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Kurzfassung
Heutige Anwendungsprogramme müssen immer größeren Datenmengen gerecht wer-
den und diese in einem akzeptablen Zeitrahmen mit limitierten Ressourcen verar-
beiten können. Um diesen Ansprüchen nachzukommen, werden vielfach Frameworks
wie Apache Hadoop oder Apache Spark verwendet, mit deren Hilfe eine Anwendung
verteilt in einem Cluster-Netzwerk parallel ausgeführt werden kann.

Ein häufiges Problem solcher Frameworks ist, dass sowohl die Konfiguration der
Anwendung als auch die Art der Anwendung und die Struktur ihrer Daten einen
großen, schwer einzuschätzenden Einfluss auf die Performance der Anwendung hat.
Zudem scheint sich der Trend abzuzeichnen, dass sich die ursprünglich größtenteils
unabhängigen Disziplinen des Hochleistungsrechnens (HPC) und dem Rechnen mit
Massendaten (Big Data) langsam annähern und immer mehr überlagern. Dadurch
gewinnt die Anwendung von Apache Spark auf HPC-Systemen an Relevanz und
infolgedessen auch die Untersuchung der Performance von Spark-Applikationen auf
ebendiesen Systemen.

In dieser Arbeit wird die POP-Methodik, die ursprünglich für die Performance-
analyse von HPC-Anwendungen entwickelt wurde, auf Big-Data-Applikationen in
Apache Spark angewandt. Kern der POP-Methodik ist es, einzelnen, die Perfor-
mance beeinflussenden Aspekten einen Score zuzuordnen, mit dessen Hilfe ein um-
fassender und direkter Überblick über potenzielle Performance-Probleme einer An-
wendung erlangt werden kann. Ziel dieser Arbeit ist die Untersuchung ausgewählter
Spark-Benchmarks der HiBench-Benchmark-Suite, um mit den daraus gewonnenen
Ergebnissen POP-Metriken für Spark-Applikationen abzuleiten. Zusätzlich zu den
im HPC-Kontext verwendeten POP-Metriken werden weitere, Spark-spezifische Me-
triken vorgeschlagen, mit deren Hilfe die Bandbreite erkennbarer Probleme deutlich
erweitert und eine präzisere Bestimmung ebendieser Probleme ermöglicht wird.

Diese Arbeit kommt zu dem Ergebnis, dass sich die POP-Methodik grundsätzlich
erfolgreich auf Spark-Applikationen anwenden lässt, wenngleich in bestimmten Fäl-
len gewisse Einschränkungen oder Annahmen notwendig sind. Auch wenn sich die
Metriken durch die in dieser Arbeit durchgeführten Experimente nicht zweifelsfrei in
ihrer Korrektheit und Vollständigkeit verifizieren lassen, scheint die hier vorgestellte
Methodik geeignet zu sein, eine große Anzahl verschiedener Performance-Probleme
zu erkennen. Dennoch sind weitere Untersuchungen notwendig, um einige der vor-
genommenen Einschränkungen bzw. Annahmen zu eliminieren und sowohl einzelne
Metriken als auch die Methodik insgesamt weiter zu verbessern und zu validieren.

Stichwörter: Apache Spark, POP-Methodik, Performanceanalyse, Big Data, High-
Performance Computing, HiBench
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Abstract
Today’s software applications need to cope with ever increasing amounts of data
while processing the data in a reasonable amount of time with limited resources.
Specialized frameworks such as Apache Hadoop or Apache Spark are often used to
meet those requirements, making it possible to run an application in a distributed
and parallel manner on multiple compute nodes in a cluster network.

A common issue with these frameworks is that both the configuration of an appli-
cations as well as the kind of application and the structure of its data are strongly
influencing the application’s performance. In addition to that, there seems to be
a current trend of convergence of the originally largely independent disciplines of
high-performance computing (HPC) and big data, whose applications increasingly
overlap. As a result, the application of Apache Spark on HPC systems is gaining
relevance and, consequently, also the study of performance of Spark applications on
these systems.

In this thesis, the POP methodology, originally developed for analyzing the perfor-
mance of HPC applications, is applied to Spark big data applications. The core prin-
ciple of the methodology is to assign a score to individual performance-influencing
aspects, which can be used to obtain a comprehensive and direct overview of poten-
tial performance bottlenecks of an application. The aim of this thesis is to evalu-
ate selected Spark benchmarks from the HiBench benchmark suite and to use the
obtained results to derive POP metrics for Spark applications. Beyond the POP
metrics that are used in the HPC context, additional Spark-specific metrics are pro-
posed in order to significantly extend the range of identifiable problems and to allow
for a more precise determination of these problems.

This thesis comes to the conclusion that, in principle, the POP methodology
can be successfully applied to Spark applications, although in some cases certain
limitations or assumptions are necessary. Even though it is not possible to verify the
correctness and completeness of the proposed metrics beyond any doubt by means
of the conducted experiments, the methodology presented in this thesis seems to
be suitable for identifying a large number of different performance problems. Yet,
further investigations are required in order to eliminate some of the limitations and
assumptions made, and to improve and validate both individual metrics as well as
the methodology as a whole.

Keywords: Apache Spark, POP Methodology, Performance Analysis, Big Data,
High-Performance Computing, HiBench
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1. Introduction
The advent of big internet platforms as well as the growing interest in artificial
intelligence in recent years have contributed to the rise of the field of big data, which
is almost ubiquitous in today’s world and finds applications in various disciplines
(cf. [1], [2]). New challenges arose for many applications as they need to cope
with enormous and continuously growing amounts of data while processing the data
in a reasonable amount of time with limited computational resources. For these
difficult tasks, specialized distributed big data frameworks such as Apache Hadoop
and Apache Spark were developed, making it possible to run an application in a
distributed manner on multiple compute nodes in a cluster network in order to
distribute the application’s load.

The performance of Spark applications strongly depends on their configuration as
well as the used algorithms and implementations; in particular, “running a Spark
application on all the available processors does not necessarily imply lower running
time” [3]. Even if individual configuration parameters are understood very well in
isolation, their impact “may vary from application to application and [. . .] from
cluster to cluster” [4], and multiple parameters are often correlated [4], [5]. This
makes it difficult to tune or even predict performance [4], [6], and despite recent
scientific efforts on performance prediction of Spark applications (see p. 2), tuning
performance by trial and error on actual applications still appears to be the way to
go. Over the years, Spark introduced many performance optimization techniques
and is constantly improving, however, “its configuration and fine-tuning remains a
big challenge” [3]. So far, there only exist few approaches to systematically identify
performance bottlenecks of arbitrary Spark applications (cf. [7]).

To fill in parts of this gap, this thesis presents a proof of concept on how the POP
methodology [8] that was originally developed for applications in the field of high-
performance computing (HPC) can be applied to arbitrary applications running in
Apache Spark. The core idea of the POP methodology is to calculate efficiencies
(metrics) for all performance-influencing aspects of an application that describe how
much efficiency is lost due to each of these aspects. The resulting efficiencies give
a clear and comparable overview about possible performance losses and provide a
basis for further performance investigations.

In addition to that, this thesis presents an approach to deploy Spark on CLAIX-
2018, the HPC compute cluster of the RWTH Aachen University. Hadoop and Spark
applications are often run on low-cost shared-nothing1 [9] commodity hardware [2],
[10], but HPC clusters with more powerful hardware as well as shared memory

1 I.e., nodes do not share memory or storage with each other.
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1. Introduction

and storage appear to become more prominent targets for big data computing in
recent years [2], [11]. Research suggests that Hadoop applications might benefit
from scaling-up a cluster (i.e., improving the cluster hardware) instead of scaling-out
(that is, adding more hardware to the cluster) [12], and some argue that on today’s
clusters, disk locality—which is an advantage of shared-nothing clusters over HPC
clusters—does not matter anymore as networking speeds are sufficiently fast [13].
Adapting the POP methodology to Spark applications as presented in this thesis
makes it possible to systematically evaluate the effects of different cluster hardware
on Spark applications and hopefully enables further research on this topic.

Related Work. Lots of research has been done already to evaluate the performance
of Spark applications and to compare it to other big data frameworks like Hadoop,
Flink, HAMR, and DataMPI [5], [14]–[19]. Whereas some studies mainly compare
and investigate timings or hardware usage [15], [19], [20], others make use of dedi-
cated tools for analysis such as SparkMeasure [21]–[23], Ganglia [24], [25], or other
custom tools and visualizations [14], [26], [27]. Also due to the sheer endless com-
plexity of possible combinations of Spark parameters, many recent publications deal
with developing models to predict the performance of Spark applications, sometimes
by means of machine learning [6], [28], [29]. Similar techniques have been developed
for Hadoop (e.g., self-tuning configurations [30]).

Contrary to what one might at first expect from a data-intensive framework like
Apache Spark, a lot of research comes to the conclusion that Spark applications are
often CPU-bound [7], [14], [25], [31]. For instance, Ousterhout, Rasti, Ratnasamy, et
al. claim that network optimizations can only improve the run time of Spark appli-
cations “by a median of at most 2%” [7]. Nevertheless, disk or network I/O can be a
bottleneck in some cases as well ([14] resp. [25], [32]–[34]), and some papers find en-
tirely different bottlenecks such as garbage collection [35]. Following this—as well as
the fact that individual scientific publications usually evaluate very specific configu-
rations for specific workloads under specific conditions (e.g., hardware)—, it is clear
that one needs to consider the entire range of possible bottlenecks when developing
a methodology to recognize performance issues for arbitrary Spark applications.

There exist many benchmarking suites for Spark, making it possible to test and
compare various Spark workloads with similar characteristics as real-world appli-
cations. The work presented in this thesis makes use of HiBench [36], which, like
BigDataBench [37], is a benchmarking tool that supports Spark among various other
big data frameworks. SparkBench [38] is a benchmarking suite specifically designed
for Spark applications.

The POP metrics [8] were originally developed for HPC applications (e.g., appli-
cations using MPI or OpenMP) and so far have not been adapted to applications
outside of the HPC context. For both HPC and big data applications, however,
there exist similar approaches (e.g., PerfExpert [39] for HPC). For Spark applica-
tions, Wang and Khan proposed some metrics in [6] for the sake of estimating and
predicting performance that work similar to the POP metrics, and Nguyen, Khan,

2



Albayram, et al. developed a framework to extract performance metrics from Spark
applications that recognizes significant execution changes “in response to changes in
configuration settings” [40].

Thesis Structure. Chapter 2 contains a brief introduction to Apache Spark and
other components from the Hadoop ecosystem that are important for this thesis, as
well as the POP methodology that is used as the basis of the proposed performance
evaluation framework. Next, I describe the setup and configuration that I used for
my experiments on the CLAIX-2018 cluster (Chapter 3). In Chapter 4, I present
how performance data can be extracted from Spark event logs and how the obtained
information is used to derive meaningful POP metrics for Spark applications (using
both the original POP metrics as well as new, Spark-specific ones). These metrics
are motivated both by existing research as well as results from the experiments. In
Chapter 5, I summarize and discuss my key findings from the experiments, followed
by a brief conclusion of the thesis and a discussion of open research questions in
Chapter 6.
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2. Background

2.1. Apache Spark
The Apache Spark framework [41] is a distributed big data framework for the JVM
(Java Virtual Machine) within the Apache Hadoop [42] ecosystem and is consid-
ered “one of the most active open-source Apache projects with a huge [. . .] commu-
nity” [3]. It was developed as an alternative and extension to Hadoop’s implemen-
tation of the MapReduce algorithm [43], aiming to achieve faster execution times
especially for iterative jobs in which a function is applied “repeatedly to the same
dataset to optimize a parameter” [44]. A major flaw of Hadoop MapReduce is that
working data cannot be cached in memory, so in each iteration the data must be
reloaded from disk [44]. As a result, there are high latencies involved when com-
puting iterative algorithms [44], [45]. To bypass this issue, Spark introduced the
concept of so-called resilient distributed datasets (RDDs) whose data can be stored
in memory or written to disk [44], [46]. RDDs are immutable collections of so-called
records, which are serializable JVM objects. Records can either exist in deserialized
form when the RDD is cached in memory or in serialized form independent of their
location [46].

In the background, the data inside RDDs is split into partitions that can be dis-
tributed to different worker nodes. This allows for efficient execution of programs
since—in the best case—the RDD’s data is close to where it is actually used. Spark
provides a declarative API working similar to functional programming or SQL, which
is used for the so-called driver program that is running on the main node. In the
driver program, the user describes operations on RDDs, which are either transfor-
mations or actions: Transformations are operations that transform one or multiple
RDDs (called parent RDDs) into a new RDD (e.g. by mapping each record of a
parent RDD to a new record in the output RDD), whereas actions “return a value
to the application or export data to a storage system” [46].

Spark does not directly execute transformations, instead it lazily evaluates RDDs
whenever there is an action that requires them to be calculated [44]. Each action
issues a job, which builds an execution plan describing what operations need to
be computed to get the result of the action. These execution plans form directed
acyclic graphs (DAGs), the so-called lineage graphs (see Figure 2.1). By keeping
track of the lineage of RDDs, Spark is able to reconstruct lost partitions in case of
problems such as unresponsive compute nodes. If a problem occurs, Spark simply
re-executes the operations that were required to compute the data stored in the lost
partition(s) [44], [47].

5



2. Background

Because of using data partitioning, many operations can be efficiently executed
in a distributed manner. In the best case, data within each partition of a transfor-
mation’s parent RDD is only used for calculating a single partition of the output
RDD. This is called a narrow transformation. Narrow transformations are trivially
parallelizable: They do not require any data to be transferred between partitions,
so the partitions of the output RDD can be computed together with the partitions
of the input RDDs. However, other transformations need to use a single partition
of a parent RDD in multiple partitions of the output RDD, which is called a wide
transformation. Wide transformations require shuffling of data, which essentially is
a repartitioning that causes records to be transferred between nodes [46].

Figure 2.1.: Example lineage graph of a Spark job. The RDDs in the first stage
each consist of four partitions, the RDDs in the second stage use two
partitions. Arrows between partitions denote data dependencies. The
transformation between RDD1 and RDD2 as well as the transformation
between RDD3 and RDD4 are narrow transformations, whereas the
transformation between RDD2 and RDD3 is a wide transformation that
creates a stage boundary and requires shuffling.

When evaluating the lineage graph, Spark groups RDDs and narrow transforma-
tions between them into so-called stages, which contain “as many pipelined transfor-
mations [. . .] as possible” [44], effectively minimizing the required network traffic [48,
RDD > Partitions and Partitioning]. In between stages, the data needs to be shuf-
fled because of wide transformations, and in turn, new partitions are created. Stages
that do not depend on each other can run in parallel.

The actual computation of the workload of a stage is done via serializable items
of work called tasks, each representing a set of pipelined partitions among all RDDs
in a stage (so, within a successfully completed stage, the amount of successful1
tasks and the amount of partitions are equal). Tasks are scheduled to and exe-
cuted within so-called executors, which are JVM processes running on the worker
nodes [49, Cluster Mode Overview] that are able to run multiple tasks in parallel

1 Tasks may fail or stop early due to various reasons, in which case new redundant tasks are
created (see p. 34 for more details).

6



2.2. Apache YARN

using multithreading [49]. Executors are unique to a Spark application, so each
executor is only responsible for at most one application [49].

Driver

Job

Stage

Task ... Task

... Stage

Task ... Task

Job

...

Figure 2.2.: Logical breakdown of a Spark application.

Figure 2.3.: Physical architecture of a Spark application.

2.2. Apache YARN
Apache YARN (Yet Another Resource Negotiator) [50] is a component of Hadoop
to manage computational resources (CPUs, memory, storage, etc.) of applications
on a cluster of compute nodes. Its core idea is to decouple “the programming model
from the resource management infrastructure” [50], which emerged from various

7



2. Background

shortcomings of Hadoop when it had to serve shifting requirements and quickly
growing demands [50].

A YARN cluster consists of a Resource Manager that is responsible for managing
and scheduling a job’s resources, and multiple Node Managers that each control the
execution of a single node and report its state to the Resource Manager [50]. Within
each node of the cluster, the Resource Manager creates so-called containers, which
are “logical bundle[s] of resources [. . .] bound to a particular node” [50]. An ap-
plication that requires certain resources requests them from the Resource Manager,
which then tries to schedule a corresponding container for the application [50].

The Spark applications that were tested as part of this thesis were configured to
use YARN, which causes each Spark executor to run within its own YARN con-
tainer [49, Running Spark on YARN ] (please refer to Section 3.2 for more details).

2.3. Hadoop Distributed File System (HDFS)
The Hadoop Distributed File System (HDFS) [51] is a distributed file system for
Apache Hadoop which partitions file data into so-called blocks that can be dis-
tributed among many nodes on a cluster (similar to partitions on an RDD). This
allows for fast data access speeds because the data can be stored close to where it is
processed, and it helps to balance the overall network and system load [52], [53]. An
HDFS cluster consists of a namenode that manages the file system and file access,
and one or multiple datanodes which are responsible for storing the data blocks [51].
Datanodes regularly send heartbeats to the namenode to communicate that they
are alive and able to handle data requests [51]. For the case that a datanode fails,
HDFS usually replicates each block a set amount of times (configured by the dfs
.replication property) so that lost blocks can be recreated [51]. Using replicated
blocks also has the advantage of distributing the data more uniformly so that data
requests are more likely to access data close to where it is requested from [53].

Spark applications can be configured to use HDFS as the underlying file system.
As explained in detail in Chapter 3, the experiments conducted as part of this thesis
run workloads from the HiBench benchmark suite [36], which uses HDFS to store
the input and output data of each workload.

2.4. POP Methodology
The Performance Optimisation and Productivity Centre of Excellence in HPC (short
POP) [54] is an alliance of universities and institutions2 that provides performance
analysis and optimization services for software of “academic, research or commercial
organizations in the European Union” [54] and conducts research on the performance
of HPC applications. Any eligible organization can request performance audits,

2 E.g., the HPC Group of the IT Center of the RWTH Aachen University.
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2.4. POP Methodology

resulting in a detailed report3 that addresses performance issues of the evaluated
software and provides solutions to the found issues.

To assess the performance of applications in a standardized way, the POP project
has developed a system of comparable performance metrics (POP Standard Metrics)
that give a comprehensive summary of the factors that could limit the application’s
performance. Each metric is assigned a value that usually is defined in the range
[0, 1], representing an efficiency from 0 % to 100 % (higher values are better). The
metrics are organized in a hierarchical manner (see Figure 2.4) with the global effi-
ciency at the top, covering all other metrics. Sub-metrics are combined via multi-
plication, which propagates bad results up to the global metric. Only if all metrics
at the leaves of the hierarchy tree are close to 1, the global efficiency is close to 1
as well. As long as the global efficiency shows problems, one can quickly tell what
kinds of performance bottlenecks slow down the evaluated application by looking at
what sub-metrics lead to the bad overall efficiency.

At the time of writing this thesis, there exist two versions of POP metrics:
POP1 [8] is a general-purpose set of metrics for arbitrary parallelism paradigms,
whereas the newer POP2 [55] is specifically targeted towards hybrid applications
(in particular those using both OpenMP and MPI). For this reason, this thesis only
considers POP1 and uses the terms POP and POP1 interchangeably.

EGlobal

EParallel

ECommunication

ESerialization

ETransfer

ELoadBalance

ECompScaling

Figure 2.4.: Hierarchical overview of all POP1 standard metrics. Each metric that
is not a leaf node of the the hierarchy tree is calculated by multiplying
its sub-metrics together.

The POP standard metrics are defined for processes of an application, however,
one can replace processes by threads or any other concurrently running entity. Let
𝑃 := {𝑝1, . . . , 𝑝𝑛} for an 𝑛 ∈ N+ denote the set of running processes of the evaluated
application and 𝑡Comp : 𝑃 → R be a function that maps a process 𝑝 ∈ 𝑃 to the
amount of time it spends with useful computation.

3 For a comprehensive list of completed reports see https://co-design.pop-coe.eu/reports/
(visited on 03/23/2022).
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2. Background

Serialization Efficiency. The serialization efficiency describes the shortest period
of waiting time that each process of the application needs to wait on an ideal net-
work without any latencies [8]. These waiting times can be caused by dependencies
between processes that require a process to wait on others until the computation
can continue [56] (see Figure 2.5). The serialization efficiency is defined as follows:

ESerialization := max𝑝∈𝑃 𝑡Comp(𝑝)
Total run time on ideal network ∈ [0, 1]. (2.1)

If a process is actively computing for the entire duration of the program, the serial-
ization efficiency equals 1 (100%) even if other processes may need to wait at some
point in time.

In order to obtain timings of processes running in an ideal network, one can run the
application in a dedicated simulator [8]. At the time of writing this thesis there exists
no such simulator for Spark applications, however, results can be approximated (see
p. 30 for more details).

Minimum waiting time

Process 𝑝1 Wait Computation

Process 𝑝2 Computation Wait

Time

Figure 2.5.: Minimum waiting time for two processes 𝑝1, 𝑝2. Arrows between pro-
cesses denote the time at which a computing process resolves a de-
pendency so that another waiting process can resume its computation.
Since the serialization efficiency considers ideal networks, information
about resolved dependencies is transferred instantaneously.

Transfer Efficiency. The transfer efficiency measures the loss in efficiency that is
caused by network latencies and other communication-induced latencies. Given the
run time of the application in a simulated ideal network, one can obtain the transfer
efficiency ETransfer as follows:

ETransfer := Total run time on ideal network
Total run time on real network ∈ [0, 1]. (2.2)

10
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Data transfer time on real network

Process 𝑝1 Computation Wait

Process 𝑝2 Computation Wait

Barrier
Time

Figure 2.6.: Transfer time for two processes 𝑝1, 𝑝2 using the example of a synchro-
nization barrier. The processes are only allowed to proceed beyond the
barrier if they received the information that all other involved processes
did reach the barrier as well. The arrow between processes 𝑝1 and 𝑝2
denotes a data transfer.

Communication Efficiency. The communication efficiency bundles the effects of
data dependencies by combining the serialization efficiency with the transfer effi-
ciency:

ECommunication := ESerialization · ETransfer

= max𝑝∈𝑃 𝑡Comp(𝑝)
Total run time on real network ∈ [0, 1].

(2.3)

Load Balance Efficiency. The load balance efficiency describes how well the ap-
plication’s workload is distributed among processes. The POP standard defines the
metric as follows:

ELoadBalance :=
1

|𝑃 |
∑︀

𝑝∈𝑃 𝑡Comp(𝑝)
max𝑝∈𝑃 𝑡Comp(𝑝) ∈ [ 1

|𝑃 |
, 1]. (2.4)

If the workload is completely balanced, it holds that

1
|𝑃 |

∑︁
𝑝∈𝑃

𝑡Comp(𝑝) = max
𝑝∈𝑃

𝑡Comp(𝑝),

so the resulting efficiency equals 1. However, with this version of the formula, the
value of the worst possible outcome depends on the number of processes, which for
cases with very few processes might hide a bad result and prevents a comparison
between applications with different amounts of processes. For those cases, it might
be desirable to normalize the results to [0, 1]:

ELoadBalanceNorm :=

⎧⎪⎨⎪⎩
ELoadBalance− 1

|𝑃 |
1− 1

|𝑃 |
, if |𝑃 | > 1

1, otherwise
∈ [0, 1]. (2.5)
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2. Background

A disadvantage of the normalized efficiency is that the meaning of its values—
although they are more comparable—is not as intuitive as it is for the original
efficiency. For example, with the original formula, a load balance of 0.5 means that
the available processing capacity is only 50 % used, whereas the normalized formula
only regards the occupancy of all threads apart from the one with the longest useful
computation time. Furthermore, the values of the normalized efficiency generally
still depend on the number of processes, as adding more unused processes to the
application still affects the resulting values in all cases apart from the worst case.

Parallel Efficiency. The POP project describes the parallel efficiency metric as re-
vealing “the inefficiency in splitting computation over processes and then communi-
cating data between processes” [8]. It is calculated by combining the communication
efficiency with the load balance efficiency:

EParallel := ECommunication · ELoadBalance ∈ [0, 1]. (2.6)

Computational Scaling Efficiency. In practice, increasing the amount of compu-
tational resources (nodes, CPU cores, processes, etc.) that are used to run a given
program with a fixed input size (i.e., strong scaling) usually creates some computa-
tional overhead. There are various reasons for this overhead, such as accessing shared
resources [8] or more competition within the available computational resources (e.g.,
memory limitations). To calculate the strength of the scaling-induced overhead, the
POP project makes use of the computational scaling efficiency:

ECompScaling :=
∑︀

𝑝∈𝑃𝑅
𝑡Comp(𝑝) for the reference case∑︀

𝑝∈𝑃 𝑡Comp(𝑝) for the current configuration ∈ [0,∞). (2.7)

Compared to the other POP standard metrics, computational scaling does not
only take a single run of the application into account. Instead, it compares the
maximum useful computation time of all processes to a given reference case (using
processes 𝑃𝑅) that only utilizes a basis set of computational resources (e.g., one CPU
only). It also is the only atomic metric (i.e., a metric without sub-metrics) of the
POP standard metrics that cannot be represented in a [0, 1] range since application
runtimes can be both faster and slower than the specified reference case.

Global Efficiency. The global efficiency covers all other efficiencies and is the first
efficiency to consider when looking at calculated POP metrics. Due to the mul-
tiplicative nature of efficiencies, the global efficiency is close to 0 when any other
metric is close to 0, and close to 1 if all other metrics are close to 1.

EGlobal := EParallel · ECompScaling ∈ [0,∞) (2.8)
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3. Experimental Setup
To explore and evaluate the application of POP metrics to Spark application, I
conducted various experiments on CLAIX-2018, which is the compute cluster of
the RWTH Aachen University. The experiments run selected Spark benchmarks
from the HiBench benchmark suite [36], which bundles many workloads commonly
used in the big data world. I deployed the experiments with Apptainer1 [57], which
is a software to run scientific applications in a containerized and thus reproducible
environment [58] that simplified the installation of Hadoop and Spark on the cluster.

Each experiment is performed as follows: After the cluster grants access to a
specified amount of compute resources, an Apptainer container is started on each
allocated node, differentiating between main and worker nodes by running different
SCIF (Scientific Filesystem [59]) applications. These applications first call a Python
script to create all necessary configuration files for Hadoop and Spark based on the
experiment configuration stored in environment variables, and then they start the
Hadoop cluster daemons (HDFS, YARN, and the Spark History Server, which is a
service to inspect metrics of completed Spark applications). After that, the main
node starts the HiBench benchmark and downloads the Spark event logs from the
History Server (see Section 4.1) as well as various diagnostic files before the session
is terminated.

Originally, it was planned to run each experiment three times in order to mitigate
noise by averaging the results afterwards, however, the quota of the thesis project
on CLAIX-2018 (24,000 core-hours in total, 3671 core-hours per month) sadly did
not allow for that. The experiments requested resources and computation time
from the cluster with the Slurm workload manager [60], and each experiment was
executed using Slurm’s --exclusive switch in order to isolate it from other jobs on
the cluster that might interfere with the running application. This switch causes
Slurm to always allocate 48 CPUs per node on CLAIX-2018 even if not all cores are
used, which in turn easily costs a few hundred core-hours per run on average. For
that reason, the measurements presented in this thesis need to be taken with some
care since there is no compensation for naturally arising fluctuations.

3.1. Workloads
With the goal of covering a wide range of real-world application types, I selected
three different HiBench workloads for my experiments, which are briefly explained
in this section.
1 Formerly called Singularity.
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3.1.1. WordCount
For each distinct word in a given text, the WordCount algorithm outputs the number
of occurrences of that specific word within the text. Although it is often used as a
“hello world” application due to its simplicity, the algorithm is of great interest for
benchmarking since it corresponds with many real-world workloads [36], [61]. Spark
divides HiBench’s WordCount implementation2 into two stages (see Figure 3.1):

1. Read the input file into an RDD by using sequenceToMap and convert the input
records to string with a call to map. Then, use flatMap to split each record
into individual words and associate a count of 1 with each word using the map
operation that maps each word to a key value pair (word, 1).

2. Reduce the pairs of words with their associated counts by adding the counts
together (using reduceByKey). Afterwards, save the resulting (word, count)
pairs to a file with the help of map to convert each pair to a string.

Figure 3.1.: The DAG (directed acyclic graph) constructed for the WordCount
benchmark as shown in the Spark History Server web UI.

2 See https://github.com/Intel-bigdata/HiBench/blob/bf390d2e60ed05f77264820b79f4
637910e9629f/sparkbench/micro/src/main/scala/com/intel/sparkbench/micro/ScalaW
ordCount.scala (visited on 03/19/2013).
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3.1. Workloads

3.1.2. PageRank
The PageRank algorithm is a famous iterative algorithm to rank nodes in a graph
based on the amount and rank of other nodes that point to them. Although its core
idea was used in variations for different purposes earlier (cf. [62]), the algorithm was
made famous by Page et al. for their work on ranking websites on the Google search
engine [63]. Their work ultimately gave this algorithm its name.

Due to being an iterative algorithm, PageRank shows the effects of caching and
thus is of great use for benchmarking [25]. Furthermore, it is “representative of one of
the most significant uses of MapReduce - large-scale search indexing systems” [61].
To ensure comparability with real-world data, the generated HiBench input data
that represents a graph network follows the natural Zipf distribution [61].

Figure 3.2.: The DAG (directed acyclic graph) constructed for the PageRank bench-
mark as shown in the Spark History Server web UI.

3.1.3. K-means Clustering
K-means clustering is a CPU-intensive [3] unsupervised machine learning and data
mining algorithm that groups data samples of arbitrary dimensions into 𝑘-many
clusters such that each data point in the input data set is closer to the center point
of its cluster than to the center points of all other clusters. The algorithm works in
an iterative manner; each iteration, the clusters’ center points are refined until the
result is a close enough approximation of an exact result3, or until a certain amount
of iterations is reached. In case of HiBench, the application always computes a fixed
3 The result varies depending on the initial selection of cluster center points. A solution of k-

means always converges to a local optimum (i.e., given the cluster centers, each point is correctly
assigned), but not necessarily to the global one (i.e., the clusters are optimally distributed to
minimize the variance within a cluster) [64].
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3.2. Configuration

amount of iterations4. Similar to PageRank, k-means clustering can be used to see
the effects of data caching due to its iterative nature [25].

3.2. Configuration
The experiments were carried out with different configurations in order to provoke
various performance bottlenecks of the benchmark applications. Due to the sheer
amount of available configuration options and their possible combinations, only a
few important variables were varied throughout the experiments (see Table 3.1).
For a complete list of all used variable combinations, please refer to Appendix B.
References to individual experiments are denoted by [E<num>] where <num> is a
unique index for each experiment as listed in Appendix B (e.g., [E1]).

Variable Value(s)

Number of worker nodes 4, 8, 16
Total number of executors 4, 8, 16
Cores per executor 4, 8, 16
Degree of parallelism 4, 8, 16
Spark memory fraction 0.1, 0.6, 0.9
HiBench input size huge, gigantic
Spark driver memory 4 GB
Spark executor memory 4 GB
Speculative task execution (spark.speculation) false

Job scheduler FIFO
HDFS replication factor (dfs.replication) 1
HDFS block size (dfs.blocksize) 256 MiB

Table 3.1.: List of configuration variables used for the experiments. The number of
nodes is configured by providing a list of worker hostnames in Hadoop’s
worker file [65, Chapter Hadoop Cluster Setup], all other parameters are
specified in various configuration files of HDFS, Spark, and HiBench.

One needs to be aware that Spark may decide to use a different configuration than
the one set up by the user, meaning that one has to verify that the application in
question is actually using the desired configuration. This can happen for example
4 See https://github.com/Intel-bigdata/HiBench/blob/bf390d2e60ed05f77264820b79f4

637910e9629f/sparkbench/ml/src/main/scala/com/intel/sparkbench/ml/DenseKMeans.
scala#L113 (visited on 03/19/2023).
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3. Experimental Setup

if the allocated hardware resources are not sufficient for the given configuration.
In the conducted experiments, Spark sometimes decided to execute the application
with a different amount of executors than configured, which is annotated above the
affected experiments in the appendix.

Cores per executor. Each executor in Spark may utilize one or multiple cores,
whose amount controls how many threads each executor can use to run tasks in
parallel [66]. In HiBench applications, the amount of cores per executor is specified
by the hibench.yarn.executor.cores property that directly maps to Spark’s --
executor-cores parameter.

If the cluster is configured to use Hadoop YARN (as it is the case for the conducted
experiments), each executor is a YARN container. In that case, the amount of
cores does not necessarily refer to physical cores, but to YARN’s so-called virtual
cores (vcores) that are configured with the yarn.nodemanager.resource.cpu-vcores
property [66]. Virtual cores are abstract cores, their amount specifies the number
of threads that a Spark application can use to run tasks [66].

The number of cores per executor (and thus the number of threads per executor)
has a direct influence on the performance of Spark applications since more threads
allow to run more tasks in parallel. However, too many threads can also be detri-
mental for performance: For example, Ryza comes to the conclusion that HDFS
struggles with too many concurrent reads. In their experiments, five cores per ex-
ecutor appeared to be a good rule of thumb to achieve the best write throughput [66].
Similar problems with HDFS have been described in [67].

Degree of parallelism. The degree of parallelism specifies how many partitions
Spark should create for distributing data. For the experiments, this is config-
ured via the HiBench properties hibench.default.map.parallelism and hibench.
default.shuffle.parallelism, which for Spark applications map to spark.default
.parallelism and spark.sql.shuffle.partitions, respectively. The degree of map
parallelism describes the partitioning of RDD data, whereas the degree of shuffle
parallelism describes the amount of partitions during shuffle operations [49, Spark
Configuration: Execution Behaviour & Spark SQL]. One needs to be aware that
Spark only treats the configured level of parallelism as a hint (cf. [48, Internals:
TaskSchedulerImpl > Default Level of Parallelism]), meaning that in some stages,
Spark might decide to use the number of partitions of a parent RDD for a transforma-
tion, or the total amount of executor cores (cf. [49, Spark Configuration: Execution
Behaviour & Tuning Spark: Level of Parallelism]).

The effective amount of partitioning of RRD data determines the amount of tasks,
since for each partition, a unique task is created. In other words, the amount of
parallelism “is equal to the number of tasks for each operation included in that
stage” [3]. One needs to pay special attention to “operation included” in the previous
quote: Since RDDs can persist in memory and get accessed by multiple stages, a
stage might not need to compute the tasks for an already computed RDD again.
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Unified Memory

Storage Memory Execution Memory User Memory Reserved
(300 MiB)

spark.memory.storageFraction

spark.memory.fraction

Figure 3.4.: Conceptual breakdown of the JVM heap space. Both the relative size
and location of the displayed memory regions are exemplary and might
differ in practice, and it is not documented whether the memory regions
are contiguous.

Achieving the right level of parallelism is significant for the performance of a Spark
application: If the degree of parallelism is less than the amount of total available
cores, the application cannot fully utilize all of them. On the other hand, a too large
degree of parallelism can lead to many small tasks, which eventually might lead to
performance issues due to a high overhead of managing those tasks (cf. [68], [69]).

Memory fraction. Spark divides the JVM heap space on each executor into multi-
ple memory regions with different purposes. Some amount of memory (hard-coded
to 300 MiB5) is reserved to the application outside of any Spark execution purpose
to ensure “sufficient memory for the system even for small heaps”6. In Spark ver-
sion 3.0.0, the application terminates with an exception if the available heap size
is less than 1.5 times the reserved memory size6, making sure that the user assigns
at least a bare minimum of memory to each executor. Together with the so-called
user memory region, the reserved memory is used “for user data structures, internal
metadata in Spark, and safeguarding against OOM [out of memory; M.B.] errors in
the case of sparse and unusually large records” [49, Tuning Spark: Memory Manage-
ment Overview]. In other words, the user memory region together with the reserved
memory is regular working memory for arbitrary application purposes.

The rest of the memory is the so-called unified memory region, whose size is con-
figured by the spark.memory.fraction property. This property specifies the fraction
(as a factor in [0, 1]) of the non-reserved memory that is allocated as unified memory
(instead of being used as user memory; see Figure 3.4). By varying this setting, it is
possible to provoke different memory pressure effects such as cache eviction, which
is why it is varied throughout the conducted experiments.
5 The official Spark documentation does not make it clear whether the reserved size is 300 MiB or

300 MB (cf. [49, Spark Configuration: Memory Management] and [49, Tuning Spark: Memory
Management Overview], but a look in the source code (see footnote 6) reveals the actual size.

6 Related source code: https://github.com/apache/spark/blob/v3.0.0/core/src/main/
scala/org/apache/spark/memory/UnifiedMemoryManager.scala#L194-L235 (visited on
03/18/2023).
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The unified memory region is split into two sub-regions, storage memory and exe-
cution memory. Execution memory is the memory used in most RDD computations
(“shuffles, joins, sorts and aggregations” [49, ibid.]), whereas storage memory refers
to memory “used for caching and propagating internal data across the cluster” [49,
ibid.]. The size of the storage region within the unified memory is configured by the
spark.memory.storageFraction property (also a factor in [0, 1]), which for the con-
ducted experiments is kept at the default value of 0.5 (cf. [49, Spark Configuration:
Memory Management]).

Petridis, Gounaris, and Torres have demonstrated that the memory fraction has a
high impact on performance and causes application crashes in extreme cases [4]. For
instance, increasing the memory fraction might result in too little memory available
for shuffling operations [4].

Input size. Before running a benchmark, HiBench generates pseudo-random input
data based on user-provided size configurations called scale profiles. Each profile
(namely tiny, small, large, huge, gigantic, and bigdata) is linked to preconfig-
ured (but modifiable) workload-specific settings such as the number of pages for
PageRank or the number of samples for k-means for example. For the conducted
experiments, the scale profiles were used as-is without additional modifications.

Due to the differences in data generations for different workloads, it is not mean-
ingful to compare distinct workloads by their scale profile (the input size might differ
greatly even for the same scale profile). Thus, for comparing input data sizes, it is
more appropriate to use the Bytes Read stage metric contained in the Spark event
logs (see Table 3.2). For the conducted experiments, the value of this metric for the
first stage directly corresponds to the size of the input data.

Although the input size is fairly small for the PageRank workload using huge as
the scale profile, it was not possible to test the experiments with gigantic as the
applications crashed, which is why this workload is only evaluated for the huge scale
profile. bigdata caused crashes for all tested workloads.

Workload hibench.scale.profile Bytes Read (stage 0)

WordCount huge 30.35 GiB
gigantic 303.5 GiB

PageRank huge 2.79 GiB

k-means huge 18.5 GiB
gigantic 37.1 GiB

Table 3.2.: hibench.scale.profile and the corresponding Bytes Read metric for the
first stage (stage 0) of the tested workloads when using the default Hi-
Bench workload configurations. Note that the Bytes Read values vary
slightly depending on the generated input data.
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3.3. Hardware
The experiments that were conducted as part of this thesis (see Appendix B) were
carried out on the RWTH Aachen University’s compute cluster CLAIX-2018. The
compute nodes of the cluster are equipped with Intel® Skylake Platinum 8160 CPUs
running at 2.1 GHz [70]. Each node consists of 2 sockets with 24 cores per socketand
the total memory per node amounts to 192 GB [70]. The cluster uses a Lustre-
based [71] file system with a read/write bandwidth of 150 GB/s [72].

3.4. Software
The experiments are conducted with HiBench commit bf390d2e60 (link visited on
02/14/2023), which was configured to target Apache Spark 3.0.0 for Hadoop 3.2.3.
CLAIX-2018 runs Linux CentOS 7.9 and the Apptainer image used to run the
experiments is based on the debian:stretch (Debian 9 [73]) Docker image. The
OpenJDK version used in the Apptainer container is 1.8.0_332.
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4. Implementing the POP
Methodology

In this chapter, I describe the steps I took to analyze an already executed Spark
application by means of extracting run-time data from the log files (see Section 4.1),
preparing the data for analysis (Section 4.2) and calculating POP metrics for Spark
applications (Section 4.3).

4.1. Data Extraction
Whenever a certain event happens in a running Spark application (that is, a new
executor is added to the application, a new stage is submitted, or a new task is
started, for example), Spark writes it to a log file if spark.eventLog.enabled is set
to true. In the log file, each event is logged as a single line which is a valid JSON
object literal that does not only contain the event type, but also further information
about the event. For instance, each SparkListenerTaskEnd event (emitted when a
task terminates) contains information about the task’s stage and executor as well
as various task metrics such as runtimes and the amount of bytes the task has read.
From the information contained in the event logs, one can gather comprehensive
information about all stages, executors, and tasks of the application. Obtaining
information about individual threads, however, is more involved and explained in
Section 4.2.

In this thesis, I use the Spark event logs as the sole source of information regarding
the application’s performance. Although there exist other possible approaches to
collecting performance information (e.g., using the JDK’s Java Flight Recorder [26]
or dedicated tools for monitoring distributed systems such as Ganglia [24], [25]),
the event logs contain all the information required to calculate the POP metrics as
proposed in Section 4.3.

I define 𝑆 to denote the set of all stages within the application, 𝑇 as the set of all
threads within the application, and 𝐾 as the set of all tasks within the application.
Furthermore, I denote the sets of all used threads resp. tasks within a stage 𝑠 ∈ 𝑆
as 𝑇 𝑠 ⊆ 𝑇 resp. 𝐾𝑠 ⊆ 𝐾 and the set of all tasks within a thread of a stage
𝑡 ∈ 𝑇 𝑠 as 𝐾𝑡 ⊆𝐾. Metrics that belong to individual stages, threads, and tasks are
denoted as attributes 𝑥.attr, which translates to “the value of the attribute attr
that belongs to 𝑥” (for an 𝑥 ∈ 𝐾 ·∪ 𝑇 ·∪ 𝑆). Some metrics directly come from the
event logs, others are later computed from that information; see Tables 4.1, 4.2, and
4.3 for a complete list of attributes used in this thesis.
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Sometimes, tasks might fail due to various reasons like running out-of-memory or
executor failures. In that case, event logs of those tasks might not contain the same
amount of information that they normally would for successful tasks even if those
tasks used computational resources and thus affected the performance like any other
task. This forces me to set some attributes of failed tasks to default values, since
there is no way to retrieve the actual information. Thus, if an application has a
large amount of failed tasks, the obtained POP results might vary from the correct
metrics.

Accumulators. Some Spark metrics originate from accumulators, which is a spe-
cial type of shared variable into which tasks and executors can merge values by
means of a commutative and associative operation [49, RDD Programming Guide:
Accumulators] (e.g., addition, which is used for all accumulators in Table 4.1). For
each accumulator variable, each task owns a local instance of that accumulator, and
after a task is completed, its local value is sent to the driver where it is merged to a
global reference to the accumulator [48, Shared Variables > Accumulators and In-
ternals: Scheduler > DAGScheduler > Updating Accumulators of Completed Tasks].
In Spark’s event logs, accumulators are listed with two value attributes per task,
update and value. The update attribute describes the value that the task sent to
the driver, whereas value is the total value of the global accumulator after being
merged with the update value.

Accumulators are not completely reliable when they are updated within trans-
formations: They might get updated multiple times by a single task if stages need
to be recalculated due to stage failures, or if Spark speculatively executes tasks to
counteract slowly running tasks [74]. For this reason, results from accumulators
should be treated with some care.

4.2. Thread Scheduling
The formulae of the POP1 metrics are defined with processes in mind (a generic
approach working for many parallelism paradigms such as MPI; cf. [8]), which for
Spark applications would be equivalent to the JVM processes run by their executors.
However, Spark allows for a more fine-grained view on the parallel distribution
of work: Each executor can run multiple threads in parallel, which is configured
with the hibench.yarn.executor.cores property as explained in Section 3.2. Spark
provides information about which executor ran which task, but unfortunately, the
same kind of information is not available for threads. To obtain that information, I

1 See https://github.com/apache/spark/blob/v3.0.0/core/src/main/scala/org/apache/s
park/ui/jobs/StagePage.scala#L263-L296 and https://github.com/apache/spark/blob
/v3.0.0/core/src/main/scala/org/apache/spark/status/AppStatusUtils.scala#L30-L
54 (both visited on 03/10/2023).
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Task attribute Description

𝑘.launchTime The timestamp in ms at which the task is launched.
Equivalent Spark task metric: Launch Time

𝑘.finishTime The timestamp in ms at which the task result reaches the driver.
Equivalent Spark task metric: Finish Time

𝑘.totalDuration 𝑘.finishTime − 𝑘.launchTime

𝑘.execRunTime The time in ms spent by the executor running the task. The equivalent
Spark metric includes both 𝑘.shuffleFetchTime and—although not documented—
𝑘.shuffleWriteTime1.
Equivalent Spark task metric:
*internal.metrics.executorRunTime

𝑘.usefulCompTime See Equation 4.3.

𝑘.schedulerDelay See Section 4.2.

𝑘.getResultTime The time in ms “that the driver spends fetching task results from workers” [49, Web
UI ].
Equivalent Spark task metric: Getting Result Time

𝑘.execDeserializeTime The time in ms spent by deserializing the task after it has reached the executor.
Equivalent Spark task metric:
*internal.metrics.executorDeserializeTime

𝑘.resSerializeTime The time in ms taken on the executor to serialize the result of a task.
Equivalent Spark task metric: Result Serialization Time

𝑘.shuffleFetchTime The time in ms the task waits for remote shuffle data to arrive.
Equivalent Spark task metric:
*internal.metrics.shuffle.read.fetchWaitTime

𝑘.shuffleWriteTime The time in ms taken by the task writing data to be shuffled.
Equivalent Spark task metric:
*internal.metrics.shuffle.write.writeTime

𝑘.shuffleBytesRead The amount of bytes that the task read from shuffle data.
Calculated from the Spark task metrics
*internal.metrics.shuffle.read.localBytesRead
+ *internal.metrics.shuffle.read.remoteBytesRead

𝑘.storageBytesRead The amount of bytes read from storage.
Equivalent Spark task metric:
*internal.metrics.input.bytesRead

𝑘.taskLocality Relative location of the task’s data. See p. 38 and Table 4.4.
Equivalent Spark task metric: Locality

𝑘.jvmGCTime The time in ms spent by garbage collection during the task’s runtime.
Equivalent Spark task metric: *internal.metrics.jvmGCTime

𝑘.taskFailed Whether the task failed due to an exception (see p. 34).
Equivalent Spark task metric: Failed

𝑘.taskKilled Whether the task was killed by the application (see p. 34).
Equivalent Spark task metric: Killed

𝑘.bytesSpilled The amount of memory spilled to disk in bytes (see p. 40).
Equivalent Spark task metric: Memory Bytes Spilled

𝑘.peakMemory The maximum execution memory this task used (see p. 40).
Equivalent Spark task metric: Peak Execution Memory

Table 4.1.: Task attributes used in this thesis (for all tasks 𝑘 ∈ 𝐾). Spark metrics
denoted with “*” are accumulators, whose update values are used for the
task attribute. For a complete list of available Spark metrics please refer
to [49, Monitoring and Instrumentation].
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Thread attribute Description

𝑡.usefulCompTime The total useful computation time of the thread in ms, as
defined in Equation 4.4.

𝑡.inputBytesRead The total amount of input bytes all tasks of the thread read
from storage and shuffle data:∑︀

𝑘∈𝐾𝑡
𝑘.storageBytesRead + 𝑘.shuffleBytesRead.

Table 4.2.: Thread attributes used in this thesis (for all threads 𝑡 ∈ 𝑇 ).

Stage attribute Description

𝑠.duration The total run time of a stage in ms. Calculated with the two
Spark metrics completionTime− submissionTime.

Table 4.3.: Stage attributes used in this thesis (for all stages 𝑠 ∈ 𝑆).

simulate a thread scheduler within each executor.
The scheduler, whose pseudocode implementation can be found in simplified form

in Algorithm 1, first assigns as many threads to each used executor as there are
cores configured, and then allocates individual tasks to threads based on the time
they arrive at the scheduler and their executor ID (equivalent Spark task metric:
Executor ID).

The arrival time of a task is the task’s launch time 𝑘.launchTime plus the so-called
scheduler delay. The description of what exactly is encompassed within the scheduler
delay varies slightly even within official Spark sources. According to a tooltip in the
web UI of the Spark History Server, the “Scheduler delay includes time to ship the
task from the scheduler to the executor, and time to send the task result from the
executor to the scheduler”2. On the other hand, the Spark documentation describes
it only as “the time the task waits to be scheduled for execution” [49, Web UI ].
The documentation for the IBM Spectrum Conductor platform, which can be used
to manage Spark applications, seems to support the latter description3, and the
existence of the Getting Result Time task metric (𝑘.getResultTime) also speaks
against the tooltip in the web UI. Because of this—and because it would not be
possible to split the scheduler delay into a pre-task delay and a post-task delay from
the information available in the event logs—I will stick to the explanation of the
Spark and Spectrum Conductor documentations and assume that the History Server
UI tooltip is either wrong or imprecise. Following this, the scheduler delay is the
time between launching a task and its arrival in serialized form at an executor. The

2 See https://github.com/apache/spark/blob/v3.3.0/core/src/main/resources/org/apac
he/spark/ui/static/stagepage.js#L351-L352 (visited on 02/10/2023).

3 See https://www.ibm.com/docs/en/spectrum-conductor/2.5.1?topic=performance-tun
ing-spark-application-tasks#concept_yqq_r1q_cy__title__2 (visited on 02/10/2023).
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Figure 4.1.: Anatomy of a task 𝑘 ∈ 𝐾. The ratios of individual timings are exem-
plary. Note that 𝑘.shuffleFetchTime and 𝑘.shuffleWriteTime over-
lap with 𝑘.execRunTime (see Table 4.1).

scheduler delay is not directly contained in the task metric in the event log, but
since all other timings of a task are available, it can be calculated as follows for a
task 𝑘 ∈𝐾:

𝑘.schedulerDelay := 𝑘.finishTime− 𝑘.launchTime
− 𝑘.execDeserializeTime− 𝑘.execRunTime
− 𝑘.resSerializeTime− 𝑘.getResultTime.

(4.1)

When there is no free thread for a task at the time of its arrival, the scheduler
simulates additional waiting and outputs a warning so that the reason for the delay
can be investigated. Since the arrival times of tasks are fixed by data contained
in the event logs, having to wait implies either a problem with the scheduler or
with the data itself. Although the issue did not arise in most of the conducted
experiments, in some cases the scheduler had to simulate waiting by 2 milliseconds
due to overlapping task timings ([E20], [E26], [E30])4. Yet, I am rather confident in
the correctness of the implemented scheduler as far as it is possible to be correct:
Because the timings from the event logs that I use for scheduling are provided with
millisecond resolution, there is a chance for imprecisions and rounding errors that
can slightly affect the results or even cause waiting time. Although being difficult
to prove, I suspect this to be the cause of the observed delays as described above.
4 Originally, I suspected that not subtracting 𝑘.getResultTime from 𝑘.finishTime in the sim-

ulated scheduler (see Algorithm 1, line 28) was causing this delay, but implementing this did
not solve the issue: In the referenced experiments, not a single task had a 𝑘.getResultTime
value larger than 0. It is not documented when exactly a thread is ready for further work after
completing a task; in fact it could even be wrong to subtract 𝑘.getResultTime as the driver
might need to re-fetch the task result before a new task can start (in case fetching the task result
failed before). Further research is required on this subject.
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However, data precision is not the only limitation of the simulated scheduler.
In general, we can only reliably map a task to an executor since that mapping is
provided by the event logs, but there is no guarantee to which thread within an
executor a task is scheduled. This depends on the order in which the algorithm
iterates through the threads to check whether there are threads available for work.
The results of a few POP metrics might vary marginally depending on to which
thread a task is scheduled, but the scheduler will not introduce further delay since
previous work of a free thread does not affect future execution. Also, the scheduler
technically depends on partly undocumented and unspecified Spark internals that
might change at any point in time.

A much bigger issue is that in some rare cases, Spark might decide to run stages
with less executors as being available and instead allocates more cores to the remain-
ing executors ([E22], [E28]). In most cases this is not problematic: The scheduler
first only assigns threads to executors that are actually used by tasks in the current
stage, and in turn it leaves some unassigned threads that can be claimed by over-
lapping tasks for their executors. However, if this case occurs in combination with
the aforementioned precision issues that can cause some tasks to slightly overlap,
the scheduler might allocate more threads per executor than actually used5 and
thus cause waiting times for threads of other executors since they can no longer use
as many threads as they did in reality. There is no information available in the
event logs to systematically notice these issues, they usually make themselves felt
by causing long (multi-second range) task waiting times because not all tasks can be
scheduled on the thread to which they belong. This problem could be (unreliably)
resolved either by introducing a clever heuristic that differentiates task overlapping
from situations in which executors use a different amount of cores, or manual user
intervention in problematic cases.

From the result of the thread scheduler, one can obtain the amount of threads that
are actually used within a stage 𝑠 ∈ 𝑆 (|𝑇 𝑠|). Since Spark might spawn less parallel
tasks than there are threads (e.g., due to a too small degree of parallelism), 𝑇 𝑠 differs
from the set of available threads 𝑇 in many cases. Many of the POP metrics defined
in Section 4.3.2 calculate averages over a set of threads and specifically consider 𝑇 𝑠

instead of 𝑇 in order to decorrelate the results from the stages’ load balance, which
would otherwise affect those metrics in case of unused threads.

5 This effect can be seen in the web UI of the Spark History Server, which in the Event Timeline
on the Stage Detail pages simply stacks all tasks as they fit vertically and thus often requires
more vertical lanes for tasks than there are threads. This is a side effect of 1) ignoring the
scheduler delay for the sake of illustration purposes (which is justified but increases the chance
of overlapping tasks) and 2) creating the timeline graph with the vis.js framework [75], which
automatically calculates the stacking based on the given timings and the current zoom level
(tasks outside the viewport are not taken into account). This is also why it is not possible to
label the y-axis within each executor section on the timeline.
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Figure 4.2.: Example result of the simulated thread scheduler for the first stage
of the WordCount benchmark (experiment [E2]). Each colored block
represents a single task, with each distinct color representing a unique
executor.

4.3. Calculating POP Metrics for Spark Applications

Since Spark applications are naturally divided into stages that 1) do not interact
with each other while running and 2) may differ greatly in terms of their purpose
for the application, I calculate the POP metrics per stage. Generally, multiple
stages or jobs can run in parallel if they do not depend on each other. However, in
case of the experiments that were conducted as part of this thesis, the stages and
jobs did depend on each other, which in turn caused all stages to run sequentially.
This is convenient for the calculation of POP metrics since stages do not compete
for computational resources, and for the formulae presented in this chapter I thus
assume that all stages run in isolation from each other. For applications that run
multiple jobs or stages in parallel, it might be required to approach the calculation
of some metrics in a different way.

Since different stages of an application often differ greatly in terms of their du-
ration, it does not make sense to treat the resulting metrics of each stage equally
important. A stage that runs for less than a second usually is not worth optimiz-
ing, whereas the performance of a stage that runs for many minutes, hours, or even
days has to be taken much more serious. To prevent misinterpretations of POP
results for Spark applications, I also provide each efficiency as an average weighted
by the duration of each stage. This way, stages with longer runtimes contribute
much stronger to the final result. The weighted average 𝐸∅ of an arbitrary POP
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efficiency 𝐸 is computed as

𝐸∅ = 1∑︀
𝑠∈𝑆 𝑠.duration

∑︁
𝑠∈𝑆

(𝑠.duration · 𝐸𝑠) , (4.2)

with 𝐸𝑠 denoting the value of 𝐸 with regard to stage 𝑠 ∈ 𝑆.
Most of the formulae presented in this section contain ratios of measurements

which potentially could cause a division by zero. For many POP metrics these cases
luckily almost never happen in reality, as the run time of tasks or threads—they
often make up the denominator of said ratios—is usually non-zero. However, some
formulae like Equation 4.19 are prone to this issue, and even if the risk is low in other
cases, it makes sense to define default values for the formulae just in case. Since a
division by zero in those formulae happens when Spark does nothing with regards
to the metrics in question (i.e., if tasks do not read any input bytes from storage
in a stage), I set those metrics to 1 in those cases because there is no efficiency to
loose from nothing. For the sake of readability, handling the default values of the
following formulae is omitted in the mathematical notation.

In the following sections, I use 𝑠 ∈ 𝑆 to denote the currently evaluated stage.

4.3.1. POP Standard Metrics
In this section, I propose an approach to apply the POP1 standard metrics as
introduced in Section 2.4 to Spark applications, which—apart from the serialization
and transfer efficiencies—is mostly a matter of replacing processes in the original
equations with threads.

Serialization Efficiency, Transfer Efficiency. As mentioned in Section 2.4, cal-
culating the serialization efficiency and the transfer efficiency requires running a
simulation of the application to obtain true stage runtimes on an ideal network.
This poses a problem, since no such simulation exists for Spark; and due to Spark’s
complexity, it seems fairly questionable whether creating one would be worth the
work. However, it is still possible to get approximate results by simulating how the
run time of each task and its scheduling could change if all network-related task
timings were omitted. This is similar to the blocked time analysis approach in [7]
that removes all network and disk-related task timings (blocked times) and then re-
schedules all tasks. This comes close to an isolation of networking effects, however,
there are at least two causes for inaccuracy: First, Spark might schedule tasks dif-
ferently in practice with reaction to changed network properties (e.g., the locality
of the data of a task does not matter anymore), and more importantly, tasks might
actually do network-related work within the task’s useful computation time (e.g., by
fetching storage data over the network), the duration of which cannot be extracted
from the event logs. This likely keeps some network-related effects invisible, so the
event logs alone are not sufficient to completely determine whether networking is a
bottleneck.
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Figure 4.3.: Hierarchical overview of all POP efficiencies for Spark applications, in-
cluding Spark-specific metrics (see Section 4.3.2). Cause-identifying
metrics (see Section 4.3.2.1) are not included in this figure as they do
not contribute to the global efficiency.

Unfortunately, the original POP metrics assume that the useful computation time
of a process (or of a thread in case of Spark) does not change because of networking
effects. This means that in both the original equations for the serialization efficiency
and the communication efficiency (Equations 2.1 and 2.3), 𝑡Comp(𝑝) is identical.
When re-scheduling tasks on an ideal network, one would naturally ignore data
locality and schedule each task as soon as any executor thread is available anywhere
on the cluster. However, this would potentially result in different values for 𝑡Comp(𝑝)
on ideal and real networks, so in order to avoid this conflict, each task must be
scheduled to the same thread regardless of the network in which the application
is executed6. This further decreases the accuracy of the calculations, since Spark
might schedule tasks differently if it was executed on an ideal network.

6 Incidentally, this reduces the complexity of the ideal network scheduler: It no longer needs to
map tasks to threads, so its work is logically reduced to a mere approximation of the duration
of a stage on an ideal network.
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To calculate the total run time of a stage on an ideal network (see Algorithm 2), I
do not only consider the maximum time any thread spends with useful computation
as this would most likely always yield a serialization efficiency close to 1 (tasks within
a stage have no dependencies between each other and thus 1) do not need to wait for
each other and 2) can be scheduled immediately when there is a thread available).
Instead, I delay each thread in the ideal network scheduling by the launch time of
the first task in that thread relative to its stage, to make sure that any delays that
happen between the submission of a stage and the launching of its first task are taken
into account for calculating the results. Likewise, I retain the time span between the
last task on the real network scheduling and the completion of its stage. Technically,
this approach is not required and one could simply ignore the serialization efficiency
for Spark applications, but it allows to see how much time a stage spends outside
of any actual computation, even if that time might be different on a “real ideal”
network. In some way this is similar to the serial component of Amdahl’s Law [76],
which seems to be a meaningful way to use the serialization efficiency in Spark
applications.

For the thread scheduler that simulates an ideal network, I define the useful
computation time of a task 𝑘 ∈𝐾 as follows

𝑘.usefulCompTime := 𝑘.execRunTime
+ 𝑘.execDeserializeTime + 𝑘.resSerializeTime,

(4.3)

and the corresponding thread attribute for a thread 𝑡 ∈ 𝑇 as

𝑡.usefulCompTime :=
∑︁

𝑘∈𝐾𝑡

𝑘.usefulCompTime. (4.4)

The above, perhaps somewhat unorthodox looking Equation 4.3 excludes the sched-
uler delay as well the time spent by fetching task results, however, the network-
related 𝑘.shuffleFetchTime (part of 𝑘.execRunTime) is included by purpose since
it has its own efficiency ETaskShuffleFetch to obtain specific shuffle-related POP results
(see Equation 4.16). If 𝑘.shuffleFetchTime was excluded in the above definition,
the scheduler would ignore it and in turn it would be included twice in the global
efficiency.

Once the run time of the current stage in an ideal network has been calculated with
scheduleThreadsIdealNetwork as defined in Algorithm 2, the serialization
efficiency can be calculated as follows:

ESerialization = max𝑡∈𝑇 𝑠 𝑡.usefulCompTime
scheduleThreadsIdealNetwork(𝑠) ∈ [0, 1]. (4.5)

The transfer efficiency is calculated as

ETransfer = scheduleThreadsIdealNetwork(𝑠)
𝑠.duration

∈ [0, 1]. (4.6)
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Communication Efficiency. The communication efficiency simply is the product
of ESerialization and ETransfer, however, one can calculate it without having to calculate
the sub-metrics first as explained in Section 2.4:

ECommunication = max𝑡∈𝑇 𝑠 𝑡.usefulCompTime
𝑠.duration

∈ [0, 1]. (4.7)

Load Balance Efficiency. The load balance efficiency for Spark applications can
be obtained by calculating the following:

ELoadBalance =
1

|𝑇 |
∑︀

𝑡∈𝑇 𝑡.usefulCompTime

max𝑡∈𝑇 𝑡.usefulCompTime
∈ [ 1
|𝑇 |

, 1]. (4.8)

Note that the load balance is computed not only over all threads in the current
stage (𝑇 𝑠) but over all available threads (𝑇 ). This makes it possible to recognize
configuration issues like a too small degree of parallelism that might cause Spark
to create fewer partitions than threads (see Chapter 5). If stages of the evaluated
application ran in parallel, it might be reasonable to use 𝑇 𝑠 instead to only account
for threads that were actually used by the current stage.

Transforming the unnormalized load balance metric into the normalized one as
discussed in Section 2.4 works in the same way as Equation 2.5, one only has to
replace 1

𝑃
by 1

𝑇
(or 1

𝑇 𝑠
). For the experiment results listed in Appendix B, I use

the unnormalized original metric ELoadBalance to calculate the parallel efficiency in
order to stay close to the POP specifications (see Figure 2.4). Due to the size of
the tables, I do not include the results for the normalized metric, but given the
amount of threads available in the experiments, the values of the normalized and
unnormalized metrics did not differ much.

Parallel Efficiency. The calculation of the parallel efficiency does not change from
the original definition in Equation 2.6. Just as with the original POP metrics, I use
the unnormalized ELoadBalance for the parallel efficiency.

Computational Scaling Efficiency. As explained in Section 2.4, the computational
scaling efficiency requires the application to run with a bare minimum of computa-
tional resources (i.e., a reference configuration) for comparison, in order to measure
the effect of scaling these resources. For the experiments, I executed the workloads
on one node with one executor using one core each, and a degree of parallelism of
one, which amounts to one thread and one partition in the default case (Spark might
still decide to use a different amount of partitions, however). All other configura-
tions (e.g., the memory fraction, input size, as well as the driver/executor memory)
remained unchanged in order to only consider strong scaling factors.

Since the POP metrics I propose for Spark are calculated for stages, one needs
to adapt this concept to stages of a reference configuration. I define 𝑠𝑅 to be the
stage in the reference workload that corresponds to the currently evaluated stage 𝑠
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(i.e., both stages have the same index). Then, the computational scaling efficiency
for Spark applications is computed as follows:

ECompScaling = 𝑠𝑅.duration
𝑠.duration

∈ (0,∞). (4.9)

Global Efficiency. Because I define a set of POP metrics specifically for Spark
applications in Section 4.3.2, the global efficiency does no longer only include EParallel
and ECompScaling as in Equation 2.8, but also the Spark-specific metrics as defined in
Section 4.3.2:

EGlobal = EParallel · ECompScaling · ETaskSuccess · ETask ∈ (0,∞). (4.10)

4.3.2. Spark-specific POP Metrics
Although the POP standard metrics already cover a large area of possible perfor-
mance bottlenecks, they alone do not give complete overview over the performance
of a Spark application. The Spark event logs expose a lot of detailed information
that can be used to obtain a broader image of performance bottlenecks of Spark ap-
plications, so in this section I propose additional POP metrics specifically designed
for Spark applications.

Task Success Efficiency. In some applications it might happen that certain tasks
do not terminate successfully. Spark distinguishes between two types of unsuccessful
tasks: failed tasks terminate by themselves due to problems within their own scope
of execution, whereas killed tasks are terminated from outside.

Failed tasks might occur for example when an executor runs out of memory
(see [E17]). Killed tasks on the other hand can be a symptom of tasks that take an
unusually long amount of time to complete (so-called straggler tasks) if Spark is con-
figured to perform speculative execution. With speculative execution (not enabled
for the experiments in this thesis, see Table 3.1), Spark spawns redundant copies
of tasks if it concludes that the copies might finish sooner as their slow-running
equivalents. If this assumption holds true, the slow running tasks are killed once
their counterpart terminates successfully (cf. [77]).

Thus, the occurrence of many unsuccessful tasks is often an indicator of underlying
problems, and it is self-evident that such situations can be critical for performance
since it implies a waste of computational resources. To identify such cases, I propose
a task success efficiency

ETaskSuccess :=
∑︀

𝑘∈𝐾𝑠
[¬(𝑘.taskFailed ∨ 𝑘.taskKilled)]

|𝐾𝑠|
∈ [0, 1], (4.11)

where [𝑋] for a logical statement 𝑋 is the Iverson bracket notation that evaluates
to 1 if 𝑋 is true and to 0 otherwise.
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Task Efficiency. As shown in Figure 4.1, the duration of a task does not only
consist of useful computation, instead it includes a lot of additional timings that
ideally should be as short as possible in order to achieve the best efficiency. Most
of the network-related task timings are already dealt with by the transfer efficiency,
however, there exist other timings that so far are not part of any metric. The ratios
of these additional timings are bundled in the task efficiency, whose sub-efficiencies
are explained on the next pages. If the task efficiency is low, only a small amount of
time is spent on average with useful computation in the tasks of the current stage.

ETask := EGC · ETaskDeserialization · EResultSerialization · ETaskShuffle ∈ [0, 1] (4.12)

GC Efficiency. In order to free previously allocated memory, Spark applications
rely on garbage collection in the JVM processes. Most of the available imple-
mentations of JVM garbage collectors make use of the mark-and-sweep method,
which works by frequently interrupting currently executing threads, searching for
and marking unreferenced memory (mark phase), and then freeing it in the sweep
phase. These frequent interrupts slow down the execution of programs by some de-
gree, which makes garbage collection a potential significant performance bottleneck
of Spark applications (cf. [35], [78], [79]). If the amount of available memory gets
sufficiently small, the frequency of garbage collection might increase in order to keep
enough memory available for execution (GC pressure), which in turn also increases
the GC-induced overhead.

Garbage collection in the JVM comes in two qualities: minor collections and ma-
jor collections. The minor garbage collection takes care of relatively young objects
on the heap, whereas the major garbage collection frees objects that were used for a
longer time and already survived multiple minor garbage collections [80]. Especially
the number of major collections within an application is important, as “[m]ajor col-
lections usually last much longer than minor collections because a significantly larger
number of objects are involved” [80].

Investigations have shown that the amount of time spent with garbage collection
in Spark directly correlates with the input data size, but with a larger-than-linear
growth [79]. Garbage collection is an especially important performance factor for
applications accessing many different RDDs as this increases the chance of evicting
objects from memory [49, Tuning Spark: Garbage Collection Tuning]. For instance,
Kang et al. conclude “that garbage collection accounts for almost 16–47% of the
total elapsed time of running iterative algorithms on Spark” [35], Awan et al. come
to similar results (48% for k-means, slightly lower values for WordCount) [79].

Apart from the application’s workload, a high garbage collection overhead can also
be a consequence of Spark internals or the JVM itself: For example, Spark’s Unified
Memory Manager, which is used to manage the heap memory, usually allocates more
execution memory than needed [78], [81]. This improves the performance for opera-
tions on the execution memory region, but on the other hand can result in a longer
time spent with garbage collection (among other issues) [78], [81]. Also, garbage
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Figure 4.4.: Amount of minor and major GC invocations per stage based on the
memory fraction for all conducted experiments in which only the mem-
ory fraction was varied. Data points connected by a line belong to the
same stage using the same parameters apart from the memory fraction.

collection itself tends to be “memory hungry” [31], which reduces the amount of
memory an executor can use for its computation purposes and in turn artificially
increases the GC pressure.

To notice cases in which garbage collections appears to be a bottleneck, I propose
the following GC efficiency:

EGC := 1−
∑︀

𝑘∈𝐾𝑠
𝑘.jvmGCTime∑︀

𝑘∈𝐾𝑠
𝑘.totalDuration

∈ [0, 1]. (4.13)

To further investigate garbage collection issues, one can make use of dedicated JVM
flags to obtain debug logs about the garbage collector [82]. These can be visualized
in tools like GCViewer [83].

In the experiments, increasing the memory fraction for iterative workloads also
increased the amount of time spent in garbage collection, resulting in a decreased
GC efficiency (see [E16], [E22], [E28]). This appears to be caused by a increase
in GC pressure due to little available user memory that in turn causes the garbage
collector to become active more often. The amount of minor GC invocations slightly
decreased with a higher memory fraction, but the amount of major GC invocations
increased, especially for the case of 0.9 as the memory fraction (cf. Figure 4.4).

Task Deserialization Efficiency, Result Serialization Efficiency. The time taken
by deserializing a task on an executor can have a major performance impact as well.
For instance, in Azure Databricks Data Science & Engineering (a data analytics
tools based on Spark), a certain kind of library (a so-called cluster-installed library)
is “only installed on the executors when the first tasks are submitted” [84]. The time
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spent by installing those libraries is then counted as part of a task’s deserialization
time [84]. Although cases like this are probably rare in practice, it makes sense to
define a metric that recognizes them:

ETaskDeserialization := 1−
∑︀

𝑘∈𝐾𝑠
𝑘.execDeserializeTime∑︀

𝑘∈𝐾𝑠
𝑘.totalDuration

∈ [0, 1]. (4.14)

Likewise, it could theoretically happen that the amount of time a task spends
with serializing the result is a bottleneck, so I also define a metric for that purpose:

EResultSerialization := 1−
∑︀

𝑘∈𝐾𝑠
𝑘.resSerializeTime∑︀

𝑘∈𝐾𝑠
𝑘.totalDuration

∈ [0, 1]. (4.15)

In the conducted experiments, there were no cases of exceptionally long deserializa-
tion or serialization times.

Task Shuffle Efficiency. To make performance problems caused by shuffling no-
ticeable, I define two metrics for the amount of time spend with fetching and writ-
ing shuffle data, respectively. These metrics are combined in the superordinate task
shuffle efficiency.

ETaskShuffleFetch := 1−
∑︀

𝑘∈𝐾𝑠
𝑘.shuffleFetchTime∑︀

𝑘∈𝐾𝑠
𝑘.totalDuration

∈ [0, 1] (4.16)

ETaskShuffleWrite := 1−
∑︀

𝑘∈𝐾𝑠
𝑘.shuffleWriteTime∑︀

𝑘∈𝐾𝑠
𝑘.totalDuration

∈ [0, 1] (4.17)

ETaskShuffle := ETaskShuffleFetch · ETaskShuffleWrite ∈ [0, 1] (4.18)

4.3.2.1. Cause-identifying POP Metrics

The POP metrics that were introduced so far all deal with performance bottlenecks.
Each decrease in value directly corresponds with a loss of efficiency compared to an
optimal case, and the mathematical “weight” of those metrics in the resulting global
efficiency does not matter because the loss in efficiency itself controls the weight.
This is the essence of the original POP methodology that I want to preserve with the
metrics proposed so far, however, the information contained in Spark’s event logs
allows to get more insight about potential causes of performance problems. Thus,
in this section, I propose three additional metrics that are motivated by known
reasons for performance problems in Spark, however, their values do not say much
about the actual importance of the recognized problems. Consequently, it is not
possible to determine useful weights for them, so I do not include the following
metrics in the global efficiency and only use them as accompanying metrics for
further investigations.
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Input Balance. A common cause of load-balance-related performance problems
in real-world Spark applications is a poor distribution of data among partitions
(and thus potentially among executors or nodes), called data skew [85], [86]. If
amount of data reads is distributed unevenly between partitions, some tasks within
a stage may take longer to compute than others, which in many cases introduces
unnecessary waiting time to the system. This is known to have a major impact on
an application’s performance in some cases [85], [86].

In order to catch issues caused by poor data distribution, I propose an input
balance metric that describes the balance of all used threads of the current stage in
terms of the amount of read input bytes:

EInputBalance :=
1

|𝑇 𝑠|
∑︀

𝑡∈𝑇 𝑠
𝑡.inputBytesRead

max𝑡∈𝑇 𝑠 𝑡.inputBytesRead
∈ [ 1
|𝑇 𝑠|

, 1]. (4.19)

As already mentioned before, 𝑇 𝑠 is used instead of 𝑇 in order to decorrelate the
input balance as much as possible from the load balance in case not all threads are
utilized by the current stage. This way, the input balance metric can be used to
investigate reasons for a bad load balance if an insufficient utilization of threads can
be ruled out.

One could easily adapt this metric to compute the balance over all tasks within a
stage instead of just computing the balance between threads, but then the resulting
efficiency would not only consider data skew (a spatial effect), but also the temporal
distribution of work which is not particularly relevant to the application as long as
the work is equally distributed among threads. Similar to the transformation of the
load balance efficiency in Equation 2.5, the input balance can be normalized to [0, 1]
as well, if desired.

Task Locality. Generally speaking, the closer data is to a node, the faster the node
is able to access it due to less latency and less network congestion [52]. Thus, data
locality can be a potential performance bottleneck, especially on clusters with slow
network hardware. RDDs are equipped with a function getPreferredLocations that
returns a sequence of preferred hostnames for a given partition, which, when creating
tasks, Spark’s DAGScheduler together with the TaskSetManager use to determine the
actual location for a task [48, Internals: Scheduler > DAGScheduler and Internals:
Scheduler > TaskSchedulerImpl]. Once a task is created and pending execution, the
TaskSetManager assigns a locality level to it that describes where the task is located
relative to the data it is accessing (see Table 4.4).

To detect potential issues related to data locality, I propose a task locality metric,
which assigns a score ∈ [0, 1] to each task locality level and then computes the
average score of all tasks within a stage:

ETaskLocality := 1
|𝐾𝑠|

∑︁
𝑘∈𝐾𝑠

LocalityScore(𝑘.taskLocality) ∈ [0, 1]. (4.20)
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Locality Level Description

PROCESS_LOCAL The task’s data is in the same JVM process as the task.
NODE_LOCAL The task’s data is on the same node as the task.
RACK_LOCAL The task’s data is on the same server rack as the task.
ANY The task’s data is not on the same server rack as the task, but

anywhere else on the network.
NO_PREF The access time for the task’s data does not depend on the

task’s location.

Table 4.4.: List of all Spark task locality levels. Adapted from [49, Tuning Spark:
Data Locality].

LocalityScore is a function that maps a given locality level to its score, defined by
the following function graph:

{(PROCESS_LOCAL, 1.0),
(NODE_LOCAL, 0.6),
(RACK_LOCAL, 0.3),
(ANY, 0),
(NO_PREF, 0.5)}.

(4.21)

In general, the PROCESS_LOCAL level is preferable for tasks as it should result in the
fastest data access times. Because the data locality is not specified for NO_PREF, it
is not possible to estimate data access latencies in that case. For this reason, I set
its score to 0.5.

There are many causes for data locality problems: For example, the partitioning
of the input data in HDFS can lead to cases in which all the input data of an
application is stored only on the namenode (an extreme instance of data skew). In
the conducted experiments, it is a common pattern that ETaskLocality is low especially
in the first stage(s). Even though I am not able to verify this at the time of writing,
I suspect that the HiBench benchmark suite creates the input data only in HDFS
blocks on the namenode. All datanodes are registered and live according to the
output of the hdfs dfsadmin -report command.

Although the task locality metric is a good example of a POP metric that can
be used to notice misconfigurations of the cluster or application, task locality issues
might not only emerge by an application’s non-optimal configuration, but also by
the scheduling of multiple competing Spark jobs on a cluster: To improve both
data locality and throughput on multi-user clusters, Zaharia et al. have proposed
Delay Scheduling, which lets jobs wait for a small duration of time if they cannot be
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launched local to their data [87]. Delay Scheduling is now part of Apache Spark [88]
and can be configured by the spark.locality.wait.␣ properties that default to
3 s of additional waiting [49, Chapter Spark Configuration].

Memory Spill. When the size of partitions exceeds the available memory of the
executor to which they belong, Spark temporarily spills the entire data of some of
the executor’s partitions to disk. Since spilled data needs to be loaded into memory
again in order to be processed and not all spilled data can fit into memory at once,
data spills can cause serious performance issues [89]. To find issues caused by spilled
data, I propose a dedicated memory spill metric.

Ideally, one would want the memory spill metric to describe how much memory
was spilled to disk compared to the total required memory on an ideal machine with
an infinite amount of working memory. This would allow to define a POP metric
with values in [0, 1]:

Number of bytes spilled in the current stage 𝑠

Total required memory to store all data in RAM ∈ [0, 1].

The value of the denominator is almost logically equivalent7 to the total amount
of unique memory that was allocated in any point in time in order to store the
partition data. Unfortunately but unsurprisingly, Spark does not track and provide
that information, which makes it impossible to calculate the idealistic version of the
metric. Instead, one needs to find other values for the denominator of the metric’s
formula to approximate the result.

The only Spark metrics related to a task’s memory usage represent the amount
of memory used at a fixed point in time (that is, either the amount of currently
allocated memory or the maximum used memory so far). This poses a problem,
since memory might get spilled multiple times over the execution time of a task and
thus the amount of bytes spilled in a stage has no upper bound and might grow
larger than the memory usage at any point in time, resulting either in a POP metric
outside the normalized range or a hard cutoff (if clamping values) that would not
allow for arbitrary degrees of “badness” in the results. There exist various heap-
related metrics for executors, however, they show the same kind of problem. In
addition, using them would count spilled tasks twice in the result as such tasks
contribute to the Heap memory metrics before the executor runs out of memory,
and they add to the amount of spilled memory after their data gets spilled to disk.
Luckily, we know from the 𝑘.bytesSpilled task metric how much memory a spilled
task would require if it was kept in memory (at least the metric is a very close
approximation of that), so we only need to find a replacement for the overall amount
of memory required by tasks whose partition is not spilled to disk.

This replacement does not exist in the available data, so one might come to the
conclusion that the only meaningful and practical way to define a memory spill
7 Apart from implementation details; the application might technically allocate slightly different

amounts of memory depending on various factors.
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metric is to count how many tasks were spilling memory and then compare it with
the total amount of tasks in a stage. Unfortunately, this quantitative approach does
not differentiate between the potential performance impact of different spilled tasks
(i.e., a task spilling a few megabytes of data likely is much less of a performance
problem than a task spilling dozens of gigabytes). For this reason, I think that
is more useful to give up some accuracy in favor of gaining more insight about
the strength of data spilling by using the task’s 𝑘.peakMemory metric to (roughly!)
estimate the amount of execution memory a task needs in total over time. This does
not yield the most precise results as the value is likely too small, but on the other
hand this gives large amounts of spilled bytes some extra weight. In addition, spilled
data can also originate from the storage memory region of the heap (cf. [89]), but
no proper task-based metric exists for that purpose (𝑘.peakMemory only considers
execution memory [49, Chapter Monitoring and Instrumentation]).

I define the memory spill metric as follows:

EMemorySpill := 1−
∑︀

𝑘∈𝐾𝑠
𝑘.bytesSpilled∑︀

𝑘∈𝐾𝑠
MemUsedBytes(𝑘) ∈ [0, 1], (4.22)

with

MemUsedBytes(𝑘) : 𝐾 → N0,

𝑘 ↦→

⎧⎨⎩𝑘.bytesSpilled if 𝑘.bytesSpilled > 0
𝑘.peakMemory otherwise.

(4.23)

The metric evaluates to 1 if no bytes were spilled in the current stage, and to 0 if all
tasks were spilled. The higher the peak execution memory of all non-spilled tasks is,
the less influence spilled tasks have in the result. The higher the amount of spilled
bytes is compared to a fixed peak memory, the lower the resulting efficiency is.
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5. Workload Performance Analysis
Although some experimental results were already presented in the last chapter,
I want to give a brief overview about my findings for the tested workloads (see
Appendix B) as well as observed limitations of both the conducted experiments
and the proposed POP metrics. As already mentioned in Chapter 3, the quota of
the thesis project on the compute cluster did not allow for redundant experiments,
which is why the results are not averaged from multiple runs. Accordingly, please
treat the following findings with some care.

5.1. Experiment Results
Generally, the network performance of CLAIX-2018 does not seem to be an issue
according to the calculated POP metrics, similar to what is claimed in [7] and [13]
for clusters in general. However, one needs to keep in mind that CLAIX-2018 is
an HPC cluster specifically equipped with fast networking hardware, so the results
might vary on clusters running on commodity hardware. More importantly, the
POP metrics only consider task timings as provided in the Spark event logs, which
do not contain information about the time spent by waiting for storage data to arrive
on an executor. For this reason, the current set of metrics simply might not be able
to recognize some disk and network related bottlenecks, as explained in detail on
the following pages.

Throughout the experiments, the ETaskLocality exhibits rather bad values due to
what was observed on p. 39. This could be a side effect of running the applications
on an HPC cluster, more validation is required here.

WordCount. The WordCount workload generally seems to run fairly well apart
from some exceptions, the experiments show very good communication and task
efficiencies, and memory spilling is not an issue at all. The memory fraction does
not seem to have a high impact on the WordCount workload, indicating–together
with the absence of spilling memory–that memory does not need to be considered
an issue for WordCount.

However, the second stage shows a bad load balance in many cases, which ap-
pears to be caused by configuring a too small degree of parallelism compared to
[E5], [E12]. This results in an incomplete utilization of available threads, since the
reduceByKey transformation “hash-partitions the output with the number of parti-
tions (i.e. the default parallelism)” [14]. Although it should be possible to achieve
a much better utilization of threads in the second stage by configuring a higher
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degree of parallelism, this factor was insignificant for the conducted experiments as
the second stage ran for less than a second and thus does not play an important
role in improving performance. This fact can be seen very well when looking at the
averaged metrics, which are barely influenced by very short stages and should be
considered first when looking for performance bottlenecks.

Another interesting observation in the second stage is that the computational
scaling often shows values smaller than 1, which indicate that the reference stage
was faster than the actually evaluated stage. Given the short runtimes of those
stages, however, this could be caused by the overhead of handling multiple threads,
and one can expect some statistical noise too. Some overhead can be seen as well
in the task deserialization efficiency, which is likely caused by the fact that even a
small absolute deserialization overhead takes a decent amount of relative time for
very short tasks.

Similar effects as with the generally observed ETaskLocality values can be seen for
EInputBalance, whose values are mostly mediocre (and sometimes even fairly problem-
atic [E14]) in the first stage apart from some exceptions like [E7]. It is not clear
what causes this imbalance, although it is possibly related to the task locality (more
research is required here).

The first (longer running) stage runs much better than the second one, however,
it seems that the computational scaling in that stage is–to some extent–correlated
with the task locality. This could indicate that there exists a bottleneck that the
current set of POP metrics cannot identify. After analyzing hardware utilization
metrics, Shi, Qiu, Minhas, et al. came to the conclusion that the first stage of the
WordCount workload is disk-bound [25], but unfortunately, Spark does not provide
the time spent by reading input data from storage in the event logs. This makes
disk I/O as well as some network-related work mostly invisible in the current set
of metrics, so other sources of information need be considered in order to derive a
metric for this purpose in the future, as discussed in Section 5.2.

With huge as the configured input size, the load balance decreases if more hard-
ware parallelism is added [E2], [E6], [E7]. This is caused by straggler tasks, which
in the conducted experiments are strongly correlated to the task locality: The slow
tasks in [E6] and [E7] have a task locality of RACK_LOCAL whereas the task locality
of the remaining tasks is NODE_LOCAL (see Figure 5.1). For [E2], on the other hand,
the task locality is RACK_LOCAL for all tasks. The WordCount experiments with an
input size of gigantic have the same issue, however, they had enough small tasks to
mostly catch up the slow straggler tasks, in turn the amount of computation time
was more evenly distributed among threads. Although the metrics encompassed
within ETask as well as the transfer efficiency might at first look as if there was no
causality between the task locality and the load balance in this case (all tasks spent
most of their time within active computation), this might again be caused by the
missing inclusion of storage read times in the metrics, as mentioned in the previous
paragraph. Even if it currently cannot be verified for sure whether there is a causal
relationship between the task locality and the duration of tasks in the experiments,
it certainly looks as if data locality—contrary to what some publications claim—still
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Figure 5.1.: Task scheduling for the first stage of experiment [E6]. The tasks are
colored by their task locality; orange tasks are NODE_LOCAL, whereas
green tasks are RACK_LOCAL. The x-axis describes the time span of tasks
in ms relative to the stage, the y-axis describes the thread id.

matters to some degree on modern hardware, even on HPC clusters.

PageRank. The PageRank workload generally seems to struggle a lot with the
tested configurations. In many stages, all tasks are spilled to disk, which suggests
that the amount of memory allocated to each executor might be too low and too
few tasks are spawned. The small amount of tasks (and in turn also partitions)
causes similar load balancing problems as already observed in the second stage of
the WordCount workload, this effect is particularly strong in stages 2–5 that use
reduceByKey and thus only have as much partitions as configured. Using 8 nodes
appears to be a sweet spot for both the task locality and the amount of memory
spilled [E18], for the latter I suspect that the distribution of 8 tasks to 8 executors
does not exceed the memory of the executors whereas in [E19] with 16 configured
executors and 16 tasks, Spark decided to only use 10 executors in reality.

The PageRank workload seems to have a fairly constant amount of garbage collec-
tion invocations throughout all tries although increasing the memory fraction also
slightly increased the amount of major garbage collection invocations as observed
on p. 36. With a memory fraction of 0.9, the workload even crashed due to running
out of memory [E17], but even the incomplete first stage in that experiment already
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represents the highest count of major GC invocations I measured in the PageRank
experiments. Interestingly, the relative time spent with garbage collection increased
after adding more hardware parallelism [E18], [E19], but no reason for this increase
can be directly deduced from the POP metrics. The duration of individual stages
even increased in some cases, thus speaking against a constant absolute amount of
time spent with garbage collection. More work needs to be done to investigate the
reasons for this.

Although each stage apart from the first and last stage reads about 3 GB of data
during shuffle operations, the shuffle efficiency as well as the closely related transfer
and serialization efficiencies show almost perfect results for all tested PageRank
applications. This—in contrast to the observed load balance issues—supports the
common claim that network latencies do not greatly affect the performance of Spark
applications.

K-means. The k-means workload generally has similar problems as PageRank re-
garding high memory fractions (this suggests that garbage collection is an especially
important factor for the performance of iterative algorithms) and similar load balanc-
ing problems as the other workloads due to partitioning and the use of reduceByKey.
Even the default memory fraction of 0.6 appears to cause some decent garbage col-
lection overhead compared to a memory fraction of 0.1 [E20], [E20], suggesting that
the application uses quite a lot of user memory.

The middle stages that correspond to the collectAsMap jobs (see Figure 3.3)
exhibit a striking alternating pattern in many efficiencies. The odd-numbered stages
mostly use much fewer partitions that the even-numbered ones (again due to a too
low configuration value in combination with using reduceByKey), and thus the load
balance suffers. Since the odd-numbered stages only took a fraction of a second to
complete, various timings encompassed in the task efficiency ETask took a big part of
a task’s total duration in many experiments. In those stages, a similar computational
scaling as with the WordCount workloads can be observed, potentially due to the
same reasons.

The input balance varies a lot throughout the K-means experiments, but it ex-
hibits especially low values for [E25]. Similar to the WordCount workload, this is
caused by straggler tasks in two executors that appear to take a much longer time
to complete than others. However, this is not related to the task locality, in stage
3 for example, all tasks have the best possible task locality of PROCESS_LOCAL. More
investigations are required to find out what is causing the straggler tasks, and it is
possible that the reason is not detectable by the current set of POP metrics.

5.2. Limitations
In this section, I give a brief summary about the most important limitations of
the proposed framework, some of which were already mentioned on a handful of
occasions throughout the thesis.
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Spark applications likely run slightly different in a real-world scenario than in
experiments due to overhead that is caused by collecting performance metrics. The
creation of event logs requires both a small amount of computational resources
and working memory, and sending accumulator metrics to the driver can cause
performance problems in some cases [74]. Any additional logging such as collecting
hardware metrics (e.g., by using LIKWID [90]) or garbage collection statistics (by
passing certain parameters to the JVM) to conduct a more in-depth analysis of
Spark applications also likely introduces further overhead.

Only a small set of available configuration parameters and workloads was tested
in this thesis, which might not have provoked all possible performance issues in
the experiments. Likewise, the conducted experiments alone do not suffice to vali-
date that each metric 1) correctly identifies all cases of its corresponding bottleneck
(completeness), and 2) only reacts to the bottleneck to which it should correspond
(correctness). Furthermore, the missing averaging of test results as mentioned in
Section 3 sadly leads to an unknown amount of noise and distortion in the results.
However, there is a good chance that the noise level was sufficiently low and results
are still comparable to some degree, as in each experiment, the compute nodes were
allocated exclusively to the application.

Further potential causes of inaccuracies in the results are the use of accumulators
to gather Spark metrics as explained in Section 4.1, the usage of default values
for some missing attributes of unsuccessful tasks, and the uncertainty about what
exactly counts as scheduler delay (see Section 4.2). In the experiments, the latter
only amounted to a few milliseconds, so the impact of my decision to treat the
scheduler delay only as the delay caused by sending a task to an executor is probably
completely negligible.

As already mentioned in Section 4.2, Spark does not expose information about
which thread executed a task. Thus, a custom thread scheduler simulation is re-
quired, which 1) causes marginal inaccuracies in the POP results and 2) might break
completely when the event logs contain slightly overlapping task timings and, at the
same time, Spark uses a different amount of cores per executor than configured. Fur-
thermore, the thread scheduling only roughly approximates the effects of an ideal
network for the serialization and transfer efficiencies, however, as there obviously
is no such thing as an ideal network in reality, it is disputable whether there is a
non-approximative solution anyways.

Compared to the other metrics, the computational scaling efficiency is a mathe-
matical outlier by construction in terms of the range of its values. This is due to the
fact that it neither really describes a bottleneck nor a cause for performance issues,
but instead it expresses additional information about how well an application scales
with the amount of parallel resources. For that reason, I am somewhat sceptical
whether it makes sense to include scaling effects in the global efficiency, however, as
this is the case for the original POP metrics, I abide by the decision of the original
authors and treat it like any other metric in the results.

By far the biggest limitation, however, is that the proposed set of metrics that is
based on Spark’s event logs still does not yield a fully complete image of all possible
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performance bottlenecks. For instance, the event logs do not contain any informa-
tion about how much time a task or executor spent with reading input data from
storage (contrary to shuffle data fetches, which are considered by the ETaskShuffleFetch
metric). Although some of the cause-identifying metrics proposed in Section 4.3.2.1
can probably hint at certain bottlenecks as demonstrated in Section 5.1, one needs to
consult other sources of information to see whether a stage is actually disk-bound,
for example. Similar problems might arise with applications that are limited by
their CPU cache utilization or by network effects outside of task timings reported
by Spark (e.g., the time it takes to send input data from storage over the net-
work), which also cannot be identified by the current set of metrics. Originally,
it was planned to collect various hardware statistics with LIKWID in order to get
more detailed information about such bottlenecks and the factors influencing the
computational scaling efficiency, but unfortunately, there was an issue that caused
LIKWID’s output logs to always be empty1, which could not be resolved in a timely
manner.

1 See https://github.com/RRZE-HPC/likwid/issues/512.
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6. Summary and Outlook

6.1. Summary
In this thesis, I presented an initial proof of concept for using the POP methodology
to systematically find bottlenecks of arbitrary Apache Spark applications. When I
begun working on this thesis, it was not evident whether this is actually possible,
because the POP methodology was originally developed for software in the context of
high-performance computing. Over time, however, it became clear that it is indeed
viable and one can derive meaningful results from the proposed metrics. Although
some metrics only yield approximative results and there is no fully reliable way of
mapping tasks to the threads that executed them, it is possible to adapt all standard
POP metrics to Spark applications. To obtain a broader and more detailed view
on possible performance bottlenecks that can affect Spark applications, I proposed
a Spark-specific extension of the original POP metrics.

The POP methodology is especially useful when analyzing large workloads with
thousands of tasks, since it reduces the complexity of the analysis to a fixed set of
factors that one can consult to quickly find entry points for further performance
investigations. Generally, it is possible to use the proposed set of metrics to identify
specific performance bottlenecks, and the additional cause-identifying metrics pro-
vide further information to pinpoint the reasons for a bottleneck as demonstrated
in Section 5.1, extending the set of use cases of the original POP metrics. Beyond
improving individual applications, it should be possible with the proposed frame-
work to systematically evaluate and compare the effects of different configurations
and hardware when running Spark applications. While this approach seems to work
well in principle, the framework still needs validation and the development of fur-
ther metrics in order to yield a complete and correct overview about all possible
performance bottlenecks. Given the widespread use of Apache Spark as well as the
increasing convergence of HPC and big data, I hope that this thesis is a useful con-
tribution that enables further research on gaining insight about the performance of
Apache Spark applications.

6.2. Outlook
This thesis only constitutes a starting point for investigating Spark performance
with the help of POP metrics. Further research can build upon this and study both
individual (and possibly additional) metrics as well as the application of the POP
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framework on Spark applications as a whole. The observed limitations as discussed
in Section 5.2 can act as further inspiration for possible research topics.

More experiments with other parameters and workloads are needed to solidify
the presented methodology, the conducted experiments only covered a portion of
potential Spark applications and the proposed framework as a whole lacks battle-
hardening. A particularly interesting and yet open question is how well the proposed
POP metrics work for applications running multiple stages in parallel. In those cases,
the current metrics might indicate performance issues where there are none due to
each stage only having access to some of the available resources. Related to that, it
might be worthwhile to also consider a more high-level view on Spark applications
to evaluate effects that are related to whole stages or executors. For example, the
framework proposed in this thesis does not consider the time Spark spends outside
of stages (e.g., program initialization; cf. [40, Equation 1]) or losses in efficiency
caused by re-executing individual stages in case of failed execution attempts.

This thesis did not evaluate the calculation and usage of POP metrics of running
applications for real time analysis, which according to Gopalani and Arora are “al-
most ubiquitous [. . .] in the industry” [17]. As long as information about individual
events is emitted by Spark while it runs an application, calculating POP metrics
is technically possible, but both individual metrics as well as the overall approach
might need to be adjusted to obtain meaningful results for running applications.
Closely related to this topic is Spark’s streaming mode that only works on chunks
of data at a time [17], which is also not considered in this thesis and requires further
investigation.

Instead of relying only on the Spark event logs to gather performance information,
it is possible to collect more data from hardware performance counters (e.g., by
using LIKWID), garbage collection statistics or benchmark reports, among others.
These additional data sources might be especially meaningful given that many Spark
applications seem to be CPU-bound. By combining measurements from multiple
sources, it should be possible to get a more in-depth view on application performance
that can help to validate the completeness, correctness, and usefulness of individual
POP metrics.

To make the proposed framework accessible to a broader audience outside of
scientific research, it might be worthwhile to implement it as a standalone application
once the proposed metrics are better understood and validated.
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A. Code Snippets

The following is a collection of algorithms referenced in the thesis. In addition to
the task, thread, and stage attributes defined in 4.1, I define (for any 𝑘 ∈𝐾, 𝑡 ∈ 𝑇 ,
and 𝑠 ∈ 𝑆):

• 𝑘.arrivalTime: The timestamp in ms at which the task arrives at the executor
as explained in Section 4.2. Calculated as 𝑘.launchTime+𝑘.schedulerDelay.

• 𝑘.executorId: The id of the task’s executor ∈ N+ as stored in the Spark task
metric Executor ID.

• 𝑘.threadId: The id of the thread ∈ {0, . . . , |𝑇 | − 1]} to which a task is sched-
uled by Algorithm 1.

• 𝑡.index: The index of a thread ∈ {0, . . . , |𝑇 | − 1]}.

• 𝑠.submissionTime: The timestamp at which the stage is submitted (in ms).

• 𝑠.completionTime: The timestamp at which the stage is completed (in ms).

Furthermore, I define the following functions:

• emptyList(size, default): Create an empty list of size size and initialize each
element with the value default.

• sortSet(set, attr): Sort the given set in ascending order by the given attr as
key, and return the result as a list.

• max(numA, numB): Return the larger of both input parameters.

• maxList(list): Return the largest item from the given list.

51



A. Code Snippets

Algorithm 1 – Simplified thread scheduling simulation for a Spark application that
was executed on a real network (without simulation of waiting or error handling as
discussed in Section 4.2).

Input 𝑠: the stage whose tasks to schedule
Input numCoresExec: the configured number of cores per executor

1: function scheduleThreads(𝑠, numCoresExec)
2: threadsTime ← emptyList(|𝑇 |, 0.0) ◁ Next available time slot for each thread
3: threadsExecutorIds ← emptyList(|𝑇 |,−1) ◁ Executor id for each thread
4:
5: usedExecutorIds ← ∅ ◁ Executors actually used by tasks in this stage
6: for 𝑘 in 𝐾𝑠 do
7: usedExecutorIds ← usedExecutorIds ∪ {𝑘.executorId}
8: end for
9:

10: 𝑡← 0
11: for 𝑒 in usedExecutorIds do
12: for 𝑖 in 0 to numCoresExec do
13: threadsExecutorIds[𝑡 + 𝑖] ← 𝑒
14: end for
15: 𝑡← 𝑡 + numCoresExec
16: end for
17:
18: for 𝑘 in sortSet(𝐾𝑠, arrivalTime) do
19: for 𝑡 in 𝑇 do
20: threadExecutor ← threadsExecutorIds[𝑡.index]
21:
22: if 𝑘.executorId ̸= threadExecutor ∧ threadExecutor ̸= −1 then
23: continue ◁ Only assign task to threads from the same executor
24: end if
25:
26: if 𝑘.arrivalTime >= threadsTime[𝑡.index] then
27: 𝑘.threadId← 𝑡.index
28: threadsTime ← 𝑘.finishTime
29: threadsExecutorIds ← 𝑘.executorId
30: break
31: end if
32: end for
33: end for
34: end function
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Algorithm 2 – Simplified thread scheduling simulation for a Spark application that
approximates the scheduling on an ideal network (without error handling).

Input 𝑠: the stage whose tasks to schedule
Output: the total run time of 𝑠 on an ideal network

1: function scheduleThreadsIdealNetwork(𝑠)
2: threadsTime ← emptyList(|𝑇 |,−1.0) ◁ Next available time slot for each thread
3: maxTaskFinish ← 0 ◁ Latest point in time at which a task finishes
4:
5: for 𝑘 in sortSet(𝐾𝑠, launchTime) do
6: if threadsTime[𝑘.threadId] = −1.0 then
7: threadsTime[𝑘.threadId] ← 𝑘.launchTime− 𝑠.submissionTime
8: end if
9:

10: threadsTime[𝑘.threadId] ← threadsTime[𝑘.threadId] + 𝑘.usefulCompTime
11: maxTaskFinish ← max(maxTaskFinish, 𝑘.finishTime)
12: end for
13:
14: stageCompletionOverhead ← 𝑠.completionTime−maxTaskFinish
15: return maxList(threadsTime) + stageCompletionOverhead
16: end function
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B. Experimental Results
This appendix chapter contains the calculated POP metrics for all experiments that
were conducted as part of this thesis. Please keep in mind that different stages within
an application do different work and thus should not be directly compared with each
other, even if the column-based (re-)presentation in this appendix (for the purpose of
compaction) might suggest so. The last column in each table denoted with the “∅”
symbol represents the weighted average of each stage as defined in Equation 4.2. The
written number of nodes corresponds to the number of worker nodes. Aside from POP
metrics, each table contains additional information about each stage at the bottom (not
colored). All given values are rounded to two decimal points.

Figure B.1.: Colormap used for printing POP scores in the appendix (RdYlGn from
matplotlib).

B.1. WordCount
B.1.1. hibench.scale.profile: huge
[E1] Nodes: 4, executors: 4, cores:
4, degree of parallelism: 4, mem-
ory fraction: 0.1.

Stages
Metric 0 1 ∅
EGlobal 1.57 0.19 1.57

EParallel 0.98 0.23 0.97
ELoadBalance 0.98 0.25 0.97
ECommunication 1.0 0.93 1.0

ESerialization 1.0 0.95 1.0
ETransfer 1.0 0.98 1.0

ECompScaling 1.64 0.96 1.64
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.85 0.98

EGC 1.0 0.99 1.0
ETaskDeserialization 0.98 0.87 0.98
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.69 0.95 0.69
ETaskLocality 0.33 0.67 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 283.42 0.36 -
Ref. Stage Duration (s) 465.05 0.35 -
|𝑇 𝑠| 16 4 15.98
|𝐾𝑠| 124 4 123.85
Minor GC Count 461 0 460.41
Major GC Count 12 0 11.98

[E2] Nodes: 4, executors: 4, cores:
4, degree of parallelism: 4, mem-
ory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 1.64 0.18 1.63

EParallel 0.97 0.22 0.97
ELoadBalance 0.97 0.24 0.97
ECommunication 1.0 0.93 1.0

ESerialization 1.0 0.95 1.0
ETransfer 1.0 0.98 1.0

ECompScaling 1.73 0.95 1.72
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.86 0.98

EGC 1.0 1.0 1.0
ETaskDeserialization 0.98 0.88 0.98
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.67 0.95 0.67
ETaskLocality 0.33 0.67 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 282.55 0.38 -
Ref. Stage Duration (s) 487.56 0.36 -
|𝑇 𝑠| 16 4 15.98
|𝐾𝑠| 124 4 123.84
Minor GC Count 448 0 447.4
Major GC Count 12 0 11.98

[E3] Nodes: 4, executors: 4, cores:
4, degree of parallelism: 4, mem-
ory fraction: 0.9.

Stages
Metric 0 1 ∅
EGlobal 1.58 0.17 1.57

EParallel 0.97 0.23 0.97
ELoadBalance 0.97 0.24 0.97
ECommunication 1.0 0.94 1.0

ESerialization 1.0 0.96 1.0
ETransfer 1.0 0.98 1.0

ECompScaling 1.66 0.89 1.66
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.87 0.98

EGC 1.0 1.0 1.0
ETaskDeserialization 0.98 0.88 0.98
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.61 0.95 0.61
ETaskLocality 0.33 0.67 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 284.01 0.37 -
Ref. Stage Duration (s) 472.11 0.33 -
|𝑇 𝑠| 16 4 15.98
|𝐾𝑠| 124 4 123.84
Minor GC Count 430 0 429.44
Major GC Count 12 0 11.98
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[E4] Nodes: 4, executors: 4, cores: 4, degree of
parallelism: 8, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 1.64 0.13 1.63

EParallel 0.97 0.33 0.97
ELoadBalance 0.97 0.34 0.97
ECommunication 1.0 0.97 1.0

ESerialization 1.0 0.98 1.0
ETransfer 1.0 0.99 1.0

ECompScaling 1.72 0.45 1.72
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.89 0.98

EGC 1.0 0.99 1.0
ETaskDeserialization 0.98 0.91 0.98
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.75 0.91 0.75
ETaskLocality 0.33 0.67 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 282.95 0.8 -
Ref. Stage Duration (s) 487.56 0.36 -
|𝑇 𝑠| 16 8 15.98
|𝐾𝑠| 128 8 127.66
Minor GC Count 465 0 463.7
Major GC Count 12 0 11.97

[E5] Nodes: 4, executors: 4, cores: 4, degree of
parallelism: 16, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 1.64 0.25 1.63

EParallel 0.97 0.65 0.97
ELoadBalance 0.97 0.67 0.97
ECommunication 1.0 0.97 1.0

ESerialization 1.0 0.98 1.0
ETransfer 1.0 0.99 1.0

ECompScaling 1.72 0.43 1.72
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.88 0.98

EGC 1.0 1.0 1.0
ETaskDeserialization 0.98 0.9 0.98
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 0.99 1.0

ETaskShuffleFetch 1.0 0.99 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.69 0.84 0.69
ETaskLocality 0.33 0.67 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 283.5 0.83 -
Ref. Stage Duration (s) 487.56 0.36 -
|𝑇 𝑠| 16 16 16.0
|𝐾𝑠| 128 16 127.67
Minor GC Count 444 95 442.98
Major GC Count 12 3 11.97

[E6] Nodes: 8, executors: 8, cores: 8, degree of
parallelism: 8, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 2.51 0.07 2.5

EParallel 0.54 0.11 0.54
ELoadBalance 0.56 0.11 0.55
ECommunication 0.97 0.94 0.97

ESerialization 0.97 0.95 0.97
ETransfer 1.0 0.98 1.0

ECompScaling 5.19 0.82 5.17
ETaskSuccess 1.0 1.0 1.0
ETask 0.9 0.85 0.9

EGC 0.99 1.0 0.99
ETaskDeserialization 0.91 0.87 0.91
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.47 0.91 0.48
ETaskLocality 0.56 0.67 0.56
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 93.97 0.44 -
Ref. Stage Duration (s) 487.56 0.36 -
|𝑇 𝑠| 64 8 63.74
|𝐾𝑠| 128 8 127.44
Minor GC Count 390 0 388.18
Major GC Count 24 0 23.89

[E7] Nodes: 16, executors: 16, cores: 16, degree of
parallelism: 16, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 0.53 0.05 0.53

EParallel 0.26 0.06 0.26
ELoadBalance 0.27 0.06 0.27
ECommunication 0.98 0.93 0.98

ESerialization 0.98 0.95 0.98
ETransfer 1.0 0.98 1.0

ECompScaling 2.2 0.98 2.2
ETaskSuccess 1.0 1.0 1.0
ETask 0.92 0.85 0.92

EGC 1.0 1.0 1.0
ETaskDeserialization 0.92 0.88 0.92
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.95 0.84 0.95
ETaskLocality 0.42 1.0 0.42
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 221.59 0.37 -
Ref. Stage Duration (s) 487.56 0.36 -
|𝑇 𝑠| 128 16 127.81
|𝐾𝑠| 128 16 127.81
Minor GC Count 419 0 418.31
Major GC Count 42 0 41.93
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B.1.2. hibench.scale.profile: gigantic

[E8] Nodes: 4, executors: 4,
cores: 4, degree of parallelism:
4, memory fraction: 0.1.

Stages
Metric 0 1 ∅
EGlobal 7.05 0.3 7.05

EParallel 0.96 0.23 0.96
ELoadBalance 1.0 0.24 1.0
ECommunication 0.97 0.96 0.97

ESerialization 0.97 0.97 0.97
ETransfer 1.0 0.99 1.0

ECompScaling 7.44 1.43 7.43
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.91 0.98

EGC 0.99 0.99 0.99
ETaskDeserialization 0.99 0.93 0.99
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.99 0.95 0.99
ETaskLocality 0.67 1.0 0.67
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 659.33 0.6 -
Ref. Stage Duration (s) 4903.01 0.85 -
|𝑇 𝑠| 16 4 15.99
|𝐾𝑠| 1216 4 1214.9
Minor GC Count 4071 0 4067.32
Major GC Count 12 0 11.99

[E9] Nodes: 4, executors: 4,
cores: 4, degree of parallelism:
4, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 1.73 0.31 1.73

EParallel 1.0 0.23 1.0
ELoadBalance 1.0 0.24 1.0
ECommunication 1.0 0.96 1.0

ESerialization 1.0 0.97 1.0
ETransfer 1.0 0.99 1.0

ECompScaling 1.75 1.49 1.75
ETaskSuccess 1.0 1.0 1.0
ETask 0.99 0.9 0.99

EGC 0.99 1.0 0.99
ETaskDeserialization 1.0 0.92 1.0
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.87 0.95 0.87
ETaskLocality 0.33 1.0 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 2781.77 0.58 -
Ref. Stage Duration (s) 4857.12 0.86 -
|𝑇 𝑠| 16 4 16.0
|𝐾𝑠| 1216 4 1215.75
Minor GC Count 12295 0 12292.45
Major GC Count 12 0 12.0

[E10] Nodes: 4, executors: 4,
cores: 4, degree of parallelism:
4, memory fraction: 0.9.

Stages
Metric 0 1 ∅
EGlobal 1.73 0.27 1.73

EParallel 1.0 0.22 1.0
ELoadBalance 1.0 0.23 1.0
ECommunication 1.0 0.97 1.0

ESerialization 1.0 0.97 1.0
ETransfer 1.0 0.99 1.0

ECompScaling 1.75 1.35 1.75
ETaskSuccess 1.0 1.0 1.0
ETask 0.99 0.91 0.99

EGC 0.99 0.99 0.99
ETaskDeserialization 1.0 0.92 1.0
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.82 0.95 0.82
ETaskLocality 0.33 1.0 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 2781.75 0.64 -
Ref. Stage Duration (s) 4878.0 0.86 -
|𝑇 𝑠| 16 4 16.0
|𝐾𝑠| 1216 4 1215.72
Minor GC Count 11478 2977 11476.05
Major GC Count 12 3 12.0

[E11] Nodes: 4, executors: 4, cores: 4, degree of
parallelism: 8, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 6.81 0.48 6.8

EParallel 0.99 0.45 0.99
ELoadBalance 0.99 0.47 0.99
ECommunication 1.0 0.97 1.0

ESerialization 1.0 0.98 1.0
ETransfer 1.0 0.99 1.0

ECompScaling 7.32 1.14 7.31
ETaskSuccess 1.0 1.0 1.0
ETask 0.94 0.92 0.94

EGC 0.99 0.99 0.99
ETaskDeserialization 0.95 0.93 0.95
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.97 0.91 0.97
ETaskLocality 0.67 1.0 0.67
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 663.52 0.75 -
Ref. Stage Duration (s) 4857.12 0.86 -
|𝑇 𝑠| 16 8 15.99
|𝐾𝑠| 1216 8 1214.63
Minor GC Count 3945 0 3940.53
Major GC Count 12 0 11.99

[E12] Nodes: 4, executors: 4, cores: 4, degree of
parallelism: 16, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 1.71 0.48 1.71

EParallel 1.0 0.73 1.0
ELoadBalance 1.0 0.74 1.0
ECommunication 1.0 0.98 1.0

ESerialization 1.0 0.99 1.0
ETransfer 1.0 1.0 1.0

ECompScaling 1.74 0.73 1.74
ETaskSuccess 1.0 1.0 1.0
ETask 0.99 0.91 0.99

EGC 0.99 0.99 0.99
ETaskDeserialization 1.0 0.93 1.0
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.86 0.84 0.86
ETaskLocality 0.33 1.0 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 2796.95 1.18 -
Ref. Stage Duration (s) 4857.12 0.86 -
|𝑇 𝑠| 16 16 16.0
|𝐾𝑠| 1216 16 1215.49
Minor GC Count 13261 6716 13258.24
Major GC Count 12 6 12.0
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[E13] Nodes: 8, executors: 8, cores: 8, degree of
parallelism: 8, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 1.71 0.17 1.71

EParallel 0.99 0.11 0.99
ELoadBalance 0.99 0.12 0.99
ECommunication 1.0 0.95 1.0

ESerialization 1.0 0.97 1.0
ETransfer 1.0 0.99 1.0

ECompScaling 1.75 1.7 1.75
ETaskSuccess 1.0 1.0 1.0
ETask 0.99 0.89 0.99

EGC 1.0 1.0 1.0
ETaskDeserialization 1.0 0.91 1.0
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.56 0.91 0.56
ETaskLocality 0.33 1.0 0.33
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 2782.15 0.51 -
Ref. Stage Duration (s) 4857.12 0.86 -
|𝑇 𝑠| 64 8 63.99
|𝐾𝑠| 1216 8 1215.78
Minor GC Count 18275 2590 18272.14
Major GC Count 24 3 24.0

[E14] Nodes: 16, executors: 16, cores: 16, degree
of parallelism: 16, memory fraction: 0.6.

Stages
Metric 0 1 ∅
EGlobal 5.31 0.03 5.3

EParallel 0.77 0.03 0.77
ELoadBalance 0.78 0.03 0.78
ECommunication 0.99 0.97 0.99

ESerialization 0.99 0.98 0.99
ETransfer 1.0 0.99 1.0

ECompScaling 7.01 1.04 7.0
ETaskSuccess 1.0 1.0 1.0
ETask 0.98 0.88 0.98

EGC 1.0 0.99 1.0
ETaskDeserialization 0.98 0.91 0.98
EResultSerialization 1.0 1.0 1.0
ETaskShuffle 1.0 0.99 1.0

ETaskShuffleFetch 1.0 0.99 1.0
ETaskShuffleWrite 1.0 1.0 1.0

EInputBalance 0.16 0.84 0.16
ETaskLocality 0.57 1.0 0.57
EMemorySpill 1.0 1.0 1.0

Stage Duration (s) 693.11 0.83 -
Ref. Stage Duration (s) 4857.12 0.86 -
|𝑇 𝑠| 256 16 255.71
|𝐾𝑠| 1216 16 1214.57
Minor GC Count 4112 0 4107.1
Major GC Count 48 0 47.94

B.2. PageRank (hibench.scale.profile: huge)

[E15] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.1.
Stages

Metric 0 1 2 3 4 5 ∅
EGlobal 4.73 6.01 1.37 1.67 1.48 0.92 2.43

EParallel 0.67 0.69 0.19 0.22 0.21 0.23 0.32
ELoadBalance 0.67 0.69 0.19 0.22 0.21 0.23 0.32
ECommunication 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ESerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETransfer 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ECompScaling 8.65 9.38 8.3 8.73 8.16 4.35 8.53
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.81 0.93 0.88 0.87 0.85 0.92 0.87

EGC 0.85 0.93 0.88 0.87 0.85 0.93 0.88
ETaskDeserialization 0.96 1.0 1.0 1.0 1.0 0.99 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.93 1.0 1.0 1.0 1.0 1.0 0.99
ETaskLocality 0.33 0.67 0.67 0.67 0.67 0.67 0.64
EMemorySpill 0.0 0.0 0.0 0.0 0.0 1.0 0.0

Stage Duration (s) 136.26 206.77 517.5 279.31 298.29 4.69 -
Ref. Stage Duration (s) 1178.17 1939.54 4296.31 2437.57 2434.22 20.39 -
|𝑇 𝑠| 12 12 4 4 4 4 5.9
|𝐾𝑠| 12 12 4 4 4 4 5.9
Minor GC Count 420 789 1266 1562 1869 973 1298.76
Major GC Count 24 35 50 63 79 36 53.86
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B.2. PageRank (hibench.scale.profile: huge)

[E16] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 ∅
EGlobal 2.79 2.54 0.79 0.7 0.71 0.2 1.47

EParallel 0.69 0.67 0.23 0.23 0.24 0.21 0.4
ELoadBalance 0.69 0.67 0.23 0.23 0.24 0.21 0.4
ECommunication 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ESerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETransfer 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ECompScaling 7.31 6.31 5.12 4.72 4.65 1.47 5.56
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.56 0.6 0.67 0.64 0.64 0.66 0.63

EGC 0.57 0.6 0.67 0.64 0.64 0.67 0.63
ETaskDeserialization 0.98 1.0 1.0 1.0 1.0 1.0 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.93 1.0 1.0 1.0 1.0 1.0 0.99
ETaskLocality 0.33 0.67 0.67 0.67 0.67 0.67 0.61
EMemorySpill 0.0 0.0 0.0 0.0 0.0 1.0 0.01

Stage Duration (s) 222.4 288.21 338.09 239.96 238.99 8.45 -
Ref. Stage Duration (s) 1625.53 1818.97 1729.51 1132.87 1111.92 12.44 -
|𝑇 𝑠| 12 12 4 4 4 4 7.06
|𝐾𝑠| 12 12 4 4 4 4 7.06
Minor GC Count 441 801 1163 1410 1660 1253 1098.56
Major GC Count 41 77 133 166 197 148 123.08

[E17] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.9.
The application crashed while computing the first stage due to running out of memory, below results come from the first of two tries.
Contrary to the configuration, Spark executed this application with 9 executors.

Stages
Metric 0 ∅
EGlobal 0.01 0.01

EParallel 0.06 0.06
ELoadBalance 0.21 0.21
ECommunication 0.29 0.29

ESerialization 0.5 0.5
ETransfer 0.59 0.59

ECompScaling 2.0 2.0
ETaskSuccess 0.26 0.26
ETask 0.18 0.18

EGC 0.83 0.83
ETaskDeserialization 1.0 1.0
EResultSerialization 1.0 1.0
ETaskShuffle 1.0 1.0

ETaskShuffleFetch 1.0 1.0
ETaskShuffleWrite 1.0 1.0

EInputBalance 0.56 0.56
ETaskLocality 0.51 0.51
EMemorySpill 0.0 0.0

Stage Duration (s) 1780.36 -
Ref. Stage Duration (s) 3566.74 -
|𝑇 𝑠| 13 13.0
|𝐾𝑠| 31 31.0
Minor GC Count 175 175.0
Major GC Count 77 77.0
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B. Experimental Results

[E18] Nodes: 8, executors: 8, cores: 8, degree of parallelism: 8, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 ∅
EGlobal 0.71 1.26 1.09 0.84 0.88 0.13 0.95

EParallel 0.16 0.21 0.11 0.11 0.12 0.11 0.15
ELoadBalance 0.16 0.21 0.11 0.11 0.12 0.11 0.15
ECommunication 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ESerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETransfer 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ECompScaling 7.63 10.77 13.29 11.11 11.41 1.86 10.34
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.58 0.55 0.76 0.68 0.67 0.64 0.63

EGC 0.61 0.55 0.76 0.68 0.67 0.65 0.64
ETaskDeserialization 0.95 1.0 1.0 1.0 1.0 0.99 0.98
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 0.98 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 0.98 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.7 1.0 1.0 1.0 1.0 1.0 0.91
ETaskLocality 0.33 1.0 1.0 1.0 1.0 1.0 0.8
EMemorySpill 0.04 0.0 1.0 1.0 1.0 1.0 0.48

Stage Duration (s) 213.18 168.89 130.18 101.99 97.47 6.68 -
Ref. Stage Duration (s) 1625.53 1818.97 1729.51 1132.87 1111.92 12.44 -
|𝑇 𝑠| 16 16 8 8 8 8 12.25
|𝐾𝑠| 16 16 8 8 8 8 12.25
Minor GC Count 471 867 1268 1497 1727 883 1028.43
Major GC Count 51 106 129 145 161 80 106.6

[E19] Nodes: 16, executors: 16, cores: 16, degree of parallelism: 16, memory fraction: 0.6.
Contrary to the configuration, Spark executed this application with 10 executors.

Stages
Metric 0 1 2 3 4 5 ∅
EGlobal 0.4 0.4 0.23 0.18 0.19 0.23 0.29

EParallel 0.1 0.1 0.1 0.1 0.1 0.09 0.1
ELoadBalance 0.1 0.1 0.1 0.1 0.1 0.09 0.1
ECommunication 1.0 1.0 1.0 1.0 1.0 0.99 1.0

ESerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETransfer 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ECompScaling 9.12 5.93 7.52 6.19 6.32 2.86 6.89
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.44 0.69 0.32 0.3 0.3 0.85 0.44

EGC 0.45 0.69 0.32 0.3 0.3 0.87 0.44
ETaskDeserialization 0.98 1.0 1.0 1.0 1.0 0.99 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.99 1.0 0.98 0.98 0.98 0.98 0.99
ETaskLocality 0.67 0.67 0.67 0.67 0.67 0.67 0.67
EMemorySpill 0.0 0.0 0.0 0.0 0.0 1.0 0.0

Stage Duration (s) 178.31 306.75 229.99 182.93 175.9 4.35 -
Ref. Stage Duration (s) 1625.53 1818.97 1729.51 1132.87 1111.92 12.44 -
|𝑇 𝑠| 16 16 16 16 16 16 16.0
|𝐾𝑠| 16 16 16 16 16 16 16.0
Minor GC Count 452 883 1314 1661 2032 1019 1223.64
Major GC Count 46 82 136 175 215 106 125.14
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B.3. K-means

B.3. K-means

B.3.1. hibench.scale.profile: huge

[E20] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.1.
The simulated thread scheduler had to perform additional waiting of max. 2 ms to schedule all tasks.

Stages
Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.53 0.03 2.33 8.48 10.33 0.07 10.1 0.1 9.98 0.09 10.11 0.06 10.13 0.08 1.86 1.69 2.57

EParallel 0.96 0.06 0.94 0.88 0.88 0.18 0.84 0.17 0.82 0.16 0.83 0.15 0.83 0.15 0.97 0.7 0.94
ELoadBalance 0.96 0.06 0.95 0.89 0.88 0.2 0.84 0.22 0.82 0.23 0.83 0.19 0.84 0.22 0.97 0.9 0.95
ECommunication 1.0 0.91 0.99 0.99 1.0 0.91 1.0 0.77 1.0 0.7 1.0 0.77 1.0 0.7 1.0 0.78 0.99

ESerialization 1.0 0.96 0.99 1.0 1.0 0.96 1.0 0.85 1.0 0.84 1.0 0.85 1.0 0.8 1.0 0.95 1.0
ETransfer 1.0 0.95 1.0 1.0 1.0 0.95 1.0 0.9 1.0 0.83 1.0 0.9 1.0 0.87 1.0 0.82 1.0

ECompScaling 1.66 0.85 2.52 10.81 12.12 0.48 12.26 1.03 12.39 1.03 12.34 0.83 12.33 1.04 1.95 5.03 2.87
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.96 0.71 0.98 0.89 0.97 0.8 0.98 0.58 0.98 0.54 0.99 0.52 0.99 0.53 0.98 0.48 0.98

EGC 0.99 1.0 0.98 0.9 0.98 1.0 0.99 1.0 0.99 1.0 0.99 1.0 0.99 1.0 0.99 1.0 0.98
ETaskDeserialization 0.97 0.75 1.0 0.99 0.99 0.85 1.0 0.68 1.0 0.65 1.0 0.62 1.0 0.68 1.0 0.67 0.99
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.66 1.0 0.67 0.77 0.93 0.71 0.93 0.79 0.93 0.79 0.93 0.78 0.93 0.78 0.66 0.62 0.68
ETaskLocality 0.33 0.67 0.34 1.0 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 0.33 0.98 0.39
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 176.09 0.16 340.42 7.52 9.34 0.1 9.12 0.03 8.99 0.03 8.89 0.03 8.87 0.02 169.74 0.16 -
Ref. Stage Duration (s) 291.9 0.13 858.78 81.33 113.17 0.05 111.88 0.03 111.45 0.03 109.76 0.03 109.33 0.02 331.57 0.81 -
|𝑇 𝑠| 16 1 16 16 16 4 16 4 16 4 16 4 16 4 16 16 15.99
|𝐾𝑠| 75 1 75 75 75 4 75 4 75 4 75 4 75 4 75 200 74.99
Minor GC Count 549 0 1853 1435 1968 0 1459 0 960 0 1541 0 1646 0 2694 0 1709.44
Major GC Count 12 0 18 14 18 0 13 0 8 0 13 0 14 0 21 0 16.91

[E21] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 6.56 0.03 3.74 3.21 10.21 0.06 8.37 0.06 9.58 0.06 7.89 0.09 7.97 0.06 7.97 1.74 5.87

EParallel 0.95 0.06 0.91 0.86 0.83 0.18 0.8 0.17 0.81 0.14 0.79 0.16 0.81 0.15 0.93 0.68 0.89
ELoadBalance 0.95 0.06 0.94 0.86 0.84 0.21 0.8 0.24 0.82 0.2 0.79 0.23 0.82 0.21 0.93 0.85 0.91
ECommunication 1.0 0.92 0.97 1.0 0.99 0.86 1.0 0.73 0.99 0.71 1.0 0.71 1.0 0.7 1.0 0.81 0.98

ESerialization 1.0 0.96 1.0 1.0 1.0 0.9 1.0 0.81 1.0 0.83 1.0 0.85 1.0 0.86 1.0 0.95 1.0
ETransfer 1.0 0.96 0.97 1.0 0.99 0.96 1.0 0.9 0.99 0.86 1.0 0.83 1.0 0.81 1.0 0.85 0.99

ECompScaling 8.56 0.82 7.16 6.99 13.49 0.45 12.26 0.72 13.09 0.77 11.57 1.04 11.64 0.81 9.83 5.21 8.88
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.81 0.67 0.58 0.54 0.91 0.77 0.86 0.5 0.9 0.52 0.86 0.55 0.84 0.53 0.87 0.49 0.72

EGC 0.95 0.92 0.58 0.54 0.92 1.0 0.86 0.91 0.91 1.0 0.87 1.0 0.85 1.0 0.87 1.0 0.75
ETaskDeserialization 0.85 0.76 1.0 1.0 0.99 0.82 1.0 0.75 1.0 0.63 1.0 0.71 1.0 0.67 1.0 0.68 0.97
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.84 1.0 1.0 1.0 1.0 1.0 0.99 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.84 1.0 1.0 1.0 1.0 1.0 0.99 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.93 1.0 0.94 0.66 0.91 0.69 0.91 0.79 0.91 0.79 0.91 0.79 0.91 0.79 0.93 0.62 0.91
ETaskLocality 0.67 0.67 0.78 1.0 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 0.67 0.98 0.8
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 32.66 0.17 86.68 12.25 8.36 0.1 9.08 0.04 8.38 0.04 9.34 0.02 9.36 0.03 33.09 0.15 -
Ref. Stage Duration (s) 279.46 0.14 620.9 85.68 112.83 0.05 111.35 0.03 109.76 0.03 108.09 0.03 108.92 0.02 325.13 0.8 -
|𝑇 𝑠| 16 1 16 16 16 4 16 4 16 4 16 4 16 4 16 16 15.98
|𝐾𝑠| 75 1 75 75 75 4 75 4 75 4 75 4 75 4 75 200 74.96
Minor GC Count 338 0 1028 1078 864 0 1179 0 625 0 653 0 677 0 1964 0 1019.98
Major GC Count 20 0 66 73 56 0 76 0 39 0 40 0 41 0 88 0 59.23
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B. Experimental Results

[E22] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.9.
Contrary to the configuration, Spark executed this application with 6 executors. Only 5 executors were actively used in stage 10, one of
which had access to double the amount of configured cores.

Stages
Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.01 0.03 0.14 0.06 0.06 0.0 0.27 0.07 0.27 0.0 0.09 0.04 0.08 0.04 1.57 0.11 0.32

EParallel 0.63 0.04 0.61 0.31 0.39 0.05 0.4 0.11 0.43 0.16 0.43 0.1 0.29 0.1 0.63 0.15 0.51
ELoadBalance 0.63 0.04 0.61 0.32 0.41 0.05 0.41 0.15 0.43 0.17 0.44 0.13 0.31 0.14 0.63 0.52 0.52
ECommunication 1.0 0.91 1.0 0.98 0.96 0.99 1.0 0.71 1.0 0.98 0.98 0.76 0.95 0.67 1.0 0.28 0.99

ESerialization 1.0 0.95 1.0 1.0 1.0 1.0 1.0 0.8 1.0 0.98 1.0 0.85 1.0 0.79 1.0 0.94 1.0
ETransfer 1.0 0.95 1.0 0.98 0.96 1.0 1.0 0.89 1.0 1.0 0.98 0.89 0.95 0.85 1.0 0.3 0.99

ECompScaling 1.87 0.91 1.95 0.64 0.81 0.02 2.95 1.0 2.88 0.02 0.67 0.66 1.05 0.73 2.85 2.09 1.62
ETaskSuccess 1.0 1.0 1.0 0.95 1.0 1.0 1.0 1.0 1.0 1.0 0.95 1.0 1.0 1.0 1.0 1.0 0.99
ETask 0.86 0.74 0.12 0.32 0.19 0.14 0.23 0.61 0.22 0.19 0.32 0.54 0.24 0.56 0.87 0.37 0.32

EGC 0.88 1.0 0.12 0.37 0.19 0.14 0.23 1.0 0.22 0.75 0.36 1.0 0.24 1.0 0.88 0.98 0.33
ETaskDeserialization 0.97 0.78 1.0 1.0 0.99 0.98 1.0 0.72 1.0 1.0 0.99 0.76 1.0 0.71 1.0 0.82 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.26 1.0 0.84 1.0 0.98 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.26 1.0 0.84 1.0 0.98 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.58 1.0 0.73 0.54 0.58 0.71 0.66 0.79 0.67 0.79 0.39 0.79 0.53 0.79 0.66 0.62 0.62
ETaskLocality 0.33 0.67 0.68 0.97 0.88 0.67 1.0 0.67 1.0 0.67 0.85 0.67 0.91 0.67 0.4 0.98 0.72
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 178.19 0.14 759.43 200.92 175.79 1.91 46.82 0.03 46.32 1.92 205.62 0.04 128.85 0.03 159.19 0.62 -
Ref. Stage Duration (s) 332.33 0.12 1477.88 128.1 143.07 0.04 138.3 0.03 133.42 0.03 137.46 0.03 135.75 0.02 454.19 1.3 -
|𝑇 𝑠| 16 1 16 16 16 4 16 4 16 4 24 4 16 4 16 16 16.84
|𝐾𝑠| 75 1 75 79 75 4 75 4 75 4 87 4 75 4 75 200 76.61
Minor GC Count 395 0 659 692 608 0 569 0 578 377 716 0 599 0 1058 0 663.09
Major GC Count 622 0 2292 2540 2176 0 2242 0 2321 1625 2640 0 1971 0 2531 0 2182.59

[E23] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 16, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.46 0.04 2.85 2.98 7.5 0.23 9.54 0.24 10.76 0.22 11.02 0.19 10.27 0.17 1.79 1.02 2.61

EParallel 0.96 0.06 0.92 0.82 0.84 0.67 0.83 0.51 0.84 0.5 0.86 0.55 0.84 0.45 0.96 0.58 0.93
ELoadBalance 0.96 0.06 0.94 0.83 0.84 0.74 0.84 0.73 0.85 0.76 0.86 0.82 0.84 0.67 0.96 0.87 0.94
ECommunication 1.0 0.9 0.98 1.0 1.0 0.9 1.0 0.69 1.0 0.66 1.0 0.67 1.0 0.67 1.0 0.67 0.99

ESerialization 1.0 0.95 1.0 1.0 1.0 0.95 1.0 0.83 1.0 0.76 1.0 0.76 1.0 0.82 1.0 0.94 1.0
ETransfer 1.0 0.95 0.98 1.0 1.0 0.95 1.0 0.83 1.0 0.86 1.0 0.88 1.0 0.81 1.0 0.71 0.99

ECompScaling 1.59 0.89 3.95 6.65 11.22 0.45 12.9 1.0 13.76 0.93 13.83 0.76 13.47 0.81 1.91 4.0 3.33
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.96 0.71 0.79 0.54 0.8 0.75 0.89 0.48 0.93 0.46 0.93 0.46 0.91 0.46 0.98 0.44 0.9

EGC 0.99 1.0 0.79 0.55 0.82 1.0 0.89 1.0 0.93 1.0 0.94 1.0 0.92 1.0 0.98 1.0 0.91
ETaskDeserialization 0.97 0.75 1.0 1.0 0.98 0.8 1.0 0.64 1.0 0.65 1.0 0.59 1.0 0.63 1.0 0.72 0.99
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.97 1.0 0.93 1.0 0.97 1.0 0.99 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.97 1.0 0.93 1.0 0.97 1.0 0.99 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.68 1.0 0.95 0.65 0.77 0.43 0.78 0.62 0.77 0.62 0.77 0.62 0.77 0.62 0.68 0.62 0.76
ETaskLocality 0.33 0.67 0.56 1.0 1.0 0.79 1.0 0.79 1.0 0.79 1.0 0.79 1.0 0.79 0.33 0.98 0.46
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 175.87 0.15 157.04 12.89 10.06 0.1 8.63 0.03 7.98 0.03 7.82 0.03 8.09 0.03 170.15 0.2 -
Ref. Stage Duration (s) 279.46 0.14 620.9 85.68 112.83 0.05 111.35 0.03 109.76 0.03 108.09 0.03 108.92 0.02 325.13 0.8 -
|𝑇 𝑠| 16 1 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16.0
|𝐾𝑠| 75 1 75 75 75 16 75 16 75 16 75 16 75 16 75 200 75.0
Minor GC Count 605 0 1488 1538 1600 0 1173 0 824 0 933 0 1788 0 2542 0 1514.89
Major GC Count 16 0 56 63 68 0 51 0 34 0 35 0 69 0 77 0 49.63

62



B.3. K-means

[E24] Nodes: 8, executors: 8, cores: 8, degree of parallelism: 8, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.25 0.01 4.66 4.28 9.61 0.03 16.33 0.01 14.85 0.03 8.95 0.03 18.28 0.02 1.65 2.32 2.75

EParallel 0.51 0.01 0.46 0.39 0.53 0.09 0.5 0.04 0.46 0.07 0.36 0.07 0.51 0.06 0.5 0.72 0.49
ELoadBalance 0.53 0.02 0.46 0.4 0.54 0.1 0.5 0.04 0.46 0.1 0.37 0.1 0.51 0.09 0.52 0.85 0.51
ECommunication 0.96 0.9 1.0 1.0 0.99 0.88 0.99 0.88 0.99 0.74 1.0 0.69 0.99 0.7 0.96 0.85 0.97

ESerialization 0.97 0.95 1.0 1.0 1.0 0.93 1.0 0.95 1.0 0.87 1.0 0.8 1.0 0.8 0.96 0.94 0.97
ETransfer 1.0 0.95 1.0 1.0 1.0 0.95 1.0 0.93 1.0 0.86 1.0 0.86 1.0 0.88 1.0 0.9 1.0

ECompScaling 2.77 0.76 14.6 22.05 29.16 0.4 37.74 0.34 36.19 0.77 28.02 0.86 39.05 0.55 3.43 6.69 7.19
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.88 0.77 0.7 0.49 0.62 0.78 0.87 0.63 0.9 0.56 0.88 0.53 0.92 0.51 0.97 0.48 0.87

EGC 0.98 1.0 0.71 0.51 0.72 1.0 0.88 1.0 0.91 1.0 0.89 1.0 0.93 1.0 0.97 0.99 0.92
ETaskDeserialization 0.9 0.8 0.99 0.98 0.87 0.83 0.99 0.76 0.99 0.69 0.99 0.68 0.99 0.65 1.0 0.59 0.96
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0 0.98 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0 0.98 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.58 1.0 0.67 0.55 0.55 0.5 0.55 0.62 0.55 0.62 0.55 0.62 0.59 0.62 0.58 0.16 0.59
ETaskLocality 0.49 1.0 0.83 1.0 1.0 0.71 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 0.49 0.98 0.59
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 100.86 0.18 42.53 3.88 3.87 0.12 2.95 0.09 3.03 0.04 3.86 0.03 2.79 0.04 94.77 0.12 -
Ref. Stage Duration (s) 279.46 0.14 620.9 85.68 112.83 0.05 111.35 0.03 109.76 0.03 108.09 0.03 108.92 0.02 325.13 0.8 -
|𝑇 𝑠| 64 1 64 64 64 8 64 8 64 8 64 8 64 8 64 64 63.89
|𝐾𝑠| 75 1 75 75 75 8 75 8 75 8 75 8 75 8 75 200 74.93
Minor GC Count 508 0 1128 422 170 0 325 158 297 0 376 0 351 0 1970 0 1128.72
Major GC Count 28 0 56 24 8 0 17 7 18 0 18 0 17 0 75 0 48.85

[E25] Nodes: 16, executors: 16, cores: 16, degree of parallelism: 16, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 0.27 0.0 2.35 1.29 5.93 0.0 5.98 0.0 6.22 0.0 5.5 0.0 5.77 0.01 0.13 0.63 0.61

EParallel 0.13 0.0 0.16 0.07 0.16 0.01 0.14 0.01 0.15 0.0 0.13 0.02 0.12 0.03 0.06 0.34 0.09
ELoadBalance 0.13 0.0 0.16 0.07 0.16 0.01 0.14 0.02 0.15 0.0 0.13 0.02 0.12 0.04 0.06 0.41 0.09
ECommunication 0.96 0.91 1.0 0.99 0.99 1.0 0.99 0.87 0.99 1.0 0.99 0.9 0.99 0.77 0.97 0.83 0.97

ESerialization 0.96 0.97 1.0 1.0 1.0 1.0 1.0 0.94 1.0 1.0 1.0 0.96 1.0 0.89 0.97 0.96 0.97
ETransfer 1.0 0.95 1.0 1.0 0.99 1.0 1.0 0.93 0.99 1.0 1.0 0.94 1.0 0.87 1.0 0.87 1.0

ECompScaling 2.51 0.73 22.31 29.57 47.95 0.0 50.77 0.26 51.89 0.0 48.58 0.24 50.85 0.71 2.89 3.7 6.31
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.81 1.0 0.93
ETask 0.85 0.78 0.65 0.6 0.78 0.03 0.82 0.59 0.81 0.04 0.89 0.61 0.93 0.44 0.96 0.5 0.79

EGC 0.98 1.0 0.66 0.64 0.85 1.0 0.85 1.0 0.83 1.0 0.95 1.0 0.94 1.0 0.96 1.0 0.94
ETaskDeserialization 0.87 0.83 0.99 0.96 0.93 0.03 0.99 0.72 0.99 0.04 0.95 0.73 0.99 0.58 1.0 0.61 0.85
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 1.0 1.0 0.99 1.0 0.98 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 1.0 1.0 0.99 1.0 0.98 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.99 1.0 0.96 0.99 0.99 0.44 0.99 0.56 0.99 0.56 0.99 0.56 0.99 0.56 0.69 0.04 0.82
ETaskLocality 0.48 0.67 0.91 1.0 1.0 0.92 1.0 0.92 1.0 0.92 1.0 0.92 1.0 0.92 0.63 0.99 0.65
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 111.17 0.18 27.83 2.9 2.35 19.38 2.19 0.11 2.12 10.06 2.23 0.1 2.14 0.03 112.35 0.22 -
Ref. Stage Duration (s) 279.46 0.14 620.9 85.68 112.83 0.05 111.35 0.03 109.76 0.03 108.09 0.03 108.92 0.02 325.13 0.8 -
|𝑇 𝑠| 75 1 75 75 75 16 75 16 75 16 75 16 75 16 58 200 62.65
|𝐾𝑠| 75 1 75 75 75 16 75 16 75 16 75 16 75 16 93 200 75.96
Minor GC Count 436 0 884 0 622 0 195 0 0 0 64 0 273 0 1705 10 904.82
Major GC Count 38 0 50 0 31 0 15 0 0 0 5 0 10 0 90 3 53.72
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B. Experimental Results

B.3.2. hibench.scale.profile: gigantic

[E26] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.1.
The simulated thread scheduler had to perform additional waiting of max. 2 ms to schedule all tasks.

Stages
Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.63 0.04 2.7 11.41 11.34 0.07 11.47 0.11 11.76 0.08 11.74 0.11 11.28 0.09 1.99 1.65 2.86

EParallel 0.98 0.06 0.98 0.9 0.9 0.19 0.9 0.17 0.9 0.15 0.9 0.16 0.89 0.16 0.98 0.73 0.97
ELoadBalance 0.98 0.06 0.98 0.91 0.91 0.2 0.9 0.21 0.9 0.21 0.91 0.23 0.89 0.23 0.98 0.9 0.98
ECommunication 1.0 0.9 1.0 1.0 1.0 0.93 1.0 0.79 1.0 0.7 1.0 0.71 1.0 0.71 1.0 0.81 1.0

ESerialization 1.0 0.94 1.0 1.0 1.0 0.97 1.0 0.87 1.0 0.79 1.0 0.8 1.0 0.85 1.0 0.94 1.0
ETransfer 1.0 0.96 1.0 1.0 1.0 0.95 1.0 0.91 1.0 0.88 1.0 0.89 1.0 0.83 1.0 0.87 1.0

ECompScaling 1.7 0.92 2.8 12.95 12.79 0.48 12.92 1.0 13.26 0.82 13.12 1.11 12.85 1.0 2.05 4.53 3.04
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.98 0.73 0.98 0.98 0.98 0.81 0.99 0.64 0.99 0.63 0.99 0.62 0.99 0.55 0.99 0.5 0.98

EGC 0.99 1.0 0.98 0.98 0.99 1.0 0.99 1.0 0.99 1.0 0.99 1.0 0.99 1.0 0.99 0.97 0.99
ETaskDeserialization 0.99 0.76 1.0 1.0 0.99 0.85 1.0 0.74 1.0 0.74 1.0 0.73 1.0 0.68 1.0 0.66 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.77 1.0 0.84 0.93 0.93 0.69 0.93 0.77 0.93 0.78 0.93 0.78 0.93 0.78 0.77 0.62 0.82
ETaskLocality 0.33 0.67 0.34 1.0 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 0.33 0.98 0.38
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 344.69 0.17 678.7 12.88 17.57 0.11 17.12 0.03 16.45 0.03 16.2 0.03 16.73 0.02 339.8 0.18 -
Ref. Stage Duration (s) 584.79 0.15 1903.75 166.92 224.73 0.05 221.22 0.03 218.16 0.03 212.5 0.03 214.89 0.02 696.19 0.8 -
|𝑇 𝑠| 16 1 16 16 16 4 16 4 16 4 16 4 16 4 16 16 16.0
|𝐾𝑠| 150 1 150 150 150 4 150 4 150 4 150 4 150 4 150 200 149.97
Minor GC Count 1048 0 3500 3571 3650 0 3712 0 3766 0 3832 0 3899 0 4916 0 3265.59
Major GC Count 15 0 25 25 25 0 25 0 25 0 25 0 25 0 32 0 24.26

[E27] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.7 0.04 2.71 4.07 7.63 0.07 11.49 0.1 9.76 0.08 11.29 0.1 11.81 0.08 2.02 1.63 2.8

EParallel 0.98 0.06 0.97 0.83 0.84 0.18 0.91 0.16 0.88 0.15 0.91 0.17 0.93 0.16 0.98 0.7 0.97
ELoadBalance 0.98 0.06 0.97 0.86 0.84 0.2 0.91 0.21 0.88 0.2 0.91 0.23 0.93 0.22 0.98 0.91 0.97
ECommunication 1.0 0.89 1.0 0.97 1.0 0.91 1.0 0.78 1.0 0.76 1.0 0.77 1.0 0.7 1.0 0.77 1.0

ESerialization 1.0 0.94 1.0 1.0 1.0 0.96 1.0 0.88 1.0 0.86 1.0 0.88 1.0 0.83 1.0 0.94 1.0
ETransfer 1.0 0.95 1.0 0.97 1.0 0.95 1.0 0.89 1.0 0.88 1.0 0.87 1.0 0.85 1.0 0.82 1.0

ECompScaling 1.78 0.95 3.5 7.36 10.42 0.47 13.12 1.0 12.02 0.88 12.97 1.0 13.23 0.96 2.09 4.68 3.3
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.97 0.77 0.8 0.67 0.87 0.8 0.96 0.59 0.93 0.56 0.96 0.59 0.97 0.55 0.98 0.5 0.91

EGC 0.99 1.0 0.8 0.68 0.88 1.0 0.96 1.0 0.93 1.0 0.96 1.0 0.97 1.0 0.98 1.0 0.92
ETaskDeserialization 0.99 0.82 1.0 1.0 0.99 0.85 1.0 0.71 1.0 0.69 1.0 0.69 1.0 0.67 1.0 0.66 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.62 1.0 0.8 0.79 0.84 0.64 0.84 0.74 0.84 0.74 0.79 0.74 0.84 0.74 0.73 0.62 0.73
ETaskLocality 0.33 0.67 0.44 1.0 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 1.0 0.67 0.33 0.98 0.43
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 344.78 0.15 360.93 21.37 20.23 0.12 16.27 0.04 17.73 0.03 16.38 0.03 15.99 0.03 339.64 0.17 -
Ref. Stage Duration (s) 614.12 0.14 1264.7 157.22 210.88 0.06 213.44 0.04 213.03 0.03 212.45 0.03 211.44 0.03 711.11 0.79 -
|𝑇 𝑠| 16 1 16 16 16 4 16 4 16 4 16 4 16 4 16 16 16.0
|𝐾𝑠| 150 1 150 150 150 4 150 4 150 4 150 4 150 4 150 200 149.96
Minor GC Count 1035 0 3023 3132 3218 0 3309 0 3397 0 3484 0 3572 0 4937 0 3020.25
Major GC Count 19 0 110 122 122 0 122 0 123 0 123 0 123 0 137 0 91.87
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B.3. K-means

[E28] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 4, memory fraction: 0.9.
Contrary to the configuration, Spark executed this application with 8 executors. Only 5 executors were actively used in stages 6 and 8,
one of which had access to double the amount of configured cores.

Stages
Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 0.8 0.02 0.17 0.06 0.27 0.04 0.06 0.02 0.04 0.01 0.21 0.01 0.18 0.04 2.0 1.41 0.27

EParallel 0.49 0.03 0.44 0.42 0.35 0.1 0.39 0.07 0.43 0.06 0.31 0.05 0.31 0.08 0.42 0.32 0.43
ELoadBalance 0.49 0.03 0.45 0.42 0.35 0.11 0.39 0.08 0.46 0.07 0.31 0.05 0.31 0.12 0.43 0.41 0.43
ECommunication 1.0 0.9 1.0 0.99 1.0 0.9 1.0 0.9 0.94 0.92 1.0 0.91 1.0 0.69 0.97 0.79 0.99

ESerialization 1.0 0.95 1.0 1.0 1.0 0.93 1.0 0.95 0.99 0.97 1.0 0.95 1.0 0.79 1.0 0.91 1.0
ETransfer 1.0 0.94 1.0 0.99 1.0 0.97 1.0 0.95 0.95 0.95 1.0 0.96 1.0 0.88 0.97 0.87 0.99

ECompScaling 1.95 0.87 2.02 0.82 3.27 0.51 0.81 0.29 0.69 0.27 2.94 0.27 2.95 0.81 7.31 8.99 1.88
ETaskSuccess 1.0 1.0 0.95 1.0 1.0 1.0 0.99 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.98
ETask 0.84 0.75 0.19 0.18 0.24 0.81 0.21 0.75 0.14 0.63 0.23 0.66 0.21 0.58 0.65 0.48 0.27

EGC 0.85 1.0 0.21 0.18 0.24 1.0 0.21 1.0 0.14 1.0 0.23 1.0 0.21 1.0 0.65 1.0 0.28
ETaskDeserialization 0.99 0.79 1.0 1.0 0.99 0.86 1.0 0.85 1.0 0.76 1.0 0.74 1.0 0.7 1.0 0.68 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.95 1.0 0.91 1.0 0.99 1.0 0.95 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.95 1.0 0.91 1.0 0.99 1.0 0.95 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.73 1.0 0.56 0.55 0.79 0.78 0.64 0.74 0.6 0.74 0.52 0.74 0.51 0.74 0.58 0.62 0.6
ETaskLocality 0.33 0.67 0.5 0.83 1.0 0.67 0.9 0.67 0.88 0.67 1.0 0.67 0.99 0.67 0.57 0.98 0.65
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 346.69 0.16 1520.6 326.02 94.33 0.1 377.85 0.1 430.19 0.1 101.39 0.1 101.8 0.03 126.63 0.14 -
Ref. Stage Duration (s) 675.78 0.14 3067.24 267.44 308.91 0.05 306.6 0.03 295.55 0.03 298.14 0.03 300.59 0.03 926.15 1.22 -
|𝑇 𝑠| 16 1 24 16 16 4 24 4 24 4 16 4 16 4 16 16 21.44
|𝐾𝑠| 150 1 158 150 150 4 231 4 246 4 150 4 150 4 150 200 174.51
Minor GC Count 398 0 998 900 948 0 1116 0 1047 0 769 0 778 0 1811 0 962.28
Major GC Count 2035 0 4913 4483 4644 0 5467 0 5070 0 3475 0 3720 0 4907 0 4575.02

[E29] Nodes: 4, executors: 4, cores: 4, degree of parallelism: 16, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.7 0.04 2.72 4.23 3.02 0.25 8.12 0.04 7.47 0.25 11.1 0.17 11.78 0.25 2.02 1.16 2.66

EParallel 0.98 0.06 0.97 0.88 0.61 0.64 0.83 0.62 0.81 0.54 0.89 0.5 0.93 0.51 0.98 0.61 0.96
ELoadBalance 0.98 0.06 0.97 0.88 0.72 0.7 0.83 0.65 0.81 0.71 0.89 0.61 0.94 0.72 0.99 0.86 0.96
ECommunication 1.0 0.92 1.0 1.0 0.85 0.91 1.0 0.95 1.0 0.75 1.0 0.82 1.0 0.7 1.0 0.71 0.99

ESerialization 1.0 0.95 1.0 1.0 1.0 0.94 1.0 0.97 1.0 0.86 1.0 0.92 1.0 0.83 1.0 0.94 1.0
ETransfer 1.0 0.96 1.0 1.0 0.85 0.96 1.0 0.98 1.0 0.88 1.0 0.9 1.0 0.85 1.0 0.75 0.99

ECompScaling 1.78 0.93 3.47 7.43 6.24 0.51 11.05 0.22 10.63 0.91 13.08 0.75 13.44 0.96 2.09 4.21 3.24
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.97 0.75 0.81 0.65 0.79 0.75 0.88 0.32 0.87 0.51 0.95 0.45 0.94 0.51 0.98 0.45 0.91

EGC 0.99 1.0 0.81 0.65 0.8 1.0 0.89 0.76 0.87 1.0 0.96 1.0 0.94 1.0 0.98 1.0 0.91
ETaskDeserialization 0.99 0.78 1.0 1.0 1.0 0.81 1.0 0.93 1.0 0.67 1.0 0.54 1.0 0.68 1.0 0.71 1.0
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.46 1.0 0.94 1.0 0.98 1.0 0.96 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.46 1.0 0.94 1.0 0.98 1.0 0.96 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.56 1.0 0.87 0.68 0.83 0.44 0.75 0.62 0.77 0.62 0.77 0.62 0.82 0.62 0.77 0.62 0.74
ETaskLocality 0.33 0.67 0.45 1.0 0.98 0.79 1.0 0.79 1.0 0.79 1.0 0.79 1.0 0.79 0.33 0.98 0.44
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 344.92 0.15 364.35 21.16 33.77 0.11 19.31 0.17 20.05 0.03 16.24 0.04 15.73 0.03 339.72 0.19 -
Ref. Stage Duration (s) 614.12 0.14 1264.7 157.22 210.88 0.06 213.44 0.04 213.03 0.03 212.45 0.03 211.44 0.03 711.11 0.79 -
|𝑇 𝑠| 16 1 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16.0
|𝐾𝑠| 150 1 150 150 150 16 150 16 150 16 150 16 150 16 150 200 149.95
Minor GC Count 1085 0 3096 3196 3309 0 3419 0 3521 0 3597 0 3691 0 5083 0 3113.64
Major GC Count 21 0 113 124 125 0 128 0 132 0 132 0 133 0 151 0 98.57
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B. Experimental Results

[E30] Nodes: 4, executors: 8, cores: 8, degree of parallelism: 8, memory fraction: 0.6.
The simulated thread scheduler had to perform additional waiting of max. 2 ms to schedule all tasks.

Stages
Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 3.06 0.01 5.24 4.7 10.64 0.04 19.71 0.01 18.92 0.01 7.0 0.04 20.78 0.02 3.99 2.5 5.19

EParallel 0.57 0.01 0.67 0.61 0.6 0.09 0.66 0.04 0.63 0.04 0.41 0.07 0.64 0.06 0.56 0.68 0.6
ELoadBalance 0.59 0.02 0.71 0.61 0.6 0.1 0.66 0.05 0.63 0.04 0.41 0.1 0.64 0.08 0.58 0.78 0.62
ECommunication 0.96 0.92 0.95 1.0 1.0 0.91 1.0 0.92 1.0 0.92 1.0 0.74 1.0 0.74 0.96 0.87 0.96

ESerialization 0.96 0.96 0.99 1.0 1.0 0.95 1.0 0.96 1.0 0.96 1.0 0.88 1.0 0.86 0.96 0.93 0.98
ETransfer 1.0 0.96 0.95 1.0 1.0 0.95 1.0 0.95 1.0 0.96 1.0 0.84 1.0 0.85 1.0 0.94 0.98

ECompScaling 6.09 0.83 10.36 16.61 24.41 0.51 35.13 0.33 34.74 0.28 21.1 0.97 35.97 0.76 7.59 7.09 10.48
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.89 0.77 0.75 0.46 0.73 0.79 0.85 0.72 0.87 0.64 0.81 0.54 0.91 0.52 0.95 0.52 0.84

EGC 0.98 1.0 0.75 0.47 0.74 1.0 0.86 1.0 0.88 1.0 0.81 1.0 0.91 1.0 0.95 1.0 0.87
ETaskDeserialization 0.91 0.8 1.0 0.99 0.98 0.84 1.0 0.8 1.0 0.73 1.0 0.66 1.0 0.67 1.0 0.62 0.97
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.97 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.97 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.46 1.0 0.59 0.45 0.6 0.53 0.54 0.53 0.52 0.53 0.52 0.53 0.6 0.53 0.46 0.14 0.52
ETaskLocality 0.58 0.67 0.67 1.0 1.0 0.83 1.0 0.75 1.0 0.75 1.0 0.75 1.0 0.75 0.58 0.98 0.66
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 100.89 0.17 122.07 9.47 8.64 0.11 6.08 0.11 6.13 0.1 10.07 0.03 5.88 0.03 93.7 0.11 -
Ref. Stage Duration (s) 614.12 0.14 1264.7 157.22 210.88 0.06 213.44 0.04 213.03 0.03 212.45 0.03 211.44 0.03 711.11 0.79 -
|𝑇 𝑠| 64 1 64 64 64 8 64 8 64 8 64 8 64 8 64 64 63.91
|𝐾𝑠| 150 1 150 150 150 8 150 8 150 8 150 8 150 8 150 200 149.79
Minor GC Count 804 0 2553 2199 1516 0 780 0 1527 0 2220 0 1991 0 4220 0 2393.48
Major GC Count 34 0 113 105 74 0 35 0 72 0 98 0 88 0 160 0 99.03

[E31] Nodes: 8, executors: 8, cores: 8, degree of parallelism: 8, memory fraction: 0.6.
Stages

Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 1.51 0.01 3.73 5.33 18.15 0.03 18.07 0.01 24.44 0.06 20.37 0.05 22.39 0.03 1.88 2.59 2.83

EParallel 0.88 0.01 0.84 0.61 0.75 0.09 0.61 0.04 0.7 0.09 0.68 0.08 0.68 0.07 0.91 0.73 0.87
ELoadBalance 0.89 0.02 0.84 0.62 0.75 0.1 0.62 0.04 0.71 0.11 0.69 0.1 0.68 0.1 0.91 0.88 0.87
ECommunication 1.0 0.93 1.0 1.0 1.0 0.91 1.0 0.89 0.99 0.78 1.0 0.75 1.0 0.7 1.0 0.83 1.0

ESerialization 1.0 0.96 1.0 1.0 1.0 0.96 1.0 0.94 1.0 0.88 1.0 0.84 1.0 0.81 1.0 0.92 1.0
ETransfer 1.0 0.96 1.0 1.0 1.0 0.95 1.0 0.95 0.99 0.89 1.0 0.89 1.0 0.87 1.0 0.9 1.0

ECompScaling 1.77 0.87 4.95 17.7 31.7 0.48 33.83 0.35 39.63 1.07 35.75 1.07 37.66 0.87 2.1 7.09 3.88
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.97 0.74 0.9 0.49 0.76 0.8 0.87 0.65 0.88 0.62 0.83 0.56 0.87 0.56 0.99 0.5 0.95

EGC 0.99 1.0 0.9 0.49 0.78 1.0 0.88 1.0 0.89 1.0 0.84 1.0 0.88 1.0 0.99 0.99 0.96
ETaskDeserialization 0.97 0.77 1.0 1.0 0.98 0.86 1.0 0.74 1.0 0.74 1.0 0.69 1.0 0.69 1.0 0.6 0.99
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.97 1.0 0.99 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 1.0 0.97 1.0 0.99 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.29 1.0 0.65 0.45 0.6 0.6 0.48 0.59 0.48 0.59 0.48 0.59 0.6 0.59 0.46 0.16 0.45
ETaskLocality 0.33 1.0 0.56 1.0 1.0 0.71 1.0 0.75 1.0 0.75 1.0 0.75 1.0 0.75 0.33 0.99 0.42
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 347.0 0.17 255.48 8.88 6.65 0.12 6.31 0.1 5.38 0.03 5.94 0.03 5.62 0.03 339.18 0.11 -
Ref. Stage Duration (s) 614.12 0.14 1264.7 157.22 210.88 0.06 213.44 0.04 213.03 0.03 212.45 0.03 211.44 0.03 711.11 0.79 -
|𝑇 𝑠| 64 1 64 64 64 8 64 8 64 8 64 8 64 8 64 64 63.97
|𝐾𝑠| 150 1 150 150 150 8 150 8 150 8 150 8 150 8 150 200 149.94
Minor GC Count 1302 0 3126 2392 2005 0 861 0 1700 0 2216 0 913 0 5144 0 3121.88
Major GC Count 35 0 112 88 75 0 34 0 64 0 81 0 34 0 149 0 95.62
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B.3. K-means

[E32] Nodes: 16, executors: 16, cores: 16, degree of parallelism: 16, memory fraction: 0.6.
Contrary to the configuration, Spark executed this application with 14 executors.

Stages
Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ∅
EGlobal 0.76 0.0 1.85 4.64 12.97 0.02 12.33 0.01 15.35 0.01 15.33 0.01 28.0 0.01 0.98 1.46 1.44

EParallel 0.37 0.0 0.2 0.24 0.34 0.05 0.25 0.02 0.29 0.03 0.28 0.03 0.36 0.03 0.38 0.52 0.34
ELoadBalance 0.38 0.0 0.21 0.25 0.34 0.05 0.25 0.02 0.29 0.03 0.28 0.04 0.36 0.05 0.38 0.64 0.35
ECommunication 0.99 0.92 0.97 0.99 0.99 0.91 0.99 0.91 0.99 0.88 0.99 0.77 0.99 0.67 0.99 0.81 0.98

ESerialization 0.99 0.96 0.97 1.0 1.0 0.95 1.0 0.96 0.99 0.95 1.0 0.9 1.0 0.79 0.99 0.92 0.98
ETransfer 1.0 0.96 1.0 1.0 1.0 0.96 1.0 0.95 1.0 0.93 1.0 0.86 1.0 0.85 1.0 0.89 1.0

ECompScaling 2.19 0.74 10.98 37.78 51.61 0.43 55.08 0.35 60.95 0.43 59.51 0.86 82.82 0.79 2.62 6.4 5.53
ETaskSuccess 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETask 0.93 0.78 0.83 0.5 0.74 0.8 0.9 0.72 0.88 0.59 0.91 0.49 0.94 0.51 0.99 0.44 0.93

EGC 0.99 1.0 0.83 0.52 0.79 1.0 0.91 1.0 0.9 1.0 0.93 1.0 0.95 1.0 0.99 0.98 0.96
ETaskDeserialization 0.94 0.82 1.0 0.98 0.95 0.86 0.99 0.83 0.99 0.7 0.99 0.63 0.99 0.67 1.0 0.56 0.97
EResultSerialization 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffle 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ETaskShuffleFetch 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ETaskShuffleWrite 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

EInputBalance 0.99 1.0 0.82 0.88 0.88 0.52 0.88 0.62 0.88 0.62 0.88 0.62 0.88 0.62 0.99 0.05 0.96
ETaskLocality 0.4 1.0 0.76 1.0 1.0 0.88 1.0 0.98 1.0 0.98 1.0 0.98 1.0 0.98 0.4 1.0 0.48
EMemorySpill 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Stage Duration (s) 280.04 0.19 115.17 4.16 4.09 0.13 3.88 0.1 3.5 0.07 3.57 0.04 2.55 0.03 270.98 0.12 -
Ref. Stage Duration (s) 614.12 0.14 1264.7 157.22 210.88 0.06 213.44 0.04 213.03 0.03 212.45 0.03 211.44 0.03 711.11 0.79 -
|𝑇 𝑠| 150 1 150 150 150 16 150 16 150 16 150 16 150 16 150 200 149.9
|𝐾𝑠| 150 1 150 150 150 16 150 16 150 16 150 16 150 16 150 200 149.9
Minor GC Count 1293 0 2624 947 610 215 389 0 417 198 1453 0 823 0 4541 0 2775.93
Major GC Count 57 0 109 41 25 10 17 0 18 8 59 0 37 0 145 0 99.5
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