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GreenMyLLM: Studying the Key Factors Affecting
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Abstract

In recent years, Large Language Models (LLMs) have significantly
improved in generating high-quality code, enabling their integra-
tion into developers’ Integrated Development Environments (IDEs) as
code assistants. These assistants, such as GitHub Copilot, deliver
real-time code suggestions and can greatly enhance developers’
productivity. However, the environmental impact of these tools, in
particular their energy consumption, remains a key concern. This
paper investigates the energy consumption of LLM-based code as-
sistants by simulating developer interactions with GitHub Copilot
and analyzing various configuration factors. We collected a dataset
of development traces from 20 developers and conducted extensive
software project development simulations to measure energy usage
under different scenarios.

Our findings reveal that the energy consumption and latency of
code assistants are influenced by various factors, such as the num-
ber of concurrent developers, model size, quantizationmethods, and
the use of streaming. Notably, a substantial portion of generation
requests made by GitHub Copilot is either canceled or rejected by
developers, indicating a potential area for reducing wasted compu-
tations. Based on these findings, we share actionable insights into
optimizing configurations for different use cases, demonstrating
that careful adjustments can lead to significant energy savings.
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1 Introduction

In recent years, Large Language Models (LLMs) for code have signif-
icantly become better at generating code, facilitating their seamless
integration into developers’ Integrated Development Environments
(IDEs) as code assistants. Code assistants offer auto-completion
suggestions that developers can either accept or reject. The genera-
tion process is typically initiated automatically after a brief pause
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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, the energy consumption of software
has gained prominence as a significant environmental and societal
concern. In the context of Artificial Intelligence (AI), GreenAI has
been defined by Schwartz et al. [29] as research that yields novel
results while considering the computational cost, making prac-
titioners ideally reduce resources spent. Specifically to GreenAI
applied to LLMs, studies have observed the environmental impact
of training and using such LLMs. For instance, Samsi et al. bench-
marked the energy consumption of LLM inference and were able to
estimate the energy of a single response from an LLM [27]. 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. [20]. 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 [9, 33].

In this paper, we aim to determine how much energy an average
developer consumes when using a code assistant similar to GitHub
Copilot and 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 per-
spective 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 latency of code assistants? Specifi-
cally, 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 num-
ber of GPUs.
While our primary focus is on the energy consumption
of the code assistant, we also consider latency (i.e., the
time taken to generate suggestions), as it directly impacts
the usability of the tool. If energy-saving configurations
introduce excessive latency, the assistant may no longer
provide timely support to developers, thereby undermining
its practical utility.

RQ2: How many generation requests made by GitHub

Copilot are useful? Knowing how many generations are
1
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useful to the developer could allow future work to improve
the efficiency of code assistants.

RQ3: How much energy does a developer use when us-

ing a code assistant similar to GitHub Copilot under

different scenarios and objectives?We aim to get a broad
look at the potential impacts of a code assistant by leverag-
ing the knowledge about the various factors we gathered
when answering RQ1.

We chose to study GitHub Copilot specifically for three rea-
sons: (i) It is the most used code assistant according to the 2024
StackOverflow developer survey,1 (ii) the inference server provided
by GitHub Copilot exhibits low latency and correct quality [11],
which we may not be able to reproduce with our own inference
server, and (iii) GitHub Copilot provides many mechanisms mak-
ing it one of the state-of-the-art code assistants, such as preventing
some generations requests that may not be useful, caching the re-
sults of the previous generations requests, canceling the previous
request when a new one is sent, and building prompts that take
into account multiple files. We are aware of the existence of these
mechanisms thanks to the Copilot Explorer project [1], while
evidence of similar mechanisms in other code assistants is unclear,
and verification is time-consuming. In this paper, we share the
following contributions:

- We provide the first dataset of development traces from de-
velopers using GitHub Copilot, which allows the simula-
tion 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 con-
sumption and latency.

- 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 in-
ference server.

Outline. From section 2 to section 4, we describe how we col-
lected our dataset, performed our experiments, and explain the
methodology we followed to analyze the results obtained. We re-
port in section 5 on the results of our evaluation and provide a
critical discussion in section 6. In section 7, we discuss the limita-
tions of our study. Finally, section 8 presents related works, and
section 9 concludes the paper.

2 Code Assistant Dataset

To investigate our research questions, it was imperative to measure
the energy consumption of a code assistant in a realistic usage
setting. To that end, we designed an experiment with participants
using GitHub Copilot to gather a dataset of development traces,
enabling us to simulate developers using a code assistant on an in-
ference server under our control. This approach was necessitated by
our inability to access GitHub Copilot’s inference server and our
objective to measure its energy consumption. Moreover, conducting
this experiment in two distinct phases — (i) having participants
use a code assistant to develop a small application, followed by (ii)

1https://survey.stackoverflow.co/2024/

Figure 1: The setup of our experiment. The left part repre-

sents the dataset collection with human participants, and the

right part represents how we reproduced GitHub Copilot

by sending captured telemetry to our own server.

exploring the energy consumption through traces replay — allowed
us to gain more freedom when it came to controlling the configura-
tion of the code assistant and facilitated the reproducibility of our
experiment. Hereafter, we refer to the traces dataset we collected
as AssistantTraces. Our setup is illustrated by Figure 1.

2.1 Involved participants

We recruited 20 volunteers among Computer Science (CS) students
and CS professionals, using mailing lists and word of mouth. Before
the experiment, the 20 participants filled out a survey with their age,
development experience, and familiarity with GitHub Copilot.

13 participants were between 18 and 25 years old, 6 were be-
tween 26 and 35 years old, and 1 was between 36 and 45 years old.
13 of them were students in CS (12 in a CS master’s degree and 1
in a CS bachelor’s degree ), and 7 of them were CS professionals.
All the participants were proficient in Java programming. 10 partic-
ipants did not write any Java code for more than a year, while the
other 10 did write Java code in the last year. 1 participant did not
know GitHub Copilot before the experiment, 7 participants knew
GitHub Copilot but never used it, 4 used it sometimes, and 8 used
it regularly. All the participants were familiar with VS Code. This
experiment was approved by our institution’s Ethical Board.

2.2 Assigned task

The task given to the participants consisted of developing a CLI
Connect 4 game2 in Java in one hour using VS Code and GitHub
Copilot A skeleton of the project and associated unit tests were
provided. The skeleton of the project contained simply the bare
minimum Maven project that could function and was provided to
avoid participants losing time setting up a working Maven project.
It also contained the unit tests and relevant interfaces so that par-
ticipants could easily verify their implementation. 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 [5].

2https://en.wikipedia.org/wiki/Connect_Four
2
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The participants used the GitHub Copilot VS Code 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 assistants (e.g., ChatGPT). This constraint was enforced
by the experimenter watching over the participant.

We collected GitHub Copilot’s telemetry by modifying the VS
Code 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 Copilot decides to send a
generation request to the moment of its acceptance from the user.
GitHub Copilot’s telemetry was collected during the whole experi-
ment, including times when participants were thinking, debugging
or testing.

The participants all used the same laptop: A Dell Latitude 7410,
with 32GiB of memory, an Intel Core i7-10610U and a CMLGT2
Mesa Intel graphics card. It was running on Debian (bookworm).
The monitor was a Dell U2720Q.

2.3 Dataset description

The AssistantTraces dataset consists of all the telemetry sent by
GitHub Copilot during the experiment in JSON format. There are
119, 774 telemetry messages in total, including 9, 633 generation
requests. The dataset is available bundled with our replication pack-
age [5], or in standalone format at https://doi.org/10.5281/zenodo.
11503612 [4] for ease of use.

3 Experimental setup

To estimate the energy consumption of GitHub Copilot, we lever-
aged the collected traces to simulate the developers’ behavior and
the front end of the code assistant on an inference server. This sec-
tion is also illustrated by Figure 1. Specifically, the inference servers
were hosted on a cluster, whose nodes consist of AMD EPYC 7513
(Zen 3), with 512GiB of memory and 4 NvidiaA100-SXM4-40GB
(40GiB). 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.

3.1 Simulation client

Thanks to the telemetry data from the AssistantTraces dataset,
we could reproduce the API requests that GitHub Copilot sent
to its inference server. We developed a simulator (the client) to
mimic developers’ interactions with GitHub Copilot by 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, to
keep the simulation times short and manageable, we limited the
simulation to the first hour of development, even when some de-
velopers took more than one hour to complete the task. For the
developers who completed the task in less than an hour, we delayed
their start times so that the middle point of each simulation aligned,
thus creating a more realistic distribution of the server’s workload.

When simulating less than 20 developers, we repeated the simula-
tion multiple times with different developers until all were included
(e.g., we repeated a simulation of 2 developers 10 times with vary-
ing 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. However, to
avoid issues with simultaneous identical requests, we offset each
duplicate by a random number of 0 to 30 seconds.

3.2 Inference server

To handle generation requests and generate code suggestions, we
set up an inference server that generated code suggestions using an
LLMs. In particular, we used the TextGeneration Inference (TGI)
server,3. Our choice was motivated by its ability to operate various
LLMs and by its support of sharding and 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.

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 becausewe hypothesized theywould 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 concurrently 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:Weemulated different request-sending
behaviors from GitHub Copilot by activating and deactivating
streaming when sending requests. By default, GitHub Copilot
uses 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 Copilot has to
complete the triggered generation, even if it is no longer useful for
the user.

Manually triggering the code assistant: Typically, GitHub
Copilot’s generation mechanism is triggered automatically. But
we also emulated a manual trigger for the generation behavior.
This was achieved by only sending generation requests that were
completed and displayed to the user based on the assumption that
the developer manually triggering GitHub Copilot would 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) [15],
StarCoder2-7b, and StarCoder2-15b [17]. We chose these models as
they are popular open-sourcemodels 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
3
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Figure 2: Various statistics on the participants’ usage of the code assistant and their time taken to finish the experiment. The

figure respectively represent: (i) the ratio of the number of suggestions accepted by the user to the number of suggestions by

the user, (ii) the ratio of the number of accepted suggestions to the total number of suggestions requested by the code assistant,

(iii) the frequency of requests made by the participant and (iv) the time taken by the participant to finish the experiment.

Quantizationmethod:Quantization is a method used to reduce
the computational and memory costs of running inferences. We
studied multiple post-training quantization methods: EETQ [23],
BitsAndBytes-NF4, BitsAndBytes-FP4 [10] as well as a baseline
configuration without quantization. We chose EETQ and BitsAnd-

Bytes because they are the only natively supported methods by the
TGI framework which are also compatible with our LLMs.

Maximum number of concurrent requests:We varied the
number of concurrent requests on the TGI server, which effectively
modified the number of requests to be queued simultaneously.

Number of GPUs: 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.

3.4 Configuration space exploration

A configuration is a set of factors with a specific value (e.g., [20
concurrent developers; streamed requests; requests are automati-
cally 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 configu-
rations that take between 1 and 20 hours each to simulate. Thus,
because of timing and budget constraints, 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 simulations with 314 unique configurations. The
simulation results can be found in our replication package [5].

3.5 Energy & latency measurements

We define the energy consumption of a request as the total
amount of energy (in Wh) used by the CPU and GPU of the infer-
ence server to generate a suggestion. Correspondingly, the power

consumption refers to the instantaneous or average rate of energy

use (in W) during inference. Finally, the latency of a request is
the time elapsed (in seconds) between the moment the generation
request is sent to the inference server and the time its response is
received.

We measured the energy consumption of the inference server’s
CPU and GPU using perf and nvidia-smi utilities, respectively.
perf is a Linux utility that uses RAPL, an interface that provides
built-in CPU energy counters. nvidia-smi, on the other hand, pro-
vides energy measurements made directly on the GPU. RAPL and
nvidia-smi have been used by most studies measuring the energy
consumption of AI [7, 19, 20, 27, 30, 33].

We also collected the time taken for generations to complete—
the latency—as well as the number of rejected requests, and the
number of completed generation requests. Lastly, we chose not to
consider the functional validity or quality of the outputs produced
by the various models. We discuss this issue at the end of section 7

To estimate the carbon emissions related to the energy consump-
tion measured during our experiments, we considered France’s 2023
carbon intensity, equivalent to 56 g of CO2 per kWh [12].

When assessing the noise of our measurements, we found the
coefficient of variation of the total energy consumption of repeated
simulations to be, on average, 0.016 (𝑆𝐷 = 0.029). We considered
this level of standard deviation acceptable and concluded that our
measuring setup was stable.

4 Data analysis

In this section, we describe our methodology for analyzing the
results we obtained from section 3.

4.1 Simulations analysis

To get an overview of the data, we computed the mean power

consumption (in Watts) and total energy consumption (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

4
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Figure 3: Energy impact ratio when switching one option. A

ratio of 1 means no change, a ratio of 2 means the energy

consumption doubled. Points correspond to the ratio in en-

ergy when comparing neighboring configurations.

allocates an equal share of the server’s power consumption to
every developer using the code assistant. When analyzing a simu-
lation with multiple concurrent developers, only the period in the
simulation where all developers were active was considered (see
subsection 3.1).

Server saturation.When the server receives more requests than
it can handle, it may reject them or put them in a waiting queue, de-
pending on its 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. These saturation
threshold was set arbitrarily as searching for ideal thresholds is out
of the scope of this paper.

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
ensures that observed differences can be attributed to this factor.

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 re-
maining 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, using edit distance, indicates
whether a generation is still present in the code [1].

In Figure 2, we share various statistics on the participants’ code
assistant usage and time taken to realize the experiment. We ob-
serve 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 as many development traces as possible. Thus, we chose
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Figure 4: Latency impact ratio when switching one option.

A ratio of 1 means no change, a ratio of 2 means the latency

doubled. Points correspond to the ratio in latency when com-

paring neighboring configurations.

to reduce the chances of the participants finishing early, thereby
increasing the chances of the participants 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.

5 Results

This section summarises our experiment’s key observations and
answers to RQs. Complete results are included in the replication
package.

5.1 How do a developer’s characteristics affect

their use of GitHub Copilot?

Before answering any of the research questions, we wanted to
have a look at the relationship 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 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 determine if any noticeable 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 1. To reduce the Type I
error rate (false positives), we also employed 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 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 profes-
sional developers in our sample are more conservative towards the
suggestions made by GitHub Copilot compared to the students.
The students tend to accept the suggestions made by Copilot twice
as much as the professional developers. We make the original data
we used available in our replication package [5].
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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 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

5.2 RQ1: What is the impact of studied factors

on the energy consumption and latency of

code assistants ?

In this section, we report on our findings on the different factors
and their impacts. In Figure 3 and Figure 4, we depict the impact of
switching from one option to another on energy consumption and
request latency, respectively. The impacts were calculated using
the pairwise comparison method described in subsection 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 mea-
sured latency or energy consumption between the first and second
options.

Number of concurrent developers.When increasing the num-
ber 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, 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, the
average latency reaches 16 seconds with 75 concurrent developers,
and increases exponentially from that point with each developer
added (e.g., 50 seconds at 100 developers, 210 seconds at 150 devel-
opers). 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 from
the same user 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 con-
sumption (25%) is observed with the configuration [StarCoder2;
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Figure 5: 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 re-

quests; 4 GPUs. The latency and power consumption are

superposed in order to easily visualize how they interact

when the number of developers increases.

no quantization; no streaming automatic trigger; maximum 1000
concurrent requests; 2 GPUs; 5 developers], 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 sec-
onds 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. No-
tably, 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%, respec-
tively. In some cases, the use of EETQ also reduces energy consump-
tion: 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;
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4 GPUs; 5 developers]. BitsAndBytes, however, slightly increases
the power consumption by 5% on average.

Model. Using LLMs with fewer parameters reduces energy con-
sumption and latency. 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 re-
quests 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 con-
sumption 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.

Usage of the code assistant. Participants’ usage of GitHub
Copilot varied, 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 consump-
tion 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 strongly impact the energy consump-
tion and latency of code assistants. Increasing the number of
concurrent developers improves energy efficiency, but risks
server saturation. Streaming requests and manually triggering
generations both strongly reduce energy consumption and
latency. Quantization methods and the choice of LLM also
affect latency, with smaller models showing better efficiency.
Adjusting the number of GPUs is crucial for optimizing en-
ergy use. Our findings, therefore, confirm the importance of
carefully selecting and optimizing these factors.

5.3 RQ2: How many generation requests made

by GitHub Copilot are actually useful?

Figure 6 illustrates the final state of generation requests sent by
GitHub Copilot during our experiment. Out of the 9, 634 genera-
tion requests made by GitHub Copilot with the 20 participants,

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 6: Percentage of requests sent by GitHub Copilot

depending on their completion state. Red-tinted categories

represent requests that did not benefit the user. Blue-tinted

categories represent requests that benefited the user.

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 results reveal that the majority of generation requests made
by GitHub Copilot were canceled. A manual analysis of the
GitHub Copilot logs revealed that the cancellations mostly hap-
pened because the requests were sent while the user was typing.
When the user typed a new character, the ongoing request would
be cancelled by GitHub Copilot as it was no longer necessary.
Then, if applicable, GitHub Copilot would send a new genera-
tion request. Empty completions typically occur at the end of a
sentence, or before a closing parentheses or brackets. They are due
to the GitHub Copilot extension requesting a generation, and the
inference server finding nothing relevant to generate.

We hypothesize that 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. However, further research is
needed to investigate this hypothesis.

Previously, we discussed the energy implications of these ineffi-
ciencies when presenting the energy savings of manually triggering
GitHub Copilot. By eliminating unnecessary requests, i.e., can-
celed and empty requests, we could save 15% of energy on average.
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 that a great share of them are not useful to the end user,
indicating that many generation requests are either unneces-
sary or not helpful to users. This inefficiency highlights the
potential for substantial energy savings by optimizing when
and how generation requests are made, possibly throughmore
intelligent triggering mechanisms or better user interaction
designs.
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Figure 7: Hourly energy consumption (Wh) per developer

based on the objective and the number of developers.

5.4 RQ3: Under different scenarios & objectives,

how much energy is used by a developer

using a code assistant like GitHub Copilot?

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 replication package. When
presenting 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 this subset of 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):Many de-
velopers (sharing) requesting many server machines. As
the number of servers is considered infinitely scalable by
the service provider, it aims to maximize the number of de-
velopers per machine while not saturating the servers. We
report on the impact of a single almost saturated machine
in this scenario.

We considered two objectives that a development team may aim
for:

• Performance: To minimize latency, generation requests
are triggered automatically, and streaming is enabled. This
is also the default triggering and streamingmode of GitHub
Copilot [1].

• Frugality: To minimize per-developer energy consump-
tion, generation requests are triggered manually, and the
previous ones are not canceled (streaming is disabled), as
we expect the developers to wait for their manually trig-
gered generation requests to finish. Here, frugality is meant
as in “Avoiding waste, using the least resources as possible”.

Table 2 shows the best configurations for each scenario and
objective. To better put in perspective the energy usages of the
configurations, we also show them in Figure 7. 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 server’s high idle power consumption (~270W from its four
GPUs and single 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 consumption by leveraging the continuous batching from
the TGI server, aligning with the findings discussed in Section 5.2.

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

To contextualize these figures, we measured the power consump-
tion of the laptops and monitors used by the last two participants
in our user study. Both devices were connected to the same power
strip, which in turn was connected to a PowerSpy2 watt meter
operating with its default settings. The meter recorded the average
power consumption every second and transmitted the data via Blue-
tooth to a secondary computer not involved in the participant’s task.
Due to technical issues, these measurements were only available
for the final two participants.

The average power consumption of the laptop and monitor was
19.7W (𝑆𝐷 = 8.7) and 18W (𝑆𝐷 = 2.6), respectively. The mean
and standard deviation of power consumption were calculated by
pooling all 1-second measurements across both participants for
each device, treating each reading as an independent sample.

Based on our inference setup, where GitHubCopilot’s per-developer
power consumption is estimated between 11.4W and 20.8W (see
Table 2), its use would have led to an estimated increase ranging
from 30% to 55% in the total power consumption of developers
during our study. This result should be taken with caution, as it is
very specific to our inference setup and the hardware used by the
participants during our study. Moreover, the fact that we measured
the consumption of only two participants makes the measurements
difficult to generalize.

We observe that all performance configurations use StarCoder
due to its low latency. However, among the three studied models,
StarCoder is the worst at generating code: StarCoder has a 33.6
pass@1 on HumanEval, while StarCoder2-7B and 15B have 35.4
and 46.4 pass@1 [15, 17], respectively.

RQ3: The energy cost for a developer using a code assistant
like GitHub Copilot varies significantly based on its con-
figuration. Small teams with dedicated servers can see high
per-developer power consumption (~120W), while large-scale
services can achieve much lower consumption (10–20W) 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 latency when using code assistants.
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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 2: Optimal configurations for each scenario and objective, and their energy and latency impacts.

6 Discussion & implications

In this section, we discuss the results reported in the previous
section and their implications.

On reducing the energy usage. As reported in our results,
the configuration choice for a code assistant strongly impacts each
developer’s power consumption, yet a considerable portion of the
energy spent on generations is wasted due to cancellations and
user disinterest. Substantial savings could be achieved by requiring
users to manually trigger generations, encouraging more deliber-
ate interactions, and improving the request triggering mechanism.
For instance, Mozannar et al. [22] proposed a telemetry-driven
triggering method, and Barke et al. [6] identified two interaction
modes (acceleration and exploration) that could inform adaptive
triggering. More broadly, developers should strive to reduce unnec-
essary generations, while providers can decrease per-user impact
by maximizing the number of users per inference server, selecting
quantization methods carefully, and choosing models that preserve
memory headroom for batching and keep per-request compute
manageable.

On trade-offs and system constraints. Our results show that
running an inference server for only a few developers is inefficient
in both hardware use and energy consumption, while scaling to
more developers improves utilization but requires balancing load
against acceptable latency. Latency is therefore a key bottleneck
for scaling. Moreover, we observed a sharp increase in latency be-
tween StarCoder and StarCoder2-15B, which we suspect is related
to architecture changes introduced in StarCoder2 [17]. Regarding
quantization, we found that it increased latency and had a lim-
ited effect on energy consumption in our setup. This suggests that
memory savings may be offset by added inference overhead, and
motivates further investigation of the causes and of alternative
quantization approaches.

On the usefulness of GitHub Copilot’s suggestions. In
subsection 5.3, we showed that only about a third of the sugges-
tions were accepted, and that roughly 75% of accepted suggestions
remained in the code by the end of the study. Future work could
leverage AssistantTraces to more accurately quantify how much
of the final project was written by the assistant, study individual
differences between participants, and replicate these observations

on longer tasks and larger projects, ideally complemented with
qualitative analyses.

On generalization & broader environmental footprint. The
absolute energy consumption observed in our scenarios is specific
to our workload, participants, and infrastructure, and should not
be directly generalized to other code assistants, including GitHub
Copilot. Nevertheless, the main levers we identify are expected
to transfer across implementations because request volume and
server utilization largely determine operational energy. These levers
include maximizing concurrent developers per machine, selecting
smaller models when acceptable, using manual triggering, and
canceling early suggestions that are not needed anymore. Moreover,
we only calculated CO2 emissions attributable to the inference
server’s energy use. Future studies should incorporate additional
impact sources, such as hardware and datacenter infrastructure,
potentially through life-cycle analysis, and consider complementary
indicators such as resource depletion or water use, which can be
as important as CO2 emissions when discussing ICT [31]. Finally,
while code assistants can improve productivity [2], we believe that
rebound effects [21] stemming from faster development should also
be assessed.

7 Threats to validity

External validity Our participants were recruited through word
of mouth and mailing lists, which may yield a sample that is not
representative of the broader developer population. In addition, the
experimental task was intentionally short and self-contained, and
did not cover several aspects of realistic software development (for
example, project creation, requirements engineering, test writing,
and multi-developer activities such as reviews and coordination).
These choices may affect absolute interaction metrics (for example,
requests per minute, acceptance rates) and, consequently, absolute
energy consumption, since energy is largely driven by request
volume.

To keep the number of simulations tractable, we restricted the
evaluated configuration space to a subset of models (StarCoder
family), fixed hardware, and a limited set of inference-server pa-
rameters. While we curated configurations to span diverse settings,
other untested configurations could yield different optima or alter
comparative results.
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However, we expect our main comparative findings about config-
uration choices (for example, smaller models, higher concurrency,
manual triggering, and early cancellation) to remain qualitatively
robust because they reflect system-level trade-offs that apply across
workloads.

Internal validity Although we replay identical traces across
configurations, system-level factors may still confound compar-
isons. Serving behavior can be sensitive to run order and machine
state (for example, caching, thermal, and power-management ef-
fects), and to non-deterministic scheduling and batching in the
inference stack. Moreover, our open-loop simulations prevent de-
velopers from adapting their behavior to latency or output quality,
which can change the causal pathway that would operate in a live
deployment.

Construct validity Two design choices may imperfectly capture
real usage. First, we emulated manual triggering by only issuing
generation requests that were displayed to the user, which approx-
imates but does not fully reproduce how users decide when to
trigger or refrain from triggering suggestions. Second, we simu-
lated developers rather than measuring energy in a closed loop
with live users connected to our inference server, which prevents
behavioral adaptation to latency or output quality (for example,
waiting, retrying, or canceling earlier). Finally, we did not measure
the correctness of the generated code, so our configuration com-
parisons focus on energy and latency only, and do not capture the
full trade-off space that determines practical utility.

8 Related Works

Previous research has investigated various aspects of LLMs for code-
related tasks, including the security of their suggestions [25, 26, 28],
the prevalence of bugs in the generated code [14], how developers
interact with them [6, 26, 32] or just the quality and correctness of
the code they generate [11, 16, 24, 36]. There have also been efforts
to measure the efficiency of LLMs through the creation of bench-
marks for comparing them, such as HumanEval [8], MBPP [3],
CoderEval [37], APPS [13], CodeXGLUE [18] or ReCode [34].
Xu et al. [35] also conducted a comparative evaluation of multiple
LLMs for code. Additionally, in the context of LLMs, Vartziotis et
al. studied the Green Capacity of LLMs for code [33]. They quan-
tified the sustainability awareness of ChatGPT, GitHub Copilot
and CodeWhisperer, based on the energy consumption and per-
formance of the solutions they generated for Leetcode problems.
Coignion et al. studied the performance of the code generated by
multiple LLMs on Leetcode, and found that the LLMs studied had
similar code performance [9]. Luccioni et al. measured the infer-
ence cost in energy and carbon of multiple LLMs, and found that
multi-purpose LLMs are orders of magnitude more expensive than
specialized LLMs [19, 20].

Samsi et al. benchmarked the inference performance and energy
costs of different sizes of LLaMamodels on two GPU types [27]. The
study provided the words-per-second performance of the LLaMa
models, as well as the energy per second, per decoded token, and
per response. Multiple factors were studied, such as the dataset
used to perform the generations, the batch size, the type of GPU,
and the length of the generation. Chakravarty et al. analyzed the

effect of quantization on the energy efficiency, accuracy, memory
usage, and speed of speech recognition models [7].

Our study stands out by addressing the energy consumption of
LLM-based code assistants during real-world developer interactions.
Unlike previous research that focused on LLM training impacts or
isolated inference impacts, we analyze the energy usage of code
assistants in a practical setting. Our dataset and methodology allow
us to explore various factors influencing energy consumption, such
as the number of concurrent developers, offering insights for service
providers and end-users to optimize resource usage. By addressing
these gaps and highlighting practical implications, our research
contributes to Green AI, making it one of the first investigations
into the energy consumption of code assistants.

9 Conclusion

This study explored the energy consumption of code assistants
powered by LLMs, focusing on GitHub Copilot. 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 latency of the assistants.

Our results reveal that a considerable portion of energy is wasted
on suggestions being cancelled or deemed unwanted. Thus, manu-
ally triggering the code assistant, rather than relying on automatic
suggestions, greatly reduces energy consumption by avoiding un-
necessary inference requests. We also found that the number of
concurrent developers sharing an inference server has a major im-
pact on per-developer energy consumption. Higher concurrency
improves server utilization and reduces energy overhead per user.
Consequently, service providers should aim to maximize developer
density on inference servers or enable server sharing to improve
overall efficiency. The configuration of the inference server plays a
significant role in its energy consumption. Using smaller models
generally reduces electricity use, while decreasing the number of
GPUs can lower energy consumption—though often at the cost of
increased latency. In addition, applying quantization techniques
can improve both energy efficiency and latency in some cases.
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