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Mobile applications are becoming more popular as they provide the convenience of accessing services
and information anywhere and at anytime. However, due to size and weight restrictions, mobile
computing devices are limited in terms of battery energy and processing power. Running complex
applications on resource-limited mobile computing devices is a real challenge. This paper proposes a
cooperative paradigm for ad hoc computing in which a set of heterogeneous computing devices form
a cooperative system on the fly, and whenever a resource-limited computing device in such a system has a
resource-consuming application to be run, it uses resources of other devices to surmount the problem of
resource limitation. To study the potential capability of this paradigm, we have designed energy-aware
allocation and scheduling algorithms to make the most of all available resources in such a cooperative
environment. These algorithms are static in the sense that they are based on discrete snapshots of the
system topology. Although we consider these algorithms as preliminary work towards our objective of
enabling cooperative computing, they have shown exciting results that encourage us to pursue our study.
The main contributions of this paper are the novel allocation and scheduling algorithms which form a
pioneering work towards enabling energy-aware cooperative processing in mobile computing
environments.
Keywords: Ad hoc computing; Task scheduling; Task allocation; Wireless networks; Energy
management

1. Introduction
The evolution of distributed systems in the 1970s has allowed several personal computers to
work together in one system and has brought about a great improvement over the
independent personal computers in terms of processing power, access to remote services and
information, fault tolerance, resource sharing, resource availability and so on [1]. On the
other hand, mobile computing has recently gained popularity, and the need for mobile
applications in different fields has become significant. But unfortunately, rigorous resource
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limitations in mobile computing devices preclude the full utilization of mobile applications
in real life scenarios. However, in an analogy to how distributed systems have improved the
computing value of personal computers, cooperative ad hoc computing has the potential to
leverage the durability and processing power of pervasive and mobile computing devices.
We envision the ad hoc computing environment to be composed of a set of heterogeneous
computing devices, of different characteristics and capabilities, which form a wireless
network on the fly and start working in such a cooperative behavior that reduces the effect of
resource limitation in mobile computing devices. To argue the need for such a cooperative
paradigm, let us consider the following scenarios.

1.1 Mobile computing for emergencies
The triage is a process carried in hospital emergency rooms to sort injured people into groups
based on their needs to immediate treatment. The same process is actually needed in disaster
areas with a large number of casualties. Identifying the most severe injuries so quickly has
proven to be very effective in saving lives and controlling severe injuries. But unfortunately,
both technical and human resources available in the emergency room are not available in
such a disaster field. Mobile computing has been proposed to automate and expedite the
triage process in disaster fields. First, low-power vital sign sensors are attached to each
patient in the field. These sensors send medical data about the patient to nearby first
responders who are provided with mobile computing devices and medical applications that
are able to process and analyze the received data in order to make a decision on who needs
the most immediate treatment [2]. Running such an application on a resource-limited mobile
computing device is challenging; such a device may not have enough energy to run the
medical application and/or may not have the processing power needed to make a decision
early enough. Alleviating the effect of these limitations, which is the main objective of
cooperative computing, would save more lives in the future.

1.2 Computing-saturated spaces
Computation offloading [3 – 5] was introduced as a technique by which a resource-limited
computing device can defer the execution of a computational task to a nearby stationary
server, which has virtually unlimited energy and has more capabilities in terms of processing
power. It is possible, through a suitable computation offloading platform, to have a building,
a lab or a meeting room equipped with a sufficient number of stationary servers that can be
accessed via a wireless medium, and provide mobile devices with processing power and
energy by taking over the execution of computational tasks initiated on roaming mobile
computing devices. It is obvious that what a mobile computing device can perform in such a
space is much more than what it can perform independently. Servers have been used in
distributed environments to provide different kinds of services and information; there is
nothing to prevent them from providing processing power and energy.
However, as is the case with all profound technologies, ad hoc computing poses several
challenges, and it is the job of researchers and engineers to overcome these challenges to
make the technology “weave itself into the fabric of everyday life until it is indistinguishable
from it” [6]. The following are some of the challenges posed by the ad hoc computing
paradigm:
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(i) Since almost all mobile computing devices are battery-operated, energy has become
one the most critical resources. Classical protocols and algorithms, which assume wallpowered computers, are not suitable any more for ad hoc computing.
(ii) The processing power of a mobile computing device is much lower than that of a
stationary one. This actually emerges the need for cooperative processing and
dispatching computational tasks to other devices.
(iii) Mobile environments lack the preinstalled infrastructure.
(iv) Mobility of computing devices imposes the challenge of dynamic topology.
(v) High degree of heterogeneity is another challenge in mobile computing environments.
This paper makes a significant contribution towards surmounting some of the above
challenges as follows.
. It formulates novel energy-aware allocation and scheduling problems that are suitable for
recent and future ad hoc computing environments in which energy is one of the most
valuable resources.
. It proposes a heuristic-based allocation algorithm that shows empirically the ability to
generate task assignments which are near-optimal in terms of minimizing the total
consumed energy.
. It proposes a heuristic-based scheduler that reconciles energy saving with performance
improvement, and provides the system with the ability to set different importance weights
for each of them.
In the proposed scheduling schemes, a set of tasks are scheduled and assigned to different
devices based on the most recent snapshot of the network topology. The network topology is
assumed to stay unchanged until the execution of all tasks. Several methods have been
proposed to maintain these snapshots for wireless networks with moderate mobility rates [7].
However, while using discrete snapshots is a valid assumption in some wireless environments
such as the computing-saturated spaces discussed above and the smart environments [8],
some other environments possess a high degree of mobility and require dynamic, realtime
scheduling, which is the topic of a current investigation. We believe that this work originates
new research directions in the field of energy-aware task scheduling (ETS) towards energy
conservative, high performance cooperative systems.
The remainder of this paper is organized as follows. Section 2 describes the general
structure of a cooperative ad hoc computing system. Section 3 formulates the allocation
problem of finding a proper assignment of tasks to heterogeneous devices, which minimizes
energy consumption, and presents a heuristic-based greedy algorithm for obtaining a nearoptimal solution to this problem. Section 4 states the more general problem of finding a
schedule that minimizes a cost functionof energy consumption and makespan (i.e. the time
required to have all tasks completed), and presents a heuristic-based algorithm to solve it
approximately. Finally, Section 5 concludes this paper by summarizing the main
contribution of this work, discussing the importance and viability of our approach, and
suggesting some future research directions.
2. Cooperative ad hoc computing architecture
Besides the fact that most mobile computing devices are equipped with wireless connection
facilities, several computing platforms have been designed specially for mobile computing
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devices to support process migration and remote execution [3 –5]. This makes it feasible for
heterogeneous mobile and stationary computing devices to work in a cooperative manner.
Furthermore, recent advances in Mobile Ad hoc wireless NETworks (MANETs) facilitate
constructing such a system on the fly [9,10].
An ad hoc computing environment consists of a set of heterogeneous computing devices
that may range from small, resource-limited, mobile devices to stationary, wall-powered,
powerful servers. Whenever a resource-limited computing device in such an environment
has a set of tasks (or subtasks{) to be executed (which may have dependencies and
communication requirements among themselves), it uses all available resources in nearby
computing devices. A mobile computing device may use resources of one or more nearby
stationary servers and/or even the resources of one or more other nearby mobile devices.
A personal digital assistant (PDA), for example, may use the resources of a nearby laptop.
Figure 1 shows the general architecture of the proposed cooperative ad hoc computing.
The wireless network allows different devices to discover and communicate with each
other. The remote execution platform facilitates the process of migrating a task to the remote
server and getting the results back to the client. However, neither the wireless network nor the
remote execution platform is the focus of this paper. An ad hoc computing environment
involves a set of consumers, i.e. mobile applications (tasks), and a set of resources, i.e.
energy and processing power. Therefore, finding a proper schedule plays the main role for
energy saving and performance improvement. A schedule includes a task assignment that
shows for each task which device is to execute it and an execution order that shows the
starting time of each task. Finding an efficient schedule in this environment is the focus of the
next two sections.

3. Energy-aware task allocation
The main deterrent from enabling ubiquitous mobile computing is the battery energy
limitation. Cooperative computing reduces the effect of such a limitation by distributing the
computational tasks of a mobile computing device amongst all available, nearby devices in
an energy-efficient way. This section looks into the problem of finding the proper task
allocation that minimizes the overall consumed energy. Energy is consumed by the execution
of a task and by the interaction between two tasks assigned to different computing devices
(processors).
The classical task allocation problem is the problem of finding a proper assignment of
tasks to processors that minimizes the sum of the total execution time and the total
communication time. This problem has been proven to be NP-Complete in its general form
[11], i.e. no polynomial algorithm has been found to solve the problem, and it is believed by
most of the researchers in the field to be extremely hard (or even impossible) to find one.
However, in this energy-aware allocation problem, the objective is to minimize the sum of
the total execution energy and the total communication energy. Since both time and energy
can be seen as a cost metric to be minimized, the two problems are equivalent, i.e. a timebased classical allocation algorithm can be used as an energy-aware allocation algorithm.

{A task may be partitioned to a set of subtasks. However, the task partitioning problem is out of the scope of this
work. Rather, it is assumed that the task is already efficiently partitioned.
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Figure 1. Cooperative ad hoc computing.

However, classical allocation algorithms assume that the communication links are identical,
i.e. the communication cost between any two processors is the same. This is not a valid
assumption in a wireless mobile computing environment, which imposes a high degree of
heterogeneity among different communication links. In a wireless communication
environment, the communication links have different costs and may be asymmetric, i.e.
the cost of a link from a processor pi to another processor pj may be different from that of the
link from pj to pi.
Stone’s allocation algorithm [12] was proven to be optimal in terms of minimizing the sum
of the total execution time and the total communication time when there are exactly two
processors and the communication links in both directions are identical (i.e. they have the
same transmission rate). Therefore, if there are only two processors and the communication
links between them are identical in terms of energy consumption, Stone’s algorithm can be
used to find the minimum-energy task assignment.
In a more general case with an arbitrary number of processors and identical
communication links, the algorithm of Abraham and Davidson [11] was proven to give a
solution no worse than twice the optimal. Therefore, when this assumption applies in terms
of energy cost, the same algorithm can be used as an energy-aware approximation algorithm.

3.1 Problem formulation
Classical allocation models, which have been proposed for distributed and parallel systems,
are not suitable for mobile computing environments where energy is probably the most
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critical resource. We define new task model, processor model and cost function to formulate
this energy-aware allocation problem abstractly.
. Task model T
(i) Tasks: T ¼ ðt1 ; t2 ; . . . ; tn Þ is a set of tasks to be executed, where n is the number
of tasks.
(ii) Interaction among tasks: Data is an n £ n matrix, where Data(i, j) is the amount
of data units (e.g. bytes) to be sent from ti to tj.
(iii) Execution energy consumption of each task on each processor: ExecE is an
n £ m matrix, where m is the number of processors and ExecE(i, j) is the amount
of energy consumed by ti when executed on pj.
A Directed Acyclic Graph (DAG) is usually used to represent the task model.
It is a directed graph in which there is a node for every task and a directed edge
for every interaction relation. The weight of an edge from ti to tj is the amount of
data sent from ti to tj, i.e. Data(i, j).
. Processor model P
(i) Processors: P ¼ ðp1 ; p2 ; . . . ; pm Þ is a set of processors available in the system.
(ii) Estimated communication energy consumption among processors: CommE is an
m £ m matrix, where CommE(i, j) is the amount of energy consumed by one unit
of data to travel from pi to pj.This includes the energy consumed by the source
device, the destination device, and any other device involved along the path
between source and destination.It is assumed that
CommEði; iÞ ¼ 0; 1 # i # m
i.e. the cost of communication from a processor to itself is zero. It is also
assumed that the task model and the processor model stay unchanged until all
tasks complete execution (this is known as static allocation).
. Cost function C
C ¼ communication_energy þ execution_energy;
where
. communication_energy is the total amount of energy consumed by interaction among
tasks assigned to different processors.
. execution_energy is the total amount of energy consumed by the execution of all
tasks.The problem can be formulated now as follows: Given a task model T and a
processor model P, find a task assignment S that maps each task to a processor in such a
way that minimizes the following cost function:
C ¼ communication_energy þ execution_energy
Having heterogeneous communication costs among different processors makes this
problem distinct from classical allocation problems.
3.2 Task allocation algorithm
Since the allocation problem is NP-Complete [11], we introduce a heuristic-based algorithm
that has been proven empirically to give near-optimal results. The algorithm we propose for
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this problem tries to minimize the total consumed energy by assigning each task to the
processor that executes it with the minimal energy. When an assignment decision is to be
made for a task t, this algorithm considers the energy consumption of t’s execution on
different processors and the energy consumption of t’s interaction with tasks that have been
already assigned. However, t’s interaction with tasks that have not yet been assigned is not
considered because the cost of such interaction depends heavily on the assignment of those
tasks and is impossible to predict. The algorithm follows.
(1) While there are still unallocated tasks
(1.1) Pick any unallocated task ti.
(1.2) Assign ti to a processor pj, such that ExceE(i, j) # ExceE(i, k), 1 # k # m.
(1.3) For any unallocated task tc that receives data from ti
(1.3.1) For any processor pk
(1.3.1.1) ExecEðc; kÞ ¼ ExecEðc; kÞ þ Dataði; cÞ £ CommEðj; kÞ.
(1.4) For any unallocated task tc that sends data to ti
(1.4.1) For any processor pk
(1.4.1.1) ExecEðc; kÞ ¼ ExecEðc; kÞ þ Dataðc; iÞ £ CommEðk; jÞ.
This algorithm runs in time O(e þ n) where e is the number of communication links
among different tasks and n is the number of tasks [13]. The idea of adding the
communication cost to the execution cost was used first by Lo [14] in her min-cut-based
allocation algorithm. However, her algorithm assumes identical communication costs
between different processors and minimizes the sum of the total execution time and the total
communication time. Figure 2 shows an example of simple task and processor models
consisting of two processors and three tasks. Figure 3 shows the task allocation steps carried
by this allocation algorithm if tasks are assigned in the following order: t3, t1, and then t2.

3.3 Experimental results
We conducted comprehensive experiments to show the quality of our allocation algorithm
results. However, there is no classical task allocation algorithm that considers an arbitrary
number of processors and arbitrary communication costs, which is the normal situation in a

Figure 2. An example of processor and task models.
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Figure 3. The task allocation steps of the example in figure 2.

mobile wireless communication environment, and this led us to generate different benchmark
categories, each of which has some restrictions so that we can compare our energy-aware
task allocation algorithm (ETA) with another allocation algorithm that works only under
these restrictions. In addition to the restricted categories, we generated a general category of
unrestricted benchmarks, which have an arbitrary number of processors and heterogeneous
communication links, and compared the results of ETA against the optimal allocation using a
non-polynomial algorithm. However, benchmarks of this category have such a small number
of tasks and processors that it is possible to get the optimal solution in a reasonable time
using a non-polynomial algorithm.
The comparison was based on the overall consumed energy. We used task graphs for free
(TGFF) [15] to generate random task and processor models (Benchmarks) of three different
categories.
Category I has 200 benchmarks, each of which has about 150 tasks and about 300 intertask communication links. The average execution energy consumption is 1000 nJ. The
average number of data units on each communication link is 100 bytes. We also assumed a
two-processor system with identical communication links (CommE(1, 2) ¼ CommE(2,
1) ¼ 1 nJ/byte). Since there are only two processors and the communication links between
them are identical, Stone’s allocation algorithm can be used to generate the optimal
allocation in polynomial time, and we can compare the allocations of ETA against the optimal
ones. Even though it seems curious to compare an optimal algorithm with a non-optimal one,
we believe that the performance of ETA in this restricted case can be considered as
an indication of its performance in the general case where the optimal algorithm is not
applicable. It turns out that ETA allocations were within 2.46% of the optimal allocation
in all generated benchmarks. ETA allocations were also optimal in 4% of the generated
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benchmarks. Figure 4 shows the results of both algorithms in 20 randomly selected
benchmarks.
Category II has 200 benchmarks, each of which has about 150 tasks and about 300 intertask communication links. The average execution energy consumption is 1000 nJ. The
average number of data units on each communication link is 100 bytes. We also assumed a
ten-processor system with identical communication links (CommE(i, j) ¼ 1 nJ/byte, i – j).
Since the communication links are identical, the algorithm of Abraham and Davidson can be
applied to generate allocations, which are no worse thantwice the optimal (i.e. 2Approximation), and we can compare the allocations generated by ETA against those of the
approximation algorithm. It turns out that the allocations of ETA consume, on average,
12.75% less energy compared to those generated by the approximation algorithm. ETA
allocations are worse than those of the approximation algorithm in less than 6% of the tested
benchmarks, and the difference in those benchmarks was never more than 5.9% of the
approximation algorithm allocations. In about 25% of the tested benchmarks, ETA
allocations are better than those of the approximation algorithm by less than 10%. In about
69% of the benchmarks, ETA allocations are better than those of the approximation
algorithm by morethan 10% but less than 31%. Figure 5 shows the results of both algorithms
in 20 randomly selected benchmarks.
Category III has 200 benchmarks, each of which has a maximum of 15 tasks and about 30
inter-task communication links. The average execution energy consumption is 1000 nJ. The
average number of data units on each communication link is 100 bytes. With each
benchmark, we generated a random processor model of four processors with heterogeneous
communication links. The average communication energy consumption between any two
processors is 5 nJ/byte. We used a non-polynomial algorithm to find the optimal allocation
and compare it with the one generated by ETA algorithm. It turns out that ETA allocations
consume, on average, 5.21% more energy compared to the optimal one. In 0.5% of the
generated benchmarks, ETA allocations are worse than twice the optimal (in only one of
the tested benchmarks, the ETA allocation consumes 106% more energy compared to the
optimal one). In 3.5% of the tested benchmarks, ETA allocations consume more than 25%
(but less than 100%) more energy compared to the optimal one. In 26.5% of the tested
benchmarks, ETA allocations consume more than 5% (but less than 25%) more energy
compared to the optimal one. And in 69.5% of the tested benchmarks, ETA allocations are
within 5% of the optimal one. ETA allocations are optimal in 52.5% of the tested

Figure 4. Comparison between ETA results and the optimal ones generated using Stone’s algorithm in category I.
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Figure 5. Comparison between ETA results and those of Abraham and Davidson approximation algorithm (2-approx.)
in category II.

benchmarks. Figure 6 shows a comparison between ETA results and the optimal ones in 20
randomly selected benchmarks.

4. Energy-aware task scheduling
The algorithm described in Section 3 finds a task allocation such that the total consumed
energy is minimized regardless of the time needed to have all tasks completed. Therefore, it
may lead to an energy-efficient, yet delay tolerant system. Inan ad hoc computing
environment, both energy saving and performance may be of significant importance.
However, their relative importance is not static and depends on some factors, such as current
energy level, type of tasks being executed, and so on.
This section formulates a more general scheduling problem that aims at both conserving
energy and improving performance. The cost function to be minimized here consists of an
energy metric, a performance metric, and dynamic system-defined importance weights for

Figure 6. Comparison between ETA results and the optimal ones in category III.
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each metric. The allocation problem defined in Section 3 can be seen as a special case of this
scheduling problem.
The novelty of this scheduling problem stems from having two different cost metrics to be
minimized, namely, delay (makespan) and energy. These cost metrics are of different
natures; while parallelism helps in minimizing the makespan, it does not have a clear effect
on energy consumption and while the execution order affects the makespan, it too has no
effect on energy consumption. A preliminary version of this work, which focuses on the
scheduling algorithm, has been introduced in Ref. [16].
4.1 Problem formulation
In such a multi-objective scheduling problem, there is a need for task and processor models
that consider both delay and energy. Such models have never been addressed before. We
propose the following task model, processor model and cost function to formulate this
scheduling problem abstractly.
. Task model T
(i) Tasks: T ¼ ðt1 ; t2 ; . . . ; tn Þ is a set of tasks to be executed, where n is the number
of tasks.
(ii) Interaction among tasks: Data is an n £ n matrix, where Data(i, j) is the amount
of data units (e.g. bytes) to be sent from ti to tj.
(iii) Precedence relation among tasks: , is a partial order defined on T, where ti , tj
means that tj cannot start execution before ti has completed its execution and
Data(i, j) data units have been received by the processor on which ti is to be
executed.
(iv) Execution time of each task on each processor: ExecT is an n £ m matrix, where
m is the number of processors and ExecT(i, j) is the execution time of ti when
executed on pj.
(v) Execution energy consumption of each task on each processor: ExecE is an
n £ m matrix, where ExecE(i, j) is the amount of energy consumed by ti when
executed on pj.
. Processor model P
(i) Processors: P ¼ ðp1 ; p2 ; . . . ; pm Þ is a set of processors available in the system.
(ii) Estimated communication delay among processors: CommT is an m £ m matrix,
where CommT(i, j) is the amount of time required for one unit of data to travel
from pi to pj.
(iii) Estimated communication energy consumption among processors: CommE is an
m £ m matrix, where CommE(i, j) is the amount of energy consumed by one unit
of data to travel from pi to pj. This includes the energy consumed by the source
device, the destination device, and any other device involved along the path
between source and destination.
We assume that CommT(i, i) ¼ CommE(i, i) ¼ 0, 1 # i # m, i.e. the cost of
communication from a processor to itself is zero.We also assume that the task
model and processor model stay unchanged until all tasks complete execution.
. Cost function C
C ¼ amakespan þ btotal_consumed_energy
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where
. makespan is the time by which all tasks are completed.
. total_consumed_energy is the total amount of energy consumed by task execution plus
the total amount of energy consumed by task interaction among tasks.
. a and b are system attributes representing relative importance weights between
processing performance (time) and energy saving.
This cost function is composed of two cost metrics of different units. While
makespan is a time measured in microseconds, milliseconds, seconds, and so on,
total_consumed_energy is energy measured in joules. Adding two cost metrics of
different units is confusing, if not meaningless. However, it is possible to use a
new cost unit (cost tokens for example) and to map both time units and energy
units to cost tokens by using suitable, meaningful values for a and a. Thus,
a(token/time unit) represents how many tokens are equivalent to one time unit
and b(token/energy unit) represents how many tokens are equivalent to one
energy unit. However, other methods may be used to unify the unitsof both cost
metrics and that has no effect on the proposed algorithm.
The problem can be formulated now as follows: Given a task model T and a processor
model P, find a schedule S that maps each task to a processor and determines the starting
time of each task in such a way that minimizes the following cost function:
C ¼ a makespan þ b total_consumed_energy, such that:
. There is no execution overlapping among tasks that are assigned to the same processor.
. All precedence relations are satisfied.
. The schedule is non-preemptive, i.e. each task is assigned to only one processor and once
a task starts execution, it can not be interrupted until it finishes.

4.2 List scheduling
List scheduling (LS) is a well known heuristic in scheduling algorithms for homogeneous
systems, i.e. systems consisting of identical processors, and was introduced first by Hu in
Ref. [17]. LS is a priority based heuristic in which each task is assigned a priority and
whenever more than one task contend for execution, the one with higher priority is selected.
The general LS algorithm can be expressed as follows.
(1) Each task is assigned a priority.
(2) A ready queue is initialized to have those tasks with no predecessor (the ready queue is
a priority queue).
(3) While the ready queue is not empty
(3.1) Get a task t from the front of the queue (the one with the highest priority).
(3.2) Select a processor p to run t.
(3.3) Find the starting time of t on p.
(3.4) Insert in the ready queue all tasks of which all predecessors have been already
executed.
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(i) In Step 1, what criteria to be used for priority?
(ii) In Step 3.2, how to select a processor to run a task?
Both decisions should be made carefully in such a way that “logically” and “intuitively”
will improve the quality of the generated schedule. Before discussing the optimality of LS,
we define the following terms:
. A terminal task is a task with no successor. Task 5 in figure 7 is a terminal task.
. The length of a path in a DAG is the sum of the execution times of all tasks along this path.
Note that the communication is not included in the length of a path.
. The level of a task in a DAG is the length of the longest path from the corresponding node
to any exit node. Level of task 4 in figure 7 is 2 (if all tasks have execution time of one
unit).
. A ready task is a task with no predecessor or a task of which all predecessors have
completed execution.
In the case of identical processors, using the level of a task as its priority is presumed in the
literature to be an effective technique to minimize the makespan, especially when
communication is neglected. It is also obvious that a processor that becomes available first
should be selected to run a particular ready task.
In Ref. [17], Hu presents a level-based LS algorithm that generates optimal schedules when
the task graph is a tree, processors are identical, and all tasks have the same execution time.
Coffman and Graham in Ref. [18] show that LS is optimal for scheduling tasks on an arbitrary
task graph with identical execution times on only two processors. With an arbitrary number of
processors, an arbitrary task graph, and arbitrary task execution times, Graham in Ref. [19]
derives a precise bound on the makespan of level-based LS. He proves that the makespan of a
level-based schedule would never be more than (2 2 (1/m)) times the makespan of the
optimal schedule where m is the number of processors. In the same paper, Graham also shows
that this bound can be improved to ((4/3) 2 (1/3m)) if there is no precedence relation.
However, when the communication delay is significant, the quality of pure level-based LS is
lowered because the communication delay is excluded while computing the level of each
task. It is even quite hard to include the communication delay in the level computation
because that depends heavily on the task assignment. This problem is called the level number
problem for LS [11]. Nevertheless, some approaches have been proposed to adapt level-based

Figure 7. An example of a DAG of five tasks.
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LS so that it takes into consideration the communication delay. Task duplication [11], for
example, duplicates the execution of the same task on different processors to eliminate the
delay caused by communication originated from that task. It is, however, not clear yet how to
find a low complexity algorithm with duplication [20]. Another approach is to divide the
scheduling process into two stages: task assignment and execution ordering. In the first stage,
where communication is excluded, a pure level-based LS is used to assign tasks to different
processors. Once the task assignment is decided, the communication delay becomes explicit
and can be included in the level computation. The next stage uses a more accurate level
computation (that includes communication delays) to reorder the task execution locally on
each processor. Even though no quality bounds have been derived for the general problem,
extensive experimental studies and quality analyses have shown that two-stage LS is an
effective heuristic when communication delay is significant [20].
4.3 Scheduling algorithm
Even if we ignore the communication cost and energy (i.e. minimizing the makespan only),
this scheduling problem is NP-Complete [11]. Therefore, we developed a heuristic-based
algorithm to solve the problem approximately. Our scheduling algorithm is divided into two
stages: task assignment and then execution ordering. In the first stage, each task is assigned to
one processor to execute it. In the second stage, the execution order in each processor is
decided.
4.3.1 Task assignment. The task assignment algorithm uses a modified version of the levelbased LS heuristic that is adapted to consider heterogeneous processors and energy
consumption. In this scheduling problem, the execution time of a task varies from one
processor to another and, therefore, it is hard to calculate the level of a task because that
depends heavily on the task assignment. Nevertheless, it is possible to use the minimum
execution time of each task as its predicted execution time and then to use this predicted
execution time in computing the level of this task, i.e. it is in fact an estimated level rather than
an actual one. In this algorithm, the priority of a task is its estimated level. Figure 8(a) – (e)
shows an example of task and processor models, and figure 8(f) shows the corresponding tasks
estimated levels which are computed based on the minimum execution time of each task.
On the other hand, this algorithm uses a greedy processor selection policy based on the
finishing time and energy consumption on each processor. The cost of assigning task t to
processor p is:
AssignmentCostðt; pÞ ¼ aFT þ b consumed_energy
where:
. AssignmentCost(t, p) is the cost of assigning task t to processor p.
. FT is the finishing time of t on p which is affected by the communication delay, execution
delay, and current load on p.
. consumed_energey: is the total energy consumed by executing t on p which includes the
energy consumed by execution and energy consumed by communication.
. a and b are the same system attributes of the cost function defined in Section 4.1.What is
meant by communication here is the communication from t’s predecessors to p.
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Figure 8. An example of a processor model, a task model, and the corresponding estimated levels.

The algorithm simply selects the processor that can run t with minimal cost. The task
assignment algorithm can be described as follows.
. First, assign each task a priority equal to its estimated level which includes the minimum
execution time of each task along the longest path.
. Maintain a ready queue which includes those tasks of which all predecessors have been
scheduled. This ready queue is initialized to have those tasks which have no predecessors,
and whenever a task is scheduled, the ready queue is updated if some tasks become ready.
. As long as the ready queue is not empty, the ready task with the highest priority is
removed from the front of the ready queue and assigned to the processor that can execute
it with the minimum cost, i.e. using the AssignmentCost function. It is also scheduled to
start as early as possible on the selected processor.Figure 9 shows the task assignment
process of the example in figure 8 when a ¼ 1 token/ms and b ¼ 1 token/nJ.
4.3.2 Execution ordering. There are two factors that may affect the execution ordering
quality of the task assignment algorithm described in the previous section:
(i) The communication delay was excluded in computing the estimated level.
(ii) The minimum execution time was used as an estimate of the execution time of each
task.
This may affect the makespan quality of the same assignment. However, even though finding
the optimal order for a given assignment is NP-hard [20], several heuristics have been proven
by experiment to be effective in minimizing the makespan [20]. One of the heuristics
proposed in Ref. [20] is used for our execution ordering algorithm and it can be described as
follows. Once the task assignment is decided, the exact communication delay and the exact
execution time of each task can be determined and, therefore, a more efficient execution
order can be made based on the exact level. The execution order is based on computing the
exact level of each task which includes the exact execution times and the exactcommunication
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Figure 9. Illustration example for the task assignment process of figure 8 example with a ¼ 1 token/ms and b ¼ 1
token/nJ.

delays, and then ordering the task execution on each processor based on the exact levels of
those tasks assigned to it. It is obvious that ordering the execution of tasks on the same
processor has no effect on energy consumption. Figure 10 shows the exact levels of the tasks
shown in figure 8 after being assigned as shown in figure 9.
Another refinement that can be achieved is to consider a task ready only when all of its
immediate predecessors have completed their execution and all of the data it should receive
from them have arrived to the processor to which it was assigned. This can help avoid
unnecessary idle gaps resulting from scheduling tasks prematurely. The execution ordering
algorithm is based on the ready task critical path (RCP) heuristic proposed in Ref. [20] that
can be described as follows.
. First, assign each task a priority equal to its exact level which includes the actual
execution times and the actual communication delays along the longest path.

Figure 10. Exact levels.
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. At each processor pi, maintain a local ready queue RQi which includes those tasks
assigned to pi of which all immediate predecessors have been executed and all of the data
they are supposed to receive from their immediate predecessors have been received by pi.
RQi is initialized to have those tasks which have no predecessors.
. At each processor pi, maintain a local clock LCi which is always set to the maximum of
the earliest time at which pi is available for execution and the earliest time at which Qi is
not empty.
. Maintain a global clock GL which is always set to the minimum local clock among all
processors.
. For each scheduling step at time GL, go to the available processor pi (i.e. LCi ¼ GL), get
the highest priority task from the front of its RQi and schedule it to start as early as
possible on pi. If two processors are available at the same time GL, the one with the
smallest processor index is chosen.
After applying this execution ordering algorithm to the example in figures 8 and 9, the
execution order of tasks assigned to p1 will be the same because t1, t2 and t5 all have
precedence relations. However, in p2, t3 will be scheduledto start first before tasks t4 and t6
because t3 has the highest exact level and, therefore, t5 will be able to start execution on p1 at
time 6 and finish at time 8 leading to a shorter, closer to optimal makespan. The result of the
execution ordering process is shown in figure 11. The cost of this schedule is
1 £ 8 þ 1 £ 18 ¼ 26 cost tokens. The overall complexity of the assignment algorithm
and the execution ordering one is O(ne þ n 2) where e is the number of communication links
among different tasks and n is the number of tasks [13].
4.4 Experimental results
In order to show the effectiveness of our ETS algorithm, we conducted several experiments
on random task and processor models, and compared the results of ETS algorithm with
those of two other classical methods. Specifically, we compared ETS with LS, which is
equivalent to ETS when b is set to 0 and a is set to 1 (i.e. minimizing the makespan only)
and with single processor (SP) scheduling, which assigns all tasks to one processor that can
execute them all with minimal total cost. In fact, there is not any other energy-aware

Figure 11. Execution ordering.
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scheduling algorithm to compare with the ETS, which imposed a restriction on our
experiment. However, we chose LS to show that a time-based scheduling algorithm is not
capable of conserving energy. And we chose SP to show that what all processors can do
cooperatively is much better than what the best of them can do independently. The
comparison was based on the multi-objective cost function discussed in Section 4.1, which
consists of a delay metric and an energy one.
We used TGFF to generate random benchmarks. We used 200 benchmarks each of which
has about 200 tasks and about 400 inter-task communication dependency links. The average
execution time is 1000 ms and the average execution energy consumption is 1000 nJ. The
average data units on each communication link is 100 bytes. We also generated a random
processor model of five processors for each benchmark. The communication delay between
any two processors has an average of 5 ms/byte (this includes the queuing, medium access,
and transmission delays). The average communication energy consumption between any two
processors is 5 nJ/byte. In this experiment, we set a ¼ 1 token/ms and b ¼ 1 token/nJ to
reflect equal importance weights of performance and energy conservation. Table 1 shows a
comparison between ETS, LS and SP in terms of the average makespan, the average
consumed energy, and the average total cost over all benchmarks. It turns out that while the
makespan of the results generated by ETS is, on average, more than that of the results
generated by LS by about 12%, the results generated by ETS consume, on average, 22% less
energy compared to those generated by LS, and while the results generated by ETS consume,
on average, 15% more energy compared to those generated by SP, the makespan of ETS
results is, on average, only 20% of that of SP results. However, in terms of total cost, which is
the most important factor, ETS excels. Figures 12– 14 show detailed results of 20 randomly
selected benchmarks.
Finally, it is worthwhile to notice that while this scheduling algorithm is more general than
the allocation algorithm discussed in Section 3, the allocation algorithm is more suitable for
the special cases where energy saving is the only concern. Moreover, the allocation algorithm
has lower complexity.

5. Conclusion
Towards enabling ubiquitous, high performance mobile computing, we introduce the
cooperative ad hoc computing paradigm which consists of heterogeneous mobile and
stationary computing devices, which are connected via a wireless medium. Through the use
of aremote execution platform, the involved devices can help each other in running different
mobile applications (tasks) in order to save energy and improve performance. However, this
environment can be abstracted to a set of consumers, i.e. mobile applications, and a set of
resources, i.e. energy and processing power in each device. Therefore, an efficient scheduler,
which finds proper execution plans, is needed; and this was the core of this paper.
Table 1. Comparison of different methods.

ETS
LS
SP

Average makespan (ms)

Average consumed energy (nJ)

Average total cost (cost tokens)

45,627
41,347
236,816

270,631
350,827
229,367

316,259
392,174
466,184
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Figure 12. Makespan comparison.

What a mobile computing device can do is limited by how much energy is available in its
battery. Having better utilization of device batteries, by designing more energy-efficient
hardware and software components, is presumed to be a promising direction. However, even
though several methods follow this direction, they are still limited by the amount of energy
available in the battery. Computation offloading was the first, and the only, method that
overcomes this limitation. Nevertheless, computation offloading assumes the availability of a
wall-powered, stationary server or at least a more capable server (even if it is not stationary),
and most of the work in this direction is limited to the case where there is one resourcelimited device and one relatively more capable one.
In this paper, we introduce a cooperative computing paradigm which gives mobile
computing devices the possibility to use all resources in nearby computing devices and
provides the optimization methods that make efficient use of such a resource-restricted
environment. Using the cooperative processing paradigm, a mobile computing device can
perform a computational task that was impossible to be performed by the same device
independently. Furthermore, a mobile computing device can have such a high performance
that would not be achievable without the cooperation of other computing devices. Moreover,
our scheme does not require the existence of a wall-powered server and does not limit the
number of involved computing devices. Experiments show that the performance achieved
with cooperative computing (i.e. all involved devices are working cooperatively) is much
higher than that of the best involved computing device working independently.

Figure 13. Energy consumption comparison.
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Figure 14. Total cost comparison.

We claim that our approach is practical and can be applied without significant modification
to the existing systems. Recently developed remote execution platforms have made it feasible
to migrate a computational task to a nearby device via a wireless medium. They are also able
to predict the execution time and energy consumption of each task on each device by
monitoring different resources and maintaining a database of resource usage statistics. Smart
batteries, profiling, and algorithmic complexity are also used to predict resource usage of
different tasks. However, the literature lacks a precise optimization method that finds good
execution plan alternatives for such a scheme, and we believe that our scheduling and
allocation algorithms form a pioneering effort in that direction.
We are now focusing on designing and implementing an ad hoc computing middleware
that combines the remote execution platform and our optimization algorithms to enable
mobile computing over wireless ad hoc networks. Besides that, we are working on another
scheduling problem in which the objective is to maximize the lifetime of the system rather
than minimizing the total consumed energy. Scheduling in computing environments which in
cure a high degree of mobility is subject to more investigation [21].
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