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1.0 Introduction

N\\SA This report summarizes the work performed during the tenth quarter of
this contract, from March 15, 1984 to June 14, 1984, The work in this

t.4

v e r
"0 % e

i quarter concentrated in three areas: simulations of our real-time bidding Jﬁ
o algorithm, non=traditional architectures studies for real-time systems, and R
et scheduling tasks with resource requirements in hard real-time systems, N

Section 2 of this report describes the progress made in each of these areas.

Significant new results were obtained in the area of hard real~time
constraints and a paper was written describing these results. A copy of the
paper is attached as Appendix A.

2.1 Real=Time Constraints = Simulations e

s

simulation model of distributed hard realmtime systems and efaluating the

performance of a basic bidding algorithm in such a system.,™WSignificant

results have been obtained which provides insight into the effectiveness of.

the algorithm. An improvement over the basic algorithm has been found. The
A improvement uses the prediction of future surplus time instead of the cur-
S rent surplus time in modifying bids. This report describes the basic
= algorithm and then describes the simulation results.f§;

i e
o During the past few months, progress has been made in fé;;llzing the

Each node in the distributed system has a schedulér., A set (possibly
null) of guaranteed periodic tasks exist at each node. ‘Aperiodic tasks may

~ arrive at any node in the network. When a new task arrives, an attempt will
.5 be made to schedule the task at that node., If this is not possible, then
e the scheduler on the node interacts with the schedulers on other nodes,
o using a bidding scheme, in order to determine the node on which the task can

be sent to be scheduled. The intent is to guarantee all periodic tasks and

as many of the aperiodic tasks as possible, utilizing the resources of the
entire network.

- The scheduler is decomposed into two major system tasks: a local
" scheduler task and a bidder task. They may be invoked periodically or
- asynchronously. The local scheduler task invokes the guarantee routine to
check to see if a newly arriving task can be guaranteed locally. If yes,
the task is linked to the ready queue and is dispatched with an earliest
deadline policy. If not, the task is linked to an outgoing RFB (request-
for=bld) queue waiting to be processed by the bidder task. The bidder task
has three phases. The first phase is to evaluate the tasks in the outgoing
RFB queue and send out the RFB messages in behalf of the tasks. The second
‘ phase is to evaluate the incoming RFB message queue and send out the bids,
<. The third phase is to evaluate the queue of returning bids to see if there
A 1s a node where the task can be sent to be scheduled.
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In a hard real-time environment, the bidding algorithm must run in-a
timely fashion. Each RFB message is attached with a deadline of response.
If the responding site cannot deliver the bid to the request site on time,
no attempt will actually be made. Therefore, only viable bids will reach
" the request site and the communication overhead may be reduced. In reply to
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a RFB message, a node estimated the surplus time available for the task be=
. tween the estimated arrival time and the deadline of the task and sends the
surplus time as the bid to the request site. The estimation is based on the

assumption that the surplus time in the near future will be about the same Kf?
as that in the recent past. This assumption has been found inadequate in a Qi}l
hard realntime environment and needs to be modified. SRS
. RS

SN

Our simulation has provided some insight into the performance of the
bidding algorithm under various conditions (arrival rates, processing power b
of system tasks, length of memory accumulation periods). Several baseline .
algorithms are simulated to bound the performance of the bidding algorithm,
The performance matric used is the number of tasks guaranteed in the
networknwide system. Other statistics collected include the utilization
factors and the turnaround time. The turnaround time is defined .to be the
time interval between the arrival time and the time when a task is

_ guara?teed or found to be impossible to guarantee (locally or at remote
sites).

Table 1 illustrates the number of tasks guaranteed under various ar-
‘rival rates of aperiodic tasks. The percentage of the total number of tasks
guaranteed decreases and the turnaround time at heavily loaded sites in-
creases as the arrival rate is increased, This is because the processing
power of the system tasks is limited at the heavily loaded sites and only a
certain number of messages may be processed in time, Also shown in the
table, at rate 3 and 4, the input stream of aperiodic tasks starts to
saturate the processing power of the system tasks to the load factor of the
aperiodic tasks.

rate 1 rate 2 rate 3 rate 4
Percentage of Tasks
Guaranteed 97.6% 89.3% 77.5% 63.7% o
Normalized Total No. N
Tasks Guaranteed 1 1.023 0.966 0.849 TR
Turnaround Time f‘g'
host 1 1.5 msec 1.1 msec 1.1 msec 1.0 msec -
host 2 362.0 608.4 916.1 3364:6 S
host 3 1.0 1.0 1.0 1.0 I
host U 4.3 43.3 96.4 121.8 e
host 5 355.0 662.0 8544 1112.9 o
. . . L
Utilization Factor - N,
host 1 0.69 0.76 0.68 0.50 e
host 2 1.00 1.00 1.00 1:.00
host 3 0.66 0.72 0.66 0.45
host Y 0.99 1.00 1.00 1.00

host 5 1.00 1.00 1.00 1.00

Table 1, Performance of the Basic Bidding Algorithm under
Different Arrival Rates of Aperiodic Tasks.
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We have also evaluated the effect of changing the seeds of the random

- number generators on the statistics. Four set of seeds have been used,

They only result in 2.6% difference in the total number of guaranteed tasks.

This convirices is that 10% improvement over the performance matrics is
significant.

The effect of varying the length of the memory accumulation period
(LMAP) 1is also evaluated. As shown in Figure 1, for three arrival rates the
LMAP is varied from 500 msec to 3,000 msec. Only a small perturbation in
the percentage of tasks guaranteed (less than'1.9%) is observed. This in=
sensitivity to LMAP is further investigated by analyzing the variation of
the surplus time during the run time.

As shown in Figure 2, the surplus times are recorded and plotted as a
function of the simulation time. Several interesting things are observed.
First, less transient behavior is exhibited by the curves in which higher
LMAP's are used. Second, there is large sinusoidal pattern of surplus times
at lightly loaded hosts (host 1 and 3). Third, the variations of the
surplus time factor for host 1 and 3 complement each other.

E Since the surplus at host 1 and 3 vary alternatively, they also take
turns in dominating in the bidding process. When the surplus for one host
is increased above the cross over point; the host starts to take over the
bidding, while the other ceases to bid. But as long as the dominating host
has enough surplus, viable bids will be issued and task will be awarded to
this site, Therefore, performance depends in whether there is a host with
high surplus most of the time. When all the hosts are low in surplus, few
viable bids are issued resulting in few guaranteed tasks due to bidding.

From the sinusoidal pattern of surplus time, we infer there is an over-
bidding and an underbidding effect in the peak area and the valley area of
the curves, respectively. In the peak area, because of the high current
surplus and the unawareness of the outcome of the bidding, the number of
bids issued may be more than that can be accomodated by the host. As a
result, conflicts are more likely to occur among task with the same hard
real=time constraints. In the valley area, because of the low current
surplus and the unawareness of the shrinking set of local guaranteed tasks,
the host may withdraw itself from bidding and stay idle too long until it
finds out that it has high surplus again. Because of the delay, the host
will waste cpu time in waiting for tasks to be awarded. The underbidding
effect will result in the low utilization of the system.
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From the overbidding and underbidding effects, we conclude that the
original algorithm which based the estimation of surplus in the near future
on the surplus in the recent past is not adequate for the bidding algorithm
in distributed hard realntime systems. The estimation should be based in
the prediction of the future task load instead. AS a result, the bids
issued by the hosts are more accurate which hopefully will result in more
uniform utilization of the system. A proposed approach is described as
follows: Let FTIME be the maximum free time available in each LCM of the
periods of the periodic tasks, i.e., FTIME is equal to LCM minus CPU time
reserved for the periodic tasks. The surplus time available for a task of
which the estimated arrival time and the deadline are ART and D, respecn
tively, is equal to

D=ART
* FTIME » CPU time needed for future tasks,
LCM

where the future tasks include guaranteed tasks of which the deadlines are
between ART and D, and the tasks which will be arriving and guaranteed as a
result of the bidding. The estimation of the number of tasks which will be
arriving and guaranteed may be a heuristic function of the number of out=
standing bids and the surplus time ratio between local host and other hosts.
We expect that this approach will eliminate the sinusoidal pattern and
achieve higher utilization of the system resources. This new approach is
currently under investigation.

We have also made a simulation runs to bound the performance of the
bidding algorithm, Several baseline algorithms were conceived: 1) Perfect
state information algorithm (PSA) = Each node is assumed to have perfect
state information about every other nodes so that the local schedular is
capable of determining whether a task can be guaranteed at any other site or
not. 2) Current utilization information algorithm (CUA) ~ Each node is as~
sumed to have up-~tondate CPU utilization information about every other nodes
all the time, and the decision of choosing the node to send the task is
based on utilization. 3) Random scheduling algorithm (RSA) = Each node ran-
domly chooses a node whenever a task cannot be guaranteed locally., 4) Non-
cooperative algorithm (NCA) - No cooperation among nodes is assumed. If a
task cannot be guaranteed locally, it simply fails. PSA and CUA impose up»

per bounds on the percentage of tasks guaranteed, while RSA and NCA impose
lower bounds.

The simulation are run for various arrival rates of aperiodic tasks.
At rate 1 and 2, the numbers of tasks arriving in each least common multiple
of periods of periodic tasks are 84,.5% and 94% of the maximum number of
tasks guaranteeable, respectively, As shown in Figure 3, the bidding algo-
rithm outperforms the lower bound algorithms significantly at rate 1 and 2,
which are pretty high arrival rates of tasks.,

From the simulation results described above, we conclude that the bidm
ding algorithm is effective in scheduling tasks in the distributed hard
real~time systems and even with a basic bidding algorithm, it yields satis~
factory performance under heavy loads. The improvement needed for the basic
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bidding algorithm is to use the prediction of the arriving tasks in the near
future in the estimation of the future surplus time so that the overbidding
and the underbidding effects may be eliminated. Under saturation condition,
the performance degrades which should be avoided by adjusting the processing
power of the system tasks if there is surplus time available.

2.2 RealaTime Constraints s Non-traditional Architectures

Under this contract we have developed a flexible scheduling algorithm
for distributed real-time systems. This approach is based on a local
guarantee algorithm and a network=wide bidding algorithm., A task that
enters a host is scheduled to run on it if it can be guaranteed to execute
by its deadline, If not, the local scheduler calls a bidder routine which
interacts with the other hosts to determine if the task can be elsevhere.
Thus the other hosts "bid" for the task in response to the "request for bid"
initiated by the local host.

In this scheme, every host posses a group of interacting processes:
the local guarantee routine, the bidder, the scheduler and user tasks.
Because of the logical separation of these processes, we feel that the hosts
can be designed as multiple processor systems, with each of the above
processes mappings onto separate processors. The two main advantages of
this scheme are those of increased performance and fault tolerance.
Performance improvements are possible because the CPU is relieved of the
overhead of the bidder, scheduler etc., Because of the proliferation of
processors at each node, it is now also feasible to provide some degree of
fault tolerance,

Preliminary studies indicate that a feasible host architecture might
incorporate multiple microprocessors interacting through some communications
medium. We are currently studying various architecture that seem
appropriate., These studies include queueing models as well as simulation
systems of these architectures., Because our algorithm might generate a
large number of messages in the subnets, we are also plannirg to study
various network architectures which provide good connectivity and also
reduce the number of messages in the subnet.

Many real~time systems also have another requirement, i.e., robustness.
We are beginning to investigate the possibilities of fault tolerance in our
system at two level:

1. Because of the availability of more than one processor at the host, we
© feel that it is possible to incorporate tolerance to failures at a
processor by dynamic allocation of its tasks among the fault-free ones.
The key factor here is how to decide if a processor is faulty. We are
investigating alternative schemes to do this.

2. At the network level, we would like to be able to switch tasks between
" hosts in the event of a total failure at a host,
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A 2.3 Real~Time Constraints » Resource Requirements s
Lo
& We have developed a heuristic approach for solving the problem of v
~ scheduling tasks with deadlines and general resource requirements. This is e
3N an extension of the basic algorithm we developed, and whose ‘simulation N
‘. results were presented in Section 2.1. The crux of our approach lies in the o
L heuristic function we developed. This function weighs three factors. These
factors quantify a task's requirements (deadlines, CPU executionmtime res ¢
- quirement and resource requirements) in such a way as to help develop a )
- feasible schedule quickly. If a feasible schedule is found then the set of o
- tasks are guaranteeable, ‘We have done extensive simulation to show that our ’
approach works, We believe that the results we have developed in this area )
are significant. The results have been fully described in a paper written e
during this quarter and attached as Appendix A. ko
3.0 Conclusions and Recommendations K
[
In this quarter we have concentrated in scheduling tasks with hard
) real=time constraints and made significant progress, We will continue to
- aggressively pursue all research areas described in this report. Further, S
g we will begin to spend more time on scheduling tasks with soft real-=time o]
constraints. The immediate problems in this area are a full understanding Aty
and modeling of clusters of processes and distributed groups of processes. X
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September 5000.00
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SCHEDULING TASKS WITH RESOURCE REQUIREMENTS v
; IN HARD REAL-TIME SYSTEMS!
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ABSTRACT

This paper describes a heuristic approach for solving the problem of scheduling tasks
with deadlines and general resource requirements in a dynamic real-time system. The cux
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of our approach lies in the heuristic function used to select the task to be scheduled next.
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The heuristic function is weighted three factors. Each factor explicitly considers information

about real-time coostraints of tasks and utilization of resources. Simulation studies show &
that the weights for the various factors in the heuristic function have to be fine-tuned in g2

order to obtain a degree of success comparable to that obtained via exhaustive search. In
addition, modifying the heuristic to use limited backtracking improves the degree of success
substantially. This improvement is observed even when the initial set of weights are not

tailored for a particular set of tasks. Simulation studies also show that in most cases the
schedule determined by the heuristic algorithm is optimal or close to optimal.



1. Introduction

Loosely coupled, real-time distributed systems are becoming more prevalent in
applications such as puclear power plants and process control [SCHOS84]. These systems
contain many tasks which have severe real-time constraints. In fact, these applications
require that these tasks have execution deadlines that must be met and are thus said to
have hard real-time coustraints. In practice, many solutions used today assume complete
and prior knowledge of the task sets, including their deadlines, worst case computation
times, precedence relations and resource requirements. Incorporating all this knowledge in a
static way makes the system inflexible and costly (each system is unique). Also, most
mmwdhmkmkmmdwn;wmhmmwm
does not adapt to the dynamics of the systems. Our goal is to develop a flexible
scheduling algorithm for loosely coupled distributed systems that does not require complete
and prior knowledge, is not compute bound, and quickly adapts to the dynamics of the
“entire” system. Our basic algorithm and approach have been reported in [RAMAS4). This
peper reports on a sophisticated extension to our besic algorithm, In the remainder of this
section, we briefly dexcribe our basic approach and identify exactly how this paper
significantly extends the basic algorithm.

Our basic approach [RAMAS4] assumes that each node of a loosely coupled
distributed system contains a local scheduler, a bidder and a dispatcher. The local

scheduler at a node is invoked when a new task arrives at that node. It decides if the new
task can be guaranteed at this node. The guarantee means that no matter what happens
(except failures) this task will execute by its deadline, and that all previously guaranteed
mbwmahosﬂnmeathdrdeldlmﬁmemmkambemmmbany,m

the new task is either terminated (without executing) or is sent to another node chosen om
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the basis of a bidding scheme. The bidder on a node is responsible for 1) sending out
requests for bids for a task that cannot be guaranteed locally, 2) evaluating bids from other
nodes, and 3) sending the task to the best bidder. It also makes bids in response to
requests from other nodes. The dispatcher is the system program that actually schedules the
guaranteed tasks. It should be pointed out that when a node bids for a task, it does not
reserve CPU time for that task. Reserving CPU time ties up too many resources for too
long a time. Consequently, when a bidding task finally arrives at a bidder node, the node
will again try to guarantee it. In case this guarantee fails, the task may be re-bidded again,
or declared as not “guarantecable”. In our approach, each of the functions of the local
scheduler, bidder, and dispatcher is carefully controlled in order to handle real-time

constraints.

In our basic algorithm [RAMAS4), a task is characterized by a computation time and
a deadline. Tasks are assumed to be independent. We also assume that resources are
always available to the executing task. In this paper, we relax this assumption. We now
allow a task to request any number of resources, including CPU, VO devices, files, etc.
This means that our local scheduling algorithm must be modified to comsider aot oaly
computation time and deadlines of tasks but also their resource requirements. This is a
significant extension to the previous scheduling algorithm. This paper focuses om the local
scheduler portion of the scheme. In particular, we describe a technique for deciding

whether a set of tasks on a node can be guaranteed to execute on that node.

The work described in this paper is not only an extension to our own work, but also

to work in the field in general. Most related work on scheduling tasks with hard real-time
coustraints is restricted to uniprocessor and muitiprocessor systems [MUNTN, LIU73, ‘4
DERT74, JOHN74, GARE7?S, MOK78, and TEIX78] and typically do not take tasks’ -.1
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resource requirements into account. In his work, Leinbaugh [LEINSO and LEINS2] dealt

AL AR SR
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with resource requirements. He developed analysis algosithms which, when given the '_3-3
resource requirements of each task, determine an upper bound on the respouse time of ;
each task. While his approach is useful at sysem design time to statically determine the
upper bounds on response times, there is po attempt at guaranteeing that a new task will 7
meet its deadline.

On the other hand, because of the difficulty of the problem, beuristic spproaches B
have been taken for related scheduling problems [EFES2 and MASA], that is, heuristics are
used in their systems. According to Lenat [LEN82 and LENS3)], heuristics are informal,
judgmental rules of thumb which come in two types: those that acrively guide the system
toward plausible paths to follow and those that guide the system away from implsusible
ones. Ma and Efe use heuristics which guide their systems away from implausible paths. =
This approach of only using the second type of beuristic is limited becauss in the worst

case, the exponential problem cannot be avoided [EFES2 and MAS4]. In our heuristic
algorithm, we use both types of bheuristics. We develop a beuristic function which
synthesizes the various factors of real-time scheduling considerations to actively direct the
scheduling process to a plausibie path. We also constraint the search space by looking omly
at strongly feasible paths, preventing us from looking at implausible paths. As a result,
even in the worst case, our scheduling algorithm is not expounential. Moreover, simulation

."lli“'
"
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results show that our heuristic algorithm can guarantes an arbitrary set of feasible tasks x
almost all the time. It is also shown that in most cases the wchecules found by our L
beuristic scheduling aigorithm are optimal or closs to optimal. ’
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In the remainder of this paper, Section 2 provides an overview of our beuristic
approach for incorporating resource requirements into dynamic hard real-tims scheduling
while Secticn 3 presents the algorithm for the local scheduler, and discuses th heuristic
function in detail. An evaluation of the algorithm, in Section 4, shows that the algorithm
is effective. However, this initial evaluation also suggests improvements that are presented
and evaluated in Section S. Analyses of the complexity and optimality of the algorithm are
made in Section 6. Section 7 concludes the paper with discussions of the achievements and

exteasions of this study.
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s 2. Strategy and Function of the Scheduler i

»> &-:.
s This section fint definés and discusses the basic terms needed to undersand our )
: R

= schoduling algorithm. It then outlines the strategy followed by the scheduler, and finally 2
discusses an analogy between scheduling and searching.

2.1 Resources and Tasks .

Let each nods of a loosely coupled distributed system coutain a set of resources, R,,

R;, —» R, A resource can be serially shared by tasks. The types of resources include

CPU, physical devices, and files. A resource is acrive if it has processing power, otherwise,

1 it is passive. For example, a CPU or a physical device is active, but a file is passive.
' Thus, s pasive resource must be used with some active resource.

PRI M
_r.‘._' oy

A task is a scheduling entity. The following characteristics of a task, T, are assumed
known when it arrives:

1. The worst case computation time, C(T);
2. The deadline, D(T), by which the task must compiete;

3. The resource requirements of the tsk. It is asumed that a task peeds ifs N&

resources throughout ifs execution. s
A task will request at least one active resource and zero or more passive resources. .-
v 2

-
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A task is said t0 be guaranreed, if the scheduler can decide on a start time, so that
all the resources needed by the task are available by that time, and the task will meet its
deadline. A feasible schedule is a list of tasks that have been guaranteed. With respect to
aaudmb,asheduhhfua,ﬂkmmaumbhmga.omuw&hkmw.
A schedule (T, T,, -, T,, T,4,) is an immediate extension of the schedule (T, T,, .., T) .

22 Strategy of the Scheduler

The basic strategy we employ to determine whether or not a new task can be
guaranteed on a node is as follows:

1. On each node, there is always a set of guaranteed tasks, say n, n = 0, and a

' current full feasible schedule for these tasks.

' 2. When a new task arrives, it can be guaranteed if a new full feasible schedule

i exists for the n+1 tasks. That is, the n tasks in the cumrent feasible schedule remain

; guaranteed and the deadline of the new task also can be met.

3. If the pew task is guaranteed, then the new feasible schedule, containing the

i_ new task and the n old tasks, replaces the current ome. This feasible schedule ':-:—:

‘ determines all the start times for the tasks currently on the mode, and will not be %

altered until ancther new task is guaranteed. ,w

I —i
: 4. If the new task cannot be guaranteed, that is, the local scheduler cannot find a w

. full feasible schedule for all n+1 tasks, bidding is invoked [RAMAS4]. The new task is :

! seat to the node offering the best bid. The original current feasible schedule for the | ‘"’1

tasks previously guaranteed on the sending node remains unchanged. i‘.?.iii";-';'
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In the discussion of our heuristic in this paper, we assume that the current running
task is preemptable on all its resources. A minor modification is required to deal with the
situation where the currently running task is not preemptable. We discuss this modification
in Section 3.1

In the rest of this paper, we will focus on the algorithm for determining whether a
' full feasible schedule exists for a given set of tasks.

23 Scheduling and Searching

)

. The scheduler determines a full feasible schedule for a given set of tasks in the

; following way: It begins with an empty schedule and tries to extend it with one task at a

i

. time until a full feasible schedule is derived. This is, in fact, a search problem. The
structure of the search space is a search tree. The root of the search tree is the empty

i schedule. An intermediate vertex of the search tree is a partial schedule. A descendant of
a vertex is an immediate extension of the schedule corresponding to the vertex. A leaf, a
terminal vertex, is a full schedule. Note that not all leaves will correspond to feasible

!_ schedules. The goal of our algorithm is to search for a leaf that corresponds to a full

; feasible schedule.

)

i

}
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This section describes the heuristic scheduling algorithm. We first present several data
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structures used, motivats a constraint on the search process, and then present the algorithm.

g An extension to the algorithm is discussed in Section 5. -
; 31 Data Structures
: The algorithm maintains a vector EAT, to indicate the Earliess Available Times of o
= fesources: o

EAT = (EAT,, EAT,, ., EAT)

! where EAT, is the earliest time when resource R, will become available. Initial values of

.
|' .,

R STILA (i T

. l. l. A ’, DA SCA

g EAT, for all i will be 0 if the running task is preemptable. Otherwise, EAT, will be the
dme when the running task finishes using it. Each time the partial schedule is extended;— .-
EAT will be updated taking into account the aewly added task’s resource requirements and

completion time.
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At each level of the search tree, the scheduler computes EST(T) and New-EAT(T)

for cach task T that remains to be scheduled. EST(T) indicates the Earliest Start Time of i

";" AP

I

task T if it is scheduled next. Since a task T can run only when all resources it needs are
available, we define EST(T) as

-"./1. YU

EST(T) = MAX(EAT, where T needs R).
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New-EAT(T) is a vector with the same size as EAT and contains the EAT values if
task T is scheduled next. In other words, New-EAT(T) will replace the current EAT if task

T is scheduled. The computation of New-EAT(T) is illustrated by the following example. -

EXAMPLE Assume we have 7 resources R, R;, ..., R,, and among them R,, R,, R;, and

R, are active resources. Let current EAT be

(1) EAT = (EAT,, EAT,, EAT,, EAT,, EAT,, EAT,, EAT,)
=(S, 10, 25, 15, 10, 15, 5 ) and

let task T with computation time C = 10, and with resource requirements R,, R, and R,,
be one of the tasks that remain to be scheduled.

First, the EST, the Earliest Start Time for T is

() EST(T) = MAX(EAT,, EAT,, EAT)
= MAX(S, 10, 10) = 10.

Then New-EAT(T) should be

(3) New-EAT(T) = (20, 20, 25, 15, 29, 1S, S)

- -1
]

because T is assumed to start at its EST and it uses 10 units of computation time while e

Bk

boiding R,, R,, and R;. R, will be idle from time 5 to 10. Our scheduling algorithm ie ;:r;

is designed to minimize such idle times. l?
New-EAT(T) may be further refined if we distinguish active resources from passive oo,

ones. Because a passive resource must be used with active ones, no task can use them '—1

uatil R

N

time = MIN(New-EAT; where R, is an active resource) RN

= MIN(New-EAT,;, New-EAT,, New-EAT,, New-EAT,)) = 15. t 3

N e e e e e e e




Thus, (3) should be further updated as
(4) New-EAT(T) = (20, 20, 25, 15, 20, 15, 15)

That is, all NewEAT;s for passive resources should not be less than (therefors must be

updated to be equal to) the minimum New-EAT, for active resources.

At™ each level of the search, the scheduler also calculates a vector called DRUR,
the Dynamic Resource Utilization Ratio, which indicates the degree to which tasks that

remain t0 be scheduled will use resources:
DRUR = (DRUR,, DRUR,, .., DRUR)
where DRUR, is defined as

2 ( C(T), T remains to be scheduled and uses R)

DRUR, =
MAX(IXT), T remains to be scheduled and uses R) — EAT,

wherei = 1, .., 1.

Note that all DRUR, of a DRUR associated with a partial feasible schedule should
be less than or equal to 1 for the remaining tasks to be scheduled. EAT, New-EATs and
DRUR are updated each time the partial schedule is extended.

32 A Constraint on the Search

Using the data structures, EAT and DRUR, described above, we can state a _
constraint on the search for a full feasible schedule. RSN




We define a feasible partial schedule to be stromgly feasible if

1. DRUR associated with the schedule has DRUR, < 1 fori = 1, .., r; and
2. all of its immediate extensions are feasible.

A full feasible schedule is defined to be strongly feasible.

condition will also fail for all descendants of the non-strongly feasible schedule. Hence,
none of the descendants of a non-strongly feasible schedule can be strongly feasible. On the

i I a schedule is not strongly feasible because condition 1 or 2 fails, then the failed
1
!
1

other hand, the ancestor of a full feasible schedule must be strongly feasible, otherwise the
full schedule itself will not be feasible. Therefore, only strongly feasible schedules can lead
to a full feasible schedule. Considering this fact, a constraint on the search for a full
feasible schedule is :

For a partial schedule to be extensible to a full feasible

schedule, the partial schedule should be stromgly feasible.

From the viewpoint of the algorithm, this means that it is not necessary to search

through a vertex corresponding to a non-strongly feasible schedule, because a non-strongly
feasible schedule will not lead to a full feasible schedule.

By the above constraint, the search is confined only to those vertices with strongly
- feasible schedules. However, in the worst case an exhaustive search may still be required,
which is computationally intractable. In order to make the algorithm computationally
tractable, even in the worst case, we choose only one of the vertices at each lével to
: expand the search tree. The vertex chosen is the one which appears to be most capable of
.-;‘ leading to a full feasible schedule. It is in this choice that our algorithm provides a way of
actively guiding the search toward a plausible path — a feature that distinguishes our




.,
......

K
-3

v —
"y e T T Y T LT TN T T

PRI L et A s e Mar e E S5 ST IIA Je i e

.n.

approach from those of others. In the next subsection, we discuss our algorithm that
incorporates the heuristics necessary to make this choice.

33 The Scheduling Algorithm

The pseudo code for our heuristic scheduling algorithm is given in Fig 1. Beginning
with the empty schedule, the algorithm searches the next level by expanding the current

' vertex (a partial strongly feasible schedule) to only one of its immediate descendants. If the
-immediate descendant is also a strongly feasible schedule, the search continues until a full

feasible schedule is met. At this point, the searching process (i.e., the scheduling process)
succeeds and all the tasks are known to be guaranteed. If at any level, a non-strongly
feasible schedule is met, the algorithm announces that the searching (scheduling) process
fails and that pot all the tasks can be guaranteed. It is possible to extend the algorithm
townﬁnuethemmhevena&e:a&ﬂmhfound,mdthisaﬂenﬁmhé’mmdin
Section 5.
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PROCEDURE Scheduler(task-set : task-type; VAR schedule : schedule-type);

(“Parameter task-set is the given set of tasks to be schedule *)
(*Function H is the beuristic function, being discussed in 3.4°)

BEGIN
schedule := empty;
WHILE NOT empty(task-set) DO
BEGIN
calculate EST and New-EAT for each task in task-set;
caiculate DRUR;
IF not strongly-feasible(schedule) THEN
retum(not guaranteed)
ELSE

BEGIN
apply function H to each task in the task-set;
let T be the task with the minimum value of function H;
task-set := task-set — { T };
schedule := schedule + { T };
EAT = New-EAT(T);

END;

END;

return(guaranteed);
END;

Fig 1 : The Heuristic Scheduling Algorithm

Clearly, at each level of the search, effectively and correctly identifying the
immediate descendant is important for the success of the algorithm. This is the core of
the algorithm. We construct a heuristic function named H to help in the selection process.
At each level, function H is applied to all the tasks remaining to be scheduled. The task
with the minimum value retumed by function H is selected to extend the schedule. The

pext subsection discusses function H in detail.
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34 The Heuristic Function
Functica H is defined as follows:
H(T) = W, * X,(T) + W, * X,(T) + W, * X,(T)
where T is a task, W,, W, and W, are weights and

1. X, takes into account the resource requirements of T as well as the resource
utilizations. We will further develop X, later.
2. X, equals the laxity of task T, and hence is given by
X(T) = D(T) - (EST(T). + C(T))
where EST(T) is the Estimated Start Time for task T according to the availabilities of
resources it will request; and C(T) is the computation time of T.
3. X, = C(T).

Note that, if W, and W, are zero and W; = 1, then the task with the least
computation time C will be selected first; if W, = 1 but W, and W, are zero, the task
with the least laxity will be selected first. Simulation results given in Section 4 show that
neither of the scheduling polices are appropriate. However if the three weights are properly
chm,weﬁndtﬁatfuncﬁmﬂproﬁdae&ecﬁvenhcﬁoninfomaﬁon.

Now, we further elaborate the first part of function H. X, is defined as:
X, = DRUR e DRIF
where ® stands for dor product; DRUR is the Dynamic Resource Utilization Ratio
amociated with the current partial schedule, as defined in section 3.1; DRIF is the Dynamic

Resource ldle Factor.
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The Dynamic Resource Idle Factor, DRIF, is a function of the task being considered
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for expanding the current feasible schedule. It indicates the amount of time each resource
would remain idle if the task is selected next.

Before formally defining DRIF, we discuss three different types of idleness. Coansider
the example in 3.1 again: In that example, EAT = (5, 10, 25, 15, 10, 15, S); a task T
remaining to be scheduled has C(T) = 10 and needs R,, R;, and R, Therefore, EST(T) v v
= 10 and New-EAT(T) = (20, 20, 25, 15, 20, 15, 15). We use a graph shown in Fig 2 to
indicate EAT, New-EAT(T) as well as different idle times:

~ o
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25 —_—

~~~=~ BAT  ———— New-EAT

Fig 2 : EAT, New-EAT(T) and Idle Times




Task T uses R, R, and R, in the area marked "U™. The other thres aress marked
", "Q” and "N” indicate three different types of idle time.

1. The area marked "I" is the idle time of R, and R,. No task can use this time
in the future if T is scheduled next. Therefore this indicates time that is wased if
T is scheduled next.

2. The area marked "N” is the time task T may run in parallel with some other
task. For example, since R, becomes available only at time 25 thea some task may be
using R, until that time. Hence by scheduling T next, there is possible parallelism
between T and the task using R,.  That is, the area indicated by "N” is, in some

sease, negative idle time.

3. The idle time indicated by “Q” could be used or wasted, depending om the
tasks selected later. For example, if the next task needs R, and R, then the time
areas marked by "Q” under R, and R, will be used. However if the next task needs
R,, R, and R then the areas marked by "Q” will be wasted idle time.

By the above example, it is clear that the three different idle times should be taken into

account differently because they have a different impact ca the system. We define
DRIF(T) = DRIF-I(T) + DRIF-N(T) + DRIF-Q(T)

where DRIF-I, DRIF-N, and DRIF-Q represent the three types of idle times on resources. i“j

DRIF-I corresponds to the "I” idle time on each resource, and is defined as ’

( DRIFLM) -




where for i = 1, .., ¢

( EST(T) - EAT, if T needs R,
DRIF-I(T) = |
| New-EAT(T) - EAT, else.

Recall that EST(T) is the time Task T can begin to use R;, and that EAT, tells us when
R, is available. Then the difference between EST(T) and EAT, is the wasted idle time on
R, if T needs R, However, even if T does not need a resource R,, R; may be idle if R,
is passive and its EAT, is less than that of any active resource, such as R, in the example
of Fig 2. The second case of the formula computes this wasted idle time.

DRIF-N indicates the negative idle times on resources, and is defined as

( DRIF-N(T)
| DRIF-NYT) |
DRIF-N(T) = :

| DRIE-N(T) )
where fori = 1, .., 1

(0 if T needs R,

| or EAT, < EST(I),
DRIF-N(T) = {

| - MIN(BAT; - EST(T), C(T))  else;

The first case indicates that there is no negative idle time for a resource if T needs it, or
ifitisavaﬂablebeionTmuThemdan.mputathenegaﬁveidletiméfora
mmwhichisnotavailableatthetime‘l‘exewta.mnegaﬂveid}edmaisdeﬁnedto
be the portion of time, in which the resource is not available while T is running. For
example, in Fig 2, R, and R, have the following negative idle times :

DRIF-N, = - MIN(EAT, - EST(T), C(T)) = — MIN(1S, 10) = - 10, and

DRIF-N, = - MIN(EAT, - EST(T), C(T)) = - MIN(S, 10) = - .




DRIF-Q is designed to reflect the "Q” idle times :
" { DRIF-Q(T))
= | DR‘F'Qz(T)l
- Dmp-ocr)-l
n \ DRIF-O,(T)}
whcrefori-l,...,r
{0 if T needs R, or EAT, > EST(T) + C(T)

DRIF-Q(T) = I
| Wy EST(T) + C(T) - New-EAT(T) ) else.

R AR Tt e
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There is no "Q” idle time for a resource if it is needed by T, or if it is unavailable
during the execution of T. This is the first case in the above formula. In the example of

Fig 2, R;, R, R; and R, all have "Q” idle times equal to zero. The second case deals
with resources that are available during the execution of task T. The time duraticn
betweea the time the resource is available, New-EAT,, and the time T completes, (EST(T)
+ C(T)), is the "Q” idle time. Because it is not certain whether in this duration the
resource will be used or wasted, we muitiply it by a factor W, which we choose between 0
and 1. For all the tasks presented here W, = 05. |

Thea DRIF for task T in Fig 2 is given by
DRIF(T) = DRIF-I(T) + DRIF-N(T) + DRIF-Q(T)

(5 ) ( 0 ) ( 0 ) ( 5
0 0 0 0
0 -10 0 -10

= 0 +| -5 + 25 =l ~25
0 0 0 0
0 -5 25 - 25

L 10 j L o0 ) | 25) | 5]
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Recall that X, = DRUR e DRIF, and DRUR reflects the degree of resource™
utilization by the tasks remaining to be scheduled. The dot product means that we weight
exch DRIF, by DRUR,, and sum them. Therefore, X, actually is a sum of weighted

resource idle times.

To summarize, the heuristic function has been designed to incorporate not only the
necessary timing comsiderations but also resource utilizations. The simulation results shown
in the next section indicate that it does work quite well if the appropriate weights W,, W,

and W, are used.

------
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4. Simulation Resuits

The purposs of the simulation is to test the performance of the algorithm. Recall
that the basic function of the algorithm, as described in Section 2, is to determine a full
feasible schedule for a given set of tasks. In each simulation, we input a number of sets of
tasks to the local scheduler program. For each of the input task sets it is known exactly

bow many feasible schedules exist and that each set has at least one feasible schedule

becawse we perform a separate exhaustive search procedure on each set of tasks. We then s

obscrve the percentage of task sets guaranteed by our heuristic scheduling algorithm. This :

percentage is called the success ratio of the algorithm.

v

4.1 Task Generator

The Task Generator is a program that generates tasks for our simulation study. It \
uses three generating parameters: '

1. P1: minimum computation time,

2. P2: maximum computation time, and -

3. P3: maximum laxity.

e The computation time of a task is randomly chosen between P1 and P2. The deadline ==
of a task is randomly chosen between its computation time and the computation time plus .’
P3. It is clear that different application domains will require different generating parameters.
oo N
N a Yo
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We assume there are S resources, two active resources, and three passive resources.
..l The resource requirements of a task are also chosen randomly with the condition that a

task uses at least one active resource.

- In the current simulation, we collect 6 independent tasks to form a set. An
exhaustive search is made for each set to see how many full feasible schedules exist. For
a set of 6 tasks, there are 720 permutations, each of which may or may not represent a
full feasible schedule for that task set. We purposely set up the generating parameters
used by the Task Generator so that the number of feasible schedules among 720
L pumutaﬁomumaﬂyisvaymaﬂ,mkingitfaiﬂydiiﬁuﬂtmﬁndafaﬁbkxhedub.
. Table 0 gives the distribution of number of feasible schedules for a typical group of 200
_ sets of tasks. It schows that among 200 task sets, input to the scheduler simulation program,
i more than 55% of the task sets (14 + 103 = 117 out of 200) have at most 25 full feasible
schedules. And less than 5% of the task sets (6 + 3 = 9 out of 200), have more than 100
- full feasible schedules.

Number of
Feasible Schedules 1-10(] 11-25]| 26-5| 51-10 ] 101 - 200f{ 201 - 720

AT

Number of Task Ses | 14 | 18 | 56 | B | 6 | 3

Percentage of Sets % | 70 | 515 | 280 | 90 | 30 | 15

P1 =30, P2 = 50, P3 = 100
Table 0 : The Distribution of Number of Feasible Schedules among a Group of 200 Sets
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42 Simmistion Results and Observations

The performance of the heuristic algorithm is studied with the sets of tasks for which
the task generator bas found at least one full feasible schedule. Each simulation is done
with & growp of 200 task sets. In the simulations, we study how the success ratio, ie., the
perceatage of guaranteed sets, changes with the weights of the heuristic function H, as well

‘as groups. We begin by studying the performance if only one of the three factors in the

heuristic function is used in scheduling.

Group Number 1 (no‘change)

Weights of
function H
LA 0 0 1
w, 0 1 0
W, 1 0 0
Guaranteed
Sets » 24 29 25
Success

Ratio % RO 145 125

Pl=20 P2=40, P3 = 8)
Table 1 : Simulation of an H Fuanction with one Factor

Table 1 shows that, for a given group (group number 1), the scheduling polices
corresponding to the "minimum computation time first®, "least laxity first® and “least
weighted resource idle tme firt™ are not effective. That is, when (W,, W,, W) = (0 0 1),
@©, 1, 0), or (1, 0, 0), the success ratio is lower than 20%. However, for the same group
as in Table 1, if we use all three weights and properly tune them, the success ratios can
be as high as 80%. This result is shown in Table 2.
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- B -
Group Number 1 ( no change )
Weights of
function H
w, 020 020 032
w, 026 020 021
W, 020 020 0.16
Guaranteed
Sets 148 152 162
Success
‘Ratio % 740 76.0 8190
’i Pl =20, P2 =40, P3 = §0
: Table 2 : Simulation of Full H Function
Group Number 2 3 4 5 6 7 8 9
('.ilm'lmaed~
Sets 170 164 157 174 167 156 176 165
Success
Ratio 85.0% 0% TBS% 870% 83.5% 780% 80% 885%

Pl=10 FP2=3 P3=7
W, =050 W, =03 W,=025

Table 3 : 8 groups with fixed generating parameters and fixed weights

Table 3 indicates that with the fixed generating parameters, (P1, P2, P3) = (10, 30

70), and the fixed weights of function H, (W,, W,, ¥, = (050, 036, 025), the success
ratio varies among 8 specific groups tested from a low of 78% to a high 88%. The range
of perceatages is due to the randomness of the task genmeration, but the small standard gf
deviation of about 3%, indicates the stability of the scheduling algorithm. We believe that “3':33:-:

78% - 88% is quite a good success ratio. As we will see in Section 5, with some RO
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improvemeants, the success ratio can be increased.

Group Number 0 11 12 13 14 1S

30 20 10 20 2 10
50 6 160 40 1100 30
100 120 300 70 100 S0

035 028 030 032 024 026
025 018 019 025 018 020
010 033 010 016 014 014

172 160 176 162 164 162

Generating
Parameters

P1

P2

P3
Weights of
function H

W,

W,

W,
Guaranteed

Sets

Success

Ratio %

80 80 80 810 &R0 8190

Table 4 : Good Weights for 6 Groups

Table 4 lists the best success ratios for an additional 6 groups, each of which is
generated by different parameters. The best success ratio for each group is achieved by
tuning the weights of function H. We see that in order to achieve the best success ratio,
the weights vary with groups, i.e., W, varies between 024 and 035, W, varies between 0.18

and 025, and W, varies between 0.10 and 0.16. It is clear that a set of universally best

weights do not exist. However, we see that the range of the weights is not very large, ;::l';'

suggesting that there may be a set of feasible weights which can cover adequately many x
groups with different generating parameters. To substantiate this point, we average the s

XY
weights W,, W,, and W, in Table 4, and reuse them for the same 6 groups shown in ]

Table 4. Table 5 presents the results:




v % SN

30 20 10 20 20 10
50 60 160 40 100 30
100 120 300 2 100 S0
Weights of
function H
w, 029
W, 021 ( no change )
Guaranteed
Sets 170 1606 10 199 160 161
Ratio % 850 800 80 795 800 805 )

Table 5 : Using the averaged weights

With a fixed set of average weights, we obtain an average success ratio of more than
80% with a standard deviation of only 25%. The results imply that though a set of the
universally best weights do not exist, one set of feasible weights may cover many different
groups with different generating parameters. Therefore it seems that the weights are not
too sensitive to the generating parameters.

Although the simulation results presented in this section are only for a limited
oumber of groups with a limited number of different generating parameters, we have tested
many other groups with many different generating parameters. In all cases, the results are
quite similar. Due to the lack of space, we are unable to present these additional
simulation results here. We would, however, like to point out that these simulation results

were in consonance with the observations made above.
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5. Extension on the Basic Algorithm : o

In this section we describe an extension to the basic heuristic scheduling algorithm :
discussed and evaluated in the previous sections. e

51 Extended Algorithm =

The assumptions underlying the use of the heuristic function in the basic algorithm

1. At each level of the search, there is.a certain order among the tasks to be

P. .'
Ve d
‘. .0‘
. - -

2. The order can be identified by a linear function such as function H used in our
primary algorithm.

Though the first assumption is definitely true, the second may not always hold, so
our original algorithm cannot always guarantee a set of tasks for which there is at least

one full feasible schedule. To improve the success ratio, the following means were
considered:

1. add some non-linear components to function H;

2. change the weights of function H dynamicaily;
3. whenever a partial noo-strongly feasible schedule is met while scheduling, try to

backtrack.

a%a

Vo
.f“

)

Though the first two alternatives are more mathematical than the third, we did not adopt N

‘!An;-\ gy

them because the first increases the computation cost on every computation of function H, .._,
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and the second could make the algorithm too complex. The third method was adopted
becauss we made an interesting observation from the log files of the primary algorithm
runs: If, at the point where a non-strongly feasible schedule is met, the task with the
second minimum value of the function H was selected instead of the minimum one, more
than bhalf of the task sets that were not scheduled by the primary algorithm become
schedulable. Moreover, a majority of the remaining task sets failing to be scheduled
become schedulable if we backtrack to an ancestor and select the task with the second
minimum value of function H at that level, instead of the minimum ome. That is,
function H not only tells us which is the best task to be selected, but also gives

information about which one is the next best if the best does not work.

With this observation, the primary algorithm, given in Fig 1, is extended in the
following way: Each scheduled task has a pointer to the task with the second minimum
value of function H, and it also records the old EAT values before it is scheduled. This is
done so that the "second pointer” and old EAT values may be used by possible future
backtracks without re-calculations at that level. Each time a non-strongly feasible schedule
is found, a subroutine, called the Limited-Backtracker, is invoked to

1. withdraw the task just selected and added in the schedule,! and instead attempt
to schedule the task with the second minimum value of function H;

2. if the first step does not succeed, that is, the schedule is still non-strongly
feasible, recursively backtrack to the immediate ancestor and attemr* o schedule the
task with the second value of function H at the ancestor level. Whenever a strongly

1. Note that the schedule is feasible, but not strongly feasible, therefore the task
withdrawn can be guaranteed, but some others will not.
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feasible schedule is found, the Limited-Backtracker returns "success” to the caller, the -
scheduler program. Otherwise, it continues the recursive backtrack uatil either it has
backtracked to the root of the search tree — the empty schedule, indicating that all
the ancestors have been tried; or untii a counter, which counts the number of
backtracks in scheduling this task set, reaches a pre-set upper bound. In these cases,

The pseudo code of the algorithm for the Limited-Backtracker is shown in Fig 3.
We call the first step in the Limited-Backtracker a pseudo backtrack because it happens at
the current search level and function H is not recalculated. The second step is called real

backirack. Real backtracks do increase the computation cost because they requires the

re-calculatiom. of function H at (all) the level(s) (in search three) immediately below the

vertex in which the real backtrack succeeds.

Note that, if in the Limited-Backtracker we did not limit the number of real

SEPUT A PR A
‘. N A T R
. Cte et
. A L M R PR

backtracks, then in the worst case, the search process might eventually expand two vertices

from each ancestor, resulting in a computation time proportional to 2°, where n is the

number of tasks. -
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Procedure Limited-Backtracker(VAR task-set : task-set-type; VAR schedule : schedule-type);

(* Limited-Backtracker is called by the scheduler when the (partial) schedule is found
non-strongly feasible. Task-set contains the tasks remaining to be scheduled;
schedule is the non-strongly feasible schedule. )

("the real backtrack starts®)
WHILE NOT empty(schedule) and counter < max-counter DO
BEGIN
(*withdraw from the end of the schedule all the tasks
with a second minimum value of function H.
Thnhndottaskshavethar'seeondmtet’nﬂ‘)
REPEAT
let T1 be the last task in the schedule;
remove T1 from the schedule;
task-set := task-set + { T1 };
UNTIL T1’s "second pointer” <> nil;

EAT := old-EAT stored with T1;
let T2 be the task pointed by T1°s "second pointer”;

task-set ;= task-set - {T2};
put T2 at the end of the schedule;

if strongly-feasible(schedule) then
return(success);

counter := counter + 1;
END(*WHILE");
return(failed);
END;

Fig 3 : The Algorithm of the Limited-Backtracker
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A 52 Simulation Studies the Extended Algorithm
.

The results of simulations for the extended scheduling algorithm are shown in Table 6

‘r

X and 7.

Group Number 20 (no change)

30 (oo change) - =3
60
100

W, 020 026 024
W, 028 020 020
W, - 020 016 014

% ”S TI0 80
% 900 NS 955
% 950 980 995
Real
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SR, : the basic success ratio without any backtrack
SR, : the success ratio without any real backtrack
SR, : the success ratio with pseudo and real backtracks b

Table 6 : Simulation Resuits of the Scheduling Algorithm with Limited Backtracking

From Table 6, first, we can see that though the success ratios without backtracks
(SRy) varies with different sets of weights from 725% to 81%, using pseudo backtracks a e

success ratio (SR,) of between 90% and 95% results. The final success ratio with pseudo {\-

Y N

snd real backtracks (SR,) is no less than 95% and can be as high as 995%. Thus, though
the scheduling costs increase with the use of backtracking, the success ratio increases N
- substantially. a
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-‘ Secondly, we may notice that this simulation is one group with three fairly different
sets of weights. In all three cases, the final success ratios are surprisingly high. This

indicates that with backtracking, tuning of weights is less important than in the primary
algorithm. This is because backtracking is more resilient in the sense of allowing wrong
choices to be rectified.

Table 7 lists the results of simulation with a set of fixed weights for 5 different

groups over a range of generating parameters. We observe that with limited backtracking, a o
set of common weights is not only feasible, but is also sufficient. The success ratio is .,J
i higher than 96% if limited backtracks are allowed. .
- Group Number 21 2 B U 25 o
, Generating -
Parameters o
= Pl 20 30 20 20 50 -
- P2 0 5 60 10 20 ]
P3 70 100 80 150 300
. SR, % 815 750 &5 mns 70
SR, % %S 90 915 M40 925
SR, % 95 975 90 95 980

B
g

xS Backtrack 2 7 1n 5 5

SR, SR,, and SR, have the same meanings as in Table 6
W, = 026, W, = 020, W, = 014

. Lt e e
A AN

Table 7 : One Set of Weights for Different Groups

Tables 6 and 7 also list the maximum aumbers of real backtracks used for each

group of 200 task sets. Note that usually no more than 10% of task sets, (SR, - SR,),
2 use real backtracks. The oumbers of real backtracks used by those task sets often are very

small. Tables 6 and 7 indicate that even the maximum number of real backtracks for a
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group usually is less than 10. Thus, the use of the extended algorithm with limited
backtracking does not increase the scheduling cost appreciably.
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6. Complexity and Optimality

In this section we discus the time complexity of the algorithm, propose several
metrics of optimality, and illustrate bow well our algorithm performs in terms of these
optimality measurements.

61 Time Complexity

The major computation happens at the calculations of function H. Each cakulation of
function H takes time proportional to r. Function H is invoked (£ i (i=1, .., n)) times,
resulting in the total time complexity of m3 Pseudo backtracks do not increase the
computational complexity. However, the computation cost increased by real backtracks
cannot effect the total complexity, so long as the upper bound of real backtracks is pre-set

to less than o?. Our simulation results in Section 5 showed that the number of real

backtracks was usually quite low. The time complexity m? of our heuristic scheduling

algorithm is fairly low compared to that of an exhaustive search algorithm which takes
. time proportional to ral

62 Optimality

Before discussing optimality, we need to chose some metrics suited for hard real-time
environmeats. For a full feasible schedule we propose the following metrics :

1. Task Set Compietion Time : This is the time when, according to the full feasible
scheduls, all tasks can be completed. Thus it reflects the system response time.

-------------------------
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2. Avercge willization ratio of resources : This is the average of resource utilization
ratics of the tasks in the full feasible schedule. This is one of the traditional metrics
of optimality for scheduling algorithms.

3. Avercge laxity : This is defined as the average of the differences between
deadlines and scheduled completion times of all tasks in the full feasible schedule. This
is a metric indicating the average laxity of completed tasks.

4. Minimum laxity : The minimum of differences between deadlines and scheduled
completion times of all tasks in the full feasible schedule. We can postpone executing

tasks by this amount so that a newly arriving task may be executed before them.

For each set of tasks input to the scheduler simulation program, using exhaustive
search, we calculate the following:

1. the values of the four metrics for each permutation that represents a feasible
schedule; and

2, the optimal, average, and worst values of each metric among all permutations
representing feasible schedules.

With respect to each metric, the full feasible schedule determined by our extended
heuristic algorithm is ranked as follows:

1. optimal, if its performance under that metric is equal to the optimal one found
above;

2. good, if its performance is worse than the optimal but better than or equal to
the average value;

.................




. 3. poor, if its performance is worse than the average, but better than the worst;
4. worss, it its performance is equal to the worst.

In some cases, the optimal and worst values of a metric for a set of tasks are equal. ey

Then, if the scheduler guarantees the set of tasks, the full feasible schedule will have the

same value of the metric as the optimal as well as the worst one. Such a full feasible S
schedule is termed optimai”.

Simulation results for one group of 200 sets of tasks are shown in Table 8. In that
simulation, the final success ratio is 98.5%, therefore total 197 sets of tasks are guaranteed

and their full feasible schedules are ranked according to the optimality metrics above. -
measurements optimal® optimal good poor worst ;

Set Completion Time 137 25 6 7 2 e

Avenage  Utilization 97 15 8 4 1 N

Average Laxity 2 3 45 45 28 N

Minimum  Laxity 9 s 3 6 9 N

Pl= 10 W, =03 Ioput sets of tasks = 200
P2= 0 W,=025 SucesRatio % = 985 o
P3= 0 W, =011 Compared sets of tasks = 197 S

Table 8 : Comparisons of Optimalities

From Table 8, we see that the full feasible schedules found by the scheduler are "
optimal or closse to optimal most of the time. For example, using average resource
utilization as a metric, we found that in 97 + 15 = 112 cases out of 197, our algorithm
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found the optimal solutions, and another 80 out of 197 are close to optimal (that is, good).

DA AR AN

Simulations and comparisons made for many other groups had similar results. We believe

that thess results indicate that by developing a good heuristic function and tuning the :
weights properly one can expect extremely good results from this approach. ' ‘..
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7. Conclusions

The problem of determining an optimal schedule is known to be NP-hard [GRAH79]
and is hence impractical for real-time task scheduling. The problem is further complicated
when, in addition to computation times and deadlines of tasks, their resource requirements

are also accounted for.

In this paper, we described a heuristic approach to solving this problem. The crux of
our approach lies in the heuristic function used to select the task to be scheduled next. It
‘uses information about tasks” real-time constraints and resource utilizations. Simulation
studies showed that the weights for the various factors that affect the scheduling decisions
have to be fine-tuned in order to obtain a degree of success comparable to that obtained
via exhaustive search. However, use of limited backtracking, whereby in case of a failure,
previous scheduling decisions are rescinded and new decisions are made, was observed to
improve the degree of success substantially. This improvement was observed even when the
initial set of weights were not tailored for a particular set of tasks. Simulation studies also
showed that in most cases the full feasible schedule determined by the heuristic algorithm
was optimal or close to optimal.

Given that the heuristic approach to task scheduling with resource coustraints has
been highly successful, we plan to incorporate it in our distributed scheduling algorithm.
This will involve extemsions to the basic bidding technique [RAMASA]. In particular,
modifications bave to be made regarding the information that is seat on bids so that a
requesting node can evaluate bids and determine the best bidder.

LY.
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