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Abstract

In modern data management systems, redundant computations and data duplication
are the current challenges. This occurs because of analytical queries which often share
common computational components called common subexpressions, significantly increas-
ing processing time and costs. This phenomenon is present in various data processing
paradigms, such as transactional (OLTP), analytical (OLAP), and real time processing
(RTAP) systems.Recent studies demonstrated that over 18% of queries in cloud environ-
ments, such as Alibaba, contain computational duplication. Two queries are considered
duplicates if they share the same subexpressions or have structural similarities. The chal-
lenge of discovering and exploiting these subexpressions is known as the common subex-
pression selection problem, a complex NP-complete problem.This problem is relevant to
several key areas of database performance optimization, including multi-query optimiza-
tion, materialized views, query rewriting, and big data and cloud computing.Physical
scene selection is a key solution in this field, aiming to choose the best set of subexpres-
sions that achieve performance optimization while considering storage, update, and reuse
constraints. Although this area has been studied since the 1990s through more than 180
research papers, most traditional solutions remain limited to static environments and
small query sizes.Today, however, modern applications require dynamic and large-scale
processing. Systems like BIGSUBS[RT] have proved their ability to detect more then
thousands of subexpressions, reducing execution time and cost. Therefore, developing
smarter and more flexible solutions has become essential. This thesis aims to propose
solutions based on deep learning, using efficient data structures such as graphs, with cost-
based models to estimate the benefit of common expression selection. The goal is to build
scalable optimization strategies compatible with modern and complex query processing
systems.

Keywords: Multi Query Optimization; Materialized View Selection; Machine Learning.



Résumé

Dans les systemes modernes de gestion des données, les calculs redondants et la dupli-
cation des données constituent des défis majeurs. Cela provient des requétes analytiques
qui partagent souvent des sous-expressions communes, augmentant le temps de traite-
ment et les cotlits. Ce phénomene existe dans les systemes OLTP, OLAP et RTAP. Des
études récentes montrent que plus de 18% des requétes dans les environnements cloud,
tels qu’Alibaba, contiennent des duplications de calcul. Deux requétes sont considérées
comme similaires lorsqu’elles partagent des sous-expressions identiques ou des structures
proches.La détection et I'exploitation de ces sous-expressions constituent le probleme
de sélection des sous-expressions communes, un probleme NP-complet important pour
I'optimisation des bases de données. Il intervient dans I'optimisation multi-requétes, les
vues matérialisées, la réécriture de requétes et les environnements Big Data et cloud.

Bien que largement étudié depuis les années 1990, ce domaine reste limité par des
approches statiques et adaptées a de petites charges de travail. Les systemes modernes
exigent des solutions dynamiques et scalables. Des approches récentes basées sur les
graphes et 'apprentissage profond permettent d’identifier et d’exploiter efficacement ces
sous-expressions, comme le systeme BigSub.

Cette these propose des méthodes d’optimisation basées sur I’apprentissage automa-
tique et des modeles de cotit afin d’estimer le gain des sous-expressions communes et
d’améliorer le traitement des requétes complexes.

Mots clés : Optimisation multi-requétes, vues matérialisées, apprentissage automa-

tique, apprentissage profond, bases de données.
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CHAPTER 1

General Introduction

In recent years, the volume and complexity of data have increased dramatically, particu-
larly in domains that rely heavily on analytical processing, such as business intelligence,
scientific research, and smart agriculture. Analytical queries typically are complex, long
running, and data are deriving from large-scale datasets. However, these queries often
process in dynamic environments where data, workloads, and user requirements evolve
continuously. This has created a new problematic on query optimizers.

Traditional query optimization techniques are primarily static and rely on fixed as-
sumptions about data distribution and workloads’ nature. These methods, while effective
in controlled settings on database management systems , often fail to deliver optimal
performance in dynamic and unpredictable contexts. Consequently, dynamic analyti-
cal query optimization has become as a critical research area aimed at addressing these

limitations.

1.1 Problem Statement

Query optimization in modern database management systems remains a critical and
challenging problem due to the exponential number of possible execution plans for a
given workload. Select an optimal execution strategy requires accurate cost estimation
in terms of CPU, I/O, memory, and data transfer, which becomes increasingly complex
in large-scale and distributed environments. Although traditional techniques such as
Materialized Views can reduce redundant computations, they introduce additional issues

of redundancy|i®, [7],and it is related to storage overhead, maintenance cost, and data
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redundancy . In the context of using Materialized Views for analytical processing, the
problem becomes more complex because workloads consist of a large number of complex
queries that often share common sub-expressions or similar sub-queries. While this shared
structure offers opportunities for computation reuse, identifying non beneficial candidate
Views for materialization can lead systematically to significant redundancy , increased ex-
ecution cost, and higher fee of memory consumption .[I74, [00]. This limitation is further
reflected in Multi-Query Optimization (MQO) and Materialized View Selection (MVS)
problems, both of which are known to be NP-hard problems and rely heavily on heuristics
or cost-based approximations to capturing most beneficial and optimal computation de-
pendencies across queries[Thd, P6]. The traditional approaches for queries and workloads
data representation such as trees, directed acyclic graphs (DAGs), hypergraphs [[@, 28],
and bipartite graphs [1] suffer in achieving a proper balance between scalability, expres-
siveness, and adaptability, particularly in highly dynamic environments. Consequently,
these representations are continuously evolving and characterized by high redundancy
and significant similarity across queries. Therefore, the core problem addressed in this
thesis is how to design an efficient and scalable query optimization framework that can
effectively exploit shared computations across multiple queries, while remaining adap-
tive to dynamic workloads and resource constraints. This motivates a shift from static
optimization techniques toward more intelligent, learning driven, and structure aware

approaches capable of improving performance in dynamic environments .

1.2 Research Objectives and Contributions

This thesis aims to investigate and propose new hybrid approach for optimizing dynamic
analytical queries. The primary objectives of this research are to capture and address
the limitations of traditional query optimization methods in dynamic environments and

design an adaptive optimization framework. The main objectives are as follows:

o In the first contribution, we address the problem of representing analytical SQL
queries in database management systems. The main objective is to transform SQL
queries into graph-structured representations that can be effectively exploited by
deep learning models. To address this problem, we propose a Graph Neural Network

(GNN)-based approach that captures both structural and semantic dependencies
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between query components for query understanding and optimization.

e In the second contribution, we focus on the problem of query optimization using
deep learning techniques. We propose a deep learning-based optimization frame-
work that integrates several key stages, including workload parsing, identification
of common subexpressions, candidate view generation, and neural-based optimiza-
tion, followed by query rewriting. This pipeline improves optimization decisions by

learning from historical workloads.

o In the third contribution, we address the problem of materialized view selection
in large-scale query workloads. The objective is to reduce query execution cost
by identifying the most beneficial views. We propose a workload-aware selection
strategy that exploits query similarities and execution patterns to efficiently select

high-impact materialized views.

o In the fourth contribution, we propose a GPU accelerated framework for material-
ized view selection, named NOVA. This approach uses General-Purpose computing
on Graphics Processing Units (GPGPU) to accelerate the evaluation and selection

process.

e In the fifth contribution, we introduce the Smart SQL framework, that generate
text to SQL and introduce an adaptive query optimization system. This approach

learns from workload to dynamically generate optimised processing plan.

All this objectives focus on bridging the gap between static query optimization meth-
ods and the need for adaptively using machine learning solutions that can ensure both

scalability and efficiency in dynamic systems.

1.3 Research Methodology

The research methodology follows a systematic approach to identify, design, and im-
plement our proposed techniques to optimize analytical queries, especially for dynamic
environments. The proposed methodology is organized into the following steps:

First, a modeling and data preprocessing phase is performed, where analytical

queries are transformed into structured graph representations . This step includes parsing



Chapter 1 - General Introduction 1.4 - Thesis Structure

SQL queries, extracting features, and constructing graph representation that identify
query semantics and execution dependencies.

Second, a beneficial view selection for materialization phase is introduced. In
this stage, the system identifies the most useful materialized views from the query work-
load in order to reduce redundant computations and improve query execution efficiency.

Third, the optimization process is accelerated using General-Purpose computing
on Graphics Processing Units (GPGPU). This stage exploits parallel computing
paradigm to speed up the evaluation and selection of candidate views, enabling scalable
processing for large workloads.

Finally, a Smart SQL-based optimization layer is proposed as future direction
of our thesis , where new optimized views and query rewriting are generated. This layer
uses learned parts from the workload to dynamically adapt query execution strategies

and further improve system performance.

1.4 Thesis Structure

The thesis is organized into several chapters, each contributing to the research objectives
and providing a logical progression from theory to practice.

The structure of the thesis is:

o Chapter 1 presents the general introduction of the thesis, including the problem
statement, research objectives, methodology, and an overview of the thesis organiza-
tion. It orders the context and motivates the need for analytical query optimization

at large scales .

o Chapter 2 provides the background and literature. It introduces the most funda-
mental concepts such as data warehouses and OLAP systems and reviews literature
on query optimization, multi-query optimization, and materialized view selection.

It also identifies challenges and research gaps .

o Chapter 3 focuses on modeling analytical queries using Graph Neural Networks
(GNNs). It presents the transformation of SQL queries into graph representation
and proposes a framework to present how extracted informations can be exploited

to improve query understanding and optimization.
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o Chapter 4 introduces a deep learning approach for query optimization. It talks
about the proposed pipeline, which includes parsing workload, find common subex-
pressions, generate candidate views, and optimizing with deep neural networks

model. Then it talks about a proposed model for rewriting queries.

o Chapter 5 presents NOVA, a GPU accelerated framework for fast view selection.
This chapter address how parallel computing improves the efficiency of materialized

view selection .

o Chapter 6 introduces the Smart SQL vision, a next-generation framework for intel-
ligent query processing. It includes problem formulation, mathematical modeling

of genrated optimal SQL queries.

o Finally, the thesis concludes with a summary of contributions and discusses poten-

tial directions for future research in modern smart query optimization systems.

This structure provides a coherent and comprehensive map flow of the research process,
as shown in Figure [, from identifying the problem and reviewing existing work to

proposing and evaluating an innovative solution in the queries optimization domain.
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Chapter 1 - General Introduction 1.5 - Research Activities and Scientific Contributions

The last chapter presents the general conclusion, and it concludes the thesis by pro-
viding a summary and an evaluation of the contributions made by this work. It also

presents the perspectives and future directions of our research.

1.5 Research Activities and Scientific Contributions

1. Scientific Publications

1. Salma Hanane, Khadidja Yahyaoui, Bellatrache Ladjel, Next-Level Dynamic Query
Optimization: Smarter Joins, Faster Views, ITEGAM Journal of Engineering and
Technology for Industrial Applications, Vol. 12(58), pp. 1466-1474, March 2026.

DOI: https://doi.org/10.5935/jetia.v12i58. 3421

2. Panda, S., et al. including Salma Hanane, Utilization of MMS and GPS in Road
Surveying, Proceedings of Data Analytics and Management, Springer Nature, Oc-

tober 2025. DOI: https://doi.org/10.1007/978-3-032-03740-4 44

o Currently we have submitted manuscripts to indexed journals.

2. International Conferences

o Integration of Query Optimization in a Smart Manufacturing Environment, ICIMT
— International Conference on Integrated Manufacturing and Mechanics of Materi-

als, Helwan University, Egypt, 26 February 2025.

o Automatic Data-Driven System for Green Hydrogen Stations Using Deep Learning,
University of Maghnia, Algeria, 02 June 2024.

o From Trees to Graphs: Evaluating ML Models for Query FExecution Prediction on
the JOB Benchmark, ICDAM 2025, London Metropolitan University, UK 14 June
2025.

o Query Optimization in PostgreSQL: Workload-Aware Model Selection Using Ma-
chine Learning, ICDAM 2024, London Metropolitan University, UK 12 June 2024.


https://doi.org/10.5935/jetia.v12i58.3421
https://doi.org/10.1007/978-3-032-03740-4_44
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o Advanced Optimization Techniques for Real-Time Query Processing in Streaming

Data, ICTAN 2024, University of Delhi, India, 29 September 2024.

o Hybrid CPU-GPU Query Optimization in PostgreSQL: An OpenCL-Based Energy-
Aware Approach, NSET: QSAIC’25, University Center of Tipaza, Algeria.

3. Scientific Events, Workshops and Seminars

o Oral presentation: The Impact of Big Data in Renewable Energies: Data-Driven
Optimization, Faculty of Exact Sciences, 11 December 2023.

o Scientific Day: The Impact of Artificial Intelligence on Big Data, Seminars and
Workshops, 30 October 2023 ognized by Dr Khelil Abdellah.

» Participation in TheConference organized by Pr.Senouci Mohammed and Pr.Mourad

Bouache, Algiers, on 29 December 2022.

4. Collaborations and Academic Activities

» Research collaboration: Intelligent Processing of Sensitive Data, Ministry of Energy

and Mines, Directorate of Energy and Mines, 2024-2025.

o Academic cooperation between Directorate of Energy and Mines of Mascara and

University of Mascara.

1.6 Conclusion

In this chapter, we have introduced the fundamental motivation and scope of this re-
search, providing an overview of the challenges posed by dynamic environments for query
optimization. The problem of optimizing queries in real time, especially under data
volumes. In next chapter,we will explore the literature of query optimization we will
highlight and analyze the limitations and gaps Multi query optimzation methods using
materialized views and selection structure. By building on the gaps, this research aims
to propose a novel solution that adapts to dynamic environments and improves query

performance in modern database systems.
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Chapter 2 - Background and State of the Art 2.1 - Introduction

2.1 Introduction

The large volume and complexity of data in modern information systems lead companies
to begin to change the way of storing, managing, and analysing data. Traditional database
systems are not sufficient to support big volumes of analytical workloads, especially in
decision-support environments where cost-efficiency of query processing is important. As
a result, data warehousing systems and Online Analytical Processing (OLAP) technolo-
gies have known as fundamental solutions to get advanced analytical capabilities over
large and heterogeneous datasets. Data warehouse systems face significant challenges
related to query performance, storage efficiency, and computational cost. In particular,
analytical query processing is a complex hard problem. To address these issues, litera-
ture in the database domain and data science field describes a wide range of optimisation
techniques that have been proposed, including query optimization strategies, multi-query
optimisation (MQO), and materialised view selection approaches. This chapter presents
the foundational concepts required for understanding the research problem addressed in
this thesis. It begins with background notions related to data warehouses and OLAP
systems, followed by a discussion of their main challenges and limitations. Then, it re-
views research areas in query optimisation by focusing on analytical query processing,
multi-query optimisation, dataset representation techniques, and materialised view selec-
tion approaches. Finally, a comparative analysis of existing approaches is presented to

improve current research gaps and motivate the contributions of this thesis.

2.2 Background

Traditional database systems are primarily designed for real-time operational task man-
agement called ’Online Transaction Processing system’ (OLTP). It is designed for fast
processing of a large number of rapid online transactions. for example, such as point-of-
sale (POS) systems, banking applications for money transfers, and customer relationship
management (CRM) systems [, T49]. On the other side, nowadays modern enterprises
require intelligent analytical processing systems (OLAP) to execute large volumes of data,
such as those stored in data warehouses, in order to support decision-making and pre-

dictive analytics. Data warehouses are among the most prominent practical applications
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of these systems, which are used in diverse fields, such as forecasting, sales performance

analysis, market behaviour analysis, and economic trend assessment [, [75].

2.2.1 Basic conception of Data warehouses

In the context of an analytic processing of large scale of data and according to literature,

several definitions of data warehouses have been proposed

— A data warehouse is defined as a subject-oriented, integrated, non-volatile, and time-

variant collection of data in support of management’s decision-making process [[(3].

— A data warehouse is a system that extracts, cleans, conforms, and delivers data

from multiple sources into a dimensional data store for querying and analysis [89].

— A data warehouse as a centralised store that integrates data from multiple hetero-

geneous data sources to support reporting and decision-making [I7].

— Most of the research in literature defines a data warehouse as a repository of in-
formation collected from multiple sources, stored under a unified schema, and used

for analytical processing and data mining [I'7, [7, [C3T].

The data warehouse concept was formally defined and popularised by William H. In-
mon [[75, &7]. Tt is commonly described through two fundamental deployment paradigms.
In a top-down approach introduced by Inmon[75], data is extracted from source systems
and first processed in a staging area, where it is cleaned and validated. Then, it is stored
in a centralized and normalized data warehouse to support BI [#1] and analytics. The
bottom-up approach introduced by Kimball[&9, G0], where data are extracted from sources
and modeled into a star schema design and then processed and loaded into data marts.
The main difference between the two approaches lies in their starting point. Inmons
top-down approach begins with a centralized data warehouse, while Kimballs bottom-up
approach starts with data marts a specialised subset of a data warehouse designed for a
specific business domain that are later integrated into a complete data warehouse.

In the evolution of data management systems[I31] there are three major generations:
data warehouse, data lake, and data lakehouse. Data warehouses[P6, 43, [, 20, 7],

introduced in the 1980s1990s, are designed for structured data and optimized for busi-

ness intelligence and reporting with strong data governance and schema-on-write design.
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Data lakes[73, &3, 37, 133] emerged in the 2010s to address the need for storing mas-
sive volumes of structured, semi-structured, and unstructured data at low cost using a
schema-on-read approach, but they often suffer from weak governance and data quality
issues. To overcome these limitations, the data lakehouse [I33, O] architecture appeared
around 2019, combining the flexibility of data lakes with the reliability and performance
of data warehouses. It introduces strong data management features such as ACID trans-
actions, schema enforcement, and versioning through technologies like Delta Lake[R, 3],
enabling a unified platform that supports analytics, machine learning, and real-time data

processing.

GLA.P QUERIES

(_] OLAP SERVER
E:)l(;;:cr::; Loading | v | |II|||
Transformatmn I patawarnouse, 200 R et | /S 7 =
PRt A Statistics
Objects DB L Data Mart [
“ o=
metadata == I

Analytical processing

(!!A | E
H £

B H

Q N

® o

&

mmﬁ%

|

Reports

External resourcy es

Data sources Unified data

Data source layer ETL layer Data integration layer Data exploitation layer

Figure 2.1: Architecture of a Data Warehouse
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Figure P01 depicts the common structure of a data warehouse architecture, which
consists of four main layers. The first is the layer of data sources through which data
coming from different sources (databases, XML files, or any other type of sources) goes
into the storage of data warehouse banks. The second layer is the ETL (Extraction,
Transformation, Loading) layer that is responsible for cleansing, integrating, and trans-
forming the raw data into the needed format for analyses (some advanced warehouses
use ELT instead of ETL)[I31]. The third one is the data integration layer that tries to
integrate all data for storage with the aim of using them for further analysis using the
OLAP system. Finally, the fourth one is the layer of data exploitation that serves as the
).

Figure 22 illustrates the life cycle of a data warehouse, which is an iterative and struc-

x,»_)

front-end interface for report generation and analyzing business data.[l8, [7, [R5, I

tured process that improves the development, deployment, and continuous performance

of a decision-support system [90, &7].
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Figure 2.2: Life Cycle of a Data Warehouse

It typically begins with the planning phase, where organisational needs, business
goals, and data sources are identified and specified. This is followed by logical design,
which defines the overall conceptual architecture and structures, such as schemas (e.g.,
star or snowflake), independently of physical implementation. Next, the physical design
phase focuses on how data is stored, indexed, and accessed to optimise performance.
The process then moves to data acquisition and integration (ETL)[BY, 20], where data is

extracted from heterogeneous sources, transformed into a consistent format, and loaded
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into the warehouse. After that, the implementation and deployment phase ensures the
system is operational and accessible to users through analytical tools such as OLAP
systems. Finally, the maintenance and evolution phase involves monitoring performance,
updating data, and adapting the warehouse to new business requirements. This life
cycle is not strictly linear but cyclical, allowing continuous refinement and scalability
as organisational needs evolve [76, 89, 87, 20, 7, [, B3, [31, 26]. In this thesis, we
assume that the logical design phase and the process using ETL tools have already been
completed, and we focus on the optimisation of OLAP queries and the physical design
of the data warehouse, particularly the selection of materialised views. For this reason,

special attention will be given to the query optimisation concept in the following sections.

2.2.2 Online Analytical Processing (OLAP) Systems

After visiting the data warehouse design phases, it is necessary to understand the role
of OLAP (Online Analytical Processing), which supports multidimensional analysis for
decision-making. Early OLAP architectures were based on ROLAP, MOLAP, and HO-
LAP models [29, A9, P&, focusing on pre-aggregation and relational optimisation. Figure

3 illustrate different OLAP systems

OLAP SYSTEMS

h k. L 3

™ " ™) r
ROLAP MOLAP HOLAP

Hybrid Approach
[ROLAP + MOLAP]

Relational DB (Tables) Multidimensional
Cubes

Mixed storage
SQL Queries Pre-aggregated cubes + Detail in tables

C_ star/snowflake ) \+ Fast OLAP queries J |+ Summary in CUth}

Figure 2.3: Types of OLAP Systems

Figure 4 shows the evolution of OLAP systems over time; driven by the rise of
big data, OLAP systems evolved toward distributed and cloud-based architectures using

Hadoop, Spark, and in-memory processing [[:37, 33, 26].Modern systems such as Apache
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Kylin, Druid, and Google BigQuery support scalable and near real-time analytics[83,
76]. Recently, OLAP systems have been integrated with artificial intelligence (AI) and
natural language processing (NLP), enabling intelligent query generation and advanced

analytics [[73, T2, [L76].

" 1990s CLASSICAL OLAP SYSTEMS

* MOLAP, ROLAP, HOLAP introduced
* Focus on multidimensional cubes
* On-premise data warehouses

------------------- - 20005 SCALABLE DATA WAREHOUSING

* Growth of large relational warehouses
* ROLAP becomes more dominant
* |Introduction of columnar storage

"""""""""" " 20105 BIG DATA & CLOUD OLAP

* Hadoop, Spark ecosystems
* Distributed OLAP systems
* Real-time analytics {Druid, Kylin)

wannene 20205 Intelligent OLAP Systems

* Al-driven query optimization

- * Machine learning-based tuning

= MNatural language query systems

# Hybrid and adaptive architectures

Figure 2.4: Evolution of OLAP Systems

The most widely used model is the star schema [[4R, P6].This model consists of a
large central table, surrounded by smaller dimension tables that are independent from
each other and directly connected to the fact table. The snowflake schema [[4R, Pfis
an extension of the star schema, in which some dimension tables are normalised. It is
generally used when the star schema is not sufficient to represent the complexity of the
database. The resulting structure resembles a snowflake. The fact constellation schema
is used to model more complex applications that require multiple fact tables sharing the
same dimension tables. This type of schema can be considered as a collection of star
schemas [43, 26].The MOLAP multidimensional model represents data as n-dimensional
structures as shown in FigureZ3.

In this thesis, we use an adapted star schema based on the IMDb dataset[7d], as
shown in Figure .

2.2.3 Challenges and limitations

(Classical data warehouses and traditional analytical systems are no longer enough be-

cause data now comes from many sources and in different forms such as structured and
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Data Cube (3D
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Figure 2.5: Examples of Star Schema , snowflake schema and multidimensional data cube
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unstructured data.Technologies like Hadoop [165]and MapReduce [A0, [3] were intro-
duced to process large data efficiently in a distributed way,MapReduce aims to split
tasks into smaller parts, processes them in parallel, and then combines the results. It
works with distributed systems like Hadoop- is an open-source system for storing and
processing large and diverse data sets across distributed computers-. Later, cloud and
hybrid systems improved flexibility and performance in data storage and processing. Re-
cently, artificial intelligence and models like GPT have been added to help users analyse
data more easily and interact with data warehouses in a smarter way. However, one of
the major challenges that remains is query optimisation, especially when dealing with
very large-scale and complex queries over distributed environments. Optimising query
execution is difficult due to data volume, data distribution, and system heterogeneity,
which can lead to high execution costs and delays. As a result, modern data warehouses
are more powerful, flexible, and intelligent than before but still face important challenges

in achieving efficient and optimal OLAP query processing .

2.3 Literature Review

Query processing consists of three main steps [I7, [, 20, 26]. First, the query is parsed
and transformed into an expression tree using relational algebra rules. Second, the query
is optimised by generating an efficient execution plan. Finally, the query is executed (in
compiled or interpreted mode) to produce the final result. This section explains these
three stages in detail and provides examples when necessary. Figure 7 illustrates the
overall query processing workflow.It involves four main stages as detailed in [{@]: first,
the query is analyzed to check syntax correctness and verify that all referenced tables
and attributes exist, producing a parse tree; second, it is transformed into a relational
algebra expression using operators such as selection, projection, and join, while applying
optimization rules like pushing selections downward and replacing Cartesian products
with joins; third, an optimization phase generates logical and physical execution plans
and selects the most efficient one based on cost estimation, considering CPU cost, I/0O
cost, and intermediate result sizes (cardinality); finally, the execution engine runs the

chosen plan either in a materialized mode or in parallel execution (intra-query or inter-

query)[Z4].
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(a) Materialized mode: In this execution mode, the result of each operator (such as
selection, projection, or join) is fully computed and stored as a temporary relation
(in memory or on disk) before being passed to the next operator. Although this
approach is simple and easy to manage, it can be costly due to the overhead of

writing and reading intermediate results, which increases 1/O and memory usage.

(b) Parallel execution: In this mode, query processing is distributed across multiple
processors [32, 68, [5]to improve performance and scalability. It is divided into two

main types:

o Intra-query parallelism: A single query is executed in parallel. This in-

cludes:

— Intra-operator parallelism: a single operator is split into multiple inde-

pendent tasks working on different data partitions.

— Inter-operator parallelism: different operators of the same query are exe-

cuted simultaneously in a pipeline or independently.

o Inter-query parallelism: multiple independent queries are executed simul-
taneously on different processors, improving system throughput, especially in

transaction-heavy environments.

As business companies increasingly rely on data to support strategic decisions using, for
example, OLAP systems, query optimisation has become a crucial part of database per-
formance management. It involves selecting the most efficient way to execute a database
query from several possible execution plans. The need for optimisation becomes critical
as the volume of data increases, queries become more complex, and system resources
(such as CPU, memory, and storage) are limited|d, Z&].

For example, a simple SQL query like(Figure PZ7) can be executed using a full table
scan or by using an index. The method chosen can significantly affect response time,
especially when dealing with millions of records. Addressing these challenges requires
advanced query optimisers that can estimate execution costs accurately and select op-
timal strategies based on system capabilities. Modern optimisers often use statistical

models, cost-based algorithms, and machine learning techniques to improve performance

and quality of processing. As data continues to grow in size and complexity, efficient

19



Chapter 2 - Background and State of the Art 2.3 - Literature Review

query optimisation remains a foundational task in guaranteeing responsive and scalable

database systems and large workloads.
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Figure 2.7: Basic Query Processing Architecture in Relational DBMS (Inspired by the
work in [@and [26])

2.3.1 Query Optimization Problems

Query optimization focuses on selecting the most efficient execution strategy for process-
ing queries over large-scale data, complex workloads, and limited system resources. The
main difficulty lies in the exponential number of possible execution plans, which makes
cost estimation (CPU, I/O, and memory) a key factor in guiding optimization decisions.
While traditional techniques such as materialized views and caching can improve perfor-
mance by reducing redundant computations, they introduce additional challenges related

to redundancy ,storage overhead, and maintenance cost [I6, [1].

2.3.2 Optimization of Analytical queries

Nowadays,in critical situations, decision-support systems require fast execution of a large

number of analytical queries, making performance optimization essential[[74, I00]. These
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queries share an important property: the presence of common sub-expressions, which
allows reuse of computations and reduces overall processing cost. This property is closely
related to several database problems, such as multi-query optimization problem and ma-
terialized view selection problem, and also extends to big data processing and cloud
computing[I20, Z6]. Analytical queries are characterized by three main features: large
volume, dynamic behavior, and shared computations, where the last one plays
the most crucial role in performance improvement. Recent studies also show a signif-
icant amount of query redundancy in cloud environments, highlighting the importance
of exploiting this sharing to improve efficiency and reduce cost[ld, 85, T28]. However, in
modern dynamic environments, OLAP queries are often not executed in isolation and
it may share common sub-expressions and common results, also leading to significant
redundancy in computation. This observation motivates more advanced optimization
strategies, particularly multi-query optimization and view selection problems, which aim
to exploit smartly and automatically shared computations and are discussed in the fol-

lowing sections.

2.3.3 Multi-Query Optimization (MQO) problem

Multi-query optimization (MQO) is a fundamental problem in database systems |15, 28]
that aims to optimize a set of queries together by identifying and exploiting common
subexpressions in order to reduce the total execution cost. Instead of optimizing each
query separately, MQO builds a global execution plan by merging individual query plans,
since the 1980s [I53] and is proven to be NP-hard [I54]due to the exponential growth of
the search space [153, 15

MQO has been applied to many database environments, including relational [I97],
distributed[86], XML[@4], graph[iT02, &, (73], data mining [77], and Hadoop [I67] sys-
tems. It is also closely related to key optimization techniques such as caching, materi-
alized view selection, indexing, and data reuse. In data warehouses, MQO is especially
important because OLAP queries are highly interrelated and often executed together.

Most traditional approaches follow a two-step process: first generating execution plans
for each query, and then merging them into a Unified Query Plan (UQP) represented as a
Directed Acyclic Graph (DAG)[I15], where leaf nodes represent base tables and internal
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nodes represent shared operations such as joins and projections [, 21].

Different techniques have been proposed, including greedy heuristics, pipelined ex-
ecution strategies, A*-based search methods [50], and cost-based pruning to eliminate
inefficient plans early. However, most of these methods assume static query workloads
and do not consider modern constraints such as execution deadlines or distributed ana-
lytical queries in real time.

Overall, MQO improves performance by detecting and sharing common subqueries
across multiple queries [26]. Its efficiency strongly depends on how the data and query
interactions are represented, since good modeling enables better reuse of intermediate

results and more efficient global query plans.

Example: Multi-Query Optimization with Real Queries

To demonstrate the effectiveness of multi-query optimisation in real-world scenarios, we
consider two analytical queries over a 'movies’ table from to IMDb data schema.

Query Q1: Movies by Genre and Rating

SELECT m.title, m.year, r.rating
FROM movies m

JOIN ratings r ON m.id = r.movie_id
JOIN genres g ON m.id = g.movie_id
WHERE g.genre = ’Action’

AND r.rating > 8;

Query Q2: Movies by Director and Rating

SELECT m.title, m.year, d.director_name, r.rating
FROM movies m

JOIN ratings r ON m.id = r.movie_id

JOIN directors d ON m.id = d.movie_id

WHERE d.director_name = ’Christopher Nolan’

AND r.rating > 8;

Both queries share a common sub operation: Join between movies and ratings, and

Filtering condition: rating > 8
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Algebraic Representation and Optimization Analysis: The queries Q1 and Q2

can be expressed in relational algebra as follows:
o Q1 = (0rating>s(movies > ratings)) b genres
o Q2 = (0rating>s(movies > ratings)) > directors.

Without optimisation, each query independently recomputes the join between movies
and ratings, leading to redundant processing with costs 5000 for the join, 500 for filtering,
and 2000 for additional joins, resulting in total costs of 7500 for Q1 and 7800 for Q2
(overall 15300). With multi-query optimisation, the common intermediate result
COMMON = Orqting>s(movies > ratings) is computed once and reused, reducing the
cost to 5500 for the shared part, 2000 for Q1, and 2300 for Q2, with a total optimized
cost of 9800. This yields a reduction of approximately 36%), demonstrating that sharing
intermediate results significantly reduces redundant computations and improves query
performance in analytical workloads.

On the engineering side, the choice of dataset representation techniques is very impor-
tant and it plays a pivotal role in the multi-query optimisation process. Techniques such
as query graph representation|7], automatic materialised views[I28, (25, 61/, intermedi-
ate result sharing[l27, 28|, and index-based optimisations form the backbone of MQO
systems. These representations not only help in identifying common subexpressions but
also support cost-based optimisations, enabling systems to make informed decisions on
how to best combine and execute multiple queries. By providing an efficient way to model
and manage the data, these techniques facilitate faster query execution, lower resource
consumption, and ultimately, a more scalable database system [, K, 6].

In this context, in our thesis, understanding how to effectively represent datasets is
fundamental to solving the MQO problems. The next section explores various dataset
representation techniques employed in MQO systems and how they contribute to achiev-

ing optimal performance.

2.3.4 Dataset Representation Techniques in MQO

To better analyse the landscape of dataset representation techniques in Multi-Query
Optimization (MQO), we categorise them into four major groups: (1) graph-based repre-

sentations, (2) intermediate result and view management, (3) partitioning and indexing
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approaches, and (4) rule-based, approximate, and probabilistic methods. This classifica-
tion not only reflects historical developments but also highlights how different approaches
address the challenges of redundancy elimination, scalability, and adaptability in large-

scale query processing.

Graph-Based Representations

Graph-based models have long played a central role in representing queries and enabling
multi-query optimization (MQO). In their simplest form, queries are expressed as query
trees, where relational operators are nodes and edges capture data flow. While intuitive,
tree representations struggle to efficiently capture shared subexpressions across multiple
queries. To address this, Directed Acyclic Graphs (DAGs) became the dominant ab-
straction [Th3]. In DAGs, common subplans across queries can be merged into single
nodes, thereby reducing redundant computation and supporting cost-based optimization
frameworks |84, 19R] .

Beyond DAGs, researchers explored more expressive models such as hypergraphs,
in which nodes represent attributes or subqueries and hyperedges capture many-to-many
relationships between them. Hypergraphs allow richer modeling of query interactions and
overlapping computations. Some recent works, demonstrated how hypergraph-based view
selection enables the detection of complex redundancies in large dynamic workloads [,
71, 128]. However, hypergraphs incur significant overhead due to the cost of construction
and maintenance at scale.

Another direction involves bipartite and query-plan graphs, where one partition rep-
resents queries and the other represents candidate views or intermediate results. Edges
encode the usage relationships between queries and views, facilitating optimization strate-
gies such as clustering and view selection.A recent industrial contribution in this line is
the BigSubs framework developed at Microsoft [B1]. Observing that workloads in large-
scale shared analytics clusters contain massive overlaps across thousands of jobs, the
authors formulate the problem of subexpression selection as a bipartite graph labeling
task, where jobs and subexpressions form two distinct node sets. They then propose
pressions to materialize and how to reuse them across jobs. Implemented on top of the

SQL-like SCOPE engine, BigSubs demonstrated up to 40% savings in machine-hours
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on production workloads, thus highlighting the scalability and practical effectiveness of
bipartite graph representations in multi-query optimization.

More recently, the rise of Graph Neural Networks (GNNs) [69] has enabled learned
representations of query structures. Instead of manually constructing DAGs or hyper-
graphs, GNN-based methods [I07, 28, 59] learn embeddings directly from query graphs,
capturing structural dependencies and latent workload patterns. This approach improves
scalability and generalization to unseen queries, extending traditional symbolic graph-
based representations into neural-based optimization frameworks.

Overall, the evolution from trees to DAGs, to hypergraphs, and finally to GNN-
encoded graphs illustrates the continuous search for a balance between expressiveness

and scalability in Multi query optimization domain.

Intermediate Result and View Management

Another major line of research focuses on the explicit management of intermediate re-
sults and materialized views. The central idea is to cache intermediate results such as
joins and aggregates, making them reusable across queries, thereby avoiding redundant
computation [I25]. A more established technique is the use of materialized views, where
precomputed results of frequent subqueries or OLAP-style aggregates are stored for rapid
access. This approach is widely applied in data warehouses and OLAP systems. While
materialized views offer significant speed-ups, they incur non-negligible storage and main-
tenance costs, making careful selection and refreshing strategies essential. This family of
techniques demonstrates how computation reuse forms a cornerstone of efficient MQO,

particularly in analytical settings.

Partitioning and Indexing Approaches

Partitioning and indexing techniques represent another class of dataset representation
methods in MQO. Partitioning strategies (e.g., hash or range partitioning) divide data
into disjoint subsets to enable parallel execution in distributed or shared-nothing environ-
ments [T02, 040]. Although they substantially improve scalability, partitioning strategies
may suffer from load imbalance (Data skew [563]) and expensive inter-partition communi-
cation. Complementarily, index-based techniques use auxiliary structures such as B-trees,

hash indices, or bitmap indices to accelerate query execution |25, [78]. These structures
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effectively reduce 1/O and improve join and selection performance, but their mainte-
nance overhead can become significant in dynamic workloads. Together, partitioning and

indexing techniques bridge logical query optimization and physical execution efficiency.

Rule-Based, Approximate, and Probabilistic Techniques

Beyond structural methods, more adaptive approaches have emerged that focus on rewrit-
ing, approximation, clustering, and probabilistic modeling. Rule-based query rewriting
relies on equivalence rules to transform queries into more efficient forms, as explored in
ZigZag and cost-based optimization frameworks [85, 125]. Approximate Query Processing
(AQP) trades exactness for efficiency by employing sampling and approximation meth-
ods, making it suitable for time-sensitive analytics [I05, I29]. Query clustering groups
queries based on structural or semantic similarity, reducing redundancy in large work-
loads [G8]. In dynamic or uncertain environments, probabilistic and statistical models
have been applied to capture execution uncertainty and adapt optimization strategies

accordingly [&7, I70]. Finally, classical cost-based formulations often treat MQO as a set

cover problem to minimise shared computation costs, an approach that, while theoreti-

)

cally optimal, is computationally hard to scale [I15, 89, PG, 199].

2.3.5 Discussion

The surveyed techniques reveal a diverse spectrum of strategies for representing and ex-
ploiting datasets in MQO. Graph-based models excel in structural overlap detection but
scale poorly in massive workloads. Intermediate result and view management deliver
substantial performance benefits but raise challenges of maintenance and consistency.
Partitioning and indexing improve scalability and physical execution but face trade-offs
in load balancing and update costs. Rule-based and probabilistic methods provide flexi-
bility and adaptiveness, albeit at the expense of complexity and computational overhead.
Overall, no single approach dominates; rather, hybrid techniques that combine struc-
tural, statistical, and adaptive elements are emerging as the most promising direction for

next-generation MQO systems.
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2.3.6 Materialized Views Selection Problem

Materialized views are defined as a solution to accelerate queries in DBMS by physically
storing precomputed results[?, 21, I25]. In recent years, in the design of physical struc-
tures for data warehouses, materialized views have been known as a powerful mechanism
for query optimisation. By reusing common sub-expressions across multiple queries, they
transform redundant computations into efficient, reusable data structures. Materialising
views may also introduce data redundancy and infect storage and maintenance costs,
especially when the selected views provide limited benefit. To address this problem,
the literature defines the Materialized View Selection (MVS) problem, which focuses on
identifying the most beneficial views to materialise from a given query workload by ef-
fectively exploiting shared sub-expressions. Researchers focus in this field to optimise
query performance [I27, 61, 195, P6]by satisfying the following: (1) storage constraints,
(2) maintenance cost and (3) query rewriting cost . The problem is NP-hard due to the

exponential number of possible view combinations, improved in [[Z5].

2.3.7 Materialized Views Selection Techniques

MVS techniques are broadly categorised based on workload typestatic or dynamicand
use classical optimisation, heuristic techniques, or learning-based techniques. For static
workloads with a fixed set of queries, classical techniques such as 0-1 Integer Linear
Programming (ILP) detailed in [, 654] formulate MV selection as an exact optimiza-
tion problem, though they suffer from exponential complexity . To improve scalability,
Metaheuristic approaches like Hybrid Genetic Algorithms ,This study improves large join
query optimization by using query models to fine-tune genetic algorithms

ZigZag+ [R38] approach which is an extension of ZiZag [IZ5] | it is a dynamic strategy
that iteratively explores multiple MVPPs, moving between them to improve the quality
of selected views in order to provide faster, approximate solutions.

Learning-based approaches, such as AutoView [[94, Bl] and RLView [[95], utilize
Recurrent Neural Networks and Reinforcement Learning (with Wide and Deep models
[34]) respectively to forecast MV utility and guide selection.

For dynamic workloads, where query patterns evolve, heuristics-based solutions like

WATCHMAN [150] which aims to reduce query response time in data warehouses and
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improve cache utilisation by making decisions about what data to cache and when to
eliminate cached data, DynaMat [06] which is an dynamic view management for data
warehouses which selects and retains materialized views at varying levels of detail au-
tonomously based on query workload and system constraints including space and update
time. Learning-based approaches like DQM [i74] utilise reinforcement learning with
runtime statistics to adapt MV selection over time, though the lack of query feature
encoding can lead to unstable scoring. Recent advancements leverage Graph Neural
Networks (GNNs) [6Y9], in particular GraphSAGE [R0], for encoding query graphs and
learning latent workload patterns to improve generalisation to unseen queries. GCN-
based methods have also been successfully applied to cardinality estimation, query cost

estimation, and related tasks [0, 90].

2.4 Comparative studies

This section presents a systematic and critical analysis of existing research on Multi-
Query Optimization (MQO), the View Selection Problem (VSP), and Materialized View
Selection (MVS). The objective is to provide a unified taxonomy of prior work by com-
paring optimization objectives, data representation models, and algorithmic strategies.
The synthesis is organized across four complementary perspectives, as summarized in
Table 211, Table 224, and Table PZ3.

Figure 28 presents a conceptual abstraction of the Materialized View Selection (MVS)
problem. It captures the interaction between workload characteristics, system constraints,
optimization strategies, and cost models, while also illustrating the transition toward
learning-driven optimization paradigms.

Table 270 provides a comparative analysis of MQO and VSP paradigms in terms of
optimization strategy, data modeling, scalability, and learning capability. The results
reveal a clear progression from rule-based query rewriting techniques [[[53] toward hybrid
and learning-enhanced optimization frameworks [I95].

Early MQO approaches rely on exhaustive or rule-based optimization strategies oper-
ating over query graphs. Although these methods provide structured query reuse mecha-
nisms, they suffer from exponential complexity and limited scalability. Similarly, classical

VSP approaches focus on workload-driven selection strategies [6, 48], but they exhibit
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Figure 2.8: Conceptual framework of the Materialized View Selection (MVS) problem

poor generalization across heterogeneous workloads.

Hybrid approaches attempt to unify MQO and VSP under cost-based or queries inter-
action models, such as hypergraph representations [{7]. However, these methods remain
constrained by static assumptions regarding workload behaviour and limited adaptability
to dynamic environments.

Recent learning based approaches such as [61] introduce adaptive optimization mech-
anisms. Nevertheless, as shown in Table P, these methods are still limited by high
computational complexity, partial automation, and dependency on training data quality.

Table 22 compares fundamental data representation models used in query optimiza-
tion and materialized view selection. These representations define how query interactions
and dependencies are structurally modelled to enable optimization.

AND-OR view graphs provide a complete representation of alternative execution
plans, enabling exhaustive search and high expressiveness. However, they suffer from
poor scalability due to combinatorial explosion.

MVPP-based models introduce cost-aware multi-query sharing mechanisms, improv-
ing optimization efficiency. Despite this advantage, their performance degrades signifi-
cantly under large workloads due to computational overhead.

Data cube lattices offer efficient multidimensional aggregation and are widely used in

OLAP systems. However, they are not suitable for dynamic query environments due to
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their static structure.

Hypergraph models capture high-order relationships between queries and views, en-
abling expressive modeling of complex dependencies. Nevertheless, their optimization
remains computationally expensive.

Finally, bipartite graph models provide a simplified abstraction of query and view
relationships, as improved in [81]; they offer scalability at the expense of expressiveness,
but it is an expensive computation fee at the workload processing.

Table 23 summarizes the evolution of Materialized View Selection (MVS) techniques
across five major paradigms: classical optimization, cost-based heuristics, learning meth-
ods, hybrid strategies, and evolutionary approaches.

Classical optimization techniques, including integer linear programming and exhaus-
tive search, provide optimal solutions under constrained settings but are computationally
intractable for large-scale workloads. Greedy and dynamic programming approaches im-
prove efficiency but remain limited to local optimality.

Cost-based heuristics such as DynaMat and Watchman introduce adaptive cost esti-
mation mechanisms. While these methods improve runtime efficiency, they lack robust
adaptability to evolving workloads.

Machine Learning approaches, including reinforcement learning and neural networks,
represent a significant shift toward data-driven optimisation. These methods create adap-
tive decision-making based on observed query common subexpressions. However, they
remain sensitive to training data distribution and hyperparameter tuning.

Overall, Table 223 demonstrates that no existing paradigm simultaneously achieves
optimality, scalability, and adaptability in current MVS research through highly dynamic

environments.

2.4.1 Research Synthesis and Gaps

The comparative analysis across Multi Query Optimization (MQO), View Selection Prob-
lem (VSP), data representation models, and materialised view selection (MVS) techniques
reveals a clear evolutionary trajectory in query optimization research. The field has pro-
gressively shifted from static, rule-based systems toward learning-driven frameworks capa-
ble of processing complex and dynamic workloads.First, most classical and heuristic-based

approaches fail to scale effectively under large-scale and highly dynamic query workloads.
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Second, existing data representation models present a trade-off between expressiveness
and efficiency, where highly expressive models are often computationally expensive, while
efficient models tend to oversimplify query relationships. Third, although recent learning-
based approaches show promising results, they remain limited by high training costs, data
dependency, and poor generalisation across heterogeneous environments. These limita-
tions suggest that query optimisation is no longer a purely algorithmic problem, but
rather a multi-dimensional challenge involving structural modeling, cost estimation, and
adaptive decision-making under uncertainty.

This thesis addresses these challenges by focusing on two directions: (i) syntactic and
structural query optimization, and (ii) data-driven optimisation through materialized
view selection and cost prediction. The objective is to move toward unified optimization
frameworks that integrate structural awareness with learning capabilities.

In addition, under the progress in modern processing technologies such as GPUs
Table 24 illustrated some critical research gaps in query processing platforms [227] .
GPU-based approaches primarily focus on accelerating query execution without ade-
quately addressing optimization strategies or workload adaptivity. Similarly, distributed
systems provide scalability but often rely on heuristic or simplified optimization tech-
niques.Furthermore, existing approaches do not integrate learning-based models with
hardware-aware optimization, nor do they effectively support dynamic multi-query en-
vironments. This fragmentation lead to the need for unified frameworks that jointly
combine query optimization, machine learning models, and modern hardware architec-

tures.
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Table 2.1: Gap Analysis of MQO and VSP Paradigms

Ref Paradigm | Optimization Data Model Join Order | Scalability | Learning Research Gap
Type Priority
53] | MQO Rule-based Query graph NO NO NO Static optimization of
rewriting queries and Exponential
search space
[6, 48] | VSP Workload-driven | Schema model NO PARTIAL | NO High maintenance over-
selection head and Poor general-
ization across workloads
[R4] | MQO + | Hybrid cost-based | MVPP-based YES YES NO High optimization com-
VSP model model plexity
(7] MQO + | Query interaction | Hypergraph YES YES NO Static workload
VSpP modeling model
(78] MQO + | Query interaction | Hypergraph YES Partial NO Heuristic join order op-
VSP modeling model timization and Requires
training data
94, | MQO+VSP | Adaptive Learned | Schema Learning | YES YES Partial Not fully autonomous
95| model model optimisation. Very high

complexity
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Table 2.2: Data Representation Models:

Comparative Analysis with Features, Strengths, and Weaknesses

Ref. | Model Idea Expressive | Scalability | Cost MultiQuery Strengths Weaknesses
support
(65, AND- All alternative | v/ X X v Exhaustive High complexity,
hi, OR  View | query plans via search, high ex- | poor scalability
15 Graph AND/OR nodes pressiveness
5, | MVPP Shared multi- | v X v v Cost-aware, effi- | Expensive for
1, query execution cient MV selec- | large workloads
5] with cost integra- tion
tion
(62, Data Cube | Multidimensional | v v X X Fast OLAP, ag- | Limited for dy-
5] Lattice aggregation and gregation reuse namic workloads
derivation
A Hypergraph | Captures com- | v X X v Models high- | Hard to optimize,
27 Model plex  multi-join order dependen- | complex
relationships cies
[R1] Bipartite Queryview rela- | X v X v Simple, scalable, | Limited expres-
Graph tionship modeling intuitive siveness
(two sets)
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Table 2.3: Evolution of Materialised View Selection (MVS) Techniques

Ref | Method Approach | Static workload | Dynamic workload | Scalability. | Strengths Limitations
Classical Optimization

[Em, 0-1 ILP Integer Programming Yes No Low Optimal solution guar- | NP-hard, high cost
|:5/} antee
(53, Exact Search | Exhaustive / Heuristic | Yes No Medium Near-optimal solutions | May miss global opti-
54| mum
(&, Greedy Heuristic Yes No High Fast and simple Local optimum only
3[1]
(i) Dynamic Exact Optimization Yes No Low Optimal (small scale) High complexity

Prog.

Cost-Based Heuristics

[Em) DynaMat Adaptive Cost Model No Yes High Self-tuning Update overhead
[Ir50] WATCHMAN| Rule-based No Yes High Low latency Static scoring
(<) Hybrid Cost-based + | No Yes Medium Efficient (stable load) | Poor adaptability

Query Opti- | Learning-based

mizer

Learning-Based
[iroa, AutoView RNN-based Yes No Medium Predictive modeling supervised training
all) cost
g RLView Reinforcement Learn- | Yes No Medium Adaptive learning Sensitive tuning
ing
(28] DQM RL + Feedback No Yes Medium Runtime adaptation Instability
[27) GraphSAGE | GNN-based No Yes High captures relations. High cost
Hybrid Methods
(=25, MVPP Heuristic + MVPP No Yes High Large-scale effective Complex search
R3]
Evolutionary / Probabilistic

[ineati] Sim. An- | Probabilistic Yes No High Escapes local optima Slow convergence

nealing
(57 Genetic Evolutionary Yes No High Large search space High cost

Algo.
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Table 2.4: Hardware-Aware and Distributed Query Processing: Critical Comparative Analysis

Ref. Focus Contribution GPU Distributed Learning Technical Gap
12 GPU Query Execution | SQL operators acceler- | Yes No No Limited support for complex
2] y p PP p
ated using CUDA queries; no optimization strat-
egy; static execution model
[63] GPU Relational Engine | Full relational operators | Yes No No Focus on execution only; lacks
on GPU cost-based or adaptive opti-
mization
Y GPU Join Processin Efficient parallel join al- | Yes Partial No Ignores workload dynamics;
2] g p j g y ;
gorithms high data transfer overhead
[22] GPU DBMS Survey Analysis  of  GPU | Yes Partial No No  unified optimization
database architectures framework; limited integra-
tion with query planning
(9] Parallel CPU Process- | Optimized hash joins | No Yes No Not designed for heteroge-
ing for multi-core systems neous (CPU+GPU) environ-
ments
(] Distributed Processing | Scalable batch data pro- | No Yes No High latency; no fine-grained
cessing model query optimization; no cost-
based planning
[22] | Distributed Analytics Columnar execution for | No Yes No Limited adaptability; simpli-
interactive queries fied optimization strategies
[M96] | Distributed Framework | In memory cluster com- | No Yes Partial Relies on heuristic optimiza-
puting tion; limited workload adap-
tivity
[36] | Hardware aware Opti- | Compilation based | Partial No No Focus on single node opti-

mization

query execution

mization; no distributed or
learning integration
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2.5 Conclusion

This chapter provided a comprehensive overview of most fundamental concepts and state-
of-the-art techniques related to data warehousing and query optimization. It introduced
principal concepts of large-scale analytical processing. The chapter also examined the
most challenges associated with analytical query execution, including complexity and
scalability issues. Furthermore, a literature review was conducted on optimization prob-
lems, particularly on analytical query optimization and its relation with Multi-Query
Optimization (MQO), dataset representation techniques, and materialized view selection
strategies. These approaches were powerful, but they are still limited when dealing with
dynamic workloads, complex queries, and real-time processing requirements. The need
of automatic optimization frameworks capable of learning from data parsing to query
optimization and processing. It motivates the exploration of advanced techniques that
integrate machine learning and deep learning models into the query optimization process.
In this context, the next chapter introduces a novel approach for modeling queries using
Graph Neural Networks (GNNs) in order to improve optimization performance in modern

dynamic environments.
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FloraG:Modeling Analytical Queries
Using GNN

FloraG: Graph Neural Network
For Query Modeling and Formulation

"Graph Neural Networks are effective framework
for representation learning of graphs"

Xu et al. [IRT]
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3.1 Introduction

Recently, there has been a paradigm shift toward learning-based and structure-aware
representations of queries. In particular, graph-based models have emerged as a powerful
abstraction for capturing the structural dependencies inherent in relational queries. By
representing queries as graphs, where nodes correspond to tables and edges represent join
relationships, these approaches enable the exploitation of structural similarities across
queries and improve generalization in optimization tasks.

Existing methods still face key limitations. Bipartite graph representations [81] are
efficient but insufficient for modeling complex multi-way joins, while hypergraph-based
approaches provide richer expressiveness

The development of data-intensive workloads has made query optimization even more
complicated in current relational databases. Among all of the optimization techniques,
join order optimization continues to be one of the most important and resource-intensive
processes due to the vast number of possible options that arise from multi-join opera-
tions [TZ5]. Optimization algorithms based on traditional cost models depend on manual
integration of heuristics, cardinality estimation, and statistical assumptions to generate
optimal query plans [I15]. Even their popularity, they may be incapable of eliminate re-
dundancy and minimize CPU fee, Memory use and storage cost [[4, 85].To overcome these
limitations, recent research has explored learning-based query optimization techniques.
Machine learning methods have been applied to multiple optimization tasks such as car-
dinality estimation, join ordering, query rewriting, and cost prediction [92, 88, TR, [19].
These approaches improve adaptability by learning from historical workloads and exe-
cutions. However, most existing learned optimizers treat queries independently and do
not explicitly exploit structural similarities across query workloads, which leads to redun-
dant computation and limited generalization across related queries. On the other hand,
graph representations of queries are developed as a strong paradigm to capture common
subqueries. Using graph representations allows capturing structural information in SQL
queries by representing tables, joins, predicates, and dependencies as graphs. Initial ef-
forts employed DAGs, bipartite graphs, and hypergraphs for Multi-Query Optimization
(MQO) and common sub-expression detection [&1, [d]. Although bipartite graphs offer

efficient representation capabilities, they sometimes fail in expressive power regarding
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dependency modeling. Hypergraph-based models improve expressiveness but introduce
significant computational overhead. More recently, Graph Neural Networks (GNNs) have
shown strong capability in learning representations from structured graph data and have
been successfully applied to database-related tasks such as cardinality estimation, cost
modeling, and workload representation [28, 59, 107, G3].Despite these advances, impor-
tant challenges remain unresolved. Existing graph-based methods often face a trade-off
between expressiveness and scalability. In addition, many learning-based approaches fo-
cus on single-query optimization and fail to consider workload-level redundancy. As a
result, they do not fully exploit shared structural patterns across queries, which limits
optimization efficiency in large analytical workloads. To address these challenges, we pro-
pose FloraG, a graph neural framework for join order optimization. FloraG represents
SQL queries as structured graphs and use Graph Neural Network to learn expressive
embedding that capture both local and global structural dependencies within queries.
Moreover, FloraG introduces a reusable subgraph learning mechanism. The contribu-
tion of this work is threefold. First, we propose a unified workload-aware graph-learning
framework for SQL query optimization. Second, we integrate structural query represen-
tation with GNN-based embedding learning to capture relational dependencies. Third,
we introduce a subgraph reuse mechanism that exploits workload-level similarity to im-
prove optimization efficiency. The proposed approach is implemented as a prototype,
and it is integrated with PostgreSQL and evaluated on representative analytical work-
loads, demonstrating improvements in execution time and cost estimation compared to
the baseline optimizer. This chapter will focus on the first and the second contribution

of our thesis.

3.2 Related Work

The query optimization technique has moved from conventional rule-based and cost-
based paradigms to graph-based and learning-based methods. The classic optimizer ap-
proaches, like Cascades [67] and industrial systems including including PrestoDB [I55],
SparkSQL [M0], Orca [I58], and Apache Calcite [[[4], depend extensively on statistics and
cardinality estimation [67]during plan formation. Nevertheless, erroneous statistics, cor-

related predicates, and distributed computing environments usually result in inefficient
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execution plans [B0]. To address these limitations, heuristic strategies and query hints
have been widely adopted [24, [, 2, B, @].Recent studies increasingly integrate machine
learning techniques into query optimization [2027? ]. Learned methods have been applied
to cardinality estimation [8R, 94, [[34, [C35, (60, 75, (&6, join ordering [T, 193], query
rewriting [201], and adaptive optimization frameworks such as Neo [[18], Bao [I19], and
Balsa [IX7]. These approaches improve adaptability with large workloads but still suffer
from training overhead, workload drift, and limited generalization. Literature represented
the graph-based methods as an effective paradigm for modeling complex analytical queries
and execution plans. Early approaches used Directed Acyclic Graphs (DAGs) for Multi-
Query Optimization (MQO) to detect common subexpressions and reduce redundant
computations [[[53, 184, T9R|. More expressive representations such as hypergraphs were
introduced to model complex joins to detect shared intermediate results [id, 21, T2R, P6).
Other studies adopted bipartite graph representations to capture relationships between
queries and used the conception of shared subexpressions and materialized view tech-
niques [R1, 027, 025]. Industrial frameworks such as BigSubs [&1]demonstrated the ef-
fectiveness of graph-based workload optimization in reducing redundant computations.
Recent advances in Graph Neural Networks (GNNs) [69] further extended graph based op-
timization by learning from structural representations directly or from parsing query sets.
GNN-based [R0] approaches have been applied to cardinality estimation, cost prediction,
workload modeling, and join optimization [ZR, 59, [07]. Learned cardinality estimation
models such as MSCN [91]] improve estimation of accuracy for correlated joins using neu-
ral representations, while Neo [ITR8] employs reinforcement learning for plan selection.
GNN and graph embedding techniques have also been extended to knowledge graph car-
dinality estimation [T51].Recent surveys [I0UR] illustrate that graph neural networks are
becoming a central paradigm in the database research field due to their ability to capture
structural dependencies and workload semantics. Many studies in single query optimiza-
tion investigated workload-level optimization problems, including Multi-Query Optimiza-
tion (MQO) and Materialized View Selection (MVS). Existing MQO approaches include
DAG-based unified plans [2, 40], A*-based optimization [60], hypergraph-based tech-
niques [7], and workload clustering methods [G8]. MVS approaches include heuristic and
metaheuristic algorithms [85], reinforcement learning frameworks [[95, [74], and adaptive

systems such as AutoView [194, 60, WATCHMAN [i50], and DynaMat [96]. Recent
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studies also explored GNN-based workload representations using graph convolution and
GraphSAGE techniques to model query dependencies more effectively [80, [90].To con-
clude, the literature demonstrates a transition from traditional optimization frameworks
toward graph-based and learning-driven query optimization systems. Nevertheless, im-
portant challenges remain regarding scalability, workload generalization, representation
quality, and the integration of semantic and structural information in dynamic analytical
environments, motivating further research on efficient GNN-based query representations
for next-generation query optimization systems. Overall, existing GNN-based optimizers

learn query representations independently and fail to reuse structural sub graphs across

workloads.

3.3 Problem Formulation

We consider a query workload W = {Q1, Qa, ..., @, }, where each query @Q); is a join-only
query represented as a graph G(Q;) = (7}, E;), in which T; denotes the set of tables and

FE; denotes the set of join relationships between these tables.

G(Qi) = (Vi, B, ) (3.1)

with V; denoting the set of tables (relations), E; the set of join relationships between
tables, and F; the associated node features such as predicates, attributes, and statistical
information.

For each query Q;, let TI(Q;) denote the set of all feasible execution plans (join orders).

The optimal execution plan is defined as:

77 = arg min Cost(Q;, 7) (3.2)
mell(Qs)

where Cost(Q;, ) represents the estimated execution cost of query @); under plan .
Since the number of possible join orders grows factorially with the number of joined

relations, i.e.,

(@) = O(m!) (3.3)

where m is the number of relations involved in the query, exhaustive search becomes
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computationally infeasible for large analytical workloads.
Moreover, queries within the workload may share common structural components,
such that
VinV; #0,E;N E; # 0,

which indicates the existence of reusable substructures across queries.
To capture these structural patterns, each query graph is encoded into a dense vector

representation through a Graph Neural Network (GNN):

hq, = f(G(Qs)) (3.4)

where f(-) denotes the GNN encoder and hy, is the learned embedding vector asso-
ciated with query @;.

The objective of this work is therefore twofold: (1) to learn expressive graph-based
representations of SQL queries that capture structural dependencies, and (2) to exploit
workload-level similarities through shared sub-graph patterns to improve the efficiency

and quality of join order optimization

Table 3.1: Notation Used in the Problem Formulation
Symbol | Meaning

Qi SQL query @
w Set of SQL queries (workload)
G(Q;) Graph representation of query Q;
Vi Set of tables (relations) in query Q;
E; Set of join relationships between tables
F; Node features (predicates, attributes, statistics)

I1(Q;) Set of all possible execution plans for query @;

T Candidate execution plan (join order)

o Optimal execution plan for query Q;

Cost(Q;, m) | Estimated execution cost of query ); using plan 7
f) Graph Neural Network encoder
ho,

7

Learned embedding vector of query Q);
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3.4 Methodology

We propose a novel framework called FLORAG Figure B illustrates the end-to-end
workflow of FLORAG, divided into an offline learning phase and an online inference phase.
In the offline phase (left side), queries from the workload are transformed into graph
representations, enriched with semantic features, and encoded into embeddings using a
GNN model. These embeddings are clustered to identify structurally similar queries,
from which common subgraph patterns are extracted and stored in a reusable library. In
the online phase (right side), a new query is similarly encoded and matched against the
learned clusters. If a match is found, previously extracted subgraphs are reused to rewrite
the query, reducing redundant computations. The rewritten query is then passed to the
join order optimization module, which generates candidate plans, estimates their costs
using a learned cost model, and selects the optimal execution plan. The dashed connection
between both phases represents knowledge transfer, enabling FLORAG to leverage past
workload experience for efficient query optimization. This process is summarized in

Algorithm 0.

Algorithm 1 Query Graph Construction
Require: SQL query Q;

Ensure: Graph G(Q;) = (V, E, F)
1: Parse @); to extract T', J, P

2: for each table t € T' do

3: Create node vy € V

4: end for

5. for each join (¢;,t;) € J do

6: Add edge (vy,,v¢,) € E

7: end for

8: for each predicate p, € P do

9: Attach embedding of p; to node features F
10: end for

11: return G(Q;) = (V, E, F)

In the FLORAG framework FigureB=2 show that each SQL query is first transformed
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Figure 3.1: FloraG Overview Framework :End to End Model

into a graph representation where nodes correspond to tables, edges represent join re-
lationships, and node features encode predicate information. These features are con-
structed by decomposing each predicate into its constituent elements (column, operator,
and value) and transforming them into numerical vectors through encoding and normal-
ization techniques. The resulting graph is then processed using a Graph Neural Network
(GNN), which learns a latent representation through a sequence of message passing lay-
ers. Initially, each node is assigned an embedding based on its feature vector, and at
each layer, nodes iteratively aggregate information from their neighboring nodes using
permutation-invariant functions such as sum or mean. This aggregation captures local
structural dependencies, while successive layers enable the model to learn higher-order
interactions across the graph. The aggregated messages are combined with learnable
weight matrices and passed through non-linear activation functions to update node rep-
resentations. After multiple propagation steps, each node embedding encodes both its
local context and its position within the global graph structure. A readout or pooling

operation is then applied to combine all node embeddings into a single fixed-dimensional
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graph embedding that summarizes the entire query. This graph-level representation is
subsequently used for downstream tasks, including clustering similar queries, identifying
common subgraph patterns, matching new queries with previously learned structures, and
guiding the join order optimization process via a learned cost model, thereby enabling

efficient and scalable query optimization.

1. Input: Graph
Agraph G = (V, E, X)
« V:nodes (e.g., tables)
« E: edges (e.g., joins)
« X: node features

2. Initialization
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3. Message Passing
Update node representations
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information for K layers
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Figure 3.2: GNN Processing in FloraG

3.5 Experimental Setup

To evaluate the effectiveness of FloraG, we conduct experiments on the Join Order Bench-
mark (JOB) dataset [104, 003], which is widely used for evaluating query optimizers in
complex join scenarios. All experiments are conducted on a Windows 11 system with an
Intel Core i7 multi-core CPU. The entire implementation, including data preprocessing,
graph construction, and model training, is performed in Python (see Tables B2 and B33).
We compare FloraG against the classical PostgreSQL cost-based optimizer, which serves
as the baseline system. FloraG integrates a Graph Neural Network (GNN) model that

transforms SQL queries into graph representations, where nodes represent relations and
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edges represent join predicates. We evaluate performance using the following metrics in

Table B2 and Table BZ3 which details the settings and training configuration.

3.6

Query Execution Time (ms): measures the actual runtime of each query.

Speedup: defined as

T aseline
Speedup = YLOFl IG (3.5)

where Thaseline and Triorac denote execution times of PostgreSQL and FloraG.

Cardinality Estimation Error: defined as

/ —_—
Error = M

- (3.6)

where ¢’ is the estimated cardinality and c¢ is the true value.

Join Order Quality: measures how closely the predicted join order matches the
optimal execution plan in terms of structural similarity and query performance,

following the framework of Leis et al. [ITH].

Table 3.2: Dataset Statistics

Parameter Value

Dataset Join Order Benchmark (JOB)
Number of Queries 113 analytical SQL queries
Query Type Multi-join analytical queries

Average Joins per Query | 8-10 joins
Maximum Join Depth Up to 17 joins

Training Split 80%

Testing Split 20%

Query Representation Graph-based encoding

Node Type Relations (tables)

Edge Type Join predicates
Results

The experimental results clearly show that FloraG outperforms the PostgreSQL optimizer

across all evaluated metrics. FloraG achieves an average performance improvement of ap-

proximately 10%.Regarding accuracy, PostgreSQL exhibits a high cardinality estimation

error of 5.77, whereas FloraG significantly reduces this error to 0.36.

47



Chapter 3 - FloraG:Modeling Analytical Queries Using GNN 3.6 - Results

Table 3.3: GNN Training Configuration
Training Parameter | Value
GNN Architecture GraphSAGE
Number of GNN Layers | 3
Embedding Dimension | 128

Batch Size 32 query graphs

Optimizer Adam

Learning Rate 0.001

Loss Function Mean Squared Error (MSE)
Training Epochs 100

Average Training Time | 2.4 hours

Average Inference Time | 12-18 ms/query

Query Embedding Type | Graph-level embedding
Aggregation Function Mean pooling

Baseline Optimizer PostgreSQL cost-based optimizer

FigureB3dillustrate improvements in execution speed and cardinality estimation error,
respectively.

Figure B4 demonstrates that FloraG maintains performance gains across queries of
varying complexity, while Figure BZ3 confirms its robustness as join depth increases,
avoiding combinatorial explosion.

These results align with the findings of Leis et al. [I04], which identify cardinality
estimation as a primary bottleneck in classical query optimizers. The experimental evi-
dence supports the hypothesis that improving cardinality estimation using learning-based
methods such as Graph Neural Networks leads to more efficient and stable query opti-
mization.

We further evaluate training and inference efficiency. As shown in Figure B4, although
FloraG requires offline training, it achieves significantly lower inference latency compared
to traditional optimization pipelines. This reduces amortized execution cost, especially in
repeated analytical workloads.More importantly, inference avoids exhaustive join-order
search by leveraging learned query embeddings and reusable workload patterns, thereby
reducing optimization overhead at runtime. The reusable subgraph analysis reveals that
several join structures repeatedly appear across analytical queries. FloraG successfully
identifies these recurring subgraphs and exploits them as reusable workload knowledge
during optimization. As shown in Figure B, the join relationship between title and
mouvie__info represents the most frequently reused subgraph.

Table B4 highlights the most frequently reused join structures and their impact on
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query execution performance. The results show that recurrent joins contribute to perfor-
mance gains by reducing redundant computation and improving plan reuse. In summary,
the combination of statistical significance, consistent performance gains, and improved es-
timation accuracy confirms the effectiveness and robustness of FloraG as a learning-based

query optimizer.

Table 3.4: Frequent Reusable Join Structures

Repeated Join Structure | Frequency | Avg Speedup
title <> movie_info 23 8%
title <+ cast_info 19 6%
movie keyword < keyword 14 5%

3.7 Conclusion

In this work, we presented FloraG, a workload-aware graph neural framework for join
order optimization. The name Flora, derived from the Spanish word referring to plant
life and growth, symbolizes the progressive learning and evolving nature of graph-based
workload mining. FloraG models SQL queries as structured graphs and employs Graph
Neural Networks to learn expressive representations that capture both structural de-
pendencies within individual queries and shared patterns across query workloads. The
framework reduces redundant optimization effort by improving decision quality in join
ordering through learned workload knowledge.Experimental evaluations on the Join Or-
der Benchmark (JOB) demonstrate that the proposed approach consistently outperforms
the PostgreSQL optimizer. The results show an average speedup of approximately 10%
and a significant reduction in cardinality estimation error. These improvements confirm
the importance of structural query representation and workload-level knowledge sharing
in modern database optimisation systems.In particular, the ability to exploit frequently
recurring subgraphs provides a promising direction for reducing computational redun-
dancy in large-scale analytical workloads. However, scalability to extremely large and
rapidly evolving query workloads requires further investigation. While the current eval-
uation com- pares against PostgreSQL as a classical baseline, future work will include
comparisons with learned query optimizers and reinforcement-learning-based approaches.

The next chapter will demonstrates the feasibility of reusable graph representations for
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auto materialized views selection and the step up toward next-generation query rewriting

paradigms to reduce storage cost and minimize time of execution.
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CHAPTER 4

A Deep Learning-based for Query

Optimization

Dynamic Queries Optimization:

Smarter Joins, Faster Views

Automated view selection techniques
aim to adapt to workload changes and
optimize query performance dynamically.”

Yuan et al. [T94]
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4.1 Introduction

Query optimization has long been a critical problem in relational database systems. Mate-
rialized views (MVs) are good at offering a solution to storing precomputed intermediate
results in order to avoid redundancy, which have dramatically reduced query response
times. Selecting what views to materialize particularly under storage-constrained bud-
gets and adaptive workloads is a hard and crucial problem.

Static MV selection techniques based on cost models or static heuristics [I15, B9, typically
presume fixed workloads and highly predictable query patterns. These assumptions do
not hold in today’s environments of changing query workloads, quickly varying data dis-
tributions, and dynamically varying system resources to be utilized. As a result, static
techniques have a likelihood of either achieving suboptimal views or failing to adapt to
new access patterns, which is a wastage of storage and defeats performance gains.

In recent years, the success of large language models such as GPT has vindicated the
breakthrough potential of deep learning in every field, from natural language processing,
decision-making systems, and intelligent automation. These developments have encour-
aged database management systems to follow suit and change into wiser, self-tuning de-
signs as well. Here, materialized view selection is no longer viewed as a static engineering
problem but as a dynamic, adaptive process that can be optimized with predictive ma-
chine learning models. Our contribution embraces this shift by integrating deep learning
into the database optimization pipeline so that data-driven, workload-aware materialized
view selection decisions are made.

While some previous research has already tried machine learning for join order opti-
mization 95, Gl]and query cost estimation, materialized view selection applications with
deep learning are still relatively underexplored. Challenges such as effective feature rep-
resentation, accurate benefit estimation, and adaptability to workload change still hinder
practical applications.

The current chapter focuses on our third contribution to address the problem of ma-
terialized view selection in large-scale query workloads. It presents an adaptive two-stage
materialized view selection and query rewriting smart framework. Our solution method-
ically examines SQL workloads to detect and cluster common subexpressions based on

normalized join and selection predicates. We apply a deep neural network (DNN) model
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to forecast candidate materialized view utility, considering both structural properties and
runtime/storage cost factors. By deeply embedding machine learning into the traditional
query processing pipeline, our framework dynamically adapts to changing workloads while

optimizing the query performance gains and reducing storage costs.

4.2 Related Work

The problem of materialized view (MV) selection has evolved drastically in the last few
years. In the past, MVs used to be manually or statically selected through heuristics that
sought repeated or expensive queries [G, 55, B8, [775]. The early approaches, though, were
not able to adapt dynamically to evolving and changing workloads. With the evolution
of database systems, dynamic heuristics based on query frequency, selectivity, and join
ordering were proposed developed [30, B, b6, 99], but with scalability and flexibility
problems.

Nowadays, the arrival of machine learning revolutionized MV selection through adap-
tive approaches like supervised learning, clustering, reinforcement learning, and deep neu-
ral networks [I09, @7, (T3, 195]. These approaches apply historical workloads and data
distributions to predict candidate view benefits and thus improve accuracy and respon-
siveness of selection. Techniques like Q-learning, artificial neural network (ANN) predic-
tion and multi-objective optimization [99] further improved real-time materialized view
management as they were cost-efficient and scalable. Coupled with these progresses, de-
velopments of query optimization techniques such as data representation techniques (e.g.,
histograms [[44], sketches [97]), sampling methods (e.g., Fixed-step [I'I], Bifocal [39]),
and machine learning-based cost estimation and cardinality models (e.g., MSCN [g1],
QuickSel [123], RSPN [67]) significantly increased the quality of query planning and ex-
ecution for large-scale systems.

As part of this broader evolution, AutoView [60] demonstrates key progress in MV
management decisively. It integrates eclectically query plan-based candidate generation,
deep queryview correlation modeling, and deep reinforcement learning for space-budget-
aware MV selection. In contrast to earlier systems plagued by either static inability to
dynamically adapt [[09, [95, G2], AutoView achieves improved automation, generaliza-

tion, and optimization capabilities for cloud-scale databases paradigms.
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However, AutoView also inherits some constraints typical of learning-based systems:
it requires an initial training session with normal workloads; it may need retraining if
there are drastic changesin workloads; the deep model’s decision-making process may
not be as interpretable as that of heuristic-driven approaches; and migrating the model
between different database management systems typically entails retraining owing to
varying query plan and cost model changes.

Figure B present a structural comparison of RLView (Reinforcement Learning) [T95],
DQM (Deep Q-Learning) [(09], and AutoView [61] approaches for materialized view

selection.

(C) MateriaiizedViewSelectionMethod

o Leaming Paradigm
o Cost Model

o Adaptivity

o Environment

o Strengths

o Limitations

LN

(© Ruview © DQM (©) Autoview

o Reinforcement Leaming o Deep (-Learning o Supervised + Search

o Estimated via RL rewards o Query optimizer feedback o ML-predicted cost

> PostgreSOL experiments o PostgreSQL, TPC-05 benchmark o Commercial DEMS, TPC-DS

o Fast adaptation, reward-driven o Fine-grained updates, workload-aware o Automated candidate generation
o Meeds careful reward design o Sensitive to optimizer cost inaccuracies » May require extensive retraining
o High {dynamic during workload) o Moderate (online learning) o Low [offline training)

Figure 4.1: Comparison of some recent methods relative to queries optimization

Table 4.1: Comparison of Recent Learning-Based Materialized View Selection Methods

Method Learning Type Adaptivity | Training Time | Example Use
RLView [M95] | Reinforcement Learning | High Online Dynamic Workloads
DQM || Deep Q-Learning Moderate Online OLAP Queries
AutoView [61] | Supervised + Search Low Offline Static Workloads

As shown in Table B2, RLView, DQM, and AutoView represent distinct approaches
to materialized view selection. These methods are designed to handle different kinds of
workloads, with RLView and DQM being more adaptive to dynamic workloads, while
AutoView works effectively on static workloads with offline training. In summary, the
evolution of MV selection research across different periods has steadily contributed to
the development of increasingly efficient, scalable, and adaptive solutions, addressing the

complexities of large, dynamic query environments.
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4.3 Problem Statement

Given a large workload of SQL queries @ = {q1,¢2,...,¢.}, and a set of candidate ma-
terialized views V' = {v, v, ..., v, } generated from common subexpressions and shared
predicates, the goal is to select a subset V* C V' that maximizes the overall query per-

formance improvement defined as:

Benefit(V*) = S (T(q:) — T'(qi, V")) (4.1)

7:€Q
where T'(¢;) is the execution time of the original query, and 7"(g;, V*) is the execution
time after rewriting the query using the selected materialized views.
The selection must also satisfy a storage budget constraint, where B denotes the

available storage space:

Cost(V*) = > size(v;), subject to Cost(V*) < B (4.2)

v, EV*
The global optimization problem is defined as selecting a materialized view set V*

that improves query performance while respecting storage constraints:

V* = arg max (Wy - Benefit(V') — Wy - Cost (V")) (4.3)
subject to:
> size(v;) < B (4.4)
v EV*

where W, and W, are weights that balance query performance improvement and
storage consumption.

Table B2 illustrates an example of materialized view selection under a storage con-
straint of 9 GB. The optimal subset is {Vi, V5}, which achieves the maximum benefit

while satisfying the constraint.

4.4 Proposed Solution

In this work, we present an intelligent two-stage strategy for materialized view (MV) se-

lection and query rewriting to optimize the performance of large-scale SQL workloads.The
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Table 4.2: Example of Materialized View Selection

Subset V' | Total Size (GB) | Total Benefit (ms) Feasible
{"} 5 20 Yes
{Va} 4 18 Yes
{Vs5} 6 25 Yes
{1, Va} 9 40 Yes
{Vi,V5} 11 45 No (over budget)
{Va, V5} 10 43 No (over budget)

system architecture overview is illustrated in FigureB=2. The pipeline of our system in-
spired by the traditional query processing : Parsing, optimization, and execution,with
the integration of machine learning techniques in optimization stage. Specifically, an
artificial neural network (DNN) is employed to predict the utility of candidate views to

optimize large workload of queries .

Input Extract & Mormalize Predicates I
. Workload 1
| Identify Commen Subexpressions |
User l
T Parsing
[ Generate candidate views |
l | predict score of views via onun |
Optimization 1

| Select Optimal WView |

!

Rewrite Queries |

Execution 1
l \ Cptimal materialized view MV

Rewrltten workload Q°

Output

Answers

Figure 4.2: Overview of the Materialized View Selection Framework

4.4.1 Workload Parsing

Our system starts by parsing the SQL workload input and processing each file sepa-
rately. For each query, it gives a unique ID and then parses and analyzes the query
to identify its structure. Specifically, it extracts the tables involved, the join condi-
tions between them, and the selection predicates from the WHERE clause. These
extracted elements are placed in global collections such as A1l Join Predicates and
A1l Selection Predicates. At the same time, the system keeps track of which pred-
icates and tables appear in each query. This information is important for future steps

where we need to identify common subexpressions across queries to suggest useful mate-
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rialized views.

4.4.2 lIdentifying Common Subexpressions

After extracting tables, the join predicates and the selection predicates are identified,
which are then normalized and grouped globally. Systematically extracts subexpressions
from each query by focusing on join conditions, predicates, and selected attributes. We
normalize these entities to enable apples-to-apples comparison by eliminating aliases, nor-
malizing attribute order, and abstracting constant values. This enables us to structurally
compare subexpressions, rather than syntactically. We employ a hashing mechanism to
count the frequency of each unique subexpression across the entire workload ,as shown
in Figure B=3 Frequent subexpressions are marked as common and are strong candidates

for reuse or materialization during the query optimization process.

®

Input set of queries Q

v

Extract selection and jpin predicates

v

Count predicate oo urrences

v

identify common predicales

¥

Group qusries with commaon predic ates

¥

-

¥

G rerate candidate view using shared predicates

1 A

Agd view to candidate view SEt W

v

MO QUHEY QrOLpsT

&

Figure 4.3: Diagram of views clustering

4.4.3 Generating Candidate Views Based on Predicates

To generate views from grouped queries with the common predicates, the process starts
by combining common selection predicates into a single WHERE clause, eliminating
redundant filtering. Next, common join predicates are merged into the JOIN condition
of the query in an effort to reduce redundant join operations. Columns utilized in the
view are based on fields queried most frequently in the group so that the view has only

the most critical data. The outcome of this step is a set of candidate views.
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4.4.4 Optimization Using DNN

Once common predicates are identified and normalized,and candidate views are generated
,we employ a Deep neural network (DNN) architecture to predict a benefit score of
views, indicating how much a materialized view would improve query performance (See
Figure B4).

Input Layer Hidden Layers DOutput layer

Activation Relu

s ”l 4
- » '
Linear and " ey e,
no linear % N L K e predicted
Features Vi s Benefit score
Vectors
" " Sl ¥ Benefit score of a candidate

materialized view

Figure 4.4: Deep-NN architecture for benefit prediction of candidate materialized views.

DNN Architecture

The architecture of our deep neural network is designed to predict the benefit score of

each candidate materialized view. The layers of the network consist of the following:

e Input Layer: This layer takes the preprocessed and encoded feature vector Xinput
as input, which includes information such as the join types, predicates, query exe-

cution times, and storage costs.

o Hidden Layers: The first hidden layer consists of dense fully connected layers with
a ReLU (Rectified Linear Unit) activation function. ReL.U introduces non-linearity,
which allows the model to learn complex patterns. The second hidden layer fol-
lows with another dense layer and a dropout layer to prevent overfitting. Dropout
randomly drops neurons during training to increase generalization.Mathematically,

the activations in the hidden layers are calculated as:

A = ReLU(WDRI=D 4 D) (4.5)

where W is the weight matrix for the I-th layer, b® is the bias vector, and h¥)

is the activation output of the [-th layer.
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e Output Layer: The output layer consists of a single neuron with linear activa-
tion, producing a real score that quantifies the predicted benefit of a candidate

materialized view. Mathematically, the output score is computed as:
Yy =w h+b (4.6)

where h is the final hidden layer’s output vector, w is the weight vector, b is the
bias term, and ¢’ is the predicted benefit score. Once trained, the model generalizes

efficiently to new queries, ranking candidate views based on their predicted scores.

Feature Encoding and Preprocessing

This model takes both non-linear and linear features as input, such as normalized join
and selection predicates, historical query execution times, estimated storage costs, and
the number of queries potentially accelerated by each view. Before training,all features
are preprocessed and normalized as numerical vectors that can serve as input to neural

networks.

o Linear features such as query execution time, storage cost, and query frequency

are normalized using the MinMax function

x — min(x)

MinMax(z) = (4.7)

max(z) — min(z)
« Non-Linear features including join types, selection predicates, and operators are

encoded using one-hot encoding.

For example, each unique predicate is assigned a fixed index in a vocabulary and
its presence in a query is indicated in a binary vector. Operators such as as =, >,
and <are represented as one hot vectors, while join types (e.g., INNER JOIN) are

similarly encoded (We use 1 to say "this one is used", and 0 for the rest).

e Vector Concatenation Once each feature is encoded, all encoded features are
concatenated into a single input vector per query (See Figure B3 | example of

transformation of SQL Query into Encoded Input Vector)as bellow :

Xinput = [JOinone—hot ” Predvec H tnorm H Cnorm]
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where Joingnenot is the encoded join type, Pred,.. is the binary predicate vector, and

tnorm, andchorm represents normalised execution time and storage cost, respectively.

Each part of this vector captures structural or statistical information from the
query workload, allowing the model to learn patterns that affect the usefulness of

the materialized view.

Example SQL Query 1) Join Type 2) Predicates 3) Exec. Time 4) Storage Cost
(One-Hot Encoding) (Binary Vector) (Normalized) (Normalized)
SELECT c.name, SUM(o.amount) Join Type am-hut\fom| !Pmm | Binary

FROM  customers c t= toin €= Cmin

il orders o ON c.id = o.cust_id ‘ No Join 1, 0, 0] o.status = ‘shipped’ 1 torm = e Crorm = T g
WHERE o.status = 'shipped’ | Inner Join o, 1, 0] o.status = 'pending’ ] O T ma = i
AND o.order date »>= '2023-01-01" *I Left Join [0, o0, 1 i* o.order_date >= "2023-01-01° 1 » ‘
GROUP BY o.name; | o.onder_date < '2023-01-01" o t(ms) = 532.4 c(MB) = 189.7
RightJsin [0, 0, 0) ) ik 5
+ Tables Involved : customers, orders : Jangn & . tmin = 10.0 Cmin = 10.0
+ Join type : INNER JOIN | Full Join (e, 0, 0] cip = 'Y 0 tmax = 10000.0 Cmax = 2000.0
+ Predicates Cross Join |~ [0, 0, O] a.amount > 1000 0 3 +
= o.status = ‘shipped’ |
- o.ofder_date >= '2023-01-01' | - -
+ Exec. time (ms) : 532.4 | tnorm = 0.0526 Cnorm = 0.0903
+ Storage cost (MB) : 189.7 | Joingng nor =[0, 1, 0] | I Pred,..=[1,0,1,0,0,0,0,..]
~
Encoded Input Vector x;,,,,
[D 1 @] [T 0 1 o 0 8 ..J] [ 0.0526 ] [ 0.0903 ]
Joing e not Pred,,. Lharm Cnorm

Figure 4.5: Example of transformation of SQL Query into Encoded Input Vector

Training

During training, the network minimizes the Mean Squared Error (MSE) between pre-
dicted benefit scores and observed improvements in query execution time. This enables

the model to learn a continuous mapping from feature space to utility values.

4.4.5 Rewrite Multi queries

This operation begins by checking newly arriving SQL queries to determine if their join
or selection predicates may be optimized by candidate materialized views. If it is found
that such predicates are found in materialized views already in place, a procedure known
as predicate matching, the original queries are re-written such that the affected parts are
substituted by the corresponding views. In cases where there are common sub-parts to
numerous queries, a new materialized view is created to contain the shared semantics. The
queries are partitioned and re-written, each to use the new common materialized view.
The performance of the rewritten queries is compared with the original queries to measure

the improvement. This evaluation feedback is subsequently used to refine and optimize
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materialized view selection algorithms, generating a cycle of adaptive performance tuning

(See Figured ).

b—) Extract pred(Q) —— Match MV

if pred(MV_i) £ pred(Q)

No
———»  Execute(Q)

Execute Q'

o~

ves |

Rewrite Q —+ Q"

l

Compare Excution time(Q Q")

l

Time Q' <TimeQ?
yes Mo

Accepte Q' as final query <

Figure 4.6: Diagram of Query Rewriting Using Materialized Views.

4.5 Evaluation and Results

All our evaluations were conducted on a computer equipped with an Intel i5, 4.00 GB
of RAM, and a 64-bit Windows operating system. To evaluate the performance of the
proposed method, we used PostgreSQL as DBMS, and the implementation was carried out
using Python 3. In our experiments, we used the schema of the relational database IMDb
dataset [I74] with 21 tables and a workload of SQL queries from Join Order Benchmark
(JOB) [i03]. IMDb has over 21 million rows, ranging in size from a few thousand to a few
million rows per table. The JOB workload consists of 113 SQL queries that are designed
to test combinations of join and selection predicate.

Moving to Figure B8, the DNN-based mapping demonstrates a more refined group-
ing, as the model adaptively selected views that provided higher performance gains while
reducing redundancy, and also built a mapping dictionary that included statistical infor-
mation such as tables occurrence and common subexpressions including join predicates.
During evaluation, we compared a medium- sized neural network against a deeper neural
network architecture. As shown in FigureEd, the deeper model achieved a more pro-

nounced reduction in loss, indicating superior generalization to unseen queries. However,
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Table 4.3: Workload Mapping results without DNN Learning

MVID MYV Related Queries ID
1 Q10, Q13
2 Ql1, Q12
3 [Q21, Q24]
4 [Q22, Q29, Q72, Q73, Q74, Q75|
5 [Q52, Q54]
6 [Q48, Q49]
7 Q87, Q88, Q89
8 Q90, Q91, Q92
9 [Q96, Q98, Q100]
10 [Q97, Q99]
11 [Q45, Q46, Q47|
12 [Q26, Q27, Q28, Q30]
13 [Q82, Q83]
workload Mapping Results Without Leaming Top § Materialized Views [Without Leaming)

]
n

Dwery Count

b w a
Owery Count

W w -

=
-

a
a

o 2 H o s 10 12 :d 4 § 8 10 12
MYID ]

Figure 4.7: Workload Mapping Results Without Learning

this improvement came with slightly higher resource consumption, reflecting the classical
trade-off between accuracy and computational efficiency. As a result ,Figure B10 high-
lights the final set of materialized views chosen after DNN learning, with MV3 and MV4
emerging as particularly beneficial due to their balance of query coverage and storage
efficiency. Finally, Table EZ3 quantifies the improvements by comparing execution times:
queries such as Q74 and Q45 executed 3035% faster with DNN-based views than with
heuristic methods. This sequence of results illustrates how our framework evolves from
static heuristic clustering to intelligent, learning-driven optimization that consistently
accelerates query performance under storage constraints.

Our experiments show that the proposed DNN-based method improves query execu-

tion time over the static heuristic model, proving that learning-based benefit prediction
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Figure 4.9: Loss Reduction and Resource Usage Across Learning Levels
for MV Selection

Table 4.4: Comparison of Query Performance with Different MV Selection Strategies

Query ID | Heuristic static method (ms) | DNN (ms)
Q22 600 420
Q29 810 590
Q45 500 360
Q74 1050 960
Q98 1120 820
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is more effective than heuristic rules. While actual methods like RLView, DQM and the
AutoView system have advanced adaptive view management, they often require complex
retraining. Our contribution is simpler but complementary a lightweight DNN regression
model that balances performance and storage efficiency, and can be easily applied in real
systems such as PostgreSQL.

Execution Time per View Estimated Cost per View

Estimated Cost

[
2 %) et = il w2 %] e w5
Storage per Matenalized View 106 Rows Returned per Matenalized View

mel i 3 e e vl 2 el e w5

Figure 4.10: Summary of Beneficial Materialized Views after Learning

4.6 Conclusion

This chapter proposes an approach to selecting materialized views (MVs) and query op-
timization for improving big SQL workload performance. Using a deep neural network
(Deep-NN), our approach correctly predicts the benefit of candidate MVs, optimizing
query performance with storage management. Evaluations of our algorithms on the
IMDb schema and JOB benchmark queries showed that the DNN approach performed
better than static traditional methods by reducing query execution time and improv-
ing storage efficiency. MVs like MV3 and MV4, selected according to our smart model,
demonstrated significant performance with low storage consumption. Our findings also
indicate that shorter execution times do not necessarily translate to lower storage costs.
Some perspectives, even though they processed more rows, still had good performance,
indicating that our model successfully balances speed and storage. These results validate

the utility of learning in optimizing MV selection for dynamic query environments. Future
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development will be aimed at improving the DNN model, incorporating additional query
features,and making the system capable of dealing with more complex dynamic work-
loads. The next chapter, extends this work by exploring GPU-accelerated techniques for
materialized view selection, aiming to significantly reduce the computational overhead of

the selection process and faster optimization in large-scale and real-time environments.
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NOVA: Fast View Selection on GPU

Next generation of query Optimization:

Views selection and query Acceleration

" Massively parallel processing for accelerated computing”

NVIDIA Corporation
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5.1 Introduction

The increasing complexity of analytical workloads has transformed modern database sys-
tems. As workloads become increasingly complex, traditional query optimization tech-
niques face scalability limitations and often fail to satisfy modern performance require-
ments.

Materialized views represent one of the most effective optimization mechanisms for
accelerating query execution by storing precomputed intermediate results. However, se-
lecting an optimal subset of materialized views remains a challenging combinatorial op-
timization problem because the number of possible candidates increases rapidly with
workload complexity and storage constraints.

Most existing view selection approaches rely on heuristic rules, cost-based models, or
sequential optimization algorithms executed on CPU architectures. Although these tech-
niques provide reasonable solutions, their computational overhead becomes prohibitive
for large analytical workloads where thousands of candidate views must be evaluated
repeatedly.

Recent advances in Graphics Processing Units (GPUs) provide new opportunities for
addressing these scalability limitations ,it offer massively parallel architectures capable
of executing thousands of threads simultaneously, making them suitable for large-scale
optimization problems involving independent computations.

In this chapter, we introduce NOVA (Novel Optimization for View Acceleration),
a GPU-accelerated framework designed to improve the scalability of materialized view
selection. NOVA reformulates candidate evaluation as a parallel optimization problem
where view scoring and cost estimation are executed concurrently on GPUs. More specifi-
cally, NOVA introduces a scalable GPU-based framework for materialized view selection,
employs parallel candidate evaluation to reduce optimization overhead, Through com-
prehensive experimental evaluation, the proposed framework demonstrates improvements
over traditional optimization approaches in terms of execution efficiency, and optimiza-
tion quality.

The remainder of this chapter is organized as follows. Section 2 presents the back-
ground and related work. Section 3 formulates the optimization problem. Section 4

introduces the NOVA framework. Section 5 describes the GPU execution strategy. Sec-
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tion 6 presents the experimental evaluation and discussion. Finally, Section 7 concludes

the chapter and outlines future research directions.

5.2 Background and Related Works

GPUs were created for rendering graphical images; yet, contemporary GPUs are now
parallel computing engines that can be used for general computations [[70, I8Y]. While
CPUs are usesed for sequential operations, GPUs are geared towards massive parallelism
and extremely high throughput, and therefore support concurrent execution of thousands
of threads [7R, 121, 23]. The design of todays GPUs encompasses thousands of processing
cores that are arranged as streaming multiprocessors with hierarchical memories [124,
138].

With the transition from fixed-function graphics pipeline to the programmable pipeline
came the concept of General-Purpose Graphics Processing Unit (GPGPU) which facili-
tated the use of GPUs in scientific computation, machine learning, and big data analyt-
ics [I°21, I79]. For optimal utilization of the architecture of the GPUs, various programming
paradigms were designed. As illustrated in Table B0, CUDA programming was designed
as a proprietary language for NVIDIA hardware, while OpenCL is an open framework
for heterogeneous systems. Abstraction programming frameworks like SYCL and HIP
provide efficient programming capabilities on GPUs but are performance portable. On
the other hand, OpenMP and OpenACC Directive-driven programming languages that
allow programmers to achieve parallelism without major changes to their codebase [I14].

As presented in last chapters ,Query optimization still one of the fundamental chal-
lenges in database systems, aiming to minimize query execution cost through efficient plan
generation and resource allocation. Traditional optimizers rely primarily on cost-based
estimation and dynamic programming techniques, as introduced in the System R opti-
mizer [[[57]. Later work further formalized optimization frameworks and emphasized the
importance of cost estimation and plan enumeration in relational database systems [G1].
However, these approaches become increasingly inefficient for analytical workloads be-
cause the search space grows exponentially with query complexity.To overcome these
limitations, GPUs have emerged as an attractive platform for accelerating data-intensive

database operations. Their massively parallel architecture makes them particularly suit-
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able for computationally intensive relational operators such as joins, scans, aggregations,
and filtering operations [I41, 24]. Early research demonstrated that relational query
processing can be efficiently mapped onto GPU architectures, significantly reducing exe-
cution time compared with conventional CPU-based implementations.

Previous studies proposed GPU-based relational query processing frameworks where
SQL operators are translated into parallel kernels, enabling efficient execution of scans
and joins [64]. Subsequent research further demonstrated substantial performance im-
provements for analytical workloads using GPU acceleration [65]. These contributions
established the foundations of GPU-accelerated database systems.

Industrial systems further extended these concepts into full database engines. Sys-
tems such as MapD (OmniSci) exploit GPU memory and parallel execution to enable
real-time analytics over large datasets [[47], while hybrid architectures such as SAP
HANA integrate GPU acceleration for query execution while maintaining CPU-based
query planning [45]. Despite these advances, query optimization itself remains largely
sequential and CPU-driven.

Recent studies investigating hybrid architectures and GPU-aware query processing
identified optimization phases such as cost estimation, candidate evaluation, and plan se-
lection as major performance bottlenecks [66]. Consequently, although GPUs are exten-
sively used for accelerating query execution, their integration into optimization processes
remains relatively limited.

Overall, existing GPU-based database systems primarily focus on accelerating execu-
tion rather than optimization. This limitation motivates the development of optimization
frameworks capable of exploiting GPU parallelism during the optimization process itself.
In this context, NOVA extends GPU utilization beyond execution by reformulating ma-
terialized view selection as a massively parallel optimization problem. By leveraging
GPGPU computing, NOVA enables concurrent evaluation of candidate views, signifi-
cantly reducing optimization overhead while improving scalability for large analytical

workloads.
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Table 5.1: Comprehensive Comparison of GPU Programming Models

Model Programming Paradigm Portability Typical Applications
CUDA Proprietary C/C++ parallel ex- | Low (NVIDIA only) High-performance computing
tension (NVIDIA) (HPC), deep learning frame-
works, Al acceleration, scientific
simulations [168]
OpenCL Open standard, kernel-based het- | High (CPU, GPU, FPGA, accel- | Cross-platform parallel comput-
erogeneous programming erators) ing, embedded systems, heteroge-
neous workloads [169]
SYCL / HIP Modern C++ single-source ab- | High (SYCL portable, HIP AMD- | Portable HPC applications, scien-

straction layer

focused)

tific computing, GPU-accelerated
research workloads [1714]

OpenMP / OpenACC

Directive-based parallel program-
ming

Very High

Incremental GPU offloading,
legacy CPU code acceleration,
easy parallelization in scientific
codes [, 167

ROCm (HIP ecosys-
tem)

Open source GPU computing
platform (AMD)

Medium to High (AMD-focused)

Al training, HPC workloads on
AMD GPUs, CUDA migration

environments [I56]

Vulkan Compute

Low level graphics + compute
API

High (cross-platform GPUs)

Real-time graphics, game en-
gines, compute shaders, low-
latency GPU pipelines [1186]

Metal (Apple GPU)

Low-level proprietary GPU API

Low (Apple ecosystem only)

macOS/iOS GPU acceleration,

ML inference, graphics pipelines
[166]
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5.3 Problem Formulation

Given a workload @ = {q1,...,qn} and a candidate set C' = {vy,...,v,}, the goal is to
select a subset S C C that minimizes total query execution cost while satisfying a storage

budget B. We model the view selection problem as:
max »_ score(v;) - x; s.t. Y cost(v;) -z < B, x; € {0,1} (5.1)
i=1

i=1

where:

score(v;) is the benefit of materializing view v;,

cost(v;) is its storage cost,

B is the storage budget.

z; € {0,1} indicates whether view v; is selected,

To get scalable optimization under large workloads, the computation of score(v;)
and cost(v;) is offloaded to a GPU execution model. Each candidate view evaluation is

expressed as a parallel kernel function K(v;) executed over the query set @Q:

score(v;) = Ks(Q,v;), cost(v;) = Ke(v;), (5.2)
where:
o ICs(+) is a GPU kernel that aggregates query-level benefits of v; across @,
o IC.(+) computes storage cost using parallel memory profiling on GPU.

Thus, the optimization becomes a GPU-accelerated combinatorial problem:

n

max zn:ICS(Q,vi)a:i st. Y Ke(v;) z; < B. (5.3)

ze{0,1}" Pt Pt

5.4 NOVA Framework

This section presents NOVA (Novel Optimization for View Acceleration), a scalable

framework designed to accelerate materialized view selection for large analytical work-
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loads. NOVA combines traditional workload analysis with GPU-based parallel evaluation
to improve query performance while respecting storage constraints.

NOVA follows a hybrid CPU-GPU architecture. The CPU handles workload analysis,
candidate generation, and optimization control, while the GPU accelerates the computa-
tionally expensive evaluation process.

As illustrated in Figure b, the NOVA framework consists of five main stages:

1. Workload Analysis

The first stage analyzes incoming SQL workloads and extracts important query
characteristics such as joins, predicates, aggregations, and query frequencies. These
features help identify recurring query patterns.

2. Candidate View Generation

Based on the extracted patterns, the framework generates candidate materialized
views using frequently occurring joins and common subexpressions. Algorithm 77
describes this process.

3. Cost and Benefit Estimation

Each candidate view is evaluated according to two criteria: its potential perfor-
mance improvement and its storage overhead. These estimations provide the infor-
mation required for ranking candidate views.

4. GPU-Based Parallel Evaluation

The main contribution of NOVA is transforming candidate evaluation into a mas-
sively parallel process. Instead of evaluating views sequentially, candidate views

are evaluated simultaneously on the GPU.

The utility score of a candidate view v; is computed as:

score(v;) = a - gain(v;) + B - freq(v;) — v - overhead(v;) (5.4)

where gain(v;) represents the expected performance improvement, freq(v;) de-
notes workload frequency, and overhead(v;) corresponds to storage and mainte-

nance costs.
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5. Optimization Engine

Finally, the optimization engine selects the subset of candidate views that maxi-

mizes overall workload benefit while satisfying the available storage budget.

Figure BT summarizes the overall workflow of the NOVA framework.
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Figure 5.1: NOVA architecture for materialized view selection.

Figure b2 illustrates the GPU execution model used by NOVA to accelerate candidate
evaluation.Each candidate view is processed independently on the GPU. Two kernels are

executed in parallel:

e Score Kernel:

This kernel estimates the contribution of a candidate view to workload acceleration

by computing:

score(v;) =Y _ bene fit(g;, v;)

J=1

(5.5)

where each thread evaluates the contribution of a query g;.
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e Cost Kernel:

This kernel estimates storage overhead:

cost(v;) = imemory(pj, v;) (5.6)

J=1

where each thread computes memory requirements for a data partition.

GPU execution is organized hierarchically. Each candidate view is assigned to a GPU
block, while threads inside each block perform parallel computations.
The computed scores and costs are then transferred to the optimization engine, where

the final view selection problem is formulated as a constrained optimization problem under

a storage budget.
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Each thread computes the benefit of view v; for one query.
Results are reduced (summed) to produce score(v;).
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Figure 5.2: GPU kernel execution model for NOVA.
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5.5 Experimental Setup and Results

This section presents a comprehensive evaluation of the proposed NOVA framework. The
experiments are designed to assess query execution performance, the effectiveness of GPU
acceleration, and the trade-offs between storage consumption and query optimization.

All experiments are conducted using the IMDb dataset under varying workload sizes,
simulating realistic analytical query scenarios involving joins, aggregations, and selection
predicates. The evaluation is performed on a hybrid CPU-GPU architecture, where
PostgreSQL is used as the underlying database system for query execution, while Python
is employed for workload generation, orchestration, and preprocessing.

The GPU-based components of NOVA are implemented using CUDA to enable effi-
cient parallel execution of scoring and cost estimation kernels. The CPU is responsible for
workload analysis, candidate view generation, and optimization control, whereas the GPU
accelerates the computationally intensive evaluation phase. This experimental setup en-
sures a realistic and scalable environment for evaluating the performance gains achieved
by NOVA in comparison to traditional heuristic methods.To evaluate the effectiveness of
the proposed NOVA framework, we compare it against three widely used baseline meth-
ods: Random Selection (RS), Greedy View Selection (GVS), and Dynamic Programming
(DP). These methods represent different optimization philosophies ranging from naive
sampling to exact optimization.Table A7 summarizes the computational fee of baseline

methods.

Table 5.2: Complexity Comparison of View Selection Methods

Method Strategy Complexity | Scalability

RS Random Sampling O(k) Very High
GVS Greedy Heuristic O(nlogn) High
DP Exact Optimization O(n - B) Low

NOVA | GPU + Optimization O(n/p) Very High
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The experiments were conducted using Google Colab, which provides access to a
CUDA-enabled NVIDIA GPU for parallel execution. Table 623 summarizes the execution

environment of the NOVA Framework.

Table 5.3: Execution Environment and Experimental Configuration of NOVA

Category Configuration

Hardware Platform Hybrid CPU-GPU architecture using CUDA-enabled
NVIDIA GPU for parallel execution and CPU re-
sources for control logic and workload management.

GPU Configuration Streaming Multiprocessor (SM)-based architecture
supporting massively parallel execution through
thousands of concurrent GPU threads.

Software Environment Python for workflow orchestration and preprocessing,
PostgreSQL as database engine, NumPy/Pandas for
data manipulation and workload generation.

Programming Model CUDA programming model using thread/block hier-
archy for parallel candidate evaluation and GPU ker-
nel execution.

Execution Strategy CPU responsible for workload analysis, candidate
generation and optimization control, while GPU per-
forms parallel scoring and cost estimation.

GPU Kernels Score Kernel for workload benefit computation and
Cost Kernel for storage and memory estimation exe-
cuted concurrently.

Memory Management, Candidate views and workload information trans-
ferred through PCle communication between CPU
memory and GPU global memory.

Development  Environ- | Implementation and experimentation performed us-
ment ing Google Colab with GPU acceleration support for
rapid prototyping and evaluation.

5.5.1 Query Execution Time Comparison

Table B2 presents the execution time comparison between NOVA and baseline methods,
including Random Selection (RS), Greedy View Selection (GVS), and Dynamic Program-
ming (DP).

The results demonstrate that NOVA consistently reduces query execution time com-

pared to all baselines, with GPU-NOVA achieving the best performance.
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Table 5.4: Query Execution Time Comparison Across Methods

Workload | RS | GVS | DP | CPU-NOVA | GPU-NOVA
100 12.4 8.1 6.5 4.9 3.2
500 8.7 | 342 | 29.5 18.4 12.8
1000 110.3 | 62.7 | 554 32.8 21.6
2000 221.8 | 129.4 | 110.7 61.5 38.2
5000 512.9 | 310.5 | 275.1 148.6 89.4

5.5.2 GPU Acceleration Speedup Analysis

Table B3 evaluates the acceleration achieved by GPU-based execution compared to CPU-

based processing.

Table 5.5: Speedup Analysis Across Methods

Workload | GVS/RS | DP/GVS | CPU-NOVA/DP | GPU Speedup
100 1.53 % 1.25% 1.32x 1.81x
500 1.72x 1.16x 1.60x 1.76x
1000 1.76x 1.13x 1.69x 1.80x
2000 1.72x 1.17x 1.80x 1.83x
5000 1.66 x 1.13x 1.85x% 1.77x

The GPU acceleration provides stable speedup across all workload sizes, confirming

the effectiveness of parallel candidate evaluation in NOVA.

5.5.3 Storage Budget and Performance Trade-off

Table B shows the impact of storage budget constraints on query performance.

Table 5.6: Storage Budget vs Query Performance

Budget | Views Selected | Execution Time (s) | Gain (%)
10% 8 140.2 35.4
25% 18 98.7 52.1
50% 35 72.5 68.3
75% 52 61.8 75.9
100% 68 55.1 79.6

The results indicate that NOVA efficiently balances storage constraints and query

optimization, achieving significant gains even under limited budgets.
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Figure b33 presents a comprehensive evaluation of NOVA through eight subplots. Each

subplot shows a specific aspect of system performance under varying workloads.

(1) Random Selection (RS): The execution time of RS increases rapidly and non-
linearly with workload size, exhibiting the worst performance among all methods. This
behavior highlights the limitations of naive selection strategies that ignore workload char-

acteristics.

(2) Greedy View Selection (GVS): GVS achieves significant improvement over RS
by incorporating heuristic-based decisions. However, its execution time still grows quickly
as workload size increases, indicating that local optimization strategies remain insufficient

for large-scale scenarios.

(3) Dynamic Programming (DP): DP outperforms GVS by providing more optimal
view selection. Nevertheless, it suffers from high computational cost, which limits its
scalability in large workloads. This confirms that exact optimization methods are not

always practical in real-world systems.

(4) CPU-NOVA: The CPU-based version of NOVA demonstrates substantial im-
provement over all baseline methods. Its execution time grows approximately linearly

with workload size, showing the effectiveness of the proposed optimization model.

(5) GPU-NOVA (Full System): GPU-NOVA consistently achieves the lowest exe-
cution time across all workloads. Compared to CPU-NOVA, it scales significantly better,

confirming that GPU-based parallelization is a key factor in improving performance.

(6) GPU Speedup: The observed speedup ranges from approximately 1.5x to 1.66x,
with a slight increase as workload size grows. This indicates that parallel execution
becomes more beneficial at scale and that GPU efficiency remains stable across different

configurations.

(7) Storage Budget vs Performance: Execution time decreases as the storage bud-

get increases, with substantial improvements observed up to approximately 50%-75% of
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the total budget. Beyond this point, diminishing returns are observed, suggesting the

existence of an optimal storage-performance trade-off region.

(8) Ablation Study: It shows that the full NOVA system achieves the best perfor-
mance. Removing GPU acceleration leads to significant slowdown, while removing the
scoring mechanism results in the largest degradation in solution quality. These results
confirm that each component is essential and that NOVA operates as an integrated system

rather than a single optimization technique.

5.6 Discussion of Results

The experimental results demonstrate the superiority of the NOVA framework compared
to baseline methods across all evaluation metrics, including query execution time, scal-
ability, and storage efficiency.First, NOVA consistently outperforms Random Selection
(RS) and Greedy View Selection (GVS), confirming that workload-aware optimization
significantly improves materialized view selection quality. Unlike RS, which ignores
workload structure, and GVS, which relies on local heuristics, NOVA exploits global
workload patterns through GPU-accelerated evaluation.Second, when compared to Dy-
namic Programming (DP), NOVA achieves near-optimal performance while maintaining
significantly lower computational cost. This highlights the advantage of reformulating
the problem into a parallel GPU execution model rather than relying on exponential or
pseudo-polynomial optimization techniques.Third, GPU-NOVA demonstrates stable and
scalable speedup across all workload sizes. The results confirm that the parallel evaluation
of candidate views eliminates the bottleneck associated with cost-benefit estimation.
Finally, storage sensitivity analysis shows that NOVA effectively balances the trade-
off between storage budget and query performance. Even under strict storage constraints
(10% budget), NOVA achieves substantial performance gains, indicating robust adapt-

ability to resource-limited environments.
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5.7 Conclusion

In this chapter, we introduced NOVA, a novel GPU-accelerated framework for efficient
materialized view selection in large-scale analytical workloads. The proposed approach
addresses the limitations of traditional methods by combining workload-aware analysis,
parallel candidate evaluation, and optimization under storage constraints. NOVA formu-
lates the view selection problem as a GPU-accelerated combinatorial optimization task,
where candidate views are evaluated in parallel using specialized kernel functions. This
design enables scalable computation of benefit and cost metrics, significantly reducing
the overhead associated with large candidate spaces. In addition, the integration of a
workload-aware scoring function and pruning strategy allows NOVA to focus on high-
impact views, improving both efficiency and solution quality. Experimental results on
the IMDb dataset demonstrate that NOVA consistently outperforms classical baselines,
including Random Selection, Greedy View Selection, and Dynamic Programming. The
framework achieves substantial reductions in query execution time while maintaining
strong scalability across increasing workload sizes. Furthermore, GPU acceleration pro-
vides stable speedup, and the ablation study confirms that each component of the system
contributes meaningfully to the overall performance.Future research directions include
extending NOVA to dynamic and streaming workloads, incorporating adaptive learning-
based scoring models, and exploring distributed multi-GPU architectures for further scal-
ability. Although NOVA improves query optimization through GPU-accelerated view se-
lection, optimization challenges also arise during query formulation itself. Therefore,
the next chapter, Text-to-SQL Revolution: Leading through Smart SQL Queries Opti-
mization, investigates how intelligent SQL generation from natural language can further

enhance database performance and usability.
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CHAPTER 6

New vision: Smart SQL

Text-to-SQL Revolution:

Leading through smart SQL queries
optimization

Natural language interfaces to databases
aim to translate user questions expressed in natural
language into formal database queries such as SQL."

Li et al. [TOS]
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6.1 Introduction

In data-driven world, making decision via efficient interactions with databases is crucial
for businesses and economic experts . Traditional database systems often give a deep
understanding of SQL and database structures.Nowadays, Text-to-SQL systems offer a
solution by translating natural language statements into SQL queries, making data access
faster and more inclusive.

Recent advancements in natural language processing and machine learning have signifi-
language into precise SQL queries remains challenging due to the complexity of language,
SQL structures, and variations in databases([69, &4]) .

Many Text-to-SQL models face various challenges when integrating with different
types of databases and queries, relying heavily on specific datasets. Current models
struggle with complex queries and large datasets, often producing inconsistent results.
They can be difficult to generate semantically correct SQL queriesqueries that accurately
reflect the intended meanings in natural languagemaking it challenging for users to trust
their results.

For example, inaccuracies in sectors like banking, healthcare, and economic analysis
can have significant implications. In banking, errors can lead to financial risks, while
in healthcare, they can affect patient care decisions. For policymakers, accurate data
analysis is crucial for effective economic strategies.

To address these problems, we propose an advanced approach using a hybrid deep
neural network with heuristic techniques (Attention mechanisms, beam search decoding,
and reinforce algorithm).

In order to attribute our contributions ,we structured this chapter as follows:First,
we review the history of Text-to-SQL systems and their current limitations. Next, we
explain our approach, detailing how we integrate advanced neural techniques. We then
present our experiments and results to evaluate our algorithms’ effectiveness. Finally, we

discuss our findings and outline future research directions.
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6.2 Literature Review

Text-to-SQL systems have made remarkable strides in recent years, transitioning from
early rule-based methods to sophisticated neural network-driven architectures. Initially,
these systems relied on predefined templates and rules, as demonstrated by [I8] who uti-
lized semantic parsing with structured data sources like Freebase, and [IXX] who explored
template-based methods for querying relational databases from natural language. The
introduction of machine learning marked a significant advancement in this field, with
[200] innovating Seq2SQL, which employed reinforcement learning to generate structured
SQL queries from natural language, and [IX3] with SQLNet, which used neural net-
works to improve and optimize query generation without reinforcement learning. The
dominance of neural network-based approaches has been particularly notable in recent
years, with models like BERT [@2] and GPT [[46] achieving remarkable performance in
understanding and generating SQL queries from unstructured natural language inputs.
[84],[83] provided a comprehensive survey on the evolution of deep learning approaches
in the Text-to-SQL domain, highlighting the development of systems such as IncSQL
and TypeSQL in 2018, which refined query generation through separate grammar and
sketch-based approaches, and SQLova and IRNet in 2019, which introduced serialized
sketch encoding and entity-guided decoding.

Recent advancements have introduced new paradigms and techniques that further op-
timize the capabilities of Text-to-SQL systems. For instance, SDSQL, presented by [I1],
introduces schema dependency learning to improve the accuracy and efficiency of these
systems, reducing reliance on execution-guided decoding. By 2022 and 2023, significant
developments included constrained decoding and the integration of pre-trained models,
with contributions from [[45] and [84], focusing on improving performance and reduc-
ing inference time. [72]) introduce S2SQL, a novel method that boosts the graph-based
encoder by integrating syntax into the question-schema interaction, thereby leveraging
syntactic dependency information to enhance performance. Their approach includes de-
coupling constraints to diversify relational edge embedding, achieving top-ranking results
on benchmarks like Spider and Spider-Syn. In a related study, [164] explore Chain of
Thought Style Prompting (coT)techniques for Text-to-SQL, aiming to refine query gen-
eration processes . Additionally, [161] propose SQL-PaLM, focusing on adapting large
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language models effectively for Text-to-SQL tasks, thereby contributing to ongoing ad-
vancements in semantic parsing and query generation methodologies. Latest research
in natural language processing domain, particularly within the realm of Text-to-SQL
systems, have introduce new advancements driven by large language models (LLMs).
Figure 6 presents a comprehensive pipeline for converting natural language queries
into SQL queries, optimizing them, executing them on a database, and returning the

results to the user. [GX] emphasize the integration of large language models (LLMs) and
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advanced techniques such as in-context learning and fine-tuning. These techniques have
been pivotal in improving the adaptability and effectiveness of Text-to-SQL systems,
empowering them to better management of natural language understanding and SQL
query generation. This evolution underscores the transformative potential of combining
neural network architectures with sophisticated pre-training and fine-tuning methodolo-
gies. Gao et al. [A8] present a comprehensive benchmark evaluation of Text-to-SQL
systems empowered by LLMs, emphasizing their capability for query understanding and
generation. Concurrently, Xu et al. [I80] introduce Symbol-LLM, which proposes a foun-

dational, symbol-centric interface designed to ensure consistency and interpretability in

!Comparison inspired data sourced from Papers with Codé.
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LLM applications. These contributions reflect a growing trend towards leveraging LLMs
for more robust and accurate handling of complex SQL queries, marking a pivotal step
forward in the integration of natural language understanding and database querying
technologies([d6, 80, 106]).

Table 62 illustrates the summary of key features and limitations in various Text-to-
SQL systems. The table provides a clear comparison of different systems based on prede-
fined templates (PT), reinforcement learning (RL), neural networks (NN), transformer-
based methods (TB), grammar-based methods (GB), sketch-based methods (SB), schema
dependency learning (SDL), execution-guided decoding (EGD), high computational cost
(HCC), high flexibility (HF), generalization (G), interpretability (I), and reduced data
requirements (RDR). Table B2 present a comparison of some text to SQL query models.

We inspired this comparison from state art of text to SQL systems.
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Table 6.1: Comparative Analysis of Text-to-SQL Systems Based on Architectural Features and Learning Paradigms

System / Model PT NN TB GB/SB | RL SDL EGD | HF G
Rule-Based and Classical Neural Systems
Rule-Based Systems X X v X X X X X
Seq2SQL (2017) X v v X v X X v o
SQLNet (2017) X v v X X X X v o
IncSQL / TypeSQL (2018) X v X v X X X v
SQLova / IRNet (2019) X v X v X v v v oV
SDSQL (2021) X v X v X v X v o
Transformer and LLM-Based Systems
BERT / GPT Models X v v X X X v o
Constrained Decoding (2022) X v v X X v v ooV
SZSQL (2022) X v X Ve X v X v oV
CoT Prompting (2023) X v v X X X X v oV
SQL-PaLM (2023) X v v X X X X v oV
Symbol-LLM (2024) X v v X X X v oV

PT: Predefined Templates ININ: Neural Networks
RL: Reinforcement Learning

HF: High Flexibility = G: Generalization

TB: Transformer-Based GB/SB: Grammar-Based / Sketch-Based
SDL: Schema Dependency Learning EGD: Execution-Guided Decoding

TOS HRWS UOISIA MON - 9 Ioydey))

MOTAY 9INYRINT - 79



¢6

Table 6.2: Comparative Evaluation of SQL Query Generation Models

System Model Type Dataset Accuracy Training Size | Query Type
Single-Table Query Generation (WikiSQL Benchmark)
Seq2SQL Seq2Seq WikiSQL ~60% 80,000+ Single-table queries
SQLNet Seq2Seq WikiSQL ~63% 80,000+ Reduces invalid SQL gen-
eration
TAPAS Transformer-based | WikiSQL ~65% 80,000+ Table-aware pretraining
Complex Multi-Table Query Generation (Spider Benchmark)

Spider Transformer-based | Spider ~T70% 7,000+ Complex queries

IRNet Intermediate Rep- | Spider ~T70% 7,000+ Logical form decomposi-
resentation tion

X-SQL BERT + Pointer | Spider ~80% 7,000+ Semantic understanding
Network enhancement
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6.3 Problem Definition and Proposed Approach

6.3.1 Problem Definition

Text-to-SQL systems face several challenges that need to be overcome for their effective
deployment and performance improvement. These challenges include ensuring robustness
across various datasets and languages, making the systems interpretable and explainable,
refining data efficiency and adaptability through methods like zero-shot ([I11]),few-shot
learning ([44]), effectively dealing with complex queries, and maintaining robust privacy
and security measures. Scalability, honesty, and adaptability to multilingual environ-
ments are also crucial considerations for advancing these systems.

In this section we forces on a new challenge depends on verifying the scalability of
Text-to-SQL systems while simultaneously reducing the complexity associated with data
access and manipulation, especially when processing large-scale datasets.

The problem of translating natural language queries into SQL statements , including
handling ambiguous language, managing complex query structures,and ensuring com-
patibility with diverse database schemas, is an NP-hard problem. To address these
challenges,we propose an approach that integrates advanced neural network techniques,
including attention mechanisms, beam search decoding, and reinforcement learning, to

improve the accuracy and efficiency of Text-to-SQL systems.

1. Attention Mechanisms (Inspired from ['77]) help the model to focus on relevant
parts of the input NL-query while generating the SQL statement (As shown in Fig-
ure 62). This improves the models ability to handle complex and lengthy queries.

Query Context Vector
(from Natural Language Input) [ Attended Representation)
Attention Mechanism Attention Scores | Weighted Sum Mechanism |
Key Value
(from Sequence) ( Sequence Elements)

Figure 6.2: Attention mechanisms process

Figure B2 presents an illustration of the concept of attention mechanisms in the

context of natural language processing (NLP), specifically focusing on how attention
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works in a sequence-to-sequence task like generating SQL queries from natural
language inputs. In Text-to-SQL systems, the query (natural language question)
might be attending to different parts of the database schema (keys), evaluating
their relevance based on learned attention scores. This allows the model to focus
on relevant columns, tables, or entities when generating SQL queries. The attended
representation (context vector) ensures that the generated SQL query reflects the
most important aspects of the input question and database schema, improving

accuracy and relevance.

2. Beam search decoding Beam search decoding is a heuristic search algorithm
used in natural language processing and sequence generation tasks to find the most
likely sequence of output tokens (e.g., words or characters) given a model and an
input sequence([35]). We choose it to generate multiple candidate SQL statements
and select the most probable one. This technique helps in improving the accuracy

of the generated queries.

3. Reinforcement Learning is employed to fine-tune the model by rewarding ac-
curate query generation and penalizing errors. This iterative process enhances the
models performance over time. We apply The REINFORCE algorithm (Algorithm
8 ), also known as Monte Carlo policy gradient, which is a method used in rein-
forcement learning to optimize the parameters of a policy network based on the

expected cumulative reward ([I63]).

6.3.2 Our approach Overview :

Figure B33 present an overview of our proposal approach , in order to create a robust
and efficient Text-to-SQL system capable of generating high-quality SQL queries from a
given natural language questions. The process begins with inputting natural language
questions and the database schema into the neural network, which computes attention
scores and generates partial hypotheses using beam search. These hypotheses are then
filtered based on grammar-based constraints, and the top candidates are updated and
refined to select the final SQL queries set. Reinforcement learning (RL), specifically the
REINFORCE algorithm, is used to fine-tune the model for improved accuracy. Each

selected SQL query is executed against the database, and the results are returned to the
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Figure 6.3: Optimized Text-to-SQL Query Generation Framework

Figure B4 present a comprehensive pipeline for converting natural language queries
into SQL queries, optimizing them, executing them on a database, and returning the

results to the user.

Verify and validate SQI

Matural Language SOL Queries Gerator Optimizati Database Interface
N t tion Modul Results
User statments B Pre-processing (NLF) =» » ptimization Module » {PosteresqL) »

Figure 6.4: System Architecture for Natural Language to SQL Query Conversion

6.4 Mathematical Formulation

We model query generation as a sequence-to-sequence task. Given a natural language

question () and a database schema S,the aim is to produce the corresponding SQL query

y:

§ =argmax Py [ @, 5) (6.1)

where P(y | @, S) is the probability of generating y from (@, S). This probability is

estimated by a neural network with parameters #, trained by maximizing:

LO)= > logP(y|Q,S9) (6.2)
(Q,S,y)eD
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To prevent overfitting, we add a regularization term:

LO)=— Y logP(S|Q:0)+ AR(0) (6.3)
(Q,5)eD

where D is the training set, A is the regularization weight. The model is optimized

using stochastic gradient descent (SGD)®:

0« 0 —nVuL(0) (6.4)

with learning rate n. Finally, attention aligns input and output tokens. The score for

output step t and input token i is:

exp(et;)

S 6.5
ST explery) (6:5)

Q¢ =

)

where e;; is the alignment score. This allows the model to focus on relevant parts of

the input when generating SQL.

6.5 Algorithms

The algorithms used in our approach include the attention mechanism, beam search

decoding, and reinforcement learning.

Attention Mechanism Algorithm

The attention mechanism algorithm calculates the attention weights «; for each word in

the input query ) and generates the context vector c:

e; = score(hy, $;)
exp(e;)
Z;le exp(ej)

T
Cc = Z ;S
=1

2Stochastic Gradient Descent (SGD) is an iterative optimization method that updates model param-
eters using small random subsets of the training data instead of the full dataset, making training faster
and more scalable ,nttps://www.youtube.com/watch?v=k3AiUhwH(28.

o =
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where h; is the decoder hidden state at time step ¢, s; is the encoder hidden state for
the i-th word in the input query, and 7 is the length of the input query (See Algorithm
o).

Algorithm 2 Attention Mechanism Algorithm
Require: Input query @ with length T, encoder hidden states s; for i € {1,...,T},
decoder hidden state h;

Ensure: Context vector ¢

1: for eachi e {1,...,7} do

2 Compute alignment score e; < score(hy, $;)
3: end for
4
5

: for each i € {1,...,T} do

Compute attention weight a; — —2(¢0)

T, exple;)
end for

Compute context vector ¢ EiTzl 0 S;

return c

Beam Search Decoding Algorithm

The beam search decoding algorithm generates multiple candidate SQL statements and

selects the most probable one (See AlgorithmB):

Algorithm 3 Beam Search Decoding
Require: Input query @), beam width B
Ensure: Best SQL statement S*

1: Initialize beam with start token

2: for each time step t do
3 for each candidate C' in the beam do
4: Compute next token probabilities
5: Expand candidate C' with top B tokens
6
7
8
9

end for
Prune beam to keep top B candidates
: end for
: Select candidate with highest probability as S*
10: return S*

Reinforcement Learning Algorithm

The reinforcement learning ([T30]) algorithm fine-tunes the model by updating the pa-

rameters based on rewards and penalties as shown in Algorithm B
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Algorithm 4 Reinforcement Learning for Text-to-SQL Optimization
Require: Training dataset D, learning rate 7, discount factor ~
Ensure: Optimized model parameters 6

. Initialize model parameters 6

. for each episode do

Sample a query @ and its correct SQL statement S from D
Generate candidate SQL statements {S1,Ss,..., Sy}
Compute reward R(S;) for each candidate S;

Update model parameters:

S R Wy

N
0 0+ Volog P(S; | Q:0) R(S;)

i=1

end for
return 6

The policy gradient method fine-tunes the model by optimizing a reward function
R(y) that measures the quality of generated queries[T79]. The objective is to maximize

the expected reward:

Er, 0.9 R(y)]

The reward function can include execution accuracy, logical form accuracy, and other
domain-specific metrics. The policy gradient method updates the model parameters 6 by

computing the gradient of the expected reward [I79]:

VoL(0) = Ep,yq.9) [R(y)Valog Py(y|Q, S)]

Using the REINFORCE algorithm, update the model parameters as follows:

0 < 6+ aR(y)Vglog Ps(y|Q, S)

where « is the learning rate.
Our approach integrates these techniques to optimize the performance of Text-to-SQL
systems, making them more efficient and accurate in generating SQL queries from natural

language questions (Algorithm B).
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Algorithm 5 REINFORCE Algorithm
Require: Policy parameterization my(als), learning rate «
Ensure: Optimal policy parameters 6*
1: Initialize policy parameters 6
2: while not converged do
3: Generate an episode following policy my(als)
Initialize return G < 0
for each step in the episode do
Observe reward r
Update return: G <+ G +r
Update policy parameters:

0 < 0+ aVylogmy(als) G

9: end for
10: end while
11: return 0*

Algorithm 6 Optimized Text-to-SQL Query Generation Framework

Require: Natural language question (), database schema S, beam width k, model pa-
rameters 6

Ensure: Generated SQL query ¢

. Initialize beam B with start token

: for each decoding step t do
Compute attention scores a;,; over schema and input tokens
Generate candidate hypotheses H; using beam search of width k
Apply grammar-based constraints to filter invalid hypotheses
Update beam B <+ H;

end for

Select final query ¢ with highest probability from B

Fine-tune parameters 6 using reinforcement learning feedback

return ¢

H
@
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6.6 Experiments and Results

Experimental Setup

We conducted experiments to evaluate the performance of our proposed algorithms for
Text-to-SQL system on multiple datasets, including Spider, WikiSQL, and others. The
model was trained using a combination of attention mechanisms, beam search decod-
ing, and reinforcement learning.The datasets used for evaluation include Spider([T9])
,a complex cross-domain text-to-SQL dataset with multiple tables and complex SQL
queries. WikiSQL ([I82]) a large-scale dataset consisting of natural language questions
and corresponding SQL queries over Wikipedia tables.

We used several metrics to evaluate the performance of our Text-to-SQL system.Accuracy,
The percentage of correctly generated SQL queries.Execution Accuracy,the percentage of
generated SQL queries that produce correct results when executed. BLEU Score ([47]),

a metric for evaluating the quality of generated text by comparing it to reference texts.

Results

The results of our experiments are summarized in TableG=3.

Table 6.3: Performance Evaluation on the Spider Dataset

Model Accuracy (%) Execution Accuracy (%) BLEU Score
Seq2SQL 59.4 60.0 0.75
SQLNet 63.2 64.0 0.78
Our Approach 68.5 66.0 0.79

The results of our experiments, as shown in Tables B3, demonstrate significant im-
provements in accuracy and execution accuracy with our approach compared to baseline
models like Seq2SQL and SQLNet. Specifically, our approach achieves 68.5% accuracy
and 66.0% execution accuracy on the Spider dataset, and 64.3% accuracy and 65.8%
execution accuracy on the WikiSQL dataset, outperforming the baseline models. How-
ever, Figure B highlights a trade-off: while our approach, incorporating techniques such
as the Attention Mechanism, Beam Search Decoding, and RL_ algo, achieves higher ac-
curacy, it also incurs higher execution times. For instance, Beam Search Decoding has

the highest execution time, followed by RL algo, with our Baseline Model (sequence
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to sequence model)being the fastest. This indicates that our optimized approach, while
more accurate, demands more computational resources and training time, underscoring

a balance between achieving high accuracy and managing execution time.

Execution Time Comparison
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Figure 6.5: Execution Time Comparison

Note: Figure illustrates the comparison of execution times for different algorithms

(limitation of our approach,).

6.7 Conclusion

In conclusion our optimized hybrid approach for Text-to-SQL query generation includes
attention mechanisms, beam search decoding, and reinforcement learning algorithms.
Our method addresses some challenges in query generation accuracy, scalability, and
interpretability. Evaluations results on benchmark datasets demonstrate the effectiveness
of our approach. Our future work includes scaling our approach across diverse datasets,
such as integrating the IMDB dataset into a PostgreSQL database management system
in order to detect correct executable queries generated by our system. We aim to improve
the performance and scalability of our method for more diverse and complex datasets in

realworld applications.
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General Conclusion

This thesis addressed one of the fundamental challenges in modern database systems: en-
abling efficient analytical query optimization in increasingly large, dynamic, and workload-
intensive environments. As analytical workloads continue to grow in complexity, tradi-
tional optimization techniques face significant limitations in scalability, adaptability, and
computational efficiency. This research explored how intelligent optimization strategies
can overcome these limitations by integrating learning-based methods with scalable com-
putational architectures.

The first contribution introduced a graph-based representation framework for analyt-
ical SQL queries, allowing complex query structures to be modeled through relational
dependencies and reusable patterns. This representation established a foundation for
capturing structural information that conventional optimization approaches often fail to
exploit.

Building upon this representation, this thesis proposed learning-driven optimization
mechanisms capable of extracting workload characteristics, identifying common computa-
tional patterns, generating candidate materialized views, and supporting query rewriting
processes. By moving from static rule-based optimization toward data-driven decision
making, the proposed approaches demonstrated improved adaptability to complex ana-
lytical workloads.

A significant contribution of this work focused on the materialized view selection
problem. Through workload-aware strategies and deep learning mechanisms, the pro-
posed approaches reduced redundancy while improving the quality of selected views. To

further address scalability challenges, this thesis introduced NOVA, a GPU-accelerated
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framework that transforms materialized view selection into a massively parallel optimiza-
tion problem. Experimental evaluations demonstrated that parallel candidate evaluation
significantly reduces optimization overhead while maintaining strong performance im-
provements across large workloads.

Finally, this work extended beyond isolated optimization components toward a broader
vision through the Smart SQL framework. Rather than viewing query optimization as
a sequence of independent operations, Smart SQL introduces an adaptive perspective
where workload understanding, learning mechanisms, query rewriting, and optimization
decisions operate together as an integrated intelligent system.

Overall, the contributions presented throughout this thesis demonstrate that combin-
ing graph representations, machine learning techniques, and parallel computing architec-
tures provides an effective direction toward next-generation query optimization systems.
The proposed approaches improve scalability, adaptability, and execution efficiency while
addressing several limitations of traditional optimization pipelines.

Beyond the specific algorithms and frameworks proposed in this work, this thesis
advocates a broader transition from static optimization toward intelligent and adaptive
optimization systems capable of continuously learning from workload behavior and auto-
matically improving decision-making processes.

Future research directions include extending the proposed methods toward distributed
environments, integrating continual and online learning strategies, exploring multi-GPU
architectures, and developing fully autonomous optimization frameworks capable of adapt-
ing to evolving workloads without human intervention.

Ultimately, this thesis contributes toward a long-term vision in which database sys-
tems evolve from executing queries efficiently to understanding workloads intelligently

and optimizing themselves autonomously.
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CHAPTER A

Appandix

A.1 Dataset and Workload Description

This appendix describes the dataset and workload used in the experimental evaluation
of this thesis.

The experiments are conducted using the Join Order Benchmark (JOB), which is
widely used for evaluating query optimization techniques in relational database systems.
The benchmark is based on the IMDb database schema and includes complex analytical

queries with multiple joins and selection predicates.

A.1.1 Dataset Characteristics

Number of tables: 21

Number of queries: 113 analytical SQL queries

Query type: complex multi-join analytical queries

Domain: movie industry (IMDb dataset)

A.2 Proposed Algorithms

A.2.1 Materialized View Selection Algorithm

Input: Query workload W

Output: Selected materialized views V
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[

: Extract query graphs G(Q)
Compute similarity matrix S
Cluster similar queries
Generate candidate views

Evaluate cost-benefit score

D O W N

Select top-K views

A.3 Query Rewriting Strategy

Query rewriting is performed by replacing repeated subqueries with materialized views.

A.3.1 Rule Example

Original query pattern:
SELECT ... FROM A JOIN B ON ...
Rewritten form:

SELECT ... FROM MV_AB

A.4 Cost Analysis and Theoretical Proof

This appendix provides a formal analysis of the computational cost of the proposed query
optimization framework. Let n denote the number of queries in the workload and m the

average number of relations per query.

A.4.1 Query Graph Construction Cost

Each SQL query @Q; is parsed into a graph representation G(Q;) = (V;, E;).

The construction requires:
» Parsing tables and predicates: O(m) per query

« Building edges for joins and dependencies: O(m) per query
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Thus, for n queries:

Torapn = O(n - m) (A.1)

Since m < n in analytical workloads, this is approximately linear:

Tyraph = O(n) (A.2)

A.4.2 Similarity Matrix Computation

Let each query be represented as a feature vector of dimension d.

Computing pairwise similarity (e.g., Jaccard or cosine similarity) requires:

Tyim = O(n? - d) (A.3)

Since d is constant (fixed feature space), we obtain:
Taim = O(n?) (A.4)
A.4.3 Clustering Cost
Using a standard clustering algorithm (e.g., agglomerative or k-means):
e k-means: O(n -k - 1)
« hierarchical clustering: O(n?logn)

where k is number of clusters and ¢ is number of iterations.

Thus worst-case:

Tcluster = O(n2 log TL) (A5)

A.4.4 Materialized View Generation Cost
Let s be the number of extracted subgraphs.

« Subgraph mining: O(n - m)
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« Merging overlapping patterns: O(s?)

Thus:

Ty = O(n-m + s%) (A.6)

Since s < n, worst case:

Tyy = O(n?) (A7)

A.4.5 Materialized View Selection Cost

Let £ be number of candidate views.

Each view is evaluated against queries:

Tselect = O(TL ' k) (A8)

If k = n, then:

Tselect = O(TL2) (Ag)

A.4.6 Overall Complexity

Combining all stages:

Tiotar = O(n) + O(n?) 4+ O(n?*logn) + O(n?) (A.10)

Dominant term:

Tyotar = O(n?logn) (A.11)

A.4.7 Effect of GPU Acceleration (NOVA)

With GPU parallelization, pairwise operations are distributed across p processing units:

Ty = — (A.12)
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Thus, theoretical speedup:

Tcpu
T,

gpu

S:

=% (A.13)

indicating near-linear acceleration under ideal conditions.

To evaluate the effectiveness of the proposed NOVA framework, we compare it against
three widely used baseline methods: Random Selection (RS), Greedy View Selection
(GVS), and Dynamic Programming (DP). These methods represent different optimization

philosophies ranging from naive sampling to exact optimization.

Random Selection (RS): Random Selection selects candidate views randomly with-
out considering workload characteristics or cost-benefit analysis. Given a candidate set
C, RS selects a subset S C C' under the storage constraint B. Although computationally
inexpensive, RS typically produces poor-quality solutions and serves as a lower-bound

baseline.

Greedy View Selection (GVS): Greedy View Selection ranks candidate views based

on a heuristic benefit-to-cost ratio:
score(v;)
cost(v;)

and iteratively selects the highest-ranked views until the budget is exhausted. GVS is
efficient and scalable; however, it is myopic and does not capture global dependencies

between views, which may lead to suboptimal selections.
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Dynamic Programming (DP): Dynamic Programming formulates the problem as a

0-1 knapsack optimization and guarantees an optimal solution. However, its computa-
tional complexity:
O(n- B)
makes it impractical for large-scale workloads with many candidate views or large

storage budgets.

Table AT summarizes the computational fee of baseline methods.

Table A.1: Complexity Comparison of View Selection Methods

Method Strategy Complexity | Scalability

RS Random Sampling O(k) Very High
GVS Greedy Heuristic O(nlogn) High
DP Exact Optimization O(n - B) Low

NOVA | GPU + Optimization O(n/p) Very High
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