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XEAIAA NTEPIAHYEQN / ABSTRACTS PAGE

O 7eviKOG EMOTNUOVIKOG TOUENS OVTNG TNG OIMAMUOTIKNG EPYOCIOG EIVOL O TPOYPOUUATICHOG
epyaclOVv og etepoyevn| mepIailovta. Ot d1dpopes epyacieg oynuatilovv pio EQopHOYn TOv
povtelomoteitan amd Evav katevbovvouevo akvkho ypdeo (KAT). Eotialovpe otov akydpBpo
Critical-Path-on-a-Processor (CPOP) - éva onpo@iin adydpifuo pe Kokn moldtra
OTTOTELECUATOV OTNV TEPITTMON TOV ETEPOYEVDV ENEEEPYUGTAOV - KOl GTO GTATIKO
TPOYPOUUATIGHO epyact®dV. Enetta and Kémo1oug amattovlevoug 0piGovs, ovoADOVLLE TO
TPOPANLa Kot Tov TpOTOo e Tov omoio o aikydpiBpog CPOP Agttovpyei. Oco
nelpapatilOpaoTe, xpNolponolovpe Tov akyoptbpo Heterogeneous Earliest-Finish-Time
(HEFT) yia oOykpion, Evav adyopifuo dtdonuo yio to 6t danpénel o€ etepoyevn media. Kotd
™ OBPKELD TOV TEPAUATOV, XPNCLOTOIOVUE KOl i TPOCMOTIKE VAOTOMUEVT] YEVVITPLO
KAT kot pio nom vedpyovoa yevvitplo KA. TéLog, GyeTIKd [Le TO TEPOUOTIKY
OTTOTELEGULATO, YPTOLUOTOLOVUE KATOLES EMKPATOVCEG LETPIKEG Y10l VO AELOAOYT|COVE TNV
emidoomn tov aryopBpov CPOP kot Tov akydpiBpov HEFT.

AEEEIG-KAEWOWA: TTPOPANLLOL TTPOYPOAULOTIGHOD EPYACLOV, KATELOVVOUEVOL AKVKAOL YPAQOL,
eTepOyEV cvuoThiuata, o akyoptdpog Critical-Path-on-a-Processor, teyvnti vonpoohvy

This dissertation’s general scientific field is the task scheduling in heterogeneous
environments. The various tasks form an application which is modeled by a directed acyclic
graph (DAG). We focus on the Critical-Path-on-a-Processor (CPOP) algorithm - a popular
algorithm with good quality of results in the case of heterogeneous processors - and static task
scheduling. After some required definitions, we analyze the problem and the way the CPOP
algorithm works. While experimenting, we use the Heterogeneous Earliest-Finish-Time
(HEFT) algorithm for comparison, an algorithm famous for shining in heterogeneous domains.
During experiments, we use both a personally implemented DAG generator and an already
existed DAG generator. Finally, regarding experimental results, we use some mainstream
metrics in order to evaluate the performance of the CPOP algorithm and the HEFT algorithm.

Keywords: task scheduling problem, directed acyclic graphs, heterogeneous systems,
the Critical-Path-on-a-Processor algorithm, artificial intelligence
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1. INTRODUCTION

1.1. The general task scheduling problem

Undoubtedly, a critical parameter for high-performance computing is how efficient is
the scheduling of the computation tasks on processors. This issue has become the main
objective of many studies over the past years and still is a top target to be researched
extensively, as there are still many points and aspects that can be improved (especially in some
specific settings). The task scheduling problem’s two main components are the assigning of
tasks that form an application to appropriate processors and the ordering of task executions on
the given processors. Regarding the so-called application model, the application’s
representation is done via a directed acyclic graph (DAG). When we have set properties of the
whole application (execution times, data sizes, as well as task dependencies) by deduction, we
utilize a static model. However, sometimes task dependencies can change dynamically and this
leads to non-static application models; these dynamic application models can still use a DAG
(that dynamically changes), but a more sophisticated approach is needed (and this is not inside

the confines of this dissertation).
(O
(K () ()"
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Image 1.1: A sample workflow
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We can see that the DAG that models an application can vary from a very simple task
graph to a very complex one with a great number of tasks and directed edges (that represent
the dependency between the tasks) (Image 1.1, Image 1.2). As we can easily confirm

observing these two workflows, there are no cycles.

T

Image 1.2: A complex workflow with many tasks
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1.2. The cloud computing concept

Having said nothing until now about processors, we should emphasize the advent of
cloud computing, a manifest and mainstream trend in distributed computing that provides in
the sense of services not only hardware infrastructure but also software applications [13, 14,
15, 19]. Via cloud computing services are offered through internet using the famous pay-as-
you-go model [46]. Data centers make use of clever scheduling tactics to allocate resources to
various tasks in an optimal way. A new way for developing workflow management systems
(WMS) is presented by the cloud computing concept [16, 20]. Many researchers take into
account cloud computing and newly developed WMSs and investigate the benefits of using
them for their scientific applications. Workflow scheduling is a very important issue for
optimization in cloud computing. An example of a such challenging issue is the problem of
satisfying the quality of service (QoS) requirements of a user, as well as lowering as much as
possible the cost of workflow execution [45]. Using cloud computing, we can speak about a
cloud model, while always using a DAG for the application model (Image 1.3). Adopting the
cloud model, a service provider offers virtualized resources to its clients and charges them
accordingly. Through this provider, any interested person or company can get access to several
computation services with different QoS parameters such as processor category and memory

capacity. Of course, one can easily imagine that these variations lead to different pricing.
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Image 1.3: Cloud scheduling levels

Because of its importance and its utility in realistic scientific workflows (Image 1.4),
the task scheduling problem has already been researched to a great extent, as we stated before,
but the plethora of algorithms that have been proposed in the related publications are mostly
geared towards homogeneous resources. Even if they are not geared towards only
homogeneous processors, it is proven in most cases that they are not suitable for
heterogeneous resources; they do not usually give good quality of results or their complexity is
high. As a consequence, other kinds of algorithms started to be researched in order to attain
better results in the case of heterogeneous processors, a case with high needs for efficient
algorithms nowadays due to the existence of cloud computing and the variation of its services.
Without any doubt, task scheduling affects heavily the efficiency of the computing system and
is very demanding due to the heterogeneity of cloud resources, meaning that the available
resources can have a variable computation ability, different memory and personalized

characteristics regarding communication.
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Image 1.4: The structure of five realistic scientific workflows

1.3. Objectives in conjunction with the existing literature

Due to the previous statements, this dissertation has been decided to focus on

heterogeneous environments, where there is much more space and need for research. In
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heterogeneous domains, low-complexity efficient heuristics are more than welcome. At this
point, we should state that the general task scheduling problem is NP-complete [33, 50] and
many research efforts propose heuristics suitable for heterogeneous processors nowadays. Two
very popular algorithms with good quality of results - that dominate in heterogeneous domains
- are the Critical-Path-on-a-Processor (CPOP) algorithm and the Heterogeneous Earliest-
Finish-Time (HEFT) algorithm [1]. They have been presented in many papers and compared
with other algorithms, having as a goal to achieve great performance and competitive
scheduling time at the same time under the assumption of a constrained number of

hetero Z2ENCOouUs resources.

After an extensive literature review, we notice that many researchers have
experimented with the HEFT algorithm, proposing some variations of it like the Experiential
Heterogeneous Earliest Finish Time algorithm (for dynamic task scheduling) [2]. We decided
to focus more on the CPOP algorithm and static task scheduling using a DAG for the
representation of an application. For this dissertation, the initial objectives regarding the CPOP
algorithm varied; an implementation in the Python programming language was a required first
goal and - after studying and familiarizing with the CPOP algorithm’s distinctive phases
known as task prioritizing phase and processor selection phase - it seemed like a challenging
idea to try making a novel variation at a phase after programming the original CPOP
algorithm. Furthermore, an obvious objective after implementing the CPOP algorithm in
Python was to experiment with various DAG generators (personally implemented and already
existed), testing the efficiency of the CPOP algorithm given the way the input (DAG that
models an application) of the CPOP algorithm is generated. Finally, regarding the aspect of
data placement, which has become very popular in the domain of scientific workflows after
the advent of cloud computing [3], we assume a fixed location of the datasets (non-flexible

datasets; term is explained in the following chapter).

1.4. Potential work continuation
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Of course, scientific work and research never stop and a project can always evolve
further. As a result, there are many ways to continue with this project outside the confines of
this dissertation, but this matter fits better to be stated in the last chapter after the conclusions.
Making use of some more advanced tools (that were not so easily accessible due to various
reasons) and thus achieving greater quality of experimentation, this dissertation can be

transformed into a less extensive and more experiments-included paper in the near future.
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2. RELATED WORK

2.1. Related work regarding the CPOP and HEFT algorithms

Regarding static task scheduling in heterogeneous domains, the related literature is full
of work and experimentation with the HEFT algorithm. A particular scientific workshop in
1999 was one of the first instances where the CPOP algorithm and the HEFT algorithm were
presented and explained [1]. The provided comparison study showed that these two task
scheduling algorithms outperform previously proposed heuristics (both performance-based
and cost-based). The authors included not only efficiency study with respect to DAG size but
also efficiency study with respect to DAG structure. Some years later (in 2002), the same
authors managed to propose three alternate policies for the task prioritizing phase of the HEFT
algorithm, but no alternate policy for the task prioritizing phase of the CPOP algorithm was
proposed. Finally, a famous paper regarding the task scheduling problem focused in 2013 on a
specific category of static task scheduling algorithms, the guided random search based
algorithms [4]; the authors compared them with the HEFT and CPOP algorithms and
presented various experimental results with no clear “winner” between the guided random
search based algorithms and the heuristic based HEFT and CPOP algorithms, but with major

performance differences according to the chosen comparison metric.
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Dominant Sequnce Clustering [12]
Linear Clustering [19]

Image 2.1: Groups seen in related literature

The static task scheduling algorithms are categorized into groups with different
characteristics and adopted aspects (Image 2.1). In this chapter, we will analyze the various
heuristic groups (their advantages and disadvantages proven by extensive experimental

evaluation after the initial theoretical concept) and the related work regarding them.

2.2. List scheduling heuristics

List task scheduling heuristics provide usually the best schedules with no worsening of
the schedule length, having quadratic complexity in relation to the number of tasks [34, 48].
Generally, this type of task scheduling algorithms has two phases, the task prioritizing phase

and the processor selection phase, as they are usually called by the various authors. In the task
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prioritizing phase, each task is given a priority. If we have a tie regarding this task priority, the
tie is administered by selecting a task randomly in most proposed heuristics. The processor
selection phase results in choosing an appropriate resource that minimizes the adopted cost
function (defined a priori). Furthermore, besides the good scheduling quality, the algorithms in
this category dominate almost always in scheduling time [7, 8] and this sets them as a top

group of heuristics to consider for static task scheduling.

Fast Load Balancing algorithm was proposed having as a basic goal to outperform
regarding time complexity the HEFT algorithm [44]. It results in schedules similar to
schedules of the HEFT algorithm, but its scheduling is far from good for irregular DAGs and
for highly heterogeneous computing environments. However, in a specific paper, the authors
proposed in 2007 a list task scheduling algorithm that was the first recorded list heuristic that
managed to outperform the HEFT and CPOP algorithms and have better complexity; the
related experimental results were derived both from randomly generated DAGs and DAGs of
some real applications with known usage and importance [36]. Later, in 2014, another list
heuristic was proposed; its complexity is quadratic in relation to the number of tasks. The
authors conclude that this algorithm also outperforms the HEFT algorithm, while having no
worse time complexity [32]. Getting more specific, the proposed algorithm is centered on a
cost table, which the authors call optimistic because it does not take into account resources
availability at a given time. Thus, the authors introduced a “look ahead” feature while
complexity is still quadratic. Furthermore, in 2017, a modification of the HEFT algorithm was
introduced [5]; the goal was to reduce both underloading cases and overloading cases of the
existing resources and the modification achieved uniformly distributed load, a result not

provided by the original HEFT algorithm and the CPOP algorithm.

Another author made an interesting overview on various list task scheduling
algorithms (included the HEFT and CPOP algorithms) [6]. Overview’s experiments included
also the Performance Effective Task Scheduling algorithm, the Lookahead algorithm and some
other algorithms. The paper’s conclusion mainly stated the settings in which the Lookahead
algorithm outperforms the other list task scheduling algorithms. The Lookahead algorithm
relies mostly on the HEFT algorithm, whose “signature” is its novel processor selection policy.

The Lookahead algorithm manifests the same formation as the HEFT algorithm; however, it
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computes earliest execution finish time (EFT) for each descendant task of the current task
[32]. Two authors also proposed the Best Imaginary Level algorithm; they define a static level
for tasks that incorporates the effect of communication between the processors overhead and
heterogeneity of resources [43]. They concluded that the proposed heuristic provides a

schedule that can be called optimal if the topology of the input DAG is linear.

The Mapping Heuristic algorithm and the Dynamic Level Scheduling algorithm also
belong to the group of list task scheduling heuristics; they suppose a model that addresses how
to manage the conflicts of communication links between tasks, but their implementations for a
network in which all nodes have a direct communication link to every other node, were used
mainly for comparisons by many authors. The scheduling outputs that the Mapping Heuristic
algorithm yields are usually worse than the other developed heuristics; the cause is that the
algorithm marks a resource as ready at the time it ends the last task given to it [41]. So, the
algorithm does not take into account the scenario that a resource that is engaged when a task is
being scheduled have the ability to deal with the task more quickly; the aftermath is, of course,
worse scheduling. The Dynamic Level Scheduling algorithm was one of the first algorithms
that incorporated some kind of evaluation of processors’ readiness; it did not prevent a task
from being scheduled on a currently engaged resource [42]. As a result, the Dynamic Level
Scheduling algorithm provides better results than the Mapping Heuristic algorithm [32].
Additionally, we should mention that the Dynamic Level Scheduling algorithm does not try to
fill unused time periods between two tasks already scheduled on the same processor in a
processor schedule; this is an obvious differentiation from other (mostly newer) list task

scheduling algorithms.

Finally, a paper proposed a novel heuristic that adopts a blended approach for task
scheduling using DAGs; this interesting algorithm segments the problem to smaller ones for
scheduling tasks with no dependency [47]. The authors stated that this novel algorithm can
result in having a new group of algorithms regarding the task scheduling problem. The same
authors also focused on the problem of scheduling more than one DAG at the same time using
a set of heterogeneous resources [49]. Their aim was to make better the makespan and to grant
fairness (defined regarding the issue of the downshift that each DAG would confront because

of the fact that the DAG has conflicts for resources with other DAGs). This paper provided an
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initial study of heuristics for multiple DAG scheduling, a much more challenging version of

the general task scheduling problem.

2.3. Task duplication heuristics

A novel way to face the task scheduling problem is via use of task duplication
heuristics. The main concept of this group is to schedule a DAG by mapping a subset of its
tasks in a superfluous way; this lessens the processor-to-processor communication overhead
[23]. A proposed algorithm using task duplication heuristics managed to achieve both optimal
makespan and improved resource utilization [21]. The authors’ strategy capitalized on the
existing time slots on resources in order to advance workflow tasks’ start time and completion

time (while ensuring the budget of workflows).

The whole general work regarding this group of heuristics also proved that - given
that duplication-based task scheduling algorithms vary due to chosen duplication strategy -
they are mostly suitable for same-type processors and that the algorithms in the other
categories are noticeably better regarding complexity [24]. Generally, the duplication-based
heuristics produce the best makespans (in comparison with list task scheduling or the - later
analyzed - clustering-based scheduling) [22, 38], but the disadvantages, besides the already
mentioned high time complexity (for example, a cubic one, in relation to the number of tasks),

expand further into the fact of more processor energy consumption due to the duplication.

2.4. Clustering heuristics

An interesting strategy that has been heavily proposed makes use of clustering
heuristics to manage the task scheduling problem [26, 27]. Generally, clustering task
scheduling algorithms try to schedule tasks with massive communication on the same
processor, ignoring the factor of the availability of other resources in the system. As a

consequence, clustering heuristics sacrifice parallelism and “exchange” it with interprocess
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communication [36]. A clustering heuristic maps the tasks of a DAG to some clusters. At each
step, regarding the chosen tasks for clustering, there is no constraint to be a ready task. Each
iteration negates the previous clustering and modifies it; some clusters become merged. Also,
execution of tasks of the same cluster will take place on the same processor when making use

of clustering heuristics [28, 30].

We should note that a clustering algorithm needs extra steps to reach a definitive
schedule. Firstly, we have a cluster merging step so that the number of clusters after the merge
is equal to the number of processors. Then, a cluster mapping step exists for mapping the
clusters on processors. Finally, a task ordering step orders the mapped tasks [25]. Clustering
for Heterogeneous Processors algorithm is a well-known heuristic based on the clustering
approach [37]. A comparison work showed that the Dominant Sequence Clustering algorithm
is superior in practice regarding the group of clustering algorithms; generally, this heuristics

group is characterized from having higher parallel time and being slower [29].

2.5. A reference to dynamic task scheduling

As stated in the introduction - despite the fact that we are moving for a while to
dynamic task scheduling (in heterogeneous domains) - we should make reference to the
Experiential Heterogeneous Earliest Finish Time algorithm, a variation presented during an
international conference [2]. After experimenting with the original HEFT algorithm, the

researchers proposed this experiential algorithm in 2019.

The most interesting thing to state regarding this novel algorithm is that these
researchers managed to implement a modification at the task prioritizing phase of the original
HEFT algorithm. More analytically, they modified the way the HEFT algorithm computes the
ranks of the tasks; the authors introduced a parameter that designates the minimum average
execution time of a task on each pertinent processor. Experimental results indicated that the
Experiential Heterogeneous Earliest Finish Time algorithm outperforms both the original
HEFT algorithm and the CPOP algorithm, so we can conclude that this variation is ideal for

cloud environments with heterogeneous resources.
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2.6. Task scheduling enhanced by artificial intelligence

Even if there are so many groups of algorithms and proposed approaches in the
existing literature regarding task scheduling in heterogeneous domains, there is still need for
further optimization of the ways the computing system operates. The (mostly commercially
driven) demand for further optimization from the era of cloud computing onwards can mainly
be achieved through even better scheduling of the tasks that form an application [14, 16]; this
needed progress in the quality of scheduling is reachable in many situations with the
contribution of artificial intelligence and its various subsets like machine learning and neural

networks.

Machine learning - and more specifically reinforcement learning - can provide great
schedules via its great abilities in making predictions and decisions; its function is based on
patterns and inference. For example, artificial intelligence can quickly learn from patterns
related to the behaviour of a scheduler. Furthermore, heterogeneous resource environments,
like the ones of cloud computing, can rely on these “intelligent” schedules presented by
artificial intelligence methods [55] and, as a consequence, reach new heights of performance,
which can be safely considered unattainable without the use of artificial intelligence in most
cases. Thus, reinforcement learning is implemented as a powerful tool to deal with the task
scheduling problem nowadays and neural networks can be introduced into this type of
machine learning, utilizing them for the training of the learning process. We should note that
learning is a continuous process; the knowledge base of an agent always adds more
information. Undoubtedly, higher learning rates and convergence speed of agents are

important goals and achieving them can lead to task scheduling’s further evolution.

(Artificial) neural networks are computational models based on the way biological
ones in the human brain process acquired information. Their neurons’ (interconnected nodes)
main tasks are analyzing data and making decisions. After a proper training, they have the
ability to give solutions to complex problems like the task scheduling problem, especially

given a high heterogeneity in resources.
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Regarding task scheduling utilizing artificial intelligence in heterogeneous domains,

the related literature expands year by year, as there is much space for novel and effective

projects. In 2015, a study regarding task scheduling in cloud computing included a great

analysis of the impact of reinforcement learning on virtual machine scheduling [53]. Two

examples of the above-mentioned impact are less energy consumption and dealing with the

resource shortage issue. The authors also made an overview regarding the learning
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mechanism, focusing then on its implementation in scheduling, and proposed a novel way to
train a scheduler. Some other authors proposed a noteworthy scheduling algorithm (Image 2.2)
that mainly incorporates a neural network that achieves great evaluation of the various
conditions and manages to make favorable and profitable decisions for the assignment of a
task to a resource [51]. A great amount of work is put in order to encode the status and the
conditions of the computing environment. Experimental results confirmed great quality in
terms of the schedule length, making the proposed algorithm a dominating one regarding that

metric.

Later, a research article featured a novel reinforcement learning algorithm that makes
use of a combinatorial optimization algorithm [52]. This results in great performance in many
different environments, even when the algorithm confronts tough and complicated problem
scenarios. Finally, in 2024, a paper presented a system framework that incorporates a
scheduler enhanced by reinforcement learning (Image 2.3); this framework is ideal for many
environments like the cloud environment [54]. Specifically, the authors used an algorithm
based on reinforcement learning and gave it the role of the core scheduler. As a scheduler, it
manages to provide shorter execution time of tasks, given the settings of the computing

environment.
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3. MODEL DEFINITION AND PROBLEM ANALYSIS

3.1. System model

A parallel or distributed application is analyzed into a set of tasks with various sizes
and data dependencies among them. As stated in the introduction, DAGs are a great tool for
the split of an application into tasks. Thus, the various task scheduling algorithms, like the
already mentioned CPOP and HEFT algorithms, take a DAG as an input. Each task of a DAG
relates to the arrangement of operations with a defined size and a directed edge denotes the

existence of dependency among the tasks.

So, in our model, a weighted DAG stands for an application. To be more precise, a
DAG is represented by the graph G = (V,E), where V is the set of v tasks (nodes) and E is the
set of e edges between the tasks. We assume a set P of p heterogeneous processors and also a
total connectivity configuration regarding them. All communications between resources in the

computing system are hypothesized to function with no contention.

Firstly, each edge (i,)) of set E represents a task-dependency constraint; task n; of set
V should finish its execution before task nj of set V can be started. In a given DAG, a task
(node) with no predecessor node is an entry task and a task (node) with no descendant node is
an exit task. If a task graph has more than one entry task, the entry tasks are connected to a
virtual entry task without cost. Similarly, if a task graph has more than one exit task, the exit
tasks are connected to a virtual exit task without cost. In both cases, the edges used for
connection purposes have no cost. The reason for this common practice regarding entry and
exit tasks (before a task scheduling algorithm takes action) is that the majority of task
scheduling algorithms take as input single-entry and single-exit task graphs. We assume that
computation can coincide with communication. The application is represented with a static
model. It is known that data in the cloud environment can be categorized into two main
groups. The first group (the one assumed here) consists of unmovable datasets with fixed
locations and the second group consists of flexible datasets without constraints to set them

unmovable.
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Based on the above definitions, we have a v x p computation cost matrix W; wi;
represents the estimated execution time to complete task n; on processor p;. The average
execution time of task n; (notation: w;) is the sum of all wi; (j = 1,2,...,p) divided by p. We
also have a p x p matrix B that stores the data transfer rates between the available resources
and a p-dimensional vector L that stores the communication startup times of the above-
mentioned resources of the computing system. So, B is the notation of the average data
transfer rate among the processors and L is the notation of the average communication startup
time of the processors. Finally, we have a v x v matrix Data; data;; represents the amount of

data needed to be sent from task n; to task n;.

Regarding the communication cost of edge (i,k) of set E, which is for transferring data
from task n; scheduled on processor pm to task nk scheduled on processor pn, it is defined as

follows:

data; j

Cix = Lm

When tasks n; and nx are scheduled on the same processor, cix becomes zero (under the
assumption that the intraprocessor communication cost is insignificant in comparison with the
interprocessor communication cost). The average communication cost of edge (i,k) is defined

as follows:

3.2. The makespan metric and the critical path

The most popular metric in task scheduling is the makespan (or schedule length); the

makespan represents the finish time of the exit task in a scheduled DAG or - simply - the total
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execution time. Let Pred(n;) be the set of immediate predecessor tasks of task nj, Succ(n;) be
the set of immediate successor tasks of task nj, AST(n;) be the actual start time (AST) of task
n; and AFT(n;) be the actual finish time (AFT) of task n;. The earliest execution start time

(EST) of task n; on processor pj is defined as follows:

EST(ni,pj) = maX{Tava”(pj),max(AFT(nm) + cmi)}

where Tavail(pj) 1s the earliest time at which processor p;j is ready to execute the task and,
regarding the inner max block, nn€Pred(n;). We should note that the communication cost cm,

is zero if the predecessor task ny, is assigned to processor pj. Also:

EST (Mentry,pj) = 0

Furthermore, the earliest execution finish time (EFT) of task n; on processor pj is defined as

follows:

EFT(ni,pj) = EST(n;,p;) +wi;

Finally, after task n; is scheduled on processor pj, EST(ni,p;) is equal to AST(ni) and EFT(nj,p;)

is equal to AFT(n;). Based on the above definitions:

makespan = AFT (Mgyit)
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An important definition regarding DAGs is the definition of the critical path; the
critical path of a DAG is the longest path from the entry task (node) to the exit task (node).
The length of the critical path is the sum of the computation costs of the nodes and the
communication costs between the nodes along the critical path. We should note that the length

of the critical path of a DAG is the lower threshold of the makespan.

The various task scheduling algorithms sometimes incorporate directly the idea of the
critical path. For example, the CPOP algorithm is a paradigm of direct utilization of the critical
path (the reasoning becomes obvious in the next chapter), as its name implies. Other
algorithms do not utilize the critical path concept in a direct and obvious way; an example is
the HEFT algorithm, which incorporates implicitly the critical path in its task prioritizing
phase in order to compute an attribute called upward rank. Either way, the critical path is a
noteworthy concept regarding DAGs and task scheduling and its above-mentioned relation to

the makespan is noteworthy too.

3.3. Problem formulation

In this chapter, we defined thoroughly the system model that we adopt regarding
the task scheduling problem; a static model with a weighted DAG to play the role of an
application and with various heterogeneous processors. Given these settings, the objective
function of the task scheduling problem is to determine the assignment of tasks of a given
application to processors in a way that this assignment minimizes the makespan. Of course, all
the precedence constraints should be taken into consideration. Satisfying them, the assignment
of the tasks to the heterogeneous resources should result in the minimum makespan possible

[39, 40].

Given the certainty of the fact that the DAG has no more than one exit task (if it has
more than one exit task, then - as we stated when discussing about the system model - the exit
tasks are connected to a virtual exit task), the above problem formulation could safely be
interpreted in saying that the objective function of the task scheduling problem is to determine

the assignment of tasks to processors such that the AFT of the (single) exit task is minimized.
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In the next chapter, we examine thoroughly how this objective is met using the
CPOP algorithm. An analysis of its two distinctive phases is needed, as well as some more
definitions that do not relate to the generic aspects of the task scheduling problem, but to the

function of the specific algorithm.
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4. THE CPOP ALGORITHM AND IMPLEMENTATION IN
THE PYTHON PROGRAMMING LANGUAGE

4.1. The CPOP algorithm

Focusing now on the CPOP algorithm (Image 4.1), its time complexity is O(v* x p),
the same as the time complexity of the HEFT algorithm. The CPOP algorithm is a list
scheduling heuristic for task scheduling on a set number of heterogeneous resources. We call

critical path processor the processor pj of set P that minimizes the length of the critical path.

Compute rank, for all nodes by traversing graph upward, starting from the exit node.
Compute rank, for all nodes by traversing graph downward, starting from the start node.
|CP|= rank,(n), where n, is the start node.
For each node n; do
If (rankq(n;) 4+ rank,(n;) = |CP|) then
n; is a critical path node (CPN).

~1 O Ut s WD

Select the critical-path-processor that minimizes ) _ .,y Wi
.€ CPI

>0

. Initialize the priority-queue with the entry nodes.

9. while there is an unscheduled node in the priority-queue do

10. begin

11. Select the highest priority node from priority-queue,

12, which maximizes rankq(n:) + rank. (n:).

13 if (n; isa CPN) then

14. schedule n; to critical-path-processor.

15. else

16: Assign the task n; to the processor p; which minimizes the (EFT) value of n;.
i Update the priority-queue with the successor(s) of n; if they become ready-nodes.
18. end

Image 4.1: The CPOP algorithm
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Before familiarizing with the CPOP algorithm’s phases known as task prioritizing phase and
processor selection phase, we should talk about two attributes of the tasks (nodes), the upward

rank and the downward rank. The upward rank of task n; is defined as follows:

rank,(n;) = w; + max(¢;; + ranku(nj))

where ranku(nexit) = Wey,r and, regarding the max block, nj€Succ(n;). Because of the fact that
this rank is calculated via recursion by exploring the task graph upwards, starting from the exit
task, it has the particular name (upward rank). The downward rank of task n; is defined as

follows:

rankq(n;) = max(ranky(n;) + w; + ¢;;)

where rankg(nenry) = 0 and, regarding the max block, nj€Pred(n;). Because of the fact that this
rank is calculated via recursion by exploring the task graph downwards, starting from the entry

task, it has the particular name (downward rank).

Starting with the task prioritizing phase, upward and downward ranks are computed
for all tasks. The CPOP algorithm uses the sum of upward rank and downward rank
(ranky(ni)+ranka(n;)) of the tasks in order to set the priority of each task. In the beginning, the
entry task is the chosen task and is signified as a critical path task. The algorithm chooses an
immediate successor of the selected task based on highest priority value and signifies it as a

critical path task. Until the exit task is reached, the above-stated process is repeated.

In the processor selection phase, if the critical path includes the current task, the task
is assigned to the critical path processor; in the other case, it is assigned to the processor that

minimizes the EFT of the task.
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1. Compute rank, for all nodes by traversing graph upward, starting from the exit node.
3. Sort the nodes in a list by nonincreasing order of rank, values.

4, while there are unscheduled nodes in the list do

5. begin

6 Select the first task n; in the list and remove it.

7 Assign the task n; to the processor p; that minimizes the (EFT) value of n;.

8. end

Image 4.2: The HEFT algorithm

Finally, we should clarify that, despite the fact that the HEFT algorithm (Image 4.2)
has also two distinctive phases known as task prioritizing phase and processor selection phase,
both phases of the CPOP algorithm are different from those of the HEFT algorithm. For
example, in the task prioritizing phase of the HEFT algorithm there is no use of the downward
rank of tasks; the HEFT algorithm takes only the upward ranks of tasks into consideration.
Furthermore, the CPOP algorithm explicitly identifies the critical path and its scheduling
decisions mainly focus on optimizing the execution of tasks on the critical path, while the
HEFT algorithm does not identify the critical path and has more flexibility in assigning tasks
to different processors. However, as we stated briefly in the previous chapter, the idea of the
critical path is embedded in its task prioritizing phase and - more specifically - in calculation

of the upward ranks of tasks.
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4.2. Various programming aspects

Starting with required Python modules, the most important Python module we
made use of during the implementation of the original CPOP algorithm is no other than the
queue module. As someone can easily find out by checking this module’s documentation, the
queue module implements three queue types. We imported “PriorityQueue” from the queue
module via a simple “import” statement. Using this queue type (priority queue), the records

remain sorted (using the heapq module) and the record with the lowest value is accessed first.

Secondly, the advantages of functional programming (like hierarchical design,
readability, abstraction and having less extensive code due to reusability of functions) are
blatant, so we constructed functions for computing values like the upward and downward

ranks of tasks, the EST and the EFT of tasks on each of the resources and the makespan.

Finally, regarding the entire implementation of the CPOP algorithm in the Python
programming language, its objective is task scheduling, so the input it takes is obviously a
DAG (serialized in JSON format). We did an extensive analysis in the previous chapter
regarding how the CPOP algorithm handles the task scheduling problem using DAGs; thus,
the implementation in Python is nothing difficult to imagine for someone experienced

generally in programming.
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S. NOVEL AND INTELLIGENT VARIATIONS OF THE CPOP
ALGORITHM

5.1. The idea of alternate phase policies

Both the CPOP algorithm and the HEFT algorithm have two distinctive phases
known as task prioritizing phase and processor selection phase and we should note that both
phases of the CPOP algorithm are different from those of the HEFT algorithm. As stated in a
previous chapter, alternate policies for the task prioritizing phase of the HEFT algorithm have
been proposed with success, but no alternate policy for this phase of the CPOP algorithm has
been proposed. So, an early thought within the context of this dissertation was to try making a

novel variation at a phase of the CPOP algorithm. Undoubtedly, it was a challenging idea.

Focusing firstly in the task prioritizing phase of the CPOP algorithm, the only
aspect that one can think to compute in a different way is how the upward and downward
ranks of tasks are computed. But it seems that computing these two attributes of the tasks
recursively, as their definitions (stated in a previous chapter) imply, is the only way to go. On
the flip side, changing something in the processor selection phase of the CPOP algorithm
never seemed like a good idea; it would denature the algorithm. For example, an alteration in
this phase would act against the algorithm’s tendency to optimize the execution of tasks on the

critical path.

5.2. Important already existed novel and intelligent variations

However, despite the above-mentioned remarks, some variations of the CPOP
algorithm have been proposed. The impact of these variations varies; in specific settings some
variations result in improved efficiency and in some other settings they may be the only way
to deal with a given problem. One interesting variation of the CPOP algorithm is an
application of ant colony optimization. This is a famous population-based metaheuristic that

evidently has great utility in finding non-exact solutions to difficult optimization problems [9,
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18, 31]. Going into detail about this metaheuristic that provides approximate solutions,
artificial ants, some software agents, search for as good as possible solutions to an
optimization problem. In order to utilize ant colony optimization, the initial problem must be
modified; it is turned into the problem of determining the optimal path on a weighted graph.
The artificial ants progressively construct solutions by traversing the DAG. The process is
heavily affected by a pheromone model; the artificial ants modify at execution time the values
of various parameters related to nodes or edges. This variation of the CPOP algorithm is very
effective when we deal with a large DAG, offering a more global search of task scheduling

options.

Another known variation of the CPOP algorithm can be achieved with the aid of
genetic algorithms. Genetic algorithms are also population-based heuristic algorithms [10, 11,
35]; they are search algorithms that solve (constrained and unconstrained) optimization
problems using practices and strategies inspired by natural evolution. Main axioms of natural
evolution are reproduction, natural selection and diversity of the species (that is maintained by
the differences between consecutive generations). We should note that application of genetic
algorithms is one of the most ideal ways to solve a problem in cases we know little
information and we do not have a whole “image” of problem components. The advantage of a
variation of the CPOP algorithm that uses genetic algorithms is improved makespan when the

DAG is large and complex.

Finally, when execution time of tasks is characterized by uncertainty or
imprecision, fuzzy logic can be introduced in order to deal with these uncertainties. Fuzzy
logic is an applied method that accepts more than one possible truth value through the same
variable. This approach is designed to solve problems using the concept of considering all
information at our disposal and making the best possible decision given the input. Going into
detail about fuzzy logic, while in standard logic — the one we are accustomed to - all
statements have one or zero as a truth value, in fuzzy logic statements can have a value of
partial truth, such as 0.5 or 0.7. Theoretically (but also practically, as fuzzy logic
implementations have proven), this provides more chances and ways to get close to real-life
circumstances because statements of absolute truth or falsehood are not so common in real

life. Applications of fuzzy logic are seen in a broad range of fields nowadays and one of these
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fields is task scheduling algorithms [12, 17], so there is a variation of the CPOP algorithm that

uses fuzzy logic.
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6. EXPERIMENTAL EVALUATION

6.1. Experimental setup

DAG generators are algorithms that generate DAGs in a desired way (for example,
randomly given a constraint regarding the number of nodes or the shape of the DAG to be
generated). The generated DAGs are very useful when experimenting with a task scheduling
algorithm like the CPOP algorithm; we can use the generated DAGs to evaluate the
performance of a task scheduling algorithm. Furthermore, we can test the change in the
efficiency of a task scheduling algorithm when the way its input (DAG) is generated changes
(due to use of a different DAG generator). During experiments, in order to achieve relatively
good quality of results, we used many combinations of input parameters to generate diverse
DAGs with various characteristics. Thus, we examine, for example, the algorithms with
respect to graph size. The number of tasks (nodes) can vary and this affects the results greatly,
making one task scheduling algorithm better and more suitable and one other worse and less
suitable. Also, we include performance study with respect to graph structure, which also can
vary and, as a consequence, the parallelism of a DAG can vary. This fact regarding parallelism
has no negligible importance, as it affects clearly the scheduling procedure, regardless the task
scheduling algorithm chosen. The above-mentioned experimental use of many combinations
of input parameters to generate various DAGs is very important in order to avoid being biased
towards a particular task scheduling algorithm. Furthermore, it allows to form subgroups of
DAGs, which have a set common parameter; this leads to experiments for each subgroup
individually, giving the chance to come to a conclusion about a subgroup (for example,
concluding regarding DAGs with low parallelism). Finally, we should state the utilization of
an additional metric besides the makespan in some experiments, which happens to incorporate

in a direct way the makespan in its formula.
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Computation Costs

Task | Pt | p2 | P3
1114 16 9
2 |13 [ 19 |18
3 (1 |18 19
4 | 13 8 |17
S 112 [ 13 (10
6113 |16 |9
77 |15 |1
8| 5 1 14
9118 |12 |2
10 | 21 7 16

Image 6.1: A task graph and the computation costs of its tasks per resource

Before continuing with the experimental evaluation, we can firstly see a scheduling
example regarding the CPOP algorithm in comparison with the HEFT algorithm (Image 6.1,
Image 6.2).
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Image 6.2: Scheduling of the previous DAG with the HEFT (a) and CPOP (b) algorithms

6.2. Experimenting with a personally implemented DAG generator

We developed a DAG generator in the Python programming language; this
generator constructs DAGs as randomly as possible. Regarding required Python packages, a
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generator is no other than the networkx package. The networkx package is ideal for creation,
manipulation and study of complex networks. We imported the networkx package and
required Python modules (like the random module and the json module) via simple “import”
statements. Of course, this DAG generator is developed taking into consideration that its
output is not the final objective; the output of the generator is used as an input of the CPOP
algorithm. The objective is obviously to experiment with the CPOP algorithm. As stated in a
previous chapter, our implementation of the CPOP algorithm in Python takes as input a DAG
serialized in JSON format; that is the main reason we imported the json module. Finally, we
should note an important difference between the personally implemented DAG generator and
most of the already existed DAG generators; our generator requires no input parameters to
build a weighted random DAG, while most of the other generators require input parameters.
Examples of input parameters are the number of nodes (notation: v) and an out-degree of

nodes that the DAG generator tries making it the out-degree of as many nodes as possible.

Better makespan occurrences

CPOP

HEFT

Graph 6.1: Better makespan occurrences (using a personally implemented DAG

generator)
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Regarding the performance of the CPOP algorithm, when its input is a weighted
random DAG generated by our generator, the CPOP algorithm manages to outperform the
HEFT algorithm in terms of the makespan - which is an output of our implementation of the
CPOP algorithm - approximately 17 percent of the time (Graph 6.1); this experimental result is
honorary for the CPOP algorithm having in mind that the HEFT algorithm is famous for

dominating in heterogeneous domains in terms of the makespan.

6.3. Experimenting with a DAG generator that requires input
parameters and various metrics

After this initial experiment, we moved towards using an already existed DAG
generator that does not construct DAGs as randomly as possible; it requires some input
parameters to build a weighted random DAG. While the makespan is a popular metric in task

scheduling, we also used a normalized metric known as schedule length ratio (notation: SLR).

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:03:41 EEST - 216.73.216.250



35

Better makespan occurrences

CPOP

HEFT

Graph 6.2: Better makespan occurrences (using a DAG generator that requires input

parameters)

In terms of the makespan, the HEFT algorithm is better than the CPOP algorithm
approximately 80 percent of the time (Graph 6.2). This experimental result came as no
surprise having in mind the result of the initial experiment. In terms of the schedule length
ratio, the HEFT algorithm also outperforms the CPOP algorithm; regarding all generated
DAGs, the average value of the schedule length ratio of the HEFT algorithm is better than the
average value of the schedule length ratio of the CPOP algorithm by 7 percent (Graph 6.3).
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Comparison of HEFT and CPOP
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Graph 6.3: Average SLR regarding all generated DAGs

Before continuing with some other experimental results, we should focus on a
particular input parameter, the shape parameter (notation: a). Regarding the already existed
DAG generator we used, a uniform distribution with mean value equal to vv/a generates
randomly the height of the DAG and a uniform distribution with mean value equal to avv
generates randomly the width of each level of the DAG. A short DAG characterized by high
parallelism can be generated by selecting a>1, while a long DAG characterized by low
parallelism can be generated by selecting a<l. Experimenting with this DAG generator, we
assigned the following values to the shape parameter: 0.5, 1 and 2. Firstly, regarding all
generated DAGs with a = 0.5, the average value of the schedule length ratio of the HEFT
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algorithm is better than the average value of the schedule length ratio of the CPOP algorithm
by 8 percent (Graph 6.4). Regarding all generated DAGs with a = 1, the average value of the
schedule length ratio of the HEFT algorithm is better than the average value of the schedule
length ratio of the CPOP algorithm by 7 percent (Graph 6.5). Finally, regarding all generated
DAGs with a = 2, the average value of the schedule length ratio of the HEFT algorithm is

better than the average value of the schedule length ratio of the CPOP algorithm by 6 percent
(Graph 6.6).

Generated DAGs witha=0.9

[0 HEFT
[0 croP

Average SLR

Algorithm

Graph 6.4: Average SLR given a less than 1 shape parameter
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Graph 6.6: Average SLR given a greater than 1 shape parameter
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7. CONCLUSION

7.1. A brief overview

Starting with the implementation of the original CPOP algorithm, it was a very
useful first step for this dissertation in order to familiarize with the CPOP algorithm’s
distinctive phases and the choice of the Python programming language was a good one.
Secondly, serialization of DAGs in JSON format was a great tool. Regarding thoughts about
making a novel variation at a phase of the CPOP algorithm within the context of this
dissertation, they triggered, without doubt, a lot of brain function. However, as stated in a
previous chapter, it will denature the CPOP algorithm if we change something in the processor
selection phase. The implementation of a DAG generator in Python was such a good idea, as it
led to exploration of the networkx package before experimenting with the CPOP algorithm
and the HEFT algorithm.

Experimental results (using both the personally implemented DAG generator and
an already existed DAG generator) confirmed that the HEFT algorithm performs better than
the CPOP algorithm in terms of the makespan approximately 80 percent of the time. We also
evaluated the performance of these task scheduling algorithms using the schedule length ratio,
an important metric in task scheduling. Finally, we made an analysis of a particular input
parameter that most of the already existed DAG generators require, the shape parameter of the
DAG; this input parameter not only affects the height of the DAG and the width of each level
of the DAG, but also has effect on the difference in performance between the CPOP algorithm
and the HEFT algorithm.

7.2. Objective difficulties while experimenting
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Regarding objective difficulties within the confines of this dissertation, we created
a virtual machine that simulates Ubuntu, a famous and useful operating system; Ubuntu is a
Linux distribution that would assist us with our experiments. However, due to both technical
and temporal reasons, it was not possible to use WfCommons, a very helpful framework when
engaging with scientific workflow research and development. Furthermore, the absence of
courses related to artificial intelligence and machine learning at any semester of these
postgraduate studies hindered further utilization of artificial intelligence regarding the various

aspects (and experiments) of this dissertation.

7.3. Future work

As stated in the introduction, there are various ways to continue with this project
outside the confines of this dissertation. Obviously, we are supposed to overcome the aforesaid
obstacle and use WfCommons; thus, we can take experimentation to the next level utilizing
this useful framework. Our future work may also introduce more task scheduling algorithms,
more metrics and more experimentation with various input parameters that most of the already
existed DAG generators require in order to generate random DAGs. According to these plans,
we will achieve greater quality of experimentation and have a larger amount of content in the

near future.
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