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Abstract
The idea of utilizing nature inspired algorithms to find near optimal solutions to various real world NP complete optimization problems has been extensively explored
by researchers. One such problem is the task matching problem in large heterogeneous distributed computing environments like Grids and Clouds. Researchers have
explored Particle Swarm Optimization (PSO), which is branch of swarm intelligence,
to find a near optimal solution for the task matching problem.
In this work, I investigated the effectiveness of the smallest position value (SPV)
technique in mapping the continuous version of the PSO algorithm to the task matching problem in a heterogeneous computing environment. The experimental evaluation
demonstrated that the task matching generated by this technique will result in an
imbalanced load distribution. In this work, I have therefore also designed a loadrebalance PSO heuristic (PSO-LR) that results in minimization of makespan and
balanced utilization of the available compute nodes even in heterogeneous computing
environments.
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Chapter 1
Introduction and Background
In distributed computing environments like Grids and Clouds, large numbers of
heterogeneous tasks are submitted concurrently by multiple end-users. These sets
of tasks also known as meta-tasks are executed on heterogeneous computational resources distributed physically at different geographical locations but connected together with a collection of remote computing services with high-speed interconnections. A prominent problem in such environments is efficient assignment of tasks to
machines.

1.1

The Task Matching Problem

The complete scheduling heuristic is comprised of two steps: a) mapping b)
scheduling. In mapping, tasks are assigned to processing elements. After mapping,
scheduling is done where the execution sequence of assigned tasks is determined. Each
task submitted by the end-user needs to be assigned to at least one of the process-
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ing elements for completion. A near optimal solution to this optimization problem
is a task matching schedule that would result in a balanced utilization of available
computational resources. The computational complexity of this optimization problem
increases exponentially with increase in the number of submitted tasks or the number
of compute nodes. Fernandez [8] proved that the problem of task-allocation belongs
to the NP-Complete class by exhibiting a reduction operation to the planar 3-SAT
problem, which is known to be NP-Complete.
In an instance of the task matching problem, tasks submitted by the end-users have
to be mapped onto the set of M available heterogeneous machines. For simulation
purposes, the machine set M is defined as {M1 ,M2 ,Mi ..,MM } where Mi is the instruction processing rate of a machine estimated by its MIPS (Millions of Instructions per
Second) rating. Similarly, a set of T tasks can be defined as {T1 ,T2 ,T3 ,Ti ....,TT }
where Ti is the task-length defined in terms of MI (Millions of Instructions). The
task- matching strategies can be broadly classified into two main categories based on
the time at which the schedule is determined: i) static or ii) dynamic. In the case
of a static strategy, the task-matching solution is determined before the application
execution. On the contrary, a solution is determined during the application execution
in the case of a dynamic strategy.
Overall load on a given machine can be determined based on the aggregation of
computation time of all the tasks concurrently assigned to that machine at a specific
time. To determine the execution time of a given task on each machine, an Estimated
Time to Complete (ETC ) matrix needs to be computed before the task matching
algorithm is executed. Entries in row j of an ETC matrix give the amount of time
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required by task j to execute on different machines represented by the columns. The
number of columns of the ETC matrix is therefore equal to the number of machines.
To generate the ETC matrix, the estimation of the completion time of each task
on the available machines has to be done in advance. In general, the estimation of the
task completion time is done by a task manager using an analytical benchmarking
strategy. In this strategy, the scheduler profiles the submitted tasks into different
types and stores the execution time of tasks of each type. Later, this information
is used as a benchmark. The information on the past execution times of submitted
tasks can be processed by prediction techniques (e.g. using neural networks [41]) to
predict the execution time of the dynamically arriving tasks in the future.
The total execution span (or execution time) of each machine is calculated by
referring to the rows of the ETC matrix for each task assigned to the machine. Next,
the maximum span (makespan) among the execution spans of all the machines in
the machine set M is determined. The objective of a task matching algorithm is
to minimize the makespan along with balancing resource-usage across the available
machines.
There are broadly two categories of strategies defined for scheduling in large scale
distributed systems: i) on-line mode & ii) batch mode. In the online mode, a submitted task is assigned to a machine as soon as it arrives (i.e. one task is matched at
a time). In the case of batch mode, tasks submitted are collected in a batch and the
entire batch is matched onto machines after fixed intervals known as polling intervals.
The set of tasks to be mapped in a batch is known as meta-task. Further, the interval
between dispatches of meta-tasks is calculated considering the task-status of already
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assigned tasks. This status information is passed to the scheduler from middleware.
Maheswaran et al. [20] compared on-line mode and batch mode heuristics and demonstrated that batch mode outperforms the online mode for higher task arrival rates.
They further attribute better performance of batch mode to the fact that higher task
arrival rates will lead to more number of tasks waiting. In this waiting time, an
improved schedule for the batch can be figured out instead of processing one task
at a time as they arrive. Due to the dynamic nature of the large scale systems (e.g.
Cloud), we may assume that the task-arrival rate can be high at times. Therefore, it
is worthwhile to consider a batch mode heuristic to match tasks onto heterogeneous
systems when the task arrival rate is high.
Traditionally, simple resource allocation schemes like First Come First Serve
(FCFS) have been used for task matching [4]. In the FCFS scheme, resources are
allocated to tasks in the order they arrive. This dependency on the task arrival time
leads to longer average waiting time per task. For example, if sufficient resources are
not available to execute a large task that arrives first, other shorter tasks arriving
later will have to wait until more resources become free and the execution of large
task is completed. Since the task-matching problem is NP complete, various heuristics including evolutionary computing based heuristics have been explored to study
this problem.
Various evolutionary computing algorithms such as Genetic Algorithm (GA) [32],
Simulated Annealing (SA) [11] and Tabu Search [25] have been applied to find near
optimal solution for task-matching problem. SA and Tabu Search algorithms are
known to converge at a slower rate in comparison to GA for many applications.
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However, Genetic Algorithm involves many genetic operators like Pc (probability of
crossover) and Pm (probability of mutation). It is often difficult to select the values
of the operators to suit the problem being solved. The operations performed in GA
are also often computationally expensive.
In this thesis, I have considered a swarm intelligence based meta-heuristic, particle swarm optimization (PSO) [16], to solve the task-matching problem. The PSO
algorithm is a metaheuristic algorithm as it serves as a high level standard heuristic
not designed to solve any one particular problem. PSO has been proved effective in
finding near optimal solutions for a wide range of complex applications like pattern
recognition [37], reactive voltage control [40] as well as task-matching [27] at low computational cost in comparison to other evolutionary algorithms like GA. Moreover,
PSO algorithm has shown faster convergence rate compared to GA [27] in solving
the task matching problem.

1.2

Motivation

One type of large scale computing system, a Cloud, involves provisioning of the
machine hours (time allotted to use the machine) and applications to end-users commonly through web-services. A Grid is another type of system where resources are
provisioned to execute computationally intensive tasks. In such large scale distributed
systems, the underlying computing environment becomes more heterogeneous over a
period of time due to upgrade of some of the existing resources and addition of possibly
more advanced resources [38]. New improved versions of CPUs are being introduced
every year resulting in rapid advancement in the overall performance (reduced power
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consumption and increased speed) of compute nodes. This trend is expected to continue and hence, the newly added Cloud or Grid processors will generally have much
higher computation speed in comparison to existing nodes.
The length of the tasks submitted by end-users also varies based on the type of
application being executed. Submitted tasks differ from each other in terms of instruction length in millions of instructions (MI). Some of the high performance computing
(HPC) applications like bio-medical imaging may include more instructions per task.
On the other hand, basic read/write requests for web-applications from the commercial Cloud servers (provisioned by service providers such as Amazon and MS-Azure)
will involve fewer instructions per task. High variance exists in terms of task length
in the profile of a meta-task (set of tasks). In essence, both machines and tasks are
heterogeneous in nature. While designing a scheduling heuristic, robustness to handle
the heterogeneity of the computing environment should be one of the most important
factors.

1.3

Research Goal

In heterogeneous computing environments, balancing the task load among the
available machines is an important problem. The existing PSO based heuristics have
not been evaluated in terms of robustness to handle the heterogeneity in such computing environments, specifically in handling scenarios when i) high variance exists
in length of the tasks submitted by end-users, ii) high variance exists in computational speed of resources. In this thesis, I have investigated the effectiveness of the
smallest position value (SPV) technique in mapping the continuous version of the
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PSO algorithm to solve the task matching problem. Based on my investigation, I
have designed a load-rebalance PSO algorithm (PSO-LR), which is able to provide
improved solution to the task matching problem even in heterogeneous computing
environments.

1.4

Thesis Organization

Different strategies applied to solve the task-matching problem are discussed in
Chapter 2. Chapter 3 describes the working mechanism of the Particle Swarm Optimization (PSO) algorithm along with the recent research related to this thesis. Chapter 4 explains the mapping of the PSO algorithm to solve the task matching problem
using the Smallest Value Technique (SPV). Chapter 5 introduces the proposed algorithm for task matching in heterogeneous computing environments. Chapter 6
presents the simulation results and discussion. Finally, the outcomes and contributions of this research are presented in the concluding Chapter 7.

Chapter 2
Literature Review
In this chapter, I will discuss both conventional techniques and evolutionary computing based strategies that have been extensively applied to solve the task-matching
problem in the large scale distributed systems.

2.1

Conventional Heuristics for Task-Matching

Min-Min Heuristic: The Min-Min concept based on the D-schedule heuristics
presented in [13] was first implemented for the scheduling layer in SmartNet [9].
Maheswaran et. al. [21] presented this concept as the Min-Min heuristic for matching
independent tasks to heterogeneous computing systems.
The Min-Min heuristic is a batch mode heuristic (Algorithm 1). The set of tasks
to be matched to available machines is created from tasks waiting in the task-queue
after fixed intervals. The completion time of each task in the set over all the machines
is estimated(line-3, Algorithm 1). For each task, the machine which can complete the
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task in the minimum possible time is determined(line-4, Algorithm 1). The task with
the overall minimum expected completion time is selected and assigned to the respective machine. Then this task is removed from the set and the machine available time
is updated for the assigned machine(line-7, Algorithm 1). These steps are repeated
iteratively until all the tasks in the set are matched for execution to at least one
processing element.
Algorithm 1 Min-Min Heuristic
1:
2:
3:
4:
5:
6:
7:
8:

calculate ETC(Expected Time to Complete) matrix
while all tasks in T are matched do
determine earliest completion time for each task
determine task with minimum overall earliest completion time
assign task to corresponding machine
remove task from T
update machine available time of corresponding machine
end while

The Min-Min heuristic assigns shorter tasks first so that the assigned machine
becomes available at the earliest possible time for executing the next task. This underlying principle is responsible for the performance of the Min-Min heuristic. However, this heuristic does not work well when one of the tasks in the set is significantly
longer in comparison to other tasks. The Min-Min heuristic will assign the longest
task in the end instead of assigning it to run in parallel with the execution of shorter
tasks.

Max-Min Heuristic: The Max-Min heuristic was also first implemented for task
assignment in SmartNet [9]. The steps in the Max-Min heuristic are similar to the
Min-Min heuristic but with one significant difference. In the Max-Min heuristic,
the task with the maximum completion time is given priority in the assignment for
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execution. That is, instead of minimum (line-4, Algorithm 1) the task with maximum
overall earliest completion time will be assigned first for execution. The Max-Min
heuristic performs better than Min-Min heuristic when the number of small tasks to
be executed is comparatively greater than the number of long tasks. The long tasks
will be assigned for execution in the start and it will be possible to execute the shorter
tasks in parallel.

FCFS Heuristic: In First-Come-First-Serve heuristic, the arrival time of the submitted task is the sole criteria for task matching. The task with an earlier arrival
time in the task queue is selected first and assigned for execution when the required
resources for task execution are available. The primary advantage of this heuristic is
its low computational overhead of O(1) [43]. Also, it does not require any prior estimation of run-time of the submitted tasks. However, this heuristic results in higher
average waiting time for submitted tasks as the tasks cannot be executed as long as
the required resources are in use for the execution of tasks ahead of them in the queue.
The FCFS heuristic is also expected to result in an imbalanced load distribution as
the selection of a machine for executing a task is not done based on the length of
the task. The performance of the FCFS heuristic can be improved if it is coupled
with backfilling techniques. Backfilling techniques allow the assignment of other tasks
which are behind in the task-queue to begin execution if the task ahead in the queue
is waiting due to lack of required resources. This increases the overall efficiency of
the system by eliminating the idle time to a large extent.

Chapter 2: Literature Review

2.2

11

Evolutionary Computing Heuristics

To overcome the issues observed in conventional scheduling strategies, researchers
were motivated to explore the application of evolutionary computing heuristics. This
section describes the evolutionary computing heuristics used in the literature to solve
the task-matching problem.

Simulated Annealing The Simulated Annealing (SA) heuristic [17] is a probabilistic method based on the emulation of the phenomenon of slow decrease in temperature
of a substance till it reaches a low energy state like crystallization. The mathematical
model of SA can be used to solve optimization problems which involve minimization
of a problem related objective function. The SA heuristic has been applied to solve
the task-matching problem. The SA based heuristic designed by Lin et. al. [19] is
one such example. It has also been used for task matching in distributed computing
environments [15], [7]. The results presented by Kazem et. al. [7] demonstrate that
SA based heuristic is able to generate better task-matching solutions than Min-Min
or Min-Max heuristic.
To begin, a starting temperature is initialized along with a random solution vector
T, where the value of T(i) represents the machine to which the ith task is matched.
Figure 2.1 represents a solution vector for 7 tasks to be matched to 3 available machines. The vector can be perturbed by either updating the value at any randomly
selected index i or by randomly selecting two indices i and j and then exchanging their
values. The vector generated after perturbation is known as neighborhood vector.
If the makespan resulting from the neighborhood vector is less than best previously
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Algorithm 2 Simulated Annealing Heuristic
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

temp = temp0
T = T0
bestcost = makespan(T0 )
bestsol = T0
while temp > templow do
T’=perturb T()
if makespan(T’) < makespan(T) then
T=T’
if makespan(T’) < bestcost then
bestsol=T’
bestcost=makespan(T’)
end if
else
rand() < exp{(makespan(T) - makespan(T’))/temp}
T=T’
end if
temp = temp ∗ α
end while

achieved makespan, the solution given by the neighborhood vector is stored as the
best solution achieved so far (Algorithm 2 ). The vector is perturbed again and the
same steps are repeated for multiple iterations. The total number of iterations is
determined by the decrement ratio applied for the decrease in temperature in each
iteration and also on a minimum temperature allowed.
Figure 2.1: Solution vector

If the solution does not improve from previous iteration, it can still be accepted
with a certain probability. The control operator given in equation 2.1 controls the
probability of accepting inferior solutions to avoid the convergence at a local minimum. As the number of iterations increases or temp decreases, the probability of
accepting inferior solutions decreases (i.e. towards the end of the execution of the
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heuristic).

exp((makespan(T ) − makespan(T 0 ))/temp)

(2.1)

Although SA heuristic can be easily implemented for the task-matching problem
and has less computational cost, the performance is significantly dependent on the
appropriate initialization of parameters. The perturbation technique chosen to update
the solution vector T also has a significant effect on the final solution quality. If the
initialization is poor and/or the applied perturbation technique is not adequate to
the problem, the solution quality obtained by SA can be very low.

Genetic Algorithm The underlying mechanism of Genetic Algorithm (GA) is
based on the phenomenon of collective information sharing between chromosomes
to generate the fittest chromosome during the evolution process. The chromosomes
are encoded based on the problem such that they represent multiple candidate solutions to the problem. Researchers have frequently used GA in the past to solve a large
number of optimization problems including the task-matching problem [10], [18], [36]
in large scale distributed systems. The GA based approach for task-matching has
shown better results in comparison to the conventional Max-Min heuristic [44].
To begin, a population of chromosomes is initialized randomly. In the current
context, a chromosome structure is generally a string with length equal to the number
of tasks to be matched. The entry at index i in the chromosome string represents the
processor to which the corresponding it h task is matched.
After initialization, the solution represented by each chromosome is evaluated to
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Algorithm 3 Genetic Algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:

initialize population()
evaluate fitness()
selection()
while itr > itrtotal do
crossover()
mutation()
evaluate fitness()
selection()
end while

determine its fitness value or goodness. For the task-matching problem, makespan
value is determined and used to calculate the fitness value of each chromosome.
The successive iterations in a GA are known as generations. During each generation, a portion of the more fit chromosomes representing better solutions are selected
to move to the next generation. The selection is commonly done using the roulettewheel mechanism by assigning greater probability of selection to the solutions with
smaller makespan values. In each generation, individual chromosomes are evolved
using crossover and mutation operations as described below. To control both the
operations, a crossover probability PC and a mutation probability PM are selected
a-priori.
From among the chromosomes selected for the next generation, pairs of chromosomes are randomly selected for crossover. By using a stochastic random number
generator, a random number (R) is generated between 0 and 1 for each pair. In a
basic GA, for each pair, if R is less than PC then a random crossover index is selected
and part of the strings of the two chromosome strings are exchanged (i.e. crossed
over). Figure 2.2 demonstrates the crossover operation between two chromosomes.
In this example, the chromosome string represents a mapping of seven tasks onto
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three machines.
After the crossover operation, strings are evolved with the mutation operation.
Again, a random number (R0 ) is generated between 0 and 1 for each chromosome.
For each chromosome, if R0 is greater than PM then a mutation index is selected
randomly and the value at that index is randomly changed. The updated value
is selected to be between one and the total number of machines available for task
completion.

Figure 2.2: Crossover operation

After both the operations, selection of chromosomes is done again for the next
generation. The chromosomes are evolved iteratively in each generation to create
chromosomes representing better task-matching solutions. The algorithm is executed
until the set number of total generations are completed and the best solution thus far
is returned . The pseudocode for GA is shown in Algorithm 3
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Figure 2.3: Mutation operation

Generally, a batch with high number of tasks has to be matched onto machines
in the case of large scale systems. Therefore, the length of the chromosome would
have to be long to represent a candidate task-matching solution. This would result
in increased computational cost for completing the evolution operations (selection,
crossover and mutation). As the computational cost increases significantly with increase in the number of tasks, GA algorithm does not scale well in terms of the
computational cost relative to the problem size of the task-matching problem. The
performance of the search performed by the GA is also significantly affected by the two
control parameters: PC and PM . It is difficult to fine-tune the values of these probability based parameters to make the GA suitable to the problem being solved [28].

Chapter 3
Particle Swarm Optimization

3.1

Background

Particle Swarm Optimization (PSO), formulated by Kennedy and Eberhart [16],
is a swarm intelligence based meta-heuristic approach. It is one of the recent swarm
intelligence based algorithms added to the class of guided random search algorithms.
PSO is inspired by the interactions involved in collective social behavior of animals
such as a school of fish protecting themselves from a predator or a flock of birds
searching for food. PSO focuses on the movement of a swarm of particles (analogous
to the movement of a flock of birds) to cover the solution space to explore different
possible solutions for finding a near optimal solution.
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Figure 3.1: Swarm of Birds [2]

The position of each particle represents a candidate solution of the optimization
problem that is being solved. As the particles (also called agents) shift position from
one point to another in the solution space, the quality or fitness of the represented
solution is measured. The fitness value represents the quality of the solution represented by particle’s position at a given time. For example, the particle’s position in
case of a scheduling problem is converted to a task matching schedule to calculate
the makespan. This value is calculated by the fitness function, which is specific to
the objective of the optimization problem being solved.
In the swarm of particles, each particle stores the location of the best position
(local best) it has visited so far. In addition, the overall best position (global best)
among the individual best points visited by the entire swarm thus far is also stored.
The movement of a particle in the solution space is influenced by that particle’s
current position (Xi ), local best position (XLB ) and global best position (XGB ) at a
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given time.
The population of the PSO particles moves from their current position (Xi ) to a
new position (Xi+1 ) in the solution space by adding the velocity (Vi+1 ) component
(Eq. 3.1) [16]. The velocity component is calculated by comparing the current
position (Xi ) of the particle with the best position visited so far by the particle (XLB )
itself and the best position (XGB ) visited by the entire swarm (Eq. 3.2).

Xi+1 = Xi + Vi+1

(3.1)

Vi+1 = w ∗ Vi + c1 ∗ rand1 ∗ (XGB − Xi ) + c2 ∗ rand2(XLB − Xi )

(3.2)

In Eq. (3.2), parameters c 1 and c 2 are known as cognitive coefficients. These two
coefficients can be tuned to control and balance the impact of two social behavior
factors: i) the personal experience of the particle (local best) and ii) the collective
experience of the entire swarm (global best) on the particle’s search in the solution
space. The value of coefficient c 1 is kept equal to the coefficient c 2 for balanced
impact of these two factors on the guided search. The parameters rand1 and rand2
are uniformly distributed random numbers in the range from [0, 1].
The value of inertia weight (ω) is selected in the range of (0, 1]. This weight
dampens the current particle velocity so that the particle does not move out of the
defined solution space in subsequent algorithm iterations. It can be kept constant
throughout the iterations or it can be gradually decreased. As the value of inertia
weight decreases from 1 towards 0, the particle displacement will become smaller. It
will result in a more fine-grained search of the solution space in the last few algorithm
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Algorithm 4 PSO Meta-Heuristic
Require: Number of Particles, Number of Iterations, totalItr
1: for each particle do
2:
InitializeParticle()
3:
EvaluateFitness()
4:
UpdateXLB ()
5:
UpdateXGB ()
6: end for
7: while totalItr 6= 0 do
8:
for each particle do
9:
UpdateVelocity() (using Eq. 1.)
10:
UpdatePosition() (using Eq. 2.)
11:
EvaluateFitness()
12:
UpdateXLB ()
13:
UpdateXGB ()
14:
end for
15:
totalItr ← totalItr − 1
16: end while

iterations [29]. The algorithm runs iteratively until the specified number of iterations
are completed and returns the best solution achieved thus far.

3.2

PSO Operations

This section gives a detailed description of the operations listed for the PSO MetaHeuristic in Algorithm 4.

3.2.1

Particle Initialization

A group of PSO particles is initialized in the solution space (line-2, Algorithm 4).
The solution space is defined based on the optimization problem being solved. A
different random initial velocity and position is assigned to each of the particle. To
keep the particles within the solution space, a constraint is applied (−vmax , vmax ) on
the maximum allowed particle velocity. Each dimension of the search space is also
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bounded between a certain range (−xmax , xmax ) where xmax depends on the problem
being solved. The total number of PSO particles to be initialized to determine the
solution depends on the optimization problem being solved.

3.2.2

Fitness Evaluation

The objective to solve an optimization problem generally involves either the minimization or maximization of a problem related parameter value also known as the
fitness value. The position of a particle in the solution space represents a candidate
solution to the optimization problem being solved. The fitness value of this candidate
solution can be calculated by an objective function (also known as fitness function)
related to the problem being solved (line-3, Algorithm 4). For the task-matching
problem, makespan is used as the objective function. The resulting makespan value
for the candidate solutions has to be minimized.

3.2.3

Velocity Update

To update the current position of the particle during the execution of the PSO
algorithm, the velocity of the particle first has to be updated. The next velocity of the
particle in the solution space is calculated using the velocity equation (equation 3.2).
The velocity of a particle is represented by a velocity vector V (where V = v1 , v2 , ...vD )
for a D dimensional solution space. The velocity vector for each particle is updated
using the velocity equation during the algorithm execution (line-9, Algorithm 4).
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3.2.4

Position Update

The position of the particle in the solution space is represented by a position vector
P (where P = p1 , p2 , ...pD ) for a D dimensional solution space. The next position
of the particle is determined using the position update equation (equation 3.1). The
position vector for each particle is updated during the execution of the algorithm
(line-10, Algorithm 4). In the case of the task-matching problem, the position of
the particle represents the task matching solution. Thus, the update in the position
of the particle (based on the updated velocity) results in an updated task-matching
solution.

3.2.5

Local Best Position Update

To guide the search performed by the PSO heuristic, the individual best position
(XLB ) visited by the particle itself is updated and stored during the algorithm execution (line-12, Algorithm 4). The best position is determined on the basis of the
fitness value of the solution represented by the particle’s position. Next, the velocity
of all the swarm particles is updated based on it’s individual best position visited
so far using equation 3.2. For the task-matching problem, XLB is updated with the
individual best position visited by the particle that resulted in minimum makespan
achieved by the particle.

3.2.6

Global Best Position Update

The search performed by the PSO heuristic is also based on the global best position
(XGB ) visited by the entire swarm. The fitness value of the individual best positions
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visited by all the particles in the swarm is compared. The overall best position visited
by the entire swarm is updated and stored (line-13, Algorithm 4). Next, the velocity
of all the swarm particles is updated based on the global best position visited so far
using equation 3.2. For the task-matching problem, XGB is updated with the best
position visited by the entire swarm that resulted in minimum makespan achieved by
the swarm.
The PSO meta-heuristic is commonly classified into two variants: continuous PSO
and discrete PSO. The continuous version of the algorithm accepts floating point
values for the particle’s position. On the contrary, the discrete version rounds-off
the floating point position values to integer values and stores the discrete integer
values for the co-ordinate values of the particle’s position. As the position value is
rounded-off in the discrete variant of the PSO algorithm, the search carried out by
the continuous variant of the PSO algorithm is more stochastic in nature. The task
matching problem can be solved by the continuous version of the PSO algorithm
using the smallest position value (SPV) technique [42, 26].

3.3

Related Work

In general, the NP-Complete nature of the task matching problem [33] makes it
a suitable problem to be solved using a heuristic approach. Various researchers have
explored different bio-inspired meta-heuristic techniques to find a solution. For example, Genetic Algorithm (GA) is one popular heuristic technique applied to solve this
optimization problem for distributed computing environments [12, 1, 32]. However,
the results presented by Salman et al.

[27] have shown that particle swarm opti-

24

Chapter 3: Particle Swarm Optimization

mization (PSO) based techniques are faster in comparison to GA in generating static
task schedules. Further, Tasgetiren et al. [31] demonstrated that the PSO algorithm
guarantees improvement over 57 out of 90 best known solutions of the permutation
flowshop sequencing problems.
In efforts to improve the solution quality of task matching schedules generated
by PSO, researchers have focused on developing hybrid strategies by combining PSO
with other stochastic techniques. These hybrid PSO based algorithms are designed
to have better fine grained search capability. In the guided search based algorithms,
there are generally two search strategies i) exploration (global search) [5] and ii)
exploitation (local search) [5]. Researchers have exploited other stochastic techniques
like Simulated Annealing (SA) and Hill Climbing (HC) as local search optimizers
applied within the PSO iterations [39, 35, 11].
Solomon et al. [30] evaluated the Graphic Processing Unit’s (GPU) capability to
handle a different version of PSO, known as MPSO, which relies on multiple swarms
instead of one, for the task matching problem. Their parallel implementation using
27 Streaming Multiprocessors (SM) of Nvidia GTX 260 resulted in 37 times speed-up
over the sequential implementation using an Intel Core 2 Duo processor running at
3.0 GHz. However, PSO with single swarm outperformed MPSO in many of the tests
in terms of solution quality. Therefore, I decided to incorporate single swarm PSO
into my PSO based load re-balance algorithm.
In the literature, two variants of PSO [6] (continuous and discrete) have been studied to solve the task matching problem. The discrete variants of the PSO algorithm
has been applied to generate a task matching schedule [14, 24]. The results presented
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by Ping et. al. [24] demonstrate that a discrete PSO variant outperforms the traditional Max-Min heuristic in terms of convergence rate and solution quality [24]. The
continuous variant of PSO has also been applied to generate task matching solutions
using the smallest position value (SPV) technique [42, 26]. Please note that the SPV
technique is explained in Chapter-4.
Zhang et. al. [42] have shown that PSO coupled with the SPV technique can provide better task matching schedule in shorter time in comparison to the use of Genetic
Algorithm(GA) [42]. However, Zhang et. al. have not evaluated the continuous PSO
based technique in terms of robustness to handle heterogeneity in large scale environments like Grids and Clouds. Further, they have not evaluated the technique in
scenarios when high variance exists between the length of individual tasks. Also, they
have not evaluated the effect of heterogeneity of machines on the solution quality of
algorithm. The degree of heterogeneity in such computing environments can be very
high.
My proposed PSO based load-rebalance algorithm has been designed and evaluated for effective task matching in such heterogeneous computing environments.

Chapter 4
PSO-Smallest Position Value
Tasgetiren et. al. [31] proposed the use of the Smallest Position Value (SPV) technique. They used the continuous co-ordinate value for each dimension of a particle’s
position for matching tasks to machines. In PSO, population of particles is generated
and each particle is assigned a random initial position and velocity. A T -dimensional
solution space is defined where T is equal to the number of tasks to be scheduled.
For a T -dimensional solution space, a particle’s position is represented as a vector,
position vector (Xi ), of length T i.e. a position value for each of the T tasks.
For example, consider eight tasks to be mapped onto three machines. Then, an
eight dimensional solution space has to be defined. A position vector (Xi ) of length
eight with a co-ordinate value for each of the eight dimensions represents the particle’s
position, as shown in Table 4.1 (i). Index zero of the position vector corresponds to
the first task and similarly the rest of the tasks are associated with consecutive indexes
in the position vector.
Next, considering the co-ordinate values in the position vector being arranged
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in ascending order (1.2, 1.5, 2.1..), the order-statistic of each co-ordinate value is
determined. For example, the value of Dim6 in position vector (X6 ) is 2.1, which is
equal to the order-statistic value 3 (the position of 2.1 when all co-ordinate values are
arranged in ascending order), as depicted in Table 4.1 (ii). Similarly, order-statistic
values are determined for all dimensions and the position vector (Xi ) is converted to
a sequence vector (Si ), shown in Table 4.1 (ii).
Dim0 Dim1 Dim2 Dim3 Dim4 Dim5 Dim6 Dim7
1.2
2.2
2.4
3.2
3.5
1.5
2.1
3.8
(i) position vector (Xi ); 8 Dimensions for 8 Tasks
↓
1 4 5 6

7 2 3 8

(ii) sequence vector (Si ); order-statistics of the position vector
↓
1 1 2 0

1 2 0 2

(iii) operation vector (Ri ); R[0]: Task0 onto Machine1
Table 4.1: Task permutation based on SPV technique

In the next step, a modulus operation is carried out on the values of the sequence
vector i.e. (Si mod M ), where M is equal to the total number of available heterogeneous machines. The resultant values in the operation vector (Ri ) provide the machine
matching for each task in the submitted meta-task. For example, in the operation
vector (Ri ) in Table 4.1 (iii), R[0] gives the matching of Task 0 onto Machine 1. The
overall role of the SPV technique is to provide the task to machine matching based
on the position of a PSO particle.
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Algorithm 5 PSO-SPV Algorithm for Task Scheduling
Require: Task-Set (T), Machine-Set (M)
1: for each particle do
2:
InitializeParticle()
3:
GenerateSchedule()
4:
EvaluateFitness()
5:
UpdateXLB ()
6:
UpdateXGB ()
7: end for
8: while totalItr 6= 0 do
9:
for each particle do
10:
UpdateVelocity() (using Eq. 1.)
11:
UpdatePosition() (using Eq. 2.)
12:
GenerateSchedule()
13:
EvaluateFitness()
14:
UpdateXLB ()
15:
UpdateXGB ()
16:
end for
17:
totalItr ← totalItr − 1
18: end while

The above explained SPV technique is then incorporated into the PSO algorithm
(line-12, Algorithm 5). That is, on completion of every PSO iteration, a permutation
of task to machine matching needs to be computed for each particle. It will be calculated based on the particle’s current position using SPV technique. In all iterations,
the position of a particle is updated using Eq.1 and Eq.2.
The updated position vector (Xi ) results in an updated sequence vector (Si ) leading to an updated operation vector (Ri ) or schedule. For a population of P particles
in the swarm, P solutions will be generated at the end of each iteration. The fitness
value of these intermediate solutions is evaluated in terms of makespan achieved. After comparison of fitness values, each particle’s individual best position is updated
along with the global best position of the entire swarm. On the completion of a user
determined number of iterations, the best solution generated thus far is selected. As
a result of coupling PSO with the SPV technique, the total number of tasks matched
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to the individual machines cannot differ by more than one. Due to this limitation,
this mechanism is not able to generate efficient schedules specifically in the case of
heterogeneous computing environment.

Chapter 5
Load-Rebalance PSO
Due to the limitations imposed by PSO-SPV, I have developed a load-rebalance
algorithm based on PSO and is described in detail in this chapter.
A particle’s position in particle swarm optimization (PSO) heuristic represents
a mapping of compute resources to tasks using the smallest position value (SPV)
technique. Each task is represented by a dimension of the solution space. The value
of each dimension of a particle’s position determines the respective machine to which
the task is matched. A candidate solution to the task to machine matching problem
is represented as shown in Table 5.1.
T1 T2
M2 M1

T3 T4
M3 M2

T5 T6
M3 M1

T7 T8
M3 M2

Table 5.1: Candidate solution represented by position of PSO particle

Before executing the scheduling algorithm, task-profiling is done by a scheduler
for each of the submitted tasks. Based on the task-length and computational speed
of available compute nodes, an Expected Time to Complete (ETC) matrix is calcu30
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lated. Table 5.2 presents an example of an ETC matrix. In Table 5.2, t32 gives the
computation time to complete Task 3 on Machine 2.
M1 M2
T1
T2
T3
...
T

M3 ...

M

t32

Table 5.2: ETC Matrix[T xM ]

My PSO based load-rebalance algorithm works in two phases. In the first phase,
execution of the PSO-SPV algorithm (Algorithm 5) is completed to determine an
initial task matching schedule for a batch of tasks. A candidate solution as shown in
Table 5.1 is generated. From the candidate solution, two sets, i) set of tasks (TS) and
ii) set of execution spans (ES), are generated. Set TS is defined as [TS1 , TS2 , TSj ...
TSM ], where TSj is a list structure that gives the list of tasks assigned to Machine J
from the set of submitted tasks (metatask ). ES is defined as [ES1 , ES2 , ESj , ...ESM ],
where ESj represents the total estimated execution span of Machine J for completing
the list of tasks assigned to Machine J (TSj ). ESj is calculated by referring to the
rows of the ETC matrix (shown in Table 5.2) for tasks assigned to Machine J.
Both the sets (TS, ES) generated on completion of the PSO-SPV heuristic are
passed to the PSO-LR heuristic (Algorithm 6) for further optimization of the static
task schedule. In the load-rebalance phase of PSO-LR, first, the shortest task (task
with minimum instruction length) assigned to the machine with maximum execution
span (max(ES)), say task T, is identified (line-5, Algorithm 6). Next, we determine
if we can move this task T to any of the other M-1 machines such that it will further
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Algorithm 6 PSO-LR Heuristic for Load Rebalance
Require: TS, ES retrieved from PSO-SPV heuristic
1: for (; ; ) do
2:
count=0
3:
J ← Determine max(ES). Assume Machine J is identified
4:
T ← Determine min(TSJ ). Assume Task T is identified
5:
for i ← 0 to(M-1), i 6= J do
6:
if Task T is moved to (TSi ) then
7:
if max(ES) is minimized then
8:
K[count]=i
9:
ESmax [count]=minimized max(ES)
10:
count++
11:
end if
12:
end if
13:
end for
14:
if count = 0 then
15:
break
16:
else
17:
j ← Determine index of min(ESmax ).
18:
N ← K[j]
19:
Move Task T from machine J → Machine N
20:
Update TS, ES for both machines
21:
end if
22: end for

reduce the makespan for completion of the submitted metatask. For example, say
Task T is moved from Mi to Mj . Next, if this movement produces a makespan less
than the previously calculated makespan, the result is stored. This procedure is
iterated for the other M-2 machines as well (lines 6-14, Algorithm 6). Now, we
need to update the new schedule. We determine the minimum of the stored results
and move the tasks accordingly. That is, load will be rebalanced between the two
machines identified from the minimum result. Both sets (TS, ES) are updated for the
two machines between which a task is moved. Using the updated schedule, the steps
of the load-rebalance phase are repeated iteratively until the makespan (max(ES))
cannot be minimized further by movement of task T.

Chapter 6
Experimental Results
To evaluate the effectiveness of my scheduling heuristic, I conducted simulation
experiments with diverse sets of tasks and machines. For simulation purpose, a task
is defined in terms of task length (MI) and machine is defined in terms of instruction processing rate (MIPS-millions of instructions per second). Task sets are defined
based on relative task length among the different tasks in a set. My TaskSet-I constitutes a meta-task with small relative variance of less than 5% in the length of
individual tasks. My TaskSet-II on the other hand constitutes a meta-task having
some tasks with comparatively much greater length. Typically, one fourth of the
total tasks in TaskSet-II are 20% longer in terms of instruction length than others.
To permit comparative evaluation, I made the total task length of each of these sets
the same. Hence, the overall load of both these sets are alike. I also defined a set
of heterogeneous machines (ComputeSet-I) with high variance in the computational
speed of the individual machines. In ComputeSet-I, one third of all the machines are
simulated to have 20% higher MIPS rating. The ComputeSet-II on the other hand
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constitutes a set of homogeneous machines with nearly equal computational speed or
MIPS rating.
My proposed heuristic is studied in two different computing environments: homogeneous and heterogeneous. A homogeneous environment consists of metatasks with
low variance in task length (TaskSet- I) and, set of machines with low variance in
computational speed (ComputeSet-II). On the other hand, my simulated heterogeneous environment consists of tasks and machines having the opposite characteristics.
TaskSet-I is used for the evaluation of a homogeneous environment while TaskSet-II
is used for the evaluation of a heterogeneous environment. First, I performed multiple experiments with both sets of tasks to determine task matching schedule for
varying task load over five homogeneous machines. I also evaluated scalability by
increasing the number of tasks to be scheduled (in order of 10’s). Next, the efficiency
of my algorithm was determined in matching tasks (TaskSet-II) to the set of heterogeneous machines (ComputeSet-I). For all these evaluations, the values set for the
experimental set-up of the PSO algorithm are given in Table 6.1.
The inertia weight (ω) is initialized as 0.9 and gradually decreased to 0.3 in the
subsequent algorithm iterations [29]. The total number of iterations is chosen as 400
but can be increased if necessary. In the literature, the size of the swarm chosen to
solve the task-matching problem varies from 10 to 400 [42, 34]. For my simulation
experiments, the size of the swarm is selected as 15. The values of cognitive coefficients
c 1 and c 2 are both set to 0.5 [23].
The solution quality of the generated task matching schedule was measured in
terms of two performance metrics: makespan and average resource utilization (ARU).
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As defined in the next sub-section, these performance metrics are used to compare the
overall performance of my load-rebalance PSO heuristic (PSO-LR) with the standard
PSO-SPV heuristic.

6.1
6.1.1

Performance Metrics
Makespan

Given M machines and T tasks, let tij be the execution span of task ti on machine
Mj . If k tasks are assigned to machine Mj , the total execution span (ESj ) of the
machine is given as:

ESj =

k
X

tij

(6.1)

i=0
M

makespan = max(ESj )
j=0

(6.2)

In other words, makespan is the execution span of the compute node that finishes
last. Generally, the primary objective of the task matching algorithm is to minimize
the makespan for a given scheduling instance so that resources become available at
the earliest possible time to execute the next set of submitted tasks. The significance
of minimizing the makespan can be understood from the following example of a simple
scheduling scenario.
In this example, a set of six tasks need to be executed on a set of three available
machines. Each task needs to be matched to at-least one machine for completion.
Figure 6.1 shows that a balanced distribution of task-load results in lower makespan

36

Chapter 6: Experimental Results

Figure 6.1: Lower makespan

Figure 6.2: Higher makespan
value (6 ms) in comparison to the makespan value (10 ms) resulting from an imbalanced distribution of task-load as shown in Figure 6.2. This example highlights
why minimization of makespan is a crucial performance metric for the evaluation of
task-matching algorithms.

6.1.2

Average Resource Utilization (ARU)

In the literature [26], ARU is an important metric because it defines the percentage
utilization of each machine based on execution span (ES) of each machine and the
total execution span of all machines. That is, ARUj for machine Mj is given as:

ARUj = ESj /

M
X
i=0

!
ESi

(6.3)
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Size of swarm
15
Total Iterations
400
Cognitive Coefficients (c1 ,c2 )
0.5
Inertia Weight (ω)
0.9 → 0.3
Table 6.1: Values of PSO parameters

6.2
6.2.1

Evaluation
Performance in Homogeneous Environment

The comparative performance evaluation between my PSO-LR task matching
heuristic and the existing PSO-SPV heuristic is shown in Figure 6.3. The ComputeSetII is used for simulation of homogeneous machines in these experiments. Recall that
the TaskSet-I constitute multiple sets of tasks where individual tasks in each set
have small relative variance in task-length. As the number of tasks is increased, the
makespan for the schedule generated by PSO-LR heuristic becomes significantly lower
(19.6%) than the makespan for the schedule generated by the PSO-SPV heuristic. In
the case of the PSO-SPV heuristic, a lesser number of tasks cannot be assigned to a
machine which may already be overloaded with a relatively longer task in its static
schedule. Therefore, even if variance in the task length of individual tasks is small,
in the case of TaskSet-I, it still aggregates and becomes significant enough to lower
the solution quality of the PSO-SPV heuristic for large number of tasks. By adding
my load-rebalance phase in my improved heuristic, I shift the task load distribution
in the static schedule generated by the PSO-SPV heuristic such that the execution
span of machines becomes near equal. This strategic redistribution of task load leads
to minimized makespan.
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Figure 6.3: Performance in Homogeneous Environment

6.2.2

Performance in Heterogeneous Environment

When the submitted tasks and available machines are heterogeneous in nature,
performance of the existing PSO-SPV heuristic drops further in comparison to my
load-rebalance PSO heuristic. Figure 6.4 shows that the schedule determined by the
PSO-LR heuristic results in lower makespan in comparison to the schedule determined
by PSO-SPV heuristic for the scheduling of a set of 400 tasks from TaskSet-II on an
increasing number of heterogeneous machines (ComputeSet-I). Also, note that, as
can be seen from Figure 6.5, even if the machines are homogeneous (ComputeSetII) but if high variance exists in the task length of individual tasks (TaskSet-II),
the minimization of makespan is still significant (37%). Recall that the TaskSet-II
constitue multiple sets of tasks where individual tasks in each set have high relative
variance in task-length. The inefficiency of the PSO-SPV heuristic can be explained
by its strategy to formulate the solution. Recall that the PSO-SPV algorithm, step 3,
performs the task to machine matching as shown in Table 4.1. PSO-SPV algorithm
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Figure 6.4: Performance in Heterogeneous Environment

Figure 6.5: Performance in Heterogeneous Environment
uses the modulo operator (Si mod M ) to find the matching. In this case, the modulo
operator allows a machine to have only one extra task compared to the other machines.
In a computing environment where available machines are heterogeneous in nature,
the limitation due to the use of modulo operator leads to inefficient load distribution.
A comparative evaluation of the total number of tasks moved from the static
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Figure 6.6: Number of Tasks moved to Rebalance Load
schedule of one machine to another to re-balance the task load is shown in Figure 6.6.
In case of TaskSet-I, since the variance in the task length is small, we see from
Figure 6.6 that there is less redistribution of load required. However, for TaskSet-II
which has increased variation in task length, we see that as the total number of tasks
increases greater redistribution to other machines becomes a necessity. Therefore, my
load-rebalance algorithm is more important to schedule the set of tasks with relatively
higher variance in task length of individual tasks.

6.2.3

ARU comparison

.Next, the task matching solutions generated by both algorithms were evaluated
based on the efficiency of load distribution on individual machines. I calculated the
average resource utilization percentage, using Eq. 5, of each of the five machines to
complete execution of a metatask that constitutes 100 heterogeneous tasks. Note that
the number of tasks and machines can be increased or decreased in my simulation
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Figure 6.7: ARU Comparison
environment. Figure 6.7 shows the relative task load distribution on individual processors based on length of the total execution span of each machine. The standard
deviation in the resource utilization for PSO-SPV is 35.5% whereas it is 7.9% in the
case of my PSO-LR heuristic. For my PSO-LR algorithm, it can be seen that all machines have near equal execution span. The execution span of machine M2 with more
task load is reduced due to movement of tasks to the static schedules of machines M3
and M4.

6.2.4

Reliability Analysis

As Particle Swarm Optimization (PSO) is a guided random search heuristic, it
may not converge to the near optimal solution each time the heuristic is executed.
Therefore, I also analyzed the stability in solution quality of my heuristic by running
multiple independent experiments consecutively for a given scheduling instance of 80
tasks and 4 processors.
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Figure 6.8: Reliability Analysis
The parameter values of the PSO heuristic are kept the same (as in Table 6.1).
Figure 6.8 shows the makespan for task matching solution determined in the 10 consecutive experiments for the same problem instance. I calculated the mean and standard deviation of the makespan for the generated task matching solutions. The mean
and deviation in the case of my load-rebalance PSO heuristic (53.70 ± 0.66) is less
in comparison to the PSO-SPV heuristic (81.96 ± 4.53). The results of this performance metric suggests that PSO-LR algorithm is more reliable and consistent. Also,
it can be observed that the makespan determined by the PSO-LR is significantly less
than the makespan determined by the PSO-SPV heuristic in all the 10 experiments
performed.

Chapter 7
Conclusions
In my thesis, I have provided a detailed description of the various techniques
used in the literature to solve the task-matching problem for large scale systems. I
have presented a novel load-rebalance based particle swarm optimization heuristic
(PSO-LR) which provides efficient task-load distribution in the case of heterogeneous
computing environments. From my experimental results, it can be observed that
the PSO-LR is able to significantly minimize the overall task completion time in
comparison to the PSO-SPV heuristic. As the cost factor is involved in the commercial
computing environments (e.g. Cloud), reliable performance of the system becomes
even more significant. My strategy to rebalance the load in the PSO-LR heuristic has
lead to an apparent increase in the reliability over the PSO-SPV heuristic in terms
of variation in solution quality.
In general, my proposed algorithm will work for large scale systems. In my simulations, we can vary the number of tasks and machines accordingly. The PSO-LR
algorithm is scalable for large scale systems as the schedule has to be determined for
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a batch of tasks at a given time. The batch size is user-defined and can be selected
based on the task-arrival rate. The work done in this thesis is an initial step towards
finding a near optimal solution to schedule the task load in a large scale system.
My experience in working on the single objective optimization problem of minimizing the task-completion time in the task-matching problem has given me the
confidence to work further on multi-objective optimization problems in future. So,
as an immediate extension of this work, I would like to include minimization of
energy-consumption as an additional objective in the PSO-LR heuristic designed in
the current work. I believe that the balanced distribution of the task-load will also
help to minimize the energy consumption of the available computational resources.
However, the energy consumption cannot be reduced significantly without sacrificing
the CPU clock cycles. The clock cycles are sacrificed by assigning more tasks to the
machines with lower CPU clock rate (or lower computational speed) [22]. The minimization of energy consumption cannot be achieved without any expense of higher
overall task completion time. To my knowledge, the research work on this bi-objective
optimization problem with conflicting objectives has been based on heuristics such as
GA [22]. Therefore, it would be interesting to enhance the design of my PSO based
load-rebalance algorithm to address this bi-objective problem.
In future, I would also like to figure out the strategy to leverage the potential
of PSO-LR heuristic for task-scheduling in the Cloud computing environment. In
Cloud computing, the tasks are first submitted by the users to the allocated virtual
machines. These virtual machines are physically hosted on the Cloud servers, which
are further time-shared between multiple virtual machines. The scheduling strategy
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is designed separately at the layer of virtual machines and also at the physical layer
(where tasks are executed on the physical servers) [3]. Due to these distinctions in the
task execution model of Cloud environment, the immediate research question which
would have be to addressed will be to identify the expected modifications required in
the PSO-LR heuristic to map it efficiently onto the Cloud computing architecture.
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