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Abstract necessary data and hardware resources become available.
The best grid engines provide rich job control languages
In Grid applications the heterogeneity and potential failand a sophisticated queueing agent. Grid engines are
ures of the computing infrastructure poses significadeployed on compute clusters such as Beowulfs in order
challenges to efficient scheduling. Performance modé&dsshare computational resources across a number of, pos-
have been shown to be useful in providing predictions sibly interdependent, jobs [6].
which schedules can be based [1, 2] and most such techAnalysing high-level models of program execution on
niques can also take account of failures and degraded sgd clusters allows underused resources to be more
vice. However, when several alternative schedules aregfficiently deployed. This benefits users working with
be compared itis vital that the analysis of the models dogsmputationally-intensive problems such as those found
not become so costly as to outweigh the potential gainiafthe physical sciences. For such an analysis to be effec-
choosing the best schedule. Moreover, it is vital that thige, the analysis process itself should have low computa-
modelling approach can scale to match the size and cotional cost, otherwise it could impede the execution of the
plexity of realistic applications. genuine computational load. For such an analysis to be
In this paper we present a novel method of modellingidely applicable it should scale to be able to model com-
job execution on Grid compute clusters. As previously wate clusters with a sizeable number of processes, each
use Performance Evaluation Process Algebra (PEPA) [8] which is executing a large number of compound jobs,
as the system description formalism, capturing both wonkade up of numerous stages. For the analysis to be useful
load and computing fabric. The novel feature is thahe models need to faithfully represent the inevitable soft-
we make a continuous approximation of the state spagare and hardware failures which will occur at some time
underlying the PEPA model and represent it as a sehile executing in a sequence of long-running computa-
of ordinary differential equations (ODEs) for solutiontions. The intention of the analysis should be to model
rather than a continuous time, but discrete state spacgealistic Grid configurations, not idealised or simplified
Markov chain. versions of these, and to do this analysis inexpensively.
Many analysis methods in current use do not address
all of the above requirements well. Some methods are
1 Introduction scalable, but have long running times: simulation-based
methods [7, 8, 9] and genetic algorithm-based meth-
Grid engines such as Condor [4] and Sun Grid Engioes [10] could be considered to be in this category. As
(SGE) [5] allow users to queue up jobs for executicem analysis method simulation has the disadvantage that it
on cluster or grid technology to be executed when thédaves the additional burden of needing to compute con-



fidence intervals for the results. Other analysis method& are interested in the solution ofitial value prob-
have efficient solution procedures but do not scale wdkbms(IVPs) where the initial quantities of the components
Continuous-Time Markov Chains (CTMCs) as used in [2ff the problem are known and we wish to find out how
are in this category. Still other methods make strong sitirese change over time. Compared with modelling with
plifying assumptions or introduce gross approximatioi&TMCs, modelling with ODEs resembles most strongly
which compromise their accuracy. transient analysis of CTMCs: there is no implicit assump-
One approach to the problem of scalability is to ugn that the system reaches steady-state equilibrium and
a continuous approximation of the discrete state spage observe states of the system as time progresses, work-
underlying the mathematical representation of the modielg forwards from their initial values at time= 0.
For example, if there are 1000 jobs to be processed it mayzs noted by Gillespie and others [16, 17, 18, 19], the
be useful to think of a continuous flow of jobs, rather thatiifferential equation approach is applicable when there
singly representing each of the individual states as mege sufficiently large numbers of each interacting entity in
sures such athe number of completed jolggow in dis- the model (in our case these entities are jobs and servers).
crete unit steps. This is an approximation since it mahis makes this modelling approach particularly applica-
lead to the model being in a state in which 55.8 johgle to Grid-scale computing with large numbers of jobs
have completed which has no analogue in real life. Howxecuting on large compute clusters. In cases of only
ever, such systems can be readily represented as a set €thall number of jobs executing on a small number of
ordinary differential equations (ODEs). Solving such grocessors other analysis methods may be more accu-
system has low computational cost and modest memesye, including stochastic simulation [16, 18] or CTMC-
requirements when the system is concise. based solution. These methods are already available for
This is a significant advantage but suggesting to ug®: PEPA stochastic process algebra in tools such as the
ODEs directly as a modelling language for this applic®EPA Workbench [12], Nbius [20], PRISM [13] and
tion would be a questionable one. ODEs would be unfghe Imperial PEPA Compiler (IPC) [14]. Our differential
miliar to most of the practicising system managers wh@uation-based analysis complements these, and allows
are charged with running Grid services. For this reas®&EPA modelling to be applied to systems which are sig-
rather than work directly with ODEs we model with aificantly larger than those which can be modelled by sim-
high-level language of recursively defined communicajtation or CTMCs.
ing finite-state processes (the PEPA process algebra [3])The original contribution of the present paper is that it
and generate ODEs from this language [11]. is the first to report on the benefits of mapping stochas-
Models in the PEPA stochastic process algebra are c@8process algebras to ordinary differential equations for
cise, and under the application of Hillston’s method [113nalysis instead of to continuous-time Markov chains,
they generate a system of ODEs the number of whichsigmi-Markov processes or generalised semi-Markov pro-
linear in the number of distinct component types in thgsses. In addition, we believe it to be the first paper to
PEPA model. Thus there is no hidden cost in the usedHow the potential for ODEs, however they are obtained,
the high-level language but there are many advantag@she used as a modelling tool for Grid compute clusters.
Using other software tools [12, 13, 14], PEPA mode{ge suggest that this is particularly valuable for making
can be checked for freedom from deadlock, satisfactigdhid performance predictions to be used when on-line

of logical properties, or solved for steady-state or tragcheduling and re-scheduling decisions have to be made.
sient measures. Verification procedures such as these are

available for process algebras but not for ODES, so the use

of a high-level language confers additional benefits aboB&ucture of this paper: Section 2 presents an intro-

working with ODEs directly. duction to Performance Evaluation Process Algebra. Sec-
ODEs can be solved numerically using solvers whitton 3 presents a simple model of jobs and servers and

implement the Runge-Kutta method, or Rosenbrocldéscusses its mapping to a system of ODEs. Section 4

algorithm, or others. Numerical computing platformpresents the model extended with failures and repairs. A

offer high-level support for the solution of ODEs [15]discussion of related work and conclusions follow.



2 PEPA any other component: the original action type of a hidden
o _ activity is no longer externally accessible, to an observer

We present a brief introduction to PEPA to make ths to another component; the duration is unaffected.
present paper self-contained. For full details the readeiconstant: 4 & P Constants are components whose
is referred to [3]. o meaning is given by a defining equatiod: < P gives

In PEPA modelling a system is viewed as a set@h- e constantd the behaviour of the componeft This
ponentswvhich carry outctivitieseither individually or in i how we assign names to components (behaviours). An
cooperation with other components. Activities which aggpjicit recursion operator is not provided but components

private to the component in which they occur are reprgs infinite behaviour may be readily described using sets
sented by the distinguished action typeFach activity is ¢ mutually recursive defining equations.

characterized by aaction typeand a rate. This is written When PEPA is used to generate a CTMC model the

as a pair such a8y, r) whereq is the action type and L o
P agy, 1) o yp gctmty rater is interpreted as the parameter of an expo-

is theactivity rate This parameter may be any positiv tial distribution. the durati f tivity bei
real number, or may be unspecified. We use the dist§$n 1at distribution, the duration ot an activity being a ran-

guished symbol to indicate that the rate is not specifie om variable. When PEF.)A.'S used to generate a system
by this component. This component is said topassive of ODEs the activity rate is interpreted as a constant rate
with respect to this action type and the rate of the shar%dehange'
activity is defined by another component.

PEPA provides a set of combinators which allow.1 Derived forms and additional syntax
expressions to be built which define the behaviour of comz, | 4o <00 additiordarived formg“syntac-

ppnents via the activities that they engage in. These Cotﬁe'sugar”) for PEPA. These do not add any expressive
binators are presented below.

o ) O . . ower to the language or require any semantic rules in
F_>ref|x. (O"T)'P.' Prefix is the basic mechanism ba dition to those in [3]. We have seen one derived form
which the behaviours of components are construct

Thi binator imolies that after th th eady:P; | P, is a derived form for?; B P,
. IS com mg orimp '?S atarter the component has caryypan e are interested in transient %ehaviour we use
ried out activity(«a, r), it behaves as componeht

Choice: Pr + Py: Thi binat ‘ the deadlocked proceStopas defined in [21] to signal a
oice: 11 + £ This combinator represents a COMz omponent which performs no further actions. We con-

ith P P Al t activit Yer this to be simply an abbreviation for a deadlocked
either as componen®; or asP. current activities | o< as shown below.

of the two components are enabled. The first activity to

complete distinguishes one of these components and tl'§[0 def Ston > ((b.7).Sto b

other is then discarded. P (((a’r)' ) {a,b} ((b:). @) /{ab}
Cooperation: P1 DI P,: This describes the synchro-  gecayse we will be working with large numbers of jobs

nization of component# and P, over the activities in 5nq servers, we introduce another abbreviation: we write
the cooperation sét. The components may proceed mdep[n] to denoten copies of componerfe executing in par-
pendently with activities whose types do not belong to thigio| For example

set. A particular case of the cooperation is whiea- ().

In this case, components proceed with all activities inde- PBl=(P| PP PP

pendently. The notatioR, || P, is used as a shorthand for o

Py 1P, In a cooperation, the rate of a shared activignd refer to such an abbreviation asaaray of compo-
is defined as the rate of the slowest component. nents.

Hiding: P/L This component behaves lilké except We can add another dimension to the array. The three
that any activities of types within the setarehidden i.e. copies of the componerit in P[3](a, ] are required to
such an activity exhibits the unknown typand the activ- Synchronise on the actiomsandb. Thus,
ity can be regarded as an internal delay by the component. o
Such an activity cannot be carried out in cooperation with P{3)la, b] = (P Eil} P) 5?} P).



2.2 Interpreting a PEPA model as ODES  are completed, because they are not supplying the com-
putational effort to achieve this. To find the specification

bl i i F | t%sf those values we must look at the definition of a node,
variable varies over continuous time. For example, ich executes jobs.

temperature in a container may be modelled by an O
describing how the temperature will change dependent on

Nodeldle = (load,rg).Nodel
the current temperature and pressure. The pressure can o
be similarly modelled and the equations together form a Nodel = (stagelr;).Node2
system of ODEs describing the state of the container. Node2 £ (stage2r,).Node3
In a PEPA model the state at any current time is the def
local derivative or state of each component of the model. Node3 = (stage3rs).Node4
When we have large numbers of repeated components it Node4 £ (unload rp).Nodeldle

can make sense to represent each component type as a

continuous variable, and the state of the model as a whBigilarly here each component will generate a distinct
as the set of such variables. The evolution of each seRPE modelling its evolution.

variable can then be described by an ODE. The PEPAN the example we consider jobs where the first stage
definitions of the component specify the activities whidls the cheapest, the second takes twice as long as the first
can increase or decrease the number of components exaitd the third takes twice as long as the second. Loading
ited in the current state. The cooperations show when tred unloading have equal, unit, cost.

number of instances of another component will have an

influence on the evolution of this component. Rate | Value | Interpretation
ro |1 (Un)loading takes one time unijt
ri |01 Stage 1 takes ten time units

3 Modelling jobs and servers ro | 0.05 | Stage 2 takes twenty time units
ra 0.025 | Stage 3 takes forty time units

We begin to describe modelling jobs and servers, start-
ing with a simplistic model which we will improve byWe could add more stages to jobs or vary these rates to
adding more realistic detail later. Consider jobs with @odel jobs with a different execution profile, as neces-
number of ordered stages. Here we consider jobs whigfy. The stages are chosen to have the above simple rela-
consist of three ordered stages. Jobs must be loaded oritership in their cost in order to assist the readers’ intuitive
node before execution. Stage 1 must be completed befditgrpretation of the results computed below (rather than
Stage 2 and Stage 2 before Stage 3. After Stage 3 thetfprepresent realistic Grid compute jobs).

is cleared by being unloaded from the node. At that stage/Ve consider the system initiated as

the job is finished. The PEPA model is below.
Nodeldlg100] B Job[1000]

Job £ (load, T).Jobl _
det whereL is { load, stagelstage2stage3unload}.
Jobl = (stagelT).Job2 Thus in the ODE system the variables corresponding to
Job2 £ (stage2T).Job3 Nodeldleand Jobwill have the initial values shown; all
Job3 & (stage3T).Clearin other variables will be set t.o zero. Our tool automat_lcally
_ ot (stage3T) o ¢ generates the corresponding system of ODEs taking the
Clearing = (unload T).Finished PEPA model as input and producing input suitable for a
Finished £ Stop third party differential equation solution tool.

Jobs differ from nodes in the obvious way, in that the
Each of these components will correspond to a contirate at which jobs are executed depends on the number of
uous variable in the system of ODEs. Note that in thiedes but not on the number of jobs, save that this must be
model they do not determine the rate at which the staggeater than zero. (Adding more jobs to the queue cannot
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Figure 1: Plot showing the stages of utilisation of theigure 2: Plot showing the number of jobs of each stage
nodes while executing 1000 jobs on a cluster of 1@¢hile executing 1000 jobs on a cluster of 100 nodes. Jobs
nodes. All nodes are initially and finally idle. are successively completed until all 1000 are finished.

increase the collective rate at which they are completed,:igure 2 shows that jobs progress through the system
but adding more nodes to the cluster can.) - in linear fashion. We note that the number of unstarted

We compute the collective rate for executing a stagejgps drops quickly as the nodes first become loaded (the
a function of the computational cost of jqbs of this clag}]arp drop at the start of the graph) and then decreases
(ther; above), the number of nodes at stagfi), and & steadily as jobs are successively completed. The rate at
function on the number of jobs of clasgJ;): which the remaining stage 3 jobs are completed decreases
as the supply of jobs runs out and more nodes are idle.

Iy X min(Ni,Ji)
Our differential equation solution tool does not support ) )
themin function so we approximate this by 4 A failure/repair model
Fi x Ni > 0(J) We now present a model which represents the failures

where thed functiort is used to disable execution of job&nd repairs of nodes. Such a model needs to describe at

of classi, when there are none (by setting the rate to 0yhat points in the system evolution failures can occur, and
Thed function is below: identify the consequences of the failures. For example, is
. a job lost entirely if its host node fails, or just the current
1 ifz>0
O(z) = . stage? Formal languages such as process algebras are well
0 otherwise . . : o .
suited to this task, making explicit consequences which
The analysis of the model is shown in Figures 1 and might be underspecified in other modelling approaches,
Figure 1 shows the average number of nodes of each stegen for widely-studied systems [23].
as a function of time. Because the second stage of eachlere we take the modelling decision to ignore the
job is twice as expensive to compute as the first, thgretential failures which could occur during the very brief
are on average twice as many nodes executing the secgtades of loading and unloading jobs. We model a fail-
stage of a job at any time, and the same comparison halde and repair cycle taking a job back to re-execute the
for the second and third stages. present stage (rather than restart the execution of the job
1some efficient stochastic simulation algorithms, such as “tau-lea:;[%pm t.he beginning). The. r.nOdlfl(.ad PEPA qescnptlon of a
algorithms [22] cannot be used on models containing non-differentiahl@d€ is below. The definition of jobs remains unchanged.

functions such a8.




Grid engine — failure/repair

Grid engine — failure/repair

100 T T T T T T T 1000 T T T T b R RBRFHR
—_— X
ggg; —x XX 7 * Clearing -+
Node3 x> ™ Finished -~
sk ode3 —*— o | 800 - X Job —*— |
Noded —s— X < Jobl —8—
NodeFailed1 © < e Job2
i NodeFailed2 o < Nl Tob3
60 [ NodeFailed3 + X i 600 - b i
° i Nodeldle x X o Nl
x
40 - 400 N 4
] *
x
F X
20 T, 7 200 X 7
. et i S Cons, e, Ny
F SBAAAN gy X
(a0, N s T T Pe L PN fiv v s ‘
0 Es 0 i £
0 200 400 600 800 1000 1200 1400 1600 1800 2000 0 200 400 600 800 1000 1200 1400 1600 1800 2000

time

time

Figure 3: Plot showing the stages of utilisation of theigure 4: Plot showing the number of jobs of each stage
nodes while executing 1000 jobs on a cluster of 1@thile executing 1000 jobs on a cluster of 100 nodes in
nodes. Nodes which fail at each stage are recorded. i failure/repair model. Jobs are restarted from the stage

nodes are initially and finally functioning and idle.

where they failed.

Rate | Value | Interpretation
ot rs | 0.0025| On average 1in 10 stage 3
Nodeldle = (load,rp).Nodel jobs will fail
Nodel £ (stagelr;).Node2 rs | 0.0025| Repairing may require the reboot
(faill,r4).NodeFailed1 of a node
Node2 = (stage2r).Node3 The results of evaluating this model are shown in Fig-
(fail2, r4).NodeFailed2 UVTES -?(] a”OI' 4. ) I f
ot vidently, in the presence of failures the makespan for
Node3 = (stage3rs).Node4 the jobs is considerably longer. We also see the number of
(fail3, r4).NodeFailed3 failed nodes rising from the initial configuration where all
def nodes are initially functioning. The system reaches loca
Node4 (unload ro).Nodeldle d__ _ ially functioning. Th : hes local
) det ) equilibrium just before the supply of jobs runs out. We
NodeFailedl = (repairl rs).Nodel can see that the rate at which jobs are collectively being
NodeFailed2 £ (repair2, rs).Node2 completed drops off as more and more nodes become idle
. e . towards the end of the run.
NodeFailed3 £ (repair3, rs).Node3

5 Related work

With regard to the rates of failure of jobs, we estimatérid computing has emerged as a potential next gener-
that one in ten jobs may fail during stage 3 (and so oa#on platform for solving large-scale problems in many

in 20 during stage 2 and one in 40 during stage 1) afields, involving millions of heterogeneous resources scat-
that the cost of repairs is relatively high, perhaps requiering across multiple locations. A sophisticated approach
ing a reboot of the failed node. We model the repair proiust be taken to analyse and fine-tune the algorithms
cess being automatically initiated after failure, without tHeefore applying them to the real systems. Simulation

need for operator intervention. appears to be the most commonly used way to analyse



algorithms on large-scale distributed systems of heterogesdelling approaches but they are the conditions under
neous resources. Several simulators have therefore bebith the approximation introduced by the use of ODEs
conceived and developed for Grids. Thus, the GridSimduces the least error. Large populations of computa-
toolkit [7] allows modelling and simulation of entitiestional nodes and compute jobs are characteristic of Grid
in parallel and distributed computing for the design armbmputing, so the approach is applicable there.

evaluation of scheduling algorithms. Its primary objec- ODEs are a deterministic modelling formalism where
tive is to investigate effective resource allocation tecfhe duration of events is constant. This contrasts markedly
niques based on computational economy through sinyith stochastic modelling with exponential distributions
lation. Other simulation tools aim to design and evalugid we need to be cautious about whether or not this is
Grid middleware, applications and network services fappropriate for the modelling which we are undertaking.

the computational Grid, as for example MicroGrid [9]. Grid compute clusters are frequently used for scien-

OptorSim [8] focuses on data management, exploring iffic and numerical computing. This has as its building

statiopary and transient behaviour of several optimisatig%cks numerical routines such as matrix vector multipli-
teChquE’TS tq reduge dgta access COSFS' . _cation. These algorithms have low data dependency and
Our objectives d.n‘fer in that we are mteresteq N QU e dictable running times. So much so, in fact, that mod-
gbgrac&t mcl)delsdwnhd notﬁoncern 'for da]:[a;.h Tgijﬁzﬁ ing these by constant distributions may be more accu-
e'F‘gt ceve %Peh Cu;n_der ? altJ.Sp'CE’S Ot Ei d C} e than modelling them by exponentials. We have no
project in which 'ond application are structure USIngnalytical or experimental evidence to suggest that the
algorithmic skeletons{24], a PEPA template compon -time of a routine which multiplies a matrix by a vec-

being de\_/eloped f°f e"’?"h skeleton. The charactenstegf,on the right varies according to an exponential distri-
of a particular application and the current state of tq)% ;

o tion.

Grid infrastructure are used to generate and parameterise ) i

a PEPA model which is used to investigate different pos- | "€ Modelling reported here has the potential to scale
sible mappings of tasks to processors to larger, more complex systems, leading towards realis-

The approach of resorting to a continuous approxim% modelling of Grid computations. Our present model of
tion of a state space composed of many discrete entit

ré'd nodes executing multi-stage jobs is only a proof-of-
has previously been applied to performance modelsqﬂ_nCEpt of the usability of the analysis method, encour-
the context of both queues (e.g. [25]) and stochastic P%Q

ing us to more forwards towards more realistic mod-
nets [26]. Other authors have applied ODEs directly

s. How best to apply the results of the modelling also
work-stealing algorithms executing in a multi-processé‘?maInS as quure .v_vork, as does ful!y unders;andmg the
environment [27] and distributed load-balancing usi nge of applicability of the modelling technique used
greedy algorithms [28]. To the best of our knowledge t re.
use of continuous approximation has not been previously
applied to process algebra models.
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