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Abstract—In this paper, we propose a multi-criteria job sched-
uler for scheduling a continuous stream of batch jobs on large-
scale computing farms, called Convergent Scheduling 2.0 (CS
2.0), which is an enhancement of the scheduler described in [5].
CS 2.0 exploits a set of heuristics that drive the scheduler in
taking decisions. Each heuristics manages a specific constraint,
and contributes to compute the measurement of the matching
degree between a job and a machine. Scheduling choices are
taken both to meet the QoS requested by the submitted jobs and
to optimize the exploitation of hardware and software resources.
In order to validate CS 2.0, we compared it versus two common
job scheduling algorithms: Easy and Flexible backfilling. CS
2.0 demonstrated to be able to compute good assignments that
allow a better exploitation of resources with respect to the other
algorithms.

I. INTRODUCTION

Nowadays, most on-demand computing resources provi-
sioning systems, both in the form of Cloud and Utility
computing, are structured as computing farms. Computing
farms provide the ability to harness the power of a set of
computational resources as an ensemble. A computing farm
can integrate heterogeneous hardware and software resources
such as workstations, parallel machines, storage arrays, and
software licenses (license/s in the rest of the paper), aggregated
with a middleware to provide transparent, remote, and secure
access to computing power. In such an environment, users
should submit their computational requests without necessarily
knowing on which computational resources these will be
executed. Moreover, requests may require different types and
levels of QoS.

At middleware level the scheduler is central to achieve high
performance. The goal of a scheduler is to assign computa-
tional, resources to address all the application and installation
requirements and/or constraints. The scheduling problem has
shown to be NP-complete in its general as well as in some
restricted forms [2]. Moreover, to meet the QoS requirements
of applications flexible scheduling mechanisms are required.
A typical QoS requirement is the time at which user wants to
receive results, i.e., the job turnaround time.

In the past, a lot of research effort has been devoted
to develop job scheduling algorithms. Different classification
can be made according to their architecture (i.e. centralized,
distributed, and hierarchical), their behavior (i.e. static and
dynamic), the way they elaborate the incoming jobs (i.e. on-

line and offline), and according to the resulting schedule (i.e.
queue-based and schedule-based).

Many of the proposed algorithms are currently exploited
both in commercial and open source job schedulers. However,
only a few of these schedulers are able to deal with a wide
range of constraints and requirements presented by both users
and providers.

In this paper we propose a centralized and on-line job
scheduling algorithm, called Convergent Scheduler 2.0 (CS
2.0), to assign a continuous stream of batch jobs on the ma-
chines of large computing farms, made up of heterogeneous,
single-processor or SMP nodes, linked by a low-latency, high-
bandwidth network.

CS 2.0 is an extension of the Convergent Scheduler (CS),
our previous work proposed in [5], which exploits a set
of heuristics that guide the scheduler in making decisions.
Each heuristics manages a specific problem constraint, and
contributes to compute a value that measures the degree
of matching between a job and a machine. The scheduler
aims to schedule arriving jobs respecting their deadline, and
optimizing the exploitation of hardware resources as well as
software resources. As CS, CS 2.0 allows us to carry out an
effective job scheduling plan, on the basis of the current status
of the system (i.e. resource availability and queued + running
jobs).

CS 2.0 extends the previous CS version by the mean of: 1)
heuristics are normalized to have their degree contribution in
the range [0, 1], which makes job priorities more trustworthy
with respect to the previous CS version, 2) the introduction
of the Preemption heuristics, which makes the solution more
exploitable, 3) the introduction of a greedy algorithm that in-
crementally computes the job-machine associations according
to the space sharing policy, and considering the constraints
on the license usage. It permits us to execute more jobs on
the same machines. With respect to CS, the greedy algorithm
substitutes the algorithm exploited in the CS’s Matching phase,
which aims to carry out a new scheduling plan, to which the
maximum system usage corresponds to, with the assumption of
running only a job per machine. The use of a greedy algorithm
in this phase permits us to reduce the solution complexity
saving the possibility to build effective scheduling plans.

CS 2.0 was evaluated by simulations using the GridSim
simulator [4], which permits us to simulate a computing farm,
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varying the number of jobs, machines and licenses availability.
The rest of this paper is organized as follows. Section II de-

scribes some of the most common job scheduling algorithms.
Section III gives a description of the problem. Section IV
describes our solution. Section V outlines and evaluates the
proposed job scheduler through simulation. Finally, conclusion
and future work are described in Section VI.

II. RELATED WORK

The algorithms for batch jobs scheduling can be divided
into two classes: on-line and offline [15], [11]. On-line algo-
rithms are those that do not have knowledge on the whole
input job stream. They take decisions for each arriving job
not knowing future input. Examples of on-line scheduling
algorithms are: First-Come-First-Serve [16], [30], Backfilling
[23], [13], List Scheduling [14], [27]. Offline algorithms know
all the jobs before taking scheduling decisions. Examples
of offline algorithms are: SMART [29], Preemptive Smith
Ratio Scheduling [28], Longest Reference First [18]. In the
following, we give a briefly description of the most common
job scheduling algorithms. Many of these algorithms are now
used in commercial and open source job schedulers [12], such
as the Maui scheduler [17], Portable Batch System [3], and
Sun Grid Engine [24].

Briefly, the backfilling strategy tries to improve system
utilization by running jobs which are lower in the queue, on
the idle resources without delaying the execution of the job
at the top of the queue. It requires that each job specifies
an estimation of its execution time. Some backfilling vari-
ants have been proposed by introducing some refinements:
EASY (Extensible Argonne Scheduling sYstem) [25], and
Flexible backfilling [13]. With EASY backfilling, jobs may
be scheduled out of order only if they do not delay the job
at the top of the queue. For such job, the scheduler estimates
when a sufficient number of resources will be available and
reserves them for it. Backfilling-based strategy proposed in
[34] exploits adaptive reservations as a function of the job
delay, due to previous backfilling decisions. The Flexible
variant was obtained from the original EASY backfilling by
prioritizing jobs according to scheduler goals. Jobs are then
queued according to their priority value, and selected for
scheduling (including candidates for backfilling) according to
this priority order [34], [6]. Other backfilling variants consider
the amount of lookahead into the queue [31]. Here, in order to
reduce the resource fragmentation effect, the whole queue is
considered at once, in order to find the set of jobs that together
maximize performance.

Despite their wide application, none of these schedulers can
deal with the entire range of constraints, such as number of
licenses concurrently usable and job deadlines, we address in
our work.

Indeed, only a few research efforts on multi-criteria ap-
proaches have been performed, although it seems straightfor-
ward to consider the heterogeneous and distributed resource
management and scheduling as a multi-criteria problem. In
[10], [8], [9] the authors consider the bi-criteria algorithm

for scheduling jobs on clusters of resources. Two pre-selected
criteria are used, namely makespan and average completion
time, for moldable jobs scheduling. Preferences of particular
end-users have been taken into account in [32] for negotiation-
based scheduling using advance reservation. End-user prefer-
ences have been modeled as utility functions for which end-
users have to specify required values and negotiation levels.
In [22] the authors presented user preference driven multi-
objective scheduling strategies for Grids. The idea presented
in [22] has then been extended to multi-stakeholder case
and further developed in [20], [21], [19]. The idea has been
successfully implemented in Grid Resource Management Sys-
tem (GRMS) that operates today in several production Grid
environments.

III. PROBLEM DESCRIPTION

In our study, N and M enumerate the set of batch jobs (i.e.
queued + running) and the set of machines, respectively. We
assume that a job i ∈ N is sequential or multi-threaded, and
that each machine m ∈M may execute several jobs at a time
according to the space sharing policy. Jobs are independent,
i.e the execution of a job does not depend on the execution or
results of other jobs. We also assume that all jobs are preempt-
able. We modeled three types of job preemption: stop/restart,
suspend/resume, checkpoint/restart [33]. We suppose that all
the machines support stop/restart and suspend/resume, while
checkpoint/restart is exploitable only if the job is properly
instrumented, and, therefore, explicitly required by a user. A
job execution may be interrupted whenever a schedule event
takes place (i.e. job submission and ending). Furthermore, let
L be the set of available licenses. Each job can require a
subset L

′ ⊆ L of licenses to be executed. A license is called
floating if it can be used on different machines, non-floating
if it is bound to a specific machine. At any time, the number
of used licenses must not be greater than their availability. In
our study, we consider the association of licenses to machines.
As a consequence, when more jobs require the same license
and are executed on the same machine, only one license
copy is accounted. Submitted jobs, machines and licenses are
annotated with information describing computational require-
ments, hardware/software features, respectively. Each job is
described by an identifier, its submission and deadline time,
an estimation of its duration, a benchmark score, the number
and type of processors and licenses requested. Since Gridsim
does not model intra-site communications, the cost due to
moving a job input data set to a machine or between machines
is not considered in this work. Machines are described by
a benchmark score and the number and type of CPUs. The
benchmark score is used for jobs as well as for machines. For
a machine, it specifies the computational power expressed in
MIPS. For a job, it specifies the computational power of the
machine used for estimating its execution time. To estimate
the number of instruction in a job, the MIPS value related
to the reference machine is multiplied for the estimated job
completion time. Each license is described by a type and its
availability.
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The building of a scheduling plan involves all the |N | jobs
in the system, and the scheduler aims to schedule arriving jobs
respecting their deadline requirements, and optimizing license
and machine usage.

IV. CONVERGENT SCHEDULING FOR
BATCH JOB SCHEDULING

As in [5], the current solution exploits a matrix P |N |×|M |,
called Job-Machine matrix, where each entry (i,m) stores the
priority value pi,m, which specifies the degree of preference of
a job i for a machine m. In our case, N changes dynamically,
as new jobs can be submitted to the system at any time. In such
a context, in order to meet job deadlines and avoid wasting
resources, fast scheduling decisions are needed to prevent
computational resources from remaining idle, and scheduling
decisions from aging.

Differently from [5], the current scheduling framework
is structured according to two main phases: Heuristics and
Matching. Moreover, to manage the problem constraints, we
revised and extended the set of heuristics proposed in [5],
and exploited by the scheduler for making decisions. In order
to make the proposed heuristics more effective, they were
normalized in such a way that the value computed by each
heuristics is in the range [0, 1]. It makes job priorities more
trustworthy with respect to the previous scheduler version.
Farthermore, the set was extended with the introduction of
the Preemption heuristics.

The Job-Machine matrix constitutes the common interface
to heuristics. Each heuristics changes priority values in order
to compute jobs-machines matching degrees. The final priority
value pi,m of a job i with respect to an eligible machine
is the weighted sum of the values ∆pi,m

computed by each
heuristics. Managing the constraints by using distinct heuris-
tics, and structuring the framework in subsequent phases, leads
to a modular structure that makes it easier to extend and/or to
modify.

A. Collection of heuristics

Six heuristics have been exploited to build our CS 2.0 frame-
work. The order of magnitude of the heuristics complexity is
O(|N | · |M |).

Minimal requirements. This heuristics fixes the job-ma-
chines associations. It selects the set of machines MAffi

that
has the computational requirements suitable to perform a job
i. In our tests, we considered only two requirements: number
of processors and the floating licenses. For each job i ∈ N
and for all the machines m ∈MAffi

the following heuristics
are computed to build a scheduling plan.

Preemption. Three kinds of preemptions are modeled:
stop/restart, suspend/resume and checkpoint/restart. We sup-
pose that all the machines support the first two types, whereas
the third one has to be explicitly required by a user exploiting
the related job parameter. A job preemption take place at
a schedule event, that is job submission or ending, when
a new scheduling plan is computed. To implement the sus-
pend/resume and checkpoint/restart we estimate the remaining

job execution time on a machine m on which the job will be
executed as:

remainingT imei,m =
remainInstri
MIPSm

(1)

where remainInstri is the number of instructions that has
still to be executed in order to complete the job execution, and
MIPSm, as the number of million of instruction per second
a machine m is able to elaborate.

Deadline. The aim of the Deadline heuristics is to maximize
the number of jobs, which terminate their execution within
their deadline. For each job i, it requires an estimation of its
execution time, in order to evaluate its completion time with
respect to the current wall clock. Jobs close to their deadline
get a boost in priority that gives them a scheduling advantage.
The priorities values pi,m are increased proportionally with
respect to their closeness to the deadline when executed on a
machine m.

For each job i, first we compute:

lasti,m = deadlinei − remainingT imei,m (2)
endT imei,m = Wallclock + remainingT imei,m (3)

where lasti,m is the estimation of latest time at which the
job i should begin its execution on the machine m to address
its deadline deadlinei, Wallclock is the current simulator
time, and endT imei,m indicates the estimated time at which
i will end its execution on m.

Then, the function fi,m is computed as:

fi,m =


0 if endT imei,m ≤ lasti,m
Γ if lasti,m < endT imei,m ≤ deadlinei

1 if endT imei,m > deadlinei

(4)

where Γ is given by:

Γ =
endT imei,m − lasti,m
remainingT imei,m

(5)

The equation 4 defines the “urgency” of running a job i
with respect to a machine m. High values of fi,m indicates
that i executed on m has a high probability to be executed
does not respecting its deadline. Then, the values to update
the Job-Machine matrix entries are computed according to the
following expressions:

∆Dpi,m
= WD · (1− fi,m)× Fi (6)

where WD indicates the weight of the heuristics, and Fi is
computed as::

Fi =
1

|MAffi |
·

∑
∀m∈MAffi

fi,m (7)

The value Fi indicates the average urgency value of job i,
computed evaluating the urgency of job i on all the machines
able to run it, whereas (1−fi,m) is used for ordering the results
on the basis of the computational power of the considered
machines.
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Overhead minimization. Since a job preemption may
happen at any schedule event, this heuristics aims to minimize
the waste in execution time due to the interruption of a job
execution on a machine, and its resuming or restarting on
another one, or on the same one at a different time. The
heuristics tries to minimize job migrations by increasing the
priorities of the job-machine associations present in the current
scheduling plan. ∆pi,m

is computed as:

∆pi,m = WC ·
elapsedi,m

max(remainingT imei,m, elapsedi,m)
(8)

where WC is the heuristics weight, and elapsedi,m is the
elapsed execution time of a job i on machine m.

Licenses. This heuristics updates the job priorities to favor
the execution of jobs that increase the critical degree of
licenses. A license becomes critical when there is a number of
requests greater than the available number of its copies. The ∆
values to update the Job-Machine matrix entries are computed
as a function of the number of critical and not critical licenses
requested by a job. The greater the number of critical licenses
is, the greater ∆ is. This pushes jobs using many licenses to
be scheduled first, this way releasing a number of licenses.

To identify the critical licenses, we introduce the ρl param-
eter defined as:

ρl =
∑|N |

i=1 si,l

al
(9)

with:

si,l ∈ {0, 1} ∧ si,l = 1 iff i asks for l ∈ L (10)

where the numerator specifies the “request”, i.e. how many
jobs are requesting a license, and the denominator al specifies
the “offer”, i.e. how many copies of a license can be simulta-
neously active on the system machines. A license is considered
critical if ρl > 1.

Let L
′

i = {l ∈ L | i asks for l} the set of licenses required
by a job i.

The value ∆pi,m
is computed as:

∆pi,m
= WL ·min

(∑|L|
l=1 si,l · ρl

|L′
i|

, 1

)
(11)

where WL is the weight of the heuristics.
Wait minimization. The aim of this heuristics is to min-

imize the average time jobs spend waiting to complete their
execution. It tries to minimize this time by advancing the jobs
that have a shorter estimated time to complete their execution.
∆pi,m is computed as a function of the time remaining to end
the execution of a job i on each machine m ∈MAffi .

∆pi,m = WWM ·
(

1− remainingT imei,m

SupremainingTime

)
(12)

where WWM is the weight of the heuristics, and
SupremainingTime is computed as:

SupremainingTime = max(remainingT imei,m)

Anti-aging. The goal of this heuristics is to avoid that a
job remains, for a long time, waiting to start or progress its
execution. The value to update the Job-Machine entries is
computed as a function of the “age” that a job has reached in
the system. ∆pi,m

is computed as:

∆pi,m
= WAA ·

agei

agei + remainingT imei,m
(13)

where WAA is the weight of the heuristics, and agei is equal
to the difference between the current simulation time and the
time at which the job has been submitted.

B. Matching

This phase is devoted to build a scheduling plan, and it is
executed after the Job-Machine matrix has been updated by
all the heuristics. It elaborates the resulting P matrix to carry
out the job-machine associations, that is the new scheduling
plan. Each matrix element expresses the preference degree
in selecting a machine m to run a job i. The aim of the
matching algorithm is to compute the job-machine associations
to which correspond a larger preference degree, according to
the problem constraints. To this end a greedy algorithm is
adopted. The elements of P are arranged in descending order,
and the obtained array is visited starting from the first element
to fix the association between a job and a machine. The new
scheduling plan is built by incrementally defining the job-
machine associations, and updating the number of processors
available on the machines as well as the number of available
licenses. An association job-machine takes place if the selected
machine has enough free processors and can run a copy of
the licenses needed to execute the selected job. The licenses
are a limited resource, their availability could decrease setting
up the scheduling plan. Even if this way does not guarantee a
matching which corresponds to the maximum system usage, it
leads to carry out an effective scheduling plan, i.e. the system
will have enough computational resources to run the selected
job subset. To order P two different sorting algorithm were
experimented: Quicksort and Counting sort [1]. The second
one has a smaller computational complexity when the item
to sort are discretized in classes. However, to discretize in
classes the job priority values means to use coarser priority
value than those used by Quicksort. Therefore, the use of
the Counting sort leads to better execution time, but to less
quality in computing a scheduling plan, with respect to of
using Quicksort.

V. PERFORMANCE EVALUATION

In this section, we present the results obtained in the
experiments conducted to evaluate the feasibility of CS 2.0.
Comparing scheduling algorithms is generally a difficult task
because of the different underlying assumptions in the original
studies of each algorithm. Moreover, public available archives
contain jobs described by using only few parameters, typically
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the job submission and execution time and the number of
processors used. In our study, we focus on job deadline and
licenses, which, at our knowledge, are not present in any avail-
able job archive. Therefore, our evaluation was conducted by
simulations using different streams of jobs generated according
to an exponential distribution with different inter-arrival times
between jobs. Moreover, each job and machine parameter was
randomly generated from a uniform distribution.

We evaluated four different versions of the proposed sched-
uler, called CS 2.0, CS 2.0 Cs, CS 2.0 Td and CS 2.0 Cs Td.
CS 2.0 uses the Quicksort algorithm representing the priority
values as float numbers. CS 2.0 Cs uses the Counting sort
algorithm representing the priority values as integers in the
range [1, 1024]. CS 2.0 Td and CS 2.0 Cs Td are the time
driven version of CS 2.0 and CS 2.0 Cs, respectively. They
compute a new scheduling plan every 10 seconds.

For our evaluation, we used the GridSim simulator. We sim-
ulated a computing farm varying the number of jobs, machines
and licenses availability. For each simulation, we randomly
generated a list of jobs and machines whose parameters are
generated according to a uniform distribution in the ranges:
estimated [500−3000], deadline [25−150], number of CPUs
[1 − 8], benchmark [200 − 600], license ratio [55% − 65%],
license suitability 90%, license needs 20%.

To each license we associate the parameter “license ratio”
that specifies its maximum number of copies concurrently
usable. The benchmark parameter is chosen for both jobs and
machines. “license suitability” specifies the probability that a
license is usable on a machine. “license needs” specifies the
probability that a job needs a license. For each simulation,
30% of jobs were generated without deadline.

In order to simulate the job scheduling and execution, the
simulator implements the heuristics seen before, and a new
scheduling plan is computed at the termination or submission
of a job. The simulation ends when all the job are elaborated.

The weight associated to the heuristics were hand-tuned
to give more importance to the job deadline requirement,
the license usage constraints, and to contain the number of
operations of job preemption. 1

To evaluate the CS 2.0 scheduler, tests were conducted by
simulating a cluster of 150 machines, 20 licenses, and 1500
jobs, with the 2% of jobs supporting checkpoint/restart. In
order to obtain stable values, each simulation was repeated 20
times with different job attributes values.

To evaluate the quality of schedules computed by CS 2.0, we
exploited the following criteria: the percentage of jobs that do
not respect the deadline, the percentage of machine and license
usage and the job slowdown. Moreover, to evaluate the the
efficiency of CS 2.0, we evaluated the scheduling execution
time and the scheduler scalability.

The evaluation was conducted by comparing our solution
with an EASY Backfilling (Easy BF), and a Flexible Backfill-
ing (Flexible BF) algorithms. For Flexible BF the job priority

1Heuristics constant values used in our tests: Deadline (WD = 15.0),
Overhead Minimization (WC = 40.0), Anti-aging (WAA = 5.0), Licenses
(WL = 5.0), Wait minimization (WW M = 8.0).

values are computed at the computation of a new scheduling
plan using the CS 2.0’s heuristics. Computing the priority
value at each new scheduling event permits us to meet the
scheduler goals [7] in a better way.

Each job is scheduled to the best available machine, re-
specting the constraints on both the number of CPUs and of
licenses. If an eligible machine is not found the job is queued
and re-scheduled at the next step of the scheduling process.
It exploits the jobs preemptive feature to free resources to
execute first new submitted job with an earliest deadline.

To evaluate the schedules carried out by the CS 2.0 sched-
ulers we generated six streams of jobs with jobs inter-arrival
times (Ta in Figure 1) fixed equal to 1, 4, 6, 8, 10, and 12
simulator time unit (1 ÷ 12 in Figures 2, 3, 4, 6).

As shown in Figure 1 each stream leads to a different system
workload through a simulation run. The system workload was
estimated as the sum of the number of jobs ready to be
executed plus the number of jobs in execution. The shorter the
job inter-arrival time is, the higher the contention in the system
is. As can be seen, when the jobs inter-arrival time is equal
or greater than 12 simulator-time units the system contention
remains almost constant through the simulation, this is because
the cluster computational power is enough to prevent the job
queue from increasing.

 200

 400

 600

 800

 1000

 1200

 1400

 5000  10000  15000  20000  25000

Jo
bs

Time (s)

Ta = 1
Ta = 4
Ta = 6
Ta = 8

Ta = 10
Ta = 12

Fig. 1. System workload through simulations.

During the simulation the execution time of a job i on a
machine m is computed as:

runtimei,m =
totalInstri
MIPSm

(14)

where totalInstri is the number of instructions of i ex-
pressed in millions and MIPSm is the benchmark value
associated to m.

Figure 2 shows the percentage of jobs executed do not
respect their deadline. As expected, the smaller the job inter-
arrival time is, the greater the job competition in the sys-
tem is, and consequently the number of late jobs increases.
Satisfactory results are obtained when the available cluster
computational power is able to maintain almost constant the
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Fig. 2. Percentage of jobs executed do not respecting their deadline.

system contention. The backfilling-based algorithms obtain
worse results than those obtained by CS 2.0. In particular, CS
2.0 obtains significative better results when the job competition
in the system increases, i.e. for Ta equal to 1 and 4.

Figure 3 shows the job slowdown, which is computed as
(Tw + Te)/Te, with Tw the time that a job spends waiting
to start and/or restart its execution, and Te the job execution
time [25]. This measure figures out as the system load delays
the execution of such jobs. As can be seen, for job streams
generated with an inter-arrival time greater than Ta = 1, jobs
scheduled by using CS 2.0 obtained a Tw equal or very close
to 1.
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Fig. 3. Job slowdown.

In Figure 4, the percentage of machine usage is shown. It
is computed as:

SU =
∑n−1

i=0 (SUti
× (ti+1 − ti))
tn

(15)

where n is the simulation length, and SUi is given by:

SUi =
]Processorsactive

min(]Processorsavailable, ]Processorsrequired)
(16)

which is computed at each time ti when the building of a
new scheduling plan is completed.
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Fig. 4. Percentage of machine usage.

A machine can remain idle when it does not support all the
hardware/software requirements of a queued job. We can see
that CS 2.0 schedules jobs in a way that permits to maintain
all the system machines always busy.

In Figure 5, the percentage of license usage is shown.
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Fig. 5. Percentage of license usage.

It is computed likewise SU , more in detail:

LUti
=

]Licensesactive

min (]Licensestotal, ]Licensesrequested)
(17)

The average usage is computed at the end of the simulation,
according to this equation:
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LU =

n−1∑
i=0

(LUti
· (ti+1 − ti))

tn
(18)

It can be seen that when the jobs contention decreases all
the algorithms are able to efficiently use the available floating
licenses. However, CS 2.0 obtains a better license usage for
Ta equal to 1, 4 and 6.

Figures 6 and 7 show the average time spent to build a
new scheduling plan, and the total scheduling times spent to
schedule each job stream. As expected, the CS 2.0 versions,
which supports the preemption feature, require more execution
time than the backfilling-based algorithms. The best times are
obtained by the CS 2.0 Cs Td version.
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Fig. 6. Average scheduling times.
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Fig. 7. Total scheduling times.

In Figure 8 the scalability for the CS 2.0 and Flexible
Backfilling algorithms is shown. The schedulers scalability
was evaluated measuring the time needed to carry out a new
scheduling plan increasing the number of jobs. It can be seen
that CS 2.0 achieves a good scalability. In particular the better

scalability was obtained by the CS 2.0 Cs, which has a smaller
time complexity than the CS 2.0 version.

 0

 20

 40

 60

 80

 100

 120

 100  200  300  400  500  600  700  800  900  1000

Av
er

ag
e 

Sc
he

du
lin

g 
Ti

m
e 

(m
s)

Jobs

Easy Backfilling
Flexible Backfilling

CS2.0
CS2.2 Td
CS2.0 Cs

CS2.0 Cs Td

Fig. 8. Algorithm scalability.

By exploiting the jobs preemption, to favor the execution
of higher priority jobs, and properly setting the heuristics
contribution to the job priorities, CS 2.0 is able to build
scheduling plans with a good trade-off between the addressing
of job QoS requirements and the minimization of the costs
induced by the preemption of jobs.

VI. CONCLUSIONS

In this paper, we propose CS 2.0, a multi-criteria scheduler
able to dynamically schedule a continuous stream of batch
jobs on the machines of large computing farms, made up of
heterogeneous, single-processor or SMP nodes, linked by a
low-latency, high-bandwidth network. CS 2.0 is obtained as
an extension of the Convergent Scheduler (CS), we previous
proposed in [5]. It aims at scheduling jobs respecting their
deadline, and optimizing the machine and license usage. The
proposed scheduler exploits a set of heuristics, each one man-
aging a specific problem constraint, that guide the scheduler in
making decisions. To this end the heuristics assign priorities
to all the jobs in the system, and jobs priorities are computed
to build a scheduling plan, which is computed on the basis
of the current status of the system and information related to
jobs waiting for execution.

Four different versions of CS 2.0, implemented by using the
Quicksort and the Counting sort algorithms, were evaluated
by simulations using the Gridsim simulator. The evaluation
was conducted by using different streams of jobs generated
according to an exponential distribution with different inter-
arrival times between jobs. Moreover, each job and machine
parameter was randomly generated from a uniform distribu-
tion. Due to the different manners to represent the priority
values, CS 2.0 versions exploiting the Quicksort algorithm ob-
tains the best scheduling quality, whereas the best scheduling
execution times are obtained by the CS 2.0 versions exploiting
the Counting sort algorithm. Moreover, CS 2.0 was evaluated
comparing it with two different Backfilling schedulers.
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Even if this solution does not guarantee to find associations
to which corresponds to the maximum system usage, it leads
to carry out effective scheduling plans, and the conducted eval-
uation seems to show that the proposed solution is viable one.
Moreover, the modular structure of the proposed scheduler
makes simple to define a set of customized heuristics in order
to meet the service goal of an installation.

As future work, we plan: (1) to enhance the current sched-
uler to manage job requiring advanced resource reservation,
and job requiring co-allocation to be executed on more than
one machine, (2) to consider in the simulation costs due
to data exchanging between processes, and due to dataset
transfer to a machine or between machines, (3) to conduct a
deeper evaluation of the proposed solutions, by using jobs and
machines parameter values obtained by an analysis of public
available archives, and if available using real data.
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