
Otto-von-Guericke-Universität Magdeburg
Faculty of Computer Science

D
S E
B

Databases 

Software
Engineering

and

Master Thesis

An Evaluation of Deep Hashing for
High-Dimensional Similarity Search

on Embedded Data

Author:

Rutuja Shivraj Pawar
October 02, 2019

Internal Supervisors:

Prof. Dr. rer. nat. habil. Gunter Saake, M.Sc. Gabriel Campero Durand
University of Magdeburg

External Supervisor:

Prof. Dr.-Ing. Sebastian Michel
Technische Universität Kaiserslautern



Pawar, Rutuja Shivraj:
An Evaluation of Deep Hashing for High-Dimensional Similarity Search on Embedded Data
Master Thesis, Otto-von-Guericke-Universität Magdeburg
Faculty of Computer Science, 2019.



Abstract

In today's era, the rate at which data is accumulating is exponential, which makes it increas-
ingly challenging to retrieve relevant information. In such a scenario, high-dimensional
similarity search serves as a popular method to extract relevant information from large data
volumes or Big Data, and it further drives di�erent Machine Learning (ML) tasks including,
Near Duplicate Detection & Location Recognition. However, Big Data, due to its charac-
teristics, poses a variety of challenges to ML applications, such as high class imbalance,
the need for feature engineering to support heterogeneous data and the need for e�cient
solutions for queries over array data. Consequently, in this thesis, we aim to optimize the
data analytics pipeline for the utilization and e�ective management of feature engineering
data (embedding data), o�ering as one of the solutions in the context of high-dimensional
similarity search. In doing so, we evaluate the impact of similarity-preserving hashing on
helping with data blocking and skipping for ML applications of supervised entity resolution
and top-k similarity search.

Precisely, we make the following contributions:

First, we utilize and work with embedding data, as an approach to highlight semantic
similarity in the data, thus making it more manageable. In doing so, we experiment with
three dataset pairs from two di�erent domains, Bibliographic and E-commerce, with their
attributes embedded using a fastText pre-trained model. Further, based on its fast query
speed and low memory costs, we consider similarity-preserving hashing as the technique to
manage these embedding data and e�ciently support high-dimensional similarity search.
Speci�cally, we consider two hashing techniques, Locality Sensitive Hashing (LSH) being
data-independent, and Learning To Hash (L2H) being data-dependent.

Second, based on well-de�ned metrics, we experimentally evaluate the e�ciency and classi-
�cation accuracy of LSH - Super-Bit, with a focus on the task of supervised entity resolution.

Third, based on the same metrics, we experimentally evaluate and compare LSH - Super-Bit
with L2H - Deep Hashing. In doing so, we utilize our designedDeep Hash Neural Net (DHNN),
based on the literature. This designed network serves as our main contribution in o�ering a
deep hashing neural network generalized to work with embedding data. In this evaluation,
we are able to report a superior performance of L2H - Deep Hashing over LSH - Super-Bit,
for the task of supporting supervised entity resolution.



iv

Finally, based on the outcome of the experimental evaluation, we further evaluate the runtime
performance and speed-up brought by L2H - Deep Hashing to top-k similarity search queries
in Apache Spark, using di�erent �le formats.
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1. Introduction

1.1 Motivation

Applications drive the progress of data management technologies. Nowadays, Machine Learn-
ing (ML) programs are one key class of such applications. They are becoming increasingly
relevant since they facilitate the process of extracting meaningful information from ever-
growing amounts of business data. In today's era of big data, realizing successful ML
applications has become increasingly challenging [1]. However, research is showing that
some of these challenges can be addressed by e�cient data management and processing.
Figure 1.1 depicts these di�erent challenges in the context of the four Big Data processing
characteristics. Some relevant challenges include,class imbalance(i.e., real-world data can
exhibit very few examples of a particular class in a classi�cation task, requiring special
handling), the requirement for complexfeature engineering(i.e., extracting appropriate data
representations for a particular task),data heterogeneity(i.e., it is di�cult to have machine
learning algorithms capable of working well over dimensions that are highly diverse in data
types), the requirement fore�cient processingof enormous amounts of data (i.e., the need
for fast large-scale processing frameworks), among others.

To overcome these challenges, there are two main solution categories, �rstly,data, processing
and algorithm manipulations to handle big dataand secondly, thecreation and adaption of
di�erent ML paradigms with existing algorithm modi�cations. In the context of the �rst
category, the respective three types of manipulations can take place in the di�erent stages
of the data analytics pipeline, fromdata extractionto decision making[14], as depicted in
Figure 1.2. It is in this category, where data management solutions are called upon to assist
companies in their ML applications.

In recent years, embeddings have become popular as a �rst stepdata manipulationtechnique
in data analytics pipelines. This technique is helpful to alleviate the curse of dimensionality
and to standardize feature engineering in domains where data is non-euclidean (e.g., images,
text, graphs)1. Embedding is the process of mapping entities of such kind of data, into



2 1. Introduction

individual dense continuous vectors, with a given number of dimensions. It can also be
de�ned as a mapping of discrete variables (e.g., words) to a vector of continuous numbers.
Di�erent embedding processes are also able to highlight latent similarity in the data, through
the placement of similar inputs close together in the embedding space [15]. As a result of
the embedding process for each entity in a dataset, a number of dense numerical vectors is
produced which can be used as features for ML. The embedded data can also be used for
similarity retrieval tasks, complementing the search over raw data. However, loading and
managing a large amount of embeddings for their processing in productive applications can
be a problem since most data management solutions are not tailored to such kind of vector
data nor to the kind of operations done with them. Hence, e�ective storage and retrieval
mechanisms for these embeddings are likely to play an important role moving forward.

In this thesis, we aim to study some optimizations of the data analytics pipeline (Figure 1.2)
for the utilization and e�ective management of embedding data. Speci�cally, in the context of
theprocessing manipulationtechniques which focus on modifying how data is processed and
stored to improve ML performance,similarity-preserving hashingis one technique which
has become e�ectively popular in managing vector data, due to its fast query speed and low
memory costs for supporting top-k similarity search [16� 24]. However, most research in
this domain has either focused on the application side or has been scoped for multimedia
data, without considering general embeddings. As a result, practitioners lack published
experimental evaluations that could help them in selecting a technique to manage embed-
dings in large-scale processing, especially concerning embeddings for more traditionally
structured textual data. In addition, practitioners lack su�cient information on the expected
performance gains from selecting a given similarity-preserving hashing technique.

In this thesis, we experimentally study and evaluate two hashing techniques, that can be
applied to e�ciently manage embedding data, namely Locality Sensitive Hashing (LSH) and
Learning To Hash (L2H). Due to the lack of availability in general solutions for L2H, we
develop our own approach to supervised hashing with deep neural networks, known as
Deep Hash Neural Net (DHNN). We study the hashing techniques, considering how they can
be applied for entity resolution (i.e., contributing to the blocking process), and for top-k
similarity search (i.e., contributing to data skipping). Some key components of our study
are the use of datasets that are standard for entity resolution, and that represent structured
textual data. We also use a standard pre-trained embedding model, FastText [25], and we
use Apache Spark2studying di�erent Hadoop �le formats. Consequently, with our work, we
seek to realistically evaluate the impact of similarity-preserving hashing on helping with
data blocking and skipping for ML applications of supervised entity resolution and top-k
similarity search.
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Figure 1.1: Machine Learning Challenges Associated with Big Data Characteristics (adapted
from L'heureux et al. [1])

Figure 1.2: Data Analytics Pipeline (adapted from L'heureux et al. [1])

1.2 Previous Work

On viewing embeddings as a form of vector array data and techniques used for array data
management, previous work related to the area of research of this thesis includes the research
of Sun et al.[26], which highlights the idea of data skipping to scan a large amount of data
quickly. The underlying mechanism of data skipping lies in the fact that the data is organized
into blocks with metadata maintained for each of the block, which then can be utilized by
the query to skip irrelevant blocks of data. Sun et al.[26] propose a �ne-grained data layout
framework called Generalized Skipping-Oriented Partitioning and Replication (GSOP-R)
which maximizes query performance through aggressive data skipping. The GSOP-R works
on a speci�c set of features summarizing the workload patterns. It then uses these features to
transform the incoming data into a small set of feature vectors performing clustering on them
for blocking, with the �exibility of scope for both horizontal and vertical partitioning schemes.
GSOP-R is also further prototyped and evaluated on Apache Spark with the partitioned data
being stored into Apache Parquet3, a columnar storage format.

Further, Stonebraker et al.[27] provide practical insights, by considering how to build data
systems to support the array data model. This would enable e�ective data processing in
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the context of scienti�c data [28], which can be best modeled as an array. In a distributed
cluster setup, authors consider a division of the array data into storage chunks and study
techniques for its e�ective partitioning, with the goal of maintaining the storage load evenly
among the nodes. Consequently, authors report on a hash partitioning scheme to allow for
�ne-grained storage partitioning. Additionally, authors also highlight the important role of
k-nearest neighbors, as an application that needs to be easily and naturally executed on an
array data model. Stonebraker et al.[27] precisely develop SciDB [29] as a new open-source
scienti�c database, built on the array data model to support multi-dimensional arrays with
any number of dimensions.

1.3 Initial Research Questions

Below are the initial research questions formulated to be answered through this thesis:

ˆ RQ1: What is the best possible coverage and block distribution achievable using a
standard high-dimensional Locality Sensitive Hashing technique?

ˆ RQ2: How does a Learning To Hash technique compare to the standard high-dimensional
hashing technique, considering its coverage and block distribution, and how it con-
tributes to the blocking task of supervised entity resolution?

ˆ RQ3: What is the performance bene�t achievable by hashing with this technique, in
contrast to the other approach, for supporting top-k similarity search in Spark?

1.4 Research Methodology

The selection of a proper research methodology is a crucial task before starting the research,
as it provides a systematic approach to solve a problem. This is highly in�uenced by the �eld
in which the research is being carried out since di�erent research methodologies cater to
di�erent aspects of a domain. Considering that our area of research is a combination of Data
Science and Big Data, we required a research methodology which is well-suited for this area.
As compared to the di�erent Data Science process models (e.g., CRISP-DM), Data Science
Edge (DSE) [2] is an enhanced process model which well accommodates both data science
activities and Big Data technologies. Thus, DSE was selected to be an appropriate research
methodology to carry out structured research for this thesis.

As shown in the Figure 1.3, DSE consists of �ve iterative and adaptive process stages, which
can be repeated to incrementally improve the obtained result, as described below:
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Figure 1.3: Di�erent phases of Data Science Edge [2]

(i) Plan This phase deals with the planning and a rough estimation of the activities to
be carried out, with a clear view of the objective to be achieved. Understanding and
analyzing the requirements with the identi�cation of the critical areas are also a part of
the Plan phase.

(ii) Collect This phase deals with the collection of the required data for the project and
its management. Understanding the sources and the nature of the data to be collected in
order to devise appropriate data management strategies are the activities that constitute
the Collect phase.

(iii) Curate This phase deals with visualizing the data in order to understand its di�erent
characteristics. A set of tailored data cleaning activities to remove potential outliers or
errors from the data, that would otherwise adversely a�ect the analysis on the data,
constitute the core tasks of the Curate phase.

(iv) Analyze This phase deals with analyzing the carefully curated data to obtain mean-
ingful insights from it. Devising, modeling, and implementing technical strategies and
solutions to obtain useful results from the data to answer the given problem are the
tasks of the Analyze phase.

(v) Act This phase deals with communicating and presenting the obtained results from the
Analyze phase in a simpli�ed and clear way, mainly through meaningful visualizations.
Description of the use of the obtained results and its intuitive presentation are the tasks
that conform to the Act phase.

Consequently, a complete pass of these phases was carried out separately for each of the
research questions in this thesis work.
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1.5 Thesis Structure

This remainder of this thesis is structured as follows:

ˆ Chapter 2 provides an understanding of the background and related work in the
research area of this thesis.

ˆ Chapter 3 provides an overview of the thesis design, its prototypical implementation
details, and the experimental setup.

ˆ Chapter 4 presents the experimental evaluation results of the Locality Sensitive Hashing
(LSH) technique, encompassing the block distribution, and supervised entity resolution.

ˆ Chapter 5 presents the experimental evaluation results of the Learning To Hash (L2H)
technique, encompassing the block distribution, and supervised entity resolution.

ˆ Chapter 6 presents the experimental evaluation of the runtime performance achieved
when applying the Learning To Hash (L2H) technique on similarity search queries in
Apache Spark.

ˆ Chapter 7 presents the related work for this thesis.

ˆ Chapter 8 concludes the thesis research work by summarizing some important �ndings,
and elaborating on possible future work for the research area of this thesis.

1As an illustration for how mainstream embeddings have become, Microsoft has released entity embeddings
for all authors of their open-source Microsoft Academic Graph http://ma-graph:org/entity-embeddings/, aiming
to help practitioners of scholarly network analysis.

2https://spark:apache:org/
3https://parquet:apache:org/



2. Background

This chapter focuses on understanding the background in the research area of this thesis.
It covers the important relevant literature with a detailed description to create a solid
foundational understanding of the research area. It aims to have a critical evaluation of the
literature in the research area of this thesis, eventually contributing towards the design and
implementation of the speci�c research topic for this thesis.

This chapter is structured as follows:

ˆ Section 2.1 presents a brief description of the steps performed in the literature search
process to identify the important literature on the research topic.

ˆ Section 2.2 presents an overview of the idea of embeddings and their applicability.

ˆ Section 2.3 presents di�erent aspects related to large-scale data processing, a do-
main where solutions to manage embedding data, supporting tasks like e�cient high-
dimensional similarity search, are not available at the moment.

ˆ Section 2.4 presents a brief overview of machine learning applications on large scale
processing, in the context of embedding data.

ˆ Section 2.5 presents the di�erent optimizations techniques applicable for managing
embeddings as a form of array data. Here we also describe the idea of high-dimensional
hashing on embedding data with a focus on two hashing techniques, namely Locality
Sensitive Hashing (LSH) and Learning To Hash (L2H).

ˆ Section 2.6 presents a summary of the content discussed in this chapter.
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2.1 Systematic Literature Review

2.1.1 Literature Search Process

Our Literature Search process was carried out as follows:

(i) De�ne a list of keywords on your subject area

The search was carried out on �ve di�erent databases namely, IEEE Xplore, Springer
Link, Google Scholar, Elsevier and ACM Digital Library selected based on their high
quality of published papers and for a non-biased search. Additionally, as the research
topic encompasses various areas, the focus was given on prominent areas to have
a scoped search. The three main areas included Large-Scale Data Processing, Ma-
chine Learning and Data Management Interfaces in the Context of Embeddings and
Optimizations for Embeddings and Array data.

The search terms for each of the identi�ed areas were devised as follows,

ˆ Identify an initial list of keywords for the selected area

ˆ Generate a combination of keywords which will output good results

ˆ Run a search query on the database. Re�ne the initial keyword list based upon
the inspection of the retrieved papers, and then generate new combinations of
keywords as well.

The search queries based on the above search terms were then executed on the selected
databases. The output results of the search were then further reduced by the inclusion
and exclusion criteria. The citation lists of the shortlisted papers were also used to
identify more papers, avoiding papers by the same authors.

Sample Search Queries Total Hit

�large-scale processing� AND �survey� AND �hadoop� AND �mapreduce� 307

�apache spark� AND (�word embedding� OR �benchmark� OR (�mllib� AND �applications�))4700

�spark optimizer� OR ((�Catalyst� OR �Tungsten�) AND �apache spark�) 439

�apache parquet� OR (�avro� AND �orc�) OR �apache kudu� OR �apache arrow� 457

�in-memory grid� OR �in memory grid� OR �apache ignite� OR �alluxio� 664

�embedding� AND �survey� AND �fasttext� AND �word2vec� 283

�SciDB� AND �hashing� 142

Table 2.1: Literature Search Queries
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(ii) Select among those papers

The paper set was re�ned based on the following inclusion and exclusion criteria:

Inclusion criteria:A paper must be either published in a book, journal or conference
proceedings, It must be relevant to the topic under consideration, It should give a
large-scale view of the �eld, and It must be written in English.

Exclusion criteria:A paper which does not provide relevant insights on the selected
area, Is too specialized for the selected area or describes a highly specialized application
for the selected area, Is a book review, Is a thesis or Is not peer-reviewed.

(iii) Compare the papers you select with your original paper (called �seed paper�
hereafter):

The papers�Big Data 2.0 Processing Systems A Survey�[30] and �Text Similarity in
Vector Space Models: A Comparative Study�[15] and �SciDB DBMS Research at M.I.T�
[29] were selected as the seed papers for the main areas on Large-Scale Data Processing,
Machine Learning and Data Management Interfaces in the Context of Embeddings and
Optimizations for Embeddings and Array data respectively, based on its relevancy to
the area and matching keyword search and citations. The selected papers based on the
inclusion and exclusion criteria were then compared with the respective seed papers,
and the paper set was then further re�ned.

(iv) Use the seed paper to expand the list of papers from 1.2

Based on the seed papers, the set of papers was further expanded and then re�ned,
eliminating irrelevant material.

A total set of 97 main scienti�c papers was then considered for the research. Consequently,
during the course of this entire research, based on these main papers, this set builds upon
and expands into a total of 235 scienti�c papers constituting the research literature.

2.1.2 Overview of Selected Papers

Table 2.2 depicts an overview of the important scienti�c literature for the respective areas.

2.2 Overview on Embeddings

An embedding is the translation of high-dimensional vectors or non-euclidean data, into
a low-dimensional space1. In the context of textual input, word embeddings are able to
transform each work in text into an individual dense continuous vector, with a given number
of dimensions, while preserving their semantic information through the placement of similar
inputs close together in the embedding space [15]. Text embedding methods can be catego-
rized into,Count-basedwhich rely on a bag-of-words model where the order of the words is
ignored eg., Topic Models andPrediction-basedbased on sequence-of-words models where
the order of the words is taken into account eg., Neural Models. Additionally, embeddings
can also be generated for input data formats including graphs, audio/video etc. As seen in
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Category Literature

Overview on Embeddings [1] [31] [32] [33] [34] [35] [36]

Large-Scale Data Processing [30] [37] [38]

Examples of Large-Scale Data Processing Systems

[39] [40] [41] [42] [43] [44] [45]
[46] [47] [48] [49] [50] [51] [52]
[53] [54] [3] [55] [56] [57] [58]
[59] [60]

Optimizers for Data�ow Large-Scale Data Processing [5] [61] [62] [4] [63] [64] [65]

Storage for Large-Scale Data Processing
[66] [67] [68] [69] [70] [71] [72]
[6] [73] [74] [75] [76] [77] [78]
[79] [80]

Benchmarks
[81] [82] [83] [84] [85] [86] [87]
[88]

Machine Learning and Data Management Interfaces in the Context of Embeddings
[15] [89] [90] [91] [92] [93] [94]
[95] [96] [97] [98] [7]

Optimizations for Embeddings and Array Data
[29] [27] [99] [100] [101] [102] [103]
[104] [105]

Locality Sensitive Hashing [106] [107] [8]

Learning To Hash [108] [18] [9] [11] [109] [110] [10]

Supervised Entity Resolution [12] [13]

Table 2.2: Overview of Important Scienti�c Literature

Figure 2.1, as a visualization for real embeddings, it depicts geometrical relationships that
capture semantic relations as between country and its capital on theLeft and verb tenses on
the Right. Consequently, embeddings make it easier and e�cient to do Machine Learning
(ML) on relatively large inputs with the facility of learning and reusing the embeddings as
features across models, for di�erent tasks. The embedding space also constitutes a sort of
meaningful space which gives opportunities for the ML system to detect semantic patterns
useful for the learning tasks. In addition, the embedding space, with its enhancing of simi-
larities, can help in similarity search tasks, which are common in information retrieval or
recommender systems.

In recent years many approaches to embeddings for di�erent datasets, with practitioners
making available pre-trained models such as Glove, Word2Vec and fastText. Surveying this
variety of models is beyond the scope of this thesis, however, we refer the interested reader
to authoritative surveys on the topic, concerning textual [111] and network-structured data
[112].



2.2. Overview on Embeddings 11

Figure 2.1: Visualization of Embedding Analogies of Country-Capital on theLeft and Verb
Tense on theRight

Considering the area of applicability and in�uence of embeddings speci�cally for ML, Fig-
ure 1.1 depicts on di�erent challenges faced by ML applications in context of the four Big
Data characteristics namely,Volume, Velocity, VarietyandVeracity. In such a scenario, em-
beddings act as a data manipulation technique in the data analytics pipeline [14] which helps
to alleviate the curse of dimensionality and increase data manageability through preserving
its semantic relationships.

To illustrate the applications of embeddings in ML, we observe the work of Pablos et al.
[34], where word embeddings are employed in machine learning based sentiment analysis,
providing input features to complex supervised classi�cation systems, thus obtaining senti-
ment classi�ers. Regarding applications of embeddings in recommender systems, we can
consider the work of Guerraoui et al. [36], who present DEEPCIP a word embedding-based
recommender inspired from the neural word embeddings approach Word2vec [113, 114],
designed to select and recommend items to a user based on their implicit feedback measuring
their item consumption through time, with competitive performance. Further, Kose et al. [31]
propose a song recommender system which utilizes Word2vec to generate a vector represen-
tation of the songs. Word2vec is further adapted to the Apache Spark2 Big Data framework,
to generate a user-speci�c playlist when executed on a distributed vector representation of
songs.

Concerning the practical aspect of working with embeddings in modern data management
systems, Svyatkovskiy et al. [32] evaluate the Spark framework for a data-intensive ML
problem and demonstrate its e�ciency. As embeddings are a form of multi-dimensional
vector array data, related state-of-art works in this area, design and implement a hierarchical
index strategy for Spark with HDFS to e�ciently query and process geospatial raster data
[33], propose a scalable approach towards e�ciently analysing large Earth observation (EO)
datasets through the representation of collection of EO's into multi-dimensional arrays
coupled with the utilization of SciDB [27, 29] for computationally intensive analytics [35].
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In the next section, we provide a comprehensive overview, to give a broad contextual
understanding of large-scale data processing solutions. This is done in consideration that
such kind of solutions seem to require novel methods for managing embedding data, since
this kind of data has not been the focus of these solutions so far.

2.3 Large-Scale Data Processing

In today's digital era, we are overwhelmed with the tremendous and explosive growth of data
from various sources and in di�erent formats, also termed asBig Data[115]. Consequently,
Big Data poses di�erent challenges for its underlying frameworks in its large-scale storage
and processing, which has led to constant evolution in the large-scale data processing systems
[30]. Big Data is not useful in and of itself unless a utility is associated with it. Large-scale
processing of such data to extract meaning and value out of it has, therefore, has become
increasingly important to render utility to this data, thus serving as a foundation to take
data-driven decisions visualizing a complete picture of the concerned application domain.
Various academic and industrial sectors are increasingly dependent upon the knowledge
extracted from Big Data, establishing it as a key resource in today's modern world, which
further makes Big Data tools crucial for the optimized and e�cient processing of this large-
scale data. Large-scale data processing systems are almost synonymous with Big Data
tools. They can be categorized into di�erent system layers based on their features and
applicability, namely,Data Storage Layer, Data Processing Layer, Data Querying Layer, Data
Access Layer and Management Layer[37]. Consequently, the increased demand for large-
scale data processing and analysis, caused an increase in the development of large-scale data
processing systems from both the academia and industry [38].

In this section, we present in detail the di�erent aspects of large-scale data processing
with the description of available frameworks which facilitate large-scale data processing
applicable for di�erent application scenarios, the optimizations for large-scale data pro-
cessing, the di�erent available optimized storage possibilities and �nally we also outline
the benchmarking evaluations which help to quantify and evaluate the performance of the
di�erent large-scale data processing frameworks. The goal of this section is to provide a
comprehensive context for our current and follow-up research, informing our choice of
platform to select for studying the use of embeddings.

2.3.1 Examples of Large-Scale Data Processing Systems

There exist several Large-Scale Data Processing Systems designed to provide di�erent func-
tionalities. Below presented are some of the examples of Large-Scale Data Processing Systems
accordingly categorized:

(i) Bulk-Synchronous Parallel (BSP) The Bulk-Synchronous Parallel [43] model acts as
a bridge between the theoretical and practical aspects for the implementation of parallel
computation. BSP is neither a programming or hardware model, but lies in between
them acting as a standard for mapping high-level programs to machines, maximizing
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the e�ciency for parallel computation. The BSP model compromises of three attributes,
namely, a number ofcomponentswhich perform memory/processing functions, a router
which delivers messages between the components, and a synchronization mechanism
between the components. Computation in a BSP model consists of a sequence of
supersteps, during which each processing component performs a local computation
with the sending and receiving of messages to and from other components. In the
processing at each superstep, the local computation depends only on the local data
present in-memory at the start of each superstep with a communication pattern known
ash-relation, meaning that each processing component can send and receive a maximum
of de�ned h-messages. As the components and router are di�erent entities, this creates
a simpli�ed model which separates the tasks of computation and communication.
To ensure performance guarantees, the BSP model utilizes aBarrier synchronization
enforcing all the processing components to synchronize at a speci�c point, the end of a
superstep. Additionally, to reduce waiting times, the synchronization mechanism can
be switched o� for a subset of components, leading to certain asynchronous behavior.
Consequently, the BSP model aims at achieving guaranteed performance at a near to
optimal utilization of distributed processors, facilitating high-throughput in parallel
computations. As an example application, the high-level organization of Pregel [42]
(introduced later in ix Large-Scale Graph Processing) programs are based on the BSP
model.

(ii) MapReduce MapReduce [44] is a computation framework for the e�cient processing
of large datasets in a parallel distributed environment. Unlike BSP, it is based on a
simpli�ed restricted programming model which automatically parallelizes the computa-
tions providing e�ective fault-tolerance. In the MapReduce programming model, users
can express the computation by implementing two functions, namely, theMapand the
Reduce. Given a set of input key/value pairs, the Map function processes the input to
produce intermediate key/value pairs as an input to the Reduce function which then
merges all the values associated with the same key. In a parallel distributed execution
environment, the input data to be processed is automatically partitioned intoM splits
by the MapReduce library with the workload distributed among a set of worker nodes
which perform the Map and the Reduce tasks and are all controlled by a master. The
processing output of MapReduce is then available as a set of output �les corresponding
to each Reduce task. Additionally, MapReduce implements a number of optimizations to
minimize network tra�c, including locality-aware scheduling. Consequently, MapRe-
duce as a restricted programming model abstracts the complexities related to large-scale
parallel distributed processing (e.g., load-balancing, fault-tolerance), thus providing
ease of use towards expressing a large variety of problems.

(iii) Data�ow Computation frameworks for batch-oriented data�ow, like MapReduce do
not e�ciently cater to data reuseof intermediate results across multiple computations.
As a result, the utilization of Resilient Distributed Datasets (RDDs), as proposed by
Zaharia et al. [45], or similar concepts, which store data in-memory and can recover
it without replication through tracking the lineage graph consisting of operations
used to build the data, becomes a more optimal alternative. Data�ow engines are this
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framework that use such computational graph, without the requirements of batch
processing and synchronization points, as in Map Reduce. Spark, with its internal use
of RDDs, is an example of a data�ow engine. In this example, each RDD is a read-only,
partitioned collection of records with immutable nature and can be created through
deterministic operations on stable storage data or from other RDDs. Users can control
RDD aspects, namely, partitioning and persistence allowing for speci�cation for storage
reuse and optimize placement strategies. RDDs implemented in Spark2thus allow
users to cache previous computations in-memory making them well-suited towards
iterative machine learning applications and interactive data mining. Spark provides
a functional programming API in the Scala3programming language to manipulate
RDDs as distributed memory abstractions with coarse-grained transformations like
map, �lter, and join, and additionally also provides support for interactive query of
big datasets from the Scala interpreter. Consequently, Spark with RDD can e�ciently
express a number of cluster programming models, namely Pregel [42], HaLoop [116]
etc. and emerges as an e�ective programming model for batch analytics. However,
Spark has over 150 con�gurable parameters, which makes it a challenging task to �nd
the optimal parameter con�guration for applications and clusters in order to reduce
the processing time and enhance the overall performance. Considering parameter
tuning, experimental studies [46] provide a systematic approach for parameter setting
through investigating the impact of some of the important tunable parameters related
to shu�ing, compression and serialization on the performance of Spark applications.

(iv) Timely Data�ow Timely Data�ow is a model of data-parallel computation which
extends the traditional data�ow model through associating each communication event
with a virtual timestamp. As an example, Naiad [41] presents itself as a single plat-
form for executing stateful data-parallel cyclic data�ow applications in a distributed
setup with high throughput and low latency. Naiad extends traditional data�ow to
provide support for incremental and iterative data-parallel computation. The virtual
timestamps mechanism constituting the timely data�ow in Naiad facilitates for e�cient
and lightweight co-ordination in a distributed setup. These logical timestamps are
designed based on a restricted looping structure present in the timely data�ow graphs
in which vertices of the directed graph are organized into possible nested loop contexts
containing the cycles in the graph and associated with three special nodes namely
ingress, egress and feedback. The edges entering a loop context must pass through the
ingress node and the ones leaving must pass through the egress node. Additionally, at
least one feedback node is present in a loop context. These vertices then act upon and
adjust accordingly the timestamps of the messages passing through them. Additionally,
Naiad provides optimization techniques to reduce the communication overhead in a
distributed setup and also for fault tolerance mechanism providing consistent recovery
in case of failures. Naiad o�ers a �exible structure in a way that many powerful pro-
gramming models can be built upon its low-level primitives, thus enabling diverse tasks
like streaming data analysis, iterative machine learning and interactive graph mining.

(v) Streaming Streaming relates to the handling and processing of data continuously re-
ceived from di�erent sources, with the additional aspect that queries often happen over
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a limited window of recently seen data, instead than over the complete historical data.
In comparison to the processing of batch-oriented data, streaming data exhibits varying
characteristics and posses several challenges, requiring specialized e�cient systems
to handle them [117]. These specialized systems known as Stream Processing Engines
(SPEs) are designed to process streaming data as it arrives on-the-�y without the neces-
sity of storing it. Additionally, these SPEs must be able to ful�ll the eight requirements
of stream processing [47] to be able to e�ciently process high-volume data streams with
low latency and exhibit varied applicability. The STREAM [48] project at Stanford is a
representative research initiative proposing a data stream management system (DSMS)
to process continuous data streams. STREAM proposed as a general-purpose DSMS
utilizes its own query language called as the continuous query language (CQL) [49]
which extends SQL to be adaptable for continuous queries on data streams. Additionally,
CQL, as a query language, is expressive enough to capture the dynamic characteristics
of data streams through complex queries. Further, continuous queries speci�ed in CQL
are evaluated through their translation into a physical query plan to be executed by the
DSDM. Several mechanisms, including the elimination of data redundancy, optimized
operator scheduling are employed by STREAM to e�ciently execute these query plans
and improve the overall system performance. Additionally, STREAM compromises of
StreaMon [118] for monitoring and adaptive query processing for data streams with
varying characteristics. Additionally, STREAM also includes a graphicalquery and
system visualizerto facilitate users to inspect the system interactively.

Storm is a popular project for stream processing [50], serving as a real-time distributed
data stream processing system at Twitter. Storm is a scalable and resilient system
capable of easily and e�ciently analyzing social media streams as with Twitter and
supports for real-time data-driven decisions. Supporting real-time stream analytics
e�ectively also requires an e�cient management system in place for the collection and
delivery of the large amounts of streaming data generated. Apache Kafka [51] supports
this requirement, with a focus on storage management and communication instead of
query processing. It serves as a distributed messaging system to manage large amounts
of streaming data through in-memory analytics, facilitating large data movements in
a robust and scalable manner. Kafka provides support for o�ine as well as online
analytics and also exhibits the advantage of employing a pull-based consumption model
which allows an application to consume data according to its own needs without being
overloaded, thus maximizing the overall throughput. Additionally, in Storm, Kafka can
be utilized to pull data from message queues, to generate a stream of tuples for their
further processing.

(vi) Batch meets Streaming Batch meets Streaming represents systems which are de-
signed to support both batch and stream data processing. As an example, Apache Flink
[39] is an open-source system providing a uni�ed single execution model for batch and
stream data processing, which can express and execute di�erent classes of data process-
ing applications as pipelined fault-tolerant data �ows. Deployment, core runtime (the
distributed data�ow engine), APIs and libraries are the four main layers that contribute
towards the Flink architecture with all programs eventually compiled to a common
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representation of the data�ow graph. Flink provides a sophisticated highly �exible
windowing mechanism which can compute both early & approximate and delayed &
accurate results in the same operation in large-scale data-stream processing. Addition-
ally, it also supports di�erent notions of time, providing �exibility in de�ning event
correlations in data-stream processing. Flink also supports competitive optimized batch
processing through the inclusion of specialized APIs, data structures and algorithms.
Eventually, Flink as a uni�ed platform for processing batch and stream data supports
out-of-order processing, iterative processing, consistency through the maintenance of
exactly-once state and provides for results with high throughput and low latency.

(vii) Hybrids Selection of an appropriate hybrid of systems for a large-scale data pro-
cessing work�ow might be bene�cial in achieving high throughput. In the absence of
a dynamic work�ow manager, design, implementation or scaling of such a work�ow
requires high expertise and is often challenging and time-consuming mainly due to the
tight coupling between the front-end frameworks and the back-end execution engines.
In such a scenario, Musketeer [119] is the �rst Big Data work�ow manager which
decouples this coupling, providing enhanced �exibility by facilitating users to write
the work�ow once and dynamically map it to many di�erent systems. Eventually, this
makes the design, implementation and porting of the work�ow to other systems much
easier and e�cient as compared to �xed single system mappings. The decoupled data
processing architecture of Musketeer is divided into three layers namely,Front-End
Frameworkswhich users utilize to specify their work�ow using high-level abstractions,
Intermediate Representation(IR) which dynamically converts and optimizes the speci-
�ed work�ow into a common form acceptable by the front and back-end, ideally in the
form of a directed acyclic graph (DAG), andBack-End Execution Engineswhich based on
user or automatic selection execute the jobs generated from DAG. Additionally, though
Musketeer provides support for only limited front-end frameworks and back-end ex-
ecution engines, the approach can be extended to support others as well, eventually
facilitating mainly non-specialist users to implement �exible work�ows easily.

Another work�ow optimizer variant, Weld [120] provides a common runtime for cross-
library optimizations in complex work�ows and compromises of an IR based on parallel
loops and a results merging construct calledbuilderswhich can e�ectively capture loop
transformations as compared to the IR utilized in Musketeer. Weld as a programming
interface consists of three key components to optimize analytics applications, namely,
an Intermediate Representationwhich allows libraries to express their data-parallel
computation structure, aRuntime APIwhich collects the IR code from di�erent libraries
for lazy execution, and aCompiler Backendwhich compiles the complete optimized
Weld IR program to parallel machine code to be executed against the in-memory data
of the application. Consequently, Weld enables e�ective composition of hybrids of
libraries utilized in data analytics application enabling end-to-end optimization.

(viii) SQL on Hadoop SQL-on-BigData systems generally fall into two categories, namely
native Hadoop-based systemseg., Apache Hive4anddatabase-Hadoop hybridseg., Hadapt5

which integrate existing tools with the Hadoop ecosystem [3]. Additionally, analytic
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appliance-based products, eg., Oracle Exadata6have connectors for the Big Data storage
systems from where they extract data to process within their proprietary SQL engines.
Figure 2.2 aptly depict the di�erent open-source as well as commercial systems avail-
able in the SQL-on-BigData landscape. SQL for Big Data processing is of signi�cance
given its familiarity to most developers, and the ease of working with it as a high
level intuitive declarative language, thus leading to an increase in the development
of primarily SQL-on-Hadoop systems [58]. These systems eliminate the limitation of
MapReduce framework requiring a considerable amount of programming for tasks that
can be accomplished using simple SQL commands, which further adds to its complexity
and limited usability for large-scale data processing [56]. Some of these systems include
Drill 7, HAWQ (Hadoop with Query)8, Hive, Impala9, Presto10and Spark SQL11. These
systems are useful for ad-hoc querying and analysis in large-scale data processing, as
analysed in the study or Rodrigues et al. [52], where their main characteristics are
highlighted. This study evaluates that no tool emerges as the optimal one but di�erent
tools can be utilized e�ectively for di�erent requirements, eg., Hive is robust towards
long-term queries and is e�ective for batch processing, Impala and HAWQ can be better
utilized towards real-time analysis due to their fast response times and including Spark
they can also be better utilized towards advanced analytics. The performance of these
systems is further experimentally evaluated in follow-up studies by the authors [53, 54]
using the TPC-H12and TPC-DS13benchmarks, respectively, with both evaluations prov-
ing the fact that there is no one-size that �ts for all the SQL on Hadoop processing
requirements. Additionally, a further experimental study [55] evaluates extensively the
performance of the systems Apache Hive, Spark SQL, Apache Impala and PrestoDB
using three di�erent benchmarks namely TPC-H, TPC-DS [121] and TPCx-BB [122]
considering di�erent application scenarios and workload characteristics.

Looking into the characteristics of some of the SQL-on-Hadoop systems utilizing the
MapReduce framework for query execution, Apache Hive [60] is the �rst work towards
providing a scalable open-source data warehouse solution built on the top of Hadoop
with support for queries expressed in a SQL-like query languageHiveQL. HiveQL being
�exible and extensible supports for a majority of SQL-like query constructs and also
for data de�nition (DDL) and manipulation (DML) statements facilitating simpli�ed
data querying, creation and manipulation. A HiveQL query is basically compiled
into a Directed Acyclic Graph (DAG) of MapReduce jobs for execution. The major
components of the Hive architecture include,External Interfacesconsisting of User
and Application Programming Interfaces (API), theThrift14server, theMetastoreas the
system catalog, theDriver managing the compilation, optimization and execution of
a HiveQL statement, theCompilerand Hadoop as theExecution Engine. Yet another
system Apache Pig15provides a high-level scripting languagePig Latin[59] which
combines both the aspects of high-level declarative querying like SQL and low-level
procedural programming like MapReduce to express large-scale data processing tasks.
A Pig Latin program is usually a sequence of steps, with each step carrying out a single
data transformation. Concerning the program execution, the Pig execution framework
�rst generates a logical query plan from the Pig Latin program, which is then compiled
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into a series of MapReduce jobs for execution primarily over Hadoop. Additionally,
Pig also consists of its own debugging environment calledPig Pen, making it easier
for users to build and debug their Pig Latin programs in an incremental way. On
the contrary, there also exists SQL-on-Hadoop systems which do not rely on other
frameworks like MapReduce for their job execution. As an example, Apache Impala9 is
a massively parallel processing (MPP) SQL query engine for data stored using Hadoop.
Impala exploits a shared-nothing parallel database architecture on Hadoop through
running queries using its own long-running daemons on each of the HDFS DataNode
instead of relying on the MapReduce framework. There exists a main daemon process
impaladwhich comprises the query planner, coordinator and the execution engine.
Eventually, all queries are compiled into a pipelined execution plan. Considering
experimental evaluation and benchmarking of these two variants of SQL-on-Hadoop
systems, the study of Floratou et al. [58] provides performance comparisons of Apache
Hive and Apache Impala using TPC-H like and TPC-DS inspired workloads. This study
evaluates the signi�cant performance advantages of Impala over Hive thus highlighting
the advantages of using a shared-nothing database architecture as compared to a
MapReduce based runtime for analytical SQL queries.

Apache Kudu [57] is a novel storage engine for structured data which plays a role as
a middle ground between fast sequential access and fast random access. It can run in
parallel with the existing HDFS installation and can be accessed via tools like Impala,
Spark and MapReduce. Consequently, Kudu can be well-utilized towards fast analytics
over well-structured distributed data over Hadoop. Furthermore, the di�erent storage
formats are elaborated upon in Section 2.3.3.3.

For our work, we employ Apache Spark, with a SQL-like-querying, provided by the
Spark dataframe interface.

Figure 2.2: Systems compromising the SQL-on-BigData landscape [3]
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(ix) Large-Scale Graph Processing Large-Sized graphs possess di�erent challenges for
their e�ective processing. Hence, e�cient computation models providing competitive
performance are required to process such complex large-sized graph datasets. As an
example, Pregel [42] as a distributed programming framework from Google facilitates
the e�cient stateful processing of large-scale graphs with high scalability, performance
and fault-tolerance. Pregel allows the implementation of an arbitrary graph algorithm
with the input and output of a Pregel program ideally to be isomorphic directed graphs
with no restrictions imposed on a speci�c choice of �le format for these graphs. A
typical Pregel computation consists of a sequence of iterations known assupersteps
and during which a user-de�ned function containing the processing logic at each
vertex is invoked in parallel. The communication in the entire graph occurs through
its edges given the design of Pregel for sparse graphs; with the delivery of messages
asynchronously in batches reducing latency. Additionally, Pregel programs are also
inherently deadlock-free with their termination when all vertices are inactive with no
messages in transit. Pregel o�ers a C++ API which is expressive and easy to program,
hiding the related details of distribution. The implementation of Pregel is based on the
Google cluster architecture [123] with the Pregel library dividing the input graph into
partitions of a set of vertices and their edges, which are further assigned to worker
machines. The master in place is responsible to co-ordinate the activities of workers.
Consequently, Pregel, with its in-built features, presents itself as a simpli�ed model for
large-scale graph computing.

(x) Deep Learning Deep Learning models performing complex tasks exhibit large com-
putational requirements. Training such models e�ciently requires a scalable approach
driven by large-scale distributed systems. As an example, Project Adam [40] is a scal-
able distributed deep learning training system compromising of commodity server
machines, especially focusing on visual recognition tasks in a deep neural network
(DNN). The high-level system architecture of Adam is based on Multi-Agent system
and compromises of data serving & model training machines & global parameter server
achieving both model and data parallelism. Thus, this allows for the partitioning of a
large model across several machines, and hence multiple replicas of the same model can
be trained in parallel using di�erent partitions of the training data set with a common
set of parameters asynchronously updated by them on a global parameter server. Adam
partitions the model vertically, which minimizes the need for cross-machine commu-
nications and additionally the presence of asynchronous batched parameter updates
contribute towards its multi-machine scalability. Also, multi-threaded model training
is achieved on a single machine through permitting threads to update local parame-
ter weights without locks. Additionally, Adam as a system for large DNNs training,
exhibits strategies to mitigate the impact of speed variance due to slow machines and
also consists of fault-tolerant strategies that can be exercised on the global parameter
server.

After reviewing and providing a taxonomy for frameworks in charge of large scale processing,
we consider the kinds of optimizations performed in them in the following sections. This is
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informative for our research, considering that as approaches like traditional hashing provide
performance optimizations for algorithms like joins; similarity-sensitive hashing can also
provide for performance optimizations, which is the core of our study.

2.3.2 Optimizers for Data�ow Large-Scale Data Processing

MapReduce [44] as a framework for massive parallel processing exhibits several limitations
when concerned with its utilization for e�cient large-scale parallel processing and data
analytics [4]. Figure 2.3 depicts these areas of improvements for MapReduce. The survey of
Doulkeridis et al. [4] elaborates upon the di�erent state-of-art research techniques focused
on the optimization of these taxonomic areas.

Considering that Apache Spark2 has emerged as a de-facto framework for Big Data Analyt-
ics [5], in this section, the optimizations that can be applied throughout the Spark Stack,
enhancing its overall performance will be our primary focus.

Figure 2.3: Taxonomy of Areas of Improvement for MapReduce [4]

Figure 2.4 depicts the high-level architectural overview of Spark. The main component of
Spark is theSpark corewritten in Scala and o�ering APIs in Scala, Java, Python and R for
large-scale data processing. Spark core also o�ers various functionalities for in-memory
cluster computing including data shu�ing, job recovery etc. Further, Spark core runs on
di�erent cluster managersnamely Amazon EC216, Hadoop YARN [124], Apache Mesos [125]
and its own standalone built-in cluster manager for job execution on various cluster resources.
Additionally, Spark core can access data from anyHadoop data sourceEg. HDFS, Cassandra17,
HBase18, Hive4, Alluxio[69] etc. Di�erent upper-level librariesare built on top of Spark core
to deal with di�erent workloads including Spark SQL [62] dealing with structured data
processing, Spark Streaming [126] for stream data processing, MLlib [7] for scalable machine
learning and GraphX [127, 128] dealing with graph processing. Additionally, di�erentSpark
packagesare external open-source packages and libraries built to work with the Spark core
or the upper-level libraries, Eg.Blink DBas an approximate query engine over Spark SQL.
FurtherSparkR[129] is an internal R package providing a R based front-end to Spark.
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Figure 2.4: High-level Overview of Apache Spark Stack [5]

Below are some tools developed to o�er optimizations for the Spark stack, increasing the
overall throughput:

(i) Project Tungsten Project Tungsten19tailored towards the optimization of Spark
applications focuses on improving the memory & CPU e�ciency and maximum uti-
lization of the underlying hardware [5, 61]. Tungsten as a key component of Spark's
execution engine aims to achieve its goals through the incorporation of three main fea-
tures namely,Manual memory management by leveraging application semanticswhich
involves managing the application memory manually without the requirement of auto-
matic memory management with Java Garbage Collector thus minimizing the memory
footprint, Data storage in CPU cache versus memoryfor faster data access,Manual code
generationwhich involves e�cient bytecode generation as compared to standard Java
VM execution, through the use of modern compilers and CPUs.

(ii) Catalyst Optimizer The catalyst Optimizer lies at the core of Spark SQL providing
for e�cient physical plan selection towards optimized job execution [62]. Catalyst is an
extensible query optimizer built using the functional features of the Scala programming
language supporting both rule and cost-based optimization. Catalyst at its core consists
of a library which expresses the input expressions as a tree which can be manipulated
using di�erent rules. Additionally, the tree transformation framework consists of several
libraries and a set of user-modi�able rules which optimize the di�erent phases of query
execution, including logical plan analysis and optimization, physical planning and
code generation to Java bytecode. All of these phases are purely rule-based except the
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physical planning phase, which generates and compares multiple plans executing the
most cost-optimized one. Additionally, being an extensible optimizer Catalyst also o�ers
for several public extension points to include external data sources and user-de�ned
types allowing for advanced analytics with SparkSQL.

(iii) RIOS (Runtime Integrated Optimizer for Spark) RIOS [64] which can be viewed
as an enhancement of Catalyst [62] is an adaptive query optimizer for Spark which
selects an optimal physical query execution plan at runtime based on the idea of
involving late binding of the rich and more relevant statistics gathered at runtime
without the need of their upfront collection involving signi�cant cost-overheads. RIOS
speci�cally focuses on predicate selections for a given query to determine an optimal
cost-e�ective join order & physical join implementation and to do so, it performs
an iterative execution time strategy EGAP (Execute, Gather, Aggregate, Plan) which
leverages the lazy batch strategy for building and executing query plans in Spark to
derive much e�ective plans. The iterative EGAP strategy involvesExecutionwhich
executes all the data and pre-partitions stages corresponding to join operations in a
physical join plan,Gatherwhich augments the Spark stages to collect more accurate
statistics related to the join attributes in the pre-partitioning step,Aggregatewhich
aggregates the collected statistics back to the scheduler (Spark Driver),Planwhich lazily
plans the next best join order and method based on the estimate Eg. Join cardinality
determined given the collected statistics. Consequently, RIOS generates and modi�es
an execution plan at runtime progressively and greedily, thus quickly determining the
optimal plan for a given query without incurring additional overheads Eg. Exploration
of the entire plan space.

(iv) Flare Flare [65] presents itself as a new back-end for Spark which improves its
relational performance to be at par with the best SQL engines and also optimizes its
performance in the presence of heterogeneous workloads, based on the idea of native
code generation instead of JVM code. The architecture of Flare facilitates its integration
with Spark at three levels,Flare Level 1provides for native code compilation of the
query stages within Tungsten19 serving as a lightweight accelerator for certain queries
but constrained within the Spark's runtime execution model,Flare Level 2provides for
further optimization of the relational workloads through changes in the Spark's runtime
execution model achieving signi�cant speed-ups through the compilation of the entire
Spark-generated query plans to native code eliminating Spark's runtime abstraction
layers,Flare Level 3provides for e�cient code-generation for heterogeneous workloads
through the introduction of an intermediate layer between the query plans and the
code generated in the form of mapping to high-performance domain-speci�c language
(DSL) o�ered by the Delite [130] compiler framework.

(v) Apache Calcite Calcite [63] is an extensible query processing and optimization frame-
work designed to work with heterogeneous workloads for di�erent types of queries of
which include SQL, queries over semi-structured, geospatial and streaming data. The
main architectural components of Calcite consist ofQuery Parser and Validatorwhich
converts the query into a tree of relational operators,Adapterswhich provide �exibility
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in determining the underlying storage mechanism,Query Optimizerwhich utilizes
the relational tree and provides for cost-based and rule-based optimization,Relational
Builder Interfacewhich provides to express input queries with relational constructs.
Calcite at its core optimizes queries in the form of relational expressions and is also
able to map these back into the particular system's query processing unit. Additionally,
Calcite incorporates the dynamic programming approach and prevents trapping into
the local minima while minimizing the query execution costs in comparison to Catalyst
[62] and hence can help to achieve better performance improvements for Spark SQL20.

With this, we conclude our review of projects that optimize the performance of Spark appli-
cations. Generally, these projects perform query plan optimization, query compilation and
handle memory management. Unfortunately, the information on the current optimizations
provided by these systems is general in nature and it is di�cult to understand how hashing
is used internally for the optimization tasks. In our work, we consider as an optimization the
algorithm restructuring brought by similarity-sensitive hashing to the tasks of supervised
entity resolution. We expect that such hashing could be included, in future work, as an
optimization within the developed tools.

2.3.3 Storage for Large-Scale Data Processing

In this section, we describe the di�erent storage possibilities for optimized large-scale
data processing. These are important for our research, since hashing contributes to data
distribution, a core storage task. In this section, we highlight on Distributed File System
(DFS) and its di�erent types, Distributed in-memory storage and �nally on the available
various storage formats.

2.3.3.1 Distributed File System (HDD)

A Distributed File System (DFS) is a �le system utilized towards e�cient storage and retrieval
of data in a distributed client-server setup. In this part, we highlight the di�erent types of
DFS along with their features. Further, we also present an example of a database designed
for large-scale data processing. Speci�cally, here we elaborate upon Bigtable [68] which is
designed for distributed storage of structured data and utilizes a speci�c DFS, the Google
File System (GoogleFS) [67], as a building block.

Types of Distributed File System (DFS) Most of the distributed systems require coupling
with distributed �le systems to achieve better throughput. There are di�erent types of DFSs
[66], which cater to di�erent requirements of the distributed systems. Figure 2.5 depicts the
di�erent types of large-scale DFS:
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Figure 2.5: Types of Distributed File System (DFS)

(i) Google File System (GoogleFS) GoogleFS [67] is broadly used within Google and
is optimized accordingly based on Google's data storage and usage requirements. Files
in GoogleFS are divided into �xed-size 64 MB chunks accompanied by a 64-bit chunk
handle, which are then distributed to the di�erent nodes across the cluster also known
as chunk servers. The master node has the responsibility of maintaining the metadata of
all the chunks and their mapping to the �le, and receives all the requests from the client
nodes. On request, the master node sends this metadata to the client, which can then
connect directly to the chunk server for data transfer. Additionally, GoogleFS can handle
multiple operations occurring simultaneously on the same chunk with the help of the
e�ectively designed locking mechanism in place. Further, to prevent overwhelming of
the master node with the client requests and causing it to be a performance bottleneck,
GoogleFS stores the metadata in the master's memory, which increases the overall
processing speed. Data in GoogleFS is triple replicated to employ fault-tolerance and
recovery in case of node failure.

(ii) Hadoop Distributed File System (HDFS) HDFS [131] is an open-source version of
GoogleFS providing similar functionality and architecture and is based on the pattern
of write-once-read-many. HDFS has di�erent variants focusing on varied areas as
described below:

ˆ Ring File System (RFS) RFS [132] is considered to be a scalable and fault-
tolerant DFS consisting of multiple master nodes acting as meta servers. These
meta servers separately maintain part of the metadata using Distributed Hash Table
(DHT) and also data is triple replicated on other meta servers. This con�guration
eases the load on a single master node and eliminates the single point of failure.

ˆ E�cient Distributed File System (EDFS) EDFS [133] is a semi-centralized
DFS and is similar to RFS in eliminating the single point of failure. In addition to
the multiple master nodes, it consists of a front-end server which manages sessions
and through hashing routes the requests to the master nodes. Additionally, EDFS
replaces the conventional TCP protocol with anotherunnamedprotocol, which is
comparatively faster than TCP.

ˆ GreenHDFS GreenHDFS [134] focuses on energy-conservation in a large-scale
DFS. The data node in GreenHDFS is categorized into two zones, namely the hot
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zone, which consists of frequently accessed or newly created �les and the others
being in the cold zone. Additionally, each �le is associated with a temperature
being of high value for the hot zone and low for the cold zone. Ideally, the rise or
the fall in the �le temperature depends on the access rate with a high access rate
indicating a rise in temperature and the �le being in the hot zone and a low access
rate decreases the �le temperature with the �le being in the cold zone. There
exists a File Migration policy which checks this �le temperature and migrates the
�le from hot to cold zone and vice versa. These cold servers are put in a sleeping
mode to achieve optimal energy savings.

ˆ QuantcastFS (QFS) QFS focuses on providing better performance and cost-
e�cient processing in a large-scale DFS. It consists of meta servers and chunk
servers but ideally one chunk server per node. Additionally, it consists of a
client component which acts as an interface presenting a �le system API to the
other software layers and facilitates mapping of the meta server requests to the
concerned chunk server and interacts directly with the chunk server.

(iii) General Parallel File System (GPFS) GPFS [135] is a centralized, parallel and
shared-disk DFS exhibiting high scalability. Large �les are divided into con�gurable
blocks from 16 KB up to 1MB with a default of 256 KB. Sub-blocks of1

32 size of an
ordinary block are used to store small �les. Additionally, support for a large directory
which can contain millions of �les with extensible hashing to locate these �les is also
provided by GPFS. A distributed locking mechanism in place synchronizes the access to
shared disks. Regarding the special roles played by nodes in GPFS, one node is selected
as the allocation manger which maintains statistics about the free space available in all
allocation regions and dynamically elected metanodes are utilized for the centralized
management of �le metadata. GPFS also utilizes its own fault-tolerant mechanism
which involves restoring the metadata and releasing of the resources held by the failed
node. It also has replacement policies in place in case it needs to replace any special
roles played by the failed node.

(iv) Global File System (GFS) GFS [136] is a shared-disk DFS which allows direct
concurrent access to the shared block storage by all nodes. The nodes in GFS are not
assigned any special roles and hence, all function as peers. GFS employs a journaling
�le system as each node in a cluster has its own journal and the changes to the metadata
of the �le system are written to this journal �rst and then on to the �le system. This
helps in case of node failures to recover the consistency of the �le system through
replicating these metadata operations recorded in the journal. Similarly, data also can
be recorded in the journal to increase the performance of this fault-tolerant mechanism.

(v) Sector Sector [137] is capable of being deployed over a wide area and allows handling
and processing of large datasets from any location. It consists of a master node, a security
server and a number of slaves nodes, with the security server being connected to the
master and maintaining information on the number of slaves, �le access information
etc. Files are divided into Sector slices with the storage of each slice in the native �le
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system of the slave node as a �le. To ensure data security, the slaves only function
as per the master's instruction with the establishment of the connection between a
client and a slave node only after the master's validation of the client request with the
security server. The data in the Sector is triple replicated, thus ensuring fault-tolerance
and failed nodes also can be recovered easily with the required recovery mechanisms in
place. Sector utilizes UDP protocol, which is faster as compared to the conventional TCP
protocol used. Additionally, Sector includes a reliable library called group messaging
protocol for message passing to provide additional reliability.

Database designed for Large-Scale Data Processing Bigtable [68] is an example of a
distributed storage system with the primary goal of directly supporting client applications
that wish to store and manage large-scale structured data. Bigtable was mainly designed as
Google's own storage solution and thereby supports a large number of Google projects and
products including Google Analytics, Google Earth etc., thus providing high performance,
scalability and �exibility in spite of the demanding workloads. Bigtable utilizes a simple data
model consisting of a sparse, persistent and distribute multi-dimensional sorted map which is
indexed using row key, column key and a timestamp, with values stored as an uninterpreted
array of bytes. Row ranges in a Bigtable are referred to astabletsand form the basic unit
of load distribution and balancing. Column keys, on the other hand, form the basic unit of
access control through their grouping into sets calledcolumn families. Further, timestamps
usually maintain the version controlling of the stored data. This simple data model provides
the client with dynamic control over the data layout and format and also allows them to
specify locality of the data through carefully selected data schema. Bigtable also provides
a client API with di�erent functions and features, allowing users to manipulate the stored
data. Bigtable is built utilizing di�erent building blocks from the Google infrastructure,
some of them include GoogleFS to store log and data �les, GoogleSSTable�le format to
store Bigtable data internally, Chubby [138] as a distributed lock service. Bigtable is based
on the shared-nothing architecture and its implementation consists of three fundamental
components namely, a library which is linked to every client to cache the tablet locations,
many tablet servers responsible for handling read and write requests, tablet management
and a master server responsible for functions including tablet assignment to tablet servers,
tablet servers management. Additionally, Bigtable consists of various re�nements in its
implementation, including the use of Bloom �lters [139], mechanisms to speed-up tablet
recovery etc., which eventually make it a reliable structured data storage solution with high
performance and availability.

2.3.3.2 Distributed In-Memory Storage

Distributed In-Memory Storage enables the stored data to reside on the main memory
supporting faster retrieval and e�cient utilization in response-time critical applications.
In this part, we present Alluxio [69] as an example of a distributed in-memory storage
system. Further, we highlight the techniques to store data facilitating its faster access by
Structured Query Language (SQL) engines running on the Apache Hadoop ecosystem [70].
Additionally, we also discuss EventIndex on Apache Kudu21storage [71], which facilitates
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e�cient and faster retrieval of event data integrated with Apache Kudu's large-scale analytical
features with column-oriented storage. Finally, we discuss RAMCloud [72], a data storage
system hosting all of its data permanently in-memory providing high-throughput data access
required for large-scale data processing.

Example System Alluxio [ 69] is a virtual distributed �le system with memory-centric
architecture enabling faster data access. Alluxio hides the storage complexity from the
applications by providing itself as a data abstraction layer and enabling them to access data
from di�erent data stores seamlessly. Alluxio is based on a master-worker architecture with
the workers handling the data requests and transferring the required data from the Alluxio
local cached storage or the data stores to the applications requesting it, and with the master
managing the workers and also the metadata requests. The Alluxio client is typically a
library which can be used by the applications to interface with the servers and can be chosen
from a set of di�erent available interfaces (eg., Hadoop compatible �le system interface)
based on the application with minimal or no code changes. Alluxio with its features and
rich set of APIs helps to decouple computation and storage e�ectively, and thus �nds its
varied applications including accelerating data analytics, simplifying data access for machine
learning models.

Caching for SQL Engines on Hadoop SQL engines on Hadoop combine the convenience
of querying data using SQL and the power of distributed data processing with Hadoop.
However, these engines are not tightly integrated into the Hadoop ecosystem and hence
caching of data for these SQL engines can signi�cantly increase the query performance.
There are primarily two methods [70] to achieve this, namely, SQL Engine Internal Caching
and External Storage Systems for Caching. SQL Engine Internal Caching enables the SQL
engine to implements its own internal cache providing the most control over it. This internal
cache being located closest to the computation bene�ts from maximum performance with
faster access, but faces the limitation of not being shareable typically in a multi-tenant
environment. Typical frameworks that support internal caching include Apache Spark SQL11,
Apache Hive LLAP22. External Storage Systems for Caching as another technique utilizes
an external storage system for data caching enabling data sharing and thus eliminating the
limitation of the previous technique. Additionally, an independent cache provides more
�exibility and manageability. This can greatly improve the performance when co-located
with the computation cluster as it behaves like a shareable internal cache. Typical frameworks
that support external caching include the previously discussed Alluxio [69], Apache Ignite23.
Another alternative for external caching is the use of the centralized caching feature of the
Hadoop Distributed File System (HDFS) which typically stores the user-speci�ed �les in the
memory of the HDFS DataNodes. This technique is bene�cial to speed up local access to
the data but exhibits limited �exibility and becomes a performance bottleneck when SQL
engines and HDFS are not co-located. Typical frameworks that support HDFS centralized
cache include Apache Impala9 and IBM Big SQL [140].

EventIndex on Apache Kudu Storage EventIndex is a system designed to be a complete
catalogue that allows for fast and e�cient searching of events from a large number of events
contained in an enormous number of �les and often scattered in a world-wide distributed
computing system. As an example, the ATLAS EventIndex [141] designed for cataloguing all
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events of the ATLAS experiment [142] and primarily using the main data store as Hadoop
based on MapFiles24and HBase18 allowing in-memory storage for key-value pairs providing
e�cient event data access. EventIndex can be e�ectively utilized towards event �nding,
retrieving, counting, and selection as well as towards data consistency checks. EventIndex
exhibits a partitioned architecture which follows the data �ow with components as Data
Production, Data Collection, Data Storage and Query Interfaces (Command-line Interface
(CLI) as well as Graphical-User Interface (GUI)). Apache Kudu implements column-oriented
storage layer that complements HDFS and HBase in the Hadoop ecosystem and exhibits
more e�cient, �exible features towards large-scale analytics. EventIndex on Apache Kudu
[71] aims towards utilizing the high-performance features of Apache Kudu which is thus
able to provide a uni�ed solution and cover more use cases as compared to the primarily
used data store Hadoop based on MapFiles and HBase. Some of these use cases include data
access using SQL queries, the possibility of utilization of analytical tools, faster data injection
and query response. EventIndex on Apache Kudu storage thus aims to decommission the
primarily used Hadoop infrastructure based on MapFiles and HBase and replace it with
Apache Kudu, thus providing high-performance, scalability and �exibility.

Key-Value Store for Large-Scale Data Processing High-performance key-value storage
(KVS) systems are known to be the backbone supporting many large-scale applications.
RAMCloud [72] is a high-performance KVS which stores all its information completely
in-memory exhibiting high-throughput and low latency for data access. A large-scale storage
system using RAMCloud can be created by pooling a large number of commodity servers
with the storage of data entirely in their main-memory. RAMCloud primarily relies on
DRAM for storage and utilizes disk-based storage for backup and archival. RAMCloud
scales automatically without additional complexity and providing applications with a uni�ed
view of the storage system. Additionally, RAMCloud also consists of di�erent mechanisms
in place to provide a high-level of durability and availability. Although RAMCloud is not
as cost-e�ective as compared to disk-based or caching solutions, it provides guaranteed
performance irrespective of the data access patterns or its locality and is well-suited towards
latency-sensitive applications. Consequently, RAMCloud with its features eliminates the
drawback of disk-oriented storage in-terms of latency, scalability, as well as caching solutions
in-terms of durability, and presents itself to be a long-term general-purpose solution for
large-scale application processing with high-throughput requirements.

2.3.3.3 Storage Formats

Storage Formats describe the layout for the data. Selecting an appropriate format is crucial for
the e�cient storage and maintenance of data for large-scale data processing. Data processing
and management systems ideally consist of three levels, namely,User-Interface, which pro-
vides a medium to interact with the data, eg., SQL,Logical Data Layoutwhich conceptualizes
the data storage and its handling to the user eg., Data units as tables and records in RDBMS,
Physical Data Layoutwhich deals with how the data is physically stored and handled on
a storage medium eg., Textual-based layout like CSV and JSON [6]. Figure 2.6 depicts the
taxonomy connecting the logical and physical layout. It depicts tabular, tree (nested and
graph) as the three fundamental logical data layouts with their further classi�cation into
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physical layouts consisting of textual and binary. These two data serialization formats are
further mapped to their appropriate �le formats depicting how the data is further structured
and organized on a storage medium.

Figure 2.6: Taxonomy connecting File Format to Layout [6]

Considering the di�erent disk-based �le formats, several research works [73� 75, 79, 80]
highlight and describe some of the relevant ones to Big Data processing with their features
as follows:

(i) Sequential File A sequential �le is a binary �le well-suited towards parallel comput-
ing, given that it can be easily split up. It utilizes the key-value format to store data.
The sequential �le format consists of the �rst three identity characters as SEQ, followed
by the records and the header. The sequential �le can be compressed in two ways;
namely, record-wise performed on a single record and block-wise on multiple records.
Further, sequential �le format is supported by Apache Pig15 and Hadoop. Additionally,
Hadoop also provides for a �le format called MapFile, which is a sorted sequential �le
maintaining indexed data and facilitating better read performance.

(ii) Avro Avro25is a row-based �le format which stores the entire record one after the other.
The data structure is de�ned using a schema usually written in JSON and contained in
the metadata header of an Avro �le. This schema de�ned can be altered as the stored
data evolves, facilitating ease of stored data modi�cation. Avro exhibits the limitation
that it does not store information about the stored data values and hence cannot support
data skipping.
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(iii) Record Columnar (RC) The RC �le format [143] was designed to reduce space
consumption by relational data storage. The RC �le format �rst partitions the relational
data horizontally and then converts them to vertical partitions providing the column
storage of a particular record together in the same data node, thus reducing tuple
reconstruction costs and unnecessary column reads. RC �le format, however, does not
specify indexing of records and only provides for single row serializability, as a result
of which various compression techniques cannot be used on it e�ciently.

(iv) Column Input (CI) The CI �le format [144] stores each column in the relational
data as a separate �le. This eventually helps to provide better performance through
accessing only the �les containing the desired columns, but it requires to have an
additional implementation in place to co-locate �les containing adjacent columns. This
extra logic is crucial to decrease the network I/O required in record reconstruction.

(v) Parquet The Parquet26�le format is well-suited towards storage of relations with
a large number of columns and processing of nested data. Parquet being a columnar
storage-based �le format provides for a high-performance, cost-e�ective data storage.
It stores data as one column after the other, placing data of the same type together
and providing for type-based compression. Also, data is organized in row groups,
which supports data skipping, scanning fewer relations in conditional query execution.
Parquet organizes its data in pages containing the header, information on de�ned and
repeated data levels and the actual data. Parquet is supported by Apache Hive4, Hadoop,
Pig, Impala, Drill7, Spark.

(vi) Optimized Row Columnar (ORC) The ORC27�le format was basically designed
to eliminate the limitations of the RC �le format. An ORC �le is divided into a set of
stripes corresponding to multiple groups of row data, with a default con�gurable size of
about 250 MB and functioning similar to an HDFS block. Each stripe contains only an
entire row data uniquely, with its column data stored as one after the another, similar to
as in Parquet. Additionally, each stripe contains index information, actual data, stripe
footer (containing information related to encoding and the location of the columns in
the data), and with the �le footer (containing information related to the data stored in
the �le) and a PostScript (containing necessary information to parse the �le) towards
the end of the �le. An ORC �le can be compressed in chunks facilitating e�cient data
skipping. ORC is more advanced as compared to Parquet given its features, including,
support for transactions, better read performance as it e�ectively stores data statistics,
e�cient reduction in the data size consuming less space. ORC is further supported by
Apache Hive, Pig, Hadoop.

(vii) Albis Albis [75] is a light-weight �le format with a binary API used to store relational
data on modern hardware and providing performance close to that of the hardware
used. Additionally, Albis supports primitive as well as variable data types, having a
simple and nested schema. Albis partitions the relational data horizontally into multiple
row groups and then vertically into multiple column groups. Each column group is
then considered as a separate table having its own schema where the row data is stored
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one after the other in a continuous way. Albis aims to reduce the CPU costs, and hence,
it stores data without any compression or encoding as a simple binary blob trading
storage space to achieve better performance and generating a large-sized �le. Albis
also facilitates easy data management by storing the data, metadata and the schema in
separate �les with certain speci�ed conventions. Unlike most of the other �le formats,
Albis aims to strike a balance between the CPU-I/O work division providing competitive
performance on the available modern high-performance network and storage hardware.

Considering the di�erent disk-based open-source �le formats, we can observe the e�ciency
of columnar data storage, especially ORC and Parquet towards large-scale data processing
and fast analytics [74]. In the context of open-source technologies for columnar data storage,
Apache Arrow28provides for in-memory columnar representation, which can be used on
the top of the disk-based �le formats to provide fast and e�cient analytical processing.
Additionally, Apache Kudu in the Hadoop ecosystem provides for e�cient columnar scanning
and processing. Further, it provides for mutable storage in contrast to the above discussed
immutable disk-based �le formats requiring dataset rewriting in case of data modi�cations.

The determination of an optimal storage system varies for di�erent applications as it mostly
depends upon the speci�c use-cases catered by the application. Considering the scenario
of the selection of an optimized storage format for a speci�c application, we elaborate
upon EventIndex as discussed in Section 2.3.3.2. The comparative experimental study of
Baranowski et al. [78] considers the di�erent data formats including MapFile, Parquet, Avro,
HBase and Kudu for the evaluation to optimize data storage and search performance for
ATLAS EventIndex. This evaluation was carried out to determine an e�cient alternative to
the existing core storage implementation based on MapFiles and HBase, which exhibited
concerns related to data ingestion, data duplication, data latency, random data look-up
especially with the usage of MapFile format. Based on the experimental evaluation for
di�erent parameters, it was revealed that, as compared to MapFile all the other considered
solutions provided faster data ingestion speed, the use of HBase or Kudu provides support
for in-place data mutation making it feasible to modify data records in-place directly, use of
Parquet or Kudu outputs storage e�cient solutions, random data look-up time is reduced
by the use of HBase or Kudu, fast and scalable data analytics is possible through the use of
Parquet or Kudu. Consequently, with respect to the requirements of ATLAS EventIndex to
consolidate data into a single platform, Apache Kudu was found out to be the best �exible
solution. Additionally, considering a generic perspective, this study revealed columnar data
stores Parquet and Kudu to be good candidates for data storage systems as they provide
an e�ective balance between all the di�erent evaluation parameters considered. Another
experimental study, from Oles et al. [76] in the context of scalable web systems evaluated
the performance of Apache Kudu in comparison to Parquet (with and without partitions),
Impala-HBase and Phoenix-HBase revealing Apache Kudu to output better performance and
determining itself to be a comparatively promising alternative.

Considering the performance estimation of di�erent storage formats with the industry-
accepted TPC-H benchmark12, Pirzadeh et al. [77] evaluate some of them in the context of
evaluating the performance of Big Data systems for OLAP-style workloads. The experimental



32 2. Background

evaluation considers four Big Data systems from the di�erent regions of the Big Data platform
design space including, Apache Hive and Spark SQL (from SQL on Hadoop), System-X (a
commercial parallel relational DBMS) and Apache AsterixDB [145] (from NoSQL systems).
Columnar storage formats, ORC being mainly optimized for Hive and Parquet being the
suggested �le format for Spark were considered for evaluation. The workload consisted of
variations in the schema and queries to include nested schema and comprised of a set of 22
TPC-H queries executed with di�erent combinations of system or settings. Concerning the
storage formats, this TPC-H based performance study revealed the signi�cant performance
improvements through the utilization of the optimized columnar storage formats ORC and
Parquet. Additionally, it also concludes that no schema variant, storage format or system
performed the best for all the queries.

To wrap things up, in this section, we have considered comprehensively the storage tools
that enable large-scale processing. These span from supporting distributed disk-oriented �le
systems and databases, to in-memory solutions and �le formats. From our review, storage �le
formats seem especially well-suited for fast prototyping of storage ideas, and for integrating
in the future concepts for automated data skipping based on similarity hashing. We also
�nd across all solutions a prevalent but varied use of hashing techniques to support the data
distribution, and that no solution seems to be specially built to support high dimensional
dense array data, like embeddings, and similarity search operations over it.

In the next sections, we shift from general frameworks to applications over them. Speci�cally,
those related to ML and embeddings; but before that, we consider the aspect of general
benchmarks for large scale processing, in order to identify the degree to which similarity
search is considered as a representative application, and presenting the most closely related
evaluations found in the literature.

2.3.4 Benchmarks

In the context of large-scale data processing, there is a rapid increase in the systems or
frameworks catering towards e�cient management & handling of Big Data, making it
challenging to gauge their e�ciency. In such a scenario, Benchmarks play an important role
to evaluate and quantify the performance of these systems with the main aim of comparing
them. The compendium study of Ivanov et al. [81] surveys existing Big Data Benchmarks.
Additionally, the comprehensive survey of Baru et al. [82] categorizes open-source Big Data
Benchmarks into three types namelyMicro Benchmarks, which aim to evaluate individual
system components or particular system behaviours,End-to-End Benchmarkswhich aim to
evaluate the entire system with a typical application scenario for a collection of di�erent
relevant workloads,Benchmark suiteswhich aim to provide comprehensive benchmarking
solution by o�ering combinations of di�erent micro or/and end-end benchmarks. The
outcome of the two surveys [81, 82] is summarized in Table 2.3.

Further, looking into benchmarking studies that evaluate the performance of Big Data
systems, Garcia et al. [88] o�ers an empirical evaluation and comparison of Apache Spark
[45] and Apache Flink [39] for machine learning applications in batch data processing mode.
This study compares the frameworks through the experimental run of three ML algorithms
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namely Support Vector Machines (SVM), Linear Regression (LR) and Distributed Information
Theoretic Feature Selection (DITFS) [165], on a Big dataset, evaluating the e�ciency of Spark
as compared to Flink with better scalability and overall faster runtimes for machine learning
implementations. Additionally, Awan et al. [87] evaluate the performance of Spark from a
micro-architectural perspective and report deep insights about in-memory analytics with
Spark on a large-scale up server. This experimental evaluation is based on both batch and
stream workloads as a subset from BigDataBench [148] & HiBench [152] for batch and as a
super set from StreamBench [166] & also covers real-time analytics patterns [167] for stream
processing.

As observed from our Literature survey for Big Data Benchmarks, we found that there are
no clear standard benchmarks de�ned for the evaluation of the performance of Big Data
systems in the storage and retrieval of embedding data. Hence we further elaborate upon two
closely related works in this domain particularly Wang et al. [83] who discuss benchmarking
array data with DSIM bench and the work of Taft et al. [84], which also considers a Big
Data benchmark that looks at array data. The relevancy of these papers in the context of
microarray data to understand the benchmarking for embeddings can be mapped to the
de�nition of microarrays to be anchored arrays of short DNA elements as part of a large-scale
gene expression [168], which represents similarity in its context to embeddings. In this
context, Wang et al. [83] present DSIMBench as a benchmark to e�ciently evaluate analytical
work�ows highlighting the most optimal setup in the analysis of microarray data in R. The
experimental evaluation with the aim to optimize Big microarray data analysis in R using
DSIMBench [83] consists of eight R work�ows based on di�erent data distributions and
computational solutions measuring performance characteristics in dealing with data loading
and parallel computation. Additionally, Taft et al. [84] present GenBase as a benchmark to
evaluate the performance of systems for e�cient Big Data data management & analytics. The
benchmark evaluates on �ve queries including Predictive Modeling, Covariance, Biclustering,
Singular Value Decomposition (SVD) [169] and Statistical Tests, with each consisting of a mix
of data management, linear algebra and statistical operations workloads. Additionally, the
experimental evaluation of GenBase [84] is based on a representative use case of microarray
genomics data workloads but can be extended to other domains consisting of mixed workloads
of data management and complex analytics.

After describing benchmarks, in the next section, we consider uses discussed in the context
of embeddings.

2.4 Machine Learning and Data Management Interfaces
in the Context of Embeddings

This section brie�y highlights Machine Learning (ML) in the context of semantic knowledge
extraction using word embeddings. It presents a view on how embeddings are utilized
in practical end-to-end ML pipelines, consequently supporting di�erent ML workloads
e�ciently.

Traditional relational database systems are used to process and analyse well-quali�ed typed
entities through SQL queries which can precisely capture the syntactic relationships within
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the data but leaves its semantic interpretation on the user. SQL also with its extensions is not
able to provide a holistic view of the underlying relational data and thus cannot e�ciently
capture the semantics through the inter-or-intra-column relationships in the data, [90, 91].
Thus to provide a solution to e�ciently tackle this situation, researchers have proposed
the idea of a Cognitive Database [92, 170], which serves as an extension to traditional
relational database systems (in fact it does not o�er any implementation di�erences), adding
Word-Embedding[171� 174], an unsupervised neural network based approach from Natural
language Processing (NLP) to extract these semantic relationships from a database table or a
collection of tables. Further, Bordawekar et al. [92] detail the use of word embeddings to
enable semantic queries in relational databases. Mikolov et al. put forth a method to extract
the latent information from database data into a vector-representation as word embeddings
[173] which captures the syntactic as well as semantic characteristics, and Bordawekar et al.
[92] discuss on further using these vectors to augment traditional SQL-queries which now
have cognitive capabilities also know asCognitive Intelligence(CI) queries i.e., these can be
used to answer advanced complex queries including semantic matching, predictive queries etc.
Consequently, Bordawekar et al. [92] demonstrate how embeddings can be utilized towards
enhancing database querying capabilities by providing a relational as well as a semantic
view of the database. Additionally, authors [90] highlights and discusses the advantages
of word-embeddings in Cognitive databases towards providing a controlled disclosure of
the database information in a variety of ways. Further, Neves et al. [91] demonstrate a
Spark-based cognitive database prototype with both Scala and Python interfaces and also
explains with examples, di�erent types of CI queries possible utilizing the prototype.

Concerning cognitive capabilities with Spark, Hamilton et al. [94] presents Microsoft Machine
Learning for Apache Spark (MMLSpark), an ecosystem which expands the capabilities of
Spark providing for a single API to execute di�erent machine learning workloads in a
variety of distributed production-grade environments. MMLSpark expands the native library
of algorithms in Spark ML43, integrates Spark with the networking language HTTP and
importantly integrates Spark with Azure Cognitive Services44providing intelligent solutions
for di�erent ML workloads. Consequently, MMLSpark allows users to create scalable ML
systems exposing them as distributed web services and precisely expands Spark's ability in
the area of Deep Learning. However, this solution does not consider explicitly embedding
data.

Additionally in the area of utilization of word embeddings towards enrichment of queries
in Database Management Systems (DBMS), FREDDY from Gunther et al. [93] (Fast woRd
EmbedDings Database sYstems), is a prototype system based on the PostgreSQL database
system, which provides for simpli�ed and wide querying based on User De�ned Formats
(UDFs) helping to extract semantic information from word embeddings.

Considering the aspect of evaluating the performance of text vectorization methods for
the automatic measurement of semantic text similarity, Shahmirizadi et al. [15] present a
comparative study with the experimental evaluation of TFIDF (Term Frequency�Inverse
Document Frequency) & its related extensions, Latent Semantic Indexing (LSI) Topic model
and D2V (Document to Vector) Neural model. Based on the experimental evaluation for a
speci�c application, i.e., patent-to-patent similarity, this study evaluates that simple TFIDF is
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a good choice in terms of performance and cost when the similarity di�erences between the
vectors are relatively small. Additionally, TFIDF extensions also do not justify to be more
bene�cial than the simple variant in terms of performance and cost. Regarding the use of
complex embedding methods like LSI and D2V, they only justify the performance and cost
when the text is condensed, and the similarity detection task is relatively coarse. Further in the
context of ML tasks, highlighting on the problems faced mainly by classi�cation, skewed input
datasets often consists of the unequal representation of positive and negative classes causing
the class imbalance problem [175] which a�ects the classi�cation accuracy. Consequently,
authors like Fernandez et al. [89] highlight on the di�erent state-of-art approaches in
dealing with such imbalanced data in classi�cation, categorized intoData pre-processing
which involves techniques based on data under-sampling or over-sampling,Cost-sensitive
learningwhich involves algorithmic modi�cations considering a higher signi�cance for the
positive class,Applications on imbalanced Big Datawhich involves techniques considered in
addressing real-world problems in di�erent application areas.

Embeddings in the context of Practical Machine Learning End-to-End Pipelines

Machine Learning (ML) processes are usually a series of steps that run in a sequential manner
and need to be repeated several times usually to achieve the optimal model, also called as the
ML pipeline. Luu et al. [95] explain practical ML with Spark using MLlib [7], aligning this to
an end-to-end ML pipeline. Figure 2.7 depicts this similarity mapping of the ML pipeline
consisting of the main steps to that of the MLlib pipeline.

Figure 2.7: Similarity mapping between ML pipeline main steps onleft to that of MLlib
pipeline main concepts onright (adapted from Meng et al. [7])

The four main abstractions in the MLlib pipeline includeTransformerswhich transform the
input data in the dataframe to build features through data manipulation to be consumed by
the ML algorithm,Estimatorswhich are an abstraction for the ML algorithm which train on
the data,Evaluatorswhich help towards ML model tuning to achieve optimal performance
andPipelineswhich helps to easily develop and maintain the entire iterative sequential MLlib
work�ow. Speci�cally concerning our research area, in the context of Estimators, when
working with text data, we have the concept of word embeddings in place. The estimator
here is speci�cally Word2Vec, which provides for the data transformation from word tokens
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to numeric vector utilizing the technique of word embeddings mapping semantically similar
words to nearby points. These embeddings can be further used towards ML applications
in the context of Natural Language Processing (NLP) including, word similarities, word
analogies, machine translation and entity recognition. Additionally, we further highlight the
di�erent aspects of sophisticated ML using Big Data Processing systems.

Spark supports scalable and iterative machine learning through its open-source distributed
ML library called MLlib [7]. MLlib includes a wide range of learning settings with several
statistical, optimization, linear algebra primitives and also supports several languages includ-
ing Scala, JAVA, Python, R, providing with a high-level API and thus contributing towards
the development of high-performing end-to-end ML pipelines. In the area of standardizing
the ML lifecycle with a goal towards simplifying and accelerating ML development, Zaharia
et al. [176] present ML�ow as a software platform towards streamlining of the ML lifecycle.
Consequently, ML�ow provides users with generic APIs that are compatible with any ML
library, algorithm & programming language, thus contributing towards broad �exibility
and simplifying the three main challenges in ML development towardsExperimentation,
Reproducibility and Model deployment.

Further concerning the comparative performance evaluation of Big Data Processing systems
with a focus on ML, the study of Veiga et al. [98] compares and evaluates the performance
of Big Data Analytics frameworks namely Hadoop, Spark and Flink suggesting signi�cant
performance improvements when Hadoop is replaced by Spark or Flink. Importantly, it
considers K-means as one of the benchmarks for the performance evaluations for iterative
algorithms comparing the algorithm implementation present in Apache Mahout45for Hadoop,
with MLlib46for Spark and source code implementation adapted from an example in Flink.
The experimental evaluation indicates the best results for K-means by Spark's optimized
MLlib library, followed by Flink and then Hadoop. Consequently, Spark as a rapidly growing
scalable, fast and robust system for Big Data Analytics requires a performance assessment
suite to evaluate the performance of Spark-based analytics platforms. In this direction,
Agrawal et al. [96] introduce a framework for the creation of a comprehensive Spark
performance testing suite with a current focus on ML and graph processing workloads.
Importantly for our research, work like this speci�cally highlights the di�erent types of
widely used ML workloads encountered in Big Data processing namely,Logistic Regression
as an ML classi�er to predict continuous or categorical data,Support Vector Machinewhich
map inputs implicitly to high-dimensional feature space and conduct e�ciently non-linear
classi�cations,Matrix Factorizationbeing typically used in a recommendation system as a
collaborative �ltering technique �lling out the missing entries in a user-item association
matrix, andRandom Forest Classi�cationwhich performs classi�cation tasks using a large
set of relatively simple decision trees.

After describing applications of embeddings and ML in large scale processing, in the following
section, we focus on optimizations developed for array data, presenting in this context the
speci�c approaches of similarity-preserving hashing.
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2.5 Optimizations for Embeddings and Array Data

This section highlights the optimizations which can be applied for embeddings as a form of an
array data. Relevantly, related work highlights on two types of optimizations namely based
on Cost ModelandAccess Path Selections. Further, we also highlight upon high-dimensional
similarity-preserving hashing on embedding data with a focus on two approaches, namely,
Locality Sensitive Hashing (LSH) and Learning To Hash (L2H).

2.5.1 Optimized Management of Embeddings

In the context of optimized storage of embedding data, Svensson et al. [99] present a
systematic research survey in the area of database architectures and precisely mentions SciDB
[27,29] as a new open-source scienti�c database idea based on the array data model to support
multi-dimensional arrays with any number of dimensions. SciDB aimed towards addressing
the challenge of large-scale complex scienti�c data analysis supports two main types of
operators on array data, namely,Structuraloperating on the array structure independent
of the data eg., Reshape, andContent-Dependentperforming data-dependent content-based
operations eg., Aggregation. Further, data loading in SciDB involves bulk-data loading with
the storage organized as a mapping of the data to disk buckets into rectangular chunks
of an array. The R-tree data structure in place keeps track of the disk locations and the
bucket contents. Additionally, optimizations (discussed as open research areas in this paper)
can be applied to this storage layout determining optimal bucket size, bucket compression,
bucket merging etc. further leading to increased performance. Further, as another variant
for array storage, TileDB [100] is a multi-dimensional array storage manager optimized
for both dense and sparse arrays. Its main idea lies in the fact that array elements data is
organized into ordered collections known asFragmentswhich can be dense or sparse and
group contiguous array elements into �xed capacityData Tiles. TileDB as a novel storage
manager, consequently supports for parallelization o�ering faster reads and writes.

Furthermore, in the area of optimized skyline query processing [177� 181] on high-dimensional
data, [103] presents an e�cient, scalable and robust algorithm for parallel skyline compu-
tation realized over a Hadoop MapReduce platform. This algorithm speci�cally addresses
two important challenges, namely,Data SkewandData Stragglersfaced by skyline query
processing in distributed environments over very large datasets.

Additionally, as another instance of high-dimensional vector data, Big Spatial Vector Data
(BSVD) includes a wide range of spatial data types, eg., Mapping data, location-based data,
etc., and can be represented by points, lines or polygon areas [182, 183]. Yao et al. [105]
provide a comprehensive overview of state-of-art technologies and techniques related to
data management and processing of BSVD.

Considering optimized storage layouts, hybrid layouts are increasingly popular for layout
optimization to perform ad-hoc data analysis in large-scale data processing. The Hybrid
layout typically divides the raw data into horizontal partitions where data is stored vertically
inside each partition with support for data encoding and compression. However, these
layouts require con�gurable parameters, eg., Horizontal partition size, which can directly
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in�uence the query performance. Hence ATUN-HL [102] prototyped for Apache Parquet
(an open-source implementation of hybrid layout in HDFS) provides for auto-tuning of these
parameters to determine their best possible value based on cost-based optimization given as
an input data and workload characteristics.

In the context of optimized query processing with Apache Spark on data encoded in Apache
Parquet, Braams et al. [104] experimentally study the optimization technique ofPredicate
Pushdownwhich speeds up selective queries through pushing down �ltering operations
into the scan operator which is responsible to read the data and the study also presents an
optimized �ne-grained predicate pushdown implementation within the context of this data
processing framework. Consequently, this research, with its di�erent application scenarios
demonstrates the signi�cant increase in query performance through the exploitation of early
�ltering opportunities for queries involving equality and range predicates or selective joins.
This technique can be reasonably applied to embedded data, with similarity-based skipping
using similarity-preserving hash codes.

2.5.2 High-Dimensional Hashing

In recent years Approximate Nearest Neighbor (ANN) [107] search has become a prominent
topic of research to e�ectively process the ever-increasing amount of data in real-world
applications. Among the existing ANN techniques, hashing has become e�ectively popular
due to its fast query speed, and low memory costs [16� 24]. A hashing model takes an input
data point (images, document, etc.) and outputs a sequence of bits or hashcode representing
that data point. The taxonomy47of the hashing models based on their fundamental properties
as depicted in Figure 2.8 broadly divides them into two categories,Projectionwhich focus
on learning a low-dimensional transformation of input data in such a way that related data
points are closer together in the hashed space andQuantisationwhich focus on converting
these projections into binary bits by using a thresholding mechanism. Projection can be
further divided into two categories,Data-Independentwhere the hash function is randomly
learned independently of the input data distribution & representative methods include
Locality Sensitive Hashing (LSH) [106, 107] and its variants andData-Dependentwhich
take into account the input data distribution & representative methods include Learning
To Hash (L2H) [17, 18, 108] methods. Data-Dependent models can be further categorized
into Supervisedwhich learn the hash function leveraging the supervised information in the
form of labels to maximize the occurrence of related data points to be hashed to the same
buckets andUnsupervisedwhich learn the hash function without requiring the supervised
label information typically through data factorizing. In comparison to data-dependent, data-
independent methods can achieve comparable or even better accuracy with shorter hash codes
and hence are becoming increasingly popular in real-world applications. Consequently, these
high-dimensional hashing methods can reasonably be studied for their utilization towards
the e�cient management and retrieval of embedding data. In our thesis study, we speci�cally
consider projection with data-independent and data-dependent supervised hashing models.
Further, we elaborate more upon these hashing methods.
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Figure 2.8: Taxonomy of Hashing Models47

2.5.2.1 Locality Sensitive Hashing

Locality Sensitive Hashing (LSH) [106, 107] is an approximate data-independent scalable
algorithm which provides for faster comparisons between points in a very high-dimensional
space through their random projection to low-dimensional bit signatures preserving their
cosine distance approximately. LSH hashes input data points to buckets in such a way that
similar data points are mapped to the same bucket with a high probability and data points
away from each other are likely to be placed into di�erent buckets. Consequently, LSH �nds
its applications in several domains some of them including, Near-duplicate detection [184],
Hierarchical clustering [185], Genome-wide association study [186] etc. There exists various
kinds of LSH and one among them is Binary LSH which generates binary codes for the input
data points and calculates the approximate distance or similarity between them through
Hamming Distance on these binary codes through mainly bitwise operations. This acts as a
scalable solution in large-scale applications as these binary computations are much faster and
storage-e�cient. Additionally, we also have data representations in large-scale applications
where the natural pairwise similarity between them is only related to the angle between
them, eg., Normalized bag-of-words representation for videos, documents, images; in such
cases, angular (cosine) similarity serves as similarity measurement. One of these methods is
the Sign-Random-Projection LSH (SRPLSH) [187] which is a binary LSH method and provides
unbiased estimates of angular similarity. However, SRPLSH su�ers from the problem of large
variances and thus leads to large estimation errors. Thus Super-Bit LSH (SBLSH) [8] improves
upon SRPLSH to provide unbiased estimates of angular similarity with smaller variances
when the angle of estimation lies between (0,� /2] (which is maintained by real-applications
as mostly they have non-negative vector representations with their orientations limited
in this range). SBLSH accomplishes this by converting the random projection vectors to
orthogonal vectors in batches (each consisting of L items, also called buckets) producing
independent samples, as shown in Figure 2.9. The resulting bits of these independent samples
are then grouped together as N-Super-Bit where N is the Super-Bit depth (also called stages).
As per the experimental evaluations of Ji et al. [8], for angular similarly estimation and
approximate nearest neighbor, SBLSH outperforms SRPLSH providing higher accuracy.
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Figure 2.9: Super-Bit Orthogonal Projection Vectors of Random Projection Vectors from
Normal Distribution N(0, 1) [8]

2.5.2.2 Learning To Hash

Learning To Hash (L2H)48[18, 108] is a set of data-dependent hashing methods which aim to
learn a compact and similarity-preserving bitwise representation with shorter hash codes in
such a way that similar inputs are mapped to nearby binary hash codes. L2H methods fall into
two categories namely,UnimodalandMultimodalwith each constituting of learning methods
asSupervisedwhich utilize the supervised label information to learn the hash codes during the
training procedure andUnsupervisedwhich only utilize the feature or attribute information
of data points without any supervised label information during the training procedure.
The possibility of providing the supervised label information is achieved in three di�erent
forms namely,Point-wise labels, Pairwise labels and Ranking labels. Some of the unimodal
supervised learning methods include Semi-Supervised Hashing (SSH) [188], Minimal Loss
Hashing (MLH) [189], Linear Discriminant Analysis based Hashing (LDAHash) [190], Kernel-
based Supervised Hashing (KSH) [19], Latent Factor Models for Supervised Hashing (LFH)
[110], FastH [22], Supervised Discrete Hashing (SDH) [23], Column Sampling based Discrete
Supervised Hashing (COSDISH) [24]. Further, some of the unimodal unsupervised learning
methods include Principle Component Analysis (PCAH) [191], Spectral Hashing (SH) [192],
Self-Taught Hashing (STH) [193], Anchor Graph-Based Hashing (AGH) [194], Iterative
Quantization (ITQ) [17], IsoHash [18], Discrete Graph Hashing (DGH) [195], Scalable Graph
Hashing (SGH) [196]. Multimodal hashing constitutes ofMulti-Source Hashingwhich aims to
learn better binary codes than unimodal hashing through leveraging auxiliary views assuming
that all the view are provided for the query and includes methods namely, Multiple Feature
Hashing (MFH) [197], Composite Hashing (CH) [198], and Cross-Modal Hashingwhich
returns similar items as that to the input query item and includes methods namely, Cross View
Hashing (CVH) [199], Multimodal Latent Binary Embedding (MLBE) [200], Co-Regularized
Hashing (CRH) [201], Inter-Media Hashing (IMH) [202], Relation-Aware Heterogeneous
Hashing (RaHH) [203], Semantic Correlation Maximization (SCM) [204], Collective Matrix
Factorization Hashing (CMFH) [205], Quantized Correlation Hashing (QCH) [206], Semantics-
preserving hashing (SePH) [207]. Ranking-Based Hashingconstituting L2H compromise of
ranking-based methods including Hamming Distance Metric Learning (HDML) [208], Order
Preserving Hashing (OPH) [209], Ranking-Based Supervised Hashing (RSH) [210], Ranking
Preserving Hashing (RPH) [211] which are supported by supervised information in the form
of ranking labels for the data. Further,Deep Hashingconstituting supervised L2H utilizes
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Deep Learning compromising of hashing methods including Convolutional Neural Network
Hashing (CNNH) [212], Network In Network Hashing (NINH) [213], Deep Semantic Ranking
Based Hashing (DSRH) [214], Deep Regularized Similarity Comparison Hashing (DRSCH)
[215], Deep Hashing (DH) [216], Deep Pairwise-Supervised Hashing (DPSH) [9].

Deep Hashing

Considering deep hashing methods from the literature to be utilized in the design for our L2H
technique, Li et al. [9] propose a novel deep hashing method called Deep Pairwise-Supervised
Hashing (DPSH) which does simultaneously feature learning and hash-code learning using
supervised pairwise labels in an end-to-end architecture utilizing feedback mechanism to
learn better hash codes. This end-to-end learning framework as seen in Figure 2.10 for image
retrieval has three key components, the �rst component is a Convolutional Neural Network
(CNN) to learn image representation from pixels, the second component is a hash function
which maps the learned image representation to hash codes and the third component is a loss
function which measures the generated hash code in comparison with the pairwise labels.
Inspired by this work, Wang et al. [10] propose a novel triplet based deep hashing method (a
special case of ranking labels) which simultaneously performs image feature and hash code
learning in an end-to-end manner aiming to maximize the likelihood of the input triplet
labels. This method experimentally evaluates to outperform the deep hashing based on
pairwise labels and pre-existing triplet label based deep hashing methods. This end-to-end
learning framework, as seen in Figure 2.11 has three components, a deep neural network
to learn features from images, one fully-connected layer to learn hash codes for from these
features and the loss function.

Regarding the objective function to learn similarity-preserving hash codes, Zhang et al. [110]
was the �rst to proposes a supervised hashing method, Latent Factor Hashing (LFH) to learn
similarity-preserving binary codes based on latent factor models and which can be e�ciently
used to train large-scale supervised hashing problems. LFH models the likelihood of pairwise
similarities as a function of Hamming Distance between the corresponding points. However,
the optimization of this objective function is a discrete optimization problem which is not
easy to solve, and hence this constraint is relaxed by transforming the discrete codes to
continuous which might not achieve satisfactory performance [24]. Hence deep hashing
methods utilizing LFH propose novel strategies to solve this discrete optimization problem
in a discrete way, thus improving accuracy [9]. Wang et al. [10] rather solve this discrete
optimization problem in a continuous way as proposed by Zhang et al. [110], but considers
the quantization error induced by this relaxation in the loss function. Further, regarding an
optimized loss function for pairwise supervised hashing, Zhu et al. [11] proposes a novel
Deep Hashing Network (DHN) architecture which can simultaneously optimize pairwise-
cross entropy loss on the learned semantic similar pairs and the pairwise quantization loss
on the learned hash codes. This serves as an advantage towards better similarity-preserving
learning and controlling the quality of the learned hash codes. The pipeline architecture of
DHN as seen in Figure 2.12 consists of four key components, the �rst component is a sub-
network constituting of multiple convolution-pooling layers to learn image representations,
the second component is a fully-connected hashing layer to generate compact hash codes,
the third component is the pairwise cross-entropy loss function, and the fourth component is
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the pairwise quantization loss function. Li et al. [109] propose a novel deep hashing method
Deep Supervised Discrete Hashing (DSDN) which uses both pairwise label and classi�cation
information to generate discrete hash codes in a one stream framework. The optimization
process keeps this discrete nature of the hash codes to reduce the quantization error and
thus an alternating minimization method is derived to optimize the loss function.

Figure 2.10: End-to-end Architecture of Deep Pairwise-Supervised Hashing (DPSH) [9]

Figure 2.11: End-to-end Architecture of Triplet-Based Deep Hashing [10]

Figure 2.12: Architecture of Deep Hashing Network (DHN) [11]

In our work, we develop a solution for deep hashing, based on triplet labels.



2.5. Optimizations for Embeddings and Array Data 43

With this section, we conclude our review of large-scale processing and management so-
lutions for embedding data. In the following sub-section, we discuss one use case that we
evaluate for embedding data: supervised entity resolution.

2.5.2.3 Supervised Entity Resolution

Entity Resolution (ER) is the process of identifying records in information systems that
correspond to the same real-world entity [12]. Figure 2.13 depicts the general process �ow
for ER [13]. Speci�cally, we elaborate on these �ve steps mapping them to our thesis work,

ˆ Data Pre-Processing We utilize and work with embedding data which highlights the
semantic similarity in the data making it more manageable. Thus this step involves the
processing and vectorization of the structured input datasets resulting in embedding
data.

ˆ Blocking Blocking splits the input data into blocks with the goal of a high-likelihood
placement of the similar records in the same blocks, thus reducing the search space
for the ER tasks. Consequently, given its fast query speed and low memory costs, we
consider similarity-preserving hashing techniques to block these embedding data.

ˆ Pair-wise comparison Pair-wise comparison evaluates the similarity between a pair
of entities. Speci�cally, we use Cosine similarity [217� 219] to compute this pair-wise
similarity between the hashed vectors.

ˆ Classi�cation Once the similarity scores are calculated, we further evaluate the
hashed entity pairs against the benchmark dataset i.e., Ground Truth which contains
the actual correct pair mappings. This eventually trains a model (in our case, we use the
eXtreme Gradient Boosting or the XGBoost49[220] classi�er) and perform classi�cation
deciding whether the hashed pair of entities are a match or non-match.

ˆ Evaluation The evaluation steps further evaluates the classi�cation accuracy of the
hashing technique. Speci�cally, we utilize the F1 score.
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Figure 2.13: General Process of Entity Resolution [12, 13]

2.6 Summary
Summarizing, we present in this chapter a comprehensive background which provides
context to the research area of this thesis. We started by brie�y presenting the idea of
embeddings with their applicability. In theLarge-Scale Data Processingsection, we provided
a lengthy description of large-scale data processing systems, which can be considered as
driving key resources in today's modern world. Additionally, we also outline the di�erent
state-of-art works to achieve optimized large-scale data processing leading to increased
performance, considering optimizations and storage engines. Further, moving from the
systems to the application perspective, to evaluate the e�ciency of the di�erent large-
scale data processing frameworks, we outline the existing state-of-art in benchmarking and
evaluation of these systems. In theMachine Learning and Data Management Interfaces in
the Context of Embeddingssection, we present the utilization of embeddings in practical
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end-to-end ML pipelines towards semantic knowledge extraction and e�cient support for
di�erent ML workloads. In theOptimizations for Embeddings and Array Datasection, we
focus on listing possible optimizations which can be reasonably applied for embeddings as a
form of array data, among them in theHigh-Dimensional Hashingsection, we explain the
idea of hashing as a popular approximate nearest neighbor technique and consequently we
give details on LSH and L2H. Additionally, we also elaborate upon the general process of
entity resolution, as it is relevant to our evaluation. Through this hierarchical structuring of
this chapter, we aim to instill in the readers a broad understanding of the research area of
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this thesis slowly converging towards the main topic of research. In the next Chapter 3, we
present an overview of the thesis design outlining its prototypical implementation.

1https://developers:google:com/machine-learning/crash-course/embeddings/
2https://spark:apache:org/
3http://www :scala-lang:org
4https://hive:apache:org/
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9https://impala:apache:org/

10http://prestodb:github:io/
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14http://incubator:apache:org/thrift
15https://pig:apache:org/
16https://aws:amazon:com/ec2/
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32http://prof :ict:ac:cn/BigDataBench/
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36http://hadoop:apache:org/docs/r0:23:11/api/org/apache/hadoop/examples/pi/
37https://github:com/Intel-bigdata/HiBench
38http://sardes:inrialpes:fr/research/mrbs/index:html
39https://cwiki:apache:org/con�uence/display/PIG/PigMix
40https://bitbucket:org/lm0926/sparkbench/src/master/
41https://github:com/SWIMProjectUCB/SWIM/wiki
42http://www :tpc:org/tpcx-hs/default:asp
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46http://spark:apache:org/mllib/
47https://learning2hash:github:io/base-taxonomy/
48http://cs:nju:edu:cn/lwj/slides/L2H:pdf
49https://xgboost:readthedocs:io/en/latest/index:html
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Benchmark Description

AMP Lab Benchmark29 An open-source micro benchmark to measure the quantitative
and qualitative analytical capabilities of data warehousing systems

TPCx-BB30also formerly known as
BigBench31[86, 146, 147]

An open-source end-to-end application-level benchmark to
measure the characteristics of a Big Data Analytics system

BigDataBench32[148]
An open-source benchmark suite to evaluate Big Data
systems under di�erent workloads

BigFrame33[149] A benchmark generator which o�ers benchmarking-as-a-service

CloudRank-D [150]
A benchmark suite to evaluate the performance of cloud
computing systems which run Big Data applications

CloudSuite [151]

An open-source benchmark suite which analyzes and identi�es
performance issues in the processor's core micro-architecture and
memory system organization when running Big Data cloud
workloads

GridMix34 An open-source end-to-end benchmark to evaluate the
performance of a Hadoop cluster

Hadoop Workload
Examples3536

These ready-to-use examples in the Hadoop framework are
designed to learn and micro benchmark Hadoop

HiBench37[152]
An open-source benchmark suite for Hadoop which can evaluate
the performance of MapReduce and Spark

MRBench[153]
An open-source end-to-end benchmark to measure the
business-oriented performance of MapReduce systems

MapReduce Benchmark Suite
(MRBS)38[154, 155]

An open-source benchmark suite to evaluate the performance of
MapReduce systems

Pavlo's Benchmark (CALDA) [156, 157]
An open-source micro benchmark which measures the
performance of Hadoop in comparison with that of the
traditional database systems

PigMix/PigMix239 An open-source end-to-end benchmark to measure the
performance of Apache Pig systems

PRIMEBALL [158]
Measures and compares the performance of Big Data parallel
processing frameworks in cloud

SparkBench40[159] An open-source benchmark suite for Apache Spark

Statistical Workload Injector
for MapReduce (SWIM)41[160, 161]

An open-source end-to-end benchmark which provides for
rigorous performace measurements of MapReduce systems by
utilizing real-time workloads

TPC-H12

An open-source end-to-end technology-agnostic de-facto
benchmark for measuring the data warehousing capability of a
system

TPC-DS13 An open-source end-to-end benchmark which evaluates the
performance of decision-support systems

TPCx-HS42[85, 162]

An open-source �rst industry standard micro benchmark to
stress test both Hadoop software & hardware components
including the execution engine (MapReduce or Spark) and the
system layers compatible with the Hadoop FS API

Yahoo! Cloud Serving Benchmark
(YCSB) [163, 164]

An open-source end-to-end benchmark which measures and
compares the performance of usually NoSQL database
management systems

Table 2.3: Overview of Big Data Benchmarks





3. Design Overview and Prototypical
Implementation

This chapter focuses on bridging the gap between the literature overview carried out and
the implementation and experimentation undertaken as part of this thesis research. In this
chapter, we present the design of our thesis and explain details regarding its prototypical
implementation.

This chapter is structured as follows:

ˆ Section 3.1 presents an overview of the design of this thesis.

ˆ Section 3.2 recapitulates the research questions of focus for this thesis.

ˆ Section 3.3 presents our proposed approach for deep hashing based on the literature
as the main contribution of this thesis research.

ˆ Section 3.4 presents an overview of the details associated with the prototypical imple-
mentation for this thesis.

ˆ Section 3.5 presents an e�ective summarization of the important aspects of this chapter.

3.1 Design Overview

This section presents a high-level overview on the research area of this thesis and then maps
it to the actual topic of focus for this thesis. Figure 3.1 depicts this high-level overview. In
the research area of e�cient management of embedding data for use in Machine Learning
(ML) applications, we have di�erent input data formats available. These data formats can
beStructured(e.g., structured text documents, graphs) orUnstructured(e.g., audio, video).
Using embedding methods on these data formats, such as count-based (e.g. topic models) or
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prediction-based (e.g. neural models) methods (elaborated upon in Chapter 2 Section 2.2), we
can obtain their vector representation in a low-dimensional embedding space, which now
increases data manageability by highlighting data semantic similarity in a uniform space. As
examples, in the Figure 3.1 we can see di�erent embedding spaces for graphs1, words2[15]
and joint/combined cases (image & audio)3[221]. Further, in order to store and manage these
embeddings e�ciently, di�erent similarity-preserving hashing techniques, such as Locality
Sensitive Hashing (LSH) [106,107] or Learning To Hash (L2H) [18,108], can be utilized. These
facilitate improved query speeds and reduced memory costs (elaborated upon in Chapter 2
Section 2.5.2), through hashing similar data together with a high probability. Such blocking
of the embedded data into data groups based on their similarity can contribute to di�erent
ML tasks, even beyond just the e�ciency in data management. As examples, in the Figure 3.1
we can visualize the e�ciency of image retrieval tasks with nearest neighbors4[222, 223],
content-based information retrieval5, near duplicate detection [224], location recognition
[225], waveform retrieval for earthquake detection6[226].

Mapping speci�cally to this research area, in our thesis, we deal with structured textual
data, embedded using Facebook's pre-trained neural model fastText [25]. This was selected
as a general o�-the-shelf solution, which we consider to be representative of the solutions
available. In order to e�ciently store and manage these word embeddings, we experimentally
study and evaluate two hashing techniques, namely LSH and L2H. As applications, we
measure two performance factors. On one side, the performance e�ciency of these hashing
techniques in accelerating top-k similarity search queries on this hashed embedded data. On
the second hand, the extent to which the use of the blocking performed during the hashing
can contribute to improve the accuracy of a supervised entity resolution process.

The information regarding the research questions of focus for our thesis, and the prototypical
implementation carried out to address them is detailed in the subsequent sections.
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Figure 3.1: High-level overview of the research area of this thesis16
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3.2 Final Research Questions

Based on the systematic literature review, the initial research questions were re-structured
to become more concrete. Thus below are the carefully formulated �nal research questions
which serve as the focal points to be answered through this thesis:

ˆ RQ1: What is the best possible coverage and block distribution, achievable using
a standard high-dimensional hashing technique, Locality Sensitive Hashing? How
well does the resulting data distribution contribute, as a blocking mechanism, to the
performance of supervised entity resolution?

ˆ RQ2: How does Learning To Hash compare, with regards to blocking and coverage, to
the standard high-dimensional hashing technique, Locality Sensitive Hashing? How
does it compare in the task of supervised entity resolution?

ˆ RQ3: What is the performance (execution time) speed-up achievable by hashing with
the best-observed technique, for top-k searches in a large scale processing framework?
To what extent can partitioning by the corresponding hash codes a�ect the overall
performance?

The detailed explanation regarding the evaluation metrics used in the research questions is
added in Section 3.4.4.

3.3 Proposed Approach

In order to address our research questions, we can use existing state-of-the-art implementa-
tions for data-independent LSH (e.g., java-LSH7). Speci�cally we select Super-Bit (SBLSH)
[8], due to its simplicity and its ability to provide unbiased estimates of angular similarity.
However, at the time of this research, in the case of data-dependent supervised L2H, we found
open-source implementations models tailored to image data, but no implementation easily
applicable for embedding data. Therefore, a core task for our research is the development of
a prototype for one general supervised hashing solution for embedding data. In this section,
we discuss the design of such a solution.

We develop a novel supervised hashing solution based on neural networks. This method
relies on a Deep Hash Neural Net (DHNN), as seen in Figure 3.2. This is in�uenced by the
work of Wang et al. [10], which exempli�es research on triplet label based supervised deep
learning. Triplet labels are a special form of ranking labels, for training purposes, containing
richer information than pairwise labels, and which can be naturally decomposed into three
pairwise labels. Further, the use of triplet labels in the learned hash code space facilitates the
learning of codes that keep proximity of positive inputs and far distance for negative inputs,
helping the notion of relative similarities among the inputs. Next, we describe our approach,
establishing the formal problem de�nition and the deep hashing technique towards learning
the hash function.
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3.3.1 Problem De�nition

Given two embedded datasets, each consisting of input word embeddings related to a given
entity identi�ed by a key (ID), and a similarity ground truth consisting of the pairs of keys
(IDs) for similar entities, acting as the provider for the supervised label information. The
triplet labelled examples for the supervised training using this data can be de�ned as,T
= {(P10, P20, N0),....,(P1n, P2n, Nn)} where n denotes the training batch size, and within the
parenthesis we have the training examples, each formed by a random selection of two similar
items (one for each dataset) as P1 & P2 and one dissimilar item as N (from either dataset),
based on the labelled ground truth dataset. Based on these triplet labelled examples, the
corresponding embedded data is passed as an input to the network in the form of three
arrays of which the �rst two arrays contain the similar items and the third array contains the
dissimilar items. These arrays are �lled from positions 0 to n = training batch size, forming
a batch of points. The items in the corresponding positions of the three arrays conform a
triplet, for training purposes. Considering such information, our goal is to learn a hash code
bn for each input embedded item where b2 {-1, +1}L and L is the provided hash code length.
The generated hash codesB = {bn}batchSize

n=0 should satisfy as much as possible all the triplet
labelsT in the hamming space making the hamming distanceH(bP1n, bP2n) as small as possible
in comparison to the hamming distanceH(bP1n, bNn) and to the hamming distanceH(bP2n, bNn).
Consequently, the aim is to learn a hash functionH to map word embedding data to hash
codes, keeping close the similar items and keeping far the dissimilar items.

3.3.2 Learning the Hash Function

For this task, we prototype a Deep Hash Neural Net (DHNN) to learn the hash function. We
show an overview of our method in Figure 3.2. It consists of three key components, namely
the Embedded Data Input, the Hash Code Learning, and the Loss Function.

Embedded Data Input This component consists of the pre-embedded vectors supplied
as input, corresponding to the triplet labelled examples formed based on the ground truth
dataset. Thus the training input is in the form of two positive (similar items), and one
negative (dissimilar items) arrays �lled from 0 to n = training batch size and supplied to
the network (for training) one batch of examples at a time. Feature Learning improving the
hashing performance can be optionally incorporated as an end-to-end deep hashing method,
in order to slightly improve the embedding themselves throughout the training. Though
feature learning is commonly added to the proposed end-to-end hashing method [9, 10], we
do not study such improvement in our model. In our scenario, the embedding data input can
be visualized as an output of the feature learning using Facebook's pre-trained neural model
fastText [25] on the raw input datasets.

Hash Code Learning This component is designed to learn the hash codes corresponding
to the input embeddings data. Speci�cally, we use a fully-connected neural architecture,
with an input layer as large as the intended input, a single hidden layer with a total number
of 5120 neurons, and an output layer with the size of the target hash code. We apply the
Recti�ed Linear Unit (ReLU) activation function in the hidden layer, but in the output layer,
there is no activation applied, but we clip the values to the range (-1, +1). After the training



54 3. Design Overview and Prototypical Implementation

is done, to create actual hash codes, we use the sign activation function, to map them to 0s
and 1s.

Loss Function This component is the key component for the training procedure. It
evaluates the likelihood of the learned hash codes to that of the triplet labelled input items.
The goal of this loss function is to guide the optimization of the neural network weights, such
that given an input example it leads to a hash code that minimizes the distance to the hash
code of the similar input example, and increases the distance to the dissimilar example. To
this end, the training proceeds batch-wise, with each batch consisting of the triplet examples.
As a �rst step, the hash codes for each item are calculated using the neural network in its
current state.

Based on the likelihood of the pairwise similarities through Latent Factor Hashing (LFH)
[110] and in�uenced from the work of Li et al. and Wang et al. [9, 10], we de�ne the loss
function as follows,

Given two hash codes bi and bj 2 {-1,+1}L from the set of hash codesB and L as the provided
hash code length,� ij denotes half of the inner product between them,

� ij =
1
2

bT
i bj (3.1)

The likelihood of pairwise labelsS = {sij } can be de�ned as,

p(sij jB) =

(
� (� ij ); sij = 1

1 � � (� ij ); sij = 0
(3.2)

where� (� ij ) = 1
1+ e� � ij

is the sigmoid function and sij = 1 for similar labels and sij = 0 for
dissimilar labels.

Further, the loss function can be de�ned as the negative log of this likelihood of pairwise
labels,

L = � logp(SjB) = �
X

sij 2S

logp(sij jB) = �
X

sij 2S

(sij � ij � log(1 + e� ij )) (3.3)

The complete step by step derivation of this equation is given in Chapter 9.

Since in our design we consider triplet labels, Equation 3.3 for pairwise labels is modi�ed
to incorporate the triplet labelsT = {(P10, P20, N0),....,(P1n, P2n, Nn)}. This is presented as
follows, in its expanded form:

L = �
X

sij 2S

(sP 1n P 2n � P 1n P 2n + sP 1n Nn � P 1n Nn + sP 2n Nn � P 2n Nn

� log(1 + e� P 1n P 2n ) � log(1 + e� P 1n N n ) � log(1 + e� P 2n N n ))
(3.4)
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Since P1,P2 are the positive similar labels, we havesP 1n P 2n = 1 and P1,N & P2,N being the
dissimilar labels, we havesP 1n Nn = 0 &sP 2n Nn = 0. Substituting theses values in Equation 3.4
we have the loss function to be used as,

L = �
X

sij 2S

(� P 1n P 2n � log(1 + e� P 1n P 2n ) � log(1 + e� P 1n N n ) � log(1 + e� P 2n N n )) (3.5)

Minimizing Equation 3.5 is a hard to solve discrete optimization problem, hence we solve
this through relaxing the binary codes {bn} from discrete to continuous real vectors {un}
where {un} 2 RL� 1 as proposed in the work of Zhang et al. [110]. Therefore now� ij can be
re-de�ned as:

� ij =
1
2

uT
i uj (3.6)

But this process induces a relaxation error which leads to reduced performance [24]. This is
also known as the quantization error induced in the process to quantize the learned optimal
real vectors {un} to binary codes {bn}. To reduce this impact on the performance, we propose
to balance the equation by multiplying the term� P 1m P 2m three times (since we consider
triplets) to the loss function and hence deriving the �nal loss function to minimize as:

L = �
X

sij

(3 � � P 1m P 2m � log(1 + e� P 1n P 2n ) � log(1 + e� P 1n N n ) � log(1 + e� P 2n N n ))

(3.7)

We should note that adding this multiplication, rather than a quanti�cation error was found
to be a solution that worked well empirically in our experiments. In spite of this, alternative
solutions could also be considered.
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Figure 3.2: Overview of the Proposed Deep Hashing Method for Deep Hash Neural Net
(DHNN)

3.3.3 Model Learning

The Deep Hash Neural Net (DHNN) as depicted in Figure 3.3 is a fully-connected deep neural
network with three layers, theInput Layer, theHidden Layerand theOutput Layer. The size
of the input layer corresponds to the size of the embeddings, i.e., 300 in case ofSingle Feature
Hashingand 901 in case ofAll Features Hashing. The hidden layer is a fully-connected
layer of 5120 neurons and learns the optimal hash code corresponding to the input item.
Additionally, between these two layers, we use the widely used activation functionRecti�ed
Linear Unit (ReLU), which exhibits the advantage of easy computation and fewer vanishing
gradients resulting in better training. Finally, the output layer outputs the hash code after
the loss function is minimized Equation 3.7. The size of the output layer corresponds to the
speci�ed hash code length, i.e., 12, 16, 24, 32, 48, 64, 128. Between the hidden and the output
layer, we specify no activation function to maintain a linear activation. Consequently, during
the network training it takes as an input array of embedded items (two positive and one
negative) �lled from 0 to n = training batch size one after the another and processing item by
item to output the corresponding hash codes arrays (for the two positive and one negative)
while minimizing the loss Equation 3.7 using the back-propagation algorithm8. Additionally,
Table 3.1 summarizes the important network and training parameters,
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Figure 3.3: Deep Hash Neural Net (DHNN)

On each iteration, we select 50 batches and optimize for two epochs. After the completion of
the training, we have the hash codes corresponding to each of the embedded input mapped
to its key (ID), and then we apply the sign function on these hash codes which converts them
into the format of 1s and 0s.

In our evaluation, we generate a detailed report with metrics coverage, computation (see
Section 3.4.4), and coverage variations with neighboring hash matches at the end of each
iteration. Hence a total of 2000 reports are created per training. The last reported values
are considered for the experimental evaluation. The training converges approximately
around the 1000th iteration. After the last iteration, we also generate a report indicating the
coverage and computation values achieved through theBrute-Force9approach acting as a
baseline for the performance of the trained network to be evaluated upon. A brute-force
approach typically solves a given problem by exhaustively enumerating all the possibilities,
considering every possible outcome for a decision. We considered the brute-force approach
to perform hashing in such a way that it generates the maximum coverage and the minimum
computation value. In doing so, it exhaustively tries to assign similar items the similar hash
code values thus maximizing the coverage and minimizing the computation. Additionally, we
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Parameter Values

Size of the input layer 300 or 901

Size of the hidden layer 5120

Size of the output layer 12 or 16 or 24 or 32 or 48 or 64 or 128

Activation function between the input and the hidden layer Recti�ed Linear Unit (ReLU)

Activation function between the hidden and the output layerNone (Linear Activation)

Number of iterations 2000

Number of batches 50

Batch size 32

Number of epochs 2

Table 3.1: Deep Hash Neural Net (DHNN) Network and Training Parameters

also evaluate, for some cases, the trained network performance with the baseline Brute-Force
approach.

We include our reference implementation in Chapter 10.

3.4 Prototypical Implementation

This section presents an overview of the essential details as part of the prototypical imple-
mentation for this thesis: the experimental setup, the input datasets, their processing, and
evaluation metrics considered.

3.4.1 Experimental setup

We utilize the following con�gurations for our prototypical implementation:

Machine Con�guration

ˆ Operating System Microsoft Windows 10 Home 64-bit (Version 10.0.17763, Build
17763)

ˆ Processor Intel(R) Core(TM) i7-8550U CPU @ 1.80GHz, 1992 Mhz, 4 Core(s), 8
Logical Processor(s)
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ˆ Memory 16,0 GB RAM

ˆ Spark Cluster 10 Spark Clients with a total 84,0 GB cluster memory

Programming Framework

ˆ Programming Languages JAVA SE (Version 11.0.2), Python (Version 3.7.2), R
(Version 3.5.2)

ˆ Programming Tools Eclipse IDE 2018-12 (Version 4.10.0), PyDev - Python IDE for
Eclipse (Version 7.2.0), RStudio (Version 1.1.463)

ˆ Libraries fastText [25], java-LSH7, Graph 3D - Playground10, tidyverse, ggplot2,
ggrepel, XGBoost11[220], TensorFlow12, Spark SQL13

3.4.2 Input Datasets

For our experimental study we primarily choose three publicly available structured dataset
pairs from di�erent domains with varying size and attributes as depicted in Table 3.2. These
datasets are for product data or citations.

Dataset Domain Embedded Size Features Used Features

Amazon-Google14[227] Software 16,000 KB 5 ID, Name, Description, Manufacturer, Price

DBLP-ACM14 [227] Citation 50,000 KB 5 ID, Title, Authors, Venue, Year

Walmart-Amazon [228] Electronics 240,000 KB 5 ID, Title, Description, Brand, Price

Table 3.2: Overview of Datasets

Additionally, each dataset pair is accompanied by aGround Truthdataset which consists of
the mapping of the structured tuples (ID) from each of the dataset in the pair, acting as a
benchmark indicator for similarity detection tasks.

3.4.3 Pre-Processing and Vectorization of Input Datasets

For pre-processing and vectorization of the data, these dataset pairs were further embedded
for String only attributes except the ID �eld using Facebook's pre-trained neural model
fastText [25], with each embedding being of 300 dimension and with the total length of the
input vector being 901. We embed each word in the attributes separately, and we include as
the embedded vector the sum of these embeddings, divided by the number of words in the
attribute. We do this for each string attribute in the evaluated datasets. The last entry in this
vector corresponds to a normalized value (either price or year, according to the dataset). For
the similarity calculation between pairs, supporting the supervised entity resolution task,
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we calculate the cosine similarity between vectors of each attribute, and for the last feature
in the dataset, we use the absolute di�erence over the normalized values. As a result, the
features used for the supervised entity resolution task are the three cosine similarities (for
the embedded features), and one absolute di�erence (for the non-embedded features).

3.4.4 Evaluation Metrics

Below are the important evaluation metrics used accordingly as part of our experimental
evaluation:

1. Coverage User-de�ned metric which evaluates how many key-mappings in the
Ground Truth dataset actually match to the key-mappings carried out by the selected
hashing technique.

Coverage=

 
100� Number of Hash Matches

Number of T rue Matches

!

2. Computation User-de�ned metric which evaluates how the sum of the Cartesian
product of the keys in each hashed bucket relate to the overall Cartesian product, thus
it captures the block distribution by the selected hashing technique.

Computation =

 
KeysDataset 1HashedBucket n � KeysDataset 2HashedBucket nP B n

n= B 1
(KeysDataset 1HashedBucket n � KeysDataset 2HashedBucket n )

!

3. F1 score Metric used to measure the classi�cation accuracy of the selected hashing
technique. It is the harmonic mean ofPrecision(Fraction of relevant instances among
the retrieved instances) andRecall(Fraction of relevant instances retrieved among the
total relevant instances)15.

F 1 Score= 2

 
P recision � Recall
P recision + Recall

!

4. Cosine Similarity Metric [217, 218] used to calculate the similarity between the
hashed vectors through measuring the cosine of the angle between them when pro-
jected in a multi-dimensional space.

Cosine Similarity (V ectorA; V ectorB) =

 
A � B
jAjjB j

!
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3.5 Summary

Summarizing, in this chapter, we present the design of our thesis, which aims to map the
literature review carried out to the focus of this thesis research. Further, we also present
the �nal research questions formulated to be answered as part of this thesis. We presented
our proposed Deep Hashing approach, encompassing aDeep Hash Neural Net (DHNN),
and we highlight on its varied aspects. We also describe the important aspects related to
understanding the prototypical implementation and experimentation of this thesis research
area. Speci�cally, we present an overview related to the experimental setup, the input
datasets & their processing and the considered evaluation metrics. In the next chapters
Chapter 4, Chapter 5 and Chapter 6 we present and detail out our experimental evaluation
results.

1https://ai:googleblog:com/2019/06/innovations-in-graph-representation:html
2https://developers:google:com/machine-learning/crash-course/embeddings/
3http://www :robots:ox:ac:uk/~vgg/research/LearnablePins/
4https://towardsdatascience:com/�nding-similar-images-using-deep-learning-and-locality-sensitive-

hashing-9528afee02f5,
https://media:springernature:com/original/springer-static/image/prt%3A978-0-387-39940-9%2F9/
MediaObjects/978-0-387-39940-9_9_Part_Fig1-615_HTML:jpg,
http://www :seanjmoran:com/img/binary_search:png

5https://imense:com/
6https://advances:sciencemag:org/content/advances/1/11/e1501057/F7:large:jpg
7https://github:com/tdebatty/java-LSH:git
8To be precise, in our implementation with train with RMSProp, and a learning rate of 0.0001.
9https://en:wikipedia:org/wiki/Brute-force_search

10http://almende:github:io/chap-links-library/js/graph3d/playground/
11https://xgboost:readthedocs:io/en/latest/index:html
12https://www:tensor�ow:org/
13https://spark:apache:org/sql/
14https://dbs:uni-leipzig:de/de/research/projects/object_matching/fever/benchmark_datasets_for_entity_resolution
15https://scikit-learn:org/stable/modules/generated/sklearn:metrics:f1_score:html
16Documents free icon made by Freepik from www:�aticon :com, Network free icon made by Smashicons

from www:�aticon :com, Multimedia free icon made by Eucalyp from www:�aticon :com





4. Locality Sensitive Hashing

In this chapter, we focus on a data-independent high-dimensional hashing technique, which
reduces the dimensions of the high-dimensional input data items converting them into
low-dimensional versions while preserving the relative distance between them. Speci�cally,
we focus on Locality Sensitive Hashing (LSH) and experimentally evaluate the performance
of Super-Bit, an improvement of Random Projection LSH.

This chapter is structured as follows:

ˆ Section 4.1 recapitulates the research question of focus for this chapter.

ˆ Section 4.2 presents an overview of our data pipeline for LSH.

ˆ Section 4.3 discusses and presents our evaluation results for LSH.

ˆ Section 4.4 presents an e�ective summarization of the important aspects of this chapter.

4.1 Research Question

Recapitulating the research questions we established for this work, in this chapter, we will
be addressing the following speci�c research question:

ˆ RQ1: What is the best possible coverage and block distribution, achievable using
a standard high-dimensional hashing technique, Locality Sensitive Hashing? How
well does the resulting data distribution contribute, as a blocking mechanism, to the
performance of supervised entity resolution?

Relevance Measuring the Coverage determining the correct mappings and Block
Distribution determining the level of block distribution serve as simple base measures
to evaluate a hashing technique. They can serve as indicators for how well the data is
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split according to expectations, or of the amount of data needed to be scanned for top
k-similarity searches.

Description This research question deals with the experimental evaluation using
two user-de�ned metrics namely,Coverage, andComputation. Additionally, for the
task of supervised entity resolution we calculate anF1 scoremeasuring this accu-
racy of classi�cation with the similarity measurement usingCosine Similarity. These
evaluation metrics are elaborated upon in Chapter 3 Section 3.4.4.

4.2 Data Pipeline
In our study on high-dimensional hashing using LSH, we primarily choose three publicly
available structured dataset pairs as elaborated upon in Chapter 3 Section 3.4.2.

4.2.1 Pre-Processing and Vectorization

The pre-processing and vectorization carried out on these input datasets is as described in
Chapter 3 Section 3.4.3.

4.2.2 Locality Sensitive Hashing Technique

A hash-based indexing algorithm for similarity search might be preferred in Natural Language
Processing, due to its simplicity and treatment of both sparse and dense vectors with ease
[229]. Consequently, with this area of focus for word embeddings, we utilize the Locality
Sensitive Hashing (LSH) Technique Super-Bit [8], as discussed in Chapter 2 Figure 2.9 for our
experimental evaluation. Figure 4.1 shows the high-level idea of LSH with Super-Bit hashing,
which �rst groups data points into batches (i.e., the N stages of the Super-Bit algorithm, also
called Super-Bit value or depth) and then into buckets (i.e., the L projections of the Super-Bit
algorithm assigned to each batch). The given example illustrates the process for 4 stages and
6 buckets. This data division attempts to minimize hash collisions in such a way that data
points near to each other are placed in the same bucket together with a high probability. In
the Super-Bit algorithm that we used for our experiment, both buckets and stages are related
to the code length in the following way:code_length = stages� buckets=2.

Figure 4.1: Locality Sensitive Hashing (LSH) Schematic Representation
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4.2.3 Evaluation

The tuning parameters for LSH include,Stagesdenoting the number of computing iterations
of the LSH hashing andBucketsdenoting the hash buckets. We test the performance of this
hashing technique utilizingSingle Feature HashingandAll Features Hashingwith 50 * 50
iterations for di�erent Stages and Buckets combinations on the datasets. The Single Feature
hashing attributes selected for the dataset includeProduct Namefor Amazon-Google,Paper
Namefor DBLP-ACM, andTitle for Walmart-Amazon. For each of these two variations, the
optimal number of Stages and Buckets combination which output better hashing performance
is discovered based on two user-de�ned metricsCoverageand Computationand further
evaluated for classi�cation accuracy based on the metricF1 score(as discussed in Chapter 3
Section 3.4.4). Consequently, we focus on the trade-o� between these two values, and hence,
we measure this through a trade-o� analysis plot known as thePareto Front. Furthermore, to
test for classi�cation accuracy for similarity search we utilize the popularCosine Similarity
measure [217� 219] between all the related features of the hashed vectors on a selected of
maximum four di�erent Stages and Buckets combination points from this Pareto Front plot.
We then utilize eXtreme Gradient Boosting or XGBoost1[220], with default parameters, over
a random train/test split of 66/33%, to test for the classi�cation accuracy evaluated with the
F1 score and eventually report these results.

Consequently, the evaluation criteria are as summarized below:

ˆ Benchmark A benchmark indicator of similarity as the input Ground Truth dataset,
consisting of ID-ID pairs.

ˆ Similarity Calculation Similarity calculation to calculate similarity scores between
the hashed vectors with Cosine Similarity.

ˆ Evaluation Metrics Evaluation Metrics to assess the performance of LSH with
Coverage, Computation, F1 score.

ˆ Tuning Parameters Tuning Parameters to achieve optimal performance for the
LSH technique with Stages, Buckets.

4.3 Results
In this section, we present the results of our experimental evaluation, answering to our
formulated RQ1. The results are categorized into two variations asSingle FeatureandAll
Featureswith Single Feature depicting the hashing results with Single Feature Hashing (using
the �rst feature of each dataset) & its classi�cation results.

There are correspondingly three plots depicted for each dataset pair, Coverage plot, Com-
putation plot and Pareto Front plot. On analyzing these plots, we found out some generic
characteristics depicted by these plots for all the datasets:

ˆ To achieve a good hashing performance Coverage needs to be maximized and Compu-
tation needs to be minimized.
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ˆ Coverage and Computation both are high if the keys are mapped to the same bucket
by the hashing, as compared with the ground truth dataset. By default, they also have
a higher value when we decrease the number of buckets.

ˆ Coverage plots have a wide spread as compared to the steep Computation plots.

ˆ Coverage increases as we increase the number of features used for hashing in the
dataset and outputs a bigger spread of possible good choices for the stages & buckets
combination.

ˆ The Coverage and Computation plots for Single Feature hashing are more stable as
compared to those with All Features hashing which depict more variations.

ˆ To facilitate evaluation on these two metrics, the Pareto Front plot depicts a trade-o�
between these two values with the Pareto e�cient allocations for the optimum stages
& buckets combination lying on the Pareto frontier.

Further, evaluating on some of these Pareto frontier solutions for their classi�cation accuracy
based on F1 score (Refer Table 4.1), we found the best performing datasets for the hashing
technique ranked in increasing order to be Walmart-Amazon, Amazon-Google, DBLP-ACM
as depicted in Figure 4.26.

ˆ Amazon-Google Dataset The evaluation results on Amazon-Google Dataset are
as below:

� Single Feature
Figure 4.2 and Figure 4.3 depict the Coverage and Computation for Single Feature
hashing on the Amazon-Google dataset. Figure 4.2 shows that it was not possible
to achieve a coverage of 100%, and that high coverage was only possible with
very small code lengths, of size less than 50. In terms of computation, we also
�nd similar results, as shown in Figure 4.3, with high computation overall.
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Figure 4.2: Coverage of Amazon-Google Dataset (Single Feature Hashing)
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Figure 4.3: Computation of Amazon-Google Dataset (Single Feature Hashing)

For our experimental evaluation, we consider the trade-o� between these Cov-
erage and Computation values and thus Figure 4.4 provides for this trade-o�
analysis in a Pareto Front plot. To analyse further, we selectively label the points
of interest with Computation and Coverage > = 50, as shown in Figure 4.5. Here
we �nd the top 3 solutions, with very small code lengths of 1 or 2.
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Figure 4.4: Pareto Front Plot of Amazon-Google Dataset (Single Feature Hashing)

Figure 4.5: Pareto Front Plot of Amazon-Google Dataset (Selective Labelling Single Feature
Hashing)

� All Features
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Figure 4.6 and Figure 4.7 depict the Coverage and Computation for All Features
hashing on Amazon-Google dataset. In contrast to the Single Feature hashing
results, we observe a great variability in the space of good solutions, with the
best solutions visibly located at a low value for either buckets or stages, and a
higher value for the other. We observe too that there was a solution able to �nd
100% coverage. Regarding computation, the plots are almost indistinguishable
from those of coverage, however, we can observe that computation is slightly
higher on some solutions than for the case of Single Feature hashing.

Figure 4.6: Coverage of Amazon-Google Dataset (All Features Hashing)
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