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Abstract an error of 50% in the user runtime estimation. Moreover, as
far as we know in the literature has not been presented the

Estimation or prediction accuracy in backfilling based poliimpact of errors in prediction in an specific kind of jobs. For

cies it's an important issue that has high impact on the systeexample studying which are the effects of carrying out ac-
performance. However it's not clear which is the requirest pr curate predictions of those jobs that, compared to the fest o
cision of such estimations, moreover it's not clear whiatcki  Submitted jobs, use less number of processors.

of errors are critical when scheduling the jobs that are gdeu i . L .
in the local systems. In this paper we present a deeper and]-tis paper we present a detailed study of which is the im-
act of the error estimation in the scheduling. We evaluate

ysis of the impact of the estimation errors in the schedulini{v : _ - Sb -
The study is based on several criteria. For instance the ifft© different types of errors: quantitative errors, as rered

plications of carrying out accurate predictions of detereai  °€f0re, adding an amount of time in the real runtime; and
kind of jobs, having qualitative errors or quantitativecesr dudlitative errors, changing completely the nature of Ui j
and so on. for example estimating that a job will be really large whilesi

short. Furthermore, we have evaluated the impact of predict

As far as we know, all the works that have analyzed the ining with accuracy a given subset of jobs based on their nature
pact of the estimation error in the backfilling policies lhsefor example jobs that use a reduced number of processors or
they results and conclusions in a set of well known metricdobs that use a high amount of memory. The main goal of this
such as the average slowdown or the wait time. We presensgcond study have been detecting if predicting with acgurac
new parametrical metric that evaluates the index of satisfad given kind of applications the performance of backfilling i

tion of the user. As shown in the paper, conclusions obtainédeases substantially. In affirmative case would make gense
when evaluating backfilling based policies with this metri¢lesign specialized predictors for these type of applioatio

may differ with other conclusions obtained, for examplehwi

average slowdown. A crucial factor, when studying the impact of a given poliay i

the performance of the system, is the metric used in the eval-
uation. In most of the works there is a set of well-known and
accepted metrics that are used for the mentioned evaluation
1 Introduction In general the most used metrics are: the average slowdown
and the average wait time. However, in some works, as a mea-
Backfilling based scheduling policies have been demomstratsure of utilization of the system, the throughput is alsaluse
to be one of the scheduling policies that achieve higher per-
formance in parallel architectures. However one the majdf our opinion the average slowdown is a good metric since
problem that the core of algorithm has is that the runtime d¥rovides a normalized scale about how much a user has to

the scheduled applications is supposed to be known, orst le#ait for a job completion. For example, in the case that a job
a closer estimation at submission time. has to wait one hour but only uses one second of processor

will have a high slowdown, meaning that compared to its run-
Many works can be found in the literature concerning evaluime it has waited an unacceptable amount time; but a job that
ations of backfilling policies variants and their perforrman also waits one hour but uses one hour of processor will have
For instance, the research group of D. Feitelson et. al haseslowdown of 2, what can be more reasonable from the point
presented several analysis of the EASY backfilling and itsf view of a user. The main problem of this metric is that
variants [6]. Furthermore many works have presented the ins highly biased by the response time of those jobs that have
pact of user estimates in such policies, such as the once pkess runtime, and in general short jobs tend to have reaily hi
sented by Tsafrir et al. in [2]. However, all these studies arslowdowns. It's a metric that is clearly focused on the opti-
mainly focused on the impact of quantitative errors in the pemization on the wait time for this kind of jobs. On the other
formance of the system, for example presenting the impact bénd, for large jobs we found the difficulty of distinguistin
the really impact of a given policy when using the average
slowdown as a response performance variable. For instance a

1This paper has been supported by the Spanish Ministry oh&eiand
Education under contract TIN2004-07739-C02-01.



slowdown of 1.5 may be acceptable for a job that executiothoosing the appropriate job to be scheduled.

takes 1 hour, but it's not clear if the same conclusion can be
obtained for a job that takes 1 week. More analytical works are also present in the literature.

Ahuva and Feitelson provide a comparison between the more
The other most used metric, the average wait time, does nminservative backfilling approaches with the aggressive ve
provide a clear description of how well the system is schedusion in [5]. They also get an interesting conclusion that is
ing the jobs, for example conclusions can be biased by lardgieat backfilling actually works better when users tend ta-ove
jobs that have large wait time. In some cases, more concisstimate the runtime by a substantial factor. In [19] Sui-Hu
conclusions can be obtained by computing the wait time ughiang et al. examine how the accurate requested runtimes
ing intervals. For instance, where each interval is a bucketn improve the system performance in high performance
that contains the wait of a given type of jobs (f.i; short jobsbackfill policies. They examine the effect of the estimagion
medium jobs and large jobs). However, in this case we woulgkrors in the backfilling derived policies FCFS, SJF, LXF and
have three metrics rather one, and the analysis of expetsmeb XF&W(w), and conclude that in the heavier system loads
can become in exponential difficulty. In general, optimigin there is a substantial improvement having accurate estima-
this metric would mean improving the wait time for the largetions.

jobs, due to this kind of jobs are have most incidence to such
metric. Tsafrir et al. carried out a similar analysis of the backfgli

variants and the impact of error estimations, but using run-
In our opinion the main lack of the two mentioned metricstime predictions in instead of using user estimates in [&: R
and derivates, is that they do not provide a unified way fagarding prediction, there are other works that have prapose
evaluate a scheduling policy due to they give different impo several predictions techniques and how they can be applied i
tance to the jobs, as mentioned one is more influenced by teeheduling policies [22][4][21][16][3], however it is Htan
small jobs and the other by large jobs. In this paper we pteserpen problem.
a new metric that provides a uniform index of satisfaction of
the user about the submitted jobs. Our main goal have be&Re experimental part of our work [10] is also closely redate
designing a metric that tries to evaluate the Quality of ®ery With the workload analysis [17][15]. The conclusions of our
that the user perceives, providing a uniformed way to eval@xperiments have been contrasted and based with the analyt-
ate all submitted jobs. It is not intended to be substitutief ical studies available for each of the workloads that we have
other used metrics, rather this; it is intended to provide-co Used in our simulations:
plementary information that we consider that it is not pnése

in the other. e The San-Diego Supercomputer Center (SDSC)

The rest of the paper is organized as follows: next section Paragon logs from 1995. In [14] can be found a

presents the related work; section 3 presents the chaeacter comparasion betyveen the Paragon "95 workload with
tion of the experiments that we carried out; section 4 prssen the NASA Ames iPSC workload.

the definition of the new metric used for the evaluation; sec- o The San-Diego Supercomputer Center (SDSC)
tion 5 provides the discussion about the impact of the qual-  paragon logs from 1996.

itative errors versus quantitative errors; and finally thst |

section provides the conclusions of the presented work and ® The Cornell Theory Center (CTC) SP2 log [9].

the future work. e The Swedish Royal Institute of Technology (KTH) SP2
log.

e The Los Alamos National Lab (LANL) CM-5 log
2 Related work

,nitially we also used workloads synthetically generateat t
were based on models such as [4][12][15][8]. However, as

N9 SChed“"T‘g variants: EASY_baCkf'”'ng’ S.JF-Backflgm the number of experiments to generate was considerably big
FCFS-Backfilling and LXF&W(w)-Backfilling; and the sim- . . . .
. : we decided only to test our ideas with the mentioned 5 work-

plest scheduling algorithm FCFS. Several works about these

s ) oads.
policies and schedulers that implement them can be found in
the literature. In [13] Skovira et. al presented the first pa-
per about the EASY algorithm and its performance in the _ S
LoadLeveler system. General descriptions about the most 3 Experiment characteristization
used backfilling variants and parallel scheduling policias
be found in the report that Dror. G. Feitelson et al. provides 3.1 Simulation framework
[6]. Moreover, deeper description of the conservative blkck All the experiments have been conducted using a C++ event-
ing algorithm can be found in [1], where the authors pregentdriven simulator that was implemented and used by Tsafrir et
characterization and how the priorities that can be usedwhal. in the paper [2].

Our study has been focused in a set of four different backfil



This modular simulator allows to implement several polit Field Description
cies due to the core of the simulator that provides the evenSubmit Time | The earliest time the log refers to |s

scheduling is independent to them. It also allows adding pre zero, and is the submittal time the of

dictors modules. Therefore a given policy can easily use pre the first job

dictions for plan the schedule of the jobs. Wait Time The difference between the job’s sup-

mit time and the time at which it actu-

The inputs for the simulations are basically divided in: & se ally began to run.

of parameters that allows to choose which policy has to beryn Time The wall clock time the job was run-

used, which kind of estimation has to be used (in case that ning.

the policy requires one) and other parameters that we addefiumber  of | In most cases this is also the number|of

for tune the synthetic estimations used in the study; and|a|located processors the job uses.

workload trace that is based in the standard workload formaiprgcessors

(SWF) proposed by Feitelson et al. [18] [7]. Requested | This can be either runtime or average
Time CPU time per processotr.

The SWL traces contain a header where a description abg
the system where the workload was created, such as the ny and 5 if cancelled.
ber of processors in the system, number of queues, numbe A‘Ufser informa-| User id and group id
nodes and so on. The header is followed by all the job entrig Stion '
Where each entry has information concerning the job life cy

. ' | _Executable a natural number, between one and the
cle. Table 1 provides some of the more relevant fields of an : o
entry. number of different applications aq

pearing in the workload.

);#tatus 1if the job was completed, 0 if it failed,

For the experiments we have used the cleaned versions of the
workloads (they have been enumerated in the above section).
These cleaned versions exclude some of the jobs that are con-

Table 1: Standard Workload Format

sidered to be abnormal executions to omit non-represeatati type, a perfect estimation will be returned (it will be the
activity, such as the workload flurries [20]: high activityrf real runtime) otherwise the default error (input 2) will
individual users. For example the workload of San-Diego Su- be applied on the estimation. Table 2 enumerates the
percomputer Center Paragon log has 5 different flurries. different type of jobs that have been defined.

The experiments have consisted on simulating all the @iffer ~ 5. Theworkload trace used in the simulation. As will
backfilling policies but, instead of using the user estiorati be explained in "Defining the upper and lower bounds”
provided in the workload, we have provided to the scheduler ~ the characterization of type of jobs provided as a input
a synthetic estimation generated in a fake estimator. Next t 4 are based on the workload that is being simulated.

subsections present how this fake estimator computestihe es

_m‘ation, depending on several experiment parameters. We Ggf{g gpplications types’ definitions are based on lower and up
it fake’ due to its estimations are computed by adding or Sube hounds that are computed for each workload and variable
tracting some value to the real runtime of the job taken frorﬂuntime number of processors etc.). Therefore, the egpli

the workload. tion types may differ form different centres, for examplee t
lower runtime bound for the LANL workload is 224.27 while

3.2 Estimation generation using quantitative errors in the CTC is 1152.2. The remaining part of the subsection
The inputs for the experiments when evaluating the impact gfovides an explanation of how the mentioned limits (upper
the quantitative errors in the scheduling are: and lower bounds) have been computed, how the quantitative

errors are generated and how the experiments for their impac

1. The Policy used in the simulation. Basically it can On the scheduling have been analyzed.
be EASY-backfilling, SIF-Scheduling or LXF&W (w)-

Backfilling. 3.2.1 Defining the upper and lower bounds: Ini-
] o tially we defined these boundaries based on statisticalprop
2. Theerror used in the new estimation. ties of each workload. For each of the variables we computed

3. Thestandard deviation used when computing the ap- its percentiles [26] and define the lower bound as the 20th
plied error. We added the stdev due to we did not WarRercentile of the variable and the upper bound as the 80th
to use always exactly the same error. Then we Cou||aercentile. However, the experiments done with this configu

also evaluate the effect of having high dispersion in théation did not provide interesting and clear results. Wentbu
estimations errors. that it was caused due to the categories definitions wer@base

in statistical properties. For example the definition of Bma
4. Thetype of jobsthat are estimated with high accuracy.jobs could be all the jobs with runtime was less than 10 min-
When fake estimator is asked for an estimation, if thates, due to a 20% of the jobs had less than 10 minutes, but a
job whom estimation is being computed matches to thi@bs with runtime less than 1 hour were still small compared



Category

Description

High number
of processorg
(1)

Jobs that use more thgxp perboundPro-
cessors.

Low number
of processorg
@

Jobs that use less thawerbound Pro-
cessors.

Short jobg3)

Jobs whom runtime is less tha

Iiowerbound

Large jobg4)

Jobs whom runtime is bigger thg
Iupperbound

High areas) | Jobs whom runtime multiplied by the
number of processors that it use is big-
ger thamarea, pperbound

Low area 6) Jobs whom runtime multiplied by the
number of processors that it use |is
lower thanaregowerbound

More exe-| Jobs whom submitted application |s

cuted ap-| one of the most executed in the hale

gl)lcatlons workload.

Low proces-| Jobs whom runtime is less than

sors and low| (¢, . and whom number of used

runtime(s) processors is less thaiywerbound

Not  small| Jobs whom runtime is more thdn

jobs(9) Miowerbound OF Whom number of used
processors is more thgwerbound-

Pure Equal| All the jobs are estimated using the er-

(10) ror and stdev provided as an input.

Equal(11) A fixed percentage of job8 are per-

fectly estimated. They are choosen us-

ing a random uniform variable. Thi
means that there is no fixed criteria f
select this subset of jobs. The rest of {|
jobs are estimated using the provid
error and stdev.

5
or

he
ed

Table 2: Application categories for quantitative errors

Run-time Applied formula

bound

Upper bound | 50%(95™ percentiléruntime)
Lower bound | 5%(rtypperbound

Table 3: Run-time boundaries definition

Workload RT boundaries’ %jobs
| lanl.cm5.cln Lower bound | 224.27 | 50% shorts
T Upper bound | 5606 20% larges
|_sdscpar9s Lower bound | 609 80% shorts
Upper bound | 15240 | 10% larges
|_sdscpar96 Lower bound | 621.34 | 65% shorts
- Upper bound | 15534 | %15 larges
|_kth.sp2 Lower bound | 956.88 | 55% shorts
T Upper bound | 23922 | 15% larges
|_ctc.sp2 Lower bound | 1152.2 | 55% shorts
Upper bound | 28804 | 20% larges

Table 4: Run-time boundaries for the workloads

to the rest of the workload. For solve this problem we took
similar approach that the once taken by Sui-Chiang et al. in
[19]. We defined the boundaries following a reasonable cri-
teria rather than statistical, however using as a basisdor o
decisions the percentiles for each variable for each warklo
Table 3 presents the description of how the lower and upper
bounds for the run-time are computed. As an example, Table
4 shows the upper and lower bounds computed for each of the
workloads. All the boundaries for each variable and worttloa
can be found in [11]. The bounds for the variablember of
processorss computed in a similar way.

3.2.2 Computing the quantitative error : The run-
time estimation provided by the fake predictor is computed a
shown in below. However, some remarks have to be presented
concerning it:

e When the same estimation errors are applied to all the
jobs (equal category), approximately a 50% of the jobs
are estimate with accuracy. Initially we applied the
error to the 100% of jobs, however we found this ap-
proach quite pessimistic. We decided to apply the error
to a 50% percent of the jobs. Our approach was based
on two different ideas. The first one is presented in
[19], where is concluded that with a 60% of the jobs
provide approximately accurate requested runtimes the
runtime was improved. The second one, was that we
saw that when using the other categories approximately
a 30-55% of the jobs where predicted with accuracy.

e In [5] Feitelson et. al concluded that a over estimation
in the runtime improved substantially the performance
of the system. We decided to make it more real sub-
tracting in a 50% of the estimations the error rather than
adding it. Usually user won't under estimate the run-
time, due to in backfilling policies these jobs are killed.



However in cases where a predictor is used it can mal
predictions that are lower than the real runtime.

The following source code presents the estimation comput
tion.

Description
The percentage (input 2) of short jobs
that will be converted to large jobs.
Overestimating it runtime until its bigr
ger thantypperbound

The percentage (input 2) of large jol
that will be converted to short jobs. Ur

€Category
short2largg1)

a_

large2short2) DS

i nput: JOB job, enum category derestimating it runtime until its lowey
doubl e stdev, double error, thanrt owerbound
i nt workl oad short2large The percentage (input 2) of large and
: i i and short jobs that will be converted tp
out put: doubl e estimation large2shorta) J

Norrmal Di stribution jobEr(error, stdev);
Uni fornDi stribution uniforn0, 100);
double E = 0;

/] Conmputing the error
i f(category equal &
uni f orm gener at eRandom() > 50)
e = j obEr. generat eRandom();
el se i f(matches(j ob, cat egory, workl ad))
e 0;
el se
e = j obEr. gener at eRandon();

/] Generating estimation

i f(uniform generat eRandon() > 50)
estimation rt + Exjob.rt;

el se
estimation

[rt-Exjob.rt];

return estimation;

3.2.3 Experiments: The parameters for the experi-
ments carried out for evaluate the impact of quantitativersr
in the runtime estimation are presented below:

e Policies FCFS, EASY-Backfilling, SJF-Backfilling
and LXF&W(w)-Backfilling.

e Errors: for those policies that use estimations the fol-

lowing errors have been usefls, 100, 200, 400, 600,
700, 800, 1000, 10000

e Standard deviations joint the last errors two groups
of stdevs have been usef0.5, 2, 10, 15, 20, 25, 25,
25, 25 and{0.5, 20, 40, 60, 80, 120, 200, 300,1900

e Categories 1,2, 3,4,5,6,7,8,9, 10.

We tested two different standard deviations due to we wa

short jobs and large jobs respectively.

Table 5: Application categories for qualitative errors

3.3 Estimation generation using qualitative errors

In the above sebsection we have presented how the quanti-
tative errors are computed. As will be presented ineke
periments evaluatiosection, once the experiments with such
kind of error were analyzed, we realized although that agldin
an amount of time in the prediction has a clear effects in some
categories (mainly in the large category) we could be more
aggressive.

We decided to test what happened if with the job estimation
the nature of the job was changed, for example estimating
that a job is short while it is large. This section provides th
descriptions of the experiments that we designed for test th
impact of such kind of errors.

The inputs for the experiments when evaluating the impact of
the qualitative errors in the scheduling are:

The policy used in the simulation (we used the same
policies that in the quantitative analysis).

The percentageof jobs to which estimation will imply
changing their nature.

The standard deviation used in the joint the above per-
centage.

The conversiontype that indicates which types of jobs
are estimated giving a runtime that changes its nature.

The workload trace used in the simulation.

As mentioned before, in these experiments the pararoeter
Dkrsion type has a different meaning that in the previous

to experiment which is the effect of adding more variation t@nce. Table 5 provides all the types that have been defined.
the estimations (more chaos). For some reason, as noticed

in [6], it seems that giving more variations in the estimasio

Like in the quantitative experiments, the presented cenver

to the scheduler when it implements a backfilling policy isions types are based in the lower and upper runtime time
achieve better performance. We decided that in some waglues. These values are computed in the same way as pre-

this phenomenon had to be included in the experiments.

sented preceding subsection.



3.3.1 Computing the error: The following source

e Standard deviations joint the last percentages the two

code presents the general algorithm used for compute the est groups of stdevs have been ug@do5, 0.1, 0.2, 1, 2, 3,

mation of the runtime that it's provided to the scheduler whe

required.

i nput: JOB job, enum conversion
doubl e stdev, doubl e perc,
i nt wor Kkl oad

out put: doubl e estimation

Nor mal Di stri bution jPerc(perc, stdev);
Uni f ornDi stribution uniforn(0, 100);
doubl e E = 0O;

doubl e p = j Perc. generat eRandon{) ;
doubl e unif = uniform generateRandon();

if(job.rt < rt_|l owerbound)

if((conversion = 1 || conversion = 3)&
p > unif)
estimation = job.rt+rt_upperbound;

else if(job.rt > rt_upperbound)

if((conversion = 2 || conversion = 3)&
p > unif)

{
estimation = job.rt - rt_upperbound;

if(estimation > rt_I| owerbound)
estimation = rt_I| owerbound -1,
}
}

return estimtion;

4,4,4,4,5,5.
e Categories 1, 2, 3.

At this point we have presented all the experiments characte
itzation: including the simulations inputs and paramtesscl

in the study; and the estimation generation for the qualéat
and quantitive errors used in them. In the following subsec-
tion we present the motivation for the usage the new metric
that we have designed for the evaluation of all the simufatio
its definition and peculiarities.

4 User-Quality of Service metric

In the introduction we presented several problems conegrni
the most commonly used metrics that are used for evaluating
the systems performance.

The slowdown is highly biased by the short jobs, and does not
provide how the large jobs are being affected by a given pol-
icy. Some researchers have used normalized slowdown met-
rics for avoid such effect. For example [2] use the average
bounded slowdown as a performance metric, that is the slow-
down for all the jobs, but those slowdowns that are bigger tha

a valuec are normalized to lower values. However, these ap-
proaches still have the problem that the effect of the paficy

large jobs it’s not clear.

If the job, of which estimation is required, is a small job ancon, the other hand, the wait time is a metric that has been used
the uniform random value (0..100) is less than the percerfgy estimate how affected are the large jobs, but it does not
age generated from the percentage normal distribution, apgbvide a clear measure of how much they are punished. It is

the conversion type isshort2large’ or "short2large and  affected for many different job types, and can be also highly
large2short’ then the result estimation is done by adding thejased for large jobs that wait long time.

tupperbound

In this section we present the definition of a new metric that
On the other hand, in the case that the job is big and the rage designed for evaluate the performance of the system that
dom value is less than the percentage generated from the n@fas to avoid the mentioned problems. We call it usser-
mal distribution, and the conversion type large2short’ or Quality of Service (U-QoS). The general idea is to modelize
"short2large and large2short estimation is done by sub- the satisfaction of the user that has submitted the job. &s ha
tracting thertupperbound In the case that the job estimationpeen shown in the earlier part of this paper, the level ofsati
still remains bigger than the lower bound (can happened Witction of the user higly depends on the nature of the submit-
the largest jobs) the estimation is returned with the statfice (o job. We expect that users that submit large jobs should be
Miowerbound1. equally satisfied that users that submit short jobs.

3.3.2 Experiments: The parameters for the experi- In our opinion the user satisfaction for the submitted large
ments carried out for evaluate the impact of qualitativersrr jobs is well represented by its slowdown. This normalized
in the runtime estimation are presented below: value use to be between 1 and 2, and minor changes in this

value use to be significant. For example if a large job im-
proves it slowdown form 1.5 to 1.2 can be considered an im-
e Policies FCFS, EASY-Backfiling, SJF-Backfilling portant improvement in its response time. Thereby, fordarg
and LXF&W(w)-Backfilling. jobs we use the slowdown computation as its U-QoS. On the
other hand, the slowdown, as has been discussed before, it's
e Percentage of jobs to be convertedfor those poli- not representative for short jobs. We focussed on finding out
cies that use estimations the following percentages hatew the wait time for short jobs can be transformed to a value
been used5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 200 that has the same characteristics that the slowdown has for



the large jobs. The main idea of the User-Quality of ServiceintegerfaCtQtf0~.N]
. . . . — . walt;
is to normalize the wait time of this jobs using a vatpthat | p= ZVjobstf;

depends on "how much” the large jobs have been waited jng _ (factor- @) - Miowerbound
average and in what we call thase wait time This wait
time is a representative value for the short jobs that models

what is a reasonable time that a short job should have to wait. sldjon job € large
For example the user can consider that a wait time of two min-metric= Z) walitjop/d job € short
uts for a job that takes one minute to be executed is ok, and Vjobs min(sldjob,waitjob/é) otherwise

he/she can still consider that the same wait time for a job tha
takes 1 second to run is still ok, due to this amount of time

from the user point perspective is reasonable. Table 6: User-Quality of Service computation
Although the U-QoS mainly evaluates the equal satisfactignFactor value | Meaning

of short and large jobs, it can be parametrically set giving1 (1) This value gives the same relevance|to
more weight either large or short jobs. This property may be small and large jobs.

desirable for determined types of centers where a given type, 4 (2) These values give more relevance to the
of jobs must have more priority than others. For instance, [n large jobs than short jobs.

HPC centers large jobs can be prioritized compared to shor/2,1/4(3) These values give more relevance to the
ones. The formula 6 describes the computation of the metric. short jobs than the large jobs.

There are some key concepts or some remarks concerning the Table 7: Factor values used in the experimentation
above equation that have to be discussed:

5 Experiment evaluation

e (@represents the normalization of the wait time respect )
the run-time of large jobs (wait/run). In this section the more relevant data resulted from therexpe

iments presented in the previous section are presented. For
e drepresents amount of wait time that is considered rez?il-vOld presenting too much graphics and data in the paper we
sonable for a short job. It is important to see that: only presgnt a subset of all the d_ata that we have generated on

’ ' the experiments. In [11] are available de rests of the datia th

] ] may be useful or of interest to the reader.
— |t takes into account the amount of wait that the

large jobs are having. It implies that the Userg ¢ Quantitative errors

Quality of Service of short jobs is also dependani, i subsection we present the more representativetsesul
of how much satisfied are the large jobs. that we obtained with the analysis of the impact of quantita-
— The amount of timed that is used for normalize tive errors in the performance of the system. We present the
the wait time of large job is computed by using'esults with the slowdown and the User-Quality of Servige fo
each of the analyzed scheduling policies. Three different s
of figures are shown: the first one presents the performance
— The impact of large jobs or small jobs in thefor the pure equal category; the second one presents a com-
global computation of the metric can be tuned usparison for the quantitative categories, including: thaatg
ing the parameter factor. Table 8 provides somehort and large category; and finally the analisis of theiqual
of the values that we have used and which are th@tive categories is presented. As have been explaine@in th
effect on the computation. above sections the main goals of this analysis was to evaluta
the effect of:

e For the rest of the jobs we have used the minimum
of the lasts two values. Using the minimum we clean , aqqing quantitative errors to all the runtime estimation
the noise that can be added by 'the mtermegilate Jops. of the scheduled jobs (pure equal) .
Deeper analysis must be done in other to find out if
there is any computation for this jobs that modelize e Adding quantitative errors to a specific subset of jobs:
with more accuracy their U-QoS. jobs that have an amount of runtime considerably big
(large) and jobs that whom runtime is small (short).

the rtjowerbound

e Adding quantitative errors to a random subset of the

In case that using the factor values in (2) and the scheduling jobs (equal).

policy priors large jobs the metric will have lower values fo
this jobs. On the other hand, if using the factor values used i
(3) and the scheduling policy prioritize small jobs, the @S) In general, we found out that there is a common pattern when
will have lower values for this other kind of jobs. adding quantitative errors on the job runtime estimatios-: U



ing an error of 100% in the runtime estimation, the perforjobs used in thgure equal category); theshort category,
mance on the system has a substantial improvement. Thifere the jobs that are short were estimated perfectly and th
conclusion corroborates the works presented in [2] and [5&rror was applied to the rest of the jobs; and lgrge cate-
On the other hand increasing the amount of error in the estiories, where the large jobs were estimated perfectly amd th
mation does not have clear effects in the performance of tleeror was applied to the rest of the jobs.

system. In general, there is nor negative neither posiine t

dency of the performance metrics with the exception of the 5 1 2 | arge, short and equal categories: The large

large category. category is the one that has been demonstrated to have more
effect in the performance of the system. In figures 3 and 4 the

5.1.1 Pure equal category: In the presented figures, Slowdown and the User-Quality of Service, for the sfi2
for provide a more clear view, we have removed the EASYorkload and for all the policies, present a clear effechef t
backfilling values due to they performance is substantiall9rror when the large category is used (This effect is more

lower than the one presented by the other two backfilling polPbvious in the U-QoS figure). The large policy estimates
cies. with high accuracy large jobs, what means that the errors are

mainly being added to the short jobs. On the other hand, the
The first interesting fact that can be observed in the figure ghort category, that estimates with accuracy short jobs and
is that the slowdown for the pure equal shows a chaotic badds errors to the rest of jobs, is not highly affected by the
haviour and it does not follow any pattern. The slowdowrincrement of the applied error. In this second category the
for the workload kthsp2 shows higher values respect to therrors added to large jobs. Based on these two facts, we can
rest. This is caused due to a 40% of the jobs of this worlconclude that accurate estimation of the short jobs is some-
load are really small (less than one minute), while in thé reshing important.
of the workloads this percentage goes from 10% till a 20%.
This clearly shows how the fact that a given workload has ahhe accuracy for the large jobs, it is also important, howeve
important amount of really short jobs has an incredibleatffe &s the impact of the estimation of this kind of jobs is not as
in the global slowdown. Comparing this slowdown with thedramatic as with the short jobs, higher errors are acceptabl
metric presented in this paper, it can be observed that the Bigure 4 shows that the U-QoS metric presents a clear incre-
QoS has more normalized values and it is more immune fgent when the error is incremented, this behaviour does not
the effect that the workload has an important amount of shoapear with the same clarity in the slowdown figure. For this

jobs. This effect can be observed in all the rest of the figuresgme workload the equal policy also presents a sort of ascen-
presented in this section. dant pattern when the error is being increased. However the

decrement of the performance is softer than in the large cate
A surprising conclusion that can be obtained from figures gory, it starts to be significant with an error of 1000%. Proba
and 2 is that there is no clear effects of the quantitativersrr bly it is caused due to the amount of short jobs that are being
in the slowdown neither in the U-QoS metric. Although usingffected by the errors in this category is less that the amoun
an error of 10000% no clear effects appear. For example affected in the smaller than in the large category.
the sdsoar96 figure with the SJF and LXWF policies and an
error of 5% there is an U-QoS of 1.6 and 1.7 respectively, anthe error has to be bigger for show some impact in both met-
there is an U-QoS of 1.72 and 1.62 for the same workloadis. The kthsp2 presents similar patterns as the cip2
and policies with an error of 1000%. The maximum differworkload (see figures 5 and 6). The decrement of system per-
ences appear in the cgp2 workload, where the U-QoS goesformance can be also appreciated when the category used in
from 1.89 and 1.8, with an error of 5%, to 2.2 and 2.4, witthe simulations is the large. Furthermore, the short cagego
an error of 1000% in the SJF and LXWF policies. does not show any clear effect of the error in the estimation

of the non shorts jobs. Again, the figure 6 shows that the U-
Our impression is that this behaviour is caused due to the pu@oS provides a different view and different informationrtha
equal category it is adding quantitative errors to all thege- the slowdown: high slowdown values are present in the fig-
timation. Using this category the global effect is that thie j ure 5. Mainly this is due to kth has an important amount of
runtime is over scaled and it has no effect in the backfillingvery short jobs and the global slowdown is affected by their
So adding a constant error in all the estimations has noteollalowdown values. On the other hand, in the U-QoS provides
eral effects. We had expected that adding this error we wouidore normalized values, with similar scales (the slowdown
be adding more chaos to the system, and that would impactfor the kth.sp2 grows from 40 of the SJF until 400 in the case
the performance of the system. of the EASY backfilling, while the U-QoS metric grows from

2 until 12). Moreover the values provided by our metric can
At this point we decided check which was the effect of addinge modelled easily than the slowdown.
errors estimations in a subset of jobs. We though that this
would have more impact in the system performance. Wg/e obtained similar conclusions for the workloads
defined the categories presented in the section "Experimesdscpar96 when studying its slowdown and U-QoS
characterization”: theequal category where the error is graphics. Similar patterns can be observed in the presented
added to a 50% of all the jobs (rather than the 100% of thiggures.



5.2 Qualitative errors 6 Conclusions and future work
The main goal of our study was to find out which kind of er-

rors have real impact on the scheduling performance. At thlis h h dthei ¢ L
point, seeing that there were clear effects with the quantit n the paper we have presented the impact of quantitative er-

tive errors in some categories, we decided to take more dra[ﬁ-rs and qualitative errors of .the job runtime_ (_astimation on
tic measures: instead of adding quantitative errors, weavout"® performance of the backfilling based policies. We have

change the nature of the jobs adding qualitative errorseo tﬁlso showp the effect of applying these errors toa detemsguna
job estimation. subset of jobs. The new performance metric User-Quality of

Service has been presented. It has been demonstrated to be a

This new approach provided us also significant results, atgeful and complementary metric to the existing metrice Th
corroborated the results obtained in the previous expersne U-Q0S use to remain stable and is less affected by extreme
Figures 12,14 , 16, 18 presents the U-QoS of the differeibs, really short and really large jobs. In all the experitse
workloads evaluated in these experiments. There is a cldhfas demonstrated to be easier to understand and to have a
effect when using the categorigisort2large andlarge2short ~ behavior that can be easily modeled

on the scheduling when incrementing the percentage of jobs . . .
whose nature is being changed: the performance of the systghthe experiments we haye shown th"?‘t thf’"t adding quanti-
al least is decreased by two times. For instancedtelsp2 tative errors_to all the runtime jobs estimation of the Wor_k-_
figure (Figures 12) the UIS goes from 1.5, estimating as Igad has no |mpact_ on the performe_mce of the system. This is
large jobs a 5% of the shorts jobs, until a 6 using a percentaﬁ@used due to the final result of adding these errors ardihat t

of 80% of the same jobs. In this last example the U-QoS Wworkload is only scaled but maintains the characteristies o
incremented by 4 times ' perfect estimation. Furthermore, in general, adding gtsant

tive errors to a determined subset of jobs does not have rel-

However, a heavier impact occurs when changes are ap@nt impact in the performance of the system. The unique
plied to all the short and large jobs (using the categor§ubset of jobs that has shown a real impact in the perfor-
"short2large and large2short”. Obviously, the number of Mmance has been the short jobs. The errors in such kind of
jobs that are changed in this case is bigger that in the othi@Ps have considerable effects in the presented perforenanc
two categories. However, only changing the 50% of jobs tha&petrics; adding quantitative errors in their job runtimé-es
belongs to this category (what is similar to the number o§jobMation results in a clear increasing of the U-QoS and of the
changed in the other two categories), there is an importapowdown.

effect in the performance of the system, in some cases in-

creasing the U-QoS by 7 times. Furthermore, in the Worgualltatlve errors in job runtime estl_mat|on have_sh_own-5|m
patterns as the other presents in the quantitativesrro

cases, where the 90% of large and short jobs are affected 'By ! L . .
adding qualitative errors to the short jobs has an important

the change, the U-QoS can be incremented by 10 times.
impact on the system performance. It has been demonstrated

Using the slowdown as a performance metric, in general the@at adding qualitative errors on their runtime estimation
are also similar patterns that show that increasing theepérc father results in dramatic drop of the performance.

age the slowdown is increased. For example, when evaluati

n
the effect of the percentage in the categtiyort2large and V\?e can conclude that the backfilling scheduling policies are
being affected by the jobs runtime estimation error. Howeve

large2short” for the Llanl_cm5, the slowdowns grows from " . .
10, using an 5%, until 185, using an 90%, what means thﬁpt all the errors are critical, adding similar errors tothak
’ ' ’ ' Jobs has no real impact, neither adding errors to those jobs

the slowdown is incremented by 20 times. : o
that are large or medium. On the other hand, estimation er-

As with the quantitative errors, the qualitative errors e t fors of short jobs are more critical. If the estimations erro
job runtime estimation have been demonstrated to have sirHicreases, it results in a substantial increase of slowdawn

lar effects in the performance effects of the system. lescl U-QO0S. Furthermore, qualitative errors in these jobs areemo
that depending on the goodness of the system this effects nfgifical than the others, and users should try to avoid them.

be acceptable or not, however high percentage of jobs thatar = . . o

being affected for such kind of nature changes can imply a‘ﬁaklng mtp account the results qbtamed In Fhls study,_ Ve Su
important lost of performance. This study provides impatrta port th"?lt I make sense to design sp_emallzed predictors _for
information that should be taken into account when desigr‘?l—et_ermmeol job types, and use_them msteaq of user runtime
ing predictors that will be used in backfilling schedulindipo estimates as an ”.‘p”t of backiilling scheduling policies. In
cies. These predictors should try to avoid qualitativersrio general, this predictors should have to be as much accurate

their predictions, for example as some have been presantedf POSSible for those jobs that are likely to be short, and try
some works, providing confidence interval in the predicsionto avoid qualitative errors on them. On the o.ther hand higher
that could advise that the prediction could have either quaﬁrrors could be acceptable in the rest of the jobs.

titative or qualitative errors. However, deeper study $thou
be done for in the usage of real predictors in the backfillin
based policies.

Our current work is focused on evaluating the predictapbilit
8t the backfilling policies. This study is intended to pravid
us some guidelines for designing scheduling policies fod Gr
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