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ABSTRACT
We present a CPU scheduling algorithm, calledEnergy-efficient
Utility Accrual Algorithm(or EUA), for battery-powered, embed-
ded real-time systems. We consider an embedded software ap-
plication model where repeatedly occurring application activities
are subject to deadline constraints specified using step time/utility
functions. For battery-powered embedded systems, system-level
energy consumption is also a primary concern. We consider CPU
scheduling that (1) provides assurances on individual and collective
application timeliness behaviors and (2) maximizes system-level
timeliness and energy efficiency. Since the scheduling problem
is intractable, EUA heuristically computes CPU schedules with a
polynomial-time cost. Several properties of EUA are analytically
established, including timeliness optimality during under-load sit-
uations and statistical assurances on timeliness behavior. Further,
our simulation results confirm EUA’s superior performance.

Categories and Subject Descriptors:D.4.7 [Operating Systems]:
Organization and Design—real-time systems and embedded sys-
tems; D.4.1 [Operating Systems]: Process Management—scheduling;
J.7 [Computers in Other Systems]: Real-time; C.3 [Special-Purpose
and Application-Based Systems]:Real-time and embedded systems;

General Terms: Algorithms, Experimentation, Performance

Keywords: Real-time systems, time/utility functions, energy-efficient
scheduling, utility accrual scheduling

1. INTRODUCTION
Energy consumption has become an important consideration in

the design of embedded systems, especially in those that are mobile
and battery-powered. In many embedded systems, the CPU con-
sumes a substantial fraction of the total energy, making it a prime
target for energy saving in past efforts.

Dynamic voltage scaling (DVS) is a common mechanism em-
ployed in the past to trade CPU’s energy consumption for per-
formance (see [2, 12, 14] and the references therein). DVS takes
into account an important characteristic of CMOS-based proces-
sors: the maximum clock frequency scales almost linearly with the
power supply voltage, and the energy dissipated per cycle scales
quadratically to the supplied voltage [3]. A lower frequency hence
enables a lower voltage and yields a quadratic energy reduction.
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Saving energy without substantially affecting application perfor-
mance is crucial for battery-driven, embedded real-time systems,
because real-time applications must satisfy time constraints (e.g.,
deadlines) on activity sojourn times [2]. Real-time systems are par-
ticularly well-suited to profit from DVS, since in real-time applica-
tions, the peak computing rate needed is usually much higher than
the average throughput that must be sustained. Thus, through DVS,
it is generally possible to obtain quadratic energy savings at the ex-
pense of roughly linearly increased sojourn time [6].

In this paper, we consider battery-powered, embedded real-time
systems that operate in environments with dynamically uncertain
properties. These uncertainties include transient and sustained over-
loads on the CPU and other resources due to context dependent ex-
ecution times. Such situations are non-deterministic, and must be
characterized with stochastic or extensional (rule-based) models.

During resource overloads, meeting all deadlines of all applica-
tion activities is impossible as the demand exceeds the supply. The
urgency of an application activity is typically orthogonal to the rel-
ative importance of the activity—-e.g., the most urgent activity can
be the least important, and vice versa. Hence when overloads oc-
cur, completing activities that are more important than those which
are more urgent is often desirable. Thus, a clear distinction has to
be made between the urgency and the importance of activities.

Deadlines by themselves cannot express both urgency and im-
portance. Thus, we consider the abstraction of time/utility func-
tions (or TUFs) [8] that express the utility of completing an appli-
cation activity as an application- or situation-specific function of
when that activity completes. We specify the deadline constraint of
an activity as a binary-valued, downward “step” shaped TUF.

Figure 1 shows example step TUFs. Note that a TUF decouples
importance and urgency—i.e., urgency is measured as a deadline
on the X-axis, and importance is denoted by utility on the Y-axis.

-
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Figure 1: Example Step TUFs (that specify deadlines)

When time constraints are expressed with TUFs, the scheduling
optimality criteria are based on maximizing accrued utility from
those activities—e.g., maximizing the sum of the activities’ attained
utilities. Such criteria are calledUtility Accrual (or UA) criteria,
and sequencing (scheduling, dispatching) algorithms that consider
UA criteria are called UA sequencing algorithms.

A UA algorithm that maximizes the sum of activities’ attained
utilities will seek to meet all activity deadlines when sufficient CPU
time is available for doing so. Further, when overloads occur, such
an algorithm will naturally tend to favor activities that are more



important (from whom greater utility can be accrued) than those
which are more urgent.

In this paper, we consider the problem of CPU scheduling to
maximize activities’ attained utilities, and reduce system-level en-
ergy consumption for prolonging battery life. We consider repeat-
edly occurring application activities that are subject to deadlines
expressed using downward step TUFs. To better account for uncer-
tainties in activity behaviors, we consider a stochastic model, where
activity execution demand is stochastically expressed. We consider
a system-level energy consumption model [11], where each sys-
tem component’s energy consumption is individually modeled and
aggregated to obtain system-level energy consumption.

For such an activity model, our objective is to: (1) provide statis-
tical assurances on individual activity timeliness behavior includ-
ing application-defined, probabilistic, lower bounds on individual
activity utility; (2) provide assurances on system-level timeliness
behavior including lower bound on the sum of activities’ attained
utilities; (3) maximize the sum of activities’ attained utilities; and
(4) maximize system-level energy efficiency.

This problem has not been studied in the past and isNP-hard.
We present a polynomial-time, heuristic algorithm for the problem
calledEnergy-efficient Utility Accrual Algorithm(or EUA). We an-
alytically establish EUA’s several timeliness properties. These in-
clude: (1) timeliness optimality during under-loads and (2) assur-
ances on timeliness behavior including lower bounds on individual
activity utility and system-wide, collective utility. Further, our sim-
ulation studies confirm that EUA provides statistical assurances on
timeliness behavior and improves system-level energy-efficiency.

Most of the past efforts on energy-efficient, real-time schedul-
ing consider deadline-based optimality—i.e., meeting all or some
percentage of activity deadlines [2, 6, 12, 13]. The only energy-
efficient, UA scheduling effort that we are aware of is [13]. How-
ever, [13] does not provide any assurances on timeliness behavior—
this is the central contribution of our work. To the best of our
knowledge, EUA is the first energy-efficient, real-time schedul-
ing algorithm that provides assurances on individual and collective
timeliness behavior.

The paper is organized as follows: Section 2 describes our mod-
els and state the scheduling objective. Section 3 presents EUA, and
Section 4 establishes EUA’s timeliness properties. Section 5 dis-
cusses the simulation studies. We conclude the paper in Section 6.

2. MODELS AND OBJECTIVE

2.1 Activity Model
We consider the application to consist of a set of tasks, denoted

asT = {T1, T2, · · · , Tn}. Each taskTi has a number of instances,
and these instances may be released either periodically or sporadi-
cally with a known minimal inter-arrival time. The period or min-
imal inter-arrival time of a taskTi is denoted asPi. All tasks are
assumed to be independent—i.e., they do not share resources or
have any precedence relationships.

An instance of a task is called ajob. We refer to thejth job
(or invocation) of taskTi asJi,j . The basic scheduling entity that
we consider is the job abstraction. Thus, we useJ to denote a
job without being task specific, as seen by the scheduler at any
scheduling event. Jobs can be preempted at arbitrary times.

2.2 Timeliness Model
A job’s time constraint is specified using a step TUF. (It is pos-

sible to have non step TUF time constraints [4, 5, 8, 10]; here, we
focus on step TUFs.) Jobs of a task have the same TUF. We use
Ui (.) to denote taskTi’s TUF. The TUF of taskTi’s jth job is
denoted asUi,j (.), which has the same shape asUi (.). Without
being task specific, we useUJk to denote the TUF of a jobJk; thus
completion of the jobJk at a timet will yield a utility UJk (t).

Each TUFUi,j , i ∈ {1, · · · , n} has an initial timeIi,j and a
termination timeXi,j . Initial and termination times are the earliest
and the latest times for which the TUF is defined, respectively. We
assume thatIi,j is the arrival time of jobJi,j , andXi,j − Ii,j is
the period or minimal inter-arrival timePi of the taskTi. If Ji,j ’s
Xi,j is reached and execution of the corresponding job has not been
completed, an exception is raised. Normally, this exception will
causeJi,j ’s abortion and execution of exception handlers.

2.3 Statistical Timeliness Requirement
Each task needs to accrue some percentage of its maximum pos-

sible utility. Thestatistical performance requirementof a taskTi is
denoted asρi, which implies that taskTi should accrue at leastρi

percentage of its maximum possible utility. For taskTi with a step
TUF, ρi also denotes the probability that it should meet its job ter-
mination times. For example, ifρi = 0.93, then the taskTi needs
to accrue at least93% of its maximum possible utility; i.e., it needs
to meet no less than93% of job termination times.

During some situations, it is possible that such statistical assur-
ances cannot be provided. When that happens, the objective is to
maximize the total utility per system-level energy consumption.

2.4 Activity Cycle Demands
Both UA scheduling and DVS are dependent on the prediction of

task cycle demands. We estimate the statistical properties (e.g., dis-
tribution, mean, variance) of the demand rather than the worst-case
demand for three reasons: (1) many embedded real-time applica-
tions exhibit a large variation in theiractual workload [4]. Thus,
the statistical estimation of the demand is much more stable and
hence more predictable than that of the actual workload; (2) worst-
case workload is usually a very conservative prediction of the actual
workload [2], resulting in resource over-supply, and exacerbates the
power consumption problem; and (3) allocating cycles based on the
statistical estimation of tasks’ demands can provide statistical per-
formance assurances, which is sufficient for the applications that
are of interest to us.

Let Yi be the random variable of a taskTi’s cycle demand. We
assume that the mean and variance of task cycle demands are fi-
nite and determined through either online or off-line profiling. We
denote the expected workload, i.e., the expected number of proces-
sor cycles required by a taskTi asE(Yi), and the variance on the
workload asV ar(Yi). Note that, under a constant speed i.e., fre-
quencyf (given in cycles per second), the expected execution time
of a taskTi is given byei = E(Yi)

f
.

2.5 Energy Consumption Model
We consider Martin’s system-level energy consumption model [11,

13] to derive the energy consumption per cycle. In this model, the
CPU’s dynamic power consumption, denotedPd, when operating
at a frequencyf is given byPd = Cef × V 2

dd × f , whereCef

is the effective switch capacitance andVdd is the supply voltage.
The clock frequency is almost linearly related to the supply volt-

age, sincef = k × (Vdd−Vt)
2

Vdd
, wherek is constant andVt is the

threshold voltage [13]. By approximation,f = a×Vdd, wherea is
constant. Thus,Pd =

Cef

a2 × f3 = S3 × f3, whereS3 is constant.
Here, both the voltage and the frequency can be scaled.

Besides the CPU, there are alsoother system components that
consume energy. Some system components must operate at a fixed
voltage and thus their power can only scale with frequency. Exam-
ples include main memory. In this case,Cef × V 2

dd can be repre-
sented as another constant, say,S1, andPd becomesPd = S1× f .
Other components in the system consume constant power with re-
spect to the frequency—e.g., display devices. Thus, their power
consumption can be represented asS0, whereS0 is constant.

For completeness in fitting the measured power of a system to the



cubic equation, another term is included to represent the quadratic
term—i.e.,Pd = S2 × V 2

dd. Sincef is almost linearly related to
Vdd, Pd is represented asPd = S2 × f2. While this term does
not represent the dynamic power consumption of CMOS, because
it implies thatVdd is being lowered without also loweringf , in
practice, this term may appear because of variations in DC-DC reg-
ulator efficiency across the range of output power, CMOS leakage
currents, and other second order effects [11].

Summing the power consumption of all system components to-
gether, an equation for system-level power consumption is obtained
as:P = S3 × f3 + S2 × f2 + S1 × f + S0. The corresponding
energy consumption of a taskTi is given by:Ei = P × ei, where
ei denotesTi’s expected execution time. Therefore, the expected
energy consumption per cycle is given by:

E(f) = S3 × f2 + S2 × f + S1 +
S0

f
(1)

2.6 Scheduling Objective
We define a system-level performance metric, calledUtility and

Energy Ratio (UER) to integrate timeliness and energy consump-
tion. A job’s UER measures the utility that can be accrued per unit
energy consumption by executing the job. Thesystem-levelUER is
defined as the ratio of the total accrued utility to the total system-
level energy consumption—i.e.,UER =

∑n
i=1 Ui∑n
i=1 Ei

.

We define a two-fold scheduling criterion: (1) assure that each
taskTi accrues the specified percentageρi of its maximum possible
utility; and (2) maximize the system-level UER. We also desire to
obtain a lower bound on the total activities’ attained utilities. Note
that by maximizing UER, we maximize the total activities’ attained
utilities as well as system-level energy efficiency. As discussed
previously, when it is not possible to satisfyρi for each task, our
objective is to maximize the system-level UER.

This problem isNP-hard because it subsumes theNP-hard
problem of scheduling dependent tasks with step TUFs [5].

3. THE EUA ALGORITHM

3.1 Statistical Estimation of Demand
EUA first needs to decide the number of cycles that must be al-

located to each task. To provide statistical timeliness assurances
while maximizing energy efficiency, EUA allocates cycles based
on the statistical requirements and demand of each task. Know-
ing the mean and variance of taskTi’s demandYi, by a one-tailed
version of the Chebyshev’s inequality, wheny ≥ E(Yi), we have:

Pr[Yi < y] ≥ (y − E(Yi))
2

V ar(Yi) + (y − E(Yi))2
(2)

Equation 2 is the direct result of the cumulative distribution func-
tion of the taskTi’s cycle demands. Now, letρi be the statisti-
cal performance requirement ofTi i.e., each jobJi,j of task Ti

must accrueρi percentage of utility. To satisfy this requirement,

we letρi = (Ci−E(Yi))
2

V ar(Yi)+(Ci−E(Yi))2
and obtain the minimal required

Ci = E(Yi) +
√

ρi×V ar(Yi)
1−ρi

.

Thus, the scheduler allocatesCi cycles to each jobJi,j , so that
the probability that jobJi,j requires no more than the allocatedCi

cycles is at leastρi i.e.,Pr[Yi < Ci] ≥ ρi.

3.2 UA Scheduling with DVS
The parameterCi determineshow long(in number of cycles) to

execute each task. EUA then needs to determinewhenandhow fast
(i.e., CPU speed scaling) to execute each task.

We suppose that there aren tasks and each task is allocatedCi

cycles within itsPi. Assuming that each task presents its worst-
case workload to the processor at every instance, the static, opti-
mal CPU speed to minimize the total energy while meeting all the
Pi under the traditional energy consumption model is given by the
aggregate CPU demand of the concurrent tasks [2]:

n∑
i=1

Ci

Pi
(3)

million cycles per second (MHz). This speed can be assigned to
execute all tasks until the task set changes.

However, the cycle demands of tasks often vary greatly. In par-
ticular, a task may, and often does, complete a job before using up
its allocated cycles. Consequently, dynamically monitoring or an-
ticipating such early computations, and adjusting the CPU speed
can be a powerful approach to obtain energy savings.

We consider the system’s energy consumption as given by Equa-
tion 1. The equation implies that there is an optimal value (not
necessarily the lowest) for clock frequency that minimizesEi for a
taskTi. We assume that the CPU can be operated atm frequencies
{f1, · · · , fm

∣∣f1 < · · · < fm}.
EUA first decides the optimal frequency for each taskTi that

maximizes the task’s local UER. At each scheduling event, for the
n′ jobsJr = {J1, J2, · · · , Jn′} currently in the ready queue, the
algorithm sorts them based on their UERs in a non-increasing order.
EUA then inserts the jobs into a tentative schedule in the order of
their termination times (earliest termination time first).

We define thesystem load(Load) as:

Load =
1

fm

n∑
i=1

Ci

Pi
(4)

If the system is overloaded, it is possible that the queueJr,
whosequeue loadis defined as 1

fm

∑n′
k=1(CJk

/
(Jk.X − tcur)),

is also overloaded. Note thatJk.X refers to the termination time
of Jk. Thus, upon inserting a job, EUA performs feasibility check,
and ensures the feasibility of the tentative schedule by dropping
some jobs; that is, the predicted completion time of each job left in
the tentative schedule never exceeds its termination time.

To calculate a CPU frequency for the currently selected job i.e.,
the one at the head of the tentative schedule, we adopt a stochastic
DVS technique similar to the Look-Ahead EDF (LaEDF) technique
discussed in [12]. The calculated value is compared with the job’s
local optimal frequency, and the higher one is selected as the CPU
frequency. This process is elaborated later.

Intuitively, during overloads it is very possible for the DVS tech-
nique to select the highest frequencyfm for the execution of the
processor, since the aggregate CPU demand defined in Equation 3
is higher thanfm. Therefore, during overloads, with the constant
energy consumption at frequencyfm, to maximize the collective
utility per unit energy as our objective, we need to maximize the
collective utility. This is exactly why we sort the jobs based on
their UERs and perform the feasibility check. Such heuristics are
explained in detail in the next section.

3.3 Algorithm Description
The scheduling events of EUA include the arrival and completion

of a job, and the expiration of a time constraint such as the arrival
of the termination time of a TUF. To describe EUA, we define the
following variables and auxiliary functions:
• T is the task set.Xi is taskTi’s current invocation’s termination
time;Cr

i denotes its current job’s remaining computation cycles.
• Jr is the current unscheduled job set;σ is the ordered schedule.
Jk ∈ Jr is a job. Jk.X is job Jk ’s termination time;Jk.C is its
remaining cycle.



• T (Jk) returns the corresponding task of jobJk. Thus, ifTi =
T (Jk), thenJk.C = Cr

i , andJk.X = Xi.
• headOf( σ) returns the first job inσ; sortByUER( σ) sorts
σ by each job’s UER.selectFreq( x) returns the lowest fre-
quencyfi ∈ {f1, · · · , fm

∣∣f1 < · · · < fm}: x ≤ fi.
• offlineComputing() is computed att = 0. For taskTi,

it computesCi asCi = E(Yi) +
√

ρi×V ar(Yi)
1−ρi

, and determines

its optimal frequencyfo
Ti
∈ {f1, · · · , fm}, which maximizes the

task’s UER.Ti’s UER is defined asUi(t + Ci
f

)
/

(Ci × E(f)),
whereE(f) is derived using Equation 1.
• Insert( T , σ, I) insertsT in the ordered listσ at the position
indicated by indexI; if there are already entries inσ at the index
I, T is inserted after them.
• feasible( σ) returns a boolean value denoting scheduleσ’s
feasibility. Forσ to be feasible, the predicted completion time of
each job inσ, calculated at the highest frequencyfm, must not
exceed its termination time.

Algorithm 1: EUA: High Level Description
1: input : T = {T1, · · · , Tn},Jr = {J1, · · · , Jn′}
2: output : selected jobJexe and frequencyfexe

3: offlineComputing (T);
4: Initialization: t := tcur , σ := ∅;
5: switch triggering eventdo
6: casetask release(Ti) Cr

i = Ci;
7: casetaskcompletion(Ti) Cr

i = 0;
8: otherwise UpdateCr

i ;

9: for ∀Jk ∈ Jr do
10: if feasible( Jk) =false then
11: abort( Jk) ;

12: else Jk.UER:=UJk
(t +

Jk.C

fm
)
/

(E(fm)× Jk.C);

13: σtmp :=sortByUER( Jr) ;
14: for ∀Jk ∈ σtmp from head to taildo
15: if Jk.UER > 0 then
16: copyσ into σtent: σtent :=σ;
17: Insert( Jk , σtent, Jk.X) ;
18: if feasible( σtent) then
19: σ := σtent;

20: else break;

21: Jexe:=headOf( σ) ;
22: fexe:=decideFreq( T, Jexe, t) ;
23: return Jexe andfexe;

A description of EUA at a high level of abstraction is shown in
Algorithm 1. When EUA is invoked at timetcur, the algorithm first
updates each task’s remaining cycle (theswitch starting from
line 5). The algorithm then checks the feasibility of the jobs. If
a job is infeasible, then it can be safely aborted (line 11). Other-
wise, its UER is calculated (line 12).

The jobs are then sorted by their UERs (line 13). In each step
of the for loop from line 14 to 20, the job with the largest UER
is inserted intoσ, if it can produce a positive UER, and keep the
schedule after insertion feasible. Thus,σ is a feasible schedule
sorted by the jobs’ termination times.

Finally, EUA analyzes the demands of the task set and applies
DVS to decide the frequencyfexe with algorithmdecideFreq() .
The selected jobJexe at the head ofσ is executed with the fre-
quencyfexe (line 21–23).

Algorithm 2 showsdecideFreq() , the stochastic DVS tech-
nique adopted by EUA, which is similar to LaEDF [12].

In Algorithm 2, EUA keeps track of the remaining computation
cyclesCr

i , as updated from line 5 to line 8 of Algorithm 1. From
line 2 to line 10, the algorithm considers the interval until the next
task termination time and tries to “push” as much work as possible
beyond the termination time. The algorithm considers the tasks in
the latest-termination-time-first order in line 4.

x is the minimum number of cycles that the task must execute
before the closest termination time,Xn, in order for it to complete

Algorithm 2: DecideFreq()
1: input : T, Jexe, tcur ; output: fexe ;
2: Util := C1/P1 + · · ·+ Cn/Pn;
3: s := 0;
4: for i = 1 to n, Ti ∈ {T1, · · · , Tn

∣∣X1 ≥ · · · ≥ Xn} do
5: / * reverse EDF order of tasks * / ;
6: Util := Util− Ci/Pi;
7: x :=max( 0, Cr

i − (fm − Util)× (Xi −Xn)) ;

8: Util :=

{
1, if Xi −Xn = 0

Util +
Cr

i −x

Xi−Xn
, otherwise

;

9: s := s + x;

10: f :=min( fm, s/(Xn − tcur)) ;
11: fexe:=selectFreq (f );
12: fexe:=max( fexe, fo

T (Jexe)) ;

by its own termination time (line 7), assuming worst-case aggregate
CPU demandUtil by tasks with earlier termination times. The
aggregate demandUtil is adjusted to reflect the actual demand of
the task for the time afterXn (line 8). s is simply the sum of the
x values calculated for all of the tasks, and therefore reflects the
minimum number of cycles that must be executed byXn in order
for all tasks to meet their termination times (line 9). In line 10, the
operating CPU frequency is set just fast enough to executes cycles
over this interval.

Thus,decideFreq() capitalizes on early task completion by
deferring work for future tasks in favor of scaling the current task.
Further, in line 8 we consider the case that jobs of different tasks
have the same termination times, which can occur, especially dur-
ing overloads. Also, during overloads, the required frequency may
be higher thanfm, andselectFreq() would fail to return a
value. In line 10, we solve this by setting the upper limit of the
required frequency to be the highest frequencyfm.

Finally, the result ofselectFreq() is compared with the op-
timal frequency ofT (Jexe) decided inofflineComputing()
(line 12). The higher frequency is selected to preserve the statistical
performance assurance and maximize system-level UER.

4. TIMELINESS PROPERTIES
We establish EUA’s timeliness properties under conditions: (1) a

set of independent periodic tasks; and (2) absence of CPU overloads—
i.e., sufficient cycles exist for meeting all task termination times.

THEOREM 1. Under conditions (1) and (2), a schedule pro-
duced by EDF [7] is also produced by EUA, yielding equal total
utilities. This is a termination time-ordered schedule.

Proof We prove this by examining Algorithms 1. For periodic
tasks with step TUFs during non-overload situations,σ from line 19
of Algorithm 1 is termination time ordered. The TUF termination
time that we consider is analogous to a deadline in [7]. As proved
in [7, 9], a deadline-ordered schedule is optimal (with respect to
meeting all deadlines) when there are no overloads. Thus,σ yields
the same total utility as EDF. 2

Some important corollaries about EUA’s timeliness behavior dur-
ing under-loads can be deduced from EDF’s optimality [7].

COROLLARY 2. Under conditions (1) and (2), EUA always meets
all task termination times.

COROLLARY 3. Under conditions (1) and (2), EUA minimizes
the maximum lateness.

From Corollary 2, we can derive the properties of EUA on per-
formance assurances. With known height for each task’s TUF, we
can also derive the system-level utility assurance.

THEOREM 4. Under conditions (1) and (2), EUA meets the sta-
tistical performance requirements.
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Figure 2: AUR and DMR vs.Load of G underE1

Proof According to Equation 2, at leastρi demanded processor
cycles of taskTi are less than the allocated cycles. From Corol-
lary 2, under conditions (1) and (2), EUA can meet all task termi-
nation times; i.e., all the allocated cycles can be completed before
their termination times. Thus, for taskTi, EUA can meet at leastρi

termination times and accrue at leastρi utility. 2

THEOREM 5. Under conditions (1) and (2), if a taskTi’s TUF
has a heighthi, then the system-level utility ratio, defined as the
utility accrued by EUA with respect to the system’s maximum pos-
sible utility, is at least

∑n
i=1 ρihi∑n

i=1 hi
.

Proof We denote the number of jobs released by taskTi asmi.
The system-level accrued utility to the system’s maximum possible
utility is ρ1h1m1+···+ρnhnmn

h1m1+···+hnmn
. Thus, whenmi (i = 1, · · · , n)

approaches+∞, this formula becomes
∑n

i=1 ρihi∑n
i=1 hi

. 2

5. EXPERIMENTAL RESULTS

5.1 Experimental Settings
We performed extensive simulations to experimentally evaluate

EUA’s performance. The task settings in our simulation study are
summarized in Table 1. Table 1 shows task period/minimum inter-
arrival times (or P/I.A.) and maximum utility (orUmax). For each
demandYi, we keepV ar(Yi) ≈ E(Yi), and generate normally-
distributed cycle demands. We change the tasks’ cycle demands to
change the system load (Load of Equation 4).

Table 1: Task Settings
Task Jobs P/I.A. Umax

T1 154 25 10
T2 138 28 60
T3 160 24 10
T4 148 26 60

Table 2: Energy Settings
Energy
Model

S3 S2 S1 S0

E1 1.0 0 0 0
E2 0.75 0 0 0.25f3

m

E3 0.5 0 0 0.5f3
m

The energy consumption per cycle at a particular frequency is
calculated using Equation 1. In practice, theS3, S2, S1, andS0

terms depend on the power management state of the system and its
subsystems [11,13].

We use experimental settings similar to that in [11], but de-normalize
the terms. For comparison, the experiments are carried out under
three energy model settings, as shown in Table 2. Note thatE1 is
the same as the conventional energy model, which only considers
the CPU’s energy consumption.

We consider a CPU with seven different frequencies including
{360, 550, 640, 730, 820, 910, 1000 MHz}. These frequencies
reflect the setting that is available on a platform incorporating an
AMD k6 processor with AMD’sPowerNow! mechanism [1].

For comparison, we consider past energy-efficient, real-time schedul-
ing algorithms including BaseEDF, LaEDF, StaticEDF, and LaEDF-
NA. BaseEDF is EDF without DVS support and uses the highest

frequency. LaEDF is the Look-ahead RT-DVS for EDF [12]. Stat-
icEDF uses the constant speed given by Equation 3 and a “ceil-
ing” up to the lowest suitable frequency in{f1, f2, · · · , fm}. Stat-
icEDF switches to the lowest frequency whenever there is no ready
task. Combining the static schemes in [2] and [12], StaticEDF is
the static optimal solution to the DVS problem for the periodic task
model with step TUFs under the available frequency set. The pre-
vious three schemes abort infeasible tasks during overloads. Thus,
LaEDF-NA is LaEDF with no abortion.

LaEDF, LaEDF-NA, and StaticEDF perform DVS on periodic
tasks with known worst-case workload, which is unavailable in our
application model. Thus, we use the minimum inter-arrival time
and cycles allocated by EUA as their inputs.

5.2 Performance Assurances
Our first set of experiments evaluates EUA’s statistical perfor-

mance assurances. Because no strategies except EUA consider the
system-level energy consumption, we only use the energy model
E1 in the simulation experiments of this section. We consider the
task setG with the performance requirement of(ρ1, ρ2, ρ3, ρ4) =
(0.93, 0.92, 0.95, 0.90).

Figure 2(a) and 2(b) show the accrued utility ratio (AUR) and
termination-time meet ratio (DMR) of each task under increasing
Load, by EUA and LaEDF, respectively. AUR is the ratio of ac-
crued aggregate utility to the maximum possible utility, and DMR
is the ratio of the jobs meeting their termination times to the total
job releases of a task. For a task with a step TUF, its AUR and
DMR are identical. But the system-level AUR and DMR can be
different due to the mix of different utility of tasks.

As Figure 2(a) shows, with EUA during under-loads, all tasks ac-
crue 100% AUR and DMR, except taskT1, whose AUR and DMR
is 99.57% atLoad = 0.5. Thus, EUA delivers the statistical assur-
ance of being able to accrue the required percentage of task-level
maximum utility for all tasks. This also validates Theorem 4.

Comparing the results during overloads in Figure 2(a) and 2(b),
we observe that EUA still achieves near 100% AUR/DMR of task
T2 and T4, but achieves less AUR/DMR ofT1 and T3. On the
other hand, LaEDF decreases the AUR/DMR ofT2 andT4 more
than the other two. This is because,T2 andT4 have TUFs with
higher “heights” and thus higher utility; so EUA accrues more
system-wide utility by completing these tasks before their termina-
tion times. Schemes based on EDF cannot make such scheduling
decisions—T2 andT4 are not favored by LaEDF, since they have
longer termination times thanT1 andT3.

Figure 2(c) shows the system-level AUR and DMR of EUA and
LaEDF under increasingLoad. According to Theorem 5, with
large number of job releases, the system-level AUR should be at
least(10×0.93+60×0.92+10×0.95+60×0.90)/140 = 91.4%.
We observe that the AUR and DMR of EUA during under-loads are
above 98%. This validates Theorem 5. Further, EUA accrues much
more system-wide utility during overloads than LaEDF—although
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Figure 3: Normalized UER vs.Load under Various Energy Model Settings

its DMR is lower than that of LaEDF, EUA can obtain much higher
AUR than LaEDF in such cases.

5.3 Impact of Energy Models
To examine the energy model’s effects, we apply different schemes

on the task set under different energy settings. The task set has the
same statistical performance requirement as that in Section 5.2.

Figure 3 shows the UER for all the DVS schemes normalized
to the BaseEDF under energy model settingsE1, E2, andE3, as
Load varies from 0.2 to 1.8. We observe that under all three en-
ergy settings, EUA performs the best among all strategies under all
loads, especially during overloads. We also observe that LaEDF-
NA yields almost zero UER during overloads.

As Figure 3 shows, during overloads, the normalized UERs pro-
duced by LaEDF, StaticEDF, and BaseEDF converge to 1. This is
because, all three algorithms select the highest frequency by DVS
calculation during overloads, and bear no difference in scheduling.
As theS0 term increases, EUA adjusts the selected frequency to
accrue more UER. This effect is more pronounced underE3, when
LaEDF, LaEDF-NA, and StaticEDF perform worse than BaseEDF,
while EUA still outperforms BaseEDF during all loads.
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Figure 4: Normalized Energy and Utility underE3

We speculate that, the UER gap between EUA and the other
schemes is because EUA saves more energy during under-loads,
and accrues higher utility during overloads.. Our speculation is
verified in Figure 4, which shows the accrued utility and energy
consumption normalized to BaseEDF, under energy settingE3.

We observe in Figure 4(a) that, during under-loaded situations,
all schemes accrue the same (optimal) utility because of EDF’s op-
timality [7] in such cases. But during overloads, LaEDF-NA suf-
fers domino effects and accrues almost no utility [10]. On the other
hand, EUA schedules jobs with higher UERs, and thus accrues re-
markably higher utility than the others.

From Figure 4(b), we observe that EUA saves more energy than
the other schemes during under-loads. Further, this portion of the
curves is nearly symmetric to the corresponding portion of Fig-
ure 3(c). LaEDF-NA’s energy consumption increases linearly with
Load, because it performs no abortion and executes all jobs.

6. CONCLUSIONS, FUTURE WORK
This paper presents an energy-efficient, UA real-time scheduling

algorithm called EUA that considers activities subject to deadlines
expressed using step TUFs and system-level energy consumption
concerns. EUA’s objective is to probabilistically satisfy application-
specified lower bounds on activity utility, obtain a lower bound on
collective utility, and to maximize collective utility and energy ef-
ficiency. EUA statistically allocates cycles to individual activities
and executes their allocated cycles at different speeds with DVS.

We establish EUA’s timeliness optimality during under-loads and
assurances on individual and collective timeliness behavior. Our
simulation experiments confirm EUA’s timeliness assurances and
improvement in system-level energy efficiency.

Several aspects of the work are directions for further research.
Examples include considering application-specified, lower bounds
on collective utility as the algorithm’s input (instead of deriving
that bound), allowing aperiodic tasks, considering non-step TUFs,
and accounting for scheduler overhead in computing schedules.
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