization process. The BEP
is defined as:

BEP = Eoptim

eorig − eopt

This metric captures the number of executions required for the cumulative energy
savings of the optimized program to outweigh the energy cost of performing the optimiza-
tion. In the case where the “optimized” version of the program consumes more energy
than its original version, then the BEP is considered as undefined and is not taken into
account in further calculations.

To obtain more representative averages for BEP and Energy reduction, we removed the
lowest and highest 5% of values across tasks before computing the mean. This approach is
standard in robust statistical analysis [107] and was chosen due to the heavy-tailed nature
of these metrics, which are especially sensitive to rare but extreme outliers. We confirmed
that this trimming did not alter the overall trends observed across configurations.

6.3 Results

In this section, we share our results addressing the three research questions targeting
(i) the optimization capacity of the tested methods (subsection 6.3.1), (ii) the energy
consumption of the optimization process (subsection 6.3.2), and (iii) the cost-effectiveness
of code optimization (subsection 6.3.3).
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Figure 6.1: DPSnorm∆ of each method and model combination, at the last iteration.
Negative results show decreases in DPSnorm compared to the baseline. A higher DPSnorm∆
is better.

6.3.1 RQ1: What is the best method to optimize code?

The optimization methods we evaluated exhibited varying performance in terms of both
their capacity to optimize code and their ability to maintain sample correctness.

Optimization capacity. To visualize the optimization capacity of each method, Fig-
ure 6.1 reports on the performance improvements in DPSnorm across all method-model
combinations. The batching-based methods (EoH, LLM4EFFI and Simple10) exhibit the
best optimization capacity and show the highest average gains over the baseline—i.e.,
13.24, 7.46 and 7.99 DPSnorm points by the final iteration, respectively. In contrast, other
methods show more modest optimization capacities, with overall DPSnorm gains ranging
from −3.12 (Self-Refine-NL) to 1.83 (Simple). In particular, some methods tend to de-
crease the overall performance during the optimization process. Namely, Self-Refine-NL
significantly reduces the average DPSnorm of the programs, particularly when combined
with the DeepSeek-R1 model, resulting in a drop of 5.03 DPSnorm points. We hypothesize
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that this reduction stems from the model’s extensive reasoning steps, which may lead to
inefficient optimizations.

As shown in Figure 6.1 and Table 6.2, Simple10 often matches or outperforms EoH
and LLM4EFFI in terms of optimization capacity. Although one might assume that
LLM4EFFI and EoH outperform traditional optimizers due to their “ideas before code”
approach, this assumption is challenged by the effectiveness of a simple batch strategy,
like Simple10, which achieves comparable or better results on several models. While
LLM4EFFI has a better DPSnorm at iteration 0, it is eventually matched by Simple10
at iteration 2 (Figure 6.2). However, as reported in Table 6.2, Simple10 achieves a
notably lower Pass@result score (60.41) compared to EoH (91.41) and LLM4EFFI (90.07),
indicating a higher likelihood of producing incorrect final outputs. This suggests that,
while naive batching can enhance optimization capacity, it may do so at the expense
of correctness. The stronger correctness of EoH and LLM4EFFI highlights that their
success is likely not due to batching alone, but also to additional factors such as explicit
correctness refinement (in LLM4EFFI) or evolutionary selection mechanisms (in EoH).

Figure 6.2 further illustrates how both the optimization capacity and correctness
evolve over iterations. For most methods, DPSnorm peaks at iteration 2, with further rounds
either stabilising or decreasing performance. One exception is EoH, which continues
improving until plateauing at iteration 4. LLM4EFFI, in contrast, peaks early. Indeed,
optimization occurs at iteration 0, any subsequent DPSnorm gains only resulting from
converting invalid code into valid code.
Correctness of the optimizations. As shown in Figure 6.2, all methods but EoH and
LLM4EFFI decrease in correctness over iterations. This trend is expected for methods
focusing primarily on optimization, such as Simple, CoT and CoD, but is more surprising
for methods like Self-Refine-Exec and Self-Refine-NL, which are designed to preserve
correctness over iterations. Self-Refine-Exec, nonetheless, is the best single-code optimizer
thanks to its use of test failures in prompts, enabling effective error correction. These
results are consistent with those of Waghjale et al. on similar optimizers [103].

In contrast, LLM4EFFI and EoH improve the average correctness of the code over
time, albeit relying on different mechanisms. After the initial generation, LLM4EFFI
only focuses on improving code correctness. This avoids re-optimizing valid code, thereby
reducing the risk of invalidation. EoH, leveraging evolutionary algorithms to implement
its selection phase, retains only valid samples in each generation and attempts to repair
non-passing solutions if no valid ones are found in a batch, as it is not able to produce
optimizations without valid code samples.
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Cumulative energy cost of one optimization (Wh)
optimizer Iter-0 Iter-1 Iter-2 Iter-3 Iter-4
CoD 0.79 0.86 0.94 1.02 1.09
CoT 0.79 0.94 1.12 1.34 1.53
EoH 0.74 6.15 10.18 14.11 18.19
LLM4EFFI 3.75 5.06 5.73 6.32 6.85
Self-Refine-Exec 0.79 0.96 1.15 1.37 1.62
Self-Refine-NL 0.79 1.04 1.45 1.92 2.39
Simple 0.79 0.94 1.06 1.18 1.30
Simple10 0.79 2.47 3.81 5.10 6.31

Table 6.1: Total energy cost to get one optimized result at the last iteration depending
on the optimization method over all models. For all methods but EoH and LLM4EFFI,
Iter-0 is the baseline generation phase.

RQ1: Our results show that optimization capacity is strongly influenced by both
the method and the LLM used. Most methods failed to reliably outperform the base-
line, but batching-based optimization methods demonstrated superior performance.
Interestingly, Simple10 often matched or exceeded the optimization capacity of more
complex methods, highlighting that performance gains can result from effective
sampling rather than complexity alone. These findings emphasize that effective
optimization does not solely depend on complex reasoning or additional refinement
steps, but also on strategic sample selection and iterative control. Selecting an
appropriate optimization strategy thus requires balancing performance gains with
the risk of introducing errors, especially in iterative workflows.

6.3.2 RQ2: What is the energy necessary to produce one opti-
mized result?

To answer this question, we first present the distribution of energy consumption across
the phases of the optimization process, and we then examine the energy consumption
required to produce one optimized result in four iterations of optimization.

Energy usage by phase. The generation phase accounts for between 90.3% (Qwen2.5-
Coder-7B) and 99.2% (DeepSeek-R1-14B) of the total energy consumed during the
optimization process. On average, about two-thirds of the remaining energy is consumed
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Method Iteration Efficient@1 Energy reduction Energy / result (Wh) BEP Pass@1 Pass@result DPSnorm DPSnorm∆
CoD 2 0.819 0.803 0.94 63,086 68.1 68.1 78.1 1.09
CoT 2 0.712 0.912 1.12 95,870 62.7 62.7 78.0 0.96
EoH 2 0.869 0.664 10.18 65,100 69.3 90.2 89.6 12.6
LLM4EFFI 2 0.822 0.759 5.73 84,949 73.4 89.6 84.5 7.44
Self-Refine-Exec 2 0.758 0.822 1.15 109,913 73.1 73.1 78.1 1.08
Self-Refine-NL 2 0.725 0.921 1.45 173,683 51.7 51.7 74.8 -2.21
Simple 2 0.729 0.894 1.06 91,827 66.8 66.8 78.8 1.75
Simple10 2 0.717 0.968 3.81 155,938 66.5 62.0 85.1 8.05
CoD 4 0.795 0.821 1.09 63,586 63.4 63.4 78.7 1.68
CoT 4 0.8 0.808 1.53 102,824 53.9 53.9 77.7 0.65
EoH 4 0.759 0.786 18.19 138,997 70.7 91.4 90.3 13.24
LLM4EFFI 4 0.803 0.789 6.85 104,299 74.8 90.1 84.5 7.46
Self-Refine-Exec 4 0.737 0.877 1.62 153,831 70.3 70.3 78.0 0.96
Self-Refine-NL 4 0.783 0.849 2.39 381,912 44.4 44.4 73.9 -3.12
Simple 4 0.734 0.914 1.30 116,947 61.0 61.0 78.8 1.83
Simple10 4 0.792 0.874 6.31 310,219 59.4 60.4 85.0 7.99

Table 6.2: Energy profitability, correctness and performance of the methods at iteration
2 and 4, over all models. The optimization cost per result is the cumulative cost over all
iterations.

by the correctness evaluation (from 0.48% to 6.41%), and one-third by the performance
evaluation (from 0.34% to 3.29%). This result is not surprising for the generation phase,
as it is the only phase involving an LLM and the GPUs. Interestingly, the energy usage is
more influenced by the duration of this phase than by GPU power draw. Indeed, during
generation, GPU power remained stable, but latencies varied significantly between models.
For instance, generating baseline samples took 195 seconds with Qwen2.5-Coder-3B,
while DeepSeek-R1-14B required 9,980 seconds for the same task.

Correctness evaluation consumes twice as much energy as performance evaluation
primarily because many generated samples hit the timeout limit during this phase, either
due to high time complexity or infinite loops. Since performance is only evaluated on
samples that pass the correctness phase, the most computationally expensive ones are
already excluded.

Energy usage of the models. Results in Table 6.3 show that larger models tend to con-
sume more energy than smaller ones. For instance, Qwen2.5-Coder-14B and Starcoder2
(14B) require respectively 2.48 and 2.37 Wh per optimization, while the 3B and 7B
variants of Qwen2.5-Coder only need 1.87 and 1.69 Wh. Interestingly, DeepSeek-R1-14B
is the costliest model in terms of energy, with an average optimization cost of 16.15 Wh.
While the architecture of the model itself can impact its consumption, the energy overhead
of the optimization process in the DeepSeek-R1 model is largely due to its reasoning phase.

Energy usage of the optimization methods. Interestingly, as reported in Figure 6.3,
the ranking of optimization methods by the energy required to produce one optimization
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varies across models. For most models, EoH is the most energy-intensive, whereas for
StarCoder2, LLM4EFFI consumes the most. This discrepancy arises because LLM4EFFI
may repeat its task formalization step until a satisfactory prompt is found, leading to
additional inference rounds depending on the model’s response quality. We observed
that the most energy efficient configuration was Qwen2.5-Coder-14B and CoD with an
energy per optimization at iteration 4 of 0.10 Wh. On the other hand, the most energy-
intensive configuration was DeepSeek-R1-14B and EoH with 52.6 Wh per optimization
at iteration 4, which is almost 500 times more expensive. This underscores how much
the choice of the configuration can impact the energy consumption of the optimization.
In Table 6.1, we present the evolution over time of the energy required to produce one
optimization depending on the optimization method.

Model Efficient@1 Energy reduction Optimization cost / result (Wh) BEP Pass@1 Pass@result DPSnorm DPSnorm∆
DeepSeek-R1-14B 0.907 0.625 16.15 459,057 63.5 61.4 82.8 4.57
Qwen2.5-Coder-14B 0.716 0.877 2.48 126,042 71.8 77.4 82.4 5.35
Qwen2.5-Coder-3B 0.691 0.941 1.87 110,706 52.0 61.1 80.7 2.53
Qwen2.5-Coder-7B 0.802 0.831 1.69 66,889 66.4 73.7 82.3 4.32
StarCoder2 0.762 0.924 2.37 95,192 57.4 60.6 76.2 2.4

Table 6.3: Energy profitability, correctness and performance of the models tested at the
last iteration over all methods. The optimization cost per result is the cumulative cost
over all iterations.

Thanks to the fewer generations they make, single-code methods require much less
energy to optimize code than batching methods. As expected, Chain-of-Draft prompts the
model to generate fewer tokens, thus reducing the energy use (1.09 Wh). This leads to a
threefold reduction in energy per optimization compared the traditional Chain-of-Thought
(1.53 Wh). Among single-code methods, Self-Refine-NL is the most energy-intensive
(2.39 Wh), mainly because it requires an additional feedback generation round from the
LLM which increases the total number of tokens generated.

While LLM4EFFI and Simple10 have similar batch sizes, LLM4EFFI’s energy per
result increases more slowly between iterations (+0.53 Wh vs +1.21 Wh of additional
energy between iteration 3 and 4) as shown in Table 6.1. This is because LLM4EFFI
stops optimizing samples once they are correct, whereas Simple10 tries to optimize a
sample regardless of correctness or performance.
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RQ2: The energy required to produce a single optimized result after four optimization
rounds varies significantly depending on the model and optimization method, ranging
from 0.10 Wh to 52.6 Wh. Larger models and those that rely on complex reasoning
tend to consume more energy. Additionally, optimization methods that involve
more inference steps or require longer outputs from the model further increase
energy consumption. These findings underscore the need to balance optimization
effectiveness with energy efficiency, particularly when selecting models and strategies
for large-scale or repeated code optimization tasks.

6.3.3 RQ3: In terms of energy, at what point is it profitable to
optimize a given code?

Having assessed both the optimization capacity and energy consumption of all evaluated
models and methods, we now discuss their energy profitability, synthesized in Table 6.2
and Table 6.3. Surprisingly, all models achieved relatively consistent Efficient@1 scores,
ranging from 0.734 (Simple) to 0.803 (LLM4EFFI). This indicates that all models
are generally able to reduce the energy consumption of at least 73.4% of the samples
below the consumption of the baseline, provided their solution is correct. In terms of
absolute energy savings, EoH and LLM4EFFI were the most effective, with reductions of
approximately 21%, in contrast with other methods such as Simple which only reduced
energy consumption by 8.6%. Notably, although Simple10 was the second most effective
method in terms of optimization capacity, it ranked only sixth in terms of energy savings.

The break-even point (BEP)—i.e., the number of executions required for an opti-
mization to offset its energy cost—varied significantly across methods, ranging from
63,586 (CoD) to 381,912 (Self-Refine-NL) executions. Even the most energy-efficient
method in terms of BEP still requires, on average, tens of thousands of executions to
justify optimization from an energy perspective. Among models, DeepSeek-R1-14B
demonstrated the highest Efficient@1 and Energy reduction scores. However, it is also the
model for which it takes the most executions to reach the break-even point, suggesting
that its substantial energy savings only become profitable in the long run. Interestingly,
while Qwen2.5-Coder-14B showed the best optimization capacity in previous analyses, its
smaller variant, Qwen2.5-Coder-7B, outperformed it in terms of energy efficiency. The
7B model also had a lower BEP, making it the most cost-effective choice within its family.

The configuration combining DeepSeek-R1-14B with EoH led to the highest reduction
in energy consumption, with an Efficient@1 of 0.924, an Energy reduction of 0?493, and
a BEP of 220,324. While this configuration has a high BEP, it can be advantageous for
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highly energy-intensive code. For instance, one baseline solution consumed an average
energy consumption of 318 J, which was reduced to 2.6 J thanks to this configuration,
resulting in a BEP of only 74 executions. On the other hand, the configuration using
Qwen2.5-Coder-7B with CoD resulted in one of the lowest BEP scores, with an Efficient@1
of 0.805, an Energy reduction of 0.869, and a BEP of 24,016 executions.

Using one “heavyweight” or “lightweight” configuration ultimately depends on the
anticipated usage patterns of the optimized code. Heavyweight setups, while energy-
intensive during optimization, are suitable for optimizing code that is frequently executed
or particularly energy-demanding. Lightweight configurations, on the other hand, offer
lower energy costs per optimization and are preferable when optimizing a large number
of infrequently executed code samples. In scenarios where the code is unlikely to be
executed enough to reach the BEP, not optimizing at all may be the most energy-efficient
choice.

Table 6.2 shows that running optimizations for two iterations instead of four can
be more profitable in terms of energy. Indeed, for most methods, optimizing after the
second iteration yields diminishing returns. For instance, EoH Efficient@1 and energy
reduction actually worsen at iteration 4, and while Simple10 does get better in terms of
Efficient@1 and energy reduction at iteration 4, it almost doubles its BEP. This shows that
in order not to waste a great amount of energy and computing power, careful control of
the number of optimization rounds is required.

Interestingly, the optimization capacity of a configuration, as measured by DPSnorm∆,
and its energy reduction have a Pearson correlation coefficient of only −0.29, indicating
that they are weakly correlated. Whereas at the sample level, there is a strong correlation
(0.81) between the number of CPU instructions and the energy consumed by the sample.
These results outline the need for the development of more energy-aware optimization
methods that specifically include energy-related metrics.
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RQ3: While most optimization methods and models consistently reduce energy
consumption, their energy profitability strongly depends on usage context. High-
performance configurations, such as DeepSeek-R1-14B with EoH, offer substantial
energy reductions but require a high number of executions to break even, making them
suitable for energy-intensive or frequently executed code. In contrast, lightweight
setups, like Qwen2.5-Coder-7B with CoD, yield competitive energy gains at a much
lower cost, offering a better trade-off for less intensive scenarios. Additionally,
running multiple rounds of optimization leads to diminishing returns in terms of
energy consumption. These results highlight the importance of selecting optimization
strategies not only based on raw performance but also on their contextual profitability,
emphasizing that energy-aware optimization should be tailored to the usage patterns
of the target code. A careful planning of the number of optimization rounds is also
required in order not to waste computing resources.

6.4 Discussion

6.4.1 Practical implications

Our findings offer concrete guidance for software engineers seeking to integrate LLM-
based optimizers into real-world development workflows. First, the decision to invoke
optimization should depend on the expected execution frequency and energy profile of
the target code. Code that powers latency-sensitive hot paths or runs in large batch
jobs thousands of times per day can amortize even “heavyweight” optimization costs.
Conversely, for one-off scripts or lightly used utilities, using a “lightweight” setup or even
skipping optimization may be the more energy-efficient choice.

Second, model and method selection should follow simple heuristics: choose smaller,
faster models with token-efficient prompting when the anticipated run count is low,
and reserve larger, reasoning-heavy configurations for code that will be executed at
scale. Additionally, the number of optimization rounds should be carefully considered,
depending on the method used.

Finally, integrating energy-aware optimization into existing CI/CD pipelines (like
Google did with their ECO tool [61]) requires reliable instrumentation. Teams must
measure both the energy consumed by the optimizer (e.g., via GPU power meters or
software hooks) and the downstream savings achieved on representative workloads. Inte-
grating energy regression detection directly into the CI/CD pipeline can help developers
focus their use of LLM-based optimizers [25]. Only with this telemetry can teams enforce
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energy budgets, detect regressions, and adapt optimization policies according to changing
usage patterns.

6.4.2 Decoupling performance and energy

A core insight from our study is that improvements in performance metrics do not
automatically translate into energy savings. We observe a weak negative Pearson
correlation (−0.29) between normalized performance gains (DPSnorm) and measured
energy reduction at the configuration level. Consequently, benchmarks that report only
runtime metrics gains risk overstating environmental benefits. Our results underscore the
need for benchmarks that report execution time, energy consumption, and optimization
overhead. Such multi-metric evaluations will help practitioners and researchers avoid
“greenwashing” speedups and ensure that reported performance gains correspond to
genuine reductions in energy footprint. Further research is needed to evaluate the
correlation between energy reduction and other performance metrics, such as Beyond [32],
eff@k [87] or even CPU instructions-based speedups [82].

6.4.3 The pitfalls of chasing efficiency alone

While our study demonstrates that LLM-based optimization methods can yield significant
runtime and energy improvements, pursuing efficiency in isolation risks unintended
environmental and societal consequences. First, efficiency gains often trigger rebound
effects, whereby lower unit costs or faster runtimes induce a greater overall usage. For
example, a development team that reduces optimization latency by 50% may be tempted
to apply the optimizer not only in production pipelines but also in exploratory and CI
workloads, effectively increasing total energy consumption rather than reducing it [67].
In extreme cases, rapid, near-free optimizations might even encourage “optimizing for
optimization’s sake,” multiplying inference calls and model training with negligible
per-run cost but huge aggregate footprint.

Second, energy consumption is only one dimension of AI’s environmental impact.
LLM inference depends on extensive GPU clusters, whose manufacture and operation
deplete abiotic resources, consume vast quantities of water for cooling, and generate
e-waste when hardware is replaced [109, 14, 18]. These embodied and indirect impacts are
not captured by our energy-only metrics but can outweigh operational savings over the
hardware life-cycle. For instance, a single optimizer rollout on a state-of-the-art model
might save 100 J of energy per invocation, but the GPU fabrication and data-center
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cooling required to support that model can entail thousands of liters of water and tens
of kilograms of rare-earth mining per server.

Finally, by treating efficiency as entirely beneficial, we risk normalizing ever-greater
dependence on opaque, proprietary LLM services. Organizations pursuing “green code”
may inadvertently reinforce centralized cloud infrastructures, further entrenching water-
intensive data-center construction and prolonging hardware refresh cycles. A more holistic
approach, one that couples efficiency targets with usage caps, transparency in resource
accounting, and incentives for lightweight or on-device solutions, is therefore essential to
truly reducing environmental impact rather than simply shifting the burden [67].

6.5 Limitations & Threats to Validity

While our study provides novel insights into the energy and performance trade-offs
of LLM-based code optimization, several limitations constrain the generalizability of
our findings. First, we rely exclusively on the EvalPerf benchmark, which focuses on
CPU-bound algorithmic tasks. This dataset consists of small programs, often containing
one or two functions that solve an algorithmic problem. As such, it does not capture
I/O-bound programs, large data-processing pipelines, or real-world microservices, all
of which exhibit distinct performance and energy profiles. As a result, our break-even
estimates and energy savings percentages may not generalize to domains where memory
bandwidth, network latency, or storage I/O dominate. Consequently, there is an urgent
need for new LLM-evaluation datasets that encompasses broader software engineering
tasks.

Second, our measurements were conducted on NVIDIA A100 GPUs in a controlled
environment. Consumer-grade GPUs, CPU inference, and diverse datacenter cooling
and power infrastructures can exhibit substantially different power draw curves and
thermal behaviors. Therefore, the absolute energy figures we report (e.g., joules per
optimization) should be interpreted as indicative rather than definitive, and practitioners
should recalibrate our findings to their target hardware.

Third, to increase the precision of the results, we evaluate the code samples with
a minimum measurement duration of 1 second. While we noticed a strong correlation
between the energy usage and the number of CPU instructions of the samples–indicating
a stable enough measuring setup, this measurement duration might still be too short for
an accurate comparison of the programs’ energy measurements, which, in turn, might
incur biases and errors in our results.
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Finally, we evaluated only five LLMs that represent current state-of-the-art code-
specialized and general-purpose architectures. Given the rapid pace of model devel-
opment, quantized, distilled, or next-generation transformers may offer different en-
ergy–performance trade-offs than those we observed. Thus, our conclusions about model
ranking and break-even behavior may shift as new architectures emerge. Extending
our framework to include a broader array of models will be necessary to confirm the
robustness of these trends.

6.6 Conclusion
In this chapter, we provided an answer to the questions “What is the real energy cost of
using LLM-powered code optimizers? Is the performance and energy gain of optimized
code sufficient to justify the energy cost of optimization?” by systematically evaluating
a broad spectrum of LLM-based optimization methods and models, quantifying their
performance improvements, correctness preservation, and energy implications. Our
results demonstrate that batching strategies, such as EoH and LLM4EFFI, deliver the
strongest performance improvement while maintaining correctness over multiple iterations
at the cost of a higher energy consumption. Energy profiling revealed that generating
the optimization dominates the optimization pipeline, and that larger models incur
disproportionately high energy costs. Most importantly, we showed that the energy
“break-even” point for these methods can range from under 100 to over 105 executions,
underscoring the necessity of usage-aware, energy-centric decision making when adopting
LLM-driven optimizers.

Looking forward, our study highlights both the potential and the pitfalls of integrating
LLMs into energy-sensitive software workflows. While “heavyweight” configurations can
yield dramatic energy reductions in hot-path code, “lightweight” setups or even selective
forgoing of optimization may be more prudent for less frequently run tasks. Moreover,
the broader environmental footprint of LLM inference, encompassing resource extraction,
water use, and data-center operations, demands a nuanced perspective beyond operational
energy metrics alone. We hope this work serves as a foundation for future research
on adaptive, energy-aware optimization frameworks and green AI methods that jointly
balance performance and sustainability.
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Chapter 7

Conclusion

In this chapter, I summarize this thesis by synthesizing my contributions and by providing
perspectives related to the work presented in this thesis.

7.1 Summary of the contributions
In this thesis, I set out to explore the energy impact of using Large Language Models
(LLMs) in software engineering, specifically for code generation and optimization. This
exploration was guided by the overarching question “What is the negative and
positive energy impact of code LLMs?” which gave rise to three empirical contri-
butions pertaining to parts of this question, each offering a distinct perspective on the
sustainability of LLMs in software development.

The first contribution focused on the performance of LLM-generated code using
Leetcode as an evaluation framework. Through a large-scale benchmarking of 18 LLMs
across 204 programming tasks, this study introduced a novel methodology to measure
the runtime efficiency of generated solutions. The results revealed that while LLMs can
often produce code that is competitive, sometimes even outperforming human-written
solutions, model configuration (e.g., temperature) plays a major role in determining
efficiency and correctness. This work also exposed critical methodological limitations in
using public benchmarks like Leetcode due to data contamination, highlighting the need
for more robust evaluation protocols.

The second contribution quantified the energy consumption of LLM-powered code
assistants through a user study involving GitHub Copilot. By replaying development
traces on inference servers, the study demonstrated that a significant share of energy is
wasted on unused or cancelled suggestions. It also identified several levers for reducing
energy use, such as shifting from automatic to manual suggestion modes, optimizing
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server configurations, and employing model quantization techniques. This work provided
actionable recommendations for both tool designers and developers, and stressed the
importance of raising user awareness about the hidden energy costs of AI-powered tools.

The third contribution evaluated the net energy impact of LLM-based code op-
timization. It introduced the concept of the Break-Even Point (BEP), the number of
executions required for an optimized program to offset the energy cost of the optimization
itself. While LLMs were shown to significantly reduce execution-time energy usage in
many scenarios, the BEP analysis revealed that these gains are highly context-dependent.
In low-frequency or short-lived applications, the cost of optimization may never be
recovered. Moreover, the study highlighted the fragility of current optimization pipelines,
with correctness rates and performance improvements varying widely across models and
methods.

Taken together, these contributions offer a comprehensive and empirically grounded
view of the environmental trade-offs inherent to using LLMs for software development.
They show that while LLMs hold promise as tools for sustainable software engineering,
this potential is not automatically realized. Rather, it depends on a careful balance
between technical efficiency and mindful usage.

The results I presented in this thesis challenge the simplistic narrative that automation
and AI necessarily lead to environmental benefits. While LLMs can reduce time-to-
solution or improve runtime efficiency, they also consume considerable energy and material
resources in the process. The widespread deployment of such tools risks triggering material,
economic, and behavioral rebound effects that may ultimately worsen the ICT sector’s
footprint.

7.2 Perspectives

While the results presented in this thesis provide insights into the energy impacts of code
assistants and code optimizers, they also open several promising directions for future
research. We outline both short-term and long-term perspectives that could build upon
and expand the contributions of this work.

7.2.1 Short-Term Perspectives

Improving the evaluation of code assistants. While this thesis introduced a
framework to assess the energy cost of using code assistants like GitHub Copilot,
further refinements are warranted. One short-term avenue involves conducting user
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studies with true manual triggering of the code assistant (as opposed to automatic
suggestions or an emulation of the manual triggering), to evaluate how much energy
could realistically be saved and how this affects developer experience and productivity,
this research avenue could leverage the work of Mozannar et al. and Barke et al. [74, 13],
which laid some groundwork on studying the behavior of humans when interacting with
code assistants. Additionally, the existing study could be replicated while focusing on
code quality and correctness of the accepted suggestions, in order to link energy
cost with actual value delivered to the developer. Code quality and correctness of the
suggestions could also be integrated in the study as a quality metric as is latency and
energy cost, which could give more insights into the various possible configurations and
their trade-offs.

Wider configuration and hardware studies. The energy footprint of code assistants
and LLM-based tools depends heavily on their deployment configuration. Similar to
the research by Fernandez et al. and Samsi et al. [36, 91], future work could expand
the empirical evaluations by considering a wider range of inference server config-
urations, including GPU architectures, memory capacities, batching strategies, and
concurrency levels. Similarly, the impact of quantization techniques deserves a more
systematic investigation, especially regarding their trade-offs between accuracy, latency,
and energy consumption.

Broader evaluation of LLM-based code optimization. The study on LLM-based
code optimization presented in chapter 6 focused on a specific benchmark and hardware
setup. A natural follow-up would be to repeat this evaluation on alternative
benchmarks, as presented in subsection 3.3.1, or alternative hardware platforms (notably
other kinds of CPUs and GPUs), to understand how the break-even dynamics change.
Additionally, expanding the set of LLMs and optimization algorithms could
provide a more comprehensive picture of the performance and environmental impact
landscape.

7.2.2 Long-Term Perspectives

Standardizing sustainable code benchmarks and metrics. The recent prolifera-
tion of benchmarks for evaluating LLM-generated code efficiency (e.g., COFFE, ENAMEL
and EvalPerf) provided valuable tools for research. However, the lack of shared standards
across these benchmarks makes it difficult to compare results or synthesize insights. A
fruitful long-term avenue would be to define a unified, extensible benchmarking
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suite for sustainable code generation.1 This could include metrics for correctness,
runtime, memory use, and energy efficiency, as well as standardized test case generators
and contamination-mitigation procedures. Ideally, such a benchmark would support
multiple languages and development tasks, allowing for modular evaluation. While
making a unified benchmark would certainly be quite a feat, it could be helped by reusing
what already works well in the methodologies of existing benchmarks, or using existing
benchmarks’ tasks as subsets of a bigger benchmark. Establishing standards backed
by the community–perhaps through organizations like ML Energy or Boavizta–could
accelerate progress by aligning incentives, improving reproducibility, and making research
findings more interoperable.

Designing sober and sustainable code assistants. Code assistants have the po-
tential to substantially improve developer productivity and code quality. However, as
this thesis has shown, their widespread use can also lead to significant energy overheads,
especially when they are triggered too frequently or deployed inefficiently. A long-term
vision is to develop “sober” code assistants: tools that are designed from the ground up
with restraint and sustainability in mind. This might include adaptive suggestions
that learn a project’s execution history and only suggest high-impact edits (e.g., based
on static analysis or historical usage data), or lightweight inference architectures
that minimize computational demand. Developing such assistants would likely require
performance-oriented datasets that capture development workflows, metrics for balancing
usability with energy cost, and possibly rethinking what “helpfulness” should mean in
the context of sustainable software engineering. The development of sustainable code
assistants could also require novel methods to estimate the energy consumption of
(part of) a program in real time. Additionally, the medium to long term effects
of those code assistants could be studied through A/B studies measuring not just
energy saved, but developer satisfaction, cognitive load, and code quality over weeks of
real use.

Modeling and mitigating rebound effects. Efficiency gains do not always translate
to net resource savings [67]. As hypothesized earlier in the thesis, improvements in LLM
efficiency or optimized code could lead to increased usage (more frequent queries, higher
throughput systems, or more complex applications being deployed) which ultimately
cancels out the environmental benefits. These are known as rebound effects. A compelling
research direction is to model and quantify these effects more rigorously in the

1Relevant XKCD: https://xkcd.com/927/

https://xkcd.com/927/
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context of software engineering. What happens when LLM-based tools make
development too frictionless? Do developers iterate more, accept more marginal
suggestions, or automate tasks they wouldn’t have otherwise? Answering these questions
may require integrating behavioral modeling with monitoring. For example, answers
could be found with empirical studies that instrument CI/CD pipelines and cloud
deployments to track how LLM usage correlates with feature and service production, and
infrastructure scale which could lead to tooling that helps mitigate the rebound effects
(e.g., “energy quotas”). Ultimately, a mature understanding of rebound effects could
guide the responsible design of tools and infrastructures.

End-to-end life cycle assessment of code LLMs. Much of the existing work on
LLM sustainability focuses on energy consumption, particularly during inference. Yet
energy is only one piece of the picture. A more holistic and long-term perspective would
be to develop life cycle assessments of code-focused LLMs and LLM-powered
tools, evaluating not only their electricity usage but also the environmental impacts
of training, hardware manufacturing, deployment infrastructure, water usage, mineral
depletion, and electronic waste. This direction builds on existing efforts such as those
by Berthelot et al. [14] for image models and those by Simon et al. [95] on software,
and would benefit from interdisciplinary collaboration between software engineers,
environmental scientists, hardware manufacturers, and datacenter operators. Such work
would require extensive data collection across multiple layers (e.g., hardware, datacenter
and network.) for use cases specific to code LLMs (e.g., code assistants, CI/CD tooling)
and would need to integrate multiple environmental metrics, that is, not just CO2,
but also water usage, mineral depletion and electronic waste increase. A robust LCA
framework could inform not only academic studies, but also policy decisions, encouraging
more transparent and sustainable AI systems.

These perspectives show that making software development with LLMs more sus-
tainable isn’t just a technical problem: it’s also about how we design, use, and think
about these tools. There’s a lot we can still do, from improving the way we measure their
impact to rethinking how assistants are built and used. There is still a long way to go
until we can make sure that these tools can truly help, not just in terms of productivity,
but also in reducing their environmental footprint. I hope this thesis can contribute,
even in a small way, to that conversation.
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