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Abstract: A distributed heterogeneous system consists of a
suite of processors or machines with different processing
capacities. It can be performance-to-cost efficient to meet the
diver se computation requirements if properly deployed. Task
scheduling is a crucial issue to improve the efficiency of this
architecture. In this paper, we incorporate a miscellaneous
population-based  search  technique, Particle Swarm
Optimization (PSO), with list scheduling and develop an
alternative PSO algorithm for multiprocessor tasks scheduling.
The framework of the hybrid PSO algorithm for the
multiprocessor scheduling is developed according to the
permutation-based solution representation to find optimal
task-machine pairs. The merit of the hybrid method isto keep
improving the potential solution continuously through learning
experience from the searching knowledge of one particle itself
or the best of all particles in the swarm in the interest of
minimizing the scheduling length. We also implement a few
assigning rules to select target machine with different
processing speeds. The proposed model considers arbitrary
networks in more realistic environments and the scheduling
method takes communication delays into account. The results
show that the proposed algorithm is able to find good quality
schedules in reasonable time and has some advantages over
other algorithms.

Keywords. Distributes computing, Task scheduling, DAG,
Particle Swarm Optimization, Heterogeneous system,
Permutation-based representation.

1. Introduction

Thanks to the standardization of communication channels
between heterogeneous systems, along with the availability
of wide band-width, distributed computing is a promising
approach in solving the computing-intensive and data
intensive problems. A paralel application can be
decomposed into subtasks which have diverse computation
requirements executed on distributed heterogeneous
machines concurrently. Heterogeneous Computing System

(HCS) consists of a suite of heterogeneous processors or
machines. These machines may be different in processing
capacity, architecture, topology network, operation system,
and so on. Distributed computing aims to increase the
computing power utilizing the potential parallelism inside an
application, decrease the completion time and satisfy
computing requirements.

One of the critical challengesin thisfiled is the matching
and scheduling of subtasks. Matching tackles the problem to
select suitable machines for the subtasks through using some
mapping strategies in order to achieve high performance.
Scheduling, including tasks scheduling and messages
scheduling, determines the execution order of subtasks on
same machine and computes the starting time and the finish
time. It has become apparent that in order to apply this new
computing framework to real-world problems and data,
researchers have to pay attention to the problems of
satisfying  diverse  computing  requirements  and
communication delay incurred by the data transfer between
machines.

The scheduling problem in multiprocessor systems is
NP-hard [1]. It becomes more complex in distributed
heterogeneous computing  environments  considering
heterogeneous  interconnections, interfaces, operating
systems, communication protocols, and programming
environment. Currently many researchers pay more attention
to heuristics due to the complexity [2-19]. In this paper, we
devise a hybrid Particle Swarm Optimization (PSO)
algorithm for the scheduling problem. In the proposed
algorithm, list scheduling is combined with a permutation-
based PSO algorithm to find out an optimal or near-optimal
scheduling length.

The structure of the paper is as follows. In the next
section the problem statement is provided. In section 3 we
review the current scheduling algorithms. In section 4 we
give a brief survey of Particle Swarm Optimization
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algorithm. In section 5 we present the hybrid PSO algorithm
for task scheduling with the permutation-based solution
representation. In Section 6, the experiment results and
discussion is given. Finally, we make a conclusion remarks.

2. Problem statements

In general, the distributed computing model can be
represented as a directed acyclic graph (DAG). Defining a
tu G=(T,E,C,W) ; T

ple to describe the graph, there! is a set
of task nodes and E is a set of communication edges,
corresponding to the data dependence among tasks. Each

task " eT is assumed to have an estimated execution

W) An edge is associated with an estimated
c(n,n;)

time

communication cost , representing the amount of

n.
data units transferred from M to ). The edge

=(n.n)ecE .
g =(n.nj)e represents the partial order between tasks

N and , defining the node " as parent node and the node

"' child node. Partial order dictates that task ' cannot be
executed unless all its parents have been executed. If two
tasks are scheduled to the same processor, the
communication cost between them is assumed to be
negligible. A node without parent node is entry node and a
node without child node is exit node. A node can be
executed, named ready node or runnable node.

A path from " to ] (more than one) is defined as

including al nodes and all edges between N and i . The
length of a path is the sum of all the node and edge weights
along the path. The longest path in the DAG is defined as

Critical Path (CP). If there is a path from " to i and Mis

not the parent node of i , M is defined the predecessor

node of " and ' iis the successor node of ¥ . Note that the
term “node” denotes task, and the “cost” is similar to
“time’. Tasks are basic processing units and can be
processed non-preemptively by any processor in distributed

w(ry)

systems. Here, execution cost and communication

costc(n"nl) are nominal and the actual time must be
computed in real scheduling environments.

The target system is consisted of processors with local
memory, connected by an interconnection network with a
certain topology. A model for heterogeneous computing
systems is presented based on a coefficient-of-variation
technique using ETC matrices to express heterogeneity [20].
Task heterogeneity is further studied in [4], characterized by
consistent, partialy-consistent, and inconsistent. In the
heterogeneous architectural model used here, we assume a
dedicated communication device is used that interpocessor
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communication time can be overlapped with computation
time in the schedule process. For simplicity, we also assume

a set of processorsP with the communication channels
enough wide so that interprocessor communications perform
without contention. In order to measure the machine

heterogeneity, we define the heterogeneity factor matrix H
like the method used in literature [3]. So the execution time

of task ™ on Pi (pj € I:,) is given by Wm)*h(ij)and
h(”)mean the heterogeneity factor of task ™ on

processor Pi When two tasks ¥ and "I are allocated to

distinct processors, the cost associated with the
o c(n;, n; . c(ny,n )L
communication of (n.n;) data units is (") m

where Lm is the average latency time per byte incurred on

the links between processors M and M. All communication
times and computation times also are known in advance
such that scheduling can be calculated at compile time.

Scheduling the graph CR) target system is to find out
pairs of (task, processor) which optimize the scheduling
length or completion time. When the task M s mapped to
machine pj, denote the start time and the finish time
length or completion
oo = max(FT(Y, ), 6 1))

respectively. The scheduling
time is defined

3. Related works

Incorporating a variety of available resources, distributed
heterogeneous computing is performance-to-cost efficient to
improve the computational capacity in parallel system. But
it is hard that different architectural attributes, such as
system topology, message routing strategy, computation,
and processors heterogeneity, are orchestrated to perform an
application. Inappropriate scheduling of tasks can fail to
exploit the true potential of a distributed system due to
significant overhead if communication delays are
considered, and can offset the gains from parallelism. It is
infeasible to solve the problem using exact algorithm such
as enumeration method when problem scale is larger. A
number of heuristic scheduling algorithms have been
extensively investigated to achieve sub-optimal schedule or
near optima schedule. These algorithms can be classified
into list scheduling, scheduling based on duplication and
clustering scheduling [2, 3, 5, 13, 14, 15, 17]. They are also
be deemed arbitrary network and fixed network. A wealth of
information can be found in the scheduling literatures[3, 15,
17].

The basic rationale of list scheduling is to make a
scheduling list (a sequence of tasks for scheduling) by
assigning them some priorities, and then assign the tasks to
processor according to some rule such as the earliest start
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time first. The main difference in these algorithms is the
method to compute the node priorities. In list scheduling, the
most generality is level-based strategy. Various levels about
DAG graph were discussed in literatures [2,3,5,11, 13]. The

t-level (top level) and P—1eve (pottom level) are two
frequently used '&VelS for DAG scheduling. Thet —1evel of

node " is the length of the longest path from entry node
to™ . As such, the b—1evel of node™ is the length of the

longest path from " to exit node and bounded by the length

of the Critical Path. In addition, the two |8VElS are often
combined to determine the node priority such

asb—level —t—level  Tnege levElSge gsp dynamically
varied when the task is alocated to different machines.

The level-based method is simple, easy to implement and
very efficient in homogeneous scheduling text, but they
have some changes when transplanted into heterogeneous
environments. Most algorithms use the mean values across
all the processors and links as the priorities of nodes [2, 5,
11, 13]. The computation cost and communication cost are
substituted with the mean computation value across all the
machines and the mean communication value over all the

possible communication links. Based on the levels,
Topcuoglu et a. presented two efficient heuristics, the
Heterogeneous Earliest-Finish-Time (HEFT) algorithm and
the Critical-Path-on-a-Processor (CPOP) algorithm for
scheduling directed acyclic weighted task graphs (DAGS) on
a bounded number of heterogeneous processors. Sinnen and
Sousa compare eight priority schemes for the node order
determination in list scheduling and identify the best priority
scheme[18]. The DLS (Dynamic Level Scheduling)
algorithm dynamically modified priorities to match tasks
with processors throughout the scheduling process[13].

The mean value could be sound if the computation time
is proportional to processor speed and the speed is the only
heterogeneous factor. When the heterogeneity among
processing elements (PES) is conspicuous, nevertheless, this
might incur inefficient scheduling decisions. Mean value
heuristics do not scale well and cannot handle problems of
moderate size.

The key feature of Scheduling based on duplication is
reducing the communication delays by redundantly
allocating some parent nodes to the same processor as the
child node. The disadvantages of the method are increasing
the processor workload and decreasing the efficiency. The
clustering scheduling first classify the tasks into a few task
subsets, then assign the all tasks in a subset onto the same
processor and decide the executing order. In all algorithms
mentioned above, the task executing order must comply
with the partial order.

Over the past years, the advent of metaheuristic methods
or the new evolutionary algorithms including Simulated
Annealing (SA), Tabu Search (TS) and Genetic Algorithm

(GA), has had a significant impact on solving the scheduling
problem[4,6,7,8,916]. The common features of these
algorithms are starting with initial solution and updating
through successive iteration process to improve the solution.

GA is based on the mechanisms of evolution and natural
genetics and has been successful to solve the multiprocessor
scheduling [6, 7, 8]. SA and TS both are local methods
searching for better solutions through neighborhood move
on current solution. SA, originaly simulating the cooling
process of solid’s evolution to thermal equilibrium [21], isa
powerful stochastic search method to combinatorial
optimization problems. The algorithm accepts the better new
solution unconditionally and the bad new solution
probabilistically to escape the loca minimum trap. This
algorithm has been proven to be a good technique for a lot
of applications [16]. This paper employs simulated
annealing as a select technique.

Defining a neighborhood move as transforming current
solution into another solution, a subset of solutions called
the neighbor can be generated. TS algorithm starts with a
feasible solution and keeps improving it in successive
iterations by exploring its neighborhood, finaly the best
candidate instead of the current solution [22]. A key in tabu
search is constructing tabu list which follows track of
recently visited solutions to avoid cycling or getting trapped
in aloca optimum. The tabu algorithm has gradually been
utilized in scheduling domain [23].

Tracy et a. made a comparison of eleven solution-
solving schemes for the independent tasks scheduling and
demonstrated that GA and SA had better performance than
TH4]. In addition, the metaheuristic methods generally
outperformed the exact or heuristic methods. But the
research consider smplified model, in which the tasks are
arbitrary order and have no data dependency.

However, thereis little evidence for choosing one among
different heuristic rules, and no priority rule dominates all
other or performs consistently better than others. Moreover,
the genera heuristic methods may be trapped within local
optima. An aternative method is developing a hybrid
algorithm combining several algorithms above.

Swarm intelligence is gradually employed to solve
combinatory optimization problem in past severa years,
including Ant Colony System and Particle Swarm
Optimization [24-30]. A hybrid algorithm with a local
search is proposed for the job-shop scheduling to find the
minimum makespan [24]. Tasgetiren et al. introduce a SPV
rule for afew sequencing and scheduling problems based on
priority-based solution representation [25, 26], which is
similar to random keys in genetic algorithm [27]. Using the
PSO algorithm, Wang et a. proposed the concept of Swap
Operator to solve Travel Salesman Problem [29]. Zhang et
al. develop a solution-solving scheme for the resource-
constrained project scheduling problem (RCPSP) in view of
minimizing project duration [30].
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4. Particle swarm optimization

Particle Swarm Optimization (PSO) [31,32], originaly
proposed by Kennedy and Eberhart in 1995, is a novel
evolutionary agorithm and a swarm intelligence
computation technique. Comparing well with other
approaches such as genetic algorithms [33], they have been
reported to solve a wide range of optimization problem
including neural network training and function minimization
[12,29,30,34,35]. In a PSO system, a particle or an
individual, depicted by its position vector X and its
velocity vectorV | is a candidate solution to the problem.
Considering D dimensions and NP population as an

example, the velocity and position for the i th (1€ [T NPT

paticle  is  represented  as¥i = (it Vid - YD)

and Xi = (X112 Xid 1+ %D) respectively.

In a standard PSO algorithm, a population of initial
solutions search through a multidimensional solution space,
and each member of the population continually adjust its
position and velocity through learning its own experience
and the experience of other members of the population. The
particles are evolved according to the following formula[31,
32]:

Vig =Vig + G (Pg —Xig) + C2l2(Pgd — Xid)

Xid = Xig tVid

(1a)
(1b)

Where @ and ©2 are acceleration constants; 1 and 2
are two random numbers in the range [0, 1]. Equation (1a) is
used to calculate a particle's new velocity: the first part
represents the inertia of pervious velocity; the second part is
the “cognition” part, memorizing the distances from its

current position to its local best B , representing the private
experience by itself; the third part is the “socia” part,

learning the best global experience Pg , representing the
cooperation and information-sharing mechanism among the
particles [31]. If the sum of accelerations causes the velocity

Vid on that dimension to exceed Ymax  then Vid is limited

tonaX, and Vmax determines the region between the
present position and the target position searched.

As one of the latest evolutionary optimization methods,
many common points as the former evolutionary are
introduced to generate the next generation. PSO has its
advantages such as simple concept, immediately accessible
for practical applications, simple structure, ease of use,
speed to get the solutions, and robustness, parallel direct
search method. At the heart of the PSO method is the
strategy that the algorithm updates a population of particles
with the internal velocity and attempts to benefit from the
discoveries of themselves and previous experiences of all
other companions.

PSO, initidized by randomly generated population,
search for optimum by updating from generation to
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generation. In the process of iteration, a key step is
evaluating the desired optimization objective function for
possible solutions. Compare the evaluated objective value of

each particle with its Pid it current value is better than Pid ,

Pid  |ocation.

then set the current location as the

Furthermore, if current value is better than pgd, then reset

Pad 16 the current index in particle array.

5. The proposed algorithm

Since 1995, Particle Swarm Optimization has been
successfully applied in continuous problems, and scheduling
problem is the new field of PSO algorithm in discrete space
[12, 30]. If the PSO algorithm is designed to tackle discrete
problem, a direct correlation must be found between the
particle vector and the solution representation of scheduling
problem. In following text, we redefine the position and
velocity of particles as well as operations satisfying the
precedence constraints between tasks.

A. Solution representation

Lending idea from GA solving combinatorial optimization
problem, there are two kinds of solution representation:
priority-based and permutation-based. For the permutation
form, the position of a task in the vector-represented
permutation means the order or sequence the task is
scheduled. For the priority form, each location or position in
the vector fixedly represents a task, and the corresponding
value of each element means the priority atask is scheduled.

(1) Priority-based solution representation

Every dimensiond (d =1: D) represents the task index
number, and the corresponding value of each element in the
vector Xi means the priority a node is scheduled to start,
e %= 0wXd%D)  that describe the D -
dimension position of particle | can be used to represent the
priority values of the D tasks.

It is assumed assigning a higher priority to a task with a
smaller element value, i.e. each task was scheduled in
ascending order of each element value. Figure 1 illustrates
the priority-based solution representation of target

individual with five dimensions; the 4th element is the
smallest, so the task 4 is scheduled firstly, and so on.

Priorities vector | 13 | 4537 | 06 | 23 |

Task index 1 2 3 4 5

Scheduling list 4 1 5 3

(B8

Figure 1 : Priority-based solution representation
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(2) Permutation-based representation

Every dimensiond (d =1: D) in the vector permutation
means the order or sequence the node is scheduled, and the
corresponding value of each element means a node index
number. So the permutation-based representation actually
indicates the task scheduling list. Used to stand for the index
number of a task, the parameter of each element in the
particle represented permutation should be an integer limited
to [1,D ]. For example, a permutation of 5 tasks for a
scheduling can be represented as the particle in Figure 2.

Permutation vector | 3 | 5 | 1 ‘ 4 | 2 |
Scheduling sequence 1 2 3 4 5
Scheduling list 3 05 1 4 2

Figure 2 : Permutation-based solution representation

Because of the stochastic search of particle swarm, the
priority-based method may produce an invalid solution
destroying the order constraints. Moreover, Zhang et al.
demonstrated the permutation-based solution for the RCPSP
(the Resource-Constrained Project Scheduling Problem),
had better performance than priority-based representation
[30]. The feasible permutation of tasks was also successfully
applied in parallel GA by Kwok and Ahmad [8]. We adopt
the solution vector with permutation-based definition in this
research.

B. Encoding the PSO

Here, we combine the PSO with list scheduling to solving
the task matching and scheduling. The main emphasis is
placed on how to develop an alternative method for the
multiprocessor scheduling by utilizing the features of PSO.
The original operations in PSO do not fit well with our
problem model, so we tend to modify the solution
representation and operations.

Encoding position: In multiprocessor scheduling
problem, we define the position vector of a particle
represents a feasible solution, denoting a node list satisfying
DAG graph topology order based on task permutation. That
is to say, the position vector means the permutation of the
task index and specifies the order of task to be executed.
The vector elements must be encoded as integer limited

in[]* N] ,and N s the task size. Every integer in the scale

appear only oncein feasible solution.
Defining Swap Operator: Consider the multi-processor

scheduling with N tasks, a normal solution S is alist of
N nodes. If a new solution S'is obtained when exchanging

node™ and node i in solution S, the operation is defined
as Swap Operator, denoting the Swap Operator and the

process as OV gng STESTRMN) g gy

example,

{ng,np,ng, Ny, g, Ng} + SO(ny, ng) ={ng, Nz, My, Ny, N5, N} )

When Swap Operators SO, D02, D3 4 On - g
imposed to a solution continuously, we define the action asa
Set of Swap Operators (SSO) [26]. These process can be
depicted as formula (4):

SO = (S0}, S0,, LOj, .., D)

S'=S+S0 (%)

Note that the order of Swap Operations acting is very
important.

Defining the minus operation between position
vectors: It is assumed that there are two vectors X andY .
When impose SO toX Y come into being, i.e.
Y =X+S30 50 minus operation between two vectors is

defined as follows:
X=Y+SB0&X-Y=S0 (5)

Where SO represents a Set of Swap Operator, so the

R=-XO 5 ag (750) 4 aso defined as
SO et ng on scheduling list.

Encoding velocity: A new position is updated when
velocity Viis imposed on old position. So the velocity can
be defined as SO acti ng on a scheduling list according to
formula (1a)(5). In specific scheduling environment,

k k.. .
V={(n,ny),i,je{l2,-,},ke{l2,-,}}
n (6)

R
i ! are swapped

Which represents that node and

2
firstly, and nz and g are swapped secondly, and so forth.
Defining the merging operation between two SO's;
Asave ocityV , that is derived from formula (1), then the
new velocity is consisted of three SO s: the old velocity,

the(PI - X ) and (Pg _Xi(t)). How can several SSs be
incorporated into a new SO > Suppose there is two sets of
Swap Operators, SOt and SEDZ, when St ang 502 5t
SO g,
$DZS;er:ond, get a new solution S' and there is another
SO° acting on the same solution S, then get the same

on one solution Sin order, namely

solutionS". There we define the symbol " U "as merging
two S0 sinto anew SO° [29]:
SO'= SSO:LUSSO2 %
The evolution equation of PSO for scheduling: Using
the concept described above, we can get the following

evolution equation in task scheduling problem.
Vi (t+2) =Vi (U cyry (R = X () Ucara (Pg = X (1)

(89)
(8b)

Inour agorithm, @ ="1=C2 =2 =1
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C. Theinitial population
Like other evolutionary algorithms, the PSO algorithm starts
from an initial population. On the basis of above, the initial
vectors, i.e. initia scheduling list, must satisfy the
precedence congtraints. The first position individual is
obtained from the topological sorting algorithm. The other
individuals are derived from the first through neighborhood
exchange so that the topological orders generated can cover
the whole space of the feasible solutions for the problem.
The initial velocity population is randomly generated by
neighborhood exchange, and there has control over the
exchange time. Because the exchange is random, a strategy
is designed to ensure the feasible solution.

D. The mechanism to produce valid solution
The new individual is produced on the basis of

implementing the SO on old individual. Denoting the old
individual and the fina Set of Swap Operation as

I
old andm

Iold :{nl,nz,...’ni’...,nm'...,nj'...nD}

9)

k k
S‘ED:{(ni yna) i, jef{l,2,--,NLke{12,1
) (10)
k k

When SO actson'od, " in the old individual are
exchanged in the Kth swap action. To ensure the feasible
solution, the task M between nik’nlj( is not the successor
node of "‘k , heither the predecessor node of nli( . Otherwise,
the Swap Operation nik ’ nlj( is discarded.

E. Simulated annealing selection strategy

Once a new solution is generated, a decision must be made
whether or not to accept the newly derived vector as next
generation. The general strategy is the greedy technique, in
which the solution having better performance is accepted.
The algorithm using greedy criterion can converge fairly
fast, but it runs the risk of becoming trapped by a local
minimum. In typical PSO, al the new derived solutions are
transferred into next generation without selection. This
method can preserve the diversity and lead to Sow
convergence as well. To improve the global convergence,
the mechanism of simulated annealing is introduced into
PSO algorithm. The hybrid algorithm effectively integrates
both the ability to jump out of the local minimain simulated
annealing and the capacity of searching the global optimum
in PSO algorithm.

In original simulated annealing, a system is attributed
with a temperature T and state energy E. A random
disturbance is implemented on old state and the AEin
energy change is measured to determining if the disturbance
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favorable or not [21]. The new state is unconditionally
accepted if it lowers the current energy of the system. If the
energy of the system is increased by the disturbance, the
new state is accepted with some random probability. At
every temperature the process is iterated sufficient times so
that the system achieve the lowest energy equilibrium. Drop
the system temperature and start next loop until a stop
criterion is met, usually attaining a good objective value or a
predefined maximum number of generations [36].

When the SA is employed in scheduling problem, by
analogy with the system ‘energy’ in the original application,
the objective function is involved. In this paper, the
objective function considers the scheduling length. The
algorithm not only accepts changes that decrease objective
function, but also some changes that increase it. The latter
are accepted with a probability [36]:

—Af

P=e (11)

Where Af isthe increase value of objective function.

F. Processor Selection

The salient characteristic in the proposed agorithm is to
construct the scheduling list meanwhile avoid the mean
level. Particle Swarm Optimization, in our proposed
algorithm, is used to obtain candidate scheduling lists
complying with the precedence constraints among task
nodes. These scheduling lists are evaluated and updated
according to the operation defined above until the terminate
condition is met. Because of the globa search capacity of
PSO, the sub-optima or near-optima solution can be
obtained in rational time.

An important factor in static list scheduling is the task
allocation strategy that determines the “best” processor on
which a ready task node is to be scheduled. The popular
assigning rule is Earliest Start Time (EST) in homogeneous
multiprocessors  scheduling, emphasizing the fittest
processor the processor enabling the earliest start time for

the given task N , While in heterogeneous environment the
best machine is the processor enabling the earliest finish
time. The Heterogeneous Earliest Finish Time (HEFT) is
considered one of the best algorithms for scheduling tasks
onto heterogeneous processors [11]. In addition, the
Heterogeneous Critical Parents with Fast Duplicator
(HCPFD) proposed a fast machine assignment mechanism
based on task duplication. The critical parent node is the
parent node sending the latest data which decides the
starting time of the given node. HCPFD algorithm selects a
machine that minimizes the finish time of the selected task,
and then duplicates the CP node to the same machine if the
duplication condition is satisfied [2]. The experiments
testified the method could improve the scheduling length to
some degree. Except these strategies, because each task has
different execution time, we also try the strategy to select
target machine that has the Most Fast Execution Time
(MFET) to the selected task.



Permutation-based Particle Svarm Algorithm for Tasks Scheduling 67

G. PSO Algorithm for Task Scheduling Problem

Having determined some important factors of hybrid PSO
algorithm for tasks scheduling problem, the proposed
algorithm is described as Algorithm 1:

Algorithm1. Particle Swarm Optimization algorithm
for Task Scheduling

Stepl Generate an initial population of scheduling
lists by topology sort and neighborhood search, and set
theinitial parameter T ;

Step2 Evaluate the scheduling length (Schedule each
scheduling list), find out Py

Step3 Update the particle position (scheduling  list)
according to the evolution eguation (8a, 8b) to get a new
feasible solution;

Step4 Schedule each scheduling list, if scheduling
length of current p; is better than p; of the particle,

update the pj ,asdo Py ;

Step5 Using SA technique to select the next
generation;

Step6 Termination criterion is met? No, step3;
otherwise step 7;

Step 7 Output the SL.

6. Experiment results

A. Application graphs

Firstly, a small size graph set from literatures is selected to
test four assigning strategies and the performance of the
hybrid PSO algorithm. At the same time, a graph generator
isimplemented to generate two suites of graphs with various

characteristics such  asCCR, heterogeneity  factor,
connectivity, number of tasks [4]. The communication-to-

computation ratio ( CCR) of aparallel program is defined as
the ratio between its average communication and
computation cost. The first suite consisted of simple join-
tree and fork-tree. The second is randomly generated graphs.

In these graphs, different tasks size, CCR and processors
size are discussed.

B. Performance evaluation

Afterwards, the average performances of different
algorithms to these graphs from are compared. The main
goa of the scheduling is achieve the minimal schedule
length for parallel application. Account for graphs with
different properties, we normalize the schedule length to the
lower bound, which is so called Normalized Schedule
Length (NSL) [15]:

NSL =L
> min{w(, j)}
ieCcP  PjeP

(12)

The denominator is the computation sum of node in

critical path, wherew(i' ) is the mean execution time.

C. Theresults

The number of the particles is set 20 and the number of the
generation is 30. Four processor assigning rules are
performed to the small size graphs from literature and the
best solutions are listed in Table 1.

From Table 1, HCPFD technique is slight preference to
HEFT and MFET is the worst without considering the
interprocessor communication. EST strategy is better in
homogeneous scheduling but isn’t suitable in heterogeneous
without incorporating the processing speed. So we combine
PSO with HCPFD as a hybrid heterogeneous PSO
scheduling algorithm.

Table 1. Schedule length generated by different assign rules
for asmall size set graphsin literature

Source | No of Noof |PSO+ |PSO+ [PSO+ |PSO+ |Known
of task |processors |task |HEFT [EST  |HCPFD |MFET |solution
graph

[10] 3 7 2069 (2701 |2018 2745 2018
[2] 4 10 118 120 9% 116 9%

[3] 3 9 143 146 140 260 138

[4] 3 5 32 55 32 33

[5] 3 8 14 14 14 32 14

[11] 3 10 |76 94 73 104 80

At the same time, we compare the performance of the
proposed hybrid PSO agorithm, HEFT and HCPFD under
different number of tasks and processors for randomly
generated DAG graphs. Graph parameters are set as follows:

CCR 1 {0:1; 1:0; 10}
Tasks size n(J {20; 30; 40; 60; 80; 100}
Machinessizem J {2; 4; 6; 8; 10; 12}

There include 5 graphs for every parameter combination
(CCR; n, m) and compute the mean result after 10 runs.

Firstly, the results of the mean scheduling length for two
special type graph including fork-tree and join-tree are listed
in Table 2, and we assume the processor speed is
inconsistent [4]. The fork and join are basic building blocks
of many general task graphs. A conclusion can be derived
from Table 2 that the proposed agorithm aways has better
performance than other two agorithms, and the highest
improving ratio in scheduling length can arrive to 18.3%.
The improving ratio is defined as aratio of the best result of
the proposed algorithm to the result of other algorithms.
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Table 2 : Schedule lengths of random join-tree and fork-tree

Graph | No of |No of HEFT |[HCPFD |PSO + Improving
structure | tasks | processors HCPFD | ratio(%)
Join-tree (50 |4 550 |526 462 126
50 |8 282 |252 232 17.7
80 |4 827 |801 786 49
80 |8 558  |502 416 183
Fork- 50 |4 562 |547 465 137
tree
50 |8 307 |310 285 7.2
80 |4 807 |830 720 10.8
80 |8 431 431 405 6.1

For random architecture system, the effects of different
tasks size and machines size are investigated and the results
are depicted in Figure 3 and Figure 4. The hybrid PSO
algorithm has better performance whether different tasks
size or different machines size. The reason behind the
results can be analyzed. The three agorithms are based on
list scheduling, but the method producing scheduling list and
processor assigning rule are different. The HEFT use the

mean 0 -1evel of task graph while HCPFD use the Average
Latest Starting Time (ALST) as the node priorities and the
priorities preserve unchanged during scheduling [2,11]. The
HEFT assign the target machine based on insertion
mechanism and the others duplicate the critical parent. The
hybrid PSO scheduling algorithm first construct a better
scheduling list through the guided particles search
technique and the cooperation among particles, then
duplicate the critical parent to improve the performance
further.

2.5

2 - . --A---A---A

—
)
z
5
T N — e PSO+HCPFD |
>
< —m—— HCPFD
0.5 4------ - --A--- HEFT -
0 f f f f f

2 4 6 8 10 12

Number of processors

Figure 3 : Average NSL of random generated graphs with
different machines size (n=100)
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10 20 30 40 5 60 70 8 9 100
Nurmbers of tasks

Figure 4 : Average NSL of random generated graphs with
different nodes size (p=4)

Finally, SA technique is utilized to improve the solution
quality. When the new solution is better than the parent, it
isinto the next generation to substitute for the parent. When
the new solution is inferior to the parent, the solution is
accepted according to the probability of SA strategy. We
implement the SA in hybrid PSO algorithm and compare the
results. The result is depicted in Figure 5. The improving
ratio is defined as the decreasing ratio of scheduling length
with SA select strategy to without strategy under the
identical scheduling problem.

From the Figure 5, it is evident that a hybrid PSO
strategy  incorporating temperature-based  acceptance
criterion of SA is preferable to monotonically selecting
manipulation. The using of probability to discard inferior
solutions in earlier stage decreases the algorithm time while
acceptance to bad solution in later period enhance the
solution diversity, and escapes the local optima. With the
increasing of tasks size, the improving ratio decreases
because the large-scale problem requires more time to
search solution.

[op}

Improving ratio(%)
w

o

20 40 60 70 80 90
Number of tasks

Figure 5 : Average improving ratio of algorithm with and
without SA selection strategy to different tasks
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7. Conclusion

This research presents an algorithm that schedules parallel
application onto heterogeneous multiprocessor system.
Particle swarm optimization (PSO) is based to develop a
solution-solving scheme in heterogeneous multiprocessors
text. In practice, we re-encode the particle variables to the
scheduling environment in order to utilizing the search
capability of PSO. The major motivation of using PSO is
theoreticaly find out an optimal scheduling list rapidly.
Further, a task duplication technique is adopted in the task
allocation procedure to reduce communication cost. Finaly,
SA agorithm is utilized as select strategy to improve the
convergence speed and algorithm performance. As can be
see from the previous results of the performance-testing
experiment, in most cases the hybrid PSO method can find
better schedule.
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