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" Distributed machine learning allows us to break down large, complex problems into smaller,

more manageable parts, enabling us to tackle them with greater efficiency and accuracy.”
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RESUMO

Machine Learning (ML) e Inteligéncia Artificial (IA) sdo dois termos intimamente relacionados. A
Inteligéncia Artificial € uma disciplina que busca criar maquinas que tenham a capacidade de imitar as
habilidades cognitivas humanas, como aprendizagem, raciocinio, perce¢do, e tomada de decisdo. Machine
Learning é uma das técnicas de IA que permite as maquinas aprenderem a partir de dados sem serem
explicitamente programadas.

O crescimento exponencial dos dados nas tltimas décadas tem sido um dos principais fatores im-
pulsionadores do avango da Inteligéncia Artificial e de Machine Learning. As empresas e organizagdes
recolhem dados em volumes cada vez maiores, incluindo informagdes de transacdes financeiras, registos
médicos, dados de sensores [oT e muito mais. Esses dados sdo cruciais para impulsionar a inovagao e o
progresso, mas podem ser muito complexos e dificeis de serem analisados manualmente.

E aqui que entra o Machine Learning, que permite que as maquinas aprendam e automatizem a anlise
de grandes conjuntos de dados. Essa abordagem reduz o tempo e o esforco necessarios para realizar
andlises complexas, além de fornecer insights valiosos que podem ser usados para melhorar as operagdes
de negdcios, aumentar a eficiéncia e tomar decisdes mais informadas.

A medida que os dados continuam a crescer em tamanho e complexidade, é necessario adotar novas
abordagens e sistemas para lidar com eles de forma eficiente. Uma das maneiras pelas quais isso estd a ser
feito € através do desenvolvimento de técnicas Machine Learning mais avangadas, como redes neuronais
profundas e algoritmos de aprendizagem por refor¢o (Reinforcement Learning) (RL), que podem lidar
com conjuntos de dados maiores e mais complexos de forma mais eficaz. Além disso, o uso de tecnologias
como a computagdo em cloud e o processamento de dados distribuidos também pode ajudar a reduzir o
consumo de recursos computacionais e a tornar a andlise de dados mais escaldvel.

Desta forma, a solugdo proposta, surge para colmatar alguns dos desafios que surgiram com o aumento
do volume dos dados. Um sistema de Machine Learning distribuido que corre sobre um cluster Hadoop
e tira vantagem das funcionalidades de replicacdo, balanceamento e distribuicdo por blocos. Permite o
treino de modelos de uma forma distribuida seguindo o principio de data locality, sendo capaz de alterar
partes do modelo através de um mddulo de otimizacao, portanto possibilitando a evolu¢do do modelo ao
longo do tempo consoante novos dados chegam.

Palavras-chave: Distributed Machine Learning. Distributed File System. Hadoop. Machine Learning.
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ABSTRACT

Machine Learning (ML) and Artificial Intelligence (Al) are two closely related terms. Artificial In-
telligence is a discipline that seeks to create machines that have the ability to mimic human cognitive
skills, such as learning, reasoning, perception, and decision making. Machine Learning is one of the Al
techniques that allows machines to learn from data without being explicitly programmed.

The exponential growth of data in recent decades has been one of the main driving factors of Al and
Machine Learning advancement. Companies and organizations collect data in increasingly large volumes,
including financial transaction information, medical records, [oT sensor data, and more. This data is
crucial for driving innovation and progress, but can be too complex and difficult to analyze manually.

This is where Machine Learning comes in, allowing machines to learn and automate the analysis of
large data sets. This approach reduces the time and effort required to perform complex analyses, as well
as providing valuable insights that can be used to improve business operations, increase efficiency, and
make more informed decisions.

As data continues to grow in size and complexity, new approaches and systems are needed to
handle it efficiently. One way this is being done is through the development of more advanced Machine
Learning techniques, such as deep neural networks and reinforcement learning algorithms, which can
more effectively handle larger and more complex data sets. In addition, the use of technologies such as
cloud computing and distributed data processing can also help reduce the consumption of computational
resources and make data analysis more scalable.

Thus, the proposed solution arises to address some of the challenges that have emerged with the
increase in data volume. A distributed machine learning system that runs on a Hadoop cluster and
takes advantage of replication, balancing, and block distribution capabilities. It allows models to be
trained in a distributed manner following the principle of data locality, being able to change parts of
the model through an optimization module, thus enabling the model to evolve over time as new data arrives.

Keywords: Distributed Machine Learning, Distributed File System, Hadoop, Machine Learning.
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Chapter 1

Introduction

The field of Machine Learning (ML) [1] has seen many advancements [2, 3, 4], but new challenges
continue to arise [5, 6]. These challenges stem primarily from the large volume and diversity of data in
current ML problems and the need for the real-time delivery of services based on that data [7]. This has
led to the emergence of new fields of research based on streaming data, such as streaming analytics [8]
and streaming ML [9].

New systems resulting from research and development efforts often have a common trait - they are
distributed. This means they encompass not only distributed storage but also distributed processing,
specifically model training and serving. Although such systems [10] enable handling larger data volumes
that cannot be accommodated in a monolithic system’s memory or storage, they necessitate increased
coordination and synchronization efforts. These efforts not only entail computation but also involve the

complexity of the algorithms employed, which may need adaptation or fresh development.

Parallel or distributed connectionist algorithms, like neural networks or deep learning, have been
devised to reduce training time with large datasets, one of their main drawbacks. In these cases, the
challenge is to maintain convergence and efficiency at scale. For instance, the authors propose Kronecker-
factored Approximate Curvature (K-FAC) [11] as a Fisher Information Matrix approximation [12] for use

in natural gradient optimizers, validating it with compelling results.

Another approach is creating ensembles [13], which are groups of simpler models or weak learners
trained with parts of the data. Although each base model is typically poor when considered individually,
grouping them into an ensemble through some heuristic often yields better results than using a single

complex model.

There are various types of ensembles, some of which can be implemented straightforwardly in a
distributed manner. Bagging Ensembles [14] are made up of a group of base models trained with different
parts of the data selected randomly. Bagging Ensembles are highly resilient to overfitting [15] and can
be naturally distributed, with different base models trained on data selected from different parts of the
dataset. Each base model has an equal weight in computing the final prediction in a Bagging Ensemble,
regardless of its quality.

Stacking Ensembles [16], in contrast, involve training multiple models on the same data, which makes
it challenging to distribute the algorithm if the data is distributed. The algorithms used to train the models
must be capable of distributed learning. In Stacking Ensembles, each base model might have a different

weight when making predictions, or some base models might not be considered at all, with the final stage
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of training an additional model to learn how to best combine the predictions.

Boosting Ensembles [17] add base models sequentially, with each new model attempting to minimize
the error on instances that were more poorly classified by the previously trained one. Boosting Ensembles
are more prone to overfitting, particularly in scenarios with outliers, and are less likely to be distributed or
parallelized since models are trained sequentially.

There are various approaches to distributed learning, each with its own strengths and weaknesses, and
the most appropriate one can only be determined on a case-by-case basis [17]. However, when it comes to
suitability for distributed learning, an ordering can be proposed, with Bagging being the most appropriate
and Stacking being the least suitable.

In recent years, additional challenges have arisen in distributed learning, as data sources and storage
have grown in size and are spread across different regions with varying privacy and data protection
regulations. To address this, Federated Learning (FL) [18] has emerged, allowing organizations, countries,
or regions to collaboratively train machine learning models in a distributed manner while respecting data
ownership and privacy by keeping the data decentralized and training and sharing the models.

The CEDEs project, presented in this dissertation, integrates the concepts of Ensembles, Distributed
Learning, and Federated Learning. However, CEDEs goes beyond traditional Ensembles as it enables
Ensembles to evolve effortlessly over time without requiring a full re-training as data changes. Ensembles
are treated as logic constructs that can be easily set up based on user requirements and the state of the
cluster.

This dissertation analyzes the relationship between data block size, degree of parallelism, and the
impact on the quality of the Ensemble in CEDEs. This relationship is detailed in Section 4, with the
aim of finding the optimal point at the intersection of these conflicting requirements. A smaller block
size increases the degree of parallelism, but also incurs a coordination overhead, while a larger block
size may defeat the purpose of having an Ensemble. The impact of block size on model quality is not
straightforward and will be studied in-depth.

Optimizing these factors is critical for CEDEs and other distributed learning systems to efficiently
manage cluster resources. By finding the optimal point, CEDEs can achieve a more efficient evolution of

Ensembles, enhancing their predictive performance over time.

1.1 Project CEDEs

This section describes, from a functional and high-level perspective, the Continuously Evolving Distributed
Ensembles (CEDEs) project. The main objective of CEDEs is to create an ecosystem for the distributed
training of ML models, allowing the models to adapt as data changes, in a cost-effective way. This
addresses not only the challenge of handling large volumes of data but also the capability of learning
continuously from streaming data.

CEDEs takes advantage of existing block-based distributed file system, such as Hadoop Distributed
File System (HDFS) [19] to parallelize and distribute learning tasks efficiently by following the principle
of data locality [20] which means that the computation is operating where data resides, instead of the
other way around. Rather than conventional models, CEDEs uses Ensembles [13], where a dataset is
separated by blocks and a base model is trained for each block and Ensembles are created in real-time by
combining available models based on performance or other criteria. This is managed by an optimization

module that adapts the Ensemble as new data arrives.
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1.1.1 Work operationalization

In the pursuit of conducting the project, an Agile methodology was adopted, specifically SCRUM, as the
primary framework to guide the investigation. The implementation of SCRUM allowed for a dynamic
and iterative approach, emphasizing adaptability and flexibility to accommodate the evolving nature
of the research process. A cohesive team of dedicated researchers collaborated in order to facilitate
the management and development of tasks, each member contributing unique expertise and skills to
the project. Weekly meetings were an integral part of the project endeavor, providing an opportunity
to assess progress, discuss challenges, and refine our research objectives. These regular gatherings
facilitated effective communication and coordination, creating an environment conducive to collective
problem-solving and continuous improvement. Overall, the utilization of Agile practices, complemented
by a talented and committed research team and structured weekly meetings, greatly contributed to the
success and efficiency of this academic pursuit. This project was funded by FCT and all the team
members involved obtained a scholarship to work on it. The gitlab tool was used to define tasks and
version control as the project evolved and all the code that brings this system to life is available in

https://gitlab.estg.ipp.pt/dcarneiro/cedes.

1.2 Obijectives

This project takes a part of the CEDESs project and aims to develop an environment that allows users to
train Machine Learning models in a distributed manner. The goal is to create a platform that enables users
to train models more efficiently and accurately, by distributing the workload across multiple machines.
This distributed approach to machine learning training has the potential to significantly reduce training
times and improve the accuracy of models.

In addition to developing the distributed training environment, the project aims to investigate the
impact of the block size on the quality of the base models. The block size refers to the size of the data
chunks that are distributed across the machines for training. By studying the impact of block size on the
quality of the models, the project aims to determine the optimal block size for distributed training.

Furthermore, the project will explore different approaches for attaching weights to the predictions of
each base model, using the quality of the model as a metric. This will involve testing various methods for
weighting predictions, in order to determine the most effective approach for improving the performance
of the ensemble.

Overall, the objectives of the project are to develop an efficient and accurate platform for distributed
Machine Learning training, to investigate the impact of block size on model quality, and to explore

different approaches for weighting predictions to improve model accuracy.

1.3 Research Methodology

The research methodology utilized for this project was Design Science Research (DSR). DSR is a research
methodology that focuses on the creation and evaluation of innovative artifacts, such as technologies,
processes, and systems. The goal of DSR is to develop practical solutions to real-world problems, while

also advancing scientific knowledge in the field.


https://gitlab.estg.ipp.pt/dcarneiro/cedes

DSR, as it shows in fig. 1, follows a cyclical process that involves several stages, including problem
identification, artifact design, artifact evaluation, and knowledge dissemination. In the problem identifica-
tion stage, researchers identify a real-world problem that needs to be addressed. The artifact design stage
involves creating a prototype of the solution, which is then evaluated in the artifact evaluation stage. The
results of the evaluation are then used to refine the artifact, and the knowledge gained is disseminated in

the final stage.

Design
Y ~ s ~ . ~
1. Literature 2. Develop the 4. Improve/
review — method as a Re-design the
. P —
L ) 9 solution ) method ) 6. Reflection
"""""" S i F s Ry | and
Evaluation .
4 + . Communication
Vs N vy
3. Evaluate 5. Evaluate
through through case
cases/scenarios L studies

Figure 1: Visual explanation of DSR research methodology..

DSR is a highly iterative and collaborative process that involves both researchers and practitioners. By
combining scientific rigor with practical application, DSR has the potential to create innovative solutions

that address real-world problems while also advancing scientific knowledge in the field.

1.4 Structure

The document is structured into several chapters that provide a comprehensive overview of the project and
its research methodology.

The first chapter is the introduction, where an overview of the project is presented along with the
objectives and the research methodology used for its development.

The second chapter is the theoretical background, where all the related concepts within the scope of
the project are discussed in detail and also existing systems that compete with the conceptualized and
implemented system are analyzed and critiqued. A critical analysis is made between these systems and
the one developed in this project.

The third chapter focus on the architecture of the system. In the fourth chapter, the technologies
used and how they communicate with each other are discussed and also the functioning of the system
is explained, along with how it uses the technologies discussed in the previous chapter to achieve its
objectives.

The forth chapter focuses on the results obtained. Here, the studies that were conducted and their
reasons are presented in detail, along with the outcomes and any limitations encountered during the
research.

Finally, the fifth chapter presents the Scientific Dissemination, Acknowledgements and Conclusions

respectively. In this chapter, is presented the articles that were written by the author as part of this project,
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the acknowledgements, analysis, conclusions drawn from the study that were presented in the results
chapter, and a small allusion to future work.
Overall, the document is structured in a logical and organized manner that enables the reader to gain a

comprehensive understanding of the project, its research methodology, and its outcomes.






Chapter 2

Theoretical Background

2.1 Machine Learning

Machine learning, a subset of Artificial Intelligence, encompasses a diverse range of algorithms and
methodologies that enable computer systems to learn from data and improve their performance over time.
Two fundamental types of Machine Learning paradigms widely employed in various applications are
supervised learning and unsupervised learning.

Supervised learning involves training a model on labeled data, where each data point is associated
with a known outcome or target. The goal of supervised learning is to enable the model to generalize
patterns from the provided labeled examples and make accurate predictions for new, unseen data. During
the training process, the model is iteratively adjusted to minimize the discrepancy between its predictions
and the ground truth labels. Popular algorithms in supervised learning include linear regression [21],
decision trees [22], support vector machines [23], and neural networks [24]. Applications of supervised
learning abound in tasks such as image and speech recognition, sentiment analysis, and medical diagnosis,
where the model learns to associate input features with specific predefined outputs.

On the other hand, unsupervised learning operates on unlabeled data, meaning there are no explicit
target labels provided during training. The primary objective of unsupervised learning is to extract
underlying patterns, structures, or relationships from the data without any explicit guidance. Clustering
[25] and dimensionality reduction [26] are common techniques employed in unsupervised learning.
Clustering algorithms group similar data points together based on their intrinsic characteristics, enabling
researchers to discover inherent structures and segments within the data. Dimensionality reduction
techniques, on the other hand, compress the data while retaining important information, making it easier
to visualize and process large datasets. Unsupervised learning is particularly valuable in scenarios where
obtaining labeled data is difficult or expensive, such as in market segmentation, anomaly detection, and

recommendation systems.

2.1.1 Big Data Challenges

Big Data has emerged as a transformative force reshaping industries and driving innovation across various
sectors. Its capacity to unlock valuable insights from vast and diverse datasets has the potential to
revolutionize decision-making processes. Organizations can harness these insights to enhance customer

experiences, optimize operations, and develop cutting-edge products and services. Researchers can gain a
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deeper understanding of complex phenomena, such as climate change or disease outbreaks, by analyzing

extensive datasets from multiple sources.

However, the journey towards realizing the benefits of Big Data is not without its challenges. One of
the most significant hurdles lies in the sheer volume of data generated daily. This deluge of information
necessitates advanced storage and processing solutions that can handle the immense scale of data, often
pushing traditional infrastructure to its limits. The velocity at which data is generated further compounds
this challenge, requiring real-time or near-real-time processing capabilities to extract timely insights.

Moreover, the variety of data types and sources, ranging from structured data in databases to un-
structured data from social media and sensor networks, presents a formidable challenge in terms of data
integration and harmonization. Ensuring that data from disparate sources can be effectively combined and
analyzed is a complex task that requires careful consideration of data formats, semantics, and context.

Privacy and security concerns also loom large in the realm of Big Data. As the accumulation of
sensitive information increases, the risk of data breaches and privacy violations becomes more pronounced.
Striking a balance between utilizing data for insights while safeguarding individual privacy rights and
complying with regulations like GDPR [27] or HIPAA [28] poses a significant challenge.

Furthermore, the quality of the data itself is a critical factor. Ensuring that the data used for analysis is
accurate, reliable, and representative is essential to drawing meaningful conclusions. Poor data quality
can lead to biased results or incorrect interpretations, undermining the credibility of insights.

In overcoming these challenges, technological advancements play a pivotal role. Machine Learning
and Artificial Intelligence offer the potential to automate and streamline data processing, enhance data
quality, and mitigate privacy risks through anonymization and differential privacy techniques.

In essence, Big Data’s journey from raw information to actionable insights is marked by hurdles
that demand innovative solutions. As technology continues to evolve, these challenges can be addressed,
paving the way for a future where Big Data’s transformative potential can be fully realized across industries

and domains.

2.1.2 Applications of Machine Learning

Machine learning finds applications across a wide range of industries and sectors. This section provides
an overview of the diverse domains where ML has made significant contributions.

In healthcare [29, 30, 31], ML is instrumental in disease diagnosis, where it can analyze medical data
such as images, scans, and patient records to assist in early and accurate disease detection. ML also plays
a significant role in drug discovery by identifying potential drug candidates and predicting their efficacy,
thereby speeding up the drug development process. Furthermore, ML enables personalized medicine by
leveraging genetic, clinical, and lifestyle data to tailor treatment plans for individual patients, optimizing
their outcomes.

In the finance sector [32, 33, 34], ML techniques are widely used for fraud detection. These algorithms
continuously analyze transaction data to detect unusual patterns or anomalies, helping financial institutions
prevent fraudulent activities. ML also aids in risk assessment, as models assess borrowers’ creditworthiness
and portfolio risk, allowing for more informed lending decisions and investment strategies. Additionally,
algorithmic trading relies on ML to make split-second decisions based on market data, optimizing trading

strategies and enhancing returns for investors.



In the realm of marketing [35, 36, 37], ML is employed for customer segmentation, categorizing
customers into groups based on their behavior. This enables businesses to tailor marketing campaigns and
product recommendations for each segment, enhancing customer engagement and sales. Recommendation
systems, powered by ML, provide personalized suggestions to users, as seen in platforms like Amazon
and Netflix. Furthermore, ML is used for sentiment analysis, where algorithms process social media and
customer feedback to gauge public sentiment, helping companies understand their brand perception and
make data-driven marketing decisions.

In transportation [38, 39, 40], ML is at the forefront of innovation. Autonomous vehicles rely on ML
to perceive their environment, make decisions, and navigate safely. ML models also predict traffic patterns
and congestion, aiding commuters in planning their routes and helping cities manage traffic flow more
efficiently. Additionally, logistics and supply chain operations benefit from ML, as it predicts demand,
optimizes routes, and manages inventory more efficiently, reducing costs and delivery times.

These applications merely scratch the surface of ML’s potential in various industries. Its capacity
to derive insights from data, automate decision-making, and adapt to changing conditions makes it a

transformative force, with its impact continuously expanding as technology advances.

2.2 Distributed Computing

Distributed computing refers to the use of multiple computers or nodes interconnected over a network
to solve complex computational problems or process large-scale datasets. It enables parallel processing,
efficient resource utilization, fault tolerance, and scalability, making it an indispensable approach for
handling Big Data and computationally intensive tasks. This section provides a contextualization of

distributed computing, discussing its key principles, architectures, challenges, and applications.

2.2.1 Principles of Distributed Computing

Distributed Computing represents a fundamental shift in the way we approach computational tasks, guided
by a comprehensive set of principles that define its architecture and operation. Scalability, as a pivotal
principle, addresses the need for systems to adapt seamlessly to varying workloads and data volumes. By
distributing tasks across a network of interconnected nodes, distributed computing can efficiently handle
larger and more demanding computational requirements, ensuring that performance remains robust as
demands grow.

Fault tolerance is a critical facet of Distributed Computing, as it acknowledges the inherent challenges
of operating in a networked environment where node failures can occur. Robust fault tolerance mechanisms,
such as redundancy, replication, and failover strategies, safeguard against disruptions and data loss,
ensuring that the system remains operational even in the presence of component failures.

Interoperability highlights is the importance of enabling different hardware and software components
to communicate effectively within a distributed system. This principle ensures that diverse technologies
can work cohesively, facilitating seamless data exchange, resource sharing, and collaboration among
various nodes.

Resource sharing and allocation play a key role in optimizing the utilization of computational resources

within a distributed environment. By dynamically allocating resources based on demand and priorities,
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distributed computing systems can efficiently allocate processing power, memory, and storage, enhancing
overall system performance and responsiveness.

Synchronization emerges as a crucial principle for managing concurrent processes and maintaining
data consistency across distributed nodes. Effective synchronization mechanisms prevent conflicts and
data corruption, ensuring that operations proceed in an orderly and coordinated manner.

Security and privacy are paramount in distributed computing, particularly given the increased exposure
of data and communication across networked nodes. Strong encryption, authentication protocols, and
access controls are essential to safeguard sensitive information and maintain the integrity of data flows
within the distributed system.

Collectively, these principles shape the foundation of Distributed Computing, enabling the develop-
ment of complex and robust applications that harness the collective power of interconnected machines. As
technology continues to evolve, Distributed Computing remains a versatile and indispensable approach to

addressing the challenges of a data-driven and interconnected world.

2.2.2 Architectures of Distributed Computing

Distributed computing architectures refer to the ways in which computational tasks are organized and
executed across multiple interconnected computers or nodes. These architectures are designed to achieve
better performance, scalability, fault tolerance, and resource utilization. Here are some of the common

distributed computing architectures, along with their principal features, advantages, and disadvantages:

Client-Server Architecture

In a Client-Server architecture, as it shows in fig. 2, computing tasks are divided between clients and
a central server. Clients, which can be devices or software applications, send requests to the server for
services or resources. The Server processes these requests, performs necessary computations, and sends
back the results or data. This architecture is well-suited for scenarios where there are many clients that
need to access a centralized data source or application. It simplifies management and control since all
data and services are managed on the server. However, it has limitations such as a single point of failure —
if the server experiences issues, all clients may lose access. Additionally, scalability can be restricted by

the Server’s processing capacity.

Request
Request.
/ Phone-PT
-l PC-PT
Network
Laptop-PT
Server-PT
Server
Response

Figure 2: Client-Server architecture.
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Peer-to-Peer (P2P) Architecture

In a peer-to-peer architecture, as depicted in 3, individual nodes (devices or computers) are interconnected
and can act as both clients and servers. Each node can share its own resources, such as processing power
or data, directly with other nodes in the network. This decentralized approach allows for greater fault
tolerance since there is no single point of failure. It also offers scalability, as adding more nodes can
increase the network’s capacity. However, managing security and maintaining efficient communication
between nodes can be challenging. Furthermore, as the network size grows, the performance of individual

nodes may degrade due to increased demands on resources.
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Shareable
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Figure 3: Peer-to-Peer architecture.
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Cluster Computing Architecture

Cluster Computing involves creating a group of interconnected computers, as can be seen in fig. 4,
known as a cluster, that work together to solve computational tasks. There are two main types of clusters:
High-Performance Computing (HPC) clusters [41] and Load Balancing clusters [42]. HPC clusters are
designed for compute-intensive tasks and scientific simulations, offering high computational power. Load
Balancing clusters distribute tasks among nodes to optimize resource utilization and ensure efficient
workload distribution. Clusters provide scalability by allowing more nodes to be added, which can
enhance performance. However, setting up and configuring a cluster can be complex, and specialized

hardware is often required, making it relatively costly.

INPUT DATA

COMPUTER
(ROOT NODE)

RESULTS COMPUTER COMPUTER COMPUTER
(SLAVE NODE 1) (SLAVE NODE 2) (SLAVE NODE n)

Figure 4: Cluster Computing architecture.
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Grid Computing Architecture

Grid Computing, as depicted in fig 5, connects geographically distributed resources from different
organizations to create a virtual computing environment. Resources can include computing power, storage,
and data. Grids enable the aggregation of resources for tackling large-scale and complex problems. This
architecture enhances fault tolerance and redundancy, as tasks can be rerouted to other resources in case
of failures. However, managing a diverse and distributed environment with varying hardware and software
configurations can be complex. Ensuring security and authentication across different organizational

boundaries is also a significant challenge.

Database Super Computer

Grid Computing

= S

PC Laptop

Figure 5: Grid Computing architecture.

Cloud Computing Architecture

Cloud computing, according to the depiction in fig. 6 provides on-demand access to a pool of configurable
computing resources (such as virtual machines, storage, and services) over the internet. It offers scalability
by allowing users to provision and scale resources as needed. This architecture is flexible, as users
can choose from different service models (IaaS, PaaS, SaaS) [43] based on their requirements. Cloud
computing eliminates the need for upfront hardware investments and provides cost-efficiency. However, it
comes with dependencies on the service provider’s infrastructure and performance. Concerns about data

privacy, security, and compliance are important considerations when using cloud services.
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Figure 6: Cloud Computing architecture.
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Fog/Edge Computing Architecture

Fog/Edge computing extends cloud computing capabilities closer to the data source or end-users, as it
shows in fig. 7, reducing latency and enabling real-time processing. This architecture is particularly
beneficial for applications like [oT [44], where timely data processing is essential. It offers improved
response times and data privacy by processing data locally, at the edge of the network. However, edge
resources are often limited in terms of processing power and storage compared to cloud environments.
Managing distributed resources and ensuring consistent performance across different edge devices can be
complex and challenging.
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Figure 7: Edge Computing architecture.

Each of these Distributed Computing architectures has its own set of advantages and disadvantages, and
the choice of architecture depends on the specific requirements, goals, and constraints of the application
or system being developed. In many cases, hybrid or combined architectures are used to leverage the

strengths of multiple approaches and mitigate their weaknesses.

14



2.2.3 Challenges in Distributed Computing

Distributed Computing, a paradigm that underpins modern systems and applications, presents a complex
landscape of challenges and intricacies. One of the foremost challenges lies in achieving distributed
consensus, where nodes in a network must collectively agree on a single value despite potential failures
and communication delays. Distributed consensus algorithms like the classic Paxos [45] or the more
recent Raft [46] are designed to address this challenge by ensuring that nodes reach agreement even in the
presence of failures. However, these algorithms often require careful tuning and understanding of network
conditions to achieve optimal performance.

Another significant hurdle is the management of distributed locks, essential for coordinating access
to shared resources in a distributed system. Ensuring that multiple nodes do not simultaneously modify
a shared resource, thus avoiding conflicts and maintaining data integrity, is a complex task. Distributed
locking mechanisms, such as the Two-Phase Locking protocol [47] or distributed lock managers [48],
offer solutions, but they introduce their own performance overhead and potential deadlocks if not managed
skillfully.

Moreover, achieving fault tolerance and resilience is an ongoing struggle in Distributed Computing.
Systems must be designed to gracefully handle node failures, network partitions, and other unexpected
events. Techniques like replication, where copies of data are stored across multiple nodes, can help
maintain availability even in the face of failures. However, the trade-offs between consistency, availability,
and partition tolerance (CAP theorem) [49] often require careful consideration and trade-offs in system
design.

Scalability, both in terms of performance and administration, is another challenge. As the number of
nodes in a distributed system grows, the complexity of managing and coordinating these nodes increases
exponentially. Ensuring that the system can efficiently scale up or down while maintaining consistent
performance and low-latency communication demands intricate architectural choices.

The issue of data consistency is central as well. In distributed systems, maintaining a consistent
view of data across nodes can be difficult due to the inherent delays in communication. Concepts like
eventual consistency, where different nodes might observe different states of the system for a period of
time, become relevant. Striking a balance between strong consistency and the performance benefits of
relaxed consistency models requires careful tuning and understanding of application requirements.

Security and privacy concerns add another layer of complexity. Distributed systems are often more
susceptible to attacks, such as Distributed Denial of Service (DDoS) [50], data breaches, and unauthorized
access. Ensuring data encryption, secure communication channels, and robust access control mechanisms
becomes paramount in such environments.

Lastly, debugging and monitoring distributed systems pose unique challenges. Identifying the root
cause of an issue that spans multiple nodes can be extremely challenging. Distributed tracing and
monitoring tools are essential, but they must be well-integrated and capable of handling the intricate
interactions within the system.

In conclusion, the realm of Distributed Computing is rife with challenges that range from achieving
consensus and managing locks to fault tolerance, scalability, data consistency, security, and monitoring.
Addressing these challenges necessitates a deep understanding of both theoretical concepts and practical
implementation intricacies, as well as a willingness to continually adapt and innovate as technology and

systems evolve.
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2.2.4 Applications of Distributed Computing

Distributed computing has widespread applications across various domains. Some notable examples

include:

* Big Data Analytics: Distributed Computing frameworks like Apache Hadoop and Apache Spark
enable processing and analysis of massive datasets, facilitating tasks such as data mining, machine

learning, and real-time analytics.

* Cloud Computing: Cloud platforms leverage distributed computing to provide scalable and on-
demand resources to users, enabling services like virtual machines, storage, and serverless comput-

ing.

* Internet of Things (IoT): The IoT relies on distributed computing to process and analyze data
generated by interconnected devices, enabling applications like smart cities, industrial automation,

and healthcare monitoring systems.

* Scientific Simulations: Distributed Computing allows scientists to perform large-scale simulations
and computational experiments, aiding research in fields such as physics, climate modeling, and

molecular dynamics.

2.3 Distributed Machine Learning

Distributed Machine Learning (DML) is an amalgamation of machine learning and distributed computing,
aimed at addressing the challenges posed by large-scale datasets and computationally intensive tasks. By
harnessing the power of distributed systems, DML enables the training and inference of machine learning
models across multiple interconnected nodes. This section provides an overview of Distributed Machine

Learning, discussing its principles, architectures, algorithms, and applications.

2.3.1 Principles of Distributed Machine Learning

Distributed Machine Learning (DML) embodies a set of principles that leverage the power of Distributed
Computing to tackle the formidable challenges posed by training large-scale and complex machine
learning models. At its core, DML capitalizes on the idea of distributing the computational workload
across multiple machines or nodes, thereby enabling the processing of massive datasets and intricate
models that might otherwise be infeasible to handle on a single system. One fundamental principle is data
parallelism, where the dataset is divided into subsets that are distributed among nodes, each performing
local computations and contributing to the overall model update. This approach not only expedites the
training process but also enables the utilization of resources more efficiently.

Another key tenet is model parallelism, which comes into play when a single machine lacks the
memory capacity to accommodate the entire model. In this scenario, the model is divided into segments
that are processed by different nodes, effectively allowing for the training of large and complex models by
combining the individual updates from each segment. However, coordinating these updates and maintain-
ing the model’s integrity across different nodes necessitate careful synchronization and communication
mechanisms, highlighting the importance of efficient communication frameworks such as parameter

SErvers.
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Consensus and coordination mechanisms are vital to DML as well, ensuring that the model parameters
converge to a consistent state across all nodes. Distributed consensus algorithms like all-reduce [51] and
parameter server architectures facilitate synchronization among nodes, enabling them to agree upon the
optimal model parameters despite the communication delays and potential failures inherent to distributed
systems. Additionally, fault tolerance and resiliency remain significant principles in DML. Systems
must be designed to handle node failures, network partitions, and communication bottlenecks gracefully,
guaranteeing the continuity of the training process without significant disruptions.

Resource allocation and management form another cornerstone of DML principles. Dynamic allo-
cation of computational resources ensures that each node contributes optimally to the training process,
thereby enhancing the overall efficiency of the distributed system. Techniques like elastic scaling enable
nodes to be added or removed dynamically based on the computational demands, optimizing resource
utilization without compromising on performance.

Ensuring privacy and security is also of paramount importance in DML, especially when dealing with
sensitive data. Principles of differential privacy, secure multi-party computation, and federated learning
are employed to safeguard individual data points while still enabling collaborative model training across
distributed nodes.

In conclusion, the principles of Distributed Machine Learning revolve around harnessing the capa-
bilities of distributed computing to surmount the challenges posed by large-scale and intricate machine
learning tasks. Data parallelism, model parallelism, consensus mechanisms, fault tolerance, resource
management, privacy, and security considerations collectively define the foundations of DML, enabling
the development of robust and scalable machine learning systems that can process vast datasets and tackle

complex models effectively.

2.3.2 Architectures of Distributed Machine Learning

In the realm of DML, diverse architectural strategies play a pivotal role in addressing the complexities of
training intricate models on extensive datasets across distributed environments.

The concept of Data Parallelism forms a foundational architecture wherein the training dataset is
partitioned into segments, with each segment distributed across various nodes or workers. Data Parallelism
proves especially efficacious when model parameters are shared among nodes and each node can perform
computations autonomously. This approach expedites training by parallelizing the processing of distinct
data segments, leading to quicker model convergence. Nonetheless, with an increasing number of nodes
or training iterations, communication overhead might rise, necessitating well-thought-out communication
strategies and synchronization mechanisms.

In the context of models that are too large to fit into the memory of a single machine, the Model
Parallelism architecture becomes indispensable. This architecture involves segmenting the model into
parts or layers, with each segment assigned to a separate distributed node. Nodes independently compute
the outputs of their allocated model segments using their local data. These outputs are then transmitted
across nodes for gradient calculations, which are subsequently employed to update the model parameters.
The Model Parallelism strategy effectively addresses memory constraints, thereby enabling the training of
complex models that would otherwise be unmanageable. Seamless communication and synchronization
mechanisms, however, emerge as critical components to ensure a coherent model representation across

distributed segments.
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The Parameter Server architecture addresses the challenge of communication efficiency inherent
to distributed training setups. Nodes in this architecture are divided into two distinct roles: workers
and parameter servers. Workers process local data and compute gradients based on their computations.
These gradients are then communicated to parameter servers, which undertake the centralization of
the management and storage of global model parameters. Parameter servers subsequently disseminate
updated model parameters back to workers for successive training iterations. This architecture optimizes
communication efficiency by facilitating a centralized mechanism for parameter updates, thereby mini-
mizing communication overhead. Careful considerations regarding load balancing and the avoidance of
bottlenecks at parameter servers are pivotal to achieve optimal system performance.

For scenarios necessitating privacy preservation and data decentralization, the Federated Learning
architecture is particularly pertinent. This approach extends the training process to edge devices such as
smartphones or IoT devices. In lieu of transmitting raw data to a central server, these devices locally train
models using their respective data and send only the model updates to a central server. Aggregation of
these updates at the central server results in the creation of a global model that encapsulates insights from
all participating devices. Federated Learning ensures data privacy by retaining raw data on individual
devices, thereby sharing only aggregated updates. This architecture proves invaluable when centralizing
data is impractical or introduces privacy risks.

Furthermore, Hybrid Architectures merge elements of these architectures, often targeting optimization,
challenge-specific solutions, and adaptability to particular demands. By leveraging the strengths of various
paradigms, hybrid approaches cater to distinct facets of the training process, thereby offering an adaptive
toolkit that aligns with diverse training objectives.

To encapsulate, these architectures in Distributed Machine Learning offer a spectrum of strategies for
designing efficient, scalable, and privacy-conscious systems capable of training complex models across
distributed environments. The choice of architecture hinges upon factors such as dataset size, model
intricacy, communication patterns, resource constraints, and privacy considerations. Each architecture
contributes uniquely to overcoming specific challenges, ultimately advancing the landscape of distributed

model training.

2.3.3 Distributed Machine Learning Algorithms

The algorithms of Distributed Machine Learning (DML) constitute a cornerstone of designing efficient
and scalable systems for training complex models across distributed environments. These algorithms
encompass a range of strategies that tackle challenges such as communication bottlenecks, synchronization,
fault tolerance, and convergence in the distributed training process. One prominent class of algorithms is
Distributed Gradient Descent, which includes variants like Downpour SGD [52] and Bulk Synchronous
Parallel (BSP) [53].

These algorithms synchronize model updates at specific intervals, allowing nodes to perform indepen-
dent computations on their local data subsets before aggregating gradients and updating the global model.
Another significant algorithmic approach is Asynchronous Stochastic Gradient Descent (ASGD) [54],
which allows nodes to update the model asynchronously, mitigating synchronization overhead. However,
ASGD introduces challenges like potential staleness of model updates and order inconsistencies.

Moreover, Distributed Consensus Algorithms [55] such as the classic Paxos [45] and its derivatives,

like Raft [56], are pivotal for ensuring that nodes converge to a common model despite network delays
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and potential failures. These algorithms establish agreement protocols for achieving distributed consensus
on model updates.

Federated Averaging [57], a central technique in Federated Learning, aggregates model updates
from different devices with varying data distributions while considering the participation of each device.
Additionally, Quantization and Compression Algorithms [58] are deployed to reduce the communication
burden by compressing model updates before transmission, ensuring more efficient utilization of network
resources. Algorithms like Elastic Averaging SGD [59] enable dynamic node participation, allowing
nodes to join or leave the training process without interrupting global model convergence.

Finally, Byzantine Fault-Tolerant Algorithms [60] are crucial for countering malicious nodes that
might intentionally provide erroneous updates. These algorithms ensure the integrity of model aggregation
in the presence of Byzantine nodes. Collectively, these algorithms underscore the complexity and ingenuity
required to navigate the intricate landscape of Distributed Machine Learning, facilitating the design of
systems that can effectively address challenges arising from distributed computations, communication

constraints, privacy concerns, and system failures.

2.3.4 Applications of Distributed Machine Learning

The application of Distributed Machine Learning (DML) is a transformative force across a spectrum of
industries and domains, redefining the way complex models are trained and insights are extracted from
vast and intricate datasets.

In the realm of healthcare [61], DML enables the analysis of medical records and images across
distributed hospitals, facilitating the development of predictive models for disease diagnosis and treatment
recommendations while ensuring patient data privacy through techniques like Federated Learning.

In the financial sector [62], DML empowers institutions to detect fraudulent activities by training
models on distributed transaction data, enhancing security while preserving sensitive customer information.

In the field of autonomous vehicles [63], DML plays a pivotal role in training sophisticated perception
models by aggregating data from various sensors across a fleet of vehicles, thereby enhancing real-time
decision-making capabilities while ensuring collective knowledge sharing.

In the agricultural sector [64], DML leverages data from distributed sensors to create models that
optimize irrigation, pest control, and crop yield prediction, enabling sustainable farming practices.

Additionally, DML is revolutionizing scientific research, such as particle physics, by enabling collabo-
rative model training across multiple institutions for processing data from large-scale experiments like the
Large Hadron Collider. The application of DML extends to natural language processing, where models
trained on distributed datasets facilitate language translation, sentiment analysis, and text generation.

Overall, the application of Distributed Machine Learning transcends industries, offering solutions that
enhance efficiency, accuracy, privacy, and collaboration while navigating the intricacies of large-scale

distributed systems and empowering advancements across a multitude of sectors.

2.4 Distributed Machine Learning Platforms

The landscape of Distributed Machine Learning Platforms has ushered in a transformative era in the field
of artificial intelligence, redefining the boundaries of what’s achievable in model complexity and data

scale.
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These platforms harness the power of Distributed Computing to overcome the limitations of traditional
Machine Learning setups, enabling the efficient processing of vast datasets and the training of intricate
models across multiple nodes or machines. Within this rich ecosystem, a multitude of platforms have
flourished, each distinguished by its unique capabilities and strengths.

TensorFlow [65], a creation of Google, boasts a comprehensive ecosystem facilitating the construction
and training of Machine Learning models at scale, while PyTorch has gained traction for its dynamic
computational graph and seamless integration with Python, simplifying complex tasks.

The Hadoop [66] ecosystem, coupled with Apache Spark, stands as a formidable framework for
distributed data processing and Machine Learning tasks. Alongside these giants, Microsoft’s Azure
Machine Learning [67] and Amazon Web Services’ SageMaker [68] offer cloud-based solutions that
streamline the deployment and management of machine learning workflows.

H20 [69], an open-source framework, excels in providing a scalable environment for building and
training models on distributed clusters. H20 was the platform selected to compare with the presented
solution and it will be discussed in more detail in the next section.

Furthermore, Databricks cater to specialized needs, showcasing the diversity within the distributed
machine learning realm. This expansive array of platforms signifies not only the versatility of distributed
machine learning but also its potential to democratize advanced Al techniques, empowering researchers,
developers, and organizations to harness the distributed paradigm for groundbreaking advancements in

Artificial Intelligence applications.

2.5 H20

H20, a standout gem within the constellation of distributed machine learning platforms, has emerged as a
potent force in the advancement of artificial intelligence. This open-source framework offers a dynamic
and scalable environment that empowers practitioners to construct and train complex machine learning
models on distributed clusters. H2O is celebrated for its versatile capabilities and user-friendly interface,
making it an attractive choice for data scientists and engineers alike. Supporting multiple programming
languages such as Python, R, and Java, H20 facilitates seamless integration into existing workflows. One
of its defining features is the integration with popular big data processing frameworks like Hadoop and
Apache Spark, allowing it to efficiently handle large datasets that might otherwise pose challenges for
conventional machine learning platforms.

At the heart of H20’s power lies the concept of the H20O cluster, a dynamic ensemble of interconnected
computing nodes that work in harmony to execute machine learning tasks. The H2O cluster leverages
distributed computing paradigms, effectively distributing data and computations across multiple machines
for accelerated performance and increased scalability. Each node in the cluster contributes processing
power, memory, and storage, creating a collective computational powerhouse that can handle substantial
workloads with efficiency. This cluster architecture is especially advantageous when dealing with resource-
intensive tasks like model training on massive datasets or hyperparameter tuning across a wide parameter
space.

The H2O cluster management system ensures seamless coordination between nodes, allowing them to
communicate, synchronize, and optimize tasks collaboratively. This orchestration minimizes bottlenecks

and maximizes resource utilization, resulting in faster model training times and improved overall perfor-
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mance. Furthermore, H20’s cluster setup offers fault tolerance, ensuring that if a node fails, the tasks can
be seamlessly rerouted to other nodes without disrupting the entire process.

In essence, the H20 cluster embodies the core ethos of distributed machine learning — harnessing
the combined strength of multiple machines to tackle challenges that would be insurmountable for a
single machine. As the landscape of artificial intelligence continues to evolve, H20’s emphasis on
scalability, efficiency, and versatility positions it as a pivotal tool in enabling researchers, developers, and

organizations to explore the frontiers of Al through the lens of distributed computing.

2.6 Funtional emphasis

This project boasts several remarkable features that set it apart from H20. One of the standout capabilities
of this project is its ability to construct diverse ensembles in real-time while employing the same base
models, facilitated by an advanced optimization module. This dynamic feature allows users to adapt their
ensemble models on-the-fly, tailoring them to specific tasks or adapting to changing data patterns. In
contrast, H20 is characterized by its rigidity, lacking the flexibility to build such real-time ensembles with
the same models, making the project particularly valuable for tasks requiring agile and adaptive model
performance.

A defining characteristic of this project is its capacity to create heterogeneous ensembles, a capability
that H20 does not possess. The project in question enable users to combine a variety of diverse models,
each with distinct strengths and weaknesses, into a single ensemble. This amalgamation of heterogeneous
models results in a powerful ensemble that can outperform individual models by capitalizing on their
complementary abilities. This stands in contrast to H20, which typically involves ensembles based on
homogeneous models, limiting the range of techniques that can be integrated into the ensemble. The
heterogeneous ensemble capability of this work provides practitioners with a novel tool for tackling
complex and multifaceted problems effectively.

Moreover, this project empowers users with a heightened level of control over the system compared
to H20. The project offers a comprehensive suite of customization options, allowing users to fine-tune
various aspects of the ensemble-building process. This includes parameter adjustments for individual
models, ensemble composition strategies. In contrast, H20 might provide limited options for ensemble
customization, potentially restricting the extent to which users can adapt the system to their specific needs.
The increased control offered by this work not only caters to the expertise of seasoned machine learning
practitioners but also encourages experimentation and innovation by granting them the ability to craft
ensembles that align precisely with their objectives.

In summary, this project presents a compelling suite of features that distinguishes it from H20. The
project’s real-time ensemble building capabilities using the same models through an optimization module,
heterogeneous ensemble creation, and the granular control granted to users collectively contribute to this
work’s versatility and effectiveness in various machine learning tasks. While H2O serves as a valuable
tool in its own right, this work’s unique strengths make it a particularly appealing choice for those seeking

advanced ensemble modeling techniques with enhanced adaptability and control.
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Chapter 3

Architecture

This chapter is divided in two parts. In the first section, the proposed architecture of the developed system
will be described. In the second section, it will be explained how the implemented system works internally,

the way the used technologies were implemented and how they communicate with each other.

3.1 Proposed architecture

The entire system is included in a docker cluster, and in this system we can have as many node containers
as it can be managed, fig. 8 shows that there may be n worker nodes . To the specific purpose of this
project were only implemented three worker nodes. Three were used because it represents the minimum
number of containers needed to test the replication and parallelism functionalities. In a real case scenario,
the more nodes, the greater the data partitioning and the more use is made of parallelism. The coordinator
container, which contains the user interface and the REST API. The coordinator is also responsible for
sending the tasks created by users to the worker nodes to execute. Then the containers that pertain to
each worker node and finally, a container for mlflow that has the sole function of storing the performance
metrics of each base model of each project.

Users make use of the interface to create or execute tasks and the interface communicates with the
API to record those tasks on a MongoDB database. In the case of executing tasks such as training and
model prediction, the moment the user makes the request for task execution, the API communicates with
the coordinator node via ZeroMQ providing all the necessary data for workers to be able to perform the
tasks without any problems. In turn, the coordinator communicates with the worker nodes through a
publish/subscribe protocol, forwarding all the information for training or prediction models.

As the worker nodes finish the tasks to which they have been assigned, they send the results to
the coordinator node, which is listening via a push/pull protocol implemented in ZeroMQ. Once the
coordinator receives the results generated by the workers, it operates on that data to obtain the information

it wants and stores that information in HDFS (e.g. predictions of each base model).

3.2 Functional Description

In this section a more technical description will be given of how the architecture works and how the

respective components communicate with each other. A more in-depth explanation of the system flow
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Figure 8: System’s proposed architecture.

will also be given, presenting which data is generated and its importance, also referring to some specific

functionalities of the system.

3.2.1 Data locality and HDFS

Data locality is a fundamental concept in distributed computing, and its relationship with HDFS is
particularly significant. HDFS is designed to store and manage large-scale datasets across a cluster of
machines, and data locality plays a crucial role in optimizing the performance of data processing tasks. In
the context of this project, data locality manifests itself when the coordinator possesses information about
which nodes hold each block of data and can strategically assign a specific node to operate on a block
it already contains. This approach eliminates the need for data transfer, as the computation is moved to
where the data resides.

In a typical HDFS setup, data is divided into fixed-size blocks shown in fig. 17 that are distributed
across the cluster. Each block is replicated on multiple nodes to ensure fault tolerance. The fig. 18 shows
the configuration for block size and replication factor. When a data processing task, such as a Spark job,
is initiated, the coordinator determines the optimal assignment of tasks to nodes. This decision is guided
by the principle of data locality, aiming to minimize network communication and maximize the utilization
of local resources.

In CEDEs, the coordinator, equipped with knowledge of data block placement, can effectively schedule
computations on the nodes that already possess the required data blocks. By doing so, data transfer
overhead is significantly reduced or eliminated altogether. This approach capitalizes on the principle of
data locality, leveraging the proximity of computation to data to enhance efficiency and performance.

By utilizing data locality, this project demonstrates a smart utilization of the HDFS infrastructure.
Instead of moving the data across the network to a particular node for processing, the system takes

advantage of the existing distribution of data blocks and distribute the computation to the nodes that hold
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the relevant data. This strategy not only saves network bandwidth and reduces latency but also enables
efficient parallel processing of data, allowing for scalable and high-performance analysis.

Overall, by leveraging data locality in this system, there is a possibility to harness the full potential of
HDFS, optimizing resource usage and reducing unnecessary data transfers. This approach aligns with the

core principles of distributed computing and contributes to the efficient processing of large-scale datasets.

3.2.2 Communication Protocols

There are two essential protocols implemented in ZeroMQ that allow the system to function, one being
the protocol that allows the coordinator to send information to the worker nodes, and the other being the
protocol that allows the workers to send the results obtained to the coordinator.

In the communication from the coordinator to the workers, the implemented protocol uses a pub-
lish/subscribe pattern. In this pattern the workers, when connected, are listening, and any exchange of
information by the coordinator is sent in broadcast to all connected nodes. In this case, the coordinator
sends the necessary information so that the workers can carry out the operations without any problems.
The information that the coordinator sends to the workers depends of three scenarios (training, predicting
file, predicting line).

The information that is sent for training is:

* The action to the workers carry out (Train or Predict).
* The name of the project chosen by the user.
* The header of the dataset.

* The variables that the user wants to drop, for example if there are variables that are useless for
the problem or variables that as little to no information that can help to build models with better

performance.
* The dependent variable of the problem. This is the variable that is going to be predicted.

* The machine learning problem type. (Binomial classification, Multinomial classification or Linear

regression).

* The size of the test set. A 0.25 value of this variable represents that 25% of data is reserved

exclusively for testing and the remaining 75% for training.

* The percentage of the machine learning algorithms that will be used for training. For example, a
value of (50%, 20%, 30%) represents that each model has 50% of probability to be trained as a
Random Forest, 20% as a Decision Tree and 30% as a Neural Network.

* The list of the blocks to be trained.

* Algorithm hyper-parameters (optional).

The information that is sent for predicting a file is:

* The action to the workers carry out (Train or Predict).
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* The name of the project to be used for prediction task.
* Hashmap with the list of blocks of data each worker will predict.
* Hashmap with the sub-models each workers must use for prediction task.

» Name of the folder to save the predictions.

The information that is sent for predicting a line is:

* The action to the workers carry out (Train or Predict).
* The name of the project to be used for prediction task.
* Line of data to be predicted.

* Hashmap with the sub-models each workers must use for prediction task.

In the communication from workers to the coordinator, a push/pull protocol was implemented. In this
protocol, the coordinator is receiving all the messages that are sent to a certain port and then receives
the results of all the workers as they arise. As the workers finish training each sub-model, they send
information about it to the coordinator. The information that the workers send to the coordinator depends
of two scenarios (training, predicting).

The information that is sent for training is:

* Performance metrics of the respective sub-model.

* Duration of training of the respective sub-model.

* Processing time of the data to train.

* The name of the project to associate the metrics.

* The id of the block corresponding to the trained sub-model.
* The IP of the worker in which the sub-model was trained.

* The training date.

* The algorithm used for training that specific sub-model.

The information that is sent for predicting is:

¢ Information on whether it is the forecast for one line or several.

* The predictions (whether it’s a single line or several).

26



3.2.3 Data preprocessing

In this subsection, is discussed the process of preprocessing data and developing encoders to transform
non-numerical values into numerical representations. To achieve this, we designed and implemented an
application in Spark that operates on the dataset after it is uploaded to HDFS.

The preprocessing phase is crucial in data analysis as it involves transforming raw data into a format
suitable for machine learning algorithms. In our case, the dataset consists of non-numerical values, such as
categorical variables, which need to be encoded numerically to enable their utilization in various statistical
models. By leveraging the power of Spark, we can efficiently process large-scale datasets in a distributed
manner, ensuring scalability and performance.

The preprocessing application in Spark applies a series of transformations and encodings to the dataset.
It starts by loading the dataset from HDFS into Spark’s distributed memory, enabling parallel processing
across the cluster. Then, it performs a range of preprocessing steps, such as handling missing values,
scaling features, and normalizing data if required.

A key aspect of the preprocessing application is the creation of encoders. These encoders are
responsible for converting non-numerical values into numerical representations that machine learning
algorithms can understand. For example, categorical variables can be encoded using techniques like
one-hot encoding, label encoding or target encoding. The choice of encoding technique depends on the
nature of the data and the specific requirements of the analysis.

Once the preprocessing steps and encoding processes are completed, the application generates a JSON
file that contains all the necessary information for subsequent stages of the data analysis pipeline. This
JSON file serves as a crucial artifact, as it encapsulates the transformations applied to the dataset and the
encoding schemes adopted for different variables.

The generated JSON file can then be utilized during training and prediction processes. It provides
the necessary information to apply the same preprocessing and encoding steps consistently to new data
instances, ensuring compatibility and consistency across different stages of the analysis. By utilizing
this preprocessed data, we can focus on building robust and accurate machine learning models without

worrying about the intricacies of handling non-numerical values.

3.2.4 Model training

As mentioned above, all datasets are stored in HDFS and are divided into blocks of a predefined size.
Therefore, given this partition of data, the system creates an ensemble, where the sub-models trained on
the basis of each partition of this data integrate the ensemble. When the user decides to create an ensemble,
the system requests some information from the user, including the project name, the name of the dataset to
be used for training, the header with all the variables in the dataset (dependent and independent), whether
or not to remove any variables that are deemed irrelevant for model training, the dependent variable, the
type of problem (binary classification, multinomial, or regression), the test size, the percentage of creation
of each model (e.g. 50%, 30%, 20% means that our ensemble will be composed by 50% of Random
Forests, 30% of Decision Trees and 20% of Neural Networks), and the respective model configurations
(optional). In this case, since each model in the ensemble is subject to a probability of being trained using
a different algorithm, we can create heterogeneous ensembles.

After the user provides the requested information, the coordinator, using the dataset name, retrieves

the list of blocks for the workers to train the respective sub-models. Using ZeroMQ, the coordinator sends
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an JSON object to all workers containing the previously defined configurations. The models are allocated

in the HDFS in a folder with the project name that the user defined.

In order for the worker nodes to know which nodes to train, there is a Hashtable where the key is the
IP of the workers and the value is the list of blocks that each worker should operate on. If the number of
blocks is less than the number of active nodes, only the first node will train the list of blocks. However,

this is a rare case since the system aims to work with large volumes of data.

Once the worker nodes receive the information from the coordinator, the training process begins. Each
worker node accesses the HDFS folder where the blocks from its list are stored and performs the training
one by one. First, the data to be trained is prepared. The data is read using pandas (a file reading module),
by creating a dataframe with the block data. The user-provided header is added, redundant variables for
training are removed. The data is then divided into two parts: features and labels, where features are the
independent variables and labels are the dependent variable of the dataset. Furthermore, the data is split
into training and test data, where the training data is used to train the sub-model and the test data is used

to make predictions for calculating performance metrics.

Finally, the sub-model is trained, and associated performance metrics are calculated and stored in a
dictionary. At the end of training each sub-model, the sub-model is stored in the HDFS and submitted
at its replication funcionality which allows different workers to use the models for prediction purposes.
Furthermore, each worker node sends the performance metrics and training duration associated with the
blocks it trained to the coordinator through ZeroMQ. The coordinator stores this information in a JSON

file for future analysis.

Fig. 9 presents a sequence diagram that represents the entire process described above.
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Figure 9: Model training sequence diagram.
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3.2.5 Model prediction

In the case of model prediction, the process ends up being very similar to the process of training models.
As mentioned above, the models trained for a particular project that is related to a particular machine
learning problem are also allocated in HDFES so that, in the prediction process, the file system’s replication
functionalities can also be used to make predictions in parallel in an optimised way, so that there are
several candidate nodes for using a particular sub-model to make predictions.

There are two ways of making predictions in the system. The first and simplest way is to predict a line
of data. In this case, the user only needs to provide the line of data they want to forecast and the project
they want to use to make the predictions. The system automatically obtains the sub-models associated
with that project and makes the predictions for each sub-model for the respective data line in parallel. As
the predictions are generated, the worker node responsible for the sub-model that made the prediction
sends it to the coordinator. When all the sub-models have generated their prediction for the data line and
the coordinator receives the respective prediction, the coordinator averages or fashions the predictions in
order to obtain a generalised prediction value for that specific line.

The second and slightly more complex way is to predict a file previously uploaded to HDFS. In this
case, the file is divided into blocks and in order for all sub-models to be able to predict each block of
the file, there is a need for all sub-models related to the problem to be predicted to have a replication
factor equal to the number of active worker nodes in the system. This way, all the workers can use all the
sub-models to make predictions. Thus, each worker uses all the sub-models to make predictions for a
given block. When all the sub-models have made their predictions, an average is made for each line of the
predicted block and the dataframe with the average of the predictions is sent to the coordinator. When the
workers have finished predicting all the blocks in parallel, the coordinator puts all the blocks together in a
file and saves the results of the predictions in the HDFS.

Fig. 10 represents the sequence diagram of the functionality of predicting a file previously uploaded
to HDFS.
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Chapter 4

Validation and Resulis

4.1 Problem Statement

This project shed light on intriguing conflicts within distributed systems. These conflicts often arise from
either the configuration options of the utilized tools or the decisions made during software implementation.
This dissertation focuses on one such conflict, and the following section outlines the methodology
employed to address the unanswered questions.

A crucial issue revolves around the block size, a configuration parameter of the distributed file system
used. In HDFS, the block size directly impacts file storage. A smaller block size results in smaller
blocks that can be balanced and replicated more quickly across the cluster. However, it also introduces a
significant overhead in terms of file system management, as the metadata stored for each block remains
independent of the block size. Consequently, a smaller block size necessitates maintaining a larger number
of blocks, leading to increased overhead. Notably, HDFS’s main limitation lies in memory: it performs
better with a few large files rather than numerous small ones.

However, the implications for this system extend beyond this point. Since there exists a one-to-one
relationship between blocks and base models, a smaller block size implies more blocks and, consequently,
more base models. In theory, these base models will be smaller, simpler, and weaker in terms of predictive
capabilities since they were trained with less data. As the performance of an Ensemble is measured by
averaging the performance of its base models, weaker models result in weaker Ensembles. While a smaller
block size enhances parallelism to a certain extent by allowing more base models to be trained in parallel
at a lower cost, it also increases the overhead related to coordination and task distribution.

Conversely, employing a larger block size theoretically improves the performance of both base models
and the Ensemble, minimizes coordination overhead, but reduces the degree of parallelism. Moreover, if
the block size is sufficiently large that only a few blocks exist, the advantages of Ensemble methods are
forfeited, potentially resulting in an Ensemble with just a single model.

This work aims to address this problem by presenting and discussing it first, and then determining
the optimal point that maximizes parallelism and model quality. It is important to note that this analysis
should be conducted on a case-by-case basis, considering the number of available nodes in the cluster. In
the following section, we provide a generic evaluation.

Additionally, another objective is to assess different heuristics for creating Ensembles, which is carried
out in the subsequent section. Specifically, we evaluate and compare three potential heuristics. Since these

heuristics are user-selectable when configuring the ML project in the system, it is crucial to compare their
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performance.

4.2 Materials and Methods

The previous section described the main problem addressed by this work. This section details the
methodology followed in its analyzis (fig. 11). Four different publicly available datasets were used in the

experiments conducted. A characterization of these datasets is provided in Table 1.
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Figure 11: Methodology followed in each of the experiments.
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Dataset Rows Columns Size (Mb)

Covid infections 4623663 19 585
Solar production 2782080 15 399
Temperature 2434608 20 351
Car prices 1957675 1108 4160

Table 1: Characterization of the datasets used.

The initial datasets were acquired and subjected to preprocessing. This involved various tasks such
as encoding specific variables and eliminating outliers. Outliers were identified and removed from the
original dataset using the 1.5 times the interquartile range (IQR) rule. The IQR is calculated using
Equation (4.1), where ¢75 and go5 denote the third and first quartiles, respectively.

1qr = q75 — 425 4.1

Then, the lower and upper limits for removing outliers are given by Equations (4.2) and (4.3),

respectively.

lower = qo5 — 1.5 X iqr “4.2)

upper = qrs + 1.5 X iqr 4.3)

Next, each dataset is filtered by the dependent variable, as given by Equation (4.4) in which = denotes

each instance of dataset X.

filtered = {x € X |z < upper A x > lower} (4.4)

The preprocessed datasets were uploaded to the HDFS, followed by a series of ML experiments
conducted as outlined below. Initially, the datasets were shuffled and divided into training and testing
subsets, using a 75/25 ratio. The training sets were utilized to train various Ensembles, while the held-out
test sets were solely employed for evaluating the Ensembles’ generalization performance.

Throughout the experiments, the HDFS was sequentially configured with different block sizes, denoted
as B = [4, 8,16, 32, 64] (in MB). Consequently, each dataset was split into varying numbers of blocks
based on their respective sizes.

For each block size and dataset, three distinct heuristics (referred to as H; to Hs) for constructing
Ensembles were tested, which will be elaborated upon shortly. Hence, a total of 60 Ensembles were
trained, comprising 5 block sizes multiplied by 4 datasets multiplied by 3 heuristics. Notably, these
Ensembles possessed different numbers of base models, contingent upon the chosen block size.

The algorithm for each base model was selected randomly, while adhering to the standard configu-
rations provided in Table 2. In the case of Neural Networks, the activation functions were also chosen
randomly. Consequently, the created Ensembles exhibited heterogeneity, and if the process were repeated,
the results might exhibit slight variations due to the random algorithm selection. However, given the
dataset’s size, these variations were expected to be insignificant.

This project utilizes the scikit-learn library, specifically employing three algorithms in this study: Ran-

dom Forest (sklearn.Ensemble.RandomForestClassifier), Decision Tree (sklearn.tree.DecisionTreeClassifier),
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and Neural Network (sklearn.neural_network.MLPClassifier). The three tested heuristics operate as fol-

lows:

* H; - The Ensemble is created following a Bagging approach, with all the base models being
considered. However, each base model has a weight that is inversely proportional to its quality,

given by the Root Mean Square Error (RMSE) calculated through 5-fold cross-validation.

* Hs - The Ensemble is created following a traditional Bagging approach, with all the base models

being used, and each having equal weight.

* Hjs - The Ensemble is created by selecting only the top 50% base models, and with all selected
models having the same weight. Models are ranked by their RMSE, calculated through 5-fold

cross-validation.

The mathematical formula for calculating the RMSE (see [70]) is:

N-=1/  _ ~)\2
RMSE(y, ) = \/ 2iz0 (JZ\’[ ) (4.5)

In Hi, the weight of a given model m in an Ensemble of n models in which ¢; represents the error

metric (RMSE) of model 7 is given by:

Wi =

Z?:l ei’i 7£ m %

1

Z?:l €i

n—1

Algorithm Parameter Value
max_depth 25
Decision Tree min_samples_split . 2 .
max_leaf nodes infinite
ccp_alpha 0.5
hidden_layers_size (100, 50, 20)
activation relu/tanh
solver adam
Neural Network alpha 0.0001
learning_rate constant
max_iter 150
Random Forest max_erth 10
nr_estimators 10

Table 2: Configurations used to train the heterogeneous Ensembles (defined randomly).

(4.6)

Throughout this process, similar to the development of this project, we acknowledge the possibility

of uneven data distribution. This implies the presence of trends, variations, and the potential for items

within different blocks (or even within the same block) to be drawn from diverse probability distributions.

Consequently, the performance of base models within an Ensemble may exhibit substantial fluctuations

based on their input blocks. These variations are explored by the Optimization module, which employs

various criteria to construct the most optimal Ensemble, such as utilizing a subset of the best-performing

models.
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We also assume that all the instances are from independent events:

Vi # j p(@?,2)) = p(z@)p(a?) @7

In the context of this project, it is important to note that the used datasets do not exhibit any inherent
relationships between instances, including temporal or order relationships. While these types of datasets
can be utilized in this system, it is worth mentioning that the algorithms implemented thus far may not
be the most suitable for handling such tasks. To summarize, this work was specifically designed and
validated for scenarios involving independent non-identically distributed data [71].

During the training process of the base models, their quality is assessed using the RMSE in two ways.
Firstly, the RMSE is calculated through 5-fold cross-validation, providing an evaluation within the training
process itself. Additionally, since there is a dedicated test set for each dataset, the RMSE is also computed
on the test set to evaluate the generalization ability of the models.

This evaluation process is significant for determining the extent to which the cross-validation RMSE
serves as a reliable indicator of future model quality. In H;, the cross-validation RMSE is used to
determine the model’s weight, while in Hg, it is utilized to select the top 50% of models. A strong
correlation between these two RMSE values would suggest that the assumption of using cross-validation
RMSE as a reliable indicator of model quality is valid. However, in scenarios where the test data
significantly differs from the training data, such as cases involving concept drift, this assumption may not
hold true. A low correlation would indicate such a discrepancy.

To explore this further, the following section compares the cross-validation RMSE with the RMSE on
the test data. Additionally, the RMSE values for each block size and heuristic are analyzed to determine

the optimal configuration for this system.

4.3 Results

In the previous section, we examined the correlation between the RMSE of Ensembles calculated through
cross-validation and the RMSE calculated on the test data. In this section, it is important to note that when
discussing or analyzing individual RMSE values (as depicted in the following figures), we present the
absolute values of RMSE. However, when comparing the performance of different models across various
datasets, we express it as a percentage of the range of values of the dependent variable. This approach
eliminates the influence of the RMSE’s dependence on the scale of the dependent variable, allowing for a

fair comparison between different machine learning problems.

Dataset 4MB 8MB 16MB 32MB 64 MB

Covid infections  0.79  0.66 0.63 0.35 0.31
Solar production 0.93  0.94 0.99 0.99 0.98
Temperature 0.99 099 0.99 0.99 0.99
Car prices 0.29 0.25 0.43 0.71 0.99

Table 3: Correlations between the RMSE measured through 5-fold cross-validation and on the test data.

The analysis of Table 3 reveals two interesting trends. In the Covid infections dataset, there is a
tendency for the correlation to weaken as the block size increases. On the other hand, in the remaining

three datasets, the correlation generally strengthens as the block size increases. This latter trend aligns
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with our expectations and intuition, indicating that smaller block sizes may result in base models with
seemingly good performance but limited ability to generalize to new data.

To visualize this information for the 32 MB block size, fig. 12 has been provided. Each dot on
the graph represents a single base model. The x-axis represents the RMSE measured through 5-fold
cross-validation, while the y-axis represents the RMSE measured on the test set.
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Figure 12: RMSE measured through cross-validation vs. RMSE measured on the test dataset, for the
32MB block size. This allows to determine the extent to which the performance of base models (local),
measured through cross-validation, is a good indicator of generalization (RMSE measured on the test set).

In addition to the Ensembles trained following the methodology described in the previous section, a
baseline comparison was conducted by training a Random Forest for each dataset using the entire dataset.
The RMSE of the Random Forest models was evaluated through 5-fold cross-validation.

Comparing the RMSE directly across different models and problems is not appropriate due to the
dependence of RMSE on the scale of the dependent variable. To ensure meaningful and generalizable
conclusions, an analysis was performed using the RMSE divided by the range of the outlier limits of the
dependent variable. These outlier limits were calculated using the 1.5 IQR rule. This approach provides
the error as a percentage of the range of values.

Upon analyzing Tables 4-6, a general observation can be made that as the block size increases, the
error decreases. However, it is important to note the trade-off involved: larger block sizes result in reduced
parallelism as there are fewer available nodes. Therefore, finding the optimal block size is crucial to strike
a balance between maximizing parallelism and minimizing error metrics.

The Covid infections dataset presents the greatest challenge for both the implemented system and a

standard Random Forest due to its specific characteristics as a time-series dataset. Time-series forecasting,
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which involves seasonality, trends, and cyclical variations, often requires more specialized algorithms
such as ARIMA [72] or LSTM [73].

The distinct nature of the Covid infections dataset becomes evident when analyzing the correlations
between cross-validation and test errors. In all other datasets, the correlation strengthens with increasing
block size, indicating better generalization as more data is included in each block. However, the Covid
dataset exhibits the opposite trend.

In terms of model performance, the baseline Random Forest, that was trained using H2O platform,
achieves an error of 6.68% (of the range of dependent variable values). This system Ensembles, on the
other hand, yield errors ranging from 7.4% (H;, 64 MB) to 8.02% (H3, 4 MB). Although the baseline
Random Forest outperforms our Ensembles in every scenario, the results are close.

The remaining datasets generally yield better results for both the baseline Random Forest and our
Ensembles.

In the Solar production dataset, the baseline Random Forest achieves an error of 0.08%. Similarly
to the Covid infections dataset, the baseline Random Forest outperforms the Ensembles created by the
system in all tested scenarios. The best Ensemble for this dataset is obtained with H3 and a block size of
32 MB, resulting in an error of 0.41%. The worst performance occurs with Hs and a block size of 16 MB,
yielding an error of 0.67%.

The situation differs in the other two datasets, where our approach surpasses the baseline Random
Forest.

For the Temperature dataset, the baseline Random Forest has an error of 0.078%. In all 15 scenarios
tested, this system outperforms the baseline Random Forest. The best performance is achieved with H3
and a block size of 32 MB, resulting in an error of 0.022%. The worst performance occurs twice, with H
and H» using a block size of 4 MB, yielding an error of 0.0317%.

Regarding the Car prices dataset, the baseline Random Forest achieves an error of only 0.001%. The
best Ensemble obtained by this system surpasses it with an error of 0.0002%. This is achieved with
Hs and a block size of 32 MB. The worst performance is observed with Hs and a block size of 4 MB,
resulting in an error of 0.022%.
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H, - Bagging Ensemble, base model weight inversely proportional to RMSE

Dataset RF 4 MB 8§ MB 16 MB 32 MB 64 MB
Covid infections 6,6893 7,8571 17,1857 7,6500 7,6393 7,4000
Solar production 0,0787 0,5941 0,6353 0,6634 0,5135 0,5210
Temperature 0,0783 0,0317 0,0304 0,0313 0,0288 0,0271
Car prices 0,0010 0,0221 0,0197 0,0091 0,0167 0,0065

Table 4: RMSE in percentage of the scale of the dependent variable, for each block size and heuristic H.

H, - Bagging Ensemble, all base models have the same weight

Dataset RF 4 MB 8§ MB 16 MB 32 MB 64 MB
Covid infections 6,6893 7,8571 7,7857 7,6464 7,6393 7,4036
Solar production 0,0787 0,5941 0,6372 0,6672 0,5229 0,5360
Temperature 0,0783 0,0317 0,0304 0,0313 0,0292 0,0275
Car prices 0,0010 0,0222 0,0197 0,0093 0,0193 0,0090

Table 5: RMSE in percentage of the scale of the dependent variable, for each block size and heuristic Ho.

Hj; - Ensemble with the top 50% base models (RMSE), all base models have the same weight

Dataset RF 4 MB 8 MB 16 MB 32 MB 64 MB
Covid infections 6,6893 8,0214 7,9143 7,7964 7,6571 7,4321
Solar production 0,0787 0,4591 0,4779 0,5135 0,4123 0,4160
Temperature 0,0783 0,0242 0,0233 0,0267 0,0221 0,0238
Car prices 0,0010 0,0101 0,0178 0,0100 0,0002 0,0061

Table 6: RMSE in percentage of the scale of the dependent variable, for each block size and heuristic H3.

The following content present a visual analysis of the performance of selected Ensembles. Since
H3 has shown to be the best performing heuristic (i.e., yielding the best results for the temperature and
car prices datasets, even outperforming the baseline Random Forest), the analysis was focused on this
heuristic to keep the paper concise.

Figs. 13 to 16 illustrate the results for the Covid infections, Solar production, Temperature, and Car
prices datasets, respectively. Each figure displays the observed values on the x-axis and the corresponding
predicted values by each Ensemble on the y-axis. The units of the axes correspond to those of the original
target variable. The diagonal line represents perfect prediction, indicating that the closer the data points
are to this line, indicating a higher similarity between the predicted and actual values.

As previously discussed, the Covid infections dataset exhibits the poorest performance, which is
consistent with the baseline Random Forest. This suggests that the inherent complexity of the problem or
the limited relevance of the variables in the dataset contribute to the challenging nature of this dataset.

In the rest of the datasets, the behavior of the Ensembles is much more satisfactory, especially in the
Car prices dataset in which at 32 MB the predictions are nearly perfect, while in other block sizes, there

seems to be a small bias towards underestimating the real value.
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Figure 13: Predicted values vs. observed values (number of infections) for the Covid infections dataset,
using different block sizes. The solid line represents the region of a perfect prediction. Base models for
this time-series problem have generally poor performance since the algorithms used are not specific for
time-series.
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Figure 14: Predicted values vs. observed values for the Solar production dataset (Watts), using different
block sizes. The solid line represents the region of a perfect prediction. The lowest error is obtained at
32MB.
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Figure 15: Predicted values vs. observed values for the Temperature dataset (°C), using different block
sizes. The solid line represents the region of a perfect prediction. The lowest error is obtained at 32MB.

41



Predicted Car Prices
Predicted Car Prices

025 05 075 100 125 150 175 200 225 025 05 075 100 125 150 175 200 225
Observed Car Prices 1e6 Observed Car Prices 1e6

(a) 4MB (b) SMB

" "
] 8
2 8
& &
5 5
o 8 15
© ©
3 3
2 2
S S
@ g 10
& &
05
02 04 06 08 10 12 14 16 05 10 15 20 25
Observed Car Prices 1e6 Observed Car Prices 1e6
(c) 16MB (d) 32MB
1e6
25
.
o 20
8
e
a
8 15
4 .
2 .
°
=1
@ 10
&
05
05 1.0 15 20 25

Observed Car Prices

(e) 64MB

Figure 16: Predicted values vs. observed values for the Car prices dataset, using different block sizes. The
solid line represents the region of a perfect prediction. The lowest error is obtained at 32MB.
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Chapter 5

Conclusions and Future Work

5.1 Conclusion

This dissertation introduces a distributed environment for Machine Learning applications, and highlights
its innovative features. One key aspect of this system is the real-time assembly of Ensembles based on
available base models and cluster state, making it dynamic and capable of updating Ensembles over time
by adding or removing models. This functionality is facilitated by the optimization module, which is
currently under development.

The primary objective of this paper was to investigate the impact of block size and different heuristics
on the quality of the Ensemble. The study aimed to determine if a particular heuristic consistently
outperforms others and identify an optimal block size.

Three heuristics were tested, as described in Section 4.2. Among these, {3 demonstrated generally
lower error rates. Hg selects the best 50% of available base models, assigning equal weight to each model.

The results suggest that smaller Ensembles might outperform more complex ones, indicating that
poorly performing base models could have a negative impact on Ensemble performance. This insight
enables more efficient management of base models. Continuously underperforming models can be deleted
and removed from the HDFS, freeing up resources.

Hj3 did not perform better only in the case of the Covid infections dataset, which is a challenging
dataset for the considered algorithms due to its time-series nature. Thus, this exception should not cast
doubt on the suitability of H3.

Another significant finding is that a block size of 32 MB consistently outperforms other options in
all scenarios. This block size strikes a good balance between parallelism, coordination overhead, and
Ensemble size. Smaller block sizes increase coordination overhead without significant performance gains,
while larger block sizes offer reduced coordination overhead but yield inferior results. Consequently, the
optimal block size is determined to be 32 MB.

It is important to note that the goal of this work was not to achieve the best possible results for each
dataset but to identify the best heuristic and block size. Standard configurations were used for each
algorithm, and better results could potentially be obtained by exploring alternative configurations through
trial and error or using heuristics such as grid search.

Nonetheless, the results are considered satisfactory. This system outperforms a standard Random
Forest in two out of four datasets (Temperature and Car prices), and the results are comparable for the

other two datasets (Covid infections and Solar production).

43



Using Ensembles to implement heuristics offers advantages such as model adaptability and reduced
risk of overfitting. However, it also sacrifices interpretability, as Ensembles become more complex and
provide limited insights into feature-outcome relationships. Future work will integrate explainable Al
[74] developments, such as model-agnostic approaches like LIME [75] or Shapley [76] values, into the
system to address this limitation.

Another focus of future work will be detecting and mitigating bias in Ensemble models. Ensemble
models have the potential to improve accuracy and robustness, but they can also amplify biases if
base models exhibit similar biases. Ensuring diversity and complementarity among base models and
implementing bias monitoring and prevention measures will be crucial.

To further expand the analysis, additional datasets and larger block sizes will be included. While the
tested block sizes were relatively small compared to the standard HDFS block size of 128 MB, the results
indicate that 32 MB is the optimal size. However, further exploration with diverse datasets will enhance
confidence in this regard.

Based on the dissertation’s findings, a model management module will be implemented to track the
usefulness of each base model by monitoring its selection frequency in Ensembles. Base models that are
not utilized by Hs will be removed over time, freeing up cluster resources.

In conclusion, the work conducted allowed us to ascertain the ability of this system to produce
valid and useful predictive Ensembles and to determine the best block size and heuristic to create those
Ensembles. Thus, it sheds light on important decisions that must be taken during its implementation and

provides the grounds for those decisions.

44



5.2 Scientific Results

5.2.1 Journal Publications

2. Block Size, Parallelism and Predictive Performance: Finding the Sweet Spot in Distributed Learning

Guimaraes, M., Carneiro, D., Oliveira, F., Novais, P. (2023). Block Size, Parallelism and Predictive
Performance: Finding the Sweet Spot in Distributed Learning. IJPEDS. https://doi.org/10.1080/17445760.2023.2-

1. Predicting Model Training Time to Optimize Distributed Machine Learning Applications

Guimardes M, Carneiro D, Palumbo G, Oliveira F, Oliveira O, Alves V, Novais P. Predicting
Model Training Time to Optimize Distributed Machine Learning Applications. Electronics. 2023;
12(4):871. https://doi.org/10.3390/electronics12040871

5.2.2 Conference Publications

3. A Data-Locality-Aware Distributed Learning System

Carneiro, D., Oliveira, F., Novais, P. (2022). A Data-Locality-Aware Distributed Learning System.
In: Novais, P., Carneiro, J., Chamoso, P. (eds) Ambient Intelligence — Software and Applications —
12th International Symposium on Ambient Intelligence. ISAmI 2021. Lecture Notes in Networks
and Systems, vol 483. Springer, Cham. https://doi.org/10.1007/978-3-031-06894-2_6

2. Dynamic Management of Distributed Machine Learning Projects

Oliveira, F. et al. (2023). Dynamic Management of Distributed Machine Learning Projects. In:
Braubach, L., Jander, K., Bddicd, C. (eds) Intelligent Distributed Computing XV. IDC 2022. Studies
in Computational Intelligence, vol 1089. Springer, Cham. https://doi.org/10.1007/978-3-031-29104-
3.3

1. The impact of data selection strategies on distributed model performance

Guimardes, M., Carneiro, D., Oliveira, F., Novais, P. (2023). The impact of data selection strategies
on distributed model performance. ISAmI’23. https://link.springer.com/chapter/10.1007/978-3-031-
43461-7,6
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Appendix A

HDFS

File information - city_temperature csv
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Figure 17: Dataset block division in HDFS.
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Appendix B

Frontend
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Figure 19: Project creation form.
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Figure 20: List of projects and its functionalities.
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Figure 21: System worker nodes wait list.
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