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Abstract computing community, including the Maui scheduler [11],

PBS [13], and IBM LoadLeveler [4], offer a variety of con-

Although thoroughly investigated, job scheduling for figuration parameters that allow the system administrator
high-end parallel systems remains an inexact science, re-to customize the scheduling policy according to the site’s
quiring significant experience and intuition from system needs. The effectiveness of the scheduler is directly deter
administrators to properly configure batch schedulers.-Pro mined by the administrator’'s choices for the configuration
duction schedulers provide many parameters for their con- parameters. However, tuning these parameters to optimize
figuration, but tuning these parameters appropriately can performance is extremely challenging because it is difficul
be very difficult — their effects and interactions are of- to predict the outcome based on the interaction of many dif-
ten nonintuitive. In this paper, we introduce a methodology ferent changing parameters. Choosing appropriate schedul
for automating the difficult process of job scheduler pa- ing parameters in such complex environments requires not
rameterization. Our proposed methodology is based on us-only awareness of the performance effects of existing queu-
ing past workload behavior to predict future workload, ing in the system, but also requires a keen understanding
and on online simulations of a model of the actual sys- of the effects of transient behavior in the workload. Static
tem to provide on-the-fly suggestions to the schedulerdefinition of scheduling parameters clearly is insufficient
for automated parameter adjustment. Detailed perfor- cope with sudden changes in the workload intensities and
mance comparisons via simulation using actual supercom-demands.

puting traces indicate that out methodology consistently |, he jiterature, scheduling policies based on backfill-
outperforms other workload-aware methods for sched- 4 have been proposed as more efficient alternatives to

uler parameterization. o , simple FCFS scheduling [12]. In backfilling, users are ex-
Keywords: batch scheduler parameterization, high-end ected to provide nearly accurate estimates of the job ex-

parallel systems, self-adaptive schedulers, backfillf®;  ocytion times. Using these estimates, the scheduler scans

formance analysis, online simulation. and reorders the waiting queue, allowing certain short jobs

to surpass long jobs in the queue provided those short jobs
do not delay certain previously submitted jobs. The goal of
backfilling is to decrease system fragmentation and inereas
system utilization [12, 15] by using otherwise idle proces-

Large-scale clusters of multiprocessors have emerged a$0rs for immediate execution. Various versions of backfill-
the dominant platform for high-end computing, comprising iNg have been proposed [6, 12, 14], including algorithms for
almost 60% of the Top 500 listviww. t 0p500. or g) as gang-scheduling [16]. Backfilling can be found in most con-
of November 2004.Traditional scheduling policies for elus témporary cluster installation schedulers [2, 5]. For @ngc
ters and other high-end distributed memory systems con-Survey of parallel job scheduling in general, includinglbac
sider scheduling a single resource, i.e., CPU only, and fo-filling in particular, we direct the interested reader ta [2]
cus on treating differently interactive versus batch jabjs [ The two important external parameters that affect perfor-
with the goal of maximizing system utilization. Industrial mance and scheduling decisions in a parallel system are the
strength schedulers that are widely accepted by the superarrival process and the service process. Variations imthe i
tensities of arrivals and service requirements are resiplens
*  This work was partially supported by the National Sciencerfeation for the growth of waiting queues to a certain point beyond

under grants CCR-0098278, ACI-0090221, and ITR-0428330. the “knee of the curve”, i.e., the point where the individual

1. Introduction




response times of the jobs increase dramatically and the sys gueues (see Section 2). This methodology is based on
tem operates in saturation. Dramatic changes in the resourc observation of the past workload behavior to predict
demands are consistent across actual workloads [7, 9], as  future workload behavior.

evidenced by very skewed run times within each workload,
by significant variability in the average “width” of each job
(i.e., the number of per-job requested processors), and by
very inconsistent job arrival rates across time.

Based on these observations, the authors in [7, 9]
proposed a multiple-queue backfilling scheduling pol-
icy for homogeneous systems that allows the scheduler
to swiftly change certain configuration parameters ac- e To summarize our contributions and outline future
cording to changes in the incoming workload. This work (see Section 4).
multiple-queue policy splits the system into multiple par-
titions (t_h_e number of partitions is fixed), Wi_th one queue o Multiple-Queue Backfilling: Solutions and
per partition, andseparatesshort from long jobs by as- Shortcomings
signing incoming jobs to different queues based on
user-provided job runtime estimates. Initially, proces-
sors are distributed evenly among the partitions, but
as time evolves, processors may move from one parti-
tion to another so that processors currently idle in one
partition may be used for immediate backfilling in an-
other. Hence, the system is able to adjust on-the-fly ac-
cording to changes in the incoming workload, and in this
manner the average job slowdown is reduced by diminish-
ing the likelihood that a short job is delayed behind a long
job.

However, the solution presented in [7] suffers from two
major drawbacks. First, the choice for the fixed number of
partitions is not obvious, and it must be determined a pri-
ori. Even when given a number of partitions, the selection
of static criteria for assigning jobs to partitions based on
runtime estimates also is not obvious and must be done
priori. The observed inconsistencies across time for the ar
rival patterns and service demands in workloads imply that
sucha priori and static selection of the number of parti-
tions and partitioning criteria cannot guarantee good per-
formance across the lifetime of the workload.

Second, prerequisite to the classification of jobs to par-
titions is the availability of accurate job runtime estiemt
User-provided runtime estimates are notoriously inadeura

[10, 12]. Users tend to “overestimate” expected executionthe.r respective C.\/s if iobs are classified according &rth
time of jobs to avoid having the job terminated by the sched- Irrespective &. V.Sl | m Ing eort
duration (dashed lines). We observe very skewed run times

uler due to a short estimate. Furthermore, if a job crashes = " . L .
(which often happens very early in its execution), theré wil within eagh wprk]qad and S'gn'f'.c"’?”‘ variability n their
likely be a significant discrepancy in the estimated and ac—C'V's’ which significantly reduce if jobs are classified ac-

tual execution time. Such inaccurate estimates often caus%(;T:an?ntot;Zel';ndliLag?Z;i;T ij (t:r|1aesfsc; E(r:atijoenuisg 6|1<Ig1es i?\t
jobs to be placed into inappropriate partitions, diminighi 9 9 q y ping

system performance [7]. the number of jobs per week assigned to each queue nearly

This paper addresses the above shortcomings Ofthe same. Figures 1(g)-1(h) show that despite the fact that

multiple-queue backfilling. The stated goals and out- we have a priort knowledge of the vyorkload demands, this
. . ] static classification does not result in a well-balanced sys-
line of this work are:

tem across time, as the target of maintaining roughly 25% of
e To present a methodology for automatic recalculation the number of jobs per class is not reached across all weeks.
of job partitioning criteria, given a fixed number of The multiple-queue backfilling policy that was developed in

e To present a general and practical methodology for au-
tomating scheduler parameterization. The methodol-
ogy uses online simulation to select the ideal number
of queues on the fly (see Section 3). We show that on-
line simulation allows the system to recover from in-
correct (and possibly unavoidable) decisions.

In [9], workload analysis usin@ctual runtimes from
traces in the Parallel Workloads Archive showed that us-
ing four queues provides the best separation of jobs to re-
duce the waiting time of jobs. The motivation for using four
gueues was given after examining the statistical character
istics of workload traces available in the Parallel Worklsa
Archive [3]. For more details on trace workload analysis,
we direct the interested reader to [9].

In Figure 1, we provide a representative sample of the
resource demands of two actual supercomputer traces: the
first, labeled KTH, from a 100-node SP2 at the Swedish
Royal Institute of Technology; and the second, labeled
SDSC-SP2, from the 128-node IBM SP2 at the San Diego
Supercomputer Center. Figures 1(a)—1(f) illustrate tmeti
evolution of the arrival process by presenting the total hum

er of arriving jobs per week, the time evolution of the ser-
vice process, and its coefficient of variation (C.V.). We ob-
serve significant variability in the job arrival and service
processes, which indicates the importance of not agly
gregatestatistics (i.e., the average performance measures
obtained after simulating the system using the entire work-
load trace), but also dfansientstatistics within small win-
dows of time.

Figures 1(c)-1(f) also show the mean service times and
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Figure 1. Total number of arriving jobs per week (a)—(b), mea  n job service time per week (c)—(d), co-
efficient of variation (C.V.) of job service times (e)—(f), a  nd percentage of jobs per class (g)—(h). All
graphs are presented as a function of time (weeks).

[9] is based on this classification, and experiments indicat assigned. Defing,, to be thepivot (i.e., the first job in the
that a four-queue classification is promising across most ofqueue) in partitior?, and define , to be the time whep,,

the workload traces from the Parallel Workloads Archive, can begin executing. If the job under consideratiop.is

but no clear answer is given as to what tdeal number it begins executing only if the current time is equaltig

of queues should be. Furthermore, given a predefined idealn which case a new,, is defined. If the job is nap,,, the
number of queues, no clear answer is given to the problemjob begins executing only if there are sufficient idle preces
of how to bestpartition jobs into different classes in or- sors in partition” without delayingp,,, or if partition P

der to meet the needs of a dynamically changing workload. can obtain sufficient idle processors from one or more other
We address these two questions in the following sections. partitions without delaying any pivot. This process of back
filling exactly one job is repeated, one job at a time, until
all queued jobs have been considered. The multiple-queue
backfilling policy, outlined in Figure 2, is executed when-
ever a job is submitted or whenever an executing job com-
pletes.

2.1. The Multiple-Queue Backfilling Policy

The multiple-queue backfilling policy splits the system
into multiple disjoint partitions, with one queue per parti-
tion. Initially, each partition is assigned an equal numtfer Although permitting processors to cross partition bound-
processors. As time evolves, processors idle in one parti-aries begins to address the issue of fluctuating workload pat
tion can be used for backfilling in another partition. In this terns, the fixed criteria for defining job classes and assign-
way, the partition boundaries are dynamic, allowing the sys ing them to partitions, as given in [7, 9] (see legend in Fig-
tem to adapt itself to fluctuating workload patterns. Furthe ure 1), are too inflexible for a good general solution. Ideal
more, the policy does not starve a job that requires all pro- fixed criteria must be determined a priori, which is impossi-
cessors for execution. ble in any real world scenario. A better approach, which we

In general, the process of backfillimyactly onequeued introduce here, is to dynamically recompute the partition-
job (of possibly many queued jobs to be backfilled) pro- ing criteria to better meet the needs of the transient drriva
ceeds as follows. Le® be the partition to which the job is  and service demands of evolving workloads.



for (all jobs in order of arrival)
1.P «—— partition in which job resides
2.p, < pivot job (first job in the queue fdP)
3.t, «— earliest time when sufficient processors will be availablepfor
4.1, «— currently idle processors iR
5.z, «— idle processors in partitio® att,, not required by.,
6.if jobis p,)
a.if (current time equalg,, )
I if necessary, reassign processors from other partitios to
. start job immediately
7.else
a. if (job requires< i, andwill finish by ¢,,) start job immediately
b. else if (job requires< min{i,, , =, }) start job immediately
c. else if (job requires< {i,, plus some combination of idle/extra processors in other partitions
such that no pivot is delayed)
I. reassign necessary processors from other partitio®s to
. start job immediately

Figure 2. Multiple-queue backfilling algorithm

To this end, at the start of each new week, we evaluate theduration of the job. Because we do not use job completion
set of jobs that completed in the previous week. Using this times from the traces, the scheduling strategies used on the
set of jobs only, we define new partitioning criteria by exam- corresponding systems are not relevant to our study.
ining the estimated runtimes of the jobs, and from those es- We evaluate and compare via simulation the perfor-
timated runtimes select appropriate criteria that woulkkkha mance of multiple-queue backfilling relative to standard
balanced the number of jobs across all queues. The algosingle-queue backfilling. We considaggregate measurgs
rithm for determining the partitioning criteria for a new i.e., average statistics computed using all jobs for the en-
week is given in Figure 3. As described in the sections to tire simulation run, andransient measures.e., per-week
follow, this algorithm provides the multiple-queue badkfil  snapshot statistics that are plotted versus experimest tim
ing policy more flexibility to respond to workload fluctua- to illustrate how the policies react to sudden changes in the

tions, yet alone it is not a sufficient general solution. workload. The performance measure of interest here is each
job’s bounded slowdown [12] defined by
2.2. Experimental Methodology d
s=14 ——m—
max{10, v}

The simulation experiments are driven by four workload
traces from the Parallel Workloads Archive [3]: whered andv are respectively the queuing delay time and
the actual service time of the jifo compare the multiple-
gueue policy with the single-queue policy, we define the
slowdown ratioR for a job by the equation

e CTC: log containing 79 302 jobs executed on a 512-
node IBM SP2 at the Cornell Theory Center from July
1996 through May 1997;

e KTH: log containing 28 490 jobs executed on a 100- R = %
node IBM SP2 at the Swedish Royal Institute of Tech- TS, Sm
nology from October 1996 through August 1997; wheres; ands,, are the bounded slowdowns computed for

that job using respectively single-queue and multipleugue
128-node IBM SP2 at the San Diego Supercomputer bapkf|ltl|r]ng.R I? (I) indicates a:TR'fOI? ?.a'nt'n perfor:nance
Center from May 1998 through April 2000; using the multiple-queue policy relative to a single queue.
_ o _ R < 0 indicates ariR-fold loss in performance using the
e Blue Horizon: log containing 250440 jobs executed myltiple-queue policy relative to a single queue. The aggre

on a 144-node with 8 processors per node IBM SP at gate and transient measures are computed as averages of job
the San Diego Supercomputer Center from April 2000 s|owdown ratios.

through January 2003.

e SDSC-SP2log containing 73496 jobs executed on a

= h f h iob h ival ti ; 1 The maximizing function in the denominator reduces the otlserw
rom the traces, for each job we extract the arrival time o dramatic impact that very small jobs can have on the slowdowissta

the job (i.e., the submission time), the number of processor tic. The 10 second execution time parameter is standard iriténa-|
requested, the estimated duration of the job, and the actual ture [12].



1. P —— current number of partitions in the system
2.5 «—— set of jobs that completed in the previous week
3. F(t) < build the cumulative distribution function using runtime estimategjobs in.S
4. for (i from 1 to P)
find ¢; such thatF'(t;) = i/ P

5. New week’s partitioning boundaries for job with runtime estimaite

1, 0<t<t

2, t1 <t<ts

P= :

P, tp_1<t<tp

Figure 3. Algorithm for automatically recalculating the jo b partitioning criteria in multiple-queue
backfilling.

Note that the use of th& metric is meaningful in the  cess from one workload to another, with SDSC-SP2 receiv-
context of our goals. We compare individually the perfor- ing the best performance gain while CTC receives the most
mance of each job under the two different policies. If one modest gain. Nevertheless, the improvements for CTC and
policy outperforms the other with respect to a given jols thi  Blue Horizon using multiple-queue instead of single-queue
will be reflected in the measurement — but a loss in perfor- backfilling are nearly two-fold.
mance relative to the other policy will also be reflected. Our
goal is to reduce the queuing delay of short jobs, and as are

S;".t improvest.he sl?]wdbown grgml/ otr(;er performance metrifc sis. As shown in [9, 12], SDSC-SP2 has a noticeably larger
ofinterest. Since the bounded slowdown metric is most af- proportion of short jobs (i.e., class 1 jobs using the legend

fected by queuing delay for short jobs, a positive result for from Figure 1) than CTC, and a smaller proportion of long

_R indicates tha't, indeed, the multiple-queue policy is assis (class 4) jobs than either CTC or KTH. Therefore, the dra-
ing the shorter jobs. matic improvements for SDSC-SP2 shown in the figure are
consistent given our goal to reduce the queuing time of short
2.3. Multiple-Queue Backfilling: Strengths and jobs. Furthermore, relative to the other workloads, CTC has
Weaknesses a larger proportion of long (class 4) jobs so that the smaller

gain in performance for CTC (relative to the other work-

In this section, we present results showing that this im- 10ads) is consistent given our goal.
proved multiple-queue backfilling policy with automatie re Figure 4(b) provides an overall comparison of the rel-
calculation of partitioning criteria outperforms the gdard ative performance of the two policies using inexact user
single-queue policy in the presence of exact estimates andestimates (i.e., runtime estimates provided in the work-
in most cases, in the presence of inexact user runtime estifoad traces), and when the runtime estimates of the previ-
mates. For the figures to follow, we use the multiple-queue ous week are used to recalculate the job partitioning cri-
backfilling algorithm with four queues enhanced by auto- teria (using the algorithm of Figure 3). The figure shows
matic recalculation of the job partitioning criteria, buthv that partitioning using user estimates can negatively im-
out any other modifications. pact the performance of multiple-queue backfilling. User

Figures 4(a) and (b) depict the aggregate slowdown ra-runtime estimates are notoriously poor [10, 12]. As a re-
tio R of multiple-queue backfilling relative to single-queue sult, user estimates can lead to poor partitioning of jobs re
backfilling for each of the four workloads. Figure 4(a) pro- ative to their actual runtimes so that the effectiveness of
vides an overall comparison of the relative performance of the multiple-queue policy is reduced. Nevertheless, perfo
the two policies when exact runtimes are provided by the mance improvement relative to single-queue backfilling is
user and when these same exact runtimes are used for restill achieved for three of the four traces, with improvemen
computing the job partitioning criteria each week. In other for SDSC-SP2 over that usirexactestimates. (Similar to
words, we assume that we have the ideal case, where the exthe analysis above, this improvement for SDSC-SP2 can be
act workload is known a priori. As shown by these aggre- attributed to the relatively high proportion of small jolos i
gate performance measures, multiple-queue backfilling pro SDSC-SP2.) However, for CTC, multiple-queue backfilling
vides better overall job slowdown (i.€, > 0) for all four with inexact estimates performs slightly worse than single
traces. As one can expect, there are varying degrees of sucggueue backfilling. This loss in performance for CTC can

The differences in improvement among the workloads
shown in Figure 4(a) can be explained by workload analy-



be attributed to a combination of the relative proportion of positive for a majority of the weeks, corresponding to per-
long jobs in CTC (as discussed above) and of user estimategormance gains using multiple-queue backfilling.
causing poor partitioning of jobs when the number of parti-  The solid lines in Figure 5 represent the practical case

tions is static. when no workload is known a priori. In this case, user esti-
mates of the previous week are used to recalculate the par-
14 = titioning criteria, and each incoming job is allocated to a
L Z | gueue according to its estimated (inexact) runtime. In this
1ol | context of inexact user estimates, transient analysisns co
sistent with the generally diminished performance shown
8r i in the aggregate results. Relative to the exact-estimate re
6 1 sults (i.e., dashed lines), for three of the four tracesether
4L R is an increase in the number of negative peaks< 0)
2L i and the magnitude of the positive peal ¢ 0) is dimin-
ol D@ | ished. This trend is most notable for CTC, with few promi-
5 (a) (b) (©) nent positive peaks and several prominent negative peaks
actual runtimes inexact user online simulation (e.g., weeks 30 and 40)-
estimates  w/inexact estimates In short, our results show that multiple-queue backfill-
cre [ SDSC—SP2 ing with automatic recalculation of partitioning critepeo-
KktH Tl Blue Horizon Y vides dramatic improvement in slowdown relative to single-

gueue backfilling when exact runtime estimates are known
a priori. However, in the more realistic setting in which+un
times estimates are not known, and are often very inaccu-
rate, the performance benefit of multiple-queue backfilling
can diminish or can even result in a performance loss. These
observations lead us to consider an improved and more flex-
ible scheduling policy to be discussed in the following sec-

Although not included here for the sake of brevity, we tions.

also analyzed the average response time of jobs from our
experiments. The trends in improvement for response time3. Online Simulation Policy
tend to follow the trends for slowdown. That is, when us-
ing actual runtimes, multiple-queue backfilling improves  The results in the previous section show that in most in-
response times over single-queue backfilling, yet the rela-stances the multiple-queue policy outperforms the single-
tive amount of improvement declines when using inexact queue policy overall, but there are instances where the
user estimates. Furthermore, using online simulation with single-queue policy does perform better, especially (& th
inexact estimates improves the response times comparegractical case) when only inexact user runtime estimates ar
to multiple-queue backfilling alone. Overall, the response available. Although with estimates the algorithm looks at
times achieved using our methodology were either compa-the past (previous week) to predict the future (current Wweek
rable or improved, but not dramatically. We argue that slow- for determining the partitioning criteria, experimentsiwi
down is the more appropriate metric in the context of our differentnumbers of queues (e.g., 2, 3, and 8) have also
goals, since slowdown facilitates more meaningful compar- shown that there is no universal number of queues that is
ison of queuing delay for short versus long jobs [12]. ideal across all weeks for each workload. (Due to space re-
We now turn to the transient performance behavior of strictions, we do not present those results here.) For some
multiple-queue backfilling. Figure 5 depicts transient-one weeks, two queues may perform better than three, but for
week snapshots of the slowdown ratio versus time for eachsome others four queues perform best. Based on this obser-
of the four traces. The dashed lines in the figure representvation, we introduce a new scheduling policy here that au-
the improvement of multiple-queue backfilling over single- tomates changing the number of partitions on-the-fly to ad-
gueue backfilling when using actual runtimes of that same dress transient workload fluctuations. The policy is based
week as exact estimates for job classification (i.e., a pprior on the ability to execute lightweight simulation modules in
knowledge). Generally speaking, marked improvement in anonlinefashion.
job slowdown R > 0) is achieved by using multiple-queue More specifically, self-adaptive parameterization based
backfilling. Although single-queue outperforms multiple- on online simulation can be described as follows. Given
queue backfilling R < 0) for a select few of the weeks a current state of the system and given a set of jobs that
(e.g., week 11 for KTH, week 101 for Blue Horizor, is are waiting for service in the queue, we simulate a differ-

Figure 4. Aggregate slowdown ratio R for
four traces using actual times as exact esti-
mates, using inexact user estimates, and us-
ing online simulation.
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Figure 5. Slowdown ratio R per week as a function of time for each of the four traces. For d ashed
lines, actual runtimes were used with a priori knowledge of t he workload. For solid lines, inexact
user estimates were used with no a priori knowledge.

ent scheduling policy (as defined by a different number of rate this number of partitions. In this fashion, we antitépa
partitions for multiple-queue backfilling with automatie-r  to reach faster system recovery from “wrong” scheduling
calculation of partitioning criteria). In this regard, ficuld decisions (because of inexact user estimates that difest jo
be noted that single-queue backfilling is a special caseeof th to the wrong queues) that result in a substantial increase in
more general multiple-queue backfilling wifh = 1. The the waiting queue (and consequently increase the average
main idea is to run a quick trace-driven simulation for the job slowdown).

incoming jobs without affecting the operation of the actual

system. The ability to run and compare the performance of3 1. policy Parameterization

several such simulations (each modeling a different pplicy

within a very short time can help provide educated changes  More specifically, for the online simulation policy, de-

in the policy employed by the scheduler to better serve thefine the following parameters.

waiting jobs. These simulations are triggered whenever a

performance measurement (here, bounded slowdown com- ® 7 : the pre-specified bounded slowdown threshold that
puted in that week) exceeds a pre-specified threshold. The  triggers online simulation; and

multiple simulations are executed online but with the aiiti e £: the length of time to simulate.

state of the simulatioexactlythe same as the state of the - ]
real system. The number of partitions that provides the best-€t I” b€ the current number of partitions in the system, and

simulated performance is then chosen as the (perhaps newft Fmax be the maximum number of partitions allowed in
number of partitions in the real system, with appropriate re the system. When the aggregate bounded slowdown (com-

configuration (if necessary) of the real system to incorpo- Puted in that week) exceeds, Frax online simulations are
executed, using multiple-queue backfilling with automatic



recalculation of partitioning criteria, with,2,. .., Pmax
partitions respectively. The simulation with the best aggr
gate bounded slowdown for the simulated periddeter-

Figure 6 depicts transient one-week snapshots of the

slowdown ratigR versus time using online simulation with

inexact user estimates. The solid lines represent thetsesul

mines the number of partitions to be used in the actual sys-from using online simulation; the dashed lines represent

tem.

the results from using multiple-queue backfilling assum-

We stress that for each experiment we must start the on-ing a priori knowledge of the workload, and are the same

line simulation inexactlythe same state as the real system,
but with a different number of partitions. If online simula-

as the dashed lines in Figure 5. Agdih > 0 indicates
a performance gain from using online simulation relative

tion suggests a different number of partitions, we keep theto single-queue backfilling. For the solid lineg, is posi-
same collection of queued jobs that are present in the reative for a majority of the weeks, and the number of neg-
system, but we must partition those jobs differently based ative spikes prevalent in Figure 5 is dramatically reduced,

on the new partitioning criteria that are adjusted for the ne

most specifically for CTC. Also notice that online simula-

number of partitions. For more details on this and other im- tion corrects the problems that multiple-queue backfilling

plementation particulars, we direct the reader to [8].

3.2. Online Simulation Policy Performance

experiences with inexact estimates.

We note that online simulation cannot be used indiscrim-
inately. Instead, the online simulation policy parametérs
and £ should be selected to match the characteristics of

In this section, we present results showing that the onlinea specific system. Fortunately, for online simulation there

simulation policy, using multiple-queue backfilling witb-a
tomatic recalculation of partitioning criteria, performell

are few parameters that a system administrator must set. As
suggested by the previous figures, appropriate parameters

even in the presence of inexact user estimates. That is, uncan lead to very good performance even in the presence of

like certain instances for multiple-queue backfilling with
automatic recalculation of partitioning criteria alonbet
online simulation policy is able to perform well even when
there isno a priori knowledge of the workload.

For Figures 4(c) and 6, we have used the online simu-

lation policy parameter§7, £) for each trace as follows:
(2.5,2) for CTC; (100, 2) for KTH; (25,1) for SDSC-SP2;
and(10, 1) for Blue Horizon? Figure 4 depicts for each of
the four workloads the aggregate slowdown rafiarela-
tive to single-queue backfilling for (a) multiple-queue kac
filling using actual runtimes with a priori knowledge, (b)
multiple-queue backfilling using inexact user estimatet an
using the past week’s workload to define partitioning crite-
ria, and (c) online simulation using inexact user estimates

Note that, with each policy in the presence of inexact user
estimates, online simulation outperforms multiple-queue

backfilling for each of the four traces (compare (b) and (c)).
Furthermore, online simulation with inexact user estirnate
performs nearly as well as multiple-queue backfilling with
actual runtimes (i.e., a priori knowledge) for CTC and Blue
Horizon, and even better for KTH and SDSC-SP2 (com-

pare (a) and (c)). These improvements can be attributed tg

the scheduler’s ability via online simulation to correct fo

previous parameter choices that would otherwise degrade
performance. Even though in an actual scheduling context
we cannot know exact runtimes a priori, our results suggest

that with online simulation we can perform nearly as well

as, or even better than, having a priori knowledge of the ac-

tual run times.

2 We empirically selected these parameters
results from simulation runs for each trace witl
{2.5,5,7.5,10, 25,50, 75,100} andL € {1,2} weeks.

by comparing
€

inexact runtime estimates. However, inappropriately ehos
parametersan (but does not often) lead to a loss in perfor-
mance with respect to single-queue backfilling. Our exper-
iments showed that, in general, even if the parameters are
chosen indiscriminately, the online simulation policy Iwil
improve the performance of the system [8].

4. Concluding Remarks

We have presented a first step toward automating the
difficult process of job scheduler parameterization in high
end parallel systems. Detailed simulation experiments us-
ing actual supercomputer traces from the Parallel Work-
loads Archive strongly suggest that self-adaptive pddicie
are needed to address the observed variability in workloads
to improve policy performance. We have presented a pol-
icy that is based on using past workload behavior to pre-
dict future workload, and on online execution of lightweigh
simulation modules, each modeling a different schedul-
ing policy. This methodology proves effective in modeling
scheduling micro-scenarios and departs from earlier work
in that it strives for online tuning of scheduling paramster
thus stressing speed in addition to accuracy. Speed allows
for executing these alternative scheduling scenariosewhil
the system is in operation, and for making conclusions on
possible scheduler parameter reconfiguration if required.
Our experiments indicate that this methodology does allow
for quick system recovery from earlier incorrect schedul-
ing decisions, resulting in schedulers that manage to adapt
their parameters to the transient nature of the workload.

In this paper we showed the effectiveness of online sim-
ulation when used to define the best parameters for per-
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Figure 6. Slowdown ratio R per week as a function of time for each of the four traces using online
simulation. For solid lines, online simulation was used wit h inexact user estimates. For dashed lines,
multiple-queue backfilling was used with exact user estimat es.

formance in multiple-queue backfilling policies. Our figur  Feitelson for maintaining the Parallel Workloads Archive;
work will concentrate on developing lightweight simula- Dan Dwyer and Steve Hotovy for the CTC workload; Lars
tion modules that can be easily parameterized by the sys-Malinowsky for the KTH workload; Victor Hazlewood for
tem administrator. More specifically, the system adminis- the SDSC-SP2 workload; and Travis Earheart and Nancy
trator may choose to optimize another measure than averag#Vilkins-Diehr for the Blue Horizon workload.

job slowdown, or may define policies that are not based on

multiple-queue backfilling. Our target is to provide a lityra

of lightweight simulation modules which the system admin- References

istrator can use to define different policies and explore on-
line their performance. Finally, we will investigate siraul
tion modules that will allow the modeling of policies that
provide priorities and reservations to jobs, i.e., the dehe
ule guarantees that a job completes by a certain time, or a [2]
job starts execution at a specific time.
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