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Research Groups
In today's raplidly evolving technologlical landscape, Gene'f{C’data
numerous research groups are at the forefront of pl‘OCCSSilllg

Innovation, each focusing on transformative areas
that have the potentlal to reshape Industries and
enhance our dally lives. Among these, the Internet
of Things (loT) research group Is dedicated to
exploring the Interconnectedness of devices and
sensors, striving to create smart environments that
foster efficlency and convenlence. Meanwhile, our
Artificlal Intelligence (Al) team Is delving Into
advanced algorithms and machine Ilearning
techniques to develop systems that can learn,
adapt, and make Informed declslons, pushing the
boundaries of automation and Intelligence.

Additionally, the Blg Data research group Is
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Telegram Group: YouTube Channel:
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Telegram Channel:
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Telegram group:
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ata Al
r grou _—



https://t.me/Deeplearning_BigData_AI
https://t.me/Deeplearning_BigData_AI
https://t.me/AI_Bigdata_amirkabir_group
https://t.me/AI_Bigdata_amirkabir_group

YouTube Channel:
https://www.youtube.com/chan

nel/UCa8ZFUxp37Vy-
KEbx7SbbHQ

Telegram Channel:
https://t.me/Al Nuroscience Gen
omic Data
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Data Never Sleeps 9.0

How much data is generated every minute?

The 2020 pandemic upended everything, from how we engage with each other to how we engage
with brands and the digital world. At the same time, it transformed how we eat, how we work and
how we entertain ourselves. Data never sleeps and it shows no signs of slowing down. In our 9th
edition of the “Data Never Sleeps” infographic, we bring you a glimpse of how much data is created
every digital minute in our increasingly data-driven world.
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As of July 2021, the internet reaches 65% of the world’s population
and now represents 5.17 billion people—a 10% increase from
January 2021, Of this total, 92.6 percent accessed the internet via
mobile devices. According to Statista, the total amount of data
consumed globally in 2021 was 79 zettabytes, an annual number
projected to grow to over 180 zettabytes by 2025.

Global Internet Population Growth
(IN BILLIONS)

MESSAGES

As the world changes, businesses need to change too—and that
requires data. Domo gives you the power to make data-driven
decisions at any moment, on any device, so that you can make
smart choices in a rapidly changing world. Every click, swipe,
share, or like tells you something about your customers and what
they want, and Domo is here to help you and your business make
sense of all of it.

Learn more at domo.com



THE INTERNET ]N2 O 2 3 EVERY MINUTE

241.2M

emails sent

271,309 18.8M

105 & Android text messages
app downloads sent

2.4M

Goog le searches
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Qi san : video hours viewed

n.e3a SECONDS

chats on
Microsoft Teams
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- Professlonal Services
I pataManagment
B rppseanaytics

Networking

B storoge
No SQL

B compute
B Hodoop

B sa

Big Data Market Forecast Worldwide from 2011 to 2026,
by segment (in billion U.S. dollars)

2011 2012 2013 2014 2015 2016 2017 2018 2019° 2020° 2021° 2022* 2023 2024° 2025° 2026"
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Cost
reduction

BIG DATA
ANALYTICS

Faster,
better
decision
making

New
products
& services




importance of Bi1g Data 1or business

Compliance and Data-Driven
Security Decisions
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Operational
Customer ¢ o ,
. Efficiency
Service
Predictive .
Analytics Risk Management

Sl
Market Research u.[].[lﬂ % Supply Chain

Optimization
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BIG DATA APPLICATIONS

Banking &

Securities

Government

Media &
Entertainment



Big Data Contributions to Healthcare

Purchase Data

EHR Data

Big Data

_ Contributions To
Transaction Healthcare

Data

Geographical
Data

Historic Patient

Health Tracker Data
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- Structured
- Semi-structured
» Unstructured

VELOCITY

: Real Time Nolame Velocity
Marketing - Petabyte ot
Automation - Babyte iy
y Zettabyte - Streaming Data

Near Real Time

Periodic

Reports
Social - Batch
Tech Table e
KB
MB

Automated GB VOLUME

Demand
Generation

VARIETY
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90%

of generated data

is the estimated
amount of money that

poor data quality costs cus
the US economy per year |

is "unstructured"”

This includes tweets, photos,
stomer purchase histores

and customer service calls
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I5 & picture worth
a thousand words
in 70 languages? Is
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VISUALISATION A
Can you Mmaka sensa ‘
at a glance? Doas it

trigger a dedsion?
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The High Cost of Inaccurate Data
Industry statistics reveals

15% OF
REVENUE

Bod data costs
companies an
estimated 156% of

their revenue
{Gartner)

40% OF TIME

Nedrty one third ot
onnalysts spend more than
40 percent ol their time
vatting and validating
their analysts data

X 30% OF
$ 3.1 MILLION 30% REVENUE OPERATING
LOSS EXPENSES

Businesses lose

S31 trillion Research shows that

annually due to bad data s on
poor d(ato quality average costing
1B businesses 30%
or more thelr revenue

20 10 30 percent of
aperating expenses
are due to bad data
(Progmatic Works)


https://forbytes.com/blog/challenges-of-big-data/
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Monolithic Microservices

Microservice
Architecture

Distributed
Storage

kubernetes

Pipelining \ >
with What is Distributed Stofage?
Advanced

GPU




LS Y'Y il colain!
Py eels ¥e 5o,

&l Baid A100 GPU
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NVIDIA GH200

Built for the new era
of Al supercomputing

CPU to GPU Bandwidth Memory Bandwidth

900 GB/s 4.9TB/s

NVLink-C2C HBM3e per GPU

Energy Efficiency QFT Quantum Simulation RAG LLM Inference

1.9X 90X 100X

Performance vs H100 Performance vs dual x86 CPU Performance vs dual x86 CPU

624 GB High-Speed Memory | 4.9 TB/s | 4 PF Al Perf | 72 Arm Cores




The Extreme Cost
of Training Al Models

Estimated cost of training selected Al models
(in million U.S. dollars), by different calculation models

Gemini 1 e
CchatGPT-4 (23) [
) : B Cloud computing calculation
Inflection-2 ] Own hardware calculation
S | (amortized)
PaLM (22) [l
ChatGPT-3 ('20) i
OPT-175B ('22) |
DALL-E
O 50 100 150 200

Rounded numbers. Excludes staff salaries that can make up 29-49% of final cost (including equity)
Source: Epoch Al

statista %a
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Miller’s Law

The average person can only keep 7
( plus or minus 2 ) items in their working memory.
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Cross platform swlio g 8,20 slooL; 0 ‘
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Color Psychology
Cheatsheet )

Red Orange Green

passicn, love, anger. warmth, energy. nature, growth, health,

-
’ * *
danger, waming happiness, enthusiasm harmony, money ( AJA )9)4.‘)' ) ) ) (5 ngij I
** 4

Yellow Blue Purple . . e .
sunshine, happiness, Joy, calmness, trust, 5(::,';1”:_\5 royaity, ||.xn.rj\' creatonty, LS lmc) L?) LSAJ.?M) EIQJI

intellect, caution wiscom, mystery mystery . lj
g0l

Pink Black White 1S, cloo .

innocence, fernininity, power, scphistication, purity, innocence, LS) LS 0)9'> & I 9'JI

compassion, love nysfery,eovd EE gleaniiness . lj

Brown Silver Gold G LQU lJ) (5w Lo

earthiness, reliability modemity, scphistication luxury, wealth, success, o
*

* *
dependability, friendliness industrial, cold prestige, glamor ‘ UMJ 9J a0 L))J
* *
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Big Data Analytics Tools.

Open-source cross-platform source that utilizes a document

mongo .
ONgO oriented program.

MongoDB

(@ -l_hadam An open-source platform that helps in the distribution and
. Apache Hadp storage of large data.

+ableau* public Offers a larger insight into the hypothesis generated.
Tableau Public

Helps in analyzing and manipulating the information through
the use of visual programming.

A free open-source network analysis and visualization

— software tool.

Microsoft HDInsight is a big data solution powered
by Apache Hadoop.

Microsoft HDInsight

n o S I NoSQL databases are used to store unstructured data which have
NoSQL no particular scheme.

A distributed data management for Hadoop used for
Data mining purpose.

OQOOO A tool that is used to connect Hadoop with various relational
databases that are used to transfer data.

Sqoop
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https://www.theseattledataguy.com/5-great-big-data-tools-for-the-future-from-hadoop-to-cassandra/#page-content
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Visualization of data

Lorem Ipsum Lorem Ipsum Lorem ipsum Lorem Ipsum Lorem Ipsum Lorem Ipsum

40% T70% 90%
450
LOREM IPSUM
[ ————>T 40% Lorem IpSUMm . o
HEAD“NE Loremn Ipsum {l
o (%
HEAU“NE LOFQm Ipsum e ]
2[] 0/0 Lorem Ipsum Lorem ipsum Lorem ipsum
designed by '@ freepik

designed by '@ freepik



Visualization of data
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& Database Systems: The Complete Book — Garcia-Molina, Ullman, Widom
web.cs.wpi.edu

® Modern Database Management — Hoffer, Ramesh, Topi web.cs.wpi.edu

® Mining of Massive Datasets — Leskovec, Rajaraman, Ullman
library.buid.ac.ae

® Hadoop: The Definitive Guide — Tom White cs.sjtu.edu.cn

& Learning Spark — Holden Karau et al.


https://web.cs.wpi.edu/~cs585/s20/readings.html?utm_source=chatgpt.com
https://web.cs.wpi.edu/~cs585/s20/readings.html?utm_source=chatgpt.com
https://library.buid.ac.ae/inf618?utm_source=chatgpt.com
https://www.cs.sjtu.edu.cn/~wuct/bdpt/syllabus.html?utm_source=chatgpt.com
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s:litwl Mining of Massive Datasets — Jure Leskovec, Anand Rajaraman, Jeffrey Ullman | Stanford University

gzt a0 Mining Massive Daotasets (C5246) 5,53

r Lol salgidi ai8 Worcester Polytechnic Institute
Database Systems: The Complete Book — Garcia-Molina, Ullman & Widom = (WPI)
Modern Daotabase Maonagement — Hoffer, Ramesh, Topi = Big Data Management 2,52

Principles of Distributed Database Systems — Tamer Ozsu & Patrick Valduriez »

Mining of Massive Datasets, 2nd Edition woelol 55 York University
Big Data Systems a;g2

Mathematics of Big Dota: Spreadsheets, Databases, Matrices, and Graphs — leremy — % MIT

Agarns 8380wl ey w13 Kepner & Hayden Jananthan




€, Examples of Universities and the References They Use in Big Data Courses

University / Course

Stanford University

Mining Massive Daotasets (C5246)

Worcester Polytechnic Institute
(WPI)

Big Daota Management

York University

Big Dota Systems

MIT

Books and References Used

Uses Mining of Massive Datasets — lure Leskovec, Anand Rajaraman, leffrey Ullman

(mmds.org A)

Suggested books include:;

» Database Systems: The Complete Book — Garcia-Molina, Ullman & Widom (web.cs.wpi.edu
Al

» Modern Dafobase Management — Hoffer, Ramesh, Topi (web.cs.wpi.edu a)

» Principles of Distributed Database Systems — Tamer Ozsu & Patrick Valduriez

(web.cs.wpi.edu &)

Main textboolke Mining of Massive Datasets, 2nd Edition {eecs.yorku.ca »)

In some courses, they use Mathematics of Big Dota: Spreadsheets, Databases, Matrices, and

Graphs — leremy Kepner & Hayden Jananthan {mit.edu &)
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Big Data: A Revolution That Will Transform How We Live, Work, and Think - &

Kenneth Cukier (Viktor Mayer-Schonberger a.:s ¢
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¢ Hadoop: The Definitive Guide — «

Tom White azq ¢
Big Data. ¢lab el ,;Hadoop ¢ oSob sl SaaodlS 2 10

Big Data: Principles and Best Practices of Scalable Real-Time Data «
Systems —

James Warren ;Nathan Marz ..y ¢
(8 lers 250 ) pudac ool slapiun b Jool Sy 6l e LS

Streaming Systems — ¢

(JSs5 lwaigs) o, Ko oTyler Akidau asg o
stream processing b ,> sleosls j55ls p lp w95 [l 2> 10
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Martin Kleppmann «.:;:Designing Data-Intensive Applications —
slaools oL condms 55 (o minw w0l (6 loxe Jro Jixlas to0ld axsl> o ol > QLS Sogore Gl
aeo e i 1 batch greal-time 30, NOSQL

Jure Leskovec, Anand Rajaraman, Jeffrey Ullman «.:,Mining of Massive Datasets —
(B Glo 5 G295 sl dwie Jlown) Sy whke )0 slSosls slahs, 5 lap 5Nl L (pIRAS SLS
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Designing Data-Intensive Applications
(Martin Kleppmann, 2017)

shol 35 503

Oy sloals (slapiwns (5 loxs
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coslico aals oL bl sSQL vs NoSQL o lis

stream processing ;batch processing layie s loxs

replication, partitioning, consistency, CAP theorem

distributed sfault-tolerant lagin )b

Kafka, Cassandra, i) ous bl b oijlus coba g siales oo a5 S o581 5 ol laxe 0ol ludige igly coslis @
Spark).

© © O O LOEON O



Mining of Massive Datasets (Leskovec,
Rajaraman, Uliman, 2020)

Lol 55, o
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(w9 elaim] sloasiin) pdie slalél 5 Ll sPageRank &
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Frequent Itemsets and Association Rules .8

Introduction to Big Data and MapReduce .

Apriorn aii,gs)l MapReduce iluuloe Jia @

(market-basket analysis) 11,5 dpw Jul=i @ i jai Slabums 3 laal ol Silwesly e
Mining Web Advertising and Social Networks .9 Similarity Search and Locality-Sensitive Hashing (LSH) .

ol Slsuls slaJis o (Cosine, Jaccard) Juslud by ymi @

welaizl slaaiub g lpyls jlsy Jul=i o adhe slaasly jy awlie M6l G0l e bg, @

Large-Scale Machine Learning Basics .10
bu=a 3 regression, classification Uia) 85 Lulibis 3 puils $830 5l als i s Sladaswi 3 @
ol ad adlsl s (enigsjg7

Book: Mining of
Massive Datasets

Data Stream Mining .

(streams) (il ) slaesls Jao @

Ul uilS o cdigai Cladil wiplad Slp e di slaai sl e
Link Analysis .

(US55 Sg=iuz 5ige liss) PageRank ai 3l o

Sy slasld g laasusn Ll e

Clustering .

k-means, hierarchical clustering slaai g3

S)p polifio )3 Siidiigs

Recommendation Systems .

(collaborative filtering) % live S jils  *

Baungi slaaiwuw ¢ly (Matrix factorization) Ly yle $jlujis  ®
Dimensionality Reduction .

SVD (Singular Value Decomposition)
Principal Component Analysis (PCA) »
UL slsyl b slasesls j3 3,8 @
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Foundations of Data Systems .

Batch and Stream Processing .8

(stream) ;L= g (batch) aiws ;3 sals Lislap digaiiea p2jlap g ol cilita Slbatugw 5o boals dgds @

Kappa s Lambda sla s ® consistency. availability. partition-tolerance (CAP theorem) . latrade-off oy »

Hadoop, Spark, Kafka Streams :la,ll = query languages ¢ data models aualoo @
Derived Data and Materialized Views .9 Data Storage and Retrieval .

View maternialization. caching. data pipelines = Storage engines: Log-structured storage vs B-trees ¢

event sourcing o ETL Indexing, replication, compaction
3

_ NoSQL (key-value, document, column-family) o relation slaesls oSl »
Consistency and Consensus .10 '

Strong vs weak consistency e Data Encoding and Evolution .

. L (JSON, Avro, Protocol Buffers) asls slaCiays  »
reliability ¢ Sialas sy Distributed consensus

b LIRS ot 5l atoww 3 schema evolution Jy pis  ®
Replication .

replication: single-leader, multi-leader, leaderless glail =

. ' . conflict resolution 5 consistency models
Book: Designing
. Spugebis jauliel sl g pu aesls sy
D ata = | n te ﬂ S Ive rebalancing a; bgiya Jibue g partition key =l
Applications a5 sl 1 5 o ACID poghe

Consensus protocols: Paxos, Raft
The Trouble with Distributed Systems .
failures, latency, ne < rk partitions js i@ joi Gldalwne slajolle =

retry strategies o ldempotence »

Transactions .



Mining of Massive Datasets (Leskovec, Rajaraman,
Ullman)
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1-Basic Concepts
o Importance of Big data
Applications of Big data
v concept in Big data
Challenges of Big data
Tools of Big data
Visualizations of Data
GPU architectures in Big data
Kappa and Lambda architectures
MLOPS-machine learning model life cycle
Curse of Dimensionality
Supervised vs unsupervised learning
o TEST, TRAIN, VAL, KFOLD
2. Foundations of Data Systems
o Data types and models (relational, document, graph)
o OLTP vs OLAP systems
o consistency, availability, and durability
o Characteristics of reliable, scalable, and maintainable system
3. Unsupervised ML
o Clustering
Clustering Problems
select clustering glgorithm for bigdata
k-means and mean shift
Hierarchical clustering
Defining “nearness”
Merging and stopping policy

O o0 00000000

o o0 0000

Data Models and Query Languages
a relational vs document vs graph databases
o 50l 3 MoSOL
o query processing basics
Storage and Retrieval
a  storage engines: log-structured storage, B-trees, LSM-trees
a indexing techniques
a data compression and encoding
Encoding and Evolution
a  serialization formats (IS0OMN, Avro, Protocol Buffers)
o schema evelution
a  backward/forward compatibility
The Trouble with Distributed Systems
a clock synchronization and causality
a fault tolerance, network partitions, timeouts
a consistency vs availability trade-offs [CAP thearem)

Batch and Stream Processing
o batch processing (Hadoop, MapReduce)
o stream processing (Spark Streaming, Kafka Streams)
o exactly-once vs at-least-once semantics
9. Derived Data
o materialized views
o caches, indexes, search engines
o change-data-capture and event sourcing
10. Similarity Search and Locality-Sensitive Hashing (L5H)
o  MNear-duplicate detection (e.g., weh pages, documents)
o Minhashing and shingling techniques
o LSH for approximate nearest neighbaors
11. Data Stream Mining
o Stream models and challenges
o Sampling techniques
o Counting distinct elements, frequency moments, heavy
hitters
1Z. Link Analysis
o Graphs and networks basics
o PageRank algorithm
a HITS and ather ranking methods
13. Dimensionality Reduction
o SVD (Singular Value Decomposition)
a  Principal Component Analysis (PCA)
o Graphical model (MPPCA, MFA)
14 Supervised Learning at Scale
o Decision trees, 5WMs, and logistic regression
o Stochastic gradient descent (5GD)
o Handling imbalanced datasets
15. Partitioning (Sharding)
o partitioning strategies: range, hash, composite
o rebalancing shards
o handling hotspots
16. Deep learning at scale
o Serving a TensorfFlow Model, TFLite, Mobile or Embedded
Device
o Serving through the gRPC and REST API
o Scaling up TF Serving and Parallelized execution
o Using GPUs to Speed Up Computations- Managing the GPU
RAM
a  Training Models Across Multiple Devices (Model Parallelism
vs Data parallelism)
o TensorFlow Cluster
o Transformers
o Mamba |
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