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ABSTRACT

One of the key problems facing cloud computing is to estimate accurately the use of
resources for future requirements. Cloud computing resource provisioning requires an
adaptive and reliable forecast of cloud workloads. Thesumption of cloud resources is
continuously evolving, which makes it difficult to provide reliable forecastgréaticting
algorithms. However, the prevalent approaches cannot effectively forecast high
dimensional and highly variable cloud workloadsislleads toa waste of resources and
thus, failure to meeBSLAs This motivates the research, which aims to predict the cloud
resource utilization for better provisioning of cloud resources using a DeepBridbd
architectureto improve the accuracy ithe prediction of the workload. Since tfRRNNis
sequential data analysis, the problem of workload prediction has recently not been tackled.
RNN, however, frequently performs poorly on LTM dependencies in learningt ahgb
doesnot reliably forecast woilkads. To overcome these important challenges, stacked
LSTM RNNs havieeenproposed for predicting CPU utilization, memory, and disk I/O due

to the ability to maintain information and accuety predict time series issues and this
makesit a promising candlate to forecast cloud resource utilization more accurately
compared to traditional approaches. First, the method uses multivariate analysis to derive
the sequential and contextual characteristics of the historical workload data via the LSTM
network fromthe original highdimensional workload data to compare between metrics and
increase the applicability of the model. Next, the model integrates the different callback API,
hyperparameters (optimizers, metrics, and losses), and layers (Regularization,
Normalzation, recurrent, and activation layers) to achieve the adaptive and accurate
prediction for highly variable workloads. The experiment carried out orweald Alibaba,
Google and Intel Netbatch workload trace® demonstrate that the proposed method
achieves superior prediction accuracy and statéhe-art performance compared to other
workload prediction methods for higlimensional and highly variable reatorld cloud
workloads. The maximum mean squared prediction error of the proposed model edreduc
up to 0.000403.

Keywords Cloud computing, cloud é&ource utilization predictionstacled LSTM,

multivariate time series forecasting, RNN

XV



CHAPTER ONE
INTRODUCTION

1.1 Background of the Study

Cloud computing is a term that provides ubiquitous, simple, on-demand access to a common
pool of resources for configurable computing (e.g. networks, servers, storage, software, and
services) that can be conveniently accessed and delivered on-demand and with minimal
maintenance operation or service provider interference. Although businesses have generally
adopted cloud infrastructure, many issues have not been thoroughly solved, new problems
are now facing industrial applications such as dynamic resource provisioning, virtual
machine relocation, server consolidation, and energy management. In these areas, accurate
prediction of host load, rather than identification of anomaly, is important for the allocation

and utilization of resources and the achievement of an SLA [1].

An intelligent resource provisioning mechanism can effectively address the presence of high
variability within the workloads. In compliance with their requirements, the resource
allocation framework can delegate resources to applications. It must prevent the occurrence
of over-provisioning or under-provisioning, i.e. the distribution of more or fewer resources
according to their needs. Resource provisioning approaches are often divided into two
groups, namely reactive and proactive. Reactive methods are used to assign resources after
the arrival of demands, while proactive methods are used to assign resources first. Proactive
methods include tools provided by predicting workloads that would be projected using
historical knowledge [2]. Anticipated information is also used efficiently for smart dynamic

resource scaling.

Several approaches are proposed to estimate the longer-term workload using various
learning methods, including NN, genetic algorithms, and regression. However, accurate
forecasting can be a complex activity, particularly in the presence of uneven and nonlinear
workloads. It has been a challenge for every prediction models to provide detailed real-time
forecasting that complicates the system of forecasting. As it has become mandatory for a
Cloud service provider to attain improved scalability, response time, QoS, and other
parameters to be sustained in the dynamic market of today. The degree of system

adaptability to changes in the workload is calculated by the provisioning and de-provisioning

1



of resources automatically in such a way that the available resources meet current demand.
Therefore, the elastic application allocates or releases the resources consistent with its

requirements [1].

The cloud must assign sufficient amounts of resources in compliance with the current
demand for applications to fulfill its obligations. Compensation causes breach of SLAs, lack
of QoS, and customer dissatisfaction [3]. This could result in a loss of customers and a
decrease in revenue. On the other hand, overprovisioning absorbs electricity, resources and
increases costs such as networking, cooling, and maintenance. Resource management can
therefore be a complicated process within the cloud and an effective resource management
technique is needed. As Figure 1.1 shows an effective resource management strategy has an

effect on three different aspects of the cloud [3].

Customer R Revenue

SLA » satisfaction " increase
| fulfillment

" A

Efficient Profit

resource —> Cost reduction » increase
management Resource
wasting

avoidance Green

» Energy saving > .

computing

Figure 1.1 The impact of efficient resource management on different facets of the cloud [3]
In recent years, ML algorithms have gained a lot of attention and are becoming popular in
cloud computing. One of the most powerful and diverse ML approaches is the NN, which is
brain-inspired. NN serve as characteristic approximators, making them widely applicable to
a broad range of issues, from regression to robotics [4]. RNN is interested in this research
because of its potential to hold information, making it a suitable choice to forecast cloud

resource use with greater precision compared to conventional approaches.

Due to its excellent sequential processing power, the RNN frequently fails to solve the
predictive issue of highly variable workloads. However, it could be an important challenge
to coach an efficient RNN for workload prediction. Due to the problem of gradient
vanishing, the normal RNN cannot efficiently learn LTM dependencies. Some variant
RNNs, like LSTM and GRU, exhibit a strong ability to deal with this issue [5].



The IBM study recorded 17.76% and 77.93% average CPU and memory consumption
respectively in major cloud providers. An equivalent Google survey notes that a Google
cluster's CPU and memory consumption could not reach 60% and 50%, respectively [2].
Several approaches are proposed to beat this problem by developing a proactive approach
for forecasting the resources. Most of the model and therefore the algorithm has a low
performance and accuracy and do not consider the correlation among other multivariate
metrics. A deep RNN based algorithm for predicting cloud client resource utilization is
proposed during this study. The developed algorithm is used to predict the CPU utilization,

Memory, and Disk usage resources of cloud clients.

1.2 Motivation of the Study

Predicting the utilization of resources has been identified as one of the ten main barriers to
the growth of cloud computing [6]. One of the major difficulties with cloud computing
prediction algorithms is that cloud resources are continuously evolving and exhibiting
complex dynamic behavior. Cloud data centers can dynamically scale resources by
understanding the future requirements to minimize energy usage while retaining high service
efficiency. As a result, predictive approaches are met by the SLA, power wastage is avoided,
and proactive auto-scaling and predictive accuracy are met by resource supplies.

Indeed, existing cloud monitoring services provide infrastructure cost management, SLA
breach prevention, and QoS assurance capabilities through the analysis of all resource
metrics. For instance, CloudWatch [7] enables customers to gather resource utilization
usages of AWS-cloud like CPU utilization, memory usage, disk read/write operations, and
so on. If there’s a particular solution, which may analyze the information to forecast resource
requirements in advance, system administrators may make early decisions to allocate/release
the proper amount of resources to/from the applications without any delays, thus improve
provided resource QoS. While lots of prediction models are proposed, improving their
accuracy remains a key goal for researchers and developers. The explanation is that the
lower the resource expense, the more accurately estimated. This research aims to solve these

problems by extending the ideas presented in previous studies with better accuracy.



1.3 Statement of the Problems

Efficient resource utilization can be accomplished by the integration of algorithms with
forecasting, providing the resources for applications in time, and then releasing them once
they have been completed. Recent works on the cloud client resource utilization prediction
using a different model has a lot of gaps. The current approach did not consider other metrics
to train a model that is univariate computation, nor did it explore how hyperparameters could
be further tuned to boost the results of the prediction model [8]. In addition, how this tuning
influences the tradeoff of each predictive model [9]. The preparation of the data was not
obtained by broad and high-quality datasets provided by the relevant industry players, which
could be used as a benchmark, nor were traces scaled and analyzed by more than one dataset

[1] [10].

The approach of the existing work lacks renormalization techniques to balance out the
neuron weights with new data for forecasting the cloud resources [11]. Linearity and non-
linearity feature of traces cannot be easily handled with service workload [1][11] [12]. The
model is not maintained by a checkpoint, it does not save the state while the trained one
starts from where it stops [13]. The model of the architecture has not been implemented and
evaluated on a public cloud infrastructure [16][1][17]. Moreover, most existing models can
only estimate CPU utilization, but additional parameters, such as memory and disk 1/O, can
be used in the expansion of the forecast model to be more beneficial [4][14][15]. In order to
address these problems, a reliable and fast prediction of cloud client resource usage must be
built to increase VM provisioning performance and speed and to remove the SLA penalty

for better accuracy and QoS.

1.4 Research Questions

This study intended to answer the following three significant research question

RQ1. What is the effective deep RNN architecture to predict cloud resource utilization in

terms of model performance?

RQ2. How to improve the prediction of cloud client resource utilization using cloud
workload traces for better accuracy?



RQ3. How to implement the designed architecture so that the cloud resource utilization

prediction would be better in terms of accuracy and performance?

1.5 The Objective of the Study

1.5.1 General Objective

The general objective of the study is to develop a predictive model for the cloud client

resource utilization using a deep recurrent neural network for better accuracy.

1.5.2 Specific Objectives

The following specific objectives will be addressed to achieve the general objective

1 To design a deep recurrent neural network architecture for the prediction of cloud
client resource utilization.

1 To implement the architecture of a deep recurrent neural network.
To train the deep recurrent neural network algorithm with collected real-world cloud
dataset.
To test the trained model with the test set to find the best parameter.

1 To evaluate the performance of the proposed architecture.
1.6 Scope and Limitations of the Study

1.6.1 Scope of the Study

The scope of the proposed work within the given time and resources includes-

1 Developing a prediction model for the cloud client resource utilization using a deep
RNN architecture for better accuracy.

9 Train and test the model using long-running applications and batch workload traces
with a local and public cloud environment.

1 The developed algorithm consider prediction of the CPU utilization, Memory, and

Disk usage resources of cloud clients.



1.6.2 Limitations of the Study

This thesis does not cover the following due to time and resource limitations.

1 The factor that highly affected the success of this thesis is the problem of high-
performance devices capable of deep learning. DL is a computational intensive task
that should be done using high-performance hardware like Graphics Processing Unit
(GPU).

1 Being expensive to pay for real-time cloud service provider for receiving real-time
(live) data from the host. It helps to predict the best results of the proposed model at
all times.

1 Moreover, budget, deadline, and limitations of resources will be the constraints for

greater practicality

1.7 Contribution of the Study

The contribution of this thesis is listed as follows

71 Proposed stacked LSTM RNNs for predicting CPU utilization, memory, and disk
I/0 due to the ability to maintain information and accurately predict time series
issues, compared to a traditional approach.

1 Showed how to use the stacked LSTM with an improved architecture along with
multivariate analysis to derive the sequential and contextual characteristics of the
historical workload.

1 Improved the performance and accuracy of cloud resource utilization by predicting
highly dimensional and highly variable real-world cloud workloads compared with

existing traditional forecasting methods.

1.8 Significance of the Study

The application of this thesis is to allow the cloud system providers for improve overall
cloud resource provisioning by forecasting the future resource demand. Inefficiency in the
allocation of an optimum amount of services results in over-expenditure, when either too
many or too few resources are allocated by the service provider, respectively. Forecasting

client needs allows service providers to better manage their capacity and dynamically scale



the number of active machines to meet a SLA for an energy-efficient resource provisioning

system.

The results of this research generally have a significant impact on cloud providers. In
particular, as the thesis focuses only on predicting the use of cloud client resources with
better accuracy and performance, it can be applied to any cloud provider. Some of the

examples that might apply this.

1 Predict the CPU utilization, Memory usage, Disk read/write, and other resources.

1 Knowing future usage demand from the present and past usage patterns of resources.
Dynamic scale-up of cloud services to achieve cost and energy efficiency while
preserving service quality.

Achieving optimal resource provisioning within the cloud.
Balance and optimize hardware resources and computation resources.

9 Ensured that the virtualized resources don’t suffer from over or under-utilization.

1.9 Organization of the Thesis
The thesis is structured as follows:

Introduction (Chapter One) describes the background of the area and the motivation, the
statement of the problem and the research question to be answered, the methodology to

achieve the objective of the study, the scope and limitations, and the application of the result.

Literature Review (Chapter Two) gives an overview of cloud computing, cloud computing
resource provisioning, cloud resource utilization prediction, different architecture and
techniques, previous works on a prediction of cloud client resource utilization, and

comparison of different approaches taken by related work.

The methodology of the study (Chapter Three) discusses the various approaches and
methods used to create a solution and choose the right one. Data collection and pre-
processing processes, design tools, prototype creation systems, and platforms and evaluation

methods are also discussed.

Proposed Solution (Chapter Four) presents the cloud client resource utilization prediction

algorithm using a deep RNN architecture.



Implementation (Chapter Five) discusses the working environment setup and the
implementation of the cloud resource utilization prediction for a client. It also discusses the

architecture of the deep recurrent neural network with the integration of cloud client resource

prediction.

The result, Evaluation, and Discussion (Chapter Six) present the result of the cloud client
resource utilization prediction and deep recurrent neural network architecture algorithm for
the prediction of the client need. The result is discussed by comparing it with other related

works.

Conclusion and Future Work (Chapter Seven) summarizes the work and conclude the result.

It also presents future work.



CHAPTER TWO

LITERATURE REVIEW AND RELATED WORKS

2.1 Introduction

Cloud computing is a paradigm that offers easy, on-demand access to a pool of easily
distributed and released configurable computing services with limited downtime or
intervention between service providers (e.g. networks, servers, storage, apps, and services)
[18]. CC is a modern computing paradigm where a multitude of virtualized ICT tools are
exposed as web utilities that can be invoked and released on demand through web-based
application programs [19] [20]. CC is an immediate continuation of a variety of fields such
as virtualization, distribution, utility, cluster, and grid computing that have been well
researched. CC data centers employ virtualization technologies that allow scheduling
workloads on smaller numbers of servers that could have been better used because various
workloads may have distinct resource consumption footprints and can be further
differentiated by their time variations. However, it is still a challenge to efficiently distribute

and plan resources to maximize resource efficiency and to guarantee QoS [21].

Elasticity is the main mechanism in the cloud system that can adjust the configuration of its
services by actual workload fluctuations. The elastic application would also have a scalable
framework for the use of cloud services [22]. However, Over-provisioning of resources to
the appliance results in wastage of resources and costs, network maintenance, servers, and
data centers. Conversely, under-provisioning leads to poor QoS and SLA violations, the

cloud provider can lose revenue and customers.

Resource management may be the hardest job in the cloud world since the insufficient
resource management system would have an impact on revenue and green computing and
cloud users and providers may also be unhappy [19]. Dynamic resource allocation and
elasticity depend primarily on virtualization technologies, and if it takes more time to start
a virtual machine, migration time and reaction time will rise. This delay adds to the loss of
reputation of the provider. As a consequence, efficient resource management is also
accomplished by combining with prediction algorithms, supplying services to applications

in time, and launching them until they are free.



The cloud resource usage forecasting method forecasts the potential resources required in a
way that the resource provider has ample time to assign resources until a bottleneck scenario
occurs. Even if there is a sudden rise in workload, the resource delivery manager auto-scales
up the resource system and plans virtual machines backed by the expected potential resource
demand, while at the same time facilitating the demand reduction, the resource manager
releases reserved resources [22]. As a result, SLA's forecast methods are fulfilled, power
wastage is avoided and the need for energy is met. These predictive approaches can lead to
better resource efficiency and overall response time for the system, instead of simply
responding ad hoc, they are prepared to follow machine load in advance. The cloud resource
utilization prediction has many limitations due to model transparency, adaptability, and

robustness factors [23]. Major challenges in prediction algorithm include the subsequent

1 Transparency and adaptability of the model: the dominant prediction models, like
NN, SVM, and approaches focused on regression, show discriminatory learning
approaches [21]. Discriminative learning methods do not specifically present and
recognize the behavioral dynamics of workloads.

1 The model robustness: These approaches should be ready to address the option of
the acceptable architecture, the interior parameters, and therefore the stopping
criteria for the training phase [22].

1 Selection of control inputs: Under the complex behavior of workloads, the
relationship between control inputs (such as memory and CPU use) and thus the
performance metrics could differ [23].

T Normal testbed: the methods of prediction are not tested in a true cloud environment
and would not be equipped to tackle the dynamism of cloud application workloads
[22].

1 Estimation of the longer-term behavior pattern of the appliance in several manners
[21].

The major challenge is identifying similarities between attributes and extracting the required
features from sample data. The accuracy of the forecast will be improved by the selection of
the right pattern length.
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2.2 Modelling Approaches for the Cloud Resource Utilization Prediction

Prediction approaches have so far been proposed in four ways, such as driven methods,
control theory models, queuing theory models, and ML methods. Figure 2.1 demonstrates

the taxonomy of the system of prediction [3].

Prediction Techniques

l i l )

Table Queuing . . .
Driven Control Theory Theory Machine Learning Techniqug
SISO Mode MIMO OpenQN| | Closed QN Model
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(R
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Figure 2.1 The taxonomy of the method of prediction [3]

2.2.1 Table Driven

In table driven methods, the actions of the appliance are reported during a table for different
workload intensity values and different amounts of resources allocated to them. To measure

the values which have not been reported in the table [23], interpolation is used. Due to the
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number of applications, the various allocation of resources, and the various kinds of
workloads, this method has low scalability. The layout of the table takes time. Also, to fill
the table, various experiments should be carried out. This system is outdated, in line with
these points, and it is not used by new models.

2.2.2 Control Theory

Control models are intended to control shared resources between cloud applications. There
are two types of control theory models the SISO and MIMO.

2.2.2.1 SISO Model

A Single Input Single Output (SISO) model is used if the model controls a resource, such as
the CPU. Having regard to Figure. 3a, the model of SISO compares the output y with the
input u. For example, in [24], the SISO model maps the application's CPU share to the

inverse of its response time.

2.2.2.2 MIMO Model

Otherwise, the MIMO model will be used if the controller operates on multiple resources
(Figure 2.2 b). In [3], resource use for all server-hosted VMs is mapped to their performance
by using the MIMO model.

__.[U SISO Model {——s-"

(a) SISO Model

Uq V1

— = [
O MIMO Model —2
Ym N

(b) MIMO Model

Figure 2.2 Models SISO and MIMO of control theory [3]

2.2.3 Queuing Theory

The queuing network (QN) model can be used to predict the performance of applications. It
sets out the connection between the workload and the requirements for performance [25]. In

QN, each application-assigned server is a queuing system [26]. Workers leaving one queue

12



have another queue coming in. These models have parameters that should be defined, such

as the demand arrival rate and the average resource requirements for requests [26].

2.2.3.1 Open QN Model

As Figure 2.3 shows, in the open QN, there can be external arrivals and departures. Thus,

the number of workforces in the system changes over time [23].

2.2.3.2 Closed QN Model

Dutput

(/— Sel\er
k.

(a) Open QN

e

(b) Closed QN

Figure 2.3 An example of open and closed QN models [23]
As Figure 2.3 b shows, inside the network, there is a continuous population in the closed
QN and no external outlets in the closed QN. The transactional workload response time and
batch job performance are modeled using the open QN and the closed QN respectively in
[23].

2.2.4 Machine Learning Techniques

ML methods are the root of the newest proposed approaches. The methods focused on
machine learning forecast the conduct of the application in different dimensions. Not only
are they used to forecast potential resource behavior [27][15], but they are also used to
estimate violations of the SLA, application efficiency, and job execution time [8][28].
Besides, for the assignment of resources [29] and the preprocessing steps such as feature
selection, machine learning techniques are used. Most of these approaches, such as [30][31],
Akindele, and [30], [31] require a training stage to learn the actions of the application.
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Machine learning techniques investigate the past application actions in the training process,
as seen in Figure 2.4. [27] They create a model based on application interactions in the past

that can predict the actions of the application in the future.

Application Behavior New observations about
In the past application behavior
Predictions of the
l l dimensions of interest in
application behavior

Machine Learning
Algorithm

Model —

Training Data

¥

Figure 2.4 Levels of ML strategies for prediction of application behavior [27]

The methods of ML usually model the behavior of the application as a time series. Most of
the strategies are based on an m-length sliding window, which includes the application's
previous actions inthe [tmt- ... - 1, interval, t being the current period. The future state is
estimated in time t, according to the designed model and the previous behavior of the
application in the sliding window. The sliding window shifts to the right for a single place
in the next stage. Selecting the correct sliding window length is a challenge. The time series

and the sliding window with a length of m [3] are shown in Figure 2.5.
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Figure 2.5 Employing sliding window and [29] ML techniques on the time series

2.2.4.1 Regression and Moving Average

LR method used to forecast the number of requests for each cloud application service. [32]
The method of prediction is adjusted, depending on the workload fluctuations, by pre-
computing the regression model parameters. Within the short-term intervals, the authors
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conclude the workload pattern is almost linear. Additionally, within the VMs level, an auto

scale model is proposed.

The ARMA (Auto Regressive Moving Average) [32] used the workload Since the number
of users and the parameters of the ARMA model have been set. Fixed values for parameters

are not acceptable because they cannot be adapted in line with workload dynamics.

The ARIMA (Auto-Regressive Integrated Moving Average model) is an ARMA model that
has been distinguished many times. This approach repeats a one-step prediction to give a
multi-step prediction. Finding an optimum number of PMs is modeled as a convex
optimization problem.it used to perform the multi-step prediction [33]. However, Auto-
regression models are flexible for the linear behavior model of the applications. These

methods having the potential to retrain the training data.

Advantages and disadvantages: Although regression-based methods are simple, their
reliance is predicted on the oversimplified assumptions of the appliance workload (the linear
relationship). These methods are trained and parameterized supported the previous finding
of the appliance behavior [33]. Therefore, they can’t capture the behavioral changes of
applications. Indeed, because the prediction error increases, regression-based methods
should be retrained to familiarize themselves with the changes in the workload. It takes tons

of time and resources.
2.2.4.2 Neural Network

These methods are often to predict the resources host load. Proposed model for predicting
the workload of a server using neural network models [28]. Because of the number of
services available to the host. The outcome shows that the neural network requires a lesser
number of sampling data sets. The NN model's key benefit is that the model can support the
application’s nonlinear behavior. The linear prediction methods cannot model the non-linear
behavior of the host load and can’t be adapted to the fluctuations. The proposed method

improves the restrictions of linear methods.

Advantages and disadvantages: NNs may not require restrictive rules about the type of
workload of the application and may model the application’s nonlinear behavior well. They
can also be used to model the connection between the usages of various application tools.

The NN structure is determined based on historical proof [28]. Retraining NNs is, therefore,
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necessary to adjust to the behavioral changes in the workload of the application. Besides,
NN is a "black-box" approach and cannot offer any insight into the behavioral dynamics of

the workload of the resource manager.
2.2.4.3 Markov Model, Clustering, Dimension Reduction, and Fuzzy Logic

Hidden Markov model and Fuzzy logic: Generally, the HMM is used to estimate cluster
loads. This model may be used for the Bayesian theorem. Based on the cluster load, the
cloud provider estimates the potential workload of the application. Few authors are
incorporated with the Neural Network (NN) model to optimize the cloud network. [34]
Proposed model for estimating the workload of co-clusters. In this approach, the behavior
of virtual machines will be similar to that of a single group. However, the Markov model
could not be used to forecast a long period of application. [35] The proposed approach, based
on fuzzy logic, for predicting the workload of the cluster. The Fuzzy model helps the
resource delivery manager to grasp the effects of the sampling data. But it cannot support
the sudden rise in variability. Fuzzy models with the uncertainty of data collected leading to

the ambiguity of prediction results [22].

Advantages and disadvantages: The Markov model is easily extracted from historical data.
The resource manager quickly understands the Markov model transformation matrix.
However, the Markov Model idea is highly restrictive and is not true for many applications
of workloads [34]. The Markov model couldn't predict the actions of the appliance over a
long period. To adjust to changes in the workload, the Markov model should be rebuilt to
support recent observations. Clustering techniques are applied to the loading of services,
tasks, and VMs. Prediction methods are applied to each cluster rather than to a single entity.
It reduces the time and hence the expense of the forecast. It also captures the relationship

between VMSs or services.

Prediction approaches may also produce better outcomes. However, the key challenge [32]
is to pick the required clustering algorithm and hence the number of clusters. Symbolic
reasoning is a paradigm of complexity and ambiguity of information. It promotes human
thinking and offers interpretable outcomes for the resource manager. It also allows resource
managers to use their initial awareness of appliance actions in prediction methods.
Prediction approaches will also produce more reliable outcomes. However, fuzzy rules,

membership functions, and therefore inference structures should be carefully selected in
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such a way that knowledge of the resource manager and knowledge of past application

behavior are always well described.
2.2.4.4 Hurst Exponent and Bayesian Theory

Two known statistical methods, the Hurst exponent and the Markov transformation matrix
are used to test VMs in [36]. At first, the Hurst exponent is used to detect long-term VM
correlations. The Hurst exponent value indicates the predictability of the property of the
VM. If there is no Hurst exponent value for VMs, the Markov transition matrix is used to
calculate VMs. However, this approach cannot assess the predictability of the actions of the

VM. These methods are also not meant to dynamically distribute resources to VMs.

Bayesian Theory model: during this approach, the workload can be divided into time
intervals. The Bayesian classifier estimates the workload of the interval at any time [36].
But estimating the workload of the interval is a difficult task. Since it is exceedingly difficult
to estimate workload during long-term intervals. This model cannot-cannot be ready to

collect the initial details.

Advantages and disadvantages: The Hurst exponent is simple. It decides whether the action
of the appliance is predictable. It offers details on the longer-term pattern of the actions of
appliances backed by historical evidence. However, the Hurst exponent is not computable
for all applications. As a consequence, it is also used alongside other predictive approaches
to boost the results of predictions [22]. The Bayesian theory is simple. The initial knowledge
of the resource manager is ready to be inserted into the predictor as prior probabilities.
However if the resource manager is unable to provide prior knowledge, it can be estimated
from the past actions of the appliance. The features describing the actions of the appliance
can even be mutually independent. Notice that to respond to the behavioral changes of the

appliance, previous probabilities should be re-calculated.
2.2.4.5 Combination of SVM, NN, and Regression

Support Vector Machine: This approach is mostly used to predict the information of non-
linear behavioral cloud applications and the potential for multi-step forward prediction. [36]
The proposed predictive model supported the workload group. Authors listed workloads
assisted rapid and slow fluctuations. However, learning the actions of the appliance from the

parameters can take a while.
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A collection of machine learning techniques (NN, SVM, and LR) is used to predict the use
of VMs by the CPU [22]. These methods are also used for predicting SLA parameters
(response time and throughput). Prediction results show that SVR, consisting of LR and
SVM, produces better results than LR and NN.

Advantages and disadvantages: Regression and NN assisted approaches were considered in
Sections 2.2.4.1 and 2.2.4.2 respectively. The nonlinear behavior of applications can be
modeled by SVM-based methods. They're able to make the multi-step prediction ahead. Due
to the design of the SVM recorder, it is not possible to have any insight into the behavioral
trends of the workload [37]. It is difficult to include the initial experience of the resource
manager in the SVM framework. The parameters of SVM should be learned from past
application actions. Learning SVM takes a longer time. Notice that the SVM training phase

should be repeated to respond to behavioral changes in applications.
2.2.4.6 Reinforcement Learning

Reinforcement learning technique: At the primary level, the learning methodology
constructs a model that is compatible with the data obtained. The learning technique then
forecasts the workload of the appliance. [37] The proposed reinforcement-learning model
was developed to meet the longer-term demand for applications. The authors used symbolic
logic models to increase the speed of the model. The most benefit of strengthening learning
is that there is no need for domain awareness. The status and hence the action of the RL are
the arrival rate of the requests and the number of servers. RL is used to coach a non-linear
approximator. The non-linear approximator is used as an external resource management

policy. It avoids suffering from the potentially bad performance of online learning.

Advantages and disadvantages: The RL does not need any domain awareness that is ready
to respond to behavioral changes in applications by creating new policies. The RL's
scalability is weak within a broad state space. The initial policies of the RL influence the
pace of convergence towards an optimum strategy. Thus, a poor initial policy could result

in the weak performance of RL [38].
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Table 2.1 Summary of strengths and weaknesses/challenges in machine learning and

statistical techniques prediction approach

ML and
statistical Strengths Weaknesses/Challenges
techniques
LR, AR, ARIMA, | Simplicity Continues retraining to respond to changes
ARMA in workload

Interpretability

Assumption of being Independent data

Assumption of the linearity of application
behavior

Selecting the order of the model

Bayesian Theory

Simplicity

Independence of features that characterize

application conduct

Simple interpretation

Inability to respond to changes in workload

NN Simple Picking the required topology
implementation
Modeling nonlinear | The lengthy time and a huge amount of
behavior of the training data
application Non-interpretable results for resources
manager
Inability to respond to changes in workload
Not being effective for extrapolation
SVM Modeling the Inability to include knowledge of resource
nonlinear behavior manager
of the application
Multistep ahead Non-interpretable outcomes for resources
prediction manager
High algorithmic complexity
Inability to respond to changes in workload
Speed of training and testing
Markov Model Simple For certain application workloads, null

assumptions
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Providing a general
description of the
actions of

applications

A lot of train data to deliver accurate

performance

Selecting the order

Inability to respond to changes in workload

Clustering

Reduction of
prediction risks and

time

Fixed number of clusters

Capturing VM or

resource correlation

Efficient algorithmic

complexity

The number of clusters

String Matching

Linear time for

matching

Selecting the pattern length

Requiring a way to discrete-time series of

workload

Loss of efficiency by increasing the

number of alphabet symbols

Evolutionary

Seeking the right

Consuming time for convergence

Algorithm prediction methods | Optimum local
framework
KCCA The correlation Sensitivity to outliers
between resources
extracted
and performance The kernel selected
features
Fuzzy logic Modeling Determining fuzzy rules and functions for
uncertainties and membership
ambiguities
Hurst Exponent Simple Not computable for all programs

Exhibiting workload
time-series

predictability
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RL The adaptability of | Weak scalability in the great space of the
workload behavioral | state

modifications

No need for domain | Original strategies

knowledge

Random Forest Simple Slow to make real-time forecasts

Unexpected linear Not being efficient for extrapolation

features

Handling spaces of | Difficult to interpret the results of the

high dimensions forecast
To train easily Model scale
KNN No Step of Training | The cost of Slow and Computation

2.3 A Deep RNN Based Method Approach for the Cloud Resource

Utilization Prediction

Nowadays, because of their inspirational possessions, as an example, versatility for
simplification and training ability, regular neural networks or just NNs achieve great
responsiveness from scholars around the globe [39]. Back propagation is widely used for
the method of NNs training. Backpropagation is the fundamental process by which neural
networks learn. It is the messenger that tells the network whether or not the net made an
error when it made a prediction. Neural networks are meant to be able to replicate any
continuous operation, but the network is left with not performing up to the mark several
times, or it takes a lot of time to get good results. Alternatively, In order to answer the

problem of simplicity and fixed architecture, RNNs were originally developed and updated.

The general architecture of RNN has a cyclical relationship that feeds the activation of the
actual time stage as feed to the network to make a decision on the current input. The
activation of the time stage from the previous input is accumulated in the network's inner
state [40]. Consequently, RNN uses the background window overall sequence history to be
dynamically updated instead of the permanent window size for the sequence. The RNN
capability is ideally suited to sequence modeling tasks, such as sequence labeling and

sequence prediction tasks. RNNs suffer from the issue of vanishing gradients, which hinders
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the learning of long data sequences. Gradients hold the information used in the RNN
parameter update, and as the gradient is smaller and smaller, updates become negligible,
which means that no actual learning is achieved. However, training RNN gradient-based
backpropagation over time is daunting for both NN and RNN trained with BP [39]. The
ability of RNN to establish long-range context dependencies from 5-10 different time steps
from single appropriate input to output would be restricted by this inconvenience. As a
result, LSTM was proposed as a well-designed architecture to resolve and solve the
problems of RNN described above. On the other hand, certain shortcomings make BP less
desirable by having differentiable transfer function for all NN neurons and long training

time, hence slow convergence and very sensitive to initial network settings.

Two different recurrent neural network structures are used namely; RNN and LSTM

networks. The following subsections address these two networks.

2.3.1 Recurrent Neural Networks

RNN is a type of NNs that have the power to have memory, which makes them more almost
like how humans process information and it is an efficient way to solve various scientific
problems. In a traditional neural network, the data is processed independently. In RNN, the
networks are faster than the traditional neural network to keep up with the information from

the previous event [39].

RNN is one of the models that are influential in sequential data. RNN methods are trained
to end in such a way that temporal connectionist classification makes it possible to train
RNNs especially for embarking on sequence marking problems where the arrangement of
input and output is unclear [28]. Also, RNNs can perform very specific tasks, such as speech
recognition, language processing, and machine translation. The deployment of RNN is a
succession of a random-size sequence of procedures, often by applying transformation
functions to neurons within the hidden layer (internal state) from which a definite
representation of each input sequence is represented. Equation (2.1) is expressed as a state-
to-state transition function, where the work of art portion is non-linear with an affine
transformation to xt, which is that the current input sample and ht.1, the preceding time stage

of the activation of hidden neurons.
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Figure 2.6 A standard RNN architecture [28]

h = Awx, Uh,) Equation 2.1
Where, W specifies the weight matrix between hidden and input layers, U specifies the

weight matrix between hidden and hidden recurrent; /7 represents activation functions, and

ht, is the present time step of the activations of hidden neurons.

2.3.2 Long-term Dependencies

Long-term dependence is a problem that happens in RNN when the network needs a context-
needed prediction [28]. During a standard RNN, the need to understand the context is always
discussed, although this depends on how far back the memory requires to save the data to
the context. In the cases of predicting a context in a single sentence where the RNN needs

to look back on a set of terms, it is possible for the RNN.

However, in a situation where the algorithm is necessary to have a paragraph memory, it is
much more difficult [32]. This can also be done in the RNN if the parameters are changed

manually. Luckily, scientists don't have to set their time-adjusting parameters to the classic

RNN and can instead use the LSTM.
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Figure 2.7 Long-term dependencies [32]

2.3.3 Long Short Term Memory

LSTM is a kind of RNN that has the ability to consider the LTM dependability. Two
scientists, Schmidhuber and Hochreiter in 1997, developed LSTM [39]. What sets LSTM’s
apart from other RNN approaches is that LSTM’s can remember information for a longer
period and avoid long term dependabilities. LSTM’s have a sequence structure and on the

within, they operate using gates and layers of neural networks like other RNN approaches.

The LSTM architecture network is that the RNN architecture has been improved to
implement the required BP training process. As described above the LSTM model was
created for the company's fading gradient, which is most prevalent in the standard RNN
[39]. The gradient disappears or fades when the perennial gradient shares a problem over
time due to decreasing or increasing error due to frequent weight updates. As a result, the
path temporal evolution will connect with all error signals, and it will exponentially flow
back through time according to the magnitude of the weights. Therefore the RNN model
was unsuccessful when there was a long delay concerning the required desired and input
behavior. However, the LSTM method can minimize the problem by implementing
persistent error movements over persistent error carousels through superior components,

allowing the “back to a time” error stream not to collapse.

The LSTM structure is built in the manner of a cell state that runs through the entire LSTM,
the gates that work by either authorizing the value to be applied to the cell state or altering
the value by disallowing the data [40]. There are also components called gated cells that
allow the information to be stored in them from previous LSTM outputs or layer outputs,
often where the memory part of the kick-in of LSTM [41].
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Figure 2.8 The structure of LSTM [42]

=

x¢: external input at time step t.

ht.1, he: hidden state at times (t - 1) or t. This is also used as output or input for the

next layer of LSTM cells (in multi-layer LSTM).

Ct1, Ct: the ‘cell state’ or ‘memory’ at time step t - 1 or t.

1 fi: the outcome of the forget gate, which controls whether to forget (for values close
to zero) or remember (for values close to one) the memory Ct.1.

7 it the outcome of the input gate, which determines the degree of importance of the
(transformed) new external input.

71 o the outcome of the cell gate, which performs a nonlinear transformation of the

new external input x;.

1 o the outcome of the output gate, which managed the quantity of the new cell state

C: that goes to the output and the hidden state.

Every time the LSTM takes an input x;, the four gates fi, it, gt, and o is updated as follows:
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ft: $Wf *[h-l’ )f] h) Equation 2.2
L= W r[h X1 )
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0= W *[h., xI #)

Where Equation 2.2 [42] uses the sigmoid function for A in this work. The cell state at the
current time step can be updated using the results from the cell gate and the cell state at the

last time step as follows:

C=1*C., #*g Equation 2.3
Finally, the hidden state (or output) can be updated using the results from the output gate

and the cell state at the current time step as follows:

h =q*tan(G) Equation 2.4

2.3.4 Related Works

One of the main problems facing cloud computing is to predict accurately the use of
resources for future requirements. Cloud resource use is constantly evolving, making it
difficult to predict estimates to produce reliable forecasts [4]. Various cloud client resource
utilization prediction algorithms have been proposed over the last years. The most popular
method is using a predictive approach to predict the feature performance of the system
(Resource utilization) based on the historical data. M. Borkowski et al. [11] used machine
learning approach to construct prediction models from historical data, i.e. past task
executions, and to derive a model for future predictions. Yang et al. [31] used the Phase
Space Reconstruction technique and the Group Method of Data Handling based on an
Evolutionary Algorithm. K. Mason et al. [12], [42], [43] uses evolutionary NN, a powerful

ML method, to make cloud resource utilization prediction.

Some researchers [44], [28], [3] applied table-driven, queuing model and Arima approach
for forecasting cloud resource utilization. S. Kumar et al. [45] used an associate learning-
based hybrid model for cloud workload prediction. In [15] the cloud resource utilization is

predicted using support vector machine and linear regression. J. Ni et al. [46] uses a DNN
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for forecasting task time series in CC systems by combining the S-G filter with LSTM
network models. G. Madi-wamba et al. [47] proposed a cloud workload prediction constraint
programming generation model by using background on time series and offline step
(learning step).

Recently, deep learning also gained increasing attention in the cloud resource provisioning
area for prediction and allocation. Z. Chen et al. [5] Proposed an RNN architecture with
sequential data processing and prediction for high-dimensional and highly variable real-
world cloud workloads. B. Song et al. [1] also suggested an adaptive and efficient model
called long-term memory to estimate mean load over consecutive future periods and actual
multi-step load. The deep RNN approaches presented above perform poorly on learning
LTM dependencies, and therefore cannot make reliable predictions of workloads. In the past
decade, there have been great advances in this area, even though this issue remains one of
the most challenging problems in cloud resource provisioning when a real cloud

infrastructure is planned.
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2.3.5 Summary of Related Works
The following tables illustrate previous works on a cloud client resource utilization prediction. The selected papers are from 2017 onwards.

Table 2.2 Summary of related works

References Title Methods Used Accuracy Gap
[11] Predicting cloud resource utilization =ML approaches MAE =0.11 has The approach lacks renormalization

been achieved.  techniques to balance out the neuron
weights with new data. Unsatisfactory
training data Set.

[4] Predicting host CPU utilization in RNN model to MAE=0.12 has  Unsuitable for long term dependencies.
CC using RNN accurately predict the  been achieved. Unable to predict other metrics such as
host CPU utilization RAM and disk utilization of host
machine.
[1] Host load prediction with LSTM in  An adaptive and MAE = 0.23 has A not suitable method for real-world
CcC powerful model called been achieved.  host load prediction. The
LSTM hyperparameter is not tuning well for
the LSTM method.
[12] Predicting host CPU utilization in NN model to MAE =0.15 has Not suitable for the long term
the cloud using evolutionary NN accurately predicting  been achieved.  prediction. Does not validate the
CPU utilization for proposed evolutionary NN approach

short-time using different real cloud datasets.



[14]

[48]

[46]

[49]

[50]

A novel approach to workload
prediction using attention-based
LSTM encoder-decoder network in
a cloud environment

Resource usage prediction of cloud
workloads using deep bidirectional
LSTM networks

DNN for predicting task time series

in CC system

A multivariate fuzzy time series
resource forecast model for

clouds using LSTM and data
correlation analysis

Using LSTM and SARIMA models

to forecast cluster CPU usage

LSTM encoder-
decoder network with
an attention
mechanism
Multivariate LSTM

models

Savitzky-Golay filter
with LSTM networks
(called SG-LSTM).
LSTM NN

SARIMA and LSTM
model hybrid

MAE = 0.03 has

been achieved.

MAE = 0.25 has

been achieved.

MAE= 0.18 has

been achieved.

MAE = 0.03 has

been achieved.

MAE = 0.25 has

been achieved.

Complex architecture due to varieties

of input.

A lot of training time and the batch size

is high may lead to overfitting.

Unable to realize the best optimizer and
activation function. Does not collect
real cloud dataset.

Do not compare the results with

different existing models.

Auto parameter tuning can lead to

potential problems like overfitting.
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As shown in the above tables, different techniques and approaches used to predict the
utilization of cloud resources are used as a table-driven, queuing method, machine learning,
neural network, and statics based. Some applied deep learning like RNN or Re-enforcement
learning is used for predicting the host workload. Even though these previous related works
have accomplished promising results, they suffer from problems or limitations. Such as
adaptability of workload changes, limited feature metrics univariate processing,
hyperparameters are not tuned well, long time training of the model, unable to collect large
and high-quality datasets, lack of renormalization and dataset escalation techniques, unable
to handle non-linearity data, only predict CPU utilization and explosion gradient problem.
In order to resolve these problems, a reliable, fast, and adaptable model need to be built with

great accuracy when compared to the existing approaches.

This study tries to solve this problem by extending the solutions presented in previous works
[49] [48] [13] and using current and new trends.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Overview

This chapter elaborates on the detailed methods, tools, and procedures used to analyze the
research problems. It provides a very concise background of methodology that can fit the
design, implementation, and evaluation of the proposed architecture. In more detail, it
discussed sample selection, data collection, and analysis methods. Most importantly, this
section contains the academic justification behind the method selection to accomplish the

research's key objective.

The research methodology is highly determined by the type of the thesis area and the tenacity
of the research at hand. Guided by the research questions mentioned in sub-section 1.4 of
this document, this thesis aims to predict the cloud client resource utilization using stacked
LSTM RNN architecture.

The following approaches and procedures are used to accomplish the objective of this study.

3.2 Data Collection Method

In order to train the LSTM RNN architecture, three datasets from real cloud environments
are used to test the efficiency and verify the effectiveness of the proposed process. The
Alibaba cluster-trace v2018, Google cluster-usev3 2019, and Intel Netbatch 2012 traces

were used.

The Alibaba cluster-trace-v2018 is given by the Alibaba Open Cluster Trace Software and
IS a new version containing traces of approximately 4000 machines over 8 days. Each

computer in the cluster delivers both long-running applications and batch workloads [51].

Google launched the Google cluster trace in 2011, which contains 29 days of data obtained
from the cluster cell of the company. The data comprises 10,388 machines, more than 0.67
million jobs, and 20 million tasks. A job can consist of multiple tasks here, and each task

can also have multiple processes and be organized in a set of six separate tables [52].
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Intel launched the Intel Netbatch traces in 2012, which contains one month’s worth of

accounting records from the Intel Netbatch grid and the trace is containing a trace of

approximately 48,821,850 jobs. This grid consists of several clusters in various locations

around the globe, each with tens of thousands of nodes (called physical pools) [53]. The data

comes from four such pools, three on the west coast in the US and one in Israel.

3.2.1 Description of Each Data Features

The following is a description of Google cluster traces attributes.

The instance usage table contains these fields:

=4 =2 4 4 -2

=

Collection-I1D
Instance-index: within the collection.
Machine-id: uid of the machine.
Alloc-collection-id: or 0 if this instance is not running inside an alloc.
Alloc-instance-index: the value is undefined if the instance is not running inside an
alloc.
Collection-type: job or alloc set.
Average-usage: the average usage (see above) across the portion of the window in
which the instance is scheduled (a Resources struct).
Maximum-usage: largest observed usage during the window; it may be omitted or
0 in some cases (a Resources struct).
Random-sampled-usage: the observed usage during a randomly-selected 1s sample
in the window; CPU data only (a Resources struct). For long-running tasks, this data
may use to build a reasonably accurate stochastic model of CPU usage.
Assigned memory: the average memory limit (upper bound) for this instance given
to the OS kernel by the Borglet.
Page-cache-memory: the average memory used for the instance’s file page cache
by the OS kernel.
Cycles-per-instruction: the mean CPI during the window (obtained by counting the
CPU cycles used and dividing by the number of instructions executed).
Memory-accesses-per-instruction: the mean MAI during the window (obtained by
counting the memory accesses used and dividing by the number of instructions
executed).
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Sample-rate: The number of samples that were taken during the window per second.
CPU-usage-distribution: 11 coarsely spaced percentiles of the observed CPU usage
during different samples.

Tail-CPU-usage-distribution: 9 finely-spaced percentiles of the observed CPU
usage during different samples.

The following are the description of Alibaba Cluster traces attributes.

=4 =/ A4 4 A4 -4 -4 -5 -2

Machineid: uid of machine

Timestamp timestamp, in second

Cpu util percent [0, 100]

Mem util percent [0, 100]

Mem gps normalized memory bandwidth, [0, 100]
MKkpi: cache miss per thousand instruction

Netin: normalized network traffic, [0, 100]
Netout: normalized network traffic, [0, 100]

Disk io percent [0, 100], abnormal values are of -1 or 101

The following is a description of Intel Netbatch traces attributes.

=4 =4 A4 A4 A4 A4 -4 -5 -2

Job Id 1 User CPU time
User 1 System CPU time
Command 1 Max RSS

Submit time 1 Max VM

Start time 1 Machine ID

End time 1 Iteration number
Exit Status 9 Iteration submit type
Suspend time 1 Memory

Wall time 1 Cores
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3.3 Data Processing and Filtering

3.3.1 Data Preprocessing

It is pre-processed through several stages before placing the data into the proposed model.
First, normal values in all datasets are scaled to a range of 0.1 to 0.9 by the minimum-

maximum scaler (MinMaxScaler) class [4].

x = LWL X = Xin (UPL Lwi) Equation 3.1
Xiax = Xnin

Equation 3.1 elaborated where Xmin and Xmax refer to the minimum value and maximum value

of the dataset. LWL and UPL are the lower and higher goal range limits set at 0.1 and 0.9,

respectively. Second, abnormal values are replaced by specified values. For Alibaba datasets

with an abnormal value of 101 and-1, substitution is set to 0 and 1, respectively, and reflects

system failures triggered by physical causes and workload overflow.

After preprocessing the dataset, 80/20 will be split for training and testing. The training
dataset was used to fit the proposed model and the test dataset was used to validate the
proposed fit model. The train-test technique is widely used in deep neural network models.
In this study, the common split percentage technique was used for the sake of computational
cost in training and evaluating the model. The explanation is that when the trace is separated
into train and test sets, there would not be enough data in the training dataset for the model
to learn how to map inputs to outputs effectively. In the test sample, there would also be
insufficient data to accurately evaluate the model's performance. The predicted performance
can be excessively optimistic (good) or overly pessimistic (bad). For this reason, the
proposed model used the 80/20 train test split model assessment technique.

3.3.2 Visualization of Feature Distributions

For getting a better visualization and understanding of the coefficient of determination score
that created from a heat map over the index features. The Figure 3.1 shows that it is a
correlation between features time_stamp, cpu_util_perc, mem_util_perc, mem_gps, mkpi,
net_io, net_out and disk_io_perc from eight. The heatmap shows no correlation between
features of mem_gps, mkpi, net_io, and net_out. There is no linear correlation among the

rest of the features and should therefore be excluded in the prediction.
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Figure 3.1 Heatmap correlation of Alibaba cluster trace

3.3.3 Feature Selection

All the features that are included in the data set are not necessarily fundamental for the
LSTM model to have as input for predicting the adjusted CPU, Memory and Disk I/O
resource utilization with great accuracy. The proposed model used the common features
from the three datasets that helps to predict the CPU, Memory and Disk I/O. It is common
that the name of the features might be varies depending on the providers. The proposed
model took the necessary features by understanding the trace description from the providers
such as for google (CPU usage distribution, assigned memory and cycles per instruction),
Alibaba (CPU util, mem-util and disk-1/0O) and Intel (system CPU, memory and iteration
number). If the model trained by using all features of the dataset that are not necessary for

the prediction, then it would cost a lot of time and computation.

3.4 Parameter Setting

While building the LSTM model some hyperparameters have to be set up properly
and adjusted, so that it is likely to get an accurate prediction when backtesting the proposed
model. The proposed optimal hyperparameters will lead to higher accuracy and minimize
the risk of overfitting the data. The best value for a hyperparameter is found by evaluating
the LSTM model by backtesting it with the test data. The MSE between the model’s
prediction on the adjusted cloud resources utilization will be calculated and the actual cloud
resources utilization for the timestamp. After all possible values have been evaluated for this

particular hyperparameter, the hyperparameter value will be plotted on the x-axis and the
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MSE value on the y-axis. Table 4.3 shows that the hyperparameter value with the lowest

MSE is the most optimal one and a summary of the hyperparameter.
3.5 Model Training

3.5.1 Define and Compile the Model

The traces will convert to a list of time series (sequence) data by using time series generator,
then it will create the features and labels from the sequence. Next, the LSTM model will
create by using input shape of the input layer, regularization, recurrent, activation and dense
layer by setting different parameter and values to support the input format of the
proposed framework Keras. Hence after creating the model and network, the model should
be compiled. After compiling the model it can define the loss function, metrics, and
optimizers. In this step, the model compilation defines and binds the loss function. The
evaluation metrics are the necessary and obligatory step for the next movement in model

training.
3.5.2 Train the Model

Once the network is built, it will fit the training and validation generator to the build model
before. In this step, the model will measure how the dataset fitted. How likely is the proposed
model fitted to the data, so that it can make a very good future prediction. The model will
set and fit callbacks so, that it will make dynamic adjustments to the learning rate and can
make an early stopping by monitoring the changes of the loss and iteration continuously
over a given number of epochs over the whole dataset. During training, the returned history

item keeps a history of the loss values and metric values.

3.6 Development Tools

Various types of development tools are used for this study to design and execute the
proposed system. This section includes a summary and justification of the development
tools. These resources include prototype creation methods and platforms, UML modeling
techniques, and Microsoft Visio research-relevant tools. The following sections provide a

brief analysis of these development tools.
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3.6.1 Design Tools

Design tools are media used for the production, expression, and interpretation of design
concepts. Edraw Max [54] is used for the construction of the proposed system. It is a
lightweight and efficient graphic design platform for designing professional-looking
flowcharts, network diagrams, UML diagrams, and more. This method is chosen because of
[54].

T 1t has lots of high-quality shapes, example, and template,

T It easily visualizes complex information with a wide range of diagrams.

T Works with MS Office well and others.

3.6.2 Hardware Tools

The following Table 3.1 shows the hardware tool used along with its specific function
throughout the research. The detailed hardware configuration tool is described in section
5.2.1.

Table 3.1 Hardware tool used for this research implementation

S.no Device name Used in the research
1 Hard Disk Used as storage for large datasets.
2 GPU To accelerate the computation and to fasten the
training
3 RAM To accelerate the training process cooperatively with
GPU

3.6.3 Software Tools
Software tools, programming tools, and the libraries have been used as follow:

Tensorflow: It is a library of open-source applications created for high-performance
numerical computation and computing. It also can be deployed on desktop computers,
clusters, mobile, and edge devices. Google Brain team (a group of researchers and engineers)

is the one that developed this library. It supports machine learning, deep learning, and
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flexible numerical computation [55]. Figure 3.2 shows the power score 2018 of the DL

framework based on use, interest, and popularity [56].
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Figure 3.2 Deep learning framework power score 2018 [56]
As shown in the above diagram, Tensorflow is the most used and common application for

deep learning by far.

Keras: It is a Tensorflow-based, high-level API (and can be used on top of Theano too). It
is more user-friendly and easy to use compared to Tensorflow. Keras is user-friendly,
supports Modularity, Easy extensibility, and works with Python [57]. Keras has the
following properties. It's user-friendly, modular, and extensible. It allows simple and fast
prototyping Support for both CN and RNs, as well as combinations of both. It can run runs
flawlessly on CPU and GPU. Keras is the 2" most popular and used deep learning

framework according to the above diagram.

Anaconda:lt is an application used to install the Python programming language and all of
its modules depending on the python edition. It provides a navigator application to view
different settings like Jupiter notebook, spider, vs-code, and modules installed in the

environment.

Jupyter notebookAn interactive web-based application that helps configure, load python

API, and write python code.

Python: Used to execute and illustrate this thesis, it needs several of the drivers used to

customize and package any device to be installed on the machine.
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Microsoft office packagesit is a technique used to write a thesis document, and Visio is
used to design diagrams and flowcharts for the proposed system. Excel is used to mark

images with their file name along with their corresponding label type number.

Mendeley Desktp: it is an effective reference manager platform that acts as a scholarly,

social network for the reference of related works.

MATLAB Deep learning toolbox:t provides a framework with algorithms, pre-trained
models, and frameworks to build and implement deep neural networks. Classifying and
regressing images, time series, and text data can be used by traditional neural networks
(ConvNets, CNNSs) and long-term memory (LSTM) networks. Network architectures can be
constructed using automated differentiation, custom training loops, and mutual weights,
such as generative adversarial networks (GANSs) and Siamese networks. You can graphically
schedule, analyze and train networks with the DND app. The experiment manager software
lets you handle several deep learning tests, log parameters of testing, analyze results, and
compare code from different experiments. You can model layer activations and track the

progress of the training graphically [58].

3.7 Evaluation Method

The result will be analyzed to describe the performance of the LSTM RNN model on a test
data set. The dataset is separated into different training and testing set using different test
sizes. The algorithm is evaluated using the test set. Four metrics of evaluation are used to
evaluate the efficiency of the models to test the proposed process, the RMSE, MAE, MAPE,
and MSE.

The equations [4] use y as a value of the measured and y* as a value of the forecast time

series. Both time series have N samples.

1.0 i Equation 3.2
MAE==g |y’ -y’|

i=1

1.0 ) Equation 3.3
MSE=—& (Y -¥)
n=1
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1.0 4 - Equation 3.4
RMSE= \/ﬁa (y -§)

MAPE:15| y® g YO o1 Equation 3.5
Niz y(l)
RMSE and MAE are one of the common metrics to measure the average error between
forecast and actual values and they are scale-dependent. The MSE is another way of
calculating the average error squares, i.e. the average square difference among the forecasted
values and the real value, additionally the precision and the error in the predictive models
used. The RMSE is more sensitive to the outliers in the data as it calculates the average of
the squared errors. MAPE interprets an average percentage error between 0 percent and 100
percent. The MAPE is scale-independent, which denotes the distance of Manhattan, the
distance of Euclid, and the ratio of the variance between the truth-value of the ground and
the value of the projection. For each metric, the output of the model is stronger when the

metric has a lower value.
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CHAPTER FOUR

PROPOSED DEEP RNN-BASED ARCHITECTURE

4.1 Overview

This chapter introduces the proposed solution to the Cloud client resource utilization
dilemma for the CS provider. This chapter also describes the comprehensive proposed
solution architecture with the required block diagram, flow chart, and algorithm for a well-
defined solution to the problem. It also offers a brief overview of data processing, such as
the critical steps of pre-processing, function selection, visualization, parameter settings, and
describes the LSTM model with tensor records, and proceeds to say the proposed

architecture along with mathematical expression and essential diagrammatic representation.

Virtual
Muchines

Physical
Machines

Historical Preprocessing Predictive Model
Workload I

Figure 4.1 Cloud datacenter workload-forecasting model [49]

Predicted Workload

Future workload information is one of the key criteria for dynamic resource scaling. Efficient
resource scaling leads the system to be cost-effective. A successful resource scaling
approach also helps to minimize energy consumption by shutting down unused resources.
Thus, the system is also being eco-friendly. The proposed model performance of the
predictive unit is fed into a resource management system, it also takes the current status of
the data center into account. before taking resource scaling decisions as Figure 4.1 shows
[49] if the resources available are not acceptable to meet the expected load, the resources
can be scaled up. Although resources are more than sufficient, they can be scaled down.
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Figure 4.2 The overall block diagram for the proposed deep RNN-based model

The proposed system architecture based on the above architecture is shown in Figure 4.2,
the architecture starts by loading the dataset, preprocess, feature selection, scaling and
transform and then splitting the train and test data. The model training will start if the trained
model is good, the workload will predict and visualize, or else it will set a new

hyperparameter.

The detailed workflow of the proposed system based on the below architecture is depicted
in Figure 4.3, the system starts by loading the dataset from real-world cloud traces. From
the loaded dataset, it will scale and transform the traces then, it sends the train and test split
to the model for creating. The model will compile with hyperparameter and build callback
after all the process of model training would start. Finally, the model will be evaluated, if
the model is perfect then the prediction will start and visualize the prediction by different

scenarios.
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Figure 4.3 Workflow of the proposed deep RNN-based architecture

4.2 Dataset Collection

In this study, three datasets from real cloud environments are used to test the efficiency and
verify the effectiveness of the proposed process. The Alibaba cluster-trace v2018, Google
cluster-usev3 2019, and Intel Netbatch 2012 traces were used. The detailed data description
is described in section 3.2.1. Table 4.1 describes sample data of Alibaba trace with data

column.

43



Table 4.1 The screenshot of Alibaba cluster trace

machine_id time_stamp cpu_util_perc mem_util_perc disk_io_perc

0 m_1932
1 m_1932
2 m_1932
3 m_1932
a m_1932

386670

386690

386800

386930

387000
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4.3 Preprocessing and Data Formatting

4.3.1 Normalization

92

92

92

93

93

5

5

3

Normalization is a re-scaling of the data from the original range such that all values fall

within the range of 0 and 1. Normalization was applied to all data in the features to enhance

the accuracy of different machine-learning techniques/models. The detailed normalization

process description is described in section 3.3.1.

Table 4.2 Screenshot of normalized data trace

time stamp cpu _util perc mem util perc disk io perc

0o 0.000000

1 0.000066

2 0.000427

3 0.000854

4 0.001084

0.358974

0.371795

0.397436

0.371795

0.333333

4.3.2 Necessary Index Features

0.800000

0.800000

0.800000

0.833333

0.833333

0.085714

0.085714

0.028571

0.057143

0.057143

All the features that are included in the data set are not necessarily fundamental for the

LSTM model to have as input for predicting the adjusted CPU, Memory and Disk /O

resource utilization with great accuracy. The detailed feature selection process is described

in section 3.3.2. As shown in Table 4.3 discussed the feature selection algorithm.

Table 4.3 Algorithm for feature selection

1. Load the input data set
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2. Remove ID and unnamed columns
3. Select features based on the correlation
4. Generate the correlation heat map
5. Columns = np.full((corr.shape[0],))
6. for i to (corr.shape[0]) do
if (corr.iloc[i] >= 0.9) then
Columns[i] = false
else
selected_columns.add(Columns)
end
end

8. Set the features to the selected column

4.3.3 Preprocess the Data

The transformation of the datasets for the LSTM model has been done in three steps. In the
first step, the time series were scaled between the range 0 and 1 using MinMaxScaler class
[46]. MinMaxScaler is the first setting for scaling. In data preprocessing, scaling is the
important step to achieve the fast learning and convergence of the network. In the second
step, the dataset was split into training and testing. In the last step, training and testing splits
were divided into the input and output components using the sliding window method
described in Figure 4.5 In the sliding window method, the previous n (window size) time
steps are used as an input and the next k (forecast horizon) time steps are used as an output
variable. The sliding window method is implemented to enable supervised learning for the
LSTM network. After conversion of the time series to the supervised learning problem, the
input shape in [samples, window size, and features] format has, which is the required input
format for the LSTM network. While implementing the multivariate time series some other
time series values will consider, the size of features is more than one. All these data

preprocessing steps were applied for each time series.
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Figure 4.4 The time series transformation for the LSTM model [46]

4.4 LSTM Framework

LSTM can learn dependencies ranging over arbitrarily long time intervals. LSTM overcome
the vanishing gradients problem by replacing an ordinary neuron with a complex
architecture called the LSTM unit or block. An LSTM unit is made up of simpler nodes
connected in a specific way. The architecture of an LSTM unit with forget gates is shown in
Figure 4.6 and is the architecture used for the rest of this report. The main components of
the LSTM unit [4] are:

recurrent

‘Iy recurrent ( LEgEl'l d h

block output

—— unweighted connection

§ = weighted connection
| M connection with time-lag

®  branching point

recurrent

©®  mutliplication

recurrent {: ) sum over all inputs
.
’ ’ @ gate activation function
: i always sigmoid
input (always sig )

input activation function
(usually tanh)

output activation function
(usually tanh)

input

Figure 4.5 LSTM block [4]
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1. Input: The LSTM unit takes the current input vector denoted by x: and the output
from the previous time step (through the recurrent edges) denoted by hii. The
weighted inputs are summed and moved by the activation of tanh, resulting in z.

2. Input gate: The input gate reads xt and ht.1, computes the weighted sum, and applies
sigmoid activation. The result is multiplied with the z, to provide the input flowing
into the memory cell.

3. Forget gate: The forget gate is the mechanism through which an LSTM learns to
reset the memory contents when they become old and are no longer relevant. This
may happen for example when the network starts processing a new sequence. The
forget gate reads x: and ht.1 and applies a sigmoid activation to weighted inputs. The
result, i is multiplied by the cell state at the previous time step i.e. st.1 which allows
for forgetting the memory contents which are no longer needed.

4. Memory cell: This comprises of the CEC, having a recurrent edge with unit weight.
The current cell state st is computed by forgetting irrelevant information (if any) from
the earlier time step and accepting relevant information (if any) from the current
input.

5. Output gate: The output gate takes the weighted sum of x: and h.1 and applies
sigmoid activation to control what information would flow out of the LSTM unit.

6. Output: The output of the LSTM unit, ht, is computed bypassing the cell state st
through a tanh and multiplying it with the output gate, or. The functioning of the

LSTM unit can be represented by the following set of equations.

Equation 4.2 [14] shows the equation of input, input gate, forget gate, output gate, cell state,

and output.

z =tanh(W* x +R h, ) Equation 4.1
= W' Rh, B

= W'y Rh, B

o= sWx Rh, B

§=2Q %, R

h =tanh(g) @

Note: The W's are input weights, the R”s are recurrent weights, b’s are the biases and an

input xt, the four gates f;, it, z¢, and o.
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Several other modifications and variations of the LSTM architecture have been proposed;
however, all the variants have similar performance. Since simpler architectures are
preferable, this thesis proposed Stacked LSTM with forget gates. The architecture describes

in more detail next section.

4.5 Proposed Deep LSTM Architecture

The success of deep learning models is due to the ability to learn a hierarchy of simple to
complex (abstract) features facilitated by the stacking of several layers. Thus in RNN depth
only serves the purpose of maintaining a memory of old information, but does not provide
hierarchical processing of information as in a DNN.

An RNN falls short in two situations: first, in case of complex sequential data, which
requires hierarchical information processing through many non-linear layers; second, when
sequential data like speech or time series contain patterns that need to be processed at
different time scales, but RNNs operate at a single time scale.

To deal with these shortcomings RNNs with multiple hidden layers or deep RNNs (DRNN)
have been used for different purposes. DRNNs are also referred to as stacked RNNs, to
indicate that multiple RNN layers have been stacked together. The two terms
interchangeably will use. In a DRNN each layer can have multiple LSTM units, and the
output sequence of one layer is fed as the input sequence for the next layer. The hidden states

for each layer are computed as per Equation 4.2

h = H W L 4R H) Equation 4.2
Where H is the LSTM function given by equations 4.2; n, ranging from 1 to N, denotes the
nth layer of the network; and t denotes the time step. W denotes the feed-forward weights
between two layers, and R denotes the recurrent weights from one time step to the next for
the same layer. Network input is defined as ho = x the network output denoted by V' is

computed as:

y, =W + Equation 4.3

From Equations (4.2) and (4.3), one can get some insight into how a DRNN offers different

time scales. The first layer will build a memory of the input signal. The next layer will
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develop a memory of the hidden state of the first layer, thus having a memory, which goes
“deeper” into the past and has gone through one extra non-linear computation. And so forth

for each subsequent layer.

Input sequence

o o
First layer 4 LSTM
Hidden layer
. LSTM
size:128 Second layer 1

Third layer LSTM

Dense

Figure 4.6 Proposed deep stack LSTM architecture
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Figure 4.7 The proposed model of recurrent layer connection
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The architecture of the LSTM model is shown in Figure 4.7. Xt+1, Xt+2, ..., Xt+n are the inputs.
n defines the window size which determines how many previous values of the time series
will be used during the training. A multivariate multiple inputs for each LSTM cell. The
architecture contains one or more LSTM hidden layers. However, in this architecture, each
LSTM cell in the first hidden layer has its output to pass the information to the second hidden
layer. The output of the second hidden LSTM layer is fully connected to the last layer. As
shown in the following, Table 4.4 discussed the proposed LSTM algorithm.

Table 4.4 Algorithm for proposed stacked LSTM framework

1. Given the following data:
n-features, optimizer, loss, metrics
2. Initiate model from sequential class;
3. Add LSTM layer: LSTM (128,input_shape)
4. Having weights from previous layer:
add Leakyrelu(alpha=0.5)
add Dropout(0.3)
add Dense(128, decay(lI2=1e-5)
5. Having weights from previous layer:
add Dropout(0.3)
add LSTM layer: LSTM(128)
6. Having weights from previous layer:
add Leakyrelu(alpha=0.5)
add Dropout(0.2)
7. Add LSTM layer: LSTM (128)
8. Having weights from the previous layer:
add Dropout(0.2)
add LSTM layer: LSTM (64)
having weights from the previous layer:
add Dropout(0.2)
add Dense(3)

The efficiency of the LSTM model relies entirely on the settings of the hyperparameters and

the amount of preparation. The model's settings are presented below.
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4.5.1 Data Input

The dataset describes each time-series timestamp as a vector of 1x6 size, where 6 is equal
to the number of features that will be used in the proposed forecast. Along with all
timestamps and their features, which are used in the forecast, the matrix has built and
separated all timestamp data into fixed-size windows. Then reshape all vectors in the matrix
in such a way that the NumPy array is now a 3D vector of the form (W x | x f), where W =

number of windows, | = length of a window, and f = number of F features.
4.5.2 Network Architecture Layers

4.5.2.1 Hidden Layer

When building an LSTM model, it is mandatory to consider how many hidden layers the
model would include, the number of LSTM cells that should be used in each layer, and what
the dropout should be. There is no right or wrong way to select the number of hidden layers
or the number of cells within each layer, this study has seen good models. This number
depends on the implementation of the LSTM model since the number of cells and layers will
vary, but the layers are often from one to eight [59], and the cells in each layer can have the

same number of cells to find the optimum structure.

Eight hidden layers were used in the proposed LSTM model. From the eight hidden layers,
the two are recurrent layer, activation layer, regularization layer, and dense layer. The
regularization layer used for preventing overfitting (high variance) and the dense layer is
used for preventing underfitting (high bias).

4.5.2.2 Dense Layer

A dense layer is a densely connected NN layer [57], where a dense layer connects each cell
to another in the next layer. Using dense layers successful models are seen by building their
model of hidden layers followed by multiple dense layers. The LSTM model used two dense

layers.

4.5.2.3 Number of Layer

This thesis determined that the LSTM model would contain ten layers, 8-hidden layers, and

1-input and 1-output layers. The output of the first hidden layer is connected to another
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hidden layer than that which is connected to a dense layer, and that dense layer is eventually
connected to another dense layer, i.e. hidden layer — hidden layer — dense layer — dense
layer, where — represent the connection between layers. Dropouts are used after each
hidden layer to avoid the possibility of overfitting.

4.6 Optimal Hyperparameter

When designing the LSTM model, some hyperparameters need to be carefully set up and
modified such that a reliable estimate can be made when the proposed model is checked
again. Inspired by this paper [60] on how empiric tests could be carried out to find the best
hyperparameters that would lead to higher accuracy and minimize the chance of over-fitting
the results relative to the absence of empiric tests on the proposed model and data. When
doing an empiric evaluation, the LSTM model was designed with default hyperparameters
that better suit this case according to various papers that were considered to be very useful.
Then, to try to find the optimal value for that hyperparameter, take each hyperparameter one
by one. By analyzing the LSTM model by back-testing it with the test results, the best value

for a hyperparameter is calculated.

4.6.1 Regularization Technique

Regularization provides consistency to the learning algorithm, making it less sensitive to
training data and procedures. The best approach will be to construct a complicated model
that matches the training data very well (overfitting) and regularize it so that it would have
a reasonable generalization (test) error because they have no reference and don't know the

true function to use to equate the proposed approximate function with it.

4.6.1.1 Dropout

A dropout is an important approach that minimizes over-fitting by randomly selecting cells
in a layer according to the probability chosen and setting their output to O [60]. An empiric
evaluation was carried out to find the optimum level of dropout and was then extended to
all hidden layers. The model LSTM was developed and trained, then the dropout was set to
different values where the difference between the consecutive dropout values is constant.
The optimum dropout value, in this case, is 0.3 and this value has the lowest MSE, so the

dropout is set to 30%. While doing this empirical test the epoch was set to 150, the LSTM
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cells in each layer were set to 128, 128, 128, 128 64, 3, decay to 0.00001, and the length of
the window to 128.

4.6.1.2 Activity Regularization
A layer that adds an update to a cost-based input activity.
Arguments

1 L1: Factor of L1 regularization (positive float).

1 L2: Factor of L2 regularization (positive float).

L2 Parameter Regularizationt is also known as the decay of weight. This approach applies
the L2 standard penalty to the objective feature of driving the weights towards the origin.
Even though this approach decreases all weights by the same proportion to zero, it can never

allow every weight to be exactly zero.

4.6.1.3 Early Stopping

Early Stopping: Stop training as the tracked metric stops improving. This approach aims to
simplify and regularize the cost function in such a way that the error of generalization is
lower. The way it works is that a validation error is reported on each iteration. If the
validation error improves, a copy of the parameters will be saved and continued until the
optimization algorithm is completed. It's a good approach when it comes to computing time

and resources.

The goal of the training is to mitigate the loss with this the metric to track would be loss and
the mode would be min. At the end of each epoch, the model.fit() training loop will verify
consider min delta if the loss is no longer declining, and patience, if appropriate. Once it is
no longer found to decrease, model.stop() training will be marked true and the training will

be terminated.

4.6.1.4 ReduceLROnNPIlateau

Lower the learning rate when the measure has stopped improving. Models also benefit from

the reduction by a factor of 2-10 of the learning rate once learning has stagnated. This
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callback tests the quantity, and if the ‘patience’ number of epochs does not change, the

learning rate is minimized.
Arguments

1 Monitor: quantity to be monitored.
Factor: The factor that decreases the rate of learning. The value of the factor is 0.5.
Patience: The number of periods with no change after which the learning rate would
be decreased. The meaning of patience is 10.

1 Verbose: int. 0: quiet, 1: update messages. The value of verbose is 1.

4.6.2 Number of Epoch

The epoch is when the full training data has been transmitted through the network; thus, one
epoch is an iteration of the complete training data being sent through the network. When the
training data is distributed across the network, the training data is separated into a batch size
where the batch size is specified as 2. This means that the first two samples are taken from
the training data (0-1) and trained on the network, and then the next two samples (2-3) are
taken and the network is created. The epoch continues until all samples are propagated by
the network such that one epoch has passed through the network.

4.6.3 Number of LSTM Cell in Each Layer

Every hidden and dense layer has several LSTM Cells; it is mandatory to find the most
optimal number of cells for each layer. the network trained with different values on each cell
in the hidden and dense layer, the cells in each layer, in this case, should be set to 128, 128,
128, 128, 64, 5 because that value has the smallest MSE. While doing this empirical test the
dropout was set to 0.3, epoch to 150, decay to 0.00001, and the length of the window to 128.

4.6.4 Decay

When using the optimizer, there is an additional parameter that can be given to the optimizer
that minimizes the learning rate progressively when the network reaches optimum values.
The extra parameter is called decay. The easiest way to find the most acceptable decay value
Is to run an empiric test on various decay to find out what value the smallest MSE has on

the training data when training the LSTM model. The value of the decay is set at 0.00001.
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4.6.5 Window

Empirical experiments do to find the optimum length of a window, but the proposed model
does not want to shorten the size of the window, since the model would not gain longer
dependencies, thereby neglecting essential details. There is often a drawback of a window
size that is too wide, and then a greater volume of redundant noise can be applied to the
training results. The easiest way to determine the most acceptable window size is to run an
empiric test on various window sizes and find the value of the smallest MSE on the training

data when training the LSTM model. The window value is 128.

4.6.6 Activation Function

Instead of logistic activation functions for computer vision, speech recognition, DNN, etc.,

many DL systems are currently using ReLU.

ReLU: The rectified linear unit has an output of O if the input is less than 0 even if not row.
This means that the output is equal to the input if the input is greater than 0. The ReLU's

operation is closer to the way the proposed biological neurons work.

f (X) = max(x,0) Equation 4.4
Equation 4.5 shows the function returns 0 if it receives any negative input, but for any
positive value X, it returns that value. ReLU is non-linear and has the advantage that there
are no backpropagation errors, except for larger Neural Networks, the speed of constructing
RelLU-based models is very quickly opposed to using Sigmoids.

Some of them are that ReLU is Non-zero-centered and non-differentiable at Zero, but
differentiable elsewhere. ReLUs is not without any disadvantages. The Dying RelLU
problem is another problem in ReLU where certain ReLU neurons die basically for all inputs
and remain inactive no matter what input is given, no gradient flows here, and if there are a
huge number of dead neurons in a NN. This can be corrected by using what is called Leaky
RelLU, where the slope is adjusted to the left of x=0 below Figure 4.8 [14], creating a leak

and expanding the ReLU range. This can affect its efficiency.
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Leaky ReLU: y=0.01x /

Figure 4.8 Leakyrelu graph [14]

Table 4.5 Algorithm for the activation function

1. Get the input sequence

2. for data in sequence do
map the input to the function
f(x) =0.0lx forx <0 & xforx >0
forward the output to the next layer

end

4.6.7 LSTM Loss Function

Loss function calculates the distance between the output of an LSTM model and the target
output during fast learning preparation. The optimal result is the validation data set by the
user; 20% of training data was used to set the validation data. This will avoid over-fitting by
stopping the model during training since, at each epoch, the data performance of the training
is compared to the validation data. If the training loss reduces and the validation increases
at the same time, it could be over-fitting. The MSE was selected as the proposed loss
function because it is commonly used for time series prediction when choosing a loss
function [14].
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4.6.8 Optimizer

The LSTM model has used Adam optimizer because of its high efficiency and rapid
convergence relative to the other alternative optimizer [60] and it was suggested to use it as
a default. When using the Adam optimizer, the proposed model set the learning rate to
0.0003.

Adam is an adaptive process of learning rate which means that it measures individual
learning rates for various variables. Its name is derived from the adaptive moment
calculation, which is why Adam uses the first and second gradient estimates to change the

learning rate for each neural network weight.

m, = § X"] Equation 4.5

Where m is moment and X is a random variable.

4.7 Model Training

The proposed learning module is carried out with three basic components listed as follows,
model creation, model compilation, defining callbacks, and model training. First, create the
model that fits the proposed goal, then it will compile this model by tweaking the
hyperparameters that it demand. Defining callbacks helps to make a good and time-saving
learning model. After describing the first three steps, the model will fit with the dataset to

start the learning.

4.7.1 Error Calculation

To evaluate the proposed method, four evaluation metrics are used to measure the efficiency
of the models, the RMSE, MAE, MAPE, and MSE. When evaluating the training score and
test score of the LSTM model, the score is the evaluation of the proposed loss function
selected, which in this case is MSE. During the backtest, the MAPE would also be measured

to ensure that the model forecasts with high accuracy.

Mean Squared Error (MSE)
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MSE is another method to measure the average of the squares of the errors that is, the
average squared difference among the estimated values and the current value as well as if

computing the accuracy and the error in the predictive models used.

1.0 ) Equation 4.6
MSE==§ (Y -V)
n=1

Y'iis the i predicted value and Yi s the i actual/observed value.
Mean Absolute Error (MAE)

MAE is another method to measure errors between paired observations expressing the same

phenomenon.

o . Equation 4.7
MAE=ZZ |y -y |

i=1
The equations use y as a value of the measured and y" as a value of the forecast time series.

Both time series have N samples.
Root Mean Squared Error (RMSE

RMSE is a method for calculating the error or precision of a model's estimation. It calculates
the error based on standard deviations. The final output is shown by the standard deviation

of a magnitude of the error; the individual calculations are produced as residuals.

1.0 . - Equation 4.8
awse= (14 (9 - 9)

Y'iis the i predicted value and Yi is the i*" actual/observed value. Alternatively;

RMSE=+ MSE Equation 4.9
Mean Absolute BrcentageError (MAPE)

MAPE is a mathematical formula that gives us the ability to measure the precision of the
predicted prediction. This is an important aspect of the proposed study, considering that it
depends extensively on projected forecasts and makes active projections of future data sets,

allowing constituents the right to know the precision of a projection is of vital importance.
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The calculation is achieved by taking the difference between the current value and the
predicted value and dividing the difference by the actual value. In the later level, the amounts

of data points and the percentage error value of 100 multiplies it.

o oy0 . y” Equation 4.10
MAPE—— | ¥2 1

Where At is the actual value and F is the forecast/predicted value. Table 4.6 describes the

error calculation algorithm.

Table 4.6 Algorithm for error calculation

1. Get the input of the sequence

2. Find the regression line for y=mx+b

3. For the sequence in sequences do:
regression line or « for sequence
find the error y-«
square the error

end

4. Display the error table

4.8 Prediction

Here in this step, the trained model will feed with the proposed test data. The trained model
will go loop through the dataset by the given batch size, and return us with a value of the
forecasted values of the machine resource usage. Getting the forecasted values of the
machine resource usage the predicted value will reverse transform so; it can compare and
visualize it with the actual test data set. Table 4.7 describes the operations of the prediction

module algorithm.

Table 4.7 Algorithm for prediction

1. Get an empty list to store predictions

2. Create a current batch

3. Set current-batch to the last values of the x-train data
4. for 0 to length(x-test) do
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Model.Predict (current-batch)

pop the first index from current-batch

append the prediction to the last index of the current batch

end

5. Create a data frame from the prediction NumPy array

6. Set columns names
7. Plot the data frame

Table 4.8 Summary of chosen hyperparameters for LSTM models

Hyperparameters

History window length
Activation function
Optimizer

Learning rate

Dropout rate

Batch size

Early stopping

ReduceLROnNPlateau
Hidden layer size
Hidden layer Neurons
Layer size

Input layer neurons
Output layer neurons
Epoch

Loss

Decay

Values

128

LeakyRelu

Adam

0.0003

0.3

2

Keras callback Earlystopping with a monitor
of loss

[0.5, 10, 1]

8

128, 128, 128, 128, 64, 5

10 (one input, one output and 8 hidden)
128

3

150

MSE

Activity regularizer 12 with a value Of 1e-5

Table 4.9 Operational summary of workload prediction model

1. Read the data

2. Normalize the data and scale the data set

3. Create the train test split
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4. Create a time series generator

5. Pass the data set to the time series generator to build the sequence
6. Build the model

7. for each sequence in TimeseriesGenerator do:

T

= =_ =2 =4

= =2 A =

end

The model will start injecting the sequence to the LSTM input layer with 128
neurons

Pass the output of LSTM to a leakyrelu layer with alpha 0.5

This will introduce non-linearity to the network so that it will learn more
complex patterns

Then pass it to a dense layer of 128 neurons with 12 value of 1le-5

Thus will reduce overfitting to improve the model performance

Then pass it to an LSTM layer with 128 neurons

Then introduce another non-linearity by adding additional leakyrelu with an
alpha value of 0.5

Pass it to a dense layer of 128 neurons with an activity regularizer of 12 with
a value le-5

Add dropout to drop unwanted neurons with a dropout weight of 0.3

Pass the output to the next LSTM layer with 64 neurons

Add another dropout layer with a value of 0.3

Pass it to the output dense layer to make the predicted result of 3 targets

8. Reverse transform the prediction

9. Plot the prediction
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CHAPTER FIVE
IMPLEMENTATION DETAILS

5.1 Overview

In this chapter, the implementation of the proposed solution is described. The
implementation of a cloud resource utilization prediction, data preprocessing,
hyperparameter tuning, and future prediction along with code segments. In this section,
important segments of code were presented whereas the important detail codes are illustrated

in the appendix section.
5.2 Working Environments

5.2.1 Desktop Computers with Hardware Utilities

Hard Disk: configured terabyte added two-tetra bytes of storage.
SSD: configured SSD is 128GB.
Processor: Inter(R) Core(TM) i7-7700HQ CPU @ 2.80GHZ (8 CPUs), ~2.8GHz

A =/ 4 =4

Graphical purpose processing Unit: for high-speed time computation during training.
NVIDIA GeForce GTX 1050 super installed.
1 Installed Memory: Physical Memory (RAM) 16.00 GB.

5.2.2 Desktop Computers with Software Configuration

OS: Microsoft Windows 10 Pro, x64-based PC, Version 10.0.19041 Build 19041
System Model: - HP Pavilion Power Laptop 15-cbOxx.

GPU optimizer: the latest version of the NVIDIA GPU optimizer and scheduler.
CUDA toolkit

CuDNN

A =2 =42 4 -
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5.3 Setup Environments

5.3.1 Application Software

Anaconda: In an application used to install the latest version of python with its different
modules and IDEs, for implementing the proposed solution an anaconda application version

4.8 with 64-bit support is used.

5.3.2 Integrated Development Environment and Editors

Jupyter Notebook: - is an IDE that is the most common and recommended IDE to
researchers to edit python code, to visualize some diagram, training, and testing charts, and
processing progress. To implement the proposed solution, the Jupyter notebook with a 6.1.5
version is used, which is installed through anaconda installation.

Colab: -A cloud-based Jupiter notebook can enhance computing time using the Tensor
Processing Unit (TPU), General processing Unit (GPU), Random Access Memory, and

Large storage space to upload data set for training the results until 9 hours’ time session.

Visual-Studio-Code: - is an IDE that is easily configured with different python environments
and used to edit python code, C++ code, and another programming language code editable
using this IDE. A version 1.51.1 with the community and 64-bit support installed for

implementation in addition to the Jupiter notebook.

5.3.3 Programming Language and Module Libraries

Python: - to implement the proposed solution python programming language with version
3.8 used due to the version incomparability. Many DL modules do not install properly on

the latest version of python.

Keras with version 2.3.0, which used to load the pre-trained model, used to apply

convolution, pooling, time series generator, and other deep learning processes.

Tensorflow with version 2.3.0 and above is used to connect the retrained model and feature
fusion model graphs Tensor board with version 2.3.0 and above to visualize training

progress in deep learning.
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5.4 Training Procedure

The training procedure in this proposed research

Collect massive dataset from real-world cloud service providers
Pre-processing dataset

Scaling and transforming the data by train and test split
Building the model

Compile the model

= =4 -4 4 -4 -—a -

Train the model

Let see all the above set of training procedures in a systematic and detailed manner.
5.5 Implementation Techniques for Dataset Processing

5.5.1 Dataset Description

In this thesis, three datasets obtained from real cloud environments, Alibaba cluster-trace-
v2018, Google cluster-use v3 2019, and Intel Netbatch 2012 traces, are used to test the
performance and verify the method's effectiveness. The following Figure illustrates the code

snip of reading the Alibaba trace dataset.

def load data(path):

print('LOADING DATA....")

df = pd.read_csv(path, nrows=3324)

df.columns = ['machine_id"','time stamp’
‘'mkpi', 'net io', 'net out’

# df.to csv (r'New Alibaba.csv', index

m_1932 = df[ 'machine_id"']=="m_1932"

machine = df[m_1932]

print(machine.shape)

return df

‘cpu_util perc','mem util perc', 'mem gps',
‘disk io perc']
False, header=True)

| =

Sample code 5.loading the clustetrace ofAlibaba

5.5.2 Preparing the Dataset

The original dataset was too many features that are not necessary for the cloud resource
utilization prediction. Since then, the features are dropped that are not related and necessary
for the prediction, and the outlier, null value and string data that can be adjusted will be fixed

and the ones that cannot be adjusted will be dropped, by that the loaded dataset saved and
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opened again by the new feature optimization. The proposed model used a single machine

trace in all datasets that are used to train the proposed model.

1 df = load data('New Alibaba.csv')

2 df = df.drop([ 'mem_gps"', 'mkpi', 'net io', 'net out'],axis=1)

3 # df=df.reindex(columns= ['time stamp', 'cpu util perc', 'mem util perc','disk io perc'])
4 data_set=df

5 data_set.head()

Sample code 5.Reature dropping operations

5.5.3 Scaling and Transforming the Data

It is pre-processed through several steps before placing the data into the suggested model.
Firstly, normal values in all datasets are scaled by the minimum-maximum scaler to a range

from 0.1 to 0.9. In section 4.1, the comprehensive process of how it functions was clarified.

The following Figure shows a code snip for scaling and transforming the dataset. These

scaled traces are used for training and testing with the proposed model.

def scaller3(df):
print('SCALING DATA...')
# data set = df.drop([ 'machine id', 'time stamp’],axis=1)
data set = df.drop([ 'machine id', 'time stamp’],axis=1)
sc = MinMaxscaler(feature_range=(8.91, 1))
scaled data = sc.fit transform(data set)
features = scaled data
print('shape of scaller: ', scaled data.shape)
target = scaled_data # target = scaled data[:,1:7]
# target = scaled data[:,1:7]
x_train,x test,y train,y test = train test split(features,target,test size=0.2,random state=101,shuffle=False)
return x train,x test,y train,y test,sc

Sample code 5.8caling and transforming the data

5.5.4 Create the Model

To create the sequential model is used several features, optimizer, loss, and metrics. The
network is build up one layer at a time by using Keras Sequential API. The layer of the
LSTM cells is the heart of the network, with dropout to avoid overfitting. The completely
linked dense layer with Leakyrelu activation provides the network with additional

representational power.
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def creat model(n_features,optimizer,loss,metrics):
print('CREATING THE MODEL...')
model = Sequential()
# model.add(Dense(128,activation="relu’,input shape=(length,n features)))
model.add(LSTM(128,input_shape=(length,n features),return_sequences=True))
model.add(LeakyReLU(alpha=0.5))
model.add(Dense(128,activity regularizer=regularizers.12(1le-5)))
model.add(LSTM(128,return_sequences=True)) #activity regularizer=regularizers.l12(1e-5)
model.add(LeakyReLU(alpha=0.5))
model.add(Dense(128,activity regularizer=regularizers.12(1e-5)))
model . add(Dropout(©.3))
model.add(LSTM(64,return_sequences=False))
model.add(Dropout(@.3))
model.add(Dense(3))

Sample code 5.@reating the model

def build generator(x_train,x test,y train,y test,length,batch size):
print( BUILDING GEMERATOR...')
print(type(x_test))
#x_train = np.reshape(x _train,(112980,1,180))
train_gen = TimeseriesGenerator(x_train,y train,length=1ength,sampling rate=1,batch size=batch size)
validation gen=TimeseriesGenerator(x_test,y test,length=length,batch size=batch size)
return train_gen,validation gen

Sample code 5.5UHding the generator of the model

5.5.5 Compile the Model

With the Adam optimizer (a variation on stochastic gradient descent), the model is compiled
and trained using the MSE loss. The network will attempt to reduce log loss during training
by changing the training parameters (weights). The parameter gradients are determined

using back-propagation, as always, and modified with the optimizer.

#compiling the model

model. compile(
optimizer=optimizer,
loss=loss,
metrics=metrics

)

print(model.summary())

return model

Sampé code 5.€Compiling the model
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5.6 Model Training

Once the network is built, the model will be trained with the required callback. The training
iteration writes to the checkpoint file and saves the updates through time in the following
summarized manner. With early stopping the model will not overfit to the training data and
waste time training for the extra epoch that doesn’t improve performance. The algorithm
checkpoint will access the best model and, if 150 epochs are interrupted by the proposed
model training, progress will not be lost. Additionally that by using the reducelronplateau
the model will monitor the loss and dynamically adjust the learning rate to predict precisely.

The model can then be trained using the code below.

print('TRAINING THE MODEL...")
checkpoint_path = "cp.ckpt”
checkpoint_dir = os.path.dirname(checkpoint_path)
cp_callback = tf.keras.callbacks.ModelCheckpoint(filepath=checkpoint_ path,
save_weights only=True,
verbose=1)
rlr = ReduceLROnPlateau(monitor="loss', factor=0.5, patience=5, verbose=1)
early stop = EarlyStopping(monitor='loss',patience=18, mode="auto")
model.fit(train_gen,epochs=epochs,
validation_data=val gen,
callbacks=[cp_callback,early stop,rlr],
shuffle=False,
verbose=1)
-model.save( 'millionl model")

Sample code 5.7 ddieltraining

5.6.1 Callback Set (Hyperparameter) and Train

The training parameters specify the regulizer, the number of epochs, and batch size along
with the number of GPU, dataset, epoch, batch size configuration were mentioned as

follows;

model = Sequential()

# model.add(Dense(128,activation="relu’,input_shape=(length,n features)))
model.add(LSTM(128,input_shape=(length,n_features),return_sequences=True))
model.add(LeakyReLU(alpha=06.5))

model.add(Dense(128,activity regularizer=regularizers.l12(1e-5)))
model.add(LSTM(128,return_sequences=True)) #activity regularizer=regularizers.12(1le-5)
model.add(LeakyReLU(alpha=6.5))

model.add(Dense(128,activity regularizer=regularizers.12(1e-5)))
model.add(Dropout(©.3))

model.add(LSTM(64, return_sequences=False))

model.add(Dropout(©.3))

model.add(Dense(3))

Sample code 5.8etting train Hyperparameter

67



5.6.2 Test Prediction
The following code shows the test prediction with back tested traces.

test_predictions = []

current_batch = x_train[-length:].reshape((1,length,n_features))
print(current_batch.shape)

current_pred = model.predict(current_batch)

print(current_pred)

for 1 in range(len(x_test)):
current_pred = model.predict(current_batch)[@]
current_x_batch = x_test[i].reshape((1,1,n_features)) # check if we drop time stamp
test_predictions.append(current_pred)
current_batch = np.append(current_batch[:,i:,:],current_x_batch,axis=1)

Sample code 5.966t prediction

5.6.3 Future Prediction

The following code shows the real-time future prediction with no backtested traces.

current_batch = x _test[-length:].reshape((1,length,n features))
current_x_batch = x_test[-length:]

fut_predictions = []
-print(current_batch.shape,current x batch.shape)

current_pred = model.predict(current_batch)
print(current pred,y test[@])

for i in range(200):
current_pred = model.predict(current_batch)[@]
fut_predictions.append(current_pred)
# print('shapel’, current_x batch.shape)
current_x_batch = fut_predictions[i].reshape(1,1,n features)
# print('shape’, current_x batch.shape)
# current_batch = np.append(current_x_batch,fut_predictions[i])
# print('batch’,current_batch.shape)
# current_x_batch.reshape(1,length,n_features)
current_batch = np.append(current_batch[:,i:,:],current_x_batch,axis=1)

Sample code 5.1Buture reattime prediction

5.6.4 Visualization (Data-frame and Plotting)

The following code snippet shows the visualization of the actual and training data. The

predictions for the remaining training data can be found in the appendix.
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acc = df_vis[2ee0:]

figure(figsize=(15,5))

grid({which="major"', color="#cccccc’, alpha=8.5)

axvline(x = max{df_predd[ 'time_stamp']), color="black', linewidth=2, linestyle="--")
axvline(x = max{df_acc['time_stamp']), color="black', linewidth=2, linestyle="--")

plot(df_acc[ 'time_stamp'], df_acc[ cpu_util perc’],celor="blue",label="Actaul values')
plot(df_predd["time_stamp'], xx['cpu_util’],color="blue")

plot(df_predd[ "time_stamp'], df_predd[ 'cpu_util'],color="orange",label="Predicted values")
plot(df fut['time_stamp'], df_fut['cpu wtil'], color="red", label="Future values')
.title("Prediction Against Actual value of CPU utilization', family="Arial', fontsize=12)
xlabel( Timeline", family="Arial"', fontsize=18)

.ylabel{ CPU utilization percentage’, family='Arial', fontsize=1@)

legend();

lumns = ["cpu_util’, ‘mem_util®, ‘disk_io_perc']
ediction_df = pd.DataFrame(test_predictions)

ture_df = pd.DataFrame(fut_predictions)
plt.plot({future_df[4])

= ¥_test[:,:1]

= test_predictions[:]

¢ = fut_predictions[:]

c = x_test[:,3:]

df_predd = np.column_stack((a,b)) # this is to take it as x_test
df_predd = pd.DataFrame(df_predd)

ze = x_test.shape[@]

_predd = pd.DataFrame(test_predictions)

_predd = scaler.inverse_transform(df_predd)

_predd = pd.DataFrame(df_predd)

_predd.columns = columns

df_predd['time_stamp'] = pd.Series(df.iloc[-size:,1])

df_fut = np.column_stack{({a,c)) # this is to take it as x_test
_fut = pd.DataFrame(fut_predictions)

_fut = scaler.inverse_transform({df_fut)

_fut = pd.DataFrame(df_fut)

me_st = pd.Series(df.iloc[-size:,1])
me_list = time_st.values.tolist()
_predd.insert(@, "time_stamp’,time_list)
int( "time series")
int{time_list)
int{df_predd.head())

= scaler.inverse_transform{x_test)
= pd.DataFrame(xx)

.columns = columns

.insert(@, 'time_stamp',time_list)

art_time = max(df_predd['time_stamp'])
t_time = []

r i in range(208):

start_time+=5@
fut_time.append(start_time)
_fut.columns = columns

_fut.insert(®, "time_stamp',fut_time)
int{df_fut.head())

int( shape of test: ', df_predd.shape)
int( shape of future: ', df_fut.shape)

Sample code 5.1Rlotting of the reattime prediction
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5.7 Implementation of Model Evaluation

5.7.1 MAE

The MAE is calculated to measure the errors among paired observations expressing the same

phenomenon.

HMAE

plt.figure(figsize=(15,5))

plt.grid(which="major', coler="#cccccc”, alpha=8.5)

plt.title( "MEAN ABSOLUTE ERROR Vs EPOCHS', family='Arial®, fontsize=16,color="green')
plt.plot(loss.index+1, loss['mae'], label="TRAINING MAE")

plt.plot(loss.index+1l, loss['val mae'], label="WALIDATION MAE")

plt.xlabel('EPOCHS', family="Arial', fontsize=14,color="green')

plt.ylabel({ 'MEAN ABSOLUTE ERROR', family="Arial", fontsize=14,color='green’)
plt.legend();

Sample code 5.1Rlot of Mean Abolute Error

5.7.2 MSE

The MSE is calculated to calculate the average of the error squares which is, the average

squared difference between the expected value and the real value.

HMSE

plt.figure(figsize=(15,5))

plt.grid(which="major", color="#cccccc’, alpha=0.5)

plt.title( ' TRAINING LOSS THROUGH EPOCHS', family='Arial', fontsize=16,color="green')
plt.plot(loss.index+l, loss['mse’], label="TRAINING MSE")

plt.plot(loss.index+1l, loss['val_mse'], label="WALIDATION MSE")

plt.xlabel( EPOCHS', family="Arial’, fontsize=14,color='green’)

plt.ylabel( 'MEAN SQUARED ERROR", family="Arial', fontsize=14,color="green')
plt.legend();

Sample code 5.1Blot of Mean Squared Error

5.7.3 RMSE

The RMSE is calculated to measure the error or accuracy in the prediction of one's models.
Also, it calculates the error based on standard deviations.

def rmse(y_true, y pred):
return K.sqrt(K.mean(K.square(y pred - y_true)))
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#RMSE

plt.figure{figsize=(15,5))

plt.grid({which="major', color="#cccccc', alpha=9.5)

plt.title("MEAN SQUARED ERROR Vs EPOCHS', family='Arial', fontsize=16,color="green’)
plt.plot(loss.index41l, loss['rmse’], label="TRAINING RMSE')

plt.plot(loss.index+1l, loss['val _rmse'], label="VALIDATIOM RMSE')
plt.xlabel({'EPOCHS"', family="Arial’, fontsize=14,color="green')

plt.ylabel{"MEAN SQUARED ERROR", family='&rial', fontsize=14,color="green')
plt.legend();

Sample code 5.1@lot of root mean squared error

5.7.4 MAPE

The MAPE is calculated to measure the accuracy of the proposed model. The calculation is
achieved by taking the difference between the current value and the predicted value and

dividing the difference by the actual value.

def mape(y_true, y pred):
diff = K.abs((y_pred - y true) / K.clip(K.abs(y _pred),K.epsilon(),None))
return 1@0. * K.mean(diff, axis=-1)

#MAPE

plt.figure(figsize=(15,5))

plt.grid{which="major', color="#cccccc', alpha=8.5)

plt.title( 'MEAN ABSOLUTE PERCENTAGE ERROR Vs EPOCHS', family='arial',color="green’, fontsize=16)
plt.plot(loss.index+1, loss['mape’'], label="MEAN ABSOULUTE PERCENTAGE ERROR')

# plt.plot(loss.index+1, loss['val_mape'], label="MEAN ABSOULUTE PERCEMNTAGE ERROR')

plt.xlabel( EPOCHS", family='Arial’,color="green', fontsize=14)

plt.ylabel{ 'MEAN ABSOLUTE PERCENTAGE ERROR", family="Arial’,color="green’, fontsize=14)
plt.legend();

Sample code 5.1Blot of Mean Absolute Percentage error
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CHAPTER SIX
RESULT, EVALUATION AND DISCUSSION

6.1 Overview

This chapter discusses some of the results of the implementation process such as data
preprocessing, normalization, inverse transforming, and main training results on a stacked
LSTM RNN algorithm on three real-world cloud workload traces. It also discusses output
generated by the proposed algorithm and collaborating with others, namely Random walk,
ARIMA, PSR+EA-GMDH, LSTM, GRUED, and MF-LSTM through different evaluation
metrics such as MAE, MSE, RMSE, and MAPE.

6.2 Result of the Study

6.2.1 Dataset Preparation Result

Three real-world load traces were used to test the performance of the stacked LSTM RNN
method. The first is the load trace in the Alibaba cloud traces, the Google data center, and
the second is the Intel Netbatch logs. In this thesis, the proposed model forecasts the actual

load value of all datasets as seen in Figure 6.1 and 6.2.

SCATTERED DISTRIBUTION OF CPU AND MEMORY UTILIZATION OVER A TIME
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Figure 6.1 The scattered trace distribution of CPU and Memory utilization over a time
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SCATTERED DISTRIBUTION OF CPU AND DISK_|O OVER A TIME
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Figure 6.2 The scattered trace distribution of CPU and Disk I/O utilization over a time

6.2.2 Result of Scaled Dataset

Before training the networks, the data will be preprocessed with a common features scaling
method called “Minmaxscaler”. The scaling strategy can help with the convergence when
applied gradient descent to the networks, and it considerably improves the performance of
the model. During the experiment, normalization was applied to all related methods to obtain
a fair comparison as shown in Figure 6.3, 6.4, and 6.5.

CPU UTILIZATION PERCENTAGE OVER A TIME(TRAINING SET)
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Figure 6.3 Scaled trace of CPU utilization percentage over a time
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MEMORY UTILIZATION PERCENTAGE OVER A TIME
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Figure 6.4 Scaled trace of Memory percentage over a time
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Figure 6.5 Scaled trace of Disk I/O utilization percentage over a time

6.2.3 Visualization of Feature Distribution

By using this trace visualization and getting a better understanding of the coefficient of
determination score that gained, heat map over the index features created. The correlations
between the features of all traces timestamp, CPU, memory, and disk-io-percentile shows in
Figure 6.6.

The heat map shows a correlation among features, there is a linear correlation among the
rest of the features and should therefore be calculated in the prediction. All the features that
are included in the data set are not necessarily fundamental for the LSTM model to have as
input for predicting the adjusted resource utilization with great accuracy. The determination
score coefficient is between 0 and 1, where 1 means that the feature's model is a perfect fit.
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6.3 Experimental Results

Experiments are carried out in this section to illustrate the feasibility of the proposed model.
First of all, dataset preprocessing and parameter setting will be added to plan the tests, which
will include detailed statistics, dataset descriptions, and the parameters of the model. In
measurement metrics and baseline processes, assessment metrics and other workload
prediction models have been introduced. Next, the contrast of the experimental findings of
the proposed model and dataset baseline approaches are discussed in comparison of the

outcomes of the experiments and the discussion.

6.3.1 Hyperparameter Tuning Result

Hyperparameters are calculated in multiple parameter forms. In the first place, the three
hyperparameters relating to the architecture, the length of the history window, and the LSTM
recurrent layer and activation layer. The length of the history window is searched between
this set {16, 32, 64,128} because of when the model train more than 128 window length the
model will get overfitting, thus for window length is set to 128. For the recurrent layer, an

LSTM layer with 128 neurons was used. For the activation layer, Leakyrelu used.

Other hyperparameters for the model training is based on previous work and some it's tuning
[49] [48] [13]. The batch size is set to the limit of the experiment unit, where 2 is the
maximum size for which it is used. For optimizer is Adam is used and the prediction length
(the epoch) is set to 150. There are three variables in the ReduceLROnPIlateau, i.e. the initial

learning rate monitor and two factors for factor and patience, are set as follows [0.5, 10, 1].
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The proposed model relied on the technique of backtesting that is seen as an industry-
standard in the scientific community when it comes to making predictive models [60]. From
the result in a comparison of the experimental results and discussion, the MAE shows that
it decreases when the prediction step grows. In the proposed architecture, a different
hyperparameter tuning mechanism is used. Given the historical window size X1, X2...X170and
batch size X1, X2.....X128. Table 6.1 shows the experiment result of the proposed model, an
empirical testing was made by tuning different hyperparameter, where the 2-step batch size
Is carried out with 128-step window size. The experimental result shown in Table 6.1

demonstrates the effectiveness of the proposed method.

Table 6.1 MAE of stacked LSTM model with different prediction modes

Prediction mode Epoch Overall MAE
WS=16, BS= 2 and learning rate =0.0003 150 0.0852
WS=32, BS= 8 and learning rate =0.0003 150 0.0912
WS=64, BS=16 and learning rate =0.0003 150 0.0936
WS=128, BS= 32 and learning rate =0.0003 150 0.1487
WS=150, BS= 64 and learning rate =0.0003 150 0.2316
WS=170, BS= 128 and learning rate =0.0003 150 0.8924
WS=128, BS= 2 and learning rate =0.0003 150 0.0143

The things mentioned in the above paragraph have a great effect on the accuracy (RQ2). The
proposed model with the experiment of windows size set to 128 and batch size set to 2 has
a great MAE value. To get a more intuitive view of improvements of the stacked SLTM
model, the hyperparameter put on different dynamic callbacks such ReduceLROnNPIateau by
automatically reducing the learning rate if there is no improvement in the accuracy.
Additionally, by using different techniques from sections 4.5 and 4.6 the accuracy of the

proposed has improved.

6.3.1.1 MSE and Dropout Regularization

The dropout is an important method that minimizes overfitting by randomly choosing cells
in a layer according to the probability chosen and set their output to 0. Figure 6.7, the optimal
dropout value, in this case, is 0.3 because that value has the smallest MSE; hence, the

dropout is set to 30%.
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Figure 6.7 Illustrating empirical testing for finding the optimal dropout value

6.3.1.2 Learning Rate and Epoch

Figure 6.8 shows the model is well fitted, the learning rate decrease for larger epoch values
hence it shows how the model starts to optimize properly heavily for a larger epoch. The
model learns any pattern or context and adapts the workload fluctuation. This will lead to

that the validation loss will decrease for longer epochs.
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Figure 6.8 Illustrating empirical testing for learning rate and epoch value

6.3.1.3 MSE and Decay

When using the optimizer, there is an additional parameter that can be supplied to the
optimizer, which reduces the learning rate progressively when the network reaches the
optimum values. This additional parameter is called decay [4], and this model chose to use

Adam as an optimizer because it was recommended to use it as default (Stanford University)
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[17]. Figure 6.9 shows the optimal value for the decay, in this case, is 0.00001 because it

has the smallest MSE value.
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Figure 6.9 Illustrating empirical testing for finding the optimal value for Decay
hyperparameter

6.3.1.4 MSE and Window

An empiric test was done to find the optimal length of the window, so the proposed model
doesn't want the window size to be too short, because then the model won't become longer
dependent, thus neglecting important information. There is also a downside with a window
size that is too large, and then a larger amount of redundant noise will be added to the training
data [61]. The easiest way to find the most acceptable window size is to run an empiric test
on various window sizes to find out what value the smallest MSE has on the training data
when training the LSTM model. Figure 6.10 shows that the optimal length for the window,

in this case, is 128.
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Figure 6.10 Illustrating empirical testing for finding the optimal length for the window

hyperparameter
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6.3.1.5 Loss and Epoch

Figure 6.11 shows that the model is well fitted, the LOSS decrease for larger epoch values
hence it shows how the model starts to optimize properly heavily for a larger epoch. The
model learns any pattern or context and adapts the workload fluctuation. This will lead to

that out validation LOSS will decrease for longer epochs.
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Figure 6.11 Loss vs Epoch

6.3.2 Prediction on Back-tested Data for Alibaba, Google, and Intel Netbatch

The proposed model is well forecasted according to the actual value with backtested dataset
and implements on three real-world cloud data traces and it has a great effect on the accuracy
and performance (RQ3). In Figure 6.12, 6.13 and 6.14 shows that the stacked LSTM model’s
prediction for the actual data (blue line) compared to predicted data (orange line). Therefore,

the two-line travel together (actual and predicted) shows the proposed model is well fitted.
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Figure 6.12 Backtesting prediction of CPU utilization
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Figure 6.13 Backtesting prediction of Disk 1/0
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Figure 6.14 Backtesting prediction of Memory utilization

6.3.3 Realtime Prediction (No-Back testing) for Alibaba, Google and Intel
Netbatch

The proposed model is well forecasted according to the history and actual value with real-
time prediction and implements on three real-world cloud data traces. The below figure
shows the prediction made by the stacked LSTM model on the resources movement for 2
provisioning days at a time. In Figure 6.15, 6.16 and 6.17 shows that the stacked LSTM
model’s prediction for the history data (blue line) compared to actual data (orange line) and
predicted data (green line). It shows the prediction of cloud resources movement right in
future real-time prediction. Therefore, the two-line travel together (actual and predicted)
shows the proposed model is well fitted.
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Figure 6.15 Real-time prediction of CPU utilization based on a sequence shifts of 2

provisioning days
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Figure 6.16 Real-time prediction of Memory utilization based on a sequence shifts of 2

provisioning days.
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Figure 6.17 Real-time prediction of Disk I/O based on a sequence shifts of 2 provisioning

days.
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6.4 Evaluation Metrics

6.4.1 MAE

MAE is used to measure errors that express the same phenomena among paired observations.
Figure 6.18 shows that the training and validation loss of the proposed stacked LSTM model
is well fitted, the MAE decreases for larger epoch values hence it shows how the model
starts to optimize properly heavily for a larger epoch. The model learns any pattern or
context and adapts the workload fluctuation. This will lead to that out MAE will decrease

for longer epochs.
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Figure 6.18 MAE vs Epoch

6.4.2 MSE

MSE measures the average squared difference among the forecasted and actual values.
Figure 6.19 shows that the model is well fitted, the MSE loss decrease for larger epoch
values hence it shows how the model starts to optimize properly heavily for a larger epoch.
The model learns any pattern or context and adapts the workload fluctuation. This will lead

to that out MSE will decrease for longer epochs.
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Figure 6.19 MSE vs Epoch
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6.4.3 RMSE

RMSE: this simply takes the square root of the MSE. The purpose of originally squaring the
errors was done so that negative errors did not cancel out positive errors. Figure 6.20 shows
that the training and validation loss of the proposed stacked LSTM model is well fitted, the
RMSE decreases for larger epoch values hence it shows how the model starts to optimize
properly heavily for a larger epoch. The model learns any pattern or context and adapts the
workload fluctuation. This will lead to that out RMSE will decrease for longer epochs.
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Figure 6.20 RMSE vs Epoch
6.4.4 MAPE

MAPE: one of the most widely used measures of forecast accuracy. It measures the
(absolute) size of each error in percentage terms and then averages all percentages. The
output of the MAPE can be interpreted as such: if the MAPE is 4%, you can say that you
were off by 4%. Many works of literature said that [16][1][17] MAPE is good if it is < 20%,
but the proposed model score 6.75%.

Figure 6.21 shows that the training and validation loss of the proposed stacked LSTM model
is well fitted, the MAPE decreases for larger epoch values hence it shows how the model
starts to optimize properly heavily for a larger epoch. The model learns any pattern or
context and adapts the workload fluctuation. This will lead to that out MAPE will decrease

for longer epochs.
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6.5 Discussion

6.5.1 Discussion on MAE

The result of MAE for the proposed model shows the errors between paired observations is
0.0143. That means the errors of the prediction are close to zero. The more the MAE score
close to zero are the better the model and well fitted. Figure 6.22 depicts the mean absolute
error for the different baseline methods of an experimental model with the proposed model.

As it can be seen from the figure the proposed model has a better MAE than the others.
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Figure 6.22 MAE comparison of the seven experiments model

84



6.5.2 Discussion on MSE

The result of MSE for the proposed model shows the average squared difference among the
forecasted and current values is 0.000403. That means the errors of the prediction are close
to zero. The more the MSE score close to zero are the better the model and well fitted. Figure
6.23 depicts the mean squared error for the different baseline methods of an experimental
model with the proposed model. As it can be seen from the figure the proposed model has a
better MSE than the others.
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Figure 6.23 MSE comparison of the seven experiments model

6.5.3 Discussion on RMSE

The result of RMSE for the proposed model shows the square root of the MSE is 0.0159.
That means the errors of the prediction are close to zero. The more the RMSE score close to
zero are the better the model and well fitted. Figure 6.24 depicts the root mean squared error
for the different baseline methods of an experimental model with the proposed model. As it

can be seen from the figure the proposed model has a better RMSE than the others.
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6.5.4 Discussion on MAPE

The result of MAPE for the proposed model shows the (absolute) size of each error in
percentage terms, and then averages all percentages is 6.751%. That means the errors of the
prediction are close to zero. Figure 6.25 depicts the mean absolute percentage error for the
different baseline methods of an experimental model with the proposed model. As it can be

seen from the figure the proposed model has a better MAPE than the others.
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Figure 6.25 MAPE comparison of the seven experiments model
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6.5.5 Discussion on Comparative Analysis

Many baseline approaches are selected for comparison to verify the effectiveness of the

proposed approach.

Random walk forecasting is the most simple forecasting tool to be used [12]. This method

is to estimate the next future value as equal to the present observed value.

ARIMA: is the standard mathematical approach for the prediction of time-series data [62].
First, using the k order difference form, which is ARIMA's key methodology, the model
analyzes time series data and transforms non-stationary time series to stationary time series
data. The order p for the lags of the auto-regressive model and the order q for the lags of the
moving average model is then calculated on the basis of the auto-correlation function and
the partial auto-correlation function of the stationary time series. Finally, the process of least

squares is applied to the estimation of parameters.

PSR + EA-GMDH: The PSR method incorporates a group data handling method based on
an evolutionary algorithm (EA-GMDH) [31], a model that involves two phases of work.
Second, the model transforms the workload into multidimensional step space. The result is
then fed into the EA-GMDH network, where the evolutionary algorithm is responsible for

modifying the model parameters and eventually producing the prediction sequence.

LSTM: The simple long short-term memory network [1] is an RNN that uses LSTM as a
processing device. Unlike the encoder-decoder architecture, the simple LSTM network

outputs the predictive workload of the next stage when the current workload value is fed.

GRUED: The GRU encoder-decoder model [61] is an RNN-based encoder-decoder network
similar to the classic LSTM. The distinctions are that the classic LSTM model uses LSTM
instead of GRU.

MF-LSTM: it is a proactive auto-scaling service, focused on the simultaneous analysis of
multivariate time-series data (i.e. multiple metrics) [49]. Several methods are designed to
enhance the accuracy of the forecast model similar to the proposed model. The difference
that the proposed model uses stacked LSTM and different hyperparameter tuning
mechanisms and that the proposed model is equipped with different transforming methods.

87



6.5.5.1 Comparison of the Experimental Result and Discussion

The results of the proposed method and baseline techniques for the Alibaba dataset are
shown in Table 6.1, while the ARIMA model has a perfect theoretical basis, it is difficult
for the proposed model to turn the historical workload series into its stationary form,
preventing the error from decreasing. The issue with PSR + EA-GMDH is that the model
cannot use the long-term historical workload effectively so that the model does not make
accurate predictions when the forecast is long. This result proves that the proposed approach

Is effective in mitigating error amplification in the long-term prediction.

Table 6.2 Workload prediction result of baseline methods and the proposed approach on

Alibaba, Google, and Intel Netbatch cluster trace

Model MAE MSE RMSE MAPE  Accuracy
Random Walk [12] 0.1733 0.017166  0.20591 81.823%  82.67%
ARIMA [62] 0.0701 0.006950 0.08337 33.126%  92.98%
PSR + EA-GMDH [31] 0.0702 0.006965 0.08346 33.174%  92.97%
LSTM [1] 0.0575 0.004765 0.06903 28.031%  94.24%
GRUED [61] 0.0437 0.005595 0.05211 24.362%  95.63%
MF-LSTM [49] 0.0303 0.000853 0.03365 14.279%  96.97%
Proposed Model 0.0143 0.000403  0.01591 6.7517%  98.57%

The performance of the Proposed Model over different types of workload traces, where the
Proposed Model can achieve a highly accurate workload prediction from the perspectives of
CPU, memory, and disk 1/0 usage. As shown in Figure (6.15 - 6.17), the Proposed Model
still exhibits excellent prediction accuracy in response to the highly random workloads from
Google, Alibaba, and Intel Netbatch cloud data centers, respectively (RQ1). The Proposed
Model can predict the future tendency of workloads accurately. Therefore, the above results
demonstrate the strong adaptability of the proposed model for handling different types of

workloads with various levels of prediction length.

The value of MAE, MSE, and RMSE achieved by the proposed model is lower than all the
other methods when epoch is increasing. With the increase of prediction length, the proposed
model achieves more significant performance improvements compared to other classic

methods as shown in Figure (6.22 - 6.25). This is because that these classic methods cannot
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effectively make the long-term prediction for highly random workloads without obvious
regularity. The proposed model can dynamically adjust the callbacks and can predict
multiple targets at once so that it can boost the performance such as CPU, Memory, and
Disk 1/0. Using deeper network and hyperparameter tuning mechanism such as
regularization, activation, and optimizer the model will not overfit and underfit so that it can
make a better prediction. The proposed model does not consume resources because it scaled,
normalize, and the checkpoint of the model saved by each iteration. By contrast, the
Proposed Model can better address this problem, because it can reduce the learning rate

when a metric has stopped improving through ReduceLROnNPlateau.

89



CHAPTER SEVEN

CONCLUSION AND FUTURE WORK

7.1 Conclusion

In cloud computing, a predominant challenge is that the provisioning of resources. Cloud
service providers face the complex task of assigning client requests to their cloud
infrastructure. Forecasting resource usage is effective for making better scheduling and load
balancing in the cloud. Although numerous time-series models are available, the research
for generating better resource usage forecasts has never stopped. In this study, a deep RNN
(stacked LSTM) architecture is proposed from the field of deep learning to build prediction
models from historic data and to improve the accuracy as well as the effectiveness of the

predictive model of resource utilization.

This study presents a deep-stacked LSTM model with multivariate processing to overcome
this; an evenly distributed sample was taken. This sample is then used to generate a time
series after being transformed and scaled to a factor ranging from 0 to 1. Getting a generator
of a time series, continue to feed the series to the stacked model of an input gate with units
of 128 cells. The stacked model will loop through 150 epochs, with a window length of 128
batches per epoch, going through different layers of the stacked model to obtain the
maximum prediction result. While looping through the epochs a callback will be set to tune
the hyperparameter accordingly by monitoring the losses of the stacked model to achieve
maximum efficiency. Additionally, the dynamic callback API automatically adjust the
learning rate to make a good prediction. During resource utilization prediction, the number
of history information required to predict future values could be variant in several load
traces. Unlike previous methods, the LSTM model can find out how long does it
need rather than manual control. Furthermore, this method is an end-to-end model, that

never requires an additional feature-extracted.

The study showed that it could predict the mean load over consecutive future time intervals
as well as the actual load over a long-term single interval due to the powerful ability to learn
LTM dependencies. Three real-world load traces including the Alibaba, Google, and Intel
Netbatch cloud traces were used to evaluate the proposed method. According to previous

experiment results, traditional methods may perform well in the grid while degrading when
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applied to a cloud. However, the LSTM model shows a well-adaptive capability and

achieves start-of-the-art results in all datasets.

The experimental results in the proposed solution show that the cloud client resource
utilization prediction can be done through a deep RNN (LSTM) algorithm with multivariate
processing is that there could be some similarities between metrics and they need to be
investigated in order to increase the model capacity, which is succinct yet adaptive and
strong. In this study, it implements Random walk, ARIMA, PSR+EA-GMDH, LSTM,
GRUED, and MF-LSTM as benchmarks. Besides, the experimental results validate that,
compared with those traditional fuzzy or non-fuzzy models; the proposed method has the
superior performance that achieves the best accuracy, which improves 15.9% of Random
Walk, 5.59% of ARIMA, 5.6% of PSR+EA-GMDH, 4.33% of LSTM, 2.94% of GRUED,
and 1.6% of MF-LSTM respectively. The model evaluation results in MAE, MSE, RMSE
and MAPE have a minimum prediction error as MAE=0.0143, MSE=0.000403,
RMSE=0.0159 and MAPE = 6.75%, respectively. Therefore, in comparison with the full
real-time prediction requests, the prediction results of the proposed method achieve better
performance and accuracy than other state-of-the-art methods.

7.2 Future Work

Real-world cloud traces are used in the proposed model architecture (stacked LSTM). But
the feature would be better if the trained traces are obtained from the real-time cloud service
provider by receiving real-time (live) data from the host to achieve maximum accuracy. So,
the model is still learning as long as the customer uses cloud services. The model is often
flexible and the user's live data will be an input for the training model in response to the
complex and dynamic cloud computing environment. Some metrics, such as max VM, max
RSS, and page cache memory, can be obtained from online user data. Also, the accuracy of
the long-term projection would be quantitatively checked through a probabilistic model by

considering the factors of nondeterminism and time constraints.
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APPENDIX

Appendix A: Sample Code for Building, Creating and Compiling the
Model

1 def build generator(x_train,x test,y train,y test,length,batch_size}:

print('BUILDING GENERATOR...')

print(type(x_test))

#x_train = np.reshape(x_train,(112988,1,18))

train_gen = TimeseriesGenerator(x_train,y_train,length=length,sampling_rate=1,batch_size=batch_size)
validation gen=TimeseriesGenerator(x_test,y test,length=length,batch size=batch_size)

return train_gen,validation_gen

NI TV, R NV ¥ ]

def rmse(y_true, y_pred):
return K.sqrt(K.mean(K.square(y_pred - y_true}))
def mape(y_true, y_pred):
diff = K.abs{(y_pred - y_true) / K.clip(K.abs(y_pred),K.epsilon{},MNone))
return 188. * K.mean(diff, axis=-1)
def mean_absclute_percentage error(y_true, y pred):
y_true, y_pred = np.array(y_true), np.array(y_pred)

NI T, R SR WY R )

8 return np.mean(np.abs(({y_true - y pred) / y_true)) * 188
9
18 def creat_model(n_features,optimizer,loss,metrics):

11  print(’CREATING THE MODEL...')

12 model = Sequential()

13 # model.add(Dense(123,activation="relu’,input_shape={length,n_features)))
14 model.add(LSTM(128, input_shape=(length,n_features),return_sequences=True))
15  model.add{LeakyRelU{alpha=08.5))

16 model.add(Dense(128,activity regularizer=regularizers.12(1le-5)))

17 model.add{LSTM(128,return_sequences=True})

19  model.add(LSTM(128,return_sequences=True)})
==3==
model. add (Dropout(@.3))
model.add(LSTM(128, return_sequences=Trug))
e
model.add(LeakyRelU{alpha=02.5))
model.add({Dense (128, activity_regularizer=regularizers.l2(le-5)))
model. add {Dropout(@.3))
model.add(Dense(128,activity_regularizer=regularizers.12(1e-5)))
model.add {LSTM( &4, return_sequences=True) )
model.add(Dropout(@.3))
model. add {LSTM( &4, return_sequences=False) )
model.add(Dense(3))
#compiling the model
model.compile(
optimizer=optimizer,
loss=loss,

[FYR CRR I ]

[ VIV, I =Y

]

5]

Wopy e @

eI

metrics=metrics

(]

p |

)
print(model.summary())
return model

[T ]

oL L g L Ll L R R R R R R R R R R
[}
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Appendix B: Sample Code for Training the Model

o = T ¥ 5 R Sy WYy T

e
(VTR S T

14

=

[o¥]

EI- Y, ST R

(= v ]

L= Y T SO FTR R )

(= v s ]

print (" TRAINIMNG THE MODEL...')
checkpoint_path = “cp.ckpt”
checkpoint_dir = os.path.dirname(checkpoint_path)
cp_callback = tf.keras.callbacks.ModelCheckpoint(filepath=checkpoint_path,
save_weights_only=True,
verbose=1)
rlr = ReducelROnPlateau(monitor="'loss’, factor=8.5, patience=5, werbose=1)
early stop = EarlyStopping(monitor="loss®,patience=1@, mode='auto')
model.fit(train_gen,epochs=epochs,
validation_data=val_gen,
callbacks=[cp_callback,early_stop,rlr],
shuffle=False,
verbose=1)
model.save( 'millionl_model®)

loss=pd.DataFrame (model.history.history)
loss

#LO55

plt.figure(figsize=(15,5))

plt.grid(which="major", color='#cccccc®, alpha=8.5)

plt.title( ' TRAINING LOSS THROUGH EPOCHS', family='Arial', fontsize=16,color="green')
plt.plot{loss.index+1, loss['loss'], label='TRAINING LOSS')

plt.plot{loss.index+1, loss['val_loss'], label="VALIDATIOM LOSS')

plt.xlabel({ "EPOCHS', family='Arial', fontsize=14,color="green')

plt.ylabel({ LOS5", family="Arial', fontsize=14,color="green')

plt.legend();

#RMSE

plt.figure(figsize=(15,5))

plt.grid({which="major", color='#cccccc®, alpha=8.5)

plt.title('MEAN SQUARED ERROR Vs EPOCHS', family='Arial', fontsize=16,color="green')
plt.plot({loss.index+l, loss['rmse’'], label='TRAINING RMSE')

plt.plot{loss.index+1l, loss['val_rmse'], label="VALIDATIOM RMSE')

plt.xlabel({ "EPOCHS', family='Arial', fontsize=14,color="green')

plt.ylabel({ "MEAM SQUARED ERROR', family="Arial', fontsize=14,color="green')
plt.legend();
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Appendix C: Sample Code for Inverse Transform of the Prediction

test_predictions = []

current_batch = x_train[-length:].reshape((1,length,n_features))
print{current_batch.shape)

current_pred = model.predict(current_batch)

S print(current_pred)

oW

(1, 128, 3)
[[9.49553952 ©.74338627 0.16163418]]

1 for i in range(len(x_test)):

current_pred = model.predict(current_batch)[@]

current_x_batch = x_test[i].reshape((1,1,n_features)) # check if we drop time_stamp
test_predictions.append(current_pred)

current_batch = np.append(current_batch[:,i:,:],current_x_batch,axis=1)

[ I SR VYR V]

1 current_batch = x_test[-length:].reshape((1,length,n features))
2 current_x_batch = x_test[-length:]

3 fut_predictions = []

4 print(current_batch.shape, current_x_batch.shape)

5 current_pred = model.predict(current_batch)

6 print(current_pred,y test[@])

(1, 128, 3) (128, 3)
[[@.76063836 ©.743528 ©.28824908]] [0.48717949 8.76666667 ©.11428571]

1 for i in range(208):

2 current_pred = model.predict{current_batch)[@]

3  fut_predictions.append({current_pred)

4 & print(’shapel’, current_x_batch.shape)

5 curremt_x_batch = fut_predictions[i].reshape(l,1,n_features)

6 # print(’'shape’, current_x_batch.shape)

7 # current_batch = np.append(current_x_ batch,fut_predictions[i])

8 # print('batch’,current_batch.shape)

9 # current_x batch.reshape(1,length,n_features)

18  current_batch = np.append(current_batch[:,i:,:],current_x_batch,axis=1)
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Appendix D: Sample Code for Data Frame and Plotting

1

~ @ B W
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=
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[l LT = I R R = RV IR Wy S R S < I a

42
43
a4
45
46

df_acc = df_wvis[28a8:]

plt.figure(figsize=(15,5))

plt.grid(which="major", celor="#cccccc’, alpha=8.5)

plt.axvline(x = max(df_predd[ 'time_stamp’]), color="black', linewidth=2, linestyle='--')
plt.axvline(x = max(df_acc['time_stamp’]), color="black', linewidth=2, linestyle="--')
plt.plot(df_acc['time_stamp'], df_acc['cpu_util perc'],color="blue",label="Actaul values')

plt.plot(df_predd[ 'time_stamp'], xx[ 'cpu_util'],color="blus")

plt.plot(df_predd['time_stamp'], df_predd[ cpu_util’],color="orange’,label="Predicted values"')
plt.plot(df_fut['time_stamp'], df_fut[ 'cpu_util'], color='red’', label='Future values')
plt.title( 'Prediction Against Actual value of CPU wtilization®', family="Arial’, fontsize=12)
plt.xlabel( " Timeline', family='Arial’, fontsize=18)

plt.ylabel('CPU utilization percentage’, family="Arial®, fontsize=1@)

plt.legend();

columns = ["cpu_util®, "mem_util', 'disk_ic perc']
prediction_df = pd.DataFrame(test_predictions)
future_df = pd.DataFrame(fut_predictions)

# plt.plot(future_df[4])

= x_test[:,:1]

= test_predictions[:]

= fut_predictions[:]

= x_test[:,3:]

df_predd = np.column_stack((a,b)) # this is to take it as x_test
df _predd = pd.DataFrame(df predd)

size = x_test.shape[@]

df_predd = pd.DataFrame{test_predictions)

C
C

# H KO oo

df_predd = scaler.inverse_transform{df_predd)

df_predd = pd.DataFrame{df_predd)

df_predd.columns = columns

# df_predd["time_stamp'] = pd.Series(df.iloc[-size:,1])

# df_fut = np.column_stack((a,c)) # this is to take it as x_test
df_fut = pd.DataFrame(fut_predictions)

df_fut = scaler.inverse_transform(df_fut)

df_fut = pd.DataFrame(df_fut)

time_st = pd.Series(df.iloc[-size:,1])
time_list = time_st.values.tolist()
df_predd.insert(@, time_stamp',time_list)
print{ time series’)

print{time_list)

print(df_predd.head())

xx = scaler.inverse_transform(x_test)
xx = pd.DataFrame (xx)

xx.columns = columns

¥ insert (@, "time_stamp’,time_list)

start_time = max(df_predd[’'time_stamp'])
fut_time = []
for i in range(2@8):
start_time+=5@
fut_time.append(start_time)
df_fut.columns = columns
df_fut.insert(®, 'time_stamp',fut_time)
print(df_fut.head())
print('shape of test: ", df_predd.shape)
print('shape of future: ", df_fut.shape)
# print{df_predd.head(1@)
# o head(18)

103



