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Abstract—The era of personal resources being sufficient for enterprise big data computations has passed. As computations are
executed in the cloud, small policy changes of cloud operators may cause considerable changes in operational costs. Carefully
choosing the amount of resources for a given application is thus of great importance. This, however, requires a priori knowledge of the
application’s performance under different configurations. Creating a performance prediction model needs to account for the
heterogeneity of resources and the diversity in application workflows. Previous approaches for heterogeneous environments consider a
black-box representation of the application which results in single-purpose models. This paper addresses the problem with two
gray-box prediction models using linear programming (LP) and mixed-integer linear programming (MILP). Given a set of available
resources, the models consider Apache Spark applications and their Directed Acyclic Graph (DAG) of workflow running on top of a
Hadoop-YARN cluster. We then propose a configuration recommendation algorithm to optimize the cost-performance trade-offs when
renting machine instances. The accuracy of the proposed models is evaluated with real-world executions of several representative
applications on the Wikipedia dataset and the TPC-DS benchmark. The average error of only 3.28% for the proposed prediction
models demonstrates the practicality of the proposed approach in handling cost-performance trade-offs.

Index Terms—Apache Spark, Big Data Frameworks, Performance Evaluation, Resource Recommendation, Cost Model.
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1 INTRODUCTION

DATA is flooding businesses on an ever-increasing scale
and demands storing, cleansing, formatting, classifi-

cation, and mining. These processes are affected by the
unusual volume of the data and need special tools, frame-
works, and computing paradigms. Despite the challenges,
the opportunity for extracting valuable information from the
Big Data is encouraging businesses to tolerate the burden
for the hope of prominence and is keeping them search-
ing for cost-effective high-performance Big Data processing
clusters. In 2020, Big Data market was estimated to be worth
$130 billion and is predicted to reach $234 billion by 2026 [1].
Unsurprisingly, a noticeable portion is related to software
and tools related to Big Data analytics. In 2021, $82 billion
worth of spending was dedicated to reporting, analysis,
relational data warehouses, and non-relational analytic data
stores [2].

The key to efficient Big Data processing is a computing
paradigm that increases parallelism and was first noticed in
the MapReduce (MR) scheme. While the realization of the
MapReduce paradigm in the Hadoop framework became
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a well-known and widely used solution, extensions and
improvements were introduced to boost its performance
and expressiveness further. One of these extensions is the in-
crease in the multiplicity of Map and Reduce stages and the
flexibility in their interconnection represented as a Directed
Acyclic Graph (DAG). DAG-based workflows, supported
in well-implemented frameworks such as Apache Tez [3]
and Apache Spark [4], enable complex applications and
queries to be programmatically transformed to a graph of
stages, each running hundreds of tasks in parallel. A con-
siderable performance improvement in such frameworks is
in-memory computations of Apache Spark, where stages
refer to the intermediate data without reloading it from the
disk. These advantages and other features, have promoted
Apache Spark as a popular choice.

Public or private clouds are hosting most of the processes
related to Big Data analytics, and data scientists are paying
for these resources proportional to the time the analysis
takes. In order to reduce costs, it is necessary first to have an
accurate prediction of the job runtime for each cluster setup,
and second, find an optimal configuration of resources using
the prediction. However, there are two main challenges in
this way. The heterogeneity of resources and the diversity in
the application workflow. Usually, cloud providers present
different types of machines with different prices, and ac-
cording to the experiments, this diversity reflects in different
stages of the application too.

On the other hand, the model proposed for runtime
prediction should be practical no matter what structure
the application is following. The workflow of Big Data
applications varies from simple two-stage DAGs to those
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with tens of stages and complex interconnections. While
resource recommendation is extensively studied in different
environments, from grids to clouds, none have considered
the application execution graph and the heterogeneity of
resources at the same time.

Realizing the exact Apache Spark’s task placement and
scheduling for a given application is not possible before the
actual execution. On the other hand, mainstream Big Data
frameworks including Apache Spark usually place the tasks
and allocate resources in a way that minimizes the runtime.
Therefore, using an optimization method, the optimized
scheduling scheme and, subsequently, the runtime of an
application can be predicted. The result of the optimizer
is claimed here to be close to what is recorded in real-
world executions as both try to minimize the execution
time. However, the optimization not only depends on the
characteristics of the infrastructure but also on that of the
application, i.e., the number of tasks in each stage, the mean
execution time of each task, etc. Since these values vary from
one application to another, it is necessary to estimate them
for each application prior to the actual run. This phase is
called profiling and usually requires running the application
on a few small samples rather than the original dataset.

Considering the challenges of performance prediction
described earlier and assuming an optimized task place-
ment, we propose an Apache Spark application runtime pre-
diction approach using Linear Programming (LP) that con-
siders both the DAG and the heterogeneity of instances. To
the best of our knowledge, this is the first gray-box propo-
sition that allows studying workflows with complex DAGs
while running on top of a heterogeneous infrastructure. The
state-of-the-art methods in this field either consider black-
box models with no information of the underlying DAG
of workflow or asuume a homogeneous infrastructure. The
proposed LP model uses micro-benchmarking, i.e., collect-
ing profile information from sample runs of a scaled-down
version of the application, to assign values to the unknown
parameters of the system. We validate the accuracy of the
predictor against the measurements performed during a
real-world execution of the benchmarks. In addition, and
to demonstrate the practicality of the proposed model, an
instance selection algorithm is proposed that suggests the
optimal set of instances to rent from the cloud provider to
minimize cost while maintaining performance.

The main contributions of this paper, thus, are as follows:

1) Formulating the problem of predicting Spark appli-
cation runtime as an LP model while considering
the heterogeneity of resources and the DAG of the
application. A Mixed-Integer Linear Programming
(MILP) model is also presented, which optimizes the
same objective function but with different levels of
detail.

2) Validating the proposed prediction approach based
on the real-world experiments conducted on the
TPC-DS benchmark and Wikipedia dataset.

3) Designing a resource selection algorithm based on
the prediction approach that searches the state space
of possible configurations and finds the optimal one
regarding the cost and performance.

The remaining parts of this paper are organized as

follows. In Section 2, related proposals available in the
literature are introduced. Section 3 is dedicated to the
description of the features of the application frameworks.
Sections 5 and 4 present our runtime prediction approach
and the proposed resource recommendation algorithm, re-
spectively. Results obtained by the proposed models and
their validation against the real-world systems are reported
in Section 6. Finally, Section 7 concludes the paper and
provides directions for future work.

2 RELATED WORK

One of the aspects of every distributed computing system
that usually gains attention in the literature is resource allo-
cation and scheduling. This is a crucial part of such systems
that affects performance, energy consumption, cost, user
satisfaction, etc [5], [6]. Big data frameworks, mainly Apache
Spark, are not an exception, and a considerable number of
published work are dedicated to exploring different ways
of reducing costs while maintaining an acceptable level of
service performance. Their concern is primarily minimizing
the costs of the provider, and few works have discussed the
satisfaction of the users while users are paying for the hours
of resource usage. Since methods and goals are often similar,
we closely study related work and classify main approaches.

Learning from previous executions to predict the future
runs is offered by significant number of research work [7],
[8], [9], [10]. The authors of [11] employ micro-benchmarks
to empower a learning-based performance model. Apart
from predicting the execution time of the whole job, in
[12] a similar idea was used to predict the execution time
of tasks which is helpful in recognizing straggler ones. A
performance model for homogeneous Apache Spark cluster
has been proposed in [13] which predicts execution time
using historical data and chooses a machine learning algo-
rithm among a list of regression methods according to their
historical errors for each stage of the job. The aggregated
execution time of the whole job was predicted by another
learned model, which takes individual stage prediction as
input. Authors in [14] have collected over 40000 traces
of past jobs in order to test the applicability of different
methods from neural networks to regression tree. Micro-
benchmarking, itself, might be inefficient, therefore, [7] has
discussed techniques to decrease the number of data points
without significant loss of accuracy. Taking another step
forward, some articles used achievements in performance
modeling to tune the cluster.

Decisions related to resource management are exten-
sively coupled with performance forecasts. As [15] has
proposed, investigation of historical data enables novel
scheduling approaches. Even an offer to lose the accuracy
of the performance model in favor of faster prediction is
acceptable if the selectivity of the model is not affected [16].
Some have focused on other measures such as [17] which
optimized parallelism parameters, or [18] which predicted
the availability of the resources. If a configuration is proved
to perform well with a specific application, most likely,
it will be a good choice for similar applications as well.
This idea was explored in [19] with gradually enriching
the database of top-rated configurations. While most of the
proposed solutions can be employed at runtime, some have
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mainly addressed evolutionary methods to tune the number
of VMs for MR applications [20] or to improve utilization
[21].

A related research field concerns cost optimization of
database queries. One common approach focuses on op-
timizing the cost of data transfers between nodes of dis-
tributed databases such as [22] that applies Integer Linear
Programming (ILP) to model and optimize the transmission
cost. The authors of [23] employ ILP to find the optimal so-
lution to the index selection problem and use a branch-and-
bound technique to identify sub-optimal solutions in case
the ILP formulation takes too much time to solve. Recently,
several works exploited techniques based on machine learn-
ing like RNN, CNN, and Mixture Model for cost-based
query estimation and optimization [24], [25], and [26]. The
focus of our work is not limited to database queries and
covers the optimization of general DAG workflows.

Apart from machine learning, analytical models, such
as, Petri nets, queuing theory, process algebra, and com-
putational geometry, are proved helpful in guiding tuning
decisions [27], [28], [29], [30]. Based on the stochastic deriva-
tion of Petri nets, [31] has proposed a performance model
for Apache Spark applications with acceptable accuracy
and compositional modeling technique. The same authors
of [31] have applied lumping technique to cope with the
growing state-space issue in MR model [32] and fixed-point
iteration technique for the same issue in the Spark model
[33]. The use of Fluid Petri-nets is explored in [34] to resolve
state-space explosion when evaluating the performance of
Hadoop or Spark applications in a homogeneous environ-
ment. They have assumed that the DAG can be replaced
with its critical path, while no specific method is given for
such transformation. The mean-field analysis proposed in
[35] is claimed to be practical for estimating the completion
time of MR applications. However, the approach can not be
easily applied to DAGs.

Some researchers have suggested to speed up the execu-
tion of a Spark job by rewriting the code in different ways
and according to specific rules [36]. The different versions
are then evaluated by cost/weight functions to find the best
code, while the cluster setup remains unchanged. In [37],
the authors have used Evolutionary Markov Chain Monte
Carlo method to find the best assignment of the parameters.
Again, the physical configuration of machines is fixed, and
only the framework parameters are tuned. In [38], a closed-
form performance model for Spark was used to compute
the required resources taking into account the deadline of
a job. Their model considers that the estimation for the
completion time of the job multiplied by the number of
parallel processors is the sum of all RDDs runtime. This
assumption is not realistic since, often, the execution time
is not evenly distributed. Finally, [39] exploited the use of
spot-instances while predicting the effect beforehand. The
predictor, however, ignores the waiting time when multiple
stages are synchronized.

Another crucial part of the evaluation process is bench-
marking. Many researchers confirm that experimental re-
sults obtained based on synthetic datasets are commonly
reliable for this purpose, specifically in a Big Data en-
vironment [40], [10], [16], [17]. Finding real data which
truly represents the characteristics of Big Data is a ma-

jor obstacle, while mature data generators, widely used
and available today, have developed to tackle this prob-
lem. Among them, the Transaction Processing Performance
Council (TPC) benchmarks provide datasets rich in desir-
able Big Data characteristics and have attracted numerous
users [41], [8], [23], [31], [32], [33], [34].

3 DAG-BASED WORKFLOWS AND APACHE SPARK

In MapReduce (MR) paradigm, tasks are grouped into
meaningful stages, namely, Map, Shuffle, and Reduce. The
flow of data can also be organized through processing
stages. Directed Acyclic Graph (DAG) has been extensively
used in scientific computational workflow modeling, espe-
cially large-scale computing-intensive or data-intensive ap-
plications. Workflow modeling and MapReduce paradigm
meet in Apache Tez framework, where multiple MR jobs
are arranged in a DAG. Tez runs on top of the Hadoop
YARN [42] cluster and manages the intermediate output
of each MR job. However, a mature combination of DAG-
based workflow and task encapsulation and parallelism can
be found in Apache Spark framework.

3.1 Apache Spark
When it comes to processing Big Data, Apache Spark is
usually the most proper option with its different extensions
for SQL queries, machine learning, schema manipulation,
etc. More importantly, Apache Spark is fast due to its
particular memory usage scheme and it is capable of con-
necting to other popular frameworks, namely, Hadoop and
YARN. Therefore, users can enjoy the performance of Spark
along with sophisticated YARN resource management and
Hadoop Distributed File System (HDFS) storage methods.
The data-flow inside each job is represented by a DAG in
which vertices stand for stages and edges represent the flow
of the data from one stage to another. Stages in Spark are
meaningful encapsulations of tasks that can run in parallel,
knowing that each task is the atomic unit of a process.

The orchestration of concepts described above, however,
is implemented behind the scene. SparkContext is the main
object of the application, which holds the code as well as
the processes that the user has defined. It is wrapped by
the Driver, which is responsible for collaborating with other
nodes and is specific to a single application. The Driver
needs worker nodes to do the computations and asks them
via the cluster manager. Cluster manager here is assumed
to be the YARN but is not limited to. A worker node
contains an executer that performs individual tasks. The
number of tasks that can run in parallel inside an executer
is equivalent to the number of cores configured for the
executer. Configuration of each executer, namely its memory
and cores, are user-defined.

Some other details of the application are embedded
inside the SparkContext. It will create a job whenever it
encounters an action inside the user program and forms
the execution DAG afterward. According to the explanation
mentioned above, this DAG holds stages as well as the
tasks residing in them. The SparkContex rationale behind
the DAG formation is how the dataset is transformed from
one state to another and relies on an abstraction named
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TABLE 1
Fixed input parameters of the MILP and LP models

Parameter Definition Used in
MILP

Used in
LP Input Source

E Set of executors X X Cluster
configurationEi Set of executors with the same type of executor i X X

S Set of stages in the application X X

Single-node
analysis phase

Pj Direct parents of stage j in the DAG X X

Rj All parents of stage j in the DAG - X

tij Sum of the tasks execution time of stage j in executors of Ei X X

tmij Average of the maximum execution time of tasks in executors of Ei for stage j X X

trij trij = tij − tmij × |Ei| X X

L Leaf stages of the DAG (stages without any children) - X

B An upper bound for stage completion time (Eq. 2) X -

Resilient Distributed Dataset (RDD), which is one of the
key characteristics of the Spark framework. The first RDD
is the initial dataset and lazily transforms to other RDDs on-
demand, in the sense that all the mappings will be applied
at once and right when an action is triggered. Tracking
and saving changes on RDDs have enabled Spark to meet
the fault tolerance through the lineage. If an RDD is lost
eventually, this lineage helps Spark build that RDD again
from scratch.

3.2 Heterogeneity impact
Although all executors are similar in configuration, in a het-
erogeneous cluster, executors running on different machines
show different characteristics. This diversity is exploited in
[7] for matrix multiply and least squares solver applications
running on different clusters. Clusters are similar in the
aggregated number of cores and amount of memory but
different in the type of deployed Amazon EC2 servers.
Results show that although the number of executors is
the same in each configuration, the difference in the type
of the server has led to a considerable fluctuation in exe-
cution time. Surprisingly the largest server is not always
the best choice regarding the execution time. Assuming
that each stage in the DAG is treated like an application
with sub-tasks, this evidence is the basis for our claim that
different stages demonstrate different performances on a
single server. Therefore, the selection of the server type and
multiplicity is a critical decision concerning optimization
purposes.

In order to come up with an optimized suggestion,
the behavior of each stage on each server type should be
realized first. Since this is dependent on the nature of the
application, which is not always clear, the best approach is
to employ micro-benchmarking in which the application is
tested against different server types on small subsets of the
original dataset. Results of the micro-benchmarking phase
are not sufficient to directly decide on the server types be-
cause even with a fixed set of resources, different allocation
and scheduling schemes, especially among parallel stages,
lead to different runtime. In order to address this complex-
ity, two performance prediction approaches are presented
next, along with the detail of the micro-benchmarking step.

4 PERFORMANCE PREDICTION

In this section, we propose an approach to predict the
runtime of a given Big Data application on a heterogeneous
cluster containing an arbitrary number of nodes with differ-
ent computational capabilities. We assume that the primary
goal of the scheduler in the mainstream frameworks, such
as Apache Spark or YARN, is the minimization of the appli-
cation runtime. Hence, we employ optimization formalisms,
namely Linear Programming (LP) and Mixed Integer Linear
Programming (MILP), to find the best placement of tasks
and, thereby, the minimum runtime. By doing so, we predict
the runtime of the application running on these frameworks.

The two proposed formulations are discussed in Sec-
tions 4.2 and 4.3. These formulations use input parame-
ters that describe the nature of the application, data, and
computational resources. The assignment of these input
parameters, listed in Table 1, is perfomed during a micro-
benchmarking phase called single-node analysis and dis-
cussed in the following section.

4.1 Single-node Analysis Phase
In order to come up with a precise model, some input
parameters are defined and used in the LP and MILP
models. However, actualization of these parameters com-
pletely depends on the application, as they exhibit different
characteristics. Therefore, it is necessary to have an estimate
of the behavior of a particular application running on the
original dataset. Our approach uses a single-node analysis
phase for this purpose, during which micro-benchmarks
with different data sizes run on a single instance per each
instance type. For example, for three samples of 2%, 6%,
and 10% of the original data and an infrastructure with four
different instance types, 12 micro-benchmarks are executed.
This idea of running the application with different data sizes
enables us to obtain the application’s profile with respect
to each instance type; that is, how performance metrics
change with an increase in the input data size on a particular
instance type.

During the execution of these so-called micro-
benchmarks, we carry out measurements to compute the
input parameters of the proposed formulations. These mea-
sured parameters are
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1) The DAG of the application’s workflow including
stages and their dependencies.

2) The number of executors of each instance type.
3) The execution time of each stage (sum of tasks exe-

cution times without considering the waiting times
caused by the dependency graph) for each executor.

4) The average of maximum tasks execution time in
each executor for each stage.

The next step is to learn from the measurements for the
parameters mentioned earlier, for each micro execution and
to estimate the same parameters for the actual data size. A
similar technique is implemented in [7] and is employed
here to interpolate values of parameters 3 and 4. The main
advantage of the method proposed in [7] is using both
executor count and sample size for training. It is worth
mentioning that parameters 1 and 2 are assumed to be
constant and can easily be achieved from the log of an
experiment on a sample input.

Finally, input parameters of the LP and MILP model can
be assigned with estimations performed during the single-
node analysis phase. We propose two models for the perfor-
mance prediction, each capable of estimating the execution
time, but with different levels of detail. These two models
are described in Sections 4.2 and 4.3. The main advantage of
our approach is that the proposed LP and MILP models can
predict the execution time of the application on a large data
set with few micro-benchmarks on small samples without
the need to rent the entire cluster. Using these prediction
models, in Section 5, we propose an algorithm to search
the space of cluster configurations and find the best cluster
configuration, again without renting the cluster.

4.2 Mixed-integer Linear Programming Model
Our first execution time prediction model uses MILP. MILP
problems are mathematical optimizations like LP problems,
but they have more modeling power than LP problems
because they can restrict some of the variables from real
numbers to be integer or binary.

In the optimization formulation figured in Eq. 1, univer-
sal quantifiers are used for the sake of brevity and can be
simply replaced with multiple flat constraints. The problem
presented in this formulation is designed to find the best
task scheduling assignment for the Big Data scheduler by
minimizing the application runtime as stated in the problem
objective 1a. Our approach seeks to find the best starting and
ending times of each stage in each executor, with the help
of some knowledge from the single-node analysis phase,
including the performance of each stage in each machine.
The input parameters and variables of this model are sum-
marized in Tables 1 and 2, respectively.

Constraint 1b will be replaced by |E| × |S| constraints
that each one restricts the end time of stage j in executor
i to be equal to its start time plus its duration. In con-
straint 1b, the duration of stage j in executor i is calculated
by tmij + (trij × pij), where pij is used to model the share
of the workload assigned to executor i, and tmij is an
approximation for the executors’ deserialization time. The
separation between this specific task and others running on
an executor is necessary to increase the model’s accuracy
because, according to experiments, the deserialization time

imposed on the initial tasks of an executor results in a
considerable deviation from the average task runtime. The
timeline of the application execution is demonstrated in
Fig. 1 for a representative example, which shows the notable
difference in runtime of the first task on each executor and
the rest.

minimize T

subject to

∀i ∈ E ∀j ∈ S

eij = sij + tmij + (trij × pij)︸ ︷︷ ︸
duration of stagej in executori

∀j ∈ S

1 =
∑
i∈E

pij

∀j ∈ S

T > ej

∀i ∈ E ∀j ∈ S

sj 6 sij

∀i ∈ E ∀j ∈ S

ej > eij

∀j ∈ S ∀k ∈ Pj

sj > ek

∀i ∈ E ∀j ∈ S ∀k ∈ S

maxijk −minijk > (eij − sij) + (eik − sik)

∀i ∈ E ∀j ∈ S ∀k ∈ S

maxijk > eij

∀i ∈ E ∀j ∈ S ∀k ∈ S

maxijk > eik

∀i ∈ E ∀j ∈ S ∀k ∈ S

maxijk 6 eij + (B × bmaxijk)

∀i ∈ E ∀j ∈ S ∀k ∈ S

maxijk 6 eik + (B × (1− bmaxijk))

∀i ∈ E ∀j ∈ S ∀k ∈ S

minijk 6 sij

∀i ∈ E ∀j ∈ S ∀k ∈ S

minijk 6 sik

∀i ∈ E ∀j ∈ S ∀k ∈ S

minijk > sij − (B × bminijk)

∀i ∈ E ∀j ∈ S ∀k ∈ S

minijk > sik − (B × (1− bminijk))

∀i ∈ E ∀j ∈ S

B > eij

All V ariables > 0

(1a)

(1b)

(1c)

(1d)

(1e)

(1f)

(1g)

(1h)

(1i)

(1j)

(1k)

(1l)

(1m)

(1n)

(1o)

(1p)

(1q)

(1r)

Apart from the constraints that are modeling the exe-
cution times, we need some others to secure the correct
representation of the application. First of all, to make sure
that stage j will get all of the executions it needs, con-
straint 1c is included. Afterward, the workflow dependen-
cies among stages of the DAG are represented by constraints
Constraints 1e, 1f, and 1g. Constraint 1d is used alongside
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TABLE 2
Variables of the MILP and LP models

Variable Meaning Used in
MILP

Used in
LP

sj Stage j start time (start time of the first task of stage j) X X

ej Stage j end time (end time of the last task of stage j) X -

sij Start time of the first task of stage j in executor i X -

eij End time of the last task of stage j in executor i X -

pij Portion of the workload of stage j assigned to executor i X X

minijk minijk = min(sij , sik) X -

maxijk maxijk = max(eij , eik) X -

bminijk A binary variable to calculate minijk X -

bmaxijk A binary variable to calculate maxijk X -

dj
Duration between the first and the last task of stage j, including the duration of
these tasks - X

T Completion time of the application X X

S = {1, 2, 3, 4, 5}, L = {5}
P1 = {}, P2 = {}, P3 = {}, P4 = {1, 2, 3}, P5 = {4}
R1 = {}, R2 = {}, R3 = {}, R4 = {1, 2, 3}, R5 = {1, 2, 3, 4}
E = {a, b, c, d, e, f, g, h, i, j, k, l,m, n, o, p, q, r, s, t, u}
Ea = Eb = Ec = Ed = Ee = Ef = Eg = Eh = Ei = {a, b, c, d, e, f, g, h, i}
Ej = Ek = El = Em = En = Eo = Ep = Eq = Er = Es = Et = Eu = {j, k, l,m, n, o, p,
q, r, s, t, u}

Fig. 1. Timeline plot of query 33 tasks of the TPC-DS benchmark running on a cluster with two machine types, each with 9 and 12 executors.
Horizontal bars are individual executors, while vertical color themes represent stages, and different shades of a color are used just for a visual
distinction of tasks. The DAG of query 33 is provided in Fig. 3. Some of the input parameters defined in Table 1 are calculated from the DAG and
cluster configuration as well for better understanding.

the minimization objective 1a for valid estimation of the
runtime.

Constraint 1h is used to avoid the overlap of two stages
in one executor. Without this constraint, nothing will stop
parallel stages from being scheduled in one executor on
a same duration of time. Herein, we add an assumption
that each executor has a single core and can only run one
task at a time. However, this assumption is not restricting
the generality of the problem because a single executor
with multiple cores can be modeled by multiple single-core

executors.
Constraints 1i to 1l and 1m to 1p are used to define

the maxijk and minijk variables, respectively. In these
constraints, parameter B is a fixed input and is an upper
bound for each of the variables sij and eij , as declared in
constraint 1q.

A possible proposal for computing B is given in Eq. 2,
while other definitions are applicable too.
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B =
∑
j∈S

max
i∈E

tij (2)

In constraints 1i to 1l, the binary variable bmaxijk

is defined to enable both outcomes of the assignment
maxijk = max(eij , eik). Constraints 1i to 1l reduce to
equation system 3 if bmaxijk = 0, and consequently,
maxijk = eij while bmaxijk = 1 leads to the equation sys-
tem 4 and maxijk = eik assignment. So the MILP problem
can set the value of maxijk to max(eij , eik) by assigning the
proper value for bmaxijk. The same explanation holds for
minijk = min(sij , sik).

maxijk > eij

maxijk > eik

maxijk 6 eij

maxijk 6 eik +B

(3)

maxijk > eij

maxijk > eik

maxijk 6 eij +B

maxijk 6 eik

(4)

The MILP model presented in Eq. 1 is NP-hard and
in scenarios with a high multiplicity of |Ei| becomes less
practical. Thus, to reduce the effect of this complexity on
the solving time, we propose an approximation technique
in which we reduce the number of executors from |Ei| (the
original number) to an imaginary |E′

i| (a smaller number).
This reduces the number of variables and constraints, and
subsequently, the solving time. Omitting a portion of the
executors in the model is analogous to neglecting the inter-
interference among some of them and therefore imposing
errors. However, we further investigate the effect of this
approximation on the execution time estimation in Sec-
tion 6 and show that the additional error is acceptable in
representative scenarios. The reduction mentioned above is
achieved by applying Eq. 5, where the input parameter trij
in the original problem is replaced with tr′ij . This change
is proportional to the reduction in the number of executors,
and tmij remains untouched.

tr′ij = trij ×
|E′

i|
|Ei|

(5)

4.3 Linear Programming Model
Recalling that in the MILP model of Eq. 1 some constraints
are included to detect and avoid overlapping two stages
in a single executor. Next, we propose an LP formulation
in which these constraints are changed, and the calculation
of the sum of stage runtimes is introduced. Similar to the
previous model, the LP formulation predicts the execution
time of DAG-based applications and uses input parameters
and variables described in Tables 1 and 2.

The proposed LP model is presented in Eq. 6 and consists
of a set of constraints. The minimization objective 6a is the
same as the objective of the previous model, and similarly,
the Eq. 6 is designed to find the best task scheduling

assignment and minimize the application runtime by using
the benefits of heterogeneity in the cluster.

Constraint 6b models the DAG’s dependency relations.
In addition, constraints 6c and 6d ensure the completeness
of the application. For valid estimations, constraint 6g is
introduced along with the objective 6a. With the help of
the parameter Rj , which represents the rich dependency of
stage j (all direct and indirect parents of stage j), we can
calculate a lower bound for stage start time. Furthermore,
the overlaps can be avoided by considering constraints 6f
and 6e for all stages.

minimize T

subject to

∀j ∈ S ∀k ∈ Pj

sj > sk + dk

∀i ∈ E ∀j ∈ S

dj > tmij + (trij × pij)

∀j ∈ S

1 =
∑
i∈E

pij

∀i ∈ E ∀j ∈ S

sj >
∑
k∈Rj

tmik + (trik × pik)

∀i ∈ E

T >
∑
j∈S

tmij + (trij × pij)

∀j ∈ L

T > sj + dj

All V ariables > 0

(6a)

(6b)

(6c)

(6d)

(6e)

(6f)

(6g)

(6h)

5 COST-AWARE RESOURCE RECOMMENDATION

By predicting the execution time of any given DAG-based
application on any cluster, we can run a cost-aware search
to find and recommend the best cluster configuration. We
propose Algorithm 1 that exhaustively checks each possible
cluster configuration and compares their costs, assuming
that there is a limited number of instances for each machine
type. The terms used in this algorithm are explained in
Table 3.

First, for each machine type, Algorithm 1 temporarily al-
locates an instance from the cloud and runs the single node
analyzer. Then, it searches through all cluster configurations
and predicts their runtime and cost. The LP and MILP
models presented in Section 4 can be used to predict the
former, and an analytical model (a cost function provided
by the service provider) is usually effective in predicting
the latter. After calculating the runtime and cost for all
cluster configurations, the proposed algorithm returns two
configurations, one that minimizes cost and the other that
minimizes the runtime considering a given budget.

Proposed models assist both the provider and the end-
user in resolving the cost-runtime trade-offs when it comes
to selecting of the proper resource configuration to be al-
located or rented. In order to better illustrate such capabil-
ity, two multi-dimensional plots represented in Fig. 2 are
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created using the model of Eq. 1 for two exemplary cost
functions illustrated in Eq. 7 and Eq. 8. The input parame-
ters of the model are acquired from experiments on query
76 of the TPC-DS benchmark. Both given cost functions
are charging the application proportional to its runtime T
and the machine fees but with different coefficients. The
representative scenario consists of two machine types for
which the number of acquired instances are denoted with
a and b. Each point is colored according to the estimated
runtime, i.e., dark shades represent smaller ones. The points
that represent the minimum cost are marked in the figure for
each of the cost functions. The configuration that minimizes
the runtime is marked in the figure as well, assuming a
budget of 150$. As we can see in this figure, a change
in the fee of one of the machines can have a significant
impact on the proposed cost-based decision for the cluster
configuration. Therefore having a prediction model and a
resource recommendation algorithm can lead us to a better
cluster configuration.

cost1(T, a, b) = T × (a+ 0.7b)

cost2(T, a, b) = T × (a+ 0.14b)

(7)
(8)

6 EXPERIMENTAL RESULTS

In order to evaluate the accuracy of the proposed models,
we perform multiple real-world experiments on a cluster
running on two dedicated HP servers, empowered by Intel
Xeon 2960-V4 and Intel Xeon E5520 processors with 24
and 16 processing cores and 45 and 60 gigabytes of RAM,
respectively. We assign 9 and 12 executors to these servers,
respectively, and each executor has two gigabytes of RAM
and one processing core. Docker 18.3.5 is used to run
the cluster and docker swarm to orchestrate the services.
Apache Spark 2.4.1 is used on top of Apache Hadoop 3.1.1
to make the Big Data platform.

The experiments are performed with 300 gigabytes of
Wikipedia data and the well-known industrial TPC-DS [43]
benchmark on 500 gigabytes of input data. TPC-DS is a
benchmark from the Transaction Processing Performance
Council (TPC) for Decision Support (DS) systems and
has similar characteristics to real data [41]. In addition,
Wikipedia dump data [44] is used as a real-world dataset to
better investigate the practicality of the proposed method.

Due to HDFS limitations, the Wikipedia dataset needs
some preprocessing on names and hierarchies which are
performed in the Purdue MapReduce Benchmarks Suite
(PUMA) [45]. Therefore, PUMA is used here for that pur-
pose. TPC-DS Kit 1 is used to perform some edits and
bug fixes on the TPC-DS v2.10 queries, alongside some
syntactical edits performed by IBM scripts 2 to run the TPC-
DS queries on Spark. The scripts created for running the
docker swarm cluster, executing experiments, and parsing
the traces are published on Github 3,4 for reproducibility
purposes.

1. https://github.com/gregrahn/tpcds-kit
2. https://github.com/IBM/spark-tpc-ds-performance-test
3. https://github.com/mohsenasm/spark-on-yarn-cluster
4. https://github.com/mohsenasm/Python-Spark-Log-Parser

Algorithm 1 Proposed Resource Recommendation Algo-
rithm
Input: app, idata, mts, cm, crp , sna, maxno, b
Output: bctime, bccost

1: for all mt ∈ mts do
2: vm← allocatevm(mt)
3: snanalyser(vm, app, idata)
4: deletevm(vm)
5: end for
6:
7: btime← +∞
8: bcost← +∞
9: bctime← null

10: bccost← null
11:
12: for all tconf :< n1, ..., n|mts| >;ni ∈ {0, ...,maxno} do
13: ttime← crpredictor(tconf)
14: tcost← cmodel(tconf, ttime)
15: if ttime < btime and tcost ≤ b then
16: btime← ttime
17: bctime← tc
18: end if
19: if tcost < bcost then
20: bcost← tcost
21: bccost← tconf
22: end if
23: end for
24: return (bctime, bccost)

TABLE 3
The explanation of terms used in Algorithm 1

Term Meaning

app Big Data application

idata Input data

mts Set of machine types

mt A machine type

cmodel Cost model

crpredictor
Cluster runtime predictor (either the LP or the

MILP model)

snanalyser Single node analyser

maxno Max number of instances for each machine type

b Budget

vm A virtual machine

allocatevm A function that allocates a VM from the cloud

deletevm A function that deallocates a VM

btime Best runtime

bcost Best cost

ttime Temp runtime

tcost Temp cost

bctime Best cluster configuration for runtime

bccost Best cluster configuration for cost

tconf
Temp cluster configuration (a tuple

< n1, ..., n|mts| > where ni represents the
number of instances of type i in the cluster)
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Fig. 2. Cost-runtime-configuration plots for query 76 and cost functions given in Eqs. 7 and 8 based on the number of machines for each type.

For the TPC-DS dataset, five queries 20, 33, 56, 58, and 76
are used in the experiments as they have different behaviors
and DAG structures and could be good representatives of
different workloads. DAGs of stages for the selected queries
are illustrated in Fig. 3. For the Wikipedia dataset, three
applications Word Count, Grep, and TF-IDF5 are used, in
which the Grep application uses a long regex from [46],
and the TF-IDF application uses Spark MLlib. We use the
Gurobi solver and the PuLP Python package to solve the
MILP and LP models.

The evaluation results for the MILP model introduced
in Eq. 1 are summarized in Table 4. This model uses the
outputs of the single-node analysis phase as its inputs, but
since we want to evaluate the accuracy of the MILP model,
we measure these inputs from the experiments instead of
micro-benchmarking. The experiments are performed ten
times, and the average of the results is used to feed the
model. The MILP model achieves a percent error of 3.28%
on average. The percent error is calculated by Eq. 9.

Percent Error =
|Actual value− Predicted value|

Actual value
× 100

(9)
The experimental results for the LP model introduced

in Eq. 6 are summarized in Table 5. The LP model has an
average percent error of 3.28% and requires no approxima-
tion due to the polynomial complexity of its solving time,
measured as 0.32s on average. Although the constraints
of these two models have many differences, according to
Tables 4 and 5, their prediction accuracy is identical.

As mentioned earlier, the time complexity of solving the
MILP model is NP-hard, and it grows with the number of
executors and stages. To reduce the effect of this complexity
on the solving time and make it practical, we used approx-
imation defined in Eq. 5 for queries 33, 56, and 58. The
approximation parameters are included in Table 4, which
are smaller than the original values 9 and 12 for the number
of executors. Intuitively, this approximation is not expected
to make a considerable difference in the model output for
situations where the number of approximated executors is

5. Term Frequency-Inverse Document Frequency

greater than the number of concurrent stages. This claim is
examined in Table 6, where the model prediction for the
execution time is reported for query 20 and with arbitrary
approximation parameters. For two servers with 9 and 12
executors, there can be 9×12−1 combinations for selecting
the approximation parameters, but for the sake of brevity,
we showed only nine, as their results are almost the same.
According to the results, model output remains almost the
same for varying combinations.

7 CONCLUSIONS AND FUTURE WORK

Presented in this paper, the runtime of Apache Spark appli-
cations can be predicted using the proposed MILP and LP
models, assuming a heterogeneous Hadoop-YARN cluster
as an underlying layer. This is achieved by solving the MILP
and LP models and finding the minimum application run-
time, as we assume that the primary goal of the mainstream
frameworks like Apache Spark is the runtime minimization
as well. This paper then proposed a cost-aware resource
recommendation algorithm to select the best configuration
of different machine types. The workflow of the application
represented as a DAG is reflected in the proposed models
along with the details of individual tasks running in par-
allel on different types of machines. Some parameters of
the models are application-dependent and require a priori
profile. For such parameters to be assigned correctly, we
perform a single-node analysis phase on each VM type
that uses the micro-benchmarking approach, in which the
application runs on micro samples of the data in various
sizes to predict the variables for the actual data size. Due
to the low scalability of the MILP model, an approximation
method was presented to decrease the complexity and thus
the solving time. The accuracy of the results obtained from
the proposed models is extensively evaluated against real-
world executions. Different datasets and query applications
were generated by the TPC-DS benchmark, and addition-
ally, three representative applications, namely, Word Count,
Grep, and TF-IDF were executed on a Wikipedia dataset.
An acceptable average error of only 3.28% was realized
when comparing the results of the proposed models with
those measured from the real-world runs. Solving the LP
model took about 0.32s on average, which indicates high
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Query 20 Query 33, Query 56 Query 58 Query 76

Stage 1

Stage 2

Stage 3

Stage 1

Stage 4

Stage 2Stage 3

Stage 5

Stage 1

Stage 4

Stage 2

Stage 5

Stage 3

Stage 6

Stage 7

Stage 1

Stage 2

Fig. 3. DAGs of stages for the selected TPC-DS queries

TABLE 4
Actual and predicted execution times for the MILP model of Eq. 1

Application # Stages
Actual
time
(ms)

Predicted
time
(ms)

Percent error (%)
Approximation

of executors
on server 1

Approximation
of executors
on server 2

Model
solving
time (s)

TPC-DS 20 3 29474 27341 7.24 - - 0.6

TPC-DS 33 5 78794 76701 2.66 3 3 9.3

TPC-DS 56 5 84675 81672 3.55 3 3 15.7

TPC-DS 58 7 77565 77427 0.18 1 2 295
77427 0.18 1 1 5.3

TPC-DS 76 2 96430 89437 7.25 - - 0.4

Word Count 2 2052353 2025728 1.30 - - 0.21

Grep 1 1171413 1160599 0.92 - - 0.13

TF-IDF 3 7392433 7161435 3.12 - - 0.48

average - - - 3.28 - - 4.01

TABLE 5
Actual and predicted execution times for the LP model of Eq. 6

Application # Stages
Actual
time
(ms)

Predicted
time
(ms)

Percent error (%)
Model
solving
time (s)

TPC-DS 20 3 29474 27341 7.24 0.32

TPC-DS 33 5 78794 76701 2.66 0.32

TPC-DS 56 5 84675 81673 3.55 0.32

TPC-DS 58 7 77565 77428 0.18 0.33

TPC-DS 76 2 96430 89437 7.25 0.30

Word Count 2 2052353 2025728 1.30 0.31

Grep 1 1171413 1160600 0.92 0.30

TF-IDF 3 7392433 7161435 3.12 0.32

average - - - 3.28 0.32

scalability. Representative real-world scenarios of a provider
with two machine types were examined as well to demon-
strate the practicality of the proposed cost-aware resource
recommendation algorithm.

While the proposed algorithm for resource recommen-
dation is searching the state space for the best configura-
tion, the proposed LP/MILP model can be enriched with
a proper cost function and create a non-LP formulation
(although with an extra overhead) to minimize the cost.
Moreover, metaheuristics can be adopted to speed up the
search. However, the effectiveness of both the solutions
mentioned earlier is yet to be assessed.

In order to improve the accuracy of the proposed mod-
els, data transmission among nodes can be considered as
well, especially, between stages where more shuffling is
performed. Our work lays the ground to integrate such
details into the model. Extra detail could also be a feature
of the framework, namely, speculative execution, where
multiple instances of tasks are running on different nodes.
This redundancy is a workaround for situations in which
one node is performing poorly and hinders the overall
availability and performance of the cluster. Moving in this
direction, the model can also serve availability purposes.
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TABLE 6
The MILP model 1 output for query 20 and some approximation

parameters

Approximation
of executors
with server

type 1

Approximation
of executors
with server

type 2

Predicted
time
(ms)

1 1 27340.419

2 1 27340.962

3 9 27341.203

4 2 27341.278

5 12 27341.350

6 3 27341.364

7 9 27341.410

8 7 27341.429

9 5 27341.426

without approximation (i.e., 9, 12) 27341.446
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