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Most of the scheduling algorithms proposed for real-time embedded systems, with energy constraints,
try to reduce power consumption. However, reducing the power consumption may decrease the
computation speed and impact the makespan. Therefore, for real-time embedded systems, makespan
and power consumption need to be considered simultaneously. Since task scheduling is an NP-
hard problem, most of the proposed scheduling algorithms are not able to find the multi-objective
optimal solution. In this paper, we propose a two-phase hybrid task scheduling algorithm based on
decomposition of the input task graph, by applying spectral partitioning. The proposed algorithm,
called G-SP, assigns each part of the task graph to a low power processor in order to minimize power
consumption. Through experiments, we compare the makespan and power consumption of the G-
SP against well-known algorithms of this area for a large set of randomly generated and real-world
task graphs with different characteristics. The obtained results show that the G-SP outperforms other
algorithms in both metrics, under various conditions, involving different numbers of processors and
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1. Introduction

For real-time applications, embedded systems have to produce
a logically correct solution within a predefined deadline. For these
applications, task scheduling in multiprocessor embedded sys-
tems is a great challenge. On the other hand, one of the important
issues for the design of multiprocessor embedded systems is
the trade-off between performance and power consumption [1].
For achieving high performance, suitable scheduling of applica-
tions on the resources of heterogeneous computing systems and
proposer run-time support are required [2,3].

Real-time task scheduling on multiprocessors corresponds to
sequencing the tasks and enabling them to execute on the chosen
processors in order to attain a predefined objectives, e.g. sat-
isfying the deadline, minimizing the total execution time or
makespan, reducing power consumption, moderating thermal
variations, etc. In parallel processing, the tasks are mostly rep-
resented by a directed acyclic graph (DAG), being large tasks
generally broken down into smaller dependent subtasks. A sub-
task is generally represented as a node in the DAG and the
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dependencies between related subtasks are expressed by arcs
connecting the nodes [4].

Several studies have been conducted to investigate task
scheduling on multiprocessor systems, but there is still a large
number of works trying to develop more efficient scheduling
algorithms considering different requirements, objectives and
system properties. Some of these algorithms are deterministic
while others are non-deterministic. In this work, we define the
task scheduling problem on heterogeneous multiprocessor sys-
tems as an optimization problem subject to some predefined
constraints. Our objective is to minimize both the power con-
sumption and makespan considering subtask precedence and task
deadline. We propose a two-phase genetic algorithm hybridized
with a spectral partitioning, called G-SP, to schedule tasks on
processors of heterogeneous multiprocessor systems.

The proposed G-SP algorithm consists of two phases. The
first phase is devoted to divide the incoming task graph into
two nearly equal size subtask graphs based on the spectral par-
titioning algorithm. This phase tries to achieve load balancing
and minimize data dependencies among subtasks. The second
phase then schedules each partition applying genetic algorithm
(GA), in order to minimize the makespan without violating prece-
dence constraints. For minimizing the total power consumption,
the scheduler tries to assign a selected subtask to a processor
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that consumes lower power. If the selected subtask cannot be
scheduled on the target lower power processor, because of viola-
tion of the deadline, the proposed method selects an alternative
processor that consumes higher power to execute the subtask
within the deadline. For evaluating the proposed algorithm and
comparing it to the state-of-the-art methods, e.g. HEFT-B, HEFT-T
and CPOP [5], in terms of the makespan and power consumption,
real-world and randomly generated task graphs are used. The
results of this comparison, for all of the considered task graphs,
show substantial improvement in both the makespan and power
consumption.

The remaining of this paper is organized as follows. Section 2
discusses the related state-of-the-art, and Section 3 introduces
the background to read this paper. Section 4 proposes the new
algorithm for task scheduling with the main goals of minimizing
the power consumption and the makespan on heterogeneous
computing systems. Section 5 provides the results obtained by
applying the proposed algorithm to a real multi-core system. Fi-
nally, Section 6 concludes the paper and presents some guidelines
for future research.

2. Related work

The different approaches presented for task scheduling can
be classified into two main groups: deterministic heuristic-based
and guided random based methods [6]. Finding the near opti-
mal solution in appropriate polynomial time that may approx-
imate the exact solution is the main objective in the heuristic
based methods [7]. One possible classification of heuristic-based
scheduling algorithms groups these algorithms into three cate-
gories: list scheduling [4,6], cluster scheduling [8] and
duplication-based scheduling [9]. List scheduling algorithms, as
one of the most popular classes of heuristic-based methods, has
two different phases. A priority is assigned to each task in the first
phase, and then a processor is allocated to a task in the second
phase.

Adequate sampling of possible solutions is typically needed
in guided random based algorithms. Some of the well-known
guided random based algorithms widely used for the scheduling
problem, are the ant colony optimization (ACO) [10], simulated
annealing (SA) [11], tabu search (TS) [12] and genetic algorithm
(GA) [13,14]. Energy minimization subject to timing constraints is
fundamental for embedded systems. Most of the static scheduling
algorithms proposed for embedded systems are based on the
worst or average case execution time for each subtask, being pes-
simistic [15]. In order to shorten the makespan of periodic tasks
some uncertainties were taken into account and a probabilistic
scheduling, based on the colony optimization, was introduced
in [10]. A mathematical model and ant colony optimization algo-
rithm have been proposed in [16] for scheduling with the goal of
minimizing the makespan, considering various job sizes and par-
allel systems. This optimization algorithm can find an appropriate
solution in a feasible time compared to other algorithms. A solu-
tion for off-line task scheduling and voltage selection using the
ant colony optimization method has been proposed in [17]. This
solution utilizes the unused time of subtasks that complete their
execution earlier than expected time and re-maps the subtasks
into processors in order to improve the energy consumption. A
hybrid Max-Min ant colony algorithm for real-time task assign-
ment, with two objectives, has been proposed in [18]. The first
one is resource-objective, which tries to maximize the number
of assigned tasks to the processors. The second one is energy-
objective, for minimizing the cumulative energy consumption of
all the tasks. In [19], the ant colony based algorithm for task
scheduling in heterogeneous multiprocessors has been proposed.
This algorithm uses the upward rank value to improve perfor-
mance in comparison with other ant colony based algorithms.

A probabilistic ant colony based algorithm for task scheduling
on heterogeneous processors has been proposed in [20]. This
algorithm minimizes the average waiting time of tasks. The re-
sults of the algorithm were compared with the ones obtained
from the first come first served (FCFS), and it was concluded that
the algorithm of [20] shows better waiting time. However, that
algorithm implies increasing the makespan in comparison with
the ant colony algorithm.

In [21], an agent-based power distribution approach for dy-
namic thermal management has been proposed. The proposed
approach achieves about 44% improvement, in comparison with
other dynamic thermal management methods, both in what con-
cerns performance and energy consumption. A two-stage heuris-
tic method for multi-satellite scheduling has been proposed in
[22], which shows very close results to optimal solutions. A multi-
heuristic evolutionary task scheduling algorithm that dynamically
maps tasks onto processors in heterogeneous systems has been
introduced in [23]. That algorithm uses the GA and combines it
with different heuristic methods in order to minimize the total
execution time. A fuzzy-based scheduling and load balancing al-
gorithm for cloud service provisioning has been proposed in [24].
This algorithm minimizes the response time of arriving jobs and
achieves better average success rate and resource scheduling
efficiency. Two hybrid heuristic scheduling algorithms for min-
imizing the makespan have been presented in [25]. The first
algorithm combines ACO with variable neighborhood search, and
the second one combines GA with variable neighborhood search.
In [26], a hybrid algorithm that uses the combination of the GA
and the ant colony method has been proposed. This algorithm
uses the ant colony to find an optimum path, and then refines
it by applying the GA.

An energy-efficient genetic algorithm for task scheduling on
asymmetric multiprocessors has been proposed in [27]. This algo-
rithm adaptively changes the generation strategies to the solution
candidates based on the energy consumption and makespan of
them. The algorithm uses three different generation strategies
instead of regular genetic operators and reduces the power con-
sumption in comparison with two classic genetic-based schedul-
ing algorithms. A genetic-based algorithm for optimizing the
energy consumption and performance in multiprocessors has also
been proposed in [28]. This algorithm has two different selection
operators to reduce energy consumption with increments in the
finish time. In contrast to our proposed algorithm, achieving both
energy efficiency and performance in that algorithm is a conflict-
ing issue and a trade-off has to be made with respect to system
and application requirements. A multi-objective energy-aware
scheduling algorithm, based on decomposition for scheduling of
the system workflow, has been proposed in [29]. The authors
use different conditions, such as various crossover and mutation
probabilities, to compare their algorithm with others. Experimen-
tal results show that this algorithm has significant improvements
in diversity and convergence to the final solutions. However, the
final solutions are far from the Pareto optimal.

To reduce the peak temperature, achieve a thermally even
distribution, and meeting real-time constraints in the embedded
system, a heuristic method for task scheduling and floor-planning
has been proposed in [30]. A task scheduling algorithm for real-
time multi-core systems has been presented in [31]. This algo-
rithm tries to meet the deadlines while reducing the thermal
stress and improving the expected lifetime of the system. An
adaptive thermal-aware task scheduling for multi-core systems
has been proposed in [32]. Authors of [32] have also proposed an
algorithm to prevent the system from overheating, maximizing
the utilization of the system and managing the inter-core thermal
relation with different variations of dynamic task scheduling.

The key difference between the algorithm proposed in this
paper and the previously presented approaches is the adoption
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Table 1

Comparison of the proposed algorithm with the related state-of-the-art.
Approach and Goal Ref.

[18] [19] [20] [22] [23] [24] [25] [26] [27] (28] [29] G—SP

Power-Aware X X X X X X X X v v v v
Performance-Aware v v v v v v v v X v X v
Heuristic approach v X X v v X v v X X X v
Evolutionary approach v v v X v X v v v v v v
Year of publication 2018 2018 2016 2018 2010 2019 2018 2018 2019 2018 2017 -
Model name H-MMAS rACS AS-ACO WBG PN FMRS ACO-VNS GAACO AGATS PRWS MOEA/D G-SP

of an hybrid method that integrates heuristic algorithms with the
GA. The idea of the proposed algorithm is to use the advantages
of both GA and heuristic-based algorithms, while overcoming
their disadvantages, to minimize the total power consumption.
Evolutionary algorithms, such as genetic, have some practical
advantages for optimization problems. These advantages include
self-adaptation, robustness and simplicity. These kinds of algo-
rithms can find solutions for the problems that heuristic methods
cannot find suitable results for them. However, there are some
types of problems that direct evolutionary algorithms may fail
to find optimal solutions for them [33]. This reason leads to
the need for hybridization of evolutionary algorithms with other
algorithms like heuristic ones. The hybrid algorithms can cover a
larger search space in comparison with pure heuristic algorithms.
Moreover, they can improve the performance of the solution,
e.g. increasing the speed of the convergence to the final result. Ta-
ble 1 summarizes the differences between our algorithm and the
related works, considering both the approach and the objectives.
Table 1 shows that the proposed G-SP algorithm takes ad-
vantage of both evolutionary and heuristic approaches. It also
considers power and performance at the same time for improving
both of them. In all of the related work, listed in Table 1, evolu-
tionary or heuristic approaches were used. The acronyms of the
adopted scheduling methods and the year they were proposed
are also listed in the table. In some of them that combine both
evolutionary and heuristic approaches, the proposed method is
not able to simultaneously improve power and performance.

3. Background information

Task scheduling is one of the famous NP-hard problems. A
computing system can be homogeneous or heterogeneous. Ho-
mogeneous systems use the same kind of processors, while
heterogeneous systems use various processors with different
processing capabilities. In this work, our target system is hetero-
geneous with two kinds of processors that exhibit different power
and performance capabilities. Different scheduling algorithms
have been proposed to solve the scheduling problem in multi-
processor systems. Two of the main categories for task scheduling
are deterministic and non-deterministic approaches. These algo-
rithms were listed and the main characteristics introduced in
the previous section. This section provides the background infor-
mation required to analyze those algorithms and the algorithm
proposed herein.

3.1. Deterministic approaches

Deterministic algorithms always produce the same answer
for a specific input. Most of deterministic scheduling algorithms
are based on greedy methods and try to minimize the overall
makespan. List scheduling, clustering algorithm and task dupli-
cation are three main categories of this approach. It is worthy to
mention that these kind of algorithms can only solve the specific
problems due to their greedy property.

o List scheduling algorithm. The list scheduling algorithms
include two phases. In the first phase, the algorithm as-
signs a priority to each subtask and adds it to a waiting
list. In the second phase, the subtask with the highest pri-
ority is selected and assigned to an available processor.
Heterogeneous earliest finish time (HEFT) and critical path
on processors (CPOP) are two of the list based algorithms.
It should be noted that the performance of this kind of
scheduling algorithms strongly depends on the efficacy and
selection of the first heuristic that is applied.

o Clustering algorithm. This group of algorithms assumes
that an unlimited number of processors exists for execut-
ing all of the subtasks. Clustering algorithms use as many
processors as possible to reduce the overall makespan. In
these algorithms, a set of tasks, that are highly correlated
and need to communicate with each other, are grouped
into a cluster. Then, each of these clusters is assigned to
an available processor. Clustering algorithms encounter a
serious problem when the number of clusters is more than
the number of available processors. This situation leads to
scheduling of multiple clusters on a single processor, which
increases the makespan.

e Task duplication algorithm. This group of algorithms exe-
cutes a key subtask on more than one processor in order to
reduce the communication delay.

3.2. Non-deterministic approaches

Non-Deterministic algorithms produce various answers de-
pending on the decision they make during the execution time.
These algorithms have been used to solve a large number of
problems that need more time to search the solution space for
the final result. Several non-deterministic algorithms such as ge-
netic algorithms (GA), ant colony optimization (ACO), simulated
annealing (SA) and tabu search (TS) have been applied to solve
the scheduling problem.

e Ant Colony Optimization. ACO algorithm simulates the be-
havior of ants when they move to find the food. Ants sprin-
kle the pheromone along the path that they move to find the
food to help the other ants to select a path with a greater
amount of pheromone with the objective of routing.

e Tabu Search. TS iteratively uses a neighborhood search al-
gorithm and dynamically moves from a possible solution
to the improved solution. Tabu search actively avoids local
search’s from visiting the neighbors that have been already
visited.

e Simulated Annealing. SA is a convenient solution for find-
ing the global optimum with the existence of the numbers
of local optimums. It mimics the physical process of the
annealing for formation of crystals.

e Genetic Algorithm. The term “genetic algorithm” stands
for a class of algorithms that uses the natural evolution
for solving complex optimization problems. In this algo-
rithm, each solution is represented by a chromosome, and
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a set of chromosomes called population, usually initialized
randomly and maintained according to a fitness value, is
generated in each iteration. A set of reproduction operators,
such as selection, mutation and crossover, applied to repro-
duce new chromosomes and shape a new population. The
components of the GA are as follows.

1. Initial population: The GA starts with a set of indi-
viduals that is called population. Each of these indi-
viduals is a possible candidate for the solution. An
individual represented by a set of genes is randomly
assembled to form a chromosome.

2. Fitness function: The fitness function specifies how
fit an individual is. This function gives a fitness score
to each individual. The probability of selection for
each chromosome is also based on this score. In the
scheduling problem, this factor can be a throughput,
makespan or utilization.

3. Genetic Operators: The genetic operators create new
individuals based on the current population. Different
operators, such as selection, crossover and mutation,
are described in the following.

(a) Selection: The selection operator selects the
individuals with the highest fitness values and
lets these individuals pass their genes to the
next generation. Two pairs of individuals named
parents are selected based on their fitness val-
ues. Actually, the individuals with the higher
fitness values or scores have a higher chance
to be selected through the selection operator.

(b) Crossover: The crossover is the most important
phase in a genetic algorithm. It is a way to
stochastically generate new solutions (chromo-
somes) from an existing population. The new
offspring are added to the next generation pop-
ulation.

(c) Mutation: In some of the new offspring, part
of their genes can be changed or mutated with
a low random probability. It is used to main-
tain genetic diversity from one generation of a
population to the next.

4. The proposed algorithm

Directed acyclic graphs (DAGs) are mostly used to model dif-
ferent applications. A set of subtasks as a sequence, based on the
predefined precedence constraints, can be represented by a DAG.
The DAG shown in Fig. 1 represents an application with different
subtasks. In this figure, each vertex shows a subtask and the
edge between vertices shows the execution precedence between
them. In this work, the communication time between subtasks
is considered to be negligible, as [34-36]. We assume that the
execution order of subtasks and the dependencies between them
are static, without any change during scheduling. Each subtask
of the input DAG can be executed on one of the processors. The
target system contains a set of m heterogeneous processors and it
is preferred to use the processors with lower power consumption
at the beginning.

The proposed scheduling algorithm, G-SP, tries to schedule the
input DAG to minimize the power consumption of heterogeneous
MPSoC while satisfying timing constraints. The G-SP schedules
tasks applying the GA, while it uses a heuristic approach, called
spectral partitioning, in the processor mapping phase. The outline
of the G-SP for DAG task scheduling on a heterogeneous comput-
ing system with two groups of low and high power-performance
processors is shown in Algorithm 1.

@‘5{2}7?@

Fig. 1. A simple DAG containing 10 subtasks.

GA is a powerful effective algorithm for solving different op-
timization problems such as task scheduling. GA provides the
advantages of a global search procedure, finding the optimal
or near-optimal solution for the scheduling problem. The ge-
netic operators for different problems have to be adapted to the
problem under-study. It is noticeable that the generation of the
initial population has a major impact on the performance of the
final solution. On the other hand, to find better solutions, the
hybridization of different algorithms is used. Hybrid algorithms
are achieved by merging some features of a heuristics method
to another heuristic to find a better solution. Hybrid algorithms
usually show better performance compared to respective vanilla
heuristic algorithms.

Two main phases can be identified in G-SP algorithm. In the
first phase, spectral partitioning is applied by calling Algorithm 2
which divides the input DAG into two separate parts with min-
imum dependencies between them. In the second phase, the
algorithm uses the output of the first phase to perform the
task-to-processor mapping. For this mapping, a chromosome is
generated for each part of the DAG to minimize the power con-
sumption with respect to the makespan without violating the
precedence constraints. Then, the fitness function for each chro-
mosome is evaluated. In line 6 of Algorithm 1, based on the fitness
values, the selection method chooses survivals for the next gener-
ation with the help of the roulette-wheels method. The selection
policy makes the weaker chromosomes disappear and stronger
chromosomes survive in order to generate a population of best
solutions. In lines 7 and 8, the crossover and mutation operations,
which are presented in Section 4.2, are performed. Crossover op-
eration is not always accomplished because it is associated with
a predefined crossover probability. The mutation operator also
changes each gene in the population with a mutation probability.
The mutation operator can generate a chromosome that cannot
be produced with the crossover operation, helping to escape
from local optimum solutions. Afterwards, the new generation
is created and above procedure is done on the new generation.
The outer loop is completed when the termination condition is
satisfied.

4.1. Spectral partitioning

The partitioning of a graph into equal-sized parts while min-
imizing the number of edges between different parts is NP-
Complete problem [37]. This problem, when referred to a graph
to be partitioned into two sub-graphs is called Minimum Bisec-
tion [38,39].

Definition. Let G = (V,E) denote a simple graph. A par-
tition S is called (k, 1 + €)-separator if S partitions V into k
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disjoint subsets of graph G, each subset contains at most (1+ e)%
vertices and minimizes the number of edges between different
components [40].

Proposition 1. For every o and k > 1, there is a polynomial-time
reduction from the problem of finding a clique of size k in a simple
graph G, to the problem of finding a (k, «)-separator. Since the prob-
lem of finding a clique of size k in a simple graph is an NP-complete
problem, finding a (k, «)-separator is also NP-Complete [37].

Algorithm 1: G-SP algorithm
Input :

Parameters for the genetic algorithm.
Parameters for task scheduling.
Output:
A task schedule.
1. Call Algorithm 2 to create an initial population;
2. repeat

3. Perform task to processor mapping and evaluate the
fitness function;

4.  Copy the elitism with no change and directly into the
next population;

5. repeat

Use the roulette-wheel to select candidates as survival
to the next population
according to their fitness values;

7. Perform the crossover operation;
Perform the mutation operation;
9. until the new population is complete;
10. Replace the old population with the new one;
11. until the termination situation is satisfied;
12. return the near optimal schedule as a result.

The Proposition 1 shows that the (2, 1)-separator, i.e. find-
ing the minimum bisection problem is NP-complete. Spectral
partitioning is one of the approximation algorithms to find the
(2, 1)-separator for a simple graph G, in fact the most popular and
successful heuristic algorithm for partitioning the simple graph.
This method is widely used in many scientific applications, such
as mapping finite elements on a parallel processor, solving linear
systems and domain decomposition, web search and image par-
titioning [37]. In this paper, G = (V, E) is a connected undirected
graph with n vertices. A partition of a graph G is the division of
the vertices into two disjoint subsets G; and G,. Without loss of
generality, we assume that |G| < |G;|. Let E(Gq, G) be the set of
edges with one endpoint in G; and the other one in G,. The cut
size of this partitioning (G1, G) is the number of edges between
these two parts |E(Gq, G2)|.

We approximate the balanced partitioning problem with the
spectral partitioning approach since finding the balanced bipar-
tite graph or (2, 1)-separator is NP-complete. This method is
based on the eigenvector and eigenvalues of the Laplacian matrix
of a graph. The spectral method recursively bisects the graph by
considering the eigenvectors of the Laplacian matrix of the graph.
The spectral partitioning has received much attention because of
the good quality and efficiency [37]. We model the problem in
the following way. In the graph G = (V, E), e; in E denotes the
edge between v; and v;. We assign the variable x; to each vertex
v; such that the following condition is hold:

=+land Y x| <1 (1)

vj

The first condition in Eq. (1) puts a partition into two different
sets G; and G,, while the second condition implies that the
difference between the sizes of G; and G, should be at most
one. The elements of vector x = (x1,...,X,) indicates the set
a551gnment of each graph vertex. In the next step, the function

= g ZE, X; — x;)* counts the number of edges crossing

between Gy and G,. Let = [ay;] represent the adjacency matrix
of graph G such that [41]:

1 if(v,y)€E
ajj = 0

otherwise
We define the diagonal degree matrix of graph G as D =
diag(d;), where d; is the degree of vertex v;, which means the
number of edges to the vertex v;. We have the following equation,

Z(x,- —x) = Z X% + %) Z 2XiX;j (3a)
Ejj
Z 2XiXj = Z le iiXj = le ZA,JXJ =x"Ax (3b)

Ejj
According to Eq. (1), x; = %1, then:

D +x7) = 2=2F| =) x’d =x"Dx (4)

E,'j E,'j
We consider the Laplacian matrix of graph G by L(G) = [I;]
where;
1 lf(v,', l)j) €E
lj=qdi ifi=] 5)
0 otherwise

(2)

L(G) = D — A and f(x) = %xTLx Now we define the discrete
bisection problem with respect to the constraints on x,

l
Minimize  f(x) = 4 TIx

subject to: x'1<1, xe{-1,1}

where 1 is the vector (1, 1, ..., 1)T with n elements. As we men-
tioned earlier, the graph partitioning is an NP-complete problem,
therefore we relax the discreetness constraint on x and define the
continuous version of problem,

1
Minimize  f(x) = —x"Lx

subject to: x"1< 1, x' =n

The elements of x can take on any values that satisfy the norm
constraint. The continuous version of the problem is an approx-
imation to the discrete version [42]. Therefore, the relaxation
part of constraints is the major part of spectral partitioning. We
propose our solution for the optimization problem by noting that
the Laplacian matrix of a graph has several important properties.
Let (uq, Uy, ..., u,)be the normalized eigenvectors of L(G) with
the corresponding eigenvalues (11, A3, ..., Ay). Hence, we will
have the following proposition [38].

Proposition 2. The Laplacian matrix L(G) of the graph G has the
following properties,

1. L(G) is a symmetric positive semidefinite matrix.

2. All the eigenvectors are pairwise orthogonal.

3. A =0and u; =n"21.

4. If G is a connected graph, then the A is the only zero eigen-
value of L(G).

Now we express x in terms of eigenvectors of L(G), x =) aiu
such that the o is real constants and x = Y, «? = n. then,
.+ arzl)\,,)

1
fx) = Z(aﬁkz + ok + -



6 G. Taheri, A. Khonsari, R. Entezari-Maleki et al. / Applied Soft Computing Journal 91 (2020) 106202

clearly,
((x% —l—(x%—i—---.—i—aﬁ)kz ga%lz +a§k3+---.+aﬁ)\n

Therefore, f(x) > ni,/4. By choosing x = ./nu;, we can
minimize f(x) = nX,/4. This choice for x satisfies the balance
constraints since x'1 = ugul = 0 and proposes a solution
for the continuous problem. It is noticeable that, if A, # As,
this solution is unique. In this step, the solution of continuous
problem should be mapped onto the discrete domain. With graph
bipartitioning, there is a simple way to perform this mapping;
i.e., according to the median value of u,, put half of the vertices
with the corresponding value greater than u, to one set and the
other vertices in another set. This solution is the closest solution
to the continuous one.

Algorithm 2: Spectral partitioning algorithm

Input

Parameters for the Input DAG as a workflow.
Output:

Two nearly equal size sub-workflows with the
minimum data dependencies.

1.  Compute the Laplacian matrix of the graph from
Adjacency matrix of DAG;

2. Compute the eigenvalues of the Laplacian matrix;

3.  Compute the eigenvector of Laplacian according to the
second smallest eigenvalue and sort its elements;

4. Insert half of the vertices in partition G; and remainder
in partition G,. .

5. return Two nearly equal size sub-workflows G; and G,
with the minimum data dependencies.

After proposing the aforementioned solution, Algorithm 2 pro-
vides the method to create the initial population. This algorithm
divides the workflow into two nearly equal-sized sub-workflows,
by applying the spectral partitioning method in order to minimize
the data dependencies between the two resulted sub-workflows.
Afterwards, we schedule each of these sub-workflows onto a low-
performance processor to maintain the load balancing policy in
the system. After scheduling of these sub-workflows, if some
subtasks miss the chance of meeting their deadlines, the subtasks
move to high-performance processors to be served faster and
meet their deadlines. In the following, the proposed spectral
partitioning is combined with our GA to improve the performance
and power consumption of the system.

4.2. The proposed genetic algorithm

In most of the applications, the state space of the problem
is quite large and the convergence to the final solution can be
quite slow. Different factors, like the initial configuration, have
a major impact on the speed of convergence. The chromosome
representation and generation of the initial population are major
parts in GA and operations like mutation and crossover help to
reach the final population and attain the semi-optimal solution.
In this section, the encoding mechanism for the task scheduling
algorithm is introduced, representing the problem in the context
of genes and chromosomes. It is noticeable that any chromosome
represents a unique schedule. After introducing the chromosome
representation, other genetic operators are presented.

In our task scheduling problem, each chromosome corre-
sponds to a unique schedule. A chromosome contains a per-
mutation of integers 0, 1,2,...,n — 1, representing a list of n
subtasks. The tuple (Tg, Ty, T2, ..., T, ..., Tp_1) represents a set
of all subtasks of a given DAG application. Each gene of the
chromosome represents one of these subtasks and the order of

these subtasks should be a valid one according to their topological
order. A valid chromosome in the proposed algorithm schedules
all subtasks of the given DAG and the resulting schedule satisfies
all precedence constraints.

The initial population size should be constant through differ-
ent generations. The idea of selecting the suitable size is always
a trade-off between effectiveness and efficiency. Initially, a chro-
mosome is generated with respect to the output of Algorithm 2.
Let T(h) be the set of subtasks with the height h in each sub-
workflow. We choose r random subtasks 0 < r < T(h) that
are the first r subtasks to be assigned to the processor. Then,
we remove these r subtasks form T(h) and repeat this step to
schedule all subtasks. By selecting subtasks from the lowest to the
highest height in each step, the proposed algorithm never violates
the precedence constraints.

After producing the initial population, fitness value of each
chromosome is computed and the chromosomes are sorted ac-
cording to their fitness values. Afterwards, the selection method
is applied to the chromosomes and the strongest individuals are
selected to be paired up and copied to the next generation with
the hope of producing stronger population.

4.2.1. Subtask-to-processor mapping

In this section, we first describe the heuristic subtask to pro-
cessor mapping, based on spectral partitioning method for DAG
applications, with timing and precedence constraints. Then, the
method for computing the fitness value, that has an important
role to generate the next generation population, is presented.

For the subtask-to-processor mapping, a heuristic approach is
presented to minimize power consumption. With the proposed
heuristic-based algorithm for the subtask-to-processor assign-
ment, subtasks are selected through spectral partitioning and
the selected part is assigned to the low power consumption
processors. We schedule each of these sub-workflows on a low-
performance processor to keep up the load balancing. Afterwards,
if some of the subtasks miss their deadlines, they are moved
to high-performance processors to serve faster and meet their
deadlines with a predefined penalty in the fitness function.

The fitness value plays an important role in generating the
next-generation population. For our task scheduling problem,
the goal is to obtain an assignment with the minimum overall
power consumption and minimum makespan without violating
the precedence constraints. Therefore, our solution has two con-
cerns: the first one is to minimize the makespan, and the second
one is to minimize the power consumption. For the first concern,
we define a Score value as a penalty for a subtask which misses
its deadline, as Eq. (6).

Score = Score — Max(|(delta, 100)|) (6)

The parameter delta shows amount of time that a subtask
misses the predefined deadline. If a subtask is served before its
deadline, we add this time to its score.

Score = Score + delta

For the second concern, we add the doubled value of total
execution time on low power processors (Tjow—power) t0 the score
value. For the high power processors (Thigh—power), We reduce the
total execution time from Score as a cost. The fitness value for
each scheduling is the summation of the score for all of its genes.

Score = Score + 2 * (Tiow—power )
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Fig. 2. Single-point crossover operator.

4.2.2. Genetic operators

The genetic operators, namely selection, crossover and muta-
tion, used in the proposed algorithm are described in the follow-
ing.

The selection has a major impact on the convergence. We use
the roulette-wheel selection, one of the most used methods for
selection purpose. In this method, the chromosomes with higher
fitness value have a higher chance to be selected. The probability

p; of each chromosome (i € {1, 2, ..., n} where n is the number
of individuals in the population) is defined by Eq. (7)
fitness(i)
P=cn e o (7)
> fitness(j)
and
i
Select(i) = ) _ p; (8)
j=1

where Select(i) is the sum of p; from j = 1 to i. For a random
number R € [0, 1], if Select(i) > R, its related individual is
selected. With this method, the chromosome with a higher fitness
value is selected with a higher probability. The crossover oper-
ation merges two valid parents to generate two new offspring
that are topologically ordered. The mutation operator changes
each gene such that the diversity of population covers the larger
search space. The mutation operation takes place with a certain
probability, it helps the search phase of the algorithm to escape
from local sub-optimum points.

Since there are precedence relations between subtasks in a
DAG, not all permutation of n subtasks is a valid schedule. During
all phases of the GA, the encoder and the decoder should always
yield a valid solution to the scheduling problem. Therefore, a
valid schedule should have two conditions. First, the precedence
constraints of a DAG application should be satisfied. Second, every
subtask should be presented only one time in the schedule.

Lemma 1. For a DAG application, a solution for the task scheduling
problem is a topological order for the subtasks that respects the
precedence conditions. When a subtask T; is deleted from the topo-
logical order, the remaining subtasks still have a topological order
without violating precedence constraints.

Lemma 2. For a DAG application, a subtask T; can be inserted into
any position between successor and predecessor of subtask T;, which
can generate a new topological order without violating precedence
constraints.

As it can be seen in the example of Fig. 2, we have 10 subtasks
from Fig. 1 to schedule. The corresponding chromosome to this
problem is coded as an integer. For i = 5, two parents exchange
some genes to generate two children, with the crossover operator.
The left segment of the new child is derived from the corre-
sponding part of parent 1 (0, 1, 2, 3,5) or parent 2 (0, 3,4, 7,5).

Mutation position

Parent |0|1‘3‘4‘7‘5|2|6|8|9‘
i Ty T;
chia  [0]a]2]1]s]al6[7]o]s]

Fig. 3. Mutation operator.

According to Lemma 1, we can delete some of the subtasks from
the topological order and the remaining subtasks still maintain
a topological order without violating precedence constraints. For
example, the left part of parent 2 still has a topological order
(4,7,6,8,9) when we delete the subtasks on the left part of
parent 1 (0, 1, 2, 3, 5). Similarly, the left part of parent 1 is still
in a topological order (1, 2, 5, 8, 9) when we delete the subtasks
on the left part of parent 1 (0, 3,4, 7,5). Finally, according to
Lemma 2, the left part of the new offspring is copied from parent
1(4,7,6,8,9)or parent 2 (1, 2, 6, 8, 9) by putting the genes one
by one from left to right.

The mutation operation tries to insert some variations into
the individuals to achieve a better solution and escape from local
optimal points. According to Lemmas 1 and 2, we can exchange
two genes without violating precedence constraints. A subtask
or gene can move to any position between its successor and
predecessor in a valid chromosome. For example, lets T; denote
a randomly selected subtask. Then, we can find T;, the first suc-
cessor of subtask T; for 3k € [i + 1, j + 1] and the predecessor of
Ty, where T; and Ty can be integrated. This method can generate a
new offspring without violating the precedent constraints. Fig. 3
shows this operation.

5. Experimental results

In order to comparatively evaluate the proposed algorithm
to the state-of-the-art, we compare the makespan and power
consumption of the G-SP algorithm with the previously proposed
heuristic-based algorithms HEFT-B, HEFT-T and CPOP [5]. For this
purpose, we consider two kinds of graphs as workloads, real-
word task graphs and randomly generated task graphs. We use
the Intel i7-3610QM processor to perform the experiments. It is
a fast quad core processor based on the Ivy Bridge architecture.
Intel i7-3610QM processor has a base frequency of 2.3 GHz which
may increase to 3.3 GHz using the Intel Turbo Boost Technology.
The proposed algorithm, G-SP, is programmed in Python and all
input parameters of the algorithm are according to the values
used in prior studies as reported in Table 2.

5.1. Real-world applications graphs

The first set of task graphs considered herein are task graphs
for real-world problems, e.g. Fast Fourier Transformation (FFT) [43],
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Table 2
Experimental Parameters.

Parameter

Description

The population size Ten times the number of subtasks.

The crossover probability 0.75

The mutation probability  0.15

The stopping criteria The results stays unchanged after 50 generation.

Fig. 4. Task graph of the FFT algorithm with four points.

Gaussian Elimination, Laplace Equations, Sparse Matrix Solver and
Robot Control.

Algorithm 3 computes a one-dimensional FFT and its corre-
sponding task graph is shown in Fig. 4 [43]. In this figure, M is
an array of size j that holds the coefficients of the polynomial
and F is the array of samples/results. The algorithm has two
main sections: the first one performs the recursive calling and
the second one is the butterfly operation. We can divide the task
graph of Fig. 4 into two parts, indicated by a dashed line. The
nodes above the dashed line represent the recursive call subtasks
while the nodes below the dashed line represent butterfly op-
eration subtasks. For a sample vector of size j, there are 2j — 1
recursive call subtasks and jlogj butterfly operation subtasks, the
computation cost of the subtasks is identical.

Algorithm 3: FFT algorithm
FFT (M, ¢) function :

1. n = length (M)

2. if (n = 1) return (M)

3. (F®) = FFT((M[0], M[2], ...M[n — 21), ¢?)
4, (FO) = FFT(M[1], M[3], ...M[n — 1]), ¢?)
5. for(i=1)ton/2 —1do

6. F[i] = FOLi] + ¢' % FV[i]

7. Fli+j/2] = FO[i] + ¢' % FU[i]

8. endfor

9. return (F)

Gaussian Elimination is used to calculate the solution for a set
of linear equations. The related task graph is shown in Fig. 5 [43].
In this experiment, a Gaussian Elimination algorithm with the
size of 5 was used. The total number of subtasks in the graph
of this set is 19, and the largest number of subtasks at the same
level, showing the parallelism degree, is 5.

The Gauss-Seidel algorithm is used to solve the Laplace Equa-
tion and this method converges faster than the Jacobi algo-
rithm [43]. The following equation shows the update procedure
for the step k:

1 _ _
A = Z[A(i—l),j(k) +Ai-® + Agrn SV + Ay ®U1 0 (9)

Fig. 5. Task graph of the Gaussian Elimination with 19 points.

Each value A;; is updated in iteration k, from two newly
generated values of iteration k and two old values generated in
iteration k — 1; therefore, this algorithm follows an updating
sequence. We also used two other mostly used task graphs, Robot
Control and Sparse Matrix Solver [44], in our experiments.

The proposed algorithm (G-SP) is compared with other algo-
rithms in terms of makespan and power consumption for the
above-mentioned task graphs. As shown in Figs. 6 and 7, the
G-SP algorithm outperforms HEFT-B, HEFT-T, and CPOP both in
makespan and power consumption. The reason for the proposed
algorithm outperforming the others is that it searches a wider
range of the solution space for the optimal scheduling, while
HEFT-B, HEFT-T, and CPOP narrow the search space down to
the small portion of the solution space by means of their initial
heuristics.

5.2. Random generated applications graphs

In another experiment, we used randomly generated task
graphs to evaluate the power consumption and performance
of the proposed algorithm. We implemented a random graph
generator which generates random graphs with different char-
acteristics. The input parameters for this random task graph
generator are the number of nodes in the graph, the computation
cost of each node, and the number of successors of each node. We
have generated a set of random task graphs with different char-
acteristics and applied the considered and proposed scheduling
algorithms to schedule them on a heterogeneous computing sys-
tem. We have evaluated the performance of the algorithms with
different numbers of subtasks and compared the G-SP with the
other algorithms in terms of power consumption and makespan.
The number of subtasks generated in a DAG is 50, 100 and 150.
Fig. 8 shows that G-SP outperforms HEFT-B, HEFT-T and CPOP, as
it was expected. This may occur because when the number of sub-
tasks becomes higher, the problem becomes more complicated
and more difficult for heuristic algorithms to find a good solution.
As we can see in Fig. 8, G-SP achieves better makespan whenever
the number of subtasks of the DAG increases. Fig. 9 shows that G-
SP also outperforms HEFT-B, HEFT-T and CPOP in terms of power
consumption. As we mentioned earlier, the proposed algorithm
tries to minimize the power consumption and Fig. 9 shows that
G-SP reaches this goal by consuming lower power in all case
studies.
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Fig. 7. Power consumption of real-world applications on a system with 2 low-power (performance) and 2 high-power (performance) cores.

In all of the above-mentioned experiments, various number
of iterations is used to determine the termination condition of
the G-SP algorithm. However, according to the experiments, the
iteration number equal to 500 is an acceptable value for all of the
task graphs studied herein. Fig. 10 represents the convergence of
the G-SP for a random DAG with 100 subtasks. It shows that the
convergence speed of the proposed G-SP algorithm is acceptable.

5.3. Different number of processors

Herein, we compare the makespan and power consumption
of G-SP with those of benchmarks HEFT-B, HEFT-T, and CPOP,
for different number of processors. Figs. 11 and 12 shows the
makespan for real-world and randomly generated task graphs for
a system with 2 low-power and 4 high-power cores, respectively.

Figs. 13 and 14 represent the power consumption of the real-
world and randomly generated task graphs on the same system.
Figs. 15 and 16 show the makespan results for a system with 2
low-power and 6 high-power cores, and Figs. 17 and 18 show the
power consumption for the same system. As it can be concluded
from Figs. 11 to 18, G-SP outperforms HEFT-B, HEFT-T, and CPOP
in terms of the makespan and power consumption in all cases.

6. Conclusion and future work

In this paper, a hybrid algorithm was proposed for multi-
objective task scheduling on heterogeneous computing systems.
The proposed G-SP algorithm simultaneously minimizes both the
power consumption and makespan, with the help of GA and
spectral partitioning. The G-SP algorithm can cover a large search
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space in comparison with heuristic algorithms without incurring
significant computational cost. We compared the makespan and
power consumption of G-SP, when applied to different number of
processors, with three state-of-the-art algorithms, HEFT-B, HEFT-
T, and CPOP. Experimental results showed that G-SP outperforms
the other algorithms in terms of both makespan and power
consumption.

One of the future prospects of this work includes applying dy-
namic voltage and frequency scaling (DVFS) techniques to achieve
better power consumption. In this way, the voltage/frequency
of a processor dynamically increases when the task graph exe-
cution needs more computational power and reduces when the

low-power processors can serve the incoming tasks. The other
direction to continue this work include thermal consideration for
the scheduling algorithm, trying to minimize the overall thermal
profile of the system.
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