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I am here!

Research



Big Data
An overview
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• What is Big Data?

• Why Big Data?

• Types of Big Data 

• Techniques

• Cloud Computing

Overview
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Why Big Data?

Increased Storage Capacities

• Storage capacities have grown

• Storage (now) is cheap – cost of 
storage/GB decreased
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• Computation capacity has also 
risen sharply

• New means of processing data
– CPUs (Central Processing Units)

– TPUs (Tensor Processing Units )

– GPUs (Graphics Processing Units)

– NPUs (Neural Processing Units)

– DPUs (Data Preprocessing Units)

Why Big Data?

Increased Processing Power
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• Grid Computing
– A computing method using many different 

computers to perform large tasks

– The computers connect over the internet 
and perform small operations.

– These small operations make up a large 
workload.

• Cloud Computing
– A computing service provides access to 

computing resources to users for a fee

– It provides resources over the internet 
through virtualization and cloud 
technology

Why Big Data?

New Computing Methods
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Why Big Data?

New processing methods

MapReduce Tez Spark Flink

Processing ✓ Batch
✓ I/O HDFS

✓ Batch
✓ Interactive
✓ Map-Reduce-Reduce
✓ HDFS \w Memory 

Processing

✓ Batch
✓ Interactive
✓ Near-Real Time 

Streaming
✓ Iterative Processing
✓ In-Memory Processing

✓ Hybrid (Streaming + Batch)
✓ Interactive
✓ Real Time Streaming
✓ Native Iterative Processing
✓ In-Memory Processing

Paradigm ✓ MapReduce ✓ Direct Acyclic Graphs 
(DAGs) Dataflows

✓ Direct Acyclic Graphs 
(DAGs) Dataflows

✓ Resilient Distributed 
Datasets (RDDs)

✓ DataFrames

✓ Cyclic Dataflows

Generation 1st 2nd 3rd 4th 
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• More data is available

• Different types of data are 
available:
– Private sector (financial 

corporations, banks, etc.)
– Social media
– Internet of Things

• Computer Generated Data
• Satellite data
• Sensor Data
• Seismic data, etc.

Why Big Data?

Availability of data
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Why Big Data and IoT?

• IoT (internet of things) perfectly 
illustrates the core challenges of 
Big Data (8 Vs)

• Federated Learning for real-time 
insights

• Real-Time Decision Making 
using real-time data flows
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Why Big Data?

Artificial Intelligence

Learning type Primary Goal
Data 

Requirement
Data Cost Human Effort

Learning 

Location

Supervised

Prediction / 

Classification / 

Forcasting

100% Labeled Very High
High (Manual 

labeling)
Centralized

Unsupervised
Pattern Discovery / 

Clustering
100% Unlabeled Low

Low (Algorithmic 

setup)
Centralized

Semi-supervised
Generalization 

from sparse labels

Small Labeled + 

Huge Unlabeled
Medium

Medium (Labeling 

subsets)
Centralized

Reinforcement
Policy / Decision 

Optimization

Reward / Penalty 

Signals
Medium

High (Reward 

engineering)

Interactive / 

Simulation

Few-Shot
Rapid Task 

Adaptation

1–5 Examples 

(Context)
Near Zero

Low (Prompt 

design)

Centralized (Model 

API)

Zero-Shot
Semantic 

Generalization

No Examples 

(Logic only)
Zero Lowest

Centralized (Model 

API)

Federated
Data Privacy & 

Security

Localized / Siloed 

Data

Variable (High 

Infra)

High 

(Security/Coordina

tion)

Distributed / 

Edge
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Why Big Data?

ML Tools on Hadoop

• MLlib (Spark)
– General purpose ML
– DataFrame-based API
– Classification, regression, clustering, and 

collaborative filtering

• FlinkML (Apache Flink)
– Real-time/Streaming Data 
– Handling of cyclic data flows (common in ML) than 

Spark

• Mahout
– Distributed linear algebra
– Scalable ML Application
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Why Big Data?

Deep Learning Tools

• PyTorch
– Research & LLMs

• TensorFlow
– Enterprise pipelines

• Keras
– Rapid prototyping

• JAX
– High-performance numerical computing
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• Structured Big Data

• Unstructured Big Data 

• Hybrid (Multi-Structured) Big data

Types of Big Data
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• Structured Big Data is the backbone of the 
enterprise world

• Uses a schema-on-write methodology:
– Fixed Schema

– Relational Nature

– Well defined attributes

– Low Storage Space

– High Searchability

– ACID Compliance

Structured Big Data (I)
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• Storage:
– Relational databases (e.g., Oracle, 

PostgreSQL, MySQL, Microsoft SQL 
Server, Teradata)

– Data Warehouses (Snowflake, Amazon 
Redshift, Google BigQuery, Hive)

• Analysis tool:
– OLTP (Online Transaction Processing)

– OLAP (Online Analytical Processing)

– Business Intelligence

Structured Big Data (II)
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• Unstructured big data is a massive, ever-growing wilderness of data

• Schema-on-Read

• Qualitative Nature

• Irregularity

• Storage Requirements

• Difficulty in Analysis

Unstructured Big Data (I)
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• Storage:
– Data Lakes (Amazon S3, Azure Data Lake, Hadoop HDFS, etc.)

– NoSQL Databases (MongoDB, Cassandra, Couchbase, etc.)

– Vector Databases (Pinecone, Milvus, etc.)

• Analysis Tools:
– Hadoop Analytic tools (MapReduce, Spark, Tez)

– Apache Mahout, Spark MLlib

– AI & Machine/Deep Learning

– Applied ML/DL (NLP, CV, TTS, etc.)

Unstructured Big Data (II)
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• Semi-structured Big Data is
– The middle ground between structured and unstructured data

– The "bridge" that allows for flexibility without total chaos

• Semi-structured data is often referred to as self-describing 
(e.g., <name>Gemini</name>)

• Flexible Schema

• Hierarchical Structure (e.g., JSON, XML, YAML)

• Schema-on-Read

Semi-structured Data (I)
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• Storage
– NoSQL Databases (MongoDB, Couchbase, 

and DynamoDB)

– NewSQL (CochroachDB, NuoDB)

– Hybrid Warehouses (Snowflake, BigQuery)

– Graph Databases (Neo4J, ArangoDB)

– Seach Engines for log analysis/security 
(Apache Lucene, Apace Solr, Elasticsearch)

Semi-structured Data (II)
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Types of Big Data

Feature Structured Semi-structured Unstructured

Format Fixed, rigid schema Flexible, tag-based No format/schema

Storage Relational Database
Non-relational 
(NoSQL)

Data Lakes / Cloud

Analysis
Very Easy (Business 
Intelligence)

Moderate
Difficult (needs 
AI/ML)

Flexibility Low High Very High

Examples SQL Tables, CSV JSON, XML, YAML Video, PDFs, Audio
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• Data Lakes  are large stores of 
heterogeneous data to aid in a variety of 
different computations and analytics

• Data Lakes simply hold all data about a 
known problem in a recoverable and fault-
tolerant manner

• Data Swamps collection point for a lot of 
miscellaneous data that no longer has any 
sort of structure

• A Data Swamp happens when a data lake 
gets abused

Data Lakes vs Data Swamps
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Hadoop Extended Ecosystem
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• Why Big Data?

• Types of Big Data

• Techniques

• Cloud Computing

Overview
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• When Big data is a problem?

Problem: The operations on the data are complex

Solutions: Modeling and reasoning, Knowledge extraction, Pattern 
extraction

Problem: Usual algorithms cannot handle big amounts of data

Solutions: Improve performance and query execution time, use 
parallelism and distribution, increase resource for workflows

Problems and Solutions



27/04/2026 36

• To answer these problems and find solutions, Big Data ingests the knowledge from 
different fields of study:
– Databases

– Knowledge Discovery in Databases (KDD)

– Data/Text/Graph Mining

– Parallel and distributed algorithms

– High Performance Computing (HPC)

– Information Retrieval (IR), Multi-Lingual/Cross-Lingual Information Retrieval

– Computer Vision

– Natural Language Processing (NLP), Computational Linguistics,  and Text Analysis

– Semantic Web

– Probabilities and Statistics

– Machine/Deep Learning

– Etc.

Domains of Research



27/04/2026 37

Data Science
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Cloud Computing
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Cloud Computing
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IaaS
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CaaS
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PaaS



27/04/2026 44

DBaaS
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SaaS
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Cloud Computing



27/04/2026 47

• Deployment models for Cloud Computing:

– Private cloud 

– Public cloud

– Hybrid cloud

Cloud Computing
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Where do you think some/all 
these technologies fit into FuSE?

How can these technologies help 
FuSE research? 

Big Data and FuSE
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