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The Department of Electrical Engineering
The Ohio State University

Columbus, OH 43210
fiverson,ozgunerg@ee.eng.ohio-state.edu

Abstract
With the advent of large scale heterogeneous environ-

ments, there is a need for matching and scheduling algo-
rithms which can allow multiple DAG-structured applica-
tions to share the computational resources of the network.
This paper presents a matching and scheduling framework
where multiple applications compete for the computational
resources on the network. In this environment, each ap-
plication makes its own scheduling decisions. Thus, no
centralized scheduling resource is required. Applications
do not need direct knowledge of the other applications.
The only knowledge of other applications arrives indirectly
through load estimates (like queue lengths). This paper
also presents algorithms for each portion of this schedul-
ing framework. One of these algorithms is modification of
a static scheduling algorithm, the DLS algorithm, first pre-
sented by Sih and Lee [1]. Other algorithms attempt to pre-
dict the future task arrivals by modeling the task arrivals
as Poisson random processes. A series of simulations are
presented to examine the performance of these algorithms
in this environment. These simulations also compare the
performance of this environment to a more conventional,
single user environment.
Keywords: Matching and Scheduling, DAG, Multiuser,
Poisson Random Process, List Scheduling.

1 Introduction
Heterogeneous computing has a number of distinct ad-

vantages [2, 3, 4], centering around the ability to utilize
the features of different machine architectures. A central
theme of heterogeneous computing is the ability to con-
struct a single computational entity from a network of het-
erogeneous machines. As advanced networking technolo-
gies become available, the practical size of these hetero-
geneous environments is growing to a point where it is
possible to create a single computational resource from a
set of high performance computers distributed across the

globe. In such a system, multiple users will be able to
simultaneously utilize the computational resources of this
network to execute a variety of large parallel applications.
The primary challenge of using such a computing environ-
ment is to obtain a near-optimal solution to the matching
and scheduling problem. To accomplish this task, there are
several unique characteristics of this environment which
must be considered: the dynamic nature of the machine
and network loads, the size of the network, and the need
for multiple users to fairly compete for the computational
resources.

Given these issues, this paper presents a framework for
executing multiple applications in this heterogeneous envi-
ronment. These applications have a directed, acyclic graph
(DAG) structure. In this framework, each application is
responsible for scheduling its own tasks. Thus there is no
centralized scheduling authority. This paper also presents a
series of algorithms to operate within the framework. One
of these algorithms is based upon a static matching and
scheduling algorithm, called the DLS algorithm, first pre-
sented by Sih and Lee [1]. These algorithms attempt to
predict the future loads of the machines, by modeling task
arrivals as a Poisson random process. A series of simula-
tions are presented to demonstrate these methods. In the
next section, relevant background material is examined,
and, in Section 3, an overview of the execution environ-
ment is presented. Section 4 gives a detailed presentation
of the algorithms used within this environment. The re-
sults of a simulation study are discussed in Section 5, and
conclusions from these results are offered in Section 6.

2 Background
The majority of the interest in DAG scheduling has

been restricted to static environments. One simple and
efficient type of heterogeneous scheduling method is the
level-based algorithm, which schedules a task based upon
that task’s depth in the DAG. Some methods which fall into



this category include those presented by Leangsuksun and
Potter [5], who study a variety of simple, heterogeneous
scheduling heuristics, and a method called the LMT algo-
rithm, which assigns all of the tasks at a particular depth in
the DAG at one time [6]. Kim and Browne [7] present a
static scheduling technique called linear clustering, where
tasks are clustered into chains of tasks, and these clus-
ters are mapped onto the physical machines. This hetero-
geneous scheduling method has limited application to the
proposed problem, since it assumes that the individual pro-
cessors perform uniformly for all code types (i.e. the per-
formance of a task on each heterogeneous processor varies
only by a scale factor). A more complex static method,
called the MH algorithm, is presented by El-Rewini and
Lewis [8]. Again, this method is limited in that it uses the
same simple model of a heterogeneous system as in [7].
Another method is the Cluster-M technique introduced by
Eshaghian and Wu [9], which clusters tasks together based
upon architectural compatibility. Of interest to this re-
search is the method presented by Sih and Lee [1]. This
static technique, called Dynamic Level Scheduling, sched-
ules tasks by using a series of changing priorities. The DLS
algorithm has been shown by Sih and Lee to be superior to
other static DAG scheduling algorithms for heterogeneous
systems, and will be discussed in more complete detail be-
low.

While most of the DAG scheduling algorithms are
static, there are a few algorithms that examine the prob-
lem of scheduling DAGs in a dynamic environment. For
heterogeneous systems, Haddad [10, 11] presents a dy-
namic load balancing scheme for DAGs. This scheme dif-
fers from a conventional scheduling algorithm, in that it
does not look at the exact structure of a given applica-
tion. It instead uses a number of metrics that characterize
the tasks and the task graph, to balance the computational
load. For homogeneous MIMD systems, Rost et al. [12]
present a scheduling model called agency scheduling. This
model supports decentralized scheduling decisions by giv-
ing a set of distributed scheduling tasks control over a local
set of processors. Neither of these methods explicitly con-
sider the problem of scheduling multiple applications in
a distributed environment. This paper presents a new dy-
namic scheduling method, which is designed for some of
the unique features of this environment. In the next section,
these features are examined in detail.

3 Definitions
As stated above, in this environment, multiple appli-

cations are competing for the computational resources of
the network. Each application is represented by a set
of communicating tasks. These tasks are organized us-
ing a DAG,G = (V;E), where the set of verticesV =
fv1; v2; : : : ; vng represents the set of tasks to be executed,

and the set of weighted, directed edgesE represents com-
munication between tasks. Thus,eij = (vi; vj) 2 E

indicates communication from taskvi to vj , and jeij j
represents the volume of data sent between these tasks.
The execution environment consists of a set of hetero-
geneous machines, which can be represented by the set
M = fm1;m2; : : : ;mqg. The computation cost function,
C : V �M ! <, represents the execution cost of each
task on each available machine. Thus, the cost of execut-
ing taskvi on machinemj will be denoted byC(vi;mj).
If a particular task cannot be executed on a given machine,
the function will evaluate to infinity.

In this environment, each machine is limited to execut-
ing one task at a time. There are several compelling reasons
to adopt this organization.

1. In DAG scheduling, when a task is scheduled, it is de-
sirable to know the time at which the task will com-
plete execution. In a system where multiple tasks
can simultaneously execute on a machine, the com-
pletion time of a given task depends upon the other
tasks which are also executing on the machine. Since
tasks from other applications may arrive at any time,
it is not possible to determine the completion timea
priori .

2. When system loads are able to change after a task has
been assigned, task migration is necessary to balance
machine loads. Task migration can be difficult in a
heterogeneous environment, since there is no guaran-
tee that there is another machine available to execute
a given task.

To ensure that each machine can execute only one task
at a time, each machine will have a FIFO queue. Tasks
wanting to execute on a machine must wait in the ma-
chine’s queue until the machine is available. However, it is
possible for a task to receive data from predecessors while
another task is executing, and likewise send data to suc-
cessor tasks. Since such communication is not processor
intensive, it should have little effect upon the execution of
the running task.

The above organization does not include any resources
for making scheduling decisions. Therefore, there will
be another set machines in the network: scheduling ma-
chines. Each application will execute a scheduling task
(on a scheduling machine), which is responsible for mak-
ing all of the scheduling decisions for that application.
Ideally, these scheduling machines would be general pur-
pose workstations (possibly even the user’s workstation).
A conceptual model of this environment is shown in Fig-
ure 1.

Since each application is self-scheduling, an applica-
tion only has direct knowledge of its own tasks. The
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Figure 1: Conceptual model of execution environment.

only information it has about other applications is in the
form of machine and network load estimates. The schedul-
ing machines are responsible for maintaining this dynamic
state information. The load of a particular machinemj

is characterized by the queue lengthQmj
, the task arrival

rate�mj
, and the average sizelmj

of the arriving tasks,
in terms of execution time. Although beyond the scope
of this paper, techniques will be needed to acquire and es-
timate this loading data. One such method is presented
by Hou and Shin [13], who use Bayesian decision theory
to predict queue lengths using observations which may be
out-of-date (due to the network latency).

The communication costs are represented using the
function D : E � M � M ! <. Thus, the cost of
sending the message from taskvr to taskvs (represented
by edgeers) from machinemi to machinemj will be
D(ers;mi;mj). Communication between tasks compli-
cates the matching and scheduling process in this environ-
ment. In order for a task to begin execution, two condi-
tions must be satisfied: (1) data from previous tasks must
be available, and (2) the task must be at the head of the
queue. Ideally, both of these conditions would be satisfied
at the same time. Achieving this goal is not likely, however.
Thus, there are two possible scenarios:

1. Data is available before the task reaches the head of
the queue.In this case, the task will have to wait to
begin execution (the task should have been placed in
the queue earlier). This queuing delay can potentially
increase the completion time of the application. Other
applications are unaffected.

2. Task reaches the head of the queue before data is
available. In this case, the task was placed in the
queue too early, and the task will have to wait for
the data. As it waits, the machine will be idle, and
the other tasks in the queue will have their progress
blocked.

There is a significant problem with having a task block
the queue. When a task is allowed to block the queue for
an arbitrary amount of time, it is no longer possible to ac-
curately determine the completion time of a task when it
is placed in the queue. However, there is a means of lim-
iting the effects of this behavior. It is possible to require
the scheduling algorithm to estimate the amount of block-
ing time that a task is likely to incur, based upon the queue
length and the time at which the data is expected to arrive.
This estimate can then be explicitly included as part of the
queue length estimates, thus minimizing the effects of any
blocking time. Even with this modification, blocking time
still represents a waste of machine resources.

Some additional definitions are needed by the matching
and scheduling algorithms defined below. Thestatic level
of taskvi, Lstatic(vi), is defined to be the largest sum of
the median execution times of the tasks along any directed
path from taskvi to an end node of the graph. Since the en-
vironment is heterogeneous, the median execution time of
a taskvi, denoted�C(vi), is used to characterize the over-
all behavior of that task. If the actual median is infinite,
the median value will be replaced with the largest finite
execution time. In order to differentiate between different



machines, the term

�(vi;mj) = �C(vi)� C(vi;mj) (1)

is defined to indicate the speed that machinemj executes
taskvi, relative to the median value. A large value of�
implies a fast machine. Given this set of definitions, the
details of matching and scheduling in this environment will
be presented in the next section.

4 Matching and Scheduling Algorithm
In this section, we will define a framework for solv-

ing the matching and scheduling problem in the environ-
ment defined above, and then present specific algorithms
for each portion of the framework. The framework will be
defined as a series of sets containing the tasks of the ap-
plication, and a series of heuristics to move tasks between
these sets. The first set will be the set of unscheduled tasks,
denotedU . As its name implies, the setU will contain
tasks which have not been scheduled to execute on a partic-
ular machine. At the beginning of the algorithm, all tasks
are members of the setU .

In list scheduling methods, no task can be scheduled un-
til all of its predecessors have been scheduled. Using this
ordering, we can define the set of ready tasksR to be the set
of tasks whose predecessors have been scheduled, and thus
can be assigned to a machine. From the definition above,
it is clear thatR � U . Below, a heuristic will be defined
that will choose the best-suited task (and the machine to
execute it on) from this set of ready tasksR. This will be
called thematching decision policy. Since much of the in-
formation used by the matching decision policy is dynamic
in nature, it is important to consider the time at which the
matching and scheduling decisions are made. This time
will be determined by a heuristic called thescheduling time
policy. The combination of these two policies will move
tasks from setR to a new setP : the set of pending tasks.
The set of pending tasksP is the set of tasks which have
been assigned to execute on a particular machine, but have
yet to be placed in the appropriate machine’s queue. This
set is partitioned intoq subsetsP1; P2; : : : ; Pq . Each sub-
setPj contains the tasks which have been assigned to ma-
chinemj . When a task has been placed in the queue, it is
moved into a final setS, the set of scheduled tasks. The
time at which a task is placed in the appropriate queue is
determined by a heuristic called thequeuing time policy.
Figure 2 illustrates the sets defined above, and the flow of
tasks from one set to another.

Given these definitions, the process of making a deci-
sion within this framework can be broken down into three
steps: determining how to make a matching and scheduling
decision (matching decision policy), determining when to
make a matching and scheduling decision (scheduling time
policy), and determining when to place a scheduled task in

Queuing Time
Policy

Scheduling Time Policy
Matching Decision Policy &

S: scheduled tasks

P: pending tasks

U: unscheduled tasks

R: ready tasks

Figure 2: Dynamic DAG Scheduling Framework.

the chosen queue (queuing time policy). Figure 3 shows
the algorithm which governs how each of these steps is
executed. EveryT time units, this algorithm will use the
policies discussed above to move tasks between the vari-
ous sets. The value ofT is called theexamination interval.
In the subsections below, algorithms will be presented for
each of these policies. The matching decision policy will
be a dynamic adaptation of the DLS algorithm presented
by Sih and Lee [1]. The scheduling time and queuing time
policies will use probabilistic methods to determine the ap-
propriate time to schedule or queue tasks.
4.1 Matching Decision Policy

As mentioned above, the matching decision algorithm
is based upon a dynamic adaptation of the DLS algorithm.
Therefore, a brief overview of the relevant portions of the
original static version of the DLS algorithm will be pre-
sented first.

4.1.1 Static DLS Algorithm

In [1], Sih and Lee present the DLS algorithm: a compile
time, static algorithm for scheduling a DAG onto a set of
heterogeneous machines. This algorithm, can be catego-
rized as a list scheduling algorithm, where the tasks are as-
signed to the machines in topological order. As with nearly
all list scheduling algorithms, the DLS algorithm operates
by assigning a priority, called a level, to each task in that
graph. This priority is then used to choose among the set of
tasks which are ready to be scheduled at that time. The the
DLS algorithm differs from previous algorithms in that the
level of a task depends upon the tasks which have already



WhileU 6= �; do :
begin

While the scheduling time policy indicates
that tasks should be scheduled:

begin
Use matching decision policy to

choose a task-machine pair
(choose a task to move from
setR to setP ).

Check precedence constraints of
tasks
(find any tasks which can be
moved into setR).

end
Use queuing time policy to examine

pending tasks
(move tasks ready to be queued from
setP to setS).

Wait T time units.
end

Figure 3: Generic matching and scheduling algorithm for
the framework

been assigned. This concept is called thedynamic levelof
a task, and is defined to be

Ldynamic(vi;mj) =

Lstatic(vi)�max[tdata(vi;mj); tfree(mj)]

+�(vi;mj); (2)

where tfree(mj) denotes the time at which machinemj

will be idle, and tdata(vi;mj) denotes the time when
taskvi’s data will be available on machinemj . The first
term of the expression is the static level of the task. This
term indicates the path length to the end of the graph. Since
a long path is more likely to be the critical path of the
graph, a large value ofLstatic will increase the schedul-
ing priority. The second term indicates when the task can
begin on the machine, based upon the time when the data
is available on the machine, and the time at which the ma-
chine is able to execute the task. An earlier starting time
will imply a higher priority. The third term indicates how
fast the machinemj will execute the task, relative to the
other machines in the system. With this dynamic level ex-
pression, making a matching decision is equivalent to find-
ing the ready task and machine which maximize the above
expression. Another advantage to this approach is that both
the task and processor are chosen at the same time. Sih and
Lee show that this policy is superior to independently se-
lecting either the task or the processor.

4.1.2 Dynamic Matching Decision Policy

As mentioned above, the purpose of the matching decision
policy, given a setR of tasks ready to be scheduled, is
to find the “best” task-machine pair from the set of ready
tasksR. This decision policy can be constructed using a
modified version of the dynamic level equation presented
above.

In order to operate in a dynamic environment, the terms
of the dynamic level expression, shown in equation 2, will
require modification. Examining the individual terms of
this expression, it can be seen that the first and last terms
do not depend upon any data which is dynamic in nature.
However, the middle term,max[tdata(vi;mj); tfree(mj)],
which denotes when the task will be able to begin execu-
tion on the specified machine, does depend upon dynamic
information. The two arguments of the max operator repre-
sent the two independent events which need to be satisfied
in order for a task to begin executing on a machine. For the
environment discussed above, the two terms needed are the
time at which the data is available on the chosen machine
and the time at which the machine is idle, and thus able to
execute the task. For this environment, this second quantity
is defined to be

tfree(mj) = t+Qmj
+

X
8vk2Pj

C(vk;mj); (3)

wheret is the current time. The second term in the ex-
pression is the execution time of the tasks in machinemj ’s
queue at this time, and the last term represents the total ex-
ecution time of the tasks in setPj (i.e. waiting to be placed
in machinemj ’s queue). With this modification, this por-
tion of the DLS algorithm can be used as the matching de-
cision policy. The next issue of interest is the process of
determining when to make a scheduling decision.

4.2 Scheduling Time Policy
As shown by Sih and Lee [1], it is better to choose the

task and machine simultaneously, rather than choose ei-
ther independently of the other. Thus, the purpose of the
scheduling time policy is to determine when it is appropri-
ate to make matching and scheduling decisions, not when
to schedule a particular task. There is a tradeoff inherent
in deciding when to schedule a task. Since the loading in-
formation used by matching decision policy will change
with time, if a task is scheduled early, the information used
to make the decision could be too inaccurate to be of use.
However, if the algorithm waits too long to schedule the
task, it is possible that a desired machine will be unavail-
able (due to a long queue) and the task will be forced to
execute on a suboptimal machine.

In this paper, the following heuristic is proposed to de-
termine when scheduling decisions should be made. A



scheduling decision will be made if the probability that
any ready task will experience queuing delay on its most
desired machines exceeds a predefined threshold value. To
simplify the derivation of this probability, consider a single
machinemj . Using the above information, we can derive
an expression defining the probability that a task will expe-
rience queuing delay on this machine if it is not assigned to
the machine now (if it is not assigned now, it would have to
wait a minimum ofT time units until the scheduler exam-
ines the situation again). In other words, we would like to
find the probability that a sufficient number of tasks from
other applications will arrive (and be placed in the queue)
in the nextT time units such that the task will be forced to
experience queuing delay.

To determine an expression for this probability, it is nec-
essary to define a “critical number” of tasks—the minimum
number of average-sized tasks which would have to arrive
within the examination intervalT , such that any task as-
signed at time(T + t) would experience queuing delay.
Assuming that the arriving tasks are of average sizelmj

,
the critical number will lie within the interval��

tslack

lmj

�
;

�
T + tslack

lmj

��
; (4)

where tslack denotes the difference between the time at
which the data will be available and the time at which the
queue will be empty. This term, called the slack time, is
defined to be

tslack =�
tdata � (Qmj

+ t) if tdata > (Qmj
+ t)

0 otherwise
:

(5)

While it is more likely that the critical number will be
closer to the upper bound of this interval, it is better to
use the lower bound, due to the behavior of the method in
the boundary condition (which will be explained below).
Therefore, in this paper, the critical number of tasksz will
be defined to be

z =

�
tslack

lmj

�
: (6)

Now, assuming that the task arrivals can be reasonably ap-
proximated using a Poisson random variable, the probabil-
ity that the number of arrivalsk within the intervalT will
be greater than or equal toz can be defined to be

Pmj
[k � z] = 1� P [k < z]

= 1�

z�1X
k=0

(�mj
T )k

k!
e
��mj

T
: (7)

The reason for choosing to use the lower boundary in equa-
tion 5 is due to the case whentslack is equal to zero. By

defining the quantityz in this manner, equation 7 will eval-
uate to one.

This expression only considers the probability of expe-
riencing queuing delay on a single machine. In reality, it
is likely that there will be more than one machine avail-
able to execute the task. It is therefore desirable to expand
the above expression to consider the possibility of a task
experiencing queuing delay on more than one of its best
performing machines. Thus, the scheduling time policy
will be defined to schedule tasks if there is a ready task
which has a probability of experiencing queuing delay on
its threefastest machines that is greater than a predefined
threshold�. So, to determine if a task is “in danger” of not
getting a desired machine, the algorithm finds the machines
mi, mj , andmk on which the task executes the fastest.
Then, the algorithm computes the critical numberz for
each of the above machines, (denotedzmi

, zmj
, andzmk

)
and the probability of experiencing queuing delay on each
of these machines, using equation 7 above. With these val-
ues, the overall probability of not getting one of these three
machines is

Pqueue = (Pmi
[k � zmi

])�

(Pmj
[k � zmj

]) � (Pmk
[k � zmk

]): (8)

The choice of three is clearly a heuristic. The advantage
of using a fixed number, like three, is primarily computa-
tional: the algorithm will be more efficient, which is im-
portant in a dynamic environment. If there are fewer than
three machines on which a task can execute, the probabil-
ity will be computed using this lesser number of machines.
The choice of the value� is also a heuristic. A series of ex-
periments are performed to evaluate the choice of a value
for the parameter�. These results will be presented in Sec-
tion 5.

4.3 Queuing Time Policy
As discussed above, when placing a task in a queue,

there are two possible scenarios: the task is placed in the
queue too early and experiences blocking delay, or the task
is placed in the queue too late, and experiences queuing
delay. The ideal time to place a task in the queue lies be-
tween these two extremes. The formulation of the queuing
time policy will use a probabilistic formulation similar to
the scheduling time policy described above. To construct
a heuristic to attempt to place a task in the queue at the
appropriate time, a pair of cost functions will be defined.
The first cost function,Cblock, will indicate the blocking
cost the task will experience if it is placed in the queue
now. The second cost function,Cqueue, will indicate the
probable queuing cost the task will experience if the queu-
ing algorithm waits anotherT time units to assign the task.
The goal of the queuing time policy is to place each task in



the queue in a manner which minimizes both the queuing
and blocking cost.

The blocking cost function is defined to be the amount
of blocking time the machine will experience. Given the
time at which the data is available,tdata, and the queue
length at timet, Qmj

, the blocking cost is

Cblock = tdata � (Qmj
� t) = tslack: (9)

This value is equal to thetslack term defined above.
The definition of the queuing cost function is more elab-

orate. While the blocking cost is a deterministic quantity
(provided thattdata andQmj

are accurate) the queuing cost
is stochastic, in that it will depend upon the probability of
future arrivals in the queue. Like the probable queuing cost
definition from the scheduling time policy, this cost func-
tion will depend upon a critical numberz. This number
represents the minimum number of averaged-sized tasks
which have to arrive in order for the task to experience
queuing time. As before,z is defined to be

z =

�
tslack

lmj

�
: (10)

However, unlike the scheduling time case, we are not in-
terested in the probability of experiencing queuing delay,
but the probable amount of queuing delay. To determine
this quantity, first consider a simpler task of finding how
much queuing time a task would experience if exactlyk

tasks were to arrive in the time intervalT . In this case, the
queuing cost is

tqueue(k) =�
klmj

� (tslack + T ) if klmj
> (tslack + T )

0 otherwise
:

(11)

This expression can then be used to determine the probable
queuing cost, by multiplying by the discrete probability of
exactlyk arrivals, and summing over all possible values
of k:

Cqueue =

1X
k=0

tqueue(k)P [n = k]

=

1X
k=z

(klmj
� (tslack + T ))P [n = k]

=

1X
k=z

(klmj
� (tslack + T ))

(�mj
T )k

k!
e
��mj

T
:

(12)

Since it is undesirable to compute an infinite summation,
the expression can be rearranged to become

Cqueue = (klmj
� (tslack + T ))

�

z�1X
k=0

(klmj
� (tslack + T ))

(�mj
T )k

k!
e
��mj

T
:

(13)

Now, given these two cost functionsCqueue andCblock,
the queuing time policy will place a task in its queue
when the blocking cost is greater than the queuing cost.
However, as mentioned previously, the queuing cost and
blocking cost may not have the same effect upon the sys-
tem. Therefore, an additional parameter
 will be intro-
duced, in order to modify the relative weight of the two
cost functions. Thus, to decide whether or not to queue
a particular task, the algorithm will compute the quantity
Cqueue � 
Cblock. EveryT time units, the algorithm will
compute this quantity for each of these pending tasks. If,
for a given task, the quantity is negative, the machine will
not place the task in the queue at this time. Otherwise, if
the quantity is positive, the task is placed in the queue. As
was the case for the scheduling time policy, the choice of
the parameter
 will be examined experimentally in Sec-
tions 5.

5 Results
To evaluate these methods, a series of simulations were

performed, using a custom, event-based simulator. These
simulations examine the effects of the parameters� and
,
and compare the performance of the algorithms to the static
DLS algorithm, which uses a more conventional environ-
ment where each user has exclusive use of the machines
for a period of time. A representative set of results are
shown in the figures 4 and 5. In this case, eight64-task
applications are scheduled on a16 machine heterogeneous
system. The execution times, task graphs, and computation
costs were randomly generated, and it is possible for a task
not to be able to execute on every machine. The graphs
were generated such that they were capable of using about
8 machines in parallel.

The starting time of each of the applications was chosen
over a random interval between0 and200 time units, to
limit any artificial effects from starting all the applications
at the same time. The examination intervalT was chosen
to be1 time unit. The results shown in the graphs are an
average of 5 separate simulations, to minimize any effects
caused by specific graph structures. For each simulation,
the schedule length of the applications was recorded, and
the efficiency of the computation was determined. The ef-
ficiency measures the amount of blocking time in the sys-
tem, relative to the amount of computation. For example,
an efficiency of0:75 would indicate that75% of the total
CPU time used was useful computation, and the remain-
ing 25% was blocking time.
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Figure 4 shows the schedule length and efficiency ver-
sus the parameter� (probability of missing the three fastest
resources). These values are averaged over all of the val-
ues of
. Overall, the parameter� has a relatively small
effect upon the schedule length, which is likely due to the
good quality of the loading information presented to the
algorithm. However, for larger values of�, the schedule
length tends to be long, since there is a higher probability
that a task will have to execute on a suboptimal processor.
Likewise, for very small values of�, the schedule length
is also long, due to the fact that the scheduling decision
was made with less accurate loading information. The effi-
ciency is more or less constant with respect to�, since this
parameter has no real effect upon the blocking time of the
system.

Figure 5 shows the other case: the schedule length and
efficiency versus the parameter
 (queuing/blocking cost
ratio), averaged over all of the values of�. These results
show the negative effect of blocking time upon the sys-
tem. Using small values of
, it is possible to get lower
schedule lengths by placing the tasks in the queue early,
and incurring blocking time. However, this has an adverse
effect upon the efficiency, and, for slightly larger values
of 
, tends to have a negative effect upon the schedule
length (since processor resources are wasted). For simula-
tions with more applications, the blocking time has an even
greater impact upon the schedule length. For larger values
of 
, there is a distinct minimum in the graph, represent-
ing the best trade-off between blocking time and queuing
time (for this simulation). At this point, the best schedule
lengths can be obtained without incurring large amounts of
blocking time.
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Figure 5: Average Schedule Length and Efficiency vs.
Blocking/Queuing Cost Ratio (
).

It is also desirable to compare the performance of this
method to a static scheduling paradigm, where each ap-
plication has exclusive use of all (or a portion) of the ma-
chines in the network. To accomplish this, each task graph
was also scheduled using the static DLS algorithm. Us-
ing this data, the speedup was computed to be the total
time needed to execute all eight applications sequentially,
divided by the total time needed to execute all eight ap-
plications in the dynamic environment. Given that each
application used in this experiment is, on average, capa-
ble of utilizing eight machines, the closest comparison of
these two environments is for an eight machine system. In
this case, the maximum speedup over all parameter val-
ues was found to be1:21, a 21% improvement over the
static environment. The speedup in the16 machine sys-
tem is considerably higher, since, on average, half of the
machines will remain idle in the static environment (where
all 16 machines are dedicated to the application). In this
case, the maximum speedup was found to be2:36. As ex-
pected, the dynamic scheduling method outperforms the
static method, since it allows other applications to use com-
putational resources which would be left idle in a static
scheduling paradigm.

6 Conclusions
In this paper, a means of competitively scheduling mul-

tiple DAG-structured applications in a distributed hetero-
geneous environment is presented. Initial results show that
this type of scheduling is practical, and confirm the as-
sumptions made about the behavior of the scheduling en-
vironment. Currently, the authors are working on imple-
menting these algorithms on an actual distributed network,
to better evaluate and refine the techniques presented here.
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