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DAPTIVE  OPTICS
systems® used in sur-
veillance satellites/

spacecraft and astronomical
observatories provide high-
resolution imaging but have
not yet achieved their full
potential. In these applica-
tions, light from an astro-
nomical object such as a star,
and, similarly, a ground
object such as a car, is dis-
torted by Earth’s atmos-
phere. An adaptive optics
system employs a high-speed
control computer, with an
array of digital signal proces-
sors, to periodically adjust a
deformable lens or mirror
based on the periodic input
from a wave front sensor.
The control task must calcu-
late, a thousand times per
second (i.e., period = lms,
deadline < 1ms), how much
and where to deform the lens
or mirror to compensate for
atmospheric distortion (i.e.,
wave front error). The cor-
rected light is then passed
through another lens, focus-
ing it into a high-resolution
image. It is clear that in this
application, QoS stability over time is critical since increasing
the reward later following a low-reward interval is definitely not
desirable. However, current adaptive optics systems, as well as
many other control system applications, have not fully
addressed this issue. This project, therefore, aims to optimize
this QoS stability by maximizing the guaranteed performance
while maintaining a schedulable task set in real-time systems
such as adaptive optics systems.

Traditionally, many real-time space system applications are
sets of periodic tasks in which each task of a set executes at a
fixed rate and has a specific deadline. They are called “hard real-
time systems” since violating task deadlines can be catastrophic.
However, in firm real-time systems such as an adaptive optics
system, occasionally missing task deadlines is tolerable. A num-
ber of models have been advocated for such systems. Examples
are the skip-over model,” the window-constrained model,’ and
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ABSTRACT—Adaptive optics systems used in
surveillance satellites/air/spacecraft and astro-
nomical observatories provide high-resolution
imaging but have not yet achieved their full poten-
tial. In these applications, light from an astronom-
ical object such as a star and, similarly, a ground
object such as a car, is distorted by Earth’s atmos-
phere. An adaptive optics system employs a high-
speed control computer with an array of digital
signal processors to periodically adjust a
deformable lens or mirror based on the periodic
input from a wave front sensor. The control task
must calculate, a thousand times per second, how
much and where to deform the lens or mirror to
compensate for atmospheric distortion (i.e., wave
front error). The corrected light is then passed
through another lens, focusing it into a high-reso-
lution image. It is clear that the Quality-of-Service
(QoS) stability over time is critical since increasing
the reward later following a low-reward interval is

definitely not desirable. However, current adaptive optics systems, as well as many
other control system applications, have not fully addressed this issue. This project aims
to optimize this QoS stability by maximizing the guaranteed performance while main-
taining a schedulable task set in periodic firm real-time systems such as adaptive optics
systems. We have introduced the problem of maximizing the guaranteed quality of
service while maintaining the schedulability of a task set in an (m,k)-firm real-time sys-
tem. Our experimental study has evaluated the solution using the Granularity of
Quality of Service Rewards, effective processor utilization, total accumulated reward,
and instability as performance measures. We like the simplicity of the heuristics and
the good performance in regard to minimizing the instability in an overloaded system.

the (m,k)-constrained model.' In the (m,k)-constrained model, m
out of any & consecutive jobs’ deadlines must be met. This model
is more realistic for capturing the temporal requirements of
soft/firm periodic tasks thanks to the incorporation of granulari-
ties of quality. It is also the generalization of classic hard and
firm periodic real-time tasks. For instance, (1,1)-constrained rep-
resents the hard real-time requirement, and (2,3)-constrained
designates that, at most, one deadline can be missed in any three
consecutive job releases. The (m,k)-constrained model also can
increase the schedulability of tasks set under overloaded condi-
tions. Since it does not have to require all jobs meeting their
deadlines, the system may be schedulable under this constraint
while otherwise it is not. In most applications using (m,k) con-
straints, the notion of (m,k) represents a quality of service met-
ric. The more m out of any k consecutive jobs meeting their
deadlines, the better the quality produced (more stable) by the



application/task. This project focuses on this metric in a stable-
QoS-preferable real-time system. In the adaptive optics system,
this would mean higher-resolution long-exposure imaging.

To exploit the (m,k)-constrained model, several static and
dynamic techniques have been proposed. For dynamic meth-
ods, Hamdaoui and Ramanathan' present a best-effort schedul-
ing algorithm which raises the priority of jobs that are going to
violate their (m,k)-constraints. However, it cannot guarantee
that these constraints are satisfied.

For static methods, to ensure the deterministic firm real time
requirements, a specific pattern is used to partition jobs in each
task as mandatory and optional. Mandatory jobs have their own
original priority, and all optional jobs are assigned the lowest
priority. The pattern is repeated within an infinite sequence of
jobs. Although static methods can use the pattern to perform a
schedulability test for the task set and then ensure the minimum
required granularity levels of QoS, there is a gap between this
lower bound and the total maximum across the system. This gap
occurs because (m,k)-constraints are usually designated by sys-
tem designers. In the design stage, they only care about the
acceptable levels of application performance and actually do not
take the issues of task scheduling into their considerations. It is
unsatisfactory that the computation resource (e.g., CPU time) is
used up just for the mandatory jobs (guaranteed granularity of
QoS) without looking into the schedulability stage. Although
optional jobs can be run when no mandatory job executes or
waits, the guaranteed QoS is hardly maximized because of the
lack of investigation about the interactions among the (m,k) con-
straints, task schedulability, and performance.

To make use of the surplus computing time once the original
pre-defined (m,k) constraints have been satisfied, our proposed
strategy aims to complete additional mandatory jobs (thus yield-
ing finer granularity) rather than to run optional jobs. The adap-
tive optics system would benefit from this strategy, which
ensures that the variance of the reward is small over time,
achieving a stable QoS. The more stable the QoS, the higher the
benefit. Furthermore, if cost is a factor, then our strategy of
extracting a higher QoS in an overloaded task system will pro-
duce the same QoS provided by today’s systems but at a frac-
tion of the current cost since lower-performance computer sys-
tems can then be used.

Methodology
Several studies relate task scheduling and system performance.
Periods’ selection is discussed”® as an off-line design aid for
choosing the optimal frequency combination of classic periodic
task sets. This project considers the problem of optimizing the
trade-off between system-wide guaranteed QoS and task set
schedulability off-line for the (m,k)-constrained model on a sin-
gle-processor system and then on a multi-processor system.
Each task 7} associates with a class of finite levels of QoS (e.g.,
(m, k) or (m+1, k) or...or (k, k)) and each level in the class has
a specific reward value. We call this reward Granularity of
Quality of Service reward (GQoS-reward). All of the reward
values are assigned according to the relative importance of the
guaranteed GQoS among all tasks within the system.

A task set of n independent periodic tasks is represented as

|

T={T),.....,T,}. Each instance of a task is a called a job. Each
task 7} is characterized by a 5-tuple (P;, C;, m;, k;, R;) where P;
is the period of the task, C; is the worst-case execution time
(WCET), m; and k; (0 = m; < k;) define the (m,k) constraint for
T;, and R; is a reward vector of size k; - m; + 1. Each element in
the vector contains one version of GQoS-reward, e.g., the
reward for the (m;, k;) level, the reward for the (m; + 1, k;) level,
and so on. Without loss of generality, we define the values in R;
in the sense of monotonic increasing with their index. In other
words, ;) is the smallest reward (it is 0 if the original m; is 0)
for guaranteeing the (m;, k;)-firm deadline, while the last ele-
ment of the reward vector is the largest for satisfying a hard
deadline, (k;, k;), or (1,1) equivalently. Before running on the
system, exactly one version of GQoS for each task is to be
determined. We also assume that the relative deadline of each
task is the same as its period and all tasks are in phase in the pre-
liminary experiments in order to study the feasibility of the pro-
posed approach.

Currently, there are two main partitioning strategies to catego-
rize jobs in a sequence. The first is the deeply-red pattern® pro-
posed by Koren et al.: a job Tj;, i.e., the j-th instance of task 77,
is considered mandatory if 1 < mod k; < m; (for m; < k;. It m; =
k;, T; is a hard real-time task. If m; = 0, all jobs of T; are option-
al); otherwise, it is optional. The second strategy is the evenly-
distributed-mandatory pattern* proposed by Ramanathan et al.
According to this pattern, 7}; is mandatory if and only if
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(m; > 0. If m; = 0, all jobs of T; are optional similarly); other-
wise, it is optional. Quan et al. improve the result of overload
management with enhanced fixed-priority scheduling.” We use
the evenly-distributed-mandatory pattern in our preliminary
experiments since it has been reported that this pattern exhibits
relatively good schedulability.*’

Regarding the scheduling method, we adopt the earliest-dead-
line-first (EDF) algorithm because it is expected to provide good
schedulability. In mandatory/optional job scheduling, the
mandatory jobs of each task are assigned the priority according
to the deadline-monotonic (DM) or EDF algorithm, and all
optional jobs of every task are assigned the lowest priority. If two
or more optional jobs compete for the processor when no manda-
tory jobs are eligible to run, the one with the earliest deadline
executes first. If they happen to have the same deadline, any arbi-
trary priority assignment can be used to break the ties. West and
Poellabauer’ present a necessary and sufficient condition for the
deeply-red task set to determine schedulability. They claim that
the worst case occurs on the first job of each task. We can use the
time-demand analysis method proposed by Lehoczky’ to calcu-
late the response time for each task. Please note that only manda-
tory workloads are incurred in the calculations.

Quan et al.”” present a sufficient and necessary condition for
the evenly-distributed-mandatory pattern by using the EDF
algorithm to schedule the jobs. Let R be the set of mandatory
jobs. R is (m,k)-firm schedulable with EDF if and only if all the
mandatory jobs within the first busy interval [0, 7] can meet their
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deadlines. The end point of the first busy intercal can be easily
found by observing that it must be the smallest ¢ such that the
accumulated mandatory workload within interval [0, ¢] equals ¢,
that is,

il [
swo=3| 5|4 =

One can easily compute the end point for the first busy interval
by using fixed-point iteration on this formula with the initial
value of 7 set to a small number larger than 0, e.g., 1. The fixed-
point iteration will converge rapidly as long as the task set is
schedulable. We can always set the upper bound of the busy
interval length to be the least common multiple (LCM) of the
tasks’ periods. If the busy interval length is longer than the LCM
of the tasks’ periods, the task set is not schedulable.

System Model and Objectives

Here is an example showing that carefully selecting the (m,k)
constraint, hence the guaranteed granularity of QoS for each
task, is important to the system’s overall performance. Consider
a task set of three tasks: 77 = (10, 2, 1, 2, [10, 30]), T, = (15, 6,
1, 2, [20, 50]), T3 = (60, 30, 1, 1, [50]).

Since the utilization of the task set is 1.10, this task set is not
schedulable without using (m,k) constraints. With the help of
(m,k) constraints, the schedule of meeting all mandatory dead-
lines of the jobs is shown in Fig. 1(a). Note that in this case,
using either the deeply-red pattern or evenly-distributed pattern
produces the same result. It is not difficult to see that all tasks in
Fig. 1(a) only attain their minimum GQoS-reward, and the total
reward of the system for this case is 10+20+50 = 80. However,
with a more in-depth analysis, the total GQoS-reward can be
increased by adjusting the (m,k) constraints used at run-time. In
fact, for this example, we can increase either m to 2 or m, to 2.
In both cases, they all raise the total GQoS-reward while satis-
fying the new (m,k)-related rules. Figure 1(b) shows the sched-
ule of giving m, one increment and the schedule in Fig. 1(c) has
m increased by 1.

In addition to improving the overall granularity of QoS, sever-
al interesting phenomena can be observed in the example. First,
one idle interval (from 56 to 60) is left within the schedule in Fig.
1(a). The effective processor utilization (EPU) of this schedule is
the lowest among the three schedules because several optional
job(s) which, in fact, can be executed as mandatory job(s) have
to be blocked by other mandatory jobs, while there are some idle
intervals after executing the leftover optional jobs.

Another phenomenon is well known although it is not reflect-
ed in our example: EDF performs very poorly under overload."
Second, note that the output produced from the schedule in
Fig. 1(a) is non-stable. However, after increasing m of k for
some task, EPU and output stability are all enhanced for the
schedules in Fig. 1(b) and Fig. 1(c). As a result of these obser-
vations, we expect that our idea has positive effects on these
soft/firm real-time performance metrics. The rationale behind
our conjecture is that since we reserve as much CPU time as
possible for important mandatory jobs, the space for the source
of the negative factor, overloaded optional jobs, is compressed.
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Figure 1. (a) Schedule obtained by satisfying the original (m,k)
constraints, that is, (mq, ky) = (1, 2), (my, ky) = (1, 2), (m3, k3) =
(1, 1). (b) Schedule obtained by increasing m, by 1, (m5, k) = (2,
2) or (1, 1). (c) Schedule obtained by increasing m{ by 1, (my, ky)
=(2,2)or(1,1).

Hence, the maximum effect of the possible degradation is min-
imized, and consequently, it is very likely that the soft/firm real-
time performance can be improved.

According to the relative importance among all tasks in the
task set, each task 7; has a multi-version GQoS rewards. The
number of versions in task 7} is dependent on the (m;, k;) param-
eter and then it equals k; - m; + 1. Our goal is to determine the
version of GQoS for each task such that the total GQoS reward
is maximized while satisfying the corresponding (m,k)-firm
deadline requirements. Formally, the problem can be defined as:

Maximize Er subject to:

i=l
(1) the task set is schedulable by the re-defined (m,k)-firm con-
straints: {(my, ky).... (m,, k,)} corresponding to {r,...r,}, and
(2) i € {ri0)- - Tithi — mi)} -

Complexity of the GQoS-Reward Optimization Problem
By using patterns where the first job of every task is manda-
tory and has the worst-case execution time, we can use
Lehoczky’s time-demand analysis method’ to check if the task
set is schedulable for those given (m,k)-patterns. However, the



problem of selecting the best version of GQoS for each task to
ensure that the total reward is maximized and all mandatory
jobs are schedulable is an NP-hard problem. This can be shown
by using a reduction from the 0-1 constrained knapsack maxi-
mization problem," which is defined as follows: Maximize p; x;
subject to w; x; = M, where x; € {0, 1}.

Given an instance of the 0-1 constrained knapsack problem
P = A{pl, pr.--s Ppts W= {w|, wy,..., w,}, we construct an
instance of the GQoS-reward maximization problem: each task
T; has a worst-case execution time e; = w; . The period and rel-
ative deadline of each task are all equal to M. The number of
granularities of QoS for each task is 2, represented as (m;, k;) =
(0,1) and (1,1). The reward for the case of (0,1) is trivial, which
is 0. The reward for the case of (1, 1) for task T; is p; .
Therefore, if x; = 1, p; x; means the GQoS-reward of selecting
the (1, 1)-version of granularity of QoS for 7;. Otherwise, (0, 1)
is selected instead. It is not difficult to see that p; x; is maxi-
mized in the 0-1 constrained knapsack problem if and only if
the total GQoS-reward is maximized in the GQoS-reward max-
imization problem. Since the transformation between the given
instance of 0-1constrained knapsack problem and the instance
of GQoS-reward maximization problem can be performed in
polynomial time, we thus know that the GQoS-reward maxi-
mization problem is also NP-hard.

Results
If the number of tasks in a task set and the number of versions
of each task are not large, an exhaustive search method similar
to that in Seto, Lehoczky et al. can be used.® First, to guaran-
tee that each task 7, is schedulable, a set of feasible (mj, kj)
parameters, where Pj P,, is determined, e.g., in the motivation-
al example, the feasible set for task 73 is {(my, ky)-(my, ky)-
(m37 k3) | (1’ 2)_(1’ 2)_(1’ 1)’ (1’ 2)_(2’ 2)_(1’ 1)’ (2’ 2)_(1’ 2)_
(1, 1)}. Next, we intersect the sets of feasible granularities.
After this intersection, we have all feasible combinations of
(m, k) parameters in the task set which can be used at run-time.
Finally, we traverse these combinations to determine the opti-
mal selection which maximizes the total GQoS-reward.
Although we can use the Branch-and-Bound strategy to ease
the work slightly, the number of possible combinations of
GQoS increases exponentially with the number of tasks or the
total number of granularity versions in all tasks. If the task set
is very large, it is impossible to perform this calculation with-
in a reasonable length of time. Thus, we have to look for some
other sub-optimal solutions to solve the problem efficiently.
Our idea is to define a heuristic method based on sorting all
versions of GQoS by a metric to be determined. The metric
should reflect a relatively large reward and has a small negative
effect on schedulability. Hence, we can solve the problem sub-
optimally in polynomial time (the time for sorting plus the time
for a linear search). Selecting a good heuristic is very important
to the final results. A good choice is prone to a larger value-den-
sity task'® which focuses on values and execution times of the
task. However, for our problem, the effects of the (m,k) param-
eters and task periods also need to be considered. For example,
increasing different m; by one increment has different effects on
task schedulability. This project will design the heuristics and

Algorithm 1: Select the best (m,k) parameter for each
task while keeping the task set schedulable.

1. Input: Periodic task set 7" with tasks having firm
deadlines and GQoS-rewards assigned properly.

2. Output: Version of QoS represented by the (m,k)
parameter used at runtime for each task to maximize
the total GQoS-reward.

3. Sort all the versions according to their non-
increasing values of

i /( "k"PC ) i= 1o, n, =0,k —m,.
4. U = set containing the sorted versions.
5. V; = minimum required version for task 7;. Remove
the minimum versions from U.
6. while U= @ do
7. temp = the head of U
8. use temp to replace corresponding V; to check the

feasibility of the task set
9. if schedulable then
10. V; = temp

11. remove all versions not finer than V; in U for 7;
12.  else

13. remove the version at the head

14.  endif

15. end while
16. Return V,i=1,...,n

Figure 2. Algorithm for Selecting the Best (m,k) Parameter

perform experiments on a variety of control, multimedia, and
networking applications to evaluate different heuristic func-
tions. In our preliminary experiments, metrics which do not
consider these parameters fail to give good approximations of
the optimal total rewards. Hence, we design the versions of
granularity so that they are ordered non-increasingly according
to the values of

i=1,...,n,j=0, ...,k —m, initially. We next present the
mij* Ci
n /[ (———),
! ki Pi

algorithm applying this principle for selecting the best (m,k)
parameter.

It works like the greedy approach, always choosing the
schedulable version of GQoS which has the largest reward to
resource demand ratio. If one version for a task should be cho-
sen, the coarser versions for that task are removed from the sort-
ed list and only finer versions are left. By accomplishing this
process, the “surplus” computing resource is reserved for rela-
tively important tasks as much as possible.

Experimental Results and Evaluation

We use simulation experiments to demonstrate the effectiveness
of our heuristic method to solve the GQoS-reward optimization
problem, and discover the positive effects of maximizing gran-
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ularities of QoS. In the first part, we simulate our heuristic algo-
rithm on the same task sets whose sizes are relatively small with
up to eight (8) tasks each. The task sets are divided evenly into
nine (9) groups by their effective utilizations in the interval 0.1 —1.0.
Each group contains at least 100 randomly generated task sets.
5 m; *C,
R

1 i

Then we compare our solution with the optimal solution that is
obtained with an exhaustive search. Figure 3 shows the optimal
total GQoS-reward and our approximated total GQoS-reward nor-
malized to the initial total GQoS-reward (the granularities of QoS
over the system with the original (m, k) parameters). One can see
that our heuristic solutions are very close to the optimal results.
Actually, in these preliminary experiments, our algorithm finds the
optimal solution most of the time.

In the second part, we want to determine the relationship
between the optimization of the granularities of QoS and the per-
formance of a soft/firm real-time system. We adopt several popu-
lar soft/firm real-time system performance metrics from the liter-
ature such as EPU" and instability.” In the experiments, 500 task
sets are randomly generated. The periods are randomly selected
between 10 and 150, and the deadlines are assumed to be the
same as their periods. The worst-case execution time (WCET) of
a task is uniformly distributed from 1 to its deadline. Similar to
the experiments in the first part, the task sets are divided into 9
groups according to their effective utilizations. To reduce statisti-
cal errors, we ensure that each group contains at least 20 schedu-
lable task sets.

To measure EPU and instability, the task sets are simulated
within the K-LCMs (least common multiple of P;* k;). EPUs are
obtained by calculating the fraction of time during the interval in
which the processor executes tasks that complete by their dead-
lines. To calculate instabilities, the idea in Brandt (2001) is used,
which sees the instability of a task as a discrete sum of changes
on the number of the task completions between any two consec-
utive distinct intervals. To accommodate the requirements of the
(m, k)-constrained model, we define the length of the intervals
for a task to be the same as the parameter £ for that task and the
intervals are overlapped. We expect that our algorithm can
improve the soft/firm real-time performance on both EPU and
instability. Figure 4 shows the comparison results on EPU.

Compared with the results that are not optimized, our pro-
posed technique has significant improvements when the effec-
tive utilization of the system is relatively low. As utilization
increases, improvement decreases because the space for
improvement becomes less available. However, it is very attrac-
tive that our strategy always keeps the average EPU around 95
percent. For instability, an amazingly huge improvement can be
seen in Fig. 5. The average instability is maintained at a very low
level; hence, this response supports the fact that simulated sys-
tems are very stable in QoS using our method.

Discussion

In order to discover the effects of our optimization strategy
more thoroughly, we also investigate the comparisons on
accumulated value (AV) although this metric is not very good
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Figure 4. EPU Comparison

for the (m,k)-constrained model since it lacks enforcement on
granularity. We assign each task in the experiment a value and
assign the GQoS-rewards according to this value; we calcu-
late the total accumulated value that is in the same sense of
the total weighted completion count (CC). (See Baruha et al.
and Ramanathan.) In our experiments, about 85 percent of the
cases improve the results; consequently, the average case with
our technique is slightly better than the case without using it
(Table 1). The reason for the small improvement, on average,
is that after we increase m of k for some relatively important
tasks, we, in fact, increase the priority of some jobs in the
tasks by changing them into mandatory tasks. However, since
those jobs could be run even if they were optional but block
some other optional jobs after being re-categorized as manda-
tory, the system may lose accumulated rewards in total for
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Figure 5. Instability Comparison

Effective Average AV without| Average AV using
Utilization our strategy our strategy
0.1-0.2 100 113
02-03 100 118
03-04 100 114
04-05 100 112
0.5-0.6 100 107

0.6 -0.7 100 104
0.7-0.8 100 105
0.8—-0.9 100 104
0.9-1.0 100 104

Table 1. Normalized Average Total Accumulated Values (AV)

some cases. Nonetheless, while considering this together with
other performance perspectives, enhancement in the overall
performance is apparent using our optimization strategy.

Conclusions

We have introduced the problem of maximizing the guaranteed
quality of service while maintaining the schedulability of a task
set in an (m,k)-firm real-time system. We proved that the prob-
lem is NP-hard and proposed a simple heuristic solution — by
greedily increasing the QoS level of the tasks with the maximal
“reward ratio” as long as all the other tasks have their minimum
service level. Our preliminary study has evaluated the solution
using the Granularity-of-Quality-of-Service Rewards, effective
processor utilization, total accumulated reward, and instability as
performance measures. We like the simplicity of the heuristics
and the good performance with regard to its minimizing the insta-
bility in an overloaded system.
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