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ABSTRACT
The pursuit of energy efficiency is becoming more and more im-
portant in hardware and software designs. This research explores
energy-efficient scheduling for a periodic real-time task with uncer-
tain execution time in dynamic voltage scaling (DVS) systems with
non-negligible leakage/static power consumption. Distinct from
the assumption of non-reducible static power consumption in the
literature, this paper considers the possibility to reduceit by turning
a processor to a dormant mode. We propose an algorithm to derive
an optimal frequency assignment to minimize the expected energy
consumption without procrastination, while another extended algo-
rithm is developed to apply procrastination scheduling forfurther
energy reduction. Experimental results show that the proposed al-
gorithms can effectively minimize the expected energy consump-
tion.

Categories and Subject Descriptors:D.4.1 SoftwareOPERAT-
ING SYSTEMS – Scheduling

General Terms: Algorithms, Design, Management

Keywords: Dynamic Voltage Scaling (DVS), Expected Energy
Consumption Minimization, Leakage-Aware Scheduling, Probabil-
ity

1. INTRODUCTION
Power management has become an important system design is-

sue for embedded systems and server systems to prolong the op-
eration duration or reduce power bills. Dynamic energy/power
consumption due to switching activities and static energy/power
consumption due to leakage current are two major sources of en-
ergy consumption of a processor [9]. The dynamic voltage scaling
(DVS) technique was introduced to balance the dynamic energy
consumption and the performance of a system, in which different
supply voltages lead to different execution frequencies. The dy-
namic power consumption is usually a convex and increasing func-
tion of frequency, which motivates to execute at as low frequency
as possible. However, executing at a lower frequency stretches the
execution time with more leakage/static energy consumption.
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For real-time systems, energy-efficient scheduling is to minimize
the energy consumption without making any task instance miss its
deadline, provided that each task instance executes as its worst-case
estimation. Once a task instance completes earlier than theworst-
case estimation, the unused time (slack) can be reclaimed toreduce
the energy consumption [1, 12]. In addition to worst-case estima-
tions, we can also get the probability distribution of the workload
of a task by profiling, and the scheduler can adjust the execution
frequencies based on the distribution to provide a more energy-
efficient schedule than applying slack reclamation. To minimize
theexpecteddynamic energy consumption provided that the leak-
age/static power consumption is negligible or constant, some previ-
ous studies [5,6,11,16–18] provide accelerating strategies. In par-
ticular, Gruian [5] considered the scheduling of multiple tasks and
allocated execution time to tasks based on their worst-caseexecu-
tion cycles. Yuan and Nahrstedt [17] used the accelerating schedul-
ing strategy for soft real-time multimedia tasks. Xu et al. [16] and
Zhang et al. [18] explored inter-task scheduling for frame-based
real-time tasks. Gruian and Kuchcinski [6] developed heuristics
for task ordering to reduce the expected energy consumption. Xu
et al. [15,16] extended the accelerating scheduling for systems with
discrete frequencies.

In nano-meter manufacturing, leakage current in CMOS circuits
has significant contribution of the total power consumption, in which
the static power consumption is comparable to the dynamic power
dissipation [9]. To reduce the energy consumption resulting from
leakage current, a processor might enter a dormant mode, in which
the power consumption of the processor in the mode can be treated
as negligible. However, turning the processor to the activemode
requires time and energy overheads. For example, the Transmeta
processor with the 70nm technology has483µJ energy overhead
and less than2 millisecond (ms) timing overhead [9]. Leakage-
aware scheduling has been recently explored on DVS platforms,
such as [3, 9, 10]. In particular, Chen and Kuo [4], Jejurikaret
al. [9], and Lee et al. [10] developed procrastination scheduling
strategies to decide when to turn the processor to the dormant mode.

However, the minimization of expected energy consumption in
the literature assumes constant static power consumption and does
not consider the possibility to turn the processor to a dormant mode.
Their derived solutions minimize the dynamic energy consumption,
but might consume too much static energy. This paper presents new
approaches to minimize the expected system energy consumption
for a real-time task with a discrete probability density function of
the workload in leakage-aware DVS systems. To our best knowl-
edge, this is the first paper for the exploration of the minimization
of expected system energy consumption for tasks with uncertain ex-
ecution time on platforms with the possibility to turn the processor
off (to the dormant mode). As shown in the literature, e.g., [3, 9],
there is acritical frequencyin the available processor frequencies
with the minimum energy consumption for execution. We show



that the simple extension of existing accelerating algorithms by tak-
ing the critical frequency as the minimum execution frequency is
not optimal. An optimal schedule for leakage-aware DVS schedul-
ing would execute with decelerating frequencies at the beginning to
create more time slack to turn the processor off, and then execute
with accelerating frequencies at the end to minimize the dynamic
energy consumption. This paper presents an algorithm to derive
an optimal frequency assignment to minimize the expected system
energy consumption under the timing constraint. Then, based on
the procrastination concepts in the literature [3,4,7,9],we also pro-
pose an algorithm to apply procrastination scheduling for further
energy reduction if the processor has been in the dormant mode at
the beginning of a task instance. Experimental results showthat
our algorithms can effectively minimize the energy consumption.

The rest of this paper is organized as follows: Section 2 provides
system models and a motivational example. Section 3 presents our
algorithms. Experimental results are presented in Section4. Sec-
tion 5 concludes this paper.

2. SYSTEM MODELS
2.1 Processor Models

The (system) power consumption functionP (f) of frequencyf
on a processor has two parts:Pδ(f) andPind, wherePδ(f) (Pind,
respectively) is dependent (independent, respectively) on the fre-
quency [4]. The frequency-dependent power consumptionPδ(f)
comes from the short-circuit power consumption and the dynamic
power consumption due to the charging and discharging of gates
on a CMOS DVS processor, while the leakage power consumption
mainly contributes toPind. We explore the scheduling on proces-
sors with a continuous spectrum of the available frequencies be-
tween the upper-bounded frequencyfmax and the lower-bounded
frequencyfmin. It is easy to apply the algorithms in [2,8] to revise
the derived solutions to systems with discrete frequenciesonly.

We assume thatP (f) is a strictly convex and increasing func-
tion, whileP (f)/f is merely a convex function [7]. For example,
the most adopted frequency-dependent power consumption func-
tion Pδ(f) = αfγ satisfies the assumption for any positiveα and
any γ > 1. The critical frequencyf∗, defined as the available
frequency that minimizes the energy consumption for execution
[3,4,7,9], is the frequencyf with the minimumP (f)

f
. For example,

whenPδ(f) = αfγ , f∗ is max
n

min{ γ

q

Pind
α(γ−1)

, fmax}, fmin

o

.

A processor has two modes:dormant modeand active mode.
When the processor is in the dormant mode, the power consump-
tion of the processor is0 by scaling the static power consump-
tion [4, 7]. The processor has to be in the active mode for task
execution. However, switching between the two modes takes time
and consumes energy. Since periodic tasks are considered, the
procedure to turn the processor to the dormant mode can be as-
sumed instantaneously with negligible energy overhead by treating
the overhead as a part of the overhead to turn on the processor. We
denoteEsw (tsw, respectively) as the energy (time, respectively) of
theswitching overheadfrom the dormant mode to the active mode.

When the processor is idle in the active mode, the processor exe-
cutes NOP instructions at frequencyfmin for energy minimization.
When the processor is idle and the idle interval is longer than the
break-even time Esw

P (fmin)
, turning it to the dormant mode is worth-

while. Let tθ be the break-even time, i.e.,tθ = Esw
P (fmin)

. Without
loss of generality, we assume thattsw is no more thantθ.

2.2 Task Models
A periodic task is an infinite sequence of task instances, where

each task instance of a task comes in a regular period. We explore
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Figure 1: An example for the probability functions of worklo ad
information of a task.

the scheduling of a periodic taskτ in a leakage-aware DVS sys-
tem, in which the period of the task is denoted byp. The relative
deadlined of the task is equal to the periodp, where extensions
for the case thatd < p can be achieved easily. The amount of the
worst-case execution cycles of the task isc. Executing at frequency
f for t time units is assumed to completef × t cycles with energy
consumptionP (f)t. Without loss of generality, we only focus on
the case that c

fmax
≤ p, in which the task can complete before its

period by executing at the highest frequency.
As shown in the literature [11,14,16], the probability information

of computation requirement of taskτ can be profiled as a discrete
probability density function (PDF) of execution cycles. Suppose
that the probabilityψi that a task instance of the task completes
its execution right withYi cycles is obtained by profiling, where
Y1 < Y2 < · · · < YK = c andK is the number ofYis with
probabilityψi > 0. For brevity, letY0 be0. Hence, the range(0, c]
is divided intoK bins with different sizes, where thej-th binBj is
with Xj = Yj − Yj−1 amount of cycles. The discrete cumulative
density function (CDF) for taskτ to have cycles no more thanYk is
Ψj =

Pj
k=1 ψk. By definition,ΨK = 1. Figure 1 is an example

of a taskτ withK = 6, whereX1 = X2 = · · · = XK = 0.004f∗

with ψ1 = 0.25, ψ2 = 0.2, ψ3 = 0.15, ψ4 = 0.1, ψ5 = 0.1, and
ψ4 = 0.2. Figure 1(a) is the PDF, while Figure 1(b) is the CDF.

The probability that the schedule has to execute binBj is 1 −
Ψj−1, denoted byΨ∗

j , whereΨ0 is defined as0 for boundary con-
dition. Hence, for the example in Figure 1,Ψ∗

1 = 1, Ψ∗
2 = 0.75,

Ψ∗
3 = 0.55, Ψ∗

4 = 0.4, Ψ∗
5 = 0.3, andΨ∗

6 = 0.2.

2.3 Problem Definition and an Example
The problem studied in this paper is tominimize the expected

energy consumptionfor the execution of a periodic real-time task
on a DVS system with non-negligible leakage power consumption,
where the task must be completed in time in the worst cases. As
suggested in the literature [7, 9], we could first minimize the dy-
namic energy consumption by treating the critical frequency as the
minimum available frequency, and then turn the processor tothe
dormant mode once the available idle interval to the beginning of
the next task instance is longer than the break-even time.

With the ignoring of the static power consumption, we can adopt
the accelerating-frequency (denoted by AF) strategy in [11,16,17].
Then, if the derived solution executes some bins at frequencies less
than the critical frequency, the frequencies of these bins are pro-
moted to the critical frequency, in which this approach is denoted
by Accelerating-Frequency with Critical Frequency(AFCF). Since
frequency promotion would create some slack time, we can then
apply the above procedure repeatedly until all the frequencies in
the solution are no less than the critical frequency, in which this ap-
proach is denoted asRepeatedly Accelerating-Frequency with Crit-
ical Frequency(RAFCF). Another approach, denoted asConstant-
Frequency with Critical Frequency(CFCF), runs at a constant fre-
quencymax{ c

p
, f∗}.

The above approaches sound reasonable, but cannot guarantee
to derive an optimal frequency assignment. Consider to schedule a
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Figure 2: A motivational example.

task with period (relative deadline) equal to30 milliseconds on an
Intel XScale processor with power consumption functionP (f) =
1520f3 + 80 mWatt [16], minimum frequencyfmin = 150MHz,
and energy switching overhead1 mJoule, wheref is with the unit
of GHz and the critical frequencyf∗ is, hence, about297MHz. The
probability density function and the size of the bins of the task are
illustrated in Figure 1(a). Suppose that the scheduler would turn
the processor to the dormant mode once the deadline subtractthe
completion time is more than the break-even time (11.75 millisec-
onds) and the processor is turned to the active mode for operation
right at the beginning of the next period. Executing the taskby
using CFCF would lead to a solution to execute every bin at the
critical frequencyf∗, as shown in Figure 2(a), with expected sys-
tem energy consumption(

P4
ℓ=1 Ψ∗

ℓP (f∗) × 0.004 + ψℓEsw) +
(Ψ∗

5P (f∗)×0.004+ψ5P (fmin)×0.01)+(Ψ∗
6P (f∗)×0.004+

ψ6P (fmin) × 0.006), which is2.423mJ. Applying AF would lead
to a solution, as shown in Figure 2(b), which executes the bins
at frequencies0.630f∗, 0.693f∗, 0.768f∗ , 0.854f∗, 0.940f∗ , and
1.076f∗ where the expected system energy is2.395mJ. Because
the frequencies of the first five bins are lower than the critical fre-
quency, AFCF assigns these five bins to execute at the critical fre-
quency, as shown in Figure 2(c), with expected system energycon-
sumption2.429mJ. Applying RAFCF will execute the sixth bin at
the critical frequency, in which the solution is the same as CFCF.

However, executing the six bins at frequencies0.898f∗, 0.857f∗,
0.791f∗ , 0.673f∗, 0.754f∗, and0.877f∗ , as shown in Figure 2(d),
leads to a solution with2.326mJ. The reason why AF is not opti-
mal comes from the ignorance of the static power consumption.
The reason why CFCF, AFCF, and RAFCF do not derive optimal
solutions is due to the ignorance of energy switching overheadEsw
and the static power consumption during execution. To minimize
the static energy consumption, we would, at the beginning, execute
at higher frequencies. For example, the first four bins in Figure 2(d)
are executed at decelerating frequencies, while the last three bin
bins are executed with accelerating frequencies to minimize the dy-
namic energy consumption.

3. EXPECTED ENERGY MINIMIZATION
This section provides our algorithms for the minimization of the

expected system energy consumption. We first focus on the case
that the processor is in the active mode at the beginning of every
task instance. Then, we will show how to use the procrastination
approach to procrastinate the execution of the next task instance to
lengthen the idle interval for energy saving.

3.1 Processor is Active at the Beginning
This subsection considers the case that the processor is always

in the active mode at the beginning of any task instance. There-
fore, an optimal schedule would execute each task instance right
after it is released without turning the processor to the dormant
mode before it completes. For an optimal frequency assignment
of theseK bins of taskτ , there must aκ∗ with 0 ≤ κ∗ ≤ K , in
which (1) the processor is turned to the dormant mode if the task

instance completes after executing any of the firstκ∗ bins and (2)
the processor is idle in the active mode if the task instance com-
pletes after executing any of the lastK − κ∗ bins. Suppose that
the execution time of binBi in the optimal solution ist∗i . There-
fore, the expected system energy consumption for the firstκ∗ bins

is
“

Pκ∗

ℓ=1 Ψ∗
ℓP (Xℓ

t∗
ℓ

)t∗ℓ + ψℓEsw
”

, where the first term is the ex-

pected energy consumption for execution and the second is that for
energy switching overhead. Since the processor is going to be idle
in the active mode after completing any of the lastK − κ∗ bins,
the expected system energy consumption for the lastK − κ∗ bins

is
“

PK
ℓ=κ∗+1 Ψ∗

ℓP (Xℓ
t∗
ℓ

)t∗ℓ + ψℓ(p−
Pℓ
j=1 t

∗
j )P (fmin)

”

.

Suppose that we are given a specified non-negative integerκ ≤
K. If there is an algorithm that can derive an optimal solution
under the constraint that the completion time of binBκ is no later
thanp− tθ and the completion time of binBκ+1 (if exists) is later
thanp− tθ, we can just apply the algorithm forκ = 0, 1, 2, . . . ,K
and return the solution with the minimum expected system energy
consumption as the optimal solution. Here, instead of finding the
optimal frequency assignment for a specifiedκ, we find a lower
bound by relaxing the constraints so that the completion times of
binsBκ andBκ+1 are not constrained. Lettℓ be the execution time
of bin Bℓ andTK be a non-negative variable for the slack before
the deadline after completing binBK . That is,TK is p−

PK
ℓ=1 tℓ.

The optimization of the lower bound of the expected system energy
consumption under a specifiedκ can formulated as follows:

minimize

“

PK
ℓ=1 Ψ∗

ℓP (Xℓ
tℓ

)tℓ
”

+
`
Pκ
ℓ=1 ψℓEsw

´

+
PK
ℓ=κ+1 ψℓP (fmin)(TK +

PK
j=ℓ+1 tj)

(1a)

subject to

TK +

K
X

ℓ=1

tℓ = p, (1b)

Xℓ
fmax

≤ tℓ ≤
Xℓ
fmin

, ∀ℓ = 1, 2, . . . ,K and (1c)

TK ≥ 0. (1d)

LEMMA 1. For a givenκ withfmin > 0, if the optimal solution
of Equation (1) is withTK > 0, all the lastK−κ bins are executed
at frequencyfmin in the optimal solution. Iffmin is 0, TK is 0 for
anyκ < K.

PROOF. This lemma can be proved by contradiction. IfTK > 0
and there is a binBℓ with ℓ > κ executed at a higher frequency
fℓ thanfmin, executing binBℓ at frequencyfmin or Xℓ

TK+ Xℓ
fℓ

has a

smaller value of the objective function of Equation (1).

For a specifiedκ, let (t∗,κ1 , t∗,κ2 , . . . , t∗,κK ) be the optimal solu-
tion of Equation (1). The following lemmas indicate that finding
the optimal solution for Equation (1) does not lose any precision to
derive an optimal frequency assignment to minimize the expected
system energy consumption of taskτ .

LEMMA 2. Suppose that
Pκ♭

ℓ=1 t
∗,κ♭

ℓ > p−tθ for someκ♭ ≥ 1,
the optimal solution of Equation (1) by settingκ asκ♭ − 1 is less
than the optimal solution whenκ is κ♭.

LEMMA 3. Suppose that
Pκ♭+1
ℓ=1 t∗,κ

♭

ℓ < p− tθ for someκ♭ <
K, the optimal solution of Equation (1) by settingκ asκ♭ + 1 is
less the optimal solution whenκ is κ♭.

PROOF. The above lemmas can be proved by showing that the
optimal solution of Equation (1) by settingκ as κ♭ is more in



the objective function of Equation (1) than settingκ asκ♭ − 1 in
Lemma 2 or settingκ asκ♭ + 1 in Lemma 3.

LEMMA 4. If the optimal solution of Equation (1) is the mini-

mum by settingκ asκ†, then
Pκ†

ℓ=1 t
∗,κ♭

ℓ ≤ p− tθ for anyκ† and
Pκ†+1
ℓ=1 t∗,κ

♭

ℓ ≥ p− tθ for anyκ† < K.

PROOF. Applying Lemmas 2 and 3 can prove this lemma.

Therefore, if there is an algorithm which can derive an opti-
mal solution for Equation (1), we can just apply the algorithm for
κ = 0, 1, 2, . . . ,K and return the solution with the minimum ex-
pected system energy consumption as the optimal solution. Con-
sider the case thatκ is K. If executing all the bins at the critical
frequency can make the task instance complete before its deadline,
i.e.,

PK
ℓ=1

Xℓ
f∗

≤ p, executing all the bins at the critical frequency
is optimal for Equation (1). Otherwise,κ∗ must be less thanK.

For anyκ < K, we will first derive solutions for unconstrained
frequencies, and then, revise to satisfy the frequency constraints.

3.1.1 Unconstrained Frequencies
We begin to solve the convex programming in Equation (1) with

relaxation on the frequency constraints by settingfmin as0 and
fmax as∞. By Lemma 1, for any non-negativeκ < K, TK must
be0 in optimal solutions. Since

Pκ
ℓ=1 ψℓEsw is a constant regard-

less of the variabletℓs, we can ignore the constant during optimiza-
tion. The relaxation of Equation (1) for0 ≤ κ < K is as follows:

minimize

 

K
X

ℓ=1

Ψ∗
ℓP (

Xℓ
tℓ

)tℓ

!

+
K
X

ℓ=κ+1

ψℓP (fmin)(
K
X

j=ℓ+1

tj)

(2a)

subject to
K
X

ℓ=1

tℓ = p, and (2b)

tℓ ≥ 0, ∀ℓ = 1, 2, . . . ,K. (2c)

The convex programming in Equation (2) can be solved by ap-
plying the Lagrange Multiplier Method. For notational brevity, let

Fκ,ℓ(tℓ) =

(

Ψ∗
ℓP (Xℓ

tℓ
)tℓ ℓ ≤ κ and

Ψ∗
ℓP (Xℓ

tℓ
)tℓ + P (fmin)tℓ

Pℓ−1
j=κ+1 ψj otherwise.

The Lagrange Multiplier Method is to find a constantλ so that
PK
ℓ=1 tℓ = p and the first derivativeF ′

κ,ℓ(tℓ) of functionFκ,ℓ(tℓ)
is λ for ℓ = 1, 2, . . . ,K. TakeP (f) = αf3 + β with fmin = 0
for example. Our objective is to solve the following equation:

Ψ∗
ℓ (−2α

X3
ℓ

t3ℓ
+ β) = λ, ∀ℓ ≤ κ, (3a)

Ψ∗
ℓ (−2α

X3
ℓ

t3ℓ
+ β(1 +

ℓ−1
X

j=κ+1

ψj)) = λ, ∀ℓ > κ, and (3b)

K
X

ℓ=1

tℓ = p. (3c)

Finding a constantλ satisfying the above constraints can be solved
efficiently by applying Newton’s method or the bisection method.

3.1.2 Constrained Frequencies
With frequency constraints, there are two cases in whichTK is 0

or TK is larger than0. By Lemma 1, if the optimal solution is with
TK > 0 for a specifiedκ, all the lastK − κ bins are executed at

frequencyfmin and every binBℓ with ℓ ≤ κ is with execution time
tℓ so thatF ′

κ,ℓ(tℓ) is
PK
i=κ+1 ψiP (fmin), whereF ′

κ,ℓ(tℓ) is the

derivative ofFκ,ℓ(tℓ). If tℓ with F ′
κ,ℓ(tℓ) =

PK
i=κ+1 ψiP (fmin)

is larger (less, respectively) than the execution time at frequency
fmin (fmax, respectively), the execution time of binBℓ is set to
Xℓ
fmin

( Xℓ
fmax

, respectively). If the summation of the execution time
of theseK bins above is more than periodp, it is clear that the
optimal solution for a specifiedκ is with TK = 0.

Now, we focus on the case thatTK is 0. For a specifiedκ < K,
the optimal solution for Equation (1) can be derived by applying
the Karush-Kuhn-Tucker optimality condition [13,§14]. First, we
obtain an optimal solution by assuming that there is no frequency
constraint as in Section 3.1.1. If there is no frequency violation,
the solution is also an optimal solution for Equation (1). How-
ever, if the execution timetκℓ for some bin is larger thanXℓ

fmin
,

we force some bin to execute at frequencyfmin and form a sub-
problem. Moreover, if the execution timetκℓ for some bin is less
than Xℓ

fmax
, we fix some bin to execute at frequencyfmax and form

a sub-problem. We then solve the sub-problems repeatedly.
Let B be the set of theK bins. Let setsBmax andBmin con-

sist of the binsBℓs, in whichtκℓ are restricted toXℓ
fmax

and Xℓ
fmin

,
respectively. Initially, setsBmax andBmin are both empty sets.
After solving Equation (2) for a specifiedκ, if there is a binBℓ in
set(B\Bmax \Bmin) with tκℓ <

Xℓ
fmax

, we greedily restrict the bin

Bℓ∗ in (B\Bmax \Bmin) with the largestF ′
κ,ℓ∗(

Xℓ∗

fmax
) to execute

at frequencyfmax and moveBℓ∗ from B to Bmax. We repeatedly
solve Equation (2) until all thetℓs in the optimal solution use fre-
quencies no more thanfmax. Then, if all the bins are executed with
frequencies no less thanfmin, we return the solution. Otherwise,
there is a binBℓ in (B \ Bmax \ Bmin) with tκℓ >

Xℓ
fmin

, and we
greedily restrict the binBℓ∗ in (B \Bmax \Bmin) with the small-
estF ′

κ,ℓ∗(
Xℓ∗

fmin
) to execute at frequencyfmin, moveBℓ∗ from B to

Bmin, and solve the formed sub-problem repeatedly.
Algorithm 1 illustrates the pseudo-code of the above procedures.

The time complexity isO(K2(K + L)), whereO(L) is the time
complexity for deriving the optimal solution of Equation (2) with
the bisection method or Newton’s method. Based on the Karush-
Kuhn-Tucker optimality condition [13,§14], Algorithm 1 can be
proved to derive optimal solutions of Equation (1) for a given κ.

THEOREM 1. Algorithm 1 derives an optimal solution for Equa-
tion (1) for a specifiedκ < K.

PROOF. This can be proved by using the Karush-Kuhn-Tucker
optimality condition. See [13] for reference.

3.1.3 Overall Algorithm
We now can use Algorithm 1 to derive an optimal solution of

Equation (1) for a specifiedκ. The algorithm, denoted by Algo-
rithm STATIC, to minimize the expected system energy consump-
tion is to apply Algorithm 1 forκ = 0, 1, . . . ,K and return the
best among these derived solutions. Based on the argument ofthe
optimality whenκ = K, Lemma 4, and Theorem 1, the derived so-
lution is optimal. The time complexity isO(K3(K + L)), where
O(L) is for deriving optimal solutions of Equation (2). Note that
Algorithm STATIC only has to be performed once for deriving the
execution frequencies. Hence, the time complexity is acceptable.

3.2 Processor is Dormant at the Beginning
Section 3.1 focuses on the case that the processor is always in

the active mode at the beginning of a task instance. However,if the
processor is turned to the dormant mode after completing theprevi-
ous task instance, we can procrastinate the execution of thecurrent



Algorithm 1 : κ-STATIC

Input: κ, p,K, {B1, B2, . . . , BK} , fmax, fmin, P ();

1: findfmin ≤ f
∗ ≤ fmax in which P(f∗)

f∗ is minimized;
//κ = K

2: if κ = K and
PK

ℓ=1

Xℓ
f∗ ≤ p then

3: return( X1
f∗ ,

X2
f∗ , . . . ,

XK
f∗ );

4: else ifκ = K then
5: return message ”settingκ asK is not optimal”;

//TK > 0
6: for each binBℓ with ℓ ≤ κ do
7: find t♭ℓ so thatF ′

κ,ℓ(t
♭
ℓ) is

PK
i=κ+1 ψiP (fmin) for ℓ ≤ κ;

8: t♭ℓ ← min
n

max{t♭ℓ,
Xℓ

fmax
},

Xℓ
fmin

o

;

9: t♭ℓ ←
Xℓ

fmin
for everyκ < ℓ ≤ K;

//TK = 0
10: B← {Bℓ | 1 ≤ ℓ ≤ K},Bmin ← ∅,Bmax ← ∅;
11: while truedo
12: while truedo
13: solve Equation (2) by applying the Lagrange Multiplier Method with the

restriction to execute bins in setBmin at frequencyfmin and bins in set
Bmax at frequencyfmax ;

14: let(t∗,κ
1 , t

∗,κ
2 , . . . , t

∗,κ
K ) be the solution derived by Step 13;

15: if t∗,κ
ℓ ≥

Xℓ
fmax

, ∀1 ≤ ℓ ≤ K then
16: break;
17: else
18: let binBℓ∗ be the binBℓ in B with the largestF ′

κ,ℓ(
Xℓ

fmax
);

19: B← B \ {Bℓ∗}, Bmax ← Bmax ∪ {Bℓ∗};

20: if t∗,κ
ℓ ≤

Xℓ
fmin

, ∀1 ≤ ℓ ≤ K then
21: break;
22: else
23: let binBℓ∗ be the binBℓ in B with the smallestF ′

κ,ℓ(
Xℓ

fmin
);

24: B← B \ {Bℓ∗}, Bmin ← Bmin ∪ {Bℓ∗};
//Compare the solutions whenTK > 0 andTK = 0

25: if
PK

ℓ=1 t
♭
ℓ > p then

26: return(t∗,κ
1 , t

∗,κ
2 , . . . , t

∗,κ
K );

27: else
28: return the better solution between(t∗,κ

1 , t
∗,κ
2 , . . . , t

∗,κ
K ) and

(t♭1, t
♭
2, . . . , t

♭
K);

task instance to utilize the energy saving in the dormant mode. That
is, if the worst-case execution time of the task isw < p, we would
let the processor stay in the dormant mode until the current task
instance has been released forp − w time units so that the energy
consumption in thep−w time units for procrastination is0. With a
specifiedκ, we would like to derive a frequency assignment so that
the expected energy consumption for execution and idling (in the
active mode) is minimized for each bin. The expected energy con-
sumption by setting the execution time of binBℓ astℓ is Fκ,ℓ(tℓ).
For anyℓ no more thanκ, functionFκ,ℓ(tℓ) is minimized when bin
Bℓ is executed at the critical frequencyf∗. For anyℓ larger thanκ,
functionFκ,ℓ(tℓ) is minimized whentℓ is set asmax{ Xℓ

fmax
, t†ℓ},

wheret†ℓ is the root ofF ′
κ,ℓ(t

†
ℓ) = 0 andF ′

κ,ℓ(tℓ) is the derivative
of functionFκ,ℓ(tℓ). For example, whenP (f) = αf3 + β, t†ℓ is

max



Xℓ
fmax

,Xℓ 3

r

2αΨ∗
ℓ

βΨ∗
ℓ
+(αf3

min
+β)

Pℓ−1
j=κ+1

ψj

ff

.

Let t†,κℓ be the valuetℓ which minimizes functionFκ,ℓ(tℓ) with-
out violating frequency constraints. Then, we just have to findκ† so

that
PK
ℓ=1 t

†,κ
ℓ ≤ p and

“

Pκ†

ℓ=1 ψℓEsw
”

+
“

PK
ℓ=1 Fκ†,ℓ(t

†,κ†

ℓ, )
”

is minimized. Then, once the processor completes a task instance
and decides to enter the dormant mode, the next task instancewill
start its execution after it is released forp −

PK
ℓ=1 t

†,κ
ℓ time units

with the above frequency assignment.
Take the example in Section 2.3 for demonstration, in whichκ†

is 2. The minimum expected energy consumption for procrastina-
tion is 2.208mJ by executing the first three bins at the critical fre-
quencyf∗ and the last three bins at frequencies1.119f∗ , 1.236f∗,

frequency

1.4f∗

1.2f∗

f∗

0.8f∗

0.6f∗

0.4f∗

0 5 10 15 20 25 30 (ms)

(a) Optimal

idle in the active modefrequency

1.4f∗

1.2f∗

f∗

0.8f∗

0.6f∗

0.4f∗

0 10 20 30 40 50 60 70 80 90 100 110 120(ms)

dormant dormant

(b) An actual schedule

Figure 3: A procrastination scheduling example.

and1.420f∗ with worst-case execution time21.631 milliseconds.
Figure 3(a) illustrates the resulting frequency assignment. Suppose
that the task completes right after executing the third bin for the
first instance, and right after the sixth bin for the second instance,
the second bin for the third instance, and the fifth bin for thefourth
instance. Figure 3(b) shows the actual schedule by applyingthe
procrastination procedure.

4. EXPERIMENTS
This section provides experimental results on Intel XScale, in

whichP (f) is approximately modeled as1520f3 + 80 mWatt [4,
16] with the assumption thatfmin = 0. When procrastination is
needed, the parametric procrastination strategy in [4] is adopted by
setting the parameterα in [4] as 0.5. Algorithms CFCF-P, AF-
P, AFCF-P, and RAFCF-P are the corresponding algorithms with
procrastination scheduling, while the strategy in Section3.2 is only
applied for Algorithm STATIC-P.

We perform evaluations for synthetic real-time tasks withnormal
anduniform discrete probability density functions as suggested in
[17, 18]. The amount of worst-case execution cycles is a random
variable in the range of[0.025f∗, 0.035f∗]. For a specified amount
c of the worst-case execution cycles of a taskτ , the probability
density function for a normal distribution is generated by setting the
mean as a random variable in the range of[ 2c

6
, 4c

6
] and the standard

deviation asc
6
. For a uniform distribution, the probability density

function is 1
c
. The number of bins of a synthetic task is an integral

random variable in the range of[10, 20], in which each bin is with
the same size. The probabilityψk of bin Bk is the accumulative
probability of the bin in the generated probability distribution.

The normalized expected energy consumption of an algorithm
is defined as the expected energy consumption of a task instance
derived from the algorithm divided by that from Algorithm CFCF.
The normalized actual energy consumption of an algorithm isde-
fined as the energy consumption derived from the algorithm divided
by that from Algorithm CFCF without applying procrastination. In
our experiments, each configuration is done with256 independent
settings, and their average value is reported. The actual energy con-
sumption is derived by running10000 task instances.

Figure 4 is the experimental results by varying the period from
20 milliseconds to45 milliseconds whenEsw is 1.5mJ. Figures
4(a) and 4(b) are for the normalized expected energy consumption
of the evaluated algorithms, and Figures 4(c) and 4(d) are for the
normalized actual energy consumption. When the period is small,
there is not too much room to turn the processor to the dormant
mode. Therefore, in Figures 4(a) and 4(b), when task period is less
than 25 milliseconds, the variation of accelerating strategies, in-
cluding Algorithms AF, AFCF, and RAFCF, could derive solutions
similar to Algorithm STATIC, in which all of them outperformAl-
gorithm CFCF since the task is executed at the constant (critical)
frequency to turn the processor off. The reason why Algorithms
AFCF and RAFCF might be worse than Algorithm AF is because
they increase the execution frequency to try to turn the processor
off but the processor remains active in the actual schedule.For Al-
gorithm AF, procrastination scheduling does not help at allsince
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Figure 4: Experimental results by varying periods of tasks with
Esw equal to1.5 mJ.

each task instance is with worst-case execution time equal to the
period.

Figure 5 is the experimental results by varying the energy switch-
ing overhead from0.1mJ to2mJ when the period is30 millisec-
onds. Figures 5(a) and 5(b) are for the normalized expected energy
consumption of the evaluated algorithms, and Figures 5(c) and 5(d)
are for the normalized actual energy consumption. Similarly, when
Esw is small, we have more room to turn the processor to the dor-
mant mode, and, hence, Algorithm CFCF outperforms the variation
of the accelerating strategies, while Algorithm STATIC is still the
best. WhenEsw is large enough (Esw ≥ 1mJ in Figure 5(a) and
Esw ≥ 1.5mJ in Figure 5(b)), the processor has less room to be
turned to the dormant mode, and, again, Algorithm AF becomes
better than Algorithms CFCF, AFCF, and RAFCF. With procrasti-
nation scheduling, Algorithm STATIC-P can minimize the energy
consumption than all the other evaluated algorithms as shown in
Figures 5(c) and 5(d).

5. CONCLUSION
This paper presents effective approaches to minimize the ex-

pected energy consumption for a real-time task with uncertain exe-
cution time in leakage-aware DVS systems. The simple extensions
of existing algorithms by taking the critical frequency as the min-
imum execution frequency are shown not optimal. This paper de-
velops an algorithm to derive an optimal frequency assignment to
minimize the expected system energy consumption under the tim-
ing constraint. Then, we adopt the procrastination scheduling strat-
egy for further energy reduction if the processor is decidedto be
turned to the dormant mode. Experiments show that our algorithms
can effectively minimize the expected energy consumption.

It is not difficult to extend the approaches in this paper to systems
with multiple power-saving modes. The proposed algorithmscan
also be used for multiple periodic real-time tasks by considering
that these tasks are with joint workload, such as the approaches
in [17]. However, whether the proposed algorithms in this paper
are adaptable to the approaches in [16,18] for inter-task scheduling
is unknown since we cannot find an exact function to express the
(optimal) expected system energy consumption for a given period.
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Figure 5: Experimental results by varyingEsw from 0.1 mJ to
2 mJ with period equal to 30 milliseconds.
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