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Abstract
In this work, we look at the intersection of Sustainable Software Engineering and AI engineering known
as Green AI. AI computing is rapidly becoming more expensive, calling for a change in design phi-
losophy. We consider both training and inference of neural networks used for image vision; to reveal
energy-efficient practices in an exploratory fashion.

First of all, we examine a modern algorithm for hyperparameter optimisation and compare this to
two baseline methods. We find that the baseline algorithms perform considerably worse despite their
wide usage and argue that they should not be used when training large models. Furthermore, we
look at the layer structure of convolutional networks and conclude that the convolutional layers have
the largest influence on the total consumption. We report increases of up to 95% with only marginal
improvements in accuracy. Therefore we recommend developers to reduce their network architectures
as long as the performance stays within a reasonable margin.

Second, we present a study focused on the inference phase of the deep learning pipeline. We
look at the effect of batching for image classification requests. To facilitate the data collection, we
make use of a simulated queue and the Pytorch framework. We find that batching has a significant
impact on the energy consumption, but the magnitude of this impact can vary a lot for different models.
Our recommendation is to treat the batch size as an inference parameter that needs to be tuned first.
Additionally, we highlight how the energy consumption of image vision networks has evolved over the
past decade. Presenting the findings together with the performance of these networks shows a steady,
upward energy trend accompanied by a decreasing slope for the accuracy. The only exception is the
model ShuffleNetV2. We mention the design principles that went into the development of this network
and present it as a start for future research.
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/
Introduction

When we think about saving energy, trivial matters come to mind first: turn off the lights when the
sun is out, wash your clothes with cold water and take shorter showers. We like to think that every
small bit helps, but in reality, the consumption of the individual is often overshadowed by that of large
corporations. In 2020, Microsoft announced a new supercomputer in collaboration with OpenAI. The
build was a single system containing 10,000 GPUs1. An average European household consumes 1.3
toe (tonne of oil equivalent) of energy in a year2, which is around 15,000 kWh. Solely considering the
GPUs used in the supercomputer and assuming that they are V100s with a lower bound power usage
of 250 watts, the estimated energy cost of this system adds up to 21,900,000 kWh or just over 1,450
households.

AI practices are expensive and can have a significant environmental impact. That is not surprising
since an important challenge within the AI community is improving the accuracy of previously reported
systems [1]. Now, a new field is emerging to address this problem: Green AI, with its roots planted
deep into the discipline of Sustainable Software Engineering. The software engineering community
has increasingly studied the energy efficiency of software systems by developing energy estimation
models [2], [3]; developing code analysis and optimisation tools to improve energy efficiency [4]–[7];
studying practices that lead to green software [8]–[10] and so on. Recently, a new trend is calling
for software engineering approaches that consider ‘data as the new code’, challenging practitioners
with new software systems that ship AI-based features. This intersection between Green Software
Engineering and AI Engineering is where we find the origin of Green AI. The initial contributions in this
field consist of positional papers that are calling for a new research agenda [1], [11], [12]. This involves
the measurement and reporting of energy consumption next to accuracy, but also the appreciation of
research efforts that do not necessarily rely on enterprise-sized data or training budgets.

This thesis covers two separate studies that focus on different parts of the deep learning pipeline.
The first study in Chapter 3, involves a thorough analysis of efficient practices during the training phase.
We look at baseline algorithms for hyperparameter optimisation and quantify how much energy could
be spared if we use more sophisticated algorithms to lower the required amount of training epochs.
Additionally, we examine the energy efficiency of different network architectures and perform a trade-
off analysis with the accuracy of those networks. For the second study, as presented in Chapter 4,
the attention is shifted to the inference phase. Here we consider a more practical setting. We look
at the effect of different batching strategies during inference and perform a trade-off analysis between
energy consumption and response time. These studies have a series of implications that are relevant
to various stakeholders. We first highlight these implications in Chapter 5 and then expand to discuss
opportunities for further research in Chapter 6. Finally, we present our general conclusion in Chapter 7.

1https://blogs.microsoft.com/ai/openai-azure-supercomputer/
2https://www.enerdata.net/publications/executive-briefing/households-energy-efficiency.html
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0
Related Work

There is a general consensus that developing energy-efficient software systems is far from trivial [13],
[14]. Hence, the discipline of green software engineering has long been studying how to realise this.
Previous work proposes a catalogue of design patterns aiming to reduce the energy consumption of
mobile applications [8]. The authors mine 1,700+ mobile applications to collect code changes intro-
duced by developers to improve energy efficiency. The code changes are then studied and grouped in
different patterns, resulting in a catalogue of 22 energy patterns. However, since the study is targeted
at mobile applications, it is not clear which of these patterns would fit an AI system.

Other works aim at comparing the energy consumption of different development environments.
Pereira et al. showcase the energy consumption of 27 different programming languages [15]. They
use different benchmarks for validation and compare results with memory efficiency and time efficiency.
Overall, programming languages such as C, Rust, Ada and C++ consistently yield high energy effi-
ciency. In contrast, Python – one of the most popular programming languages in AI projects – scored
very low when compared to other modern languages. However, the benchmark used in this study is not
representative of common AI systems which typically rely on API calls to fully optimised frameworks.
Hence, most energy consumption in AI is likely to stem from external libraries and frameworks that are
not necessarily written in the same language of the system – e.g. NVIDIA Cuda python.

Within the green software community, AI has been used to provide more accurate estimations mod-
els of software energy consumption [2]. In their work, Chowdbury et al. found that CPU usage is a good
proxy for energy consumption in software applications. While AI is a powerful tool to address energy
efficiency in traditional software systems, we are interested in the opposite: we apply an empirical soft-
ware engineering approach to address energy efficiency in AI systems. Moreover, it is not clear to what
extent previous results still apply to AI software.

Contributions to green software have also scoped a more holistic approach within software organi-
sations. Hankel et al. have studied the factors influencing the adoption of green processes within ICT
organisations [16]. Verdecchia et al. propose short-term solutions that lead to an impact on energy
efficiency [17] – examples include opting for green energy sources and utilising AI-specific hardware.
Our work addresses green technologies at a lower level of abstraction – for instance, by addressing
energy efficiency at the level of designing the AI pipeline.

Given the particularities of different types of software systems, green software contributions span
across multiple sub-fields of computer science: mobile computing [2], [8], Web [18], robotics [19], and
so on. In our work, we challenge the green software engineering field to expand to AI systems. To
the best of our knowledge, related research in Green AI is still preliminary and does not yet follow
the scientific method that drives the research in green software. We pinpoint below the most relevant
related contributions in Green AI.

Schwartz et al. [1] present an elegant introductory article into this field of research. The authors
introduce two novel terms to guide future conversations: Green AI, which refers to AI research that
considers computational cost as a primary metric next to accuracy; and Red AI, the most common
form of AI research that seeks to improve accuracy without any regards for the computational resources
required. Ultimately, Schwartz et al. call for a research agenda that aims to reduce carbon emissions
and make the deep learning field more accessible to everyone. Our work takes a preliminary step

3



4 2. Related Work

towards this goal, by presenting empirical results focused on different parts of the AI pipeline that can
lead to energy-efficiency gains on a larger scale.

Strubell et al. [12] look into the quantity of energy consumption in the domain of Natural Language
Processing (NLP). The authors present preliminary results showing that the accuracy of trained NLP
models has improved substantially at the expense of a serious amount of energy. Our study aims to
provide scientifically proven advice to help design energy-efficient AI systems, including NLP.

Li, Chen et al. [20] address a similar problem specifically targeted toward applications of convolu-
tional neural networks (CNNs). In their work, the authors compare a set of well-known CNN models
in terms of energy efficiency. They also assess to what degree different types of layers contribute to
the overall energy consumption. As such, they provide percentages for the convolutional layers, fully
connected (or linear) layers, pooling layers and ReLU layers. Apart from finding the energy efficiency
of these layer types, our study also includes a trade-off analysis where we compare changes in energy
consumption to those in accuracy.

Yang et al. [21] propose a new pruning method that they named energy-aware pruning. They report
a reduction in the overall consumption by a factor between 1.6x and 3.7x, with an insignificant loss in
accuracy. Our approach to optimise the network architecture is much more coarse-grained compared
to the techniques described in this paper. Rather than focusing on fine-tuning the weights inside the
layers, we investigate the factor of redundancy of those layers and provide advice that is more relevant
from a design-level perspective. Both philosophies could be used together.

More in the same theme as the second study presented in this thesis, Canziani et al. [22] present
an analysis of different deep learning metrics in a practical setting. Amongst other results, the authors
compare the relation between batch size and power consumption of state-of-the-art models. The study
reports that no such relation could be found. Upon closer inspection, however, we notice that for most
neural networks, there are no data points for batch sizes larger than 16. Furthermore, the method for
determining the power consumption likely considers the system as a whole rather than just the GPU.
In our study, we attempt to correct for these shortcomings. We perform experimentation with a larger
range of batch sizes and, because image classification tasks are mostly delegated to the graphics card,
we focus solely on the power consumption of the GPU.



1
First study - Efficient practices during

training

3.1. Introduction
This study focuses on deep learning, a subset of machine learning and the driver behind many AI ap-
plications and services. All experiments are performed with rudimentary neural networks that comprise
the building blocks of more complex models. We train these networks on two popular image vision
problem sets: FashionMNIST [23] and CIFAR-10 [24]. We adopt the idea of designing neural networks
with energy consumption as one of the main metrics. Specifically, we direct our attention to the early
phases of the deep learning pipeline and formulate the following research questions:

1. : Between Bayesian optimisation, random optimisation and grid search; which strategy is the
most energy-efficient for training a neural network?

2. Can the complexity of a neural network be reduced such that it consumes less energy while
maintaining an acceptable level of accuracy?

First, we analyse Bayesian optimisation, random optimisation and grid search, three popular opti-
misation strategies, to identify best practices in terms of energy efficiency. Classically, grid search has
served as the most popular baseline optimisation strategy in the context of hyperparameter tuning [25].
Nonetheless, there have been studies that present random search as an alternative baseline that com-
petes with or even exceeds grid search in multi-dimensional optimisation problems [25]–[27]. Bayesian
optimisation is a more powerful strategy that is also more difficult to implement and parallelise. Apart
from comparing these three strategies, we demonstrate that further optimisation attempts past a spe-
cific point are met with diminishing returns in performance that might not be worth the additional cost of
training. Training times can vary greatly depending on the workload and network architecture and there
are no rules that state how many optimisation rounds one should perform. This is where the potential
opportunity for energy savings lies.

Second, we quantify the effect of a network’s architecture in terms of layers, on the actual energy
consumption of the GPU. In a similar fashion, we show how more complex models see diminishing
returns in their performance, while the energy consumption keeps increasing at a steady rate. By
analysing the accuracy of a neural network together with its energy consumption, the perspective of
what is currently considered ‘the best’ model could see a dramatic shift. We believe it is the job of
the Green AI community to make such data and observations available to the public so that software
engineers can make more informed trade-offs, and more sustainable decisions.

The concepts mentioned throughout this paper are discussed in Section 3.2. The methodology and
resources necessary for reproduction purposes are presented in Section 3.3. Section 3.4 details the
design of two experiments that were constructed around the research questions. Section 3.5 collects
and parses all the results which we then discuss in Section 3.6. Finally, we elaborate on the threats to
the validity of our study in Section 3.7 and finish with the summary in Section 3.8.

5
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3.2. Background
This section introduces the FashionMNIST and CIFAR-10 datasets; elaborates on grid search, random
search and Bayesian optimisation and establishes a basic understanding of linear, convolutional and
ReLU layers inside a neural network.

3.2.1. Datasets
The original MNIST dataset consists of many grey-scale images of handwritten digits. MNIST has
been used excessively as a benchmark to validate many different models. However, with modern
technology, the MNIST problem set has become too trivial. Because most networks can achieve near-
perfect accuracy on the set, researchers from Zalando have proposed the use of FashionMNIST as
a direct drop-in-replacement [23]. As such, the dataset is comprised of 28Õ28 grayscale images of
70,000 different fashion products. Just like in the original MNIST set, the products are separated into
10 categories. Because both datasets are shaped identically, FashionMNIST is immediately compatible
with any machine learning package that works with MNIST.

The CIFAR-10 dataset is a subset of the tiny images dataset [28]. It is composed of 60,000 32Õ32
RGB images divided into 10 classes [24]. CIFAR-10 presents a challenge that is very similar to Fash-
ionMNIST, however, the larger image size and two additional layers increase the complexity of the task
significantly.

3.2.2. Optimisation Strategies
Grid search is a traditional optimisation strategy that applies an exhaustive search over the hyperpa-
rameter space. For discrete variables, this means that the algorithm considers the Cartesian product
of all the values. For continuous variables, it is necessary to select a distribution first. One could for
example choose a uniform or log-uniform distribution to map the continuous space to a discrete one.
The computational complexity of grid search is exponential in the number of parameters, therefore
it quickly becomes impractical to calculate it all the way through. Nevertheless, because the search
space is determined at the beginning, the workload can very easily be parallelised, somewhat offsetting
this drawback.

In a random search, the well-defined structure of the grid is replaced by random selection. Because
every drawn sample is completely independent, parallelisation of this algorithm is as trivial as with grid
search.

In the context of hyperparameter tuning, theBayesian optimisation algorithm creates and refines a
probabilistic regression model of a function ( ) that can be exploited to return the predicted accuracy
and corresponding standard deviation. An acquisition function is then used to determine the next
most promising set of input variables. For the probabilistic model, Gaussian Processes (GP) are the
most popular choice amongst many studies [29]–[31]. Bayesian optimisation is especially effective in
scenarios where the true value of ( ) is hard to compute, which is the case with neural network training.
This is because the probabilistic model needs to evaluate a sufficiently large quantity of samples.

The purpose of the acquisition function is to determine the most promising sample from a set of
randomly selected input variables. There are many possible choices that can be considered:

• Probability of Improvement (PI) [32]

• Expected Improvement (EI) [33]

• Upper Confidence Bound (UCB) [34]

• Entropy Search (ES) [35]

• Predictive Entropy Search (PES) [36]

• Knowledge Gradient (KG) [37]

We now elaborate on the PI acquisition function, which is also the function that we use in all of the
experiments.

( ) = ( ( ) כֿ ( )) = Ο( ( ) Ⱡ ( )
( ) + ) (3.1)
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Figure 3.1: Convolution operation on an input layer using a 3Õ3 kernel.

( ) = ( ( ) בֿ ( )) = Ο( ( ) Ⱡ ( )
( ) + ) (3.2)

Equations 3.1 and 3.2 are used to calculate the probability of improvement for maximisation and
minimisation problems respectively. Since we are interested in maximising the accuracy of a neural
network, we will use equation 3.1. Here,Ο refers to the cumulative density function of a normal distribu-
tion; and are the predicted value and standard deviation retrieved from the Gaussian regressor, and
( ) is the highest actual accuracy found so far. Algorithm 1 displays an example implementation
of a single PI iteration.

Algorithm 1 Bayesian Optimisation - Probability of Improvement
= ( )

⅓ random input samples
,

for ♇ do
, = ( )
= Ο( )

if > then
= , =

end if
end for
⅓ , ⅓ ( )
( , )

3.2.3. Neural Network Layers
Every layer inside a neural network performs some transformation on an input vector . The obtained
output is then passed on to the next layer. Linear, or fully connected layers, calculate an output by
applying a linear transformation through a matrix of weights [38]. The values of are optimised
and updated during training. The term fully connected comes from the fact that every element of is
mapped to every other element in the output by the matrix multiplication .

Inside a convolutional layer, a kernel is used to calculate a weighted summation of the elements of
the input layer. The kernel slides across the input layer, considering all elements and their neighbours.
A convolutional operation is defined by stride, kernel size and zero padding[39]. The stride determines
how many places the kernel slides after each calculation; the kernel size represents the dimensions
of the filter and zero padding adds zero’s to the outer edges of the input layer. Generally speaking,
the output layer is always smaller than the input layer, limiting the maximum number of convolutional
layers that can be implemented. However, by applying zero padding, one can prevent this shrinking
behaviour if desired. The convolution operation is shown graphically in Figure 3.1.

The Rectified Linear Unit (ReLU) layer introduces an activation function that applies non-linearity
to the input. ReLU is the most common form of non-linearity in CNN’s [39]. The function is very simple:
An element is deactivated (set to 0) if it is negative, otherwise the value remains the same.
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