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ABSTRACT

LOCALITY-AWARE DISTRIBUTED STATE
PARTITIONING FOR STREAM PROCESSING
SYSTEMS

Muhammed Yagmur Sahin
M.S. in Computer Engineering
Advisor: Bugra Gedik
October 2016

Today, there are many applications that deal with high-volume data streams.
These distributed stream processing applications process data on-the-fly and pro-
vide real-time distributed computing for big data. Due to the volume of data
they process, some of these applications make use of data parallel nodes. The
state management for distributed nodes in these applications is an important
task to handle, because of different use cases such as: dealing with node fail-
ures, checkpointing, data enrichment, and re-partitioning. Therefore, distributed
stream processing applications need a state management mechanism. In this
thesis, we present a locality-aware state management mechanism for distributed
stream processing applications. The proposed mechanism provides a transpar-
ent locality-aware data partitioning and state management system for distributed
stream processing applications. The mechanism partitions data while preserving
locality and handles state transfer among nodes transparently, in order to adapt
to potential changes in the partitioning. In addition to this, it provides operators
with a high-performance state management facility that can tackle check-pointing
scenarios. The idea is implemented as a pluggable library for the open-source,

distributed stream-processing engine, Apache Storm.

Keywords: Locality-aware state partitioning, Consistent Hash, Apache Storm.
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OZET

VERI KATARI ISLEME SISTEMLERI ICIN VERI

YERELLIGI FARKINDALIGI OLAN DAGITIK DURUM
BOLUMLENDIRMESI

Muhammed Yagmur Sahin
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danismani: Bugra Gedik
Ekim 2016

Giintimiizde c¢ok sayida orta katman uygulamasi veri katarlarini islemede kul-
lanilmaktadir. Bu uygulamalarin igledigi verinin boyutu diigtintildiigiinde, bu
uygulamalarin veriyi paralel olarak igleyen diigiimlere sahip olmasi kaginilmazdir.
Bu dagitik veri katar1 isleme uygulamalar: veriyi anlik olarak caligma sirasinda
islemektedirler. Diger bir deyigle bu uygulamalar biiyiik veri i¢in gergek zamanl
ve dagitik igsleme imkani saglarlar. Bu dagitik diigiimlerin durum yonetimi ile il-
gili iglemler, bir diigiimun bozuklugu, saglama noktalar1 olugturulmasi, verinin
zenginlegtirilmesi ve verinin tekrar boliimlere ayrilmasi gibi kullanim senary-
olarindan dolay1 ele alinmasi gereken onemli bir gorevdir. Bu tezde, dagitik
veri katari uygulamalari i¢in saydam, veri yerelligi farkindaliginda bir durum
yonetimi mekanizmasi sunulmaktadir. Onerilen mekanizma dagitik veri katari
uygulamalari i¢in veri yerelligi farkindaligi olan, saydam bir veri boliimlendirme
ve durum yonetimi sistemi saglamaktadir. Mekanizma veriyi, veri yerelligini ko-
ruyarak boliimlendirmekte ve boliimlendirme gsemasinda gerceklegebilecek olasi
degisimlerde, veriyi isleyen diigiimler arasinda durum verisinin saydam olarak
aktarimini saglamaktadir. Buna ek olarak, mekanizma veri ile ilgili saklama
iinitesinde saglama noktalar1 olugturmak uzere yiiksek performansh bir durum
yonetimi 6zelligi de sunmaktadir. Bu fikir, acik kaynakli, dagitik veri katar:t mo-

toru Apache Storm i¢in bir tak-gikar kiitiiphane olarak gerceklenmistir.

Anahtar sozcikler: Veri Yerelligi Farkindaligi, Veri Boliimlendirme, Consistent
Hash, Apache Storm.
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Chapter 1

Introduction

The data that is produced and processed by computer systems is growing ex-
ponentially in the era of the Internet. In many applications, data should be
processed in near real-time to provide actionable insights. Examples include an-
alyzing live stock ticker data in financial markets, call detail records in telecom-
munications, video streams in surveillance, production line status feeds in man-

ufacturing, and vital body signals in health-care, to name a few.

Distributed stream processing systems process data on-the-fly, as it arrives con-
tinuously. They provide a paradigm for applying a series of operations on data
streams, and are suitable for processing high volume of data with low-latency.
When the response time and computational power requirements of current appli-
cations are considered, the importance of distributed stream processing systems
become even more apparent. The application areas of distributed stream pro-

cessing are wide as the penetration of the Internet in different fields of life.

A distributed stream processing system can consume data from geological sen-
sors, social media, banking services as well as national security services. As data
is consumed and emitted to the stream processing system, a series of operations
needed to be applied to the data. A stream can be described as a series of tu-

ples that are continuosly fed into the distributed system. In distributed stream



processing, the data tuples are partitioned using a partitioning key and emitted
to the operators that could have replicas as well [1]. These operators are referred
to as data parallel operators. Many stream processing applications require data
parallel operators to keep state. Therefore, the data parallel operators might be
stateful. The states of data parallel operators should be managed by the stream
processing middleware or the application developer. The state management is an
important task to handle in distributed stream processing applications, whether

it is done by the middleware or the application developer.

The following use case explains the state management of a data parallel op-
erator. Consider a distributed stream processing system, which calculates some
statistics over the visits of pages in a web site. The data stream for the system
consists of tuples containing the page id and the the visit count. The partitioning
function partitions the tuples according to their page id and directs the tuples to
their corresponding data parallel operators. In such a systems, if a failure occurs
for a node that a data parallel operator is working on, then the visit statistics
maintained for the page ids it was processing are lost, unless a state management
mechanism is used. When the failed node is started to work again, the visit
statistics for that page will start from scratch. In this simple example, the visit
statistics for the pages would not have been lost, if periodic check pointing to a
persistent unit was available for the state that was being stored in the memory

of the data parallel operators.

When the data is partitioned and transferred to the data parallel stateful
operators, it is exposed to different operations, which may maintain state. In
certain scenarios, this state needs to be persisted to disk. Example scenarios
include check-pointing to disk or data enrichment from disk [2]. Persistence of
data comes with the burden of disk access, which is a costly operation for a
real-time system. The issue of locality of the data rises here. In certain cases,
the locality of this data can significantly impact the performance of writing to
and reading from the storage unit. While developing our state management
mechanism, we consider two use cases: partitioned state management with check-

pointing, and enrichment using dynamic mapping.



First, the partitioned state management case is about the adaptability of the
state management mechanism to the changing nature of the distributed stream
processing systems. In these systems, elasticity is an important issue, because
the topology of the system could change due to any reason such as failures or
workload spiked. Therefore, a re-partition of the data among the nodes can be
required, and that causes a change in the partitioning scheme as well [3]. This also
leads to state transfer among the data parallel nodes in the distributed system,
so the state management mechanism should handle this transparently without

affecting performance.

Second, the enrichment using dynamic mapping case is relevant when the
streaming data needs to be enriched using lookup data that resides in a database.
There are often multiple partitioned stateful operators in a streaming applica-
tion. These operators typically use a partitioning key to perform enrichment,
aggregation, trigger processing, etc. [3]. Since enrichment is a common task, its
performance is important. To increase enrichment performance, we need to have
each replica of the enrichment operator get the necessary information from the

database for itself.

In both of the cases, the problems to be considered are transparent re-
partitioning and reducing disk access times. For the sake of transparency in
data migration, our mechanism handles re-partitioning on-the-fly and does not
rely on disk. The mechanism also reduces disk access cost by utilizing locality of

the data when partitioning.

The locality of the data means having similar data points near to each other [4].
When the data is partitioned according to locality, then the data stored or re-
trieved in each data parallel operator will be close to each other in terms of their
keys. Storing data according to locality provides an ability to perform batch
stores and retrieves and reduces the disk access cost [4]. Therefore, our mecha-

nism utilizes locality when partitioning the data.

We develop our mechanism as a plug-in for open-source distributed stream pro-

cessing engine Apache Storm [5]. The mechanism provides Storm a locality-aware



partitioned state management support for its data parallel operators. Due to the
characteristics of stream processing systems, the state management mechanism
should not negatively impact application performance [6]. To increase trans-
parency and throughput, our mechanism does not involve any disk read/writes
when creating or updating the partitioning scheme, i.e. the state transfer is
handled on-the-fly. Our plug-in can be easily used by any Apache Storm appli-
cation. We also developed a demo application using this mechanism for test and

demonstration purposes.

The rest of this thesis is organized as follows. Chapter 2 discusses the related
work and provides a background on Apache Storm. Chapter 3 introduces the
system design and implementation for the locality-aware partitioned state man-
agement system for the Apache Storm. Chapter 4 explains the how locality aware
partitioner design is developed and the idea behind the development of locality-
aware partitioning scheme. Chapter 5 provides analytical results of the evaluation
for the locality-aware partitioner for both one-dimensional and two-dimensional
data types as well as the locality-aware partitioned state management library for

Apache Storm. Finally, Chapter 6 concludes this thesis.



Chapter 2

Background on Apache Storm

Apache Storm is an open source, distributed, real-time computation system for
large volumes of streaming data [5]. It is a fast, scalable, fault-tolerant and
reliable system for processing real-time, high-velocity data. It is also easy to
operate and can be used with any programming language. Its performance was
benchmarked at processing one million 100 byte messages per second per node
with commodity hardware. It restarts a worker in case it dies or if the node
dies Apache Storm assigns workers to a running node to provide fault-tolerance.
The incoming tuples are guaranteed to be processed by Apache Storm, and the

messages are replayed if any failure occurs.

The features provided by Apache Storm makes it a prominent middleware for
distributed stream processing. As a distributed stream processing engine Apache
Storm re-defines stream processing concepts in its own terminology as well. The

details about this terminology is provided in the following sections.

2.1 Topologies

The topology is the real-time application that is running on Apache Storm. The

applications are packaged as topologies in terms of Apache Storm concepts. A
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topology runs forever unless it is terminated and it can be described as a graph

of Spouts, Bolts, and Stream Groupings.

2.2 Streams

The stream is the abstraction in the Apache Storm terminology that describes
the series of tuples that is processed in a parallel and distributed fashion. Tuples

can contain any primitive types as well as custom types whose own serializers are
defined.

2.3 Spouts

The spouts are the sources of streams in an Apache Storm topology. Spouts
provide tuples to the Apache Storm topologies as streams, generally by reading
from external sources such as Twitter API [5]. A spout can emit more than
one stream, and it could be reliable or unreliable. Reliable spouts guarantee the

message processing, in other words, replays the tuples in the case of a failure.

2.4 Bolts

Bolts are main processing units in the Apache Storm. Bolts can handle tasks
ranging from filtering, projection, aggregation, joining, talking to databases, and
more. Bolts execute many tasks across the cluster. Each task corresponds to
one thread of execution, and stream groupings define how to send tuples from
one set of tasks to another set of tasks [5]. This provides parallelism in the bolts
execution. Apache Storm Bolts can be considered as data parallel operators, since

they are processing the data using many tasks in parallel.



2.5 Stream Groupings

Another component of Apache Storm topologies is the stream groupings. Stream
groupings specify which bolts will be dealing with which streams and they also
define how the tuples of the stream should be partitioned among the tasks of
a bolt [5]. There are built-in stream groupings in Apache Storm, but stream
groupings could also be extended by implementing the CustomStreamGrouping

interface that Apache Storm provides.

2.6 Proposed Solution for Apache Storm

Our proposed solution consists of two building blocks: the locality-aware parti-

tioning and the state management mechanisms.

The partitioning mechanism is made available to any application using Apache
Storm’s pluggable architecture for grouping mechanisms. The locality-aware par-
titioning provides grouping of incoming tuples according to their locality and
directs those tuples to the relevant operators in the application. The state man-
agement mechanism is provided with the help of a standalone application that
the Apache Storm operators are communicating with via a custom interface. This
interface was developed by extending existing Apache Storm components and can

be configured by the application developers.

There are pluggable grouping mechanisms already available for Apache Storn,
which manage particular task assignment and priority issues. However, there is no
grouping available for locality-aware partitioning, In this work, we are presenting
a new pluggable, locality-aware partitioned state management mechanism for
Apache Storm. Our service can be easily integrated into any Apache Storm
topology, and it can be used transparently without changing the regular course

of the application.



Since the distributed stream processing systems handle real-time data, pre-
serving a node’s state is crucial. Without this capability, the processing could
become disrupted after recovering from failure. The state that needs to be pre-
served is the data which is stored in the operator memory, typically representing
a summary of large amount of tuples that were processed earlier. It is impor-
tant not to lose this data in case of a failure, because when the system restarts
the previous calculation becomes lost. This might cause to misleading analytical

results after a restart.

Our solution for state management is designed as a pluggable library for
Apache Storm. It can be easily used with existing applications via the pro-
vided API. The aim of this mechanism is to augment Apache Storm with a state
management service, while at the same time using an underlying locality-aware
partitioning mechanism to utilize benefits of data locality for handling disk op-
erations. The details about the proposed mechanism are provided in the next

chapter: ‘System Design and Implementation’.



Chapter 3

System Design and

Implementation

In this section, we explain the details of the designed system. The system is
designed to be easily integrated into Apache Storm, and it consists of a locality-

aware partitioning and a state management service components.

Our system proposes a locality-aware state management service for data par-
allel distributed stream processing operators. The system is designed as a bundle
for open-source, distributed stream processing engine Apache Storm using its
extendible architecture [5]. Our system is designed as an extension for Apache
Storm and it provides an additional service for Apache Storm and an API for
its users to manage the states of data parallel operators in their topology. We
designed our system for easy integration into existing applications and working

with different types of data.

While designing the system, the first consideration was to build a transparent
system that provides easy integration with new and existing topologies. Trans-
parency of the system means that handling all operations related to locality-

aware partitioning and state management without transforming the application



architecture. The system performs the state management operations in the back-
ground, and the distributed stream processing topology does not change, and the

performance of the whole system is not affected.

Since the system is designed for Apache Storm and Storm provides an extensi-
ble interface, the system uses this facility. Related to that point, the system itself
also does not lay a burden on application developers with a steep learning curve
about the new API and to write many lines of code for state management in
their implementation. The locality-aware partitioned state management mech-
anism’s integration to any Apache Storm application can be done in a trivial
way. Any operator that wants to use the state management service can simply
extend from an interface we provide. And to take advantage of the locality-aware
partitioning, the grouping mechanism we provide can be used while construct-
ing a topology. The state management service is going to handle all the related
tasks, in a transparent manner. Any additional configurations related to state
management service can be made using a configuration file, which locality-aware
partitioned state management mechanism uses to make necessary arrangements

for the particular cases configured in that file.

The second concern for our system is to support different data types. This
issue is important since it is also related to the transparency of the system. The
system is designed and implemented using Generics in Java to support different

data types flowing through the distributed stream processing application.

3.1 Use of the API

While designing the system, it is primarily considered that current development
practices should not be changed, as transparency implies that the use of the
API should also be simple to learn and implement. The API provides two main
components: one for locality-aware partitioning and another for state manage-
ment. The state management part has also two main interfaces; one for the data

parallel operators, aka Apache Storm Bolts, and the other for the partitioned

10



state management service. These components constitute our state management

mechanism’s interfaces.

The use of the API and its interfaces can be explained as follows:

e Locality-Aware Grouping: This component is implemented using Apache
Storm’s pluggable grouping API. Apache Storm’s groping API is utilized
to provide locality-aware partitioning of tuples to distribute them to the
copies of data parallel operators according to locality. This partitioning
regarding locality helps operators to deal with ‘local data’, which results in
better read and write performance on the disk. It is easy to use the API’s

locality aware grouping via Apache Storm’s pluggable groping architecture.

e State Service Bolt: The operators in the stream topology are based on this
component. The basic Storm operators (Bolts) are inherited from this par-
ent class, and they become stateful operators whose state is managed by
the state management service. This new Bolt type is created via extending
the Apache Storm’s Bolt interface. State management mechanism features
transparent state transfer among data parallel stateful operators and state
checkpointing to a storage unit using this new type of Bolts. The necessary
methods that are used to provide state management mechanism are imple-
mented under this parent class. This helps the API users to make use of

facilities of the API without requiring major changes in their design.

e Partitioned State Management Service: This component resides beyond
the Apache Storm applications. This part is developed independently from
Apache Storm as a partitioned state management service that enables data
parallel operators to transfer their states among them. This component also
keeps the states of data parallel operators while they are exchanging their
states. This component is designed and implemented as a server application
to provide object transfer among different instances of the nodes in the

cluster.
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Distributed Stream Processing Middleware - Apache Storm

Data Parallel Statefull Operator -
Bolt

Grouping
Data Stream Mechanism -
Source - Locality Aware
Spout Partitioner

Locality Aware Partitioned State
Management Service

Storage Unit - HBase

Figure 3.1: The Workflow of the Locality Aware Partitioned State Management
Service Architecture

Storm does not enable changing the topology design during run-time. There-
fore, the API’s facilities should be used while developing the topologies. In other
words, locality-aware grouping schemes and operators should be integrated into

the application during topology design time.

3.2 Architectural Design

The system is composed of two components. These components are the locality-
aware partitioner and the state management service. The partitioner’s job is to
distribute data to the operators according to locality. State management service,
however, is responsible for providing state management functionality for data

parallel operators.

In Apache Storm’s stream processing topology, the partitioner has the job
of grouping mechanism. Since the data is emitted between operators according
to predefined grouping schemes in an Apache Storm topology, the partitioner is

responsible for grouping the tuples with preserving data locality and directing

12



them to appropriate copy of the operators.

The partitioner can have different mechanisms while distributing data to the
different copies of the operators. In the proposed API, the tuples are planned to
be grouped in such a way that the data items that are close to each other will be
grouped together. The partitioner, therefore, processes tuples and emits them to
the same copy of the data parallel stateful operator with respect to data locality.
This approach constitutes the locality-aware partitioning mechanism. The par-
titioner can be integrated into any Apache Storm topology by using extensible
grouping mechanism of Apache Storm. The partitioner designed as a custom

grouping scheme and easily integrated into topologies while designing them.

State management service is the component that provides partitioned state
management functionality for Apache Storm applications. This service is used to
persist, read and re-distribute the state that is kept within the data parallel oper-
ators. The service works as follows: After significant amount of data is processed
by the topology and data parallel operators have accumulated summary state in
their memory using state management services, this state is repartitioned across
operators after the partitioning scheme is updated to be locality-aware. State
management service is also responsible for writing operator state into a persis-
tent storage space, as well as reading operator state from a persistent storage
space. These three features constitute a locality-aware state management service
for Apache Storm. The state management service could rely on any database
or file system, however, Apache HBase[7] is chosen in this work due to its fast
read/write in terms of locality. The workflow of the state management architec-

ture can be seen in Figure 3.1.

The state management service is planned as a separate program rather than as
an Apache Storm application. However, an interface is designed and implemented
for Storm bolts to make them use the state management service easily. The
features of the state management service can be easily taken advantage of by

using the provided interface while implementing the Apache Storm applications.

The interface for state management service is extending Apache Storm’s Bolt

13



interface. This new interface is also implemented by a class that can be inherited
by Bolts. This class provides the details for exchanging information between
the state management service application and the Apache Storm topologies. The
topologies that are using the locality-aware partitioned state management service
facility use this server application to transfer and migrate state among their data

parallel operators.

3.3 System Implementation

The implementation is realized considering the system as a pluggable a library,
as an extension for any Apache Storm topology. Therefore, Apache Storm’s ex-
tensible architecture is utilized, while implementing the library. Apache Storm’s
extension grouping interface is a direct gate for the locality-aware partitioning
mechanism. The locality-aware bolt, however, is implemented as an additional
bolt type that should be extended to provide locality-aware state management
for Apache Storm topologies. In addition to this, a server is developed in order
to help data transfer among copies of the bolts. The partitioning design requires
copies of the bolts to transfer data among them to increase locality of the parti-
tioned state that is kept in every single copy of a bolt. This server is used by the
new storm bolt interface, so the users of the library would not be burdened with

implementing details of the data transfer tasks.

3.3.1 Locality-Aware Grouping Mechanism for Apache

Storm

The locality-aware partitioner is implemented as a custom storm grouping mech-
anism. The idea is to extend Apache Storm to provide locality-aware data parti-
tioning among copies of bolts. This locality-aware data partitioning is obtained
by utilizing a new partitioning approach we developed called histogram hashing.

As any Apache Storm grouping mechanism, this mechanism is directing data

14



Apache Storm Topology
Apache Storm State Service Bolt
Grouping
Mechanism Task 1
Data Stream
Task 2
Histogram
Grouping
Task n

Figure 3.2: Component Diagram Representing Locality-Aware Grouping Mecha-
nism

to copies of bolts. However, this mechanism is also considering locality of data
while doing this job. This is achieved using the histogram hash, which is based
on consistent hash [8] as its baseline. The locality-aware grouping mechanism is
implemented to allow changes of the partitioning of state across copies of storm
bolts. This increases locality at any time by changing the partitioning scheme
according to the data stream that passes through the topology. The component
diagram in Figure 3.2 shows how the custom locality-aware grouping mechanism

is implemented and integrated into Apache Storm topologies.

3.3.2 Locality-Aware Stateful Bolt for Apache Storm

A new class of operator is developed for Apache Storm to reduce the overhead
of using the library because it would be painful for the users to implement state
transfer functionality. Instead, a new Apache Storm interface for Bolts is de-
veloped, and any Bolt that inherits from this new class of Bolt gets the state
transfer abilities among its copies. The interface also provides each copy a state

management service, via communicating with the partitioned state management
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Figure 3.3: Component Diagram Representing Locality-Aware Bolts

service application. The locality-aware bolt interface has all the details imple-
mented such as: networking, data transfer, data filtering before data transfer,
persisting the data into storage and reading the data from storage. Therefore,
the users of the library should only use the required functions according to their
need. The component diagram in Figure 3.3 shows how the locality-aware bolts

are designed and integrated into Apache Storm topologies.

3.3.3 Partitioned State Management Service

A server application is implemented for transferring state between copies of Bolts,
because there is no interface provided by Apache Storm to transfer data between
copies of the same Bolt. Storm architecture allows only the longitudinal move-
ment of data. Therefore, a different mechanism was needed and a server ap-
plication was implemented to transfer state on-the-fly. The server has a state
service, which keeps track of state transfers among copies. The mechanism is
working as follows: a copy of the Bolt filters the data in its state service and
sends the non-local data to the server where all the non-local data is transferred
to state management service of the server. After that, all the non-local data on
the state management service of the server is re-distributed among copies of the
bolt according to the new data partitioning scheme, which is based on data lo-

cality. The server provides this feature without needing to stop the stream, and
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Figure 3.4: Class Diagram Representing Architecture of Locality-Aware Parti-

tioned State Management Service

it handles all the transfer on-the-fly. The diagram given in Figure 3.4 presents
the class hierarchy that provides the details about the integration of partitioned

state management service into Apache Storm topologies.
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Chapter 4

Partitioner Design

Providing a locality-aware data partitioning mechanism is one of the goals of the
proposed partitioned state management system. There are other requirements of
the partitioning mechanism, such as load balance and migration cost. The load
balance is about the balanced distribution of data among the operator replicas.
The migration cost is defined as the amount of data that should be migrated
in case of a change in the partitioning scheme. These three characteristics are
considered for both 1-dimensional and 2-dimensional data sets, while developing

the locality-aware partitioning mechanism.

For 1-dimensional data, two alternatives approaches are taken: Consistent
Hash and Histogram Hash. Consistent Hash is a hashing mechanism from the
literature, known for its performance in terms of load balance and migration.
Histogram Hash is a new approach that we developed, which performs well in
terms of locality, load balance, and migration cost. Histogram Hash also uses

Consistent Hash in the background.

Hilbert-curves and k-d trees are used for partitioning 2-dimensional data.
Hilbert-curves are used to obtain a 1-dimensional representation of the 2-

dimensional data to apply techniques developed for the 1-dimensional data to
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the 2-dimensional data. The k-d tree is used to partition data directly in 2-
dimensional space, by specializing the basic k-d tree implementation to provide
locality-aware partitioning, while preserving load balance among the operator

replicas.

4.1 1-Dimensional Case

4.1.1 Consistent Hash

Typical hashing based schemes spread the load through a known, fixed collection
of servers [9, 8]. Cloud systems, however, do not have a fixed collection of ma-
chines. Instead, machines become up and down as they crash or are brought into
the network. For most of the hashing mechanisms, in the case of a re-size, nearly
all of the keys need to be remapped. In other words, most of the keys need to
be migrated when the size of the hash table is changed. The power of Consistent
Hash resides here. It is a particular hashing mechanism such that the number of
keys to be remapped is K/n, where K denotes the number of keys and n denotes
the number of slots, on average when the hash needs to be re-sized [9, 8]. This
enables consistent hashing to perform well when the hash table is resized. In ad-
dition to this point, balanced distribution of load is another important property

of Consistent Hash.

A consistent hash is composed of partitions over a keyspace. When a new node
joins the cluster, it picks a random number from the keyspace, and that number
forms a partition that represents the data it is going to handle. To provide load

balance, Consistent Hash assigns multiple partitions to each node.
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4.1.2 Histogram Hash

Consistent Hash is a good partitioning mechanism when considering load balance
and migration cost. However, it is not locality-aware. In theory, Consistent Hash
could not preserve locality, since it distributes key on a keyspace in a random

fashion, and it is not ensured that close by keys are closer in the keyspace.

Since the performance of Consistent Hash with respect to load balance and
migration cost is adequate, it is better to improve Consistent Hash to provide

locality-awareness. Histogram Hash mechanism is a result of such an effort.

The idea behind Histogram Hash is to override the bucketing mechanism of
Consistent Hash by creating a histogram of the data distribution. The histogram
created is an equi-depth histogram having multiple buckets. The boundaries of
buckets in the histogram are arranged according to the frequency of the elements.
The total frequency of elements that will be used in the histogram is calculated

and then divided by the number of buckets. This gives the frequency per bucket.

To form the histogram, the elements of a sample stream data set are sorted.
According to the frequency per bucket property, each data item is placed in the
current bucket as long as the frequency per bucket property is not exceeded.
When frequency per bucket is exceeded for one bucket, the next one is started to
be filled by incoming elements. The smallest and the largest element values give
the boundaries of buckets in the histogram. This is basically how the histogram

is prepared.

After having prepared the histogram for use, the data items to be partitioned
are first processed according to histogram bucket boundaries. Rather than di-
rectly hashing data items using Consistent Hash, the bucket of the histogram
that an item should be placed according to the histogram bucket boundaries is
calculated. Then, instead of hashing the real data item by Consistent Hash, the
histogram bucket number is hashed by the underlying Consistent Hash. There-
fore, it is ensured that the local items will be in the same bucket of the histogram

and consequently will be assigned to the same operator replica. Figure 4.1 shows
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Figure 4.1: An illustration about how Histogram Hash is obtained using Consis-
tent Hash.

the mapping of an example data stream into the consistent hash using an equi-

depth histogram, which is called as Histogram Hash.

As stated above, there are two building blocks while creating the histogram
that is used in the Histogram Hash. The first one is calculating frequencies of
data points, and the second one is creating the equi-depth histogram using the
frequencies. The algorithm for calculating the frequencies (Algorithm 1) uses the
data set and the workload generator as the parameters and returns a frequency
distribution, which is a map that contains the keys in the data set and their
frequencies. The frequency of a key defines how many times it appears in the data
set. The frequency distribution is used to determine which data points will be

placed in which histogram buckets, since the total frequencies in each histogram
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Algorithm 1 calculateFrequencies(D, W)

: Param: D, data-set
: Param: W, number-generator
fe{}
: for alld € D do
k < W .generate();
if f contains k then
Flk] « fK] + 1
else
flk] 1
end if
: end for
: return f

L 0D Ty

— = =

bucket is set to be equal. This is done in order to keep the load balanced among

histogram buckets.

The equi-depth histogram is created from the frequency distribution. This
histogram is used in Histogram Hash. When a new data is needed to be hashed,
the histogram bucket for that data is calculated according to the lower and upper
boundaries of the histogram buckets. After the histogram bucket is obtained
for the data, its histogram bucket index is used in the underlying Consistent
Hash to determine the operator replica it will map to. This provides a locality-
aware hashing mechanism, while preserving the load-balance across the operator
replicas. The algorithm for creating the equi-depth histogram (Algorithm 2) uses
the frequency distribution, the frequency per bucket, and the histogram bucket
count as the parameters and returns an equi-depth histogram as the result. The
resulting histogram is a list of buckets, when the buckets contain the data items.
The data items are sorted before the creation of the histogram. Each data item
is added to a bucket’s list of data while the frequency per bucket property is not
exceeded for that bucket. When the frequency for a bucket is exceeded, the data
is started to be added a new bucket until the number of buckets become zero.
When a data item is going to be hashed using the Histogram Hash, its bucket in
the histogram is found via binary search and its bucket index is hashed using the

underlying Consistent Hash.
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Algorithm 2 createHistogram(F, P, B)

1: Param: F, frequency distribution
2: Param: P, frequency per bucket
3: Param: B, bucket count

s e[

5 B+ B—1

6: 140

70+ 0

8: for all k € F do

9: [+ F[k]

10: if [+ f)—P|<|(l—P)| or B=0 then
ik eli] < e[i] U {k}

12: L1+ f

13: else

14: e < e U [[k]]

15: [+ f

16: B+ B-1

17: end if

18: 14—1+1

19: end for

20: return e

Histogram Hash mechanism has a payoff. While preserving locality, the load
balance property of Consistent Hash is altered. That could cause in performance
changes in migration as well. However, the evaluations show that migration is
not affected by the alteration. Related to that point, there is a point that the
locality measure and load balance measure are reasonably well performing. This
shows that the Histogram Hash could be an effective alternative when the locality

measure of data is important to reduce disk access latency.

4.2 2-Dimensional Case

The design of the partitioner in a multi-dimensional space is rather difficult when
compared to the one-dimensional case, because there is no ordering that pre-
serves spatial locality. This requires a different approach that considers the multi-

dimensional space. Two alternative approaches are developed for 2-dimensional
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data: dimension reduction via space filling curves and k-d trees.

4.2.1 Dimension Reduction

For the 2-dimensional space, if a linear representation could be obtained, it would
be easier to partition the space as in the case for the one-dimensional space. In
the literature, there are different alternatives for this situation. Space-filling
curves which provide a linear mapping for multidimensional spaces constitute the
baseline for this problem [10]. Space-filling curve is a continuous curve that passes

through every point of a closed square [11].

The Hilbert curves is a continuous fractal space-filling curve, which is a vari-
ant of the space-filling curves. Space filling curves, particularly Hilbert Curves,
maintains locality in a linear ordering of multi-dimensional data [12]. The
Hilbert curve is useful because it gives a mapping between 1-dimensional and
2-dimensional space that fairly well preserves locality [11]. On a Hilbert Curve,
which provides a linear ordering of multi-dimensional data, each point in the
data set is represented by a point on the curve. This is called the Hilbert Index.
Formally [12]:

Consider a 2-Dimensional lattice with 2™ points per dimension
P = B™x B™
where B™ = 0,1™
A standard Hilbert Index is a function
H:P-> B
which maps each point to its index

on the Hilbert curve as it passes through the lattice

Due to locality property of Hilbert Index, the Hilbert curve is used in our work
to provide a locality-aware mapping between 2-dimensional and 1-dimensional

spaces.

The Hilbert Index for 2-dimensional data is obtained using a library called
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Algorithm 3 buildKdTree(S, D, M, P)

1: Param: S, data-set

2: Param: D, depth of the tree

3: Param: M, minimum size

4: Param: P, split strategy > according to size or variance
5. if D.size() == 0 or D.size() < M then

6: return null

T

8

9

else
mid <— null
if D /2 =0 then
10: mid < split(S, true, P) > true for split on x-axis
Mk else
12: mid < split(S, false, P) > false for split on y-axis
13: end if

14: x-coordinate < (S.get(mid).x-coor+S.get(mid — 1).x-coor)/2
15: y-coordinate <— (.S.get(mid).y-coor+S.get(mid — 1).x-coor)/2
16: root <— {x-coordinate, y-coordinate}

17: root.right(buildKdTree(S[0, mid], D+1, M, P))

18: root.left(buildKd Tree(S[mid, S.size()|, D+1, M, P))

19: return root

20: end if

Uzaygezen. It is an open source project, which provides multi-dimensional index-
ing using Hilbert Curves. Uzaygezen supports mapping from a multi-dimensional

space into one-dimension space via calculating the Hilbert Index.

4.2.2 A Special Purpose K-D Tree

The k-d tree is used in the partition of a two-dimensional data set. The k-d
tree is a binary tree in which every node is a k-dimensional point [13]. Every
non-leaf node implicitly generates a splitting hyper-plane that divides the space
into two parts. This produces two sub-trees in the left and the right of that node.
The hyper-plane direction is chosen in the following way: for a particular split,

[}

if the “x” axis is chosen, all points with a smaller “x” value than the node will

appear on the left sub-tree and all points with larger “x” value will be on the

right sub-tree.
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In our work, k-d tree is used for partitioning purpose, rather than for range
searching. The points that fall into the same leaf node of the k-d tree are consid-
ered to be close. This property provides a locality-aware partitioning for multi-

dimensional spaces.

We developed a special k-d tree implementation in order to have a balanced and
a locality-aware partition of the data set. While partitioning the 2-dimensional
space, the data variance in the splitting hyper-plane is calculated in order to
preserve balance and locality. The algorithms for building the k-d tree is provided
in Algorithm 3.
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Chapter 5

Evaluation

5.1 Evaluation Metrics for Data Partitioning

5.1.1 Load Balance

Load Balance is the term that is used to define the load balance among the nodes.
The balance calculation algorithm works in the following way: the method gets
the data size for each node as an array. It then calculates the average size. Next,
it calculates the sum of distances of each node’s data size to the average size, and

divides it into the number of nodes.

5.1.2 Locality

Locality is defined as how close the data values are in a node. The calculation of
locality in a node is done in the following way: all the numbers in a data node
are sorted first. Next, the distance of consecutive numbers are calculated. The
sum of the distances is then divided into the size of data in the node. For each
node, the locality is measured in this way, and the per-node locality values are

averaged across nodes to get the final locality value. If the numbers in a node are
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all consecutive, then locality for that node is perfect, that is equal to 1. Locality

values are in the range of (0,1].

5.1.3 Migration

If a new node is added to the distributed system or if a node is removed from the
distributed system, the data stored in the whole distributed system is needed to
be re-distributed according to the new number of nodes. Migration is measured in
the following way: the number of nodes is increased by one. After that, the same
data points are placed again for the increased number of nodes. The number of
data points that are not placed in the same node for both of the cases is divided

by the new node count to obtain the migration measure.

5.2 Performance in 1-Dimensional Data

5.2.1 Generation of Test Data

The test data is generated using Zipf distribution in tests for 1-dimensional data.
Zipf is a probability density function, sometimes referred to as the zeta distribu-
tion [14]. Zipf’s law states that given some corpus of natural language expressions,
the frequency of any word is inversely proportional to its rank in the frequency
table [15]. In other words, the terms that are more often encountered in a set has
a lower rank than the terms that are encountered less often. Thus the most fre-
quent word will occur approximately twice as often as the second most frequent
word [15].

The generated data is composed of integers in the range of (0,100000). The
first test benchmark is created to measure the effect of changing node sizes on the
locality, balance, and migration. For the other two benchmarks, the test data set

size and distribution skew is modified to figure out their impact on performance.
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5.2.2 Analytical Results and Illustrations

The performance of data partitioning method is compared under three changing
parameters, the node size, the data set size and the data skew. The performance of
Histogram Hash is compared to the performance of Consistent Hash and Random
Hash. The figures presents the Histogram Hash’s locality preserving property. In
the figures; HH represents the hHistogram Hash, CH represents the Consistent
Hash and RH represents the Random Hash.

5.2.2.1 Tests Under Changing Node Sizes

The node size is defined as the number of copies of the data parallel operators.
Changing the node size means adding a new node to the system or removing
a node from the system. In other words, changing node size is changing the
number of copies of a data parallel stateful operator. Three metrics; locality,
migration, and balance are inspected under varying node size. Figure 5.1, 5.2,
and 5.3 show that Histogram Hash performs better over the Consistent Hash
and Random Hash regarding locality. As the node size increases the locality
preserving property is kept in the Histogram Hash, but the performance regarding
the balance property is decreasing due to histogram buckets’ unbalanced mapping
on the Consistent Hash keyspace. The Histogram Hash has far better performance
than the Consistent Hash in terms of locality. Although the relationship of locality
and balance could be seen as a trade-off, Histogram Hash is one step ahead of
Consistent Hash, since there is an optimal point that the performance of both

locality and balance is accurate enough.
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5.2.2.2 Tests Under Changing Data Set Sizes

The data set size indicates the number of data items that pass through the stream.
Changing the data set size means increasing or decreasing the amount of data
that the system will be consuming during the tests. Three metrics; locality,
migration, and balance are inspected under varying data set size. Figure 5.4, 5.5,
and 5.6 show that the Histogram Hash performs better over the Consistent Hash
and Random Hash regarding locality. As the data set size increases, the locality
preserving property of Histogram Hash increases as well. The performance of
balance property is again better as data set size gets larger. Increasing data
set size helps the Histogram Hash to provide better results in both locality and
balance, since Histogram Hash mechanism uses a part of the data to create a
histogram for the data set and partitions the data using this histogram and an
underlying Consistent Hash. The migration performance is again, as expected,
close for both the Histogram Hash and Consistent Hash. However, the Random

Hash performs worse than these two in terms of migration.

5.2.2.3 Tests Under Changing Skew on Data

Three metrics; locality, migration, and balance are inspected under varying skew
in the data distribution. Figure 5.7, 5.8, and 5.9 show that the Histogram Hash
performs better over the Consistent Hash and Random Hash regarding locality.
As the data skew increases the locality preserving property increases as well
in the Histogram Hash. The balance and the migration properties vary as the
data skew increases. The performance of balance especially decreases due to
the skewed mapping between the histogram buckets and the Consistent Hash
keyspace. Increasing data skew ruins the balanced composition of histogram
buckets and it results in decreased load balance. The migration performance
is again, as expected, close in both the Histogram Hash and Consistent Hash.

However, the Random Hash performs worse than these two.
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5.2.2.4 Relation Between Histogram Bucket Count and Balance-
Locality-Migration

Evaluating the performance if Histogram Hash mechanism presents a new concept
that needs further study. Histogram Hash uses buckets and distributed data items
into buckets with respect to data frequency and locality. Since the Histogram
Hash uses an underlying Consistent Hash to hash the bucket indices, changing the
number of buckets impacts balance, locality and migration metrics. Therefore,
we tested the Histogram Hash’s performance in terms of balance, locality and
migration under changing bucket count. As Figure 5.10 shows, while the bucket
count is increasing the performance regarding load balance, it decreases it in
terms of locality. The reason behind this behavior of the Histogram Hash is
due to the following: When the bucket count is decreased the locality increases
because the most of the data is placed in the same bucket and the same Consistent
Hash node as well. However, this causes a lower performance in terms of balance,
since the most of the data is placed in the same node of the Consistent Hash.
While increasing the bucket count, the situation becomes reversed. There is also
an optimum point where a sweet spot between locality and balance could be

obtained.
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5.3 Performance in 2-Dimensional Data

5.3.1 Generation of Test Data

Gaussian distribution or normal distribution is a continuous probability density
function [16]. It is also called informally as bell curve because of the shape of
its distribution graphic. The Gaussian distribution is symmetric about its mean,
and it is non-zero over the entire real line. The probability density of the normal

distribution is given as follows [16]:

1 _(a—p)?

f(l“,u,UQ) = \/20_—21_[6 20+

Gaussian distribution has a wide and variety range of use to represent many
phenomena in different areas of science. Gaussian distribution is used in this
work to represent 2-dimensional spatial data generation. It is considered to be

useful due to its ability to model skewed spatial data.

5.3.2 Analytical Results and Illustrations

In the tests with 2-dimensional data, an open source library is used to generate
Hibert Curve for the 2-dimensional data. The library is called Uzay Gezen [17].
Uzay Gezen library provides a mapping from a multi-dimensional space into the
one-dimensional space via the Compact Hilbert Index. During the tests, two
metrics are used: the grid size and the leaf count. The grid size describes the
number of grids in the 2-dimensional plane. The leaf count represents the number
of leaves in the k-d tree. These two are used to measure changes in locality,
migration, and balance properties. In Figures 5.11, 5.12, and 5.13; it can be seen
that as the grid size and the leaf count increases, the locality decreases. This is
because when the grid size increases, the plane is divided into more partitions,

and this causes local data to be put in different histogram buckets. The balance
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and migration, however, are not affected by the grid size. Since the k-d tree
is a binary tree, the balance and the migration properties are not affected by
increasing or decreasing the grid size. The leaf count, however, causes changes
in balance and the migration because while partitioning the 2-dimensional space
increasing the leaf count results in more divisions and could lead to an unbalanced

distribution of data among the divisions.

5.4 Case Studies on Apache Storm

Apache Storm is an open source distributed stream processing middleware. Its
architecture consists of spouts, bolts, and grouping mechanisms. The running

stream processing programs are called storm topologies in Apache Storm.

Spouts define the data sources that provide streaming data into a storm topol-
ogy. Bolts are the main components where the analytical tasks are handled.
The grouping mechanisms provide strategies for emitting tuples between Apache
Storm components. Both Spouts and Bolts emit tuples between them using the
grouping mechanisms. Bolts could have multiple tasks, which are copies of the
same bolt that process tuples in parallel. Bolts that have more than one task
for processing tuples of a data stream are called data parallel operators. These
type of operators provide parallel processing of data streams. Apache Storm has
built-in and custom grouping mechanism for managing data partitioning among
tasks of a bolt. The proposed custom grouping mechanism uses Histogram Hash
to provide local data items to be processed by the same task of the bolt. Together
with the state management service, this constitutes the locality-aware state man-

agement mechanism for Apache Storm.

The performance of the Histogram Hash mechanism is tested under differ-
ent data sizes and different dimensions using balance, migration, and locality
metrics. Having these metrics in hand, testing this mechanism in a real-world

environment would be useful for obtaining real performance measures. For this
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purpose, a locality-aware state management mechanism for Apache Storm is de-
veloped. Since the proposed mechanism is a locality-aware state management
system, check-pointing the states of data parallel operators into a persistent stor-
age and enrichment of the keys from the persistent storage are the prominent use

cases.

The motivation behind the first use case is that, when an failure occurs and the
topology is needed to be restarted, the state of the storm bolt could be persisted
to keep the state when restarting the topology. While writing data into disk
utilizing batch queries will reduce the time for writing. The idea that is tested in
the benchmark is, if the locality of the data in an operator is high, it will result
in faster write time due to the storage’s tendency to keep local items together.

This is tested under varying skew, data size, and node sizes.

The motivation behind second use case is that, when the keys stored in the
data parallel operators are needed to be enriched with the information stored on
the disk, the read time from the persistent storage should be as fast as possible to
meet the requirements of stream processing applications. The idea that is tested
in the benchmark is, if the locality of the keys stored in an operator is high, it
will result in faster read time due to the storage’s tendency to keep local items
together and bringing local items together in the queries. This use case is also

tested under varying node size, data size, and skew.

5.4.1 Test Environment

Evaluating the scalability of our solution requires multiple machines. We use
kernel-based virtual machines in amd64 architecture with 4 cores and 4GB mem-
ory. The machines have CentOS 6.6 operating system, 1.7.25 version of Java,
2.6.0 version of Apache Hadoop [18], 1.0.0 version of Apache HBase [7], and 0.8.2

version of Apache Storm [5] installed.
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5.4.2 Test Results

While testing the locality-aware partitioned state management library for Apache
Storm, the write time into a storage system is considered. The partition mecha-
nism is tested and its performance is inspected under different conditions such as
varying node size, data set size, and data skew. The main purpose of the parti-
tioning method is to increase the performance in storage read/write time via uti-
lizing locality. Apache HBase is an open source, distributed No-SQL database [7].
Apache HBase considers locality of the data when reading or writing [7]. That is,
for instance, putting local data instances into the database is faster because of the
local data’s layout in Apache HBase. Since our partition mechanism, Histogram
Hash, is locality-aware, using Apache HBase is expected to result in better per-
formance result compared to other approaches; Consistent Hash and the Random
Hash.

5.4.2.1 Checkpointing into the Disk

The stream processing systems process the data on-the-fly. This requires pro-
cessing the streaming data in real-time. These systems are sometimes required
to handle disk operations. In this use case, the disk operations are defined as
checkpointing into the disk. The data parallel operators may need to persist
their states into a storage unit. The motivation behind this use case is to show
that the write time performance is getting better with the use of the Histogram
Hash mechanism as the custom grouping mechanism for data parallel stateful op-
erators. The test benchmark shows that locality-aware partitioning mechanism

provides better write time for stream processing systems.

The tests are conducted by varying three different parameters: the node size,
the data set size, and the data skew. For these parameters, the write time into
HBase is measured. In Figures 5.14, 5.15, and 5.16; HH represents the Histogram
Hash, CH represents the Consistent Hash, and RR represents the Random Hash

partitioning mechanism that is used by state management service.
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Figure 5.14 shows the performance of Histogram Hash compared to the Ran-
dom Hash and the Consistent Hash under changing node sizes. The histogram
hash grouping shows lower write times when the consistent hash and the random
hash groupings are considered. Increasing the node size provides writing data

into the disk in parallel, and thus provides better performance for the write time.

In Figure 5.15, the performance of Histogram Hash compared to the Ran-
dom Hash and the Consistent Hash is seen under changing data set size. The
Histogram Hash grouping performs better than the Consistent Hash and the Ran-
dom Hash groupings. As the data set size increases, the difference between write
time of the Histogram Hash, Consistent Hash, and Random Hash groupings in-
creases. The histogram hash grouping provides better write time as the data set

size Increases.

Figure 5.16 presents the result of changing data skew. As the data skew
increases the write performance enhances. While the skew increases, the same
data items are started to appear more frequent. This causes to better performance
while writing on database. The histogram hash grouping again performs better

than the consistent hash and the random hash groupings.

5.4.2.2 Enrichment from the Disk

Although the stream processing systems handle the data on-the-fly, they are
sometimes required the enrich that data from some other sources. One of these
sources might be the storage units. According to this use case the stream pro-
cessing systems are required to enrich the keys, passing through the system, from
the data stored on the disk. These operations are defined as enriching data from
the disk. The motivation behind this use case is to show that the read time
performance is getting better with the use of Histogram Hash mechanism as the
custom grouping mechanism for data parallel stateful operators. The test bench-
mark presents that the locality-aware partitioning mechanism provide better read

time for stream processing systems.
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The tests are conducted varying three different properties: the node size, the
data set size, and the data skew. For these parameters, the read time from
HBase is measured. In Figures 5.17, 5.18, and 5.19; HH represents the Histogram
Hash, CH represents the Consistent Hash, and RR represents the Random Hash

partitioning mechanism that is used by the state management service.

Figure 5.17 shows the read time performance of the Histogram Hash approach
compared to the Random Hash and the Consistent Hash under varying node
sizes. 'The Histogram Hash grouping presents lower read times compared to
the Consistent Hash and the Random Hash groupings. Increasing the node size
provides reading data from the disk in parallel, so provides better performance

on read time.

In Figure 5.18, the performance of the Histogram Hash approach over the
Random Hash and the Consistent Hash is seen under changing data set size.
The Histogram Hash performs better than the Consistent Hash and the Random
Hash. When the data set size increases, the performance of the Histogram Hash
grouping improves with respect to the performance of the Consistent Hash and the
Random Hash groupings, because the histogram’s partitioning scheme performs

better as more data is partitioned via the mechanism.

Figure 5.19 presents the result of changing data skew. As the data skew
increases the read performance increases, because the frequency of the same item
started to increase on the disk. When the skew in at significant values, the
performance of Histogram Hash groping is better than both Consistent Hash and
Random Hash groupings.
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Chapter 6

Conclusion

In this thesis, we introduced the problem of locality-aware state management
for distributed stream processing applications. We proposed a solution that pro-
vides a locality-aware state management library for Apache Storm. The solution
consists of two components: the locality-aware data partitioning mechanism and
the state management service for data parallel stateful operators. Histogram
Hash was developed and utilized for locality-aware data partitioning for the 1-
dimensional data. Histogram Hash works by observing the stream of data and
creating an equi-depth histogram from that data. After creating the histogram,
it uses Consistent Hash to partition the data, by passing the histogram bucket
indices of the data items to the Consistent Hash, rather than the data items
themselves. k-d trees and space-filling curves were used for locality-aware data

partitioning for two-dimensional data.

The state management service provides a locality-aware state management
facility, which depends on the locality-aware partitioning mechanism provided by
the Histogram Hash. The locality-aware state management service provides APIs
for data parallel stateful operators to persist their state into the storage system.
We developed our state management solution for the open source, distributed

stream processing middleware Apache Storm.
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We evaluated the performance of our work in two parts: the performance of
the Histogram Hash and the performance of the locality-aware state management
library for Apache Storm. While evaluating the performance of the Histogram
Hash, we considered three performance metrics: the load balance of the data,
the locality of the data, and the migration cost of the data under three changing
variables, namely: data size, data skew, and parallel node size. The experiments
compared the Histogram Hash with the Random Hash and the Consistent Hash.
The results show that the Histogram Hash performs similar to the Consistent
Hash regarding load balance and migration cost, yet performs better in terms of

locality.

After showing that Histogram Hash improves locality, we created the experi-
mental setup for testing its impact using Apache Storm. Using Apache HBase as
the storage backend, we created a test benchmark for writing state of the data
parallel operators into the persistent storage and enriching the keys stored in
data parallel operators via reading information from the persistent storage. The
purpose was to show that if the locality of the data was higher, the time required
for writing and reading the data will be shorter, because the local data is written
into and read from Apache HBase faster. Finally, the demo application that uses
locality-aware state management library has shown that the locality-aware par-
titioning performs better for Apache Storm, as the write and read times to and

from the storage decreased with locality-aware partitioning.
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