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Abstract loads are comprised of tasks that can be executed in paaatel

Cluster computing has emerged as a hew paradigm for solean be further divided into two categorigsodularly divisible
ing large-scale problems. To enhance QoS and provide pesndarbitrarily divisible loads.Modularly divisibleloads are di-
formance guarantees in cluster computing environments; vavided a priori into a certain number of subtasks and are often
ous real-time scheduling algorithms and workload modelseha described by a task (or processing) gragibitrarily divisible
been investigated. Computational loads that can be arbijra loads can be partitioned into an arbitrarily large numbdoatl
divided into independent pieces represent many real-wapld fractions. Examples of arbitrarily divisible loads can lzesigy
plications. Divisible load theory (DLT) provides insighto dis- found in high energy and particle physics. For example, the
tribution strategies for such computations. However, thtbp CMS (Compact Muon Solenoid) [10] and ATLAS (AToroidal
lem of providing performance guarantees to divisible lo@pd a LHC Apparatus) [6] projects, which are associated with the
plications has not yet been systematically studied. Thpepa Large Hadron Collider (LHC) at CERN (European Laboratory
investigates such algorithms for a cluster environmentsige for Particle Physics), execute cluster-based applicatidgth ar-
parameters that affect the performance of these algoritants  bitrarily divisible loads. Usually all elements in such couta-
scenarios when the choice of these parameters have sigriificéional loads demand an identical type of processing, aradivel
effects are studied. A novel algorithmic approach integigit to the huge total computation, the processing on each ihatiVi
DLT and EDF (earliest deadline first) scheduling is propasedelement is infinitesimally small.
For comparison, we also propose a heuristic algorithm. tate  The problem of providing QoS or real-time guarantees for
sive experimental results show that the application of DbT tsequential and modularly divisible jobs in distributedteyss
real-time cluster-based scheduling leads to significab#ijter has been studied extensively. Similarly, significant pesgthas

scheduling approaches. been made irdivisible load theory (DLTR8]. However, de-
) spite the increasing importance of arbitrarily divisiblgpéica-
1 Introduction tions [24], to the best of our knowledge, the real-time scitied

The dawn of the information age has changed how we solwd arbitrarily divisible loads has not been systematicailyesti-
important problems. Emerging computation and data intensi gated.
applications cannot be solved by a single stand-alone machi  Scheduling of arbitrarily divisible loads represents ajbem
This has led to the emergenceatifister computing-which har-  of great significance for cluster-based research comptairig
nesses the power of hundreds and thousands of machines—é#gea such as the U.S. CMS Tier-2 sites [26]. (The CMS project
new paradigm for computing. However, as the size of a clusvill not be fully operational until 2007.) One of the manage-
ter increases, so does the complexity of resource managemerent goals at the University of Nebraska-Lincoln (UNL) Re-
and maintenance. Automated performance control and resousearch Computing Facility (RCF) is to provide a multi-tére
management is crucial to achieve continued evolution af-cluQoS scheduling framework in which applicatiomp=y’ accord-
ter computing. Current cluster scheduling practice is Isimi ing to the response time requested for each job [26]. Exist-
in sophistication to early supercomputer batch schedwing ing real-time cluster scheduling algorithms assume thetence
gorithms, and no consideration is given to desired quality- of a task graph for all applications, which are not apprdpria
service (QoS) attributes. To fully avail the power of congput for arbitrarily divisible loads. To better manage thesehhémd
tional clusters, new scheduling theory that provides high p clusters and control their performance, we need new rewd-ti
formance, QoS assurance, and streamlined management of shieeduling algorithms for arbitrarily divisible applicats.
cluster resources needs to be developed. Four contributions are made in this paper. First, DLT is ex-
The challenge, however, in developing real-time schedulintended to compute the minimum number of processors required
theory for cluster computing is to support various typesloéc to meet an application’s deadline. Second, based on thisyel n
ter applications. Broadly speaking, computational loadsst-  algorithmic approach integrating DLT and EDF (earliestdiea
ted to a cluster are structured in two primary wayxglivisible line first) scheduling is proposed. For comparison, we aise p
anddivisible An indivisible load is essentially a sequential jobpose a heuristic algorithm. Third, important design partanse
and thus must be assigned to a single processor. The dévisilalre identified that affect the performance of real-timegibte-



load scheduling algorithms. Fourth, we systematicallyestiy  compute the minimum number of processors required to meet
gated the effects of these design parameters on a set dfmeal- its deadline.
scheduling algorithms, and show that the application of BA.T DLT provides an in-depth study of distribution strategies f
real-time, cluster-based scheduling leads to signifigavetter arbitrarily divisible loads [8, 24, 28]. The goal of DLT is to
scheduling approaches. exploit parallelism in computational data so that the woakl

The remainder of this paper is organized as follows. Relatezin be partitioned and assigned to several processorsizaich t
work is presented in Section 2. Section 3 describes both taskecution completes in the shortest possible time [8]. Da$ h
and system models. In Section 4, real-time scheduling algbeen previously applied to and implemented in Grid comutin
rithms investigated in this paper are discussed. We evathat [30, 15, 27]. Complimentary to that work, our paper applies
performance of algorithms in Section 5 and conclude the papBLT in the design of real-time scheduling algorithms forstir

in Section 6. computing; specifically, DLT is applied in the partitionird
applications, such as CMS [10] and ATLAS [6], that execute on
2 Related Work a large cluster.

Development of commodity-based clusters and Grid comgutiré
has recently gained considerable momentum. By linkinggelar
number of computers together, a cluster provides a costt®@fé  In this section we describe our task and system models hriefly
facility for solving complex problems. In a large-scale@the  and state assumptions related to these models.
resource management system (RMS), which provides real-tim Task Model. We assume a real-time aperiodic task model
guarantees or QoS, is central to its operation. in which each aperiodic task; consists of a single invocation
Research has been carried out in utility-driven cluster-conspecified by the tupléA;, ;, D;), whereA; > 0 is the arrival
puting [29, 25] to improve the value of utility delivered tears. time of the taskg; > 0 is the total data size of the task, and
Proposed cluster RMSs [9, 3] have addressed the scheddilingl®;, > 0 is its relative deadline. The absolute deadline of the task
both sequential and parallel loads. The goal of those sch&neis given byA;+D;. Section 4.2 presents, in detail, how task exe-
similar to ours: to harness the power of resources basedesn usution time is dynamically computed based on total datasize
objectives. resources allocated (i.e., processing nodes and bandgveidth
The scheduling models investigated for distributed or multthe partitioning method applied to parallelize the compota
processor systems most often (e.g., [23, 22, 14, 1, 20, )3, 5] System Model. A cluster consists of a head node, denoted
assume periodic or aperiodic sequential jobs that mustlbe alby 1), connected via a switch t& processing nodes, denoted
cated to a single resource and executed by their deadlinés. Woy Py, P, ..., Py. We assume that all processing nodes have
the evolution of cluster computing, researchers have bepima  the same computational power and all links from the switch to
vestigate real-time scheduling of parallel applications@lus- the processing nodes have the same bandwidth. The system
ter [31, 21, 12, 2, 4]. However, most of these studies assumeodel assumes a typical cluster environment in which the hea
the existence of some form of task graph to describe commuede does not participate in computation. The role of thelhea
nication and precedence relations between computationitsl u node is to accept or reject incoming tasks, execute the sthed
called subtasks (i.e., nodes in the task graph). ing algorithm, divide the workload and distribute data dkaito
The most closely related work to our problem is schedulingrocessing nodes. Since different nodes process diffeliaat
algorithms for “scalable real-time tasks” running in a nprbd-  chunks, the head node sequentially sends every data chunk to
cessor system presented in [16]. In that paper, like diMsibits corresponding processing node via the switch. We assume
loads, it is assumed that a task can be executed on more thhat data transmission does not happen in parallel, althdug
one processor and as more processors are allocated titrés is straightforward to generalize our model and include teec
computation time decreases monotonically. The paper tiwies where some pipelining of communication may occur. For the di
the decision on the number of processors allocated to tasksvisible loads we assume that tasks and subtasks are indagtend
an important factor in the design of parallel schedulingoalg Therefore, there is no need for processing nodes to comiaienic
rithms. However, the simulations described in the papelimre with each other.
ited and are favorably biased towards their proposed scfieme According to divisible load theory, linear models are used t
Therefore, their conclusions on comparing their propos®dV represent processing and transmission times [28]. In the si
(Maximum Workload derivative First) schemes with the EDFplest scenario, the computation time of a leaid calculated by
and FIXED algorithms [19, 7] hold true only in certain scenara cost functionCp(c) = oC,s, whereC,, represents the time
ios. to compute a unit of workload on a single processing node. The
Our work differs significantly from previous work in real- transmission time of a load is calculated by a cost function
time as well as cluster computing in both the task model ag"m(o) = oC,,s, WhereC,,; is the time to transmit a unit of
sumed and in the comprehensiveness of our study. In thig paperkload from the head node to a processing node. For many
unlike the previous study [16], we do not assume task execapplications the output data is just a short message andyis ne
tion times are known a priori. Instead, we apply DLT to guiddigible, particularly considering the very large size oétimput
task partitioning, to derive its execution time functiomdato data. Therefore, in this paper we only model transfer ofiappl

Task and System Models



tion input data but not the transfer of output data. The esiten

to consider the output data transfer using DLT is straigitéd. Po [ 9,0 Cne La 20 Ens 1040 Cre [ oo CJ >
4  Algorithms Py l } 00C |
This section presents real-time scheduling algorithmslifasi- o i qoc l
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ble loads. To develop the algorithms, we need to make three im
portant decisions. The first is to adopt a scheduling pobaye-
termine the order of execution for tasks (Section 4.1). e s : . ‘ ;
ond decision is to determine the numbeof processing nodes Py 0.0,
to allocate to each task and the third is to choose a strategy t
partition the task among the allocatedhodes (Section 4.2).

\J

Figure 1: Time Diagram for OPR-Based Partitioning.

4.1 Scheduling Policies

e a = (a1, a9, ...,ay): Data distribution vector, where is
the number of processing nodes allocated to the tasks
the data fraction allocated to th&" node, i.e.q;o, is the
amount of data that is to be transmitted to e node for
processing) < a; <1l andX?_jo; = 1.

Three scheduling policies to determine the execution oofler
tasks are investigated: FIFO, EDF and MWF (Maximum Work-
load derivative First) [16]. The FIFO scheduling algoritlese-
cutes tasks following their order of arrival. EDF, a wellekm
real-time scheduling algorithm, orders tasks by their Aliso
deadlines. MWF is a real-time scheduling algorithm for slivi e C,,,: Cost of transmitting a unit workload.
ble tasks.

The main rules of MWF are: 1) a task with the highest work- ® Cj: Cost of processing a unit workload.
load derivative DC;) is scheduled first; and 2) the number of
nodes allocated to a task is kept as small as possijié™]
without violating its deadline. Node assignment is disedss
in Section 4.2. Here, we review how MWF determines task e J

node isCy(a;0) = a;0C,s. We assume that the setup costs

ecution order and define the workload derivative meth¢/;, P - : L
! r initializing data transmission and processing are igége.

whereWW;(n) is used to represent the workload (cost) of a tas&)/ h IS0 | tiqated th here th ¢ "
T; whenn processing nodes are assigned to it. ¢ have also Investigated the case where the Setup costs may

be significant [17], but those results are omitted from tlzipgy
DC; = Wi(n™™ + 1) — Wi(n™") 1) due to space limitations.

Thatis,W;(n) = nx&(o;,n), where€(o;, n) denotes the task’s 4.2.1  Optimal Partitioning Rule (OPR)

execution time (see Section 4.2 65 calculation). Therefore, For a given task, we first analyze its execution time function

DC; is the derivative of the task worklodd’; (n) at n*™" (the &(o,n), assuming: nodes are to be allocated to process a total

minimum number of nodes needed Byto meet its deadline). data size 0&. Then, we use the function to derive the minimum
) o numbern™", of nodes needed to meet the task’s deadline.

4.2 Node Assignment and Task Partitioning Task Execution Time Analysis.Figure 1 shows an example

We study two primary strategies for node assignment. Risst, task execution time diagram following OPR whemodes are

sign a task allN nodesand thus try to finish the current task asallocated to process the task. IetlenoteTask Execution Time

early as possible. Secondssign a task the minimum numberwhich is a function ot andn. We have,

n™" of nodes it needs to meet its dead)ia@d thereby save

resources for new tasks.

Based on our system model (Section 3) we have the follow-
ing cost functions: the data transmission time ontelink is
)gm(aja) = a;0C,,s and the data processing time on tié

Similarly, two different partitioning methods are investi Eloyn) = a10Cms +a10C)s 2)
gated: Optimal Partitioning Rule(OPR) (analyzed in Section = (a1 4 a2)oChs + ag0Cys (3
4.2.1), andequal Partitioning RuldEPR) (analyzed in Section = (014 as + a3)0Cphs + azoChs (4)

4.2.2). OPR is based on divisible load theory (DLT), which
states that the optimal execution time is obtained wheroales

allocated to the task complete their computation at the sanee = (tortagt .. +an)oCps +
[28]. For comparison, we propose EPR, based on a common 00 Cps. (5)
practice of dividing a task inte equal-sized subtasks when the
task is to be processed bynodes. From (2) and (3), we get

The following notations, partially adopted from [28], are oC.  +oC o
used in the analysis. = ag—ms TTEps 20 \where

O'Cps 6
e T = (A,0,D): A divisible task, whered is the arrival 0Chps Chps

time, o is the data size, anB is the relative deadline. B 0Chms + 0Chs T Coet Chs 6)



Note thatd < 8 < 1. It follows thatas = Bay. Similarly, from Gonn [oemn [ [aem
(3) and (4), we havers = [as, and the‘reforeogg = [oy. " :
This leads to a general formulai; = 37~'a;. Sinceq; is b, oo ]
the data fraction distributed to th&" processing node, we have |
E?:l aj = 1. Substitutinga; with 87~!a; in this equation, P G cpsin
we obtain : i
Oll + ﬂal + ﬁQOll + + ﬂn_lal = 1 " e € Execution Time
Solving this equation, we get; = 11_;55“. Substituting it into ) ] ) S
(2), we have Figure 2: Time Diagram for EPR-Based Partitioning.
_1-p Lety = 1 — Z5==. Thus,3" < 4. If y < 0, starting taskl" at
Elo,n) = 1— gng(c’”s + Cps). 7 time s will not leave enough time even for its data transmission
_— min o~ and therefore the task will be rejected as well. Thus;> 0,
Derivation of n™". Given £(s,n), we can calculate the o i tol10ws thatn > Iy Sincen, the number of nodes
minimum numbern ™™ of nodes required to meet a task’'s dead- Inf |
line. assigned, should be an integer, we have [1]. Therefore,

Let C(n) denote the task completion time function Assumthe minimum number of processing nodes that the task needs at
ing that the task’ = (A, o, D) has a start time, then its com- times to meet its deadline is™"" = [ {77 wherey is defined

pletion time isC (n) = s + £(o,n), which leads to above andj in (6).
1-3 4.2.2 Egqual Partitioning Rule (EPR)
Cln) =5+ 1-— ﬁna(cms + Cs)- ®) " To understand the merits of divisible load theory (DLT) im@r

rIjlical real-time cluster-based scheduling, we analyze EPR a
comparison. Similar to the analysis for DLT-based OPR, we de
rive the task execution time function and*™ for EPR.

Task Execution Time Analysis.Assumingn nodes are allo-

To meet a task’s deadline means its completion time shotid s
isfy the constraint that’'(n) < A + D. It follows that

1-3 . cated to a task, an example task execution time diagramifollo
st 1—pn 0(Cms +Cps) < A+D,  thatis ing the EPR is shown in Figure 2. By analyzing the diagram, we
1-3 have& (o, n) = 0Cps + a,0Cyps, Wherea,, = 1. Thus,
D 0(Cms +Cps) < A+4+D—s. (9) '
_ . _ E(o,n) = aCs + 2522 (11)
Sincel — 5™ > 0. Multiplying both sides of (9) by(1 — "),
we get Derivation of n™". Assuming that the task = (4, o, D)

has a start time, then the task completion time @$(n) = s +

i &(o,n), which must satisfy the constraint th@tn) < A + D.
(1=B3)o(Crms + Cps) < (1=0")(A+ D —3s). (10)  Thatis,

If A+ D — s < 0, the task will miss its deadline no matter oCps
how many nodes we assign to it and how we partition it. Such 5+ 0Cms + oS A+D. (12)
a task will be rejected because it fails the schedulabiist bf Thus
our scheduling algorithms (for details see Sec. 4.3). THus, '
D — s > 0, and dividing both sides of (10) by + D — s) we oC,s
A+D —s—0Cs

Therefore, following EPR, the minimum number of processing

(1—=0)o(Cpms + Cps) nodes that the task needs at tim® complete before its dead-

(1-8" thus

vV

gr < 1- (- 21( Dmil_ ps) 4.3 Algorithm Framework

(1- Chps )0 (Coms + Cis) As is typical for dynamic real-time scheduling algorithms

- 11— CrmstCps me e [11, 18, 22], when a task arrives, the scheduler dynamicy

A+D—s termines if it is feasible to schedule the new task withouh€o
(cmf:’;*“’cps)a(cms + Chps) promising the guarantees for previously admitted taskse Th

= 1= A+D—s pseudocode for a genei&thedulability Tess shown in Figure

oCs 3. It could be configured to generate various real-time itilés

= 1 -

T A+D-—s load scheduling algorithms by giving the design decisions o



Data Structure:

n™"(+) O the minimum number of processing nodes
needed to finish T; before its deadline, assuming it
is dispatched at time 1.

AvailableNodesList <t,, ANi> O a list of number of
available nodes along with the time, where 1y is the
time and ANy is the number of awailable nodes.

Pseudocode:
boolean Schedulability-Test(T)

TempTasksList < T + Admitted TasksQueue

// According to the chosen scheduling policy:
// EDF, FIFO or MWF (Decision #1)
order TempTasksList

// Obtain the available nodes information
generate AvailableNodesList < 1, AN, >

//Initialization
ScheduledTaskList @

while TempTaskList 1= ¢
remove Ti(A;, 0, D)) from TempTasksList

// According to the chosen node assignment policy:
// assigning a task "™ or N nodes (Decision #2)
identify the earliest time 1, when the

available nodes ANy 3n™" () or ANy > N

// Set scheduled starting time
s — tx

// According to the chosen partitioning rule:
// OPR or EPR (Decision #3), calculate ¢ following

// Eq (4.7) in Section 4.2.1 or Eq (4.11) in Section 4.2.2,

// and set the expected completion time
ei (o, m)+si

ifei>A+D;

return false // Deadline misses

put Ti(A;, 0;, D, s;, ni, &) into ScheduledTaskList

update AvailableNodesList
end while

/* All tasks in the cluster are schedulable */
AdmittedTasksQueue— ScheduledTaskList

return true

end Schedulability Test()

Figure 3: Schedulability Test.

1) scheduling policy (FIFO, EDF or MWF), 2) node assignment

first part denotes the scheduling policy adopted: EDF, FIFO o
MWEF. The second part represents the choice of the partitgpni
rule: DLT-based OPR or heuristic EPR. In the third portion of
the name, MN means the algorithm assigns a task the minimum
number of nodes needed to meet its deadline, and AN means the
algorithm assigns all nodes. Since MWF always allocatesla ta
n™" nodes, the algorithm only has the MN versions.

5 Performance Evaluation

The previous section proposed various real-time clusiaset
scheduling algorithms for divisible loads. This sectiomlav
ates their performance relative to each other and to charfges
various configuration parameters.

Cluster Configuration. We use a discrete simulator to sim-
ulate a range of clusters that are compliant to the systermmemod
presented in Section 3. For every simulation, three parisiet
N, C,,s andC),, are specified for a cluster.

Workload Generation. To generate task; = (4,04, D;),
we assume that the interarrival times follow an exponedii!
tribution with a specified mean df/\, and task data sizes;
are assumed to be normally distributed with a specified mean
of Avgo and a standard deviation equal to the mean. Task
relative deadlines are assumed to be uniformly distribued
the range of 242, 342D where AvgD is the mean rela-
tive deadline. To specifyAvgD, a new termDC Ratio is
introduced. It is defined as the ratio of mean deadline to
mean minimum execution time (cost), thatgg%, where
E(Avgo, N) is the task execution time computed with Eq (7)
assuming the task has an average data 4izgr and runs on
all N processing nodes. GiveRC Ratio, the cluster sizeV
and the average data sizago, AvgD is implicitly specified
as DCRatio x E(Avgo, N). In this way, byDC Ratio, task
relative deadlines are specified relating to the averadeeas
ecution time. In addition, a task relative deadlibeis chosen
to be larger than its minimum execution tifiés;, N). In sum-
mary, we specify the following parameters for every simolat
(N, Chus, Cps, 1/ X, Avgo, DC Ratio).

To analyze how loaded a cluster is for a simulation, we define
another metricSystem Load. It is derived from the specified
parameters as

E(Avgo, N)

SystemLoad = 3 ,

method (assigning a task aWl or its n”*" nodes), and 3) task
partitioning rule (OPR or EPR). Upon completion of the tést,
all tasks are schedulable a feasible schedule is develoypkitia
new task is accepted, otherwise, it is rejeéted

which corresponds to

TotalTaskNumber x E(N, Avgo)
TotalSimulationTime

By following the aforementioned framework, we genergometimes, we specifySystemLoad for the simulation
ate ten algorithms: EDF-OPR-MN, EDF-OPR-AN, EDF-EPR

SystemLoad =

instead of average interarrival time/\. Configuring
MN, EDF-EPR-AN, FIFO-OPR-MN, FIFO-OPR-AN, FIFO- (N, Cms, Cps, SystemLoad, Avgo, DC Ratio) is equivalent to
EPR-MN, FIFO-EPR-AN, MWF-OPR-MN, and MWF-EPR- SPeCifying(N, Cons, Cys, 1/, Avgo, DCRatio), because

MN. The nomenclature of the algorithms, include three parts
corresponding to the three algorithm design decisions. The 1A = SystemLoad

E(Avgo,N) -
1Rejection in the cluster environment means that the systimirgstrator . .
(or a program proxy) will negotiate with the client for a fése task deadiine, 10 evaluate the performance of the real-time scheduling-alg

and the job will be rescheduled with modified parameters. rithms, we use the metriGask Reject Ratjowhich is the ratio




of the number of tasks rejected by a real-time scheduling-algleads to minimum task execution times, and as a result tiee clu

rithm to the total number of tasks arriving at the cluster.e Thter can satisfy a larger number of task deadlines.

smaller theTask Reject Ratiathe better the real-time schedul- We carried out the same type of simulations by changing, one

ing algorithm. at a time, the following cluster or workload parameters:selu
For all figures in this paper, a point on a curveter sizeN, unit transmission tim&’,,;, and average data size

corresponds to the average performance value of tetwgo. Results are similar to Figure 4a, where algorithms with

simulations 2. In the ten runs, the same parameter©PR partitioning always perform better than algorithmshwit

(N, Cpms, Cps, 1/X, Avgo, DCRatio) are specified but EPR partitioning (refer to [17] for details).

different random numbers are generated for task arrlvadzsnm&l.3 Effects ofDC Ratio

A, data sizes;, and deadlined);. For each simulation, the study the effects of th®C Ratio, we use the same configu-
Total SimulationTime is 10,000,000 time units, which is .. o . .
sufficiently long ration as the basic simulation except that we varylmé_ .Ratw.
4 o - . - over the rangé€2, 3, 10, 20, 100]. For sake of readability, Fig-
In Section 4, we identified three important decisionslask
Partitioning, Node AssignmepandScheduling Policin design- 14 only shows the performance of EDF-OPR-AN and EDF-
9 g 9 n g EPR-AN with DCRatio = 2, 10, and 100. Corresponding to

ing real-time, cluster-based sc.hedulmg algorithms forstle different combinations of algorithm and DCRatio, six clgve
loads. The next three subsections evaluate and comparé the a

gorithms proposed in Section 4 and respectively invesitiet are produ'cgd.. Again, Figursh shows that thg'algonthm with
: s OPR partitioning performs better. In addition, we can see
scenarios where each of these three decisions matters.

as DC Ratio increases, the performance of EDF-EPR-AN be-
5.1 OPRvs. EPR Partitioning comes closer to that of EDF-OPR-AN. This is because the

We first evaluate the performance of the following real-timehlgher the DC'Ratio, the looser the task relative deadiines

. . ) are. Consequently, the worse execution times caused by-a non
§chedullng algorithms with respect to the two proposedqrat optimal partition, like EPR, will have less impact on thealg
IlglgFru(IDeI;SR((,)AT\IRvanEEDT:RéPERD:NOITIT:(I;ANOI\DIS |\I/|E IEI) '?/'EPFRI;:%Nchms’ performance. In particular, whdnC Ratio is extremely

Py ! . high (100), the two algorithms perform almost the same.

EPR-MN, FIFO-OPR-AN v.s. FIFO-EPR-AN, and MWF-OPR-
MN v.s. MWF-EPR-MN. Due to space limitations, we only re-5.1.4 Effects of Processing Speed
port the comparison of EDF-OPR-MN v.s. EDF-EPR-MN andio study effects of processing speed, we vary, over
EDF-OPR-AN v.s. EDF-EPR-AN here. The performance ref10, 50, 100, 500, 1000, 5000, 10000] range. The larget,, the
sults for the other pairs are similar (refer to [17] for disai slower the computation. Figuee: shows results of EDF-OPR-

) ) ) MN and EDF-EPR-MN withCi,s = 10 and10000 respectively.
5.1.1 Simulation Modeling From the figure, we can see that the algorithm with OPR par-
For our basic simulation model we c_hose the following paramioning (EDF-OPR-MN) still outperforms the algorithm thi
eters: number of processing nodes in the cluster: 16; unit  EpR partitioning (EDF-EPR-MN). However, as the processing
data transmission time;,; = 1; unit data processing time, speed decreases, i.€,,, increases, the differences between the
Cps = 100; SystemLoad changes in the rangé.[L, 0.2, -+, two algorithms becomes less and less significant. In particu
1.0J; Average data sizedvgo = 200; and the ratio of the av- |5y, when the computation is extremely slo@,{ = 10000),
erage deadline to the average execution i€, Ratio = 2. e can see that the curves for the two algorithms are almost
Our simulation has a three-fold objectiviéirst, we want to ver- - gyerlapped, indicating non-differentiatilask Reject RatioFo
ify our hypothesis that it is advantageous to apply DLT irn-véa gemonstrate this point, let us assu6ig is so large that the ra-
time cluster-based schedulin§econdwe study the effects of g of ¢ . to C,. is approaching 0. In the analysis of OPR, we
DC Ratio, andthird, we want to investigate effects of the pro-ghowed thag from Eq (6) will approach in this case, causing

cessing speed. the data fractions allocated to processing nodesys, - - - , a,,
1 ’
5.1.2 Merits of DLT for Cluster Scheduling to all be close to-. Therefore, OPR and EPR will perform the

To study the merits of DLT we employ our basic simulatiorra M€ N this case.

model without any changes. The four curves in Figure 4a shon
the Task Reject Rati@f the four algorithms: EDF-OPR-MN, clu
EDF-EPR-MN, EDF-OPR-AN, and EDF-EPR-AN. Observeg
that EDF-OPR-MN always leads to a low&ask Reject Ratio
than EDF-EPR-MN. Similarly, observe that EDF-OPR-AN al
ways achieves a lowefask Reject Ratidghan EDF-EPR-AN.

These simulation results confirm our hypothesis that it is adb.2 N v.s.n™" Nodes

vantageous to apply D_LT in real—t@me, cluster—bg_sed_ SC““@“_J In this subsection, we compare and analyze the real-time
algorithms. DLT provides an optimal task partitioning, @i q.peqyling algorithms with different node assignment mesh

2Due to space limitations, we only report average data heemsP refer to We investigate the performance difference in algorithmm _
[17] for curves with confidence intervals. ing all N nodes to every task (ALG-AN) v.s. those assigning

From the aforementioned intensive experiments, we con-
de that no matter what the system parameters are, the al-
orithms with DLT-based partitioning (OPR) always perform
etter than the ones with the equal-sized partitioning isgar
(EPR). This shows that it is beneficial to apply divisibledoa
theory in real-time, cluster-based scheduling.
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Figure 4: Performance Evaluation.



the minimum number™" of nodes needed to meet a task’sabove0, meaning EDF-OPR-MN performs worse than EDF-
deadline (ALG-MN). OPR-AN.

The relative performance of EDF-OPR-MN v.s. EDF-OPR- The results from our initial simulations contradict the €on
AN is shown in Section 5.2.1. It is noteworthy that in contrasclusion drawn by [16] that the™™ node assignment strategy
to the results in [16] comparing MWF(-MN) and FIXED(-AN) performs better than the maximum node assignment strategy.
algorithms, our initial data seem to indicate that EDF-O&R- We believe that there should be some scenarios where ALG-
outperforms EDF-OPR-MN most of the time. To gain insightMN performs better than ALG-AN, while in the other scenarios
into the performance results, in Section 5.2.2 we carry igdt r (for instance, Figures 4d and 4e) the reverse is true. To show
orous analysis of a simplified scenario where a scheduling dhat there are cases where ALG-MN outperforms ALG-AN, we
gorithm always assign& nodes & < N) to a periodic di- purposely configure a simulation where ALG-MN should have
visible task. This analysis sheds new light on possible &cen improved performance.
ios where algorithms assignimg™™ nodes (ALG-MN) perform For this simulation, we choose a similar configuration as tha
better than those assigning allnodes (ALG-AN). in Figure 4e except changing ti&C Ratio from 2 to 10. By in-
creasing theDC Ratio, we have longer relative deadlines com-
pared to the mean execution time. For an ALG-MN, a longer
In Section 4.2, we have explained the rational behind the tw§eadline leads to a smallef*" of nodes allocated to a task,
node-assignment strategies: an ALG-AN tries to finish the cuthus smaller overhead. While for an ALG-AN, its node assign-
rent task as soon as possible, while an ALG-MN saves ressurGgent and resulting overhead will not be affected by deasljine
for new tasks. since a task is always assigned all nodes. Therefore, we

For theV node assignment strategy, the problem is it causgselieve, asDC Ratio increases and ALG-MN’s overhead de-
higher parallel execution overhead than t#&"” node assign- creases, ALG-MN might perform better than ALG-AN.
ment counterpart. For the cluster modelinvestigated {&e8), Figure 4f validates our analysis. We can successfully ereat
the higher the transmission co6t.), the greater the overhead. some scenarios (those with interarrival time smaller thag
As shown in Figure 1, the node idle time due to data transmime units), by increasing)C Ratio from 2 to 10, where EDF-

sion is one type of parallel execution overhead. OPR-MN outperforms EDF-OPR-AN.
On the other hand, the™" node assignment strategy, trying

to save resources for new tasks, will not improve perforrean®-2.2 Analysis

if there is no task coming in the near future. In that case,esonn this subsection, we study a simplified scenario whereetfeer
number of nodes (potentially —n"™"" of them) are leftidle and only one periodic divisible task. A new algorithm, ALG-K tha
their processing cycles are wasted. Since the larger teeaint always assign® nodes & < N) to every task is investigated,
rival time 1/, the less frequent are the tasks arrivals, we believghich is compared with an ALG-AN. We demonstrate that with
that ALG-MN will lose its performance gain over ALG-AN as thjs simple analysis we could identify some scenarios whare
the interarrival timel /A increases. ALG-MN will be better than its corresponding ALG-AN when
We conducted intensive simulations, comparing EDF-OPRyandling aperiodic divisible tasks.
MN v.s. EDF-OPR-AN, to verify the aforementioned analysis Here, we assume the system model described in Section 3,
and present some conclusive simulation results. while the task model is simplified: only one periodic tabk
As explained, EDF-OPR-AN leads to higher overhead thag running in the system. We assume that in every pefical
EDF-OPR-MN, and the large€,,, the higher the parallel syptask with a fixed data sizeand a relative deadlin® arrives

overhead. Thus, we expect that @5, increases, the per- gt the cluster. For such system and task models, we havecrove
formance of EDF-OPR-AN should be affected more than thake following theorems [17].

of EDF-OPR-MN. Figure 4d shows the relative performance

of the two algorithms Task Reject Ratiof EDF-OPR-MN—  Theorem 5.1 When an ALG-AN is applied, i < £(o, N) and

Task Reject Ratiof EDF-OPR-AN) in a simulation where we D is finite, some subtasks are doomed to miss their deadlines.

gradually increase the value 6f,,;. We can see a€’,,; gets

larger, the difference between tflask Reject Ratiosf EDF- Theorem5.2For N > 1,1 < K < N, if P > %

OPR-MN and EDF-OPR-AN decreases, indicating that the ret,, > (N —1)C,,s, andD > £(o, K), no subtask will miss its

ative performance of EDF-OPR-MN v.s. EDF-OPR-AN im-deadline when an ALG-K is applied.

proves. Interestingly, for this simulation, the curve iab0

for most of the cases, indicating EDF-OPR-MN performs worserom the above theorems, it is further derived thatPif

than EDF-OPR-AN. [EEL2 ) €(0, N)), Cps > (N = 1)Crps, D > E(0, K), and
The next group of simulations verifies our prediction thal < K < N, an ALG-K will perform better than a correspond-

EDF-OPR-MN will perform worse relative to EDF-OPR-AN asing ALG-AN.

task interarrival timel /\ increases. As demonstrated in Figure We carry out simulations to verify this conclusion. A peiiod

4e, with the increasing of the interarrival tinfask Reject Ratio taskT that includes subtasks with= 200 andD = £(o,2) is

of EDF-OPR-MN — Task Reject Ratiof EDF-OPR-AN also simulated to run in gN = 16,C,,s = 1,C,s = 100) clus-

increases. The relativBask Reject Raticurve once again lies ter by EDF-OPR-2 or EDF-OPR-AN. According to the above

5.2.1 Initial Comparison




K| Range EDF-OPR-K | EDF-OPR-AN both 0 while theTask Reject Ratiasf EDF-OPR-AN and FIFO-
TRR TRR OPR-AN ard).0523 and0.0564 respectively. We thus verify un-

1| [1263,1359) 0 0.0184 der the derived conditions an ALG-MN indeed performs better

2| [1269,1359) 0 0.0263 than its ALG-AN counterpart.

41 [1282,1359) 0 0.0251 The models in this subsection all assume tasks have the same

8| [1307,1359) 0 0.0187 data size. In the future we plan to extend the analysis to & mor

general task model.
Table 1: For g N = 16, Cp,,s = 1, C,s = 100) cluster, the ver-
ification of the derived range where EDF-OPR-K outpen‘ormg'3 FIFO, EDF and MWF
EDF-OPR-AN. In this subsection, we examine the effects of different akien

order policies and compare algorithms FIFO-OPR-MN, EDF-
OPR-MN v.s. MWF-OPR-MN.

[i B 1? zzr;gS()a Recall that the MWF (Maximum Workload derivative First)

d algorithm, proposed in [16], executes the task with highest
2 | [318, 425) workload derivative DC;) first, and thus reduces the total work-
3 | [335,425) load (cost) of all scheduled tasks. In [16] MWF is compared
4 | [321,425) with EDF and shown that MWF performs better than EDF.
5 | [350, 425) Moreover, the authors claim that MWF is likely to be the best
6 | [357, 425) choice for on-line scheduling of divisible tasks.
7 | [366, 425) We conducted intensive simulations and a systematic study o
8 | [327, 425) the three execution order strategies. Our data cast sontsdou

on the conclusion drawn in [16] that the MWF algorithm is the
Table 2: For &N = 64,Cps = 1,Cps = 100) cluster, the pest choice. Our hypothesis is that MWF performs well when
derived range where EDF-OPR-K outperforms EDF-OPR-AN¢he parallel execution overhead (workload) of the taskigisifs
icant compared to their pure computation. To test our themory

conclusion, if the task perio#® € [1263,1359), EDF-OPR-2 group of simulations is designed to study how changing fedral
should perform better than EDF-OPR-AN. Simulations are cabverhead affects the performance of scheduling algoritims
ried out with the task period changing frd@¥0 to 1700. Figure the 20 simulations, we gradually change the data transmission
4¢ shows the results, which demonstrate that EDF-OPR-D hagost (C,,,) from 1 to 20, while keeping the data processing cost
Task Reject Ratiovhen the task period falls in [1263,1359)  (C,) constant. Since the bigger th,, the higher the parallel
range, outperforming EDF-OPR-AN. The derived result is-ver execution overhead, for tH#) simulations withC,,,; changing
fied. from 1 to 20 the task overhead increases. According to our the-

To demonstrate that the above conclusion is also true for apgry, MWF should perform better than EDF and FIFO widgp,
riodic tasks, we relax the fixed-period assumption. Fortadl t increases.
simulated scenarios, the task interarrival times couldifiered Figures 4h, 4i and 4j show the results for simulations where
ent but are always kept in the derived range where EDF-OPRY,,, = 2, 10 and20 respectively. As observed, whé,,, is
K is guaranteed to perform better than EDF-OPR-AN. Table dmall (Figure 4h), th@ask Reject Ratiourve of EDF-OPR-MN
presents the simulation results. As expected, under th@se clies below that of MWF-OPR-MN, indicating EDF execution
trolled scenarios, EDF-OPR-K algorithms perform bett@mnth order performs better. A€, increases (Figures 4i and 4j),
EDF-OPR-AN. the relative performance of the two algorithms changes. Whe

Leveraging the Analysis Results.In the last simulation of C,,,, increases t@0 (Figure 4j), MWF-OPR-MN outperforms
this subsection, we demonstrate how the insight gainedfnrem EDF-OPR-MN. These data match our analysis and verify our
above analysis could be leveraged to derive the scenariesawhhypothesis that MWF performs better than EDF and FIFO as
ALG-MN is guaranteed to outperform its ALG-AN counterpart.workload parallel overhead increases.
Fora(N = 64,C,s = 1,Cps = 100) cluster, we derive the Interestingly, for all20 simulations, EDF-OPR-MN always
ranges where EDF-OPR-K € (1,2, - -, 8) outperform EDF- performs better than FIFO-OPR-MN, while in some scenarios
OPR-AN (Table 2). We can see that the common subrange like the one in Figure 4h, MWF-OPR-MN performs even worse
the 8 ranges 5366, 425). Thus, if task interarrival times fall than FIFO-OPR-MN.
into that range and the task relative deadlines are longgimou Another observation is that as the interarrival time in-
that ALG-MN always generate™™ < 8, then ALG-MN will  creases, the performance of the three algorithms become non
perform better than ALG-AN. differentiable (see Figure 4h). As the interarrival timésgarger

We conduct two simulations, one comparing EDF-OPRand the system load smaller, either EDF and MWF generate the
MN v.s. EDF-OPR-AN and the other comparing FIFO-OPRsame execution order as FIFO, or the load is so light that the
MN v.s. FIFO-OPR-AN. A scenario as described above is crehoice of execution order does not matter anymore.
ated. Simulation results show that for such a configuratiom, In summary, our data indicate that the best choice of execu-
Task Reject Ratiosf EDF-OPR-MN and FIFO-OPR-MN are tion order policy depends on individual system and workload



conditions. It might be appropriate and desirable to have ai3] S. Funk and S. Baruah. Task assignment on uniform hgtero
adaptive scheduling algorithm where policies can be cordigju
with changing conditions. In the future, we plan to studyl rea
cluster workload traces and further investigate this probl

6 Conclusion

In this paper, we address the problem of providing detestii
QoS to arbitrarily divisible applications executing in aister.
Four contributions are madeFirst, we extend DLT to com-
pute the minimum number of processors required to meet an

application deadline.Secondbased on this, a novel algorith-
mic approach integrating DLT and EDF scheduling is propose

neous multiprocessors. FProc of 17th Euromicro Conference on
Real-Time Systempages 219-226, July 2005.

14] D. Isovic and G. Fohler. Efficient scheduling of spoadipe-

[15]

(516]

Third, important design parameters are identified that affect the
performance of real-time divisible-load scheduling aitjons.
Finally, we systematically investigated the effects of these de-
sign parameters on a set of real-time scheduling algorithms
and show that the application of DLT to real-time, clustaséd
scheduling leads to significantly better scheduling apgres.
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