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ABSTRACT

ENERGY EFFICIENT DYNAMIC VIRTUAL MACHINE
ALLOCATION WITH CPU USAGE PREDICTION IN
CLOUD DATACENTERS

Gokalp Urul
M.S. in Computer Engineering
Advisor: Ibrahim Korpeoglu
January 2018

With tremendous increase in Internet capacity and services, the demand for cloud
computing has also grown enormously. This enormous demand for cloud based
data storage and processing forces cloud providers to optimize their platforms and
facilities. Reducing energy consumption while maintaining service level agree-
ments (SLAs) is one of the most important issues in this optimization effort.
Dynamic virtual machine allocation and migration is one of the techniques to
achieve this goal. This technique requires constant measurement and prediction
of usage of machine resources to trigger migrations at right times. In this thesis,
we present a dynamic virtual machine allocation and migration method utilizing
CPU usage prediction to improve energy efficiency while maintaining agreed qual-
ity of service levels in cloud datacenters. Our proposed method, called LRAPS,
tries to estimate short-term CPU utilization of hosts based on their utilization
history. This estimation is then used to detect overloaded and underloaded hosts
as part of live migration process. If a host is overloaded, some of the VMs running
on that host are migrated to other hosts to avoid SLA violations; if a host is un-
derloaded, all of the VMs in that host are tried to be migrated to other machines
so that the host can be powered off. We did extensive simulation experiments us-
ing CloudSim to evaluate the efficiency and effectiveness of our proposed method.
Our simulation experiments show that our method is feasible to apply and can
significantly reduce power consumption and SLA violations in cloud systems.

Keywords: cloud, virtual machine, resource allocation, local regression, cross
validation, dynamic allocation.
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OZET

ISLEMCI KULLANIM TAHMINIYLE ENERJI VERIMLI
DINAMIK SANAL MAKINE YERLESTIRMESI

Gokalp Urul
Bilgisayar Miithendisligi, Yiiksek Lisans
Tez Danigsmani: Ibrahim Korpeoglu
Ocak 2018

Internet kapasitesinin ve servislerinin son zamanlardaki hizli artigt bulut bilisim
ihtiyacinin da hizla artmasina sebep olmaktadir. Bulut temelli bilgi depolama
ve iglemci gereksinimi bulut saglayicilarin kendi platformlarini ve tesislerini en
iyi sekilde kullanmalarii zorunlu hale getirmektedir. Tesislerin ve ekipman-
larin en iyi sekilde kullanilabilmesi icin enerji tiikketiminin azaltilmasi ve servis
anlagmalarinin belirli bir seviyede tutulmasi gerekmektedir. Dinamik sanal
makine yerlesmesi ve taginmasi bu hedefe ulagmada kullanilan yontemlerden
biridir. Bu yontemin en iyi sekilde uygulanabilmesi icin fiziksel makine kay-
nak kullanim oranlarinin siirekli gozlemlenmesi ve tahmin edilmesi gerekmekte-
dir. Bu tez ¢aligmasinda, fiziksel makine iglemci kullanim oranlarini tahmin ed-
erek enerji tasarrufu ve servis kalitesi saglayan yeni bir dinamik sanal makine
yerlestirme ve taginma yontemi sunmaktayiz. Onerdigimiz yontem, LRAPS,
fiziksel makinelerin ge¢mis iglemci kullanim bilgilerine bakarak gelecekte gereke-
cek iglemci kullanim oranimi tahmin etmeye caligmaktadir. Daha sonra bu tah-
min kullanilarak normal yiikleme degerinin iistiinde ya da altinda olan fiziksel
makineler tespit edilmektedir. Eger bir makine agir1 yiiklenmigse, o makinede
bulunan bazi sanal makineler servis anlagmasini bozmamak i¢in uygun olan diger
fiziksel makinelere taginir; eger bir makine az yiiklenmisgse, o makinede bulunan
biitiin sanal makineler enerji tasarrufu saglamak icin uygun olan diger fiziksel
makinelere taginir. Yontemimizin performasini ve etkinligini gérmek icin kap-
samli simiilasyon deneyleri gergeklesgtirdik. Simiilasyon deneyleri yontemimizin
uygulanabilir oldugunu, enerji tasarrufu yapmanin yani sira servis anlagmasini

sagladigini da gosterdi.

Anahtar sézciikler: bulut bilisim, sanal makine, kaynak ayirma, yerel regresyon,

capraz onaylama, dinamik yerlestirme.
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Chapter 1

Introduction

Virtualization is one of the most fundamental technologies of cloud computing,
which enables creation of multiple virtual machines to run simultaneously on the
same physical server. With the growing demand for cloud computing, use of vir-
tualization technologies has become a must for cloud providers for offering various
cloud services to users in a flexible manner. Cloud services can be categorized
into three major types: SaaS, PaaS and IaaS. Commercial TaaS providers, like
Amazon [1], offer different types of virtual machines to users, which can be used

flexibly via the pay-as-you-go charging model.

Demand for cloud computing resources and virtual machines by users, how-
ever, has a dynamic nature and varies over time, and therefore the exact demand
at a future point in time is not exactly known. This forces cloud providers to op-
timize their datacenters with dynamic virtual machine allocation and migration.
Otherwise, if a cloud provider does not efficiently allocate virtual machines to
physical servers to match changing demands, some hosts may become overloaded
which may cause SLA violations, or may become underloaded, which may cause
unnecessary energy consumption. Both situations cost a lot of money to cloud

providers.

In order to efficiently and dynamically place virtual machines into physical



servers, a technique called live virtual machine (VM) migration is usually used.
Live VM migration is a powerful feature of virtualization since it allows dynamic
consolidation of virtual machines to a minimum number of physical servers. When
a host is overloaded, some of the VMs can migrate to other available physical
servers without stopping the running applications and degrading QoS (quality of
service). Or if a host is underloaded, all of its VMs can migrate to other hosts
so that the underloaded host can be put into sleep mode or powered off to save

energy.

In cloud computing, QoS is formalized in terms of SLAs (service level agree-
ments) between cloud providers and users. An SLA is a policy governing the use
of a cloud service under the terms of the provider. The terms may change for
different providers, however, the main idea is to promise the end user that there
will not be any failure or service degradation beyond a certain agreed threshold
rate. In case the realized service level does not comply with the agreement, the

cloud provider may have to give credits to the end user.

During dynamic virtual machine allocation, providers need to maintain QoS
while reducing energy consumption, since there is usually a trade-off between
them. For instance, if a physical server is not fully loaded, virtual machines run-
ning on it can get any resources they need, even if the resource demand suddenly
increases. These extra available resources provided to VMs on that host may re-
sult in fewer SLA violations, however, since the server is not adequately utilized,
this will cause unnecessary energy consumption. Therefore, live VM migration
process should not jeopordize quality of service while trying to consolidate virtual

machines to save energy.

Dynamic VM allocation process mainly consists of the following four parts:

e Determining an overloaded host,
e Determining an underloaded host,

e Determining which VMs need to be migrated from an overloaded host or

from an underloaded host,



e Finding and selecting suitable destination hosts to where migrations of VMs

will take place.

The process will be executed for each overloaded or underloaded host.

In this thesis we are focusing on first two operations of dynamic VM allocation
process. Detecting overloaded and underloaded hosts accurately has enormous
impact on overall allocation process, since it triggers the live migration which is
a quite costly operation. If the detection is wrong, an unnecessary migration can

occur or a necessary migration can be missed.

There are different resource types of a server, which can be checked for overload
and underload conditions, like CPU, bandwidth, I/O and memory. In this thesis
we are focusing on CPU usage, since it is usually the most energy consuming part
in servers. Predicting CPU usage accurately can help making timely decisions to

migrate virtual machines between servers.

In this thesis we propose a regression based CPU usage prediction algorithm,
called LRAPS (Local Regression Automated Parameter Selection), to predict
hosts” future CPU utilizations and make sound migration decisions based on
these predictions. Our LRAPS algorithm uses local regression method which is
a non-parametric approach that fits multiple regressions in local neighborhood.
However, during local regression, instead of selecting a static span (a smoothing
parameter), we are using GCV (general cross validation) method to find the best
span value for the current dataset, which results in better predictions. Hence we

are using a dynamic span as part of our prediction algorithm.

Our work shows that predicting hosts’ future CPU utilization provides useful
information during the detection process. With this prediction we can detect
overloaded or underloaded hosts before the problem occurs so that we can take

action in advance.

We conducted extensive simulation experiments to investigate the performance



of our LRAPS algorithm. First we analyzed the effect of dynamic smoothing pa-
rameter selection on local regression prediction. It shows that optimal smoothing
parameter varies with datasets, so using a static span decreases the accuracy of
the prediction. By using generalized cross validation (GCV) method we found
the optimal span value and used that in local regression prediction. After the
analysis, we implemented our LRAPS algorithm into VM allocation and migra-
tion process. Simulation results show that during overloaded or underloaded host
detection, using future CPU utilization rather than current CPU utilization pre-
vents unnecessary migrations. We also compared the regular local regression with
our LRAPS algorithm and observed that using a dynamic smoothing parameter

instead of a static parameter improves the performance of prediction significantly.

The contributions of the thesis can be summarized as follows. 1) We analyze
different methods to find the optimum smoothing parameter for local regression.
2) We propose a novel approach to detect overloaded and underloaded hosts
during dynamic VM allocation process. 3) We extend CloudSim simulation en-
vironment to support our prediction algorithm. 4) We compare our approach
with other proposed methods via real-world and computer generated datasets.
5) As the final contribution, we show that our algorithm improves the efficiency

of virtual machine allocation in large datacenters.

The remainder of the thesis is organized as follows. In Chapter 2 we discuss
different virtual machine allocation and host selection methodologies. We also
give some background information about virtualization and VM allocation. In
Chapter 3 we present our prediction algorithm and its implementation together
with the related mathematical models. In Chapter 4, we explain our simulation
environment, metrics and experimental setup. Then experimental results are
given and discussed. Finally, in Chapter 5, we give our conclusions and thoughts

about possible future works.



Chapter 2

Related Work and Background

In this chapter, we will discuss the previous works on the topic of live migration
and overloaded and underloaded host detection. We will also give some back-
ground information about virtualization technologies, virtual machine allocation

strategies and live migration techniques.

2.1 Related Work

In [2], Bleaglazov and R. Buyya proposed a static threshold method for host se-
lection. In their study they suggested a lower and an upper threshold for CPU
utilization. If the current CPU utilization of a host is not between these two
thresholds then a live migration process occurs. If the current CPU utilization
exceeds upper threshold the host is labeled as overloaded and some of the VMs
on it are migrated to other available hosts to maintain QoS. On the other hand,
if the current CPU utilization is below lower threshold the host is labeled as un-
derloaded and all of the VMs in it are migrated to other available hosts to put
host into sleep mode. By doing that the number of active servers are reduced.
This methodology is very simple and doesn’t require any additional process, how-

ever, it is not suitable for dynamic environment since workloads are constantly



changing.

In [3], authors proposed four different overload condition detection algorithms
which can be considered in two different categories. First category is adaptive uti-
lization threshold. In this category they used MAD (median absolute deviation)
and IQR (Inter Quantile Range) algorithms. Instead of setting a static threshold
like in [2], these algorithms are adjusting their utilization threshold automatically
by using historical data of hosts and their strengths of deviation. Second category
is regression based utilization threshold. This category includes two algorithms
which are Local Regression (LR) and Robust Local Regression (RLR). The main
idea of the method of local regression is fitting simple models to localized subsets
of data to build up a curve that approximates the original data. In regression
based methods they are trying to predict the next CPU demand of the host so
that they can migrate virtual machines before any overloading or underloading
occurs. However, in order to make their local regression algorithm responsive
enough to the latest values, they are using a static span value for all predictions

which results in bad approximations.

In [4], researchers proposed a linear regression algorithm to predict the next
CPU utilization of the host (LIRCUP). The main idea of this algorithm is to
use historical data to find a function that fits the best and use this function to
predict the next CPU usage. Since it is not always possible to find a fitting
function because of the chaotic nature of CPU demand, sometimes it results in

weaker predictions.

K. Maurya and Shina proposed adaptive migration threshold algorithm in
their study [5]. Their algorithms are not using historical data, instead they are
using current utilization to adapt the upper and lower thresholds dynamically.
Also they implement their algorithms for three dimensions which are CPU, RAM
and bandwidth. Since they just use the current utilization, some SLA violations
cannot be foreseen. If there is an unpredicted short spike, this solution may label

the server as overloaded which is unnecessary.

In [6], authors proposed averaging threshold algorithm for detection. Similar



to [2] the upper and lower thresholds are fixed to a certain value, however, instead
of using current utilization they are using the mean of the past n CPU utilization
samples. If the average of n past CPU utilization samples exceeds the upper
threshold, the host is labeled as overloaded. When compared to [2] this averaging
method gives better results. However, like all static threshold methods it is not

suitable for dynamic workloads.

In [7], authors proposed Fuzzy Q-Learning based detection algorithm. In their
study, a fuzzy clustering algorithm is used to find the Gaussian functions. Like
adaptive threshold, for every host new threshold is selected according to the
feedback. One of the drawbacks of this algorithm is that the convergence time
is too long. Therefore for the real time applications convergence time can cause

problems.

Authors in [8] also proposed a method which dynamically adapts the upper
and lower thresholds. Different from the rest they use both predicted and current
CPU utilization values in their algorithm. After collecting all the related data
of a host, they put these information to fuzzy inference engine. This engine
is supported by the Sugeno fuzzy rule. Also, workload changes are measured

continuously for the lower bound.

In [9], authors proposed a virtual machine based dynamic threshold. Their
algorithm is used to detect overloaded and underloaded hosts by looking at the
number of virtual machines and CPU utilization of the hosts. This algorithm
also uses the current utilization data instead of historical data. Hence, it is not

very adaptable for dynamic environments.

In [10], Ching-Hsien Hsu et al. proposed an energy-aware task consolidation
algorithm (ETC) to minimize the energy consumption. They are minimizing the
energy consumption by restricting CPU use below a specified peak threshold by
migrating and consolidating tasks amongst virtual clusters and virtual machines.
Their model also considers the network latency during migration. However, keep-
ing the CPU usage between two static thresholds is not suitable for dynamic

environments.



In [11], authors proposed a system to allocate datacenter resources dynamically
based on application demands. They used exponentially moving average method
to predict the future CPU usage. To decide hot spots they set different thresholds

for different resource types.

In [12], Sadeka Islam et al. proposed two learning algorithms to predict future
resource demands. They used linear regression and neural networks for predic-
tion. Their experiments show that neural network model gives better prediction
accuracy than linear regression. However, the training process of neural network
model takes significant amount time depending on the size of the input as well
as the frequency of the prediction. Also time series of workloads may be chaotic

which does not depend on the previous patterns.

In [13], authors are predicting the number of VMs; also their CPU and memory
demands. By using these predictions they are allocating the VMs to physical ma-
chines efficiently. If there are unnecessary physical machines running up, they put
them into sleep mode. However, virtual machine migration is very important for
continuous allocation, which means that the overload condition detection should
be done for all the time. Load monitoring at later times is even more important
than the VM submission time. Since they are not focusing on the continuous

allocation, their solution is not very suitable for dynamic environments.

Fahimeh at al. [14] proposed a dynamic virtual machine consolidation algo-
rithm based on k nearest neighbor regression to predict resource usage in each
host. In KNN algorithm they used past m CPU usage data to predict the de-
mand at time m + 1. They used this prediction to decide whether the host is
overutilized or underutilized. They minimize the energy consumption and SLA

violation rate more effectively than other dynamic consolidation methods.

The study conducted in [15] presents an approach, called statistic based load
balance (SLB), to make online resource allocation decisions. They are using
historical data to predict the VM’s resource demand for the future. However,
instead of using a regression or machine learning model for their prediction, they

simply calculate the average of the past CPU usage of servers and used that
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Neural v v v v v v
Net-
work [12]

kNN [14]
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SLB [15) 7 7 7 7 v
LRAPS v v v v v
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Table 2.1: Comparison of Host Overload Detection Algorithms.

average as the future CPU demand.

In the Table 2.1 you can find the summary of the related works. For every
host detection algorithm mentioned in the paper we showed which parameters
and which evaluation metrics are used. This chart helps us to see the differences
between the algorithms in a clear way. Our LRAPS algorithms is located at the
bottom of the cart.



2.2 Virtualization

Virtualization is one the most fundamental technology used in cloud and dedi-
cated servers. Today’s datacenters consist of computers with high cores, more
storage and more memory. Unlike traditional computers, these high power com-
puters are preferred in deployment because buying more computers with smaller
resources is too expensive and not feasible for the cloud providers. Even though
powerful computers are more feasible than the smaller ones, serving a powerful
computer to one client may not be desired all the time, because one client’s re-
source demand can be much lower than what is provided. Hence leasing all the
resources to one client would not be cost effective from the customer side. In
order to efficiently allocate resources to many users, virtualization technique is
used. Virtualization enables to create several different virtual machines inside a
physical machine so that different users can benefit from a high power computer

at the same time.

In datacenters server virtualization is used to create virtual machines. A key
to server virtualization is a software layer called hypervisor. Hypervisor isolates
the operating system from the underlying computer hardware like CPU, memory,
network and I/O. There are two types of hypervisors as seen in Figure 2.1; Type
1 hypervisors sit directly on bare metal and does not require a host operating
system, such as vSphere [16] or Hyper-V [17]. This type of hypervisors are popular
for the cloud providers. Type 2 hypervisors run as a software layer on an operating

system, such as VMware Player [18] or Parallels Desktops [19].

Type 1 hypervisors, used in cloud, abstract the guest operating system from
the hardware of the physical machine without using a host operating system.
Such abstraction enables guest operating system, normally interacting with the
actual hardware, can be run on the emulated hardware. Even most of the time
the guest operating system does not know it is on an emulated hardware. The
difference between the traditional architecture and virtual architecture is shown

in Figure 2.2
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Figure 2.1: Hypervisor Types.

Even though the performance of these guest operating systems has some de-
ficiencies, allocating physical resources to several virtual machines is way more

efficient than the traditional architecture for cloud providers and users.

Hypervisors provide lots of benefits to cloud providers. Like we mentioned
before, they enable physical computers to run several different VMs simultane-
ously on the same machine. Also since hypervisors make the virtual machines
independent from the underlying hardware, VMs can be moved from one physical
machine to another easily. Traditional software is highly coupled on the server
hardware which causes time consuming migration process. However, hypervisors
decreases the time of moving processes tremendously. Such VM migration en-
ables cloud providers to consolidate their VMs to minimum number of physical

machines, which we focus on in this thesis.

11
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Figure 2.2: Traditional Architecture vs Virtual Architecture.

2.3 Virtual Machine Migration

VM migration is the process of moving a virtual machine from one host to another
host without stopping or disconnecting the applications running on it. There are
several important use cases of virtual machine migration such as load balancing,
maintenance and recovery from host failure. Since the number of hosts in a
datacenter vary up to thousands, the requirement of maintenance and recovery
from host failure is inevitable. In such cases the IT team of the cloud provider
can migrate virtual machines to other available hosts before the problematic host

is shut down.

———————————————————

VM 3

VM 2

|

| | '

M1 | VM4 | I

‘ A T

Virtualization 3 Virtualization i Virtualization E
Layer Layer Layer
PM 1 PM 2 PM 3

Figure 2.3: Live VM Migration.
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Besides maintenance and recovery, especially load balancing may require higher
number of VM migrations. For instance, if one of the VMs on a host start to
demand more CPU than the host can provide, this may cause overutilization
which may result in SLA violation. Or on the contrary, if the resource demand
of a VM on the host is too little, this may cause underutilization which results in
unnecessary energy consumption. Cloud providers try to utilize physical machines
by constantly migrating VMs between hosts. During VM migration it is also
important that the connectivity of the user or application should be maintained

such that the migration process will not be noticeable from the user point of view.

There are several different migration types such as cold, warm and live migra-
tion. In cold migration VM that will be moved is shutdown on the host, then
all the content is copied to the destination host. After that, the same VM is
restarted. In warm migration VM is temporarily suspended. Registers of the
VM are copied to the destination host. After that, VM continues to run on the
destination host. Live migration, third type, is the most important one in cloud

environment since it has the least effect on the user connectivity.

The main purpose of live migration is to minimize the down time and total
migration time of a VM during the moving process. If the down time of a VM is
not noticeable by the end user then it is called seamless live migration. During
live migration the VM continues to run while the RAM is copied to destination
host (Figure 2.3).

During live migration, transferring memory state of the virtual machines is
very important. There are two different techniques used in the cloud computing
to move virtual machine’s memory state from one host to the other, which are
pre-copy memory integration and post-copy memory integration. Even though
these two techniques are different from each other, actually both of them are
based on three main memory transfer phases: push phase, stop and copy phase,
and pull phase [20].

In push phase while a VM is running on the source host, most of the state

pages are sent to the destination host. However, since the VM is still running,

13



some pages are modified on the source during this time, which means that some
of the pages sent to destination host are not same as the source. In order provide
consistency, the pages modified during the transmission process are resent to the

destination.

Stop and copy phase is the one where the source VM is stopped to send the
modified memory pages to the destination. After the VM is stopped, all the
memory pages are copied across the destination. After the transmission is done,
VM in the destination host is started.

In the pull phase the migrated VM starts its execution at the destination host,
however, the source VM is still present and may provide some supporting in case
the new VM may need to access some pages that has not been copied yet. For
instance, until the network fabric has caught up with the new location of the
target VM, the source VM provides forwarding services for packets to and from

the target VM.

Pre-copy migration starts with the push state. Generally hypervisor copies all
the memory pages to the destination host without disrupting the VM running on
the source. If some pages are modified during copy process, they are recopied.
After push state, the VM on the source is stopped and the remaining modified
pages are sent to destination VM and the VM is resumed on the destination host.
The time between when the VM is shutdown on the source and the new VM is
started on the destination is called as down-time. Down time can vary from few

milliseconds to seconds according to memory size and the application.

Post-copy memory integration is different than the pre-copy. VM migration
is started by suspending the VM on the source. Then some of the important
execution states such as CPU state, registers and non pageable memory is sent
to the destination host. Since these states are enough for execution, the VM
continues on the target host without waiting for the rest of the state pages. At
the same time remaining memory pages are copied to the destination host. If
the VM on the destination tries to reach a page that has not been copied yet,

it creates a error. These errors are captured at the destination and redirected
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to the source. When the source gets the error information, it resends the pages

which has errors.

Unlike pre-copy migration, post-copy migration sends each page only once
during the migration. If there are dirty pages at the source, pre-copy needs to
resend these pages to the destination. On the other hand, during the migration if
an error occurs and the destination VM fails, it is not possible to recover VM with
post-copy migration, since there is no up-to-date state of the VM. However, pre-
copy migration keeps up-to-date state of the VM at the source during migration.

Timeline of two different migration techniques is shown in the Figure 2.4.

Preparation (live) Resume Time
Downtime
Pre—Copy Rounds ... ==
Round: 1 2 3..N (Dirty Memory)
(a) Pre—Copy Timeline

"""""" Time """ TTTToTmooob
Preparation (live) Resume Time (live)

Downtime
E Post-Copy Prepaging ]

(Non-pageable
Memory)

(b) Post-Copy Timeline

Figure 2.4: Pre-Copy vs Post-Copy Timeline.

2.4 Resource Allocation

In cloud computing, resource allocation is the process of allocating available phys-
ical resources to the needed virtual machines and applications. Hypervisors that
we mentioned before provide mechanisms to map virtual machines to physical
resources. Even though the mapping process is generally hidden from the end

user, this process is crucial to the cloud providers for efficiency.
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Resource demands of VMs may change with user requests all the time. How-
ever, since the available resources on a physical machine (PM) is limited, the
mapping of VMs needs to be changed dynamically to provide the requested re-
sources. VM live migration technology enables cloud providers to change the
mapping between VMs and the physical machines while applications are run-
ning [20, 21].

Resource allocation process requires lots of different policies to decide how to
change mapping adaptively so that the resource demands of the VM are met
while the number of active physical machines are minimized for energy efficiency.
The diverse set of applications running on VMs and their changing workloads
cause VMs to demand heterogeneous resources. Also, different physical machines
create heterogeneous environment in datacenters. This heterogeneity makes the

mapping process even a harder problem for the cloud providers.

For resource allocation strategies in the literature, there are two main goals
tried to be achieved: overload avoidance and green computing. In order to elim-
inate overload, the requested resources of VMs should not exceed the available
resources of the host. Otherwise, the host is overloaded and this may cause SLA
violations. For green computing, the number of active servers needs to be mini-
mized. If the host is underutilized and there are other available hosts, which are
not fully utilized, then the VMs on underutilized host can be migrated to these

other hosts so that the unnecessary hosts can be put into sleep mode.

There is a trade off between overload avoidance and green computing. In order
to avoid overloaded PMs, we need to keep utilization of PMs quite low so that in
case of an unexpected resource demand from a VM, the requested resource can be
provided to the VM without causing any overload. However, for green computing,
we need to keep utilization of PMs as high as possible to make efficient use of

their energy.

Most of the frameworks proposed for efficient resource allocation are based

on four different steps, which are: Detection of overloaded hosts, detection
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of underloaded hosts, detection of VMs which should be migrated from over-
loaded /underloaded hosts, and detection of hosts which should be selected as the
destination host. Different frameworks are proposing different algorithms for each
of these steps. In this thesis we focus on first two steps of the resource allocation

which are overload and underload host detection.

Since live migration of a VM is triggered with overloaded or underloaded host
detection, the correct prediction of the hosts’ CPU loads is one of the most crucial

step in resource allocation.

2.5 Summary

As we discussed in this chapter, we see that virtual machine allocation is very
important for cloud providers for efficient use of their resources while provid-
ing better quality of service. Virtualization technology and live migration tech-
nique enable providers to allocate virtual machines dynamically as the workload
changes. We also see that overloaded and underloaded host detection for efficient
VM allocation is a well researched topic in the literature. As a new approach, we
propose an improved predictive host detection algorithm for energy efficient VM
allocation. In the following chapters, we explain our proposed solution in detail

and show that it is a feasible solution by providing simulation results.
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Chapter 3

Proposed Solution

As we described in the previous chapter, resource allocation for virtual machines
has been studied quite substantially by academia and is also an important prob-
lem that needs to be handled by cloud providers. Since resource allocation is
an NP hard problem, there are lots of different frameworks proposed for the so-
lution. Some of the proposed algorithms in the literature are trying to detect
the overloaded and underloaded hosts by predicting the future CPU utilization
of the hosts [3, 4, 12]. Even though prediction based overloaded host detection
algorithms perform better than the rest, they also have some deficiencies which

can be improved by using statistics.

In this chapter, we first describe the basic methods that we used in our al-
gorithm LRAPS. Then we discuss why current CPU prediction algorithms have
some deficiencies and how our algorithm solves these problems. We also describe
the implementation of our prediction algorithm as part of dynamic VM resource

allocation and consolidation process. We finish the chapter with a summary.
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3.1 Local Regression

Local regression is originated as LOWESS (LOcally WEigted Scatter plot
Smoother) and in the literature it is also called as Loess. After Cleveland [22] pro-
posed the Loess procedure in 1998, it is mostly used as a scatter-plot smoother.
Since Loess can work with multivariate data, it is also used as a modeling tool
by statisticians. Local regression mainly tries to fit simple models to localized
subsets of the data to get a function which approximates the original data. For

simplicity we can consider a fixed model of the form

Yi = f(z:) + & (3.1)

In this form Y; are observations of a response, the f(x;) is the unknown function

and ¢; represents the random errors in the observation not included in the z;.

We assume that errors are independent and identically distributed, which
means that each random variable has the same probability distribution as the
other and all are mutually independent, with mean 0 and variance var(e;) = .

In local regression there is no need to specify global assumptions about the
function f, instead we assume that f can be well approximated locally with
a simple parametric function. This is why our CPU prediction algorithm can
work better with local regression, because the workload can be chaotic which
means that it is not always possible to find a global function, instead local values
represent the future workload better. To understand local regression better, we

need to explain Taylor’s theorem.

Taylor’s theorem [23] says that any continuous function can be approximated
with a polynomial. Assume f is a real function on [a,b], f£~Y is continuous on
la, b], f((f)() is bounded where t € (a,b), for any points zy < x; in [a, b] there is an

x point between xy < x < 7 so that
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A

if ZK A xo) (w1 — )" is the function of z;, Equation 3.2 can be written as

follows:

Pri1 = {f(.l’) =ay+ a1+ ... + CLKIK, ((10, vy CLK), S RK+1} (33)

Next we define the method to obtain a Loess smooth for a target covariate x.

The first thing to do in local regression is to specify a weight function. For
Loess only local values within the smoothing window should be used. The
smoothing window can be expressed as [xg + h(xg), 2o — h(xo)] where h(xg) is
span value. Since we just want to consider the values in the smoothing window,

we need to define our weight function f(xy) accordingly.

The weight function can be found by considering that the function should be

0 outside of [—1,1]. For instance, Tukey’s tri-weight function is

(L= JuP)?, ful <1
W(u) =
0, lu| > 1

Then the weight sequence can be found by

wi(zg) = W (%ZJ“) (3.4)

Window can be defined similar to k nearest points. That is, a x 100% of data

needs to be included in local regression.

In local nearest points, f(z) can be approximated with a polynomial. A

quadratic approximation, like in Equation 3.5, can be used
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f(x) = By + Bi(x — xo) + %ﬁg([[‘ — x0)? for x € g — h(x0), 20 + h(z0)] (3.5)

In order to get the loess estimate f(xo) we need to find 8 = (B, f1, 52) that

minimizes the expression below

8= argmingegs Z w;(xo)[Y; — {Bo + Bi(x — x0) + %Bg(x —x0)}]? (3.6)

i=1

And we define f(zq) = f.

In local regression there are two arguments need to be decided. These are

smoothing parameter (span) and the degree of the Loess polynomial.

In a Loess fit, the smoothing parameter a tell us the proportion of the obser-
vations that will be used in local regression. Since «a is the proportion of the data,
it is specified between 0 and 1. If ¢ = 1, that means all of the observations will

be used in the local regression.

Defining the optimum span is very important for the accuracy of the local

regression. As a increases the estimate becomes smoother.

In [3], authors are utilizing local regression to fit a trend polynomial to the
last k observations of the CPU utilization for every dataset. However, span value
affects the prediction results significantly and therefore using the same span value

for every dataset decreases the prediction accuracy.

In the figures below, we see Loess smooths for one day of CPU utilization of
a VM from PlanetLab dataset [24]. The smooths are created using span values
of 0.05, 0.25, 0.75 and 0.95. Different polynomial degrees are also plotted. Black
line represents the actual workload of the VM on that day, whereas blue line is

the predicted workload through local regression with the span value on it.
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(a) Degree=1 , span=0.05.
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(b) Degree=1 , span=0.25.

Figure 3.1: Loess Prediction where h=0.05 and 0.25, d=1.
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Figure 3.2: Loess Prediction where h=0.75 and 0.95,d=1.
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(a) Degree=2 , span=0.05.
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Figure 3.3: Loess Prediction where h=0.05 and 0.25,d=2.
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Figure 3.4: Loess Prediction where h=0.75 and 0.95,d=2.
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As seen in the figures, if we choose a small span value, there will not be enough
data near xy for the accurate fit. Using less data near x( causes over fitting of
local regression and large variance. If we choose a large span value, there will
be too much data near zy to be considered. Since local regression cannot give

response to the latest values, it loses information and becomes over smoothed.

As we mentioned before there are two parameters that affect the trade-off be-
tween variance and bias in Loess. Besides the span value, the degree of the poly-
nomial is the another parameter that has an impact on local regression. Choosing
polynomial degree of 1 distorts the peaks in the interior of the configuration of
observations, which results in low bias. On the other hand choosing polynomial

degree 2 removes the distortion, but results in higher biases at the boundaries.

In general it is not always possible to find the optimum span value and the
degree of polynomial automatically without plotting and testing different values.
However, for the workload of PMs in a datacenter, setting a span value with eye
that gives better prediction is not possible, since the environment is too dynamic

and there is a large number of physical machines used in datacenters.

In order to improve the local regression based prediction algorithm, we de-
cided to use dynamic span value which changes depending on the dataset. With
dynamic span value, we can predict the next CPU usage more accurately and
detect overloaded hosts more effectively. In the next chapter we discuss different

methods for automated span selection.

3.2 Span Selection

We mentioned the importance of the span value (smoothing parameter) for lo-
cal regression. In this part we will discuss different selection methodologies for

smoothing parameter.

Assume the related regression model as
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Y= f(r) + & (3.7)

where f(x) is an unknown function of interest and the errors are IID. A smooth-

ing spline estimate f)\ for f is defined as the minimizer of the penalized criterion:

%Z{y ) / (F"(2)2da (3.8)

In the Equation 3.8 above, A is the span value (smoothing parameter) which is
a positive constant. As we mentioned in the previous section A controls the trade-
off between the bias and the variance of f,\. Therefore selecting an appropriate

value of \ is an important problem.

In the literature mainly six smoothing parameter selection methodologies are
studied and compared for regression based estimation. Three of the selection
methodologies are called as classical whereas the rest are so-called second gener-
ation. The three classical methods are cross-validation (CV), generalized cross-
validation (GCV) and Mallows’ C,, criterion. The other three second-generation
methods are Akaike information criterion (AIC), risk estimation using classical
pilots (RECP), and exact double smoothing (EDS).

Even though the second generation methods are proposed to solve the draw-
backs of classical methods like high variability and under smooth tendency, they

have received considerably less attention for smoothing splines.

First we define some notations to understand the methods clearly. Let y =

Wty oo y) T f = (F(@1), ey f(2))T and fr = (Fa(21), .y f(wa))”. Let Sy be the
hat matrix that maps y into fy = Syy. And Sy = (I + AK)™!, where I is the

identity matrix and K is a matrix depending only on x1, ..., xs.

Since we focus on GCV (generalized cross validation) method in our thesis, we

will give some information about cross-validation and generalized cross-validation.
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Cross-Validation: In cross validation, points {x;, y;}"_; are separated one by
one to find a A which minimizes the residual sum of squares. The cross validation

performance can be expressed as

n

vor= 13- fu- 0 v = (B

In Equation 3.9, f)\ is the fit for measurements {z;,y;}; with smoothing
parameter A. j‘l(\_i) is the fit calculated by separating the ith data point, and

(S))qi is the ith diagonal element of smoother matrix Sy.

Generalized Cross-Validation: GCV is a modified version of cross-
validation method mentioned above. The score of GCV can be obtained by
replacing the denominators of CV which is 1 — (S)); with their average value
1 — n~r(S)). Hence, the general cross validation performance score can be

expressed as

PR Ut ) M VAN,
GCV(X) = P T P s R PPy SN (3.10)

In [25], extensive experiments were conducted for these different smoothing
parameter selection methodologies. MSE values of the selection methodologies are
used to understand the quality of the estimation f . Also, in order to understand
the significance of the MSE value differences between methods, a paired Wilcoxon

tests were applied.

The scores in Table 3.1 were obtained according to means of the averaged

Wilcoxon test results.

According to same study [25], especially for small samples, GCV is recom-
mended as being the best selection method. By considering the extensive study
done for the different selection methodologies and the dataset that we will face

with, we decided to use GCV as our automated span selection method.
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Table 3.1: Means of the Averaged Wilcoxon Test Results for Smoothing Param-
eter Selection Methods.

Method Noise level Spatial variation Variance function Overall

Y 5.125 6.083 5.583 5.597
GCV 2.792% 2.625% 3.000%* 2.806*
Cp 5.667 6.083 5.875 5.875
AICc 5.667 2.958 5.875 2.833
RECP 5.667 6.083 5.875 2.875

3.3 Proposed Algorithm: LRAPS

Predicting future CPU utilization of a host is very critical for improving energy
efficiency of datacenters and for maintaining quality of service levels. If the future
CPU utilization of a host is known, VMs located on that host can be migrated
to less loaded machines in advance before SLA violations start occurring, or a

machine can be avoided as a target for migration.

Our proposed algorithm LRAPS (Local Regression Automated Parameter Se-
lection) is based on local regression technique to predict future CPU utilization.
It uses historical CPU usage of a host to make a proper prediction for future CPU
usage. In this section, we first explain how our algorithm works. Then we explain
the differences between regular local regression and our algorithm LRAPS. Then

we explain how our algorithm is used as part of live migration process.

As discussed in the previous section, there are parameters of local regression
method that need to be decided before the prediction is done, such as polynomial
degree and span. Unlike polynomial degree, span value may have a dramatic effect
on prediction results. For example, if the CPU utilization history has a lot of short
spikes and we are trying to find the general trend in data to make sound decisions,
choosing a small span value may result in overfitting. Additionally, choosing a
small span value may generate wrong and frequent overload condition alarms as

part of VM migration process, which would cause unnecessary migrations.

Since span value can significantly affect prediction performance, we decided
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to use an algorithm which will automatically find the optimum span value for
local regression. With the addition of automated span selection, we ended up
with our LRAPS algorithm. LRAPS algorithm fits a local regression to utiliza-
tion measurements and automates the parameter selection process, so that during
the CPU prediction of a host only the necessary CPU usage measurement data
is used. The extensive comparison study [25] conducted on several different se-
lection methods revealed that for both large and small data samples, GCV is

recommended as being the best span selection method.

LRAPS algorithm has two parts: local regression based prediction and auto-
mated span selection with GCV. For Loess prediction, we can assume that there
will be historical data provided to the function, which includes past CPU uti-
lization data of the hosts. The percentage of historical data that will be used in
Loess prediction is found by a x 100, where a is the result of GCV based span
selection method. GCV based method returns the span value which has the least
square error. This part is the most crucial part of our algorithm since it differs
from the regular local regression algorithm used in the literature and it signifi-
cantly affects the performance. In Figure 3.5, we can see the difference between

the Loess prediction with static span value and dynamic span value.

The Figure 3.5 shows the one day CPU utilization of a VM in a datacenter.
Black lines represent the actual workload, whereas blue and red lines are the
predicted utilization values. Blue line represents the local regression based pre-
diction with degree d = 2 and span value h = 0.25. This static span value is
the one used in local regression methods in the literature [3]. Red line is the one
that we calculated with our LRAPS prediction algorithm. With our algorithm
optimum span value is found as h = 0.543 for the current dataset. Hence instead

of using a static span value, we used a dynamic span value found with GCV.

In [3], if the future CPU utilization of a host is higher than a threshold such
as shown in Figure 3.5, the host is labeled as overloaded and some of the VMs
running on it are migrated. However, using a static span value for all different
datasets may cause wrong predictions. Even though the blue line in Figure 3.5

seems to cross the threshold, actually the overall trend of a host (red line) does
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Figure 3.5: Local Regression with static span vs dynamic span value.
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not indicate any overloaded situation. So using a static span value may trigger

unnecessary VM migrations which result in excessive power consumption.

CPU utilization of a server, which accumulates through time, may change
dramatically for different time intervals and therefore needs to be reanalyzed for
accurate prediction. Hence, different span values need to be used for each server

and also for different time periods in a single server.

As we discussed earlier, dynamic VM allocation consists of mainly four differ-
ent steps: Overload/underload detection and labeling, VM selection from labeled
hosts and destination host selection. In pseudo-codes that we will explain, the
methods V M Selection and V M Allocation represent last two steps of the alloca-
tion process. Since these are not our main concern in this thesis, we only show

which algorithms that we used.

Algorithm 1: VM live migration

1 for each host in hostList do

2 if hostOverloaded(host) OR hostUnderloaded(host) then
3 VM =V MSelection(host);

4 other Hosts = hostList — host;
5

6

7

h = V M Allocation(other Hosts, VM),
migrate(V M, h);

else
8 end
9 end
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Algorithm 2: Overloading detection function

Input : a host object from datacenter host
Output: boolean

1 if host.utilizationHistory < 10 then
2 if host.currentUtilization > 0.7 then
3 ‘ return true;
4 else
5 ‘ return false;
6 end
7 else
8 | predictedUtil = LRAPS (host);
9 if predictedUtil * safetyParameter > 1 then
10 ‘ return true;
11 else
12 ‘ return false;
13 end
14 end

Algorithm 3: LRAPS Local Regression Automated Parameter Selection

Input : a host object
Output: predicted utilization
span = GCV (host.utilization History);
newUtil = host.utilHistory(1 : span  length);
estimates = get Loess Parameterss(newUtil);
predictedUtil =
estimates|0] + estimates|[1] x (length + migrationIntervals);
5 return predictedUtil;

N
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Our algorithm is part of the live migration process. Every host in the datacen-
ter is being checked if any overload or underload has occurred. At the beginning,
since there is not enough data for utilization prediction, we use a static threshold
for the upper limit for the normal-load of a host, which is 0.7. If the current CPU
utilization of a host is higher than 0.7, then the host is labeled as overloaded.
When enough CPU utilization history gets accumulated, our prediction algorithm
starts to run. Before doing predictions, we first try to decide which span value
should be used for Loess function. In order to decide the span value, all utilization
history is passed through the generalized cross validation method. The result of
the GCV function tells us the span value. By using this span value we trim the
CPU utilization history. Then, predictions can be started. The trimmed history
values are sent to Loess function which predicts the next CPU utilization. After
the next CPU utilization is predicted, we multiply it with a safety parameter
which is defined previously system-wide. If the result of multiplication is higher
than or equal to 1, then the host is labeled as overloaded and the rest of the

migration process continues.

Besides the host load condition detection policy that we propose, VM selection
policy needs to be decided as well as part of VM consolidation process. During the
consolidation process, after our algorithm has detected an overloaded host, VM
selection policy needs to start running to select a VM from the overloaded host
to migrate to another host. For VM selection policy, we decided to use Minimum
Migration Time (MMT). MMT policy tries to find the VM that requires the
minimum time to complete its migration to the destination host among other
VMs. MMT satisfies the condition in Equation 3.11 to find a VM.

RAM,(v) _ RAM,(a)

(3.11)

where V; represents VMs allocated to the host j, RAM,(a) is the RAM utilized
by VM a and NET) is the available spare network bandwidth for host j.

For all the experiments which we will explain in the next chapter, we used

MMT as our VM selection policy for fair comparison.
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3.4 Summary

In this section, we have first discussed the local regression based prediction
method. We showed that different span values cause very different prediction
results. Then we showed various span selection methods for local regression. We
analyzed local regression prediction results with static span value and the dynamic
span value. Then we gave details of our algorithm LRAPS and its incorporation

into VM allocation process with pseudo-codes.
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Chapter 4

Simulation Experiments and

Evaluation

We used CloudSim toolkit [26] as the simulator to simulate and evaluate our
method. CloudSim is gaining popularity in cloud computing community thanks
to its support for flexible, scalable, efficient and repeatable evaluation of provi-
sioning policies for different applications. With this toolkit anyone can implement
his own energy saving and SLA policies to compare with other algorithms. We
implemented our LRAPS algorithm in CloudSim and we also extended some of

the built-in provisioning algorithms of CloudSim to compare with our algorithm.

In this chapter we first give information about the simulation environment,
datasets,and metrics we used for our experiments, and then we provide and dis-

cuss the results of our extensive simulation experiments.
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4.1 Simulation Environment

4.1.1 Simulation Architecture

In Figure 4.1 you can see the layered architecture of CloudSim. There are three
main layers included in the toolkit which are: User code, CloudSim layer and
CloudSim core simulation engine layer. CloudSim simulation engine is the core
of the toolkit which provides basic simulation capabilities to the above layers.
This layer can be modified by the developers but this is not recommended since
the other layers provide enough flexibility for any kind of simulation experiments.
CloudSim layer is the most important layer which handles a lot of fundamental
tasks performed in cloud datacenters such as VM provisioning, resource alloca-
tion, cloudlet execution, VM management, event handling. Any developer can
extend this layer for the custom simulation experiment settings. In this thesis
we also extended some of its built in functionalities to implement and test our
LRAPS algorithm.

At the top layer, user code, there are basic entities which can be modified
easily by any user. These entities can be listed as number of machines, their
CPU and power consumption specifications, number of tasks, virtual machines
and their requirements, number of users and some scheduling policies. After we
implemented our algorithm in CloudSim layer, we changed the entities in user
code layer to compare and see the performance of the algorithm for different

environments.

There are several different datacenter modeling types implemented in
CloudSim. Since we want to compare the energy performance of the VM al-
location algorithms, we decided to use power aware datacenter in simulation

experiments.

There are two main policies in VM provisioning service: VM allocation policy
and VM selection policy. VM allocation policy mainly responsible for the first

and the second steps of the dynamic VM allocation process which are deciding
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Figure 4.1: Live CloudSim Layered Architecture.

overloaded and underloaded hosts. Since our algorithm tries to improve the deci-
sion process, we extended the VM allocation policy. Some VM allocation policies
are already implemented in CloudSim environment. However, policies used by
large public providers are not publicly available, and therefore implementation
of these algorithms are not provided in CloudSim. Besides VM allocation, VM
selection is responsible for the third step of the dynamic allocation process which
is determining the VMs which will be migrated from overloaded or underloaded
host. Since we do not focus on VM selection policy, we decided keep it fixed as

MMT algorithm, mentioned in the previous chapter, for all the experiments.

CloudSim is implemented in Java and the overall class design diagram is shown
in the Figure 4.2. After we give information about the important components of

CloudSim design, we explain which parts we extended for the experiments.

Components:

e Cloudlet: This class models the application services.
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Figure 4.2: CloudSim Class Diagram.

e CloudletScheduler: This is an abstract class that is extended by different
policies. And also responsible for the sharing of processing power between
Cloudlets in a VM.

e Datacenter: This represents the core hardware level services that are of-

fered by providers.

e Datacenter or CloudBroker: This class maintains the agreements be-

tween SaaS and Cloud providers.

e DatacenterCharacteristics: This class contains data center resource con-

figurations.
e Host: This class models a physical storage or a server.
e NetworkTopolgy: This class includes information of network behavior.

e RamProvisioner: This class is responsible for RAM allocation to the
VMs.

e VM: This class models a VM.

e VMAllocationPolicy: This class is responsible for the allocation of VMs
to the hosts.
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e VMScheduler: This is responsible for allocating processor cores to VMs.

For our experiments we changed the VM, Datacenter and Cloudlet character-
istics in the user code layer. Then we implemented our LRAPS algorithm in the

CloudSim layer by adding new classes to VMAllocationPolicy.

4.1.2 Simulation Metrics

In our experiments we used three metrics to evaluate the performance of the

algorithms.

Total Energy Consumption: This metric measures the quantity of energy
consumed by the data center within the simulation time. In order to make our
simulation similar to real life, we used two different server models. Half of the
servers are HP Proliant ML110 G4 servers and the other half are HP Poliant ML
110 G5 servers. Both servers have 1 Gb/s network bandwidth. In CloudSim [26],
the CPU frequencies of the servers are mapped onto MIPS ratings. Each of two
cores of HP Poliant ML110 G5 servers have 2260 MIPS, each of the two cores of
HP Proliant ML110 G4 servers have 1860 MIPS. The power models used in [3]
are applied to our simulation experiments. Energy consumption of the servers
according to the utilization rates is shown in Table 4.1.

Table 4.1: Power Consumption by the Selected Servers at Different Load Levels
in Watts.

Server 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

HP ProLiant G4 86 89.4 92.6 96 995 102 106 108 112 114 117
HP ProLiant G5 93.7 97 101 105 110 116 121 125 129 133 135

Total Number of Migrations: Live virtual machine migration has an ad-
verse impact on the performance of applications located in virtual machines.
Voorsluys et al. [27] conducted several experiments to understand the degree of
impact. As a result of the study they have found that performance degradation
and downtime vary too much with the application’s behavior. However, appli-

cations with variable workloads, like web-applications, the average performance
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degradation with downtime is approximated as 10% of the CPU utilization, which
means that during the migration 10% of the CPU capacity is used by the migra-
tion process. In our simulation this amount of CPU capacity is allocated to a VM
on the destination host during migration. This enables us to simulate the envi-
ronment more realistically and observe the migration effect on the performance.
Since virtual machine migration causes extra downtime in the CPU utilization of
VM, it may also cause some SLA violations. In order to prevent this, we need to

minimize the number of VM migrations.

SLA Violation Rate: Quality of Service (QoS) is very crucial goal for both
the cloud providers and the users. Cloud providers have to maintain a level of
quality of service for their users. In cloud computing QoS requirements can be
expressed as minimum throughput or maximum response time in the SLA form.
Since these two parameters can significantly vary depending on the application, it
is necessary to use more generic and independent metrics to determine the SLAs
violation for any VM. In this thesis we defined and used two such metrics. These
metrics are: (1) the percentage of time, when the utilization of active hosts are
100%, called SLA violation Time per Active Host (SLATAH); and (2) the total
performance degradation of VMs caused by live migrations, called Performance
Degradation due to Migrations (PDM).

N M
1T, 1 o Cy,
LATAH = =Y -*  PDM = — :
o N&T, M~ C,

j=1

(4.1)

Above, N is the number of hosts, T, is the total time during which host @
has experienced the utilization 100%, leading to an SLA violation; T,, is the
active time of host ¢; M is the number of VMs; Cy; is the estimated performance
degredation of the VM j caused by migrations; C,; is the total CPU capacity
requested by the VM j during its lifetime. At the end we propose a combined
metric that includes both SLATAH and PDM. We call the combined metric as
SLA Violation (SLAV), which is calculated as below:
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SLAV = SLATAH x PDM (4.2)

In our experiments we use this metric to achieve a more general comparison.

4.1.3 Experimental Setup

We simulated a datacenter consisting of 300 heterogeneous hosts: half of them
are HP Proliant ML110 G4 servers with 1860 MIPS each core and the other
half are HP Poliant ML110 G5 servers with 2660 MIPS each core. Each server
have 2 cores, 4GB memory and 1 Gb/s network bandwidth. Power consumption

characteristics are stated in Table 4.1.

We used four different VM instances corresponding to Amazon EC2 [1]: High
CPU medium instances (2500MIPS,; 0.87 GB); Extra Large Instance (2000 MIPS,
1.74GB); Small Instance (1000 MIPS, 1.74GB), and Micro Instance (500 MIPS,
613 MB). At the beginning, VMs are allocated according to the resource require-

ments defined for them. For every experiment we used a total of 500 VMs.

Since we try to compare our prediction algorithm with others as fairly as
possible, we kept other provisioning algorithms the same for all the experiments.
As VM selection policy we used Minimum Migration Time for all benchmark

algorithms.

We evaluated our proposed algorithm LRAPS over a time span of 24 hours for

different workloads.

4.1.4 Datasets

Since datasets directly affect the results of prediction algorithms and allocation
process, we used three different real world publicly available datasets and one

randomly generated dataset.
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PlanetLab Workload: PlanetLab trace [24] was collected during ten days
of March and April 2011 from 11,746 VMs. Most of the machines where the
data is collected are hosted by research institutions. CPU utilization of VMs are
measured every five minutes throughout one day. Hence, for each VM there are

288 data points which corresponds to one day. For our experiment we used the
datasets of 9 April, 11 April, 12 April and 20 April.

Random Workload: Random workload is generated for 800 VMs. Memory
and CPU utilization are included in the dataset, however we only used CPU

utilization. CPU utilization of each VM follows a uniform distribution.

Materna Datacenter: Two of the three available Materna datasets [28] are
used in our simulation. The first trace consists of 520 VMs whereas the second
trace consists of 527 VMs. Traces were collected from the distributed Materna
Datacenters in Dortmund over a timespan of three months. The traces were taken
on a VMWare ESX environment where the physical resources are 49 hosts, 69
CPU cores and 6780 GB RAM. Each dataset contains CPU, Memory, Disk and

Network usage information of the virtual machines.

Bitbrains: The dataset contains the performance metrics of 1,750 VMs of a
distributed datacenter from Bitbrains [29], which is a service provider in man-
aged hosting and business computation for enterprises. Performance metrics are
recorded during a month of 2016. Like Materna dataset, the dataset contains

CPU, Memory, Disk and Network usage information.

4.2 Simulation Experiment Results

Using the datasets described in Section 4.1.4, we have simulated the five different
host overload detection algorithms: THR, LR, MAD, IQR and LRAPS. In the
following figures and tables we compare our algorithm LRAPS with LR, THR
0.8, THR 0.7, MAD and IQR methods in the given simulation environment.
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Table 4.2: Energy Consumption (kWh).

Dataset LR LRAPS MAD IQR THR 0.7 THR 0.8

9-Apr 66.84 5857  76.01 7749  82.58 77.8
11-Apr  69.95 58.1 82.43 83.36  90.27 83.1
12-Apr  75.16  63.06 87.3 88.99 94.73 87.53
20-Apr  61.36  47.75  72.19 73.79 77.49 72.13
Bitbrains  52.5 52.2 54.61 59.05 99.99 28.13
Random  35.37 30.68  45.97 48.86  45.58 41.81
Materna-1 43.76  43.61  51.78 52.41 04.62 50.6
Materna-2 44.74  46.48  52.82 54.74  56.63 54.46

First, we have conducted simulation experiments for measuring energy con-
sumption (Figure 4.3, Table 4.2). As expected, static threshold (THR) method
generally consumes too much power. Since the threshold is static, even a small
spike in the CPU utilization triggers VM migration. THR 0.7 algorithm triggers
the migrations too early so that none of the physical servers in datacenter can
reach to utilization higher than 0.7. Since the maximum utilization of the servers
stuck below 0.7, more sleeping servers are activated to provide the requested re-
source demand which resulted in higher power consumption. THR 0.8 also gave
bad results, however, better than THR 0.7, since the utilization of the servers can
go higher. Adaptive threshold algorithms MAD and IQR showed better results
than THR, since they are adapting the threshold according to the workload. Both
LR and LRAPS algorithms outperformed the other algorithms by minimizing the
power consumption for all datasets. The results show that predicting future CPU
utilization provides better overload detection than the others. Most importantly
the results also show that better overload prediction can be achieved by utilizing
automated smoothing parameter selection methods like GCV. Our LRAPS algo-
rithm reduces the total power consumption of a datacenter by about 23%, 28%,
25%, and 22%, compared with THR 0.8, THR 0.7, IQR, and MAD, respectively.
Our LRAPS algorithm also outperforms the closest competitor LR by reducing

the power consumption about 10%.

Then we compared the algorithms according to SLA violations. SLA violation

is another important metric and there is a tradeoff between energy consumption
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Table 4.3: SLA Violation.

Dataset LR LRAPS MAD IQR  THR 0.7 THR 0.8

9-Apr 9.81%  9.31% 10.39% 9.94%  10.08%  10.17%
11-Apr 9.60%  8.53% 10.09% 10.21%  10.09% 9.98%
12-Apr 9.57%  9.21% 10.15% 10.04%  10.00%  10.24%
20-Apr  10.27%  9.13% 10.25% 10.36% 10.62%  10.19%
Bitbrains 10.86% 11.09% 10.79% 10.54% 10.08%  10.69%
Random  12.89% 11.25% 10.69% 10.32% 11.12%  12.81%
Materna-1 10.12%  9.96%  10.30% 10.37%  10.29%  10.19%
Materna-2 10.16%  9.68%  10.23% 10.27%  10.05%  10.39%

and SLA violation. While reducing power consumption, cloud providers want to
keep the quality of service as high as possible as well. In Figure 4.4 and Table 4.3,
we can see the overall SLA violation metric values for different algorithms. SLA
violation of the algorithms are very similar to each other. All of them are al-
most placed around 10% except for random workload. Although most of the
algorithms performed similar in all datasets, one thing obvious is that LRAPS
algorithm decreased SLA violation slightly better than the rest. This is because
our algorithm can predict the trend in CPU utilization more accurately and can
avoid overloaded machines better. Decreasing overloaded machines results in
fewer SLA violations. LRAPS reduces SLA violations about 7.6%, 5.1%, 4.8%,
5.9% and 6% compared with THR 0.8, THR 0.7, IQR, MAD and LR, respectively.

We also measured the number of migrations for all the algorithms. As seen
in Figure 4.5 and Table 4.4, LRAPS algorithm drastically decreases the total
number of virtual machine migrations. Again this result shows how effective our
prediction algorithm is. LRAPS reduces the number of VM migrations about
31.7%, 36.2%, 32.4%, 32.2% and 27%, compared with THR 0.8, THR 0.7, IQR,
MAD and LR, respectively.
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Table 4.4: Number of VM Migrations.

Date LR LRAPS MAD IQR THR 0.7 THR 0.8

9-Apr 11261 8318 11564 11510 12723 11678
11-Apr 12130 6910 12461 12551 13617 12345
12-Apr 12842 8889 13162 13172 14184 12945
20-Apr 11065 5717 11172 11513 12124 11447
Bitbrains 12162 11362 12143 11978 12327 11873
Random 2872 744 5303 5335 5310 4839
Materna-1 9917 9524 10632 10298 11153 10283
Materna-2 9569 10552 10708 11068 11441 10920

Energy Consumption (kWh)
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Figure 4.3: Energy Consumption.
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Overall SLA Violations
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Figure 4.5: Number of VM Migrations.
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4.3 Summary

[h] In this section we first gave detailed information about CloudSim simulation
environment. We extended some of the core functionality of the simulation en-
vironment. We described the layered structure of the CloudSim toolkit and how
it can be modified by developers to customize and extend functionality. For our
experiments we decided use three metrics that are similar to the metrics used in
the literature. For realistic comparison and performance analysis, we used three
different real world traces and one synthetic workload. The results showed that
our LRAPS algorithm decreases power consumption and SLA violations signifi-
cantly compared to LR algorithm and other algorithms, thanks to our dynamic

span selection method.
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Chapter 5

CONCLUSION

In this thesis we showed that allocating VMs to the minimum number of physi-
cal server is very important for cloud providers in terms of energy consumption
and SLA violation. We analyzed current allocation policies, especially overload
detection algorithms in the literature. Even though local regression (LR) based
CPU prediction algorithm performs better than other algorithms, we discovered
that LR algorithm has some deficiencies like static span value. To solve this prob-
lem, we proposed our prediction algorithm LRAPS (Local Regression Automated

Parameter Selection).

Our prediction algorithm is based on local regression, however instead of using
a static span value, we used generalized cross validation (GCV) method to find
dynamic span value. We discovered that using dynamic span value makes CPU
prediction better such that sound migration decisions can be made. And that
decisions may provide better utilization. After we construct our LRAPS algo-
rithm, we implemented it into CloudSim simulation environment. To implement

our algorithm we extended some of core classes of CloudSim toolkit.

For realistic experiment results, we used three different real world workload
traces and one synthetic workload. We simulated one day of a datacenter with 500

VMs and 800 hosts. With automated span selection method, our local regression
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based prediction algorithm (LRAPS) out performed other algorithms for all three

different metrics; energy consumption, SLA violation and number of migrations.

5.1 Future Work

As future work, the dimension of our algorithm can be increased. Different re-
source types of VM like memory, I/O and network can be considered for the same
allocation strategy. Other policies of consolidation process can be analyzed like
VM selection policy and destination host selection policy. Simulation environ-
ment can be modified such that long term simulations can be performed like 30

days. This might help us to analyze the experimental results in detail.

Besides VM allocation, a new technology called container allocation is emerged
recently. Similar experiments can be done for this new technology, since the

allocation processes are similar to each other.
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