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Abstract. Many of today’s embedded systems, such as wireless and
portable devices rely heavily on the limited power supply. Therefore, en-
ergy efficiency becomes one of the major design concerns for embedded
systems. The technique of dynamic voltage scaling (DVS) can be ex-
ploited to reduce the power consumption of modern processors by slow-
ing down the processor speed. The problem of static DVS scheduling in
distributed systems such that the energy consumption of the processors
is minimize while guaranteeing the timing constraints of the tasks is an
NP hard problem. Previously, we have developed a heuristic search al-
gorithm: Genetic Algorithm (GA) for the DVS scheduling problem. This
paper describes a Parallel Genetic Algorithm (PGA) that improves over
Genetic Algorithm (GA) for finding better schedules with less time by
parallelizing the GA algorithms to run on a cluster. A hybrid parallel
algorithm is also developed to further improve the search ability of PGA
by combining PGA with the technique of Simulated Annealing (SA).
Experiment results show that the energy consumption of the schedules
found by the PGA can be significantly reduced comparing to those found
by GA.

1 Introduction

With the growing mobile technology, nowadays our life is heavily relied on mo-
bile and portable devices with built in CMOS processors. The biggest limitation
of current electronic devices is the battery life. The technique of dynamic volt-
age scaling(DVS) has been developed for modern CMOS processors, which can
effectively lower the power consumption and enable a quieter-running system
while delivering performance-on-demand(DVS) [1]. Many of today’s advanced
processors, such as AMD and Intel, have this technology.

The CPU power consumed per cycle in a CMOS processor can be expressed
as P = CLfV 2

DD, where CL is the total capacitance of wires and gates, VDD

is the supply voltage and f is the clock frequency. It is obvious that a lower
voltage level leads to a lower power consumption. The price to pay for lowering
the voltage level is that it also leads to a lower clock frequency and thus slows
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down the execution of a task. The relation between the clock frequency and the
supply voltage is: f = K ∗ (VDD − VTH)2/VDD. As a result, exploiting DVS may
hurt the performance of a system (If we reduce the voltage by half, the energy
consumed will be one-quarter and the execution time will be double.) When
using DVS in a hard real-time system where tasks have deadlines, we can not
lower the voltage levels of the processors too much as we also need to guarantee
the deadlines of the tasks be met.

In the past few years, there have been a number of algorithms proposed for
applying DVS to hard real-time systems. Many previous works of DVS-based
scheduling either focus on single processor power conscious scheduling or con-
sider independent tasks only [2,3]. In this paper, we focus on static DVS-based
scheduling algorithm for distributed real-time systems consisting of dependent
tasks. We consider dicrete-voltage DVS processors instead of variable-voltage
DVS as real DVS processors show only a limited number of supply voltage levels
at which tasks can be executed.

The problem of optimally mapping and scheduling tasks to distributed sys-
tems has been shown, in general, to be NP-complete [4]. Because of the computa-
tional complexity issue, heuristic methods have been proposed to obtain optimal
and suboptimal solutions to various scheduling problems. Genetic algorithms, in-
spired by Darwin’s theory of evolution, have received much attention as searching
algorithms for scheduling problems in distributed real-time systems [5,6,7]. The
appeal of GAs comes from their simplicity and elegance as robust search algo-
rithms as well as from their power to discover good solutions rapidly for difficult
high-dimensional problems [8]. Our previous work has adopted Genetic Algo-
rithms for DVS-based scheduling algorithm [9]. The method is different from
other approaches of DVS scheduling of distributed systems [10,11,12,13,14] in
that it does not just construct one schedule once, it constructs populations of
schedules and iterates many generations to find one near optimal schedule. Dif-
ferent from another GA algorithm [15], our GA algorithm integrates task assign-
ment (to which processor the tasks will be assigned), task scheduling (when the
tasks will be executed) and voltage selection (at which voltage level the tasks
will run) at the same phase.

When the task size becomes bigger, the search space becomes larger. In or-
der to find better DVS schedules more efficiently, we design parallel genetic
algorithms (PGA) to improve our previous GA. The PGA is implemented on a
SUN cluster with 33 computation nodes. The PGA cuts down the computation
time of genetic algorithm by reducing the population to smaller size in order to
achieve reasonable speed up with good result. And it also expands the search
space, increases the probability to obtain better result. A hybrid parallel algo-
rithm which combines PGA and Simulating Annealing (SA) is also developed to
further improve the search process.

The paper is organized as follows. First, the energy model and the task model
are described in Section 2. The Parallel Genetic Algorithm (PGA) for DVS
schedling will be described in Section 3 and the experimental results will be
shown in Section 4. Finally the conclusions are presented in section 5.
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2 Task and Schedule Models

We consider the energy aware scheduling problem for a set of task T1, T2, . . . , TN

on a set of heterogeneous processors P1, P2, . . . , PM where N is the number of
tasks and M is the number of processors. Each processor has a number of voltage
levels. The power dissipation for a processor p running at level l is denoted as
POWp,l.

There are precedence constraints among tasks which can be represented by a
directed acyclic graph (DAG). If there is an edge from task Ti to Tj in the DAG,
then Tj can only start after Ti finishes execution.

– Each task has a Worst Case Execution Time (WCET) on each processor for
a given voltage level. The worst case execution time of task t on processor p
at voltage level l is represented as wt,p,l.

– Each task has a deadline. di is used to denote the deadline of task i.
– Suppose task t is assigned to processor p and run at voltage level l. Then

the energy used to execute task t is given by POWp,l ∗ wt,p,l.
– Assume Ti is mapped to processor P (i) and runs at level L(i). Then the

total energy consumptions can be easily calculated as follows: Etotal =∑N
i=1(POWP (i),L(i) ∗ wTi,P (i),L(i)).

To simplify the energy model, we assume that it takes no time to switch from
one voltage level to another and therefore no energy consumed accordingly.

2.1 DVS Scheduling Example

Let’s consider a very simple scheduling example with 3 tasks to be mapped into
2 processors as shown in Fig. 1(a).
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Fig. 1. An Example

Case 1 and case 2 in Fig. 1(b) shows the schedule without DVS and with
DVS, respectively. With DVS, task T1 and T3 can be slowed down to run at 1/2
speed and consume only 1/4 energy. Task T2 can save more energy consumption
as it can slow down more.
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3 Parallel Genetic Algorithms

GA approach can find better solutions for most scheduling problems in terms
of the feasibility of the solutions and the energy saving [9]. However, when the
problem size increases, it takes very long time for the solution to converge due
to the bigger population size needed. Parallel computations reduce the compu-
tation time significantly when using multiple processors. To find better solution
faster, we developed an Parallel Genetic algorithm (PGA) for the energy aware
scheduling problem.

The chromosome representation and the genetic operator are adopted from
the GA developed previously [9].

3.1 Chromosome Representation

Each chromosome is a schedule represented by an ordered list of genes and each
gene contains three data items: Task (the task number), Proc (the processor
number) and Level (the voltage level). The chromosome can be viewed as an
N ∗3 array where N is the total number of tasks. The first row of a chromosome
indicates the tasks ordered from left to right. The second row indicates the
corresponding processor that each task will be assigned to. And the third row is
the voltage level selected for the corresponding processor for each task.

In the example shown in table 1, tasks t1, t2, t3 and t4 are to scheduled onto
processor p1 and p2 where both of the processor have two voltage levels. Task t2
and t3 are assigned to process p2 and runs at voltage level 1 and 2 respectively.
Task t4 and t1 are assigned to process p1 and runs at level 2 and 1 respectively.

Table 1. A Schedule Example

Task 2 3 4 1

Proc 2 2 1 1

Level 1 2 2 1

A random order of tasks may result in infeasibility because the precedence
constraints might be violated. To avoid such problem, we only allow chromo-
somes that satisfy topological order [7]. A topological ordered list is a list in
which the elements satisfy the precedence constraints. To maintain all the in-
dividuals in the populations of any generation to be topological ordered, we
adopted the techniques in [7].

– Generate only topological ordered individuals in the initial population;
– Use carefully chosen genetic operators (see section 3.2).

Note that the deadline constraint may still be violated even when a schedule
satisfies a topological order.
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3.2 Genetic Operators

Genetic Algorithms generate better solutions by exploring the search space by
genetic operators. New individuals are produced by applying crossover operator
or mutation operator to the individuals in the previous generation. The proba-
bility of the operators indicates how often the operator will be performed. We
choose 0.6 as the probability for the crossover and 0.4 as the probability for the
mutation.

The mutation operator creates a new individual with a small change to a
single individual. In our approach, we use Processor and/or Level Assignment
Mutation. To perform the mutation, we randomly select a range of genes from a
chromosome and then randomly change the processor number and/or the level
number within this range. Obviously, the mutation operator does not change
the order of the tasks. Therefore, the new individual also satisfy the topological
order.

The crossover operator creates new individuals by combining parts from two
individuals. To perform crossover operation, we first randomly pick two chro-
mosomes (as parents) from the current population. Then we randomly select
a position where the crossover is going to occur. The first part of child 1 uses
the schedule of parent 1 up to the chosen position. The second part of child 1
is constructed by selecting the rest tasks (the tasks not in the first part) from
parent 2 in order. The same mechanism also applies to child 2. Below is an ex-
ample of our crossover operator. Assume we have two individuals as shown in
Fig. 2(a). Suppose the selected position is 2, then the children will be shown as
in Fig. 2(b).

Task # 1 5 2 4 3 

Processor # 1 2 1 2 1 

Level # 1 2 1 2 1 

Parent 1 

Task # 5 3 2 1 4 

Processor # 2 2 1 1 1 

Level # 1 1 2 2 2 

Parent 2 

(a) Crossover Parents

Task # 5 3 1 2 4 

Processor # 2 2 1 1 2 

Level # 1 1 1 1 2 

Child 2 

Task # 1 5 3 2 4 

Processor # 1 2 2 1 1 

Level # 1 2 1 2 2 

Child 1 

(b) Crossover Children

Fig. 2. Crossover operator

The crossover operator will produce two offsprings that are topological ordered
if the parents are topological ordered. The detailed proof can be found in [7].

3.3 Parallel Environment

Our parallel hardware environment is a Sun Netra X1 Cluster Grid of 33 Sun
servers (nodes). Each node has a Ultra SPARC II 64bit CPU, capable of 1 Gflops
with 1 Gb main memory.

Based on the characteristic of coarse-grain PGA, a C language with MPI
(Message Passing Interface) library has been chosen for our PGA programming.
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We choose to implement a coarse-grain PGA to solve our problem because it is
the most popular method and others have reported good results with this method
in literature. First it cuts down the computation time of genetic algorithm by
reducing the population to smaller size in order to achieve reasonable speed
up with good result. Second improvement is that it expands the search space,
increases the probability to obtain better result. And most it is obvious the large
that amount of nodes used the better chance to get good result.

3.4 The Basic PGA Algorithm

In our PGA, subpopulation is employed in each node instead of the whole popu-
lation as shown in Fig. 3. Assume the population of PGA is denoted as POPSIZE
and there are n computation nodes. Each node performs GA with POPSIZE/n
number of individuals in the subpopulation. Note that when a larger number of
nodes being used, the subpopulation size may become too small. To avoid sub-
population exiguity problem, we set a minimal value for subpopulation. Typically
in our case, 40 is the minimal population size. Each node randomly creates initial
schedules that satisfy the partial order constraints.

Fig. 3. Subpopulation Division

After initialization, PGA goes into a loop with many iterations, each iteration
contains two steps: 1) basic GA operations in each node including selection,
crossover and mutation and 2) communications among nodes. Step 1) in each
iterations allows each node generate a new subpopulation. Each node then finds
its own best chromosome out of the new subpopulation. In Step 2), one node
sends its best solution to the rest of nodes. Note that the nodes take turns to
send the best solution, one node in each iteration. Each node compares the best
solution that it receives with its own best solution and determines whether to
replace or discard it following the replacing policy.

The iterations will keep repeating until the stopping criteria are satisfied.
Finally,the master node gathers all best chromosome from all the nodes and
finds the best one among all.

The cost of communication between two MPI processors can be approximately
divided into two parts: (i) Start-up time Tstartup and (ii) Transmission Time Tt =
(Data size)/Bandwidth. Start-up time is the duration needed for MPI to set
up the communication links. Transmission time is the time needed to send
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the message to its destination. The most commonly used model of the cost of
communication is linear: Tcomm = Tstartup + (Datasize)/Bandwidth.

When PGA broadcasts the best chromosome, a large amount of communica-
tion is required. Since the chromosome contains many pointers and MPI is not
able to send non-continuous memory block at once, we defined a MPI commu-
nication data type called ChromosomeType that contains all the information in
a chromosome. Therefore each MPI communication only need one start up time
plus one transmission time to broadcast the best chromosome.

3.5 PGA Strategies

Initial Schedules Using EDF with TopologicalOrder. To increase the
efficiency of our genetic algorithm, during the initialization of PGA, the general-
ization of schedules include two schedule that uses EDF scheduling policy while
conforming to the topological order of tasks, where one has minimal energy level
and the other one has maximal energy level.

Evaluation and Punishment of Infeasible Solutions. The aim of our op-
timization problem is to minimize the energy consumption of the tasks. The
evaluation function is defined as the energy consumption of all the tasks.

However, the individual schedule with smaller Etotal will not always be con-
sidered better. This is because we need to consider one more factor: the deadline
constraints (precedence constraints are already encoded into the schedule en-
forced by the topological order.). Our algorithm give penalty to the individuals
violating the deadline constraints so that they have less chance in getting into
the next generation.

The Policy of Replacing the Best and Worst Solution. The best feature of
parallel programming is that one computation node can communicate its result
to other nodes to help them get close to optimal solution in the search process.
So exchanging results becomes the most important issues in our PGA. The nodes
send their best result sequentially to other nodes. When a node receive a solution
from others nodes, it will determine whether to use it or discard it.

The replacing best policy works as follow: before communication, each node
find both the best and worst chromosome indexes. After communication, the
local best index will be compared to the received best solution. If the local best
is better than the received one, the node abandons the received one, and replaces
the local worst index with the received best. Otherwise, the node replaces both
the local best and local worst solution with the receive best solution.

Cost Slack Stealing. In a schedule, it is possible that some tasks have slacks.
Our cost slack stealing strategy is to determine whether the scheduling has slacks
and try to reuse these slacks by extending the task execution time as much as
possible by using the feasible lowermost energy level, so the total tasks execution
time can be reduced. Considering the speed efficiency of PGA, this cost clack
stealing method only performed on the final best result in each node to gain last
enhancement of the PGA.
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3.6 Hybrid Parallel Algorithm

This section, we present a hybrid parallel algorithm: parallel simulation anneal-
ing and genetic algorithm(PSAGA), to further improve the performance.

Simulated annealing (SA) is a generic probabilistic meta-algorithm for the
global optimization problem, namely locating a good approximation to the global
optimum of a given function in a large search space [16].

In analogy with the physical process of annealing in metallurgy, each step of
the SA algorithm replaces the current solution by a random ”nearby” solution,
chosen with a probability that depends on the difference between the corre-
sponding function values and on a global parameter T (called the temperature),
that is gradually decreased during the process. The allowance for ”uphill” moves
saves the method from becoming stuck at local minimum as would the greedier
methods.

GA lacks of focus in the search due to the crossover operation. The combina-
tion of SA with GA allows finding a better solution in a particular search point
and search area. PSAGA preforms an extra SA process besides those of PGA
in each iteration. After performing replacing the best and worst solution, an SA
will be started using the best schedule currently found. The SA tries to find the
best neighbor in each iteration.

4 Experimental Results

In this section, we describe the simulation experiments preformed and the results.
First we describe the features of the generated scheduling problems in the

experiments. Fig. 4 shows the number of task and the number of constraints we
have considered in our experiments. For each category, we compared GA, PGA,
and PSAGA. The results you see later in the section are average result of the
5 problems in each category. Beside the task graph, each scheduling problem
has one more variable: the number of processors. We have chosen 3, 5, and 10
processors for each task graph but we mainly compared 10 processors cases in
this paper.

Fig. 4. Test Parameters

We first demonstrate the efficiency of energy reduction and the corresponding
runtime of the PGA algorithm. Fig. 5(a) shows the average energy consumption
of the solutions found by GA and PGA using various computation nodes under
different test categories. When the number of node equals one, it means that it
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(a) Energy Consumption

(b) Computation Time

Fig. 5. The Parallelization Effect

is a serial genetic algorithm. That is, the GA program here is represented by a
1 node PGA program. For small task size 50, GA and PGAs almost have the
same result, and it is hard to see any advantage of PGA in this case. PGA’s
results get better when the computation nodes used for PGA increase. The
improvement is particularly obvious when the task size is above 100 where the
energy consumption can be reduced more than 50% with 8 times less run time.
With task number being 500, the difference seems to be more obvious. PGA has
better solution as the size of nodes is increased and clearly the results show that
the 30 node PGA has the best result overall. With more nodes PGA can find a
schedule closer to the optimal solution. Fig. 5(b) shows the corresponding average
computation time used for the GA and PGA. under different computation nodes.
The run time speed up of PGA with 5 nodes is 4. As the node increases to more
than 5, we use a fixed time for PGA as we aim to find better solutions and the
computation time is tolerable.
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Fig. 6. PGA Strategies

Fig. 7. PSAGA vs. PGA

Next, we show the effect of the typical strategies in PGA in Fig. 6 We found
that policy of the best and worst replacement results in the best fitness than any
other strategies. Including initial schedules using EDF becomes more efficient
when the task number becomes lager. And slack stealing contributes to some
improvement.

For the PSAGA, we only compare it with the PGA with 30 nodes as an
example. From Fig. 7, for task size being 50 to 100, PSAGA and PGA have
similar results. But when the task size increases to 200, the difference become
obvious. PSAGA can save around 15% more energy than PGA. As the results
are similar when using different number of nodes, we can expect that when the
schedule problem size gets larger, the PSAGA performs better than PGA. When
task size increases to 200, PSAGA can reduce 15% more energy than PGA.
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5 Conclusion

We have addressed energy minimization problem in distributed embedded sys-
tems in this paper. A Parallel Genetic Algorithm (PGA) has been described
for static DVS scheduling in such systems. The PGA improves over GA both
on the optimization results and the computation speed. The PGA has been
implemented in a SUN cluster. Various strategies of the PGA, such as the com-
munication between the nodes in the cluster and the replacing strategies of best
and worst individuals, have been discussed. A large number of experiments were
conducted. The experiments show that PGA can find better solutions than GA
for most scheduling problems in terms of the feasibility of the solutions and the
energy saving. The improvement is particularly obvious when the task size is
above 100 where the energy consumption can be reduced more than 50% with 8
times less run time. PSAGA (Parallel hybrid Simulating Annealing and Genetic
Algorithm) is also employed to achieve the further improvement of PGA.
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