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Resource allocation with fairness, considering multiple types of resources has become
a substantial concern in state-of-the-art computing systems. Accordingly, the rapid
growth of cloud computing has highlighted the importance of resource management as
a complicated and NP-hard problem. Unlike traditional frameworks, in modern data
centers, incoming jobs pose demand profiles, including diverse sets of resources such as
CPU, memory, and bandwidth over multiple servers. Therefore, the fair distribution
of resources respecting such heterogeneity has appeared to be a challenging issue. In
this thesis, the major research gaps are identified, associated with recent solutions in
resource allocation and scheduling with fairness in cloud computing. The recent develop-
ments have satisfied some desirable fairness properties such as sharing-incentive, Pareto-
e [ciehcy, envy-free, and strategy-proof in general perspective. However, some of these
promising features have not been satisfied for some users with demands dominated on
a particular resource type that cause an allocation to be intuitively unfair. First, recent
approaches have ignored the boundaries of fair-share and resource demands in allocation
decisions. Additionally, those approaches have fallen short in prioritizing tasks, consider-
ing di Cerkent resource types in scheduling time that may result in increasing the response
time for some users. Second, the recent developments have considered the equalization
only for dominant resources that could be an obstacle against utility maximization for
a certain number of users. Besides, there is no specific measure for evaluating the fair
distribution of resources among tasks with dominant and non-dominant resources, in
single and heterogeneous server settings. Third, it is still unclear how the number of
dominant resources in multiple servers, considering a specific resource type may aledt
the Pareto-e [ciehcy and sharing incentive properties. Fourth, investigating the fairness
problem, taking into account multiple resource types seems like a missing point in the
Kubernetes environment. This significant issue may increase the response time due to
a considerable number of pod evictions. This thesis seeks to address these substantial
gaps. First, a new mechanism is introduced to calculate shares among users, considering
a fair-share function that solves a utility maximization problem. Furthermore, a new
queuing mechanism is proposed to reduce response time for incoming tasks dominated
on diLerknt resource types. Second, to address the fair distribution of resources among
users, a fully-fair allocation algorithm is presented as well as a new fairness measure
for multi-resource environments. Third, to tackle issues concerning Pareto-e Lciehcy
and sharing-incentive in heterogeneous servers, a novel task scheduling mechanism is
introduced. Fourth, a new model is suggested to tackle the fairness problem in the



Kubernetes framework to reduce the number of pod evictions in scheduling time. The
experiments conducted in the Cloudsim framework, using randomly generated work-
loads and Google workload traces show that our proposed algorithms achieve higher
utilization of resources as well as fairness compared to DRF. Moreover, the evaluations
indicate that the proposed algorithms satisfy desirable fairness properties.
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Chapter 1

Introduction

1.1 Fairness in computer science

The fair allocation of resources is a signi cant milestone in computer science as any type
of resource should be distributed among users with diverse requirements (Baruah et al.
1993). The fairness problem is widely considered in communication systems where it
plays an important role in dividing the bandwidth between the links. Despite the rapid
growth of network capacity, the tra c is also increased dramatically which contributes to
resource scarcity in some points. Due to this drawback, users may not be able to receive
a desirable share based on their demands. The Unfair allocation may occur without
considering suitable sharing policies. The subsequent of such allocation leads to resource
wastage, scarcity, starvation, and excessive allocation (Ahmed et al. 2009). However,
the problem of fairness is not limited to the environments such as computer networks
where a single type of resource is taken into account. In particular, resource allocation
with fairness is considered in cloud computing systems with heterogeneous resources and
servers. Therefore, in this thesis, we investigate the existing problems regarding fairness

in cloud computing systems concerning the desirable fairness properties.

1.2 Fairness properties

Every fair resource allocation algorithm is subjected to meet some desirable fairness

properties. In particular, an algorithm captures a perfect allocation if it satis es all

1



important fairness criteria such as sharing-incentive, strategy-proof, Pareto-e ciency ,

and envy-free

1.2.1 Envy-free

Based on the envy-free property, an allocation is envy-free if no user complains others'
allocations or there is no user who prefers an allocation of others over a set of resources
that he/she receives (Wang et al. 2013). In order to judge a true measure of the fairness,
it is necessary to determine the utility functions of users to know whether they behave
envy against others (Rajaram 2014). Hence, assuming that there are two useisj 2

U = (1;2;::;;n) where U denotes the number of users in the system. Accordingly,
the allocation is envy free if the number of tasks allocated to usei satises ( ;)

( j), where indicates the number of tasks allocated to users and j.

1.2.2 Pareto-e ciency

An allocation meets the Pareto-e ciency if it grants an allocation for all possible
allocations ®as 9 i) > i( i) (Poullie et al. 2018). In other words, under the
Pareto-e ciency, no allocation is highly e cient than the current allocation. The Pareto

e ciency does not obtain the fairness, however, it is still a favorable property in all
conditions. The allocation of a set of resource® at time t is referred to Pareto-e cient

if in each time t, the fraction of each specic resourcer is allocated to users since,
no user can better-o his/her allocation by worsening-o others' allocations (Psomas
2014). 1t has been discussed that under a perfectly complementary utility function,
any non-wasteful allocation is Pareto-e cient when any kind of unallocated resource
is assigned to users (Poullie et al. 2018). In this work the authors have highlighted
the correlation between the fairness and Pareto-e ciency. There is also a relationship
between Pareto-e ciency and proportional fairness. Starting with a contradict case,
it has been assumed that a proportionally fair allocation, is not Pareto-e cient. In
this case, there is an allocation as each user is given by at least an equal utility and
also there is at least a user with a higher utility compared to others. Let's assume
n users, arriving at | levels, taking into account that they do not prefer to relinquish
their allocated resources. In such a condition, Pareto-e ciency is not achievable. Due

to this, the most proportion of resources that have already been allocated to current



users could be envied by those users who have arrived during next intervals. Overall,
the non-wasteful allocation is an adequate condition for Pareto-e ciency considering the

concept of perfectly complimentary utilities (Avital and Noam 2012).

1.2.3 Strategy Proof

Despite other fairness properties, it is very challenging to achieve the Strategy-Proof, and
in most cases, it is not possible at all (Li and Xue 2013). An allocation is Strategy-Proof if
a user is unable to maximize his/her allocation by misreporting demands. Consequently,
a user may stimulate others to report their utility functions. Assume that D denotes the
demands vector of a useli on resourcesR and ; as the allocation of useri, reporting
demandsD; truthfully. Also, there is a user who misreports demands, indicated byD?
asD; 6 D? Therefore, according to the strategy-proof, i( i) i( 9. Theoretically,
when fairness is still maintained, it is not necessary to satisfy in practical scenarios.
It is even impossible for a system to determine which user has truthful submissions or
which one intends to manipulate the system. This is due to that there is not enough
information that a user may use to misreport his/her demands. Based on the number of
users or how big a system is, strategy-proof can be maintained such as a case mentioned

in (Zahedi and Lee 2014) where it exists, considering a large number of users.

1.2.4 Sharing-incentive

The sharing-incentives property (Zahedi and Lee 201d) guarantees that no user can
better-o others when resources are regularly shared (Poullie et al. 2018). In terms of
equal distribution of resources, each type of resource should be equally divided among
users. Otherwise, if users have been given weight, then all the resources must be propor-
tionally allocated to them. Therefore, an allocation meets the sharing-incentive if every
useri betters o others' utilities U under an equal resource division. Meeting the Sl in
data centers where multi-resource allocation is considered, is a bit challenging and it is
a di erent notion compared to economics perspectives (Poullie et al. 2018). Nonethe-
less, in cloud data centers, where resources are distributed among di erent servers, the
sharing-incentive must guarantee that each user gets at least a fair division of resources.
In summary, if there are n users in the server and di erent types of resources are avail-

able with a specic capacity, then each user should receive at leasi=n of resources



(Zhao, Du, Lei, Chen and Yang 2018). On this occasion, it is possible to guarantee that

sharing-incentive has been satis ed.

Apart from the above-mentioned features, there are also other fairness criteria as follows:

1. Single resource fairness If there is only one type of resource in the resource pool
(Lin and Su 2017). In this case, the allocation could be relaxed to Max-Min

fairness.

2. Bottleneck fairness |If there are multiple types of resources and also there are
many users, if all users share the same type of resource, then the allocation could

be relaxed to the Max-Min fairness (Wang et al. 2013).

3. Population monotonicity: In a real-time environment where a user leaves the sys-
tem in a specic period of time and gives up all the resources, then other users
in the system should not experience any reduction in allocated resources (Ghodsi

et al. 2011).

1.3 E ciency and non-wasteful allocation

E ciency is one of the important aspects of resource allocation with fairness in comput-
ing systems. The basic intuitive notion of e ciency is the maximum allocation of any
resource type to users without wasting it under the notion of Pareto-e ciency (Avital
and Noam 2012). It has been already con rmed that in perfect complimentary utilities,
the e ciency could be interpreted as the Pareto-e ciency. Accordingly, an allocation is
subjected to be non-wasteful if for each user, all amount of resourceR is advantageous
for the utility of each user which is indicated by U(x;). Accordingly, a user may get
more resources by improving the utility of a speci c resource type. An allocation is
called wasteful if for usersi and j, a resource type is allocated for the value o0 to user

i and more than O to userj (Shah 2017).



1.4 Fairness in cloud computing

Resource allocation with fairness has been widely considered as one of the challenging
issues over the last two decades. Initially, fairness in computer science has been investi-
gated in computer networks by proposing di erent mechanisms using generally accepted
algorithms such as Max-Min and proportional fairness. (Bonald et al. 2006). However,
with the rapid expansion of modern computing systems, the fairness issue has received
much attention. Despite other distributed systems, cloud computing is particularly rec-
ognized in the heterogeneity of resources and servers (Lopez-Pires and Baran 2017). In
other words, a data center in the cloud is likely to be established by di erent servers,
including diverse con gurations in terms of resources, e.g., CPU, memory, bandwidth,
and disk storage (Wang et al. 2013). Correspondingly, users pose a signi cant interest
to submit jobs, consisting of multiple resource types. Due to such diversity, the recent
investigations have indicated that almost over 50% of resources in the cloud are wasted
due to the resource fragmentation and ine cient utilization of resources (Nehru et al.

2016).

The de nition of fairness in the context of cloud computing is very complex compared
to the traditional computing frameworks where the e ciency in resource allocation has
been determined, using,e.g., the makespan (Poullie et al. 2018). From a single resource
perspective, it is straightforward to equally divide a particular resource among a certain
number of users. However, in a multi-resource environment like cloud computing, the
equal resource division is hard to de ne. This is due to that the collection of resources in
the cloud are not comparable (Poullie et al. 2018). In particular, some tasks submitted
by users may include heavy requests on a specic resource type such as mathematical
operations that require a considerable amount of CPU. Nonetheless, others may request
a signi cant ratio of bandwidth to transfer large les through the web. Furthermore,

the dependency among these resources is still challenging as all types of them should
be considered in resource allocation decisions. Therefore, users must be allocated with

di erent ratios of resources, while these sets of resources are not comparable.

To overcome the fairness problem in cloud computing, and as the rst attempt, the Dom-
inant Resource Fairness (DRF)(Ghodsi et al. 2011) has been proposed. The dominant
resource has been de ned as the highest demand in which other demands are indicated as

fractions of the maximum resource capacity. DRF has rapidly attracted much attention



as it has achieved several desirable fairness features such as sharing-incentive, resource
monotonicity, envy-free, Pareto-e ciency, and strategy-proof (Ghodsi et al. 2011). It
has been also implemented as a scheduler on top of well-known platforms such as YARN
(Vavilapalli et al. 2013) and Apache Mesos (Hindman et al. 2011). However, under the
DRF policy, at least one type of resource is not fully utilized. It is even worse if DRF

is deployed separately in multiple servers. The allocation under this criteria has been
expressed as a highly ine cient allocation (Wang et al. 2013). In other words, DRF has
tried to maintain fairness among users with di erent dominant resources. However, it
has failed to achieve the e ciency and full utilization of resources. Dozens of extensions
have introduced di erent approaches to address the existing issues associated with DRF
(Wang et al. 2013; Wang et al. 2016; Khamse-Ashari et al. 2017). We will indicate that
these approaches have failed to meet some important fairness features such as sharing-
incentive and Pareto-e ciency for a certain number of users that may result in making

an allocation intuitively unfair.

Besides, the task scheduling with fairness in cloud computing has become a signi cant
issue due to the heterogeneity of resources and servers (Farias et al. 2020). Indeed, the
responsibility of a scheduler is to map incoming tasks/jobs to the most suitable server-
s/hosts to enable users to receive the best Quality of Service (Qo0S), e.g., response time
and maximum resource utilization. In terms of task scheduling, DRF has employed the
progressive- lling algorithm since users' tasks are scheduled based on the minimum dom-
inant resource. While the scheduling in DRF is limited to the single server, Dominant
Resource Fairness in Heterogeneous servers (DRFH) (Wang et al. 2013) has introduced
an alternative policy as such, each server hosts only one user's tasks. The scheduling,
taking into account this criterion violates the sharing-incentive property as under the
DRFH, some users are unable to receive at least 1/n of the maximum capacity of the re-
source pool. Hence, the understanding of nding an optimal server to host users' tasks,
dominated by multiple resource types is a signi cant concern. A di erent approach in
(Khamse-Ashari et al. 2017) has introduced a scheduling algorithm in presence of place-
ment constraints in which users may only receive resources from a subset of servers.
This scheduling mechanism has fallen short in satisfying the Pareto e ciency. Accord-
ingly, this thesis tries solve these problems by proposing fair resource allocation and task

scheduling algorithms.



1.5 Trade-o between the fairness and e ciency in cloud

computing

It has been studied that considering only the fairness is not enough to maintain the
satisfaction between users and providers (Bertsimas et al. 2012). Indeed, the resource
allocation problem becomes more complex when the fairness and e ciency metrics are
considered. The term e ciency in resource allocation is referred to the maximum/full
utilization of a particular resource type. Hence, on the one hand, increasing resource
utilization is desirable in terms of e ciency, and on the other hand, users must be
satis ed with the number of resources they receive. Actually, failing to satisfy either
the fairness or e ciency leads to a wasteful allocation (Xiao et al. 2013). Therefore, it
is essential to seek an optimal trade-o strategy to provision resources so that a higher

degree of fairness and e ciency is achieved.

For example, the Max-min fairness as a widely accepted fair allocation policy meets the
Pareto-e ciency, while it does not maintain the maximum utilization of resources. This
problem has been investigated in (Tang et al. 2004), suggesting how to deal with this
signi cant drawback. Apart from the Max-Min fairness, the alpha variable in  -fairness
is a tunable parameter that establishes a trade-o between the fairness and e ciency
(Jin and Hayashi 2018). However, the -fairness is not always a suitable candidate to
guarantee such a trade-o. The details of overcoming this issue have been explored in

(Sediq et al. 2012).

Maintaining fairness and e ciency could be straightforward in general resource allo-
cation problems such as computer networks that are solely based on a single resource
type. However, in heterogeneous environments like Cloud computing, it is very challeng-
ing to meet this trade-o . Despite the heterogeneity of resources in cloud computing,
some frameworks such as the Hadoop slot scheduler have applied a simple approach in
resource allocation decisions (Gautam et al. 2015; Wang et al. 2013). The allocation
under this criteria has an adverse e ect on the full utilization of resources which may
result in a highly ine cient allocation. As it has been discussed in 1.4, under the DRF
policy, all the resources in the data center have not been fully utilized. To address this
fundamental issue, establishing a trade-o between fairness and e ciency is likely to

be an optimal solution (Zahedi and Lee 2014). To have a better understanding of the



problem, we illustrate a simple example, considering two users, each demands CPU and
RAM to schedule tasks. Assume that user 1 requests for 2GB of RAM and 3 CPUs for
each job. Also, user 2 requests for 2 GB of RAM and 1 CPU for each job. The system
also has a capacity of 6 GB RAM and 4 CPUs. In this example, the concept of fairness
could be the amount of allocated resources based on the proportion of both users' de-
mands. According to this example, and based on the DRF allocation policy, 0.76 and
1.71 of jobs are allocated to users 1 and 2 respectively, with overall 2.47 allocated jobs.
Hence, according to the requested resources by users, user 1 gets only 0.17 jobs, while

user 2 receives 2.83 jobs which yields overall 3 jobs to both users.

As an initial attempt, the work in (Joe-Wong et al. 2012a) has proposed fairness func-
tions in a unifying framework to achieve a trade-o between fairness and e ciency,
taking into account the impact of fairness properties in achieving this trade-o. They
have also investigated the application of -fairness to achieve such a trade-o . Although
tuning the variable to a higher value may result in better fairness, it could not maintain
the e ciency. The joint application of the and proportional fairness has been further
explored as another solution to achieve a trade-o subject to appropriately adjusting
the variable (Khamse-Ashari et al. 2017). Although this approach has achieved this
trade-o , the Pareto-e ciency has not been satis ed. Correspondingly, in this thesis,
we take into account a distinctive approach compared to the recent solutions. In par-
ticular, instead of using the and global dominant share, the aggregate dominant and
non-dominant resources are introduced to achieve the e ciency and fairness trade-o
(see Chapter 4). Accordingly, the equalization of non-dominant resources is taken into
account as it has been ignored in recent approaches. Indeed, we formulate a maximiza-
tion problem, considering a correlation between dominant and non-dominant resources

that guarantee this trade-o .

1.6 Intuitive fairness in cloud computing

In economics, the concept of intuitive fairness has been reviewed in two di erent aspects.
In (Merkel and Lohse 2018) authors have studied whether fairness could be intuitive
based on how people judge fairness and respond to it in di erent conditions. Indeed, this
approach is out of the scope of this thesis. Therefore, we consider another perspective

of exploring the notion of intuitive fairness considering fair allocation algorithms and



fairness properties. In particular, this is possible by considering the satisfaction of all
individuals based on their preferences. We take a closer look at this problem in di erent
scenarios, taking into account a traditional example of cutting problem (Babaio et al.
2019). Based on this work, an example including two players has been considered. The
one is the cutter who divides a good into two portions while another player selects based
on what he/she prefers; in this case the allocation is intuitively fair. In particular, each
player gets exactly based on what his/her preference is. This allocation is the basic
concept of Max-Min Share (MMS) in competitive equilibrium (Aziz et al. 2019). In
another scenario, we assume two users A and B, and there is a good call&d It has
been also assumed that both users have not any preference on that good. As a result,
Y could be divided equally among both users so that each user get6=2 of that good.
Hence, according to the sharing-incentive property, this allocation is again intuitively
fair. Also, this type of allocation has been further investigated under the envy-free

property as one of the important fairness features (Kolm and See 2002).

Fair allocation mechanisms such as Max-Min and proportional fairness have been iden-
ti ed as appropriate solutions to divide resources among users when they have di erent
preferences on a speci c item/resource. Generally speaking, the allocation under these
algorithms is intuitively fair (Poullie and Stiller 2016) as users have no speci ¢ weight
on a demand and they get an equal share of a resource based on their preferences.
However, in the weighted proportional and Max-Min fairness, the allocations have been
determined by weights assigned to requested resources (Srikant 2004). Consequently,
judging whether an allocation is intuitively fair may depend on the value of where
1< < 1. Accordingly, by increasing the value of , the allocation becomes intu-
itively fair as it almost satis es all users' preferences. Correspondingly, the low value
of may violate the Pareto-e ciency as increasing a user's allocation could decrease
others' allocations. In this case, the allocation is not intuitively fair. Regardless of this,

it is straightforward to achieve an intuitively fair allocation in the settings solely based

on a single resource type (Poullie and Stiller 2016).

Therefore, we investigate the notion of intuitive-fairness in cloud computing with mul-
tiple types of resources. In section 1.4, we discussed DRF as a well-known policy for
allocating resources with fairness in cloud computing. Unfortunately, DRF and its re-
cent developments have ignored the notion of intuitive fairness. This signi cant issue

has been investigated in (Poullie et al. 2018), that not satisfying all fairness properties
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leads to an intuitively unfair allocation. Accordingly, the authors have explored the
concepts ofL1 and L; norms (Li et al. 2016) in DRF and Asset fairness to determine
overall resource utilization. The L1 norm is a measure to quantify the overall allocated
resources to users in which their demands are equally weighted. Asset fairness general-
izes max-min fairness by employing theL 1 norm. Hence,L; could be used rather than
L1 when multiple types of resources are considered. Thereforé,; speci es the value of

a requested resource considering its dominant share, which is the highest demand related
to the overall allocatable amount of a resource type. It is still arguable to tell which
norm is fairer, as under DRF policy a user with a dominant resource typek gets a small
fraction of that resource. While others with a dominant resource on a di erent resource
type get considerably more quota. To have a better understanding of the problem, we
refer to an example in (Poullie et al. 2018). It is assumed that there is a system with
two resource types that are divisible with a capacity vector of (1;1). Also there are
three users A, B, and C by demand vectorg1;0), (0;1), and (1; 1), respectively. User
A requests only the rst resource type, and user B requests the second one, while user
C requests both resources. Consequently, under the DRF policy, users A and B get a
0:5 fraction of resources, while user C receives the same fraction 6f5. As a result, this
allocation is not intuitively fair as this user has intensive demands on both resources. It
is worth mentioning that DRF is not intuitively fair concerning the Leontief functions

(Poullie and Stiller 2016) in which the excessive allocation is allocated among users.

Generally speaking, under the allocation in the above-mentioned example, the Pareto-
e ciency has not been satis ed as increasing the allocation for users A and B, has
decreased the allocation for User C. To be intuitively fair, the allocation vectors for
users A, B, and C must be(0:25;0), (0; 0:25), and (0:75; 0:75) respectively. To the best
of our knowledge, the Pareto-e ciency in recent approaches has not been satis ed for
some users with tasks dominated on a particular resource type. This problem seems
to be signi cant in large-scale scenarios in which there is a large number of demands
with a remarkable diversity in computational resources. Therefore, we believe that the
resource allocation and scheduling mechanisms are subjected to satisfy Pareto-e ciency
as well as sharing-incentive to achieve the notion of intuitive fairness. Hence, to achieve
this important criteria, this thesis tries to propose di erent resource allocation and task
scheduling algorithms to satisfy desirable fairness properties, speci cally, the sharing-

incentive and Pareto-e ciency for all users.
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1.7 Research problems

We already discussed that all the allocation and scheduling mechanisms are required to
satisfy desirable fairness properties for all users to achieve an intuitively fair allocation.

Accordingly, the recent approaches su er from the following issues:

1.7.1 Not consider the fair-share boundaries in resource allocation de-

cisions

The fair-share has been considered as a signi cant criterion to ful Il the sharing-incentive
property. The equalization of dominant resources based on the fair-share has been
explored in (Zhao, Du and Chen 2018). However, the numerical evaluations, conducted
in 4.2.3 has revealed that the equalization process solely based on dominant resources
may not satisfy Pareto-e ciency and sharing incentive in large-scale scenarios. This issue
may establish an obstacle against utility maximization for tasks, dominated by di erent
resource types. In recent developments, there is no speci c approach to consider the

boundaries of fair-share in resource allocation decisions (see 4.2 for more details).

1.7.2 Not employ the queuing isolation in scheduling time

As it has been already mentioned in 1.7, modern data centers are recognized in the het-
erogeneity of resources and servers. There is no speci ¢ study around fairness in queuing
mechanisms based on dominant resources. We believe that this problem becomes signif-
icant when the front of a queue is populated by tasks, dominated by a certain resource
type. In this case, other tasks with a di erent type of dominant resource are subjected

to wait for a long time until being scheduled (more details are provided in section 4.2.2).

1.7.3 Not consider fully fair resource allocation, among tasks with dif-

ferent resource types

In dominant resource-based allocation policies, both in single and multi-server ap-
proaches, it has not been investigated whether an accurate proportion of the entire
resource pool is allocated to tasks with dierent types of dominant resources. Con-

sequently, some tasks dominated on a particular resource type may occupy a more
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proportion of the resource pool. We will show that this leads to the starvation issue,
as some users are unable to maximize their allocations with nonidentical dominant re-
sources. Accordingly, such an allocation may adversely violate the Pareto-e ciency fea-
ture. Moreover, there is no certain strategy to measure the fair distribution of resources

among users with respect to heterogeneous resources and servers.

1.7.4 Not consider the number of dominant resources in multi resource

scheduling in cloud computing

We believe that populating a server with an uneven number of diverse dominant resource
types may increase the competition among tasks with identical dominant resources.
Consequently, the Pareto-e ciency and Sharing incentive features could not be achieved
in large-scale scenarios. Hence, it is crucial to re-think the task scheduling by keeping

the number of dominant resources in an equal condition concerning each server.

1.7.5 Not capture the fairness in Kubernetes

The Kubernetes is a cloud-native solution that has been introduced to orchestrate con-
tainers in a fully managed manner. The scheduler in Kubernetes is responsible for
nding the most suitable nodes to place pods. Since the scheduler does not consider
resource limits in scheduling time, many pod evictions may occur due to this important
drawback. Additionally, as users may request many replicas of pods, there is no fair
mechanism to manage those pods and assign resource limits in a way that all users

bene t from the best QoS with a minimum number of evictions.

1.8 Research questions

This thesis tries to answer the Research Questions (RQs) based on the problems
discussed in section 1.7 as follows:What is the intuitive fairness in cloud comput-
ing?. Accordingly, what is the impact of violating desirable fairness properties,
such as the sharing-incentive and Pareto-e ciency features to achieve an intu-
itively fair resource allocation? What is the relationship between the fair-share

and resource allocation decisions? Does the queuing isolation for incoming tasks,
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considering di erent types of dominant resources help to reduce the response time
for a certain number of tasks? Is it possible to achieve a fairer allocation, taking
into account equalizing dominant and non-dominant resources? How to achieve
a fully fair resource allocation, considering the trade-o between fairness and ef-
ciency while maintaining a correlation between dominant and non-dominant re-
sources?. To achieve this, how to fairly share resources among groups of users
with dominant and non-dominant resources? As Jain's index is a speci ¢ metric
to evaluate the fair allocation of resources among users, is there any mechanism to
evaluate the fair distribution of resources in a multi-resource environment, among
a group of users with dominant and non-dominant based demands? Is there any
relationship between the number of tasks dominated on a speci ¢ resource type
with Pareto-e ciency and sharing incentive properties concerning each server? If
it is, does equal numbers of non-identical dominant resources in each server could
achieve and improve these properties? What is the main reason of occurring pod
evictions in the Kubernetes framework? Does applying fair resource allocation

algorithms solve this problem?

1.9 Aims and objectives

The main aim of this thesis is to achieve an intuitively fair resource allocation in cloud
computing so that the fairness properties are achieved for all users either in the single and
multi servers perspectives. To reach this aim, we try to answer the research questions

in 1.8. Hence, the general objectives of this research are listed as follows:

1.9.1 Studying resource allocation with fairness in cloud computing

Resource management in cloud computing has become of paramount importance during
the last decade. In the meantime, fairness in resource allocation has established new re-
search challenges in this area. Accordingly, the aim of studying fairness is to have a deep
understanding of the existing problems associated with recent fair resource allocation

mechanisms. This study tries to achieve the following objectives:
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R Understanding the notion of fairness in computer science and cloud computing

1.9.2

systems.

. Figuring out the main intuition behind fairness features such as sharing-incentive,

Pareto-e ciency, strategy-proof, and envy-free.

Having a depth understanding of resource allocation mechanisms in cloud com-

puting from single to heterogeneous servers settings.

Exploring the concept of intuitive fairness in cloud computing and the in uence

of satisfying sharing-incentive and Pareto-e ciency for all users on achieving it.

Investigating the existing problems associated with Dominant

Resource Fairness(DRF) and its recent developments

The recent developments around Dominant Resource Fairness (DRF) have achieved

several desirable fairness properties. However, recent investigations have revealed that

they are not intuitively fair. Moreover, in large-scale scenarios, some users are unable to

maximize their utilities. Accordingly, in this section the following objectives have been

expected to be achieved:

1.

Developing new fair allocation mechanisms in the single and multi-server points of

view to achieve the notion of intuitive fairness.

Introducing a novel fair resource allocation mechanism based on the fair-share

function, considering the boundaries of demand pro les.

Introducing a novel queuing mechanism to isolate various dominant resource types

to prioritize them in scheduling time.

Equalizing both dominant and non-dominant resources to achieve a fairer resource

allocation.
De ning new metrics to measure the fairness in cloud computing.

Achieving a trade-o between the fairness and e ciency by maintaining a cor-
relation between dominant and non-dominant resources, through introducing the

aggregate and global aggregate dominant resources.
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1.9.3 Exploring the fairness problem in Kubernetes

The scheduler component in the Kubernetes framework fails to satisfy the fairness, as
it does not consider the resource limits in scheduling time. This fundamental concern
results in pod evictions and degrading QoS. Hence, the main purpose of this section is

to satisfy the following objectives:

1. Modeling the fairness in the Kubernetes and integrate proposed algorithms to

improve the functionality of the kube-scheduler.

2. Minimizing the possibilities of pod evictions in scheduling time.

1.9.4 Assigning incoming tasks fairly among servers with heteroge-

neous settings in cloud computing

The task scheduling in heterogeneous cloud environments has not considered the pop-
ulation of di erent types of dominant resources in each server. Failing to satisfy this
important criterion contributes in violating the Pareto-e ciency and sharing incentive
properties that may result in intuitively unfair resource allocation. Therefore, the fol-

lowing objectives are expected to be satis ed:

1. De ning new variables to maintain an equal distribution of tasks among servers

with respect to dominant resources.
2. Achieving high degree of Pareto-e ciency and sharing incentive features.

3. Applying the Lagrangian multipliers to de ne the main maximization problem,

aiming to nd the most e cient servers to host incoming tasks.

1.10 Research methodology

In this thesis, we use the constructive methodology which introduces di erent steps that
are required to conduct this research. Accordingly, we rst perform a comprehensive

literature review to gure out the existing problems associated with resource allocation
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with fairness in cloud computing. Then, we propose di erent approaches to address

those issues. We then investigate the applicability of those approaches in the modeling

perspective and industrial context. Finally, we evaluate the proposed algorithms in the

simulation environment. The details for the methodology are clearly discussed in chapter

3.

1.11 Original contributions

The main contributions of this thesis are categorized as follows:

1. A multi level fair resource allocation algorithm in cloud computing

(MLF-DRS) : Proposing a new fair resource allocation algorithm, considering
Max-Min fairness and proportionality. Accordingly, a decision making mechanism
is taken into account to allocate resources among users with respect to dominant

resources.

. A completely fair resource allocation algorithm in cloud computing

(FFMRA) : Proposing a novel fair resource allocation algorithm, and a new fair-
ness measurement metric to evaluate the even distribution of resources among

users with dominant and non-dominant resources.

. A fair resource distribution and allocation algorithm in heterogeneous

cloud (H-FFMRA) : Extending the notion of FFMRA in multi-server perspec-

tive, considering all allocation principles in FFMRA.

. A new approach to calculate resource limits with fairness in Kubernetes

De ning a new model to integrate the fairness in Kubernetes, taking into account

dominant resources in scheduling pods within corresponding nodes.

. A novel fair task scheduling mechanism in heterogeneous cloud (MRFS)

Proposing a new task scheduling algorithm, trying to keep the system in a desired
state to making sure that each server is occupied by tasks with equal number of

dominant resources on each particular resource type.

Figure 1.1, illustrates the main contributions of this thesis. As can be seen in the gure,

rst of all we propose MLF-DRS (Section 4.2) as an inspiration of DRF, Max-Min
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Figure 1.1: A representation of the original contributions of thesis - the purple blocks
refer to the original contributions

fairness, and proportionality. Then FFMRA (Section 4.3) is introduced which aims to

distributes resources fairly among users. FFMRA employs the allocation principles in
MLF-DRS. While these algorithms are categorized within single server environments,
MRFS (Section 5.2.2) and H-FFMRA (Section 4.4.4) are mainly proposed in multi-server
pro le. Finally, we propose a model to integrated all proposed algorithms in Kubernetes

(Section 4.5, Chapter 4).
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1.13 Thesis organization

This theses is organised as follows. In chapter 2, we review the basic and well-known
fair resource allocation algorithms such as Max-min, and proportional. Then, we explore
the basic concepts regarding the cloud computing and its service models. In the nal
section of the chapter, we conduct a comprehensive literature review on multi-resource

allocation mechanisms in cloud computing. The methodology is discussed in chapter 3.

Chapter 4 discusses MLF-DRS, FFMRA, and H-FFMRA as our three proposed fair
resource allocation algorithms as well as the model to calculate resource limits with

fairness in Kuberentes framework.
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In chapter 5, we introduce a fair new task scheduling mechanism called MRFS.

Chapter 6, investigates the applicability of proposed algorithms in the CloudSim and
Kubernetes. This chapter primarily focuses on the technical background of the simula-
tion environments and the models that describe their main functionalities in designing

proposed algorithms.

In chapter 7, we evaluate the performance of proposed algorithms, taking into account
di erent metrics such as resource allocation, utilization, and fairness. The experiments
are conducted in the cloudsim simulation framework, driven by the randomly-generated
workloads and Google workload traces. Finally, in chapter 8 we summarize the whole

thesis in di erent sections along with future directions.



Chapter 2

Background and literature review

2.1 Introduction

The fair division of resources has been considered as one of the signi cant issues in
di erent elds such as economics, computer science, and property management (Brams
and Weber 1996). This is the knowledge of distributing a set of resources between a
certain number of individuals based on their entittements. Any fair division mechanism

is subjected to meet some important requirements to ensure that each individual receives
at least a fair share of any speci c item. The rst one is proportionality (Baruah et al.
1993), which means that every individual receives at least 1/n of his/her utility. The
second one is equitability as each individual expects to get the same amount of resources
based on his/her assessment, exactly the same as others' preferences. The last one is the
Pareto-e ciency (Hansson 2004) as no individual can better o others' allocations. In
computer science, these concepts are determined based on utility functions. For example,
in the well-known fair resource allocation mechanisms such as Max-Min fairness (Jin
et al. 2009), the utility of a user is maximized to satisfy at least one of the fairness
properties, that have been already discussed in 1.2. In particular, the Max-Min and
other algorithms such as proportional and -fairness are generally used for environments
where a single type of resource is taken place. Nonetheless, by the emergence of cloud
computing technology, considering only a single resource type leads to an unfair and
ine cient allocation (Wang et al. 2013). Consequently, the application of all these
algorithms has been generalized in di erent approaches to ful ll all desirable fairness
features. Accordingly, in this chapter, we will explore whether these algorithms have

20
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been applied in cloud computing environments. Moreover, we will discuss how the
fairness properties have been satis ed under these criteria. This chapter is categorised
as follows. The section 2.2 is dedicated to the background study of the main concepts
behind the basic fair resource allocation algorithms. Based on this, we discuss the cloud
computing as well as its delivery and deployment models in 2.2.6. Moreover, the problem
of fairness is investigated in each setup. We also explore the existing problems regarding
the fair resource allocation and scheduling in cloud computing systems in 2.2.7. In the
last section of this chapter, a systematic literature review is conducted in 2.3, considering

di erent fairness approaches in cloud computing.

2.2 Background

2.2.1 Max-Min fairness

The feasible allocation of resources to a set of n users is Max-Min fair (Bertsimas et al.
2011) if for each useti, the allocation  cannot be increased without decreasing another
userj ' allocation indicated by j in which iandi 6 j. In other words, Max-Min
fairness is possible if a user cannot increase his/her allocation without decreasing others'
allocations. Under the Max-Min policy, the allocation of the smallest value is always
increased. This procedure continues until all links are saturated. Accordingly, there is

a Maximizing Minimal Value (MMV) problem as an optimization technique as follows:

maximize (min ( ))

Where refers to all possible allocations to users. Fundamentally, Max-Min fairness
attempts to increase the allocation of a user, considering the least amount of a particular
resource type. The Max-Min fairness has been widely used and investigated in di erent
disciplines such as network resource sharing, routing, ow, and congestion control (Nace
and Pioro 2006). There is also min-max fairness where the allocation of a user cannot be
decreased without increasing another user's allocation. Max-Min fairness is also referred
to the bottleneck optimality as it tries to divide the resources of a saturated link(fully

utilized) fairly among users (Coluccia et al. 2012).
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The max-min fairness algorithm works as follows. In the rst step, the value of the fair-
share is assigned to unsatis ed links. In the next step, the over-assignment from satis ed
links are shared fairly among unsatis ed ones. In this thesis, we re-think the concept
of Max-Min fairness to propose two new fair allocation algorithms in cloud computing.
Similar to other works, the Max-Min fairness in our proposed approaches is tted into

the domain of multi-resource frameworks instead of the single-resource setting.

Figure 2.1: An example of Max-Min, and weighted Max-Min fairness

We already discussed in 1.6, the original use case of max-min fairness without considering

the weights of preferences on a particular resource type is intuitively fair.

Example

Based on the example (Cheung n.d.) in Figure 2.1, there are four users with di erent
demands, competing over a bottleneck link with the capacity of 10 Megabits per second
(Mbps) . According to the Max-Min fairness, the fair-share of the specied capacity

is determined for each link. In this example, 2.5 Mbps is speci ed for each user. At
the rst level, users 1-4 get 2,2.5,2.5,2.5 Mbps. Since, the demand of user 1 is 2, it
is not possible to get the fair-share. Therefore, there is 0.5 Mbps over-assignment or
unused bandwidth. In the next stage, the Max-Min fairness computes the fair-share of
the unused resource of 0.1666 for users 2,3 and 4. Consequently, they receive 2.6 Mbps,
2.66666 and 2.66666 respectively. As, the user 2 in the second level has received 2.5
Mbps, there is still 0.0666 over-assignment. Accordingly, this value is divided among
users 3 and 4. Consequently, the nal allocation could be determined as follows. User 1:
2 Mbps, User 2: 2.6 Mbps, User 3: 2.7 Mbps and User 4: 2.7 Mbps. Based on the above
allocations, user 1 is the rst one to be maximized, considering the lowest demand, while

others are maximized in sequence just after user 1.
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2.2.2 Weighted Max-Min fairness

In real-world scenarios, users may have weight on a speci c resource type. Accordingly,
a user with a higher weight should be allocated more compared to others (Allalouf and
Shavitt 2004). Therefore, the priority of users is determined based on the weights on
each particular resource type. The resource allocation in the Weighted Max-Min Fairness
(WMMF) is determined in di erent levels. First of all, based on the normalized weights,
the allocation is calculated depending on users' demands. As a result, if two users have
exactly the same weights, the WMMF initially satis es a user with minimum resource
demand. In the next step, only those users with unsatis ed demands are satis ed using

the over-allocated amount of resources based on their weights.

Given the weights indicated by (w;) and (w;) for usersi and | respectively, it is possible
to say that the allocation is WMMF if it is not possible to increase ; without decreasing

i, where j=w i=w , (16 ]).

Example

Taking into account the example in Figure 2.1, it is assumed that each ow has been
assigned to a weight in whichw; = 1, wp = 2, w3 = 1, and ws = 1 that are the

weights associated with ows 1 to 4 respectively. Hence, under WMM, all allocations
are generalized by adding weights to them. First of all, WMM calculates the Fair Share

Unit (FSU) using the following formulation:

FSU = unallocated=totalweight (2.1)

Secondly, it allocates FSU to every weight unit. Finally, it calculates over-assignment
values for all ows. Based on the example, the nal allocations are as follows. Flow 1=

2.33333, ow 2= 3, ow 3= 2.33333 and ow 4=2.33333.

2.2.3 Proportional fairness

Considering a system with the resource capacityC and an allocation vector =
( 1; 275 n), consideringn users. The allocation is proportional fairness if it is fea-

sible (Allalouf and Shavitt 2004; Li et al. 2008):
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8i; i 0 and X C (2.2)
i=1
Using proportional fairness, it is possible to measure the multi-resource allocation, as it
considers a user with di erent resource demands instead of a single resource type (Jalal
et al. 2017). Proportional fairness could be relaxed to the max-min fairness in speci c
circumstances. WMMF and proportional fairness are intuitively fair based on the values
of . Hence, tuning this variable to an appropriate value could indicate whether these
policies are intuitively fair or not. Since, the basic concept of proportional fairness is the
best- t approach in the multi-resource cloud that we also consider it in our proposed

algorithms.

2.2.4 Alpha fairness

The fairness degree is speci ed using the alpha which is a tunable parameter to control
the trade-o between fairness and e ciency (Jin and Hayashi 2018). The value of the
alpha implies to speci ¢ conditions (Altman et al. 2008). If > 1 , then it denotes the
MaxMin fairness which is the maximum fair allocation. If alpha equals 1, it refers to the

proportional fairness and in a case such as 0, there is a maximization in throughput.

2.2.5 Quantitative fairness measure

To make sure that an allocation is fair, it is crucial to consider the quantitative measures
to scale the system in terms of fairness. Quantitative approaches are being used in net-
working and computing to evaluate the fairness in resource allocation. There could be
various quantitative translations from di erent perspectives such as uneven throughput
allocation, considering the penalty for uneven allocations, and allocating zero through-
puts for users that are all the notions of unfair resource allocation. Initially, the fairness

measuref has been de ned by (Jain et al. 1998) as follows:

f = min(P;=P) (2.3)
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Where P; and P; are the ratio of the throughput and round trip delay received by users
i and j sequentially. Jain's fairness index is the most widely used fairness evaluation
technique that has been proposed by (Jain et al. 1998). The main intuition behind Jain's
index is to evaluate the ratio of allocated resources to a user over other individuals in
the system. Accordingly, the outcome of the evaluation is an index, preferably a value
in a range betweenO to 1. Assuming a system withn users, each receives an allocation

. In this case, the index could be formulated as follows (Jain et al. 2005):

12 2
I )= H— (2.4)
n 2
i=1

According to 2.4, the Jain's index evaluates the fair allocation in a system, using the
indexJ() inwhich (0 J() 1). If the index is 1, then the system is fair so that all
resources are allocated equally among users, otherwise, it is not 100% fair. In this thesis,
we apply Jain's index to evaluate proposed algorithms, con rming that our approaches
behave fairly among all users. Although Jain's index has been proposed to evaluate
the allocation in frameworks with a single resource type, it is applicable to measure the

fairness in multi-resource scenarios.

2.2.6 Cloud Computing

Cloud computing is a promising paradigm that o ers scalable, on-demand, and highly
available resources in a virtualized form (Namasudra et al. 2013). According to Fig-
ure 2.2, cloud computing incorporates service delivery models that are Infrastructure
as a Service (laaS), Platform as a Service (PaaS), and Software as a Service (SaaS).
Each layer of this architecture distinguishes the level of services that must be delivered.
Furthermore, cloud computing o ers the private, public, and hybrid settings, known as
deployment models. In this section, we take into account delivery models to explore the

existing issues in deployment models.
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Figure 2.2: Cloud computing service layers

2.26.1 laaS

In the laaS delivery model (Namasudra et al. 201B) that lies in the bottom layer of cloud
computing infrastructure, the computational resources are provisioned on-demand con-

cerning users' requirements in a exible, manageable, and scalable way. The self-service

feature in laaS allows a user to access and monitor computational resources and services.

The organizations may use an API or a dashboard to access cloud services. Therefore,
users can get resources without requiring to set up and install any infrastructure or Soft-
ware. Instead, they have control over the applications, storage, and operating system.

These services are delivered as virtual resources.

2.2.6.2 PaaS

As a high-level integrated implementation, PaaS (Namasudra et al. 2010) is the second
layer of the cloud computing delivery model which is placed on top of the laaS service
model. It uses a web application to provide simple management of cloud resources.
With laaS, developers can deploy and customize their applications regardless of how
many resources are used. Google cloud engine is an example of PaaS which provides
scalable environment to develop web applications. In PaaS, all resources are managed
and operated by a third party or an enterprise. However, developers are still eligible
to manage their applications. PaaS has a di erent delivery model compared to laaS so
that in PaaS, a platform is delivered instead of any Software. PaaS also o ers a great

capability to businesses to create middle-wares as highly scalable and exible services.

a
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There are some advantages associated with PaaS such as high availability, a reduction
in the number of written codes, and a simple migration facility. As a PaaS, we use
Kubernetes as a container orchestration platform to investigate the problem of fairness

in resource limit assignments to pods in scheduling time.

2.2.6.3 SaaS

SaaS (Namasudra et al. 2010) is the top layer in cloud computing architecture, aiming

to deliver applications through the web, managed by third-party vendors. Technically,
the Software is provided to end-users as a service. Software applications are provided
to users through this layer via the internet/web browser. As the hardware is generally
abstracted using the virtualized technology, users are not required to buy hardware to
deploy their applications. The applications are accessible directly from the Internet
without requiring installation. Using SaaS, organizations can easily support their ser-
vices in real-time. CRM, communication tools like Skype, WhatsApp, and email are
simple examples of SaaS. Furthermore, the cloud consists of private, public, and hybrid
deployment models. Accordingly, We will investigate the problem of fairness in these

services while the delivery models are taken into account.

2.2.6.4 Private Cloud

The computing services in the private cloud are delivered through the web and private
internal network. There are many advantages of using private clouds such as scalability,
self-service, elasticity, and resource customization from the speci c servers (Hosny et al.
2016). In the private cloud, a set of resources are divided among users with di erent
preferences. Typically, under the private cloud, users have access to a speci ¢ share of
resources free of charge. Hence, in a mathematical perspective, users are not speci ed
by weight and no user has an advantage over another one to receive more resources than
required. Hence, without considering the delivery models, the main goal is to achieve
fairness as well as maximum utilization of resources which may result in achieving the

trade-o between fairness and e ciency (Khamse-Ashari 2018).
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2.2.6.5 Public Cloud

Unlike the private cloud, the public cloud providers make laaS resources available to the
public for a price or free through the Internet to allow the scalable sharing of resources.
The structure of the public cloud could be di erent according to the type of provided
services. While the trade-o0 between fairness and e ciency matters in this case, if users
pay for a service, the goal could be maximizing the revenue for providers as well as
maintaining the fairness (Khamse-Ashari 2018). Taking into account the laaS delivery
model, in the public cloud, multiple types of resources are distributed in di erent servers
and resource pools. Hence, users show considerable interest in receiving services from
di erent servers (Farley et al. 2012). Accordingly, there are a couple of common chal-
lenging issues in the public and private clouds because of (a) heterogeneity of resources,
(b) priority of tasks, dominated on a speci ¢ resource type, (c) evaluation of the fair dis-
tribution of resources, (d) establishing the trade-o between the fairness and e ciency
(costs and resource utilization), and (e) satisfying desirable fairness features, speci cally
sharing-incentive and Pareto-e ciency. All these problems are generally common in all
cloud computing delivery models. However, in the PaaS/SaaS delivery model, fairness
is a signi cant issue in managing cloud-based platforms such as Apache Mesos (Saha
et al. 2019), and Hadoop YARN fair scheduler (Lin and Lee 2016). In this thesis, we
also consider the public cloud where resources are distributed across di erent resource

pools, while users have the same weight on all resource types.

2.2.6.6 Hybrid cloud

The hybrid cloud (Vaishnnave et al. 2019) is the combination of private and public
clouds. In today's computing systems, this type of cloud is being used to deliver on-
demand and high-quality services to users. In particular, serving a huge number of
demands only in the public cloud seems impossible. Hence, the providers tend to serve
those requests using the dedicated and private servers that are normally set up on
the nearest place of users. Accordingly, the authors have suggested the application of
fairness to manage resources e ciently in such an environment (Madej et al. 2020).
Unfortunately, almost all fair resource allocation algorithms have been implemented in
simulation environments. Accordingly, we believe that it is necessary to integrate those

mechanisms in hybrid-adaptable frameworks. The Apache Mesos as a well-known cluster
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management platform is recently being employed in the hybrid cloud to deal with the
microservice-based applications (Xue et al. 2017). The Mesos employs DRF to manage
resources fairly within the cluster. Accordingly, in this thesis, we investigate the applica-
bility of fair resources allocation algorithms in Kubernetes as a container orchestration
platform that is used in the hybrid cloud. We also argue that the Kubernetes su er from

pod evictions as the Kube-scheduler does not consider resource limits in scheduling time.

2.2.7 Fairness in resource allocation and scheduling in cloud comput-

ing

Resource allocation is a fundamental problem that has been investigated in di erent
disciplines such as operating systems, computer networks, and data center management.
As can be seen in Figure 2.3, the Resource Allocation System (RAS) (Khanna and
Sarishma 2015) is a mechanism to guarantee that what percentage of a resource must
be provisioned to meet users' requirements. Moreover, the RAS is subjected to consider
the current status of each speci c resource type to select the most appropriate algorithm

to allocate resources to users as well as minimizing costs.

The RAS aims to utilize and allocate a limited amount of resources due to the rapid
expansion of cloud services and applications. Di erent factors contribute to having an
optimal resource allocation in the cloud such as resource contention that could happen
in a case when multiple users try to get resources simultaneously (Bilal et al. 2014).
Resource fragmentation occurs when there are enough resources in the resource pool,
however, resources cannot be fully utilized by applications. Therefore, it becomes more
challenging in allocating a limited amount of resources among users while maintaining
their satisfaction to meet QoS requirements (Abdelzahir et al. 2015). There are di erent
types of resources such as processor, memory, bandwidth, and storage in the cloud that
are available in virtual machines. This heterogeneity of resources requires developing a
fair and e cient resource allocation algorithms. Therefore, any RAS system is subjected

to handle some challenging issues such as the existence of multiple resource types, various
users' demands, presence of multiple servers, and placement constraints (Khamse-Ashari
2018). Apart from fairness, all resources in the data center must be fully utilized to avoid

resource wastage.
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Besides, scheduling algorithms are employed by service providers to schedule incom-
ing demands, aiming to manage computing resources with maximum e ciency. Task
scheduling algorithms aim to maximize the pro t and e cient consumption of resources

in cloud computing, considering the limited amount of resources (Gawali and Shinde
2018). Hence, dozens of tasks scheduling algorithms have been proposed in cloud com-
puting systems. The main functionality of any task scheduling algorithm is the process
of receiving and mapping incoming tasks to available servers, taking into account the
e cient utilization of resources. In particular, some short-term tasks in the cloud could

su er from a long waiting time in the queue that leads to the termination of those tasks.
This problem becomes more challenging as the users may have requests on multiple
types of resources (Singh 2014). The static task scheduling algorithms like FIFO, and
Round-Robin (Boloor et al. 2010) are being used in cloud computing systems as well as
heuristic optimisation algorithms such as Particle Swarm Optimization (PSO) (Zhang

et al. 2015). However, these approaches do not consider multiple types of resources
where the incoming tasks are dominated on a speci ¢ resource type. We will show that
the recent scheduling mechanisms in terms of heterogeneous settings have fallen short

in satisfying the sharing-incentive and Pareto-e ciency as desirable fairness properties.

We also show that the diversity of con gurations in multiple servers may result in chal-

lenging issues in developing fair scheduling mechanisms.

2.2.7.1 Multi-resource system setting

The resource pool in the Cloud computing includes multiple heterogeneous servers, repre-
sented byS = (1;2;:::;s) S, each consists ok resource types indicated byR = (1;2;:::; k)
such as CPU, memory and bandwidth. Each server is given by a capacity vector
C = (cl;cZ;::;ck) where C refers to the capacity of each resource typek with re-
spect to each servers. Assume,U = (1;2;:::;n) denotes the number of users, each has
speci ¢ resource demand vector which is indicated byX = (rk;r2;::;rk) of which rf
is the fraction of resourcek requested by useri over any particular server. It is also

assumed that all requested resources are positig > 0) for each useri and resource

type k.

Denition 2.1. A dominant resource for each usel with respect to each servers is

indicated as follows:
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Figure 2.3: Resource allocation and provisioning in the cloud computing

k
k — ri

dis = max& (2.5)
S

Given the allocation , the dominant share ds is de ned as the fraction of df of useri

(Vakilinia 2015):

= _i

2.2.7.2 Multi Resource allocation setting

In order to represent a resource allocation model in the cloud, it is assumed that there are
n users ands servers, each of which ha& resource type wherek 2 R. Correspondingly,

the resource allocation vector could be de ned as = ( '{s; i }‘S) .
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De nition 2.2. A feasible allocation exists if no servers over-utilized with regards

to its total capacity.

X
K K:8s2S;k2R (2.7)
i2u
De nition 2.3. Given the allocation in server s, the maximum number of tasks

that any user i can schedule, is determined as follows (Wang et al. 2013):

X
Ky — K\y.
( k)= ( i) (2.8)
s2S
The allocation is preferable for all users if they can schedule more tasks in a particular
server. Also, if a user utilizes a server's resources, they should not able to schedule more

tasks on that server. This normally refers to a non-wasteful allocation.

De nition 2.4.  An allocation ¥ is non-wasteful for any useri in servers, if it gets
rid of any resource that decreases the number of scheduled tasks (Wang et al. 2013). In
this case, the number of unscheduled tasks PS" that are wasteful should be less than

scheduled as 2% < K.

2.3 Literature review

As can be seen in Figure 2.4, we categorize the notion of fairness in cloud computing in
two di erent dimensions, including single and multiple-resource settings. In a single re-
source context, Max-min, proportional, and -fairness are mainly applied in developing
RAS systems. This is worth mentioning that among single resource mechanisms, the
-fairness is the most applicable approach in heterogeneous resource and server pro les.
The extension of -fairness has been applied to address the e ciency problem in DRF.
The second category includes the fair mechanisms in multi-resource environments. Ac-
cordingly, four di erent extensions are considered, including single server, multi-server,
multi-server in presence of capacity constraints, and cost-e ciency. The main focus in
single server setting includes a) utility maximization for users with tasks dominated on
di erent resource types, considering the boundaries of fair-share and resource demands

while satisfying the Pareto-e ciency feature to achieve an intuitively fair allocation
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(RQs 1 and 2), b) Prioritizing tasks in multiple queues based on non-identical dominant
resources (RQ 3), and ¢) Equalizing dominant and non-dominant resources to establish
trade-o between the fairness and e ciency (RQ 5). In the multi-server perspective we
explore the problems regarding the sharing-incentive property, tailored to the fairness-
e ciency trade-o (RQ 1) and equalization of dominant and non-dominant resources
(RQ 4). In the section with placement constraints, we emphasis on equalizing the num-
ber of dominant resources in each server to reach and improve the Pareto-e ciency and

sharing-incentive properties (RQs 1 and 7).

Figure 2.4: The evolutionary diagram of fairness in computing systems

2.3.1 Resource allocation with fairness based on single server

Resource allocation with fairness in cloud computing has been mainly considered in
Apache Hadoop slot scheduler (Gautam et al. 2015). Accordingly, resource assignment
to jobs in a fair way is a signi cant issue, especially, when a single job is executed and
utilizes the whole cluster. In dierent time intervals, after submitting new jobs, the
remaining resources in slots are allocated to new arrival jobs. Consequently, each job
in the cluster bene ts the same amount of CPU time. To fairly share resources among

di erent jobs, the corresponding priorities are determined based on associated weights.
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All Jobs in the scheduler are placed in a pool for scheduling by the fair share or FIFO
policies. Users are not eligible to submit a large number of jobs within the cluster, as
the Hadoop fair scheduler has the authority to limit the number of submitted jobs. Al-
though Hadoop is a cloud-based framework, it considers only a single resource type. It
may cause allocation problems where multiple types of resources are considered. Yet An-
other Resource Negotiator(YARN) (Lin and Lee 2016) is the next generation of Hadoop,
aiming to address the resource sharing and scalability challenges existing in the Hadoop
scheduler. Fairness and maximum resource utilization are provided by introducing the
fair and capacity schedulers. Di erent fair scheduling policies are embedded by default

in the YARN, such as FIFO, and DRF to share resources among jobs inside a queue.

Asset fairness (Ghodsi et al. 2011; Tang et al. 2018) has been proposed as a microeco-
nomics concept to deal with the fairness problem in multi-resource environments. Under
this mechanism, the valuation of equal shares is the same for all types of resources. For
example, if the value of the CPU is ¢ 1, then the value of memory is ¢1 as well. There-
fore, to allocate resources, Asset fairness aims to equalize aggregate resource values
allocated to each user. Basically, for every speci c user, the Aggregate Share (AS) is
indicated by x; = kR!‘, where K is the amount of resourcer which is allocated to user

i. However, asset fairness does not ful ll thesharing-incentive property as some users
are unable to receive at leastl=n of resources (Wang et al. 2013). We do not target
asset fairness as it does not meet the sharing-incentive as one of the most important

fairness features.

A fair division of resources based on the microeconomics theory is recalled Competitive
Equilibrium from Equal Incomes(CEEI) (Ghodsi et al. 2011). Under CEEI, at least 1=n
of resources are allocated to every user. Then, a user may trade his/her resources with
others in the market that is highly competitive. CEEI is Pareto-e cient and envy-free.
The main idea behind CEEI is tailored to the Nash bargaining model. Based on this, only
an allocation is selected that maximizes the utility of a useri given his/her allocation
This utility is denoted by U;i( ;). Although, CEEI meets both Pareto-e ciency,
and envy-free properties, it is not strategy-proof. Consequently, users could maximize
their allocations by misreporting demands. Indeed, the problem of strategy-proof is still
challenging in a real data-center environment. In other words, it is possible to prove

this property from a theoretical perspective, nonetheless, for a real environment, it is
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challenging to gure out which user tends to misreport real demands or manipulate them

to get more resources.

DRF has been proposed to deal with problems in CEEI, Asset fairness, and Hadoop fair
scheduler. The intuition behind DRF is to equalize dominant resources for all users. As
an example, there is a system with two resource type¢CP U; RAM ) where two users
A and B submit their tasks with demand vectors (1CP U;4RAM ) and (3CP U;1RAM )
respectively. If the total capacity of the resource pool is(9CPU;18RAM ), then, a
dominant resource for user A is RAM because o{1=9 < 4=18) and for user B is CPU
due to (3=9 > 1=18). Accordingly, DRF allocates (3CPU;12RAM ) for user A and
(6CPU;2RAM ) for user B. DRF has satis ed some desirable fairness properties such
as the sharing-incentive, envy-free, Pareto-e ciency, and strategy proof (Ardagna and
Squillante 2015). However, we will show that in some circumstances, DRF is unable to

meet these properties e.g, in presence of multiple servers or long-term conditions.

As the DRF is unable to ful ll hierarchical scheduling, the authors introduced a new
online multi-resource scheduler(H-DRF) in (Bhattacharya et al. 2013). The purpose of
H-DRF is to reduce the possibility of starvation and makes sure that every group in
the hierarchy receives a fair share of resources. The basic con guration of H-DRF is
a weighted tree in which every node represents a positive value. The weights in the
tree show the importance and the leaves refer to the jobs for resource allocation. Under
H-DREF, it is guaranteed that every node in the tree gets a speci ¢ share of resources. H-
DRF has been implemented in two static and dynamic versions where the dynamic one
gives a better level of QoS in terms of response time, and job completion time 413% faster
than the original DRF (Zhang and Boutaba 2014). In H-DRF, jobs within the cluster
are packed e ciently that gives an excellent throughput. However, H-DRF does not
show any improvement in 4-slots, and it begins to improve after 5-slots. Unfortunately,
this leads to unfair, and ine cient allocations. Moreover, the naive implementation of
H-DREF fails to satisfy Pareto-e ciency. Additionally, H-DRF does not consider fairness
when the placement constraints are taken into place. Also, the hierarchical approach,
employed in H-DRF does not show how requested resources are compared to the fair-
share in resource allocation decisions (RQ 2). In particular, H-DRF allocates resources
based on the proportion of demands to the fair-share. We will illustrate, comparing
dominant resources with the fair-share leads to a fairer allocation as those dominant

resources greater than the fair-share get exactly what they ask for. On the other hand,
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others lower than that are maximized to get at least 1=n of resources. Furthermore,
H-DRF has considered the equalization of non-identical dominant resources based on
their contribution over a speci ¢ resource type (RQ 4). We will show that this type of
allocation may unexpectedly maximize a speci ¢ non-dominant resource type that may
result in starving other tasks, dominated on a di erent resource type. Consequently, this
allocation is not intuitively fair (Poullie et al. 2018). Additionally, under the hierarchical
and progressive- lling mechanisms, employed in H-DRF and DRF, it has not been ex-
plicitly investigated how to prioritize tasks based on non-identical dominant resources,
considering a speci ¢ queuing mechanism (RQ 3). We will show that this leads to an
increase in the response time for some tasks that arrive in the queue just after ones with

an identical dominant resource type.

The notion of fairness with regards to users' entittements on some bottleneck resources is
not supported by DRF. Accordingly, in (Dolev et al. 2012) authors proposed a Bottleneck
Based Fairness(BBF) as a new approach to allocating divisible resources. BBF targets
a form of allocation as no user complains to get more resources. Hence, the allocation
refers to BBF if every user gets a desirable amount of resources at least on a bottleneck
one. Similar to DRF, BBF has also satis ed some desirable fairness features. However,
under some conditions, it has failed to meet the Pareto-e ciency that makes it intuitively
unfair (RQ 1). Although, BBF considers fairness over a set of bottleneck resources, it has
ignored whether a fair allocation could a ect the system's utilization. Moreover, in severe
conditions, BBF has failed to satisfy the sharing-incentive and envy-free properties.
To overcome this issue, in (H and P 2014) authors introduced a Bottleneck Aware
Allocation(BAA) mechanism that considers a bottleneck sets of multiple resources. BAA
aims to maximize overall resource utilization and fairness among users. Like DRF, BAA
meets some desirable fairness properties. BAA operates in two-tiers phases that are:
allocation, and scheduling. In the rst phase, BAA sends out resource requests to the

storage, and automatically determines the weights according to workload behaviors.

The term "trade-o between the fairness and e ciency" that has been already discussed

in 1.5, is the main drawback associated with DRF. Hence, a new multi-resource allocation
algorithm called DRBF (Zhao, Du and Chen 2018) has been proposed to solve this
problem. DRBF has considered bottleneck resources and places them in di erent queues.
It also employs a linear programming strategy for resource allocation based on dominant

resources. DRBF provides 100% resource utilization, and better fair allocation compared
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to DRF. However, we will show that like other extensions of DRF, DRBF has failed to
meet the intuitive fairness as some users with dominant resources are unable to maximize
their allocations. In other words, this may result in violating the Pareto-e ciency for
some users, which is an obstacle against the notion of intuitive fairness (RQ 1). In
particular, BAA and DRBF assume bottleneck dominant resources and equalize them
based on the fair share. Additionally, it has not been explored the equalization of
non-dominant resources along with dominants as bottleneck resources. Moreover, these
mechanisms have ignored how the fair proportion of resources are divided among a group
of users with dominant and non-dominant resources. This problem could be solved
by considering the proportion of the whole resource pool for these sets of resources
and equalizing them not only based on the contribution of dominant resources over a
particular resource type but only based on the whole capacity of the resource pool. We
will show that this solution also leads to strong trade-o between fairness and e ciency
(RQ 5).We will show that the allocation under this approach could solve the problems

regarding utility maximization and intuitively fair allocation.

In (Parkes et al. 2015) authors have studied the results associated with DRF in three
stages. Initially, they have investigated the extension of DRF in more expressive set-
tings in a case that users are weighted on di erent types of resources. Also, they have
represented how it is possible to deal with indivisible resources whereas other works
consider only divisible ones. The authors have claimed that DRF does not show a good
performance concerning social welfare. Accordingly, they have tried to deal with this
issue by studying the relationship between the desirable fairness properties, and social
welfare. They also have determined the utility of each user regarding their allocations
while DRF and other works focus only on basic preferences. Accordingly, if the total
number of resources ik, then DRF gives a minimum of 1=k of optimal allocation with
regards to social welfare. Therefore, it a ects other fairness criteria such as SP, EF, and
Sl. Moreover, they have investigated that if there are zero demands in the system, how
DRF could deal with those at di erent levels. Nonetheless, this approach has assumed
that the resource pool is composed of divisible resources. Hence, if the cluster consists

of a considerable number of small machines, resource fragmentation could happen.

The main research problems in this section fall into the Pareto e ciency feature and
ine cient utilization of resources. Accordingly, a considerable number of users are not

able to receive at least a fair share of resources. Another problem in this category is the
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response time, due to the lack of a mechanism to prioritize tasks dominated on multiple
resource types. Finally, violating the Pareto-e ciency, explored in the above-mentioned
approaches leads to starvation for some users, may result in violating the concept of
intuitive fairness. In addition to this, the problem of fairness could be more complex
when users are allowed to submit multiple jobs to the data center. In this particular
case, it is very di cult to judge how to share resources among users as some users may
have more jobs than others. In particular, and considering the general application of
fair resource allocation algorithms in the cloud, it has been assumed that all users have
an equal number of jobs. Although this is still a challenging issue, it is out of the scope

of this thesis.

2.3.2 Resource allocation with fairness based on heterogeneous servers

DRF and its extensions that have been explained in the previous section have assumed
that all resources are concentrated in a shared resource pool. However, in real scenarios,
resources are distributed in di erent servers with speci ¢ con gurations. In such a case,
the de nition of a dominant resource is still challenging and unknown (Wang et al. 2013).
Also, applying DRF separately in each server causes an ine cient allocation as some

users may have dominant resources in multiple servers.

To overcome the e ciency problem associated with DRF in heterogeneous servers, in
(Joe-Wong et al. 2012) authors have proposed a mathematical approach to tackle the
fairness and e ciency drawbacks corresponding to multiple types of resources, and
nodes(servers). In the rst step, they have introduced a mechanism to measure e -
ciency and fairness. In this model, resource allocation has been determined using the
utility maximization problem, and a sub-gradient method regarding each server's capac-
ity constraints. The proposed algorithms have guaranteed that fairness and e ciency
have been achieved by the system. Nonetheless, under this approach, it is unknown how
to de ne dominant resources when there are di erent servers with diverse speci cations

(Wang et al. 2013).

In (Wang et al. 2013) the generalization of DRF has been proposed, aiming to address
the e ciency problem associated with DRF in heterogeneous servers. Despite (Joe-
Wong et al. 2012), DRFH has performed the global dominant sharesto attain Max-

Min fairness, as it guarantees service isolation among users. Technically, DRFH has
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attempted to schedule all users' tasks on a single server. Althouth, DRFH has satis ed
several fairness features, it is unable to guarantee the sharing incentive property in some
conditions. Furthermore, DRFH has failed to satisfy bottleneck resource fairness as it
maximizes the minimum global dominant shares and then schedules all tasks of a user
in a single server. As we already discussed in 1.6, satisfying this important property is
one of the requirements to achieve an intuitively fair allocation (RQ 1). Hence, we can

say that DRFH is not intuitively fair.

In (Xu and Yu 2014) a nite extensive game-theoretic approach based on the utility
functions has been introduced to solve the fairness and e ciency trade-o in heteroge-
neous servers. The basic purpose of the work is to pack VMs according to their utility
functions for achieveing an optimal resource allocation decision on demand. Further-
more, the work has attempted to reduce resource fragmentation by scheduling VMs to
appropriate servers to enhance resource utilization. To achieve this, they have con-
sidered the maximization of a particular resource type with a minimum consumption
concerning each server. However, this work has not explicitly investigated the trade-o

between fairness and e ciency.

According to the literature, there is still a gap to nd optimal solutions in heuristic
approaches. To take this into account, the authors have introduced an Ant colony-
based optimization approach (Liu, Zhang, Cui and Li 2017). A new parameter has been
suggested to improve the performance of the algorithm in terms of convergence. This
parameter aims to control the diversity of the population in the proposed model. Based
on the experiments, DRF-AT performs better in achieving global dominant sharescom-
pared to DRFH, and best- t algorithms as well as higher resource utilization. However,
the authors have not investigated how DRF-AT satis es desirable fairness properties

under various conditions, such as Pareto-e ciency, and sharing-incentive.

The utility functions in DRF and other similar approaches are not investigated in con-
tainers as a realistic virtualization strategy in jobs isolation. Following this, (Friedman
et al. 2014) introduced a new approach called CDRF to extend DRF using a bargain-
ing model as well as weighted max-min fairness that guarantees a strategy-proof, and
e cient mechanism. The DRF policy has been further investigated in (Beltre et al.

2019). In this work, the application of DRF in the Kubernetes environment has been
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explored in terms of pod scheduling, considering demands, and waiting time in a multi-
ple nodes/servers scenarios. Nonetheless, the work has not explicitly studied the impact
of resource limits in scheduling decisions. We believe that this important aspect con-
tributes to reducing the pod evictions in scheduling time (RQ 8). Moreover, the resource
limits are particularly e cient when they are associated with the namespaces for each

pod, considering particular resource-intensive demands.

All the above-mentioned approaches, more speci cally DRFH, have fallen short in satis-
fying the sharing-incentive property. As we have already discussed, failing to satisfy one
of the fairness features may cause an allocation to be intuitively unfair. In particular,
we believe that the concept of global dominant share could be generalized to the global
aggregate resources for both dominant and non-dominant resources. This is necessary
to guarantee that the entire resource pool is divided fully fair among users. We will
indicate that employing this approach satis es the sharing-incentive property which is
crucial to have an intuitively fair resource allocation. Moreover, one of the most signi -
cant gaps in the current literature is that there is no explicit way to judge whether the
resources in the data center is distributed among groups of users with dominant and

non-dominant shares.

2.3.3 Resource allocation with fairness based on heterogeneous server

and placement constraints

In the previous section, we discussed di erent approaches, considering multi-resource
allocation with fairness in multi-server cloud. However, the recent investigations reveal

that approximately 50% of submitted tasks by users are eligible to receive services from
only a sub-set of servers (Sharma et al. 2011; Ghodsi et al. 2013). In other words,
users' tasks could be limited to a certain number of servers. In this section, we overview
several works, taking into account heterogeneous servers while the placement constraint

has been considered as well.

In (Ghodsi et al. 2013) authors have proposed Constrained Max-Min Fairness(CMMF)
as an extension of the Max-Min algorithm, using iterative linear programming. CMMF

is an 0 ine mechanism which is suitable for grid environments where all jobs are coarse-
grained. Also, an online algorithm called choosy has been introduced to deal with a

data-center environment where users enter to and leave from the system, or resources are
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added or freed-up in real-time. CMMF bene ts from two signi cant allocation features.
First of all, it attempts to stimulate all resources to be pooled in a common cluster.
Secondly, it tries to limit users from misreporting their constraints. The experiments
conducted in the Mesos cluster driven by the Google and Facebook traces show that

Choosy could converge faster to an optimal solution.

The complexity of jobs in a heterogeneous environment when each user has multiple
jobs, leading to highly ine cient allocation. To address this issue, User-Dependence
Dominant Resource Fairness (UDRF), has been introduced in (Tahir et al. 2015) as an
extension of DRF. Moreover, an o ine scheduling algorithm has been introduced that
provides fairness in allocating resources among users considering Max-Min mechanism,
dominant shares, and graph theory. In U-DRF, authors has investigated whether the
DRF is achievable when users have multiple complex jobs. Based on this work, tasks are
dependent on each other with placement constraints. Similar to other approaches, U-
DRF meets some desirable fairness properties. Based on the experiments, U-DRF shows

better job completion time compared to DRF, as well as reducing resource wastage.

As the strategy-proof is generally studied as one of the requirements in U-DRF, how-
ever, this important feature has been extensively investigated in presence of placement
constraints by introducing Task Fair Share(TSF) (Wang et al. 2016). TSF equalizes and
schedules tasks shares, considering servers' capacity constraints. Also, TSF supports
dynamic scheduling to make sure that users report their demands truthfully. Similar
to other approaches, TSF performs Max-Min fairness to each task share. Taking into
account divisible tasks, TSF is attainable to use the progressive lling algorithm. More-
over, TSF employs an o ine approach to determine resource allocation and scheduling
in di erent stages. First of all, TSF takes task shares of users until they reach a max-
imum point. TSF inactivates tasks if they cannot be increased. Finally, active tasks
are increased without decreasing the allocation of inactive tasks. The experiments show
that TSF achieves 22% faster job completion than static approaches. Additionally, TSF
isolates mini-jobs from gigantic jobs. Since TSF does not allow mini-jobs to be starved
by the big jobs, they su er from a considerable high completion time. Accordingly, we
believe that a queuing mechanism should be developed to avoid such a condition in a

multi-resource cloud computing environment (RQ 3).

Despite ful lling some fairness properties, TSF does not satisfy bottleneck fairness. To
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address this issue, authors in (Khamse-Ashari et al. 2017) proposed a new allocation
mechanism called "Per-Server Dominant Share Fairness" as an extension of DRF that
takes into account the weight of allocated resources to every individual concerning each
server where the placement constraint is considered as well. PS-DSF determines virtual
dominant share for each speci c server. Under PS-DSF, the allocation vector is updated
in certain periods to make sure that the nominated user is assigned to the most e cient
server. Consequently, it achieves a higher utilization of resources compared to other
allocation mechanisms such as TSF, and CDRFH. Although PS-DSF has satis ed the
fairness properties like sharing-incentive and Strategy-proof, it has not met the Pareto-
e ciency, which makes this allocation intuitively unfair (RQ 1). We believe that the
placement constraints could be represented using a di erent approach, considering the
equal number of hon-identical dominant resources in each server as well as the maximum
availability of resources (RQ 7). This strategy may result in satisfying not only the
Pareto-e ciency but also the sharing-incentive property (RQ 1). Hence, incoming tasks

are eligible to receive shares based on these criteria.

One of the important research directions that could be explored in the last two categories
is the investigation of utility functions in real data centers in presence of heterogeneous
servers. This may also help to identify utility function classes in those environments
that could be further achieved by exploring the dependency among multiple resource
types. Moreover, in practical scenarios, regardless of the fairness, the e ciency in data
centers could be optimized. In this thesis, we only consider the utility functions in the
simulation environment as well as the dependency among dominant and non-dominant
resources to make sure that the resource distribution is fairly maintained. In particular,
we take into account the correlation between these types of resources in terms of their

contribution to the whole data center.

2.3.4 Resource allocation with fairness with cost e cient approaches

In the Cloud computing delivery model, laaS allows users to get resources on a pay-
as-you-contribute basis. Especially, Amazon EC2 enables users to get a xed amount
of computational resources on demand (Bhise and Mali 2013). This approach which

is known as the T-shirt model has many negative aspects such as SLA violations, and
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Algorithms approach Sl | PE | SP | EF comments
This algorithm does not satisfy
the sharing-incentive property
Competitive equilibrium based This algorithm does not satisfy
on equal incomes the strategy-proof property
Ine cient and unfair in multi server
settings when is applied
Max-Min fairness generalisation separately in each server
and progressive lling * Pareto-e ciency is not satis ed in
some scenarios with more
than two users
Fairness based on bottleneck * Pareto-e ciency has not been

DRBF (Zhao, Du and Chen 2018) X | x| X X -
resources satis ed for some users

Asset Fairness (Tang et al. 2018) aggregate resources X X X

CEEI (Ghodsi et al. 2011)

DRF (Ghodsi et al. 2011)

- Sharing-incentive and Envy-free have
BBF (Dolev et al. 2012) Generalisation of DRF based on X | X X X not been satis ed under forced

bottleneck resources "
conditions
As it maps each user's task to
an exclusive server, the
sharing-incentive
has been violated

The extension of DRF in multi
DRFH (Wang et al. 2013) server pro les, introducing X X X
global dominant share

Solving the problem of optimal
DRF-AT (Liu, Zhang, Cui and Li 2017) | heuristic solution in scheduling
resources

Authors have not investigated
fairness features

Although it has achieved all
desirable fairness properties
, it is not fair as it has not consider
the placement constraints

The generalisation of Max-Min
U-DRF (Tahir et al. 2015) fairness, graph theory, and X | X X X
dominant resource shares

De ning the fairness based
TSF (Wang et al. 2016) on DRF and introducing task X | X X X
share fairness
The extension of DRF and
PS-DSF (Khamse-Ashari et al. 2017) | TSF by introducing the virtual X X X
dominant share

Big jobs have been starved
compared to short jobs.

Table 2.1: The summary of multi-resource allocation mechanisms, emphasis on fair-
ness properties such as Sharing Insentive (Sl), Pareto E ciency (PE), Strategy Proof
(SP), and Envy Free (EF) as well as their main approaches.

performance degradation because of the delay in VM allocation, and run-time over-
head (Nguyen et al. 2013). These negative aspects may result in ine ciency in resource
utilization, and increasing operational costs. Resource allocation with fairness in hetero-
geneous servers is considerably interesting as the objective is to allocate resources from
the low-cost servers (Khamse-Ashari et al. 2018). Therefore, in this section, we analyze

the recent approaches in terms of fair and cost-e cient resource allocation in the cloud.

Reciprocal Resource Fairness(RRF) (Liu and He 2014) as a ne-grained resource allo-
cation mechanism focused on allocating resources with fairness in a pay-as-you-go, and
multi-tenant cloud. The most serious problem that exists in such computing models is
free riding as some users could buy less amount of resources than their initial demands.
Therefore, RRF tries to solve such signi cant issues by letting users protect their assets.
Under RRF, users may trade their unused resources with other tenants. RRF targets
fair allocation by proposing two approaches calledinter-tenant resource trading, and
intra-tenant weight adjustment. RRF also guarantees that non-dominant shares bene t

a minimum amount of resources. The results show that RRF presents better perfor-

mance improvement approximately by 45% on average compared to other approaches
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such as the T-shirt model (Nguyen et al. 2013). VM density is also improved under
the RFF mechanism among users. Moreover, resource costs in RRF are reduced by
approximately 55% while the application performance degradation is lower than 15%.

This represents a good trade-o between the cost and performance metrics.

A Cost-e cient and Fair Multi-Resource(CFMR) allocation algorithm in (Khamse-
Ashari et al. 2018)targets minimizing operational costs in the cloud. To do this, the
proposed distributed algorithm attempts to assign low-cost servers to users with fair-
ness. The work is the generalization of (Joe-Wong et al. 20122 Li et al. 2008). To
maximize utility functions, the authors tried to formulate a concave optimization prob-

lem. Based on the results, CFMR reduces the operational cost by tuning parameter.

The problem of fairness associated with the cost is out of the scope of this thesis. Hence,

we consider it as one of the future research directions.

2.4 Summary

In this chapter, we study the principles of fair resource allocation algorithms in computer
science and cloud computing systems. Then, we comprehensively explore the evolution
of fair allocation algorithms in heterogeneous cloud environments. The fair allocation
approaches are categorized in four sections as (a) single sever, (b) multiple servers, (c)
multiple servers with capacity constraints, and (d) cost-e cient. Moreover, we highlight
the existing problems in each category based on the research questions in 1.8. Further-
more, all existing research work is summarised in table 2.1, including fairness properties

concerning each approach.



Chapter 3

Methodology

In this thesis, we use the constructive research methodology (Lukka 2003) that provides
a roadmap to solve problems. It also indicates whether the research could have a con-
tribution to the theory and real-world problems. A constructive methodology consists

of constructions such as diagrams, mathematics, plans, and models. Accordingly, this
thesis also provides evidence of using diagrams, algorithms, mathematical representa-
tions, and simulations as constructions. In particular, the mathematical formulas are

part of the theoretical aspects of these constructions. The key stages of a constructive

methodology that is applied in this thesis are illustrated in g 3.1.

Figure 3.1: Key phases of constructive methodology used in this thesis

45



46

As can be seen in the gure, the rst phase of a constructive methodology is nding the
relevant issues as an indispensable part of any research. In this phase, the theoretical
and practical concerns related to the literature should be taken into account. For this
speci ¢ part, in this thesis, we conduct an extensive study on the fairness problem in

cloud computing systems to nd related issues, that are mostly re ected in section 2.3.

The second step of the methodology emphasizes how the research problems in the rst
step could have the potentials to be considered in long-term research within an organi-
zation. In this thesis, we discover signi cant issues based on the literature that can be
extended in future cloud-based technologies. More speci cally, the work in the extension
of fairness in the Kubernetes framework is a long-term research goal that is intended
to be applied in British Telecom's cloud computing infrastructure (see sections 4.5 and

6.3) (RQ 8).

Indeed, having a deep understanding of the topic and related theories behind the liter-
ature helps to propose appropriate solutions to overcome existing research challenges.
This step is a vital point for a researcher to develop the current solutions. Accordingly, in
this thesis, we consider all aspects of the previous studies in the area of cloud computing
and propose suitable solutions in the form of di erent algorithms (see chapters 4 and 5)
to solve the related problems, discovered based on the rst step of the methodology. To
address the existing problems associated with the recent approaches in cloud computing,
this thesis proposes three novel fair resource allocation algorithms and a task scheduling
mechanism. In particular, this thesis seeks to achieve an intuitively fair resource alloca-
tion (RQ 1). First, we introduce a Multi-level fair resource allocation algorithm called
MLF-DRS (4.2.1). This algorithm is the combination of Max-Min and proportional fair-
ness as two conventional fair allocation policies. Under MLF-DRS, all resource demands
are judged based on the dominant shares and their boundaries associated with the fair-
share function. The basic application of the fair-share has been explored in Ghodsi et al.
(2011) as the main functionality of the progressive- lling algorithm. It has been also
investigated in (Zhao, Du and Chen 2018) as the preliminary condition for equalizing
dominant resources. As these approaches have failed to achieve the Pareto-e ciency
for a certain number of users, MLF-DRS tries to solve this issue, considering the com-
parison of demands with the fair-share (RQ 2). Furthermore, MLF-DRS is associated
with a novel scheduling mechanism that isolates incoming tasks based on dominant re-

sources (4.2.2) (RQ 3). Next, we propose a fully fair resource allocation policy called
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FFMRA (4.3.2) that considers the equalization of dominant and non-dominant resources
(RQ 4). The functionality of this algorithm is di erent than other extensions of DRF.
Technically, it employs a two-level strategy to distribute and allocate resources. Accord-
ingly, we formulate two linear optimization problems for groups of users with aggregate
dominant and non-dominant shares (see 4.3.2.1) to establish a trade-o between fair-
ness and e ciency (RQ 5). Moreover, as Jain's index (Jain et al. 2005) is still being
used to judge the fair distribution of resources, we formulate a new fairness measure
to apply in multi-resource environments (see 4.3.2.3) (RQ 6). We further investigate
the extension of FFMRA from a multi-server perspective, taking into account identical
and non-identical server pro les. H-FFMRA (4.4.4) inherits all allocation principles, al-
ready existed in FFMRA. Similar to FFMRA, it achieves a fully fair resource allocation.

In particular, the existing approaches such as DRFH and PS-DSF (Wang et al. 2013;
Khamse-Ashari et al. 2017) have determined dominant resources based on the global
dominant share and virtual dominant resource. Unfortunately, the sharing-incentive
and Pareto-e ciency features have been violated under these mechanisms (RQ 1). This
problem is addressed in H-FFMRA by determining global aggregate dominant and non-
dominant resources in 4.4.4.1. Next, we propose a novel fair task scheduling mechanism
called MRFS (5.2.2) due to the signi cant shortcomings associated with exciting task
scheduling algorithms such as DRFH and PS-DSF. As it has been discussed earlier, these
approaches su er from satisfying sharing-incentive and Pareto-e ciency under specic
conditions. Therefore, it motivates us to tackle these issues using a new task schedul-
ing mechanism. Correspondingly, in MRFS we formulate a maximization problem with
several constraints, employing Lagrangian multipliers. This optimization methodology
tries to nd an optimal solution based on the given maximization problem. We put
rigorous constraints, aiming to keep the number of non-identical dominant resources in
an equal state (RQ 7). To achieve this, a higher value of utility for each user is taken

into account.

Before moving to the implementation phase, it is also crucial to validate how a presented
solution works based on theoretical analysis. Hence, in this thesis, all algorithms and
solutions are theoretically evaluated in terms of fairness properties (4.2.3.3, 4.3.3, and
4.4.6). The fth step of the constructive methodology emphasis implementing and test-

ing the proposed solutions. This part is considered to be one of the key aspects of the
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methodology which gives proof of whether a solution is valid. Accordingly, we evalu-
ate all proposed algorithms in the CloudSim environment (see 6.2), taking into account
the allocation, resource utilization, fairness, response time, Pareto index, and sharing
incentive as the basic metrics (7). All algorithms are compared to DRF and multi-host
DRF. Furthermore, the evaluations are conducted, using randomly generated workloads
as well as google workload traces (see 7.1.1). This phase further indicates how the afore-
mentioned constructions have been properly illustrated to solve the existing issue(s).
Correspondingly, this thesis uses almost all constructions such as algorithms, mathe-

matical representations, diagrams, and proofs to de ne and represent problems.

The last stage of the methodology emphasizes investigating the applicability of pro-
posed solutions (6.3). In particular, this allows a researcher to refer back to the previous
studies and all learning processes. Therefore, this thesis explores the applicability of
proposed algorithms in the context of British Telecom infrastructure (see chapter 6).
Based on this, we study the fairness issue in Kubernetes as a promising container or-
chestration framework. Since the Kubernetes scheduler does not consider resource limits
in pod scheduling time, a signi cant number of evictions may occur. Typically, this is-
sue results in performance degradation in terms of response time. To deal with this
signi cant drawback, we introduce a model to integrate our proposed algorithms in the
Kubernetes scheduler (4.5.2). We also use the concept of namespaces to ensure that an
accurate proportion of a node capacity is assigned as a resource limit to each pod. Then

Accordingly, we formulate the maximization problem, based on proposed algorithms.



Chapter 4

Proposed fair resource allocation

algorithms

4.1 Introduction

In the previous section, we comprehensively investigated the recent studies related to
resource allocation with fairness in cloud computing systems. The primary focus of those
works was the extension of DRF in dierent directions. Nonetheless, a key problem
with much of the literature is that they have ignored the signi cance of intuitive fairness

(Poullie et al. 2018). To achieve this, any resource allocation algorithm must satisfy

desirable fairness features for all users and represent a fully fair allocation strategy.

In terms of the resource allocation with fairness, the concept of fair-share is a signi cant
measure to judge the satisfaction of sharing-incentive property, as well as the Pareto-
e ciency (Dolev et al. 2012). In recent approaches, such as H-DRF, the allocated
resources have been calculated based on the proportion of demands over the fair-share.
From another perspective, DRBF (Zhao, Du and Chen 2018) has taken the advantage
of equalizing dominant resources according to the fair-share. Nonetheless, Under these
mechanisms, it is not obvious whether the users are satis ed with allocated resources
concerning their demand pro les. Moreover, they have not employed any decision-
making mechanism to determine allocations based on the boundary of demands and
fair-share. Indeed, the maximization of users' utilities with demand pro les lower than

the fair-share must be maximized considerably compared to those with higher demand
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than the fair-share (RQ 2). We will show that the recommended strategy could also

satisfy the Pareto-e ciency for some users with dominant resources (RQ 1).

DRF and its extensions have employed the progressive lling algorithm (Ghodsi et al.
2011) in allocation decisions. Under this strategy, the minimum dominant share has
been taken into account to be maximized under the notion of Max-Min fairness and
conventional queuing mechanisms such as FIFO, and Round-Robin. Accordingly, there is
no particular queuing strategy for isolating tasks with non-identical dominant resources
(RQ 3). We will show that the response time is increased for some tasks, arriving later

than a remarkable sequence of those tasks with a di erent dominant resource type.

Besides, it is still a challenging issue to determine whether a set of resources are divided
among users in heterogeneous cloud settings. The rst step is to establish a trade-o
between fairness and e ciency and then determine if the resources are fairly allocated,
while the desirable fairness properties are satis ed (Jin and Hayashi 2018) (RQ 5).
Nonetheless, our investigations reveal that the Pareto-e ciency has not been satis ed
for speci ¢ users. Consequently, it could be an obstacle against attaining such a trade-
0. Second, although Jain's index (Jain et al. 2005) is a regular indicator of evaluating
fairness in resource allocation, it has not been explored how to measure it in a multi-
resource environment (RQ 6). This could be sophisticated when users are categorized

based on demands according to the dominant and non-dominant shares.

Furthermore, the notion of fairness could be generalized to the container orchestration
frameworks such as Kubernetes. The resource allocation in the Kubernetes is performed
by the OS kernel according to the resource limits, assigned to each pod. As the Kube-
scheduler maps pods to available nodes based on resource requests, a high possibility
of pod evictions occurs. Therefore, we believe that the multi-resource fair allocation

mechanisms seem a logical solution to tackle this drawback associated with Kubernetes

(RQ 8).

Taking into account these problems, in this chapter, we rst propose a Multi-Level Fair
Resource Allocation(MLF-DRS) that allocates resources based on a decision-making
approach concerning the boundaries of users' demands and the fair-share function (RQ
2). Moreover, the MLF-DRS employs a novel queuing mechanism to prioritize tasks,
considering dominant resources of multiple resource types (RQ 3). To achieve a fully fair

resource allocation a Fully Fair Multi-Resource Allocation called (FFMRA) is proposed.
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A maximization problem is formulated, taking into account the equalization of dominant
and non-dominant resources (RQ 4). Moreover, a new formulation is introduced to
maintain a correlation between these types of resources to achieve a trade-o between
fairness and e ciency (RQ 5). We also introduce a new fairness measure that determines

the resources in a heterogeneous environment that are distributed evenly among users

(RQ 6).

We further develop a model to integrate all algorithms in the Kubernetes environment by
reformulating the optimization problem in terms of allocatable resources (RQ 8). Then,
we extend the FFMRA to multiple server settings by introducing global aggregate dom-
inant and non-dominant resources (RQ 5). The fairness properties evaluations indicate
that our proposed algorithms satisfy almost all desirable fairness features. It is worth
mentioning that our proposed resource allocation mechanisms try to solve the existing
problems, in particular, Pareto-e ciency and sharing incentive features to achieve an

intuitively fair resource allocation (RQ 1).

This chapter is organised as follows. Section 4.2 discusses the MLF-DRS algorithm. In
section 4.3 we introduce FFMRA allocation policy. H-FFMRA is proposed in section 4.4.
Section 4.5 explores the fairness and the integration of proposed algorithm in Kubernetes

environment.

4.2 MLF-DRS: A Multi-Level Fair Resource Allocation
Algorithm in Cloud computing

In this section, a new fair resource allocation algorithm called MLF-DRS (Hamzeh,
Meacham, Virginas, Khan and Phalp 2019) is proposed. MLF-DRS employs the notion
of Max-Min fairness, and proportionality. The resource allocation under MLF-DRS is
determined, considering the boundaries of demand pro les and the fair-share function,
considering the equalization of identical dominant resource types. Accordingly, in section
4.2.1 the allocation problem is formulated. Then, in section 4.2.2 a new queuing mech-
anism is introduced. In section 4.2.3 we analyse the performance of MLF-DRS, using
numerical evaluations. Finally, section 4.2.3.3 evaluates fairness properties associated

with MLF-DRS.
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Figure 4.1: The architecture of MLF-DRS

421 MLF-DRS allocation

The architecture of MLF-DRS is illustrated in Figure 4.1. Once the workloads are
dispatched, MLF-DRS schedules them in separate queues based on dominant, and
non-dominant resources. Dierent sets of queues are considered concerning each re-
source type. In each queue, MLF-DRS applies equalization only for dominant and

non-dominant resources in a speci ¢ resource type.

the capacity vector C = (ct;:::;cX), and there aren users denoted byU = (1;2;:::;n),
with demand pro le for each user i over resourcek presented by X = (ril;:::;rik).
Without loss of generality, we consider that the requested resources are positive, as
rk 0,812 U;k2R.

De nition 4.1.  Dominant and non-dominant resources that are shown byd¥ and gk

respectively, are calculated as follows:

k
r!
&zmwé (4.1)
k
N
d< = min C—'k (4.2)

Our assumption is that the computational resources, e.g, CPU, and RAM are divisible.
Therefore, if the allocation vector for each user is specied by = (  X;=:; X), then,
for the solution z and the allocation vector of each user I‘ the utility function can be

calculated as follows:
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u( )= max(z2*:8k2R; ¥ zixk (4.3)
The utility function in 4.3 is the proportion of utilized dominant resources by users.

. . . P
Therefore, the allocation s feasible if K c*.

Based on 4.1 , dominant and non-dominant pro les are specied byD = (d;::;dX),
and D = (dl; d?‘) respectively. To calculate allocations a linear optimization problem
in (3) is formulated since the optimal solution of is the dominant share of every user.
Accordingly, the allocation is based on a constant proportion among a user's demand

pro le for multiple types of resources.

maximize (( d¥); ( d))

subject to rk ck
=1 (4.4)

Based on 4.5, each useir is able to schedule number of tasks under the allocation K:

( D= (" (4.5)

Fair sharing is one of the main objectives in resource allocation and scheduling in the
cloud that has received much attention in recent years. Givenn number of users and
k types of resources, it is assumed that each usdris entitled to a xed ratio c< of
each resource type so thatct + 1 + ¢ = 1. Accordingly, each useri requests arik
fraction of resourcek (Dolev et al. 2012). If we assume thatri" ck, for all types of
resources, if user requests for less than his/her entittement, consequently an appropriate
amount of fair-sharef K is allocated to useri on any particular resource type. The fair-
share of a resource type&k without considering users' demands pro les is determined as

fk = Ck=n. Hence, each user could be granted at-leadt® fraction of resourcek since

fhrl+ e firk 1
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Also, based on 4.6, a fair-share functiorf , takes into account two inputs. (a) number
of usersn, and (b) the capacity of each specic resource typek to decide the initial

allocations for dominant resources.

f(n;k) = ik (4.6)

8
f(n;k) Edg(:fk & T
n; k) =
Z o ok > k.

(4.7)

Figure 4.2, depicts the initial allocation in presence of fair-share function. Accordingly,
the fair-share is initially allocated to a user with any demand as such the requested

resource is less tharf X. Otherwise, r¥ is allocated.

Figure 4.2: The fair-share function in which the allocation is determined based on
the situation of the corresponding requested resource

De nition 4.2. The initial allocation A to useri is de ned as follows:

Ak = . fR(d) + . ri(a) (4.8)

De nition 4.3.  Given that AK is the available resource of any type of resource to useér
the allocation is generally determined for dominant and non-dominant resource based

on the proportionality indicated by P as follows:
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Ak =ck Ak (4.9)

P= rik:Aikz)@ rk (4.10)
i=1
De nition 4.4.  In a perfect allocation, each user prefers to schedule more tasks. Hence,
the allocation is non-wasteful for each usei 2 U as there is a positive real numbery
for each speci c resource typek in R so that }( = z:ri". Accordingly, there is another

. 0
allocation ;:

wi( D >uil ) =) 8 k2Rirf >0 > (4.11)

De nition 4.5.  The allocation is a perfect proportional allocation if for any useri,
andj,rk=rl =) i6j.

The optimization problem in (4.4) is subjected to di erent conditions of requested re-
sources by users which are speci ed in Algorithm 1. In particular, the allocation is not
always equal for dominant resources as it could be varied depending on demand pro les
and resource pool capacity. Therefore, the optimization problem is generally applicable
when a dominant resource in a demand pro le is less than or equals t6¥. Furthermore,
as the type of requested resources is changed over time, there is a possibility of submit-
ting jobs, only dominant on a speci ¢ resource type, e.g. CPU. On this occasion, the

allocation is relaxed to Max-Min fairness (Ghodsi et al. 2011).

4.2.2 Queuing in MLF-DRS

In this section, we propose a new scheduler for MLF-DRS that employs multiple queues
for di erent types of dominant resources. Despite the FIFO in which all the jobs have to
wait a long time in the queue to be executed, however, in MLF-DRS as there are jobs with
dominant resources on di erent resource types, the new scheduler considers a particular
gueue to nonidentical dominant resources. For example, jobs with the dominant resource
in the CPU are sent to a separate queue while the jobs with dominant RAM are sent to

a di erent one. The structure of queuing model in MLF-DRS is shown in Figure 4.1.
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Figure 4.3: Dequeuing jobs from the main queue to di erent queues based on domi-
nant resources

Consider time t when all tasks arrive in the main queue, indicated by vectorQ =
(dt, o d}fh), in which all tasks with di erent types of dominant resources are placed
into it, and being processed in time intervalt = [to;t; 1]. If the dominant resource

1.
Iqa°

type of a task is denoted bydt, and there arem number separate queues shown in a
vector Q = (qu;:::;0m), then the vector Q represents the distribution of tasks in the

corresponding queues a§ = (d}‘ql; B d}‘qm ).

The queuing model is also illustrated in Algorithm 1. According to the example in Figure
4.3, jobs in the main queue with dominant resources are placed in separate queues. The
intuition behind the model is that each job with the same dominant resource type is
placed based on the arrival time in its corresponding queue. Accordingly, in the execution
time, each job in the front of each queue is executed rst based on its arrival time. Hence,
as can be seen in Figure 4.407™ (t); d™™(t +1) , and d¥isk (t + 3) are executed rst. This
is a note that a job with a dominant resource on disk is scheduledt) time earlier than
the FIFO algorithm. It is more tangible if there is a job with a dominant disk and arrival
time(t +6). Hence, based on FIFO, it would be executed after six jobs. However, in our
new queuing model, the same job is scheduled after two jobs if we assume that the rst
job with the dominant resource arrives in time (t +6) . The scheduling order considering

the new queuing model is illustrated in Table 4.1.

In the worst-case scenarios where the number of dominant resources of a speci ¢ resource
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Figure 4.4: The order of executing tasks according to MLF-DRS scheduler

type is greater than other types of dominant resources, the chance of starvation is
relatively high. It makes the scenario even worse when there are lots of dominant
resources of a speci c resource type in the front of a single queue. Therefore, de-queuing
those jobs with a small number of dominant resources and put them in a separate queue

would improve QoS and response time for those kinds of jobs.

Table 4.1: Scheduling order based on the new queuing model.

Time t t+1 | t+3 | t+2 | t+5 t+6 | t+4 | t+9 | t+7 | t+8
Jobs diram d::pu didISk diCPU diram didISk diCDU diram diCPU diCPU

Based on the example in Figure 4.4, there are two types of jobs with dominant resources
on CPU and RAM. In the queue, ve CPU-intensive jobs are sequentially placed in front
of the queue in time interval(t;t + 4) . However, the rst RAM-intensive task arrives in
time (t +5). Hence, the task has to wait to be executed after the job with arrival time
(t+4) . Accordingly, in the new queuing model, it gets executed after the job with arrival

time (t) as it would be the rst job in the new queue.

Algorithm 1 Queuing in MLF-DRS
Input: X =(ri;onrk)

Output: Q= (d¥ ;i dk )

1: D = (d} i dk) 2 X

2. t = (to;::;ti 1) Time interval for incoming tasks

3. Q=(d; ;0 separate queues before dequeuing dominant resources frain
4: Q = (d%;:::; d¥) The main queue, including all incoming tasks

5. for eachdf in Q do

6 Q d

7. select(min (dX(t)))

8: end for

4.2.3 Numerical Evaluations

4.2.3.1 Numerical evaluations with two users

In this section, the performance of MLF-DRS is tested through a number of numerical

evaluations. A system with two users, and resource types is considered with the capacity
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(&) Memory allocation (b) CPU allocation

Figure 4.5: Comparing DRF with MLF-DRS

Table 4.2: Comparing allocation for DRF and MLF-DRS

User 1 User 2
Resources| CPU,RAM | CPU,RAM
Demands 1,4 3,1
DRF 3,12 6,2
MLF-DRS | 1.6, 16.2 73,18

vector < 9CP Uand18RAM > . According to the example in Table 4.2 , CPU is dominant

resource for users 2 and GB is dominant for users 1. SincéX = 4:5 for CPU, and

the requested CPU for user 2 is less tharf k. then, the initial allocation for user 2

is (dy) = fX = 4:5. As far as the requested resource for user 1 is also less than

f K, the initial allocation is ( d;) = fK = 9. Consequently, the initial allocation for

non-dominant in CPU is ( d1) = 1 for user 1, and ( d2) = 1 for user 2. Hence, the

nal CPU and RAM allocations for both users are: U(cpu;1) =1:6, U(GB; 1) = 16:2,

U(cpu;2) = 7:3, U(GB; 2) = 1:8 respectively, which are shown as follows:

User 1. (CPU=1+((1

User 2: (CPU=4:5+((4 535)=5:5=7:3and RAM =1+ (1

35))=5:5=1.6 and RAM =9+(9 8)=10=16:2)

8)=10 = 1:8)
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Algorithm 2~ MLF-DRS algorithm
Input: X =(ri1;:::;rik);C=(c1;:::;ck)
Output:  ( df); T df)
R (1,2 ::Kk)
D =(dond) 2 X
D =(dond) 2 X
.tk Ck=n
for eachd, and dk do
A(dK)  fy initial allocation for dominant shares
A(d}‘) Ck=n initial allocation for non-dominant shares
end fgr
S ( dik) sum of all dominant shares of the resource type k
. 8 ( d) sum of all non-dominant shares of the resource type k
- U S+ S’ current utilization of resources
: AvK Cck U Available resources in the resource pool for each specic resource
type
13: for all X do
14: if rk(d) f<and rk(@ & then
15: (di)=fR+((fk Ay)=V)
16 ()= i+ (rk AY)=U)
17:  elseif rk(d) f<and rk(d) > fk then
18: (di)=fl+((fk Ay)=V)
19: ()= fk+(fk A)=U)
20: elseif rk(d) >f X and rk(d
2. (d) =+ ((rf Av=U)
222 (@)= rl+((rk AY=U)
23 endif
24: end for

© 0N RN R

el
N PO

< then

4.2.3.2 Numerical evaluations with four users

In order to con rm the starvation problem in DRF, a system with four users with the
capacity vector < 18CP U;36GB > is taken into account. We also consider the recent

proposed algorithm called DRBF.

Table 4.3: Resource allocation in DRF and MLF-DRS approaches
Users User A | User B User C User D
Demands 3,1 5,3 1,5 2,7
DRF 6,2 5,3 3,12 4,14
DRBF 48,16 5,3 3.9,156| 4.6, 16.1
MLF-DRS | 6.5,23|7.2,4.3|1.4,14.7|29,14.7

Table 4.3, indicates resource allocation in three di erent approaches. In this example,
users A and B have a dominant resource on the CPU, while users C, and D have a

dominant resource on RAM. According to the results, under DRF and DRBF policies,
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Figure 4.6: Resource allocation process in MLF-DRS

user B with a dominant resource on CPU is unable to maximize his/her allocation which
makes DRF and DRBF intuitively unfair. Other users with non-dominant tasks on CPU,
for example, users C and D, can maximize their allocations. Consequently, DRF and
DRBF do not meet the Pareto-e ciency for user B. Despite these mechanisms, MLF-
DRF shows an optimal allocation to users with dominant resources as it allocates less
quota to non-dominants than DRF and DRBF. Moreover, the allocation is a ected by
the decision-making procedure in 4.6. As the requested CPU by user A is less than
f K, the allocation is slightly less than user B with the requested CPU greater thanf K.
Moreover, the allocation for both users is not the same. On the other hand, users A and

C get an equal share of RAM as their requested resource is less thdrf. This con rms
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that MLF-DRS takes better decisions in allocating resources concerning the workload

characteristics.

4.2.3.3 Evaluation based on fairness properties

In this section, the fairness properties are evaluated for MLF-DRS allocation policy.

Theorem 4.6. MLF-DRS satis es envy-free.

Proof. Itis assumed thatk;k represents CPU and ram intensive tasks respectively. At
the rst step, each intensive task in each groupk;k gets an equal share of available
resources based on Algorithm 2 line 4 in whict kK = Ck=n. Hence, the allocation could
be automatically envy-free. As an example, we assume that there are two intensive tasks
d and d¢ with initial allocations A(d¥); A(d¥ ) in the lines 6 and 7 of algorithm 2, where
A(d}‘ ) > A (d}‘). It also takes into account that the algorithm 2 increases dominant
resources proportionally based on initial allocations (see lines 20-21). Therefore, the
allocation of d}< could be greater thand; before saturation of any resource typek. In
this case,d¥ is unable to envyd; . In another case, if ( d€ ) = ( d¥), MLF-DRS allocates
remaining resources proportionally among users. As a result, a user with dominant task
d is unable to envy a di erent user with a dominant task d¥ . it is worth mentioning
that all combinations of this kind of allocation is that results in the envy-free property

is presented in lines 23-24 and 26-27 as well. O

Theorem 4.7. MLF-DRS meets the requirements for sharing-incentive property.

Proof. Taking into account dominant resources for each user, we need to show that
for each allocation ¥, there is uj( ¥) ui(%t). In an equal condition when each user
has a submission, dominating on a speci c resource type witr(ri"f Ky, then the initial
allocation yields (Aj = f¥) (see algorithm 2 line 6). Therefore, it is guaranteed that
each user with a dominant resource get at-leasti=n of any distinct resource based on
line 4. An allocation under MLF-DRS is called sharing-incentive when at-least one user
has a demand as(ri" > f X). Consequently, this allocation leads to lines 26 and 27 in
algorithm 2. Therefore, considering another usej with a demand (r'’k ) in lines 19
and 22 , there isu;j( ¥) > uj( J!‘). Looking at the example in Table 4.2, the allocation

for user B is greater than A in terms of CPU as( "> ). Accordingly, each user
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gets at-leastf ¥ which is enough to say that this allocation is satis ed sharing-incentive
under MLF-DRS policy. As a result, MLF-DRS allocation policy is intuitively fair as all
users with dominant resources are able to maximize their allocations without adversely

a ecting others.

Theorem 4.8. MLF-DRS satis es Pareto-e ciency.

Proof. In order to show the MLF-DRS is Pareto-e cient, we need to show that I‘ J"

Accordingly, user i's allocation is increased without decreasing usef's allocation. We
need to prove this property in two dierent criteria. First we assume that rk < f K
and rjk < f . Under these conditions, both users receive exactly the same amount of
resource based on the initial allocationA (see lines 6 and 7), and the nal proportional
allocation P (see 20, 21, 23, 24, 26, and 27 in algorithm 2). Consequently, both users'
utilities are maximized. We also take into account a di erent condition since rk < f ¥
and rjk > f i like the line 25. As a result, the initial allocation A for j is r{ and for i is

f k. Consequently, MLF-DRS maximizes both users' allocation, taking into account the
proportionality P in a same rate. This proves that both users bene t a maximum utility
based on their demand pro les. Hence, we conclude that an allocation under MLF-DRS

is Pareto-e cient.
O

Theorem 4.9. MLF-DRS meets strategy-proof in which users are not able to misreport

their demands.

Proof. Assume a user with demand vectors® and di* in which rk and dr* denote
true and misreported demands respectively. Given that MLF-DRS increases dominant
resources based on available resources in each stage, if a user wifhtries to manipulate
the server byriOk and considering the capacity constraint in 4.4, in that case, the constraint
could be violated by misreporting the true demand by the user. Hence, a user is unable
to misreport his/her demand under the MLF-DRS allocation policy. In particular, MLF-
DRS considers di erent queues for non-identical dominant resources 4.2.2 (see also line
3 in algorithm 1). As the consequences of dequeuing approach (line 6), and in the rst

step, the possibility of misreporting demands is reduced tdl=( q) in which ( q) denotes
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the number of queues where the tasks dominated on speci c resource types are taken
place. This is due to that a task with a distinct dominant resource type is unable to
manipulate others' allocations with a di erent dominant resource type. Accordingly,
each task is served based on the arrival time (line 2). Let's assume a useérwith a
dominant resourced, and userj with a di erent dominant resource d°. Under MLF-
DRS, if usersi and j arrive at times t and t + 1 respectively, useri's task is nished
just before userj's task is started. Consequently, uselj is unable to manipulate useri's

allocation by misreporting demands. Therefore, MLF-DRS satis es the strategy-proof

feature.
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4.3 A FRully-Fair Multi Resource Allocation Algorithm in
Cloud Environments (FFMRA)

In this section, a new fair allocation mechanism called FFMRA (Hamzeh, Meacham,
Khan, Phalp and Stefanidis 2019) is introduced. FFMRA employs a two-hierarchy
approach as in the rst step, it determines the fair distribution of resources among
groups of users with dominant, and non-dominant shares. It calculates the proportion
of aggregate demands to the whole capacity of the resource pool. Then it applies MLF-
DRS to allocate resources for each user in a corresponding group. The main purpose
of FFMRA is to formulate two optimization problems to equalize both dominant and
non-dominant resources. Furthermore, proposing a correlation between dominant, and

non-dominant resources to achieve a strong trade-o between fairness and e ciency.

In section 4.3.1, the motivation behind FFMRA with examples is explored. In sec-
tion 4.3.2 we propose and formulate FFMRA. Section 4.3.2.3 introduces a new fairness
measure in multi-resource environments. Finally, in section 4.3.3, the fairness features

associated with FFMRA are evaluated.

4.3.1 Motivation

We already highlighted the intuitive fairness problem associated with DRF and its recent
developments. DRF considers only dominant resources and equalizes them to calculate
allocations. This way of resource distribution may lead to an ine cient and imbalanced
allocation. For example, let's assume some users with dominant and non-dominant
resources on CPU and RAM. To achieve a balanced allocation, both groups of users with
dominant and non-dominant resources should get an equal proportion of the resource

pool.

To investigate the problem more extensively, in the rst step, we go through an example,
considering the DRF policy. According to the example in table 4.4, there is a system
with two types of resources: CPU, and RAM, where two users A, and B schedules
their jobs, using demand vectors (1 CPU, 4 RAM), and (3 CPU, 1 RAM) respectively.
Under the DRF policy, users A and B receive(3CP U;12RAM ), and (6CP U;2RAM )

respectively. Correspondingly, users with dominant resources on CPU and RAM, get the
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same proportion of resource pool which i2=3, while the proportion for non-dominant
resources is not the same sincg8=9 6 2=18). This example con rms that DRF is unable

to utilize all resources as 4GB of RAM is wasted.

In scenarios with more than two users, the even distribution of resources dominated in
a speci ¢ resource type becomes more intriguing as some users are unable to maximize
their allocations. Therefore, to explore the issue more comprehensively, we refer to
DRBF algorithm (Zhao, Du and Chen 2018). The example in Table 4.7, illustrates the
allocation in DRF and DRBF. According to the table, under DRBF policy, user B with

a dominant resource on CPU with resource demand 0%, unable to get more resource in
contrast with user A with the demand of 3 on CPU which is also dominant. The main
reason behind these allocations is that both mechanisms attempt to maximize a user's
utility with the lowest dominant resource that lies in the main assumption of Max-Min
fairness algorithm (Taddei 2015). However, employing Max-Min fairness along with a
progressive lling algorithm that has been used in almost all approaches, may cause

starvation.

To investigate the above-mentioned issue, the total allocation for groups of users is
aggregated with dominant and non-dominant shares in each specic resource type to
gure out how resource pool capacity is distributed evenly among these groups. In
the rst step, the sum of allocations for dominant and non-dominant CPU in DRBF is
calculated as4:8+5 =9:8 and 3:9 + 4:6 = 8:5 respectively. Similarly, for dominant and
non-dominant RAM, the total shares are 15.:6+16:1 = 31:7 and 1.6+3 = 4 .6 in sequence.
The allocations for non-dominants are substantially high in contrast to the allocations for
dominant shares in both resource types. To determine whether the allocation is balanced
or not, it is fundamental to determine the proportion of allocations for dominant shares
concerning each particular resource type. As the resource pool capacity for both CPU
and RAM are 18 and 36 respectively, the proportion of CPU for all users with dominant
shares i1s9:8=18 = 0:54, while for dominant RAM shares is 31:7=36 = 0:88 of which
0:54 6 0:88. On the other hand, considering non-dominant CPU and RAM shares, the
proportions are calculated as8:5=18 = 0:47 and 4:6=36 = 0:12 of which 0:476 0:12.

The calculations con rm that DRBF considers the most proportion of the resource pool
to users with dominant shares on RAM. This may result in distributing the low amount

of resources to users with dominant shares on CPU, leading to unfair allocation with
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regards to intuitive fairness. DRF behaves the same as DRBF so that the proportions
of a resource pool to users with dominant shares on CPU and RAM are determined
as 11=18 = 0:61 and 26=36 = 0:72, respectively. Corresponding to non-dominant CPU
and RAM shares, the proportions are calculated as7/=18 = 0:38 and 5=36 = 0:13, of
which 0:38 6 0:13. So, DRF unable to provide a fair distribution of resources. These
analyses also indicate that taking into only dominant shares is not su cient to claim that
an allocation mechanism is fair. Moreover, these examples indicate that the allocation
under DRF and DRBF is intuitively unfair. This motivates us to propose a new fair
resource allocation algorithm called FFMRA in cloud computing systems. We believe
that all resources in the resource pool are subjected to be distributed equally among
users.

Table 4.4: The allocation of resources in DRF and FFMRA with resource capacity
(9 CPU, 18 RAM)

Users User A User B
Resources| (CPU , RAM) | (CPU , RAM)
Requested @,4 (3,1

DRF 3,12 6, 2)
FFMRA (2, 14) (7, 4)

4.3.2 FFMRA

FFMRA is a generalization of DRF. The intuition behind FFMRA is to equalize both
dominant and non-dominant resources. The architecture of FFMRA is depicted in
Figure 4.7. As a scheduler, FFMRA attempts to de-queue all tasks with di erent demand
pro les and put them in separate queues concerning their speci ¢ dominant resources.
Accordingly, each task is placed in its specic queue corresponding to its dominant
resource type. then, MLF-DRS is employed to nalize the allocation among the group
of users in each specic resource type. To understand how FFMRA works, we refer to
the example in the previous section where two users and two resource types. Initially,
FFMRA calculates the contribution of dominant and non-dominant resources in the
resource pool. This gives a good correlation between both types of resources which also
helps to keep the system in a balanced condition to achieve a strong trade-o between

fairness and e ciency.



67

Figure 4.7: FFMRA architecture

4.3.2.1 Problem formulation

De nition 4.10.  Consider a system with di erent types of resources, indicated by
M =(1;2;:::; k) with the capacity vector C = (cl; :::;c"), as well asn number of users
presented by U = (1;2;::;n) with demand vector X = (rl;::;rk). If  denotes the
number of tasks that each user can schedule, using demand vect#r, then, the following

constraint must be satis ed:

k=rk  CK (4.12)
i=1

Given that D = (d-l;:::;d}‘) and D = (d;::;d) represent vectors for dominant and
non-dominant resources ok resource types;d< and d¢ are calculated as follows:

k rk

d' = max(C—'k) (4.13)

d‘i‘ = min (Cr:'i) (4.14)

Where rk demonstrates resource typek requested by useri with a demand vector which
is always positive (ri" > 0). CK also shows the maximum capacity of resource type

k. If the total capacity of the resource pool(The sum of the maximum capacity of all
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resources) is indicated byT'é, then the proportion of total resources for dominant and

non-dominant resources in 4.13 and 4.14, speci ed by(d<) and (d¥) are calculated as

follows:
d}< T'é
p—' pC_ (4.15)

dk + i

(d) =

P& T
(&):piﬁipﬁg (4.16)

Hence, according to 4.15 and 4.16, the allocation for each user is calculated based on

the following maximization problem:

maximize (rl; k)
X
subject to rkck:
i=1
d¢  (d9)
i=1 (4.17)
a¢(d):
=1
rk 0;8n2U
rk=0;8n2U

Formulas 4.15 and 4.16 indicate a correlation between dominant and non-dominant
shares as, (d}‘) and (d}‘) are determined based on the contribution of both shares in
the resource pool. This correlation, taking into account the maximization problem in
4.17 establishes a trade-o between fairness and e ciency if the given constraints are
satis ed. This means that, while the full utilization of resources is maintained, a fully

fair allocation is also achieved under FFMRA.

De nition 4.11.  An allocation K is feasible if it meets the constraints and conditions
in 4.17.

De nition 4.12. It is said that a resourcek is bottleneckif :

4 -8k%i2 U (4.18)

In this case, each allocation is subjected to be reduced tMax-Min fairness.
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De nition 4.13. FFMRA, is satis ed by allocation I‘ if it is possible, and I‘ as the

shared resources to a userr must be increased with decreasing K for another userj.

Lemma 4.14. Consider a resource pool with resource typek where there aren users,

. . k .
and d¢ denotes a dominant resource for user i. Then, = Crk . In particular, the

total number of tasks presented by is determined by dividing the capacity of a specic

resource type over the number of requested resources.

Proof. The minimum amount of resource typek received by useri which is represented
by (d¥), guarantees that a user with a dominant shared' receives at leastCk=n which
is the fair share f ¥ of any speci ¢ resource typek. Given that = %kk (Wang et al.
2013) indicates the minimum number of tasks that a user can schetljule in a server.
Furthermore, it is assumed that the demand vector is denoted byX = (rl;::;rk).

Accordingly, rik shows a fraction of dominant resourced}‘ by useri. Therefore:

Tk _C . Ck
1) ‘T_) T (4.19)

Based on De nition 4.13, the allocation mechanism subjects to satisfy the following

fairness requirements:

Pareto-e ciency  : Given that there are n users in whichi 2 U, then, the number
of tasks allocated to each usei with a demand pro le rk, must be increased with

decreasing the allocation of another useu’, u 6 v (Tahir et al. 2015).

Envy-free : A user cannot envy another user's allocations:
di( ) d( kysii2uisi’ (4.20)

Where df( ¥), and df( %), indicate the number of tasks that usersi, and i

can schedule respectively based on dominant resources.

Sharing-incentive . This property conrm that a user is unable to better of

others' allocations when all resources are fairly divided. So that:
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d<¢ &  dt(c¥=n);8i 2 U: (4.21)

Strategy-proof : A user is unable to increase his/her allocation by misreporting

demands:

rk rk.8i2U8’6 r: (4.22)

De nition 4.15. Under FFMRA mechanism, the utility of a user is the allocated
resource with respect to her dominant resource. Hence, giveuf as the utility of resource
type k and d* the dominant resource of usei, if uk > d¥, then it means that a user gets

the highest utility under allocation K.

De nition 4.16.  The utility UX of useri under allocation K is the fraction of (d¥),

and (d¥) that a user receives from the whole resource pool.

k Ty
U = max i (4.23)
i=1

4.3.2.2 Example

Consider the same example depicted in Table 4.4, including two users A and B with
resource pool capacity(9CP U;18GB). Intuitively, FFMRA starts with summing up
dominant resources for both users A and B. Hence, in the rst step, the sum of dominant
and non-dominant resources are 7 and 2 respectively. Then, the sum of all resources in
the resource pool i9+18 = 27. Secondly, FFMRA calculates the proportion of resource
pool for both dominant and non-dominant resources. For dominants, the value forP is
determined to (27 7)=9 and for non-dominants it is P = (27 2)=9 = 21. Accordingly,
the next step is to divide the value of P for each speci c resource type. Therefore, for
dominant and non-dominant CPUs, we have(21 9)=27 and (6 9)=27. For dominant
RAM, there are (21 18)=27 for dominants and (6 18)=27 for non-dominants. Finally,
MLF-DRS is applied to achieve FFMRA allocation.
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4.3.2.3 Fairness measure

To evaluate the fairness, a new measure is proposed that calculates the fairness using a
balanced index among a group of users in each speci ¢ resource type. con rms that
how resource pool capacity is distributed fairly among the users regardless of dominant
and non-dominant resources. A system is called fully fair if tends to zero value. is
determined based on the di erences of total allocated resources to dominant and non-
dominant shares in each particular resource type. Under allocation ; in a system with
resource capacityCy, the fairness(balance) index is calculated for both dominant and

non-dominant resources denoted by 4 and 4 respectively as follows:

X (gt X (2 X (g

o= (A3 D)y T ) 2 @2
(& X (2 X (dt

= ) N G I YUR R D)

Based on 4.24 and 4.24 the value of falls into a small number betweenO to 1. Hence,
based on Table 4.5, is 0 for dominant and non-dominant resources under FFMRA
which indicates that it is totally fair. However, according to Table 4.6, is approximately
0:22 under DRF policy for non-dominant resources, implying unfair resource allocation.

In real environments, could be a reasonable metric to indicate the fairness.

Table 4.5: The allocation and utilization of resources in FFMRA where user 1 has
dominant share in RAM and user 2 has dominant share in CPU.

CPU RAM
User 1 | 0.222222| 0.777778
User 2 0.777778| 0.222222

utilization 1 1

Table 4.6: The allocation and utilization of resources in DRF where user 1 has dom-
inant share in RAM and user 2 has dominant share in CPU.

CPU RAM
User 1 | 0.333333| 0.666667
User 2 0.666667| 0.111111

utilization 1 0.777778

In order to determine the fairness among a group of users in each speci ¢ resource type,

we rewrite the Jain's fairness index in 2.2.5 as follows:
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C dey2

1..... 4Ky —
f(dl; o dk) = Py

(4.26)

a2

= AD—n ()2 (4.27)

The formulas in 4.26 and 4.27 calculate the fair index for dominant and non-dominant

resources respectively.

4.3.2.4 A scenario with two users

According to the numerical representation in Table 4.4, if it is considered thatiy;iz;j1;j2
are the number of tasks allocated to both users and capacity of the resource pool is (9
CPU, 18 RAM), users A, and B receive(i1;4i2) and (3j1;j2) respectively. Therefore,
taking into account Algorithm 2, the aggregate of demands with dominant resources is
7(four dominant tasks on RAM for user A and three tasks with dominant CPU for user
B) which is 2 for non-dominants(one non-dominant task in CPU for user A and one
non-dominant task in RAM for user B). As far as the total number of resources in the
resource pool is 27, and, concerning proportionality, dominant and non-dominant shares

get 21=27 and 6=27 of the resource pool respectively.

Hence, by specifying the proportion of dominant and non-dominant shares, we are ready

to calculate the allocation for each user with the following problems:

maximize (i2;j1)
(4.28)
subjectto 4i, +3j; 2L

maximize (i1;]2)
(4.29)
subjectto i1+ jo 6

Solving 4.28 and 4.29 gived; = 3:5;j1 = 2;i, = 2:3 and jo, = 4. Hence, the nal
allocations are determined ag2CP U;14RAM ) for user A and (7CP U;4RAM ) for user
B. Accordingly, compared to DRF(see Table 4.4), not only the allocation is fair, but also
the utilization is 100% for both resources. Moreover, FFMRA utilizes 100% of resources

and outperforms DRF in terms of resource utilization as DRF utilizes only 14=18 of
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(&) Memory allocation (b) CPU allocation

Figure 4.8: Comparing FFMRA with DRF and DRBF in allocating resources

RAM and leaves 4=18 unused whereas FFMRA utilizes 18=18 of RAM. Furthermore,
DRF allocates more CPU to user A with the non-dominant resource. Consequently,
user B with the dominant CPU receives 6 CPU units while FFMRA allocates only 2
units of CPU to user A and 7 CPU for user B. This is important to note that, DRF is
unable to o er a maximum amount of resources to user A with the dominant resource
in RAM. Consequently, it allocates only 12GB of RAM to that user, whilst FFMRA
allocates 14 GB RAM to user A and 4 CPUs for user B with the non-dominant resource
in RAM. Tables 4.5 and 4.6 indicate how FFMRA maintains fairness and e ciency.
Overall, the numerical evaluations conrm that FFMRA not only achieves intuitive

fairness but also shows higher resource utilization than DRF policy.

4.3.25 A scenario with more than two users

As a general solution, for a system with many users, the allocation can be determined
using Algorithm 3 which gives an alternative way to calculate resource allocation. This is
a note that after distributing resources among all users with dominant and non-dominant
shares, the allocation for each user is relaxed to proportional sharing which is speci ed

in lines 13 and 14 of Algorithm 3.
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Algorithm 3

FFMRA allocation

Input:
Output:

SD
SD

(D)

© O Nk ®®NR

D; D;C

o(D); o(D); (df); ( db)
N IS C sum of the capacity of all resources
X =(rt;
U (1;2;:::;n) total users in the system
C=(cl:
D =(di;:

1)

2 cK)
o d 2 X
D =(d:d) 2 X
D the sum of all dominant resources
D the sum of all non-dominant resources

SD=SD + SD The proportion of total resource pool capacity for dom-

inant shares

10. (D)

11: (D)

SD=SD + SD The proportion of total resource pool capacity for non-
dominant shares

inant resource type

12. (D)

non-(]i_pminant resource type

13: S
14: SO
15: Av
. AuK
16: AVcr

(D)
(D)

17: fi = Ck=n fair-share
18: for all X do

d the sum of identical dominant resources
dk the sum of identical non-dominant resources

S current available resources to identical dominants

SO current available resources to identical non-dominants

( (D) ¢)=T.) The proportion of whole dominants to each identical dom-

( (D) ¢)=T.) The proportion of whole non-dominants to each identical

19: if rk(d) f<and rk(@ < then
20: (d)=fr+((f Ay)=U)
21 ()= rkH((rk A)=U)
22: elseif rk(d) f¢and rk(d) > f* then
23: (d)=fr+((f* Ay)=U)
24: (&)= fr+(f* Ay)=U)
25.  elseif rk(d) >f kK and rk(@ * then
26 ()= rlH((rF AY=U)
27 (@)= r+((rf A=V
28:  end if
29: end for
Table 4.7: Resource allocation in three di erent algorithms with resource capacity

(18 CPU, 36 RAM)

Users User A | User B User C User D
Demands| 3,1 5,3 1,5 2,7

DRF 6,2 5,3 3,12 4,14

DRBF 48,16 5,3 3.9,156| 4.6, 16.1
FFMRA |5.7,34|7.7,54|18,123| 28, 14.3
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Taking into account Algorithm 3 and also, Table 4.7, the proportion of allocation with
respect to the capacity of each resource type for the tasks with dominant and non-
dominant CPU and RAM is 134=18 = 0:74 and 26:6=36 = 0:74 respectively of which
0:74 = 0:74. For the tasks with non-dominant CPU and RAM, we have 4:6=18 = 0:25
and 8:8=36 = 0:25 of which 0:25 = 0:25. Therefore, FFMRA maintains the balance
in resource allocation by distributing resources evenly among the group of users. A
balanced allocation is obviously seen in Figure 3.8 for both CPU and RAM allocations.
Based on the gure, DRBF and DRF consider more resources to users with dominant
RAM. However, users with dominant CPUs get a relatively lower rate compared to RAM
allocation. While, under FFMRA mechanisms, allocations are maximized proportionally
and fairly among the users. Moreover, the numerical analysis reveals that FFMRA keeps
the system in a balanced condition and allocates resources fairly compared to DRF and

DRBF.

4.3.3 Fairness properties analysis

In this section, it is explored that how FFMRA could meet some desirable fairness

properties.

Lemma 4.17. For each useri 2 U, any allocation Ik is possible under FFMRA if there

is at least one bottleneck resource.

X k k
9k 2 R; k=cC (4.30)

Proof. By contradicting the given assumption in 4.19, we suppose that there is a user

with no bottleneck resource on resource typek. Therefore:

X
8k 2 rk k<ck (4.31)

4.20 con rms that user i has not any submission which is bottleneck on a speci ¢ resource
type k. Under this assumption, FFMRA continuously allocates resources regardless of
any bottleneck resource. Hence, this contradicts the main hypothesis in 4.19. Therefore,

FFMRA satis es bottleneck fairness.
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Theorem 4.18. FFMRA satis es envy-free.

Proof. Assume that D represents a set of all dominant resources in entire system. |If
R =(r} :::;ri") indicates each specic resource type such as CPU, and RAM. Based
on the Algorithm 3 FFMRA considers equal proportion of the resource pool for each
speci ¢ resource, considering (d;x) (see line 9 and 10). Hence, as an example, for each
speci ¢ resource inR we assumer; and riO are two users with dominant resources as
ry > rio and both get the allocation based on MLF-DRS algorithm in 2 . As MLF-
DRS allocates resources proportionally among the users based on their demand pro les,
there is ( rj) < ( rio). In particular, if we assume two usersi;j as the allocated
tasks are determined based on thd ¥; hencerf < f ¥, and rk > f ¥ (see lines 26 and
27). In particular, the allocation for user j is always greater than useri as J" > I‘

Consequently, useri is unable to envy userj' allocation. Therefore, FFMRA meets

envy-free property. O

Theorem 4.19. FFMRA satis es sharing-incentive.

Proof. Given that there are two groups of tasks denoted byr;r , and FFMRA increases
the allocation of dominant resources of all users in each group based on the maximum
share by proportionality based on (d}<) and (d}‘) (see line 11 in algorithm 3). We need
to guarantee that all tasks dominated on a speci ¢ resource type must be allocated by
at-least 1=n of the resource pool. It is assumed that the entire resource pool is divided
among two groups of dominant, and non-dominant resources based on line 18. Hence,
if the total resources of the resource pool is denoted by, then at-least R=2 of total
resources is assigned to a group of users with dominant resources. Indeed, FFMRA sums
up all dominant resources together and gives them the highest proportion of resource
pool capacity. Therefore, by balancing the load in each speci ¢ resource, FFMRA en-
sures that each dominant resource gets at leasi=n of actual resource capacity. As an
example (see 4.3.2.5) in a scenario with four users (D) for dominant resource on RAM

is 26:6. Hence, this is more than half of the RAM capacity. Accordingly, taking into
account the nal allocation based on MLF-DRS in 13, the allocation for each user in a
speci ¢ queue is at leastl=n. Therefore, it is guaranteed that FFMRA satis es sharing

incentive property. O

Theorem 4.20. FFMRA satis es Pareto-e cient.
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Proof. Again, assuming that r;r denote RAM and CPU intensive tasks respectively.
Any requested taskr;r is maximized in terms of allocation based on a speci ¢ dominant
resource type without decreasing the allocation of other tasks. In other words, if there
are two usersi and j, using a saturated resourcer, then increasing the dominant share
of useri leads to a decrease in a dominant share of us¢r However, in every step of the
FFMRA algorithm, by increasing the dominant resource of a user, other user's dominant
shares are maximized as well. To proof this, we need to rst refer to the proportion of
the entire resource pool for all dominant resource types which is indicated by (d¥)
(see 9 in the algorithm 3). This parameter guarantees that in the rst step, regardless
of users' demand pro les, an equal proportion of resources is allocated to them. In
particular, no user's allocation is maximized based on his/her entitlements. We already
demonstrated that in the second hierarchy of FFMRA, the nal allocation is determined
by employing MLF-DRS policy (see algorithm 3, line 18). Hence, under MLF-DRS
policy, the allocation for each user is maximised proportionally without a ecting others'
allocation based onP = ri":A}‘:P ", rk. Therefore, we can con rm that the allocation

under FFMRA is Pareto-e cient.

Theorem 4.21. FFMRA meets strategy proof requirements.

Proof. To proof the strategy-proof property under the FFMRA allocation policy, we as-
sume a user with demand pro Iesrik and riO‘ as the true and misreported requests respec-
tively. Given that FFMRA increases dominant resources based on available resources in
each stage, if a user Withl’ik tries to manipulate the server by riu‘ and considering that
the capacity constraint is taken into account, in that case, the constraint could be vio-
lated by misreporting the true demand by any user. As FFMRA employs the MLF-DRS
allocation mechanism, to prove the concept of strategy-proof, we investigate the nal
allocation for users in each group based on dominant and non-dominant resources based
on line 18 in algorithm 3. In particular, FFMRA tries to allocate a proportion of entire
resource pool to both of these groups, considering(d) and (&) (see lines 9 and 10,
algorithm 3). Hence, at this level, there is no speci ¢ allocation for each user as all users
are encapsulated in particular groups of dominant, and non-dominant resources based
on line 5 and 6. Correspondingly, the allocation is determined by employing MLF-DRS

and the new fair queuing mechanism, discussed in 4.2.2 and algorithm 1. Hence, the
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strategy-proof under MLF-DRS 4.9 is applied to FFMRA and it is enough to prove that
the allocation under FFMRA is Strategy-proof.
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4.4 H-FFMRA

In this section, we propose a new multi-resource fair resource allocation algorithm called
H-FFMRA in heterogeneous servers. H-FFMRA inherits all basic allocation principles
associated with FFMRA. Accordingly, in section 4.4.1 we investigate the main motiva-
tion behind H-FFMRA. Then, section 4.4.4 introduces the formulation of H-FFMRA

in multi-server settings, supported by examples. The fairness measure is also proposed
in section 4.4.5. Finally, we evaluate the fairness features satis ed under H-FFMRA in

4.4.6.

441 Motivation

In FFMRA, the main focus was on a single server, whereas modern data centers are
composed of multiple servers with distinct con gurations. Applying both DRF, and
FFMRA in a naive extension form, and separately across all servers violates Pareto-
e ciency corresponding to DRF and intuitive fairness in FFMRA. To have a better

comprehension of the problem, we refer to the example in Figure 4.9.

Figure 4.9: An example with two users submitting their tasks over two servers

Assume there are two users lets say 1, and 2 with demand vector§LCP U;4GB),
(2CPU;5GB), and (3CPU;1GB), (4CPU;3GB) respectively. Also, both users are el-
igible to run tasks in servers 1, and 2 with the capacity vectors(9CP U;18GB), and
(10CP U;20GB). We assume that the DRF is separately applied in both servers. There-
fore, user 1 receive3CPU;12GB), and (4:48CP U;1:2GB) in server 2. Also, user 2
schedules(6CP U;2GB), and (5:52CP U;4:4GB) in servers 1, and 2 sequentially. Hence,
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Figure 4.10: The allocation of resources in DRF over two servers

based on Figure 4.10, an ine cient allocation occurs in both servers that are about 23%
of wasted resources. Moreover, the distribution of resources among users based on
the dominant and non-dominant shares are not in the same percentage. The main as-
sumption is to equalize all shares across multiple servers to achieve a trade-o between
fairness and e ciency and intuitively fair resource allocation. Correspondingly, based
on the same scenario in 4.9, users 1, and 2 benet 69% of the entire resource pool in
each server for dominant shares plus 31% equal percentage in all servers with regards to

non-dominant shares(see Figure 4.11).

Figure 4.11: The allocation under H-FFMRA which indicates that resources are
evenly allocated over two servers

4.4.2 Fair allocation properties in a multi-server setting

Pareto-e ciency  : Given that there is n number of users in whichi 2 U, then,

the number of tasks allocated to each usei with a demand pro le rk cannot be
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increased without decreasing the allocation of other users, i 6 U (Tahir et al.
2015).

Envy-free : A user is unable to envy another user's allocations:

ds( 1) ds( F):8ii 2Ui6 i (4.32)

Where dk( k) and d¥( ¥), indicate the number of tasks dominated on a
particular resource type that usersi and i can schedule respectively based on

dominant resources.

Sharing-incentive : This property con rm that no user is able to better-o others

if all resources are divided fairly among them (Dandachi 2015):

d<( 1 d¥ (ck=n); 8i 2 U: (4.33)

The inequality in 4.33, indicates that the sharing-incentive is achieved while the
number of allocated tasks, dominated on a speci c resource type must be equal or

greater than the fair-share in each server.

Strategy-proof : Any useri is unable to increase his/her allocation by misreport-

ing demands:

X rkisi2 usrk’e rk: (4.34)

4.4.3 System setting

Assume that there are S heterogeneous servers represented (&= (1;2;:::;s) with the
capacity vector C = (ci; k) . Also there are n users indicated byU = (1;2;::;n)
compete overk resource types aRR = (1; 2;:::; k) with resource request pro les, presented
by X =( ri"l; G riks), where all demands are always positive for each user. i.ei,"S > 0;i 2
u.

De nition 4.22. Consider resourcek as the heaviest and non-heaviest demand of sub-

missionr by useri over the maximum capacity C of any servers. Hence, the dominant,
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and non-dominant resources for each user specied by vector = (d}‘l;:::;d}‘s), and
D = (d¥; 5 d) respectively, are determined as follows:
K — ris
dis = max (4.35)
S
dk _ . ri‘;
's = min ck (4.36)
S
De nition 4.23.  If the allocation  for each useri,(1 i n) in servers is specied
by =( K K), with the utility UX, then, the maximum number of tasks that a

user can schedule in each server is the minimum allocation of a speci ¢ resource type

(Liu, Zhang and Li 2017). Hence:

k
( UX)= min ITLS;UiI; = max( K) =) 8 i2U;9rk > 0 (4.37)

is
Where, ( Ui';) is the number of tasks allocated to usei in a particular server s.

De nition 4.24. A feasible allocation exists if the total allocation in each server is

not greater than the total capacity of resources according to the following inequalities.

k ckgi2u (4.38)

is
i=1

rk ckigi2u (4.39)

is
i=1

De nition 4.25.  The allocation is non-wasteful, if any useri schedules at least one

task in each particular servers. Hence:
(UK ckerkii2u;s2s: (4.40)
i=1

Accordingly, for any allocation I‘S and is", the allocation meets non-wasteful alloca-

tion if the following condition is satis ed.
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()< (&) (4.41)

4.4.4 H-FFMRA

The recent developments fall short of satisfying intuitive fairness as Pareto-e ciency is
not achieved exclusively for a speci ¢ number of users. The consequences of such allo-
cation may severely hit those users with an identical type of dominant resources across
multiple servers. In particular, if a user schedules a large number of dominated CPU
tasks, then the probability of receiving the least amount of that resource is consider-
ably high. For example, in some conditions, a user with a dominant resource on CPU
demanding 5 units of CPU may get the same amount of that resource type. However,
another user with the memory-intensive task may occupy the most proportion of the
resource pool. It leads to a highly imbalanced allocation that noticeably a ects the

fairness and e ciency trade-o to sharing multiple resources.

To address the above-mentioned issues, in this section a fully fair allocation mechanism
called H-FFMRA is proposed in multiple server pro les. H-FFMRA is the generalization

of FFMRA in multiple servers. It captures the dominant, and non-dominant resources
concerning each server, and performs-fairness to evaluate how resources are evenly dis-
tributed among users over multiple servers. A two-level hierarchy approach in FFMRA
is also applied to each server. Compared to the DRFH mechanism that uses the global
dominant shares, in H-FFMRA we introduce the global aggregate dominant and non-
dominant resources to achieve a fully fair resource allocation and a trade-o between
fairness and e ciency. Accordingly, the H-FFMRA guarantees that a group of users
with tasks dominated in a particular resource type, get a desirable share of resources

based on their demands.

4.4.4.1 Problem formulation

The allocations under H-FFRMA are determined, using the Global Aggregate Resource
(GAR), considering both dominant and non-dominant resources. Generally speaking,

GAR aims to sum up all dominant and non-dominant resources across all servers.
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X
)=

GAR (d d<;8rk =) rk2D (4.42)

i=1

GAR(dX) = X a;8rk =) rk2pD (4.43)
i=1

De nition 4.26. An allocation satis es H-FFMRA, if for all servers (s 2 S), there is

at least one user with various submissions in whicr(ri"s) > 0. Furthermore, H-FFMRA

is feasible if any allocation corresponding to useri cannot be maximized without
k

. . . . k
decreasing the allocation for any usejj . i.e, is -

De nition 4.27.  The maximum allocation that a user receives from a possible number

of servers is measured by a utility speci ed byU( I‘s .

uc X) cksi2u: (4.44)
This is worth mentioning that a user may receive the allocation from multiple servers.

4442 H-FFMRA allocation

According to Algorithm 4, in the rst level of the hierarchy, the proportion of the total
resource capacity of all servers, indicated by (d!fTs), and (d}st) is calculated for dom-
inant, and non-dominant resources in entire system.Ts which stands for total servers
is determined for all users, sharing the entire resource pool with dominant, and non-
dominant resources. Secondly, the proportion of (d!fTS), and (di‘fTs) are speci ed for
each server with respect to dominant and non-dominant resources, represented by, ,

and ' 4, respectively. If Gg;s and GX_ denote a group of users with speci ¢ dominant,

k
drs
and non-dominant resources sequentially in each server. Then, the proportion of 4
and' 4 are used to calculate nal shares, employing MLF-DRS 4.2.1 based on the fol-
lowing maximization problem. Like FFMRA, this process guarantees that the trade-o
between the fairness and e ciency is achieved as a correlation between dominant and

non-dominant resources is maintained across multiple servers.
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maximize (rf; k)

subjectto ' g d:s

@ 09 (4.45)
(Glé;s) ' d;s
(Gléts) ' dis

X X

de+ di C¢

De nition 4.28.  An allocation under H-FFMRA is limited only to requested resources
if any resource shortage happens in the system due to the low number of resources that

are provisioned to all servers. Hence, the allocation is determined as follows:

(d)=rk; (d)=rk (4.46)

4.4.4.3 An example

We refer to the example shown in Figure 4.9 where there are two users, submitting tasks
with di erent demand vectors over two heterogeneous servers. As it was discussed earlier
in section 4.4.1, user 1 has dominant resources on CPU, while user 2 has submission,
dominated on memory. Therefore, based on the example, and according to Algorithm
4, H-FFMRA calculates T for all dominant, and non-dominant resources in the entire
resource pool, sinceGAR (dS)=5+4+4+3=16 , and GAR(d*f;) =1+1+2+3=7 .
As, Tes =10+20+18+9 =57 , then (df;) = (16 57)=23 = 39:65, and (d¥; ) =

(7 57)=23 = 17:35. Accordingly, ' 4, = (39:65 27)=57 = 18:78," 4, = (39:65 30)=57 =
2087, ' o, = (17:35 27)=57 = 8:21, ' 4 = (17:35 30)-57 = 9:13. Then, Ggfi' =
(18:78 9)=27 = 6:24, G;f’sul = (8:21 9)=27 = 2:73 Ga" = (18:78 18)=27 = 12:52,
GiZm = (8:21 18)=27 = 5:48For server 2, G, = (20:87 10)=30 = 6:95 G =
(9:13 10)=380 = 3:05, G} = (20:87 20)=30 = 13:92, G = (9:13 20)=30 = 6:08.
Figure 4.11, illustrates how resources are evenly shared among users. As can be seen in
the gure, all users in the entire system with dominant resources on both CPU and RAM
obtain 69% of resources. On the other hand, all users with non-dominant resources get
exactly 31% of resources. This is against DRF policy as there is no balanced resource
distribution. As a result, there is considerable resource wastage in both servers. This

example indicates that a fully fair resource allocation and the trade-o between fairness
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and e ciency are achieved. The example also indicates that by increasing a user's
allocation, others' allocations are increased as well. This satis es the Pareto-e ciency
and sharing-incentive features as all users with dominant shares, receive at least 1/n of

any resource type. This indicates that the allocation under H-FFMRA is intuitively fair.

This is worth noting that as there is only one dominant resource in each speci c resource
type, the allocation is not determined by MLF-DRS. Accordingly, in large-scale scenar-
ios, since there is more than one dominant resource of a particular resource type in each

server, the nal allocation can be calculated by employing the MLF-DRS algorithm.

Algorithm 4  H-FFMRA allocation

Input: D;D;C
Output:  (Gass); (Gge): i(dF); i(dF)
1: D =(d¥; i dK)
2. D= (d; s dk)
3: R (1;2::;k) Resource vector
4:' S (1;2;:::;s) The vector contains all servers
5 U (1; 2;:::;n) total users in the system
6: X (g ri)demand vector
7. Tes CK Sum of total resources in entire system
8 d p d$ Sum of all dominant resources
o: d< Sum of all non-dominant resources

=
<

d¢s (Tes a)=( a+ &) The proportion of resource pool for all dominant resources

110 g5 (Tes  @=( a*+ ¢ The proportion of resource pool for all non-dominant

resources

12: for each s in Sdo

13: ' gs ( ¢s CX)=CX The Proportion for each server in terms of dominant
resources

14: "4 (g5 C&)=C& The Proportion for each server in terms of non-dominant
resources

15: end for

16: for each k in sdo

17: (Ggs) ("as CX)= CK The proportion for each group of users in each server,
dominated in each sp%ci C resource type

18: (Gags) (g CK)=" CK The proportion for each group of users in each server
with regards to non-dominant resources

19: end for

20: for iin Gy do
Apply MLF-DRS

21: end for

22: for iin G4 do
Apply MLF-DRS

23: end for
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445 Fairness

In particular, H-FFMRA follows the concept of fairness in a two-hierarchy approach that

is already existed in FFMRA. Accordingly, in the rst hierarchy it performs fairness

to measure the fair distribution of resources among groups of users in each server. In

the second hierarchy, it appliesJain's index to all allocations in each server. In terms of
fairness , an algorithm is fair if the percentage of allocated tasks for dominant, and

non-dominant shares in all servers is the same. In other words, the system resources are

equally distributed if the di erence of the proportion of shares in all servers tends to

zero. Therefore, fairness for dominant, and non-dominant shares can be written
as follows:
X i) 1(dk)
— I\Mi1 . 1\ Mis .

( CK ) ( CK ) 2(0;1) (4.47)

(g (g
= (%) o (%) 2 (0;1) (4.48)

S S

The formulations 4.47, and 4.48 indicate that whether a group of users in each server
receive an equal proportion of resources in the entire resource pool. To measure resource
allocation with fairness concerning each user in each server, théain's index is applied

based on 4.49, and 4.50 for dominant, and non-dominant shares.

( i1y is)_ n (d=(5)2 ( ' )

P
e aky = ()2
Jak; i ak) = W (4.50)

4.4.6 Fairness properties satis ed by H-FFMRA

In this section, all possible fairness features satis ed by H-FFMRA allocation are in-
vestigated. It has been already discussed that under H-FFMRA, there is at least a
bottleneck resource that all users share in all existing servers. We go through all fair

allocation features in detail, and extend them in the presence of multiple servers. In
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terms of sharing incentive, this signi cant feature is extended across multiple servers to
ensure that all users with dominant resources get at leasfi=n of resources. An alloca-
tion  satis es a robust sharing-incentive if a user can schedule more tasks under this

allocation.

Theorem 4.29. The allocation under H-FFMRA meets bottleneck fairness if for each
useri 2 U in corresponding servers, there is at least one saturated resource. Therefore,
if G denotes a group of users in each particular serves and ( }‘s) indicates total

allocated tasks to all users, there is a bottleneck resourds, since:

d >dE =) rp >0 (4.51)

De nition 4.30.  Under H-FFMRA allocation, it is not possible to maximize a user's

allocation with submission rk > 0, without decreasing others' allocations.

Lemma 4.31. The allocation for each user with regards to each serves is referred to
a non-wasteful sharing, if for each user, there is (Tcs) (see line 10 in algorithm 4) as
the proportion of servers' total capacity, and also there is > 0 which is the distribution

of resources based on the proportion of total capacity of all servers. Consequently:

= (Tes)(#a(Tes)) > 0 (4.52)

X
#6(Tes) = (Tes)es( ras) (4.53)

Then, under MLF-DRS policy, each useri in server s, receives allocation , depending
on the fair-share in each corresponding serverf £ = (:Tg Therefore, based on 4.45 and
4.46, cwe consider#(Tcs) which indicates the distribution of resources in groups of users
with respect to each server. For each user under allocation , the value of is relaxed

to each user in a speci ¢ group G in servers. Hence, it is required to show that:

K= (rf) (4.54)

= (Tes)( K)otk >0 > o (4.55)
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It is worth mentioning that in 4.55, #(T¢.s) has been replaced with I‘S showing that

#(Tcs) leads to the nal allocation for users in each specic server under MLF-DRS

policy (see line 20 and 22 in algorithm 4).

Proof. To proof Lemma 4.31, we refer to the modi cation of multiple server speci cation
in DRFH (Wang et al. 2013), taking into account that K = (1K) =) i2 Uk 2R,

then:

== ()=ds = (1) o (4.56)

Hence, based on 4.56, the overall distribution to each grougs in servers can be written

as follows:

(&)= min( is=x d) = <X d) (4.57)

Therefore, according to 4.57, for any allocation X < K, and for any resourcek,

considering X < X there is:

(%)= min( k=d)
® =k (4.58)
K=d = (%)

As a result, the inequality in 4.58 indicates that is non-wasteful under H-FFMRA.

O
Lemma 4.32. H-FFMRA meets envy-free.
Proof. As already discussed in 4.54, K = (rK). Therefore, if there are two usersi,
and j, it is necessary to prove that:
(9 9 (4.59)

Therefore for each value, there is:
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o X k
()= i is) (4.60)
i=1
Without loss of generality, the equation in 4.60 demonstrates that the allocated tasks
to userj, based on the proportion of total capacity of servers is equivalent to the sum

of exactly the same proportion, allocated to user.

Accordingly, based on 4.60, the value of for userj could be a minimum value, taking

into account 4.59. Hence, for usejj, there is:

P = * min ( j(r)=rg) (4.61)
i=1

Then, 4.61 yields:

X k
i =il 7) (4.62)

Consequently, by considering 4.62, the allocation is envy-free under H-FFMRA.

Lemma 4.33. H-FFMRA satis es sharing-incentive property.

Proof. To prove the sharing-incentive property, it is required to show that every useri

with dominant resource, get at-least1=n of resources as:

i(dS) = #6(Tes)=n  CK=n =) i 2 Gg(dX) (4.63)

The equation in 4.63, indicates that the allocation for each user with the dominant
resource in each groupG in server s must be greater than, or equal to 1=n of server
capacity. It is achievable if the distribution of resource pool in a group of users with
dominant resources is also greater than, or equal to théair-share. For example, if there
are four users in a system with a capacity of 36, as a result,k = 36=4 = 9. It is possible,

if there are two users with dominant resources, and#g(Tc:s) = 24, and if for both users,
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d}‘;s fX. Then, both users get an equal share of 12. In this case, the sharing incentive

is satis ed (see algorithm 2, line 13). Therefore:

#e (T(:;s)dikS > # G(-I_c;s)(jﬁ<S =) d!é fi (4.64)

Given the inequality in 4.64, and in a case ifdS  fy for at-least one of users, MLF-DRS

maximizes useri's allocation by increasing the allocation for userj as well. Therefore:

K #o(Tes)=n =) 12 (U;Gs(d)) (4.65)

Accordingly, 4.65 shows that the sharing-incentive is satis ed under H-FFMRA.

O
Lemma 4.34. H-FFMRA ful lls Pareto-e ciency.
Proof. First of all, it is required to start with the following equation:
X
#G(Tc;S)diks + #G(Tc;s)crfs = Tes (4.66)

Considering 4.66, in the rst level, all system resources are distributed among all groups
of users with dominant, and non-dominant resources (see algorithm 4, lines 13 and 14).
Also, according to non-wasteful allocation, asf K is a constant value; under MLF-DRS
users receive resources based drf. Therefore, if there are two usersi, andj (i 6 j),

the following conditions are applied.

' Ms

8

ks ko) dskdk <f K
3 (4.67)
k = Kk :) dIkS’d|kS:fk

Consequently, by increasing the allocation for user, the allocation for | is increased

accordingly. Nonetheless, both users, and j receive exactly the same allocations.

Lemma 4.35. The allocation is strategy-proof under H-FFMRA
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Proof. Assume a demand vector denoted by = ( ri"l; o ri"s) for any useri in all existing
serversS. Moreover, consider another usef, misreporting demands with prole R =
(KK KK). For both users i, and T, the allocations are considered as K = (r¥),

- Mg

and ; = (r{;) respectively, based on the proportion of the entire resource pool (see

algorithm 4, lines 10 and 11).

Hence, if usert misreports his/her demand over any specic servers with dominant

resourced%‘s, then the proportion of requested resources by userr is the minimum value

Vj as.
vi = min (r{=rg) (4.68)
Therefore:
Xn
k — k
e ( %)
s=1
X
=vi (#e(Tes)) (4.69)
s=1

Vi#e(Tes)  #e(Tes) = :(s

Based on 4.69, the value of for each user's allocation in servers equals all allocated
tasks to the user across all servers. Then, the; ensures that the minimum aggregate
proportion of the resource pool is allocated to the user. Consequently, the allocated
tasks to another user consideringfs(Tc:s) is always less than the proportion of resources
allocated to another user under#g(Tcs). Consequently, it is not possible for useri to
misreport demands. Therefore, according to 4.68, and 4.69, H-FFMRA meetStrategy-

proof feature.

Assumingy; in 4.70 for dominant resources, and without loss of generality, iﬂ}‘S presents

non-dominant resources,v; could be written as follows:

vi = min(ri=rg) d<=df di=d{ 1L (4.70)
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45 A New Approach to Calculate Resource Limits with

Fairness in Cloud Environments

In this section we introduce a new approach to assign resource limits with fairness
(Hamzeh, Meacham and Khan 2019), considering the integration of fair resource alloca-
tion algorithms in the Kubernetes framework. Correspondingly, in 4.5.1, we investigate
the main motivation behind the approach. Also, section 4.5.2 discusses the formulation
of fair resource allocation algorithms based on Kubernetes infrastructure as well as the
system design. Finally, in 4.5.4 we present a practical example of assigning resource

limits with fairness in a small setting.

451 Motivation

While VMs provision resources in the laaS layer, the virtualization in containers takes
place in the operating system as multiple containers run on top of the OSKernal (Pahl
2015). The main purpose of containerization is to provide isolation between manage-
ment and application development without concerning migration from one environment
to another. Docker is one of the most popular containerization platforms that was intro-
duced in 2013 to package applications with necessary dependencies. Within the Docker,

codes are transformed easily to other environments (Singh and Singh 2016).

Nonetheless, by increasing the volume of demands, the management and coordination
of containers require sophisticated developments. To overcome these problems, Kuber-
netes (Bernstein 2014) has been proposed in 2015 as a container orchestration platform
to orchestrate di erent workloads corresponding to computing and networking opera-
tions. Moreover, Kubernetes presents di erent functionalities such as load balancing,

deployment, and scaling of a wide range of workloads.

As fairness is recognized as being the most important dimension in cloud computing
systems, however, to the best of our knowledge, it has not been having considered in
Kubernete's environment. Although DRF has been considered in the Kube-batch project

as a batch scheduler on top of the Kubernetes (kube batch n.d.), it is employed as a
plugin just for registering some callbacks for actions such as a compare function to sort

jobs and event handler.
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The fairness issue in Kubernetes has only been considered in terms of resource quota.
The resource quota is applicable when any number of users or teams share a cluster
with a certain number of nodes. In this case, the resource gquota prevents a team to
use more than its fair share. Although this method is an approach to avoid an unfair
situation in the Kubernetes, it is only for the limited number of cases not for a general
situation. Furthermore, the resource quota and limits must follow dynamic settings
which means that each pod must receive its share based on a speci ¢ demand pro le.
In particular, due to the heterogeneity of resources in Kubernetes, each pod consists
of intensive resource requests over one of the resource types either in CPU or memory.
Consequently, maintaining fairness among the pods could be a core criterion in which

the maximization of allocations for each pod becomes an optimal solution.

We believe that setting up resource limits without considering fairness is not an appropri-
ate solution in an environment where pods compete to get more resources. Accordingly,
if the resource limits are not speci ed during the pod creation level, it could consume all
resources in the corresponding node. Therefore, each pod should normally get a speci ¢

amount of resources to avoid starvation.

Taking into account the above-mentioned problems, in this section, we model and inte-
grate fairness algorithms in Kubernetes infrastructure, trying to assign resource limits
fairly among di erent pods running on a speci c node. Indeed, we add new function-
ality to the Kube-scheduler to consider resource limits with fairness during scheduling

decisions.

45.2 Fairness in Kubernetes

A submitted job in the Kubernetes is recognized as a pod. Each pod may contain one
or more containers. At the pod creation level, resource limits and requests are assigned
to each specic pod that is essential in resource allocation. However, resource alloca-
tion based on limits and requests is not su cient to establish fairness in Kubernetes as
existing pods may require the highest proportion of a particular resource type. Unfor-
tunately, there is a lack of dynamic resource management in Kubernetes as users are
required to specify resource limits before submitting a job. Moreover, the Kubernetes
scheduler does not consider resource limits in scheduling time as it takes into account

only the resource requests. Accordingly, if a pod tries to consume more than its resource



95

limit, it could be evicted by the kubelet and kernel. This is worth mentioning that it is
possible to specify namespaces to limit resource usage of pods, however, according to the
fairness feature that we already discussed in chapter 2, this may violate Pareto-e ciency,

and sharing incentive properties.

The lack of resource limit management causes pod eviction at the node level as there
is no fair mechanism incorporated with Kubernetes. Technically, setting each pod in a
particular namespace and assign resource limits using a fair allocation policy such as
DRF may prevent pods to consume more resources than their speci ed limits. The main
intuition behind our proposed approach is to equalize dominant resources depending on
their contribution within the corresponding node. Accordingly, the main aim is to
maximize resource limits based on the DRF mechanism. While DRF is considered to
add its features in Kubernetes, we also aim to de ne a model to integrate our proposed

algorithms in the Kubernetes scheduler.

Figure 4.12: Pod processing in Kubernetes

This motivates us to add a capability to the scheduler to deal with resource limits. To
do this which is illustrated in Figure 4.12, and Figure 4.13 we get all pod information,
including resource limits, and requests, and the node information. Then a new resource
limit is calculated, considering the dominant resources of all pods. After updating
resource limits with the API server, the namespaces are assigned to each pod to avoid
utilization above specied limits. In the optimization problem, the given constraint
ensures that the sum of resource limits is less than or equals to the maximum capacity
of each node. Consequently, the proposed mechanism prevents pod evictions and over-
committed problems by identifying actual resource limits for all pods competing in a

node to receive a desirable amount of resources.

Based on the example in Figure 4.14, there are two pods, each contains one container.

Also, there is a node with a capacity of (900m; 1800mi) of which m and mi denote
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Figure 4.13: Using fair allocation and scheduling algorithms in Kubenretes - the
gure illustrates each pod has been assigned with a namespace

Figure 4.14: Pod con guration

CPU, and memory respectively. The Kubernetes attempts to allocate resources to each
pod according to resource requests. Therefore, based on the default policy and what
has been set up in resource requests and limitd odl consumes up to(200m; 650mi)
of node capacity, andP od?2 utilizes a maximum (400m; 300mi). Consequently, at least
(300m; 850mi) remain unused that could be allocated to other pods. For this reason, the
Linux kernel allocates resources depending on de ned resource limits. So, if DRF policy
is applied to this speci c example, memory in pod 1, and CPU in pod 2 are dominant
resources. So, based on DRF, resource limits are determined &300m; 1200mi) for
pod 1 and (600m; 200mi) for pod 2. As a result, only 400mi is unused under the DRF
policy. The main advantage of using fair allocation in the Kubernetes is that resources

are shared fairly among the pods. Furthermore, users do not concern regarding pod
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eviction, caused by OS Kernel since each pod is located in a speci c hamespace.

Generally, Our proposed model considers two di erent scenarios as follows:

1. Resource limits are not specied  On this occasion, the proposed scheduler
assigns actual resource limits based on requested resources. Generally, resource
contention occurs if resource limits have not been speci ed. Although this problem
is solved by grouping pods within namespaces, assigned limits are not complied
with fairness criteria in multi-resource settings, leading to violate Pareto-e ciency,

and sharing incentive properties.

2. Resource limits are specied but aggregate limits exceed the node's
allocatable resources Accordingly, our mechanism takes node information and
running pods within that node to recalculate resource limits with fairness to ensure
the aggregate resource limits do not exceed the total capacity of that node. The
example presented in Figure 4.14, two pods have been created by di erent resource
requests and limits. If it is assumed that the total capacity of the node is<
900mi; 1800m >, and considering that the aggregate resource limits for CPU, and
RAM equal 1200, and 1900. Hence, both CPU and RAM limits exceed capacity
constraints. Consequently, one of those pods will be killed by the OS Kernel. We
aim to solve this problem by recalculating resource limits by employing the DRF
mechanism. DRF tries to maximize resource limits by equalizing them using the

progressive lling algorithm.

Figure 4.15: New resource limits assigned to pods A and B, considering DRf mecha-
nism
As can be seen in Figure 4.15, new resource limits are determined for pods A and

B based on DRF algorithms. This approach prevents resource contention and pod

evictions while maintaining utility maximization, Pareto-e ciency, and sharing-incentive



98

in the Kubernetes environment. Moreover, to have more control over PODS, we de ne

namespaces exclusively for each of those pods.

45.3 System Design

4.5.3.1 Mathematical implementation in Kubernetes

Primarily, in this section, a new approach is introduced to manage and orchestrate
resource limits with fairness between pods. Typically, the main problem is represented

as follows:

Consider there is a system with a set of user&J and pods, denoted byP in a vector
requests for those, as well agNj = 1;2;:::;n a class of nodes, each of which could serve
a certain number of pods. It is assumed thatLP, and xp, refer to the resource limits
and requests of a pod created by uset) where the requested resources are subjected
to be less than or equal to the resource limit agxpr, Ipr). A pod that is scheduled
in a particular node is represented byp;, as a scheduled pog in a corresponding node

i. Dominant, and non-dominant resources for each pod with regards to the maximum

capacity of each speci c resource type indicated byC;, are determined as follows:

dpir = max(xpr =G ) (4.71)
dp; = min (Xpr=Gi) (4.72)
The available resources in Kubernetes are called allocatable. Hence, without loss of
generality, it could be determined as follows:
Allocatable = nodecapacity (Kubereserved+ systemreserved+ evictionthreshold )

Hence, an allocatable resource, given to a speci ¢ poiis speci ed asAL ;i . Hence, 4.71

and 4.72 could be changed to 4.73 and 4.74:

dpr = max(xp,=Aly;) (4.73)

dp,; = min (xp,=Al;) (4.74)
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In real-time scenarios, each resource may be associated with a weight. Hence, if it is
assumed thatr has corresponding weight, denoted by, then 4.73 and 4.74 could be

revised to 4.75, and 4.76 as follows:

drp = max(xpr=fyp) (4.75)

ndrp, = Min (Xpr=fyp) (4.76)

. P - .
Given that S(LP;) = Lp, denotes the aggregate resource limits of a certain pog,

thus, the updated resource limits are calculated as follows:

maximize (p1; P2;::; Pn)
subjectto xp;  Ci: (4.77)

s(Ipr) Cir :
4.5.4 Practical example

As a preliminary implementation, a small case experiment is conducted in a single cluster

using the minikube(minikube n.d.) with a maximum capacity of (2000mi; 2000m).

Despite actual scenarios, it is assumed that the node information is known in advance.
Therefore, the administrator assigns resource limits to pods regarding their demand

pro les.

Figure 4.17 illustrates the con guration of pods, running in a single cluster as it is
presented in Figure 4.16. Also, the total capacity of the cluster is(2and2; 038 624ki)

of which 2 is the number of CPU cores equals 2000m and (2038624/1024=1990mi) is
determined as the maximum capacity of memory. Nonetheless, the allocatable memory
is less than the actual capacity of the corresponding node. Based on the mathematical
implementations, the frontend and frontendl have requests dominated on CPU, while
for frontend2 and frontend3 the requests are dominated on memory. According to the
given policy, resource limits are evenly assigned to those applications with a dominant
resource on CPU as both of which get approximately 36%, and 38% of the corresponding
resource. On the other hand, for the last two applications with a dominant resource on

memory, exactly 38% is considered for both. Whereas e ciency is a principle notion in
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Figure 4.16: Allocated limits for pods using one cluster installed with Minikube -
the output represents the actual resource limit assignment for pods considering cluster
resources

Figure 4.17: Resource limits, calculated for all pods based on DRF policy

Kubernetes, we only take into account assigning resource limits with fairness between
pods. The maximum amount of resources could be utilized by a pod up to the speci ed
limit. However, a majority of resources could not be consumed by some pods and
consequently remain unallocated. Technically, unused resources are reserved and then

allocated to other pods in the queue.

The above-mentioned example illustrates how a fair allocation policy could be used in
Kubernetes infrastructure. In chapter 4 we will show how other fair allocation and

scheduling algorithms could be implemented in the Kubernetes scheduler.
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4.6 Summary

In this chapter, three novel fair resource allocation algorithms in cloud computing sys-
tems are proposed. In MLF-DRS, we introduce a decision-making mechanism to allo-
cate resources based on the boundaries of resource demands and fair-share. Besides,
MLF-DRS is associated with a new queuing mechanism to prioritize tasks based on
dominant resources. In FFMRA, we formulate two optimization problems to equalize
the groups of users with dominant and non-dominant shares. Furthermore, to achieve
a trade-o between fairness and e ciency, we propose a correlation among dominant,
and non-dominant resources. Also, for measuring fairness in a multi-resource setting,
we introduce a new evaluation formula. we then extend the applicability of FFMRA to
the heterogeneous server pro les. In H-FFMRA, we present aggregate global resources
for dominant and non-dominant shares to achieve a fully fair resource allocation. The
fairness evaluations indicate that all these mechanisms satisfy desirable fairness features.
Besides, a new model to assign resource limits with fairness in the Kubernetes framework

was introduced to decrease the possibility of pod evictions.



Chapter 5

MRFS: A Multi Resource Fair
Scheduling Algorithm in Cloud
Computing

5.1 Introduction

Apart from the resource heterogeneity (Reiss et al. 2012), data centers are composed
of di erent servers with distinct con gurations in terms of resources. This diversity

in servers and computational resources represents a considerable complexity in cluster
management (Boutaba et al. 2012). Many extensions have proposed various ways to
overcome shortcomings associated with DRF in heterogeneous servers such as (Wang
et al. 2013; Tahir et al. 2015; Khamse-Ashari et al. 2017). These approaches have
investigated alternative ways to schedule tasks based on the main intuition behind DRF.
For example, the PS-DSF algorithm (Khamse-Ashari et al. 2017) has tried to schedule

incoming tasks in the most e cient servers and in presence of placement constraints.

In particular, the missing point regarding the recent developments is that they have
ignored how the number of dominant resources in a particular server may have an impact
on fairness. In other words, equalizing the number of non-identical dominant resources
in each server may increase the possibility of achieving Pareto-e ciency and sharing-
incentive (RQ 1 and 7). In particular, satisfying these properties leads to an intuitively

fair resource allocation. To address this issue, we propose a hew policy-based fair task

102
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scheduling algorithm namely MRFS (Hamzeh et al. 2020) to balance the submitted
tasks concerning dominant resources, aiming to solve the Pareto-e ciency and sharing-
incentive in a multi-server cloud setting. We believe that minimizing the competition
between users with dominant resources may contribute toward maximizing the per-user
utility function. Accordingly, we apply Lagrangian multipliers to the main optimization
problem to reach the maximum optimal point, considering an equal number of non-

identical dominant resources (RQ 7) and minimum aggregate dominant shares.

This chapter is organised as follows. In section 5.2 we discuss the motivation behind
MRFS. Then, section 5.2.2 starts with the problem formulation along with examples.
In continue, the section investigates the satisfaction of Pareto-e ciency and sharing-

incentive properties under MRFS policy.

5.2 motivation

The existing approaches do not consider an equal assigning of tasks over multiple servers
with regards to the number of dominant resources. In fact, equalizing the number of
dominant resources in each server, and maintaining the minimum aggregate resource

demands considering multiple resource types lead to maximizing users' utilities.

Let's draw an example to clarify the problem. Assume there are ve users A, B, C, D,
and E with demand vectors (3CP U; 1GB); (5CP U;3GB); (LCPU;5GB); (2CP U; 7GB),
and (4CPU;9GB) respectively. The main purpose is to schedule users' tasks in server
s. This server is eligible to host a maximum of four users. Figure 5.1, presents a
scheduling example of those tasks in a server from two perspectives. As can be seen
one of (5CPU;3GB); (4CPU;9GB) is eligible to be scheduled in the server according
to Figure 5.1(a)(b). Otherwise, they could be scheduled in other servers if existed.
Figure 5.1(a) refers to perfect scheduling as the number of dominant resources on CPU,
and RAM(GB) is equal. However, the scenario in Figure 5.1(b) does not reach an
optimal resource sharing as the number of tasks dominated on GB is more than CPU.
Applying FFMRA, users C, and D receive a total of 26.6 ratios of the entire resource
pool. Consequently, dividing it equally among them gives13:4 units of GB. On the
other hand, in a scenario represented in Figure 5.1(b), by increasing the population

of tasks dominated on GB, the utilization is decreased as30.66 ratio of resources is
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Figure 5.1: An example of scheduling scenarios

allocated to users C, D, and E. Furthermore, the aggregate demands dominated on GB
is 21 in scenario(b) which is greater than the case in scenariqa) with 12 GB units.
Therefore, imbalanced scheduling could adversely a ect users' expectations in terms of

utility maximization.

Unfortunately, the recent proposed approaches do not consider the competition based
on the number of intensive tasks and also the minimum aggregate demands with domi-
nant resources. This motivates us to design and develop a new policy-based scheduling

algorithm to address these issues.

5.2.1 Basic resource scheduling setup

Resource scheduling is a primary management process in the laaS delivery model. VMs
in the cloud data center are recognized as scheduling units that are provisioned to
heterogeneous resources. As it is shown in Figure 3.19, the scheduler regularly checks
for the current status in the system to get available resources to check which resource is

suitable to host users' tasks.

After resource provisioning, incoming jobs are placed in dierent queues. The main
purpose of the resource scheduler is to nd the most e cient node/server to host a set
of cloudlets/tasks, waiting in those queues. The intuition behind resource scheduling in
the cloud is to map a set of tasksW = (Wq; Wo; :::; Wi, ) to available k types of resources
R=(1;2;::K).

Let's assume that there is a system with heterogeneous servers amdnumber of users
U =(1;2;::;n) with demand proles X = (rk;rk;:;rK). Also, assume that a user is

eligible to submit any task including multiple types of resources. It is said that a user
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Figure 5.2: Scheduling tasks in di erent servers

submits a request dominated on a particular resource type if the following condition is

satis ed:

k
ds = max—:r> 0 (5.1)

ck’
Where d}‘;s denotes a dominant resource that a user may request over any serve.
Presumably, a submitted task by a user is determined locally as a task dominated on
a particular resource type in the corresponding server. Respectively, the scheduler is
responsible to map a task consideringdix in a server to achieve the maximum utility

for each user.

UM (( dk)) =) f o (Fusifassiinfis) (®-2)

The general utility maximization in 5.2 is subjected to nd an optimal solution based
on mapping function f , each binds cloudlets/tasks to the most e cient host. Typically,
utility functions are the best indicators in evaluating the e ciency of any scheduling

mechanism.

5.2.2 MRFS

In this section, a new policy-based fair task scheduling mechanism called MRFS is
proposed in the heterogeneous cloud. MRFS considers dominant resources and performs
a two-factor validation process to map a task to the most e cient server subjected to
available resources. The rst and the main factor is the frequency of dominant resources
in each server, and the second one is the minimum aggregate dominant resources. If
the last condition is not satis ed, the rst factor is enough to schedule tasks. MRFS

tries to maintain an equal distribution of tasks based on dominant resources on di erent
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resource types. After submitting tasks, each task dominated on a specic resource
type is placed in separate queues and then scheduled in the most appropriate server
according to the speci ed rules. Technically, MRFS calculates dominant resources for
each incoming task in all servers. If a server meets requirements and policies, then the
task is scheduled in the corresponding server. It is important noting that the dominant
resource of each task could be dierent from a server to server due to the diversity
in terms of con gurations. Hence, MRFS treats each task concerning its dominant
resource type. On the other hand, if the con guration of all servers is identical, then
MRFS considers a global dominant resource. In some conditions, if MRFS cannot nd
a suitable server to locate a task, the corresponding task is put into the non-dominant
queue. However, if MRFS employs the FFMRA allocation policy, a dominant resource
gets a fair-share of the resource pool as the highest proportion of the resource quota
belongs to hon-dominant resources. This is to make sure that those tasks get at least a
fair-share of resources to satisfy the sharing-incentive property. However, in large-scale
scenarios with thousands of servers, placing dominant resources in nhon-dominant queues

happens very rarely.

De nition 5.1. d¥ refers to the number of dominant resources in each speci c re-

source typek in each server.

Given that t indicates the time in a series(to;t1;:::;;t; 1), the number of dominant

resources on each particular resource type is updated in each time iteration

De nition 5.2. The available resources after occupying a server with several tasks is

presented by AX.

XK
Ak(t) = Cck rk (5.3)
i=1

Where C¥ is the maximum capacity of a resource type in each server, andX is the
requested resource by userrin servers. Moreover, based on 5.3, and taking into account
that in each iteration t, only one task is scheduled in each server, the available resources

are updated accordingly.

Denition 5.3. A, and N as two sorted arrays, representing two vectors each of which
indicates available resources, and the number of dominant resources respectively in each

server at time t. Correspondingly, the rst and the second items in the arrays are the
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minimum values of vectors. After each iteration, these vectors are sorted by increasing

the number of tasks in each server.

. . . . P
A server is indexed with a minimum aggregate dominant resource to 1, so thaf ri"1
P P P
rk, oo rk). If S = frkg, andS = frk;=;rkg, then ()= S=n s
denotes the average utilization of all servers excepd; that has the minimum summation

of requested resources at time.

De nition 5.4. The parameter is de ned as an auxiliary penalty variable which main-
tains a correlation between the number of dominant resources with the current utilization

at time t in servers. This is basically a penalty to show how the scBeduIer keepsFt)he Sys-

K
tem in a desired state. To achieve , itis assumed that = f 7= —li;::; '§ = dc_iis

indicates aggregate dominant resources over the number of dominant resource typksat

time t. Then the values of are normalised indicated by with the maximum capacity

of each particular resource type to capture which is determined as follows:

—jjo< 1 (5.4)

Figure 5.3: MRFS scheduler structure

Generally speaking, the value of represents the maximum penalty if the number of
dominant resources on a speci ¢ resource type is more than other types. In particular,
if the number of dominant resources is the same, the value of would be signi cantly
high, while in a perfect condition, where = 0, there is no penalty at all. Therefore,

the following conditions are satis ed to maximize per-user utility in a set of servers.
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8
3 (d)=( d)y= = ( dS);

3 P
“min X, dX ()

(5.5)

. . P -
Where for all resource types in serves, min =(=1 d}‘s (t) denotes the minimum aggregate
requested tasks dominated ork types of resources. This is worth mentioning that the
above conditions capture a perfect mapping of tasks to servers. However, there are cases

that at least one of those conditions is not ful lled.

According to de nitions 5.1,5.2,5.3 and 5.4, and given that I‘S is the allocated resource

to useri in server S, we are ready to formulate the maximization problem as follows:

max ui( %)
X

subject to rk ck (5.6)
i=1
S

The maximization problem in 5.6 has two constraints. To achieve a perfect optimal
mapping, the second constraint is required to be satis ed. To solve this maximization
problem and nd the best server to schedule a task, we useéagrangian multipliers (Wah
and wu 2002). The Lagrangian multiplier is an approach to nd the local maximum of
a function f (x1;X2;:::;Xn) In an optimization problem, subject to a set of equality or
unequally constraints let's say g(x1;X2;:::; Xn). The main intuition behind this method
is to transform constraints to a set of partial derivatives. The derivatives of a function
are applied to determine the critical points of that function. This is very useful to
nd a local maximum point. This is worth mentioning that MRFS employs a kind
of placement constraint principles in (Wang et al. 2016; Khamse-Ashari et al. 2017).
Accordingly, under MRFS, tasks get services from those servers that meet the conditions

in De nition 5.4 and the maximization problem in 5.6.

As an example, a simple utility maximization problem is considered as follows (Kubilin-

skas 2008):

max x = f(x)
(5.7)
subjectto gi(x) 0;8i=1;:;m
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Hence, it is possible to put the function f along with its constraint in a single maxi-
mization problem, using as a multiplier. Therefore, the problem in 5.7 can be written

as follows:

X = maxL(x; )= maxf (x)+ X iGi (x) (5.8)
i=1

Solving 5.8 gives a local maximum value for a maximization problem in 5.7.

Accordingly, the optimization problem in 5.6 could be formulated with constraint in an
integrated optimization problem using Lagrangian multipliers. As there are more than

one constraints, the optimization problem can be written as follows:

L(U;; )=(U( K)+ [C& Priks]+ [ SD (5.9)

According to 5.9, The parameter U denotes the utility of a useri in any servers con-
sidering resource typek. Therefore, the optimization problem aims to maximize the
allocation in a most e cient host. The second constraint is accompanied by to keep

_ P
the correlation between ( d¥), and ~ d¥.

To solve the Lagrangian function in 5.9, the First Order Necessary Condition(FOC)(Casas
and Troltzsch 2002) is applied. As can be seen in Figure 5.4 If); is the original user
utility, U indicates the optimal one by solving the Lagrangian function. Accordingly,

it is necessary to substituteU with U in FOC.

P
D) @ rku _
e = Gy T vy =0 (510)

Consequently, the equality in 5.6 can be divided in the following inequalities:

8
5(:5 Priks 0; 0; [cCk F)riks];

(5.11)
> su) o o [ SU):

The maximization problem in 5.3 could be relaxed to one constraint in a case, where
the second one is not required. Correspondingly, the problem can be written using a

barrier function as follows:
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Figure 5.4: The optimal utility over the original utility

Figure 5.5: The curve represents Pareto-e ciency where ? represents the improved
Pareto-e ciency

maxV; ( !<)+x ( d$) (5.12)
[ is IS1 .

The value of could be selected as a logarithmic barrier function as follows:

X
(Ui( ¥ = log(d (Ui( K))) (5.13)

As MRFS performs H-FFMRA to calculate allocations, all fair allocation principles in
FFMRA are exactly applied in MRFS. Among all fair allocation properties, we show that
The sharing-incentive and Pareto-e ciency properties are improved under the MRFS

scheduling mechanism.

Theorem 5.5. there is Pareto-e ciency improvement under MRFS mechanism

Proof. If there is a positive change on usei% allocation K denoted by >k 50 that

IS
0k>

is I‘S Accordingly, user i is unable to worse-o userj %llocation under a perfect

complementary utility function as U;( f) U ( )
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Algorithm 5 MRFS scheduling algorithm
Input:  rK;df;Ck

IS? ~IS?
Output:  Qfs; QK.
R  (1;2; :::;k) Resource vector
'S (1;2;:::;8) The vector contains all servers
U (1; 2; :::;n) total users in the system
: C = (k)

2
3
4
5. X (rk;:rk) demand vector
6
7
8
9

=

: QX Queue for dominant resourcek in servers
: Q'&S Queue for non-dominant resourcek in servers

K . .
: d!‘s = B’]&Xé—i Dominant resource typek In servers
dk

T Sq
10: t := 0 time interval starts at O

11: ( d¥)(t) nymber of dominant resources in each server at time
122 A CK rk Available resource in each iteration att

13: for each s in Sdo P

14: if ((d) == ( d)) & sg=min( dX) then

15: QK. rk Placing requested task into dominants queue
16:  elseif (( df)= 1= ( dX)) then

17: QK. rk Placing requested task into dominants queue
18 elseif (( df)= 1= ( dk))+1 then

19: Q. rk

20 elseif (( d)> ( d))+1 then

21: Qi

22 end if

23:  UpdateA

24: t=t+1

25: end for

As it is shown in Figure 5.5, all allocations are in line with Pareto-e ciency. Hence,

_ is increased without a ecting ? allocation. The further improvement in terms of

Pareto-e ciency is not feasible if an allocation reaches the desired state. Therefore,
we need to show that under MRFS, decreasing the population of tasks dominated on a
speci ¢ resource type reduces the competition among users, which leads to improving

the Pareto-e ciency.

To show that Pareto-e ciency is improved under MRFS, we assume that a useri is given
by a weight ! ;. Accordingly, for each allocation there is a social-welfare indicator

(Negishi 2006) let's sayS,, based on weighted aggregate utility as follows:

xn
s ()= i Ui 4) (5.14)
i=1
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Hence, the allocation ; maximizes the social-welfare over other allocations as follows:

1 2 argmaxs; () (5.15)

Considering 5.14, and 5.15 under MRFS scheduling policy, minimizing the number of
dominant resources leads to maximizing the utility of each user in a speci c server S as

follows:

min ( d) =) maxU;() (5.16)

Therefore, the social welfare is improved according to 5.16 as:

S )>Si() (5.17)

Theorem 5.6. MRFS improves the sharing-incentive property

Proof. In particular, in order to proof the sharing-incentive property, we need to show

that:

Uc &) U %) (5.18)

Therefore, the utility of user i is greater than or equal to anther userj 's utility. This con-

e . . . P
dition is assumed to be satis ed under FFMRA mechanism, ifU( )= K=" ;( X).

Zo is taken into account as a solution under FFMRA in absence of MRFS, and also
Z, in presence of MRFS. Typically, the number of dominant resource (see line 11,
algorithm 5) of a specic resource type under solutionZ, is more than that in Z,,
since, d}g(Zo) d}‘S(Zo). Therefore, considering , and , the utility of the user i is

increased as follows:

(U( K)+ [C& § 1+ [ diuC K)) (5.19)
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Consequently, any allocation under solution Z, captures a strong sharing-incentive

property. Hence, the inequality in (3.84) is applied to the optimal solution Z,.

5.3 Summary

In this chapter, a novel fair task scheduling mechanism called MRFS is introduced. Un-
der MRFS, we target to equalize the number of non-identical dominant resources in each
server. In particular, we intend to reduce the competition among these kinds of resources
to address the existing issues in terms of sharing-incentive and Pareto-e ciency. We also
formulate an optimization problem, considering the maximum availability and minimum
aggregate shares as rigorous constraints. Accordingly, We apply the Lagrangian multipli-
ers to map incoming tasks to the most e cient servers. Furthermore, the mathematical
proofs show that the MRFS achieves an improved degree of sharing sharing-incentive

and Pareto-e ciency features.



Chapter 6

Applicability of the proposed

algorithms

6.1 Introduction

The understanding of how to properly implement any resource allocation and schedul-
ing algorithm requires a comprehensive investigation of the simulation and production
environments. In both cases, taking into account the model-based design gives a clear
view of how to implement those algorithms. Accordingly, in this chapter, we explore a
model-based approach to deploy our proposed algorithms. In section 6.2, the Cloudsim
is comprehensively explored as a simulation framework that has been specially designed
for cloud computing environments. Moreover, the implementation of proposed algo-
rithms is presented through the software modeling diagrams. Section 6.3, represents the
applicability of proposed algorithms in BT's infrastructure, considering the Kubernetes
as a container orchestration framework. We rst study the architecture of the Kuber-
netes as a whole. Then, similar to section 6.2, the integration of proposed algorithms in

this framework is indicated using software modeling principles.

6.2 CloudSim

CloudSim (Buyya et al. 2009) is a Java-based simulation framework that was designed

in the cloud System labs at the University of Melbourne to simulate and model the cloud

114
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Figure 6.1: CloudSim architecture (Calheiros et al. 2009; Vahora and Patel 2015)

infrastructure. In the CloudSim all components such as Virtual Machines(VMs), data
center, and resource provisioning policies are considered concerning their behaviors.
Di erent resource provisioning techniques are easy to extend and develop. One can
create and deploy own infrastructure and policies to manage a system and its resources.
In other words, CloudSim is an interesting framework, allowing developers to investigate
their proposed rules in an extensive and manageable environment without concerning
real cloud infrastructure. A variety of classes are provided within the CloudSim to

characterize di erent cloud components such as data center, users, resources, and VMs.

6.2.1 CloudSim Architecture

The whole architecture of the cloudsim is depicted in Figure 6.1. The simulation layer
in the cloudsim comes up with a support to model and simulate the virtualized data
center domains, comprising a set of interfaces to manage computational resources like

CPU, memory, bandwidth, and disk.

This layer consists of operational actions such as running applications, monitoring the
dynamic behavior of the system, and host provisioning to VMs. Allocation and resource
provisioning policies are written in the simulation layer by changing and developing the
provisioning of VMs. Hosts are provisioned to VMs where the applications are executed
according to provided QoS parameters delivered by the SaasS layer. The user's code is the
top layer in the cloudsim architecture that provides information about the application

such as required resources for running a task as well as the information regarding hosts
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such as, the number of VMs and resource allocation policies. Using this information
and entities, a cloud developer may perform a mix of required actions such as creating
and con guring workloads. He/she also may con gure applications according to the

pre-de ned scenarios and testing the robustness of the system as well as implementing

custom resource allocation, and scheduling policies.

ClouldSim is composed of a range of classes that demonstrate the CloudSim model. The
data center is a fundamental component in the cloudsim where the laaS is implemented
and developed. Hosts that are assigned to VMs are managed by a datacenter entity
using provisioning techniques speci ed by the Cloud provider such as VM provisioning,
creation, and migration to maintain the life cycle of VMs. A VM is capable of hosting

di erent applications subjected to constraints. In other words, one or more applica-
tions could be provisioned inside a single VM. Hosts provide computational resources to
VMs like processing, memory, storage, and bandwidth. To manage VMs, hosts run the
scheduler component. Scheduling in the ClouldSim is managed in two di erent ways:
space-shared and time-shared policies. According to the space-shared scheduling policy,
if there are many VMs, the next VM will not be started until the rst VM nishes

the execution period using a time slice. To calculate the nishing time of a VM, the

following formulation is used (Buyya et al. 2009):

r
capacity cores(p))

eft(p) = est+ (6.1)
where est(p) denotes the start time of a cloudlet(task) andr, represents the total number
of instructions that is required by a clouldlet to be executed within a specied VM.
Subject to the availability and in a case that there are also idle cores to be assigned
to VMs, the cloudlets are placed in the queue. So, the overall capacity of a host with

regards to the Processing elements (PES) is determined as follows:

X can

capacity =
i=1 NP

(6.2)

where cap(i) represents the strength of processing of each specic element.

On the other hand, the time-shared policy which is implemented inorg.cloudbus.cloudsim.

CloudletSchedulerTimeSharedallows multi-tasking which means that multiple cloudlets
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can be executed inside a single VM. So, the overall processing capability of each indi-

vidual host is determined as follows:

P np
capacity = pi=(
PACY = hax T clopdiets cores(j ); np

(6.3)

In this thesis, we use the most useful methods within the Timeshare cloudlet scheduler

class, that are shown in Listing 4.1 (CloudSim 20009).

getCurrentRequestedMips(): Gets the current requested mips.
getCurrentRequestedUtilizationOfBw(): Gets the current requested bw.
getCurrentRequestedUtilizationOfRam(): Gets the current requested ram.
getTotalUtilizationOfCpu(double time): Get utilization created by all cloudlets.
getTotalCurrentAllocatedMipsForCloudlet(ResCloudlet rcl, double time):

Gets the total current allocated mips for cloudlet.

Listing 6.1: Cloudlet Scheduler timeshared class methods and functions

6.2.2 CloudSim classes

In this section we quickly overview di erent classes in the CloudSim.

1. BwProvisioner: This class introduces various techniques and models to allocate
bandwidth as a resource to VMs. It is also responsible to allocate bandwidth
among competing VMs in the whole data center. This class is extendable, so, one
can employ his/her allocation policy. The bandwidth in this class can be reserved

as much as needed until it reaches to the capacity constraint speci ed in the host.

BwProvisioner has been implemented within org.cloudbus.cloudsim.provisioners
.BwProvisioner. We use a number of important methods of this class to implement

our proposed algorithms that are illustrated in Listing 4.2 (CloudSim 2009).

allocateBwForVm(Vm vm, long bw): Allocates BW for a given VM.
deallocateBwForVm(Vm vm): Releases BW used by a VM.
getAllocatedBwForVm(Vm vm): Gets the allocated BW for VM.
getAvailableBw(): Gets the available BW in the host.

getBw(): Gets the bw.

Listing 6.2: Methods in BwProvisioner
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2. CloudCoordinator: This class is an extension of data center which is responsible for

monitoring the status of resources in the data center to apply dynamic decisions.

3. CloudletScheduler:Within this class, a set of scheduling policies(Time-shared and
space-shared) are considered to calculate how processing power is provisioned to

di erent VMs.

4. Datacenter. The aim of this class is to model the laaS platforms, delivered by
providers such as Google and Amazon. The DataCenter class has been developed
in org.cloudbus.cloudsim.Datacenterwhich extends the SimEntity object, shown

in Listing 4.3.

public class Datacenter extends SimEntity

Listing 6.3: DataCenter Class

In this thesis, we take into account some important methods, implemented within

the Datacenter object which is illustrated in Listing 4.4 (CloudSim 2009).

getHostList(): Returns the host list.

getCharacteristics(): Returns the characteristics.
getSchedulinginterval(): Returns the scheduling interval.
getVmAllocationPolicy(): Returns the vm allocation policy.

getvVmList(): Returns the vm list.

Listing 6.4: DataCenter object methods

5. Data Center Broker Data center broker which is also known as cloud broker is
basically a bridge between SaaS and cloud providers to setup negotiations such as

QoS requirements.

6. RamProvisioner:This class encompasses memory provisioning techniques. In or-
der to deploy a VM within a speci c host, it is necessary to check this class to
make sure that there is available memory. RamProvisioner is also depicted in
org.cloudbus.cloudsim.provisioners.RamProvisioner The most important meth-
ods that we apply to implement our proposed algorithms are mentioned in Listing

4.6 (CloudSim 2009).

allocateRamForVm(Vm vm, int ram): Allocates RAM for a given VM.
deallocateRamForAllVms(): Releases BW used by a all VMs.
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deallocateRamForVm(Vm vm); Releases BW used by a VM.
getAllocatedRamForVm(Vm vm): Returns the allocated RAM for VM.
getAvailableRam(): v the available RAM in the host.

getRam(): Returns the ram.

getUsedRam(): Returns the amount of used RAM in the host.

Listing 6.5: Methos in RamProvisioner class

. Vm: VM class is responsible to model VMs that could be scheduled in a particular
host. Dierent features related to VMs are stored inside an element. Moreover,
resource allocation and provisioning rules are also accessible through this element.
A VM is created and de ned by the VM class within org.cloudbus.cloudsim.Vm
object which is shown in Listing 4.7. There are also a number of methods within
the VM object that we consider them in this thesis that is depicted in the listing

4.6 (CloudSim 2009).

public class Vm extends Object

Vm(int id, int userld, double mips, int numberOfPes,

int ram, long bw, long size, String vmm, CloudletScheduler cloudletScheduler)

Listing 6.6: VM class

getBw(): Gets the amount of bandwidth.
getCloudletScheduler(): Returns the vm scheduler.
getCurrentAllocatedBw(): Returns the current allocated bw.
getCurrentAllocatedMips(): Returns the current allocated mips.
getCurrentAllocatedRam(): Returns the current allocated ram.
getCurrentRequestedBw(): v the current requested bw.
getCurrentRequestedRam(): Returns the current requested ram.
getCurrentRequestedTotalMips(): Returns the current requested total mips.
getHost(): Returns the host.

getld(): Returns the id.

getMips(): Returns the mips.

getNumberOfPes(): Returns the number of pes.

getRam(): Returns the amount of ram.

Listing 6.7: methods in the Vm class

. VmAllocation Policy: This class nds the most appropriate host to deploy VMs
based on available resources. This class is used to implement MRFS algorithm.
The block de nition diagram depicted in Figure 6.2 illustrates how to implement

MRFS scheduling policy using di erent components and classes in the CloudSim.
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Figure 6.2: A block de nition diagram that illustrates the technical implementation
of MRFS algorithm and its applicability in the cloudsim framework.

Accordingly, two important classes VmAllocationPolicy and VmAllocationPoli-
cyAbstract are essential to implement MRFS. Technically, it is necessary to extend

VMAIllocationPolicyAbstract and implement VmAllocationPolicy .

allocatePesForVm(Vm vm, List<Double> mipsShare): Allocates PEs for a VM.
deallocatePesForAllVms(): Releases PEs allocated to all the VMs.
getAllocatedMipsForVm(Vm vm): Returns the MIPS share of

each Pe that is allocated to a given VM.

getAvailableMips(): Gets the free mips.

getMaxAvailableMips(): Returns maximum available MIPS among all the PEs.
getTotalAllocatedMipsForVm(Vm vm): Gets the total allocated MIPS

for a VM over all the PEs.

Listing 6.8: Methods implemented in the Vm Scheduler class

. VmScheduler: The main purpose of this class that is implemented by the host com-
ponent is to manage and implement provisioning policies either the space-shared
or time-shared to allocate processing cores to VMs. VmScheduler is developed in
org.cloudbus.cloudsim.VmSchedulerincluding di erent methods that are shown in

the Listing 4.8.
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Figure 6.3: A low-level architecture of designing and implementing resource allocation
algorithms in the CloudSim

6.2.3 Deploying proposed algorithms using CloudSim classes

The Figure 6.3, depicts di erent components in the CloudSim that are contributed in
deploying our proposed algorithms. As can be seen in the gure, the core component
is the org.cloudbus.cloudsimwhich consists of a variety of classes and methods. To do
implementations, four important components are required such asStorageProvisioner,
RamProvisioner, PeProvisiner and Vm. In the rst phase, RequestedResourcabject
is created to determine requested resources using thém component as well as users,
and VM ids. In the next step, Resource Capacitiesobject gathers all resource capacity
information from the Storage, Ram and Peprovisioner components. This is note that,
the resources capacities are retrieved using the methods likgetStoragelO(), getMip-
sCapacity(), and getRam In order to calculate dominant and non-dominant resources,
we considerVm component and resource Capacitiesobject. Accordingly, the Allocated
Resourcesobject gathers required information from the VM component, Dominant and

non-Dominant Resources and Resource Capacitiesobjects. In the nal step, allocated
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resources in theAllocated Resourcesobject are provisioned to all VMs as it is shown in

the Resource Provisioning to Vmsobject.

6.3 The applicability in BT's infrastructure

British Telecom(BT) has a long experience in designing and developing Cloud-based
applications. As a part of BT's project, we collaborate in designing resource allocation
algorithms to be integrated to BT's cloud infrastructure. Therefore, we aim to deploy

our proposed algorithms in the Kubernetes platform as a state-of-the-art cloud-based
technology to provide fair, and e cient services to users. so, in this section, we exten-
sively overview the Kubernetes architecture and its components that are essential in

deploying proposed mechanisms.

6.3.1 Kubernetes

Kubernetes (K8s) is a well-known open-source platform for the container orchestration,
automating deployment, scaling, and management of containerized applications. It gath-
ers together all containers to keep up applications into a set of logical units to perform
easy management and discovery operations (Hamzeh, Meacham and Khan 2019). A
high-level architecture of the Kubernetes is presented in Figure 6.4. The Cluster is the
most signi cant component in the Kubernetes which is composed of a bunch of running

machines to manage containers.

Figure 6.4: Kubernetes architecture (Pscaer 2018)
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The Kubernetes mainly consists of two types of resources that are CPU and memory as

computing resources for containers. Pods are considered the simplest and fundamental

units in Kubernetes infrastructure. The scheduler in the Kubernetes scheduler is re-

sponsible for placing pods in available nodes. A node is referred to as a virtual machine,

however, it is not created by Kubernetes. Instead, cloud providers such as Google Cloud,

Amazon Web Services (AWS), and Microsoft Azure initiate nodes as virtual machines

to host pods. The most important components within the Kubernetes cluster are listed

as follows:

Master: The master is considered as the main unit in Kubernetes architecture
which provides various functionalities in order to manage, and monitor nodes and

other components. The Master component is composed of the following parts.

. Etcd: is key-value storage and backup agent in Kubernetes as all the information
and con gurations regarding the cluster are stored and accessible through the API

server by worker nodes.

. Kube-API server. The API server is a front-end object and a critical service within

the master component that behaves like a bridge between di erent objects. The
APl is empowered using a JSON le. Furthermore, the kubecon ge package is
responsible to handle communications within APIl. As a principle management
component of the entire cluster, a user is allowed to con gure Kubernetes work-
loads and organizational units. The API server is eligible to manipulate the state

of di erent objects like pods, and services.

. Kube-controller-manager: The shared state of a cluster is monitored by a con-
troller via the API server to change the current state to an optimal point. The

existing controllers in the Kubernetes are endpoints, replication, namespace, and
service accounts. To reduce the complexity, all these controllers are integrated and

compiled in a single binary.

. Kube-scheduler: This component is responsible for deploying pods and services in
suitable nodes. Di erent parameters are considered during the scheduling process
such as resource requirements and limits, the quality of services of pods, a nity,

and anti-a nity. The main function of a node is to check the requested resources
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of all pods to make sure that the requested amount does not exceed the total

capacity of the corresponding node.

Node: A node is a worker machine, managed by the master component which is
created by cloud providers to run containers. It also consists of di erent objects

as follows:

1. Kubelet: Is one of the main components in the kubernetes architecture that places
into each worker node to run all pods and checks them regularly to ensure that
they work properly. The Kubelet also runs a set of health checks for all running
pods. Then, it interacts with API server to report the state of a node and all pods

running inside it in a certain intervals.

2. Kube proxy: As an object running in each worker node, kube proxy checks regu-

larly the changes in all pods and services to keep the network up to date.

3. Container runtime: This object is placed at the lowest layer of a node to start and

stop all pods and services. Docker is the most well-known container run-time.

6.3.2 Pod

A pod is referred to as the smallest element which is deployable inside the Kubernetes
cluster. A single instance of an application is represented using a pod. A pod maintains
one, or more containers that are mainly Docker containers. All containers within a pod

are a single object that shares all resources, belonging to a given pod. Network and
storage are two important shared resources for all created pods. In terms of networking,

each pod is distinguished with a speci c IP address.

To run di erent pods in the Kubernetes cluster the best idea is to specify the number
of copies of a pod using replicas instead of creating pods separately. Hence, the main
intuition is to create a deployment and set up replicas to a distinct number of pods that
should be run inside the cluster. Replicas are managed by th®eployment object in
the Kubernetes that will be discussed in the next section. After creating pods using the
deployment, all information related to a pod is passed to the API server. The following
functions (see listing 4.9) in the form of an interface are primarily used to manage a pod

within the cluster (kube batch n.d.).
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type Podlinterface interface {
Create(*vl.Pod) (*vl1.Pod, error)
Update(*v1l.Pod) (*v1.Pod, error)
UpdateStatus(*vl.Pod) (*v1.Pod, error)
Delete(name string, options *metavl.DeleteOptions)
error
DeleteCollection(options *metavl.DeleteOptions, listOptions metavl.ListOptions) error
Get(name string, options metavl.GetOptions) (*vl1.Pod, error)
List(opts metavl.ListOptions) (*v1.PodList, error)
Watch(opts metavl.ListOptions) (watch.Interface, error)
Patch(name string, pt types.PatchType, data []byte, subresources ...string)
(result *vl1.Pod, err error)
GetEphemeralContainers(podName string, options metavl.GetOptions)

(*vl.EphemeralContainers, error)

UpdateEphemeralContainers(podName string, ephemeralContainers *vl.EphemeralContainers)

(*vl.EphemeralContainers, error)

PodExpansion

Listing 6.9: The functions to manage pod within a cluster

In this thesis, we consider create and update functions for automation purposes. Other
functions are enabled by thekubectl command to manage pods manually. The basic
kubectl command to see the status of created pods is kubectl get pods, which il-
lustrates the status of running pods within the cluster. Indeed, the pods are shown in
di erent statuses. The Running status con rms that the corresponding pod is success-
fully scheduled in a particular node. The pending shows that one or more containers
of a pod are still waiting for execution. Terminated, or Failed indicates that all

containers of a pod are failed, or terminated.

Pods are accompanied by resource limits and requests as the fundamental indicators that
allow the scheduler to nd an appropriate node for a corresponding pod. In the next

section, we will represent how resource limits and requests are speci ed in a deployment
object. A limit is the maximum amount of a resource that can be consumed by a pod.

Since all the containers share the total resources of a pod, the sum of the resource limits
of all containers should not exceed the resource limit of that pod. However, resource
limits are not considered in scheduling time. So, if a pod tries to consume more resources

than its actual limit, then it could be evicted by the Kubelet and OSKernel.
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6.3.3 Deployment in Kubernetes

Deployment in Kubernetes is a substantial pod management object, aiming to run ap-
plications and microservices. Scaling up-down, and rolling down are important use-cases
of a deployment. It also speci es how many copies of a pod could be run within the
Kubernetes cluster. A deployment employs the Yet Another Markup Language called

YAML which is a human-readable language.

For example, if there is a web application that must be run on di erent machines, it is
possible to specify the number of copies of that application in deployment, using replicas.
Typically, a deployment provides automation in creating and updating pods without
requiring manual operations. The deployment controller is responsible to manage, and
control deployments. A deployment utilizes pod templates that compromise di erent
speci cations, for example, the number of replicas, types of deployment such as a service
and replication controller. To create a deployment, kubectl is employed as a command-
line interface that facilitates access to local, and remote clusters. It is also a gateway
to interact with any Kubernetes cluster. Kubectl is mainly used to create, deploy, and
manage any object within the Kubernetes cluster. The basic kubectl command syntax

is as follows:

Kubectl [command] [TYPE] [NAME] [ ags]

An example of deployment is shown as follows

Figure 6.5: A sample deployment using YAML
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As can be seen in Figure 6.5, the rst element that should be speci ed is the apiVer-
sion which indicates an application deployment running in API version v1 within the
Kubernetes cluster. This is worth mentioning that the API version could be changed
based on its corresponding version. The second part is the kind eld which speci es
the kind of deployment. In this example, the kind of deployment is Deployment. In
metadata, the name of the application that is Nginx is indicated. Nginx is a popular
web serving open-source application which is mainly used for various operations such as
load-balancing, and multi-media streaming. Within the spec eld, di erent speci ca-
tions are considered. Replicas are set up to 3 which means three copies of Nginx are
eligible to run in di erent machines to serve user requirements. Labels in the template
are a kind of identi cation for a given pod. The spec eld in the template consists

of the name of a container which also indicates that one docker Nginx container with
version 1.7.9 is run inside the cluster. The containerPort 80 denotes a port to expose

the pod to the outside world.

Figure 6.6: Deployment using resource requests, and limits

A deployment could have di erent con gurations. In this thesis, we use deployments to
create pods and replicas. Such a con guration is shown in Figure 4.8. In this example,

one Nginx container is deployed, including resource requests, and limits.

A deployment is created using"kubectl create -f PODNAME.yaml|" . Therefore,
after creating it, kubectl describe poccommand returns important information with re-

gards to the created pod. To get the information regarding the deployment, the com-
mand "kubectl describe deployment DEPLOYMENT" is employed. This com-
mand provides necessary information about updating, scaling, and rolling up, and out
operations. For example, by scaling replicas from 2 to 3, the updated information is

represented using this command.
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6.3.4 API Server

The API server in the master node is the core component that takes the control of worker
nodes inside the cluster. Any alteration in pods and services is allowed by the API server.
As it is shown in Figure 6.7, etcd is the central database within the master node that
all information is stored in it, and accordingly, the API server regularly interacts with

this database.

Figure 6.7: Kubernetes API server (Schimanski and Hausenblas 2018)

Once pods are created, the related information is passed to the API server, then the
scheduler gets pods' specs from the API server and binds them to corresponding nodes.
After scheduling pods, the scheduler, and kubelet within the worker node, update infor-
mation with the API server. Di erent versions of API servers are considered by default
that is: vlalphal which is typically disabled. The v2beta3 is activated for testing pur-

poses, and the v1 version is supposed to be used for realizing the Software.

Almost all operations such as pod creation and scheduling are synchronized with API
server version v1. In this thesis, we get the necessary information in terms of resources

from the following functions, existed in "/k8s.io/api/core/v1/" (kube batch n.d.).

func (self *Resourcelist) Cpu() *resource.Quantity {
if val, ok := (*self)[ResourceCPU]; ok {
return &val

}

return &resource.Quantity{Format: resource.DecimalSI}

func (self *Resourcelist) Memory() *resource.Quantity {
if val, ok := (*self)[ResourceMemory]; ok {

return &val
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}

return &resource.Quantity{Format: resource.BinarySl}

func (self *Resourcelist) Pods() *resource.Quantity {
if val, ok := (*self)[ResourcePods]; ok {
return &val

}

return &resource.Quantity{}

Listing 6.10: The functions for getting resource limits

The functions CPU(), and memory() returns resource limits for CPU, and memory as
two primary resources in Kubernetes. Moreover,pods() function, gives all pods existed

within the cluster.

In our proposed model, we get all necessary information from the API server which is

shown as follows:

Figure 6.8: A tree that indicates how information is used to model our approach

Based on Figure 6.8 ,we use some parameters provided with the node-info object such
as Allocatable, and capability. Allocatable refers to the available capacity of a resource.
Also, a Pod() function is applied within the same object that returns all running pods

within the corresponding node.

func (ni *Nodelnfo) Pods() (pods []*vl1.Pod) {
for _, t := range ni.Tasks {
pods = append(pods, t.Pod)
}

return
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6.3.5 Scheduling in kubernetes:

The scheduling problem in Kubernetes is an optimization problem. It maintains a built-

in scheduler calledkube-schedulemwhich is an important part of the control plane. This
component enables users to de ne their scheduling policies. Generally speaking, when
a user creates a pod, resource requests and limits are also speci ed simultaneously. The
scheduler considers di erent parameters such as predicates, priorities, and Quality of
Service of pods. Predicates maintain functions as they get PodSpecs and node informa-
tion like available resources and capacity of a node. Accordingly, they return a boolean
value to indicate whether a pod can be tted in a specic node. The priority of pods
depends on the QoS classes of those pods. The importance of a pod is determined by the
priority. Typically, pods with the lowest priority are the best candidate to be evicted
(preemption), aiming to simplify scheduling the highest priority pods. Therefore, pods
are categorized into three di erent levels: Guaranteed, burstable, and best-e ort. The
guaranteed class has the highest priority as all pods have the same resource limits and
requests. In a case where the resource limit is set up above requested resources, it refers
to the burstable class as a pod that can consume all resources up to the speci ed limit.
Finally, in the best e ort class, both resource requests and limits are not speci ed which
makes a pod as a lowest priority one. The Kubernetes scheduler regularly tries to nd a
local optimum. So, it employs a multi-stage mechanism to schedule pods to appropriate

nodes.

Typically, the scheduler in Kubernetes employs two steps to schedule pods in a set of
feasible nodes that are Itering and scoring operations. The Itering operation attempts

to nd the most feasible nodes that can host a certain number of pods based on require-
ments and constraints. Technically, nodes are placed in a node list. If the node-list is
empty, then the corresponding pod could be labeled as an unscheduled pod. Di erent

parameters are contributed to Iter nodes that are listed as follows:

The scheduler regularly seeks for free ports with respect to each node. If any free

port is found, then, the scheduler Iters the corresponding node.

Each node has its own speci ¢ hostname. So the scheduler lters the node with

corresponding hostname.
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Every speci ¢ node in the node-list is Itered depending on available resources to

host pod(s).
The Itering is handled by matching a node selector, and pod label.

The Volume check is consistently performed by the scheduler to determine if any

request matches the volume in each node.

The memory pressure is one of the most signi cant indicators which which speci es
which node is suitable to host a set of pods. So, if there is any pressure on memory,

then, a pod may not be scheduled in corresponding node.

The same situation is applied to the disk as if there is any pressure on it, a pod

could not be scheduled in any node with this condition.

In some occasions, nodes are not ready to host a pod due to the networking issues.

In that case those set of nodes will be Itered by the scheduler.

On the other hand, the scoring operation aims to rank nodes based on their feasibility

to host a pod. Then, the most suitable node is selected to host that pod-based on its

ranking score. The most relevant conditions that are considered in this thesis are listed

as follows:

The pods are deployed among hosts, taking into consideration pods t in the same

replica sets, and services.

If there are many pods within a node with the highest resource utilization, those

pods get the least ranking score.

The pods with minimum resource utilization will get the highest ranking score.

6.3.5.1 Anity and anti-a nity

The node-Selector introduces a best and simple approach to limit pods to nodes with

speci ¢ labels called a nity/anti-a nity which develops a set of constraints as a user

may represent. The a nity property involves two di erent types, node anity and

inter-pod a nity/anti-a nity. Node a nity is similar to node selector object, while

inter-pod a nity/anti-a nity lets to limit which nodes are eligible to host-related pods.
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Those pods could be scheduled according to labels that are already running within a
node instead of labels on nodes. Node a nity is perceptually like the node selector that
allows anyone to limit which pod is eligible to be scheduled in a particular node based
on labels on the node. Furthermore, Node a nity is determined as a eld called node

a nity, placed within the PodSpec class.

6.3.5.2 Resource quota and namespaces

On top of the Kubernetes, and by deploying a plethora of services, managing simple
tasks becomes more complicated. For example, teams unable to create services, or
deployments with the same name. Accordingly, if there exist thousands of pods, it takes
too much time to list all of them. Moreover, many teams are working in a shared
cluster, it is necessary to assign them namespaces to ensure that each team bene ts
from a fair share of resources which is called quotas. Typically, a namespace refers to
a virtual cluster within the Kubernetes infrastructure. It is possible to have multiple
namespaces within the single Kubernetes cluster while they are isolated from each other.
Namespaces also guarantee the isolation of each team's resources from the rest of the
cluster. Kubernetes comes out with a default namespace. However, there are three
di erent namespaces associated with Kubernetes that such as default, Kube-system,
and Kube-public. Kube-public, though, has not many use cases in current architecture.
So, it is usually a good idea to use the Kube system which is mainly applicable in
Google Kubernetes Engine (GKE). On the other hand, the default namespaces are the
only places that all pods and services are created. Namespaces are hidden from each
other. So, service in one namespace may talk to services in other namespaces. Normally,
when an application attempts to access a Kubernetes service, it is usually done by using
a built-in DNS service discovery. Nonetheless, it is possible to create a service for the

same hame in multiple namespaces.

6.3.6 Resource allocation

Resource allocation could not happen directly in the Kubernetes cluster. It is performed
by the Linux kernel OS and Linux Cgroups. In a simple de nition, Cgroups is a control
mechanism that limits resource consumption. As we discussed earlier in this chapter,

resource limits are not considered in scheduling time. When a pod or a group of pods
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are scheduled in a particular node, the kubelet passes pod information to Docker. Then,
the Docker interacts with Cgroups to send out that information to Kernel OS through
Cgroups. Finally, pods get resources based on speci ed limits. The allocation process

is illustrated in Figure. 4.13.

Figure 6.9: Resource allocation cycle in Kubernetes

Technically, if a pod tries to consume more resources than its speci ed limit, it could be
evicted(killed) by the Kubelet. Typically, pod eviction is handled, regarding priorities
based on the QoS of pods. If the total resource limits of all pods exceed the actual
capacity of the corresponding node, the eviction process is commenced by the Kuebelet.
The eviction has an adverse e ect on QoS as a considerable number of pods may have
to wait to be scheduled again in other available nodes. Subsequently, those pods with
guaranteed QoS have the least chance for eviction. On the other hand, burstable pods

have the highest probability to be evicted by the Kubelet.

One of the main objectives of this thesis is to manage resource limits in the scheduling
time to avoid pod eviction. More speci cally, we manage resource limits based on the
notion of Dominant Resource Fairness(DRF). To prevent evictions, each pod is identi ed

in a particular namespace. Then, pods with dominant resources in a speci ¢ resource

type get the maximum resource limit subjected to the capacity constraints.

6.3.7 Kubernetes services

Kubernetes services facilitate communication between various components within and
outside of the application. These services also allow users to connect applications with
other applications. Consider an application that contains a set of pods, each of which
runs di erent operations. For example, the rst group for serving front-end workloads.

The second for running back-end processes. And the third group, connecting to an
external data source. In this case, the responsibility of a service is to enable connectivity

among these pods. Moreover, services enable the front-end applications to become



134

Figure 6.10: Kubernetes services abstraction

available to end-users. It helps communication between back-end and front-end pods.
It also aims to establish connectivity to an external data source. In a nut shell, services

enable loose coupling between micro-services within applications.

There are di erent kinds of available services in the Kubernetes. The rst service is
called Node Port in which the services make an internal pod that is accessible through a
port on the corresponding node. The second type is th€luster IP as the service creates
a virtual IP inside the cluster to enable communication between di erent services such
as the asset of front-end servers to a set of back-end servers. The third type is tHead
balancer. The best example of the load balancer is distributing the load across di erent
web servers. According to Figure 6.10, the Kube-proxy forwards the tra ¢ to node-port
service. Then the node port service is connected to pods through the Clusterlp service
which is automatically created during node-port creation time. then, the Cluster IP
service performs load balancing across all pods. The node-port and target-pod(related

to each pod) are speci ed at service creation level.

In this thesis, we take the advantage of Kube-batch (kube batch n.d.) as a developed
scheduler on top of the Kubernetes framework which is generally proposed to handle
batch jobs and workloads. Figure 6.11, presents a high-level abstraction of the Kube-
batch scheduler. Accordingly, we take into account the API, and Plugins object. To con-
tinue, we will show that how our proposed algorithms are integrated into the Kube-batch
and Kubernetes infrastructure. Generally speaking, the best practice of implementing
fairness algorithms in Kubernetes is implicitly shown in the Kube-batch project. As can
be seen in the gure, di erent methods are integrated such as DRF, priority, Gang, and
predicates. Each of these algorithms shows a speci ¢ functionality. For example, when

a priority is not the case in the pod scheduling level, the DRF algorithm is performed.
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Figure 6.11: A high level abstraction of Kube-batch

6.3.7.1 minikube

Minikube is a tool that makes it easy to install and run Kubernetes locally on any
operating system. Sometimes, it is necessary to set up all Kubernetes components
individually in a local computer that could be a time-consuming process. Moreover,
it is not desirable to consume system resources by creating multiple virtual machines.
Therefore, to solve these issues, Minikube seems to be an appropriate solution. Minikube
is responsible to bundle all components in the Kubernetes in a single 1ISO image. This
image contains a precon gured single-node Kubernetes environment. Hence, for setting
up the Kubernetes, it is necessary to download an executable version of Minikube, and
then install it. Once the image le is downloaded, the corresponding VM is created
within the virtualization platform, including Oracle VirtualBox, or VMware (Jakdbczyk
2020). Minikube supports di erent Operating Systems such as Linux, Windows, and
a variety of Hypervisors like Virtualbox, VMware Fusion, KVM, xhyve, and Hyper-

V. Therefore, before starting the Minikue, at least one of the virtualization platforms
should be installed in the system. In this thesis, the VMWare platform is used to run
our proposed model. Once the minikube is con gured, it needs a way to interact, and
manage the Kubernetes cluster. This is done by installing another tool called Kubectl.

The main purpose of using kubectl is to deploy and manage containerized applications.
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6.4 Models for implementing proposed algorithms in Ku-

bernetes

In this section, the architectural design of using proposed algorithms is represented
in Kubernetes. We get all requirements from the high-level perspective of the system
and de ne a framework to draw a straightforward approach for using algorithms in the
Kubernetes. We try to implement a model as everyone can take it to implement our
algorithms in their systems. Each algorithm is de ned for a specic purpose that is

represented in di erent types of diagrams.

According to the Activity diagram, shown in Figure 6.12, once a task is submitted

to the system, the API server accepts user requests in the form of pods. Then the
scheduler/allocator calculates dominant and non-dominant resources according to the
provided information by the API server. The best practice here is how to choose dif-
ferent approaches to reach optimization goals. Accordingly, if the purpose is resource
allocation, MLF-DRS, FFMRA , and H-FFMRA could be launched based on the re-
guirements. MLF-DRS and FFMRA are great choices for resource allocation where the
system is composed of a single resource pool, whereas H-FFMR is suitable for resource

scheduling purposes.

The requirement diagram in Figure 6.13, represents a detailed description of applying
fairness that could be generalized for every application area. On top of the designing
process, the SLA requirement is the main functional requirement in which the utilization
and fairness are its contaminants. In other words, the trade-o between fairness and
utilization is a fundamental criterion in satisfying SLA for the system. To achieve
this trade-o, it is required to apply optimization algorithms such as heuristics, Multi-
objective, Langrangian multipliers, and swarm methods. In our proposed algorithms,
we de ne two main optimization goals that are resource allocation and scheduling. To
achieve these goals, dominant and non-dominant resources are calculated based on the
node information in the Kubernetes that are derived by the API server. Also, the
requested resources in the form of pods are submitted by users satis ed by real-time
workloads. As it was stated before, the requested resources in the Kubernetes are

composed of CPU and RAM as laaS resources.
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Figure 6.12: A block de nition diagram that indicates how to select an appropriate
policy based on the optimization goals

The sequence diagram in Figure 6.14. lllustrates the process of applying fairness in

Kubernetes environments considering all proposed algorithms.

The diagram in Figure 6.15 clearly states that di erent approaches can be used based on
the speci ed optimization purposes that are also shown in Figure 6.13. Hence, according
to the optimization goals, a suitable approach can be used. This is worth mentioning
that the purpose of this section of the thesis is to merely represent an approach to

implement proposed algorithms in production environments.

Figure 4.20, illustrates a principle design of integrating fairness in the Kubernetes sched-
ule. To have a further understanding of the model, we perform a quick review of the

functionality of each component.

First of all, a user with a unique ID creates a pod using kubectl, including the requested
CPU, and memory. The created pod with other information is passed to the API server

which enables the Kubernetes API. The API consists of di erent components in which
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