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Abstract

The research on the usage of prediction techniques in

HPC scheduling policies rather than user estimates has

increased it relevance these recent years. In the coming

scheduling architectures, like Grids and very heterogeneous

computational resources, such techniques are having a cru-

cial relevance due to users in most of the cases will not

have enough information or enough skills for specify for

how long will their jobs run.

Many studies have analyzed the impact of the user run-

time estimates accuracy in the performance of the schedul-

ing policies. Using user runtime estimation models, such

as the f-model, researchers have evaluated how the accu-

racy of the runtime estimates provided by the user at the

job submission can affect the performance of the backfill-

ing policies and its variants. However, these traditional es-

timation models can not applied to backfilling scheduling

policies that use runtime predictions rather than user esti-

mates. Clearly, predictions can not be characterized with

these models. For instance because the underestimation of

the runtime is not considered by them and obviously it can

occurs.

In this paper we describe and evaluate a set of f-model

based prediction models that characterize the behavior that

prediction techniques have shown in HPC centers. They

have been designed for evaluate scheduling policies that use

predictions rather than user estimates.

1 Introduction & Motivation

Backfilling based scheduling policies have been demon-

strated to be the scheduling policies that achieve higher per-

formance in parallel HPC architectures. However, the ma-

jor inconvenience that their base algorithm has is that the

scheduling is based on the job runtime estimation that users

provide. Thus, the runtime of the scheduled applications

has to be known at submission time.

Several studies have carried out extend research on the

impact of the user estimates accuracy in the performance

of these scheduling policies. The commonly used f-model

(introduced later) has been used for evaluate how the accu-

racy of the user estimations affect the performance of the

backfilling and its variants. Thereby, using such analysis

researchers have proposed new backfilling variants schedul-

ing policies, like S-H Chiang did with LXWF-Backfilling or

Tsafrir did with Shortest Job Backfilled First (SJB-First).

The topic that has increased his relevance these last years

is the usage of prediction techniques in scheduling policies

rather user estimates. In the coming scheduling architec-

tures, like Grids and very heterogeneous computational re-

sources, such techniques are having a crucial relevance due

to user in most of the cases will not have enough informa-

tion or enough skills for specify how long it will his/her

job run. Some researches have started to face this complex

problem. Tsafrir et al. have provided to the community

two works studying the impact of the usage of four different

prediction techniques rather than user estimates in the back-

filling policies [21]. Similar work is the once presented by

Talbi et al. in [19]. They evaluate the impact of the usage of

three different predictors for the backfilling policies that are

designed to work with different amount of information at

the prediction time. All these works have analyzed the im-

pact of specific predictors with specific properties to these

backfilling policies.

The traditional f-model can not be used in the evalua-

tion of the performance of scheduling policies that use pre-

diction techniques rather than user estimates. As will be

discussed later, this model does not properly model some

characteristic inherent to the prediction techniques that can

cause important effects to the behavior and performance of

the studied scheduling systems. This is mainly caused due

to the essence of the predictor properties are clearly differ-

ent for the ones that users usually show in their runtime es-

timations. For example, while users usually tend to over-



estimate their jobs with a factor of 2, or even 5, for avoid-

ing their jobs to be killed, a predictor can underestimate the

job runtime with a factor of 100. Obviously this is because

of real users have some hints concerning how they appli-

cations will behave while predictor does not. In this paper

we have defined a set models having several properties in-

herent to the predictors estimations that can have impact to

the performance of the system. This characterization has

been based on our research background in prediction and

scheduling techniques [7][10][11][14][9][12].

We have analyzed the impact of these models to differ-

ent set of workloads available in [5]. In the experiments

we have stated that adding or subtracting quantitative errors

to all the runtime jobs predictions of the workload have no

relevant impact on the performance of the system. Further-

more, adding/subtracting quantitative errors to a determined

subset of jobs does has not relevant impact in the perfor-

mance of the system. The unique subset of jobs that has

shown a real impact in the performance has been the short

jobs. We have also demonstrated how qualitative errors on

the runtime predictions can result in a dramatic drop of the

performance. Thus, predicting that a job will be short while

it is really large or vice versa can substantially increment

performance variables such as the average bounded slow-

down.

The rest of the paper is organized as follows: sections 2

and 3 we present the related work and our main contribu-

tions; sections 4 and 5 the simulation environment used and

the prediction models are described; sections 6 and 7 the

experiments and the evaluation of the models are presented;

and finally, in section 8 we present the conclusions.

2 Related Work

The backfilling [16] policies have been the main goal

of study these recent years. Authors like Franchtenberg

or Chiang have provided to the community many qual-

ity works regarding to this topic. In [6] general descrip-

tions about the most used backfilling variants and parallel

scheduling policies are presented. Moreover, deeper de-

scription of the conservative backfilling algorithm can be

found in [18], where the authors present it characterization

and how the priorities that can be used when choosing the

appropriate job to be scheduled.

Regarding the usage of prediction models in backfilled

based scheduling policies, some authors have evaluated the

usage of specific predictors rather the user runtime esti-

mates. At the best of our knowledge, Tsafrir et al. de-

scribed the first work in this topic [20] in this type of poli-

cies. The authors not only evaluated the impact of using

prediction techniques, they also described the needed ex-

tensions in the scheduling policies for support such usage.

Following the same approach, Talbi, also form the Uni-

versity of Jerusalem, provided a performance analysis of

the impact of using the Session-based, estimation-less, and

information-less runtime prediction algorithms in the Back-

filling scheduling policies. The research activity presented

in this paper has been mostly based on the description that

both authors propose.

More extensive literature is available in the area of per-

formance prediction. The usage of time series is proposed

in several works, for example Peter A. Dinda in [4] propose

the usage of linear mathematical models for predicting the

runtime of applications. Similar to the techniques presented

by Dinda, Yuanyuan [22] introduces new models also based

in time series. In [3] the authors proposed the utilization

of a state-transition model to characterize the resource us-

age of each program in its past executions. The other fre-

quently used approach is using simulations for predicting

the job runtime. For example, the PACE simulator [13]

that is an object-oriented simulator and execution system

based on high-level stochastically Petri nets with time mod-

eling. Finally the last group of prediction techniques that

has been recently used by several works are the datamin-

ing techniques. Relevant examples are the once carried by

Warren Smith et al. in [17] or Gibbons in [8] using clus-

tering techniques. More recent work is the once presented

by Hui Lui [15], where they presented a new prediction for

wait queue time and runtime using the K-Nearest Neighbor

technique.

3 Contribution

In this paper we present a detailed study of which is the

impact of the prediction errors in the scheduling policies.

Clearly, our work has focused on several issues that have

not been modeled in the other works. The traditional user

runtime f-model used in the backfilling scheduling policies

evaluations is defined as follows: estσ ∈ U [r,r ∗β]. How-

ever, as we have introduced before it does not consider some

properties that predictions have. In the presented evaluation

work we have characterized a set prediction models that ex-

tend the f-model:

• We have used models where the prediction of the run-

time can be lower than the real runtime. The estima-

tion f-model does not take into account that jobs can

be underestimated due to jobs would be killed by the

schedulers.

• The other works have used simple error models, since

the experiments the same estimation accuracy model

is applied to all the jobs. We have evaluated different

profiles of errors. By profile, we understand to apply

errors a jobs with a certain characteristic, for instance:

those jobs that use executables that are more frequently

submitted to the center or those jobs that, respect to the



workload used in the simulation, requires a high num-

ber of processors etc. Here, we have studied the poten-

tial use of specific predictors specialized in a certain

job typologies.

• We have evaluated the impact of changing the nature

of the job with the prediction using qualitative errors.

For example, a qualitative error is to predict that the

job runtime of the job is short while, respect to the

simulated workload, the job was really large. In this

scenario, we also have analyzed the potential use of

categorical predictors in the context of the backfilling

policies.

• As proposed in [21], we have extended the backfilling

interfaces for treat the deadline missed event for a job.

This is triggered when a job has used all the runtime

that was predicted when it was submitted. In these sit-

uations, differently from the approaches that are taken

in the traditional studies, the job can not be killed due

to the error has not been generated by the user. In our

work what the scheduler does is extending the predic-

tion and the job allocation with an amount α of time.

4 Simulation Framework

All the experiments presented in this paper have been

conducted using a C++ event-driven simulator that was im-

plemented and used by Tsafrir et al. in the paper [21]. This

is a modular simulator that allows to simulate the EASY-

Backfilling and SJB-First policies. They are implemented

extending the traditional EASY algorithm for the usage of

runtime prediction rather than user estimates. It also allows

adding predictors modules that are used by the scheduling

policies for schedule the job according its predicted run-

time. For the work presented in this paper we have extended

the simulator implementing the other backfilling variants

and implementing the fake predictor. It predicts the job run-

time carrying out numerical transformations on the real run-

time (presented in section 5). We called it ‘fake’ due to its

predictions are computed by adding or subtracting a value

to the real runtime of the job taken from the workload.

5 The Prediction Models

The models that have been characterized are divided in

two main groups: quantitative prediction errors and qualita-

tive prediction errors.

5.1 Prediction Generation Using Quanti-
tative Errors

The quantitative errors are generated by adding or sub-

tracting a α percentage to the real runtime of a job and re-

Workload RT boundaries1 %jobs

l lanl cm5 cln
Lower bound 224.27 50% shorts

Upper bound 5606 20% larges

l sdsc par95
Lower bound 609 80% shorts

Upper bound 15240 10% larges

l sdsc par96
Lower bound 621.34 65% shorts

Upper bound 15534 %15 larges

l kth sp2
Lower bound 956.88 55% shorts

Upper bound 23922 15% larges

l ctc sp2
Lower bound 1152.2 55% shorts

Upper bound 28804 20% larges

Table 1. Run-time boundaries for the work-

loads (seconds)

turning it as a prediction. As has been introduced before,

this model is substantially different form the f-model, since

the interval for the predictions is [max(1,rt −α ∗ rt),rt +
α ∗ rt], while the f-model is [rt,α ∗ rt]. On the other hand

we have evaluated the effect of adding this kind of errors to

determined typologies of jobs:

1. High number of processors: Jobs that use more than

pup
2 processors.

2. Low number of processors: Jobs that use less than plb

processors.

3. Short jobs: Jobs whom runtime is less than rtlb.

4. Large jobs: Jobs whom runtime is bigger than rtup

5. High area: Jobs whom runtime multiplied by the num-

ber of processors that it use is bigger than areaup

6. Low area: Jobs whom runtime multiplied by the num-

ber of processors that it use is lower than arealb

7. More executed applications: Jobs whom submitted ap-

plication is one of the most executed in the hole work-

load.

8. Low processors and low runtime: Jobs whom runtime

is less than rtlb and whom number of used processors

is less than plb

9. Not small jobs: Jobs whom runtime is more than rtlb
or whom number of used processors is more than plb

10. Pure Equal: All the jobs are prediction using the error

and stdev provided as an input.

2The jobs are categorized based on a set of upper (up) and lower (lb)

bounds that define which jobs matches to the descriptions. The computa-

tion of these bounds is introduced later.



11. Equal: A fixed percentage of jobs ∂ are perfectly pre-

dicted. They are chosen using a random uniform vari-

able. This means that there is no fixed criteria for select

this subset of jobs. The rest of the jobs are predicted

using a provided error and stdev.

The applications types’ definitions are based on lower

and upper bounds that are computed for each workload and

variable (runtime, number of processors etc.). Therefore,

the application types may differ form different centres, for

example, the lower runtime bound for the LANL workload

is 224.27 secs. while in the CTC is 1152.2 secs. Initially

we defined these boundaries based on the statistical prop-

erties of the workload variables. For each of the workload

variables (runtime and number of processors) we computed

its percentiles and defined the lower bound as the 20th per-

centile of the variable and the upper bound as the 80th per-

centile. However, the experiments that used these bounds

did not provide interesting results. It was caused due to

the categories definitions were based in statistical properties

rather than following a logical criteria. For example using

the first criteria the definition of small jobs for the CTC cen-

ter were all the jobs with runtime lower than 10 minutes, but

jobs with runtime less than 1 hour were still small compared

to the rest of the workload. For solve this problem we took

similar approach that the once taken by Sui-Chiang et al. in

[2]. We defined the boundaries following a reasonable cri-

teria rather than statistical using as a basis for our decisions

the percentiles for each variable for each workload. The up-

per bound has been defined as the ubα = 95thPercentile/2

and the lower bound as lbα = ubα ∗ 0,05, where α is the

workload variable: runtime, number of processors etc.

The inputs for the experiments when evaluating the im-

pact of the quantitative errors in the scheduling are:

1. The policy and workload trace used in the simu-

lation (EASY-backfilling, SJB-First or LXF&W(w)-

Backfilling).

2. The error and standard deviation used in the predic-

tion generation. The deviation is used for not apply

exactly the same error in all the predictions. Thus, we

can also evaluate the effect of having high dispersion

in the prediction errors.

3. The type of jobs that are predicted with high accuracy

(introduced in the first in initial part of the section).

When the predictor is asked for an prediction, if the

job whom prediction is computed matches to this type,

a perfect prediction will be returned (it will be the real

runtime) otherwise the default error will be applied on

the prediction.

The runtime prediction provided by the predictor for the

job is computed as jobRtPred = jobrt + jobrt ∗U [0,0.05]

(an almost perfect prediction) when it matches the cate-

gory that is evaluated in the experiment. Otherwise, the

returned prediction will follows the uniform distribution

U [max(1, jobrt −
α∗ jobrt

100
), jobrt + α∗ jobrt

100
] where the α fol-

lows the normal distribution α ∼ N(error,stdev).
In the equal category approximately a 50% of the jobs

are predicted with accuracy. In the first approach we ap-

plied the error to the 100% of jobs (pure equal category),

however later on we found this approach quite pessimistic.

We decided to apply the error to a 50% percent of the jobs

(equal category). Our approach was based on two different

ideas. The first one is presented in [2], where is concluded

that with a 60% of the jobs provide approximately accurate

requested runtimes the scheduling policy performance was

improved. The second one, was that we saw that when us-

ing the other categories approximately a 30-55% of the jobs

where predicted with accuracy.

5.2 Prediction Generation Using Qualita-
tive Errors

In the above subsection we have presented how the quan-

titative errors are computed. As will be presented in the

experiments evaluation section, once the experiments with

these kind of errors were analyzed, we realized that al-

though adding an amount of time in the prediction has a

clear effects in some categories (mainly to the short jobs) we

could be more aggressive. We decided to test what would

occur with the system performance if with the job prediction

the nature of the job was changed, for example predicting

that a job is short while it is large. This section provides the

descriptions of the experiments that we designed for test the

impact of such kind of errors.

The qualitative errors model behaviors that predictors

con frequently have while users should not: completely

mistake the job runtime prediction. Usually, users tend to

overestimate their jobs around two or even four times the

real runtime of the job. This is caused because they have an

approximate idea about which is the required time for their

applications and they want to avoid their jobs to be killed.

However, predictors probably will not have the same knowl-

edge concerning the submitted applications and they could

make huge mistakes in the job runtime predictions. The ex-

periments application categories that have been evaluated

for this qualitative errors are:

1. short2large: A percentage of φ short jobs that will be

predicted as large jobs predicting its runtime bigger

than rtub.

2. large2short: A percentage of ρ large jobs that will be

predicted as short jobs predicting its runtime lower

than rtlb.



3. short2large and large2short: A percentage ω of large

and short jobs that will be predicted as short jobs and

large jobs respectively.

The inputs for the experiments when evaluating the im-

pact of the qualitative errors in the scheduling are:

• The policy and workload used in the simulation (we

used the same policies that in the quantitative analy-

sis).

• The percentage and standard deviation of jobs to

which prediction will imply changing their nature.

• The conversion type that indicates which types of jobs

are predicted with a runtime that changes its nature.

Given a random variable γ ∈U [0..100], the runtime pre-

diction provided by the predictor when modeling the qual-

itative errors for the job is computed as jobrt + jobrt ∗
U [0,0.05] if γ > β where β follows a the normal distribu-

tion β ∼ N(percentage,stdev). Otherwise:

• If the job is a small job and the category that is be-

ing evaluated is ”short2large” or ”short2large and

large2short” then the prediction is computed by

adding the rtupperbound to the real job runtime. Thereby,

the prediction will indicate to the scheduler that the job

is large while it is short.

• If the job is big and the category evaluated is

”large2short” or ”short2large and large2short” the

prediction is done by subtracting the rtupperbound. In

the case that the job prediction is bigger than the lower

bound (can happened with the largest jobs) it is re-

turned with the static value rtlowerbound −1.

• If the two previous conditions are not satisfied then ini-

tial almost perfect prediction is returned.

6 Experiment Characterization

Our study has been focused in a set of four different

backfilling scheduling variants: EASY-backfilling, SJB-

First and LXF&W(w)-Backfilling. We have used four dif-

ferents workloads: the San-Diego Supercomputer Center

95/96 traces (SDSC), the Cornell Theory Center (CTC) SP2

log, the Swedish Royal Institute of Technology (KTH) SP2

log, and the Los Alamos National Lab (LANL) CM-5 log.

The inputs for the simulations are basically: parame-

ters that allows to choose which policy has to be used,

which kind of prediction has to be used, parameters for tune

the synthetic predictions used in the study and, finally, the

workload trace that that will be used in the simulation. The

trace is based in the standard workload format (SWF) pro-

posed by Feitelson et al. [1] [5]

The experiments have consisted on simulating all the dif-

ferent backfilling policies but, instead of using the user es-

timation provided in the workload, we have provided to the

scheduler the prediction generated in a fake predictor. Next

two subsections present the experiments that have been car-

ried out for the evaluation.

6.1 Quantitative Errors Experiments

The parameters for the experiments carried out for eval-

uate the impact of quantitative errors in the runtime predic-

tion are presented below:

• Policies: EASY-Backfilling, SJB-First and

LXF&W(w)-Backfilling.

• Errors: the following errors have been used: {5, 100,

200, 400, 600, 700, 800, 1000, 10000}.

• Standard deviations: joint to the last errors two

groups of standard deviations have been used: {0.5,

2, 10, 15, 20, 25, 25, 25, 25} and {0.5, 20, 40, 60, 80,

120, 200, 300,1000}.

• Quantitative Categories: 1, 2, 3, 4, 5, 6, 7, 8 , 9 and

10.

We tested two different standard deviations due to we

want to experiment which is the effect of adding more vari-

ation to the prediction (more chaos).

6.1.1 Qualitative Errors Experiments

The parameters for the experiments carried out for evaluate

the impact of qualitative errors in the runtime prediction are

presented below:

• Policies: EASY-Backfilling, SJB-First and

LXF&W(w)-Backfilling.

• Percentage of jobs to be converted: for those policies

that use predictions the following percentages have

been used {5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100}.

• Standard deviations: joint the last percentages the

two groups of stdevs have been used {0.05, 0.1, 0.2,

1, 2, 3, 4, 4, 4, 4, 5, 5 }.

• Qualitative Categories: 1, 2 and 3.

7 Experiment Evaluation

In this section the more relevant conclusions resulted ob-

tained from the experiments presented in the previous sec-

tion are presented. For lack of space we only present a sub-

set of all the data that we have generated in the experiments.



Three different types of figures are discussed: first the per-

formance for the pure equal category; second a comparison

for the quantitative categories, including: the equal, short

and large category; and finally the analysis of the qualita-

tive categories is presented. The evaluation results for the

quantitative prediction categories high/low number of pro-

cessors, high/low area, more executed applications and low

processors and low runtime have not shown relevant im-

pacts on the scheduling performance. Thereby, their perfor-

mance is not shown in the figure analysis.

7.1 Quantitative Prediction Errors

In general, we found out that there is no common pattern

when adding quantitative errors on the job runtime predic-

tion. The unique category that has shown an impact the

performance of the scheduling policy is the large and the

equal categories. However, in this last category when the

quantitative errors are really high. Thus, the prediction ac-

curacy for the short jobs is something important and that

can let to good scheduling. We expected that prediction er-

rors in the categories based on the amount of processors

(high/low number of processors used and high/low area cat-

egories) would have higher impacts on the performance of

the system. However, we have stated that carrying out ac-

curate prediction on these topologies of jobs does not have

dramatic effects.

7.1.1 Pure Equal Category

The first interesting fact that can be observed in the fig-

ure 1 is that the bounded slowdown for the pure equal

shows a chaotic behavior and it does not follow any pat-

tern. The bounded slowdown tendency for the workload

kth sp2 shows higher values respect to the other two four

workloads. This is caused due to a 40% of the jobs of this

workload are really small (less than one minute), while in

the rest of the workloads this percentage goes from 10% till

a 20%. This clearly shows how the fact that a given work-

load has an important amount of really short jobs has an

incredible effect in the global bounded slowdown when the

job runtime predictions are inaccurate.

From figure 1, we can state there are no clear effects

of the quantitative errors when they are applied to all the

jobs in the bounded slowdown. Although using an error of

10000% the scheduling performance is not influenced. For

example in the sdsc par96 figure with the SJF and LXWF

policies and an error of 5% there is an bounded slowdown

of 2 and 2,5 respectively, and there is an bounded slowdown

of 1 and 1,4 for the same workloads and policies with an er-

ror of 1000%. This behaviour is is caused because the pure

equal category it is adding quantitative errors to all the job

prediction. Using this category the global effect is that the

job runtime is over scaled and it has no effect in the back-

filling. So adding a constant error in all the prediction has

no collateral effects.

7.1.2 Large, Short and Equal Categories

In equal category, not only the performance of the system

is not damaged by the inaccuracy of the prediction errors,

in some situations it experiments an improvement of two

one order of magnitude respect a perfect prediction. For ex-

ample, the bounded slowdown for SJF Backfilling policy in

the l kth sp2 is reduced from 3 with an almost perfect pre-

diction until 2 with an error on 1000%. The inaccuracy of

the runtime estimates can let to a very good scheduling, and

errors around 200% or even 400% in the runtime predic-

tion can let to better schedule than perfect estimations. The

impact of this inaccuracy has been named by Tsafrir as the

Heel and toe effect in his studies about the impact of user

runtime estimates in the backfilling policies [21]. However

the scheduling performance starts to be affected by really

high quantitative errors (more than 5000%)

The large category has demonstrated to have more ef-

fect in the performance of the system. In the figure 3 the

bounded slowdown for the ctc sp2 workload and for all the

policies presents a clear effect of the error when the large

category is used. The large policy predicts with high accu-

racy large jobs, what means that the errors are mainly being

added to the short jobs. Thereby, this study corroborates

that the prediction accuracy (in this work positive and nega-

tive errors) on short jobs has relevant impact on the system

performance. On the other hand, the short category , that

predicts with accuracy short jobs and adds errors to the rest

of jobs, is not highly affected by the increment prediction

error. The short category shows that there are no clear ef-

fects of the predictions error in the non shorts jobs. The

kth sp2, sdsc par96, and lanl cm5 workloads present sim-

ilar patterns as the ctc2 sp2 workload (see figures 2 4 and

5).

Similar to the conclusions that the user runtime estimates

impact works achieved, we can state that accurate predic-

tion of the short jobs is something important, independently

of positive or negative errors. The accuracy for the large

jobs, it is also important, however as their impact in the pol-

icy performance is not as dramatic as with the short jobs,

higher errors are acceptable.

7.2 Qualitative Prediction Errors

The main goal of our study was to find out which kind

of errors have real impact on the scheduling performance.

Because we realized that there were clear effects with the

quantitative errors in the categories that were defined based

on the runtime rather than other variables, such as the num-



ber of processors, we decided to take more drastic mea-

sures: instead of adding quantitative errors in the categories

short and large, we would change the nature of the jobs pre-

diction by adding qualitative errors to the job prediction.

This new approach provided us also significant results,

and corroborated the results obtained in the previous exper-

iments. Figures 6, 7, 8 and 9 present the bounded slow-

down for the different workloads evaluated in these exper-

iments. There is a clear effect when using the categories

short2large and large2short on the scheduling when in-

crementing the percentage of jobs whose nature is being

changed: the performance of the system at least is decreased

by a factor of two. For instance, in the l ctc sp2 (figure 6)

the bounded slowdown goes from 2, predicting as a large

jobs a 5% of the shorts jobs, until a 20 using a percentage

of 80% of the same jobs. In this last example the bounded

slowdown is incremented by 4 times.

However, a heavier impact occurs when changes are ap-

plied to all the short and large jobs (using the category

”short2large and large2short”. Obviously, the number of

jobs that are changed in this case is bigger that in the other

two categories. However, only changing the 50% of jobs

that belongs to this category there is an important effect in

the performance of the system, in some cases increasing the

bounded slowdown by 7 times. Furthermore, in the worst

cases, where the 90% of large and short jobs are affected by

the change, the bounded slowdown can be incremented by

10 times.

The qualitative errors in the job runtime prediction have

been demonstrated to have relevant impact in the perfor-

mance of the system. We have demonstrated that incre-

menting the percentage of jobs affected for this kind of pre-

diction errors an important lost of performance can be ap-

preciated in the backfilling scheduling policies. This study

provides important information that should be taken into ac-

count when designing predictors that will be used in back-

filling scheduling policies. These predictors should try to

avoid qualitative errors in their predictions, for example as

some have been presented in some works, providing confi-

dence interval in the predictions that could advise that the

prediction could have either quantitative or qualitative er-

rors.

8 Conclusions and Future Work

The study of the impact of the user runtime estimates

accuracy in the performance of the scheduling policies has

been deeply analyzed in several works. Using user runtime

estimation models, such as the f-model, researchers have

evaluated how the runtime accuracy provided by the user at

the job submission can affects the performance of the back-

filling policies and its variants. However, these traditional

estimation models can not applied to backfilling scheduling

policies that use runtime predictions rather than user esti-

mates.

In this paper we have described and evaluated a set of f-

model based prediction models that characterize the behav-

ior that prediction techniques have shown in HPC centers.

They have been designed for evaluate scheduling policies

that use predictions rather than user estimates. We have for-

malized two different type of prediction error models: quan-

titative errors and qualitative errors. The first group consists

on adding or subtracting a α percentage to the real runtime

of a job and returning it as a prediction. We have defined a

set of variants of this model based on to which kind of jobs

the quantitative error has to be applied (i.e: to the jobs with

large runtime or jobs that use large number of processors).

The second group consists on changing the nature of the job

with the prediction, for instance predicting the job as short

while it is really large.

We have provided an evaluation of the impact of these

prediction models to a set of backfilling variants. The anal-

ysis have stated that that adding quantitative errors to the

runtime of all the jobs of the workload has no clear impact

on the performance of the system, even with prediction er-

rors of 10000%. However, when the errors are applied ran-

domly to the 50% of all the stream of jobs the scheduling

performance is clearly affected by high quantitative errors

(more than 5000%). Surprisingly, the negative errors did

not result in important impact on the performance of the

system as we had expected.

If the quantitative errors are applied to determined subset

of jobs based on the required resources (lower/high num-

ber of processors, lower/high memory used or lower/high

processors ∗ runtime area consumed) there is no relevant

impact in the performance of the system. However, when

this quantitative prediction errors have been applied to the

prediction of the short jobs the performance of the aver-

age bounded bounded slowdown experiments a smoothly

increment until errors of 400%, and from this point it ex-

periments a exponential increment. Taking into account

the results obtained in this study, we support that it is not

necessary sense to design specialized predictors for deter-

mined job types based on their resource required for achieve

good performance. However, predictors should have to be

as much accurate as possible for those jobs that are likely to

be short, and try to avoid high quantitative errors on them.

Clearly, qualitative errors have to be avoided when

predicting the job runtime for the short and large jobs.

These errors have clear exponential tendency on the average

bounded slowdown for all the evaluated workloads when

the number of jobs being miss categorized is incremented.

As a future work we plan to study the impact of pre-

diction techniques in distributed scheduling architectures.

Specifically, we plan to study the impact of prediction errors

in the scheduling policy described in [7]. In these new sce-



Figure 1. BSLD - Pure equal category.

Figure 2. BSLD - Quant. Errors - SDSC

nario we also plan to deploy specific prediction techniques

based on datamining (for instance: decision trees or neural

networks) and evaluate the impact of the amount of histori-

cal information in their prediction runtime accuracy.
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