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—— Abstract

Background. Large Language Models (LLMs) are increasingly being applied to Software Engin-
eering (SE) tasks, achieving high accuracy across problems such as clone detection, vulnerability
prediction, and code summarization. However, their high computational demands and energy
consumption raise sustainability concerns and hinder their use on consumer hardware and resource-
constrained platforms. A common way to report the computational cost of an LLM in the literature
and industry is to use the number of Floating Point Operations (FLOPs) required to perform a pass
over the network.

Aims. This paper investigates the implications of energy-aware knowledge distillation for SE, aiming
to improve model efficiency while maintaining performance and to determine whether FLOPs is a
reliable energy-aware metric.

Method.We conduct a controlled experiment using MORPH, a Many-Objective Optimization-
based distillation methodology, to empirically examine whether FLOPs accurately reflect energy
consumption in Clone Detection and Vulnerability Prediction tasks. We extend this methodology to
include energy-surrogate models that directly estimate CPU and GPU energy consumption during
optimization, and we apply MORPH to generative tasks using CodeT5+ for code summarization.

Results. Our results show that FLOPs is not always a reliable indicator of energy consumption,
and better results can be achieved by using energy-surrogate models. Distilled student models can
reduce inference energy consumption by up to 90% and memory usage by 86%, with only modest
accuracy trade-offs.

Conclusions. Energy-aware knowledge distillation when guided by direct energy surrogates rather
than FLOPs can improve the energy consumption, sustainability, and deployability of LLMs for SE
applications, enabling efficient models on consumer hardware.

2012 ACM Subject Classification Computing methodologies — Genetic programming; Computing
methodologies — Natural language generation; Hardware — Impact on the environment

Keywords and phrases Knowledge distillation, Green Al, Many-objective Optimization, LLMs for
Code, FLOPs, Al for SE

Digital Object Identifier 10.4230/LIPIcs. ESEM.2026.22
Category Technical Track Paper

Supplementary Material
Software (Replication Package): https://doi.org/10.5281/zenodo.20270810

© Enrique Barba Roque, Luis Cruz, and Annibale Panichella;

37 licensed under Creative Commons License CC-BY 4.0
20th International Symposium on Empirical Software Engineering and Measurement (ESEM 2026).
Editors: Robert Feldt, Maria Paasivaara, Daniel Mendez, Stefan Wagner, and Marvin Mufioz Barén;
Article No. 22; pp. 22:1-22:21

\\v Leibniz International Proceedings in Informatics
LIPICS Schloss Dagstuhl — Leibniz-Zentrum fir Informatik, Dagstuhl Publishing, Germany


mailto:enrique@ebarba.com
https://ebarba.com
https://orcid.org/0000-0002-7018-498X
mailto:l.cruz@tudelft.nl
https://orcid.org/0000-0002-1615-355X
mailto:a.panichella@tudelft.nl
https://orcid.org/0000-0002-7395-3588
https://doi.org/10.4230/LIPIcs.ESEM.2026.22
https://doi.org/10.5281/zenodo.20270810
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/lipics
https://www.dagstuhl.de

22:2

Energy-Aware Knowledge Distillation for Sustainable LLMs on Code-Related Task

1 Introduction

Large language models (LLMs) have recently emerged as a highly useful tool for tasks
that require language understanding and generation. Among them, LLMs are capable of
supporting an extensive number of Software Engineering (SE) tasks [12], including both
classification (e.g., clone detection [20], vulnerability prediction [48]) and generation tasks
(e.g., code summarization [1] or code completion [15, 23]). Their capabilities come from
massive scales: billions of parameters trained on terabytes of open-source code from platforms
such as GitHub [25]. This scale poses significant computational challenges, including the need
for large datacenters with dedicated hardware for parallel computation, such as GPUs [44].
Powering these datacenters requires massive amounts of energy: the International Energy
Agency projects that datacenters’ energy consumption will double over the next 5 years [17],
further straining existing electrical infrastructure and increasing greenhouse gas emissions
and environmental costs [34].

Optimizing LLM energy consumption requires addressing where and how operational costs
accumulate. Because inference dominates lifetime energy usage for high-volume models [10],
relying on large, general-purpose models over long sequences incurs substantial computational
and energetic overhead [27]. To mitigate this, model compression reduces the compute and
memory footprint per query, directly lowering operational energy demands. For SE workflows,
such compressed models provide a dual benefit: they minimize runtime power consumption
and enable lightweight, local deployment directly inside IDEs, avoiding energy-intensive calls
to remote cloud servers [29, 40].

A promising technique that can generate smaller, more efficient models addressing these
three aspects is knowledge distillation (KD) [16], where a smaller model (student) learns
the implicit knowledge of a larger model (teacher) for a downstream task. By learning to
mimic the teacher’s output probability distribution, the student model maintains similar
accuracy while using considerably fewer resources. In the context of SE tasks, Panichella [29]
proposes MORPH, a method that compresses BERT models to smaller sizes using evolutionary
algorithms and predictive models (or surrogates) to improve accuracy and metamorphic
robustness. This method achieves state-of-the-art performance on clone detection and
vulnerability prediction tasks, surpassing prior work on this topic [35].

While these results are promising, two aspects limit their generalizability. First, MORPH
relies on Floating Point Operations (FLOPs) as a proxy for energy consumption. The
approach aims to minimize the FLOPs used by a model to reduce energy requirements.
FLOPs measure the number of floating-point operations required for a training or inference
pass and can be derived directly from a model’s architecture and hyperparameters. Their
simplicity and hardware-agnostic nature make FLOPs attractive, and they have therefore
been widely used in the Machine Learning literature as a stand-in for energy consumption in
LLM research [18, 24, 22].

However, the validity of FLOPs as a proxy for energy consumption remains debated in the
literature, where their correlation to energy usage is heavily dependent on the context. Most
FLOPs estimates — such as those from common profiling tools! — capture only the theoretical
count of mathematical operations (e.g., matrix multiplications, additions) while ignoring
runtime factors that strongly influence energy usage, including memory access patterns, data
movement overheads, and hardware-level optimizations on GPUs or TPUs [10, 2, 9]. As a
result, FLOPs may not reliably reflect actual energy consumption.

! nttps://docs.pytorch.org/docs/stable/profiler
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Second, the evaluation for MORPH is limited to BERT-like models compressed from
up to 500 MB to 3 MB. Such size reductions do not necessarily yield proportional energy
savings, as energy is subject to diminishing returns due to baseline power consumption or
memory bandwidth saturation. Furthermore, BERT is now relatively dated, while newer
architectures such as CodeT5 [43] and Starcoder 2 [25] have since emerged, raising questions
about generalizability. Moreover, the experiments focus only on two binary classification
tasks. More complex tasks involving generation not only require students to capture deeper
semantic knowledge but also involve multiple forward passes during autoregressive decoding.
This substantially increases inference costs and makes energy estimation more challenging.

To address these limitations, we first revisit the efficiency assumptions behind MORPH and
then extend the method to optimize for measured energy directly and to handle generation
tasks. Concretely, we ask the following research questions:

RQ;: Are FLOPs a good proxy of energy consumption in the context of model distillation
using Many Objective Optimization?

To answer this question, we replicate the experiments from the original paper and measure
energy during the training and inference phases for different student models with varying
FLOPs, using an energy profiler to capture CPU and GPU energy. Statistical testing shows
that FLOPs do not correlate well with energy measurements from the profiler, and that other
factors, such as specific hyperparameters, may provide stronger correlations with energy.

Based on these results, we modify MORPH to improve its energy estimation. Instead of
relying on FLOPs, we introduce measured energy (from the profiler) as a new optimization
objective and build a surrogate model to predict energy consumption from hyperparameter
combinations. This naturally motivates our next question:

RQ,: How energy efficient are MORPH models when using actual energy as an objective?

This lets MORPH search for configurations that are efficient with respect to observed
hardware behavior rather than architectural estimates alone.

Finally, we examine whether Many-Objective Optimized Distillation can be effective
beyond classification, in more complex generative tasks that may require deeper semantic
knowledge. To investigate this, we extend the MORPH methodology with a new distillation
pipeline and investigate:

RQgs: How effective is MORPH at reducing LLMs costs for generation tasks, and what is
the accuracy tradeoff?

We evaluate the modified method with CodeT5+ [43], distilling models for code summariz-
ation with energy as an additional optimization objective. We compare the resulting students
with the teacher model in terms of accuracy (ROUGE-L), size, and energy consumption.

In summary, this paper makes the following contributions:

Empirical study of FLOPs vs. energy. We replicate MORPH’s experiments and show that

FLOPs correlate inconsistently with actual energy consumption in SE tasks.

Energy-aware extension of MORPH. We introduce measured energy as an optimization

objective, with surrogate models to estimate energy from hyperparameters.

Application of the extended method to CodeT5+ for code summarization, achieving up

to 90% lower energy and 86% smaller memory footprint, with modest accuracy trade-offs.

2 Background

Knowledge distillation [16] is a technique for compressing large pretrained models into smaller,
more efficient models, ideally with minimal impact on accuracy. The smaller model serves
as the student, and the larger model acts as the teacher. Instead of learning directly from
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the dataset, the student model learns to predict responses similar to the teacher’s. To do
this, the training dataset is fed into the teacher and the student, and the student’s loss is
computed to minimize the distance between the student’s and teacher’s output probability
distribution. Distillation can be done with generic pretraining tasks, to compress general-
purpose models [8], or as task-specific distillation, where the student learns from a teacher
finetuned to perform a specific task, and can be used for the same task without any additional
finetuning.

Knowledge distillation brings multiple advantages. The dataset size required for distilling
a student model is smaller, as is the number of epochs needed to reach convergence, which
lowers training costs. However, it requires an already pretrained, high-performing teacher.
Additionally, for task-specific distillation, depending on the task’s complexity, some pretrained
weights are required for the student model. For example, in binary classification tasks, the
student model’s weights can be randomly initialized, whereas more complex tasks, such as
generation, may require pretraining or copying weights from the teacher.

On top of this, finding the optimal hyperparameter set for the student model can be
challenging. The possible combination of hyperparameters, such as the number of layers or
attention heads, makes the search space extremely large. To tackle this, several approaches
model this search as an optimization problem with one or more objectives, and the different
hyperparameters as variables. The state-of-the-art implementation MORPH [29] employs a
Many-Objective optimization approach to compress models for two binary classification SE
tasks: Clone Detection and Vulnerability Prediction. It defines 4 objectives for the student
model: maximum accuracy, minimum memory footprint, minimum FLOPs, and maximum
robustness. For robustness, the paper uses metamorphic testing, which involves creating
new data samples by applying transformations to the input data that preserve the code’s
functionality and semantics, such as replacing English words with synonyms or expanding
acronyms. Robustness is measured using prediction flips: given a code sample modified by
metamorphic transformations, prediction flips determine whether the model maintains the
original prediction.

To solve the Many-objective optimization problem, MORPH employs AGE-MOEA [28], an
evolutionary algorithm that evolves an initial population of solutions and converges towards
the Pareto front. In Many-objective optimization, the Pareto front is the set of solutions
that achieve optimal trade-offs among the objectives. These are solutions in which improving
one objective would negatively impact the others. To explore the population space without
distilling and evaluating every possible student, MORPH employs surrogate models to improve
accuracy and reduce prediction flips. By uniformly sampling the configuration space and
training a set of student models, it builds two surrogate models to predict the accuracy and
prediction flips of a given configuration, without training that configuration

3 Related Work

Many-Objective Knowledge Distillation for LLMs. Multi- and Many-Objective optimiza-
tion for Knowledge Distillation is a relatively recent technique that explores the configuration
space of student models to optimize for two or more objectives, including maximizing accuracy
and minimizing computational cost and size. The first proponent was Shi et al. [36] with
COMPRESSOR, which used a single-objective genetic algorithm to distill binary classification
models, minimizing a combination of Giga FLOPs and model size. Later, they introduced
AVATAR [35], which uses a multi-objective genetic algorithm with 3 objectives: minimize
FLOPs and model size, and maximize accuracy.
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MOoRPH [29] builds on top of this previous work, introducing robustness as an additional
objective, which is done using metamorphic testing, as explained in Section 2. With
its additions — metamorphic testing, surrogate models, and Many-Objective optimization —
MORPH achieves state-of-the-art performance compared to AVATAR, but leaves some questions
unanswered. First, it uses FLOPs as an optimization objective for energy and sustainability,
as does the previous work. However, the relationship between FLOPs and energy consumption
is not straightforward and depends on factors such as the target hardware and the potential
optimizations it enables. In this work, we aim to determine whether FLOPs is an adequate
objective to minimize when reducing the energy consumption of a distilled model.

Another topic these approaches do not address is their validity for generation tasks.
Previous work only performs distillation for binary classification tasks, namely, Clone
Detection and Vulnerability Prediction. These tasks are much simpler than generation tasks
and require less complex models, allowing for more aggressive compression during distillation.
In this paper, we will apply this technique to a generation task, Code Summarization, and
investigate whether the advantages it offers can be applied to generation tasks.

FLOPs as proxy for energy consumption. The validity of floating-point operations (FLOPs)
as a proxy for an Al model’s energy consumption is an ongoing debate in the field. FLOPs
were first proposed as an energy proxy in the early stages of Green Al [34, 21] because they
can be easily calculated solely from architectural details. Desislavov et al. [10] perform a
study on inference energy consumption for a set of Al models for Computer Vision and
Natural Language Processing tasks. Here, the authors propose using FLOPs as a proxy
for energy consumption, relating the FLOPs used by a model during inference to hardware
FLOPs and combining them with GPU hardware specifications, specifically TFLOP /s and
power. However, this study fails to address the gap between logical and hardware FLOPs, as
it does not account for potential hardware optimizations enabled by GPUs or TPUs.

Asperti et al. [2] investigated the validity of FLOPs as a proxy metric for energy
consumption of Convolutional Neural Networks (CNN). They show that FLOPs do not
correlate well with energy consumption and propose a metric, a-FLOPS, that accounts for
hardware and model architecture to estimate energy more accurately. However, this work
focuses solely on CNNs and does not consider other architectures, such as transformers,
widely used by LLMs. A similar study by del Rey et al. [9] on multiple Deep Neural Network
architectures shows that FLOPs might be a better estimator of GPU usage than energy
consumption.

A gap remains regarding whether the correlation between FLOPs and energy consumption
observed in previous studies is still applicable to LLMs. Despite this, many LLM-related
papers still use it to reflect energy costs of models, as seen in Section 3 with MORPH, but
also many others [18, 24, 22]. This paper aims to shed light on this topic and investigate
whether FLOPs are a viable proxy for energy consumption in certain LLM tasks.

4 Methodology

This section introduces the changes applied to the original MORPH methodology to investigate
our research questions. For RQ;, we maintain the original approach, and empirically measure
energy usage of the distilled models in the Pareto front. For RQ,, we extend this approach
by adding energy as an additional objective in the function. For RQs, we take this one step
further and use our modified approach for a more complex generation task.

22:5
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4.1 Adding Energy as Optimization Objective

For research question RQ,, we closely maintain the original methodology steps. The only
change we introduce is to redefine the efficiency function, using energy rather than FLOPs
to measure a model’s energy efficiency.

To do this, we adapt the surrogate model methodology proposed in the original paper for
predicting accuracy and the number of prediction flips. We sample a representative subset of
the hyperparameter subset using Latin Hypercube Sampling (LHS), which provides a uni-
formly distributed set of configurations across the sampling space. For each hyperparameter
set, we assess median CPU and GPU energy consumption across multiple runs, following
the protocol described in Subsection 5.4, along with accuracy and prediction flips. Then, we
use the energy measurements to train two additional regression models to predict GPU and
CPU energy consumption for a given set of hyperparameters.

During the optimization phase, instead of computing and minimizing FLOPs for the
sampled population, we predict CPU and GPU energy consumption and use the sum as our
new minimization objective. If the surrogate models are sufficiently accurate, this serves as
an alternative proxy metric for energy.

4.2 Morph for Generation

To investigate RQ3, we adapt MORPH’s objective function to work for a generation task.
Concretely, we will test MORPH and CodeT5+ performance for the Code Summarization
task. To evaluate the efficacy of a student model for this task, we want the student model
to produce summaries as close as possible to those in the dataset, while minimizing energy
usage and model size. Therefore, we redefine the problem and objective function as follows:

Definition: Given a LLM teacher model, find a hyperparameter configuration C' =
[c1,...,Cm] for the student model S that optimizes the following objectives:

min O1 =  size(S)
min Oy = ef ficiency(S)
max O3 = ef fectiveness(S,V)

where V' is the validation set. The main changes to the original formulation lie in the lack
of a robustness metric and the measurement of efficiency and effectiveness. To measure
effectiveness, we require metrics that measure similarity between generated texts and ground
truth. Ideally, we would compare the summaries’ semantic similarity using human judgment
or an LLM serving as a judge. However, since the methodology requires training and testing
a relatively high number of models, this would significantly increase the time and resources
needed. Therefore, we select an ngram-based metric. To partially mitigate the lack of
human judgment, we select ROUGE-L as our accuracy metric. ROUGE-L has been shown
to align better with human judgment [11] than other state-of-the-art metrics, such as BLEU,
METEOR, or CodeBLEU, for code-related tasks.

To assess robustness, the original paper used the number of prediction flips as a metric,
since it dealt with binary classification tasks. In the case of summarization, robustness is
much more difficult to assess, since there is not a single correct summary for a piece of code.
Furthermore, introducing metamorphic code changes, such as synonymizing parameter names,
can yield the same changes in the summary, maintaining semantic similarity while using
different words. This could also potentially be addressed with human or LLM judgment, but
such techniques do not fit the size of these methodologies.
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Finally, to measure efficiency, we will use energy measurements of the inference process
in Joules, rather than FLOPs, following the process defined in the previous section. Using
the same inference dataset, we measure the energy required for each student to complete it.

To create the surrogate models, we follow the technique described in Section 4.1 for the
first two research questions and GraphCodeBERT. We sample the hyperparameter space
using LHS, distill the models, and measure their ROUGE-L scores on the validation set and
their inference energy consumption.

Weight subcloning. Because clone detection and vulnerability prediction are binary clas-
sification tasks, the student model weights were randomly initialized, as the number of
epochs required for convergence is relatively small. However, for summarization, the implicit
knowledge the student model needs to learn is larger, and convergence takes longer with
random initialization. Additionally, in our preliminary studies, we observed that randomly
initialized students converge to generic responses independently of the input. To solve this,
we clone part of the teacher model’s weights into the student model before starting the
distillation process.

To copy the most important weights, we apply a weight subcloning technique [33]. This
technique runs inference on the teacher model over a small subset of the validation set
(around 80,000 tokens) and captures the input and output magnitudes of different neurons
and attention heads. Based on these inputs and outputs, it ranks neurons and layers by
importance, and copies the most important weights into the student model, respecting the
new architecture. According to the study, student models initialized this way achieve 4x
faster training times.

Teacher Logit extraction and Distillation Loss. In the original MORPH for binary classi-
fication tasks, inference is run on the teacher over the training set, and the two logits per
sample (positive probability, negative probability) are saved. These logits are later used
during offline distillation, where only the student model needs to be instantiated in memory.

Compared to binary classification, generative tasks can be viewed as classification over
the vocabulary size at each output position, making it infeasible to store logits. In our
preliminary experiments, the logits for only 64 training samples already required about 1
GB of disk space. Since it is unfeasible to store all the logits, we perform online distillation.
We instantiate the teacher and student models on the same GPU and, for each batch, first
perform inference on the teacher to obtain the logits, then perform the training step on the
student. While this helps avoid storage problems with logits, it increases computational
demand, since we need two models instantiated and running inference simultaneously.

To compute the loss between the student output, teacher output, and ground truth, we
used the average of the Kullback-Leibler Divergence (KLD) and cross-entropy loss. KLD is a
loss function to compute the difference between two probability distributions. In this case,
it takes the student and teacher logits and compares the probability distributions for each
output token across the entire vocabulary. This loss is the standard used across Knowledge
Distillation tasks [47, 3] and it has been shown to work well with LLMs [45].

To ensure the student models remain aligned with the ground truth, we include the cross-
entropy loss between the student predictions and the ground-truth probability distribution.
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5 Evaluation

The goal of this study is twofold: (1) to validate the use of MORPH for optimizing LLMs
with respect to energy consumption, and (2) to assess its applicability to generation tasks.

RQ;: Are FLOPs a good prozy of energy consumption in the context of model distillation
using Many Objective Optimization?

RQ,: How energy efficient are MORPH models when using actual energy as an objective?

RQs: How effective is MORPH at reducing LLMs costs for generation tasks, and what is
the accuracy tradeoff?

The objective of RQ; is to empirically assess the validity of FLOPs as a proxy for
energy consumption by examining their correlation in models generated by MORPH, thereby
identifying potential weaknesses in the existing distillation approaches for code-specific
LLMs [29, 35]. RQ, evaluates our proposed modifications to MORPH, which incorporate
energy directly into the optimization. The goal is to determine whether these models are
more energy-efficient than those distilled using the standard approach.

Finally, the objective of RQj5 is to verify the applicability of our modified MORPH method
to generation tasks for software engineering. The original MORPH approach is only tested
for binary classification tasks. Text generation is a much more complex task, and achieving
results similar to those presented in the original paper might not be possible. With this
question, we aim to verify whether we can train LLM models suitable for generation tasks
that preserve accuracy while being significantly smaller and more energy-efficient.

5.1 Downstream tasks

For RQ, to keep alignment with the MORPH experiments [29], we evaluate energy consump-
tion of MORPH models on the same software engineering tasks and datasets: Clone Detection
and Vulnerability Prediction. With this, we can replicate previous results exactly and draw
valid comparisons. For the clone detection task, the dataset used is BigCloneBench [39], a
collection of Java code clones obtained by mining 25,000 Java projects from SourceForge and
Google Code. For vulnerability prediction, the dataset used is Devign [49], which contains C
code from two open-source libraries, FFmpeg and Qemu. As explained in previous research,
this selection avoids data leakage problems [29].

As a generation task, we chose Code Summarization. We chose this task because it is
quick to evaluate (does not require running test cases, as in code generation) and provides
an objective score quickly via ROUGE-L. However, it is still a relevant task that is used for
automated commit messages or pull requests. We use two separate datasets to avoid data
leakage problems. For finetuning the teacher, we use the Python split of the CodeXGLUE
code summarization dataset [26]. This dataset is extracted from CodeSearchNet and comes
from publicly available, open-source GitHub repositories.

However, CodeT5+, the model used for summarization, has been pretrained on Code-
SearchNet data, so we cannot use the validation and test splits of CodeXGLUE for evaluation
of the model due to data leakage. To solve this problem, we will extract validation data
from The Heap [19]. This is a contamination-free dataset extracted from GitHub projects
with non-permissive licenses and has been de-duplicated against the most popular training
datasets. Using a Python AST parser, we extract functions with docstrings and use them as
our evaluation dataset.
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5.2 Large Language Models

We employ two pretrained models for these experiments, GraphCodeBERT [14], and CodeT5+
[43]. GraphCodeBERT is a bimodal model pretrained on natural-language and programming-
language data, based on BERT and CodeBERT [13], and extends the latter’s capabilities
by incorporating information from the code snippet’s data flow graph. In the original
MorpH study [29], both CodeBERT and GraphCodeBERT are tested. However, for RQ;,
based on the architecture similarity and the study’s results, we replicate the results only for
GraphCodeBERT, since the conclusions from this should be applicable to both models.

For the generation tasks, we use CodeT5+ [43]. This model is based on the Google T5
model and has been pretrained on multiple code-related tasks, including code summarization,
using the CodeSearchNet and BigCode datasets. We chose this model because it is more
recent than GraphCodeBERT and offers better capabilities. This family also provides small
versions, from which we choose the model with 220M parameters. This choice is motivated
by our hardware constraints and the need to perform online distillation with 2 models loaded
simultaneously. Our experiments also require multiple distillations to create surrogate models
and multiple energy measurement runs. Using a smaller model reduces the execution times
of the experimental pipeline.

5.3 Empirical Methodology

To answer RQ;, we sample models with varying FLOPs, measure their energy consumption,
and analyze the correlation between the two. To obtain these models, we generate a
Pareto front of optimal solutions using the original MORPH approach. In many-objective
optimization, the Pareto front consists of solutions for which no objective can be improved
without sacrificing at least one other objective. Therefore, sampling the Pareto front will
yield a diverse set of models with varying FLOP requirements. After measuring the energy
consumption of these models, we use statistical methods, such as ANOVA, to identify
correlations among energy, FLOPs, and other hyperparameters.

To answer RQ,, we compare the models generated by the original MORPH methodology
with a modified method that substitutes the FLOPs objective with actual energy consumption
predictions, using the surrogate model to predict energy consumption in inference, similar
to the surrogate method used for prediction flips. We compare both methodologies using
the metrics from the original paper (size, accuracy, robustness, and FLOPs) as well as
inference energy consumption to determine whether models actually consume less energy
during inference. We run the original MORPH and the modified version, generating new
Pareto fronts and models for both cases. Given the random nature of the MOP optimization
algorithm, we distill 20 models and report the median results for the previous metrics, along
with the interquartile range. To compare with the original MORPH results, we use the
same model selection criteria, choosing the model with size closest to 3MB. We analyze the
results using the Wilcoxon signed-rank test [5] to determine whether there is a statistically
significant difference in energy consumption between standard and modified MORPH, and
the Vargha-Delaney Aj, statistic [42] to determine the effect size.

Finally, to answer RQj, we distill a CodeT5+ model using MORPH and the energy
objective, and compare the student model with the teacher model. We compare based on
three metrics: accuracy (using ROUGE-L), size, and energy efficiency. We also manually
inspect some test samples to evaluate the models’ performance based on human judgment.
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5.4 Energy Measurement Setup

For our experiments, we measure only energy usage during the inference step. We exclude
tokenization and decoding since they depend on the tokenizer, which is not affected by the
distillation. Measuring the energy consumption of an Al model is difficult because software
cannot run in a vacuum; it depends on its environment: operating system, dependencies,
memory, and hardware. Additionally, the hardware can be affected by external constraints,
such as room temperature. Consequently, obtaining a precise measurement with a single
execution is not guaranteed.

We follow existing guidelines to mitigate external factors [6]. The first is to make
execution times long enough to reduce variance in energy measurements. Accordingly, we
assess inference energy of the distilled models using an automated script that: (1) loads
the model and test dataset, and (2) runs inference on the dataset multiple times. The
multiple inferences are run so the energy costs of loading the model do not overshadow
the inference costs. Another mitigation is to repeat measurements for each model in a
randomized order, with short pauses in between, to reduce variation caused by unexpected
system activity. Following the guidelines, we perform 20 executions [6] and report the median
energy consumption across runs. Between measurements, we reset the GPU context to ensure
no cached results affect the measurements.

The experiments are run on a server equipped with an AMD Ryzen 9 7900X processor,
64 GB of RAM, and an NVIDIA GeForce RTX 4090 GPU. The server runs Ubuntu 22.04.3,
with Linux kernel version 6.2.0, and Docker 24.0.5. To measure CPU and GPU energy
consumption, we use EnergiBridge [32], a software profiling tool compatible with AMD CPUs
and Nvidia GPUs, among others, that uses RAPL and NVML under the hood.

5.5 Parameter settings

For the components of the methodology that remain unchanged from the original implement-
ation, we maintain the parameter configuration from the original paper [29]. This includes
the parameters for population creation and mutation, optimization algorithm, and hyper-
parameter space for GraphCodeBERT. We also replicate the configuration of the original
paper for the new energy surrogate models, using Gradient Boosting Regression, and grid
search to optimize GBR hyperparameters accross the following predefined parameter space:
(1) number of decision trees € {50,100,150}; (2) learning rate € {0.05,0.10,0.15,0.20,0.25};
(3) maximum depth of each decision 3 € {2,3,4,5}; (4) the minimum number of samples in
internal node € {2,3,4}; (5) minimum number of samples in leaf nodes € {1, 2, 3}.

For Code Summarization distillation in CodeT5+ we use the following configuration space:
(1) number of hidden layers € [1,12]; (2) hidden activation € {gelu, relu, silu, gelu-new};
(3) number of decoder layers € [1,12]; (4) hidden size € [16, 768]; (5) number of attention
heads € [1,12]; (6) projection size € [1,64]; (7) intermediate size € [16,3072]; (8) relative
attention buckets € [4,32]; (9) relative attention max distance € [32,128]; (10) dropout
rate € {0.1,0.2,0.3}; (11) feed forward projection € {relu, gated-relu}; (12) learning rate
€ {0.001,0.0001, 0.00005}; (13) batch size € {8,16}. This configuration’s maximum values
are equivalent in size to the teacher model (CodeT5+ 220M). This way, student models will
be no larger than the teacher model. We chose this because, a priori, we do not know the
level of compression that can be achieved for this task and model, and it may be that the
maximum accuracy lies in the teacher’s model size.
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Figure 1 Inference energy usage against FLOPs.

Additionally, compared to the original paper, we removed hyperparameters for the
tokenizer, since modifying it would require retraining the teacher model, since the number of
logits equals the vocabulary size for each token.

Finally, for inference during evaluation, we use beam-search multinomial sampling with 5
beams.

6 Results

6.1 RQ1: Correlation of FLOPs and Energy Consumption

We ran MORPH with its default configuration and extracted details of the Pareto front for
the Clone Detection and Vulnerability Prediction tasks. For each Pareto front, we ran energy
tests on inference, using the same test set for every model and testing each model multiple
times in a randomized order, as explained in Section 5.4. Figure 1 shows a scatterplot of
total inference energy consumption vs FLOPs for the Pareto Front of the Clone Detection
(Figure la) and Vulnerability Prediction (Figure 1b) tasks.

For the Clone Detection task, the figure shows no clear correlation between FLOPs and
Energy. Most models with fewer Giga FLOPs accumulate around the 4,000 J mark, but
there are many models that do not show a straight relationship between FLOPs and energy.
For example, the most expensive model uses around 8,001 J while their computational cost
is 0.20 Giga FLOPs (highlighted in red), while a model with 2.4 Giga FLOPs uses 4,423 J,
around 44 % less energy (highlighted in green).

For the Vulnerability Prediction task (Figure 1b), the results reveal a different behavior
and show a much clearer correlation between FLOPs and energy consumption, with a
However, despite a
clearer correlation, there is again no straightforward relationship between FLOPs and energy
consumption. Similarly to Clone Detection, some models use significantly less energy than
others with higher FLOP counts. For example, a model with 1.16 GFLOPs is using 41,122 J
(highlighted in red), while a model with 5.27 GFLOPs is using 11,945 J, or 70% less energy
(highlighted in green). Relying solely on this correlation may obscure outlier models that are
far more energy efficient or, conversely, favor models that are substantially less efficient.

higher number of FLOPs translating into higher inference energy.
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Table 1 ANOVA test results against inference energy for Clone Detection (CD) and Vulnerability
Prediction (VP). Grey denotes significance. For CD, all models in the Pareto front have Num Hidden
Layers = 1.

Hyperparameter CD VP
Tokenizer 0.06 0.82
Vocabulary Size 0.03 0.04
Num Hidden Layers - 8.26e-11
Hidden Size 2.95e-5 1.89e-4
Hidden Activation 0.01 2.23e-4
Number of Attention Heads | 3.69e-14  6.54e-09
Max Sequence Length 6.97e-08 1.71e-05
Position Embedding Type 3.71e-3 0.11
Learning Rate 0.53 0.906290
FLOPS 0.16 6.48e-07

Additionally, during our experiments, we tracked and made surrogate models for both
CPU and GPU energy. However, we observed that CPU power usage is mostly constant,
and total energy only depends on inference time. This means that the bulk of the processing
was happening on the GPU. Higher CPU energy comes only from measuring the same power
usage over a longer period. Therefore, for these results, we report total energy consumption
(CPU + GPU), since the CPU’s energy consumption is relevant but does not show a clear
trend on its own.

Table 1 reports the results of the ANOVA test for inference energy against the different
hyperparameters of the model, with p-values < 0.05 indicating a statistical correlation
between inference energy and the hyperparameter. For Clone Detection, the ANOVA test
results confirm that there is no statistical correlation between FLOPs and energy, with a
p-value=0.17. Additionally, the results reveal that other hyperparameters, such as Hidden
Size, Number of Attention Heads, and Max Sequence Length, show a high correlation with
energy (p-value < 0.05). However, despite these hyperparameters being part of the FLOPs
computation, their correlation with energy does not transfer to the FLOPs metric. From the
Figure, it is clear that higher FLOPs do not always translate to higher energy consumption.

For the Vulnerability Prediction task, the ANOVA results confirm the correlation observed
in the figure, with a p-value of 6.48e¢ — 07 for the FLOPs metric against energy consumption.
The test also confirms the correlations with the other hyperparameters already observed in
Clone Detection.

The results for both tasks suggest that FLOPs can be a somewhat accurate proxy for
energy consumption, but other factors that affect energy consumption are not reflected in
this metric. In the original MORPH methodology, the same FLOPs computation algorithm
taken from Clark et al. [4] is used for both classification tasks. This suggests that FLOPs is
not a task-agnostic proxy for energy consumption and fails to capture certain behaviors in
the Clone Detection task that strongly influence energy consumption.

Answer to RQ;. For Clone Detection, FLOPs fail as an energy proxy (p = 0.17),
while for Vulnerability Prediction FLOPs are statistically associated with energy (p =
6.48 x 10~7). This task-dependent contrast shows that FLOPs are not a reliable task-
agnostic proxy, and the observed spread of models with similar FLOPs but different
energy confirms that FLOPs are not directly proportional to energy consumption.
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6.2 RQ2: Substituting FLOPS with surrogate energy prediction

Table 2 Results of Morph using FLOPs and surrogate energy as optimization objectives. The
best result for each metric is highlighted in grey.

Task Objective Accuracy (%) Size (in MB) # Pred. Flips Giga FLOPs Energy (J)
as|

Metric Median Diff.  Median  Diff. Median Diff. Median  Diff. Median Diff.
Clone FLOPS 95.26 (2.42) 3.00 (0.01) 43.00 (14.25) 0.79 (0.36) 5355.83 (1391)
Detection Energy 05.95 (0.97)  +6.09% 3.01 (0.06) -+0.01 | 37.00 (27.00) -57% | 0.98 (0.24) +21% | 3604.50 (824) -39%
Vulnerability FLOPS 55.60 (4.77) 2.98 (0.11) 143.00 (257.00) 0.68 (0.47) 10505.50 (6762.75)
Prediction  Energy 56.20 (4.50)  -0.27% 299 (0.13) +0.01 218.00 (260.00) -33% 0.98 (0.20) +36%  14219.00 (8568.75) +30%

We apply MORPH to produce 20 student models optimized for FLOPs and energy,
respectively. Due to the method’s stochastic nature, each model yields different trade-offs.
Table 2 reports median and interquartile range for accuracy, model size, prediction flips,
GFLOPs, and energy. As per Section 5.3, we select the model with size closest to 3MB.

For accuracy and prediction flips, neither optimization strategy significantly outperforms
the other. Energy optimization yields slightly higher accuracy, but the difference is not
statistically significant (p-value>0.3) for both Clone Detection and Vulnerability Prediction.
Conversely, FLOPs optimization shows fewer prediction flips, but again the difference is not
significant (p-value>0.5).

An opposite but similar effect occurs with robustness: the original FLOPs optimiza-
tion outperforms energy optimization in of prediction flips (e.g., better model robustness).
However, this difference is again not statistically significant (p-value>0.5) for both tasks.

Finally, when looking at sustainability and energy use, improvement results are mixed,
depending on the task. For Clone Detection (where FLOPs did not show a statistical
correlation with energy), the results show that the energy-optimized approach produces
models with higher GigaFLOPs (21%) than the FLOPs-optimized approach. This difference is
statistically significant (p-value < 0.01) with a medium effect size (415 = 0.68). Nevertheless,
we observe that this increase in FLOPs does not translate to higher energy consumption,
and the energy optimization approach outperforms the original approach with a difference of
39% in median inference energy. This is a statistically significant difference (p-value < 0.01)
with a large effect size (A1 = 0.925).

For Vulnerability Prediction — where FLOPs correlated with energy — the energy-based
approach yields models with 36% more GFLOPs and about 30% more energy, though the
differences are not statistically significant (p-value>0.2).

These results suggest that the energy optimization approach can be useful when FLOPs
are unreliable or lack a statistical correlation with energy consumption, as is the case for
Clone Detection. For Vulnerability Prediction, the energy approach neither improves nor
shows a statistically significant degradation.

Answer to RQ,. Using surrogate energy instead of FLOPs reduces median inference
energy in Clone Detection by 39% (from 5355.83 J to 3604.50 J), and this gain is
statistically significant (p < 0.01, Ay = 0.925). In Vulnerability Prediction, where
FLOPs already correlate with energy, the energy-based optimization changes median
energy by +30% and GFLOPs by +36%, but these differences are not statistically
significant (p > 0.2), and accuracy remains non-significantly different as well (p > 0.3).
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6.3 RQ3: Application to generation tasks
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Figure 2 ROUGE-L of the Pareto front compared to inference energy and model size.

Figure 2 shows the ROUGE-L scores of different generative code summarization models
on the Pareto front, along with the other two optimization objectives: energy (Figure 2a)
and size (Figure 2b). The red line indicates a threshold for the ROUGE-L score of 0.18.
By manually inspecting individual amples and generating summaries, and observing that
summaries with approximately 0.15 still fit well to the source code, despite the summary
being worded differently and being much shorter. To be conservative with our choice, we
selected 0.18 as an acceptable lower bound for our use case. We observe that, for Code
Summarization, the Pareto front shows more constraints and much higher trade-offs between
the objectives. One of the main observations we can make is that, unlike classification tasks,
the 3MB selection rule from the previous study [29] cannot be applied, since models below
10MB achieve ROUGE-L scores below 0.1, which has a significant impact on performance.

Table 3 ROUGE-L, Size and Inference Energy for the teacher model and the most accurate
student model. The best result for each metric is highlighted in grey.

Model ROUGE-L Size (MB) Energy (J)
Teacher 0.229 830 82 396

Most Accurate 0.199 (-13%) | 114 (-86%) 13 600 (-83%)
Most Efficient  0.194 (-15%) 157 (-81%) 8 059 (-90%)

Table 3 shows the objectives for the teacher model, which obtains an ROUGE-L score
of 0.231. Compared with the most accurate student model, the score is 0.199 (a 13%
decrease). Therefore, even in the best case, we observe a slight decrease in accuracy. However,
by manually inspecting the output of different models, we see that summaries are mostly
coherent. Student models struggle more with code that uses specialized nomenclature, such
as specific libraries or services. Despite a small decrease in accuracy, this student model
achieves an 83% reduction in energy usage while processing the same number of inference
samples and a 86% reduction in memory footprint.

Other student models can also achieve a similar level of accuracy to the most accurate
student while achieving higher energy savings. To illustrate this, Table 3 also showcases
the results for the most efficient model obtained under the constraint that the ROUGE-L
score exceeds 0.18. We defined this threshold based on the performance we observed during
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manual inspection, since models with this score still perform well with simpler pieces of code.

Then, we selected the most efficient model by dividing the ROUGE-L score by the total
inference energy, obtaining an Accuracy per unit of Energy metric. We selected the model
with the highest value in this metric to prioritize both accuracy and efficiency: choose a
model that provides greater accuracy with less energy usage. This kind of selection criterion
can be useful for systems with high energy constraints [7, 30]. For this model, we observe an
even higher energy reduction, up to 90% compared to the teacher model and 40% less than
the most accurate student, albeit with a slightly higher memory footprint.

Answer to RQ;. For code summarization, many-objective distillation reduces inference
energy from 82,396 J to 8,059 J (most efficient student), a 90% reduction, and reduces
model size from 830 MB to 114 MB for the most accurate student, an 86% reduction.
The performance trade-off is moderate: ROUGE-L drops from 0.229 to 0.199 (—13%)
for the most accurate student and to 0.194 (—15%) for the most efficient student.

7 Discussion

7.1 FLOPs as a proxy for energy

Our experiments for RQ; show that FLOPs are not a consistent proxy for energy consumption:
there is no correlation between FLOPs and inference energy for the Clone Detection task,
but a positive correlation for the Vulnerability Prediction task. Furthermore, even for the
Vulnerability Prediction task, where statistical correlation is present, we still cannot detect a
direct relationship between FLOPs and energy consumption. In this task, we observe some
models with similar FLOPs that use vastly different amounts of energy, and models with
similar energy that differ widely in FLOPs. By using FLOPs alone to select an energy-efficient
model, an AT engineer would miss models that stand out from the correlation and show a
reduced energy consumption despite the elevated number of FLOPs.

These results suggest that FLOPs, as a metric, do not capture all the complexities and
components involved in a model’s total energy consumption. The approach used to compute
FLOPs for a model [4] treats FLOPs as mathematical operations rather than machine
instructions, treating operations such as multiplications and additions as equally costly. A
similar thing happens with profilers from libraries, including PyTorch, which use formulas to
estimate mathematical operations and, in some cases, ignore operations such as additions.

This computation also uses only a subset of the model’s hyperparameters (Hidden Size,
Number of Layers, Sequence Length, Vocabulary Size, Intermediate Size, and Number of
Heads). Other factors, such as additional model hyperparameters, dataset characteristics,
or inference steps, may influence energy consumption across the whole task. For example,
from the ANOVA test, we observe that the Hidden Activation function also has a statistical
correlation with energy. Each possible activation function has a different implementation,
which can affect FLOPs and energy in different ways. These aspects make FLOPs an
unreliable proxy, since the computation understates some aspects and fails to account for
others that can affect energy consumption.

The FLOPs computation is also blind to software or hardware optimizations introduced
by the libraries or the GPU during execution time. Underlying libraries provided by the
operating system and hardware drivers, along with their versions, can affect the energy
consumption of any program [31]. An example of this is the omission of operations due to
sparsity, where GPUs introduce optimizations to avoid multiplying by 0. Something similar
can happen with respect to sequence padding. In this methodology, FLOPs are computed
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using a maximum sequence length. However, not all inputs to the model use all this sequence
length, with shorter inputs requiring fewer FLOPs. Additionally, when processing a batch
through an LLM model with a defined batch size, all inputs get padded to the length of the
longest input. The largest sequence sets the length for the entire batch. Other sequences are
padded with padding tokens, which are ignored during computation using an attention mask.
The FLOPs costs for these padding tokens cannot be assumed to be the same as for normal
tokens, since the GPU can introduce optimizations to avoid computations with these tokens.
Therefore, the FLOPs count provided by this methodology is an upper bound rather than
an exact count of computations per input.

These optimizations might explain the lack of correlation in the Clone Detection task.
To perform this task, the maximum sequence length is used when tokenizing each code block.
To compare two blocks of code, they are concatenated, giving an effective maximum length
of twice the input to the tokenizer. While this is considered for FLOP computation, it also
means the average padding length doubles, resulting in the Clone Detection task having
more “empty” FLOPs.

In conclusion, FLOPs metrics, as used in this approach and in most of the literature,
serve as an upper bound that does not account for all characteristics of the model and task.
For simpler tasks or datasets, such as Clone Detection, the actual computation can fall
far short of this upper bound, making FLOPs a poor proxy for energy consumption. In
comparison, more complex tasks, such as Vulnerability Prediction, are closer to the upper
bound on FLOPs and exhibit higher correlation.

A more accurate proxy for energy consumption than FLOPs is inference time, which shows
a strong correlation with energy consumption, according to previous studies [2]. Compared to
energy, this is a much more accessible metric, since it does not require the use of profilers or
energy measurement guidelines [6]. However, to compare with FLOPs, the model still needs
to be run. Running and measuring energy for a model can be extremely time-consuming,
especially in many-objective optimization problems, where multiple configurations must
be evaluated. Using inference time is a reasonable tradeoff, since it still requires running
the model, but does not require additional setup for energy measurements. Additionally,
inference time provides no insights into the model’s energy impact.

From the results for RQ,, we learn that, in cases where FLOPs and energy present a
correlation (Vulnerability Prediction), using surrogate models instead of FLOPs does not
have a statistically significant effect on the final result, for better or worse. However, when
FLOPs cannot accurately reflect energy consumption, the surrogate models bridge this gap
and produce more efficient models without impact on accuracy. These results show that
energy surrogate models are preferable to FLOPs, as they can account for more factors that
affect sustainability and perform well regardless of whether a correlation is present.

To build the energy models, we need to measure the inference energy consumption of
all the sampled models in the surrogate step of MORPH. This adds an additional step
to the sampling, training, and evaluating pipeline from the original methodology. Energy
measurements are a costly step, especially in larger student models that tackle more complex
tasks, as in the case of CodeTh+ and Code Summarization. Therefore, it is preferable to use
FLOPs when we are certain of the correlation, such as in the Vulnerability Prediction task,
since these additional costs do not yield any benefits.

In any case, the trade-offs between FLOPs and energy only apply during the optimization
phase of this methodology. Once MORPH provides the Pareto front of the optimal models, we
observe that, statistical correlations aside, there is no direct relationship between FLOPs and
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energy. This is an important consideration when selecting a final student model that meets
our constraints. If we wish to select a model with the lowest possible energy consumption,
selecting the one with the lowest FLOPs is not guaranteed to yield the lowest energy
consumption. FLOPs might be useful for solving the optimization problem, as they are
easy to compute (and may correlate with energy). Nevertheless, we propose that developers
prioritize actual energy measurements over FLOPs when selecting a final student model,
particularly for heavily constrained systems. This recommendation stems from our findings,
which indicate that FLOPs are not a reliable proxy for energy consumption in this context,
and that related literature should be cautious in its use.

7.2 Many-Objective Optimization for Generation Tasks

Our experiments for RQg show that Many-Objective distillation can be used for generative
SE tasks like Code Summarization, albeit with some caveats. This technique produces student
models with a significant reduction in size (up to 86% of the teacher model) and energy
consumption during inference (up to 90%). However, none of the student models match the
teacher model’s accuracy, resulting in a slight decrease in ROUGE-L score. This drop is similar
to results from the literature on other distillation approaches for summarization [37, 38].

Our study also shows how sensitive state-of-the-art models are when applied to datasets
other than their original evaluation dataset. To mitigate contamination, we are using The
Heap [19] as our evaluation dataset. This dataset follows more strict deduplication techniques
than other publicly available datasets to avoid contamination. This affects final ROUGE-
L scores for both teachers and students, with both obtaining scores slightly lower than
those of other state-of-the-art summarization models. For example, our fine-tuned teacher
model has an average ROUGE-L of 0.22 in The Heap. Comparatively, when evaluating
the teacher model on CodeXGLUE as in the original CodeT5+ paper [43], we obtain an
average ROUGE-L of 0.33, closer to the original results. This indicates that the model is
not generalizing well for a different evaluation dataset. This calls for more research on how
these models should be evaluated and highlights the need for metrics that better reflect the
actual correctness of generative model outputs for software engineering problems, as well as
for improved generalization beyond predefined benchmarks.

In our experiments, the student model’s savings come at the cost of a drop in performance.
While the observed drop is moderate, it will depend on the use case whether it is acceptable.
For example, local models running on a laptop and used for commit message generation
can have a strict energy cap, and the accuracy drop is acceptable for such low-critical tasks.
On the other hand, a model intended to summarize pull request contributions requires an
accurate summary to guide the reviewer who will eventually accept or reject the PR. What
is an acceptable drop in accuracy and energy savings will depend on the specific use case,
and is hard to define in a research setting.

The Many-objective approach also provides greater flexibility in the student architecture,
thanks to weight subcloning. Other approaches in the literature need a student model that
has been pretrained and has some general knowledge first [37, 38], or distill into pretrained
checkpoints of smaller models. In this case, the available configurations are only those that
are pretrained and open source. In comparison, our approach copies the most important
weights from the teacher model using weight subcloning. This distillation technique can
provide a wider range of hyperparameters while avoiding the expense of pretraining.
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8 Threats to Validity

Our approach has some limitations regarding its validity. First is the distillation loss used
for the Code Summarization task. In this paper, we used a standard distillation loss function
based on the KL-divergence and the cross-entropy function. Model distillation is a rapidly
developing subfield of AI. Newer methods are being proposed and bring improved and more
complex losses [46], or different distillation paradigms [41]. However, the loss we applied
for this paper is widely adopted in state-of-the-art solutions. Moreover, the focus of this
paper is the application of Many-Objective Problem optimization towards exploration of the
configuration space. We decided to use a standard, well-founded distillation loss and reduce
the influence of other variables. Combining newer methods with Many-Objective solvers
might yield improved distillation results.

Additionally, for the generation task, we used the ROUGE-L score as the model’s objective,
which measures n-gram overlap. This metric is widely adopted in state-of-the-art evaluation,
but it comes with its own limitations. ROUGE-L overlooks semantic similarity: there can
be different valid summaries paraphrased in different ways. Evaluating semantic similarity
would require human judgment or that of a reliable LLM, which incurs significant time and
financial costs due to the need for an additional LLM or human participants and does not
guarantee the validity of the judgment, especially in the case of LLM-as-a-judge. Given the
amount of sampling necessary for the method applied in this paper, this kind of metric would
be too costly and not entirely objective for the purpose of Many-Objective optimization. We
selected ROUGE-L because, despite its shortcomings, it is widely used in the literature and
aligns more closely with human judgment, according to the latest studies [11].

9 Conclusion

This study investigates the validity of FLOPs as an energy proxy for many-objective LLM
knowledge distillation. Our findings reveal that the correlation between FLOPs and inference
energy of the student model is often unreliable. For Clone Detection, FLOPs do not present
a statistical correlation with energy, while Vulnerability Prediction does. Besides this
correlation, FLOPs does not show a direct relationship with energy. Selecting the model
with lower FLOPs does not always imply selecting the model with lower energy usage.

To address this, we proposed using surrogate energy models to estimate energy consump-
tion for a given hyperparameter set before training. This approach converges to models that
are 39% more energy-efficient for Clone Detection tasks, bridging the gap in the correlation
between FLOPs and energy efficiency.

We also applied this approach to Code Summarization in CodeT5+, testing its potential
for generation tasks. The results showed significant compression levels for students (up to
86% smaller) and reduced energy usage (up to 90%), with a modest impact on accuracy.

Future work will expand the generalizability of these findings by applying them to tasks
such as code generation. We also intend to analyze the pitfalls of FLOPs and define metrics
that correlate better with energy while requiring less effort than direct energy measurement.
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Data Availability Statement

A replication package is available in Zenodo?. This package contains the scripts to distill

surrogate and final models, as well as a script to measure the energy consumption of the
models. It also contains the data collected from our hardware setup, as well as the analysis
scripts used to generate the plots and tables in this paper.
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