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Algorithmic Advancement

® 1955
Birth of Al Explosion of Data
Exponential increases in computing power & storage
1965 (@
Birth of Deep
Learning
Increase in Amazon brings
1989 ‘ Opening of computing More computing cloud storage and
Birth of CNNs for image World Wide power drives power for Al computing to the Web 2.0 era
recognition Web IBM's Deep algor.ithms masses /Facebook
1991 Blue arrives 2002 2004
. 1&7 1929
1991 { L L J . @ o o \ 2005
Moore reco‘gniz‘es 1992 1998 Early 2000s Cost of one GB drops to
exponential growth ISOCVC;F; Early NLP Publish Broadband 2005 ‘ $0.79, from $277 ten years
solution PageRank adoption Internet users 1- earlier
algorithm billion
2007 ‘
Nvidia introduces
CUDA framework for
GPUs
2006
‘ Re-energizes the
use of deep-
learning models
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Google Al introduces
BERT, significantly
improving natural

language processing
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2010

T8l sclihndl s19ill 13lal
. L

* Worldwide IP traffic exceeds 20 exabytes (20 billion gigabytes) per month
* Number of smartphones sold in the year nears 300 million

* Microsoft and Google introduce their cloud |
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upgraded lensor
Processing Unit (TPU) that
speeds machine-learning
processes

2020

* OpenAl releases GPT-3, paving the way for
improved natural language generation
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2011
IBM Watson beats
Jeopardy!
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1. Reactive Machines 3. Theory of Mind
auclai adi Jaell apai
Based on
Functionality 2. Limited Memory 4. Self-Awareness
’ aagaoa ajala Sl _coll
dauagll 1] [aliiwl
1. Artificial Narrow Intelligence (ANI) agasall Stage 1
- User-driven big data systems for machine Machine Learning

learning. Example, smart speaker

N 2. Artificial General Intelligence (AGI) alsll
Based on Ability - Advanced networks trained to build ad-hoc Stage 2

L . systems and improve themselves using data Machine Intelligence
ajaall 1l Akl

3. Artificial Super Intelligence (ASI)  ggdll

i i T Stage 3
- Machine consciousness self-learning g

Machine Consciousness
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Less Room for Errors 1. Expensive to Implement

Right Decision Making Dependency on Machine

Work in Risky Situations Can Replaces Human

B W N

Can work 24x7 Restricted Work







Data (Input

Program

Program: Code
Change by: Human
Data: External

Data (Input

Output

Traditional
Programming

Machine
Learning

Program: Architecture Change

by: Machine
Data: Embedded

Output

Program

al3l alai
Ll

LNl c193l1 ggpa a>] «-
diliajjlg> lc aaiei Al
la gubwi e lalisi agais
eliiwl Sl Jgngll .aialei
Lo




aloill adlia - ML

Machine

Learning
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Task Driven Data Driven Learn From Mistakes
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Supervised Learning el
(dainn) ulily doile grg ai Sl alildl jpa Giyh o adl aloj
Input Output ~ 1. Classification Examples:
T+ *  Fraud Detection
\‘~~‘++E_ «  Email Spam Det.
ML Learnin : o St <
Bats Algorithmg PO Prediction I %, Classification
0@.. @ NS
e %»
Labelled Data Common Algorithms: ~ 2. Regression
«  Decision trees o
* Random forests : .: ExamRPLe::
+ Support Vector o - Ris ssessment
Machines (SVM) ..: Score Prediction

* Linear regression
Multivariate regression
Regression trees



(Unsupervised Learning) wpun (jga auloill

Supervised Learning
nlaigl s JUs o @¥l alej

Input

Data

Unlabeled Data

ML Learning
Algorithm

Common algorithms:

* K-Means Clustering

* Hierarchical Clustering
* Association Rules

* Neural Networks

* Probability distribution

Processing

Output

Prediction

Machine
Learning

~ 1. Clustering Examples:
«  Biology

@ @ «  City Planning

~ 2. Dimensionality Reduction

Examples:

*  Text Mining

*  Face Recognition

* Big Data
Visualization

* Image Recognition
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Reinforcement Learning _
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Input Output
ML Learning : o . :
Data Algorithm Processing Prediction Decision making
Examples:
. . *  Robotic Navigation
Labelled and Common algorithms: . Games
Unlabeled Data *  Q-Learning Driverless cars etc.

» Temporal Difference (TD)
* Deep Adversarial Networks
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Input layer Output layer
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Artificial Neural Network
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ML vs. DL - §iaall aloill

Machine Learning

Classification

Feature extraction

Output: “Tree”

Traditional
Feature L .
earning
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. "“"«\\wf"

Engineering Algorithm

Costs lots of time

Deep Learning
Deep
Feature extraction + Classification Lea rning
Algorithm

No more feature engineering
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Generative
Transformer Adversarial
Neural Network Network

Convolutional Recurrent
Neural Network Neural Network
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Input Feature extraction and mapping Output
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Convolutional
Neural Network
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Input Hidden Output

layer layer layer
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Recurrent Context nodes
Neural Network
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Transformer
Neural Network
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Generative
Adversarial
Network




al oo ...I ooq oo Ioo i



selinnadl claall Cilduwai

amazon )
~——"PrimeAir ~*

SNIPER

& The Future of Work (2017), Volker Hirsch GENERAL ATQS



Email

Spam?

Spam filtering

Audio Text Transcript Speech recognition
English Chinee Translation
Ad / user info Click? Online ads

Image / radar info

Position of other Cars

Self-driving car

Image of phone

Defect?

Visual inspection
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