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Abstract

In recent years, power management and power re-
duction has become o critical issue in portable systems
that are designed for real-time use. In this paper, we
study the problem of static allocation of a set of inde-
pendent tasks onto a real-time system consisting of het-
erogeneous processing elements, each enabled with dis-
crete Dynamic Voltage Scaling. The allocation problem
18 first formulated as an extended Generalized Assign-
ment Problem. A linearization heuristic (LR-heuristic)
is then extended for solving the problem. An analy-
sis of the upper bound on the number of tasks that the
heuristic may fail to allocate is also presented. Qur
experiments show that when the real-time constraints
are tight, the LR-heuristic achieves 15% off the opti-
mal energy consumption for small size problems, while
the performance of a classic greedy heuristic is around
90% off the optimal. A relative performance improve-
ment of up-to 40% over the classic greedy heuristic is
also observed for large size problems.

1. Introduction

In recent years, power management and power re-
duction has become increasingly important in various
computation and communication systems. It is a criti-
cal issue in portable systems that are designed for real-
time use. These systems must be designed to meet
both functional and timing requirements. Thus, the
quality of service delivered by such systems depends
not only on the accuracy of computations, but on their
timeliness. The performance requirements as well as
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the power-consumption constraints require implement-
ing different parts of the systems in dedicated hardware
blocks. As a result, modern real-time systems [13] are
generally composed of a set of heterogeneous processing
elements (PEs), where a PE can be a general-purpose
processor, a RISC core, or a field-programmable gate
array. Such heterogeneous systems may be geographi-
cally distributed, or reside on a single board, yielding
heterogeneous multiprocessors that exploit task-level
parallelism in applications. Examples of such systems
are mobile computing environment [10] and distributed
embedded systems [6], among others. Resource alloca-
tion and scheduling in such systems is already challeng-
ing due to the need to address real-time constraints and
system heterogeneity. The problem becomes more chal-
lenging when power management and reduction is also
considered as one of the design objectives. The power
consumption of the system must be carefully balanced
against desired system performance.

Power management and reduction can be achieved
by two methods: (1) activity based dynamic power
management [17], and (2) dynamic supply voltage scal-
ing [21]. The first approach brings a processor into a
power-down mode, where only certain parts of the com-
puter system (e.g., clock generation and time circuits)
are kept running, while the processor is in an idle state.
However, the applicability of dynamic power manage-
ment techniques in real-time systems is limited, due to
the latency overhead for state transition. The second
approach, Dynamic Voltage Scaling (DVS), is based on
exploiting the convex relation between the CPU sup-
ply voltage and power consumption. The rationale be-
hind DVS technique is to stretch out task execution
time through CPU frequency and voltage reduction.
The traditional real-time scheduling theory [13] deals
with fixed CPU speed, and hence cannot be directly



applied to this situation. Power-aware scheduling via
DVS can be classified as static and dynamic techniques.
Static techniques are applied at design time by allocat-
ing and scheduling resources using off-line approaches,
while dynamic techniques control the runtime behavior
of the systems to reduce power consumption.

Although systems capable of operating on an almost
continuous voltage/frequency spectrum are becoming a
reality, most of the contemporary processors that sup-
port DVS use a few discrete voltage levels. Two exam-
ple processors that support discrete DVS are (1) the
Crusoe processor [24] that can adjust clock frequency
from 200 to 700 MHz and corresponding supply volt-
age from 1.1V to 1.6V, in 33 MHz steps, and (2) the
ARMTD processor [22] that can run at 33 MHz (5V
supply voltage) and 20 MHz (3.3V supply voltage).

In this paper, we study the problem of static alloca-
tion of a set of independent tasks onto a real-time sys-
tem consisting of heterogeneous processing elements,
each equipped with discrete DVS feature. The tasks
considered in this paper are assumed to be periodic. In
general, this allocation problem is NP-complete. Actu-
ally, the problem of scheduling on homogeneous mul-
tiprocessors with task preemption allowed to minimize
the number of tasks that miss their deadlines is NP-
complete [11]. The allocation problem is first formu-
lated as a Integer Linear Programming (ILP) problem,
which can be viewed as an extension of the traditional
Generalized Assignment Problem [19]. An extended
LR-heuristic [19] is then used for solving the prob-
lem. We present a lower bound on the number of tasks
that the LR-heuristic may fail to allocate. Our exper-
iments show that when the real-time constraints are
tight, the LR-heuristic achieves 15% off the optimal
energy consumption for small size problems, while the
performance of a classic greedy heuristic is around 90%
off the optimal. A relative performance improvement
of up-to 40% over the classic greedy heuristic is also
observed for large size problems.

The rest of the paper is organized as follows. A brief
discussion of related work is presented in Section 2.
The system and application models are discussed in
Section 3. A formal ILP formulation of the problem
based on the models is presented in Section 4. The
LR-heuristic for solving the problem is presented and
analyzed in Section 5. Experimental results are pre-
sented in Section 6. Concluding remarks and a discus-
sion of future work is given in Section 7.

2. Related Work

For brevity, the term scheduling is used to mean
both allocation and scheduling in this section. Based
on the underlying system model, research in power-

aware resource scheduling using DVS can be classified
into two categories: (1) scheduling on uni-processors,
and (2) scheduling in multi-processor systems. There
is extensive work targeting uni-processors. However,
very little is known about power-aware scheduling in
multi-processor systems.

e Power-aware scheduling on uni-processors:
One of the earliest work, [25], provides an optimal
static scheduling algorithm to minimize the total
energy consumption while satisfying the relative
deadline of all tasks. A non-preemptive variable
voltage scheduling heuristic with the assumption
of zero delay in changing voltage levels is devel-
oped in [7]. An efficient solution for scheduling
periodic real-time tasks with (potentially) differ-
ent power consumption characteristics is presented
in [2]. The equivalence of the static scheduling
problem to the reward-based scheduling problem
with concave reward functions is shown in [3].
Also, an integrated heuristic for dynamic adjust-
ment of discrete voltage values is developed in [15].

e Power-aware scheduling in multi-processor
systems: For frame-based tasks and homoge-
neous multi-processor environment, a dynamic
processor supply voltage and speed adjustment
mechanism using slack reclamation is discussed
in [28]. A power-conscious joint scheduling for
periodic task graphs and aperiodic tasks in dis-
tributed real-time systems is presented in [14]. In
this work, the resource allocation is carried out
in two steps. A feasible static resource allocation,
task assignment and scheduling is first obtained
by a system synthesis tool [5], using genetic algo-
rithm. The next step is a re-scheduling of tasks
on each individual node. However, no claim of the
optimality of the allocation is made. By assuming
that task mapping is given, an end-to-end synthe-
sis technique for a set of task pipelines in low power
distributed real-time system is presented in [9].

Our research falls into the second category. The
contribution of our work is to systematically formulate
the power-aware resource allocation problem in real-
time system as an extended Generalized Assignment
Problem (GAP). By exploring the inherent similar-
ity between these two problems, techniques that are
available for solving GAP can be extended to solve
power-aware scheduling problems. This paper also
serves as a step towards power-aware scheduling of
tasks with dependency constraints and communication
cost. [14] studies a related problem by assuming con-
tinuous DVS techniques. It proposes an empirical two-
step approach.



3. Problem Definition

System Model: The system consists of a set of m
PEs, {PE:,PE,,...,PE,}. Each PE is equipped
with discrete DVS feature and can adjust its voltage
independently of others. Let V}, denote the number of
discrete voltage levels of PE,, k = 1,2,...,m. Also,
the Earliest Deadline First (EDF) [12] scheduling pol-
icy is assumed to be used by each PE.

Application Model: A set of n independent periodic
real-time tasks, {T1,T5,...,T,}, are considered. The
period of Tj is denoted by P;, which is assumed to be
equal to the relative deadline of each instance of T; [12].
This means each instance of a task must complete ex-
ecution before starting the next instance of the same
task. The workload of a task is measured by the worst-
case number of CPU cycles required for executing the
task, which can be different on different PEs, due to the
system heterogeneity. The worst-case number of CPU
cycles required by T; to execute on PE}, is assumed to
be a finite positive number, denoted by C;;. The exe-
cution time of T; on PE) under a constant speed S
(given in cycles per second) is t;;, = gﬂ’: Because the
number of voltage levels of PEy, is Vi, S;; can take at
most V}, discrete values.

In each PE, the voltage is assumed to be dynam-
ically switched, if necessary, upon the arrival or the
resumption of execution (because of preemptive task
scheduling) of task instances. An upper bound on
the number of such switches during the execution of
an instance of Tj is given by Y% il P] The time
overhead associated with this sw1tch1ng is assumed to
be included in the worst-case workload of the corre-
sponding task. The power consumption of task 7; on
PE), under speed S;i is denoted by g¢;x(Six), a strictly
increasing convex function, represented by a polyno-
mial of at least second degree [8]. If T; occupies the
CPU of PE}, during the time interval [t1,¢2], the en-
ergy consumed by PE}) during this interval is given
by Eix(t1,62) = [/7 gix(Sir(t))dt. Tf the CPU speed,
Sik, during the execution of Tj is fixed, E;;, can be cal-
culated as g;x(Sik)tik- Due to system heterogeneity,
the exact form of the polynomial function, g;;, can be
different for executing different tasks on the same PE
and/or for executing the same task on different PEs.
Task Scheduling and Resource Allocation: A
schedule of a set of periodic tasks on PEjy is feasible if
each instance of task 7; in the set can be assigned at
least Cj; CPU cycles before its relative deadline. The
utilization of a task on a PE is defined as the CPU
time that the task needs for completing its execution,
normalized by the period of the task. Let u;; denote
the utilization of T; on PEy. If T; is executed at speed

Sik, we have u;, = t;?’: = Si—'}g According to [12], the

EDF schedule of a set of tasks, T, to be executed on
PE}, is feasible if and only if the total utilization of all
tasks in T' does not exceed the computation capacity
of PEk, i.e. ETiETuik S 1.

A resource allocation is defined as a mapping of all
the tasks onto the PEs, along with the setting of volt-
age level for each task on the corresponding PE. Each
task can be mapped onto exactly one PE and can be
executed with a fixed voltage level on that PE. An al-
location is feasible if for every PE},, the EDF schedule
of tasks allocated on PE)}, is feasible. A feasible allo-
cation is optimal if the overall energy consumption of
the system is minimal among all feasible allocations.
Because different tasks may have different periods, the
overall energy consumption is calculated as the energy
consumption of the system during the least common
multiple of periods of all tasks, denoted by LC'M.

4. Integer Linear Programming
Formulation

The problem defined in Section 3 essentially asks for
a static allocation of tasks onto voltage levels. Let m
denote the total number of voltage levels in the system,
ie, m = Y, Vi. Also, we label the d-th voltage
level of PE}, as the j-the voltage level of the system,
denoted by VL;, where j = >.+_'V; +d. Thus, by
referring to a voltage level, we unambiguously mean
the corresponding PE and the corresponding voltage
level of the PE. Let VLG (k) denote the set of voltage
levels of PEy,.

Let u;; denote the utilization of task T; when T; is
executed on voltage level V L;. Similarly, let e;; denote
the energy consumption in executing an instance of T;
on VL;. Since we are optimizing the system energy
consumption during each LC M, let egj denote the to-
tal energy consumption for executing T3 on V L; dur-
ing a LCM. We have e = ey LgM. Given an al-
location, the utilization of voltage level VL;, Uj, is
defined as the sum of the utilization of tasks that are
mapped onto V' L;. For any feasible allocation, we have
2vi;eviau Ui <1 k=1,...,m. Let {z;;} be a set
of 0-1 variables such that Zij equals one if T; is mapped
on VL;, and zero otherwise. The problem can now be
formulated as the following ILP problem, ILP(1).

Dy Yy €

Minimize
subject to

Y uiriy —U; <00 j=1,2,...,m (1)
ZYLJ-EVLG(k) U; <1 k=12,....m (2)
Z;n:lmij:]- i=1,2,.. ,n (3)
zi; € {0,1} 1=1,2,...,n,
ji=12,....m (4



This formulation is in the same form of a General-
ized Assignment Problem (GAP) [19] except for con-
straints (2) above. The only difference between ILP(1)
and GAP is that the capacity of resources, in terms of
the utilization of voltage levels, are defined in groups
in ILP(1), whereas in case of GAP, they are defined
individually. If there is a feasible solution for ILP(1), a
GAP formulation can be obtained by substituting the
U;’s with their corresponding values in the solution and
removing constraints (2). Intuitively, the value of U;’s
can be determined by solving the linear relaxation of
ILP(1) obtained by replacing constraints (4) with non-
negativity constraints. Let LP(1) denote the linear re-
laxation of ILP(1).

5. Relaxation Heuristic

In this section, we first show an upper bound on the
number of split tasks (to be defined later) in a basic
solution [16] of LP(1). A linear relaxation heuristic
proposed in [19] for solving GAP is then extended to
solve ILP(1). Finally, an upper bound of the number of
tasks that the heuristic may fail to allocate is derived.

For any solution to LP(1), a task T; is said to be a
split task, if there exist j and j', such that 7 # j' and
z;ij, i > 0. Task Tj is said to be integrally mapped,
otherwise. Also, a PE or voltage level is said to be allo-
cated to capacity if its utilization equals 1 according to
the (partial) allocation determined by any solution of
LP(1). Due to the similarity between ILP(1) and GAP,
it can be easily shown that the number of split jobs in
a basic solution [16] to the linear relaxation LP(1) is at
most the number of voltage levels allocated to capac-
ity (Theorem 1 in [19]), which is 772 in the worst case.
However, because of the special properties introduced
by constraints (2) in LP(1), we show an alternative for-
mulation of the problem, and consequently improve the
bound to m.

Lemma 5.1 In every basic solution of LP(1), the
number of split tasks is at most the number of PFEs
allocated to capacity.

Proof: Observing that in LP(1), the sum of the uti-
lization of voltage levels that belong to any V LG(k)
cannot exceed 1, we can form the following alternative
linear programming formulation, LP(2):

. . . n m ! .
Minimize 37, > 77, ;@i
Subject to

22:1 2vizevianm) YT <1 k=12,...,m
Z;nzll'ijZ]. i=1,2,...,n
.CL'“ZO i=1,2,...,n,

i=1,2,....m

It is easy to verify that the set of z;;’s in any basic
solution to LP(1) constitutes a basic solution to LP(2).
Also, from any basic solution to LP(2), the value of
U;’s can be determined and thus form a basic solution
to LP(1).

Given a basic solution to LP(2), the utilization
of task 7; on PEj can be calculated as Uy =
> vi;eviG(r) Yi;Tij- Let uj*® denote the maximal
value among ug;’s, where VL; € VLG(k). Similarly,
let u7}'" denote the minimal value among u;;’s. As an
intermediate value between u[}%* and u}*", U can be
represented as ul}*®y;, + uli™yl, , where y;j,yl, > 0
and yir + Yi, = Dy i,evicr Tij- We then consider
the following linear programming formulation, LP(3),
for which a feasible solution is desired:

Subject to

2%1 ul Py +ultiyl, <1 k=1,2,...,m
Ek:l(yik +y;k) =1 i= 1727"'7n
Yik, Yip > 0 i=1,2,...,n,

k=1,2,...,m

)

Clearly, for any basic solution to LP(2), there is a corre-
sponding basic solution to LP(3). Furthermore, LP(3)
forms a linear relaxation of the allocation problem with
multiple variable-speed PEs [20]. Any basic solution to
LP(3) is known to have the property that the number
of split tasks is at most the number of PEs allocated
to capacity [20], and thus the claim follows. |
Let U["** denote the maximum possible value of U;
(recall that Uj is the utilization of voltage level V L;).
Given a partial mapping and assuming that V' L; be-
longs to V LG(k), the value of U"*® can be calculated
by subtracting from 1 the sum of the utilization of tasks
that are integrally mapped onto PEj,. Specifically, we
have U™ =1 =3 v 1 cviG(k) 2oza=1 €it- A variable
z;; is defined to be useless if uj; > U"**. Here, the
definition of useless variable is an extension of its orig-
inal definition in [19], due to constraints(2) in ILP(1).
However, the linear relaxation heuristic, LR-heuristic,
proposed in [19] can still be used to solve ILP(1). The
LR-heuristic is as follows:
Input: an instance of ILP(1)
Output: a mapping of tasks onto voltage levels
Step 0) Remove all useless variables; if no
variables remain, stop.
Step 1) Solve the linear relaxation.
Step 2) Fix all z;;’s of value 1, deleting
the corresponding tasks and updating
the capaciy of PEs.
Step 3) Go to Step 0.
Initially, the values of U*®’s are set to 1, for j =
1,2,...,m. Once a (partial) mapping is obtained by
executing Step 1) at least once, the values of U %’ are



Begin

1.T*=T

2. Set U™ =1, for j=1,2,...,m

3. While T™ is not empty, do

4.  For each t; € T*, find the voltage level, V L;, such
that e}; is minimal among all voltage levels and
uj; < U™, Record the information as tuple
(t1, VL, ely)

5. Select the tuple that gives the minimal value of e;;

6. Allocate the task in the selected tuple to the
voltage level in that tuple and remove the task
from T*

7. Update UT**® of all voltage levels

End

Figure 1. Pseudo code for Greedy heuristic

updated accordingly. The main idea of LR-heuristic is
to delete useless variables after fixing all z;;’s of value
1in Step 2. It is known (Theorem 2 in [19]) that there
is at least one useless variable if any split task exists in
a basic solution of the linear relaxation.

Since the number of split tasks in any basic solu-
tion is at most m, it is easy to check that Step 1 of
LR-heuristic is executed at most m + 1 times. It can
be further shown that the number of tasks the LR-
heuristic fails to allocate is bounded.

Corollary 5.1 If ILP(1) has a feasible solution, then
the LR-heuristic fails to allocate at most m — 1 tasks.

The proof follows from Lemma 5.1 and Theorem 4
in [20].

6. Experimental Results

In this section, we demonstrate the quality of solu-
tions produced by LR-heuristic in our experiments. A
simulator based on the system and application mod-
els presented in Section 3 was developed to evaluate
the performance of the LR-heuristic for solving ILP(1)
problems using synthetic task sets. The goals of our
experiments were: (1) to measure and compare the per-
formance of LR-heuristic against the optimal solution
and a classic greedy heuristic (to be explained later),
and (2) to measure the impact of the variation of sev-
eral system parameters (e.g., the tightness of the con-
straints, the number of voltage levels per PE) on the
performance of the LR-heuristic. Due to space limita-
tion, we illustrate the results for a small set of param-
eter values. Additional results can be found in [27].

The greedy heuristic (referred to as Greedy here-
after) is an extension of the min-min heuristic that is

widely used for task allocation in heterogeneous com-
puting [4]. The original objective function of min-min
heuristic is to minimize the makespan [4] of a set of
tasks. Here, the heuristic is modified so that the overall
energy consmption of the system is minimized, while
satisfying the utilization constraint of each PE. The
pseudo code for the Greedy is shown in Figure 1.

For small size problems, the number of PEs was fixed
at 5 (so that the optimal solution can be computed in
reasonable amount of time by using LINDO), while the
number of tasks varied from 20 to 40. The system het-
erogeneity is captured by the distribution of the worst-
case number of CPU cycles (Cy) required by different
tasks on different PEs. It can be characterized by task
and PE heterogeneities. To emphasize the impact on
system performance due to high heterogeneity, the re-
sults for high task and PE heterogeneities is illustrated
in this paper. Let C denote the matrix composed by
{Cir}, where i = 1,2,...,nand k =1,2,...,m. The
C matrix was generated using a Gamma distribution
based method [1]. The mean value along the task axis,
Wtask was set to 200. Other two parameters that indi-
cate the task and PE heterogeneities, Viqsr and Vpg,
were both set to 0.5.

P;, the period of task T; was generated based on
the C matrix. Let w; be the largest value among the
elements in the i-th row of C and let X = 7, where
n is the number of tasks and m is the number of PEs.
P; is calculated as f-w; - X, where f is a pre-specified
positive value for adjusting the tightness of the real-
time constraints (i.e., the relative deadlines of tasks).
To set the value of LC'M within some reasonable range,
the value of P; was adjusted to some close value such
that the value of LC'M is at most 36000.

For small size problems, the number of voltage levels
for all PEs was fixed at 4. The maximum CPU speed
of each PE was set to 1.0 and the minimum speed was
set to 0.25. It is assumed that other CPU speeds are
distributed uniformly between the maximum and min-
imum speeds. Therefore, the other two levels of CPU
speed are set to 0.75 and 0.5. The energy function of
T; on PEy, gix(S), was of the form ay, - Sb*, where S
is the CPU speed of PE}, and a;;, and b;, were random
variables with uniform distribution between 2 and 10,
and 2 and 3, respectively [15].

For large size problems, the number of PEs was fixed
at 10 while the number of tasks varied from 60 to 100.
The number of DVS levels per PE was set to 8. Other
parameters were the same as those for small size prob-
lems.

6.1 Results

The experimental results for small size problems
when f is set to 2.5, 2.0, and 1.5 are shown in Fig-



Table 1. The miss rate and the average number of unallocated tasks of LR-heuristic and Greedy

f 2.0 1.5
# of tasks 20 25 | 30| 35| 40 20 25 30 35 40
miss LR-heuristic 0 0 010 0 0 0 0 0 0
rate (%) Greedy 1 2 010 1 40 | 49 59 72 73
unallocated | LR-heuristic 0 0 010 0 0 0 0 0
tasks Greedy 001 1003 0| 0 [0.01]069]|1.04]148]2.21 | 2.34
Table 2. Average running time (in seconds) of LINDO and both heuristics
problem size 5 PEs, f=2.0 10 PEs, f =1.6
# of tasks 20 25 30 35 40 60 70 80 90 100
LINDO 0.28 0.26 0.36 0.51 0.37 - - - - -
LR-heuristic | 0.071 | 0.071 | 0.078 | 0.077 | 0.078 0.26 | 0.30 | 0.34 | 0.37 | 0.40
Greedy 0.0004 | 0.0007 | 0.0009 | 0.0013 | 0.0016 || 0.007 | 0.009 | 0.012 | 0.015 | 0.02
ure 2. It shows the ratio of the overall system energy
HLR-heuristic @ Greedy consumption obtained from two heuristics to the opti-
2 mal. Each bar represents the average value of the ratio
3. over a specific number of instances when both heuris-
g tics succeed in finding a feasible mapping. The number
g 1 of instances for each case (shown next to the number
2 05 of tasks in the figure) was chosen to be large enough
) ol such that the presented ratio has a 95% confidence in-
20130 2530 30530 3530 40130 terval with a 5% (or better) precision [23]. The number
number of tasks/number of instances of instances may differ for different cases. The confi-
dence intervals are indicated by the short lines at the
(a) f =25 top of each bar. During the experiments, if any heuris-
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25122 30122  35/110

20/125
number of tasks/number of instances

40/90

(c) f=15

Figure 2. Experimental results for small size
problems

tic failed in any instance, that instance was excluded
from the calculation of the average ratio and the confi-
dence interval. However, these instances were included
in the calculation of the miss rate of each heuristic (to
be explained later). The plots clearly show that the
LR-heuristic always outperforms the Greedy. When
f = 2.5, both heuristics perform quite well. When
the value of f decreases (i.e., the real-time constraints
become tighter), the performance of both heuristics be-
come worse. However, the performance of LR-heuristic
is still quite acceptable when f = 1.5, achieving 15%
off the optimal, while the performance of Greedy is
around 90% off the optimal.

It was observed that when f decreases, the number
of instances for which the Greedy fails to find a feasi-
ble allocation increases rapidly. On the contrary, the
LR-heuristic still succeeded in all instances even when
f = 1.5. Table 1 shows the miss rate (the number
of instances that a heuristic fails, normalized with re-
spect to the total number of instances) and the average
number of unallocated tasks over all instances of both
heuristics when f = 2.0 and 1.5. The astonishingly
high miss rate of the Greedy when f = 1.5 indicates
the inappropriateness of Greedy for tightly constrained
problems.
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Figure 4. Performance of heuristics as a func-
tion of the number of DVS levels (10 PEs, 80

tasks, f =1.2)

Figure 3 shows the relative performance of LR-
heuristic and Greedy for large size problems when
f = 1.6 and 1.1. Again, the number of instances for
each case was chosen to be large enough such that the
presented data has a 95% confidence interval with a 5%
(or better) precision. Similar trends in performance
was observed when the value of f decreases. When
f equals 1.1, the LR-heuristic showed up-to 40% im-
provement over the performance of Greedy. It was no-
ticed that for the same value of f, the relative perfor-
mance of Greedy is much better for large size problems,
compared with small size problems. This may be due
to the fact that for the same value of f, the deadline
constraints for large size problems are actually not as
tight as those in the case of small size problems, be-
cause (1) there are 8 DVS levels for each PE in large
size problems, whereas 4 DVS levels in small size prob-
lems, and (2) for large size problems, the size of C ma-
trices increases and hence leads to a higher likelihood
to get larger values of w;’s (recall that w; is the largest
value within the i-th row of C), and consequently, larger
periods for tasks.

We also conducted experiments to study the impact
of the number of DVS levels on the performance of
LR-heuristic and Greedy. The results are shown in
Figure 4. The performance of both heuristics improves
when the number of DVS levels increases. Additionally,
LR-heuristic is much less sensitive to variation in the
number of DVS levels.

Table 2 shows the average running time of both
heuristics for small size and large size problems. The
running time of LINDO for small size problems is also
presented for comparison. It shows that when the num-
ber of tasks increases, the ratio of running time of LR-
heuristic to that of Greedy decreases from 160 to 48 in
the case of small size problems, and from 37 to 21 in
the case of large size problems. Since our problem is
a off-line design phase problem where running time is
not a critical concern, LR-heuristic is a good choice for
solving the problem.

7. Concluding Remarks

This paper discussed power-aware resource alloca-
tion for independent tasks in heterogeneous real-time
systems. The problem was formulated as an extended
Generalized Assignment Problem and was solved by
an extension of the LR-heuristic. In the future, we
plan to study some relative problems that consider: (1)
application specified as a set of pipelines or directed
acyclic graphs, and (2) continuous DVS features. In
the first class of problems, dependency constraints be-
tween tasks must be considered. Also, modeling and
optimizing the communication time and energy costs



offer new challenges, especially in networked sensor en-
vironments, where the communication is carried out
in an ad hoc fashion. A ILP formulation based solu-
tion for this problem is proposed in [26]. Convex op-
timization techniques may be used to solve the second
class of problems. Also, we are interested in designing
on-line power-aware scheduling policies for distributed
real-time systems based on the techniques developed in
this paper.

This work is performed as part of the Power Aware
Computing/Communication for Mobile Ad Hoc and
Sensor Networks (PACMAN) project at USC. Related
results can be found at http://pacman.usc.edu.
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