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Abstract In large Grids, like the National Grid Service (NGS), or large distributetiar
tecture different scheduling entities are involved. Despite a global stihgd
approach would archive higher performance and could incremenitifization
of global system in these scenarios usually independent schedulsreghits
own scheduling decisions.

In this paper we present how a coordinated scheduling among all tiee- diff
ent centers using data mining prediction techniques can substantially ienprov
the performance of the global distributed infrastructure, and carnde@uni-
form access to the user to all the heterogeneous Grid resources. edénpr
the Grid Backfilling meta-scheduling policy that optimizes the global utiliza-
tion of the system resources and increases substantially the respondertime
the jobs. We also present how data mining techniques applied to historical in-
formation can provide very suitable inputs for carrying out the Grid HHicig
meta-scheduling decisions.
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1. Introduction

The number of computational resources has increased exponentialty thes
last decades. Scheduling policies have been adapted to these new scena
ios where several independent resources have to be managed. tAéis
cal policies, such as the FCFS, Gang Scheduling or Backfilling policies hav
also evolved to more sophisticate approaches for considering issues like mu
cluster environments, heterogeneous systems or the geographicalidistrib
of the resources. Several global scheduling solutions have bepoga in
the literature for these environments, such as centralized schedulers|-ce
ized queues or global controllers.

The backfilling policies have been demonstrated to be the most effective
policies in the local high performance computing centers. Some research
works have extended the traditional backfilling policies for a distributed en-
vironments (see section 2). However one the major problem that they have
is that the runtime of the scheduled applications is supposed to be known, or
at least a closer estimation at submission time and should by provided by the
user. However user in most of the cases will not have enough inform@tion
the user does not know in which cluster its grid application will run) or ehoug
skills (f.e: the user just wants to submit its fluid dynamic application without
knowing how many minutes it will take in a given allocation of nodes and cpus)
for specify how long it will his/her job to run.

In this paper we present the Grid Backfilling scheduling policy. It extends
the algorithm for the backfilling traditional policy presented in [16]for dis-
tributed architectures using a prediction service. The main goal of the pre-
sented policy is optimizing the overall performance of the system backfilling
the jobs to the different available computational resources when possible r
quiring the minimum information from the user. In this paper we present the
usage of data mining techniques for implement a prediction service that is used
by the Grid Backfilling policy for estimate the job runtime. All the presented
algorithms and techniques have been evaluated using a set of worklegs co
lected from the UK National Grid Service.

The rest of the paper is organized as follows: firstly, in the background
section, we provide a discussion for the more relevant proposals roamge
scheduling policies for HPC centers, including the natural evolution for the
scheduling policies from local centers to more global approaches @sich
multi-site or grid architectures); secondly, we describe the Grid Backfilling
meta-scheduling scheduling policy internals and the data mining techniques
used for predict the run time for the jobs; and finally, we present the policy
evaluation and the conclusions.
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2. Background

In the area of job scheduling strategies for parallel processing the Gang
Scheduling [6]and the backfilling policies have been the main goal of study
these last years. Authors like Feitelson, S-H Chiang or Tsfrir haveigedv
to the community many quality works regarding this topic. In [16]Skovira et.
al presented the first paper about the EASY algorithm and its perfoerianc
the LoadLeveler system. General descriptions about the most usefillimack
variants and parallel scheduling policies can be found in the report toat D
G. Feitelson et al. provides in [7].

In the forthcoming scheduling architectures, like Grids or very heteroge-
neous computational resources, prediction techniques are havingial cel
evance due to user in most of the cases does not have enough infororation
enough skills for specify how long the job to run. Tsafrir et al. haveegmt=d
several works analyzing the impact of the usage of prediction technigties
user estimates in the backfilling policies [19]. They also formalized how the
algorithm have to be extended for allow the deployment of this policies in real
HPC centers.

In the current HPC infrastructures, centers may have more than one host
managed by independent schedulers. In theses cases, can oetwagah
submitted to aHost Acould start earlier irHost B of the same center. This
global optimization has been proposed in [21]by Yue. The author pespos
apply a global backfilling within a set of independent hosts where each the
is managed by an independent scheduler. The core idea of the pteakyte
rithm is that user submits the jobs to an specific system, with an independent
scheduler, and a global controller tries to find out if the job could be Hbakfi
in another host of the center. In the case that a job can be backfilled timegino
host the controller will migrate the job to the chosen one. The idea is interest-
ing due to they improve the global throughput of the center and decrease th
response time of the applications. However, the algorithm requires theneb ru
time estimation provided by the user and not always he/she is able to provide
it. This work it is only valid in very homogeneous architectures. If a job is
finally executed to a different host from where the user submitted it, bath co
figurations must be exactly the same. Otherwise, the user runtime estimation
loses its validity due to it may would differ for the new host.

Similar this global backfilling approach, Sabin et al. [8]have presented the
scheduling of parallel jobs in a heterogeneous multi-site environment. They
propose carry out a global scheduling within a set different sites @asijigbal
meta-scheduler where users submit the jobs. Two different resoeleseion
algorithms are proposed: the jobs are processed in order of arrived toeta-
scheduler, end each of them is assigned to the site with less instantanehus loa
when the job arrives it is submitted t different sites (each site schedules
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using a conservative or aggressive backfilling), once the job is startede

site the rest of submissions are canceled (technique is called multiple requests,
MR). This multi-site approach still does not take into account that when the
local schedulers are scheduling using the backfilling optimization the run times
for the jobs may differ between two different sites.

More centralized approaches have been proposed in the literaturén-For
stance in [5]they analyze the impact of geographical distribution of Grid re
sources on the machine utilization and the average response time. A central-
ized Grid dispatcher that controls all resource allocations is used. ThE loc
schedulers are only responsible for starting the jobs after their allocafion b
the Grid scheduler. Thus all the jobs are being queued in the dispatciier wh
the size of job wait queues of the local centers is zero. A similar approach is
the once presented by Schroeder et al. in [15], where they evaluetteftask
assignment policies using the same scenario (one central dispatcher).

In [14]Pinchak et al. describe a metaqueue system to manage jobs with
explicit workflow dependencies. Here the placeholder schedulingesrea
user-level metaqueue that interacts with the local schedulers and oqfe¢hes
overlay meta computer. In this case, instead of push model, in which jobs
are submitted from the meta queue to the schedulers, placeholder is based on
the pull model in which jobs are dynamically bound to the local queues on
demand.

In this paper we present the Grid Backfilling scheduling policy. It extends
the ideas provided by Yue, in its Global Backfilling, and uses the ideas pro-
posed by Tsfrir about the usage of prediction in backfilling scheduling po
cies. The global scheduler has a reservation table with all the computational
resources available on the Grid, and tries to allocate the job to the earliest
available allocation. The processes of finding out the allocation is based on a
prediction of the job runtime. This prediction is done using a technique built
on top of C45 classifying trees, predicts the time that a given job would take to
complete on a given computational node given its statical characterization.

2.1 Data mining and prediction techniques

Data mining can provide to the scheduler estimations that can guide to the
meta-scheduler to carry out a more intelligent scheduling decisions. Imeghe p
sented work we have derived this information correlating the past exasuifo
similar jobs in similar resources or with similar future load using decision trees
for the prediction algorithm. In the literature several prediction methodologies
have been proposed. However, as will be introduced in the later patagyral-
most all of them have been basically focused in predicting the job perfaenan
variables (such as runtime) for local environments or sites. In [10]we ha
proposed a set of prediction techniques that provide to the users hous ab
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where to submit the jobs given a Grid architecture. For example, we estimate
to the user how much a job will wait in a given broker before get executtd w
a specific job requirements (the number of processors, the input files etc.)

Works like those presented by Peter A. Dinda in [3], propose the usage
of linear mathematical models for predicting the runtime for the applications
submitted by the users. Dinda proposes the usage of the time series (AR, MA
ARMA and ARIME) and a windowed mean for carry out host load estimations
and using such estimation for predict the job runtime. Recently, Yuanyaan pr
sented in [22]new models, also based in time series, for predict the runtime fo
Grid applications. Other works [2]have proposed the usage of a statsitton
model to characterize the resource usage of each program in its pestiers.

In [4]Allen B. Downey characterizes the applications describing thedspgee
of the application on a family of curves that are parameterized by a jolr's ave
age parallelism and its variance.

The other statistical approach that is also commonly used is the simulation.
An example is the Dimemas simulator developed in the Barcelona Supercom-
puting Center [13]. The simulator reconstructs the execution trace filetby es
mating the time to execute each computation burst and communication burst.

Data mining techniques has became very popular during this lasts years.
They are being used in a very wide range of areas, including the jobrperf
mance prediction. Warren Smith et al. in [17]presented a first approximation
to these techniques. Their work is mostly based on the work that previously
Gibbons [9]presented before, which consisted in a static clustering withe
loads and a later usage of the mean and median inside this clusters.

3. The Grid Backfilling policy

As has been introduced in the previous section, in multi-site or Grid archi-
tectures, the local schedulers can optimize the performance (f.e: sesiime)
for the jobs that are currently queued to the local system or site. Howaver
such environments, although they are doing all the best for achieve tineshig
performance in the local system or site, the schedule of the whole systern migh
be improved substantially with a global scheduling. This situation is illustrated
in the figure 1a. It presents two different centers with two differenédaters.
Each scheduler is carrying out a local schedule using a SJF-Backélloaa-
tion policy. Although the presented reservation tables are closed to the optimal
in each system, there are several holes that could be filled by allocating jobs
of other centers. This second situation is illustrated in the figure 1b. Jobs are
scheduled using a global backfilling scheduling policy to the differentecen
using the meta-scheduler architecture. In this picture can be obserwed ho
the holes have been used for backfilling jobs from other centers, amdhao
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global performance for the system (f.e: the throughput) and for the(jabs
the wait time) have been improved.
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Figure 1: Traditional VS Grid Backfilling

We define the Grid Backfilling policy based on four different events:aleb
rival, Job starts, Job completion and Job deadline missed. The last ecerd o
when a miss-prediction in the runtime of a job occurs. The meta-scheduler is
warned from the local scheduler for update its reservation table angaite
new estimated runtime. In the introduction section, we have already introduced
the work that Tsafrir et al. have presented concerning the usageditfors in
the SJF-Backfilling policy [19]. The approach that we have followed irdre
sign of the predictor internals, how the scheduler manages the deadlins misse
and how the predictor and the scheduler interacts is based on the formakzatio
provided in the formers work.

The different elements that are evolved in the architecture are:

= The Jobha that is submitted to the system is characterized by:

— The static description of the jotegy = {9(1q},--,0(na} } Where
each propierty is a pair valug; oy = {JobPropiertyvalue}.

= A set of computational resourcd®s,..,0n} available on the system.
Like the job definition, each resource is descrived by:

— A set of capabilitiesapy, = {0;1,q,},--,0¢nq} }» Where each capa-
bility is composed by a pair key value
0(i.c;} = {ResCapabilityvalue}
(f.i: 9¢j o;y = {AvailableProcessor256}).
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— The computational resource is composed by a set of nodes
{01, ..,0n}, where each node is composed by a set of processors

{P{l,a}, s p{n,a}}
= The Prediction Service

= The Meta-Schedulds with its own global reservation table.

In the following subsections we present how the meta-scheduler beinaves
each of the four enumerated events.

3.1 Job Arrival

When a joba with requirementseqy * is submitted to the meta-scheduler,
the following scheduling algorithm is carried out:

» |t pushes the jolo to the global wait queue.

= [t computes all the possible allocations to the current free nodes
outcomeg where the job would be able to run. Note that:

— The outcome is composed by set of nod@s, ..,d,} of the same
computational resourcs.

— The resource; satisfies the requirements of the job
V0 € capy;sat(0, reqy)

= For each of th@utcomeg where the job would be able to run:

— It queries to the prediction service the estimatigrof the runtime
for the joba in the computational resoureeof the outcome.

— |t stores the estimation and the allocation into a local hash fable

= |f Qis not empty, the meta-scheduler will choose the allocation follow-
ing the backfilling algorithrmallocationy = {01,..,0n} in Q that maxi-
mizes the response time for the job. If the job can be backfilled or started
(it would be the first of the wait queue), the job is deleted from the wait
gqueue and started to run.

» If allocation, is not null. It will start the job. (see 3.2)

The priority used in the global queue is the LXWF presented by S.-H. Chi-
ang in [1]. We have chosen this backfilling derivate due to as has begadr

IFor carry out this allocation only static requirements aredieom the user: the number of processors, the
executable start and the input/output files. The dynamidreopents, such as the runtime, will be estimated
by the prediction service
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in several works [19][1]it achieves good performance and the jobtsuffer
starvation. However, the Shortest-Job-Backfilled-First policy pregdsy Ts-
frir in [19]is also a valid candidate for the job selection. The evaluationtesu
shown that both achieved similar performance.

3.2 Job starts

When a joba is chosen to start to the allocatiaiocationy = {01, ..,0n}:

= The meta-scheduler contacts to the scheduler that manages the resource
specified in the allocation, provides the job credentials with it require-
ments and requires to start the job.

= When the job starts to run, it updates the information of the global reser-
vation table.

= |t contact to the prediction service and provide all the details the job
submission, including the global id assigned to the job. This global id
will be used for match the job information provided by the broker once
the job is finished with its historical data base.

In this study we have considered that the local scheduler accepts the meta-
scheduler resource selection about where the job has to run (f@deso,}).
Thus, the local scheduler only make the resource allocation and hagno sa
in the matter of how the scheduling is done. However, in future extensions
of this policy would include interactions between all the scheduling layers of
the architecture. For example, the meta-scheduler could contact to the local
schedulers and start a negotiation for the acceptance of the proplosadian

3.3 Job completion

Once the job has been executed, the scheduler contacts to the metdeschedu
providing the feedback for the job execution. This feedback includesnrd-
tion about variables for the job execution, for instance: run-time, disH,use
memory used, final status etc. When the meta-scheduler receives a job com-
pletion notification:

m |t will provide this information to the Prediction Service for allow its
future usage by the prediction techniques.

= Following the algorithm presented in 3.1 it will try to allocate the head
job of the global queue. If there are enough computational resourees th
job will start (3.2).

= Following also the same algorithm it will try to backfill (3.2) the jobs
queued in the global queue. The backfilling variance used in the more
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aggressive once, using only one reservation. That means that jobs will
be backfilling only if the start time for the first job of the queue is not
delayed.

34 Job deadline missed

In those cases that the prediction service made a wrong prediction under-
estimating the runtime for the job, the local scheduler will notify to the meta-
scheduler that a deadline missed has been reached. In normal bacffiliing
cies, this job would be killed due to it would interfere with the execution of
the following job. However, using prediction we can not take this apprdach
the model proposed by Tsafrir the estimate runtime for the job is extended an
ty time. This amount of time is computed by the deadline miss managers. We
have tested two times of deadline miss managers:

= Gradual Deadline miss manager: extends the job prediction runtime
gradually.

= Exponential Deadline miss manager: extend the job runtime prediction
in following an exponential distribution.

4. The runtime predictions

We have already emphasized that data mining techniques [11]are especially
interesting because they can be applied to a very different kind of daga ind
pendently of its nature. On the contrary, some statistical algorithms require the
normality of the input variables for assure the correctness of the resatiimg
clusions. Moreover, the most interesting of their characteristics is thatgbme
them they have an autonomic learning mechanism, and they are able to derive
or discover new knowledge without the necessary interaction of a thitd pa
(user, expert or other software component).

There are several techniques can be used for the performandetipred
for example Bayessian Networks, C.45 trees, ID3 trees, K-Means\eXns.

In the presented work we have used C45 trees and discretization teginiqu
for predicting the job runtimes. In this section we present how we have con-
structed and validated the model that has been used later in the grid backfilling
evaluation.

4.1 The prediction model

The prediction model is built on top of the C45 decision trees algorithm. Its
goal is to predict the runtime for a submitted application using the static infor-
mation provided by the user. The model has been constructed and validated
using the Weka [12]software and following the next steps:
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= The log file used for generate the model has been preprocessed.
= The continuous variables have been converted to nominal variables.

= We have carried out an study for the selection of the response and input
variables for the tree model.

= We have constructed of the decision tree validated model.

4.1.1 Log preprocessing. The log contains variables concerning the
job performance (like percentage of processor used or virtual menseid) u
variables concerning the job identification (Grid node, job id, job owner and
gueue), variables concerning the data that has been used for theeliier
(output, input and error paths and the working directory), and finaiyables
concerning the dates of the events for the job (start time, end time, queuing
time). For lack of space we do not provide a detailed analysis about tie cha
acteristics of the NGS workload used in the simulations and workload creation.
However we already carried a deeper study of these traces, a teheaiion

of them can be found in [10].

Tsafrir presented a very interesting work about detecting and deletirig wo
load anomalies in [20]. The authors highlighted a set of phenomena, like wor
load flurries, that should be taken into account when analyzing worklaad
proposed a set of techniques for identifying and filtering such anom&ies.
fore constructing the model this anomalies have been localized and deleted in
the log.

41.2 Continuous variables discretization. We have discretized all the
continuous variables into nominal values. This process has been iteeated s
eral times until find the appropriate bins according to the performance eftain
in the evaluation of the resulting trees. Two different types of configuratio
have been tested:

= First, varying the number of been in which the continuous variables are
discretized. Initially we tested several number of bins from 3 till 10.
However, the final number of bins has been chose usinfirttidumBins
option for theunsupervised attribute disctretifiter of the Weka. The
interesting application of this methodology is that can be carried out in
the prediction service without any external supervision.

= Secondly, varying the criteria of discretization. The optionsledired-
WeightOfinstancesPerinteryahakeBinaryanduseEqualFrequencipr
theunsupervised attribute disctretifiéter.

The discretization for the continuous variable run time is shown in the table 1.
The discretization for the rest of continous variables is not shown dueyo th
were rejected in the construction of the C45 tree.
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Interval Predicted  Numerical prediction

(-inf-12390] 12390
(12390-24780] 24780
(24780-37170] 37170
(37170-49560] 49560

(49560-inf) 49560

Table 1: Run time predictions

TP-Rate FP-Rate Precision Recall F-Measure Class

0.966 0.301 0.92 0.966  0.942 (-inf-12390]
0.359 0.06 0.4 0.359 0.379 (12390-24780]
0.388 0.058 0.324 0.338 0.331 (24780-37170]
0.113 0.001 0.77 0.113 0.194 (37170-49560]
0.388 0.002 0.659 0.335 0.444 (49560-inf)

Table 2: Acurracy by class

4.1.3 Selection for the input variables,. The set of variables that have
been chosen for built the C45 decision tree have been: executable mame,
ber of requested processors, user id, group id and the site wherdotivejid
be submitted and the response variable runtime.

Other variables, such as the input files, working directory or output, files
have been ruled out for two main reasons: the sizes of the pruned tezes w
big and the non availability of the variables at the submission time. Using the
variables concerning the data used in the job execution resulted in a trees with
a thousands of nodes with a low recall and precisions.

414 Construction and tree validation.  The resulting tree used for
predicting the job runtime has 130 nodes and 120 leaves. The variables that
provide more information (those that are in the upper nodes) are mainly the
user credential and the number of processors used in the job execttien.
resulting model has been tested using the cross validation technique with ten
folds. The resulting model has classified correctly 86% of the instandes. T
performance of the constructed model is presented in the detailed acbyrac
class presented in the table 1, and the confusion matrix 3. As can be ethserv
in the results obtained in the cross validation analysis the model has shown
good behaviour. Moreover, the main errors in the instance classificaton a
only wrong classification between the clasaeb and cand we exepcted that
such kind of errors should have high impact on the schedule perfoemanc
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a b c d e Classified as

10354 186 160 7 15 a=(-inf-12390]
482 493 392 0 5 b=(12390-24780]
235 451 352 1 3 c=(24780-37170]
95 93 175 47 7  d=(37170-49560]
91 9 9 6 58 e=(49560-inf)

Table 3: Confusion matrix

4.2 The prediction mechanism

The presented C45 tree is providing a prediction for the interval of time that
a given job will need to be completed. However, the algorithm presented in
the proceeding section requires a numerical value for carrying thelgiahg.
The prediction service, once the submitted job has been classified in one of
the 5 presented classes, uses the hash 2 for return the numericaloratue f
estimation. The upper bound of the estimated class is used due we want to
avoid overestimating the runtime for the job.

5. The evaluation

In the experiments we have simulated four different scenarios: in the first
three scenarios we have simulated independently the workload of eaein cen
using the SJF-Backfilling variant, thus we have evaluated how the differen
workload would behave with such policy; the last scenario has consisted o
simulating the Grid Backfilling policy and the workload generated with the
fusion of the four different workloads. The original log traces wesltected
form the NGS during five different month. In the NGS the users accdssed
the different computational resources using the Globus infrastruatgrénay
had to decide in resource their jobs had to be executed. Thereby theraover
global scheduling.

The evaluation of this policy has been tested using the simulation method-
ology. The simulation has used a model that characterizes the computational
resources for NGS architecture (see its characteristics in [10]) ingjutim
centers of Oxford, Manchester, LR and Leeds, and has simulated tle Gr
Backfilling policy presented in the previous sections. We have used the-Alvio
simulator that is a C++ event-driven simulator similar to the EASY simulator
implemented by Tsafrir et al. in the paper [18], but modeling the architectures
(the resources and its capabilities) for the centers.

The statistical analysis for the error in the runtime prediction using the pre-
sented prediction scheme (4) in the simulation has shown an averageferror o
160% and the median error is -1.7%. Our experience in the predictiorserror
evaluation has shown this prediction performance values can be usediie un
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Center Estimator BSLD | SLD | WaitTime | Backfilled Jobs/Day
Mean 11 1,9 247 0,3
Manchester STDev 1,23 1,4 841 0,12
95 Percentile| 1,4 1,8 123 1
Mean 2,4 25 4266,2 0,37
Leeds STDev 3,6 3,8 3150 1,9
95 Percentile| 4,3 4,21 19856 2,4
Mean 2,8 3,03 1182 2,3
LR STDev 23 27,1 4307,3 1,2
95 Percentile| 2,3 2322 6223 3
Mean 4,04 59 6390 1,3
Oxford STDev 29 89,2 19420 4
95 Percentile| 9,1 10,1 54750 8
Mean 1,12 | 1,17 153,32 3,5
GridBackfilling | STDev 0,5 0,45 1200,25 51
95 Percentile| 1,4 1,9 2200.25 14

Table 4: Performance Variables for each workload and the Grid Bac#fillin

stand how well the predictor behaves. However, the real benefit oftduge of

a given prediction technique relies on the performance achieved orcidicpe
scheduling policy. As has been stated in the simulation results the errors that
prediction service had during the simulation were acceptable and demostrated
that the presented architecture can be deployed in real systems.

Table 4 presents the average, standard deviation apBed6entilefor the
variables Slowdown, Bounded Slowdown, Wait time and Backfilled Jobs per
day for each center independently and for the global architecture witBride
Backfilling policy. It is clear that a global scheduling carried out in toplbf a
the centers improves qualitatively the service provided and reducesubs
tially the response time for the submitted jobs. The average wait time of all the
centers has been reduced qualitatively. For instance the Manchestagav
wait is almost two times bigger than the average wait time experimented in the
Grid Backfilling. Furthermore, the average wait time of the Oxford center is
around forty times bigger than the Grid Backfilling once. The vari&daek-
filled Jobs/Dayshows how the global backfilling approach give more chances
to the jobs to start earlier rather than using independent schedulingmiersce
The percentile 9 shows how the ratio of backfilled jobs is at minimum two
times bigger than the once achieved in the independent configurations.

6. Conclusions and future work

In this paper we have presented the usage of backfilling scheduling tech-
niques in distributed environments using a global reservation table anid-pred
tion techniques. We have shown how the analyzed policy provides a mmifor
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access to the whole computational resources available in the environngdent an
how it achieves good performance optimizing the usage of all the available re
sources. The policy has been evaluated using logs collected from the&latio
Grid Service that contained the jobs that user submitted during four months to
each of the four centers: Oxford, Leeds, Manchester and LR. Vdrage wait

and average wait time for all the jobs submitted to the Grid has been reduced
one order of magnitude respect to the average wait time that the job of the same
workloads had in the original architecture.

The usage of prediction techniques in scheduling policies has been pro-
posed in several works for usage of such prediction rather user éstiiahe
scheduling decisions. In this paper we have also presented how data mining
techniques are very suitable for predicting the run time for Grid environments
and how they can be used in the Grid Backfilling with high success. We have
presented a prediction methodology based on classification trees C4avhat h
ing as an input static information about the job (executable name and number
of requested processors) predicts the run time for this job in a given sitmer
ter. The predictions have shown only a median of error of -1.7% respect
original runtime, and a mean of 160%. The real benefit of the usageieéa g
prediction technique has been proved on the performance achievetlsiol
policy evaluation. The usage of such techniques is specially important due to
abstarct the user to the underlying complexities of the system, and allows to
the scheduler to decide where to submit jobs having an estimation of how long
this job would run in each of the possible allocations.

Future extensions of this policy will include interactions between all the
scheduling layers of the architecture. In this extension, the meta-schedule
would reach an agreement with the local schedulers in terms of where the job
can be finally allocated. On the other hand, the current allocation selection
algorithm is focused on optimizing the response time for the submitted appli-
cations and does not take into account other of its requirements. We waald lik
to take in to account economic criterias, soft and hard requirementsoaroes
matching criteria in the allocation selection.
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