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Abstract
Heterogeneousnetworks are increasinglybeing usedasplatforms for resource-intensive

distributed parallel applications. A critical contributor to the performanceof such appli-
cations is the scheduling of constituent application tasks on the network. Sinceoften the
distributed resourcescannot be brought under the control of a singleglobal scheduler, the
application must be scheduledby the user. To obtain the best performance,the usermust
take into account both application-speci¯c and dynamic systeminformation in developing
a schedule which meetshis or her performancecriteria.

In this paper, we de¯ne a set of principles underlying application-lev el scheduling
and describeour work-in-progressbuilding AppLeS (application-level scheduling) agents.
We illustrate the application-level scheduling approach with a detailed description and
results for a distributed 2D Jacobi application on two production heterogeneousplatforms.
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any single system [1]. Parallel applications targeted to such systemsare typically resource-

intensive, i.e. they require more resourcesthan are available at a single site [16]. Critical

resourcesmay include large aggregatedand distributed memory, ¯xed data sources,local tem-

porary storageand computational cycles. Performanceis de¯ned by the user, and may mean

di®erent things for di®erent applications, however achieving it generally requiresthe e±cient

useof all relevant resources.

Despite the performancepotential that distributed systemso®erfor resource-intensive par-

allel applications, actually achieving the user'sperformancegoalscan be di±cult. One of the

most fundamental problems that must be solved to realize good performanceis the determi-

nation of an e±cient schedule. E®ective scheduling by the application developer or end-user

involves the integration of application-speci¯c and system-speci¯c information, and is depen-

dent on the dynamic interactions betweenan application and the relevant system(s).

Currently, the performance-seekingend-usermust develop schedulesfor distributed hetero-

geneousapplications o®-line, using intuition to predict how the application will perform at

the time it will execute. The usersor application developers must select a con¯guration of

resourcesbasedon load and availabilit y, evaluate the potential performanceof their application

on such con¯gurations (basedon their own performancecriteria), and interact with the relevant

resourcemanagement systemsin order to implement the application. At the sametime, other

users(running their own applications) draw from the sameset of resources,each seekingto

achieve his or her own performancegoals. When multiple userscontend for resources,only a

fraction of the resourceperformancecan be deliveredto each.

In this pap er, we describ e an application-sp eci¯c approac h to scheduling indi-

vidual parallel applications on pro duction heterogeneous systems. We are develop-

ing software to facilitate and improve upon the scheduling activities of the user. Our goal

is to develop scheduling agents that perform this task for the user at machine speedsand

with more comprehensive information. We term theseagents AppLeS { Application-Lev el

Schedulers . Each application will have its own AppLeS to determinea performance-e±cient
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schedule,and to implement that schedulewith respect to the appropriate resourcemanagement

systems.

Note that AppLeS is not a resourcemanagement system;rather, it interacts with systems

such as Globus [3, 11], Legion [12, 17], or PVM [9, 20] to perform that function. As such,

AppLeS is an application-managemen t system which managesthe scheduling of the appli-

cation for the bene¯t of the end-user.

In the next subsection,we describe our approach for AppLeS.

1.1 Scheduling from the Perspectiv e of the Application

Application-level scheduling is basedon four underlying principles:
² Application- and system-sp eci¯c information is needed for good schedules.

Users determine good schedulesfor their applications basedon their perception of system ca-
pabilities, and their knowledge of the structure and requirements of their application. The
frequency of communication and computation, the amount of memory required, the number,
type, and size of application data structures are matched with the granularit y of the compu-
tational platforms, network speed and bandwidth, and other system attributes to develop a
performance-e±cient schedule.

² Dynamic information is necessary to determine system state.
Users base candidate schedules on knowledge of which machines are available and which are
heavily or lightly loaded. This load varies over time and with usageof system resources. If
a choice of networks or computational platforms is available, the user will combine his/her
knowledgeof how the application will use the system with the current or predicted load on its
resources.

² Go od schedules in volv e some prediction of application and system performance .
Prediction provides the basis for most scheduling. The user predicts how their application will
executeon the systemand usesthis prediction to choosea performance-e±cient schedule. Such
predictions are di±cult to make accurately sincethe systemvaries over time due to contention,
and application performancemay be dependent on both data and system load. However, sim-
plifying the model of the systemor application excessively to make the prediction task easieris
not always fruitful. Optima for a simpli¯ed model may not correlate with optimal behavior in
practice. In particular, application and system models must be su±ciently complex to expose
real phenomena.

² All resources can be evaluated strictly in terms of the performance they deliv er to
the application .
Notice that, from the perspective of the application (or user), each resourceis judged ultimately
on how much it bene¯ts the application's execution. Users de¯ne di®erent criteria for perfor-
mance(speed,cost, etc.), but the decisionabout which resourcesto use,and when to usethem,
is basedon how they will perform (in terms of the speci¯c criteria) when executing the user's
application.

The AppLeS approach is to useparameterizableapplication- and system-speci¯c modelsto

predict application performanceusing a given set of resources.Using thesemodels in conjunc-
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tion with forecastsof expectedresourceload, an AppLeSagent can selecta resourceset and an

application schedule by evaluating various candidate mappings. The mapping that generates

the best expectedperformanceis chosenand implemented on the target resourcemanagement

system(s).

Note that a fundamental di®erencebetween the AppLeS approach and system-oriented

schedulers is that for AppLeS, everything about the system is exp erienced from the

poin t of view of the application . If the candidate resourcesfor the application are lightly

loaded, then the system appears lightly loaded to the application regardlessof the load on

other resources.If the candidateresourcesare heavily loaded,then the systemappearsheavily

loaded.

In the next section, we utilize the application-level scheduling approach to develop an ef-

¯cient schedule for a distributed Jacobi data-parallel code. The example serves as a \pro of

of concept" for the principles underlying the AppLeS approach, and serves to illuminate the

components required for generalapplication-oriented scheduling agents. After discussingthe

Jacobi examplein detail, we will describe our current e®ortsto build generalAppLeS agents

for scheduling in Section4.

2 Application-Lev el Scheduling of Jacobi2D
In this section,we illustrate and motivate our approach using a simpleapplication. We discuss

the development of an application-level schedule for a distributed 2D Jacobi application in

detail and present performancedata.

Considerthe problem of executinga distributed data-parallel two dimensionalJacobi iter-

ative solver (Jacobi2D ) using a heterogeneousnetwork of machines. The Jacobi method is

commonly used to solve the ¯nite-di®erenceapproximation to Poisson'sequation [15] which

arisesin many heat °ow, electrostatic, and gravitational problems. Variable coe±cients are

represented aselements of a two-dimensionalgrid. At each iteration, the newvalueof each grid

element is de¯ned to be the averageof its four nearestneighbors during the previous iteration

(seeFigure 1).
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Figure 1: Five-point Jacobi Com-

putation

P0 P1 P2

Figure 2: Strip data partitioning for

three processorswhereprocessorP0

is twice as fast as processorP1 or

P2.

Typically, the Jacobi computation is parallelized by partitioning the grid into rectangular

regions,and then assigningeach region to a di®erent processor.This decomposition strategy is

favorable becausea processorneedonly obtain the border elements for its region during each

iteration. The amount of computational work scalesas the area of each region, whereasthe

amount of delay due to communication scalesas the perimeter. A small number of big regions

will yield good processore±ciencies,but may sacri¯ce parallelism. Conversely, a large number

of small regionsmay incur large communication overhead. In our example,the userwishesto

identify a partitioning that yields the lowest possibleexecutiontime. Solving the partitioning

problem optimally is NP-complete,so it is necessaryfor the userto employ heuristics to arrive

at a \good" solution.

2.1 Deriving Partitions that Optimize Resource Performance
The versionof Jacobi2Dwe usein this exampleis written in a data-parallel SPMD style using

KeLP [6, 5]. The KeLP systemprovides high-level abstractions, in the form of C++ objects,

that support runtime data decomposition. In addition, the details associated with message

passingin distributed-memory computing environments are buried in the abstractionsmaking

the code portable and easyto maintain.
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An ideal partitioning will assignregionsof the Jacobigrid to processorssuch that the areaof

each regionmatchesthe performancecapability of the processorto which it is assigned.Faster

processorsshould compute over larger regionsthan slower ones. In particular, computational

time is optimized when the ratio of each rectangular area of the grid to the total grid area

most closelymatchesthe ratio of the power of the processorto which the rectangular area is

allocated to the total processingpower available.

However, it is not simply a processor'scomputational time that de¯nes its performance

capability for Jacobi2D. The performancecapability of each processordepends on how fast

each processorcan locally compute an element of the Jacobi matrix, and how quickly each

processorcan communicate its border elements with its neighboring processors. These two

factors most dramatically a®ectexecutiontime of this application.

To derive partitions that balanceresourceperformance,we formulate the partitioning prob-

lem as an analytical model. Let

Ti = time for processor i to compute region i
A i = the area of region i
Pi = the time required for processor i to compute a single point locally
Ci = the time for processor i to send and receive its borders

for i in I regionsand processors.The time each processorspendscomputingand communicating

during a single iteration of Jacobi2Dcan then be represented as

Ti = A i ¤ Pi + Ci

This equation predicts the execution time (including the time spent communicating) for each

processor. If all partitions are scheduledsimultaneously, then the execution time for a single

iteration will be equal to the maximum value of Ti . We can balancethe time each processor

spendscomputing and communicating by setting all Ti equaland solving the resulting system

of equationsfor A i . For a grid with N rows and M columns,let

T1 = T2 = T3 = : : : = TI (1)
IX

i =1

A i = N ¤ M
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We restrict the legal partitions to those which only considera single dimension(i.e. strip

partitions, shown in Figure 2), so that Ci doesnot depend on A i . For this type of partitioning,

the systemof equations(1) is linear and can be solved quickly by conventional methods.

For a strip partitioning, we let

Ci =

8
>><

>>:

Recv(i ¡ 1; i ) + Recv(i + 1; i ) + Send(i; i ¡ 1) + Send(i; i + 1) for i > = 2 and i < = (I ¡ 1)
Recv(i + 1; i ) + Send(i; i + 1) for i = 1
Recv(i ¡ 1; i ) + Send(i; i ¡ 1) for i = I

whereRecv(i; j ) = time to receive N elementsfrom processor i on processor j
Send(i; j ) = time to send N elementsfrom processor i to processor j

N = number of elementsin the dimension not being partitioned

We can solve the linear system of equations(1) in O(I 3) by simple Gaussianelimination

for each A i . Note, however, that there is no guarantee that each A i correspondsto an integral

number of columns(or rows). To complete the strip decomposition, we must then round the

partitions accordingly.

2.2 Predicting System State with the Net work Weather Service

To solve the linear systemof equations(1), we require asparametersthe time required to send

and receive N elements from each processorto its neighbors (Send(i; j ) and Recv(i; j )), and

the time required to computea singleelement on each processor(Pi ).

We can model the sendand receive times as

Send(i; j ) = N ¤ sizeof (element)=Bandwidth (i; j )
Recv(i; j ) = N ¤ sizeof (element)=Bandwidth (j ; i )

whereBandwidth (i; j ) = data rate supported by the link between i and j

Note that N and sizeof (element) are both time-invariant parametersof the problem being

solved. Similarly, we can model the per point compute time on each processori as

Pi = PUnloadedi =CPUi where
PUnloadedi = the time to compute a single point on an unloaded processor i; and

CPUi = the percentageof time processor i spendsexecuting partition i
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Thesequantities will vary over time due to resourcecontention. Bandwidth (i; j ) will be

de¯ned (in part) by the volumeand frequencyof tra±c crossingthe link from i to j . CPUi will

depend on the number of additional processesexecutingon processori , and the way in which

each CPU is managed.Typically, if the systemis time shared,the percentage of time a CPU

is devoted to any one job is some\fair share" of the total CPU time; however, that sharewill

changeas jobs enter and leave the system.

Moreover, the estimatesof Send(i; j ), Recv(i; j ), and Pi must be accurateat the time the

application will be scheduled which is not necessarilythe time at which the partition is

derived. The scheduler, therefore,requiresa forecastof the valuesof Send(i; j ), Recv(i; j ), and

Pi for the time frame in which the application will execute.

We have developed a separatefacility called the Net work Weather Service which dy-

namically suppliesvaluesand forecastsfor CPUi for all i , and Bandwidth (i; j ) for all i and j

in a networked system. The Network Weather Serviceis outlined in Section4. For Jacobi2D,

the Network WeatherServiceuseddynamic probesand load history to help forecastCPUi and

Bandwidth (i; j ) at the time the application was to be scheduled.

2.3 Resource Selection and Scheduling

Most usersnaturally focuson resourcesthey perceive asbeing \close". For the Jacobi applica-

tion, we can formally de¯ne the logical \distance" betweenresourcesand prioritize a resource

set basedon this metric. Note that distance between resources is meaningful to the ap-

plication only in terms of how the resources will be used. Recall that for a given grid

region of sizeN 2, the computation in each partition scalesas O(N 2) and the communication

scalesas O(N ). We can use this relationship to de¯ne the distance between processorsfor

Jacobi2D.Let

Pi = the forecast time required for processor i to compute a single point locally
CE(i; j ) = the forecast time for processor i to send and receive a single element to

and from processor j
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Then D(i; j ) = N 2 ¤ (jPi ¡ Pj j) + N ¤ (CE(i; j ) + CE(j ; i ))

de¯nes a distance measurebetween processorsi and j for a arbitrary problem size N . Two

processorsare near to each other in Jacobi2D if their interprocesscommunication is fast, and

if they are relatively equal in terms of their speed.

To selectresourcesfrom the global resourcepool, westart by identifying a candidatemachine

to serve as the locus. For example,the user'smachine or the fastestmachine in a cluster may

serve as the locus. The rest of the machines are then sorted according to their distance D

from the locus. Note that di®erent orderingsmay be determinedfor distinct loci. The ¯rst K

elements of the sorted list are de¯ned to be the \closest" resourceset containing K machines.

For Jacobi2D, the workstation with the fastest CPU was usedas one such locus. We then

usedthe algorithm in Figure 3 to determinea candidateresourceset. The algorithm iterativ ely

let head = locus
let tail = locus
for i in 1 to I-1

Þnd the machine m such that D(tail,m) is a
minimum and m is not already on the list

add m to the tail of the list
let tail = m

end

Figure 3: Prioritizing the resourcesbased

on \distance".

let locus = machine having the maximum criterion value
let list = a sort of the remaining machines according to

their logical distance
for k in 0 to I-1

let S = {locus + the Þrst k elements of list}
parameterize C_i and P_i for 1 <= i <= |S| with

Weather Service forecasts
solve linear system of equations using this parameterization
if(not all A_i > 0)

reject partitioning as infeasible
else if(there exists an A_i that does not it in free memory

of processor i)
reject partitioning as infeasible

else record expected execution time for subset S
end
implement, the partitioning corresponding to the minimum

execution time using the S for which it was computed

Figure 4: Resourceselectionand scheduling algo-

rithm for Jacobi2D.

¯nds the machine that is closestto the current tail, and adds that machine at the tail end of

the list. After all I machines have beenadded, the algorithm terminates with each machine

logically closestto those adjacent to it in the list. This form of sorting is useful for a strip

decomposition of Jacobi2Das processorsonly communicate with at most two neighbors.
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Having derived the resourcelist, the Jacobi2Dscheduler then proceedsto comparedi®erent

potential partitionings using subsetsof the total list. It starts by estimating the execution

time on the locus machine. Next, it considersa two processorpartition using the ¯rst two

processorson the list. It parameterizesthe linear system of equations for I = 2 processors,

and consultsthe Network Weather Servicefor the performanceforecaststhat pertain to those

two machines. After solving the linear system, it recordsthe estimated execution time of the

resulting partition. A three processorpartitioning using the ¯rst three processorsfrom the

sorted resourcelist is considerednext. The estimated execution time for the three processor

systemis recorded,and the algorithm continuesuntil all processorsfrom the list are considered

or someprede¯ned maximum logical distance from the locus is reached. Finally, a processor

set and a partitioning and scheduleyielding the minimum estimatedexecutiontime are chosen

as the \b est" schedulefor that locus.

Each time a partition is generatedin the process,it is checkedfor feasibility. Two ¯lters are

employed to remove infeasiblepartitions from thoseultimately consideredfor scheduling. The

¯rst ¯lter removespartitions that have negative valuesof A i . Thesecorrespond to mappings

where the communication time is so great, the processormust compute a negative number of

elements (implying a negative executiontime) in order to ¯nish with the other processors.The

second¯lter checks to make sure that the size of each partition ¯ts within the free memory

(forecastby the Network Weather Service)available on the machine to which it is assigned.

The resourceselectionand scheduling method usedby our exampleJacobi2Dschedulercan

be summarizedby the pseudocode in Figure 4.

2.4 Scheduling Jacobi2D and the AppLeS PrincipLeS

The scheduling approach we have described for Jacobi2D usesthe principles outlined in Sec-

tion 1.1 and in fact is an exampleof an AppLeS.Application-speci¯c and system-speci¯c infor-

mation are usedthroughout the scheduler, both to generateschedulesand to selectresources.
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Dynamic systeminformation is provided via the Network WeatherServiceto parameterizeper-

formancemodels. Predictive modelsareusedto evaluate and rank candidateschedules.Finally

and perhapsmost important, all resourcesare consideredstrictly in terms of how they a®ect

application performance.

Using this application-level approach to scheduling, the natural question becomes\How

performance-e±cient is the schedulethat it generates?"Wedescribeexperiments which address

this question in the next section.

3 Performance Results for the Jacobi2D Application-
Level Schedule

To determine the e®ectivenessof the application-level scheduling approach, it is important to

answer the following questions:

² How does the execution time of Jacobi2D using an AppLeS schedule compare to a schedule
determined using a widely-acceptedconventional method?

² What is the e®ectof using dynamically forecast resourceperformancedata in the application-
level scheduling approach?

² What is the e®ectof automatic resourceselectionin the application-level scheduling approach?

To addressthese questions, we compared four partitioning methods for the sameKeLP

implementation of Jacobi2D. The ¯rst method [Compile-time blo cked] usesa conventional

HPF-style [14] block partitioning in which each processoris assigned(at compile-time) a rela-

tiv ely equal-sizedsquareregion of the grid to compute. The other three partitioning methods

utilize versionsof the application-level scheduling approach described in the previous section.

Partitioning method 2 [Compile-time AppLeS ] usesgood static estimatesfor resourceperfor-

manceand usesresourceselectionto selecta resourceset from the total resources.Partitioning

method 3 [Run time AppLeS/No Select] usesdynamic estimatesfrom the Network Weather

Servicefor resourceperformancebut assumesthat the userwants to useall available resources.

Partitioning method 4 [Run time AppLeS ] usesdynamic estimatesand resourceselection{ it

constitutesthe full application-level schedulingapproach discussedin the last section. Note that

partitioning methods 3 and 4 utilize Network Weather Servicedata and somust be performed
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at run-time, whereaspartitioning methods 1 and 2 usestatic data and may be performed at

compile-time.

All four versions¯rst partition and distribute the grid, and then executethe Jacobi solver.

That is, the data and computations are scheduled on the processorsonce before execution

begins,and remain there for the duration of the execution. Becauseof spaceconstraints, we do

not discusshere the option of redistributing the grid should the load on the systemresources

changeduring execution. This °exibilit y is provided in our approach and the AppLeS software

described in the next section.

3.1 Execution Performance

To investigatethe relativeexecutionperformanceof the four partitioning methods,weusedeight

non-dedicatedworkstations located at the San Diego Supercomputer Center (SDSC) and the

U.C. SanDiegoParallel Computation Laboratory (UCSD-PCL). The workstation set consisted

of a Sun Sparc-2,a Sun Sparc-10,and two IBM RS6000workstations located at UCSD, and

four DEC Alpha workstations located at SDSC.Numeric format conversionswere handled by

KeLP which usesMPI as its underlying communication substrate. The network connecting

these systemswas also heterogeneousand non-dedicated. Within the PCL, the Suns were

attached to an ethernet segment sharedby several other systems.The RS6000swereconnected

to a di®erent segment (alsosharedby other ambient machines)and a gateway which linked the

two segments. At SDSC,the Alpha workstations wereconnectedto non-dedicatedFDDI ring.

The con¯guration is shown in Figure 5.

All systemsand networks were sharedand used in \pro duction mode" while we ran our

experiments. Sinceconditions might changebetweenone executionand the next (due to con-

tention) we madeseveral runs for each problem size,and reported the averageexecutiontime

of a single iteration. During each experiment, we ran one instance of each of the four parti-

tioning methods back-to-back hoping that all four executionswould enjoy similar conditions,
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Figure 6: Execution times for Jacobi2D.

on average. Figure 6 shows the averageiteration execution times (in seconds)for a range of

problem sizes. In each case,a squaregrid having the problem size dimension (shown in the

¯gure) was used.

In the experiments, application-level scheduling is able to outperform the block partitioning

becauseit usesits performancemodel to predict how well each resourcewill perform when

executing a piece of Jacobi2D. It usesthat prediction to determine how much of the grid

should be assignedto each machine. Notice also, that the bene¯t gained from using dynamic

performanceforecastsis substantial. Lessobvious, however, is the improvement gainedthrough

resourceselection. While the version that usedresourceselectiondoes run between25% and

50%faster than the non-selectingruntime AppLeS, the relative improvement comparedto the

blocked implementation is not large. However, the range of feasiblepartitions for the non-

selecting runtime AppLeS is limited. For example, under the conditions during which the

experiments were conducted, it was not possibleto balancethe execution time for a 500 by

500 element problem. The communication delay betweenUCSD and SDSCwas so great that

processorsin either end would needto compute for a negative amount of time to compensate.

In Figure 7 we show executiontime data for a wider rangeof problem sizesusing Compile-

time Blocked, and the full AppLeS partitioner. Without resourceselection, AppLeS would

only be able to compute reliably (depending on contention conditions) over the 1000to 2000

13



problem sizedomain. We also show the predicted execution time AppLeS computed for each

run. For each problem size,we plot the time that the performancemodel predicted against the

actual execution time that resulted for each mapping. It is the accuracyof the performance

model that allows AppLeS to choosegood resourcemappings.
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Figure 7: Execution times for Jacobi2D.

Note alsothe largespike in executiontime for the blocked partitioning at the 1900problem

size abscissa. During one experimental run at that size, a network gateway between UCSD

and SDSC went down forcing all communications between the two to usean alternative and

much slower route. The AppLeS agent (through Network Weather Servicereadings)was able

to detect the sudden drop in available bandwidth and avoid partitionings that spannedthe

a®ectedlink.

3.2 Partitioning for Memory Av ailabilit y

Distributed parallel execution also allows an application to aggregatememory resourcesso

that problems that are larger than will ¯t into any single memory may be solved. Indeed,

the motivation behind the parallel implementation of many codesstemsfrom the needto use

collections of memory systemsrather than a desire for concurrent execution. To investigate

the abilit y of the AppLeS approach to e®ectively aggregatememory, we addedto the resource

pool two IBM SP-2processorswith 128megabytes of real memoryeach. The SP-2usesvirtual
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memory on each of its nodes so that more than 128 megabytes of memory may be used.

However, memory is pagedto disk causingreferencetimes to increasedramatically when the

real memory of the systemis exceeded.During the experiments, we had dedicatedaccessto

the two SP-2processorsand the link betweenthem, but they wereconnectedto the rest of the

resourcesvia a sharedethernet segment. Figure 8 shows the resourcepool including the SP-2

nodes.
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Figure 9: Partitioning and Memory Usage.

Sincethe processorswerecompletelyunloaded,and their connectivity to the other resources

su®eredfrom contention, the best partitioning (yielding the shortest execution time) was to

split the grid evenly between the two SP-2 nodes as long as neither partition exceededthe

available real memory on each node. However, when the problem size causedthe partitions

to spill out of the available real memory, the resulting delays due to paging causedexecution

time to increasesubstantially . In Figure 9 we show the executiontime of a blocked partitioning

using the SP-2processorsonly versusthe AppLeS approach for Jacobi2D.

For problem sizeslessthan 3900by 3900,AppLeS correctly chosethe mapping using the

SP-2 processorsand exhibited nearly identical execution times to the blocked mapping. As

problem sizeincreased,the SP-2beganpaging,causingexecutiontime to increaseto the point
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where use of these processorswas no longer feasible. The AppLeS agent was able to locate

memory elsewherewithin the resourcepool e®ectively. At each problem sizebeyond 3900,the

AppLeS was able to ¯nd memory it could use e®ectively without a dramatic change in the

performancetra jectory.

Thus far we have shown how the AppLeS approach was used e®ectively to determine

a performance-e±cient (and non-obvious) schedule for Jacobi2D. It was important to walk

through this examplein detail to demonstratethis approach. We now discusshow the AppLeS

approach can be used as the basis for the design of generalsoftware agents which facilitate

application-level scheduling for distributed parallel applications.

4 Dev eloping General AppLeS Agen ts

It is clear from the previoussectionsthat application-level scheduling can be usede®ectively to

achieve performancefor distributed applications. However, to develop generalAppLeS agents,

we had to convince ourselvesthat the following questionscould be answeredin the a±rmativ e:

² Is the application-level approach for selectinga performance-e±cient schedule generalizable?

² Is it possible to obtain the appropriate level of application and system information (from the
user or through analysis) from which e±cient schedulesmay be derived?

To addressthe ¯rst question,observe that in the development of the application-level sched-

ule for Jacobi2D,our approach did not rely particularly on the choiceof algorithm, implemen-

tation language,or programming style for success.The organization of the AppLeS software

mimics how a diligent user would schedule his or her application. The characteristics of the

application are relevant only asthey pertain to modeling its performance.In AppLeS,we mod-

ularize application-speci¯c, system-speci¯c and dynamic information and usethis information

to parameterizethe generalapproach.

To addressthe secondquestion,we developed a set of data sourcesto provide the relevant

application- and system-speci¯c information. The Network Weather Servicewas designedto

provide dynamic systeminformation and short-term forecasts.Application-speci¯c information
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is provided through a HeterogeneousApplication Template(or HAT) which distills much of the

information from the application relevant to performanceestimation. Additional information

which re°ects the user'spreferences,accessto resources,etc. is provided in a UserSpeci¯cation

File. Note that for AppLeS,as in practice, the morecompletethe application information that

is available to the scheduler, the better the schedule.

AppLeS is currently a work-in-progress. The software has been designedand the under-

lying building blocks are currently being prototyped. We are working with researchers from

the Legion project [12], [17] and from the Globus project [3], [11] to prototype AppLeS as

the application-level scheduler for these resourcemanagement systems. In addition, we are

progressingon an implementation which usesPVM [9] as the underlying substrate.

Note that AppLeS essentially developsa customizedscheduler for each application. This

di®ersfrom the approach taken in much of the scheduling literature ([21], [13], [19], [23] [7]

etc.). Application-level scheduling is related to the work of Brewer [2], and more directly to

the Mars project [8]. Brewer's work, which attempts to select the correct implementation of

an algorithm for a given machine basedon a small set of static parameters,usesapplication-

speci¯c information to improve performance.The MARS project [8], whosegoal is to produce

more general-purpose software, is more similar in scope and intent to AppLeS. An impor-

tant di®erence,however, is that AppLeS includesuser-sp eci¯c as well as application-speci¯c

information in its scheduling decisions.User-speci¯c information providesa powerful and well-

de¯ned interface that allows the user to in°uence and control how the scheduling agent will

behave.

In the following sections,we describe the architecture for generalAppLeS agents.

4.1 The AppLeS Organization

AppLeS is organizedin terms of four subsystemsand a singleactive agent called the Coordi-

nator . The four subsystemsare
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² The Resource Selector which choosesand ¯lters di®erent resource combinations for the
application's execution,

² The Planner which generatesa description of a system-independent schedule from a resource
combination,

² The Performance Estimator which generatesa performanceestimate for candidateschedules
according to the user's performancemetric, and

² The Actuator which implements the \b est" schedule on the target resource management
system(s).

Figure 10 depicts the Coordinator and these four subsystems. Application-speci¯c, system-

speci¯c, and dynamic information usedby thesesubsystemsconstitute a \data layer" which

all subsystemsshare. There are three generalsourcesof information feeding the data layer.

The Net work Weather Service providesdynamic information on systemstate and forecasts

of systemstate for the timeframe in which the application will be scheduled. The Heteroge-

neous Application Template is a web-oriented interface in which the userprovides speci¯c

information about the structure, characteristicsand current implementations of the application

and its tasks. Finally, the User Speci¯cation File providesinformation on the user'scriteria

for performance,preferencesfor implementation, additional application information, etc.

Coordinator

Resource
Selector

Planner Performance
Estimator

Actuator

Network
Weather
Service

Het.
Application
Template

User
SpeciÞcation

File

Resource Management System

Application SpeciÞc Information

System SpeciÞc Information
Data
Pool

Figure 10: Relationshipof the components

of AppLeS.

Coordinator

Select S,
      a set of Resource Sets S_i

for i = 1 to number of S_i do

PL_i = Planner(S_i)

Et_i = Estimator(PL_i)

Set MinS_i

End For

Actuate (MinS_i)

Resource Selector

Planner

Performance Est.

Actuator

Subsystems

Figure 11: Coordinator and Blueprint
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AppLeS agents will be employed as follows: Initially , the user provides information to

the agent via the HAT and User Speci¯cation File. The agent usesthe ResourceSelectorto

selecta set of viable resourcecon¯gurations basedon accessibility, the user'saccessrights, the

characteristicsof the application (input as ¯lters which excluderesourcesthat are not viable),

and a notion of \distance" which is derived from HAT information or provided as a default

by the Coordinator. For each viable resourcecon¯guration, the Planner (in conjunction with

the PerformanceEstimator and the Network Weather Service)computesa potential schedule

of the resourcesusing predictive information. The Actuator considersthe performanceof the

candidate schedulesand selectsa \b est" schedule for implementation. The Actuator then

interacts with the resourcemanagement system(s)to implement this schedule.

In the following subsections,we describe each of the components of AppLeS agents in more

detail.

4.2 The Coordinator

The Coordinator embodies the active thread or threads of control within an AppLeS agent.

It executesa blueprin t that dictates the way in which it usesthe various other subsystems

to derive a schedule, initiate the application, and monitor its progress. The blueprint can be

speci¯ed by the useror by the systemfor a particular application or classof applications (e.g.

data parallel applications). We show a sampleblueprint in Figure 11. This is typical for a user

scheduling a minimum executiontime application over a large set of possibleresources,and is,

in fact, the blueprint usedto scheduleJacobi2D.

4.3 Data Sources

While the Coordinator directs the interactions betweensubsystemsthrough its blueprint, each

subsystemdraws upon a variety of data sourcesto perform its function. Thesedata sources

contribute information to a data pool which is available to all AppLeSfunctions (seeFigure 10).
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They are the Net work Weather Service (NWS), the Heterogeneous Application Tem-

plate (HAT), and the User Speci¯cations File . In this section,we brie°y describe the form

and content of each.

4.3.1 The Net work Weather Service

The Network Weather Serviceprovides software for monitoring and predicting the load (or

\w eather") on networked resources.Our strategy is to usesensorsto dynamically probe and

read the network \w eather" conditions such as CPU load, available free memory, network

performance,etc.

To provide forecastsof systemstate, the Network WeatherServiceusesa number of stochas-

tic techniquesfor predicting network load. Experiments using di®erent network links and pre-

dictors show that, in general,for a given resource,di®erent estimation techniqueswill yield the

best forecastsat di®erent times. Consequently, the Network Weather Servicetracks the error

between all predictors and sampleddata, and usesthe predictor with the lowest cumulative

error to make predictions of system state. Both the prediction and a measureof its recent

\accuracy" are used by the ResourceSelector, the Planner, and the PerformanceEstimator

subsystemsof an AppLeS agent.

We have prototyped this facility with good results as shown in the Jacobi2Dexample. We

have alsodeveloped a web interfaceto the Network WeatherService(\The WeatherChannel")

which providesdynamic load information and can be accessedon the World Wide Web via the

AppLeS homepage.

4.3.2 The Heterogeneous Application Template

The HeterogeneousApplication Template (HAT) provides basic information about the overall

application, tasks and implementations in terms of their resourcerequirements. Information

is provided through a web interface which makes explicit the structural parameters of the

application, information about existing implementations of application tasks, and the data

movement requirements betweendistinct tasks. Figures 12, 13 and 14 (in the Appendix) give

a sampleof HAT parameters.
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The HAT also lets the user identify an activ e set, i.e. a set of task/machine implemen-

tations that work together to compose an entire application. Since there may be multiple

implementations, the active set identi¯es the particular task/machine allocations that will be

usedin a single full implementation of the application. For Jacobi2D, the active set was com-

posedof a singleimplementation of a task for each machine that calculateda strip of the grid.

In general, there may be several implementations from which to chooseand multiple active

sets.

Notice that the user may not have all the information requestedby HAT. The systemcan

usepartial information to determinea schedule. However, asis the casefor the user,the better

and morecomprehensive the information available, the moreperformance-e±cient the schedule

is likely to be.

4.3.3 User Speci¯cations File

While the HAT describesapplication-speci¯c information, information speci¯c to a particular

user or application developer is made available to an AppLeS through a User Speci¯cations

File (USF) which will also be html-based. The most important role of the USF is in the

de¯nition of user-speci¯ed requirements which fall into the three broad categories:execution

constraints, performanceobjectives,and userpreferences.Execution constrain ts refer to the

accessrights and resourceconstraints of the user. The user'sperformance ob jectiv e is also

conveyed through the USF. For Jacobi2D,minimum executiontime was the desiredobjective.

Finally, the USF allows the user to specify preferences for the Coordinator to attempt to

satisfy. It may be that one resourceshould be preferred over another for non-performance

related reasons.This featuregivesthe usertremendouscontrol over the actionsof AppLeSand

the solutions that it generates.

4.4 Resource Selector
Resourceselectioninvolves the aggregationof resourcesthat will form a viable active set for

the application being scheduled. The ResourceSelectormay iterate multiple times to produce

a set of candidateactive setsaccordingto di®erent selectioncriteria.
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A potentially viable active set may be ¯ltered to ensure its feasibility. Resourcesare

prioritized with respect to an application-speci¯c valuation function such as \distance", and

¯lters are applied to the resourceset to eliminate resourcesthat are unusable. A ¯lter may use

information such as the user'saccessrights, memory constraints, implementation availabilit y,

etc. to eliminate resourcesquickly. Viable and feasibleresourcecon¯gurations will bescheduled

by the Planner, evaluated by the PerformanceEstimator, and comparedby the Coordinator to

other candidateschedules.

In the Jacobi2D example,two ¯lters were used: the area of region i , A i , and the available

memory. Partitions with strips in which A i was negative were ¯ltered out. Next, resources

which did not meet the memory requirements of application tasks werealso ¯ltered out. Such

constraints for most usersare readily identi¯able, and can be used pro¯tably to reduce the

resourceselectionspace.

4.5 Planner
The function of the Planner is to createa schedulefor a feasibleactiveset. The scheduleis based

on a scheduling policy which must optimize for the user's performancemeasure. In practice,

most userswill employ common performancemeasures(execution time, cost, speedup), and

the Planner will be equipped with default scheduling policies for these measuresshould the

userchoosenot to recommenda policy of his/her own. The schedulegeneratedby the Planner

must be in a format that the Actuator (described in section4.7) can implement on the target

resourcesystem.

In the Jacobi2D example,the Planner implemented a time-balancing scheduling policy. It

took a list of candidatemachinesand their communication links (the feasibleresourceset), and

produceda mapping of rectangular grid regionsto the machines. The Coordinator then used

the PerformanceEstimator to determinethe executiontime of each mapping generatedby the

Planner and passedthe best scheduleto the Actuator.
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4.6 The Performance Estimator
The function of the PerformanceEstimator is to provide an overall estimateof application per-

formance,given a scheduleprovided by the Planner. We utilize performanceestimation models

for both the overall application and its constituent tasks. Multiple task-lev el mo dels are

neededbecausedistinct task implementations may exhibit di®erent computational paradigms,

i.e. a model that workswell for a data parallel task may not giveaccurateexecutionestimatesfor

a vector task. The application execution mo del combines task model estimatesto achieve

an estimate of the performanceof the overall application. Note that the samemodel may be

usedfor tasks or application executionas appropriate, given the structure of the application,

i.e. a data-parallel application of data-parallel tasks may use the samemodel for both the

tasks and the overall application. Both the task models and the application executionmodel

must be parameterizableby dynamic performanceforecasts(supplied by the NWS) for system

resources.The resulting estimatescan therefore be targeted to the time frame during which

the application will be run by the Actuator.

Performanceestimation is an important part of any scheduling activit y. In AppLeS,we rely

on models of data parallel and task parallel behavior ([2], [18] [10], [24], [22], etc.) to predict

the performanceof the application and its tasks, in the absenceof a user-preferredmodel. Of

particular importance is the behavior of the application tasks in the production systemsthat

will be used. For this reason,we are developing modelswhich forecastthe slowdown of tasks

on sharedresources(networks and machines) [4] which will provide a more realistic estimateof

application and task performancein the presenceof contention.

4.7 Actuator

Since AppLeS does not function as a resourcemanager, it relies on the servicesof existing

resourcemanagersto perform resourceallocation and task instantiation. It is the job of the

Actuator to implement the schedule (determined by the Planner) using the semantics and

facilities supported by the target resourcemanagement system. Someof theseresourceman-
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agers,such as PVM, are limited in scope and provide little additional functionality. Others,

like Legion,have the potential for communicating considerableinformation about resourceand

application status. The Actuator will also convey whatever feedback information is available

to the various subsystems.It acts as the conduit betweenthe Coordinator and the underlying

resourcemanagement facilities.

The minimum functionality required by the Actuator is the abilit y to initiate a network

connectedtask on a remote machine. More accurate scheduling can be accomplishedwhen

the resourcemanagement systemreturns feedback about when resourcesare actually available

for use,or can provide guaranteed servicetimes in responseto requestsfor service. Sincethe

AppLeS agent is working at the application level, however, the Actuator minimally hasaccess

to whatever facilities the application enjoys. It will use the samefacilities to communicate

with the application and manageits task execution that the application itself usesto control

its tasks. In that sense,the Actuator, and by extension the AppLeS agent, constitute an

integrated extensionof the program beingscheduled. AppLeSand the application becomepart

of the sameexecutioninstance. In the Jacobi2Dexample,the Actuator issuedKeLP directives

to control grid partitioning. Thesewere the sameprimitiv es the application usedto manage

the grid itself.

5 Summary

As network speedsincreaseandparallel distributed computingbecomesmoreprevalent, resource-

intensive applications will increasinglyneedto leverageshared,heterogeneousnetworks of re-

sources. E®ective coordination of application components and their use of resourcesis key

to their performance. In this work, we described application-lev el scheduling as a way

of achieving performance-e±cient schedulesfor applications which executeon heterogeneous

networks of machines. We described principles which re°ect the way in which applications

are scheduled by their end-usersand illustrated these principles by developing a \pro of-of-
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concept" application-level schedulerfor a distributed data-parallel Jacobiapplication. We then

described a generalarchitecture for Application-Level Schedulersand described the subsystems

which composean AppLeS agent.

From the results generatedby our prototype, it is clear that the AppLeS approach can

achieve substantial performanceimprovements for an individual application over conventional

scheduling methods. Application-level scheduling allows the user to deal with the heteroge-

neoussystemas it really is: under the control of multiple systemschedulers,sharedby other

contending applications, and able to deliver only a dynamically varying fraction of resource

performance.When such characteristicsare explicitly factored into the scheduling activit y, the

systemcan better be usedto the application's advantage rather than its detriment.
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App endix: Heterogeneous Application Template

User Account Information User SpeciÞcation Information

HAT - Heterogeneous Application Template
APPPLICATION:

USER:

HAT - Structur e Template
INPUT:

Amount of data needed to start application

Current source (give full machine name e.g. paragate.sdsc.edu)

MBytes

OUTPUT:
Amount of data returned by application

Current source (give full machine name e.g. paragate.sdsc.edu)

MBytes

ITERA TION PHASE: Create new iteration phase

Listing of Implementations

Listing of Active Sets

Structure Implementation Interface AppLeS ManagerHelp

Figure 12: The Structure module of HAT gives infor-

mation about the general functional decomposition of

the application, and lets a user identify an activ e set

for the application.

Sequential        Vector        Task Parallel           Data Parallel

HAT - Implementation Template
TASK:

PLATFORM:

PARADIGM:

USAGE:

Dedicated         Non-dedicated

DATA STRUCTURES:

Number

Size Bytes

Communication per data structure Words

Compution per data structure MFlops

RATIO:

Communication per data structure Words

Compution per data structure MFlops

Select an approximation or Þll in numerical values

Communication Heavy            Balanced          Computation Heavy

COMMUNICA TION PATTERNS:
 Pt to Pt          Stencil          Multicast         Broadcast

MEMOR Y:

Core memory needed for in-core solÕn MWords

Structure Implementation Interface AppLeS ManagerHelp

 Single Processor        Multi-Processor

TUNING FACTOR:

 1 (bubblesort)     3(cs 101)      5 (1st year grad)     7(PhD thesis)    10(hand tuned asseumbler)

Figure 13: The Implementation module focuseson how

the task was implemented for a speci¯c platform.
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HAT - Interface Template
IMPLEMENT ATION   A:

IMPLEMENT ATION   B:

NETWORK:

Ethernet        Hippi       ATM       Other

AMMOUNT OF COMMUNICA TION:

Per message MBytes

Total MBytes

DATA CONVERSION:

Performed on:

Conversion type:

Format Conversion          Structure Conversion

PIPELINE:
Pipelined Data          Strict Data

Structure Implementation Interface AppLeS ManagerHelp

COMMUNICA TION FREQUENCY:

Per application interation: MBytes

Dependent on no. of iterations

Size of Pipeline: MBytes

Figure 14: The Interfacemodule of HAT characterizesthe communication betweenimplemen-

tations A and B mapped to distinct executionsites.
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