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Abstract

In this paper, a heuristic dynamic scheduling scheme for parallel real-time jobs executing on a heterogeneous cluster is presented. In
our system model, parallel real-time jobs, which are modeled by directed acyclic graphs, arrive at a heterogeneous cluster following a
Poisson process. A job is said to be feasible if all its tasks meet their respective deadlines. The scheduling algorithm proposed in this
paper takes reliability measures into account, thereby enhancing the reliability of heterogeneous clusters without any additional hardware
cost. To make scheduling results more realistic and precise, we incorporate scheduling and dispatching times into the proposed scheduling
approach. An admission control mechanism is in place so that parallel real-time jobs whose deadlines cannot be guaranteed are rejected by
the system. For experimental performance study, we have considered a real world application as well as synthetic workloads. Simulation
results show that compared with existing scheduling algorithms in the literature, our scheduling algorithm reduces reliability cost by up
to 71.4% (with an average of 63.7%) while improving schedulability over a spectrum of workload and system parameters. Furthermore,
results suggest that shortening scheduling times leads to a higher guarantee ratio. Hence, if parallel scheduling algorithms are applied to
shorten scheduling times, the performance of heterogeneous clusters will be further enhanced.
© 2005 Elsevier Inc. All rights reserved.
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1. Introduction Recently, heterogeneous clusters have also been em-
ployed in real-time application§43], in which the sys-
Heterogeneous clusters have become widely used for sci-tems depend not only on results of computation, but also
entific and commercial applications. These systems require aon time instants at which these results become available.
mixture of general-purpose machines, programmable digital The consequences of missing deadlineshafd real-time
machines, and application specific integrated circuits [33]. Systems may be catastrophic, whereas such consequences
A heterogeneous cluster involves multiple heterogeneousfor soft real-time systems are relatively less damaging.
modules that interact with one another to solve a problem Examples of hard real-time applications include aircraft
[34,41]. In a heterogeneous cluster, applications comprisecontrol, radar for tracking missiles, and medical electron-
multiple subtasks that have diverse execution requirements.ics. On-line transaction processing systems are examples
The subtasks must be assigned to machines and ordered fopf soft real-time applications. In real-time applications,
execution in such a way that the overall application execu- reliability is one of the most important issues. Due to the

tion time is minimized [18]. critical nature of jobs executed in many real-time sys-
* Corresponding author. Fax: +1 505835 5587. tems, high reliability k_Je(_:omes an inherent requwement_ of
E-mail addressesxgin@cs.nmt.edyX. Qin), jlang@cse.unl.edu such systems, and this is especially true for hard real-time
(H. Jiang). applications.
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Growing evidence shows that scheduling is a key factor scheduling algorithms are designed for homogeneous sys-
in obtaining high reliability and performance in heteroge- tems, making them unsuitable for heterogeneous systems.
neous clusters supporting real-time applications. The objec- In the literature, parallel jobs have often been represented
tive of real-time scheduling is to map tasks onto machines by DAGs[4,7,15,29,41]. Wu et al. proposed a runtime par-
and order their execution so that task precedence require-allel incremental DAG scheduling approach [41]. Cosnard
ments are satisfied and a minimum schedule length, whenet al. developed a scheduling algorithm for a parameterized
attainable, is given. Besides achieving this conventional ob- DAG, which first derives symbolic linear clusters and then
jective, the dynamic scheduling strategy proposed in this assigns task clusters to machines [7]. As for distributed com-
paper provides high reliability for non-preemptive, aperi- puting, a typical model is the fork-join paradigm [30], where
odic, real-time jobs without any additional hardware cost. main program thread runs on one processor and spawns a
In particular, we have developed a framework of real-time number of tasks from time-to-time. Sahni and Vairaktarakis
scheduling by which parallel jobs are scheduled dynami- addressed the scheduling problem in the fork-join paradigm,
cally, as they arrive at a heterogeneous cluster. In this frame-and developed efficient heuristics to obtain minimum fin-
work, a designated machine, calledheduley is responsi- ish time schedules for single-master processor and multiple-
ble for dynamically scheduling real-time jobs as they arrive, master systems [30]. The scheduling algorithms in these
and dispatching them to other machines, capjeatessing three studies, however, were also designed for homogeneous
elementsto execute. The proposed algorithm takes into ac- systems.
count dispatching and scheduling times in addition to relia- The studies in heterogeneous clusters reveal a number
bility costs, and these factors have been neglected by mosiof challenges, which include load balancing [3,42,25],
scheduling schemes that deal with real-time heterogeneougesource management [10] and scheduling [5,6,38]. The
clusters. This approach is shown by our simulation studies issue of scheduling on heterogeneous systems has been
to not only make real-time jobs more predictable and reli- addressed in many papers [3,6,8,11,28,29,35,37]. It is sug-
able, but also make the scheduling more realistic. gested that minimizing a task’s completion time leads to a

The paper is organized as follows. In Sectyrwork re- minimal start time of the task [18,37]. Topcuoglu et al. stud-
ported in the literature that is the most relevant to our work ied two efficient and low-complexity heuristics for DAGs:
is briefly described. The system and reliability models are the heterogeneous Earliest-Finish-Time (HEFT) algorithm
presented in Section 3. Section 4 proposes a novel dynamicand the Critical-Path-on-a-Machine (CPOP) algorithm [37].
scheduling algorithm. Performance evaluation is presentedlverson and Ozguner proposed a matching and scheduling
in Section 5. Finally, Section 6 concludes the paper by sum- framework where multiple applications compete for com-
marizing the main contributions of this paper and comment- putational resources on networks [11]. Maheswaran and
ing on future directions of this work. Siegel investigated a dynamic matching and scheduling al-

gorithm for heterogeneous system [18], whereas Beaumont

proposed a static scheduling algorithm that based on a re-
2. Related work alistic model for heterogeneous networks of workstations.

To consider reliability of different resources in a system

Many scheduling algorithms have been proposed in the while making scheduling decisions, fan and Ozgiiner
literature to support real-time systems. Real-time schedul- introduced two cost functions that were incorporated into
ing algorithms are classified into two categories: static a matching and scheduling algorithm for tasks with prece-
(off-line) [1,15,21,24,27,29,32] and dynamic (on-line) dence constraints [8]. As computational Grids have emerged
[13,17,19,22,31,36]. Very recently, Palis addressed task-as new platforms for high-performance computing, grids
scheduling problems in the context of reservation-based have become a new frontier for research in the area of
real-time systems that provide quality of service guaranteesscheduling and resource management. Arora et al. proposed
[22]. Real-time tasks in Palis's scheduling framework are a new scheduling algorithm for a generalized heterogeneous
preemptive [22], whereas it is assumed in our scheduling Grid environment [3]. Unfortunately, all these scheduling
model that real-time tasks are non-preemptive. Moreover, algorithms assumed that tasks are non-real-time. Non-real-
the algorithm proposed by Palis [22] as well as many other time scheduling algorithms are unable to schedule real-time
algorithms presented in [21,36] were designed for indepen- jobs efficiently, simply because they are not designed to
dentreal-time tasks. In contrast, our proposed algorithm, like meet the predictability requirement of real-time jobs.
those described in [15,24,27,29], can schedule tasks with Some work has been done to combine real-time com-
precedence constraints, which are represented by directeguting with heterogeneous systems [10,29,31,38]. Tracy et
acyclic graphs (DAG). We recently extended non-real-time al. addressed a real-time scheduling issue in heterogeneous
DAGs into real-time DAGs to study real-time scheduling systems [38]. Huh et al. proposed a solution for dynamic
of tasks with precedence constraints [24]. However, theseresource management problems in real-time heterogeneous
algorithms, while considering precedence constraints, be-systems [10]. Ranaweera and Agrawal developed a scal-
long to the static category, limiting their applications to of- able scheduling scheme on heterogeneous systems to reduce
fline scheduling only. Furthermore, most of these real-time the number of pipeline stages and the pipeline period of
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Local Queue programmers, are submitted to the global scheduler by a
Schedule pispatch (- Q 0 special user command. #chedule queu¢SQ for arriving
Queue (SQ Queue (DQ) ! jobs is maintained by the scheduler, which schedules real-
Parallel real-time Global time tasks of each job in SQ and places an accepted job in a
b — | P . : )
Jobs | scheduer=_] . O ’ dispatch queuéDQ) from which tasks of each accepted job

. are transmitted to designated machines, also callecess-
] O P ing elementgPE9, for execution. The scheduler executes
in parallel with PEs, each of which maintainsogal queue
(LQ) to which real-time tasks are transmitted from DQ. A
parallel job is considered acceptable if all tasks in this job
time- critical applicationg29]. Santos et al. introduced a can be completed before their deadlines; otherwise, the job

new real-time scheduling concept based on the hybrid de-iS rejected by the scheduler.
terministic/probabilistic analysis [31]. Although the above  In @ distributed scheduling scheme, an alternative ap-
algorithms took both the real-time and heterogeneous issueg?roach to dynamic scheduling, jobs arrive independently
into consideration, these algorithms did not consider relia- at each local scheduler, which produces schedules in par-
bility. We have proposed a real-time scheduling in hetero- allel with other schedulers. Compared with the distributed
geneous systems, which can minimize the reliability cost of Scheme, the centralized scheduling model has two attractive
the systems [24]. While the scheduling algorithms devel- features. First, it is straightforward to provide the central-
oped in [24] were static in nature, algorithms studied in this ized scheduler with fault-tolerance, using a backup sched-
paper, on the other hand, are dynamic. uler that concurrently executes with the primary scheduler.
To the best of our knowledge, scheduling and dispatching The backup scheduler independently determines whether or
times are ignored by most dynamic non-real-time and real- Not the timing constraints of given jobs can be satisfied and
time scheduling algorithms. To make real-time scheduling Stores the tasks of accepted jobs into the backup scheduler's
results more precise, scheduling and dispatching times havePQ- Tasks in the backup scheduler's DQ will not be trans-
to be incorporated in dynamic scheduling algorithms. There- Mitted to the processing elements until a failure of the pri-
fore, our study takes a closer look at the impact of schedul- Mary scheduler is detected. Second, implementation of a
ing and dispatching times on scheduling performance (Seecentralized scheduling model is simpler and easier than that
Sections 5.4 and 5.5). of a distributed scheduling model. If schedulers in the dis-
In this paper, we only focus on dynamic scheduling for tributed model are dedicated to scheduling, the computing
real-time systems. For this reason, we have not discussed?ower tends to be underutilized, especially when the sched-
a diversity of scheduling strategies developed for non-real- ulers are idle. On the other hand, if the schedulers are able
time applications. However, Kwok and Ahmad provided !0 Serve as processing elements when they have no job to
classifications and detailed descriptions of various static Schedule, it is difficult (if it is not impossible) to predict
scheduling approaches [16], and many other schedulingWhen the schedulers will be idle in a dynamic cluster envi-

schemes have been introduced for parallel computing sys-fonment. Therefore, the centralized scheduler is employed
tems [9]. in our scheduler model. Nevertheless, and importantly, our

proposed scheduling approach can also be implemented in
a distributed scheduling scheme.
A parallel real-time job is modeled by a directed acyclic

In this section we describe a general system model for graph (D?G) Jt =f {V’If_}’ V\f[he[(e Vﬂ;b{vl, vz,t. R v”z ;
parallel applications running on a heterogeneous cluster. We'€Presents a set of real-ime tasks, presents a seto

then present a reliability model that captures the typical re- wgghted ;ndd d|rtected edges ant”long r(.et;al-(;lrpe taﬁjki
liability characteristics of a cluster. Reliability cost in the (Wi, vj) € enotes a message transmitted from (s

reliability model is an important performance metric used Y’ andleij| is the volume of data transmitted between these

throughout the rest of this study. This section ends by for- tai@r'] ; luster i deled b ot —
mulating scheduling and dispatching times that are consid- elerogeneous cluster 1S modeled by a N

ered important for performance of real-time applications in (PL: P2: ---- Pm} Of machines, where; is a machine with
dynamic cluster-computing environments. local memory. Machines in the heterogeneous cluster are

connected with one other by a high-speed network. A
machine communicates with other machines through mes-
sage passing, and the communication time between two
Fig. 1 depicts the scheduler model in a heterogeneoustasks assigned to the same machine is assumed to be zero

cluster environment. This model is similar to the one de- [26,27,37].

scribed in [13,14,19,35], whereghobal scheduleworks in One challenging issue in improving performance of clus-
concert with a Resource Manager. It is assumed that all par-ters lies in their heterogeneity. There are two essential rea-
allel jobs, along with information provided by application sons that a homogeneous cluster will eventually become a

Fig. 1. The scheduler on model for dynamic scheduling of parallel
real-time jobs in a heterogeneous cluster.

3. System and reliability models

3.1. System model
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heterogeneous cluster. First, most of machines in a cluster Before estimating reliability cost of links connecting
are commercially off-the-shelf products, which are likely to among machines, we introduce a gef,, containing all
become outdated. Before predecessors become unusable, renessages transmitted fromy to p,. Formally, Ey, is
cently purchased machines will be added into the cluster. defined as
As a result, a heterogeneous cluster may consist of differ-
ent types of machines with a broad range of both comput-
ing power and failure rate. Second, heterogeneous machines
tend to be connected with each other by different types of
high-speed networks, since a cluster will consist of outdated
network from previous installation and new network that
may have better communication performance. Let 1, be the failure rate of the link between and py.
The computational heterogeneity a job is expressed as ~ The reliability cost of a messagg € Exy, is a product ofy,,
afunction,C : V x P — R, which represents the execution andwy|eij|. Thereforeg;’s reliability cost can be calculated
time of each task on each available machine in a hetero-aS: — Xk X jpwisleij| = — iy wiplej|. Based on the def-
geneous clustdil1,26,34], where;; denotes the execution initioq of one message’s reliability cost, the reliability cost
time of taskv; on machinep,. Likewise, thecommunica- ~ Of @ link betweenp, and p, denoted aRCy, (M., X, J),
tional heterogeneitgf the job can be expressed by a function can be computed as a cumulative reliability cost of all mes-
[11,26,34],COM : E x P x P — R, in which the com- sages assigned to this link. More precis&®¥,;, (M, X, J)
munication time for transferring a message from tasku; is obtained by the following equation, whefgis anm x m
on machinep; to taskv, on machinep; is determined by ~ Matrix of failure rates for links.
wi’;-‘|es,| [6,26], wherewjj, the weight on the edge between n n
pi and p;, represents the time for transmitting a message RC;,(M, X, J) = Z Z [— ik X jo (wrplei D1 (2)
of unit length between the two machines. Thug, can be im1 =1 j#i
viewed as a measure obmmunicational heterogeneity

Ep ={(vi, vplej > 0Axjp =1 Axjp =1},
Vi<k, b<m:k #b.

RCLNk (M, X, J), the reliability cost of links in the sys-
tem, can be derived from EqR). Thus,RC ink (M, X, J)
equals to the summation over all link’s reliability cost, and
therefore we have,

3.2. Reliability model

The reliability model, which is similar as the one de-
fined in [24,26,34], assumes that permanent failures occur

m m
according to @Poissonprobability distribution and failures RCunk (M, X, J) = Z Z Ripy(M, X, J). (3)
are mutually independent. Lét be anm x n binary matrix k=1 b=1bsk
corresponding to a schedule, in whightasks of a job are _ - _
assigned tan processors. Elementj equals 1 if and only We are now in a position to determinC (A, M, X, J),
if v; has been assigned fg; otherwisexjj = 0. the heterogeneous cluster’s reliability cost that is a summa-

A machine might fail during an idle time, but it is tion of the reliability cost of machines and links. Hence, we
assumed that machines’ failures during an idle time in- obtainRC(A, M, X, J) from Egs. () and (3) as
terval are not considered in our reliability model. The
reason for this assumption is two-fold [24,34]. First, in- RC(A, M, X,J)=RCpN(A, X, J)
steqd of. affecting the sysFem reliability, fallure§ dqrmg +RCUNK (M, X, J). (4)
an idle time merely make impact upon completion times
of tasks. Second, a machine’s failure during an idle pe-
riod can be fixed by replacing the failed machine with a
spare unit, meaning that such failures are not critical for
reliability analysis.

Given a cluster with the reliability cost &C (A, M, X, J),
the reliability is given by Eq. (5):

The reliability cost of a tasky; on p; is a product Reliability(A, M, X, J)
of p;’'s failure rate A; and v;’s execution time onp;. =exp(—RC(A, M, X, J))
Thus, the reliability cost of a machine is the summation — exp(—RCen(A, X, J))
over reliability costs of all tasks assigned to that machine o

. . . XP(—R M, X .

based on a given schedule. Given a vector of failure rates eXp(—RCunk (M, X, J) ®)
A = (A1, A2,..., An), & specific schedul&, and a job
J, the reliability cost of the machines of the cluster is ) ) o
defined as Therefore, scheduling a task with larger execution time to

a more reliable machine is a good approach to increase the
mon system’s overall reliability. For the convenience of reference
RCpN(A. X, J) =Y > (=Ajxijcij). 1) in the rest of the paper, we summarize the notation of the
j=1i=1 system and reliability models in Table
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Table 1

defined as
Model parameters
Parameter Explanation task N _ ,SQ
cij execution time of task; on machinep; finterval(Vi) = td9|ay(']k) + Ischeduld /i)
ejj a message transmitted from taskto v; -HDQ Vi) + fi ;i 6
wij time for transmitting a message of unit length between delay( i) F dispatctvi), ()
machinep; and p;
i failure rate of maching; wherev; € V(Jp),
Hij failure rate of a link betweem; and p;
xjj xjj = 1if and only if taskv; has been assigned to machine DQ \_ ) . SQ
pj; otherwisexjj = 0 “delay( Vi) Z faispatct(vj) - AN gelay(Jk)
RC reliability cost of a heterogeneous cluster veDQ
RCpN reliability cost of machines in a cluster — ¢ 7
RCLINK reliability cost of communication links in a cluster JXS:Q scheduld /)
j€
. SQ
0 if tdelay(‘]kfl)
) ) o +ischeduld Jk—1)
3.3. Scheduling and dispatching times gtijr?tzrval(‘lk) with
| g . hedul . ¢t tak hed = probability p* (Ji),
n a aynamic scneduling environment, It takes a scnhea- SQ . . o
: . . : 3 Ji— otherwise with probabilit
uler a certain amount of time to schedule a parallel job. This delay( /1) 7 1— p5(J P Y
time can be significant if the number of tasks in the job is +t?ggedu'é k1) — P U
large. To the best of our knowledge, most dynamic real-time ~linterval( /)

scheduling algorithms either assumes zero scheduling time

or do not take scheduling time into account. In real clusters, Let p*(J;) denote the probability that there is no task cur-
a dynamic real-time scheduling algorithm that does not con- rently queued in the scheduling queue. Thus, the probability
sider scheduling time may not be predictable. Therefore in of t(fél?ay(]k) being equal to 0 ig*(Ji). For simplicity, we
this study we will incorporate scheduling time into the pro- assume that the event representecpbgy) is independent
posed scheme. To further improve the predictability of real- of other submitted jobs. However, our approach to calcu-
time scheduling, we also take the so-called dispatch time— lating ’dsgay(Jk) does not depend on this assumption. The

the time 't. takes a scheduler to send re?‘"t'me tasks OT anprobabilitypx(]k) can be obtained either from experimental
accepted job from the DQ to the processing elements—into data or through profiling

consideration. : : :

Assume thatv; is a real-time task in jobJy, thus, i Oirir;ntgii%?;ﬁ]sgﬁ;fg’ the following recursive expres-
vi € V(Ji). Let tgispacc{vi) and tschedulé /i) denote the -
time overhead of dispatching task from the scheduler s R s
to the processing element and the scheduling time for job tde('gayu") =d-r (Jk))(tdé'gay({k‘l)

Ji, respectively. It is assumed that the underlying network +Ischeduld Jk—1) — fijr?tzrvm(-]k))- (7)
that connects the scheduler with the processing elements
affords real-time communicationd?2], which is able to

guarantee a given task to be dispatched within time inter- Applying the above equation recursively- 1 times, we
val faispatci{Vi)- t(?e?ay(vi) denotes the queuing delay in DQ obtain

experienced by task;, andzdsgay(Ji) represents the queu- Kk

ing delay in SQ experienced by jab. Let /%2 _(J;) be tiﬁ?ay(Jk) =Y JTt@ = p* () (tschedud J;-1)

the inter-arrival interval between two consecutive jops; j=1i=j

and Jy. t}&%‘ﬁval(vi) denotes the time interval betwedp's _tiir?tzrval( I} 8)

arrival at the scheduler ang’s arrival at its target process-

ing element. The reason why the derivationtm'ﬁval(v,-)

is important and indispensable in a practical heterogeneous For future reference, we sumarize the notation for
cluster is that a tasl; cannot start executing on a machine scheduling and dispatching times in TaBle

p; until v; arrives atp;. Thus, the earliest start time of

on any processing machine, determined in expression (10) _ .

to be presented shortly, is less than or equaf3 . (v:). 4. Scheduling algorithms

The time intervalti‘r?tsé'ﬁval(v,-) consists of four time inter-

vals, namely, queuing delay experienced in SQ, scheduling
overhead incurred in job/;, delay time experienced in To facilitate the presentation of the proposed algorithm,

DQ and the dispatch time. Therefor.""tse'ﬁval(vi) can be it is necessary to introduce some additional definitions

4.1. Definitions and assumptions
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Table 2
Notation of scheduling and dispatching times

Notation

Ischeduld /i)
IdispatcH Vi)

Explanation

scheduling time for joh/;

time overhead of dispatching task from the scheduler to
its processing element

queuing delay in Dispatch Queu@xperienced by tasl;

DQ
l%%ay(vi)
tdetljay(Ji)
jol
finterval( k)

queuing delay in &chedule Queuexperienced by joly;
inter-arrival interval between two consecutive jolig 1
and J;

time interval between/,’s arrival at the scheduler ang’s
arrival at its processing element

task

finterval(Vi)

mst(e)

Note:e = (vj, v), mste, 1) = oo, Mmst(eg) = 0, |eg] = 0, andMQ; = {eq, e, ..
containing all messages scheduled to the link.

X. Qin, H. Jiang / J. Parallel Distrib. Comput. 65 (2005) 885—900

message represents the only precedence constraint. Thus,
we have:

eat/ (v;) = MAX {eat (v;, €)}, (11)
eeD(v;)

whereeat’ (v;, ¢) can be obtained from the earliest start time

of message’, mst(e), which depends on how the message

is routed and scheduled on the links. Thus, a message is

allocated to a link if the link has an idle time slot that is

later than the sender’s finish time and is large enough to

accommodate the message. Before presenting the expression

to calculateeat/ (v;, ¢), we outline below the algorithm to

determinemste).

., ¢} is the message queue

. for (¢ =0tor+ 1) do/* Check the idle time slot$/
if mstir(eg+1) — MAX{mSstey) 4+ wi |e,l, ft(vj)} > wi le| then /* If the idle time slots*/

1
2
3. return mstle,) + w legl, ft(v;);
4. end for

5

/* can accommodate v, return the valije

return oo; /+ No such idle time slots is founayst is set to bexo*/

and assumptions. Ledt(v;), ft(v;) anddt(v;) be the start
time, finish time, and deadline of task, respectively. Our
scheduling algorithms are devised to determins start
time, which is subject to constrainti(v;) = st(v;) +
andft(v;) <dt(v;), wherev; is allocated top;.

Letest (v,) bev,’s earliest start time op; . est (v,) must
satisfy the following three conditions:

(4.1a) It is later than the time when all messages figis
predecessors arrive af,

(4.1b) It is later than the delay tim@k (), and

(4.1c) Machinep; has an idle time slot sufficient to accom-
modatev; .

Before est (v,) is computed, it is assumed that,
without loss of generality, task®ji, v, ..., vy, have
been allocated tg;. The idle time slots ornp; are [0,
st(v;0)], [ft(via), stv;2)], .. ., [ft(vig—1)), Stig)], [ft(vig),

oo], and all idle time slots are scanned from left to right.

Consequently, the first idle time slfft(v;x), St(vir+1)] that
satisfies the following inequality is chosen:

St(viet1)) — MAX{eat (v;), fit,‘?tsélﬁvm(vi), ft(vir)} = cij).

9)
Thus, the earliest start time is determined as follows:

est (v;) = MAX{eat' (v;), 12X _(v)), ft(vir)}),  (10)
whereeat/ (v;) is the earliest available time when all mes-
sages sent from;’s predecessors arrive @f. The earliest
available timeeat/ (v;) is computed as follows. Recall that
D(v;) is a set of messages from’s predecessors to;,
eat/ (v;, ¢) denotes the earliest available time of taskif

As mentioned earliereat/ (v;, ¢), can be derived from
mste). More preciselygat/ (v;, ¢), given in expression (11),
is equal to the finish time of messagéf v; and its prede-
cessor that generatesare allocated to different machines,
otherwiseeat/ (v;, e) is fixed to be the finish time of its pre-
decessor.

eat/ (v;, ¢)
mstle) + le| x wy;, if j#£s,
= wherexjj = 1 andx, =1
ft(vr) otherwise

(12)

4.2. Non-reliability-cost-driven scheduling algorithms

In this section we present two variations of the list-

scheduling family of algorithms, DASAP (schedules
Soon As Possible) and DALAP (schedulels Late As

Possible), in which system reliability is not consid-

ered. The DASAP algorithm is an extended version of
ASAP, a well-known static scheduling algorithm presented
in [23,39].

The DASAP algorithm, shown formally below, picks a

job J at the head 08Q if it is not empty, to schedule. The
real-time tasks in/ are sorted in the increasing order of
their deadlines. Thus, the task with the earliest deadline is
scheduled first. For each task the algorithm computes its
earliest start timest' (v;) on eachp;, then the machine on
whichv; has the earliest start time is chosen. If the deadline
is not guaranteed, all scheduled tasks that belong twe
rejected and deleted frol@Q, otherwisev; is moved to
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the dispatch queue. Only when all the taskgihave been

891

v; in J on each machine in the cluster, then selects

moved into the dispatch queue, can these tasks be dispatchethe machine on whichy; has the latestst/ (v;). v; is

to designated machines in the heterogeneous cluster.

The DASAP algorithm:

1. Get a jobJ from the head of the schedule ques@
2. Sort tasks i/ by their deadlines in increasing order;
3. for each tasky; in J do

4, est < 00,

5 for eachp; in P do

6 if (est (v;) < est) then

est < esti(vi);xij <~ 1;x;x < Owhere
k # J;
7. end for
8. if est + ¢jj <dt(v;), wherexj = 1 then
9. St(v;) < est; ft(v;) < est + cjj;

10. Movev; into the dispatch queuQ;

11. elseRejecty; and deleted the scheduled tasks in
J from the dispatch queugQ;

12. Update information of each message;

13.end for

14. Goto 1. to schedule the next job;

The algorithm outlined below is a DALAP. In this algo-

rithm, tasks start as late as possible, subject to the constraint
that deadlines of all real-time tasks in a job are guaranteed. 15.

Let/st/ (v,) be the latest start time of task on p;. Ist/ (v,)

moved into DQ, if such proper machine is available.
Otherwise, jobJ is not schedulable, and all scheduled
tasks belonging ta/ are deleted fromDQ. DALAP is
shown below.

The DALAP algorithm:
1. Get ajobJs from the head of the schedule queb@
2. Sort tasks i/ by their deadlines in increasing order;
3. for each tasky; in job J do
Ist < 0; schedulable— no;
for each maching; in P do
if st/ (v;) is availablethen

schedulable« yes;

if Ist/ (v;) > Ist then

Ist < Ist! (v); xj < Lixjp <0

wherek # j;

9. end if
10. end for
11.if (schedule = yes) then

© N oA

12. st(v;) < est; ft(v;) < est + cjj, wherexj = 1,
13. Movev; into the dispatch queuBQ;
14. elseRejectv; and deleted the scheduled

tasks inJ from the dispatch queuBQ;
Update information of each message;
16.end for

is subject to four conditions, of which three are identical to 17. Goto 1. to schedule the next job;

conditions 4.1a—4.1c presented in Secdah and the fourth
condition is described below. (4.2a) Task has to be fin-
ished before deadlingt(v,).

Again, before calculatingsz/ (v,), we assume that, with-
out loss of generality, tasks;y, vio, ..., vi; have been
allocated to maching;. The idle time slots on maching
are [0, st(v;1)], [ft(v;1), st(v;2)], ..., [ft(viy), 00). To find

4.3. A dynamic reliability-cost-driven scheduling algorithm

To improve the performance of the above algorithms, we
make use of the following necessary condition to identify

the latest idle time slot that satisfies above four conditions, J0bs that are not feasible for any scheduling algorithm.

we scan idle time slots from right to left to select the first
idle time slot[ft(vix), St(vix+1)] that satisfies the following
inequality:

MIN {st(vix+1), dt(v;)}
—MAX{eat (v;), 23K . (v;), ft(vin)} = ¢/ (vy).
(13)

Hence, the latest start time is computed as below:

Ist! (v;) = MAX{eat/ (v), 18K _d(v)), ft(win)}.  (14)

interval

The DALAP algorithm is a modified version of the
ALAP algorithm (As Late As Possible), a static schedul-
ing algorithm described by Marwed§20]. Since ALAP

Necessary Conditiof: Letv; be a task of job/ running
on a cluster withn machines, then the deadline @f must
be greater than or equal to the minimum execution time of
v;. This argument is formalized in the following expression.
If job J has a feasible schedule, then:

Yu; € J :dt(v;) >MINT {cjj}.

Due to the fact that DASAP and DALAP do not take
reliability cost into account, we design in what follows a
dynamic reliability-cost-driven (DRCD) scheduling algo-
rithm. The DRCD algorithm improves the reliability of
the system with no extra hardware cost, by incorporat-
ing reliability cost into task scheduling and reducing the

belongs to the static scheduling category, its applica- overall reliability cost. The main objective of DRCD is

tions are limited to offline scheduling only. However,
DALAP is an online scheduling algorithm in the sense

to minimize the system reliability cost, thereby increasing
the reliability that is inversely proportional to the reli-

that can dynamically schedule tasks with precedence ability cost. Each real- time task is allocated in such a

constraints. The DALAP picks a jol at the head of
SQ, if it is not empty, computessz/ (v;) of each task

way that results in a minimal reliability cost. DRCD is
described below.



892 X. Qin, H. Jiang / J. Parallel Distrib. Comput. 65 (2005) 885—900

The DRCD algorithm:

1. Getajobs from the head of the schedule ques@

2. If the job is not feasible for any scheduling algorithms (basetiecessary Condition } then
3. Goto 1. to schedule the next job;

4. Sort tasks in/ by their deadlines in increasing order;

5. for each tasky; in job J do

6 st < o0; find < no; rec < oo; /*Initialization™ /

7 for each maching; in P do

8 est < est (v;); /* Calculate the earliest start time afon p; * /

© ¢

if est + cjj <dt(v;) then /+ Check whether the deadline of can be guaranteeg/
10. find < yes;
11. xi/k < Xjk, Where I<k<m; xjj < 1; x; < 0 wherek # j, /+ Backup the previous scheduig
m m
12. FCpPN < ;LjC'ij; FCLINK < . >y {(—tapXjaxiv(Wapeji)}; [* Calculate the reliability cost/
veD(v;) a=1 b=1
13. if (repn+ reunk < re) or (repy + reuink = re and est < st) then
14. st < est; rc < repy + reunk ; /* Update the schedule, minimizing the reliability cegt
15. elsex;, < xi/k, where 1<k <m; /* Rollback to the previous scheduig
16. end if
17.  end for
18. if (find = yes) then
19. st(v;) < est; ft(v;) < est + cjj;
20. Movev; into the dispatch queuBQ;
21. elseRejectv; and deleted the scheduled tasks/ifrom the dispatch queuQ;
22. Update information of each message;
23. end for

24. Goto 1. to schedule the next job;

The time complexity of DRCD is given in Theoreinas

follows: of the performance impact of dispatching times is presented

in Section5.5. In Section 5.6, we show how cluster sizes
affect the performance of DRCD. The effect of execution
time on reliability cost is illustrated in Section 5.7. Section
5.8 reports experimental results that show impacts of com-
putational heterogeneity on the guarantee ratio. Finally, to
validate the results generated from synthesized benchmarks,
to study the scalability and effectiveness of DRCD on real-
world applications, we applied DRCD to a benchmark repre-
senting digital signal processing (DSP) applications in Sec-
tion 5.9.

Theorem 1. Letn be the number of taske: be the number
of machines in a heterogeneous clusterdu be the number
of messages in a jobirhe time complexity of the DRCD
algorithm isO(m x n? x u).

Proof. It takes DRCD Qlog(n)) time to sort the real-time
tasks according to their deadlines. It takgs ime to com-
pute theeat thus, the time complexity for calculatirestis
O(n x u). Since there are: machines in the heterogeneous
cluster andr real-time tasks in the job, thier loop takes
O(m x n)O(n x u). Therefore, time complexity of this al-

gorithm is Qum x n? x u). O 5.1. The experimental platform

In our simulation experiments, it is assumed that jobs ar-
5. Performance evaluation rive at the heterogeneous cluster according to a Poisson Pro-
cess [3,35]. In addition to a real-world real-time application,
To evaluate performance of the proposed scheduling ap-DSP [40], chosen as our benchmark for the experimental
proach, we present in this section several sets of experimen-study, we also conducted simulation studies on three dif-
tal results obtained from extensive simulations. In Section ferent types of real-time task graphs that are representative
5.1, we describe the simulator, the workload parameters, andof many real-life parallel applications, namely, binary trees
the performance metrics of interest. Performance compar-[26,34], lattices [26,34] and random graphs [1,2,8]. Work-
isons between our reliability-driven algorithm (DRCD) and load parameters are chosen in such a way that they are ei-
two existing scheduling algorithms (DASAP and DALAP) ther based on those used in the literature (see, for example,
are provided in Section 5.2. Section 5.3 presents results[1,2,8,19,29,34]) or represent reasonably realistic workload
showing how job arrival rates affect guarantee ratios. Sec- and provide some stress tests for our algorithm. For each
tion 5.4 presents simulation results illustrating the impact of point in the performance curves, the number of jobs arriving
scheduling times on guarantee ratio performance. A studyin the heterogeneous cluster is 20,000. The parameters used
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Table 3
Parameters for simulation experiments

b. Comput. 65 (2005) 885—900 893

Parameter Explanation Value (Fixed) (Varied)

FRpN Failure rate of machines —(0.95,0.96,...,1.05 x 10— 6/h

FRLINK Failure rate of links Chosen uniformly from the rang® % 10-° to 125 x 1078 /h
MIN_E Minimum execution time (5)-(15, 25,355)

MAX_E Maximum execution time (200)—(100, 120, 140, 160, 180, 200) (170,180,1905s)

J Range for generating deadlines ([2, 10])—([1, 100), [1, 300],..., [1,11005s])

MIN_W, MAX_W Communication weights (0.5,1.5)-

MIN_V, MAX_V Communication volumes (1,10)-

M Number of machines in clusters
N Number of tasks in a job
I Job arrival rate

MIN_D, MAX_D Minimum and maximum dispatch

(8)-(10,15,20,...,40)

(30,50, 70) for Btree, (9, 25, 36, 49) for Lattice
—(5, 10, 15, 20, 25) x 1074 No./s

(1,10)—(5,10, 15,20, 255s)

Table 4
Scheduling time as a product of = 8, n2 and u

10 30 50 70 90
Btree 0.07 2.09 9.80 27.05 57.67
Random 0.04 1.08 5 13.72 29.16
N 9 25 49 64 81
Lattice 0.08 2.00 16.14 36.70 75.59

in the simulation studies are given in Talde The hetero-

(5) Communication weight(wij) is chosen uniformly
betweenMIN_W and MAX_W. The scale of this
range approximates the level of communicational
heterogeneity.

(6) Communication volume between two real-time tasks is
uniformly selected18] betweerMIN_V andMAX_V.
This range reflects the variance in message size.

The performance measures in our simulation study are

reliability cost (RC) that is defined in expression (4) and
guarantee ratio (GR) defined as follows [19,26].

geneous cluster for the simulation experiments is described

as follows:

(1) The number of machines reflects the system size of a
cluster[4,18]. Its default value is 8.

(2) The Failure rate for each machine is uniformly dis-
tributed[8] in the range from M5 x 10-6/h to 105 x
10-6/h [26,34].

(3) The link failure rates are uniformly distributed in the
range from 075 x 10~/ to 1.25 x 10~7/h [34].

The computation and communication workloads for the
simulation are generated as follows:

(1) For each real-time task, the worst-case computation
time in the execution time vector is randomly chosen,
uniformly distributed betweeMIN_E and MAX_E
[18,19]. The scale of this range approximates the level
of computational heterogeneity.

Givenv; € V(J), if v; is on p; andv; is on py, thenv;’s
deadline is chosen as followst(v;) = maxdt(v;)} +

1+ lejil x wi + maxXcik} + 6, whereej; € E(J),

k € [1, m], andé is randomly computed according to a
uniform distribution.

The dispatch time of each task is chosen uniformly be-
tween MIN_D and MAX_D. This range reflects the
variance in job’s size and parallelism.

Since the time complexity of the scheduling algorithm
is O(m x n® x u), given in Theoreml, we model the
scheduling time of a job as a function af, n, andu,
namely, 10° x (m x n? x u). For random graphs, we
assume that = n/2. The scheduling time is given in
Table 4.

)

®3)

(4)

_ Total number of jobs guaranteed to meet their deadlines
B Total number of jobs arrived

x100% (15)

While reliability cost gives a measure of system reliabil-
ity as a result of a particular schedule, guarantee ratio in-
dicates how many of the arriving jobs can be scheduled,
thus measuring the effectiveness and power of a scheduling
algorithm.

5.2. Reliability cost

To validate the DRCD algorithm and compare its perfor-
mance against two existing approaches, we have tested the
reliability cost performance of DRCD, DASAP, and DALAP.
The benchmark task graphs used for the evaluation include
random graphs, binary trees, and lattices. We have chosen
this collection of task graphs as a set of benchmarks because
they are representative of various applications modeled as
directed acyclic graphs. In Fig8.and 3 we plot reliability
cost with increasing job size and job arrival rate. Since re-
sults for lattices and random graphs have similar patterns as
those for binary trees, we only show results of binary trees
in Fig. 2.

Fig. 2 shows that compared with the existing scheduling
approaches, DRCD reduces the reliability cost of DASAP
and DALAP by up to 71.4% and 66.8% (with average of
63.7% and 61.3%), respectively. The advantage of DRCD
over DASAP and DALAP becomes more pronounced as
the job size increases. This is expected because DASAP
and DALAP do not consider reliability cost as one of their
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Fig. 3. Impact of job arrival rate on reliability cost, binary tree, lattice,

and random graphs are used. . .
benchmarks. First we present performance comparison of

) o ) the DRCD, DASAP, and DALAP algorithms on a heteroge-
scheduling objectives. DRCD, however, tends to assign tasksneous cluster. Second, we illustrate the impact of workload

to machines on which their reliability cost are minimum.  anq job size on guarantee ratios.

arrival rate seems to have no impact on reliability cost perfor- graphs are used as benchmarks. Results for binary trees and
mance. Since DRCD, DASAP and DALAP share the same |attices are omitted because they are expected to be similar to

task graphs. The results shown in Fgyindicate that the  10-3 {0 7x 10-3No./s in increments of % 10-3 No./s. Fig.

reliability cost performance depends on job size rather than 4 shows that the guarantee ratio of DRCD is slightly higher
job arrival rate. This can be attributed to the fact that the than that of the DALAP algorithm, and DRCD significantly
scheduling algorithms employ an admission control strategy, outperforms DASAP in terms of guarantee ratio. This is

than those of DASAP and DALAP. In general, this result
5.3. Guarantee ratio can be attributed to the fact that, in an effort to minimize
reliability cost, the DRCD approach constantly strives to
In this section we present some experimental results shorten execution times of each task in a job.
with respect to guarantee ratios. We present two different  Fig. 5 shows the results of the second experiment on two
groups of experimental results based on a set of synthetictypes of benchmark task graphs: binary trees and lattices.
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the predictions on which scheduling is based cannot be ac-
curate, thus lowering GR. This impact is more pronounced
Fig. 6. Impact of scheduling time on guarantee ratio, arrival rate is as job arrival rate increases. The result also suggests that,
2x 1073 NoJs. under the same workload, shortening the scheduling time
can improve guarantee ratios, thus allowing more jobs to be
For each curve in Figh, the number of tasks in each job is completed before their given deadlines. Ahmad and Kwok
fixed, whereas the job arrival rate is changed fromB)~* have developed a parallel algorithm (referred to as PBSA)
to 25x 10~4No./s. Figs. 4 and 5 show the drop in guarantee that could perform scheduling using multiple proces§dks
ratio with increasing values of job arrival rate. Additionally, Therefore, it is highly desirable to apply the parallel tech-
Fig. 5 illustrates that guarantee ratio decreases as the numberiique reported in [2] to our algorithm, thereby shortening

of tasks increases. This is because increasing job arrivalscheduling time to ultimately enhance the performance of
rate and size results in increased scheduling and dispatchinghe heterogeneous cluster.

times, which in turn give rise to lowered guarantee ratios. Fig. 7 compares the guarantee ratios of the three heuristics
when the scheduling time is varied in this experiment. We
5.4. Scheduling time find that DRCD can outperform the other alternatives in

terms of guarantee ratio, and this finding is consistent with
To study the impact of scheduling time on guarantee ra- the results shown in Fig. 4. We also observe from Fig. 7 that
tios, we present in this section two sets of experimental re- the guarantee ratios of the DASAP and DALAP algorithms
sults. First, we illustrate the results for the DRCD algorithm are more sensitive to changes in the scheduling time than
in Fig. 6. Second, we compare DRCD against DASAP and DRCD. The result reveals that the improvement in guarantee
DALAP with respect to the impact of the scheduling time on  ratio offered by DRCD becomes more pronounced when the
their guarantee ratios (See Fig. 7). Although the scheduling Scheduling time is relatively large.
time of each job can be estimated as a functiomp#, and
u (see Section 5.1 item 4), the scheduling time in this exper- 5.5. Dispatching time
iment varies from 10 to 90. This simplification deflates any
correlations between scheduling times and other workload Fig. 8 shows the impact of dispatching time of the DRCD
parameters, but the goal of this simulation is to examine the algorithm on guarantee ratio for different valuesioAgain,
impact of the scheduling time on system performance by the job arrival rate is fixed at  10~3No./s. Dispatching
controlling the scheduling time as a parameter. time is increased from 5 to 25 with increments of 5s. Job
Both binary tree-, lattice- and random graph-based jobs size is set to 50 and 70 for binary trees, 25 for lattices, and
are considered. For each curve in Fig. 6, the job size is fixed 20 for random graphs, respectively. Fig. 8 clearly shows that
and the job arrival rate is set to bex210-3No./s. Fig. 6 decreasing dispatching time can significantly improve guar-
shows guarantee ratio as a function of scheduling time. It antee ratios of the heterogeneous cluster. This result strongly
reveals that the scheduling time makes significant impact suggests that using a high-speed network to speed up the
on the performance of a dynamically scheduled real-time dispatching of scheduled tasks can substantially enhance the
heterogeneous cluster. Without considering scheduling time,system performance.
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5.6. Heterogeneous cluster size ing a real-time task. It is also observed from Fif) that
when the cluster size is more than 30 the improvement in
To study the impact of the heterogeneous cluster gize reliability cost starts to diminish. This is because a higher
(number of nodes) on the performance of DRCD, we fixed value ofm can result in a longer scheduling time (see Fig.
the job arrival rate at 18 10-*No./s and increases from 9), especially when the value afis also high. This result
10 up to 140. Fig9 shows scheduling time as a function suggests that under the workload in this experiment, it may
of the heterogeneous cluster size, indicating a noticeablenot be cost-effective for the system to grow beyond 30 ma-
impact of both the heterogeneous cluster giz¢ and job chines. An optimal value of: for a particular workload may
size(n) on scheduling time. When the job size is small, the be determined by experiments.
impact ofm on scheduling time is not very significant. But The impact of cluster size on guarantee ratio is shown in
this impact becomes increasingly noticeable as the job sizeFig. 11, where the guarantee ratio is plotted as a function of
increases. This is because scheduling time is the product ofthe number of nodes. The results indicate that the impact of
m,n andu (Theorem 1). the cluster size on guarantee ratios is mixed. On the negative
Fig. 10 illustrates the impact of the heterogeneous clus- side, a higher value af can lead to alonger scheduling time,
ter size on the reliability cost. It shows that under the same as illustrated in Fig. 9. On the positive side, increasing the
workload, the performance with respect to reliability cost number of machines enhances the computational capability
improves as the heterogeneous cluster size increases. Thef the system, which may in turn guarantee more jobs to be
main reason behind this is that for a large heterogeneouscompleted before their deadlines. The final result depends
cluster, the DRCD algorithm has more choices for schedul- on which side makes more significant impact.
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As shown in Fig.11, three curves illustrate the positive

side, and two other curves depict the negative side. We ob- o
serve that whem (job size) is comparatively low, the net g i
effect is positive (see the three curves in Fig. 11 witk- %
25, 30); whereas, the negative effect emerges bscomes o 90l
relatively high (see two curves in Fig. 10, with= 49 and %
70). This suggests that the number of machines is a criti- 3 A— 35, 170]
. . . . > ——
cal parameter for scheduling parallel real-time jobs, which O o | Eg 128}
must be determined carefully based on experiments. o— [5, 200]
5.7. Execution time 80 i i i i i
2 4 6 8 10 12
Fig. 12 shows the impact of execution time on reliability Arrival rate (10*No./Sec.)

cost. We only cons_lde_zr the DRC_D algorithm, since DASAP Fig. 14. Impact of computational heterogeneity on guarantee ratios, task
and DALAP have similar properties and are less relevant. In graphs are btrees.

this experiment, the job arrival rate is set at100~* No. /s,

and MAX_E is varied from 100 to 200 s, with increments

of 20 s. For each value ®flAX_E, we ran the DRDC algo-  5.8. Computational heterogeneity

rithm on binary trees, lattices and random graphs. From the

simulation results shown in Fig. 12, we observe that the reli-  Fig. 14 shows the guarantee ratio as a function of job
ability cost increases with the increase in the execution time. arrival rates, with different variances in task execution time,
This is due to the simple fact that when the execution time where job arrival rate increases from>x210~4 to 12 x

in eachc;j; increases the task reliability cost of machines, 10~*No./s with increments of & 10~%No./s. Again, we
RCpn, also increases. We can conclude from this experi- only consider the DRCD algorithm and binary trees based
ment that as the execution time increases, the reliability costjobs in this experiment, since the other two types of jobs

of the cluster also increases. behave similarly.
As shown in Fig. 13, execution time also has a noticeable  Computational heterogeneity is reflected by the variance
impact on guarantee ratios. When the value & low (see in execution times. In the experiment four sets of execution

the curve withn = 30), execution time does not make a times, all with the same average value, are selected uni-
significant impact on guarantee ratio, but whebecomes formly from the four ranges, [5, 200], [15, 190], [25, 180]
large (see the curve with = 81), we observe that guarantee and [35, 170], respectively. These four ranges correspond to
ratios are affected noticeably by the execution time. Since four different levels of heterogeneity, with [5, 200] being the
the deadline is assumed to be a function of the executionhighest. Figs. 14 and 15 indicate that the DRCD schedul-
time in our simulation model, the deadlines of tasks increase ing algorithm has better performance for jobs with higher
accordingly when execution times increase. More real-time computational heterogeneity. This result suggests that high
tasks can be guaranteed if their deadlines are relaxed. computational heterogeneity helps the DRCD algorithm
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example.

increase guarantee ratios and reduce reliability costs,

thereby enhancing the schedulability. This can be explained 1028 o o O —®— o oo
by the fact that the advantage of DRCD over the two non-
reliability driven algorithms in schedulability mainly comes el
from the variance in tasks' reliability costs among differ- A— DRCD
ent machines and reduced heterogeneity implies reduced o ®— DAEAP

: . R . . = 62l —— DALAP
variance in tasks’ reliability costs. It is proved by this ex- @
periment that DRCD is efficient in terms of scheduling <
heterogeneous jobs, and its performance varies with the % 421
heterogeneity of the parallel real-time jobs. i.—‘j

o 22
5.9. Performance on real applications
2 : : : : : : |

The goal of this experiment is two-fold: (1) to validate the
results from the synthetic application cases and (2) to test
the scalability of the proposed algorithm. We chose a real-
life application, a digital signal processing (DSP) system Fig 17, impact of the number of nodes on reliability cost for the DSP
with 119 tasks in the task gragl0], as a case study to  example.
quantitatively evaluate the improvements in guarantee ratio
and reliability cost as we increase the number of nodes in
the cluster. constantly better than the other two algorithms. Specifically,

We conducted experiments with eight cluster sizes (the DRCD can reduce the reliability cost of DASAP and DALAP
number of nodes is varied from 10 to 80). The guarantee ra-by up to 92% and 25% (with average of 89% and 21%),
tio and reliability cost were obtained for each heterogeneousrespectively. From these results, we conclude that the pro-
cluster, where machine failure rates were randomly chosenposed DRCD algorithm can achieve the most reliable allo-
between % x 10~ and 105 x 10~ /h and link failure rates  cations for both small- and large-scale applications by lever-
between % x 1076 and 125 x 10-%/h. Job arrival rates  aging the reliability-cost driven technique while improving
were kept constant at. x 10~* No./ms, and ranges for  resource utilization.
generating deadlines were fixed to 500 ms. Fig. 16 shows the
guarantee ratios of the DRCD, DASAP, and DALAP algo-
rithms running on eight heterogeneous clusters. Comparing6. Conclusion
DRCD with two other algorithms, we find that the DRCD al-
gorithm performances better than the other alternatives, and Most research work in the area of real-time task schedul-
DRCD improves guarantee ratios over DASAP and DALAP ing in heterogeneous systems either ignored reliability is-
by up to 3% and 45%, respectively. Fig. 17 compares relia- sues, or only considered homogeneous clusters, or assumed
bility cost for the DRCD, DASAP, and DALAP algorithms.  independent tasks, or only schedule tasks with precedence
We observe that with respect to reliability cost, DRCD is constraints offline. In this paper, we have addressed these

10 20 30 40 50 60 70 80
Number of Nodes
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