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Abstract—We present OptEx, a closed-form model of job execution on Apache Spark, a popular parallel processing engine. To the
best of our knowledge, OptEx is the first work that analytically models job completion time on Spark. The model can be used to
estimate the completion time of a given Spark job on a cloud, with respect to the size of the input dataset, the number of iterations, and
the number of nodes comprising the underlying cluster. Experimental results demonstrate that OptEx yields a mean relative error of 6%
in estimating the job completion time. Furthermore, the model can be applied for estimating the cost-optimal cluster composition for
running a given Spark job on a cloud under a completion deadline specified in the SLO (i.e., Service Level Objective). We show
experimentally that OptEx is able to correctly estimate the required cluster composition for running a given Spark job under a given
SLO deadline with an accuracy of 98%. We also provide a tool which can classify Spark jobs into job categories based on bisimilarity
analysis on lineage graphs collected from the given jobs.

Index Terms—distributed systems, parallel processing, distributed file systems, middleware, performance evaluation, reliability,
availability, and serviceability
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1 INTRODUCTION

O PTIMIZING the cost of usage of cloud resources for running
data-intensive jobs on large-scale parallel processing engines

is an important, yet relatively less explored problem. Cloud service
providers, like Amazon, Rackspace, Microsoft, etc., allow users
to outsource the hosting of jobs and services to a cloud using
clusters of virtual machine instances. The cloud service providers
charge a service usage cost to the user on the basis of the hourly
usage [1] of the virtual machine instances. The cloud service
providers present the users with a variety of virtual machine
instance types to choose from, such as micro, small, large, etc.,
for Amazon ec2 [1]. Each virtual machine instance type has a
different specification, in terms of CPU, I/O, etc., and different
hourly usage cost. The cost-optimal cluster composition specifies
a number of virtual machine instances (of different virtual machine
instance types), that enable execution of the given job under the
SLA (i.e., Service Level Agreement) deadline, while minimizing
the service usage cost. However most of the current state-of-
the-art [2, 3, 4, 5] resource provisioning solutions are designed
specifically for Hadoop mapreduce jobs. Other researchers [6, 7]
have proposed resource allocation strategies that do not deal with
the dual objective of meeting a given SLA deadline for job
completion and ensuring that the service usage cost is minimized.

We present OptEx [8], a closed-form job execution model for
Apache Spark [9], the most popular parallel processing engine
[10, 11]. OptEx can be used to determine a cost-optimal cluster
composition, comprising virtual machine instances provided by
cloud service providers for executing a given Spark job under
an SLA deadline. As far as we know, OptEx is the first work
that analytically models job execution on Spark. We consider
time-sensitive Spark applications that are developed for popular
real world industry use cases such as abandonment of virtual
shopping carts [12], search retargeting on web search platforms,
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and near real-time content personalization in web content hosting
services like Netflix [13]. Such applications often work under strict
deadlines such as real-time decision making applications that need
to execute near real-time ETL queries [14]. OptEx decomposes the
execution of a target Spark job into smaller phases, and models the
completion time of each phase in terms of: 1) the cluster size, the
number of iterations, the input dataset size, and 2) certain model
parameters estimated using job profiles. OptEx categorizes Spark
applications into job categories, and generates separate job profiles
for each job category by executing specific representative jobs.
The model parameters for the target job are estimated from the
components of the job profile corresponding to the job category
of the target job. Experimental results demonstrate that OptEx
yields a mean relative error of 6% in estimating the job completion
time. Using the model of job completion time (OptEx), we derive
an objective function for minimizing the service usage cost for
running a given Spark job under an SLA deadline. The cost-
optimal cluster composition for running the target Spark job under
the SLA deadline is obtained using constrained optimization on
the above objective function. Experimental results demonstrate
that OptEx is able to correctly estimate the cost-optimal cluster
composition for running a given Spark job under an SLA deadline
with an accuracy of 98%. We also show experimentally that OptEx
can be used to provision a cluster to finish a given Spark job within
an SLA deadline under the constraints of a given budget. We also
provide a tool that can compare a pair of Spark jobs based on
bisimilarity analysis of lineage graphs [9]. For lack of space, we
have included an extended version of the paper in github [15].

2 SPARK JOB EXECUTION PHASES

Fig. 1: Phases in a Spark Job Execution Flow


Text Box
© 2019 IEEE.  Personal use of this material is permitted.  Permission from IEEE must be obtained for all other uses, in any current or future media, including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in other works.
Digital Object Identifier no. 10.1109/TBDATA.2019.2908188
https://ieeexplore.ieee.org/document/8676267




IEEE TRANSACTIONS ON BIG DATA, VOL. 6, NO. 1, DECEMBER 2018 2

TABLE 1: An Example Job Profile: Profile for Data Mining jobs, like movie recommendation, on m4.xlarge instances

App Tinit (sec) Tprep (sec) T baseline
vs (sec) coeff T baseline

commn (sec) cfcommn Texec

ALS 20 13 15 0.004 11 0.070

RDD task Mk
a (ms)

mean 100
map 98

flatmap 72
first 5

count 124
distinct 300

We decompose a typical Spark job execution flow into logi-
cally distinct phases illustrated in Figure 1. The first phase in a
Spark job is the initialization phase, which performs activities
like class loading, symbol table creation, object initialization,
function loading, and logger initialization. The second phase is
the preparation phase, which is responsible for job scheduling,
resource allocation, and context creation. The initialization and
preparation phases are relatively invariant to changes in input
variables [9]. The next phase is the variable sharing phase that
deals with broadcasting or accumulating blocks of data from the
Spark master to the workers.

Internally, Spark processes data using a novel in-memory data
structure called the RDD (i.e., resilient distributed dataset) for fast
and fault tolerant computation [9]. Spark provides a wide range
of built-in unit RDD operations, packaged within several library
modules [16], like MLlib, Spark SQL modules, etc. During the
last phase, i.e., the computation phase (Figure 1), the given job
makes calls to methods from the above library modules, which in
turn triggers the respective unit RDD operations on the workers.
The computation phase comprises: 1) the communication phase
that communicates the intermediate variables among the workers,
and 2) the execution phase that involves the actual execution
of the unit RDD operations on the workers. The loops in the
rectangles corresponding to the broadcast phase and execution
phase represent iterations in iterative jobs. The lengths of the
variable sharing phase and the computation phase monotonically
increase with the input variables, i.e., the number of iterations,
and the dataset size [9]. In particular, the variable sharing phase
and the computation phase are repeated under iterations, and the
lengths of the above phases increase with respect to number of
iterations.

3 JOB CATEGORIZATION AND JOB PROFILES

OptEx categorizes Spark jobs, and following in the footsteps of
[3] applies profiling to generate separate job profiles for each job
category with representative jobs for each category. As discussed
in the extended version, one of the most distinguishing feature
of Spark is that it stores the lineage information for the RDDs
generated and processed during the execution of a job. We leverage
this lineage information to categorize Spark jobs into job cate-
gories. Internally, the lineage information for a job is processed
in the form of a directed acyclic graph (DAG). Each RDD action
invoked from the source code of a given Spark job accepts one or
more RDDs, and transforms it into another RDD. Thus, each RDD
action corresponds to two nodes in the DAG, a parent node and a
child node, connected by a labelled directed edge representing the
dependency between the two RDDs. The parent node represents
the RDD on which the RDD action is performed. The child node
represents the RDD which is created as a result of the action.
The parent node, the child node, and the edge between them, are
labelled by the name of the parent RDD, name of the child RDD,
and the name of the RDD action, respectively. The lineage graphs

are of finite size, bounded by the number of RDD actions in the
job, which is typically a finite number. The comment about finite
size is applicable even in the case of iterative jobs.

In our case the lineage graph is a particularly interesting
artefact as it captures the information about how the data is
manipulated in different stages of job execution. We can apply
well known techniques from graph theory to analyse the struc-
tural equivalence of the lineage graphs of different Spark jobs.
Particularly, we can check if the lineage graphs of given jobs are
bisimilar, i.e., there exist bisimulations1 among the graphs, to clus-
ter them into different categories. Checking for bisimulations have
been used by researchers [17, 18, 19] as an effective technique
to determine equivalence between behavioural characteristics of
two programs. Bisimulations have been successfully applied on
graphical representations of concurrent program behaviours in the
past [20, 21, 22]. Checking for strong and weak bisimulations are
known to be co−NP−hard and Πp

2-hard problems, respectively
[22, 23]. However, Spark DAGs are of finite size, and in most cases
the size is not very large. Thus even strong bisimulations can be
performed on these DAGs with a considerably low overhead.

We provide a categorization tool (described in Section 7.1)
that computes bisimulations on a sample of spark DAGs collected
from execution logs of example Spark jobs. This gives rise to a set
of bisimilar equivalence classes of spark DAGs. These equivalence
classes form the job categories into which we segregate any given
Spark job. Each job category is associated with a group of jobs
characterised by respective DAGs that are bisimilar to one another.
For a given job category, we choose one job from the group of
sample jobs associated with it, and label it as the representative job
for that category. We can choose any job from the group of sample
jobs associated with a given job category as the representative
job for that job category. Alterations in this choice would not
have caused any changes in our results, since all jobs belonging a
given category exhibit the same program behaviour characterised
by their corresponding DAG. Then, we can configure the chosen
representative job with a standard profiling tool to generate the
job profile for the respective job category. We can configure the
profiler to execute as a background process on the JVM while
running the representative Spark job for a given job category in the
foreground (refer to Section 7.3). In the next section, we discuss
how we use these job profiles to estimate the OptEx model param-
eters and coefficients. Before running the bisimulation algorithm,
the categorization tool pre-processes the spark DAGs using various
techniques which we elaborate in Section 7.1.

1. A bisimulation B is a binary relation B ⊆ S×S over a labelled transition
system ⟨S,∆,→⟩ such that both B and B−1 satisfy the following conditions.
For each pair of elements (p, q) ∈ B, ∀α ∈ ∆, and ∀p′ ∈ S, p α−→ p′ implies
∃q′ ∈ S such that q α−→ q′ and (p′, q′) ∈ B. The same condition must be
satisfied if we replace the occurrence of B with B−1 in the above condition.
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TABLE 2: Glossary of symbols and terms

Tvs

Estimated completion
time for the variable
sharing phase

TEst
Estimated job
completion time

n The cluster size Tinit

Estimated completion
time for the
initialization phase

M k
a

Execution time of
the k th RDD operation
for job A

Tprep

Estimated completion
time for the
preparation phase

TRec
Recorded execution
time I Number of iterations

mTcomp

Estimated completion
time for the
computation phase

Tcommn

Estimated completion
time for the
communication phase
in Tcomp

T baseline
vs

Baseline value of
Tvs

coeff
Coefficient of Tvs

in TEst

T baseline
commn

Baseline value of
Tcommn

cfcommn
Coefficient of
Tcommn in TEst

4 OPTEX MODEL BASED ON JOB PROFILES

A Job profile consists of values of different parameters and
coefficients collected during execution of a given job. Components
of the job profile are used as estimates for the model parameters of
the target job. The length of the initialization phase (refer to Figure
1)) TInit and the length of the preparation phase Tprep remain
constant to variations in the input variables [9]. The length of the
execution phase (Texec) and the length of the variable sharing
phase (Tvs ) increase monotonically with respect to the input
variables [9]. Thus, the length of these phases in the execution
of a representative job (contained in the job profile) can act as
the point of reference, i.e., baseline, for measuring the length of
the corresponding phases in the target job [3]. In this section, we
elaborate how these baseline values in the job profile can be used
for estimating the parameters of the model for each job phase.

During profiling, the representative job a is run on a single
node, and the length of the initialization phase, the preparation
phase, the variable sharing phase, and the communication phase
(Figure 1) is recorded in the job profile. The lengths of the above
phases in the job profile act as baseline values for estimating the
lengths of the corresponding phases in a given target job. The
length of the initialization phase TInit (Table 1) and the length of
the preparation phase Tprep for a given job are directly estimated
from the lengths of the corresponding phases in the job profile
(since, as discussed in Section 2, these phases remain constant
with respect to the variations in the input variables). As elaborated
in Section 2, the length of the variable sharing phase Tvs increases
monotonically [9] with respect to the cluster size and the number
of iterations. Hence, Tvs is expressed as a function of:

• The input variable n represents the number of nodes.
• The input variable I represents the number of iterations.
• The baseline value T baseline

vs , contained in the job profile,
representing the length of the variable sharing phase of
the representative job. It is the baseline for estimating the
length of the variable sharing phase Tvs of a given target
job. ble

OptEx computes the total duration of the variable sharing phase
across all iterations. The length of the variable sharing phase Tvs

is a function of the baseline T baseline
vs , the input variables n, and

number of iterations I . Thus Tvs is expressed as:

Tvs = coeff × I × n× T baseline
vs , (1)

where I is the number of iterations, n is the number of nodes,
T baseline

vs is the baseline value, and coeff is a coefficient term. The

coefficient term coeff is empirically estimated during job profiling
using curve fitting on the results of repetitive experiments with the
representative job. The length of the computation phase Tcomp

(Table 2) is made up of two logical components: the length of the
communication phase Tcommn , and the length of the execution
phase Texec (Figure 1).

The communication phase is responsible for fetching the
values of the intermediate variables computed by operations in
the earlier stages of the given job. While profiling, the length of
the communication phase of a representative job a on a single
node is recorded in the job profile as T baseline

commn . It serves as the
baseline measure against which the length of the communication
phase Tcommn is estimated. The size s of the input dataset is given
in bytes (for example, the size of the input for the wordcount job
is given as the combined size of the input files). Since the length
of the communication phase Tcommn increases with respect to
the input variable s [9], Tcommn is expressed as a product of
the input dataset size s, a coefficient cf commn , and the baseline
value T baseline

commn , where cf commn and T baseline
commn are obtained from

the job profile. Again, the coefficient cf commn is empirically
estimated in the profiling stage by applying curve fitting on the
outputs of experiments with the representative jobs. Thus,

Tcommn = cf commn × T baseline
commn × s (2)

As discussed in Section 3, the execution phase of a Spark job
comprises a permutation of unit RDD operations. The OptEx job
profile records the average running time M k

a (Table 2) of each unit
RDD operation component k comprising the representative Spark
job a. If there are multiple occurrences of an RDD operation i in
a, we consider the average running time for all occurrences of the
operation i. By design, the representative job for a job category
contains all the unit RDD operations comprising any given job
in that category. Hence, the length of the execution phase of the
given Spark job is estimated as a function of the average running
time M k

a of each unit RDD operation k in the job profile.

5 DERIVATION OF THE OPTEX MODEL

Input Variables: OptEx accepts the following input variables: the
size s of the input dataset in bytes, the number of nodes n in
the cluster, and the number of iterations I in the given job [9].
OptEx only considers those iterative jobs for which the number of
iterations is either passed as a runtime argument by the developer
or can be determined from the source code [9]. Moreover, Spark
jobs typically have only few lines of code. Hence if we need to
determine iter from the code, we do not require sophisticated
techniques involving static analysis [24]. The other input variables,
i.e., number of nodes n and input dataset size s, are also directly
passed to the model as runtime arguments.

While modelling the estimated total completion time for the
target job, the user provides an estimated upper bound for the
number of iterations I for the target job, as an input to the
model. During the actual running time of the target job, the user
provides the number of iterations Iexec as a runtime argument to
the job [9]. The number of iterations Iexec provided in the running
time may differ from the number of iterations I provided in the
modelling phase. The difference between Iexec and I may cause:
1) unpredicted wastage of cluster resources, and 2) the failure to
satisfy the SLO. In that case, the estimations need to be redone,
with a new input value for the number of iterations. For multiple
runs of the target job with different values of the runtime argument
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Iexec supplied by the user in each run, the maximum of the Iexec
values, i.e., Imax

exec , is supplied as the new input for the estimation.
The estimation using the new value Imax

exec amounts to computing
the value of TEst from the Equation 8 with a time complexity of
Θ
(
1
)

(since the degree of TEst is 1 [25]), thus incurring negligible
overhead.

Formulation of the Model: OptEx decomposes the job com-
pletion time into four phases (Figure 1), and models the total job
completion time TEst as the sum of the lengths of the component
phases. Thus,

TEst = TInit + Tprep + Tvs + Tcomp , (3)

where TInit , Tprep , Tvs , and Tcomp are the lengths of the
initialization phase, preparation phase, variable sharing phase, and
computation phase, respectively. As discussed in Section 7.3, the
execution phase of a given Spark job comprises a permutation
of low-level unit RDD operations. The number of unit RDD
operations nunit increases monotonically with increasing input
dataset size s and number of iterations I [9]. Hence, the number
of unit RDD operations nunit can be expressed as a function of
the size of the input dataset denoted by s, the number of iterations
in the job denoted by I , and the baseline term for the number
of unit RDD operations denoted by nbaseline

unit . The value of the
term nbaseline

unit is obtained from the job profile (Section 4) as
follows. Spark enables parallel execution by dividing the input
dataset into partitions, and distributing the partitions/slices among
the worker nodes [9]. nbaseline

unit directly corresponds to the number
of partitions that the input dataset is comprised of. The number
of partitions can be: 1) computed from the size s of the input
dataset and the number of iterations I [9], or 2) programmatically
provided as a parameter to the built-in transformation method used
to create the RDDs from the input dataset [9].

For example, the Spark ChiSqTest program, working on input
files from a HDFS backend, divides the input dataset into as many
partitions as the number of HDFS blocks comprising the input
files. Consider a portion of the Popular Kids dataset in HDFS [26]
consisting of 164 files, where the size of each file is less than
the HDFS block size. Hence the number of partitions, and in turn
the number of unit RDD operations is 164. Thus, the baseline
nbaseline
unit is 164. Thus, the increase of nunit , with respect to the

above baseline nbaseline
unit , in terms of the parameters s and I , is

expressed as
nunit = nbaseline

unit × s× I. (4)

As discussed already in Section 4, the length of the initializa-
tion phase TInit and the length of the preparation phase Tprep

are directly estimated from the corresponding components in the
job profile (Section 4). As discussed in Section 2, the length of
the variable sharing phase Tvs and the length of the computation
phase Tcomp vary with the input variables. Hence the length
of the variable sharing phase Tvs (Equation 1) and the length
of the computation phase Tcomp are estimated as functions of
the job profile components, and the input variables (Section 4).
The expression for the length of the variable sharing phase Tvs ,
comprising the baseline value T baseline

vs and coefficient coeff
obtained from the job profile, is given by Equation 1.

The length of the computation phase Tcomp in Equation 3 can
be further decomposed into the following two logical components:
A) Tcommn : the length of the communication phase Tcommn

is obtained from the Equation 2, and B) Texec : the length of
the execution phase Texec in Equation 3 comprises the actual

execution of k RDD operations comprising the job on the worker
nodes (Section 4). Texec depends on various factors [9]: 1) the
running times of the unit RDD operations comprising the given
job, 2) the number of iterations I , 3) the number of stages in the
job, 4) parallelization of the job across the worker nodes, and 5)
sharing of the RDD variables across the cluster. Hence, execution
phase length Texec is expressed as the sum over the estimated
computation times of all unit RDD operations comprising j, along
with coefficients accounting for the above factors. Thus, the length
of the execution phase Texec of job a, without taking into account
the parallelization factor n, is given as:

Texec = I ×
nunit∑
k=1

M k
a , (5)

where nunit is the number of unit RDD operations given in
Equation 4, M k

a is the average job execution time of a unit RDD
operation k comprising the job a, and I is the number of iterations
in the job.

Following prior work on modelling execution of parallel oper-
ations [3], the overall length of the computation phase Tcomp is
divided by the factor n, taking into account the parallelization of
the given job across the n worker nodes. Thus, the computation
phase is rewritten as the sum of its two components, divided by n:

Tcomp =
Tcommn + Texec

n
. (6)

Combining the Equations 2, 5, and 6, we get

Tcomp = I ×
nunit∑
k=1

M k
a /n +

A× s

n
, (7)

where nunit is the number of unit RDD operations given in
Equation 4, and A = cf commn×T baseline

commn

sbaseline
. Finally, combining the

Equations 1 and 7 in Equation 3, the estimated total completion
time for the target job is given as

TEst = TInit + Tprep + n× I × C + I ×B/n+
A× s

n
,

(8)

where nunit is the number of unit RDD operations given in
Equation 4, A = cf commn×T baseline

commn

sbaseline
, B =

∑nunit

k=1 M k
a , and C =

coeff × T baseline
vs .

6 COST OPTIMAL CLUSTER COMPOSITION

OptEx models the completion time TEst (Equation 8) of a Spark
job on a cluster comprising virtual machine instances provisioned
from a cloud service provider, like Amazon (EC2), RackSpace,
Microsoft, etc. The OptEx model is further used to estimate the
cost optimal cluster composition for running a given job on virtual
machine instances provided by any cloud provider, under the
job completion deadline specified in the SLO, while minimizing
the service usage cost. Let the optimal cluster size be given
as n =

∑m
t=1 nt , where nt is the number of virtual machine

instances of type t, and m is the total number of possible machine
instance types (m depends on the instance offerings of the chosen
cloud provider). Let total service usage cost of running the given
job on the cloud be denoted by C. Let ct be the hourly cost of
each machine instance of type t (ct depends on the current rates
charged by the chosen cloud provider), and TEst be the estimated
completion time of the given job (Equation 8). Our objective is
to determine the cost optimal cluster composition for finishing the
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Fig. 2: Accuracy Of estimations against varying input dataset size, number of nodes and iterations

TABLE 3: Relative Error of Estimation of Job Execution Times With the Version of the SparkRDDAnalyze Tool

SparkRDDAnalyze Version Standalone YARN
Data Mining Statistical Evaluation Quantitative Analysis Miscellaneous Data Mining Statistical Evaluation Quantitative Analysis Miscellaneous

V1 0.7 0.5 0.5 0.65 0.6 0.55 0.45 0.65
V2 0.3 0.2 0.1 0.25 0.2 0.15 0.2 0.3

given Spark job within an SLO deadline with minimum service
usage cost. This goal can be mathematically stated as: optimize
the objective function

C =
m∑
t=1

ct × nt × TEst , (9)

and obtain the cost optimal cluster composition, given as Nt =

{nt | 1 ≤ t ≤ m},
under the constraint TEst < SLO , where SLO is the given
deadline, and TEst is estimated using Equation 8.

We optimize the above objective function (Equation 9) and
determine an optimal cluster configuration given by Nt , under
the constraint TEst < SLO . The above constraint involving
TEst is a convex nonlinear function [15] over n and I (Equation
8). The above optimization problem of minimizing the cost C
under the nonlinear constraint TEst < SLO is solved using the
Interior Point algorithm [25] which is one of the most efficient
linear programming solvers till date. The solution to the above
optimization problem enables: 1) estimating whether a given job
will finish under the deadline SLO , 2) optimal job scheduling
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number of nodes in stand-alone mode
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(f) Accuracy of estimation for ALS with varying
number of iterations in stand-alone mode

-0.4

-0.2

 0

 0.2

 0.4

 0  5  10  15  20  25

R
el

at
iv

e 
E

rr
or

Number of Nodes

(g) Accuracy of estimation for ALS with varying
number of nodes in YARN mode
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(h) Accuracy of estimation for ALS with varying
number of iterations in YARN mode

Job Stand-alone YARN

PageRank 0.019 0.012
ChiSqTest 0.036 0.087

BisectingKMeans 0.020 0.086
MovieLensALS 0.094 0.126

Mean 0.06
Standard Deviation 0.04

Variance 0.0016
Range 0.012 - 0.13

Majority Bound 0.02
Confidence Interval 0.056-0.062

(i) Mean Relative Error of OptEx estimations

Fig. 3: More accuracy results and the observed Mean Relative Error statistics

under the given deadline SLO , while minimizing cost C , and 3)
estimating optimal cluster composition, given a cost budget C and
an SLO .

7 IMPLEMENTATION AND EVALUATION

7.1 Implementation: Job Categorization Tool
We provide SparkRDDAnalyze, an open-source tool for deter-
mining equivalence relationship between a pair of given Spark
applications based on their respective DAGs [27]. This tool is
used to categorize Spark applications into job categories, and
select representative jobs for each category. The tool uses the
Construction and Analysis of Distributed Processes (CADP) tool-
box [28]. The BISIMULATOR tool [29] comprised in CADP is
used to check equivalence of pairs of DAGs. The tool is widely
used by researchers in the programming languages and verification
community [30]. We encode the DAGs in Binary Coded Graphs
(BCG) file format, which is a popular format for representing
Labelled State Transition (LTS) systems such as the Spark DAGs.
Then we use the bcg_cmp method of BISIMULATOR to compare
the two BCG files and check for bisimilarity between the two

respective DAGs. Depending on the boolean output of bcg_cmp,
we segregate given sample of Spark jobs into equivalence classes,
which we refer to as job categories in this paper.

We have implemented two versions of the SparkRD-
DAnalyze tool, namely SparkRDDAnalyze-unlabelled and
SparkRDDAnalyze-labelled. In SparkRDDAnalyze-unlabelled,
we omit the edge labels of the DAGs in the pre-processing step
before running the bcg_cmp method from the CADP tool. In
SparkRDDAnalyze-labelled, we relabel the DAG edges in the
pre-processing step according to the following rule. The Spark
programming guide lists all available RDD transformations avail-
able in a current release of Spark, and includes a brief description
of each transformation [31]. If a pair of RDD transformations
corresponding to a given pair of DAG edge labels perform an
identical task on a given input RDD, and produces as output a par-
ticular RDD dataset, according to the programming guide, these
RDD transformations are considered equivalent, and thus the two
edge labels can be placed interchangeably in the two DAGs. For
example, the transformations map, flatMap, mapPartitions,
and mapPartitionsWithIndex are equivalent because inher-
ently they perform the same core task, i.e., they process each
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element in a given dataset using a function func, and returns
a new distributed dataset.

7.2 Experimental Setup and Procedure
The experimental setup consists of Apache Spark version 2.3.1,
built-in within the Cloudera CDH 6.0.1 package, on a cluster
of m4.xlarge Amazon EC2 machine instances, each comprising
4 cores, 16 GB of RAM, 10 GB EBS with a dedicated EBS
bandwidth of 750 Mbps. Each VM runs RedHat Enterprise Linux
version 7. Since Spark performs in-memory data processing and
Spark applicatons typically are compute-intensive, we choose VM
instances that provide a healthy balance of compute, memory and
network resources. However since minimizing the hourly usage in
the public cloud is the primary objective of this paper, we choose
m4.xlarge instances which is the cheapest VM type that satisfies
the above criteria [1]. We configure the instances with general
purpose SSD volumes which are able to provide burst throughput
upto 3000 IOPS. Instead of EBS storage, we use the local HDFS
storage as the backend for storing and processing the input dataset
in the local persistent storage of the EC2 instances. Each Spark
worker is configured with a executor memory of 2 GB. The above
configurations result in minimizing the degree of network I/O and
throughput interference.

We use the Interior point algorithm [25] from the Optimization
toolbox of the Matlab version 2013b for solving the given non-
linear convex optimization problem (Section 6), and estimating
the cost-optimal cluster composition. We use the 10-M MovieLens
dataset obtained from grouplens.org [32] as the input workload
for the MovieLensALS job. PageRank is evaluated with the social
network dataset collected from LiveJournal [33], an online com-
munity comprising roughly 10 million members. The LiveJournal
dataset has 48,47571 nodes and 6,8,993773 edges. The input
workload for the ChiSqTest job is the dataset "Popular Kids"
available in the Statlib Data and Story Library (DASL) [26].
The input workload for the Deep Learning job is the popular
MNIST dataset for hand written digits available at yann.lecun.com
comprising 60,000 training samples and 10,000 testing samples.

7.3 Evaluation of the Job Categorization Scheme
We run the SparkRDDAnalyze tool over a sample of 30 Spark
jobs packaged with the Spark v2.2.1 source code to generate
different equivalent classes, which correspond to different job
categories. Following [3], we obtain job profile for each category
by running a representative job for each category. We estimate the
components of the job profile from the snapshots of the execu-
tion flow of the representative job obtained using YourKit Java
Profiler [34]. Table 3 illustrates the accuracy of estimation of job
execution times using the two versions of the tool SparkRDDAn-
alyze, namely SparkRDDAnalyze-unlabelled (referred to as V1)
and SparkRDDAnalyze-labelled (referred to as V2), respectively.
From the estimated completion time TEst and the recorded (i.e.,
observed) completion time TRec , we compute the relative error of
estimation RE = (TEst − TRec)/TRec with a particular example
jobs chosen as the representative job for that job category. We
estimate job completion times of 10 target jobs for each job
category with representative jobs chosen according to a scheme
discussed later in this section. We record the relative error RE for
each target job, and finally compute the mean relative error for all
target jobs in a particular job category. Subsequently, we express
the accuracy in terms of mean relative error for each respective

job category in Table 3. Mean relative error measures overall how
close the job completion time estimated with the tool is to the
observed job completion time.

Due to the absence of a non-trivial labelling scheme in V1 (i.e,
SparkRDDAnalyze-unlabelled), the tool considers edges in a pair
of DAGs as dissimilar if and only if their labels are distinct from
a lexicographical sense, although essentially those edges might
perform an identical set of tasks. According to this scheme, each
job in the sample has an unique RDD DAG, and there are as many
job categories as there are jobs in the sample. Thus V1 groups
Spark jobs into 30 job categories since we have considered a sam-
ple size of 30 for the purpose of our experiments. Hence a given
Spark job is rarely similar to a given representative job in any
job category with SparkRDDAnalyze-unlabelled, which results in
considerably high relative error in estimating the execution time of
a given job using the job profile of a chosen representative job. On
the other hand, SparkRDDAnalyze-labelled produces much more
accurate categorization on the same group of DAGs by relabelling
the edge labels appropriately as discussed in Section 7.1. V2
(i.e., SparkRDDAnalyze-labelled) produces 4 job categories by
relabelling the edge labels in the RDD DAGs according to the
scheme described in Section 7.1. Since the number of equivalent
classes is smaller with V2, the chances are higher for a target job
being correctly estimated with job profile of a representative job
chosen from a particular job category. Due to the above reason, in
Table 3 the relative errors with SparkRDDAnalyze-unlabelled are
significantly higher than relative errors with SparkRDDAnalyze-
labelled.

Specifically, V2 of the tool generates the following equivalence
classes: 1) Data Mining, comprising jobs that perform typical data
mining tasks like recommendation engines or jobs that run mining
queries on logs, 2) Statistical Evaluation, comprising jobs that
perform typical statistical hypothesis tests on given input datasets
based on different statistical evaluation techniques and standard
test metrics, such as Chi Square test, etc., 3) Quantitative Analysis,
comprising jobs like pagerank and logistic regression, which
perform typical quantitative analysis tasks on a given dataset,
and 4) Miscellaneous, comprising any other jobs that can not be
grouped into any of the above categories like word count. For
the job category Statistical Evaluation we use the job ChiSqTest
from the group of example applications packaged with the spark
source code. The representative job for the Data Mining group
of jobs is the movie rating job MovieLensALS [16]. The Deep
Learning Pipelining framework [35] provides a natural construct
for applying distributed learning on a large-scale dataset. As a
representive of heavily compute intensive MLlib applications, we
ran a handwritten digit recognition application based on the Deep
Learning Pipelining on the MNIST dataset from yann.lecun.com.
The application trains an InceptionV3 convolutional neural net-
work, and applies the DeepImageFeaturizer algorithm to filter off
the last layer of the InceptionV3 network. The output from the
remainning layers of the network acts as features for trainning a
logistic regression model with elastic net regularization. PageRank
is the representative job for the Quantitative Analysis group of
jobs [16]. We could have chosen any other job from the group
of sample jobs associated with the corresponding equivalent class
as the representative job for the respective job category without
any effect on the mean relative error. In Table 3 the relative error
with SparkRDDAnalyze-labelled varies from 0.1 to 0.3, with a
mean relative error of 0.21 and a standard deviation of 0.18. The
difference in relative error with the two versions V1 and V2 ranges
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from 0.25 with Quantitative Analysis jobs to the extent of 0.4 with
Data Mining and Statistical Evaluation jobs. In the case of V2,
mean relative error of 0.21 demonstrates that the estimation with
V2 is fairly accurate. The fact that the relative error is smaller
with version V2 of the tool than with version V1 signifies that the
profile parameters estimated using the representative job chosen
with V2 produces a more accurate estimate of the job completion
time than the estimates obtained with V1.

7.4 Accuracy of the Estimations Using OptEx
Being the first work in modelling Spark jobs, OptEx has no prior
baseline to compare with. However, we demonstrate (see Figures
2 and 3) that OptEx provides accurate (i.e., average relative error
0.06) estimations of the job completion time against variations
in all the input parameters of the model (i.e, against increasing
size of dataset, number of nodes, and the number of iterations),
and on jobs of different categories. The Figures 2(a), 2(b), and
2(c) illustrate the variations in the relative error RE , for the
MovieLensALS, PageRank, and ChiSqTest jobs, with increasing
size s of the input dataset. The figures 2(d), 2(f), 2(h), and 3(e)
illustrate the variations in the relative error RE , for PageRank,
DeepLearning, ChiSqTest, and MovieLensALS, against varying
cluster size n, in the stand-alone mode. The figures 2(e), 2(g), and
3(f) illustrate the variations in the relative error RE for the same
jobs, i.e., PageRank, DeepLearning, and MovieLensALS, respec-
tively, against varying number of iterations I , in the stand-alone
mode. Figures 2(i), 3(a), 3(c), and 3(g) illustrate the variations in
the relative error RE for ChiSqTest, PageRank, DeepLearning,
and MovieLensALS with varying n in the YARN mode. Figures
3(b), 3(d), and 3(h) illustrate the variations in the relative error
RE for PageRank, DeepLearning, and MovieLensALS against
varying I , in YARN mode. We evaluate the OptEx model with the

mean relative error metric [25] δ =
∑k

j=1|TEst−TRec |/TRec

k , where
k is the total number of jobs submitted. The absolute differences
between TEst and TRec eliminate the signs in the error, and gives
the magnitudes of the errors. The error values δ are given in the
Table 3(i). The average δ score for all the cases is 0.06, i.e., 6%,
which is comparable to prior work on performance modelling of
state-of-the-art data anytics engines [3].

7.5 Analysis of the Results
The magnitude of the relative error RE for the experiments with
ChiSqTest, PageRank, and DeepLearning jobs (Figure 2 is strictly
within 0-0.06, bounded by a 95% confidence interval of 0.056-
0.062 (refer to Table 3(i)) for the Statistical Evaluation and Data
Mining job categories (refer to Section 3), in stand-alone mode.
The only outlier is the ChiSqTest run in YARN mode in Figure
2(i) (reasons given later in this section). The experiments with
increasing dataset size yield relative error of magnitude between
0.007 to 0.05 (Figures 2(a), 2(b), 2(c)).

The estimated execution time TEst of a Spark job comprises
two components X1 and X2, where X1 = TInit + Tprep and
X2 = n × I × C + I × B/n + A×s

n (refer to Equation 8).
The first component X1 is independent of variations in the values
of the input variables. The second component X2 comprises the
last three phases of the Spark job execution (refer to Section 5),
each phase varying differently with respect to the input variables
n, I , and s (refer to Section 7.7). Hence, X2 accounts for the
observed random variations in the relative error, with respect to
variations in the input variables (Figures 2 and 3). The execution

phase in X2 encompass the execution of the job stages, comprising
unit RDD operations, on the worker nodes (Section 5). The
execution of the job stages on the workers is inherently non-
deterministic (unpredictable) in nature, due to the dependency
on various components of the Spark cluster, like the driver, the
cluster manager, the workers, etc., and their configuration [9].
The job stages may get unpredictably delayed, i.e., stages can
fail and be retried by the master repeatedly, due to various
factors like momentary unavailability of required resources, delays
in allocation of resources by the master, communication delays
among the workers, etc., [9]. The above unpredictable delays in
the job stages, however small, can cause the observed values of
X2 to deviate randomly from the estimated values of X2, while
X1 stays constant (Section 5). This, in turn, causes the overall
observed completion time TRec of the job, to vary unpredictably
with respect to the estimated job completion time TEst , esti-
mated from X1 and X2 (Section 5). This causes the observed
random variations in the values of the relative error (i.e., RE =
TEst − TRec), though still bounded by the confidence interval of
0.056-0.062 (Figures 2 and 3). The relative error increases slightly
with increasing number of nodes (Figures 2(a), 2(d), 2(f), 2(h),
2(i), 3(a), 3(c), 3(e), and 3(g)). Increase in number of worker nodes
augments the chances of unpredictable failures of the job stages
due to dependency on communication between a larger number
of nodes, causing unpredictable variations in the component X2

of the overall job completion time TEst . This, in turn, causes the
observed job completion time TRec to deviate more unpredictably
from the estimated completion time TEst , estimated from X1 and
X2. The result is greater variation in the relative error (i.e., RE
= TEst − TRec) with increasing number of nodes. Our goal is to
provide correct estimations for SLA-driven user-facing jobs. Few
user-facing jobs, that work under an SLA deadline, will require
more than 50 nodes [36, 37]. OptEx can provide estimations for
such typical SLA-driven user-facing jobs with a relative error close
to 0 (Figures 2 and 3). Jobs that do not meet this criteria are batch
processing jobs, like bioinformatics, genomics, data analytics jobs,
etc., which typically do not work under a deadline [38].

For experiments run in YARN mode (Figures 3(a), 3(b), 3(c),
3(d), 3(g), and 3(h)), the variations in the observed relative error,
with respect to the variations in the input variables, are noticeably
larger than the experiments run in stand-alone mode. In YARN
mode, the submitted jobs are additionally dependent on the YARN
resource manager to allocate resources, and to execute the jobs on
the workers [39]. Hence, the chances of unpredictable delays in
the intermediate stages of a job are greater in YARN mode due
to unreliability of the communication channel between the YARN
resource manager and the Spark master [39]. Thus, the chances
of observing randomness in the relative error is greater for jobs
run in the YARN mode, though the magnitude of the average
relative error does not exceed 0.04. Further, the relative error, for
YARN mode, is even closer to 0 for jobs with number of iterations
larger than 10 (Figures 3(a), 3(c), and 3(g)), representing real
world use cases reported by various enterprises and implemented
in several widely used web services [36, 37]. OptEx cannot
account for the non-deterministic delays in communicating the
intermediate RDD objects among the worker nodes during the
execution of an iterative Spark job on the workers [9]. The above
delays result in deviations in the observed length of the later
phases of job execution, comprising the component X2, from the
estimated completion time [9]. For experiments with large number
of iterations, the job stages in the initial iterations cache the
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TABLE 4: Optimal Scheduling With Estimated Optimal Cluster Size Under Varying SLA

SLA(sec) Mode App
Iterations

5 10 15 20
n TEst(sec) TRec(sec) n TEst(sec) TRec(sec) n TEst(sec) TRec(sec) n TEst(sec) TRec(sec)

300 Standalone ALS 3 203.2 207.0 5 188.0 193.0 6 189.7 92.0 7 188.8 195.0
340 YARN ALS 2 240.0 430.0 3 328.4 335.0 4 311.5 315.0 4 331.0 337.0
380 Standalone ChiSqTest 1 332.8 345.0
800 YARN ChiSqTest 1 794.8 821.0
350 Standalone ALS 3 200.0 297.0 4 299..0 297.0 4 340.5 343.0 6 303.2 113.0
400 YARN ALS 3 174.2 315.0 4 381.0 385.0 5 378.6 386.0 5 398.0 395.0
430 Standalone ChiSqTest 2 421.7 425.0
790 YARN ChiSqTest 2 783.7 781.0
200 Standalone ALS 4 79.5 275.0 6 176.1 178.0 6 189.7 191.0 7 188.8 194.0
260 YARN ALS 4 250.5 257.0 5 259.0 258.0 6 260.0 255.0 7 2159.8 258.0

intermediate RDD objects locally in the worker nodes, resulting
in a decrease in the time spent in communicating the RDD objects
among the workers during the later iterations [9]. This results
in a decrease in the deviation in the observed length of the job
phases comprising X2 from their estimated lengths. This, in turn,
reduces the deviations in the overall observed completion time
TRec with respect to the estimated overall completion time TEst ,
estimated from X1 and X2. Indeed, with increasing number of
iterations, a decreasing trend is observed in the relative error
(Figures 2 and 3). Hence we believe that OptEx can provide more
accurate estimations with typical production level use cases, which
typically involve number of iterations larger than 10 [36, 37].

Bottleneck: Prior to us, Ousterhout et al. [40] presented a
technique to understand performance bottlenecks in Spark job
execution, and how execution time is affected by network, disk
I/O, stragglers, etc., which are difficult to control, especially in a
public cloud. To capture the impact of bottlenecks in our model,
we would have to control the above non-deterministic factors,
namely network and disk I/O, while running our profiler. In
that case, the model would be dependent on a comprehensive
profiling technique where all possible network and I/O conditions
are simultaneously modulated, which, in turn, complicates the
proposed model. Further, since Ousterhout et al. rely on fine-
grained instrumentation which is specifically based on a small
sample of Spark jobs, their approach can not be readily applied to
a wider group of Spark jobs.

Interference: The degree of interference due to contention
in shared network I/O can be controlled in an in-house private
datacenter. However, such solutions incur considerable capital
expenditure as well as operational expenditure at the cost of less
interference. Most organizations trade off this reduction in inter-
ference in favor of a pay-as-you-go cost model in an uncontrolled
virtualized environment, namely a public cloud. Predicting the per-
formance degradation due to interference in such an environment
would require extensive experimentation with varying degrees of
interference which is reliant on an accurate instrumentation of the
target application. Contrastingly, OptEx uses a simple analytical
model to estimate the job completion times of applications hosted
in a public cloud. Despite not considering interference explicitly in
the model, OptEx achieves a low relative error of 6% on an average
which is comparable to claims by state-of-the-art performance
prediction tools [3]. The variation of the estimation error using
the OptEx model plotted in Figures 2 and 3 quantify the non
deterministic deviations of the recorded job completion times from
the estimated job completion times using our model. The above
non determinism in the variation of the errors in estimations occur
due to many reasons including interference in a public cloud.
Thus our model indirectly captures the effect of interference to
certain extent. Due to lack of space and for the sake of keeping

the model simple, evaluation of the model against varying degrees
of interference is not covered this paper. Still the Figures show
that our model suffers relatively unbiased variation in relative error
despite the presence of uncontrolled network I/O in a public cloud.
Spark applications typically are compute-intensive by nature, and
require larger VMs which experience lower degree of throughput
interference due to lower chances of sharing the same physical
resources with other co-located VMs. Direct comparison among
network I/O interferences with different VM sizes is difficult
because it is also dependent on other factors like distribution
of the VMs across different server racks and across datacenters.
Hence even with experiments performed with varying VM size,
drawing conclusions regarding performance degradation resulting
from interference would be difficult. So we did not perform
experiments with varying VM size in this paper. The obvious
approach to eliminate interference would be to use the largest VM
instance available but that would use up more cloud resources than
what is actually required. Also, it would unnecessarily increase
the cost of cloud usage which goes against our original goal
of provisioning a cost optimal cluster. Instead, we choose VMs
belonging to an instance type which provides sufficiently large
amount of compute, memory, and network resources for running
a given Spark application, while incurring the least hourly cost.
With large VMs the major cause of interference is network I/O
between workers located in different datacenters [41]. Since most
analytics applications are hosted in a cluster comprising VMs
that are typically located in the same datacenter, network I/O
interference is negligibly less. Typically, the VMs are placed in
the same rack, placed in the same subnet, or within a common
VPC to minimize the interference due to inter datacenter network
I/O. Hence in reality, the error component in our estimations that
accounts for the effect of interference comprises only a very small
fraction of the overall relative error. In support of our decision
of not considering interference, we further argue that there is
documented proof (refer to Figure 1 in [42]) of non deterministic
fluctuations in the perfromance degradation due to interference
even in a tightly controlled cloud environment. To accurately
estimate such fluctuations in interference, researchers [42] resort
to black box approaches where they have to perform intense
experiments with actual target applications to collect extensive
performance statistics. The above approach incurs large amount of
resources and depends too much on an accurate instrumentation
of the target applications without adding much value to the model.

Heterogenity: Existing cloud schedulers, like the internal
Spark stand-alone scheduler or external resource managers such as
Mesos or Yarn, identify a virtual machine instance by the number
of CPU cores and the size of its memory. But these schedulers do
not consider other factors like network and I/O although these vary
widely in different cluster setups. They schedule a task to run on a
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node in a cluster solely based on data locality, required number of
cores and memory size. Hence our model is sufficient in estimating
job completion time on a public cloud comprising heterogeneous
resources with above schedulers. Further, our model is intended
to serve the needs of not just the large enterprises, like Google,
Alibaba, etc., which typically require clusters in the scale of hun-
dreds of machines [43], but also for small scale enterprises who
dominate the modern market for cloud computing. In most of the
day-to-day use cases of Spark in such enterprises, heterogeneity of
underlying resources is not much of a concern. A popular example
can be a video surveillance application, where users typically
need to perform object detection on a large image dataset under
stringent deadlines with the goal of sending real-time alerts. For
the above task, users need to quickly provision a Spark cluster on a
public cloud while incurring a minimum resource usage cost (since
operational expenditure is a big concern for small enterprises),
often for performing just that one job at a time. The cluster will be
relatively small and homogeneous since it is serving one user and
one job compared to the large clusters operated internally by high-
profile private sector entities like Alibaba. Therefore the clusters
that our model would normally provision typically execute a single
job, and would experience interference predominantly with respect
to other tenants in a virtualized public cloud environment.

7.6 Optimal Resource Provisioning

The work closest to OptEx is Elastisizer [2], which predicts
optimal cluster composition for Hadoop, but does not address
Spark. Moreover, Elastisizer over predicts, on an average by
20% and in the worst case by 59% [2]. Since OptEx uses a
closed-form to estimate the completion time, it does not suffer
from over-prediction. Table 4 demonstrates the effectiveness of
the constrained optimization technique of OptEx (Section 6) in
designing optimal scheduling strategies. For each job (refer to
the column labelled App in Table 4) running in Standalone or
YARN mode (refer to the column labelled Mode), Table 4 gives
the cost-optimal cluster composition for executing a given job
under given SLA deadlines (refer to the SLA column), while
minimizing the cost of usage of the virtual machine instances.
The optimal cluster size n for 5, 10, 15, and 20 iterations are
given in separate group of columns each labelled n. The group
of columns labelled TEst in Table 4 gives the completion times
TEst estimated using OptEx, for 5, 10, 15, and 20 iterations,
respectively. The other group of columns labelled TRec gives
the recorded completion times TRec with the estimated cluster
composition. Following [3], we propose a statistic S to measure

TABLE 5: Resource Provisioning Under Cost Budget

Budget($) Mode App n
TEst

(sec)
TRec

(sec)
0.30 Standalone ALS 53 49.2 48.0
0.80 YARN ALS 58 120.2 115.0
1.00 Standalone ChiSqTest 27 318.0 321.0
1.50 YARN ChiSqTest 16 780.1 775.0
0.20 Standalone ALS 35 49.4 50.0
0.50 YARN ALS 36 120.0 119.0
0.80 Standalone ChiSqTest 22 318.0 321.0
1.20 YARN ChiSqTest 13 780.1 780.0
0.20 Standalone ALS 26 49.7 50.0
0.40 YARN ALS 29 120.6 117.0
0.60 Standalone ChiSqTest 16 318.1 311.0
1.00 YARN ChiSqTest 11 780.1 757.0
0.10 Standalone ALS 17 50.7 52.0
0.30 YARN ALS 21 121.1 125.0
0.40 Standalone ChiSqTest 11 318.1 315.0

the effectiveness of OptEx in estimating whether a given job will
satisfy the SLA deadline, while minimizing the cost. S gives the
percentage of cases which did not violate the SLA deadline, in
the experiments recorded in the Table 4. S evaluates approxi-
mately to 98% on cluster compositions comprising representative
virtual machine instances, using job profiles generated by running
example Spark applications on benchmark datasets (Section 7).
Our evaluation follow closely with benchmark results resported
by prior researchers [44]. Table 5 demonstrates that OptEx can
be used effectively in project planning, i.e., for optimal cluster
provisioning under given budget, while minimizing job execution
times. Table 5 records the optimal cluster size (refer to the 4th

column) required to run a given job (refer to the 3rd column)
in Standalone or YARN mode (the 2nd column) estimated using
Equation 8 under different values of the cost budget (refer to the 1st

column), while optimizing the completion times. The 5th column
of Table 5 gives the completion times TEst estimated using OptEx,
and the last column gives the recorded completion time TRec with
the estimated cluster composition.

7.7 Error in Estimation of Execution Times
To ensure that the model is effective in estimating execution
time of a given job, the model must accurately reflect the
variation of job completion time with the input parameters. Here
we demonstrate that the OptEx model exhibits a high degree
of accuracy in the estimation of completion times of a given
job which processes a given input dataset on a given cluster
composition. First, we measure the model’s error (which indirectly
reflects models’s accuracy) in terms of the difference between the
standard deviations of the estimated and recorded (observed) job
execution times, respectively. The error is computed as follows.
error = |σTEst

− σTRec
|. According to Equation 3 the total

execution time is estimated, i.e., TEst is computed, using the
equation TEst = TInit + Tprep + Tvs + Tcomp . We compute
the standard deviation of TEst as follows.

σ2
TEst

= σ2
TInit

+ σ2
Tprep

+ σ2
Tvs

+

σ2
rTcomp + 2× Cov(TInit ,Tprep) + 2× Cov(Tprep ,Tvs)+

2× Cov(Tvs ,TInit) + 2× Cov(Tcomp ,TInit)+

2× Cov(Tcomp ,Tprep) + 2× Cov(Tcomp ,Tvs).
(10)

The parameters TInit and Tprep are independent of the input
variables n, s, and I . Hence the covariances evaluate to 0. Using
Equations 11 and 8 in the above error formula we get the following
equation.

error = |
√
σ2
TEst

−
√
σ2
TRec

|

= |
√
σ2
TInit+Tprep+n×I×C+I×B/n+A×s

n

− σTRec
|

= |C2 ∗ {σ2
I ∗ σ2

n + σI ∗ E2(n) + E2(I) ∗ σ2
n}+

B2 ∗ {σ2
I ∗ σ2

1/n + σ2
I ∗ E2(1/n) + E2(s) ∗ σ2

1/n}+
A ∗ {σ2

s ∗ σ2
1/n + σ2

s ∗ E
2(1/n) + E2(s) ∗ σ2

1/n}|1/2 − σTRec
.

(11)

Figures 4(a), 4(b), and 4(c) illustrate standard deviation of
estimated job completion times and recorded execution times, for
PageRank, ChiSqTest, and MovieLensALS applications, respec-
tively, computed as σTEst

and σTRec
, respectively. These figures

demonstrate that the distribution of estimated job completion time
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(a) Standard Deviation for ChiSqTest
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(b) Standard Deviation for PageRank
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Fig. 4: Standard Deviation of Estimations with OptEx

computed from the OptEx model closely echoes the distribution of
recorded job completion time, i.e., the OptEx estimation follows
the variation pattern of the recorded job completion times. The
error between estimated standard deviation for recorded and
estimated job completion times falls within 0.5, i.e., error ≤ ϵ
where the error threshold ϵ = 0.5 seconds. This demonstrates the
effectiveness of the OptEx model under the error bound of 0.5
seconds.

8 RELATED WORK

Verma et al. [3] present the design of ARIA, a framework for
optimal resource allocation for Hadoop MapReduce. Herodotou
et al. [2] present Elastisizer, a system that predicts the optimum
cluster configuration for running a given Hadoop MapReduce job,
using a model built by exploring a search space consisting of job
profiles. Though Spark [9] is fast surpassing Hadoop in popularity
and usage, there has not been much work in modelling Spark jobs
yet [45, 4, 5]. [46] presents an approach to determine equivalence
of Spark programs by converting the user defined functions com-
prised in the programs to equivalent first order formulaes. But
unlike OptEx, the approach described in this paper is restricted
to programs that use only map, filter, cartesian product, fold, and
foldByKey methods from the Apache Spark library. Huang et al.
[44] presents DtCraft, a high performance system for compute
intensive applications using parallel programming model. On the
other hand, we are interested in data-intensive comnputing which
typically deal with I/O bound data-centric workloads. DtCraft uses
abstractions based on StreamGraph which is similar to the lineage
graph in Spark. Hence theoretically OptEx can be extended to
model DtCraft applications as well but this is out of the scope
of this paper. Nguyen et al. [47] presents Galois, a system that
provides radical performance improvement while running graph
analytics tasks using Domain Specific Languages (DSLs). How-
ever, OptEx is designed for cost optimal cluster provisioning for a
wider range of tasks, not just graph based DSLs. Ehsan et al. [48]
presents AffordHadoop, a system built to process data-intensive
computations which is designed specifically for scheduling map-
reduce jobs. It deals with optimal resource scheduling for map-
reduce jobs already running on a cloud whereas OptEx deals with
cloud provisioning, i.e., estimating the composition of a cluster
to run a given Spark job. Chen et al. [49] presents a performance
model of internet services which is based on application level
parameters like login rate and number of active connections.
They provide power and CPU utilization model for traditional

web-based applications and database servers based on login rate
and number of active connections. They donot consider large-
scale bigdata applications based on modern distributed comput-
ing paradigms. Kansal et al. [50] presents a model for power
metering and provisioning of virtual machines that can assist in
management of power and reduce wastage of power capacity in
the virtual machines comprised in the datacenters. Chaisiri et
al. [51] provides a technique to reduce custer resource cost by
leveraging reservation plans instead of on-demand provisioning
plans. Here, the execution time on each virtual machine class
is known beforehand, whereas with OptEx the execution time
of the target job is unknown. Urgaonkar et al. [52] provides
a dynamic resource provisioning model based on the request-
response model which is developed from queuing theory. But this
model is dependent on the parameters of the queuing model such
as arrival rate and request rate which vary with time, hence it
is not applicabe in our case. Islam et al. [53] assumes a black
box approach that leverages machine learning techniques whereas
OptEx provides an empirical model of job completion times.

9 CONCLUSIONS

OptEx models Spark job execution using analytical techniques.
OptEx provides a mean relative error of 6% in estimating job
completion time. OptEx yields a success rate of 98% in completing
Spark jobs under a given SLA deadline with cost-optimal cluster
compositions. OptEx can be used to estimate whether a given job
will finish under a given deadline with the given resources on the
cloud. It can be used to devise optimal scheduling strategy for
Spark. The project is partially funded by NSERC, Canada and
Army Research Office (ARO), USA.
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