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Abstract

Dynamic voltage scaling (DVS) has been widely

adopted to reduce the energy consumption resulting from

the dynamic power of modern processors. However, while

the leakage power resulting from the leakage current be-

comes significant, how to aggregate the idle time to turn

processors to the sleep or dormant modes is crucial in

reducing the overall energy consumption. Moreover, for

systems with non-DVS components, the execution order

of tasks also affects the system-wide energy consumption.

With the consideration of the dynamic and leakage power

of processors as well as the power consumption result-

ing from non-DVS components, this paper summarizes our

work on energy-efficient real-time task scheduling for both

uniprocessor and multiprocessor platforms through pro-

crastination of task executions, preemption control, and

proper task assignment.

Keywords: Task procrastination, Leakage-aware

scheduling, Preemption control, Heterogeneous multipro-

cessor, and Real-time systems.

1 Introduction

Performance boosting is used to be one of the most

important design goals in system development. Because

of the adoption of numerous gates in modern electric cir-

cuits, the power density and the power dissipation of mod-

ern processors have been increased dramatically. This

trend makes low-power design become an active area in

both academics and industry. From the aspect of micro-

architectural techniques, dynamic voltage scaling (DVS)
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and dynamic power management (DPM) are two of the

most promising techniques for energy efficiency. The

DVS processors can adjust the supply voltage dynami-

cally to reduce the power dissipation resulting from charg-

ing and discharging of gates, whereas some devices only

support DPM and thus can only adjust the system mode

dynamically for energy saving.

For real-time systems which have non-functional tim-

ing constraints to maintain the system stability, the ob-

jective of energy-efficient task scheduling is to minimize

the energy consumption while completing all tasks with-

out any violation of timing constraint. In the past decade,

energy-efficient task scheduling algorithms for DVS pro-

cessors with various processor/task models have been de-

veloped. In addition, since the power consumption result-

ing from leakage current has been getting comparable to

the dynamic power dissipation recently, researchers have

started to consider non-negligible leakage current.

In order to reduce the energy consumption from the

leakage current, a processor might be turned to a dormant

mode in which the power consumption of the processor

can be significantly reduced. However, turning on the pro-

cessor requires time and energy overheads, resulting from

the wakeup/shutdown of the processor and data fetch in

the register/cache. For example, the Transmeta proces-

sor with the 70nm technology has 483µJ energy overhead

and less than 2 millisecond timing overhead [12].

For systems with non-negligible leakage, Jejurikar et

al. [12] and Lee et al. [15] proposed energy-efficient

scheduling on a uniprocessor by procrastination schedul-

ing to decide when to turn off the processor. Jejurikar

and Gupta [11] then further considered real-time tasks

that might complete earlier than its worst-case estima-

tion by extending their previous work [12]. Fixed-priority

scheduling was also considered by Jejurikar and Gupta

[10] and Chen and Kuo [1]. For uniprocessor scheduling

of aperiodic real-time tasks, Irani et al. [8] proposed a 3-

approximation algorithm for the minimization of energy

consumption with the considerations of leakage current

on a uniprocessor DVS system with continuous available

speeds. The basic idea behind the above results is to pro-



crastinate the execution of the real-time jobs as long as

possible so that the idle interval is long enough to reduce

the energy consumption. However, greedy procrastination

at this moment might sacrifice the possibility to turn off

the processor in the near future, and, hence, might con-

sume more energy.

Energy-efficient task scheduling is complicated with

the considerations of systems with non-DVS peripheral

devices. The stretching of the execution time of a task

might lead to more energy consumption on devices al-

though some energy saving is obtained because of DVS

scheduling over the processor. Energy-efficient task

scheduling should consider the energy consumption of

both the processor and devices! In this direction, Swami-

nathan et al. [20, 21] explored DPM of real-time tasks in

shutting down system devices for energy efficiency with-

out DVS considerations. Cheng and Goddard [3] explored

on-line I/O subsystem schedules without DVS capability

in the system. Kim et al. [13] developed an algorithm

which minimizes the number of preemption in a dynamic

schedule. Some other research focused on the reduction

of stack or memory size in [4, 5] via preemption thresh-

old scheduling. Mochocki et al. [18] provided algorithms

which consider energy consumption minimization of the

processor and an associated networking interface at the

same time.

In addition, to conquer the dramatic increasing power

density of electronic circuits, multiprocessor platforms

have been adopted for the improvement of performance

without incurring too much energy overhead. Energy-

efficient task scheduling/partition in homogeneous mul-

tiprocessor systems has been studied extensively in the

literature. However, only few results have been devel-

oped for energy-efficient task partition in heterogeneous

multiprocessor systems. Specifically, Huang, Tsai, and

Chu [6] developed a greedy algorithm based on affinity

to assign frame-based real-time tasks with re-assignment

in pseudo polynomial-time to minimize the energy con-

sumption when any processing speed can be assigned for a

processor. Luo and Jha [17] developed heuristics based on

the list-scheduling for tasks with precedence constraints

in heterogeneous distributed systems. The approaches by

Hung, Chen, and Kuo [7] for platforms with one DVS

processor and one non-DVS processor provide worst-case

guarantees in energy consumption minimization or energy

saving maximization.

This paper summarizes our recent work in energy-

efficient scheduling with the consideration of leakage cur-

rent and non-DVS components [2, 22, 23]. First, while

considering the power consumption resulting from the

leakage current, we propose a series of approaches in [2]

that could avoid the disadvantage of greedy procrastina-

tion. For tasks which need to cooperate with some non-

DVS devices, our preemption control mechanisms in [22]

can be adopted to reduce energy consumption caused by

some devices. When some non-DVS processing elements

have the ability of executing tasks to reduce the workload

of the general-purpose processing unit, a proper task par-

tition among processing elements can reduce energy con-

sumption efficiently. For such a scenario, our scheme in

[23] can partition tasks properly and provide worst-case

performance guarantee in certain task/processor models.

With a series of simulations, our proposed algorithms can

reduce the energy consumption significantly through pro-

crastination of task executions, preemption control, and

proper task assignment.

The rest of this paper is organized as follows: Section 2

shows the system models. Sections 3 and 4 present the

proposed approaches and the performance evaluation, re-

spectively. Section 5 concludes this paper.

2 System Models

2.1 Power consumption and execution models

In this work, we consider a set of M heterogeneous

processors in which the power consumption of each pro-

cessor mj , denoted as Pj(s), can be divided into two

parts: P d
j (s) and P ind

j , i.e., the power consumption which

are dependent and independent on the operating speed s,

respectively [24]. For a CMOS DVS processor, the speed-

dependent power consumption P d
j (s) due to gate switch-

ing at speed s is

P d
j (s) = hjs

κ, (1)

where hj and 2 ≤ κ ≤ 3 are two system-dependent con-

stants that denote the effective switching capacitance and

the dynamic power exponent, respectively. On the other

hand, the speed-independent power consumption P ind
j is

a constant and is mainly caused by the leakage power re-

sulting from the short-circuit power consumption.

Each processor in the processor set has two modes: ac-

tive mode and sleep mode. While a processor can only

perform computation in the active mode, the sleep mode

is designed for energy savings. The DPM technique al-

lows a processor to switch between the active and sleep

modes dynamically to reduce the energy consumption re-

sulting from the speed-independent power if possible. The

power consumption of a processor when it is in the sleep

mode can be treated as 0 by scaling the static power con-

sumption [8]. However, switching between modes does

introduce some time and energy overhead. Since the ac-

tions of turning the processor to and from the sleep mode

are usually pairwise, we can assume the procedure to turn

the processor to the sleep mode is done instantaneously

with negligible energy overhead by treating the overhead

as a part of the overhead to turn the processor to the active

mode. We denote Esw
j (tsw

j , respectively) as the energy

(time, respectively) of the switching overhead for proces-

sor mj from its sleep mode to its active mode.

While a processor mj is in the active mode, the num-

ber of CPU cycles executed in a time interval is assumed

to be linear to its operating speed. That is, if sj(t) de-

notes the operating speed of the processor at the time in-



stance t on processor mj , the cycles executed and the en-

ergy consumption of the processor during the time interval

[t1, t2) are
∫ t2

t1
sj(t)dt and

∫ t2

t1
Pj(sj(t))dt, respectively.

For simplicity of the presentation, we assume the proces-

sor can operate at any speed between the maximum avail-

able speed smax
j and the minimum available speed smin

j .

But, by executing tasks with two adjacent speeds of an un-

available speed [9, 14], it is possible to extend the results

to processors with discrete speeds.

2.2 Device Models

In addition to the processors, some tasks will need to

cooperate with some peripheral devices to complete its ex-

ecution. In this work, we are interested in systems with O
devices, which are denoted as D1, D2, . . . , DO, in which

each device has the capability of DPM with three modes,

i.e., active, standby, and shutdown modes. In this sys-

tem, a device Dk is usually in the standby mode which

consumes P σ
k power, and is turned to the shutdown mode

which is assumed to consume no power for energy sav-

ing when there is no task which might require this de-

vice. Moreover, when a device is accessed by a task, it is

automatically switched from the standby mode to the ac-

tive mode. The energy and timing consumption between

mode transition of the active and standby mode of any

device is assumed negligible, which is the same as that

in [25]. However, each access of device Dk consumes

P a
k energy. Hence, once a task accesses Dk for r times

within t time units, it will result in that device Dk con-

sumes P σ
m · t + P a

m · r energy.

For a volatile system device, such as Mobile RAM, the

device must remain in the standby mode to maintain the

data correctness for the required tasks between the start-

ing time and the completion time of the task. For a non-

volatile system device, such as flash memory, the device

can be switched into the shutdown mode if it is no longer

required by any task.

2.3 Task Models

The tasks which are considered to be executed in the

system are a set of independent periodic real-time tasks

[16]. For a given periodic real-time task set T, each task

τi in T is associated with its initial arrival time (denoted

by ai), its period (denoted by pi), and its relative deadline

which is assumed being equal to its period in this paper.

That is, the arrival time and the absolute deadline of the

j-th task instance of task τi are ai + (j − 1) · pi and ai +
j · pi, respectively. For brevity, we will use deadline of

a task instance to stand for the absolute deadline of the

task instance implicitly. Moreover, the hyper-period of a

given task set T, denoted by H, is defined as the minimum

positive number so that H/pi is an integer for any task τi

in T. For example, if all periods of tasks in T are integers,

we can let H as the least common multiple of the periods

of tasks in T.

As we focus on a heterogeneous multiprocessor sys-

tem, the worst-case execution time of a task τi depends on

which processor the task is assigned to. That is, when task

τi is executed on processor mj at its maximum available

speed smax
j , its worst-case execution time is ci,j . When

task τi requires not only the processor but also some de-

vices to complete its execution. We use a set Φi to denote

devices that τi will access during its execution. Let vi,k be

the number of access of device Dk in Φi by τi within one

of its task instances. Then the energy consumption due to

its access of devices in Φi is Ea
i =

∑
Dk∈Φi

P a
k vi,k which

is a constant and is independent on the operating speed of

the processor. Since the access pattern of devices is hard

to be known in a priori, throughout this paper, all devices

in Φi must be in the standby mode when τi is executed in

the system. Hence, βi =
∑

Dk∈Φi
P σ

k which is the sum-

mation of the standby power of devices in Φi when task τi

is executed.

3 Energy-Efficient Scheduling Approaches

Given a periodic real-time task set T with O devices

over M processors, we are interested in how to sched-

ule the task set under its timing constraints with the min-

imized energy consumption. There are two categories of

scheduling to schedule tasks over a multiprocessor envi-

ronment: the global schedule and the partition schedule.

While the global schedule dispatches task instances to dif-

ferent processors during runtime, the partition schedule al-

locates tasks to processors so that a task is only executed

on one processor. For heterogeneous processors with dif-

ferent instruction sets, the global schedule suffers from

considerable implementation cost, so we adopt the parti-

tion schedule in our study. Then the heterogeneous mul-

tiprocessor task scheduling problem can be divided into

two parts: (1) how to partition tasks into processors, and

(2) how to schedule tasks which have been allocated to a

processor. When a task partition is determined, we will

use Tj to denote the set of tasks allocated to processor

mj in the rest of this paper. Sections 3.1 and 3.2 present

our approaches to minimize the energy consumption of

tasks allocated in a processor, while the energy-efficient

task partition approach is presented in Section 3.3.

3.1 Leakage-Aware Task Procrastination

When the total utilization of the task set is less than

100%, there will be some idle intervals which can be used

to turn the processor to the sleep mode for energy saving

with the DPM technique during runtime. However, turn-

ing the processor to the sleep mode is only worthwhile if

the idle interval is longer than Esw
j /(P d

j (smin
j ) + P ind

j ),
which is referred to as the break-even time, denoted as

bet, due to the non-negligible switching overhead Esw
j . In

order to make sure the energy saving resulting from turn-

ing the processor to the sleep mode can be maximized,

procrastination algorithms [8, 12, 19] are proposed to ag-

gregate the idle intervals to reduce the number of switches
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τ1 τ2 dormant active

(a) A greedy procrastination schedule

0 0.25 0.5 0.75 1 1.25 1.5 1.75 2
time

(b) A better procrastination schedule

Figure 1. An example for the disadvantage
of greedy procrastination.

and thus the energy caused by the switching overhead.

However, most of existing procrastination algorithms

greedily procrastinate the execution of tasks right after an

idle interval and might have some shortcoming in some

cases. Consider two tasks τ1 and τ2 arriving at time 0, in

which (p1, p2) = (0.25, 1), (c1,j , c2,j) = (ǫ, 0.25 − 2ǫ)
with a small and positive number ǫ, and Φ1 = Φ2 = ∅.

The speed-dependent and speed-independent power of

processor mj are s3 and 2, respectively. Moreover, its

minimum available speed smin
j is 0.5. And the energy and

time of switching overhead Esw
j and tsw

j are 0.25 and 0.1,

respectively. Then the break-even time of the processor is

0.25/(2+0.53) = 0.118. We assume that the processor is

in the active mode at time 0. To minimize the energy con-

sumption for task execution, both of these two tasks would

be executed at the critical speed, i.e., ŝ1 = ŝ2 = 1. By ap-

plying the greedy procrastination algorithms in [8, 12, 19],

the processor is turned to the sleep mode at time 0.25− ǫ,

0.5 + ǫ, 1.25 − ǫ, and 1.5 + ǫ during (0, 2]. The derived

schedule is shown in Figure 1(a). Its energy consumption

while the processor is idle is 1. If we do not procrastinate

the execution of coming task instances greedily while the

processor is idle, we may have a better result as shown in

Figure 1(b) in which the processor is only turned to the

sleep mode at time 0.25 + ǫ, 0.75 + ǫ, and 1.5 + ǫ during

(0, 2]. The energy consumption while the processor is idle

during (0, 2] is 0.75 + 2ǫ(2.125) which is much less than

that of the schedule in Figure 1(a). Therefore, instead of

greedy procrastination, we present a parametric procrasti-

nation algorithm to deal with the drawback suffered from

the greedy procrastination algorithms.

Parametric Procrastination At time point t in which

the processor becomes idle and we have to determine

whether the processor should be turned to the sleep mode

or not, procrastination algorithms first find out the latest

time point Wt in which the processor should go back to

the active mode to prevent task instances from missing

deadlines. Let Rt be the earliest arrival time of task in-

stances arriving after the instant t. We refer the interval

(t,Rt] as residual interval. Since the processor must be

idle during the residual interval, we will always turn the

processor to the sleep mode if Rt − t is greater than the

break-even time bet. When the length of the residual in-

terval is not greater than bet, it is possible to combine

the residual interval with the procrastination interval, i.e.,

(Rt, Wt] to turn the processor to the sleep mode. We in-

troduce a user-specified parameter α to control the portion

of the procrastination interval that will be adopted while

determine whether the processor should be turned to the

sleep mode or not, where 0 ≤ α ≤ 1. Then the processor

is turned to the sleep mode at time t if

Rt − t + α(Wt −Rt) ≥ bet. (2)

We denote this approach as Algorithm P-Procrastination.

3.2 Dynamic Preemption Control

Consider a scheduling point tθ at which a high-priority

task instance JH preempts a low-priority task instance JL,

the standby power of devices in ΦL\ΦH will induce some

energy overhead during the execution of JH , since they

should be kept in the standby mode to preserve the cor-

rectness of their temporal data. Thus, if the preemption

can be eliminated, the energy consumption of task execu-

tions might be reduced. Let JH and JL be the task in-

stances of tasks τH and τL, respectively. In the follow-

ing presentation, we suppose the amount of the remain-

ing worst-case execution time for the low-priority task in-

stance JL at time tθ is wL. Let ri,θ be the earliest ar-

rival time of a task instance of task τi no earlier than tθ ,

i.e., ri,θ = ai + ⌈ tθ−ai

pi
⌉pi. The absolute deadline of the

task instance of task τi arriving at time ri,θ is denoted

by di,θ , where di,θ is ri,θ + pi. Then, we define ∆θ as

minτi∈Tj
{di,θ}, which is the minimum absolute deadline

of the task instances of tasks in Tj arriving no earlier than

tθ . In the rest of this section, let ŝi denote the execution

speed of task τi.

Linear-Time Determination Let Jθ be the set of task

instances arriving in time interval [tθ, ∆θ) with higher pri-

orities than JL does. That is,

Jθ = {Ji,θ, ∀τi ∈ Tj | ri,θ < ∆θ and di,θ < dL}, (3)

where Ji,θ is the task instance of task τi arriving at ri,θ
1.

In the original EDF schedule, since only task instances in

Jθ are possible to preempt JL and execute during [tθ, ∆θ),
we can allow JL to block high-priority task instances if all

task instances in Jθ and JL itself can be completed by the

minimum absolute deadline ∆θ . In other words, if

wL

smax
j

ŝL

+
∑

Ji,θ∈Jθ

ci,j

smax
j

ŝi

≤ ∆θ − tθ, (4)

then JL can continue its execution at time instant tθ by

blocking all of the high-priority task instances before the

1We assume tasks are scheduled under the earliest-deadline-first

(EDF) scheduling policy.



completion of JL; otherwise, JH preempts JL to start

its execution. This approach is denoted as Algorithm A-

EDF. Its time complexity at each scheduling point tθ is

dominated by the determination of Jθ which consists of at

most |Tj | task instances and thus is O(|Tj |).

O(n log n)-Time Determination Since task instances

in Jθ are not all ready at tθ , the actual execution time of

task instances in Jθ in the original EDF schedule may be

much less than the summation of the execution times of

task instances in Jθ . Therefore, instead of accumulating

all execution times of task instances in Jθ , we simulate

the original EDF schedule during [tθ, ∆θ) to determine

whether JL should be preempted by JH or not. If the total

length of the idle intervals in the simulated schedule is no

less than wL
smax

j

ŝL
, JL can block all high-priority task in-

stances before its completion without any deadline miss;

otherwise, JH has to preempt JL and starts its execution.

The approach is denoted as Algorithm S-EDF. Its running

time at scheduling point tθ is O(|Tj | log |Tj |).

Constant-Time Determination If we can determine a

tolerable-blocking time Ri for each task τi in Tj ac-

cording to their speed assignment off-line, we can just

compare the remaining execution time of JL with the

tolerable-blocking time of JH to determine whether the

preemption should be taken or not during runtime. The

definition of the tolerable-blocking time is that task τi can

still meet its deadline even when it is blocked by low-

priority task instances for at most Ri time units. Thus,

if wL
smax

j

ŝL
is no greater than RH , JL could continue its

execution by blocking JH ; otherwise, JL should be pre-

empted and the highest-priority task instance in the ready

queue (it might be different from JH ) starts its execution.

The determination of Ri can be done by indexing task in

Tj such that pi ≤ pj if i < j and according to the follow-

ing equation:

Ri = pi(1 −
i∑

j=1

cj

pj ŝj

). (5)

This approach is denoted as Algorithm R-EDF. Com-

pared to the original EDF scheduling algorithm, its addi-

tional runtime overhead at each scheduling point is O(1).
Figure 2 gives an illustration of the proposed pre-

emption control algorithms for three tasks with pe-

riods (p1, p2, p3) = (2, 2.9, 6) and execution times

(t1,j , t2,j, t3,j) = (0.2, 1.1, 3), where R1 = 1.8, R2 =
1.51, and R3 = 0. When tθ = 2.9, since wL =
1.6 is greater than R2 = 1.51, Algorithm R-EDF pre-

empts the execution of JL. However, as ∆θ = 5.8 and∑
Ji,θ∈Jθ

ci

ŝi
= 1.3, Algorithm A-EDF lets JL continue

its execution at tθ = 2.9. The numbers of preemption

for schedules in Figure 2(b) and Figure 2(c) in time in-

terval [0, 18) are 6 and 3, respectively, compared to that

in the original EDF schedule is 8. For this example, the

schedule derived by Algorithm S-EDF is the same as that

shown in Figure 2(c) in time interval [0, 18).

Hybrid Approaches If the high-priority task instance

JH is always blocked for RH time units, it can be seen

as arriving at ri,θ + Ri with absolute deadline ri,θ + pi.

With this idea, we can incorporate Algorithm A-EDF or

S-EDF with Algorithm R-EDF to derive a hybrid ap-

proach. More specifically, we can revise the definition of

Jθ as follows:

Jθ = {Ji,θ, ∀τi ∈ Tj | ri,θ + Ri < ∆θ and di,θ < dL}.
(6)

The revision of Algorithms A-EDF and S-EDF by ap-

plying the definition of Jθ in Equation (6) are denoted as

Algorithms HA-EDF and HS-EDF, respectively. This

revision does not increase the complexity at each schedul-

ing point.

Algorithms A-EDF, S-EDF, R-EDF, HA-EDF, HS-

EDF do derive feasible schedule. The details of the proof

for their feasibility can be found in [22].

Slack Reclamation Policy When tasks complete earlier

than their worst-case estimations, the unused execution

time, also called slack, can be reclaimed to scale down

the operating speeds of some incomplete task instances

for energy saving. Although slack reclamation by slowing

down can reduce the energy resulting from the dynamic

power of the processor, the execution time of some tasks

might be prolonged and the non-DVS components might,

hence, consume more energy. Therefore, while non-DVS

components are considered, slack should be first used for

preemption control and only used for scaling down the op-

erating speeds when there is no preempted task instance.

3.3 Energy-Efficient Task Partition

Conventionally, the energy consumption function is

usually an increasing function of the workload of tasks

allocated to the processor. Thus, it is reasonable to use the

workload of tasks allocated to a processor to model the

energy consumption of executing this set of tasks in the

processor during the hyper-period H. With this idea, we

present two approaches to partition tasks over a heteroge-

neous multiprocessor environment in this section.

A Dynamic Programming The basic idea of the dy-

namic programming is to enumerate all possible task par-

titions of the given task set T. Then we choose a best one

from all of the task partitions as the solution. More specif-

ically, we use a tuple θ = (Uθ
1 , Uθ

2 , . . . , Uθ
M ) to represent

a state Θ standing for a (partial) task partition in our dy-

namic programming, where Uθ
j =

∑
τi∈TΘ

j

ci,j

pi
and T

Θ
j

is the workload in terms of the utilization at speed smax
j

and the set of tasks, respectively, allocated to processor

mj in the (partial) task partition. Initially, when all tasks
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(a) The original EDF schedule
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(b) The schedule derived from Algorithm R-EDF
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(c) The schedule derived from Algorithm A-EDF

Figure 2. Illustrative examples of Algorithm R-EDF and Algorithm A-EDF.

have not been considered yet, the initial set of states S0

only contain one state, i.e., θ = (0, 0, . . . , 0). As we con-

sider tasks in T one by one, we will construct a set of

new states Si based on the existing ones in Si−1 when

task τi is considered. That is, we construct M new states

(Uθ
1 +

ci,1

pi
, Uθ

2 , . . . , Uθ
M ), (Uθ

1 , Uθ
2 +

ci,2

pi
, . . . , Uθ

M ), . . .,

(Uθ
1 , Uθ

2 , . . ., Uθ
M +

ci,M

pi
) and adds them into set Si for

each state Θ, i.e., θ = (Uθ
1 , Uθ

2 , . . . , Uθ
M ), in Si−1. Af-

ter all tasks are considered, the set S|T| consists of all

task partitions and can be used to choose the final solu-

tion. However, this approach takes exponential time and

space, i.e., O(M |T|), in the worst case. It encourages us to

develop a more efficient approach to derive near-optimal

solutions while the task set T is too large to obtain the

optimal solution.

An Approximation Scheme Since there are too many

states in the sets S1,S2, . . . ,S|T|, we can improve the

efficiency of the dynamic programming by only keeping

some representative states and discarding the others. If the

state pruning can be done carefully, the degradation for

the optimality of the final result can be bounded. Given

a user-specified parameter ǫ, we will derive a parameter,

denoted by δj , for each processor mj which is used for

state pruning accordingly. According to the energy con-

sumption function of workload allocated in processor mj ,

denoted as Ej(Uj), and the user-specified parameter ǫ,

we will find a value for δj such that Ej((1 + δj)Uj) ≤
(1 + ǫ)Ej(Uj). That is, the increase in the energy con-

sumption will be bounded if the increase in the allocated

workload is bounded in (1 + δj) times of the original one.

Once we can find such a δj for each processor mj , we can

guarantee the performance of the derived solutions.

During the construction of states, we perform state

pruning after each set of states Si is constructed. The

basic idea of our pruning process is to round down the

workload Uθ
j for all processors mj except processor m1

for each state Θ in Si. More specifically, in order to round

the workload of processor mj , we first sort states in Si ac-

cording to Uθ
j in a non-decreasing order. We then choose

the minimum Uθ
j as the base, denoted by UB

j . After that,

all Uθ
j ’s which are no greater than (1+δj)U

B
j are rounded

down to UB
j . While we encounter a Uθ

j which is greater

than (1 + δj)U
B
j , the Uθ

j is set as the new base UB
j . Af-

ter the update of UB
j , the same procedure is applied to the

remaining states in Si. Once the rounding process is done

for workloads of processors m2 to mM , we can start to

prune states in Si. For a set of states which have the same

workloads for processors m2 to mM , we use the one with

the minimum Uθ
1 to represent the set of states and remove

all other states from Si.

With the above process, the complexity of the dynamic

programming can be reduced significantly. While the en-

ergy consumption function of the workload on each pro-

cessor mj is a non-decreasing and the increase of the en-

ergy consumption is bounded if the increase of the work-

load is also bounded, this approach can also provide cer-

tain worst-case performance guarantees if the pruning pa-

rameter δj of each processor mj is set according to the

user-specified parameter properly. The details of rationale

for the setting of the parameters and the corresponding

proof can be found in [23].

4 Performance Evaluation

4.1 Uniprocessor Energy-Efficient Techniques

We evaluate algorithms presented in Sections 3.1 and

3.2 for Intel XScale. Its power consumption function can

be modeled approximately as P d
j (s) + P ind

j = 1.52s3 +
0.08 Watt while the range of its available speeds is from

smin
j = 0.15GHz to smax

j = 1GHz. The periods of the

synthetic tasks adopted in our simulations are chosen ran-

domly in the scale of millisecond. By associating each

task τi with a random variable µ∗
i in (0, 1], its execution

time is set as
µ∗

i
P

τl∈Tj
µ∗

l

Upi under a specified total utiliza-

tion U of a set of tasks Tj .

ProcrastinationAlgorithms When the number of tasks

is 20, Figure 3 shows the evaluation results for the normal-

ized additional energy of Algorithms P-Procrastination

and Greedy Procrastination, where the normalized addi-

tional energy of an algorithm is the energy consumption
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Figure 3. Evaluation results of Algorithm P-

Procrastination.
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Figure 4. Simulation results of Preemption
Control Algorithms.

of the idle intervals in its derived schedule divided by that

of the original EDF schedule. As shown in Figure 3(a),

Algorithm P-Procrastination can improve the greedy pro-

crastination by 12% with a proper setting of α when

Esw
j = 10mJ. Figure 3(b) shows the results of Algorithm

P-Procrastination by varying Esw
j from 4mJ to 14mJ. In

general, when the energy of switching overhead increases,

the value of α should increase accordingly to achieve bet-

ter results.

Preemption Control Algorithms In the simulations for

preemption control algorithms, the number of devices re-

quired for the synthetic tasks is an integral random vari-

able in [2, 5], where the standby power of each device is

uniformly distributed in [0.05, P ∗] Watt, where P ∗ is a

given parameter. The probability that a task requires a

particular device for its execution is set as 0.5. The actual

execution time of each task is uniformly distributed from

80% to 100% of its worst-case execution time to evaluate

the integration of preemption control algorithms and the

slack reclamation policy. In addition to our proposed al-

gorithms, the delayed-preemption control in [13], denoted

by Algorithm P-EDF, is also implemented for compari-

son. All the evaluated algorithms execute tasks according

to the speed assignment derived from Algorithm STATIC

in [22]. Figure 4 shows the normalized energy consump-

tion of the evaluated algorithms, where the normalized en-

ergy consumption is defined by the system energy con-

sumption of the evaluated algorithm in the hyper-period

divided by that of the original EDF schedule. Figure 4(a)

shows the simulation results when P ∗ = 0.2 by vary-

ing U from 0.15 to 0.95. As the promotion of the exe-

cution speed of a high priority task instance significantly

increased the dynamic energy consumption significantly,

the energy consumption of the schedules derived from Al-

gorithm P-EDF is close to and might be worse than the

original EDF schedules. We can also find out that Algo-

rithm HS-EDF has the best performance and can reduce

the energy consumption by more than 10%. From Fig-

ure 4(b) which shows the simulation results when U = 0.9
by varying P ∗ from 0.2 to 0.6, we can see that the pro-

posed algorithms had steady performance regardless the

value of P ∗.

4.2 Task Partition for HeterogeneousMultiprocessor

Systems

The proposed task partition algorithm is evaluated with

a series of simulations based on the setup in [6]. The

worst-case execution time ci,j of task τi on processor mj

is set randomly from 1000us to 3000us at speed smax
j .

We randomly choose M processors from nearly 30 types

of processors, including general-purpose embedded pro-

cessors, such as ARM9 and ARM11, and digital signal

processors, such as TMS320C and TMS320D. Figure 5

shows the average of the Normalized Energy Consump-

tion which is the energy consumption of the task parti-

tion derived from our approach divided by that of the task

partition derived from the greedy-based algorithm in [6].

Moreover, P ind
j = 0 stands for the results of model which

is the same as that in [6], P ind
j > 0 stands for the re-

sults of energy consumption models with non-negligible

speed-independent power, and β = 0.10, β = 0.15, and

β = 0.20 stand for the results of energy consumption

models with different ranges of switching overheads by

varying Esw
j from 0.05 · HPj(s

crit
j ) mJ to β · HPj(s

crit
j )

mJ. Although the performance of our proposed algorithm

is similar to that of the greedy-based algorithm in [6] for

systems whose the speed-independent power and switch-

ing overhead are negligible, our algorithm can achieve sig-

nificant improvement when the speed-independent power

or the switching overhead is non-negligible with a proper

choice of the user-specified parameter ǫ for state pruning.

5 Conclusion

In order to cope with the increasing functional de-

mands of modern computing systems, systems usually

have more than one processing element. Thus, energy-

efficient real-time task scheduling is a very complicated

issue in system-level design. This paper summarizes

(some of) our results to address parts of this challeng-

ing problem. The proposed procrastination algorithms [2]

and preemption control algorithms [22] outperform exist-

ing algorithms and can reduce the energy caused by the

leakage power of processors and the standby power of

devices, respectively. We also discuss how to integrate

the slack reclamation with our preemption control algo-
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Figure 5. The average normalized energy consumption of the proposed task partition approach.

rithms. The proposed task partition approach [23] par-

titions tasks over heterogeneous multiprocessor environ-

ments energy-efficiently and can provide certain worst-

case performance guarantees under some conditions.

There are still many open problems for energy-efficient

scheduling for systems with DVS and non-DVS compo-

nents. For example, as the leakage power might depend

on the temperature, procrastination algorithms with the

consideration of non-constant speed-independent power

might be challenging. In addition, preemption control

among multiprocessor environments for tasks with re-

source competition or precedence constraints is also open.
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