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Abstract

We present a fast, proactive, quality of service (QoS) negotiation algorithm called Best Effort Negotiation (or BEN), for
asynchronous real-time distributed systems. BEN considers an application model where trans-node application timeliness and fault-
tolerance requirements are expressed using benefit functions, and anticipated workload and system failure rates during future time
intervals are expressed using adaptation functions and reliability functions, respectively. Furthermore, BEN considers an adaptation
model where subtasks of application tasks are replicated at run-time for tolerating failures as well as for sharing workload increases.
Given such models, the objective of the algorithm is to maximize the sum of aggregate real-time and fault-tolerance benefits during
the time window of adaptation functions. Since determining the optimal solution is computationally intractable, BEN heuristically
computes sub-optimal resource allocations in polynomial-time. To determine how well BEN performs, we describe another algo-
rithm called HLC, that is inspired by the well-known Hill Climbing heuristic. We show that HLC is significantly slower than BEN.

However, our experimental studies reveal that the performance of BEN, in general, is as good as that of HLC.

© 2003 Published by Elsevier Inc.

Keywords: Real-time parallel and distributed systems; Resource allocation and management; Fault tolerance; Real-time distributed algorithms

1. Introduction

Asynchronous real-time distributed systems are
emerging in many domains including defense, telecom-
munication, and industrial automation for the purpose
of strategic mission management (Jensen and Ravin-
dran, 2002). Such systems are fundamentally distin-
guished by the significant run-time uncertainties that are
inherent in their application environment and system
resource states (Jensen and Ravindran, 2002; Koob,
1996 ;Jensen, 1992). Consequently, it is difficult to pos-
tulate upper bounds on application workloads for such
systems that will always be respected at run-time. Thus,
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they violate the deterministic foundations of hard real-
time theory that ensures that “all timing constraints are
always satisfied” under deterministic postulations of
application workloads and execution environment
characteristics.

To deal with such non-determinism’s, recent ad-
vances in real-time and distributed systems research
(DARPA, 1997) have produced quality of service (QoS)
technologies that allow applications to specify and ne-
gotiate real-time requirements. The real-time QoS
techniques consider application models where applica-
tions can operate at multiple, discrete ““levels” of service.
A level is a strategy for doing an applications’ work and
is characterized by a resource usage such as CPU and
network utilization, a QoS dimension such as timeliness
of computations, and a user-specified benefit. Thus, if all
timing requirements of all applications cannot be satis-
fied at run-time (due to the workload hypothesis being
violated at run-time), then an adaptation mechanism
can determine the “right level” of QoS to optimize a sys-
tem-wide criteria such as maximizing aggregate benefit.
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Examples of such real-time QoS techniques are pre-
sented in Abdelzaher and Shin (1998), Brandt et al.
(1998), Lee (1999), Ravindran (2002a) and Rosu et al.
(1997) and have been implemented as real-time mid-
dleware (Bettati, 1997).

However, most of the real-time QoS techniques
studied in the literature are “‘reactive” in the sense that
the techniques dynamically react to workload fluctua-
tions and system failures as and when they occur. Thus,
when workload fluctuations and failures occur, the
techniques detect such conditions, and re-allocate re-
sources so that a system-level criteria is optimized. We
believe that such reactive techniques may not always be
effective, due to their significant run-time overheads,
especially when workload fluctuations and failure oc-
currences are highly “bursty”. In fact, due to the high
cost of computing optimal or sub-optimal resource al-
location decisions, many reactive resource allocation
techniques such as Ravindran (2002a) and Rosu et al.
(1997) sacrificed the optimality of their decisions for the
speed with which the decisions can be computed.

To overcome this difficulty, in this paper, we present
a proactive QoS negotiation algorithm called Best Effort
Negotiation (or BEN), for asynchronous real-time dis-
tributed systems. BEN is proactive in the sense that it
enables user-triggered, user-specified, application-specific,
and situation-specific resource allocation.

BEN considers an application model where trans-
node application tasks have end-to-end timeliness and
fault-tolerance requirements that are expressed using
benefit functions. Furthermore, to facilitate proactive
QoS negotiation, BEN wuses adaptation functions—a
concept that we had developed in Hegazy and Ravin-
dran (2002b)—for describing the anticipated application
workload during future time intervals. Similar to the
workload adaptation functions, the algorithm considers
reliability functions that probabilistically describe the
failure rates of end-host groups, during future time in-
tervals.

BEN considers an adaptation model where subtasks
of application tasks can be transparently and auto-
matically replicated at run-time for tolerating end-host
failures, besides for sharing workload increases. Fur-
thermore, the algorithm targets shared-media broadcast
networks such as Gigabit Ethernets that run the Car-
rier Sense Multi Access/Deadline Driven Collision
Resolution (CSMA/DDCR) protocol (Hermant and
Lann, 1998), and interconnect end-hosts that use best-
effort real-time scheduling algorithms such as DASA
(Clark, 1990) for scheduling and resource access con-
trol.

Given such application, adaptation, failure, and sys-
tem models, the objective of BEN is to maximize the
aggregate real-time and fault-tolerance benefits of the
application during future time intervals described by
the adaptation and reliability functions. This problem of

maximizing aggregate benefits can be shown to be .4 P-
hard. > Thus, BEN is a heuristic algorithm for this
problem that produces sub-optimal resource allocations
in polynomial-time.

To study how well BEN performs, we consider an-
other algorithm called HLC (for Hill Climbing), that is
inspired by the well-known Hill Climbing heuristic
strategy. HLC determines resource allocations by
searching a large solution-space, due to the nature of the
underlying Hill Climbing technique.

Given n application tasks, we find that the worst-case
computational complexity of BEN is in the third-order
of n, while that of HLC is in the fourth-order of n.
Furthermore, our application-driven experimental
studies reveal that the performance of BEN, in general,
is close to that of HLC. Thus, BEN is as good as HLC,
but for a significantly less computational cost.

Therefore, the major contribution of the paper is the
polynomial-time BEN algorithm that seeks to maximize
aggregate real-time and fault-tolerance benefits of
asynchronous real-time distributed systems.

The rest of the paper is organized as follows. Section
2 describes the application, adaptation, failure, and
system models considered in this work. Section 3 in-
formally states the QoS negotiation and resource allo-
cation problem that we are addressing in this paper.
Sections 4 and 5 present BEN and HLC, respectively.
We present the computational complexity of BEN and
HLC in Section 6. In Section 7, we discuss the experi-
mental evaluation of the algorithms. Finally, the paper
concludes with a summary of the work and its contri-
butions in Section 8.

2. Application, adaptation, system, and failure models
2.1. The application model

We denote the set of tasks in the application by the
set T ={TN,T»,T5,...}, where a task can be either peri-
odic or aperiodic. Each aperiodic task 7; has a “trig-
gering”’ periodic task 7 that triggers its execution. After
a periodic task 7; completes its execution, it may trigger
the execution of the corresponding aperiodic task 7;.
The period of a periodic task 7; is denoted as period(T;).
If 7; is aperiodic, period(T;) denotes the period of the
periodic task that triggers task 7;.

Each task T; is assumed to consist of a set of subtasks
(executable programs), which execute “serially.” We use
the notation 7; = [st}, m}, st,,m}, ... st',m!] to represent
a task 7; that consists of n subtasks and » messages to be
executed and transmitted in series, such that subtask

2 For brevity, we do not prove this here, However, the proof is
similar to the one shown in Hegazy (2001) for a similar resource
allocation problem.
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stj(l < j<n) cannot execute before message m’ , ar-
rives. For convenience, we denote the set of subtasks of
a task T; as ST(T;) = {st},sth,sts, ... st} and the set of
inter-subtask messages of a task 7; as MS(T;) =
{mi,mb,my, my, ... m}.

2.1.1. Timing requirements

We use Jensen’s benefit functions (Jensen, 1992) for
expressing application timeliness requirements, and as-
sume ‘“‘step’ benefit functions for all tasks such as the
one shown in Fig. 1. Thus, completing a task anytime
before its deadline will result in uniform benefit; com-
pleting it after the deadline will result in zero benefit. We
denote the height of the benefit function of a task 7; as
max RTB,;.

2.1.2. Application workloads

We model the workload of a subtask and that of an
inter-subtask message as the number of data objects that
they need to process and transmit, respectively. The
motivation for this model is due to the fact that the
number of sensor reports and aperiodic events (or data
objects) processed and transmitted by subtasks and
messages, respectively, constitutes the most significant
part of the application workload in many real-time
distributed applications that we regard as asynchronous
(Clark et al., 1999; Welch et al., 1998).

Furthermore, the major element of uncertainty in the
processing and communication latencies in such systems
is due to the uncertainty in the number of data objects
that the application has to process, as they are depen-
dent upon the applications’ external environment. Thus,
we define the end-to-end execution latency of a task as
the time that the task takes to complete the processing of
a single data object.

We assume that application-profile functions that can
estimate subtask execution times as a function of data
objects are available. We regard such execution time
estimates as worst-case lower bounds for processing a
single data object. The profile functions can be deter-
mined by application profiling and measurement. Note
that we assume that application subtask-profile func-
tions are available, but the parameters of the func-
tions—the number of data objects—are unknown.

Benefit
B(1)
max RTB;
t
Time
Release Deadline
Time R; D;

Fig. 1. A task benefit function.

2.2. The adaptation model

2.2.1. Adaptation mechanism

We assume that subtasks of tasks can be dynami-
cally and transparently replicated for tolerating end-
host failures. Furthermore, we assume that the subtasks
can be replicated for sharing workload increases. That
is, once a subtask is replicated, the replicas can be ex-
ecuted on different end-host processors, and the work-
load of the original subtask can be distributed among
the replicas. This will enable concurrency to be ex-
ploited in processing the workload and reduce (end-
to-end) task latency. Thus, replication is used as a
mechanism for tolerating end-host failures, as well as a
mechanism for adapting the application to workload
fluctuations.

Of course, when subtasks are replicated and the
workload is shared among the replicas, this may increase
communication latencies on shared media broadcast
networks—our target platforms—due to the increased
contention that the messages may now experience (since
there are additional messages that now flow into, and
out of the replicas). Thus, an important objective of the
negotiation algorithms is to replicate subtasks (1) only
to the extent that any decreases in subtask execution
latencies are not offset by increases in communication
latencies, and (2) sufficiently to the extent that the ag-
gregate application benefit can be maximized as much as
possible under fluctuating workloads.

For simplicity in the design of the application and the
resulting application model, we assume that the work-
load of a subtask is equally distributed among all its
replicas.

We assume that the subtasks process data objects (or
sensor reports) that are “continuous’ in the sense that
their values are obtained directly from a sensor in the
application environment, or computed from values of
other such objects (Jensen, 1992). The subtask replicas
are thus assumed to be temporally consistent without
applying every change in value, due to the continuity of
the physical phenomena.

2.2.2. Adaptation functions

We use adaptation functions, a concept that we
originally developed in Hegazy and Ravindran (2002b),
for expressing anticipated workload scenarios of the
application during future time intervals. The adaptation
functions describe the anticipated application workload
as a function of the time (or a reference point such as
task period) at which it is anticipated to occur. The
functions can have arbitrary shapes and are user-speci-
fied for each task. We regard the origin of the functions’
axes as the start time of the expected scenario for the
workload. The function is specified for a fixed duration
of time into the future, and ends at a time instant called
the “time horizon.”
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In this paper, we use task periods as reference points
for adaptation functions. We denote the anticipated
workload of a task 7; during a period p as Adapt(T;, p).
For a periodic task, the anticipated workload during
period p is defined as the number of data objects that are
anticipated during p. For an aperiodic task, the antici-
pated workload during period p is defined as the number
of events that the triggering periodic task (of the aperi-
odic task) is anticipated to produce at the end of its
period p. Furthermore, we assume that the anticipated
workload is a constant during the task period, but may
be different for different periods. An example adaptation
function is shown in Fig. 2.

The anticipated workload scenarios—and thus the
adaptation functions—can be dynamically modified as
and when the user’s perception regarding the future
workload changes. Specification of the functions and the
enactment of the functions (as and when desired) will
trigger proactive QoS negotiation and resource alloca-
tion.

Thus, adaptation functions facilitate a “human-in-
the-loop” approach, where adaptation of the applica-
tion can be performed according to the user’s perception
of the future operational situation of the application,
thereby facilitating user-desired and situation-specific
adaptation of the system.

It is important to observe that the proactive resource
allocation strategy that we propose is not a “stand-
alone”” mechanism for adaptive resource allocation.
Rather, it complements reactive resource allocation
techniques. With proactive resource allocation, it will be
possible to compute sub-optimal resource allocation
decisions due to the longer time interval available for
resource allocation as they are performed before “‘event
arrival”. (Of course, we desire very fast algorithms.)
However, reactive resource allocation is still needed,
especially when the user-specified future workload and
failure scenarios deviate from the actual i.e., to adapt
the system when the user’s guesses wrong. Furthermore,
in many situations, workload changes and failure oc-
currences can be so dynamic and arbitrary that they
prevents human intervention in the control loop.
Therefore, we believe that adaptive resource allocation
that is proactively and reactively performed will enhance
system utility.

Workload
of task T; w
1
fime
G; H.

i i

Fig. 2. A task adaptation function.

2.3. The system model

We consider a Local Area Network segment where
end-hosts are interconnected using a shared media
broadcast network such as Gigabit Ethernet that runs
the CSMA/DDCR protocol (Hermant and Lann, 1998).
Thus, physical frames of application messages are
scheduled (by CSMA/DDCR) using non-preemptive
Earliest Deadline First (EDF) algorithm (Stankovic
et al., 1998).

We denote the set of end-host processors by the set
PR ={p1,p2,p3,...,pm}. We assume that the clocks of
the processors are synchronized using a protocol such as
Mills (1995).

For process scheduling and resource access control,
we consider the DASA best-effort real-time scheduling
algorithm (Clark, 1990) that explicitly incorporates
benefit functions for scheduling. Our choice of DASA is
due to the fact that it outperforms EDF during over-
loaded situations, and performs the same as EDF during
under-loaded situations where EDF is optimal. Fur-
thermore, implementations of DASA are available in
operating systems including the MK?7.3 kernel (MK7.3a,
1998) and our own Linux implementation (Li et al.,
2001).

2.4. The failure model and fault-tolerance benefit

We assume a fail-stop model for the end-hosts, i.e., a
host simply halts when it fails. Similar to the workload
adaptation functions, we consider reliability functions
for end-host groups. For specifying reliability functions,
we consider a logical partition {H;},c(; . Of the host
set H into g groups such that Vi, H; # 0, | J;_, H; = H,
and ("}, H; = 0. Host-group partitions are assumed to
be user-specified according to the application-specific
requirements.

We consider a “forward recovery’”” model for achiev-
ing fault-tolerance. Application subtasks are dynami-
cally replicated and maintained in different host-group
partitions for achieving fault-tolerance. Furthermore,
when subtasks are replicated, each replica of a subtask
processes a unique portion of the workload of the sub-
task. Thus, when a replica fails due to an end-host
failure, the failure is tolerated by ensuring that addi-
tional replicas exist in other end-host group partitions
that can process the subtask workload in successive task
periods. Thus, the fault-tolerance mechanism is a for-
ward recovery mechanism in the sense that it provides
continued availability of task functionality.

Our rationale for considering such a fault-tolerance
model is our application and adaptation models, where
tasks process continuous data objects. The replicas are
thus temporally consistent without applying every
change in value, due to the continuity of physical phe-
nomena.
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Following Jalote (1994), we define the reliability
function R(H;,t,,t5) to denote the probability that
Vj,hj € H; will not fail during a time interval [t,,1].
Reliability functions are user-specified, can have arbi-
trary shapes, and can be dynamically modified as and
when the user’s perception regarding anticipated host-
group failures change. Note that we do not make any
assumptions on the failure rate or any particular failure-
time model for specifying the reliability of host groups.
The function R(H;, t,, t3) must however, satisfy the basic
properties of a reliability function i.e., R(H;,t,t) =1,
lim,ﬂ_mo R(H;, t,, t/;) =0, and R(H;, t1,t) = R(H;,t1,13),
iff 1, <.

We define the fault tolerance benefit that is gained by
a task 7;, when a single replica is allocated for each
subtask of the task as the Fault-Tolerance benefit Factor
(FTF;) of the task. The fault-tolerance benefit factor is
user-defined for all tasks. In general, the fault-tolerance
benefit of a task increases with the number of replicas
that are allocated to subtasks of the task. However, the
fault-tolerance benefit of a task is also affected by the
end-host assignment of the subtask replicas of the task.
Therefore, we define the Fault-Tolerance Benefit of
subtask s#; during the time interval [t,5] as
FTB = FTF; x S R(hy,t1,12), where r; is the number
of replicas of subtask st; and 4 is the end-host executing
the kth replica of the subtask during the interval [z, #,].

Note that the subtasks of a task can have different
number of replicas and end-host assignments and hence,
can have different fault-tolerance benefits. Thus, we
define the task-level fault-tolerance benefit F7B; as the
smallest value among all its subtask fault-tolerance
benefits, since the subtasks are assumed to “‘serially”
execute. Therefore, the fault-tolerance benefit of a task
T; is defined as FTB; = min{FTB;,1<j <|ST(T;)|}.

Furthermore, it is important to notice that the BEN
algorithm we propose here is not tightly coupled to any
specific fault-tolerance benefit definition. Given a re-
source allocation, i.e., number of replicas for each sub-
task and their end-hosts assignment, the BEN algorithm
simply uses the fault-tolerance benefit definition and the
task benefit functions to compute the system-level ag-
gregate benefit. We show how BEN computes the ag-
gregate benefit in Section 4.3. Thus, our definition of the
fault-tolerance benefit only serves as an example defi-
nition.

Besides task fault-tolerance benefit factors, we also
consider a user-specified, required, lower bound on the
number of replicas for subtasks of tasks. For a task 7;,
this minimum required number of replicas is denoted as
min _r;.

As an example output of the resource allocation al-
gorithm (see Fig. 3), we consider six end-hosts,
PR = {p1,p2,...,ps}, connected using a CSMA/DDCR
real-time Ethernet network, and two tasks, 7; and 7;.
Task T; has four subtasks, while task 7; has two sub-

2} 2] Dy
# @ 1,
S st [’/ s_z
CSMA/DDCR
1 y
P4 PS Pﬁ

Fig. 3. A resource allocation example.

tasks. As shown in the figure, the resource allocation
algorithm allocates one replica of s/ on host p;, one
replica of sz, on host p,, two replicas of s7; on hosts p3
and p4, and one replica of sty on host ps. Similarly, the
two subtasks of task 7T; are not replicated and are as-
signed to hosts p, and ps, respectively. Thus, during any
given time interval [z, 7], the subtask-level fault toler-
ance benefit of s#, is calculated as FIB; = FIF; x
(R(p3,t1,t2) + R(pa, t1,12)). On the other hand, we cal-
culate the fault-stolerance benefit of other subtasks of 7;
as F]Bll = FTF; x R(pl,tl,l‘z), F[B'Z = FTF; x R(pz,l‘htz),
and FTB) = FIF; X R(ps, t1,12). Therefore, the task-level
fault-tolerance benefit of 7; is computed as FTB; =
min{FTB:, k= 1,...,4}. The same calculation proce-
dure applies to task 7; as well.

3. QoS negotiation and resource allocation objective

Given the application, adaptation, failure, and system
models described in Section 2, our objective is to max-
imize the aggregate real-time and fault-tolerance benefits
during the time window of task adaptation functions
and host-group reliability functions. We define the ag-
gregate real-time and fault-tolerance benefits of the ap-
plication as the sum of the real-time and fault-tolerance
benefits accrued by all tasks of the application.

Thus, our QoS negotiation and resource allocation
objective can be informally stated as follows

Consider the application, adaptation, failure, and
system models described in Section 2. Given these
models where each task can have an arbitrary work-
load, what allocation—number of replicas for each
subtask and their end-hosts—will maximize the ag-
gregate real-time and fault-tolerance benefits during
the time window of the task adaptation functions
and host-group reliability functions when end-hosts
may fail arbitrarily?
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This problem can be shown to be .4'P-hard by
mapping it to the multiple 0—1 Knapsack problem, as
stated in Section 1. Thus, the BEN and HLC algorithms
that we present in this paper are heuristic algorithms
that solve this problem in polynomial-time, but not
necessarily produce optimal allocations.

4. The BEN algorithm: heuristics and rationale

The objective of BEN is to maximize the sum of the
aggregate real-time and fault-tolerance benefits while the
minimum replica needs of all tasks (i.e., min_r; VT;), are
satisfied. Therefore, the desired properties of BEN in-
clude:

(1) Allocate the minimum required number of replicas for
each task before allocating additional replicas. This
initial allocation guarantees that the minimum rep-
lica requirement of each task is satisfied.

(2) Allocate resources in decreasing order of max RTB; +
FTF;. By doing so, we increase the possibility of max-
imizing the sum of the aggregate real-time and fault-
tolerance benefits. This is because, the task selected
next for resource allocation is always the one with
the highest sum of real-time and fault-tolerance ben-
efits among the unallocated tasks.

(3) Proceed to the next task adaptation period for re-
source allocation, if replicating the task during the
current period cannot further increase the sum of the
aggregate real-time and fault-tolerance benefits. By
doing so, we save system resources, which can be al-
located to tasks with lower values of maxRTB; +
FTF;. This will increase the possibility of obtaining
contributions of non-zero sum of real-time and
fault-tolerance benefits from such tasks toward the
sum of aggregate real-time and fault-tolerance bene-
fits;

(4) Decompose task-level resource allocation problem
into subtask-level resource allocation problems. The
rationale behind this heuristic is that solving the
task-level resource allocation problem of determin-
ing the replica needs of subtasks of a task and their
end-hosts that will satisfy the task deadline, will re-
quire a holistic analysis of the system. This can be
computationally expensive. Therefore, by decom-
posing the task-level problem into subtask-level
sub-problems and solving the sub-problems, we seek
to reduce the overhead of computing a sub-optimal
solution. Since we are focusing on step-benefit func-
tions for tasks, the decomposition can be done by
assigning deadlines to subtasks and messages of a
task from the task deadline in such a way that if
all subtasks and messages of the task can meet their
respective deadlines, then the task will be able to
meet its deadline. Using this heuristic, we can now

determine the replica needs of a task that will satisfy
the task deadline by determining the replica needs of
subtasks of the task that will satisfy the subtask
deadlines.

Thus, BEN allocates resources using the heuristics
presented here. To assign deadlines to subtasks and
messages of a task from the end-to-end task deadline,
BEN uses the equal flexibility (EQF) algorithm pre-
sented in Kao and Garcia-Molina (1997). EQF assigns
deadlines to subtasks and messages that are propor-
tional to their execution times and communication de-
lays, respectively. BEN therefore, uses an anticipated
initial workload—workload that is anticipated to ini-
tially exist—to estimate the subtask execution times and
message communication delays. The execution times
and communication delays are then used to assign
subtask and message deadlines, according to EQF.

Since we are considering the DASA scheduling al-
gorithm, which uses benefit values of subtasks for
computing scheduling decisions, the user-specified real-
time benefit of a task must be mapped into benefit values
for subtasks of the task. Therefore, BEN defines the
real-time benefit of a subtask as simply the real-time
benefit max RTB; of its parent task.

Algorithm 1. [High level description of BEN]

1: Input: a set of tasks 7 = {1}, T», ..., T,,} in descend-
ing order of maxRTB; + FTF;, and an adaptation
window W;

2: for each task 7; € T do

3: Allocate min _r; replicas of 7; in round-robin

fashion;

4: for each task 7; € T do

5t for each period j =1 to [27] do

6: QoS _Allocation(T;, j, Adapt(T;, j));

Algorithm 1 shows the high-level pseudo-code of the
BEN algorithm. BEN first determines the resource al-
location that will satisfy the minimum replica require-
ments of tasks in decreasing order of their
max RTB; + FTF; values. To efficiently determine the next
task for resource allocation, the algorithm constructs a
heap for the task set, which has max RTB; + FTF; as key
values of the heap nodes. BEN then allocates the mini-
mum number of replicas for subtasks of a task in the
order of their precedence relationships i.e., from subtask
st! to subtask s¢’ . The algorithm selects the end-hosts of
the replicas in decreasing order of end-host reliabilities
(i.e., from the end-host with the longest mean-time-to-
failure to the end-host with the shortest mean-time-to-
failure) in a round-robin manner.

Once the initial allocation is completed, BEN further
allocates replicas to tasks to maximize the sum of ag-
gregate benefits. Note that this allocation problem is
different from the initial allocation problem, as here,
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BEN needs to determine the number of replicas of each
subtask of each task and their end-hosts that will max-
imize the sum of aggregate benefits. In the initial allo-
cation problem, the number of replicas of each subtask
is known; the algorithm only needs to determine the end-
hosts of the replicas.

To maximize the sum of aggregate benefits, BEN
again allocates replicas to tasks in decreasing order of
max RTB; + FTF;. Since the anticipated workload may be
different for different task periods in the time window
specified by the adaptation functions, BEN allocates
replicas for each period in the time window, starting
from the most recent period and proceeding to the least
recent. The allocation procedure for each task during
each period is shown in Algorithm 2.

Algorithm 2. [Q0S _Allocation()]
1: Input: 7; and its adaption function at period j,
Adapi(T;, j)

2: while (true) do

3:  SB = ComputeBenefit(T}, j);

4:  for each subtask k =1 to |ST(7;)| do

5: Tentatively allocate one or more replicas to sz;;
by calling Assignprocessor(st., Adapt(T;, j), j);

6: New_SB = ComputeBenefit(T}, j);

7:  if New_SB > SB then

8: Accept the tentative allocation;

9: else

10: De-allocate the tentative allocation;

11: break;

For each task 7; during each period, the

QoS_Allocation algorithm allocates replicas for subtasks
of the task starting from the first subtask and proceeding
to the last subtask. For each subtask, the algorithm
tentatively allocates a single replica and selects an end-
host processor for the replica by analyzing processor
overloads. The algorithm then checks whether the ten-
tative allocation increases the sum of aggregate benefits.
If it does, the allocation is considered as a “good” al-
location and the algorithm further replicates the sub-
task. The process is repeated (as long as the sum of
aggregate benefits increases) until the maximum possible
number of replicas for a subtask is reached. This max-
imum limit is the number of end-host processors in the
system, as that limits the maximum concurrency that

can be exploited as well as failures that can be tolerated.
Note that in case of a subtask deadline miss, no real-
time or fault-tolerance benefit can be accrued. Thus, the
tentative allocation may need to allocate more than one
replica to a subtask, such that its individual deadline can
be satisfied before checking the sum of benefits.

If the tentative allocation at any step during the re-
source allocation process does not increase the sum of
aggregate benefits, the algorithm de-allocates the tenta-
tive allocation and proceeds to the next task adaptation
period.

We show an example of the QoS_Allocation() algo-
rithm for periodic task 7; and its corresponding ape-
riodic task during its jth allocation period in Table 1.
We assume that periodic task 7; has two subtasks and
aperiodic task 7; has three subtasks. Furthermore, we
assume that every subtask of 7; (both periodic and
aperiodic) has been assigned an end-host during the
initial allocation, as shown in row 4 of Table 1. The
QoS _Allocation() algorithm first tentatively allocates
one more replica for every subtask of the periodic and
aperiodic tasks 7;, which increases the aggregate fault-
tolerance and real-time benefit to 24 (Table 1, row 5).
Thus, this tentative allocation is accepted. The
QoS _Allocation() algorithm then seeks to allocate an-
other replica to every subtask of 7;. Although only one
under-loaded end-host is found for subtask sf; of
aperiodic task T7;, the aggregate benefit is still increased
by 16 (row 6). Therefore, the allocation shown in row 6
is accepted as well. Finally, the algorithm finds an
under-loaded end-host for aperiodic subtask sz, in row
7, which, however, decreases the aggregate benefit to
36. Thus, the algorithm de-allocates the last allocation
and proceeds to the (j + 1)th allocation period of task
T:.

We now discuss how BEN (1) analyzes processor
overloads to select end-hosts for subtask replicas, and
(2) how the algorithm computes the sum of aggregate
benefits of a tentative resource allocation to determine
whether the allocation is “good”. These steps are dis-
cussed in the subsections that follow.

4.1. Analyzing processor overloads

BEN analyzes end-host processor overloads to select
an end-host processor for a subtask replica. The rationale

Table 1
QoS _Allocation() example
Task 7; at allocation period j Aggre. Benefit Accept
Periodic Aperiodic
st sth st sth st - -
4 2! 4 D> 3 20 -
D1+ P4 D2 Ps P1:Ps P2 Ps P35 Pé 24 Yes
D1, Ds D2, Ds D1, P4, Ps D2, Ds D3, D6 40 Yes
D1 P4 P2 Ps P1;Ps:Ps P2 Ps: P3 D3 Pé 36 No
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behind overload analysis is that if an end-host processor
is under-loaded after assigning a subtask with a given
workload to the processor, then clearly, the subtask
must be able to complete its execution by its deadline as
the DASA algorithm is equivalent to EDF during un-
der-loaded situations, where EDF guarantees all dead-
lines. Thus, if an end-host processor is under-loaded, we
can conclude that the processor is a ““good” candidate
for the subtask for the workload that the subtask has to
process.

On the other hand, if a processor is overloaded after
assigning the subtask to the processor, then the pro-
cessor is not a good candidate as the allocation will
cause one or more subtasks on the processor to miss
their deadlines. Pseudo-code of the AssignProcessor
procedure that selects a processor for a subtask replica is
shown in Algorithm 3.

Algorithm 3. [AssignProcessor()]

1: Input: subtask st§ and its workload / at period c;

2: while underloaded processor for s7; has not been

found do
3:  Extract the next most reliable processor g from
the heap;

4. if OUerloadCheck(st}, ¢, q, l/(NumReplicas(st;:) +

1)) # true then
return q;

: return false;

AN

To test for a processor overload, BEN examines
deadlines of all subtasks on the processor in their in-
creasing order. For each subtask deadline, BEN com-
pares the subtask deadline against the cumulative sum
of the remaining execution times of all subtasks with
lesser deadlines (than the subtask deadline). If the cu-
mulative sum is less than the subtask deadline for all
subtask deadlines, then it indicates that the total pro-
cessor-time demand of the subtasks is less than the
available processor-time and hence, the processor is
under-loaded. On the other hand, if the cumulative sum
is large than any one subtask deadline, it indicates that
the demand exceeds the available processor-time and
hence, the processor is overloaded.

Note that this overload test is true only under EDF.
However, DASA is equivalent to EDF during under-
load conditions and differs from EDF only during
overload situations. Furthermore, the overload analysis
can also determine the response time of a subtask if
there is no overload. During an under-load situation
when all subtasks can meet their deadlines, the response
time of a subtask under EDF is simply the sum of the
execution times of all subtasks with deadlines less than
or equal to that of the subtask. Thus, the overload
analysis procedure can either determine an overload
situation or otherwise determine the response time of a

subtask replica that is being considered for execution on
the processor.

To test for overload on an end-host processor, the
arrival times of all subtasks on the processor must be
known. For determining subtask arrival times, BEN
assumes that a subtask completes its execution when all
of its replicas complete their execution. Therefore, the
response time of a subtask is the longest response time
among all its replicas. Furthermore, the first subtask of
a task will arrive at the beginning of the period of its
parent task; every other subtask will arrive after the
elapse of an interval of time (since the beginning of the
task period) that is equal to the sum of the message
delays and subtask response times of all predecessor
messages and all predecessor subtasks of the subtask,
respectively.

Thus, the arrival time of a subtask can be determined
as the sum of the response times of subtasks, the com-
munication delays of messages that precede the subtask
(under consideration), and the arrival time of the parent
task of the subtask. Given the arrival time of a task T;,
the arrival time of a subtask stji- of the task is therefore
given by ArrivalTime(st}) = ArrivalTime(T;)+ Z{{;ll
[ResponseTime(st,) + Delay(m)], where ArrivalTime()
denotes the arrival time of a subtask or a task,
ResponseTime() denotes the response time of a subtask,
and Delay() denotes the communication delay of a
message.

As discussed previously, the response time of a
subtask on a processor can be determined as part of
the overload analysis. We discuss how BEN deter-
mines communication delays of messages in Section
4.2.

The arrival time of each subtask on an end-host
processor can thus be determined and an arrival list can
be constructed. BEN constructs the arrival list as a bi-
nary heap, where subtask deadlines are used as keys and
arrival times are used as values for the heap nodes. This
enables the algorithm to efficiently determine the earliest
deadline subtask arrival time at any given time by per-
forming an “Extract-Min’’ operation on the heap. BEN
thus uses the arrival list heap to analyze processor
overload situations.

Observe that BEN allocates resources for tasks in the
decreasing order of their maxRTB; + FTF; values. This
order may be different from the decreasing order of the
real-time benefit maxRTB; of the tasks, which are in-
herited by the subtasks. This can introduce errors in the
overload analysis, because the scheduling algorithm is
not aware of the fault-tolerance benefits. For example, a
task having low max RTB; + FTF; can have high real-time
benefit maxRTB;, although the fault-tolerance benefit
FTF; is low. Subtasks of such tasks (with high max RTB;)
can interfere with the execution of subtasks that belong
to tasks with higher maxRTB; + FTF; values, but lower
maxRTB,;.
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To reduce such errors, BEN always selects that un-
der-loaded processor for a subtask replica from all un-
der-loaded processors, that currently has the minimum
number of subtask replicas with a lower real-time benefit
max RTB; than that of the subtask. By doing so, the al-
gorithm seeks to minimize the possibility of introducing
errors into the overload analysis.

Algorithm 4. [OverloadCheck()]
1: Input: subtask st;'., and its workload share w at pe-
riod ¢ on processor ¢;
2: Compute the arrival subtask list ST_/ist on proces-
SOr ¢
: Sum = 0;
: for each subtask s#, € ST _list in increasing order of
arrival times do
5 Sum = Sum + RemainingTime(st});
6:  if Sum > Deadline(st;) then
7 return true;
8
9
1

W

if sz7 == st} then
ResponseTime = Sum;
0: return ResponseTime;

Pseudo-code of the OverloadCheck procedure is
shown in Algorithm 4. Note that OverloadCheck is
called by AssignProcessor to check whether executing a
subtask with a given workload on a processor will cause
an overload on the processor.

4.2. Determining message communication delays

We consider the problem of computing the upper
bound on the communication delay of messages that are
sent out by all replicas of subtask s#/ during task period
p. The set of these messages is denoted as M. Following
Hermant and Lann (1998), to establish the upper bound
on the communication delay of M, we only need to
consider the time interval between the arrival time of M
and the absolute deadline of M. We indicate this time
interval as I(M). Thus, the communication delay in-
curred by a message msg € M under CSMA/DDCR
protocol consists of three parts: (1) the collision resolu-
tion time, which is the amount of time spent by CSMA/
DDCR to search the Time Tree and the Static Tree for
resolving message collisions, (2) the actual physical
transmission time of messages that may be transmitted
before msg after the collision is resolved, and (3) the
physical transmission time of msg itself.

The message delay computation procedure involves
the following three parameters (Hermant and Lann,
1998):

e (M), the upper bound on the number of messages
that will be transmitted before msg € M from the
same processor, where msg is sent out. Since there
could be several replicas of st/ executed on different

processors, we denote this upper bound number on
processor h as 1, (M), where h € H(st!) is a processor
executing one replica of sz’;

e u(M), the upper bound on the total number of mes-
sages that will be transmitted by all hosts during time
interval 1(M);

e uTime(M), the total physical transmission time of
u(M) messages transmitted at throughput . Notice
that M is a subset of the message set u(M). Thus,
uTime(M) includes the time in part (2) and part (3)
of the above communication delay.

In the original CSMA/DDCR feasibility condition,
(M) and u(M) are computed from a priori known
upper bounds on arrival densities of messages. Since the
upper bounds on message arrival densities are unknown
in asynchronous systems (due to their non-deterministic
workload conditions), BEN directly computes the above
parameters so that the feasibility condition of Hermant
and Lann (1998) can be used, and thus message com-
munication delays. Observe that in the worst case,
messages from each replica of each subtask during each
period could potentially interfere the transmission of
messages in M. Therefore, the message communication
delay calculation iterates each replica of each subtask
during each period and checks if their outgoing mes-
sages are either part of u(M) or they directly contribute
to r,(M). This check procedure is accomplished by
message deadline and arrival time comparisons, which
are variants of the original CSMA/DDCR feasibility
conditions.

Following Hermant and Lann (1998), a messsage n1
arriving at processor 4 belongs to r,(M) if and only if
Deadline(m}) = ArrivalTime(M) and Deadline(m}) <
Deadline(M). Similarly, m} belongs to u(M) if and only
if Deadline(m)) > ArrivalTime(M) and Deadline(m}) <
Deadline(M) — TransTime(M), where TransTime(M) de-

notes the transmission time of the message M.

Once all these parameters are computed, the tree
search time can also be determined. Then the upper
bound on the message communication delay can be es-
tablished as the sum of uTime(M) and the tree search
time. For brevity, we omit the details in this paper. The
detailed computation procedure can be found in Rav-
indran (2001).

When the communication delay of a message is de-
termined, it is possible that the delay is larger than the
message deadline, as the timeliness feasibility of the
subtask messages were a priori guaranteed by CSMA/
DDCR using the feasibility condition of the protocol.
When this occurs, the computation procedure returns
“OVERLOAD” to indicate the timing failure, which
further results in a “true” return value in OverloadCheck
procedure described in Algorithm 4. Thus, the aggre-
gate benefit will be negatively affected and subtasks
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may be de-allocated to resolve the network overload
situation.

4.3. Computing the aggregate benefit

Algorithm 5 (ComputeBenefit()).
1: Input: task 7; and its allocation period p;
2: RTB = 0; FIB = 0;
3: for each task 7; from 7, to all lower
(max TRB + FIF) tasks do
4:  lowBound = |p x period(T;)/period(T;)];

5 highBound = |(p + 1) X period(T;)/period(T;)|;
6: for each period ¢ = 1 to AdaptWindow /period(T;)
do

7: for each subtask s7; € ST(T;) do

8: compute the response time of sti;

9: compute the fault-tolerance benefit FTB:;

10: if ¢ € [lowBound, highBound) and all subtasks
of T; meet their deadlines then

11: RTB = RTB + Adapat(T;, c) x maxRTB;;

12: FTB = FIB + min{FIBj},k = 1 to

| ST(T) I}:

13: return RTB + FIB;

Observe that BEN only needs to compare the sum of
the aggregate real-time and fault-tolerance benefits be-
fore and after resource allocation during a task adap-
tation period. Thus, BEN uses a procedure called
ComputeBenefit that accepts a task 7, and a period
number p, and returns the sum of the aggregate real-
time and fault-tolerance benefits of all lower
max TRB + FTF tasks (including 7;) during that period p
of task 7;. This is because higher benefit tasks are as-
sumed not to be affected by 7;. Further, the sum of ag-
gregate benefits during other time intervals remain the
same as before and after the resource allocation. Fur-
thermore, since tasks may have different periods, the
time interval within period p of task 7; is bounded by
lowBound and highBound in the algorithm.

In the meanwhile, because we are considering DASA,
DASA will abort a subtask when it finds that the sub-
task misses its deadline. Under such a situation, no real-
time or fault-tolerance benefit can be accrued by the
subtask of the task, since part of the task will not be
executed at all. Hence, only if a task can meet its
deadline, does ComputeBenefit accumulate the sum of
the real-time and fault-tolerance benefits of that task to
the aggregate sum.

5. Hill Climbing as an alternative to BEN

To study the effectiveness of BEN, we consider the
classical Hill Climbing heuristic search technique as an
alternative strategy. For convenience, here we refer to
the Hill Climbing strategy as HLC (for Hill Climbing).

Similarly to BEN, HLC first allocates replicas to
subtasks to satisfy the minimum replica requirement. The
algorithm then iteratively allocates replicas to subtasks
to maximize the sum of aggregate benefits. Thus, the high
level algorithm of HLC is the same as that of BEN and
hence omitted here. However, during each iteration,
HLC tries to allocate replicas to all tasks and selects the
task, which will yield the maximum increase of the ag-
gregate benefit if it is allocated 4 more replicas. We re-
gard 4 > 1 as a tunable parameter of the algorithm. This
is different from BEN in that BEN only allocates replicas
to the “current” task. Thus, HLC has a larger search
space. Note that the algorithm may select the same task
for resource allocation in successive steps. We show the
HLC allocation procedure for each task in Algorithm 6,
which should correspond to the QoS_Allocation() algo-
rithm in the BEN algorithm (Algorithm 2).

6. Computational complexity of BEN and HLC

Algorithm 6. [HLC _Allocation()]
1: Input: 7; and its adaption function at period j,
Adapt(T;, j)
2: while (true) do
3: for each task 7, € T in decreasing order of
(max TRB + FIF) do
lowBound = |j x period(T;)/period(T;)];
highBound = | (j + 1) x period(T;)/period(T;)];
SB = ng’ﬁggzﬂd ComputeBenefit(T,, c);
for each period ¢ € [lowBound, highBound| do
tentatively allocate 4 more replicas for each
subtask of T;;
9: NewSB = Ziffﬁ:’g'gin ; ComputeBenefit(T,, ¢);
10: Increase(T;) = NewSB — SB,;
11: de-allocate the tentative replicas;
12: select the task 7,, with the maximum increase of
aggregate benefit;
13: if Increase(T,,) = Threshold then
14:  accept the tentative allocation for 7,,;
15: else
16:  break;

A

Given 7 tasks, p end-hosts, a maximum of m subtasks
per task, a smallest task period of &, and a longest task
adaptation window of length W, in Ravindran (2001),
we show that the worst-case computational complexity
of the BEN algorithm is

O(nlg(n) +mnp*[W [k lg(p)
+m’np[W /K] 1g(mn[W /K])).
Furthermore, we show that of the HLC algorithm is
O(m*n*p? (n + p)[W /K]’ Lg(mn[ W /K])
+mn*p[W /K1 (p)-
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For brevity, we do not show the analysis here. Details
of the analysis can be found in Ravindran (2001).

Thus, the complexity of HLC is a fourth-order
polynomial, while that of BEN is a third-order poly-
nomial. Hence, the speed up of BEN over that of HLC is
quite significant. This is not surprising as HLC searches
a significantly large solution space for determining re-
source allocation decisions when compared to that of
BEN.

7. Experimental evaluation of BEN and HLC algorithms

We conducted application-driven simulation studies
to evaluate the performance of the algorithms. The
simulation system is developed using the OMNeT++
toolkit (Varga, 2001). Each OMNeT++ model (a sim-
ulated system) consists of hierarchically nested modules,
which may interact with each other by sending and re-
ceiving messages. Modules at the lowest level of the
module hierarchy (called ‘“‘simple modules™) contain the
user-provided algorithms, and model indivisible com-
ponents in the simulated system. Furthermore, the
simple modules appear to run in parallel during simu-
lation executions, because they are implemented by
OMNeT++ as ‘“‘coroutines” (similar to ‘‘threads”).
Thus, OMNeT++ provides an ideal platform to simu-
late distributed systems.

We considered adaptation functions with two work-
load patterns: (1) a constant periodic load with an in-
creasing ramp aperiodic load, denoted as “const/ramp”’
load, and (2) an increasing ramp periodic load with an
increasing ramp aperiodic load, denoted as “‘ramp/
ramp”’ load. A sample 5-task set is initiated in the sys-
tem, whose parameters are derived from DynBench
(Welch et al., 1998) and shown in Table 2. We also
considered a partition of a set of 15 end-host machines
into three groups (3, 9 and 3 hosts for each group) using
three different reliability functions. The exponential
failure-time model was used as an example model for
specifying the reliability functions. We now discuss the
experimental results.

7.1. Relative performance under different workload situ-
ations

Fig. 4 shows the sum of the aggregate real-time and
fault-tolerance benefits accrued by BEN and HLC under
the const/ramp load and ramp/ramp load patterns, re-
spectively. We observe that the performance of BEN is
close to that of HLC. Recall that HLC computes its
allocation by considering replicas for all tasks at each
step of the allocation process. BEN on the other hand,
always selects that task for allocation which has the
highest value for (maxRTB; + FTF;) from the unallocated
tasks. Thus, the close performance of BEN and HLC

Table 2

Parameters of the experimental task set
ID Type #Subtasks Deadline (s) maxRTB; FTF; min_r;
0 Periodic 5 0.2 20 10 1
0 Aperiodic 5 0.2 25 10 1
1 Periodic 5 1.6 18 8 1
1 Aperiodic 5 1.6 23 8 1
2 Periodic 5 3.0 16 6 1
2 Aperiodic 5 3.0 21 6 1
3 Periodic 5 2.8 16 4 1
3 Aperiodic 5 2.8 19 4 1
4 Periodic 5 2.0 17 2 1
4 Aperiodic 5 2.0 17 2 1
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Fig. 4. Performance of BEN and HLC under increasing task workloads: (a) under const/ramp load and (b) under ramp/ramp load.
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Fig. 5. Average number of replicas allocated by BEN: (a) under const/ramp load and (b) under ramp/ramp load.

suggests that allocating resources for the task with
highest (max RTB; + FTF;) significantly increases the sum
of aggregate benefits. Replicating other tasks may also
increase the sum of aggregate benefits, but not so sig-
nificantly. Therefore, the BEN heuristic avoids search-
ing a large solution space, but still reaps most of the
benefit that HLC produces in much lower cost.

We also observe that the sum of the aggregate ben-
efits shown in Fig. 4 starts with small values and con-
tinue increasing until the load is too heavy. Beyond such
heavy load points, as the load further increases, the sum
of aggregate benefits begins to decrease and eventually
becomes very small.

We conjecture that when the load is too heavy, the
algorithms determine that system resources are not
sufficient for satisfying the task deadlines. At such heavy
loads, the algorithms may find that the subtasks cannot
meet their deadlines even if they are allocated the
maximum number of replicas. It is also possible that the
algorithms determine that the number of replicas needed
to satisfy a subtask deadline is less than the maximum
possible number of replicas, but close to the maximum.
When the number of replicas is high, the messages
generated by the replicas increase and can cause over-
load on the network. Thus, the algorithms allocate small
number of replicas (possibly the minimum number of
replicas), which cannot meet the task deadline, either.

To verify this intuition, we observe the average
number of periodic subtask replicas and aperiodic sub-
task replicas allocated by BEN. The average number of
subtask replicas are shown in Fig. 5. From the figure, we
observe that beyond the heavy load points, the average
number of replicas decreases while the load increases,
confirming our intuition. The average number of repli-
cas allocated by HLC was found to exhibit a similar
pattern.

7.2. Relative performance under different failure situations

To study how BEN and HLC perform under different
failure situations, we used the same (const/ramp)
workload pattern for all tasks, but used the exponential
failure-time model to determine the end-host reliability,
and randomly generated end-host failures.

Fig. 6 shows the performance of BEN and HLC
under three different failure patterns called ‘A,” ‘B,” and
‘C.” The pattern ‘A’ considers a mean-time-to-failure
(MTTF) of the three end-host groups to be 1000, 100,
and 10 sec, respectively. Pattern ‘B’ considers an MTTF
that is half of that of ‘A,” and pattern ‘C’ considers an
MTTF that is half of that of ‘B.” Thus, the patterns
constitute a failure rate of increasing intensity. From the
figure, we observe that the performance of the algo-
rithms degrade when the failure intensity increases.
Furthermore, we observe that the performance of BEN
is close to that of HLC.

7.3. Negotiation ability

We studied how the algorithms negotiate between
real-time and fault-tolerance requirements. For exam-
ple, if the fault-tolerance benefit factor of a task is larger
than its real-time benefit, a “good” resource allocation
algorithm should favor allocation decisions that yield
higher fault-tolerance benefit but lower real-time benefit.
The rationale for doing so is that when the fault-toler-
ance benefit factor increases (with respect to the real-
time benefit), the loss of the real-time benefit may be
compensated by the gain in the fault-tolerance benefit
factor. This can potentially increase the sum of aggre-
gate benefits.

Fig. 7(a) illustrates the performance of BEN when the
fault-tolerance benefit factor is increased. The ratio of
fault-tolerance benefit to the sum of aggregate benefits,
denoted as FTB% in the figure, measures the fault-tol-
erance benefit accrued per unit total benefit accrued by
the algorithm. The left bars in Fig. 7(a) show the ratio of
fault-tolerance benefit to the sum of aggregate benefits
and the ratio of real-time benefit to the sum of aggregate
benefits produced by BEN under a baseline experiment,
respectively. The right bars in Fig. 7(a) show the same
ratio, but when the fault-tolerance benefit factor of all
tasks is increased by a factor of 10 and the real-time
benefit of all tasks is kept the same as that of the
baseline experiments. From the right bars in Fig. 7(a),
we observe that FTB% grows by approximately 10%.

Similarly, in Fig. 7(b), we show the effects of in-
creasing the real-time benefits of tasks without increas-
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Fig. 6. Performance of BEN and HLC under processor failures: (a) failure pattern ‘A’; (b) failure pattern ‘B’ and (c) failure pattern ‘C’.
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Fig. 7. Negotiation effectiveness of BEN: (a) FTF > maxRTB and (b) maxRTB > FTF.
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Fig. 8. Negotiation effectiveness of HLC: (a) FTF > maxRTB and (b) maxRTB > FIF.

8. Conclusions

the negotiation effectiveness of BEN is even more sig-

nificant here—the growth of RTB% is around 20%.
We conducted the same experiments for HLC. The

results are shown in Fig. 8(a) and (b). We observe that

for HLC, FTB% grows by around 10%, whereas RTB%

grows by around 5%.

Our experimental results thus reveal that, in general,
BEN’s performance is quite close to that of HLC. Since
BEN is faster than HLC by one order of magnitude, we
regard this close performance of BEN to be quite sig-
nificant.
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We believe that BEN performs better because the
algorithm only considers the currently highest
max RTB; + FTF; task during an allocation, while HLC
searches a much larger solution space. The experimental
results confirm this conjecture that allocating resources
to the highest max RTB; + FTF; task will significantly in-
crease the system-level aggregate benefit. Allocating re-
sources to other tasks may also increase the system
aggregate benefit, but not that significantly.

We have constructed a real-time middleware called
Choir (Ravindran, 2002b). Choir contains resource al-
location algorithms that we had previously developed
called RBA* and OBA (Hegazy and Ravindran, 2002b)
and DRBA and DOBA (Hegazy and Ravindran,
2002a). We plan to implement BEN in Choir.
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