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Abstract. The volume of data, one of the ﬁve “V” characteristics of Big
Data, grows at a rate that is much higher than the increase of ability
of the existing systems to manage it within an acceptable time. Several
technologies have been developed to approach this scalability issue. For
instance, MapReduce has been introduced to cope with the problem of
processing a huge amount of data, by splitting the computation into a set
of tasks that are concurrently executed. The savings of even a marginal
time in the processing of all the tasks of a set can bring valuable beneﬁts to the execution of the whole application and to the management
costs of the entire data center. To this end, we propose a technique to
minimize the global processing time of a set of tasks, having diﬀerent
service requirements, concurrently executed on two or more heterogeneous systems. The validity of the proposed technique is demonstrated
using a multiformalism model that consists of a combination of Queueing Networks and Petri Nets. Application of this technique to an Apache
Hive case-study shows that the described allocation policy can lead to
performance gains on both total execution time and energy consumption.
Keywords: Pool depletion systems · MapReduce · Schedulers · Energy
eﬃciency · Performance evaluation · Queueing networks · Petri nets ·
Multiformalism models

1

Introduction

The pervasiveness of Big Data applications in organizations is occurring at a
surprising high speed. Successful companies must adopt these new technologies
in order to keep their advantage over competitors.
One of the most important characteristics of this new paradigm is the large
size of data that must be processed in a reasonable amount of time. To address
the resulting performance problem that is created, the Hadoop MapReduce technology has been proposed [9,14] originally by Google. Its operational concept is
based on distributed computing and parallelism. Initially, the input data is split
into blocks that are processed in parallel by a high number of tasks generated by
each job in the Map. In the following Reduce phase, newly created tasks process
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in parallel the intermediate results of the Map phase producing the ﬁnal output
of the job. The execution of a job may require one or more cycles of Map and
Reduce phases. Typically, each phase can take hours, or even days, to complete
due to the signiﬁcantly large data sizes and the consequent high number of tasks
to be executed in parallel.
In [20] it is described an example of an Apache Hive application (see Fig. 5)
regarding a query that retrieves the Facebook status according to users’ gender
and school. Its structure is based on three MapReduce jobs. The two Maps in
MapReduce1 generate a high number of tasks that, as a function of the query,
have diﬀerent resource consumption, i.e., they belong to two classes of tasks.
The tasks are then assigned to Virtual Machines and executed in parallel on the
same, or more likely, on diﬀerent physical systems.
The analysis of resource consumption behavior during the execution of a
MapReduce job shows a pattern that is repeated in each phase: generation of a
large number of tasks, followed by their parallel execution. Typically, the number
of parallel tasks is much higher in the Map phase with respect to the Reduce
one.
The execution time of the parallel tasks is deeply inﬂuenced by two factors
that are related to the characteristics of both the job and the architecture of the
computing infrastructure. The ﬁrst factor concerns the resource requirements of
the tasks, since each phase of a job may saturate diﬀerent resources, i.e., it can
have a diﬀerent bottleneck. The second factor regards the characteristics of the
physical systems that are used. Indeed, in cloud infrastructures, the computers
that are dynamically allocated to the tasks of a job may be heterogeneous and
have diﬀerent computational power and storage capacity (see e.g., [6]). Furthermore, these physical machines typically have a limitation on the number of tasks
to be executed. This constraint, continuously reached in MapReduce jobs due
to the high number of tasks, is required for performance control on response
times. As a function of the mix of tasks in a single computer (referred to as
subsystem), the time required by their parallel execution may be in some cases
extremely inﬂated due to the bottlenecks that may migrate dynamically among
the resources. The variability introduced in the execution time of the Map tasks
may have a large impact on the execution time of a job. To cope with this
problem, the tasks admission policy in each subsystem plays a fundamental role.
In order to analyze the performance of Big Data applications we study the
Pool depletion systems [7,8]. A Pool depletion system is a framework composed
by a pool of tasks and by several subsystems. We assume that the tasks are created in the pool at the same instant of time and then are sent to several parallel
subsystems for their execution. The important parameter is the time required by
the execution of all the tasks, referred to as depletion time. We may consider a
pool as a container for the Map tasks, all of which must be completely executed
before starting the following Reduce phase. In this paper, we describe a scheduling policy that minimizes the depletion time of a pool of tasks by appropriately
allocating them on heterogeneous systems with limited capacity as a function
of the diﬀerent resource requirements. In particular, our technique increases the
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eﬃciency of the global system allowing the resources to operate simultaneously
at their optimal conditions. Several scheduling strategies have been described in
literature to deal with systems that serve a large number of tasks. The objectives of the proposed policies are: (i ) to minimize the execution time of each
task; (ii ) to optimize the system utilization exploiting the jobs allocation on
each resource, (iii ) to minimize the execution time of a single job that is served
by all the resources of the system, as may happen in scientiﬁc applications. Case
i has been deeply analyzed in literature. FIFO, JSQ, MaxWeight and Completely Fair Scheduler strategies are some examples of scheduling policies used
in that case. Unfortunately, in the problem that we consider, minimizing the
task execution time does not necessarily minimize the job execution. Also case ii
has been studied in depth. For example, Fair and Capacity scheduler algorithms
[18] may be adopted by Hadoop to allocate resources in order to improve system
utilization when executing jobs possibly from multiple tenants. The objective
of our problem is described by case iii. The Optimal population mix [19] policy
introduced in [8].
In our case, each subsystem is composed by two resources, e.g., CPU and
storage. We consider a multi-class workload, with two classes of jobs. From [19]
we know that, for a system with two resources and two classes of customers, a
mix of classes in execution that maximizes the utilization of all the resources
exists, and it is referred to as optimal population mix. Furthermore, we can
analytically derive the optimal population mix for one-subsystem Pool depletion systems [8]. When the system operates with that mix, the pool can be
depleted with the shortest time. Two main conﬁgurations for multi-subsystem
Pool depletion systems are analyzed: the homogeneous and the heterogeneous
subsystems conﬁgurations. In the former case, all the available subsystems are
identical, and their corresponding resources have the same characteristics (i.e.,
service demands). In the latter case, each subsystem may be diﬀerent from all
the others, thus the resources have diﬀerent service demands. In particular, the
heterogeneous conﬁguration may be used for modeling a cluster with servers having diﬀerent capacity. To compute the results, we model the applications with a
multiformalism model composed by queuing network and Petri nets. We simulated a variable number of subsystems and diﬀerent internal population mixes,
while the pool population mix is set to a constant value corresponding to the
considered application.
The remainder of this paper is structured as follows. In Sect. 2 prior work
on Pool depletion systems is discussed. Section 3 extends Pool depletion systems with multi-subsystem and presents the multiformalism model used for the
extension. The results for homogeneous and heterogeneous multi-subsystem are
shown in Sect. 4. An exploitation of this kind of framework is shown in Sect. 5
for the analysis of an Apache Hive case-study. Section 6 concludes the paper.

2

Background

The main applications we want to study through Pool depletion systems are
the ones used in Big Data environments. Although the key feature of these
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applications is the parallel execution of a high number of processes, for sake
of simplicity the Pool depletion systems have been analyzed so far [7,8] with
only one-subsystem conﬁguration. In [7] Pool depletion systems are described,
and a Continuous time Markov chain (CTMC) is proposed to investigate multiclass cases. In particular, trade-oﬀ between energy consumption and system performance has been evaluated using some of the most common metrics, such
as: the product of energy consumption and response time, or Energy-Response
time product (ERP) [11,16,17]; their sum, or Energy-Response time weighted
sum (ERWS) [1,2,15]; the average energy consumed per job, or Energy per job
(EJ) [5,13]. Two-class Pool depletion systems are analytically investigated in [8],
and closed-form equations for the derivation of the optimal population mixes of
pool and subsystem are provided. For this purpose, the deﬁnitions [19] of equiutilization point (i.e., the population mix of a system for which all its resources
are equi-utilized) and equi-load point (i.e., the population mix for which all the
resources of a system are equally loaded) are used. In particular, the optimal
population mix of a subsystem, β ∗ , corresponds to the equi-utilization point of
the subsystem itself, and for a subsystem with two resources and two classes it
is derived as follows:


2B
log D
D1B
∗
∗
∗
∗
β = βA =
, βB = 1 − βA
(1)
1A D2B
log D
D1B D2A
where Drc is the service demand of a class c job at resource r. The pool optimal
population mix, α∗ , corresponds to the equi-load point of a closed system, and
may be computed as:


XA (β ∗ )
∗
∗
∗
∗
, αB = 1 − αA
(2)
α = αA =
XA (β ∗ ) + XB (β ∗ )
where, Xc (β ∗ ) is the throughput of class c jobs when the subsystem population
mix is the optimal one. It has also been proved that depletion time (i.e., the time
needed to completely execute all the requests initially in the pool) is minimized
when the Pool depletion system works with its optimal population mixes. Note
that, while subsystem population mix is a feature of the system and β ∗ may
be exploited by a smart scheduler to make the whole system work with better
performance, pool population mix depends on the type of application we are
considering and can change only if the application changes.
In this paper we focus on multi-subsystem Pool depletion systems, where the
requests in the pool are executed by several parallel subsystems. The considered subsystems are heterogeneous and have constraints on the number of tasks
executed simultaneously. A similar approach was adopted in [5]. In that case,
diﬀerently from this paper, a multi-class open network was taken into consideration. A smart scheduler was implemented to decrease the energy consumption
of the global system. In particular, it forwarded each incoming job to one of its
subsystems, depending on their current population mix.
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The Model

The considered Pool depletion system is described using the model consisting
of a Coloured Petri Net (CPN) and a multi-class fork-and-join queuing network
shown in Fig. 1. The workload of the model consists of two type of customers:
the tokens, representing the colours of the Petri nets, and the jobs, representing
the requests to be executed by the queueing networks. Each type of workload
comprises two diﬀerent classes of customers. CPN tokens are used to control
the access to resources by the tasks, while queuing networks primitives are used
to describe the service demands of the tasks. According to [12], the use of several formalisms allows exploiting the most appropriate modelling primitives to
express the corresponding concepts in the most eﬃcient and natural way.
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Fig. 1. The multiformailsm model of the considered scenario

The jobs are created in the delay station Jobs: in this work we will focus,
without loss of generality, on a single job that is continuously executed, and we
set the “think time” (service time of the Jobs station) to Z = 0. The job enters
the Fork node and it is splitted into NA tasks of class A and NB tasks of class
B, with N = NA + NB . Tasks waiting to be executed are represented as tokens
into place Wait: in this case, colour class <C> is used to remember the task
class as an attribute of the token. Table 1 summarises the colour classes used in
the model; in Fig. 1 colour classes are represented, in angled brackets, as labels
associated to places and, with a slight abuse of notation, to queuing stations.
The place MaxTasks represents the considered scheduling assignment and
contains tokens belonging to the <C> colour class, initialised to KA and KB
tokens for the corresponding task classes. Its marking represents the chosen
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Table 1. Colour-sets.
Colour-set Description
<C>

Task class C = {A, B}.


<C, C >

Task class C, original class C  /

conﬁguration that allows a total of K = KA + KB tasks simultaneously in a
subsystem. The execution of a task starts with a ﬁring of transition Enter,
which can occur in one of the four following modes. When the subsystem is in
normal operation, transition can ﬁre in mode 1 or 2 removing respectively one
token of class A or B from its input place, and creating customers of class (A, A)
or (B, B) in the queue Res1, that represents the ﬁrst resource of the subsystem.
When there are no more tokens of either class B or A in place Wait, transition
Enter ﬁres in mode 3 or 4 allowing a task of class A or B to enter instead of the
one that has already been completed. Queuing stations Res1 and Res2 represent
the two resources of the subsystem. Even if the task classes generated by the
CPN transition are (A, A), (A, B), (B, B) and (B, A), only the ﬁrst component of
each couple is used to determine the service requirements of one task. The second
component is instead used in place Rel to allow transition Leave forwarding the
correct task type to the Join node, and to return the acquired task token into
place MaxTasks. This is accomplished by the ﬁring of transition Leave according
to four modes, as summarised in Table 2.
Table 2. Transitions ﬁring modes.
Transition Mode In1

In2

Out1

Enter

Wait

MaxTasks

Res1

1

A

A

(A, A)

Class A task

2

B

B

(B, B)

Class B task

3

A

B with Wait.B = 0 (A, B)

Class A task, depletion

4

B

A with Wait.A = 0 (B, A)

Class B task, depletion

Leave

Out2 Description

Rel

MaxTasks Join

1

(A, A)

A

A

Class A task

2

(B, B)

B

B

Class B task

3

(A, B)

B

A

Class A task, depletion

4

(B, A)

A

B

Class B task, depletion

Each subsystem has a similar structure, and the same sub-model is repeated n
times as shown in Fig. 1. Each subsystem can be characterised by diﬀerent service
demand for its resources, and diﬀerent tasks allowances KA and KB . When all
tasks have been completed, the Join primitive can ﬁre, returning the customer
to the reference station, and allowing the next job to start. To characterise the
conﬁguration of the system, we will denote with:
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NA
α = αA =
, αB = 1 − αA
NA + N B


KA
β = βA =
, βB = 1 − βA
KA + KB
the pool population mix and the subsystem population mix, respectively, as
described in Eqs. (1) and (2).

4

Results

In this section, the results obtained analyzing multi-class applications on distributed environments are shown. In [8], we showed that analytical equations – to
identify the optimal point for a single-machine system – exist. Eqs. (1) and (2)
show the results for subsystem and pool of a Pool depletion system, respectively.
While considering distributed environments does not aﬀect Eq. (1) since it refers
to each single subsystem, it inﬂuences the optimal population mix of the pool in
Eq. (2). In fact, as said in Sect. 2, optimal population mix of the pool is related
to the equi-load point of the system and it varies when we take into account
∗
as follows:
several diﬀerent subsystems. In particular, we expand αA
n
s
(β s∗ )
XA (β ∗ )
∗
s=1 XA

=
αA
(3)
=
n
n
∗
∗
s∗
s∗
s
s
XA (β ) + XB (β )
s=1 XA (β ) +
s=1 XB (β )
where n is the total number of subsystems, and Xcs (β s∗ ) is the throughput for
class c jobs at subsystem s, when the population mix of that subsystem is its
optimal population mix, β s∗ .
Two main system conﬁgurations are considered. First of all, the eﬀects of
homogeneous distributed systems – where all the subsystems are identical – are
taken into account. Then, we consider heterogeneous distributed environments,
assuming that each subsystem may have diﬀerent characteristics with respect
to the other ones. The analyses are performed using JSIMgraph, the JMT [4]
simulation tool, and simulating the model described in Sect. 3. All the metrics
are computed with 99% conﬁdence interval and a 3% maximum relative error.
4.1

Homogeneous

The main advantage introduced by homogeneous distributed systems is the parallelization of jobs execution. Since all the subsystems are the same, their optimal
population mix, β s∗ , are identical. Due to that, the throughput of each subsystem does not change and Eq. (3), after some algebraic manipulation, becomes
equal to Eq. (2).
In Fig. 2 three performance metrics for a homogeneous distributed system
are depicted against the number n of subsystems, and their population mix,
β. The pool size of the considered system is N = 1008 and the capacity of
each subsystem is K = 108/n. In the simulations we consider n = {1, 2, 3, 4, 6}
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and the following service demand matrix for each two-resource and two-class
subsystem:


0.75 0.64
Drc =
(4)
0.48 1.25
The optimal population mix of these subsystems is computed through Eq. (1)
and it is β ∗ = (0.6, 0.4). Their equi-load point is α∗ = (0.693, 0.307). Since
all the subsystems are identical, we assume they are all set to work with the
same population mix. For sake of simplicity, we only consider an application
724
284
.
, 1008
with NA = 724, NB = 284 and α = 1008

(a)

(b)

(c)

Fig. 2. Energy consumption (a), depletion
(b)
 and Time · Energy (c) of a homo 724 time
284
, as a function of total number of
, 1008
geneous distributed system for α = 1008
subsystems and their population mix.

Figure 2a represents the energy consumed to serve all the tasks initially in
1
1
2
2
the pool when Pidle
= 315 W, Pbusy
= 630 W, Pidle
= 250 W and Pbusy
= 500 W.
r
r
and Pbusy
are the power consumption of a resource r when it is idle and
Pidle
fully utilized, respectively. The energy consumed by a Pool depletion system is
deﬁned as the product between depletion time and power, E = T · P , and the
power consumption is computed with equation
P (U ) = Pidle + (Pbusy − Pidle ) · U

(5)

proposed by Fan et al. in [10]. In our case, the minimum value of energy consumption is observed when the system is working with only one subsystem. However,
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it is interesting to note that working with six subsystems and with the optimal population mix, β ∗ , lets the service provider save more energy than working with only one subsystem and with a suboptimal population mix. Figure 2b
shows the depletion time of the system (i.e., the time needed by the system
to complete all the tasks initially in the pool). In this case, providing a large
number of subsystems allows the service provider to parallelize the work, and
with six subsystems the depletion time is four times lower than with only one
subsystem. In order to take into consideration both the measures (i.e., energy
consumption and depletion time), we compute their product and the results are
shown in Fig. 2c. Since the saved amount of time working with six subsystems
is deﬁnitely greater than the energy the system consumes working with only
one machine, the conﬁguration with the larger amount of subsystems is the one
with the best global performance, assuming that energy is as important as the
depletion time for service provider. Furthermore, for the considered application,
724
284
, all the three analyzed metrics have their minimum point
, 1008
i.e., α = 1008
when all the available subsystems work with their optimal population mix, β ∗ .
4.2

Heterogeneous

The analysis of heterogeneous distributed environements is interesting since it
lets us consider more general systems. For example, they can be used to model
a datacenter with diﬀerent types of servers (e.g., new vs. old, fast vs. slow, etc.).
In order to study this kind of environments, we focus on the two-subsystem case.
Since they must have diﬀerent features, the ﬁrst subsystem is deﬁned through
service demand matrix in Eq. (4), whereas the following matrix is considered for
the second subsystem:


0.86 0.65
(6)
Drc =
0.3
1.02
The optimal population mix of the subsystem deﬁned in Eq. (6) is β 2∗ =
(0.3, 0.7) and its equi-load point is α2∗ = (0.409, 0.693). They have been derived
through Eqs. (1) and (2), respectively. As previously said, the optimal population mix of the pool must be computed with Eq. (3) if the system has heterogeneous subsystems, and in this case it is α∗  (0.55, 0.45). This result highlights
another important gain of a heterogeneous distributed environment, besides the
parallelization of the workload: indeed, diﬀerently from the homogeneous case,
the implementation of inhomogeneous subsystems lets the service provider execute diﬀerent applications with better performance. This is shown in Fig. 3 that
depicts the depletion times of two diﬀerent applications (i.e., pool population
mixes) served by a homogeneous system and a heterogeneous one. The population mixes of the two subsystems is still assumed to be the same for both of them.
As said, it is interesting to note that the heterogeneous conﬁguration provides a
shorter depletion time than the homogeneous one when it is serving application
α = (0.55, 0.45)  α∗heter . On the contrary, if application α = (0.70, 0.30) is
considered, the homogeneous environment performs better than the heterogeneous one, since the new application is closer to the homogeneous optimal pool
population mix, α∗homo .

Multiclass Task-Based Applications on Heterogeneous Environments

175

Fig. 3. Comparison of depletion time of homogenenous and heterogeneous systems for
two diﬀerent applications: α = (0.55, 0.45) (a) and α = (0.70, 0.30) (b).

Energy consumption, depletion time and their product are depicted in Fig. 4.
Each metric is analyzed against the population mix of each subsystem (i.e., β 1
and β 2 ). For all the three metrics, the minimum values are registered when each
subsystem s works with its optimal population mix, β s∗ . Also in this case, the
amount of time saved to complete all the tasks initially in the pool is deﬁnitely
larger than the energy saved, thus depletion time aﬀects the system performance
more than energy consumption when both the metrics have the same weight on
the service provider’s decisions.

5

Exploitation: Apache Hive

In this section we apply the results obtained in Sect. 4 to a real Big Data application. Simulations have been performed for both FIFO and Optimal population
mix admission policies. Although Pool depletion systems can model many diﬀerent Big Data applications, the case-study we consider in this paper is an Apache
Hive [20] based application. Apache Hive is an open source data warehouse system and is used on top of Apache Hadoop. It has been extensively adopted by
many organizations (e.g., Facebook, Netﬂix, Spotify) since it makes easier the
management of large data and their queries. Hive was introduced by Facebook
in [20]. It can be run on diﬀerent Hadoop’s framework (e.g., MapReduce, YARN,
Spark, Tez) and provides a SQL-like query language that is called HiveQL. A
query to retrieve most popular Facebook status based on users’ gender and school
is used as an example in [20]. Its simpliﬁed query plan is shown in Fig. 5, where
three MapReduce jobs are represented.
In order to study the performance of the Optimal population mix strategy
shown in Sect. 4, we compare the time this strategy needs to complete a MapReduce job with the time required by the FIFO strategy for the same kind of job.
We focus on the join function of a Hive query, that is represented by MapReduce1 in Fig. 5. In that case, both Map and Reduce have multi-class workloads.
Indeed, Map phase gets its data from two diﬀerent tables, whereas the Reduce
one returns two temporary tables. Assuming that two tables must be joint, we
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(a)

(b)

(c)

Fig. 4. Energy consumption (a), depletion time (b) and Time · Energy (c) of a heterogeneous distributed system for α = (0.55, 0.45), as a function of population mix of
each subsystem.

want to identify the best way to execute all the tasks of a MapReduce job in
order to decrease the total time needed to complete the join clause and get the
expected results. The Map and Reduce phases, are modeled by two diﬀerent
heterogeneous two-subsystem environments, that have been characterized starting from [21] and [3]. The former provides some data about MapReduce jobs
executed on Facebook’s clusters, whereas the latter refers to a public Hadoop
repository1 . Thus, the Map system is deﬁned by the following service demands
matrices (in seconds):




25 21
55 39
1,M ap
2,M ap
=
=
Drc
(7)
Drc
16 39
28 82
whereas the Reduce one has the following service demands (still in seconds):




60 46
29 22
1,Reduce
1,Reduce
Drc
=
=
Drc
(8)
17 70
10 34
We assume the MapReduce job is splitted into NM ap = 1000 and NRed = 200
tasks before Map and Reduce phases, respectively. The number of tasks that is
1

Available at http://ftp.pdl.cmu.edu/pub/datasets/hla/. Please, include http at the
beginning of the URL to make it work.
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Fig. 5. Query plan of three MapReduce jobs analyzed in [20].

concurrently executed during the two phases is KM ap = 100 for Map and KRed =
50 for Reduce. Using Eq. (1) on all the service demand matrices, we derive the
2∗
optimal population mixes of each subsystem, i.e., β 1∗
M ap = (0.58, 0.42) , β M ap =
1∗
2∗
(0.29, 0.71) , β Red = (0.52, 0.48) and β Red = (0.26, 0.74). Finally, we take into
account an application whose αM ap = (0.53, 0.47) for Map phase and αRed =
(0.49, 0.51) for the Reduce one. For both Map and Reduce, α  α∗ has been
computed through Eq. (3).
The results of the simulations have been computed with 99% conﬁdence interval, and they are shown in Fig. 6. Besides the Optimal population mix strategy,
we analyze two FIFO policies: we consider completion of all class A tasks before
starting executing class B ones, and viceversa.
In Fig. 6 the time to complete all the Map and Reduce tasks into the system
are compared based on the scheduling policy adopted by the scheduler. The
total time to complete a MapReduce job is also depicted. Due to the large
number of tasks we assume to be into the system during the Map, this phase
is aﬀecting the global performance of the system more than the Reduce one.
When the subsystems work with their optimal population mixes, the service
provider complete all the tasks (i.e., the MapReduce job) in a shorter time than
using a FIFO strategy. The system requires the longest time to complete all the
tasks when it serves class B tasks after completing all the class A ones. For sake
of simplicity, we assume Reduce tasks are served after the Map ones, and no
parallelism between tasks belonging to diﬀerent phases is admitted (i.e., Total
length = Map phase length + Reduce phase length). Based on the observed results,
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Fig. 6. Time to complete the MapReduce jobs adopting diﬀerent scheduling strategies.

Optimal population mix strategy lets the system save up to 15% on the total
time, with respect to the FIFO strategies. This result is even more interesting
when several MapReduce jobs are concurrently executed and a larger amount of
time can be saved just adopting a diﬀerent scheduling policy.

6

Conclusion

In this paper we investigated the performance gain introduced by the adoption
of an Optimal population mix scheduling strategy in the execution of Big Data
applications. In order to do that, Pool depletion systems have been extended
with the implementation of two or more subsystems. This extension of Pool
depletion systems was necessary since parallel tasks execution is the key feature
of the Big Data applications. We identiﬁed two main system conﬁgurations:
the homogeneous and the heterogeneous ones. In the former, all the subsystems
are identical and the only advantage with respect to the single-subsystem Pool
depletion systems is the possibility to parallelize the execution of the tasks. In
the latter case, instead, the subsystems may have diﬀerent characteristics (i.e.,
service demands). The service provider may exploit this other feature in order
to process some applications (deﬁned by the number of the Class A and Class
B tasks from which they are composed) with better performance.
The analysis of multi-subsystems Pool depletion systems provided in this
paper highlights that depletion time (i.e., the time needed to complete all the
tasks initially in the pool) aﬀects the global performance of these systems more
than the energy consumed to run a larger number of subsystems.
Finally, the Optimal population mix scheduling strategy is compared with
the default FIFO policy. The comparison is performed considering a speciﬁc
MapReduce job: Facebook’s Apache Hive query. From the simulation of the
case-study and the anlysis of its results, the implementation of the Optimal
population mix policy lets the service provider save up to the 15% on the total
amount of time needed to complete the MapReduce job.
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