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ABSTRACT

In this paper, we study the problem of allocating a real-time
application onto a set of homogeneous processing elements
connected by a single-hop wireless network. A periodic ap-
plication consisting of a set of communicating tasks is con-
sidered. Each element is equipped with discrete dynamic
voltage scaling for exploring the energy-latency tradeoffs.
The time and energy costs of both computation and com-
munication activities are considered. The goal is to balance
the energy dissipation of the elements during each period
of the application with respect to the remaining energy of
elements, such that the system lifetime is maximized. An
Integer Linear Programming (ILP) formulation is first de-
veloped, which can be solved to obtain the optimal solu-
tion. We then propose an efficient 3-phase heuristic. Ex-
perimental results show that for small scale problems, the
performance of the heuristic achieves up to 85% of the sys-
tem lifetime obtained by the ILP-based approach. For large
scale problems, the performance of the heuristic shows an
improvement of 120-250% in the system lifetime compared
with the case where no voltage scaling is used. Further, we
present two extensions of our approaches that consider mul-
tiple communication channels and techniques for exploring
the energy-latency tradeoffs of the communication activities.

Categories and Subject Descriptors

C.3 [SPECIAL-PURPOSE AND APPLICATION-
BASED SYSTEMS]: Real-time and embedded systems;
C.2.4 [COMPUTER-COMMUNICATION NET-
WORKS]: Distributed Systems— Distributed applications

General Terms
Algorithms
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1. INTRODUCTION

Networked embedded systems (EmNets [4]) are being de-
veloped for a variety of applications, including infrastructure
monitoring, habitat study, target tracking, and battlefield
surveillance [4, 6]. EmNets usually contain a number of net-
worked and embedded processing elements (or elements in
short) with each element consisting of computation, com-
munication, sensing, and actuating devices. These elements
must collaborate with each other to accomplish certain ap-
plications. For instance, in the target tracking application,
hundreds of elements are dispersed on the ground for track-
ing vehicles passing through a specific area. Elements are
usually organized into clusters [9] with each cluster consist-
ing of tens of elements. Distributed signal detection and col-
laborative data processing are performed within each cluster
for detecting, identifying, and tracking vehicles.

Energy efficiency is a key concern for EmNets, since ele-
ments are typically powered by batteries. The large number
of elements involved in the system and the need to operate
over a long period of time require energy-aware design and
operation at all levels of abstraction, from the physical layer
to application layer. However, while many hardware tech-
niques [1, 10], network protocols [9, 12], and data process-
ing algorithms [14, 27] have been proposed for energy-aware
design, systematic mechanisms for designing energy-aware
collaborative processing between elements still need to be
addressed.

The state of the art in EmNets design and deployment
takes an ad-hoc approach — system planning and resource
management are done without a rigorous and consistent
methodology. This can lead to cumbersome and inefficient
deployment and utilization of the system. Owur goal is to
overcome these weaknesses of the existing approaches and
develop technologies and tools that will automate the rapid
design and deployment of EmNets. Toward such a goal,
we study the problem of allocating a set of communicating
tasks onto a network of embedded elements in this paper.
We informally describe our problem as follows.

Energy-Balanced Task Allocation Problem: We con-
sider a set of homogeneous elements that are connected using
a single-hop wireless network. The target application con-
sists of a set of communicating tasks. In the paper, the term



activity refers to either a computation task or a communica-
tion request between a pair of tasks. We consider a real-time
scenario where the application is periodically executed with
each execution being completed before the next round of
execution is invoked. Such a requirement is called the la-
tency constraint and is usually imposed by the nature of the
application (for example, to monitor a target at a constant
sampling rate). In addition, the time duration between two
consecutive rounds of execution is called the period.

We consider the case that each element is equipped with
the widely used dynamic voltage scaling (DVS) [23]. In ad-
dition, the underlying network is assumed to be capable of
scheduling the transmissions of data packet according to the
start time of each transmission. For instance, wireless net-
works employing a time-division multiple-access (TDMA)
protocol have such characteristics.

Our problem is to find an allocation of tasks onto elements
that includes (1) the assignment of tasks onto elements, (2)
the voltage settings of tasks, and (3) the consequent schedul-
ing of computation and communication activities. The ob-
jective is to balance the energy dissipation of the elements
during each period of the application, such that the lifetime
of the first element that dies out due to depleted energy is
maximized. In addition to the above latency constraint, we
also consider the ezclusive access constraint, which forces
that (1) the time periods of executing multiple computation
activities on the same element do not overlap; and (2) the
time periods scheduled for multiple communication activi-
ties over the single-hop wireless network do not overlap.

We present the uniqueness of our problem compared with
previous efforts for task allocation in Section 2.

Our Contributions: The idea of energy-balanced task al-
location in EmNets is proposed. Accordingly, a new perfor-
mance metric is defined. As we shall see in Section 2, most
of the previous efforts in energy-aware task allocation or re-
source management try to minimize the overall energy dis-
sipation of the system. This strategy may not be suitable in
the context of EmNets, since each element is equipped with
its own energy source. Moreover, for re-programmable sys-
tems or systems using event-driven strategy, the application
often need to be executed after the system has been work-
ing for sometime — the remaining energy of the elements can
vary from each other. Thus, an energy-balanced approach
is needed for task allocation, such that the energy dissipa-
tion of each element during each period of the application is
proportional to the remaining energy of the element. By bal-
ancing the energy dissipation across the network, the time
when the first element depletes all its remaining energy can
be delayed as much as possible.

To the best of the authors’ knowledge, this is the first work
that considers the time and energy costs of both the com-
putation and communication activities in wireless EmNets.
We develop two approaches for solving the problem. We
first formulate the problem as an integer linear programming
(ILP) problem. The optimal solution of the problem can
be obtained by using commercial software packages, such
as [20], even though the running time of such softwares can
be large. In addition, the optimal solution can be used as a
fair baseline for the evaluation of various heuristics. Next,
we propose an efficient 3-phase heuristic. Experimental re-
sults show that for small scale problems, the performance of
the heuristic achieves up to 85% of the system lifetime ob-
tained by the ILP-based approach. For large scale problems,

the performance of the heuristic shows an improvement of
120-250% in the system lifetime compared with the case
where no voltage scaling is used.

Two extensions of our approaches are presented. Mul-
tiple communication channels and techniques for exploring
the energy-latency tradeoffs of communication activities are
considered in the two extensions. Both techniques can be
used to further reduce the energy dissipation and hence in-
crease the system lifetime.

Paper Organization: We discuss the related work in Sec-
tion 2. A formal definition of the energy-balanced task al-
location problem is presented in Section 3. The ILP for-
mulation of the problem is given in Section 4. The 3-phase
heuristic is described in Section 5. Two extensions to the
proposed approaches are studied in Section 6. Experimental
results are shown in Section 7. Concluding remarks and a
direction for future work are discussed in Section 8.

2. RELATED WORK

In general, the problem of task allocation can be catego-
rized as part of the mission for resource management. Task
allocation focuses on finding an initial allocation of resources
to tasks such that the required system performance can be
delivered. In such a problem, the amount and availability
of system resources and the computation and communica-
tion requirements of application are known a priori. Besides
task allocation, resource management also requires dynamic
adaptation of resources to sustain the system performance at
run-time. Variations in the task arrival time and its compu-
tation and communication requirements need to be consid-
ered in the adaptation. Although to handle such variations
is important, the ability of the system to sustain an accept-
able performance largely depends on the initial allocation.
Further, methodologies for task allocation provide basis for
developing techniques for dynamic adaptation.

The application of DVS to real-time applications was first
proposed in [23]. Further efforts that consider uni-processor
real-time systems include [2, 11, 17]. Recent research inter-
ests have been shifted to the allocation of real-time tasks
onto systems with multiple processors (or processing ele-
ments). The most relevant works include [8, 13, 26, 28].
In [8], a list-scheduling based heuristic (LEneS) is proposed
to dynamically recalculate the priority of dependent tasks.
However, [8] assumes a given assignment of tasks to proces-
sors. In [13], static and dynamic variable voltage scheduling
heuristics for real-time heterogeneous embedded systems are
proposed. An approach based on critical-path is used for se-
lecting the voltage settings of tasks. However, [13] assumes
that the task assignment and scheduling are given. A simi-
lar problem to the one studied in this paper is investigated
in [26]. A two-phase framework is presented to first deter-
mine the allocation of tasks onto elements and then the volt-
age settings of tasks using convex programming. In [28], a
dynamic processor voltage adjustment mechanism for frame-
based tasks in a homogeneous multi-processor environment
is discussed. However, the time and energy costs for com-
munication activities are not addressed in either [26] or [28].

As previously mentioned, the goal of all the above works
is to minimize the overall energy dissipation of the system.
While such a goal is reasonable for centralized systems, it
does not capture the nature of EmNets. The reason is that
to minimize the overall energy dissipation can lead to heavy



use of energy-effective elements, regardless of the remaining
energy of such elements. The consequent short lifetime of
such elements will very likely hinder the system from de-
livering required performance. This weakness is the major
motivation of the proposed energy-balanced task allocation.

Our work considers the energy and time costs of both
computation and communication activities. As indicated
by several researches [18], wireless communication is a ma-
jor source of energy dissipation in EmNets. Thus, it is im-
portant to carefully allocate the tasks in order to reduce the
energy cost for communication.

Energy-balanced task allocation bears some resemblance
to load-balance in parallel and distributed computing. How-
ever, the communication activities over the single-hop wire-
less network need to be serialized such that the time periods
scheduled for distinct activities do not overlap. The serial-
ization imposes new challenges that distinguish our problem
from most of the existing works for load-balance or real-time
scheduling in distributed systems.

3. PROBLEM DEFINITION

In this section, we first formally define the system and ap-

plication models. The energy-balanced task allocation prob-
lem is then described.
System Model: We consider a set of m homogeneous
processing elements, {PE,, PE,,... ,PEy}, connected by
a single-hop wireless network. The homogeneity refers to
the same computation capability and radio power. Each el-
ement is equipped with d discrete voltage levels, listed as
{V1,Va,...,Vg} in decreasing order. Each voltage level cor-
responds to a specific computation speed (given in cycles
per second), with SP; denoting the speed of V;. For ease
of analysis, we use a normalized computation speed, with
SP; = 1. Each element is powered by a non-rechargable
battery, with R; denoting the remaining energy of PE;. In
addition, a non-preemptive scheduling policy is employed by
each element. For ease of analysis, we assume that the pro-
cessors of elements consumes zero power during idle state.

The underlying network protocol is assumed to be capa-
ble of scheduling transmissions according to the start time
of each transmission. Thus, run-time contentions in the net-
work are avoided. Let 7 denote the time for transmitting one
unit data packet between elements. For ease of analysis, the
transmission power and the reception power of the embed-
ded radios are considered to be equal. Hence, the transmis-
sion of one unit data packet between two elements costs the
same amount of energy at both the sender and the receiver,
denoted by €. Let 7s and ¢, denote the startup time and
energy costs for each communication activity. We assume
that the radios are completely shutdown in idle state. The
energy cost for shuting down and restarting the radio is as-
sumed to be included in €;. The data transmission between
two tasks on the same element is performed through the lo-
cal memory with zero time and energy costs. In addition,
we assume that computation and communication activities
can be parallelly executed on an element.

Note that low power paging channel mechanisms [6] can
be used for synchronization between elements when the ra-
dios are shutdown. Such synchronization is necessary due
to the variations in the arrival time or the computation and
communication requirements of tasks at run-time. However,
the modeling of the power consumption for such mechanisms
is beyond the scope of this paper.

Application Model: A periodic application consisting of a
set of communicating tasks is considered. Let P denote the
period of the application. An instance of the application is
activated at time kP, and must be completed by the relative
deadline, (k + 1)P, where k = 0,1,2,....

The structure of the application is represented by a di-
rected acyclic graph (DAG), G = (T, E), where node set T'
denotes the set of n tasks, {T; : ¢ = 1,...,n}, and edge
set E denotes the set of directed communication activities
between tasks. Every communication activity in E is repre-
sented as a tuple (4,j), meaning that the output of task T;
needs to be transmitted to T}, before T; can start computa-
tion. There is a precedence constraint on two tasks T; and
T}, if there is a path of alternate nodes and edges from T; to
T; in the DAG. Similarly, there is a precedence constraint
on two communication activities, (i,5) and (', j'), if there
is a path from T} to T;». A node with no incoming edges is
called a source node, denoted by source. A node with no
outgoing edges is called a sink node, denoted by sink. We
assume that there is only one source node and one sink node
in the DAG. Such an assumption can be easily satisfied by
adding a dumb source or sink node into the DAG.

The workload of a task, T}, is measured by the worst-case
number of computation cycles required for executing the
task, denoted by C;. Thus, the execution time of T; on volt-

age level Vj, t;;, can be calculated as SC;;j (recall that SP;
is the computation speed corresponding to V;). The voltage
level of an element is assumed to be dynamically switched,
if necessary, upon the arrival of a task instance. Because at
most one switch is needed for executing a task instance, the
associated time overhead is assumed to be included in the
workload of the task. The power consumption for executing
a task follows a monotonically increasing and strictly con-
vex function [3] of the computation speed, g;(-), which can
be represented as a polynomial function of at least second
degree [3]. Hence, the energy dissipation for executing T; on
Vj, eij, can be calculated as g;(SPj)ti;. Note that the exact
forms of ¢;(-) can vary from task to task due to different
instruction components.

The communication load of an edge, (i, 7), is represented
by its weight, w(; j), in the number of data packets to be
transmitted. Different edges incident at the same node may
have different weights. Let t(; ; and e(; ;) denote the time
and energy costs of (4, j) if tasks T; and T are not assigned
onto the same element. We have t(; ;) = 7s + Tw(;, ;) and

el(i,j) = €s T EW(ij)-

Task Allocation: A task allocation is defined as (1) an
assignment of all the tasks onto elements, (2) the setting of
voltage levels for tasks, and (3) the scheduling of the compu-
tation/communication activities, specified by the start and
finish time of activities. Each task can be assigned to exactly
one element with a fixed voltage setting on that element.
An allocation is feasible if each application instance can be
completed before the corresponding relative deadline.

The system lifetime is defined as the time period from the
beginning of the execution of the application to the time
when any element fails due to depleted energy. Given a task
allocation, let £ denote the energy dissipation of PFE; during
each application period. The corresponding system lifetime
(in number of periods) can be calculated as mini{L%J}.
A feasible allocation is optimal if the corresponding sysltem
lifetime is maximized among all the feasible allocations.



Note that a more complex definition of system lifetime
would be the time period from the beginning of the exe-
cution of the application to the time when not enough ele-
ments are alive to deliver required performance. For exam-
ple, it is shown that to perform the Line-of-Bearing algo-
rithm at an acceptable accuracy requires at least three alive
elements. However, such a definition is quite application-
specific. Thus, a simple but general definition of the system
lifetime is adopted in this paper. Intuitively, to optimize the
system lifetime with the above more complex definition, we
may recursively apply the proposed optimization approaches
to the resulting systems after elements die out.

Thus, our task allocation problem can be stated as:

Find an allocation of a set of communicating tasks onto

a set of single-hop networked processing elements that

mazimizes the system lifetime.

4. INTEGERLINEARPROGRAMMING FOR-

MULATION

In this section, we present an ILP formulation of the task
allocation problem defined in Section 3. The formulation
captures the behavior of the system during one application
period. This is fairly enough since the activities of the sys-
tem repeat for each period. We first list the notations used
in the formulation as follows:

P: period of the application
time and energy costs of executing task T;
using voltage level V;

tij, €ij:

’ ’ .
Ei)r €6 !
not assigned to the same element

allb: no precedence constraint exists for computation

(or communication) activities a and b

a set of 0-1 variables such that z;; equals one

iff task T is assigned onto PEj

a set of 0-1 variables such that y;; equals one

iff the voltage level of T; is set to Vj

a set of 0-1 variables such that s;; equals one

iff tasks T; and Tj are assigned onto the same

element

the time when task 7T; starts and completes

execution

~(i,7),0(i,7): the time when communication activity (i, j)
starts and completes transmission

{zij }: a set of 0-1 variables such that z;; equals one

iff the execution of T finishes before the

execution of Tj starts

{wij }:
{wij }:
{sij}:

a(i), B(i):

! .
{2 .0n

before (u'v') starts

To capture the relative order imposed by the precedence
constraints among the computation and communication ac-
tivities, we define the Constraint set 1 shown in Figure 1. It
is easy to verify that the exclusive access requirements for
computation and communication activities with precedence
constraints are also forced by Constraint set 1. However, for
those computation and communication activities that do not
have precedence constraints between them, an extra set of
constraints are needed (Constraint set 2 in Figure 1).

As stated in Section 3, the system lifetime is calculated
as min;{ LI};_ZJ }. Thus, the objective function of the formula-

time and energy costs of (7, j) if T; and T} are

a set of 0-1 variables such that z(; ;). ;) equals
one iff the communication activity (uv) finishes

tion is to minimize the maximal energy dissipation among all
elements within the period, normalized by their remaining
energy. The energy dissipation of an element is calculated
as the sum of the energy cost for executing tasks assigned
on the element and the energy cost for corresponding com-
munication activities. Let an auxiliary variable, £, denote
the maximal energy dissipation among all elements, normal-
ized by their remaining energy. The complete formulation
is given as follows.

Minimize £
Subject to
VPE, iz EJ-(yijeij)}+2(i,j){efi,]-)\Eik—wjk\} <

Ry,
and Constraint sets 1 and 2

&

In the above formulation, the factor |z;; — ;x| means that
the energy cost for (4, j) is counted if exactly one of T; or Tj
is assigned onto PE}, but not both.

Clearly, the above formulation is non-linear. Several stan-
dard linearization techniques [19] can be applied to trans-
form the non-linear form into an ILP formulation. The re-
sultant ILP formulation can then be solved using several
existing tools, such as LINDO [20]. Due to the space limi-
tation, we omit the details of linearization in this paper.

5. HEURISTIC APPROACH

In this section, we describe an efficient 3-phase heuristic
for solving the task allocation problem. Initially, we assume
that the voltage levels for all tasks are set to the highest
options (V7). In the first phase, the tasks are grouped into
clusters with the goal to minimize the overall execution time
of the application. In the second phase, clusters are assigned
onto elements such that the energy dissipation of each ele-
ment is proportional to the remaining energy of the element.
In the last phase, the system lifetime is maximized by low-
ering the voltage levels of tasks. To lower the complexity
of the algorithm, no backtracking is used in the heuristic —
the structure of clusters does not change in phases two and
three. The details of the heuristic are as follows.

Phase 1: A task cluster is defined as a set of tasks assigned
onto the same element with a specific execution order. Com-
munication between tasks within a cluster costs zero time
and energy. In this phase, we assume an unlimited num-
ber of elements, which means the number of clusters is also
unlimited. The main purpose of this phase is to eliminate
communication activities in order to reduce the overall exe-
cution time of the application.

Traditional approaches for task clustering assume an envi-
ronment of fully connected processors, which enables parallel
communication across the system. However, in our problem,
the exclusive access requirement of the single-hop wireless
network requires the communication activities to be serial-
ized. Thus, a new challenge is to select the right policies for
the serialization that facilitates the reduction of the execu-
tion time of the application. We use a first-come-first-serve
policy to order the communication activities ready at differ-
ent times. Activities ready at the same time (such as those
initiated by the same task) are executed in a non-decreasing
order of their communication loads. Note that more sophis-
ticated policies can also be applied.

Initially, every task is assumed to constitute a cluster by
itself. We examine all the edges within the application DAG



Constraint set 1:
VT; €T
Zj l'i]‘ =1
>y =1
a(i) > maxg )er{d(j,1)}
B(i) = ali) + 32, (yijti;)

V(i,j) € E
sij =1iffVE=1,... )n, xir =z
V(i 5) = B(i)
8, 7) = (i, ) + () (L = sij)
a(source) > 0
B(sink) < P

Constraint set 2:
VT;,T; € T, such that i # j and T;||T}
Zij = 1- Zji
a(f) > zijsij B()

// every task can be assigned to exactly one element

// every task can be executed using exactly one voltage level
// T starts execution after receiving all input data

// execution time of T; depends on its voltage level

// sij equals one if T; and T are allocated to the same element

// (i,j) starts transmission after T; completes execution

// the transmission time of (¢, j) depends on the location of T; and Tj
// the source node can start execution at time 0

// the sink node must complete execution before the relative deadline

// zij is the inverse of zj;
// if T; and T; are assigned to the same element, T; completes before

// T; starts execution iff z;; =1

a(i) > zjisi8(5)

’ _ ’
i) = LT 2 )
(@55 =2 2y (1

// the reverse of the previous constraint

V(irs), () € B such that (i, ) # (¢, ) and Gl ) ,

// :Z(z,j)(zl,j’) is the inverse of Z(i’,j’)(i,j) o

— 5ij)(1 — 842;1)8(4,§) // if both (¢, ) and (¢', ') are not local transmission, (¢, j) completes

// before (i', ') starts transmission iff 2(; ;. ;) =1
Y(iy§) > 21 jryei gy (1 = 8i5) (1 = 53 5)8(i', ) // the reverse of the previous constraint

Figure 1: Constraint sets for the ILP formulation

1. Each task is assumed to constitute a cluster by itself
Set E as the list of edges in a non-decreasing

order of their weights

3. L = Travese()

4. While FE is not empty Do

5. Remove the first edge from E, denoted as (4, 5)
6. L' = Traverse() as if C(i) and C(j) are merged
7

8

9

1

N

IfL <L
Merge C(i) and C(5)
. L=r
0.If L > P, return failure

Figure 2: Pseudo code for Phase 1

in a non-increasing order of their weights. For each edge,
(4, 7), if the execution time of the application can be reduced
by merging the cluster containing T; with the one containing
T;, we perform the merge. Otherwise, T; and Tj remain in
two different clusters. The pseudo code for Phase 1 is shown
in Figure 2. In the code, L denotes the overall execution time
of the application and C(i) denotes the cluster that contains
task T;. In line 3 and 6, the function Traverse() is called to
traverse the DAG in order to determine the schedule of the
tasks and hence the execution time of the application.

The pseudo code of the function Traverse() is shown in
Figure 3. In the code, we maintain a queue of activity, Qact,
that stores all the ready computation or communication ac-
tivities in their expected execution order. Initially, only the
source node is appended to Qg+ with ready time 0. In line 6,

1. Initialize Qqct and the timestamps

2. append source to Qact

3. While Q¢ is not empty Do

4. Remove the first activity, a, from Qac:

5 If a is a computation activity

6 Schedule the execution of a in the cluster that
contains a; update the timestamp accordingly

7. Append all communication activities initiated
by a to Qact

8. Else

9. Schedule a; update T'S accordingly

10. If the destination task of a has received all

incoming packets, append the task to Qact
11.Return the largest timestamp among all clusters

Figure 3: Pseudo code for function Traverse()

to schedule the execution of a, we maintain a timestamp for
each cluster that indicates the finish time for all scheduled
tasks contained by the cluster. In addition, a timestamp,
TS, with initial value 0 indicates the nearest available time
of the wireless network. T'S is updated every time a com-
munication activity is scheduled in line 9.

Phase 2: In this phase, an energy-balanced assignment of
task clusters obtained in Phase 1 onto the elements is deter-
mined. Note that multiple clusters can be assigned to the
same element. Based on the contained tasks and the corre-
sponding communication activities, it is easy to calculate the
energy dissipation of each cluster. Let II = [m1,m2,... , 7]



denote the list of clusters and &; denot the energy dissipation
of cluster ;. To capture the fact that the remaining energy
of elements can vary from each other, we generate a matrix
T of size ¢ x m with element I'[é][j] set to Ig—;, which corre-
sponds to the energy dissipation of cluster 7; normalized by
the remaining energy of PEj;.

The normalized energy dissipation of an element is given
as the sum of the normalized energy dissipation of the clus-
ters assigned to the element. Let £ denote the maximum
of the normalized energy dissipation of all elements. Clus-
ters are checked in a non-increasing order of their energy
dissipation and assigned to the element that minimizes €.
If two clusters are assigned onto the same element, the en-
ergy cost of communication activities between them becomes
zero. The pseudo code of Phase 2 is shown in Figure 4. In
the code, function TraverseAssigned() is used to find the
execution time of the application based on the obtained as-
signment of clusters. Compared with Traverse(), the modi-
fication in TraverseAssigned() is that in line 6 of Figure 3,
each computation activity is scheduled on the element that
it is assigned to. Thus, a timestamp is maintained for each
element, instead of each cluster.

1. Sort IT in a non-increasing order of the energy
dissipation of clusters

2.£=0

3. While II is not empty Do

4. Select the first element, 7, in IT

5. Based on T, select the element for assigning ,
such that £ is minimized

6. Update £

7. Remove 7 from IT

8. L = TraverseAssigned()

9. If L > P, return failure

Figure 4: Pseudo code for Phase 2

Phase 3: The voltage levels of tasks are adjusted in this
phase with the goal to maximize the system lifetime. An
iterative greedy heuristic is used. In each iteration, we find
the task that by lowering its current voltage level to the
next level, the value of £ can be decreased the most. The
extra latency caused by lowering the voltage is added to
L. However, since the schedule of communication activities
can be changed by the extra latency, the value of L is re-
computed by traversing the DAG every time it reaches P.

The pseudo code of Phase 3 is shown in Figure 5. In the
code, ed; denotes the energy gain by lowering the current
voltage of T; to the next level, while td; denotes the corre-
sponding amount of extra latency. The array composed by
ed;’s of all tasks assigned to PEj; is denoted as ED;. Fur-
thermore, the element with its normalized energy dissipation
equal to £ is called the critical element.

Time Complexity Analysis: Let e denote the number of
edges in the application DAG. In Phase 1 (Figure 2), the
While iteration is executed e times. To traverse the DAG
in line 6 takes O(n + e) time. Thus, the time complexity
of Phase 1 is O(e(n + €)). In Phase 2 (Figure 4), the or-
dering in line 1 takes O(clogc) time. The outer iteration is
executed c¢ times. The results of m possible assignments are

1. For each PE;, sort ED; in a non-increasing order

2. Do

3. i=1

4. Let PE, denote the critical element

5 While i < |ED,| Do

6 Select the ¢-th component in ED;; let T;
denote the corresponding task

7. IfL+td; <P

8. L=1L+td;

9. Lower the voltage of T; to the next level

10. Update ed; in ED,; resort ED, if necessary

11. Find the new critical element, PE,.

12. Ifr #£7r'

13. r=r;i=1

14. Update £

15. Elsei=i+1

16. L = TraverseAssigned()

17.Until € can not be reduced any more

Figure 5: Pseudo code for Phase 3

compared in line 5. The traverse in line 8 takes O(n + e)
time. Therefore, Phase 2 takes O(clogc + mc + n + e)
time. In Phase 3 (Figure 5), the sorting in line 1 takes
O(nlogn) time. The number of voltage switching in line 9
is bounded by dn. To update ED, in line 10 takes O(logn)
time. Let p denote the number for calling function Tra-
verseAssigned() in line 12. The time complexity of Phase 3
is O(dnlogn+p(n+e)). Although p equals dn in the worst
case, it is observed during experiments that p usually equals
1 or 2. We conclude that the time complexity of the 3-phase
heuristic is O((e +p)(n+ e) + mc+ dnlog n+ clog ¢), which
can be O(dn(n + e + logn) + €? 4+ mn) in the worst case.

6. EXTENSIONS OF OUR APPROACHES

So far, we have defined the energy-balanced task alloca-
tion problem and proposed two approaches for solving the
problem. In this section, we present two extensions of our
approaches that covers a broader range of problems.

6.1 Using Multiple Communication Channels

In many real situations, multiple wireless channels are
available for communication among elements. Though at
any time, each element can send or receive data using at
most one channel, multiple packets can be simultaneously
transferred over different channels. By doing so, we may
reduce the overall time cost for communication activities
and provide more opportunities to trade computation energy
with increased latency. In addition, when multiple channels
are available, the exclusive access constraint on communica-
tion is expressed as that for each channel of the network, the
time duration of different communication activities sched-
uled on that channel cannot overlap.

We now give the modified ILP formulation. Let [ denote
the number of channels. We first define a set of 0-1 vari-
ables, {v(; j),r}, such that v(; ;) equals one if edge (i,7) is
scheduled on the k-th channel, and zero otherwise. Further,
we define another set of 0-1 variables, {q; j) .y}, such
that q(; j),(7,;) equals one if the edge (4, 7) and edge (¢, j')
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Figure 6: Modified constraint sets for the task allocation problem using multiple channels

are scheduled on the same channel, and zero otherwise. To
capture the exclusive access constraint for each channel, we
replace the last three constraints in Constraint set 2 (Fig-
ure 1) using the constraint sets in Figure 6.

For the 3-phase heuristic, we need to modify the functions
Traverse() and TraverseAssigned() to capture the multiple
channel network. Specifically, we need to maintain a times-
tamp for each channel that indicates the nearest available
time for the channel. In line 9 of Figure 3, a communica-
tion activity is scheduled onto the channel with the smallest
timestamp. The timestamp of the selected channel is then
updated accordingly.

6.2 Energy-Latency Tradeoffs for Communi-
cation Activities

While DVS has been widely applied into various applica-
tions for energy saving in computation activities, techniques
for exploring the energy-latency tradeoffs of communication
activities are gaining interest. An important observation [7]
is that in many channel coding schemes, the transmission
energy can be significantly reduced by lowering the trans-
mission power and increasing the duration of the transmis-
sion. Techniques such as modulation scaling [16] have been
proposed for implementing such tradeoffs. Further, algo-
rithms [7, 24] for applying such techniques in the context of
packet transmissions or data gathering in wireless networks
have been studied.

Our approaches can be extended to incorporate the above
tradeoffs. Intuitively, the way we determine the DVS set-
tings for computation activities can be modified to deter-
mine the configurations for communication activities. In
the following, we briefly discuss the modifications through
the example of modulation scaling.

To modify our ILP formulation, a set of variables are
needed to indicate the modulation level of the communi-
cation activities. Moreover, a set of constraints are needed
to determine the transmission time of communication ac-
tivities based on the selected modulation levels. For the
3-phase heuristic, we need to modify Phase 3, such that the
energy savings achieved by lowering the modulation levels
of communication activities are also examined. Thus, a uni-
form framework for exploring the energy-latency tradeoffs
of both computation and communication activities can be
achieved [25].

7. EXPERIMENTAL RESULTS

A simulator based on the system and application mod-
els presented in Section 3 was developed to evaluate the

performance of our approach using synthetic task sets. The
goals of our experiments are (1) to measure and compare the
performance of the 3-phase heuristic against the ILP-based
approach; and (2) to evaluate the impact of the variations
in several key system parameters on the performance of the
heuristic, including the tightness of the latency constraint,
the relative time and energy costs of communication activi-
ties compared with computation activities, and the number
of voltage levels.

The evaluation metrics are based on the system lifetime
obtained by different approaches. Let LTrrp and LTheq
denote the system lifetime obtained by the ILP-based ap-
proach and the 3-phase heuristic, respectively. In addition,
let LTyq denote the system lifetime by assuming no volt-
age scaling is available (i.e., every element is running at the
highest speed). Since we do not have a stand alone approach
to obtain LTygw, LTrqw was calculated based on the value
of £ obtained after phase 2 of the 3-phase heuristic.

7.1 Experimental Setup

In the experiments, the maximum computation speed of
each element was set to 1.0 Mcps (million cycles per second)
and the minimum speed was set to 0.3 Mcps. It is assumed
that other levels of computation speed are distributed uni-
formly between the maximum and minimum speeds. For
example, if there are four voltage levels in total, the two
middle levels of the computation speed are set to 0.77Mcps
and 0.53Mcps. The remaining energy of elements follows a
uniform distribution between Epmeqn (1 £ 0.3), where Epmean
is a fairly large number.

The structure of the application DAG was generated us-
ing a method similar to the one described in [5]. The only
difference is that we enforce exactly one sink node in the
generation of the DAG. The computation requirements of
the tasks followed a gamma distribution with a mean value
tte = 2000 and a standard deviation of 1000. The energy
function of task T3, g:(SP), was of the form a; - SP% where
a; and b; were random variables with uniform distribution
between 2 and 10, and 2 and 3 [15], respectively.

The time and energy costs of communication activities
are determined by the number of packets for transmission
and the value of 7 and ¢. Based on [22], the power of a
Lucent Orinoco card with 11 Mbps bandwidth is 1.49 W.
By assuming that each packet consists of 100 bits, 7 and ¢
were set to be 0.1 mSec and 0.15 mJ, respectively. To focus
on the main issues, we set the startup energy dissipation
of the radio to be zero. To study the effect of different
communication load (with respect to the computation load),
the number of packets per communication activity follows a



uniform distribution between 55 CCR(1£0.2), where CCR
is a parameter indicating the ratio of the average execution
time of communication activities to the average execution
time of computation activities. Intuitively, a larger value of
CCR implies heavier communication loads compared with
the computation loads. In our experiments, CCR was set
to 0.5, 1.0, and 1.5 for different instances.

The period of the application, P, was generated based
on the structure of the DAG and the load of computa-
tion/communication activities. We first define the distance
of a node as the number of edges in the longest path from
the source to the node. Nodes in the DAG are then divided
into layers, with nodes in each layer having the same value
of distance. The computation time of a layer is then cal-
culated as p.[£], where p is the number of tasks in the
layer. By doing so, we implicitly assume full parallelism for
executing the tasks at each layer. In addition, the num-
ber of communication requests of a task is estimated as
(outdegree—1)+(indegree—1). The corresponding time cost
is estimated as the above number of requests times {5 CCR.
The communication time of a layer is calculated as the sum
of the estimated communication time of all tasks at the layer.
P is then set to the sum of the computation and communi-
cation time cost of all layers times %, where u is a parameter
that approximates the overall utilization of the system. The
value of u is important to the amount of energy saving that
can be achieved by our approaches. Intuitively, a larger
value of u implies a tighter latency constraint and thus less
opportunities to trade energy for increased latency. In our
experiments, the value of u was set to 0.5, 0.6, 0.7, and 0.8
for different instances.

7.2 Results

60
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©
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Figure 7: Performance comparison of the ILP-based
approach and the 3-phase heuristic (n = 3, d = 3,
CCR =1.0)

Small Scale Problems: For small scale problems with
n=3,d=3,and m =5 — 9, we compare the performance
of the 3-phase heuristic against that of the ILP-based ap-
proach. Accordingly, the evaluation metric is calculated as
%. A commercial software package, LINDO [20], was
used to solve the ILP problems. Due to the large running
time for solving some problem instances, LINDO was inter-
rupted after two hours of execution if the optimal solution
was not yet found. Then, the best solution obtained so far
by LINDO was returned.

The data shown in Figure 7 is averaged over more than

40 instances such that each data point has a 95% confidence
interval with a 10% precision. From the plots, we can see
that the 3-phase heuristic achieved up to 85% of the solution
obtained by the ILP-based approach for the conducted ex-
periments. While the running time of the heuristic is around
zero, the average running time of the ILP-based approach
ranges from 30 Sec (n = 6, v = 0.5) to 2830 Sec (n = 9,
u = 0.8) on a Sun Bladel000 machine with a UltraSparc III
750 Mhz CPU.
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Figure 8: Lifetime improvement of the 3-phase
heuristic, m =10, d = 10

Large Scale Problems: A set of experiments were con-
ducted for evaluating the performance of the 3-phase heuris-
tic for large scale problems, with m = 10, d = 10, and n
varying from 40 to 80 in increments of 5. Due to the large
size of the problems, it is impractical to obtain the optimal
solutions by using the ILP-based approach. Thus, we use



the lifetime improvement achieved by the 3-phase heuristic
as the evaluation metric, which is calculated as f;ﬁ:; —1.
The data for three different values of CCR (0.5, 1.0, and
1.5) is shown in Figure 8. The data was averaged over more
than 100 instances such that each data point has a 95%
confidence interval with a 10% (or better) precision.

An improvement of 120 — 250% in the system lifetime can
be observed from the plots. It can be observed that the
improvement decreases when the system utilization u in-
creases. This is because the latency laxity decreases when
u increases, which reduces the opportunities for trading en-
ergy for latency. However, the effect of u becomes weak
when CCR increases. This is because for the same value
of u, the latency laxity actually increases as CCR increases,
due to our procedure to calculate the period P (described in
Section 7.1). When CCR = 1.5, the laxity is large enough
such that the voltage settings for almost all tasks can be set
to the lowest level even if w = 0.8. Thus, variations in u
have almost no impact on the performance of the heuristic.
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Figure 9: Miss rate of the 3-phase heuristic, m = 10,
d=10, =038

The miss rate (defined as the ratio of the number of in-
stances that an approach fails to find a feasible solution to
the total number of instances) of a heuristic is another key
issue to consider. Note that in the experiments, not all
instances are guaranteed to have feasible solutions. We ob-
served that the miss rate of the 3-phase heuristic increases
when the value of w or CCR increases. For instances with
u < 0.7, the miss rate is under 0.2. However, the miss rate
increase to 0.6 for instances with v = 0.8 and CCR = 1.5
(Figure 9). We conclude that the heuristic is unsuitable in
situations when both v and CCR are high. Moreover, the
running time of the heuristic is less than 2 mSec on a Sun
Blade1000 machine with a UltraSparc III 750 Mhz CPU.

Impact of the Number of Voltage Levels: A set of ex-
periments were conducted to investigate the impact of vari-
ation in the number of voltage levels on the performance
of the 3-phase heuristic. The data obtained with m = 10,
m = 60, and d varying from 1 — 12 in increments of 1 is
shown in Figure 10. The data was averaged over more than
100 instances such that each data point has a 95% confidence
interval with a 10% (or better) precision.

The plots show that when CCR = 0.5, the performance of
the heuristic can be significantly improved by increasing the
number of voltage levels from 1 to 4. Further increase in the
number of voltage levels does not improve the performance

much. This is understandable since the energy behaves as
a monotonically increasing and strictly convex function of
the computation speed, which is proportional to the voltage
level. The first derivative of the energy function tends to
oo when the voltage tends to co. Thus, the most portion of
energy saving is achieved by changing the voltage level from
the highest option to some lower options, which can be suf-
ficiently achieved with 4 voltage levels per element. Further
energy saving by increasing the voltage levels is insignificant.
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Figure 10: Impact of variation in number of voltage
levels, m = 10, n = 60

It is quite surprising that when CCR = 1.5, there is al-
most no advantage to increase the number of voltage levels
beyond 2. This is because when CCR = 1.5, the latency
laxity is so large that the voltage settings of almost all tasks
can be set to the lowest level. Thus, there is no effect to
further increase the number of voltage levels.



8. CONCLUDING REMARKS

This paper discussed the problem of allocating a real-time
application in EmNets. A new performance metric was pro-
posed to balance the energy dissipation of elements during
each period of the application, with respect to the remaining
energy of the elements. The problem was first formulated
as an ILP problem that can be solved to obtain optimal so-
lutions. An efficient 3-phase heuristic was then developed.
We demonstrated that for small scale problems, the perfor-
mance of the 3-phase heuristic achieves up to 85% of the
system lifetime obtained by the ILP-based approach. For
large scale problems, a 120 — 250% improvement in the sys-
tem lifetime was also observed. Further, we presented two
extensions of our approaches that consider multiple commu-
nication channels and techniques for exploring the energy-
latency tradeoffs of communication activities.

In the future, we plan to validate our techniques using
real-life applications for EmNets. While it is informative to
apply our techniques for several kernel operations, such as
Fast Fourier Transformation and matrix multiplication, we
are particularly interested in system-level task models for
advanced EmNets applications. Task allocation in multi-
hop EmNets is another important problem. Compared with
single-hop connection, the communication activities are chal-
lenging to model and schedule in multi-hop networks.

Algorithmic techniques for optimizing application perfor-
mance in wirelessly networked embedded systems can be
found in [21].
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