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Abstract

Heuristic algorithms have enjoyed increasing interests and success irottiext of Utility Accrual
(UA) scheduling. However, few analytical results, such as boundsskreael and system-level accrued
utilities are known. In this paper, we propose the S-UA algorithm that cawige probabilistic bounds
on task-level accrued utilities. Lower bound on system-level accrtility tatio (AUR) is also derived

and maximized by S-UA.

1 Introduction

Dynamic, adaptive, real-time embedded control systems at any level(s)eniterprize—e.g., devices
in the defense domain such as multi-mode phased array radars and battggemanthave emerged in
many application domains. Such embedded systems include “soft” time constbaisides hard) in the
sense that completing an activity at any time will result in some (positive otime}atility to the system,
and that utility depends on the activity’s completion time.

Jensen’sime/uility f unctions [16] (or TUFs) allow the semantics of soft time constraints to be pre-
cisely specified. A TUF specifies the utility to the system resulting from the cdioplef an activity as
a function of the its completion time. Figure 1 shows examples of time constraimifispesing TUFs.
Figures 1(a), 1(b), and 1(c) show time constraints of two significaritfirea applications specified using
TUFs. The applications include: (1) the AWACSi{Borne WArning and @ntrol System) surveillance
mode tracker system [12] built by The MITRE Corporation and The Openie(TOG); and (2) a coastal
air defense system [23] built by General Dynamics (GD) and CarnegllmMUniversity (CMU).
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Figure 1. Example Timing Constraints Specified Using Time/U tility Functions

When timing constraints are expressed with TUFs, the scheduling optimalityiaréter based on
factors in terms of maximizing accrued utility from those activities—e.g., maximizingstine, or the
expected sum, of the activities’ attained utilities. Such criteria are cbligity Accrual (or UA) criteria,
and sequencing (scheduling, dispatching) algorithms that consideritédaare called UA sequencing
algorithms. Several UA scheduling algorithms are presented in the literatioie as [19, 22, 13, 18].

Regardless of the recent advance of UA scheduling theories andlatgermost of the algorithms are
heuristics and do not provide any performance assurance, suchuagsoon task-level and system-level
accrued utilities. The best known analytical result is the upper boundmpetitive ratio established by
Baruah et. al. [6]. However, this upper bound is only valid for tasks wih FUFs, where utilities are
equal to tasks’ computation times.

The problem of performance assurance is further complicated by thehtacsystems of interests
are highly dynamic and they can not be described using deterministic taskanmdaie example, task
execution times may be highly dependent on their operational environmg:t@mworst-case execution
time (WCET) analysis is infeasible. Furthermore, many such systems aen diyvexternal events and
do not have known minimal inter-arrival times.

The aforementioned non-determinism naturally lends itself to a stochastic takk, mdnere task ex-
ecution times and inter-arrival times are modeled by random variables. nfaglshare resources that
can only be exclusively accessed. Furthermore, an end-user is dllowspecify a set of Asurance
Probability (AP). Give such models, we develop an algorithm, called S-UAsibelks to accrue the high-
est possible system-wide utility as well as providing performance as®ifaneach task with at least its
specified assurance probability, i.e., an assured utility and corresjgoasinrance probability > AP.
Lower bound on system-level accrued utility ratio (AUR) is also derivatirmaximized by S-UA.

The rest of the paper is organized as follows. We first introduce the Isiadd objective in Section 2.
Section 3 provides an overview of the S-UA algorithm, including usage astt ldesign approach. In
Section 4, we discuss details of the S-UA algorithm. Several important piegpef the algorithm are

established in Section 5. We then compare the performance of S-UA withabexadl-known heuristics



in Section 6. Finally, Sections 7 and 8 discuss related efforts and conblggeper with its contributions

and future work.
2 Models and Objectives
2.1 Task Model and Notations

We consider a system that includes a set of tdaBks= {73, 7»,...,T,,}. A taskT; has a number
of instances, denoted &s; 1, 7; 2, ...} and these instances may be released periodically or aperiodically
(without known minimal inter arrival time). An instance of a task is also callggba

We model task execution times and inter-arrival times as random varialdesapture the behavior
of these random variables, we assume that we have some knowledgetbéithstochastic attributes.
In the strongest case, we have the full knowledge of their distributiohsshwcan be approximated by
a measurement of histogram. In a weaker case, we know moments of taskepars, such as the first
moment (mean) and the second moment (variance) of task execution timeseaaratiival times. These
stochastic attributes of the random variables can be obtained either byeanalific measurement or by
off-line traffic profiling.

Tasks may use shared resources guarded by semaphores. We @sdiforeany taski;, the execution
time of using any shared resource is upper bounde@byThis is because a critical section is usually

small enough to allow Worst Case Execution Time (WCET) analysis.
2.2 Time/Utility Functions and Application QoS Requirements

A TUF for taskT;, denoted a#/;(¢) has an initial time/; (a typical value ofl; is zero) and a termination
time X;. Before the initial time, the TUF is undefined; after the termination times, the TUkvaya
zero. Note that/j, 7; ; have the same TUF. Thus, the TUF for jel; is defined on the interval of
[I; + aij, Xi + a; j], whereaq; ; is the arrival time of jobr; ;. Furthermore, we focus on non-negative,
non-increasing TUFs in this work, as they enjoy broad applicability in manyaites, such as multimedia,
and command and control. However, this work can be extended to natieegnimodal TUFs by
postponing the execution of a task with a increasing TUF [22]. For a egative, non-increasing TUF
Ui(t), Ui(t) > 0,Vt € [I;, X;], andVty, to € [I;, Xi], t1 < to, Ui(t1) > U;(ta).

Besides a TUF, an end-user is also allowed to specify an accegtaflgance Robability for each
taskT;, denoted asi P;. A high AP; demands high assurance, which may yield a low assured utility, and
vice versa. Thus, the S-UA algorithm allows an interactive, off-line tiajon procedure that can trade

assured utility with assurance probability. We present the negotiationqurcee Section 3.1.



2.3 Optimization Objective

The objective of the S-UA algorithm is two-fold: (1) to maximize the sum of aedrutilities from
all tasks, and (2) to accrue an assured utim;ﬁ for each taskl; with at least its specified assurance
probability AP;, if possible.

More specifically, lets; ; be the sojourn time of an arbitrary instance of a tdsk We should have
Pr(u;; > U#) > AP,;, whereu, ; is the accrued utility of jobr; ;, i.e.,u;; = Ui(s;;). Subject to
this assurance requirement, the algorithm seeks to maximize an important utifinalacxiterion, called

“Accrued Utility Ratio” (AUR) that is defined as the following:

n

AUR= lim |} i u]/m i umex | (2.1)
i=1

i=1 j=1

whereU;"** is the maximal possible utility accrued by teBk
Since the system is random in nature, the sojourn time of &;jeland the corresponding utility; ;
are also drawn from random variables. Lgtbe the random variable for the accrued utility of task

The optimization criterion of AUR can be re-written as:

n

AUR = Z nlgnoo ;f:luM iU?ax _ EH;E (u7) iUiﬂl&X 2.2)
j= i= i= i=

=1
Thus, the optimization problem essentially requires maximizing the sum of thetexpetilities of
all tasks. Note that the above design objective differs from those wique algorithms in that it is also

subject to the performance assurance requirement.
3 Overview of the S-UA algorithm

3.1 Usage and Programming Model

The S-UA algorithm can be used for either off-line or on-line assurarta® off-line assurance, a
designer gathers information of all tasks and specifies a set of assyvasbabilities. Given that, the
algorithm returns a set of utilitie§U;'} that are guaranteed with at least their corresponding assurance
probabilities. The designer can then examine the sétgt}. If the set of{U/} is not satisfactory, the
designer needs to adjust assurance probabilities—e.g., lower assprababilities for some low utility
tasks. The procedure of interactive off-line assurance is shown iorifthgn 1.

Another possible scenario of off-line assurance is to specify a s{e[fléfAB,i = 1ton} asinputto
the S-UA algorithm. The algorithm then determines if the set of requirementbecaatisfied, while it

seeks to maximize system AUR. If the utilities assured by S-UA are higher{tidi}, then clearly the
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Input :asetof taskq = {71, ..., T5,} with non-increasing TUFs, denoted g3, , U, ..., Uy, }

Output  : a set of assurance probabilifyl P, } and corresponding utilitie§// }

repeat
The designer specifies a set{olP; } ;
S-UA computes the set of assured utilitigs*} ;

until {AP;} and{U/'} are satisfactory

Algorithm 1: Interactive Off-line Assurance

requirements can be satisfied. Thus, given a s€tA®;,i = 1ton}, the problem of determining the
highest utility that can be assured is the foundation for interactive as=ieand negotiation procedure.

The algorithm can also be used for on-line assurance. To suppbneassurance, the S-UA algorithm
needs arraffic Monitor component. Thdraffic Monitor component monitors several events that can
trigger the S-UA algorithm: (1) change of task traffic pattern; (2) arova new task; and (3) departure
of an existing task. The traffic pattern of interest includes patterns oftestution times and task inter-
arrival times. For example, thiaffic Monitor can measure and monitor the means and variances of task
execution times and inter-arrivals times, which can be used by S-UA.

The S-UA algorithm for on-line assurance can start \eigtimatedneans and variances of task execu-
tion times and inter-arrival times. Once the Traffic Monitor detects the deviafitite estimated pattern
from the actual traffic pattern, or the traffic pattern changes at run timegggers the S-UA resource
allocation algorithm. The S-UA resource allocation algorithm in turn recompasesirce allocation for

each task.
3.2 Algorithm Design Approach

Our basic approach to achieve utility assurance is to bound tasks’ sadjmes. Once tasks’ sojourn
times are upper-bounded, their accrued utilities are also lower-bouddede the non-increasing nature
of TUFs assumed in this paper.

This problem is similar to that in classical deadline-based scheduling theadbss EDF [21], where
the goal is to satisfy all task deadlines. However, the difference is thapiier bounds on tasks’ sojourn
times are not predefined. Rather, the algorithm seeks to bound tasksfrstijnes as short as possible
so that the assured utilities can be as high as possible. In the meanwhitesgjborn time bounds may
not be achievable as they may overload the CPU. Thus, the sojourn timed ipothis work (similar to
“deadline” in EDF) are allocated by the S-UA algorithm in a manner consigtiémbur optimization goal
and constraints. Another major difference is that in this work, task parasnetg., execution times and
inter-arrival times are stochastically specified. Therefore, unlike thermistic case, there Ewaysa

probability of task overrun and overload, though the probability may vary.



To derive the upper bounds on tasks’ sojourn times, we consider\eetssgpproach” where each task
is associated with a “server.” A server carries and manages the poftioRW bandwidth for a task,
determined by a CPU budget and a period. The server approach érasibed for handling aperiodic
tasks in real-time systems (see [9] for examples of aperiodic server algeriduch as Sporadic Server
and Polling Server). However, our rationale for considering the seqwproach is not to minimize the
averageresponse time of aperiodic tasks. Rather, the goal is to utilize the load isolapabitity of the
server approach, i.e., misbehavior of one task does not affect otthar. t&his capability is particularly
important in an environment of possible task overrun and overload.

The aforementioned server approach has been used for handliray&skn and overload in the litera-
tures. For example, in [14], Gardner and Liu use a server to schedulens of tasks that have exceeded
their allocated CPU times. In [1, 3, 10], Abeni and Buttazzo proposedgamithm for scheduling soft
real-time tasks in a unpredictable environment, calledsfant EBandwidth ®rver (CBS). In its essence,
the CBS algorithm is a way to assign deadlines to task instances (i.e., jobs) soetfi@ndwidth con-
sumed by a task never exceeds its allocated value. Once jobs are agsigpeddeadlines by the CBS
algorithm, they are simply scheduled by an EDF scheduler. The CBS apyudters from the previously
proposed ©tal Bandwidth &rver algorithm (TBS) in that TBS cannot isolate the effect of a misbehave
job, i.e., jobs using more processor time than their declared WCETSs.

In this work, we use the CBS algorithm due to its simplicity in implementation and loadi@ola
capability. Thus, each task is assigned to a CBS server with a CPU budgef’péind a period obD;.
SinceD; is also the desired sojourn time bound, we call it “critical time” of tdsk Having stated this

server approach, two related problems remain unsolved.

1. How to allocate CPU bandwidth to each task so that we can achieve thatygissible AUR and
performance assurance; and
2. Given a set of CBS servers allocated to a set of tasks, how to compudsghrance probabilities

and the assured utilities.

We present a solution to the first problem in Section 4. To solve the secobtem, we first consider
a degenerated problem, where each task has deterministic parameterstdrenjrdstic worst case exe-
cution times and minimal inter-arrival times. As such, schedulability of the dwgéad problem can be
analyzed by feasibility conditions similar to that of EDF algorithm [2].

In [2], the authors model each CBS server as a queueing system thes sestances of a task.
Assuming FIFO policy on each CBS server, they also present the dabéity analysis for two special
cases: (a) constant execution times and random inter-arrival time¢2arehdom execution times and

constant inter-arrival times. However, schedulability analysis for tmeigd case and under non-FIFO
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policy is not available.

In this work, we propose a simple method to analyze the schedulability of AG8servers serving
stochastic tasks. Our method is based on the following observation. If &faskxecution time is less
than its allocated CPU budgél, andT;’s inter-arrival time is greater thap;, then its sojourn time is
guaranteed to be bounded BY. Since task parameters are random variables, there is a probability that
the task’s parameters violate its allocated CPU budget and minimal intertéimea For such a casé;’s
sojourn timemaynot be bounded by the server peribg. Note that conforming with the allocated CPU
budget and minimal inter-arrival time issafficient butnot necessargondition to guarantee the sojourn
time bound. That s, even if a task violates its allocated CPU bandwidth, irstyikatisfy its sojourn time
bound. However, deriving sufficientandnecessargondition is intractable. Thus, we decide to allocate
resources in a way that satisfies the sufficient condition. Furthermordoroning a CPU bandwidth
C;/D; is not equivalent to conforming the allocatéy and D;, respectively. A counter example is a task
having large execution time as well as large inter-arrival time. Still, it may ormjyire a small fraction
of CPU bandwidth. If that is the case, the task’s execution time itself may be larggr than the task’s
desired sojourn time bound.

Using the aforementioned sufficient condition, we first allocate a portiddRif bandwidth to each
task, subject to the 100% CPU utilization bound of the CBS algorithm. For eskli;tahe probability of
violating its allocated CPU budget and minimal inter-arrival time is then calculag@d@mpared against
the user-specified assurance probabiliti;. If the calculated probability is larger than or equal4®;,
then taskr; is guaranteed to accrue at least the utilityf D;) with the probability ofAP;. Otherwise,
the user is advised to loosen his assurance probability requirements.rdtésipre is repeated until the

user is satisfied. We elaborate the interactive negotiation proceduretiorSed.
4 The S-UA Algorithm
4.1 Problem Formulation

The optimization problem introduced in Section 2.3 can be stated as the following:

Objective: max AUR = ) E(ui)/z upmax
=1 =1

i
Subject toPr(u; > UA) > AP, Vi=1ton

This form is difficult to analyze, as it does not reflect the variables beamgrolled in the resource allo-

cation procedure. That is, neither the objective function nor the camisttaave incorporated the CPU

budgetC; and critical timeD; for each taskl;. To do that, we use the following lemmas to establish the

relationship between the optimization objective and controlled resourcetiioeariables.
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Lemma 1. If a taskT; is guaranteed to accrue utility dﬂ’;“ with the probability of at leastl P;, then the

mean of its accrued utility, i.eE(u;) is at leastU* x AP;.

Proof. Let p;(u) be the probability density of task’s accrued utility. By the definition of'(u;) and the

assumption of non-negative TUFs, we have:

+o00 vt 400
E(u;) = [ upi(u)du = [ up;(u)dut+ [ up;(u)du
0 0 UA
+o0 +o00
> [ upi(u)du > UA x [ pi(u)du
Ut Ut
- +OO . _pe - +OO
Since [ pi(u)du is the probability that; is greater tharU:!, we have [ p;(u)du > AP;. The
Ut UA
lemma thus follows. O

Proposition 2. The system wide accrued utility ratio (AUR) is lower bounde@jb@(]{‘ X APZ-) / Y umer,

2 Bui) UAX AP,

Proof. By Lemma 1, system-levelUR = ¢ >3 S

By Proposition 2, one approach to maximize system-wide AUR is to maximize its lavwed) which
requires probabilistic bounds on task-level utilities. Notice that task-leweblgbilistic guarantee is subject
to two conditions: (1) the CPU is not overloaded by the output from the SddAurce allocation, and (2)
tasks do not violate their allocated CPU budget times and minimal inter-arrival.tifie feasibility of the
resource allocation (condition 1) can be verified using the condition piesen [2]. Since task parameters
are random variables, the second condition can onlprbbabilistically satisfied. This probability is
calculated a®r(7; complies with itsC; andD;) = Pr(¢; < C;) x Pr(d; > D;). Therefore, satisfying
condition 2 requires:

Pr(c; < Ci) x Pr(d; > D;) > AP, (4.1)

. The above inequality has two controlled variablgsand D;. However, a closer look at the relationship

betweenC; and D; reveals that, given &;, a minimalC; that satisfies the inequality can be computed.
Assume that the means and variances of execution time and inter arrival teaetofask are finite and

known. Given aD;, one can comput®r(d; > D;) by a version of Chebyshev’s inequality. Then, the

minimal required’; for the givenD; can be computed as the following:

Ci > E(es) + m 4.2)

whereM; = AP; x V“’“(di)‘jcfﬁé:)E(di))Q. Note that the computed; is theminimalrequired CPU budget

time. A larger CPU budget helps to improRe(c; < C;), but will unnecessarily increase the bandwidth
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requirement for tasi;. Thus, given aD;, the algorithm simply allocates the minimal requir€dfrom
Equation 4.2 to task;.
Once the two conditions are probabilistically satisfied, tasks’ sojourn timeslsweprobabilistically

bounded. Thus, we can transform the optimization problem to the followimg: fo
Objective: max A = > (U;(D;) x AF;)
Subiject to:

Ci > Ble) + /Tae) M = AP, x Yo DoBa@)? i 1t

(4.3)

%
> G+ 8i<1 Vi=1ton
k=1 ‘

The problem of finding the optimal solutigrD;, Vi} is clearly a non-linear optimization problem, as

the constraints are non-linear.
4.2 A Randomized Hill Climbing Search Strategy

To solve such an optimization problem, one approach is to use so called “Hill @ihiHLC) search
strategy. The HLC strategy is a greedy neighborhood search stratélgy §ense that #lwaysselects
the best “neighbor solution” during each iteration. During each iteratibti,@ strategy may reduce the
critical time of a taskl, by aA D, if doing so can yield the maximal increase of the objective funckion

The problem with the simple HLC heuristic is that the search procedure mawjeett in a local
optimal point. For example, consider a system of two tasks, both havingllirdssreasing TUFs, and
the same termination time antlP;. Assume that/7"** > U3***. Then, during each iteratiot P; x
(Ur(D1 — AD) — Ui(Dy)) is alwaysgreater thamd P, x (Ua(D2 — AD) — Us(D3)). This inequality
eventually leads to the resource allocation result of allocating all CPU hdtidiw taski’; and completely
starving taskKls, which may not be good.

To avoid such a situation, we use a randomized Hill Climbing (RHLC) searakegiyr. The RHLC
search strategy differs the simple HLC strategy in that RH&aa@domlymoves to a “neighbor” solution
during each iteration, which may not be the best neighbor solution, oraverse neighbor solution.
Furthermore, the probability of moving to neighbor solution depends on taktyof the solution. In
general, a better neighbor solution has a higher probability being selecigd, worse neighbor solution
has a lower probability.

Our RHLC strategy is similar to Simulated Annealing (SA) [17] in the sense thhtdigorithms make
random moves to neighbor solutions. However, the SA algorithm containsdsted loops, whereas the
RHLC algorithm only has one loop. Thus, our RHLC algorithm is faster thaim3erms of complexity,

which is important as the S-UA algorithm may be invoked at run-time to deal widmgydn of traffic



patterns.

The concepts of “temperature” and “cooling” in simulated annealing allowrobof diversity at dif-
ferent stages of the search procedure. Initially, the temperature istimgigle to allow diversity. With the
reduced temperature, the probability of moving to a bad neighbor solutiodetseases, as the system is
approaching a stable state. For the same purpose, our RHLC heuristiccalgmorates a similar cooling
process.

Before we describe the resource allocation algorithm in details, we inteatieadefinitions of “neigh-

bor solutions” and “valid solutions” that are used in the algorithm.

Definition 3. A valid solutionv = { Dy, ..., D, } satisfies the constraint as defined in inequality 4.3:

Ci 2 Elc) + \/Vorted M; = AP, x VorlddtDeP? ;i — 110

Given a solutionv and a set of tasks ordered by the critical times as iAlgorithm 2 verifies ifv is a

valid solution.
Input : a solutionv and a task séet’ ordered by increasing critical times defined/in
Output  :trueifv is avalid solution; false otherwise

for i =1to|T| do

CalculateT;’s CPU budgetC; «— E(c;) + Y/‘}&Ec_"{,whereMi — AP, x V“T(di)‘fjﬁ;:)E(dmz:

£ N~ C B;
if kzzjl(D—i) + - > 1then
| return false;

return true ;

Algorithm 2: i sVal i d() Function

1..(i—1) (i+1)..n
Definition 4. The set of neighbor solutions of a valid solutiois defined as{yj =v+{0,...,0,AD, 0,...,0},

1.(i-1) (i+1)..n
—~ —
v, =v—A0,...,0,AD,0,...,0},Vi=1ton}.

7

The critical allocation algorithm using RHLC heuristic is described in AlgorithmT8e algorithm
starts with an initial solution®. During each iteration, it finds the set of valid neighbor solutions of the
current solutionv by invoking functionf i ndNei ghbor s() (Algorithm 4). Improvement of objective
function \() is then calculated for each valid neighbor solution. Similar to simulated annealengse
an exponential function as the basis for calculating the probabilities¢ e the improvement of()
function by moving to a valid neighbor solutien, i.e.,¢; = A\(v;) — A(v) and let¢,, = max{¢;, Vi}.

The probability of moving to a neighbor solution at temperature is computed ap, = vk/ > Vi

wherey; = exp(—(¢m — ¢i)/t).
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Though RHLC heuristic can reduce the possibility of being trapped in a @gahal solution, it can
still be stuck on a plateau in the search space. A plateau in the searchcep@asponds to a solutian
with all D;, Vi on segments of constant TUFs. This problem can be solved by simulatedliagrwith
high computation cost. In this work, we augment the RHLC heuristic with toleraficnovements on
a plateau. In case that the highest improvement of solution quality is less thassholds, a random

movement to a neighbor solution is still conducted uiticonsecutive no-improvement moves happen.

Input : a set of tasksl' = {71, ..., T,,} with non-increasing TUFs, denoted &5, Us, ..., U, }
and a set of minimal assurance probabi{iyP;, AP, ..., AP, }
Output : critical time and CPU time budget for each task, denote® aandC;
Parameters: 1%, to, K, 8,0, AD ;
Set initial solution: « /9 ;
Set initial “temperature”t «— tg ;
Set the number of no-improvement movés:— 0 ;
repeat
Find the set of valid neighbor solutions fer NB — f i ndNei ghbor s(v, T);
if INB| > 1then
for each valid solution; € NB do
| Calculate the improvement of objective functiaf): — A(v;) — A(v);

Let ¢, — maz{p;,Vi};
Lety; « exp—(ﬂbm—‘ﬁz)/t;
Randomly select a solutiay), with the probability ofp;, < yk/ >V
Update the current solutiow. < vy;
Update temperature: < t x «;
| Update the number of no-improvement moves:— k + 1;

else
| Resetk: k — 0;

else
| break;

until no more valid neighbor solutions ér> K;

Algorithm 3: Critical Time Allocation Algorithm

4.3 Tuning Parameters for Resource Allocation

This section presents the selection of the set of parameters i€, AD, §, I, anda for Algorithm 3.

Our basic approach is to use TUFs to drive the selection procedure.

1. The single requirement far’ is that it is a valid solution, satisfying constraint 4.3. Intuitively,
a solution with minimal bandwidth consumptiari/D;, Vi has a good chance of being a valid
solution, though not necessarily. Furthermore, a closer look at the redatfppbetweert’; and D;
reveals that’; is a convex function oD; andC;/D; is minimized whenD); is slightly larger than

E(d;). Thus, in this work, we choosé = {D; = E(d;),Vi};
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Input : a valid solutionv and a task seT’
Output  :the set of valid neighbor solutions for denoted asv B
SortT by increasing critical times as defined:in
for i=1 to ndo

1..(i—1) (i+1)...n
Generate a neighbor solution? = v + {0,...,0,AD, 0,...,0 };
Let T* be the task set ordered by critical times as definegin
if i svalid (v;f, T)then

| Add vy into NB: NB — NBN\{v};
1..(i—1) (i+1)...n

. L —~ —~
Generate a neighbor solution; = v — {0,...,0,AD, 0,...,0 };
Let T~ be the task set ordered by critical times as definagin
ifi sValid(v;,T")then
| Addv; into NB: NB «— NB\{v; };

return NB;

Algorithm 4: fi ndNei ghbor s() Function

. AD should have comparable time scale with the TUFs. In the meanwhile, it determéngsatin
ularity of resource allocation. For such purpose, we chatge = m(m:{Xi,W}/m, where
m = 1000 in out experiments;

. 0 should be related the scope of possible utilities. Thus, we chbes&% x maz{U/"**,Vi};

. The parameteK controls the tolerance of plateau in the search space. A ldrtggnds to explore
far neighbor solutions from a plateau solution, and vice versa. Assunrattofga constant TUF
segment of up to the length efax{X;,Vi}/2 is desired. This assumption yield§ = 1/2 x
maz{X;,Vi} /AD. In the case thah D = max{X;, Vi}/1000, K is computed as 500;

. The typical range afi is 0.8 ~ 0.99. In this work, we choose an empirical value of 0.9;

. Empirical results suggest thigtshould allow enough diversity in searching the solution space. That
is, the initial acceptance ratio for the “best solution” is reasonable, e.g.AQ@ high acceptance
ratio may reduce the diversity of solutions and thus is not good. In this,weekconsider the
acceptance ratio &} for a solution withg,,, utility improvementis 0.8. Furthermore, we consider all
other solutions can not improve the system-wide utility, i.e., all other solutions oroaesegment
of constant TUF. Therefore, the probability of moving to the best neigbblotion is calculated as
Dm = 1/ {(n —1) x e:np(—%”) + 1| = 0.8, which yieldsty = ¢y, / [1 — ln%}.

Now, the problem is how to compute the maximal utility increase In generalg,, depends on
the shapes of TUF segments along which the solutions, and the step leryih. dfherefore g,
may assume different values at different iterations of the algorithm. Tooajppate,,, we use
“pseudo slopes” of TUFs. A “pseudo slope” of a non-increasing Tdasures the rate of utility

loss, i.e.pseudo_slope(U;) = U™/ X;;.
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Observe that, reducing the critical time of a tdskhat has the highest pseudo slope tends to yield
the highesty;. Therefore, we can approximateg, as the following:

m & @, = maz{U"*" /X;,Vi} x AD.
4.4 Scheduling

The performance assurance provided by S-UA relies on the fact gkaptaameters can probabilisti-
cally comply with their allocated values. It also makes the implicit assumption thathf= jaconforms to
its allocated CPU budget and its inter-arrival time, icg;, < C; anda; ; — a; j—1 > D;, it's sojourn time
is guaranteed to be not more thAx. This assumption requires a “memoryless” property of the schedul-
ing algorithm. That is, the performance assurance for arjglonly depends om; ; and(a; j — a; j—1).
A previously arrived job that violates its allocated CPU budget and/or artéral time should not affect
the performance assurance fgy.

Based on the aforementioned observation, we extend the original CB8uditty algorithm to satisfy
this “memoryless” property. More specifically, if a job arrives with an irgeival time shorter tha;,
it is enqueued in a queue of pending jobs. Our rational for not droghisgncoming job is because its
performance assurance can still be satisfied, though not guaraiatesel/eral reasons, e.g., the execution
time of the previous jobs are shorter th@n This rational is similar to that of Resource Reclaiming in real-
time computing literatures. On the other hand, if job arrives with an inter-arrival time; ; — a; j—1 >
D;, its performance assurance should be satisfied, provided< C;. Consequently, the execution of
the currently running joby; , should not interfere with; ;'s performance assurance. Thus, should be
preempted by; ;. In fact, it can be seen that,’s sojourn time is greater thaR; at the current time,
ast = a;; anda; ; — a;,» > D;. Though jobr; ,’s performance assurance cannot be satisfied due to its
non-conforming parameters, the algorithm still queues it in the pending j@bequBy doing sor; , may
accrue some utility later and thus improve the system-wide accrued utility ratio.

We summarize the scheduling rules as the following:

1. A CBS server for tasl; is associated with a budget and an ordered pa(C;, D;), whereC; is
the maximal budget and; is the period of the server. We define server bandwidte- C;/D;;

2. Every served job; ; is assigned a dynamic deadlidg; that is equal to the current server deadline
ds

3. Whenever a served job executes, the budgist decreased by the same amount;

4. Whenc, = 0, the server budget is rechargedd® and the server deadline is setdg,1 =
ds . + Dj;

5. When a jobr; ; arrives and the server is serving anotherjpp, wherek < j (i.e., is active), the
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new job can be managed in two different ways: (kjif —a; j—1 < D;, 7; ; is enqueued in a queue
of pending jobs that are serviced by FIFO policy, or (2);if — a; j—1 > D;, the currently running
job 7; . should be preempted by ;;

6. When a jobr; ; arrives and the server is idle,df > (d, , — ;,;)Us the server generates a deadline
ds x+1 = mi,j + D; andc, is recharged t@;, otherwisey; ; is serviced with current server deadline
andc,; and

7. When a job finishes at timg a pending jobr; ,,,, if any is selected and served using the current
budget and deadline. If there are several pending jahs,should be the one that satisfies,, +

D; > t and has the earliest arrival time among all pending jobs.
5 Properties of S-UA Algorithm

In this section, we present a set of important properties of the prog@®&sslalgorithm.
Proposition 5. The S-UA algorithm is deadlock free.
This is obvious due to the usage of stack resource policy.

Proposition 6. Suppose the task model degenerates to a sporadic task set with weestxescution time
C; and minimal inter-arrival timeD; = X;. If 2221 Ck/Dy + B;/D; < 1,Yi = 1ton, then S-UA can
achieve at least the same lower bound on system-level AUR as thatkidlrscheduler with relative

deadlines equal t®;.

Proof. For such a task model, the S-UA critical allocation algorithm starts with{ X;, Vi}. Regardless

of the random moves during each iteration, the algorithm always moves tbdanesghbor solution

v = {D},Vi}, whereD, < X, and can be guaranteed. On the other hand, the feasibility condition of the
EDF scheduler only guarantees a sojourn time bourd;oBy Proposition 2, the lower bound on system

AUR achieved by S-UA is at least the same as that of EDF. O

Corollary 7. For the same task model as in Proposition 6 and step TUFs, S-UA carvacd(@% system-

level AUR ifS"}_, Cy./Dy, + B;/D; < 1,Vi = 1ton.

Proof. For step TUFs, an EDF can achieve 100% system-level AUR. Since S-Hiflésst as good as
EDF, it can also achieve 100% system AUR. O

Proposition 8. Suppose the termination time of each TUF is less than or equal to the taskagav

inter-arrival time, i.e.,.X; < E(d;),Vi. If > g((flg > 1, then there is no valid solution for the constraint
i=1 ‘

defined in Equation 4.3.
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Table 1. Parameters for Critical Time Allocation Algorithm
Parameter AD to « K
Value 0.1% x max{X;,¥i} | 200 | 0.9 | 1000

Proof. For any taskl;, assuring any positive utility requirds; < X; < E(d;), becausé/;(t ( =0,Vt >
X;. Furthermore, by inequality 4.2Z;; > E(c;). These two inequalities result % > d ),Vi. Thus,
for any solution, we have:
n n
C B E(c
=+ = > (5.1)
i=1 ) E TL
This inequality leads to the conclusion thais not a valid solution. O

6 Performance Evaluation

The previous sections have analytically established the sufficient confiitieatisfying user-specified
probabilistic assurance, and have presented the S-UA algorithm. Hovileeegoerformance of the S-
UA algorithm may be sacrificed to meet probabilistic assurance. In additierrutirtime overhead of
S-UA cannot be obtained through analysis either. Thus, we implemented e eBgorithm in the
meta schedulescheduling framework [20]. Performance of S-UA and severalisguitJA scheduling
algorithms are measured and compared. Empirical values of S-UA run-tienkead is also provided in

this section.

6.1 Resource Allocation Overhead

Recall that the S-UA algorithm can be used either off-line, e.g., at designotime-line at run-time.
To do that, overhead of the S-UA algorithm should be as small as possibttheFmore, overhead of
the critical time allocation algorithm (Algorithm 3) clearly dominates that of run-tisteeduling (e.qg.,
CBS deadline calculation and EDF scheduling) and thus constitutes the majof ihee S-UA algorithm.

In fact, our choice of a randomized hill climbing search strategy, as eppiwsa full-fledged simulated
annealing is motivated by the need of low run-time overhead.

We conducted the overhead measurement on a 450 MHz Pentium Il R@nguan implementation
of the meta scheduleon top of QNX Neutrino 6.2 operating system. Several important parameters f
running the resource allocation algorithm are shown in Table 1. All taskes lireearly decreasing TUFs

in our experiments.
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As shown in Figure 2, the overhead of running Algo-

rithm 3 is roughly tens of milliseconds to a few hundred |

120

milliseconds for less than ten tasks, which is considered

to be light-weight. Though we do not have measurements; |

80

for larger problems, we expect that the overhead is still

Execution
Y
3
T

acceptable. This is because S-UA is expected to execute |

very infrequently. In the event that all task traffic patterns .|

are accurately specified at design time, the S-UA resource : + O s s b
allocation algorithm only needs to be invoked at design

time. Furthermore, time requirements in systems of inter- Figure 2. Overhead of Resource

ests usually span from milliseconds to seconds, or even Allocation

hours (e.g., in a several-hour flight mission).
6.2 Performance Comparison

Performance comparison is conducted between S-UA and a set oftleealiprithms, which are
known to outperform other heuristics for the models they apply. Thessaskies include 2pendent
Activity Scheduling Agorithm (DASA) [13], Generic Uility Scheduling (GUS) [19], and tility-accrual
Packet $heduling (UPA) [26].

Each experiment contains five tasks with downward step, linear, or reghphrabolic TUFs. The
maximal utilities of the TUFs vary from 30 to 200, and the termination times fall betvegé s to 2.4
s, which are also assumed to be the same as average inter-arrival tinreegsslinance probabilities start
with 0.5 at low load and drop to 0.3 at high load, as a high assurance [itybiainot possible at high
load.

Our first experiment compares the performance of all four algorithms weiimarard step TUFs and
no resource dependencies. As shown in Figure 3, if the load is not émy,hiee., average load is less than
0.8, all four algorithms have very close performance. However, whahikbheavy, i.e., the average load
exceeds 1.0, GUS and DASA exhibit the best performance. This resalhsstent with the observation
in [19]. The GUS algorithm is a greedy algorithm, and thus has good peaftce in general. On the
contrary, the DASA algorithm assumes and explores the shape informdtdowmward step TUFs.
Therefore, DASA has good performance for step TUFs, but nattfeer functions. The S-UA implicitly
uses the shape information of TUFs in critical time allocation.

Based on this observation, we conjecture that S-UA performs better ih&ARnd UPA for non-step

functions. This conjecture is supported by our second experiment withr [ifgFs and no dependencies,
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Figure 3. Step TUFs, No Dependencies Figure 4. Linear TUFs, No Dependencies

as shown in Figure 4. Observe that all algorithms have lower AURs thancthanterpart values for step
TUFs in Figure 3, because linear TUFs start decreasing at their initial téhssobserve that S-UA now
outperforms DASA for more than 10% system AUR at load 1.2 and 1.4.

We then conduct experiments with a mix set of step,

linear, and parabolic TUFs. Since we observe that GUS is

always the best for step and non-step TUFs, it should also *

be the best for tasks with mixed TUFs. Similarly, UPA  csf

@

should have the worst performance. In addition, DASA is ?

Sysi

known to be better than S-UA for step TUFs, and is worse

than S-UA for non-step TUFs. As the end result, DASA

0.2

and S-UA should have close performance for mixed TUFs.

0

These expectations are confirmed by the experimental re-

. .
04 06 0. 1
Average Load

sults in Figure 5.

. . . Figure 5. Heterogeneous TUFs, No
Finally, we also conduct experiments for tasks with re-

) ) . dependencies
source dependencies. Algorithms that can deal with re-
source dependencies, such as S-UA and DASA are compared. peenegntal results closely mimic

those for no-dependency case, and thus are omitted here.
7 Related Work

Majority of the existing UA algorithms consider tasks with downward step TUlgs® dependencies,
which are natural extension to the classical deadline time constraints. Durdeyload situations, the
classical EDF algorithm lends itself to optimal scheduling. Thus, most of thedsting algorithms

are specifically designed to handle overloads. For example, [24, 8e4gquivalent to EDF during
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underloads. If the processor is overloaded, the algorithms rejectranere least value-density tasks in
the ready queue until the remaining task set becomes feasible.

Recently, several UA scheduling algorithms have been developed tdehaon-step TUFs and to
allow resource dependencies. Locke’s algorithm, calledtBEfort (BE) scheduling algorithm [22] is
the first known UA scheduling algorithm that can deal with almost arbitrétzg; but without resource
dependencies. Interestingly, Locke’s BE algorithm allows stochastietestution times and arrivals, but
no performance assurance is provided. Clark’s DASA algorithm [ll8}va resource dependencies but
only step TUFs. Later, in [11] and [26], the authors develop nonfppeiee, packet scheduling algorithms
that can deal with non-increasing TUFs. The GUS algorithm [19] allowsergeneral model of almost
arbitrary TUFs and resource dependencies.

Regardless of the advancement of UA scheduling algorithms and thabees are few known analyt-
ical results. One of the best known results is developed by Baruah g]. dror step TUFs, the authors
establish thel/ (1 + \/E)2 upper bound on the competitive factor of any on-line scheduling algorithm,
given theimportance ratioof k£ [7]. Note thatk is defined as the maximum task value density divided
by the minimum task value density among the task set. This upper bound is athietlee D°¢" algo-
rithm presented in [18]. However, this upper bound is only valid by assyimaisk utilities are equal to
computation times, which is different from out model.

The problem of probabilistic assurance for deadline-driven scheglidimainly motivated by multi-
media applications, where the execution times of periodic tasks, e.g., an M&te@eat are modeled as
random variables. Naturally, the objective is to schedule tasks so thatdhaljlity of meeting task
deadlines is satisfactory.

In [5], Atlas and Bestavros propose the statistical RMA algorithm that cavige bound on percent-
ages of deadline miss. However, the analysis is valid only for harmonic aekss restricted to RMS
algorithm. The work done by Gardner [15] provides a more generaiéveork of analyzing percent-
age of deadline miss for uni-processor systems with or without resoependencies, and for real-time
distributed systems as well.

Several similar techniques are also developed, such as [25]. Hqwevtite best of the authors’
knowledge, the problem of probabilistic performance assurance faddaduling has not been addressed

before.
8 Conclusions and Future Work

Unlike other UA scheduling algorithms, S-UA is the first algorithm that seeksaximize accrued util-

ity and to provide task-level probabilistic performance assurance. €higrmance assurance is achieved
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through critical time allocation and proper scheduling. Given a set ofasse probabilitieg AP;, Vi },
the critical allocation algorithm determines a set of critical tifi®%s, i} so that the critical times can be
satisfied with at least the probabilities 4%;. In the meanwhile, system-wide AUR can be maximized.
Several aspects of the S-UA algorithm are under investigation. For égathp condition presented
in this paper is sufficient but not necessary, and it may be loose for sases. To strengthen the perfor-
mance assurance, it is important to provide tighter bound on task-levetmpance. Deriving sufficient

and necessary conditions for some special distributions is anothet dsefttion.
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