
Green AI by Default: Energy Reduction Techniques for LLMs in SE
Enrique Barba Roque

∗

e.barbaroque@tudelft.nl

Delft University of Technology

Delft, The Netherlands

Abstract
Large Language Models (LLMs) are increasingly being applied to

Software Engineering (SE) tasks, showing high accuracy in various

problems. However, their high computational demands and energy

consumption raise sustainability concerns and hinder their use on

consumer hardware and resource-constrained platforms. Multiple

optimization techniques exist, but they are often neglected due to

the technical difficulty of applying them during model development.

This research aims to improve the accessibility of optimization tech-

niques by (1) making energy reporting of LLM more accessible, (2)

streamlining and automating optimization techniques, (3) providing

guidelines to select appropriate techniques for different use cases,

and (4) exploiting these techniques to design efficient SLM ensemble

architectures for LLM-enabled applications. Expected contributions

include methods for measuring and reporting energy usage, tools

to automate compression of models, guidelines to guide developers

through the optimization process, and using these results to explore

alternative deployment setups for compressed LLMs.
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1 Introduction and Related Work
AI models have taken the front stage with respect to research and

innovation. The main paradigm is Large Language Models (LLMs),

which have emerged as a highly useful tool for tasks that require

language understanding and generation, including Software En-

gineering (SE) tasks [7]. Their capabilities arise from their scale:

billions of parameters trained on terabytes of open-source code

from platforms such as GitHub [15]. This scale brings significant
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computational challenges, including the need for dedicated hard-

ware for parallel computation, such as GPUs [23], along with high

energy demands and environmental costs [19]. The International

Energy Agency projects that the energy consumption of AI is ex-

pected to double in the next 5 years [12], further straining existing

electrical infrastructure and increasing greenhouse gas emissions.

Optimizing the energy usage of LLMs requires considering mul-

tiple aspects. First, although training is more computationally ex-

pensive, inference often dominates lifetime costs for widely used

models with long life cycles and many queries [6]. Second, general-

purpose models tend to be more energy intensive than task-specific

ones, especially as input and output sequences grow longer [16].

Finally, for SE applications, compressed models are preferable, since

they can be deployed on consumer hardware within an IDE, rather

than relying on remote server infrastructure [17, 21].

Smaller language models can also be part of novel architectures

for AI-enabled systems. Recent research directions on LLMs are

moving towards substituting large models with a combination of

smaller models. A recent position paper [2] argues that Small Lan-

guage Models (SLMs) are the future of agentic AI, where large

generic agents can be substituted by an ensemble of smaller, task-

specific SLMs, leading to better energy efficiency and shorter infer-

ence times, among other advantages. A similar approach is present

in recent works for LLM routing [10, 8, 22]. These methods in-

troduce a predictive model that routes a prompt to one or more

LLMs out of a selection of models. To do this. The router analyzes a

given prompt, predicts accuracy and costs for the available models,

and tries to balance both objectives. However, most of the current

approaches focus only on costs as API monetary costs, rather than

energy usage.

There are multiple well-known techniques to compress large

models into smaller ones, such as quantization, model pruning, or

knowledge distillation [9]. In the current development pipeline for

LLMs, optimization is not at the forefront. Applying compression

techniques is a time-consuming task. Different techniques can have

different implementations depending on the model and tasks, se-

lecting the configuration parameters is a very manual task, and

APIs are not standardized. On top of that, it is difficult to know be-

forehand the impact that a compression technique will have on the

accuracy and energy consumption of a model. Making compression

techniques easier to apply can facilitate the work of developers

and open up the possibility of reduced AI energy consumption

across the industry, thanks to the increased accessibility. Accessible

compression techniques can also support newer SLM architecture

paradigms by facilitating the compression necessary for these mod-

els. In the context of SE tasks, some papers try to tackle part of

this problem. One such example is modeling the configuration pa-

rameters as a Many-Objective Optimization Problem (MOP), with

accuracy and computational costs as objectives [17, 20]. However,
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these approaches use Floating Point Operations (FLOPs) as the ob-

jective metric for computational cost, for which its correlation with

energy consumption is not clear [6, 1].

The objective of this project is to make these insights accessible

to developers. First, we want to facilitate the energy assessment of

LLM models by building reliable metrics and estimations, so they

can avoid cumbersome energy measurements. Second, we aim to

provide pre-assessment methods so the AI developer can judge if

the costs of applying a compression technique are worth the trouble,

depending on the lifetime of the model. Third, we will look into

easing the application of compression techniques by providing a

framework tool that can automatically apply optimal parameters

for the different techniques. Using this framework, we will perform

a large-scale study to measure the accuracy and energy impact of

different compression techniques, and translate this into a set of

guidelines per architecture and task that help developers select

the best technique for their final goal. Finally, we will validate the

usefulness of these results by using them to explore LLM Rout-

ing architectures, using the framework to create LLM ensembles

focusing on energy efficiency.

2 Research Questions
To bring energy efficiency of LLMs to the foreground, we need to

facilitate the compression and optimization process for models and

find alternative architectures for LLM-enabled applications, based

on SLM ensembles with a lower energy consumption. To achieve

this, we identify the following problems to tackle: (1) energy usage

of LLM models has to be accessible and easier to measure, and

standardized as a metric in benchmarks alongside accuracy, (2)

model compression should be streamlined, developing and relying

on automated approaches such as MOP to determine optimum

parameters and tradeoffs, (3) provide guidelines to developers on

which compression techniques to applied based on the original

model and task to perform, and (4) exploit these techniques to design

efficient SLM ensemble architectures for LLM-enabled applications.

To do this, we propose the following research questions:

RQ1.What is an appropriate energy proxy metric that is accurate,
easy to measure, and provides actionable information to the developer?

RQ2. How should efficiency gains of compressed LLM be reported?
RQ3. What methods can be exploited to develop automated ap-

proaches to model compression?
RQ4.Which compression methods are the most effective in terms

of efficiency, given a base model and an SE task?
RQ5. How can compressed LLMs be used to design energy-efficient

SLM ensembles?

3 Expected Contributions
To tackle the Research Questions presented in this proposal, we

expect to make four contributions. For each of these contributions,

we aim to publish a peer-reviewed paper and a replication artifact

with source code.

FLOPs Validity as Energy Proxy. In present literature, FLOPs

is commonly used as a proxy metric when reporting energy costs

of an LLM [14, 13]. However, the validity of this metric as a proxy

of energy is still an open discussion in the research community [1,

5, 4]. We aim to test the inference energy of different LLMs and

validate whether minimizing FLOPs in MOP also minimizes energy

consumption. To evaluate this, we apply the state-of-the-art MOP

distillation technique [17] for a selection of SE classification and

generation tasks, measuring energy consumption through software

profilers. Then, we check for correlation between FLOPs and actual

energy measurements. With these results, we contribute to RQ1.
Accurate Energy Proxies. An advantage of using FLOPs as a

cost metric is that they are easy to compute and measure based on

the architecture of the model [6]. On the other hand, using energy

profilers is much more impractical. Since they read CPU and GPU

registries, they require root access to the host OS and bare metal,

so they cannot be used inside Virtual Machines or containers in

the cloud. On top of that, there are a series of guidelines to follow

to make sure measurements are not tainted by other processes in

the same machine [3]. Therefore, it is relevant to find a metric

that lies in the middle. This metric should correlate with actual

energy consumption accurately while being easy to measure, for

example, through a short inference run rather than longer energy

measurements. As a starting point, we will look into the work of

Asperti et al. [1], who proposes a correction for FLOPs for convo-

lutional networks, and see if we can apply a similar method for

transformer-based models. Evaluation will test at least one model

over an SE benchmark, computing the energy proxy and comparing

its accuracy and correlation with actual energy measurements. This

project contributes to RQ1 and RQ2.
Compression Amortization.Many compression techniques

are not straightforward to apply. For example, knowledge distilla-

tion requires several steps. A suitable configuration for the student

model needs to be identified. Then, the student model must be

trained, which requires not only the training compute for the stu-

dent but also running inference on the teacher. In exchange, the

student model will run with cheaper inferences. If the final com-

pressed model is only used for a small number of inferences, the

compression cost might outweigh the savings. The objective is to

provide methods to estimate the cost of compression and the cost

of inference before applying a compression technique, and give an

approximate amortization window. Evaluation will include at least

one model and several techniques, including knowledge distillation

and quantization. We will test accuracy and energy consumption

for different SE Engineering tasks. For energy measurements, we

aim to use the energy proxies from the previous contribution as

well as actual energy experiments. These results contribute to RQ2.
Automated Model Compression. Compressing an AI model

can be difficult, requiring certain knowledge of the techniques and a

significant time investment. The objective is to provide an easy and

automated way of compressing an AI model for a given task. The

user provides the model to compress and a task dataset, and selects

which techniques to apply. We will exploit MOP capabilities as done

for knowledge distillation [17], extending its application to other

compression techniques. This project will be a tool demonstration

project, rather than a fully fledged research paper. To evaluate this

framework, we will test several models and tasks, with at least one

classification and one generation, and validate by reporting the

accuracy and energy consumption of the compressed models, and

their gains in efficiency. These results contribute to RQ3.
Technique effectiveness catalogue. Different SE tasks have

different design requirements, and benefit better from certain archi-

tectures rather than others. For example, Code-to-Code tasks work

better with decoder-only models. In the same way, certain tasks



Green AI by Default: Energy Reduction Techniques for LLMs in SE ICSE-Companion ’26, April 12–18, 2026, Rio de Janeiro, Brazil

or architectures can benefit differently from different compression

techniques. The objective of this project is to leverage the previous

framework to perform a large-scale study and identify the impact

of different compression techniques on accuracy and energy con-

sumption for different tasks. The final product of this project would

be a set of guidelines, companion to the framework, recommending

the best performing techniques for the different tested tasks. Evalu-

ation will consist of a series of tasks and benchmarks, and define

reference models that perform the best on those tasks. Then, we

will test different compression techniques, and measure accuracy

loss and energy savings, cataloging the impact for each task and

technique. With these results, we contribute to RQ4.
Orchestration of Small Language Models. The concept of

SLM Orchestration proposes an architectural framework that dy-

namically routes prompts between a Large Language Model (LLM)

and an ensemble of Small Language Models (SLMs) to optimize both

accuracy and energy efficiency. The router is a predictive model,

which can also be a small language model, that predicts the perfor-

mance and energy usage that each of the SLMs in the ensemble will

have on a given prompt. This approach operates along two main

dimensions: first, by leveraging SLMs with varying accuracy levels

to adapt resource usage based on task requirements; and second, by

employing expert SLMs trained or compressed from a larger LLM

to specialize in specific tasks. The goal is to achieve comparable

or improved performance while significantly reducing energy con-

sumption. To evaluate this, we will select some SE generation and

classification tasks, and report performance and energy savings

achieved through this orchestration compared to using a single

LLM. We will also report and study the overhead introduced by the

routing mechanism. This project contributes to answering RQ5.
Alternative Foundational Architectures. As a small part of

our research, we want to look into how newer AI alternatives

to transformers can be applied to SE tasks. Concretely, we want

to explore the use of Spiking Neural Networks (SNNs). In SNNs,

information is encoded in binary spikes across time, which brings

large energy savings compared to traditional neural networks [11].

However, SNNs require specific neuromorphic hardware to achieve

these gains, which is still not widely available, and difficult the

optimization of these networks [18]. By exploring their applications

for SE tasks, we pave the way for the future, when neuromorphic

hardware becomes more accessible.

4 Initial Results
To date, we are in the process of publishing the first contribution.We

tested the validity of FLOPs as an energy proxy for MOP minimiza-

tion during knowledge distillation. We found that the correlation

between FLOPs and energy is often unreliable, and using MOP to

optimize for lower FLOPs does not always lead to lower energy

consumption. We proposed an alternative approach, estimating the

energy consumption of a set of hyperparameters directly through

surrogate modelling, which leads to better results in terms of energy

consumption.
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