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* What is Big Data?
 Why Big Data?

* Types of Big Data
* Techniques

e Cloud Computing
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What is Big Data?
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What is Big Data?

As of 2011, the global size of By 2014, it’s anticipated

40 ZETTABYTES It's estimated that da‘t‘a ‘“'h:a"":afe was there will be
(43 TRILLION GIGABYTES ) 2005 2.5 QUINTILLION BYTES SSHaECD a8 420 MILLION
of data will be created by [ 2.3 TRILLION GIGABYTES I e 150 EXABYTES WEARABLE, WIRELESS
2_020, an increase of 300 2 of data are created each day 161 BILLION GIGABYTES | HEALTH MONITORS
times from 2005 020
" }_@
‘H ; S 4 BILLION+
_‘f HOURS OF VIDED

are watched on
YouTube each month

6 BILLION
PEOPLE

have cell
phones

of Big

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

5 T2
[ Tue ]

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

Most companies in the
U.S. have at least

100 TERABYTES

[ 100,000 GIGABYTES
of data stored

N
)

WORLD POPULATION: 7 BILLION

The New York Stock Exchange - Modern cars have close to Poor data quality costs the US
captures @ . 100 SENSORS economy around

\ s 2 1 T INN A
1TB OF TRADE 2 ‘ Whatinonitor e such a5 don't trust the information 1TR NA

fuel level and tire pressure

INFORMATION i

during each trading session

they use to make decisions

optimize operations

ucture, and find new sources of

Velocity

015
ANALYSIS OF 4.4 MILLION IT JOBS
STREAMING DATA wilibe crested globally

with 1.9 million in the United

Veracity

UNCERTAINTY
OF DATA

By 2016, it is projected in one survey were unsure of

there will be huw much of their data was
18.9 BILLION inaccurate
NETWORK

CONNECTIONS Y
— almost 2.5 connections i

per person on earth

1T

e~

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS
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What is Big Data?

VA BUSINESS Lo B8 eede U i 9
LUE PROCESS|NG Arcess Anywhere  Content-aware Workflow & Interaction mal rt Do Alert & can ra 20
Anzlytics basmass Apos Automation & Syt G‘T Raspond o=
SUSINESS INTELLIGENCE REAL TIME EVENTS
VELOCITY AND INFO DX )
VE RAC'TY PROCESS'NG ?crgr* N;Ad;}ra g Cont ex"u:h e g Stream
R Scenarios Explaration data Msr:agcm:m Processing
DATA !h’ '
VOLUME ACQUISITION ‘ | :i: A - *
DATA
VARIETY CREATION

EXCELRCOM
© 2015 Excelacom, Inc.
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What is Big Data?

Visualization

« Empower faster decision-making
+ Power BI, Tableau, embedded analytics

Volume

+ Scale storage & analytics for
exponential growth

+ Cloud data lakes, Spark, storage tiering

Velocity

« Enable real-time, low-latency insights
- Kafka, Kinesis, edge analytics

Value

» Deliver measurable ROI
« ML pipelines, predictive modeling

Variety

« Integrate structured, semi/unstructured data
+ Lakehouse, NLP, data fabric

Veracity

+ Build trust & compliance readiness
+ Governance tools, IAM, encryption

Variability
» Address schema drift & inconsistency
« Observability, automated validation

27/04/2026 10



What is Big Data?

The 8 Vs of Big Data

g 2 VARIETY_

s-g@- !

e Structured & Unstructured

o Text, Images, Videos, & More
® Massive amount of data m— Real-Time Data Processing
® Data Integration & Storage D . % L 2% : o Fast Data Streams

8. VICISSITUDE ——= <" &', ° N\ —4. VERACITY—
\"'.5 Spa(?f()\@_‘

e Scalability Challenges ’ 3 : ~ 2 ot ' o Data Quality & Accuracy
o Big Data Tools > LB GETE o » Reliable & Trustworthy

7. VISUAI.IZATION -

et 1Ll s

o Graphs & Dashboards - = wu" ‘ : : "\ e Insights & Kno;Iedge !
e Big Data Tools .. ; 4 : . = A %\ ° Business Value o=
: o Changing Meanings ™ (P s
e Data Context Shift
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 What is Big Data?
 Why Big Data?

* Types of Big Data
e Techniques

e Cloud Computing

27/04/2026 12



Why Big Data?

Increased Storage Capacities

Evolution of Storage Devices
From Smallest to Largest (1950s - 2026)

* Storage capacities have grown
EarIyEra
=3

Magnetic Tape  8-inch Floppy Disk  First Hard Disk
— 80 KB-1.2 MB —5MB

Punched Card Paper Tape —
— ~80 bytes Few KB — MBs

PC Era

(===
®
§
Zip Disk —

e Storage (now) is cheap — cost of
storage/GB decreased
;ODI(iB;lii::Era —1.44 MB 100-750 MB

é; Ha .j
External Hard Drive —

USB Flash Drive — SD / microSD Card — Blu-ray Disc —
8 MB-1TB 16 MB-1TB 25-128 GB 500 GB-20 TB

CD-ROM — DVD —
700 MB 4.7-8.5GB

* Modern Era

B /7B @ 3

SSD (SATA) — NVMe SSD —  Enterprise Storage  Cloud Storage = DNA Data Storage
120 GB-8 TB 256 GB-100+ TB Systems — — Exabytes+ (Experimental) —
Petabytes Zettabytes per gram

Scale Bytes—>KB—>MB—>GB—>TB—>PB—>EB—)ZB)
Progression E
13
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Why Big Data?

Increased Processing Power

 Computation capacity has also
risen sharply

* New means of processing data ﬁ ﬁ -
— CPUs (Central Processing Units) ‘ E
— TPUs (Tensor Processing Units ) CPU GPU NPU TPU DPU
— GPUs (Graphics Processing Units)  Genera-  Parallel  On-device Cloud-scale Al

purpose & deep edge Al TensorFlow infrastructure

— NPUs (Neura| Processing Units) classic ML  learning acceleration
— DPUs (Data Preprocessing Units)

27/04/2026 14



Why Big Data?

New Computing Methods

* 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.

Grid Computing " Cloud Computing

'—'— EEE

* Cloud Computing /N N\
— A computing service provides access to
computing resources to users for a fee —

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

27/04/2026 15



Why Big Data?

New processing methods

SprJ\Z @Fllnk
——__

Processing v’ Batch v’ Batch v’ Batch v Hybrid (Streaming + Batch)
v 1/O HDFS v’ Interactive v’ Interactive v’ Interactive
v' Map-Reduce-Reduce v° Near-Real Time v Real Time Streaming
v" HDFS \w Memory Streaming v Native Iterative Processing
Processing v’ Iterative Processing v" In-Memory Processing
v" In-Memory Processing

Paradigm v’ MapReduce Vv Direct Acyclic Graphs v~ Direct Acyclic Graphs v’ Cyclic Dataflows
(DAGs) Dataflows (DAGs) Dataflows
v" Resilient Distributed
Datasets (RDDs)
v DataFrames

Generation 1st 2nd 3rd 4th

27/04/2026 16



Why Big Data?

Availability of data

e More data is available

Machine
. Generated Data
* Different types of data are oT - Inteeriot of
available: DATA 4 Things)
, _ _ VOLUME
— Private sector (financial
corporations, banks, etc.) Zettabyte = Social
— Social media Exabyte = Interactions 48§
— Internet of Things Petabyte = ¢
 Computer Generated Data Terabyte =
* Satellite data Transactional Data
* Sensor Data Mainframe/Mini PC/Client Intermet ‘ Virtual
e Seismic data, etc. Era Era Ea 2012 Em 2020

27/04/2026 17



Why Big Data and loT?

* |oT (internet of things) perfectly

'IIUStrates the core Cha”enges Of loT connected devices installed base worldwide

Big Data (8 Vs) from 2015 to 2025
,, 100 -
g o 3
e Federated Learning for real-time = 5 4 @
insights g o Coe 80§ 0
% 40 — e o o g g “
T30 I <& < g =
: . : § 20 < 2 =
* Real-Time Decision Making N 1 1 I
. . ()
using real-tlme data ﬂOWS 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Years

27/04/2026 18



Why Blg Data’?

Data Learnlng
Learning type Primary Goal Data Cost Human Effort

Prediction / High (Manual
Supervised Classification / 100% Labeled Very High 9n Centralized
: labeling)
Forcasting
Unsupervised Pattern. Discovery /100% Unlabeled Low 1 geITie Centralized
Clustering setup)
Semi-supervised Generalization Small Labeled + Medium Medium (Labeling Centralized
from sparse labels Huge Unlabeled subsets)
: Policy / Decision Reward / Penalty High (Reward Interactive /
Reinforcement Medium : : : :
Optimization Signals engineering) Simulation
Rapid Task 1-5 Examples Low (Prompt Centralized (Model
. Adaptation (Context) ALl design) API)
Zero-Shot Semantl.c | No Examples Zore Lowest Centralized (Model
Generalization (Logic only) API)
: : : : : High o
Federated Data Privacy & Localized / Siloed Variable (High (Security/Coordina Distributed /

Security Data Infra) Edge

tion)

27/04/2026 19



Why Big Data”

ML Tools on Hadoor

e MlLlib (Spark) ) J\Z
— General purpose ML PGy .
— DataFrame-based API Spr " l\/”_“b

— Classification, regression, clustering, and
collaborative filtering

* FlinkML (Apache Flink) Flink
— Real-time/Streaming Data
— Handling of cyclic data flows (common in ML) than ML
Spark
* Mahout

— Distributed linear algebra
— Scalable ML Application M A H O U T

27/04/2026 20



Why Big Data”

Deep Learning lTools
. P—y-ll;oe':;:rch & LLMs O PyTO rC h

* TensorFlow
— Enterprise pipelines 1F TensorFlow

+ Keras Keras

— Rapid prototyping

* JAX

— High-performance numerical computing

27/04/2026 21



Why Big Data?

200

." /(
;

/__.._.

SHF-IIBWING IIAIII(I[IIGISTS " RADIOLOGISTS

INREGULAR CARS
CARSIN2 VEMIS OBSOLOLETE DRIVING TO WORK

INSYERRS
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 What is Big Data?
 Why Big Data?

* Types of Big Data
e Techniques

e Cloud Computing
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Types of Big Data

Types of Big Data

Structured Unstructured Semi-Structured

® SelectHub




Structured Big Data (l)

e 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
Data

27/04/2026 25



Structured Big Data (ll)

* Storage: ORACLE m

— Relational databases (e.g., Oracle, PostgreSQL
PostgreSQL, MySQL, Microsoft SQL MySOL.
Server, Teradata)

— Data Warehouses (Snowflake, Amazon l'.el'adata.
Redshift, Google BigQuery, Hive)
,fl.
\_'_/}
: S~— amazon
* Analysis tool: BT Server REDSHIFT

— OLTP (Online Transaction Processing)
— OLAP (Online Analytical Processing)
— Business Intelligence

@ Google

Big Query

Jdb
X snow flake

27/04/2026 26



Unstructured Big Data (I)

* Unstructured big data is a massive, ever-growing wilderness of data

e Schema-on-Read ,

%

g 2
* Irregularity ‘ ‘

(ia
* Storage Requirements
Unstructured

e Difficulty in Analysis Data

$

Py

e (Qualitative Nature

’
s
g

27/04/2026 27



Unstructured Big Data (Il)

* Storage:
— Data Lakes (Amazon S3, Azure Data Lake, Hadoop HDFS, etc.)
— NoSQL Databases (MongoDB, Cassandra, Couchbase, etc.)

— Vector Databases (Pinecone, Milvus, etc.) W <I\Z
e Spark’

Amazon S3

7,

AT

‘,\ZMLI'b cassan-dra mongo 0B
* Analysis Tools: SRR

— Hadoop Analytic tools (MapReduce, Spark, Tez) @’ Milvus
— Apache Mahout, Spark MLIlib
— Al & Machine/Deep Learning
— Applied ML/DL (NLP, CV, TTS, etc.)

27/04/2026 28



Semi-structured Data (I)

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

Semi-Structured
+ Hierarchical Structure (e.g., JSON, XML, YAML) Data

e Schema-on-Read

27/04/2026 29



Semi-structured Data (ll)

o
« Storage neoq
— NoSQL Databases (MongoDB, Couchbase, > J

and DynamoDB)

— NewSQL (CochroachDB, NuoDB) amazon

— Hybrid Warehouses (Snowflake, BigQuery) DynamoDB ArangoDB
— Graph Databases (Neo4J, ArangoDB) 6 CockroachDB
— Seach Engines for log analysis/security
(Apache Lucene, Apace Solr, Elasticsearch) g
>o< snow flake
hr
ST m» elasticsearch
"LUCENE =~ , @ Google
Bgachre 'f: Big Query

Solr

27/04/2026 30



Types of Big Data

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

Non-relational

Storage  Relational Database (NosQL) Data Lakes / Cloud
: Very Easy (Business Difficult (needs

AGELYELE Intelligence) ecs e Al/ML)

Flexibility Low High Very High

Examples SQL Tables, CSV JSON, XML, YAML Video, PDFs, Audio

27/04/2026 31



Data Lakes vs Data Swamps

 Data Lakes are large stores of
heterogeneous data to aid in a variety of

different computations and analytics Data Swamp /¢ Data Lake
 Data Lakes simply hold all data about a @ s patals flexible .

known problem in a recoverable and fault-

tolera nt manner . Unorganized orgzé?ggér::a}z;eoé?;ries .

. No navigation Easy to navigate .

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

LMAIation

A Data Swamp happens when a data lake
gets abused

28.11.2023 32



In-Memory, :
Data Flow Analytical
Engine

Rf cloudera

IMPALA

Resource
Management

27/04/2026

Hadoop Extended Ecosystem

Integration
& Streaming

Management &

SQL-on-Hadoop Coordination

Database Learning

Spofl‘(\'r MLIib

'N/\/\/N
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A/ \/\4

Manager



 What is Big Data?
 Why Big Data?

* Types of Big Data
e Techniques

e Cloud Computing
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Problems and Solutions

* 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

27/04/2026 35



Domains of Research

* 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.

27/04/2026 36



sLiebniz - Binary
Logic.

*Probability
*Correlation
*Bayes Theorem.

PRE 1800

sWilliam Playfair
*Charles Minard
*Forence
Neghtingale.

Methods

sFourier and other
transformers
*Matrix &
Generalizations
*Non-euciidean
geometrics.

sRegression,
Least Squares
*Time series.

1800 - 1900

27/04/2026

sTurning
machines
sInformation
Thecry

*Weinar &
Cybernetics
*Von Neumann
Architecturs.

oAppIicaﬁons o

Miiary,
manufactuning.
communications.

sThecretical
Foundations of
Modern Stats
sHypaothesis, DOE
*)Mathematical
Statistics.

1900 - 1940

Data Science

<First IBM
Computers
*DBMS.:

1940 - 1960

*Sort & Search
Algorithms -
Dijkestra, Kruskad,
Sheil Sort, ...
*Heuristics -
Simulated
Annealing, ......

*1962 John W.
Tukey, Future of
Data Analysis

O *Bayesian

Methods

*Time Series
Mathods (Box Cox,
Survival, etc.)
*Siochastic
Maeathods.

*Graph
Algarithms
eMuitigrid
methods

*Tree basad

*Removable Disk

Drivers

*Relational DBMS.

O .1976-sas
Institute
+1977 The
International
Association for
Statistical

Caomputing (IASC).

*Tex¥ string search
*1974 Peter Naur
"Cancise Survey of

Computer Methods™ ,

Data Sciencs,
Datalogy
sKnuth - Art of
Computer
Programming.

*Deskicp. Floppy
+SQL. OOP
*High level
languages.

(o)

*Edward Tufte.

*Simulation,
Markov
*Computational
Statistics.

o

o

o

A BRIEF HISTORY OF

A SGIENGE

1889 First KDD
P
*Gr

‘agory
Piatetsky-Shapiro.

sWiliiam Cleveland:
Data Science

*Lao Breimann:
Statistical
Modeling: 2
Cultures.

(=]

=Grammar of
Graphics

*Word Cloud. Tag
Cioud.

*Decision Sciance
*Patiern
recognition
*Machine leaming.

*Database
Marksting

*Data Mining.
Knowledge
Discavery

*"Data sGience.,
classification, and
related methods.”

o

MQUISTTVENESS




 What is Big Data?
 Why Big Data?

* Types of Big Data
e Techniques

e Cloud Computing
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S Cloud Computing

Cloud
Computing | .

o
o \
S - #

Server \ l ‘ Database
[ ] @  Hybrid Cloud

Private Cloud

Public Cloud

27/04/2026 39



Cloud Computing

Pre-built industry applications

Saas business processes collaboration CRM/ERP/HR

Composable services for rapid application development

B L B
e .h_‘:

Middleware Application Database Development
runtime stack

Compute, storage and networking resources on-demand

N
[0 —]) L—=
2 X B

Servers Metwaorking Data Center Storage
Fabric

Strands Labs 2024, all rights reserved
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System

Data Center .
Engineers

Infrastructure
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CaaS

=bmce

Portability

Development .
\ Containers as a
Service (CaaS)

@

Features &
Benefits
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PaaS

Platform as a Service
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High service
quality

Faster
deployment

resources
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On Premised
Packaged S/W

APPLICATIONS

DATA

Cloud Computing

laasS

APPLICATIONS

DATA

Managed by you

Paas

APPLICATIONS

DATA

Saas

APPLICATIONS

DATA
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S Cloud Computing

* Deployment models for Cloud Computing:

— Private cloud kubernetes
== openstack.

vmware O .
: Cloud

vSphere

— Publiccloud  £Y Google Cloud Computing

aws A Microsoft Azure ORACLE
N Cloud Infrastructure

— Hybrid cloud
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Big Data and FUSE

Where do you think some/all
these technologies fit into FUSE?

How can these technologies help
FUSE research?

27/04/2026



Ciprian-Octavian TRUICA
Contact

https://sites.google.com/view/ciprian-octavian-truica

https://scholar.google.com/citations?user=2Z0Kagr-QAAAAJ

https://www.scopus.com/authid/detail.uri?authorld=56331462000

https://www.webofscience.com/wos/author/record/J-9536-

2014 SCAN ME

hitps://www.linkedin.com/in/ciprianoctaviantruica/

0000
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