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Abstract

Deep neural networks are solutions to problems that involve pattern recognition, and various works seek to optimize
the performance of these networks. This optimization requires suitable hardware, which can be expensive for small
and medium organizations. This work proposes a methodology to evaluate the performance and cost of training
deep neural networks by assessing how much impact factors such as environment setup, frameworks, and datasets
can have on training time and, along with this task, evaluating the total financial cost of the environment for the
training process. Experiments were performed to measure and compare the performance and cost of training deep
neural networks on cloud platforms such as Azure, AWS, and Google Cloud. In this sense, factors such as the size
of the input image and the network architecture significantly impact the training time metric and the total cost.
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1 Introduction

Deep neural networks are potential solutions for many prob-
lems that involve pattern recognition, classification, and pre-
diction. To become a reliable solution, these DNNs undergo
a training process to understand data patterns and classify
information correctly, which will be provided later LeCun
et al. [2015].

This training process can be very costly because, to obtain
satisfactory results, it is necessary to process a large volume
of data. One of the most significant challenges in creating
DNN models is the time required to train a model to solve a
problem LeCun et al. [2015].

One of the alternatives to accelerate the training process
of a DNN is to use specialized hardware for data process-
ing, such as Graphic Processing Units (GPUs). However,
these processing units have considerably higher acquisition
costs than conventional processors, such as central process-
ing units (CPUs) LeCun et al. [2015].

Cloud computing emerges as an alternative to reduce the
high cost of a GPU. With cloud computing, building a com-
putational environment for all tasks is possible without hav-
ing the physical machine and paying only for what is used
Kansal et al. [2014].

These custom built environments can be very promising
for building solutions with neural networks, as we can have
all the necessary resources for efficient training execution
with a cost based on resource usage Juve et al. [2009] Jack-
son et al. [2010].

Due to the need to develop deep neural network solutions
quickly and the need for a suitable environment to develop
them, this work is dedicated to proposing a methodology to
evaluate the training of neural networks in cloud environ-
ments, assess the performance and cost of training the net-

works in this environment.

The following topics will be covered in the following sec-
tions: The related work will be shown in Section 2, and the
methodology will be presented in Section 3. Finally, Sec-
tions 4 and 5 discuss the results of the experiments and the
conclusion of this work.

2 Basic Concepts

For a better understanding of this work, some basic concepts
about cloud computing and neural networks are presented in
this section. .

2.1 Cloud Computing

According to the National Institute of Standards and Tech-
nologies (NIST), cloud computing is a model that provides
access to a shared set of resources (processors, memory, disk,
etc.) that can be provisioned with minimal management ef-
fort or interaction with the service provider Correia [2011].

With cloud computing, building a computing environment
for various services is possible by paying only for the com-
puting resource used Kansal et al. [2014]. Furthermore, this
provisioned environment can be adjusted according to the
task’s demand for computing resources.

2.2 Cloud Pricing

In general, the pricing models for cloud services are static or
fixed payment models and dynamic payment models.

The static payment model is a model where the cloud
provider predefines the price for the service and remains the
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same, regardless of whether the customer uses the full capac-
ity of the contracted service. This model is often very ben-
eficial for providers and somewhat unfair to customers, as
each customer has specific needs and customers can usually
pay for a service that may be poorly dimensioned Wu et al.
[2019].

The charges of the dynamic payment model are based on
the resources that are being used. In general, the dynamic
model is usually more fair for both the provider and the cus-
tomer, but it faces the dilemma of how to correctly price each
service/resource Wu et al. [2019].

Preemptive machines are computing resources that adopt a
pricing scheme in which cloud providers offer idle resources
from the cloud cluster at a reduced price to stimulate their
use. However, resources provisioned through this scheme
can be deallocated abruptly and sometimes without warning.
This modality is not recommended for running high-priority
services where maintaining execution is essential. Still, this
type of provisioning becomes very interesting for services
where interrupting execution and resuming it after some time
is possible.

2.3 Deep Neural Networks

Deep Neural Networks (DNNs) are a class of artificial in-
telligence algorithms capable of solving complex problems
involving pattern recognition, classification, and prediction
LeCun et al. [2015].

DNNs adopt the backpropagation algorithm to adapt to
the data that pass through their multiple processing layers
and, in this way, they can learn to interpret the data and con-
sequently become capable of finding solutions to problems
such as speech recognition and object recognition in images,
among other diverse possibilities LeCun ef al. [2015].

Convolutional neural networks (CNNs) are a special type
of deep neural network that is capable of dealing with images
that are used mainly to recognize objects within images and
classify the image or highlight the object found in it LeCun
etal. [2015].

An essential application of CNNs is in the medical field,
where neural networks can be used to identify cancer cells
in images. Neural networks can correctly predict more than
90% of the time when an image has or does not have a cancer
cell pattern Jain et al. [2022].

In addition to image recognition, neural networks can also
be used for speech recognition, as is the case with neural net-
works used for natural language processing. The most recent
case is ChatGPT, a tool capable of recognizing user input and
providing contextualized answers according to the questions
asked Alahmed et al. [2023].

2.4 Graphic Processor Unit (GPU)

One point in common between deep neural networks is that
they rely on a lot of training data to learn how to solve prob-
lems. This massive amount of data needs to be processed by
the various layers of the network to recognize the pattern in
the data and, consequently, learn to solve the problem Dally
etal. [2021].
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This processing can be highly costly in computational and
time terms, as training takes place by passing data through
the processing layers multiple times, each pass taking hours
depending on the network’s size and the data’s size Dally
etal. [2021].

One way to speed up this processing is to use hardware spe-
cializing in complex calculations, such as Graphic Processor
Units (GPUs) Dally ef al. [2021].

GPUs can process data several times faster than Central
Processing Units (CPUs), which are the processors in con-
ventional architectures Dally ef al. [2021].

However, despite the excellent processing capacity of this
type of hardware, the acquisition of this equipment is accom-
panied by high prices, which can make it unaffordable to
many organizations Dally et al. [2021].

3 Related Work

The topic of deep neural networks is of great interest for re-
search, mainly in the performance area; however, most re-
search is related to the performance of DNNs concerning
their precision in classifying and/or recognizing objects Zhu
et al. [2018], that is, how well neural networks can solve a
problem.

Cloud environments, in turn, have already been addressed
in high-performance computing research, as seen in Juve
et al. [2009] and Elshawi et al. [2021], which use AWS
virtual machines to evaluate their performance in executing
high-performance tasks, and Carneiro et al. [2018], which
uses the Google Colaboratory environment to accelerate neu-
ral network training. In these works, the authors focus on
understanding how to use cloud computing to perform tasks
that require high computational power, such as training neu-
ral networks.

The authors Zhu ef al. [2018] and Elshawi ef al. [2021]
focus their efforts on understanding the mechanisms to eval-
uate the performance of neural networks considering various
factors such as the dataset used, the task the neural network
will perform, the training time, the framework in which the
network is built, and finally, the resources of the environ-
ment. These two works propose benchmark models to eval-
uate the performance of neural networks, defining various
parameters such as resource usage and analyzing this perfor-
mance, considering the frameworks and datasets used.

The works Shi et al. [2016] Wu et al. [2018] Liu et al.
[2018] Shams et al. [2017] and Xie ef al. [2023] seek to per-
form experimentation by varying the possible factors that
most impact the performance of a neural network to un-
derstand the behavior of the networks during training to
improve the effectiveness of the neural network solution.
These works observe the recurring use of frameworks such
as TensorFlow and MXNet and datasets such as MNIST and
CIFAR-10, in addition to performing various tests in differ-
ent environments with and without GPUs.

In the works Adebayo et al. [2020] Edinat [2018] Kandpal
et al.[2017] and Wu et al. [2019], the authors seek to synthe-
size information on how cloud services are priced and aim to
answer how to price cloud services appropriately while main-
taining fair prices for both users and providers. There is a
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tendency to consider the dynamic model as the fairest pric-
ing model because it allows users to pay only for the amount
of resources they allocate and use and enables the provider to
offer resource sets that adequately cover their costs. Table 1
presents the related work to performance and cost evaluation
of neural network training in cloud environments.

Given the above, the proposal of this work, and what dif-
ferentiates it from other existing works, is the proposition of a
methodology to evaluate the performance of neural network
training in public cloud environments, considering the cost
of training the neural network in this type of environment as
a performance metric.

4 Methodology for Evaluating Neural
Network Performance in Cloud En-
vironments

The proposed methodology aims to present activities that al-
low the evaluation of neural network performance in cloud
environments, as shown in Figure 1. This methodology
consists of five activities: Understanding the Environment,
Planning Experiments, Environment Configuration, Mea-
surement, and Analyzing Metrics. In this section, the objec-
tive of each of these activities will be better detailed.

To understand the environment, it is first necessary to re-
member the objective we want to achieve. The aim in ques-
tion is to analyze the training of neural networks in a cloud
environment from a performance and financial cost perspec-
tive.

With the objectives defined, performance and cost met-
rics can be selected, these metrics will be very important
to choose an adequate measurement tool in the Measure-
ment activity. Many metrics can be selected, such as perfor-
mance metrics such as resource utilization, execution time,
and throughput. In contrast, the cost metric can be the total
resource cost. The metrics selected must be in order with
the objective we set; this way, we can evaluate the training
process correctly.

The cloud service provider can be chosen to provide the en-
vironments where the experiments for data collection will be
conducted. Amazon Web Services (AWS), Microsoft Azure,
and Google Cloud Platform are examples of providers that
can be adopted.

The activity of Planning Experiments aims to define the
factors and their levels for determining performance and cost
experiments.

To conduct the experiments, it is important to define the
types of virtual machines used. Virtual machines can be in-
stantiated with only CPUs or both CPUs and GPUs.

Frameworks are code libraries that help speed up appli-
cation development. In the case of neural networks, they
provide the necessary structure to model networks and ap-
ply training and optimization functions. Many frameworks,
such as Caffe, Chainer, CNTK, TensorFlow, and PyTorch,
are available; therefore, selecting the most interesting ones
for detailed analysis is necessary.

Another important factor for neural network training is the
dataset used, as it defines the problem the neural network will
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Table 1. Related Work

Related Work ~ Dataset Framework Metric Pricing Model
Juve et al. [2009]- -
* EXECUTION TIME
Jackson et al-
[2010] « EXECUTION TIME
« SUSTAINED SYSTEM PER-
FORMANCE
Shi et al. [2016]
* MNIST « Caffe * TIME/BATCH
* CIFAR-10 « Torch
* TensorFlow
* MXNet
* CNTK
Shams et al.
[2017] < ILSVRC  « Caffe « EXECUTION TIME
2012 « Apache + IMAGES/MILLISECOND
CIFAR-10 SINGA
MNIST * TensorFlow
Wu et al. [2018]
* MNIST « Caffe » TRAINING TIME
CIFAR-10 « Torch » TEST TIME
ILSVRC « TensorFlow + ACCURACY
2012 * Theano « CPU UTILIZATION
* MEMORY UTILIZATION
Liu et al. [2018]
« CIFAR-10 « Caffe2 * ACCURACY
« ImageNet « Chainer * TRAINING TIME
« TensorFlow « IMAGES/SECOND
« MXNet
*« CNTK
Carneiro et al.
[2018] « MS-COCO  « TensorFlow * EXECUTION TIME
* EVALUATIONS/SECOND
Zhu et al. [2018]
*  TensorFlow + THROUGHPUT
ImageNetlK  « MXNet + FLOATING POINT OPERA-
+ IWSLTI15 + CNTK TIONS UTILIZATIONS
* VOC 2007 * CPU UTILIZATIONS
+ LibriSpeech + MEMORY USAGE
¢ * GPU UTILIZATIONS
Downsampled
« ImageNet
« Atari 2006
Elshawi et al.
[2021] « MNIST « TensorFlow  + TRAINING TIME
« CIFAR-10 « Keras + ACCURACY
* CIFAR-100  « PyTorch « CPU UTILIZATION
* SVHN * MXNet * MEMORY UTILIZATION
« IMDB Re- ¢ Theano » GPU UTILIZATION
views * Chainer
e Penn Tree-
bank
* Many things:
English  to
Spanish
* VOC 2012
Xie et al. [2023]
* MNIST « TensorFlow ¢ TRAINING TIME
* CIFAR-10 « Pytorch * ACCURACY
* Flower . * CPU UTILIZATION
Recognition PaddlePaddle + GPU UTILIZATION

Kandpal er al-
[2017]

Edinat [2018] -

Adebayo et al-
[2020]

Wu et al. [2019] -

MEMORY UTILIZATION

« Static
* Dynamic

« Static
« Dynamic

« Static
* Dynamic
* Hybrid

« Dynamic
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Figure 1. Methodology for Evaluating Neural Network Performance in Cloud Environments.

solve. High-quality datasets ideally have many images well-
distributed among classes, but this data balance may not be
possible depending on the situation.

With the datasets and frameworks defined, it is now nec-
essary to define a neural network model to train. The model
depends on the problem being solved; it can be a completely
novel model or an existing architecture that can be used for
other purposes.

Selecting a variety of frameworks, datasets, and network
architectures will lead us to a fascinating analysis since we
can mix those different levels of factors and create a good
number of scenarios to experiment.

Other factors like image sizes can also be used to create
even more scenarios to experimentation.

To execute the neural network training, it is important to
configure the environment correctly with the necessary li-
braries. The Environment Configuration activity involves
creating virtual machines, installing the required libraries to
execute the neural network training, and creating the neural
network models. A misconfigured environment can lead to
problems in the training process, such as GPUs not being en-
abled to be used.

The Measurement activity focuses on selecting an appro-
priate tool to monitor and execute the experiments. To select
the tool, it is necessary to understand which metrics will be
used. Many measurement tools can be selected. The ideal
one is the one that can collect our defined metrics. Further-
more, more than one tool can be used if necessary.

Last, the Analysis of Metrics activity aims to analyze the

data collected in the experiments statistically. This analysis
is done through the statistical summary of the data collected
and the presentation of the performance and cost metrics anal-
ysis.

5 Results and Discussion

This section aims to evaluate whether the proposed method-
ology can be applied to assess the performance and cost of
neural networks in cloud environments. Thus, a series of
case studies are presented.

The first study aims to validate the proposed methodology.
The second seeks to enable a comparison between the Ama-
zon AWS and Microsoft Azure cloud providers and will fol-
low the same methodology applied in Case Study 1. The
last case study will add Google Cloud Platform to the com-
parison, while the other network architectures will also be
evaluated.

5.1 Case Study 1 - AZURE

This case study aims to validate the methodology for which
each methodology activity must be carried out.

5.1.1 Understanding the Environment

Following the activities proposed in the methodology, the
metrics for the study were first selected. The metrics to be
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collected were: training time, CPU utilization, memory uti-
lization, GPU utilization, and GPU memory utilization, with
the first metric measured in seconds (s) and the subsequent
four all measured in percentage (%). Those metrics are in-
tended to make possible to understand with resources com-
monly used by the training process and the total time of train-
ing will be needed to calculate the training cost.

After selecting the metrics, a cloud provider needs to be
chosen. Microsoft Azure, one of the most used cloud plat-
forms, was chosen.

5.1.2 Planning of Experiments

The factors in the experiments are the framework, the dataset,
the image dimension, the network architecture, and the envi-
ronment. Each of these factors will have different variations,
referred to as levels. These factors and their levels can be
seen in Table 2 and will be discussed further below.

Table 2. Factors and Levels of the Experiments.

Factor Level 1 Level2  Level 3
Framework =~ MXNet PyTorch Tensor Flow
Dataset MNIST CIFAR-10 -
Image Size 32x32 64x64 -
Network Network 1 ~ Network 2 -
Architecture

Environment  CPU GPU -

The selected virtual machines are used as the environment
for training neural networks. Table 3 shows the configura-
tions of the adopted virtual machines.

Table 3. Virtual Machine Configuration.

vCPUs RAM GPU SO Cost/hour

4 8GB - Ubuntu U$0,169
22.04

28GB NVIDIA Ubuntu U$0,526
T4 16GB 22.04

VM Name
F4s v2

NC4as T4 v3 4

Due to their usability, PyTorch, MXNet, and TensorFlow
were chosen. These frameworks are widely used in academic
projects and the industry, allowing for quick and simplified
model construction. In addition to network modeling, they
facilitate the creation of training loops for the networks in an
equally simple manner.

The selected datasets were MNIST LeCun and Cortes
[2005], a dataset of black-and-white handwritten digit im-
ages, and CIFAR-10 Krizhevsky [2009], a dataset of colored
images with 10 different classes, mixing animals and vehicle
types. These datasets are widely used in other works in the
field, as shown in the related works section, and were there-
fore chosen.

The MNIST dataset consists of 70.000 images divided into
60000 images for training and 10.000 for testing. These im-
ages are 28x28, black-and-white divided in 10 classes that
are the handwritten digits 0 to 9 LeCun and Cortes [2005].

The CIFAR-10 dataset is a collection of 60000 images split
into 50.000 as the training set and 10.000 as the testing set.
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The images are equally distributed between 10 classes, they
are RGB images with a 32x32 image size Krizhevsky [2009].

Although the datasets selected are quite simple, the focus
of this work is not on solving a specific problem, so there is
no need to use large datasets.

With these factors in mind, the chosen network architec-
ture was similar to what is done in VGG networks Simonyan
and Zisserman [2014], which combines convolutional layers,
activation functions, pooling layers, and fully connected lay-
ers. The architecture of the networks can be seen in Figures
2 and 3.
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Figure 3. Network Architecture 2.

In the figures, we can see some letters in the layers:

* k represents kernel and the window size that the layer
will observe on the image at each step.

* s represents the stride, or how many pixels the kernel
window will move across the image with each interac-
tion.

* p refers to padding, or how many pixels will be added
to the edges of the image.

* Finally, o denotes the number of output channels of the
layer or the number of outputs of the layer.

These two architectures will generate workloads on our
environment to be evaluated. The combination of these dif-
ferent factors will lead us to a variety of scenarios, the main
focus of which is to determine how well the resources are be-
ing used and the impact of the variation of those factors on
the training time and, therefore, the final cost.

Table 4 shows the combination of factor levels forming
numbered scenarios to improve their identification.

5.1.3 Environment Setup

For the environment setup, libraries must be installed to run
the neural network training code. Below are the versions
used for the main libraries. TensorFlow Version 2.14.0, Py-
Torch Version 2.2.0, and MXNet Version 1.9.1 was used.
These versions were the most stable version of the frame-
works when the experiments were conducted.

In addition to the framework versions, another required in-
stallation is for GPU usage libraries. Since the graphics card
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Table 4. Scenarios

S Env.Framework  Dataset Img Size

Net. Architect.

Cl CPU MXNet MNIST 32x32 Net. 1
C2 CPU MXNet MNIST 32x32 Net. 2
C3 CPU MXNet MNIST 64x64 Net. 1
C4 CPU MXNet MNIST 64x64 Net. 2
C5 CPU MXNet CIFAR-10 32x32 Net. 1
C6 CPU MXNet CIFAR-10 32x32 Net. 2
C7 CPU MXNet CIFAR-10 64x64 Net. 1
C8 CPU MXNet CIFAR-10 64x64 Net. 2
C9 CPU PyTorch MNIST 32x32 Net. 1
C10 CPU PyTorch MNIST 32x32 Net. 2
Cl11 CPU PyTorch MNIST 64x64 Net. 1
C12 CPU PyTorch MNIST 64x64 Net. 2
C13 CPU PyTorch CIFAR-10 32x32 Net. 1
Cl14 CPU PyTorch CIFAR-10 32x32 Net. 2
Cl15 CPU PyTorch CIFAR-10 64x64 Net. 1
Cl6 CPU PyTorch CIFAR-10 64x64 Net. 2
C17 CPU TF MNIST 32x32 Net. 1
C18 CPU TF MNIST 32x32 Net. 2
C19 CPU TF MNIST 64x64 Net. 1
C20 CPU TF MNIST 64x64 Net. 2
C21 CPU TF CIFAR-10 32x32 Net. 1
C22 CPU TF CIFAR-10 32x32 Net. 2
C23 CPU TF CIFAR-10 64x64 Net. 1
C24 CPU TF CIFAR-10 64x64 Net. 2
C25 GPU MXNet MNIST 32x32 Net. 1
C26 GPU MXNet MNIST 32x32 Net. 2
C27 GPU MXNet MNIST 64x64 Net. 1
C28 GPU MXNet MNIST 64x64 Net. 2
C29 GPU MXNet CIFAR-10 32x32 Net. 1
C30 GPU MXNet CIFAR-10 32x32 Net. 2
C31 GPU MXNet CIFAR-10 64x64 Net. 1
C32 GPU MXNet CIFAR-10 64x64 Net. 2
C33 GPU PyTorch MNIST 32x32 Net. 1
C34 GPU PyTorch MNIST 32x32 Net. 2
C35 GPU PyTorch MNIST 64x64 Net. 1
C36 GPU PyTorch MNIST 64x64 Net. 2
C37 GPU PyTorch CIFAR-10 32x32 Net. 1
C38 GPU PyTorch CIFAR-10 32x32 Net. 2
C39 GPU PyTorch CIFAR-10 64x64 Net. 1
C40 GPU PyTorch CIFAR-10 64x64 Net. 2
C41 GPU TF MNIST 32x32 Net. 1
C42 GPU TF MNIST 32x32 Net. 2
C43 GPU TF MNIST 64x64 Net. 1
C44 GPU TF MNIST 64x64 Net. 2
C45 GPU TF CIFAR-10 32x32 Net. 1
C46 GPU TF CIFAR-10 32x32 Net. 2
C47 GPU TF CIFAR-10 64x64 Net. 1
C48 GPU TF CIFAR-10 64x64 Net. 2

is an NVIDIA card, the necessary libraries are the CUDA
Toolkit and cuDNN. The CUDA Version used is v11.7, and
cuDNN is Version 8.6.0. These versions were selected for
compatibility reasons. The MXNet with CUDA is only avail-
able until 11.7, so this version should be used.
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5.1.4 Measurement and Analysis

To collect metric data, a script runs in parallel with the neural
network training and captures and logs the metrics every 10
seconds in a comma-separated values file. In addition to this
script, some commands in the training loop track the training
time for each epoch.

This script was selected because it is easy to configure
and very light, not having a chance to compromise the
training process with a more complex and maybe resource-
consuming tool.

To ensure the quality of the experimental data, each train-
ing was executed 5 times, so the initial 48 scenarios became
240 runs, varying the different levels of the defined factors.

Each experiment involves training a neural network for 10
epochs, meaning all images from the datasets were passed
through the networks 10 times. Since we are not adding more
data trough the epochs the time needed to execute one epoch
will not have a high variation between epochs, moreover this
training is not intended to reach the end of convergence so
there is no need to a high number of epochs but the small
number of epochs used can be very helpful to stablish ex-
pectations towards the training cost for a higher number of
epochs.

Besides the number of epochs, the batch size was fixed at
128 examples per iteration, meaning the network is fed 128
images at a time until the network has processed all images.

The following are figures (Figures 4 to 7) with graphs of
the averages of the collected metrics, obtained through the
execution of neural network training across the 48 scenarios
previously mentioned.

Training Time and Cost CPU Scenarios - AZURE
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Figure 4. Average Training Time and Cost Graph in Azure CPU Environ-
ment.
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ment.

The results presented in Figures 4 and 5 show that as the
image size increases, the training time of the neural network
also increases. A similarity can be observed in the graphs
when comparing the CPU against GPU environments; sce-
narios with 64x64 images increase the training time by about
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200% compared to 32x32 images.

The complexity of the chosen network also impacts the
training time. This can be seen in the graphs where scenarios
use Network 2; these scenarios require more time to train the
network.

The GPU environment is at least 10 times faster than the
CPU environment, even though the cost per hour for the GPU
environment is three times that of the CPU scenario. The
total cost of the CPU environment was approximately 4 to 6
times lower than that of the GPU environment.

Therefore, careful consideration must be given to the di-
mensions of the input image and the network architecture
used, as they significantly impact the total training time of
the neural network and consequently on the total cost.
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Figure 6. CPU and GPU Utilization graph in Azure Environments.

Considering Figure 6, it can be observed that all frame-
works make good use of processing resources, with PyTorch
being the framework that utilizes CPU resources the most,
with values consistently close to 100%. As for the GPU sce-
narios, it is noted that scenarios with 64x64 images tend to
consume twice as much GPU resources compared to CPU.
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Figure 7. Memory and GPU memory utilization graph in Azure Environ-
ments.

Utilization(%)

Figure 7 shows that TensorFlow is the framework that uses
GPU memory the most across all scenarios, tending to utilize
100% of GPU memory. However, this framework also ex-
hibits training times that are 2 to 3 times longer compared to
the others it is compared with. For PyTorch, it is noted that
its performance places it between MXNet and TensorFlow in
terms of training time. Additionally, PyTorch fully utilizes
the CPU, using about 40% of its memory, and uses minimal
GPU memory, consuming about 20% despite utilizing more
than 80% of the GPU.

The dataset does not generally affect the metrics, but it is
observed that scenarios with CIFAR-10 had shorter training
times compared to those using MNIST.

Finally, the total amount spent as indicated by the Mi-
crosoft Azure cost management panel was approximately
$31, summing up the costs. This cost is divided as follows,
$27 to CPU scenarios and $4 to GPU scenarios.

Moura Filho and Sousa 2025

5.2 Case Study 2 - AWS

With the first case study, it was possible to observe the ca-
pability of GPUs to accelerate neural network training and a
potential reduction in costs. However, as mentioned in Sec-
tion 4, there are various cloud providers, and to make a com-
parison between different providers, this case study was con-
ducted, using most of the definitions of the first case study
with slight changes that will be discussed in this section.

5.2.1 Understanding the environment

For this second case study, the main objective is to compare
the performance and cost of training between the scenarios
executed on a Microsoft Azure VM and a VM of another
cloud platform. The Amazon AWS cloud provider was se-
lected, primarily due to its popularity.

5.2.2 Planning of Experiment

A similar virtual machine was chosen to run the experiments
to keep the comparisons fair. The VM in question is named
gddn.xlarge, and like the Microsoft Azure F4s_v2 machine,
it has four vCPUs, 1 NVIDIA T4 16GB, and the installed
operating system was Ubuntu 22.04. The only difference,
therefore, was the amount of available RAM, with the Ama-
zon AWS instance having 16GB of RAM compared to 28GB
on the Microsoft Azure virtual machine, as shown in Table
5.

Table 5. Virtual Machine Configuration.

vCPUs RAM GPU SO Cost/hour
16GB NVIDIA Ubuntu U$0,526
T4 16GB 22.04

VM Name
gddn.xlarge 4

Only the GPU scenarios were considered in this second
study, but all other selections and configurations were main-
tained. To facilitate understanding, the terminology defined
in Table 4 will also be preserved, so the scenarios analyzed
on the Amazon AWS VM will range from C25 to C48.

5.2.3 Measurement and Analysis

Figures 8, 9, and 12 show the metrics obtained in the ex-
periments with the Amazon AWS instance, and Figures 10,
11,13, 14 shows the percentage difference between the sce-
narios in Microsoft Azure and Amazon AWS using the Mi-
crosoft Azure values as a base.
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Figure 8. Average Training Time and Cost Graph in AWS GPU Environ-

ment
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As shown in Figure 8, the training time bars and cost line
are similar to the scenarios depicted in Figure 5, indicating
comparable performance between the instances from the two
providers.
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Comparing Figure 9 and Figure 6, a strong similarity in
resource utilization is observed again. However, there is a
noticeably higher CPU utilization on the Amazon AWS VM
compared to the Microsoft Azure VM, as shown in Figure 10,
especially in scenarios C25 to C32, these scenarios are using
MXNet as a framework, we can see an increase of almost
20% at least in these scenarios and more than 30% at most.

GPU Utilization Percentage Difference
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Regarding GPU utilization, a slight overall decrease is
seen in Figure 11, but this decrease is more pronounced in
Scenarios C41 and C45, where both CPU and GPU utiliza-
tion fall below 50%. These graphs indicate that the AWS VM
managed resources differently but achieved similar training
time and cost results.

Finally, Figure 12 shows memory and GPU memory uti-
lization. It is important to remember that the Azure vir-
tual machine has 75% more memory RAM than the Ama-
zon AWS VM. Considering this difference for a more fair
analysis, the percentage difference was calculated using the
amount of memory utilized in GB. It is noticeable in Figure
13 that scenarios using the MXNet framework (C25-32) uti-
lize about 100% more main memory and the Tensorflow sce-
narios (C41-48) utilize approximately 40% more main mem-
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ory in the Amazon AWS instance, the PyTorch scenarios
(C33-40), on the other hand, can utilize 20% less main mem-
ory.

Regarding GPU memory, as shown in Figure 14, scenarios
using images 32x32 evidence a 10% increase in utilization.
Moreover, PyTorch scenarios(C33-40) had a volatile utiliza-
tion, increasing 40% at most and reaching a 10% decrease.
TensorFlow scenarios(C41-48) showed a 1% increase in gen-
eral demonstrating a very stable utilization of this resource.

The total cost of this second case study is around $4 as
much as the first study with the Microsoft Azure Cloud, and
this shows that the performance does not depend on the cloud
provider.

5.3 Case Study 3 - Google Cloud Platform

This third case study aims to add a third cloud platform to
the comparison. This time, the Google Cloud Platform(GCP)
was also selected because of great popularity.

5.3.1 Replicating Previous Experiments

This part of the case study will follow the same pattern as
Study 1 with Microsoft Azure and Study 2 with AWS, with a
slight difference in the available RAM in the utilized VM, as
seen in Table 6. This difference was already shown to have
little impact on training time.

The Figures 15, 16 and 17 show the results of the metrics
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Table 6. Virtual Machine Configuration.

VM Name vCPUs RAM GPU SO
nl-standard-4 4

Cost/hour
15GB NVIDIA Ubuntu U$0,54
T4 16GB 22.04

collected in the experiments on the GCP VM environment
that was set.
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As could be seen in the graphics, we reach similar results
as the previous case studies showing some consistency about
what was already analyzed and pointing to the fact that the
cloud provider does not have much impact on training perfor-
mance, becoming a matter of preference or even availability
of a specific configuration of a VM, over a meaningful im-
pact choice in the training process.

5.3.2 Others DNN Models

The previous experiments show us that the cloud provider
chosen is more a matter of preference than a impactful factor
in reducing costs. In addition to these experiments already
performed on other cloud platforms, we conducted some new
tests with different types of DNN, one LSTM model, and
a very relevant DNN nowadays, the YoLov7 Wang et al.
[2023]
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These experiments will use the same metrics as the first
ones, so we can establish some connection between the train-
ing processes of the different types of models and the models
we used to conduct the first experiments.

LSTM

For or LSTM model we used a model presented on Jack-
son et al. [2010] in this work the authors use a specific model
for each of the datasets they are trying to experiment, in
our case we will use the model utilized on the Penn Tree-
bank(PTB) dataset with 2 LSTM layers, since its easy to re-
produce and simple to understand. This model was be con-
figured in the three frameworks used along the case studies
until here, MXNet, PyTorch, and Tensorflow.

For the frameworks that we be utilized as well as them
versions can be seen on the Table 7 below. The PyTorch suf-
fered a downgrade in its version because of compatibilities
with another library that was need in the experiments with
LSTMs, the torchtext v0.10.0.

The CUDA and CuDNN versions are the same as the pre-
vious experiments.

Table 7. Frameworks versions for LSTMs and YoLo experiments

Framework Version

MXNet 1.9.1
PyTorch 1.9.0
Tensorflow  2.14.0

The Penn Treebank is a collection of text data from the
papers of the Wall Street Journal that aggregates more than
1 million examples for training.

In the figures below, we can see the results of the training
experiments for the LSTM model.

Training Time and Cost GPU Scenarios - LSTM

1000 - N
I Training Time

goo- —— Total Cost

0.7
0.6
600 052

F

0409

Training Time(s)

0.3

0.2

TF

s
W
z
x
=

Figure 18. Average Training Time and Cost Graph for LSTM model.

PYTORCH

Figure 18 shows the average training time for the LSTM
model. Here, we can see that the MXNet performs much bet-
ter than the other two frameworks in terms of training time.

In Figure 19 it is explicit the well use of the CPU by the
MXNet framework part, almost reaching the 80% in com-
parison with the past 20% of the PyTorch and TensorFlow
frameworks. This explains why the MXNet outperformed
the other frameworks in the training time metric, it used 4x
more resources available to train the model.

Figure 20 shows the memory utilization rates. We can see
a slight increase in memory utilization compared with the
first experiments with CNNs models. Reaching over 20%
in MXNet and PyTorch scenarios shows us that a signifi-
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cant amount of memory is not strictly necessary for training
DNNs .

YoLov7

YoLov7 is a DNN used for multiple purposes, such as im-
age segmentation and object detection. It is implemented us-
ing the PyTorch framework, and since this is a quite com-
plex model, we will not convert it to other frameworks in
this work.

The dataset utilized for training the YoLo model was the
MS COCO 2017 Lin et al. [2015] dataset, a collection of over
100.000 RGB images that have large image sizes and comes
along with annotations for the training dataset that need to be
used to train the model for the object detection task.

Table 8. Virtual Machine Configuration.
Time(h) CPU(%) Mem(%) GPU(%) GPU  Cost($)
Mem(%)
90.18 10.91

13.99 78.13 61.87 76.79

The Table 8 above shows the metrics collected from the
YoLov7 training process. The training, again, does not in-
tend to reach the end of convergence; it only requires some
workload to collect the metrics so we can see how well the
environment is being used.

The training was conducted over a total of 10 epochs. Un-
like the original work, which used an image size of 640x640,
this work set the image size to 480x480 since the original
training loop caches the images in the GPU memory before
the start of the training, and the instantiated VM does not
have enough GPU Memory for that.

We can see that a very large DNN consumes a very long
time to train, 10 epochs makes the training process we con-
duct almost 14 hours long with an average of over 75% CPU
and GPU utilization, over 60% memory utilization and 90%
GPU memory utilization but because the images utilized
have 5600x more pixels compared to the 64x64 images used
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in the first experiments these numbers reveal to us that the
amount of memory the environment has is not too impactul
in the training time becoming a resource that can be dimen-
sioned if strictly needed.

6 Conclusion

This work presents a methodology for evaluating the perfor-
mance of neural networks in cloud environments based on ex-
perimental design techniques. Additionally, it presents three
case studies that collected data from virtual machines pro-
vided by Microsoft Azure, Amazon AWS, and Google Cloud
Platform while training neural networks.

The first study shows the validity of the proposed method-
ology for evaluating this training using cost as a metric.

The second study intended to compare the capacity of two
cloud providers to train neural networks. This comparison
resulted in the perception that the cloud provider does not
have a meaningful impact on training time.

The third study adds another cloud provider to the com-
parison and shows that choosing a cloud provider does not
impact the training process and can be selected as preference
and availability of resources. Moreover, all cloud providers
have VM options in the same price range.

A series of experiments were conducted. Other meaning-
ful conclusions are that the amount of memory available is
not a significant factor in training and can be a better dimen-
sioned resource to avoid some expenses.

Factors such as the DNN architecture complexity and im-
age size are more impactul on training time, they can expo-
nentially increase the time costs without affecting at all the
resources utilization metrics.

Also, this work shows that complex models such as
YoLov7 can be trained on cloud environments since the VMs
chosen for the experiments are some of the most basic ones
available on the cloud platforms used, existing other VMs
qualities that are more powerful and more adequate for the
task.

The studies show that the cloud has the potential to offer
a low-cost environment with accelerators (GPUs), allowing
neural network development to be ten times faster than in
environments without these accelerators.

The collected metrics demonstrate that, in addition to the
reduced cost, the various existing frameworks can effectively
utilize this environment.

However, the increased utilization of CPU, GPU, and
memory resources does not consistently affect training time,
suggesting that an investigation varying the amount of avail-
able resources is necessary.

Other aspects, such as studying the training of networks
with parallelized machines, were not addressed and may be
considered for future research.
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