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What is Artificial Intelligence?

Output:
Artificial Action
Intelligence Movement
Text




What is Artificial Intelligence?

Artificial Narrow Intelligence (ANI): Machine intelligence that equals
or exceeds human intelligence or efficiency at a specific task.

apply intelligence to any problem, rather than just one specific

@ Artificial General Intelllgence (AGI) A machine with the ability to
problem (human -le va‘ fﬁf@fﬁg@ﬂc?@)

'fT;-

ArtlflmalSupenntelllgence (ASi) ntellect that is much smarter
@ an the best human b 5 in pracncallyeveryﬂeld mcludmg

smenhﬂc creanwty general wisdom and social skills.



What is Artificial Intelligence?
Superintelligence

Reality

Haha that's aderable
the funny robot can

de meonkey tricks!
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Intelligence
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Time

waitbutwhy.com

practically every field, including scientific creativity, general wisdom, and social skills

A superintelligence is any intellect that vastly outperforms the best human brains in



Machine Learning - Basics

Introduction

% Machine Learning is a type of Artificial Intelligence that provides
— computers with the ability to learn without being explicitly
programmed.

L

Machine Learning
Algorithm

Labeled Data

Training

Prediction l

|! i Learned Model —I-

Data
Provides various techniques that can learn from and make predictions on data




Machine Learning - Basics

Learning Approaches

Supervised Learning: Learning with a labeled training set
Example: email spam detector with training set of already labeled
emnalls

e Unsupervised Learning: Discovering patterns in unlabeled data
Example: cluster similar docurments based on the text content

> Reinforcement Learning: learning based on feedback or reward
4—I Example: learn to play chess by winning or losing



Machine Learning - Basics
Problem Types

Classification Regression
(supervised — predictive) (supervised — predictive)
= [ & ’
time
Clustering Anomaly Detection

—

unsupervised — descriptive) (unsupervised— descriptive)



Machine Learning - Basics

Problem Types — Mapping from Ato B

What Machine Learning Can Do
A simple way to think about supervised learning,

INPUT A RESPONSEB APPLICATION

Picture Are there human faces? (0 or1)  Photo tagging

Loan application Will they repay the loan? (0 or 1)  Loan approvals

Ad plus user information Will user click on ad? (0 or 1) Targeted online ads
Audio clip Transcript of audio clip Speech recognition
English sentence French sentence Language translation
Sensors from hard disk, plane engine, etc. Is it about to fail? Preventive maintenance

Car camera and other sensors Position of other cars Self-driving cars



Machine Learning - Basics
Algorithms Comparison - Classification

MNearest Neighbors

Linear SVM Decision Tree MNaive Bayes
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ARTIFICIAL INTELLIGENCE

Techniques allowing computers

to copy a human behavior

MACHINE LEARNING

Al technigques

allowing computers to learn ~ DEEP LEARNING

to solve a a spedific tas

>
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1950 1960 1970 1980 1990 2000 2010 2020

A subset of Machine Learning
bosed on the use of
neural networks




ARTIFICIAL
INTELLIGENCE

ENGINEERING OF MACHINES
THAT MIMIC COGNITIVE FUNCTIONS

OZOX

MACHINE
LEARNING

ABILITY TO PERFORM TASKS
WITHOUT EXPLICIT INSTRUCTIONS
AND RELYING ON PATTERNS

NEER
LEARNING

MACHINE LEARNING BASED
ON ARTIFICIAL NEURAL NETWORKS



What is Deep Learning?

- f the machine learning field of learning representations of
(oMo data. Exceptional effective at learning patterns.

Ut|||zes Iearnmg algorithms that derwe meanmg out of data by usmg

a hierarchy of multiple layers that m (NE€ neural NEtWOrkKs ot our
brain

E f you provide the system tons of information, it begins to
understand it and respond in useful ways.
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Inspired by the Brain

Calegorical judgments,
decision making

The first hierarch VO f neurons
that receives information in the

. 80-80 ms Va2

. ) visual cortex are sensitive to
L £ : : :
o e ciate visua specific edges while brain regions
, lealure : . -
;vq-:g;mff&'ﬁs.m further down the visual pipeline
igh level ohject hea
o, are sensitive to more complex
o T structures such as faces.
= Tofinger muscle - __ _ —160-220 ms
180-260 ms
V Our brain has Iots of neurons connected tmgether and the strength of
the connections between neurons represents o ™ know e.;i:;;%.



Deep Learning - Basics
Architecture

\
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A deep neural network consists of a hierarchy of layers, whereby each layer
transforms the input data into more abstract representations (e.q. edge ->
nose -> face). The output layer combines those features to make predictions.
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Deep Learning - Basics
What did it learn?

T MNose, Eye... Faces
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Deep Learning - Basics
No more feature engineering

L[::I Foatire Tradltu_mal
Engineering ]
Input Data Algorithm

Costs lots of time

Deep
Learning

=

Input Data Algorithm
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Input Data

Input Data

Feature
Engineering

Costs lots of time
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Traditional
Learning
Algorithm

Deep
Learning
Algorithm



Traditional Machlne Learmng

Data Input Feature Extraction Classification Output

Deep Learning
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Data Input Feature Extractmn & C!ass:ﬂcatmn Output



INPUT FEATURE EXTRACTION

CORBEK
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)

)

INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT



MACHINE LEARNING

, CAR
- A . .%.%. o7 CAR

Input Feature extraction Classification Output

DEEP LEARNING
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Input Feature extraction + Classification Output

NOT CAR

" ITERATORS
Source: www.iteratorshg.com



Machine Learning

= Feature extraction = = (Classification =

Input =

Deep Learning
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® Not acar

® Feature extraction + Classification =

Input =
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Hidden neurons

= Qutput

® Car
Color: Red
Made: Ford

Model: Mustang

® Not a car
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Traditional machine learning

Features:
QRS amplitude
T wave inversion

RR interval P N
Classification
* (Class 1
s (Class 2
* (Class 3
-
e v,




Why Deep Learning?

Applications

Speech/Audio Computer Natural Language
Processing Vision Processing






A brief History

A long time ago...

Convolution Neural Networks for  Google Brain Project on
Handwritten Recognition 16k Cores

1958 Perceptron 1974 Backpropagation 1998 i I | 2012

awkward silence (Al Winter)

1969 1995 2006 2012

Perceptron criticized SVMreigns  Restricted  AlexNet wins
Boltzmann

} R K ImageNet
= achine = O
/ " IMAGENET




A brief History

The Big Bang aka “One net to rule them all”

Traditional CV @ Deep Leaming

Error Rate

ImageNet: The “‘computer vision World Cup”




A brief History

The Big Bang aka “One net to rule them all”

ImageNet Classification Error (Top 5)

Human Performance

2012 (AlexNat) 2013 (ZF) 2014 (VGG) 2014 (GooglLaNet) 2015 (ResNat) Today
{GooglLaMet-vd)

ImageNet: The “‘computer vision World Cup”



A brief History

The Big Bang aka “One net to rule them all”

10% -

Logarithmic scale

4% — Human Performance

Word error rate (WER)

2% -

1% | | | T |
1990 1995 2000 2005 2010 2015

Deep Learning in Speech Recognition



What changed?

Old wine in new bottles

Big Data Computation Algorithmic
(Digitalization) (Moore's Law, GPUs) Progress



Generative Al Discriminative Al




Discriminative Generative

A A
Decision Boundary
..
@
® @
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e
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Produce a new data
point that looks like
cats or dogs

VISO.Qi

Classify or Label data point
as cat or dog



DISCRIMINATIVE Al VS GENERATIVE Al

Mention your slide subtitle here to provide additional context

FACTORS

Focus

Objective

@
@ Mathematical Intuition
)

Computational Cost

Parameter Count

&
oo Sample Generation

[@ Application

Discriminative Al

.

Primarily focuses on boundaries
and differences between classes

By maximizing the joint
probability of P(X, ¥)

Thie conditional
probability P(y)

With less data, it can perform
well with classification tasks

Since it only focuses on the decision
boundary, it takes only a few parameters.

Excels in image classification, sentiment analysis
speech recognition, and object detection.

Primarily used for classifying existing data such
as image classification and spam filtering.

Generative Al

Focuses on providing insights by going
through the underlying data distribution &
structure.

It maximizes the conditional
probability PY | X)

The joint probability distribution
Plw, v) or likelihood of P(x)

It requires more data to better understand
the data and extract meaningful insights.

It has a larger parameter count as it
takes the entire data distribution.

It can generate new data samples
based on the trained data.

It is used for data generation filling up missing
data, density estimation and many more.



What Is Generative Al?

Generative Al

Foundation
Models

Large Language
Models (LLM)

ChatGPT

Al technigues that learn from data about
existing artifacts and use this to generate
new artifacts.

Large machine learning models that are
trained on a broad set of unlabeled data and
are fine-tuned to a wide range of applications.

Al that is trained on vast amounts of text
to interpret and generate human-like
textual output.

An OpenAl service that incorporates
a conversational chatbot with LLM to
create content.

Gartner



Discriminative
uses of Al

Algorithm
trading

]

Dynamic pricing
engines

— &

— [®]
Ad spend L
optimization

Demand
forecasting

Current in domain of
traditional ML

Not
exhaustive

Pk

Recommendation
engine

Fraud
detection

Generative
uses of Al

Any writting tasks
(e.g., meeting notes, editing)

New material

E synthesis through

inverse design

Customer

facing chatbots
Design drafts

(e.g, architecture
design)

Current in domain of
foundation model



Generative Al
Reshaplng the future

Types of Al enablement
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Al foundation models
of global knowledge

internal

Al foundation models
of enterprise knowledge

et

Other Al models :and
frameworks, including near-AGI

Generative Info
collection
R,

A
Generative
research
R4
P =\
Generative
insights
N —F
e
Generative
automation
e
feme
Generative
innovation
R
N
Generative

decisions
NE——

Al-Enabled
knowledge worker

Compliance J

How Atrtificial Intelligence will
reshape the workplace and
employee experience

[ Pursuing new markets ]

[ Enhancing products and services j

Strategic

Designing CX/EX experiences j
Work [ gning :

[ Imagining new products + processes]

. . . [ Creating + using unique knowledge j
®

P
[

[ Communicating + collaborating

. [ Making better decisions, faster J
Al-Enabled
Waric/\pns ( Optimizing business operations J
Tactical ( Business administration ]
Work

[ Gathering needed information

® i
datascriencedojo
- data science for everyone =

(c) Copyrights Reserved https://datasciencedojo.com



Image-to- Text

Foundation Models
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A New Era of Al: Foundation Models

Step function improvements over legacy Al technologies

o111 aﬁon MOdels

Feature - centric Model - centric Data - centric
] [ classifier J

Modell Task1 e R

J | B Task1 Task1
Pretrain /“ )
] [ Model [ Generative i

Model2 Task2 Pretrain Task2 Tuning » Task2
J . Model LR Model \—‘—

[ ' Task3 Task3
‘ Model3 ‘ Task3 . J —_—

{ DATAFOREST



Traditional ML Foundation Models

Training Tasks Massive external data

J} .................. > @ A[D wreereeessnnnnnens > G/: :ﬁf Q&A
v= Frompting > /\;” Translation
[ — > @ Al y & 7z
%)
i i .................. > @ Al4 > ,\;}f '

@ .................. > . AlG werrrrenrnreensns > ‘/’ Enterprise . iw/: Classification
! Prompting
proprietary data
& T i E y ) Code Gen
e | | -
] | | v;/
¢ Individual siloed models * Massive multi-tasking model
¢ Require task-specific training * Adaptable with little or no training

¢ Lots of human supervised training e Pre-trained unsupervised learning



Traditional Al models

Training

= — (_Jmodel, —
—» O model, —»
[>] —

O model, —*

h J

() model, —*

°© model, —

(:) model, —

OO O OO OF

Foundation models

Massive external data

Pretrained

One '
foundation
model /

Tasks

® Translation
® Text generation
# Code generation

# Factual question-
answering



FOUNDATION
VMIODEL

GATHER DATA AT SCALE

TRAIN FOUNDATION MODEL ONE TIME

EVALUATE MODEL'S PERFORMANCE

FINE-TUNE MODEL FOR MULTIPLE DOWNSTREAM USES



1950s on rules and models

[Simple processing based]
Rule-based Data Processing

[ Data classification ]

Imitate the human brain for

labeling and training

[ CNN (Convolutional Neural ]
Network)

N (Recurrent Neural
Network) ]
AN (Generative Adversaria

Network) ]]

1990s - 2000s
Neural Network

Focus on human brain
learning processes

20;.? -B:;: - Train with large amount of data
. - Feedback from people becomes "Attention is all you need"
N e e e e the learning content

—_——

Transformer

i BV

2018 0.1 billion
BERT & __GPT-1_ ) parameters

[ 2019 1.5 billion

kROBERTa‘ BART GPT-2 )parameters

- B

i N[ 2020 175 billion
AW ! LM2m-100‘ __GPT-3 Jparameters

- s 2022 ]
ALBERT BigBird InstructGPT

ELECTRA ChatGPT I




/Al

/ Generative Al

//Large Al Model

yz

Large Visual
Model

DELL-E 2

Large Language
Model

([ GpPT-35 |

R

[Large Multimodal

Model

([ GPT-4 ]J )
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or Image Text Image Audio

Video

)

) ( L )
!
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Unimodal

Text-to-image Any-to-any

Text-to-text

¢ v
Image-to-text
Multimodal Mul;:;;?c?dal
LLMs

Image-to-image Models
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NEUROSYI\/IBOLIC Al

= THE FUTURE OF ARIFICIAL INTELLLIGENCE




Gartner

Neuro-symbolic
artificial intelligence

The combination of neural and
symbolic techniques for accuracy,
fluency and a way of inspecting
data and relationships — 2

&
L.




—

Interpretability

"Symbolic Al

B

Flow of Knowledge

[Neural Networkd

B

Flow of Capabilities

\A‘dvantages ‘/

Neurosymbolic Al

Data Efficiency

Generalizability

N

Robustness




@ Towards Human-like Cognitive Al

Learning, Reasoning, Logical Thinking, Collaboration

Neuro-Symbolic Al Algorithms (Sec. I1)

4 i '
Neural Network
Scalable, Flexible, Generalizable
Handle inconsistency

@3
( é? )
Symbolic

Interpretable, Explainable,
| Data-efficient, Logical reasoning )

i Neuro-Symbolic Al Workload Characterization (Sec. I11, IV, V) @@
Hardware Compute Platforms Metrics
ﬁ : @ - Runtime, Memory_, Compute
5 : an: Operators, Operation Graph,
CPU GPU  Accelerator Roofline, Sparsity, etc
\ _/
i Neuro-Symbolic AI Cross-Layer Optimization (Sec. V) R
Software |+ System [« Architecture [« Technology
\ J
(

Case Study: Co-Design for Vector-Symbolic Architecture (Sec. VI) b

(Kemel Formulation) (Microarchitecture) (Dataﬂow) (Control/Mapping)
. J

Challenges

Research Opportunities (Sec. VII)

Limited evaluation tasks

(D Building more cognitive datasets/testbeds

Ad-hoc model design

(2 Unitying neuro-symbolic-probabilistic models

Limited extensibility

(3 Developing efficient software frameworks

Large #algos and #HW

(4) Benchmarking diverse neuro-symbolic workloads

Heterog. compute kernels

(5) Designing cognitive architectures




Neurosymbolic
Artificial
Intelligence

<packt

.

]

Neuro-Symbolic Al

Design transparent and trustworthy systems
that understand the world as you do

ALEXIEI DINGLI | DAVID FARRUGIA

Gartner

Neuro-symbolic
artificial intelligence
The combination of neural and
symbolic technigues for accuracy,

fluency and a way of inspecting
data and relationships ol




The Big Players

Companies

2% Microsoft

amazon

Google

ﬂ'IIH
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@a Bai W&
NVIDIA.




The Big Players

Startups

daep :

vicarious
\I a{)‘. Numenta al
Maluub SKYM T N[)  SIGNALSENSE
de-ED , @ mm .Semse (3 Cort icam
genomics . In Every Image
@enllhc OpenAl &5 sentient
tLJIj_ @8 PredictionIO

< Vi (A% @Metal\/lmd

@DEEPMIND \‘AlchemyAPI \VIt al DNNresearch

An IBM Company
Acquired



Hype or Reality?

Academic Publications about Deep Learning

Number of Publications

400

350
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200

150

100

50

0

Deep Learning

2007 2008 2009 2010 2011 2012 2013 2014

Year of Publication

2015

—®—China
——LUSA
England
—&®— Australia
—®—(Canada
Japan
—®—Germany
—&—Singapore
—&—South Korea

—&8—Ffrance



Hype or Reality?

NIPS (Computational Neuroscience Conference) Growth

Total Registrations 3755 2016: >5000

2,400

1,600

800

o |l | | ,

Tutorials Conference Workshops
(2,584) (3,262) (3,006)



Hype or Reality?
Google

Machine learning is a core tran ;fnrmanw way bv ORI W, e
we are doing - Sundar Pichai (CEO G




Hype or Reality?

Google

Artificial Intelligence Takes Off at Google

Number of software projects within Google that uses a key Al technology, called Deep
Learning.

2,700
2.400
2.100
1,800
1,500
1,200
Q00
600
300

0 —— —

2012 2013 2014

Source: Google

Note: 2015 data does not incorporate data from Q4

Bloomberg @



Hype or Reality?

Investments in Al technologies

Investment in technologies that use artificial intelligence
has climbed in recent years.

~ 1,000
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Hype or Reality?

Growing Interest from Organizations

EVERY INDUSTRY WANTS INTELLIGENCE

Organizations engaged with NVIDIA on deep learning

m Higher Ed m Gaming
B Internet m Qil & Gas
m Life Sciences m Other

u Development Tools
® Finance

= Media & Entertainment
® Government - 3 409

® Manufacturing

e 4\\\
1 549
o /lA

va

2013 2014 2015




The Big Players

Superstar Researchers

Geoffrey Hinton: University of Toronto & Google

Yann LeCun: New York University & Facebook

Andrew Ng: Stanford & Baidu

Yoshua Bengio: University of Montreal

Jurgen Schmidhuber: Swiss Al Lab & NNAISENSE




Hype or Reality?

Quotes

| have worked all my ||fe In achlne I_eal ni 1g and I
algorithm knock o

= Andrew Ng (Stanford & Baxdu)

marks like

earni

Deep Learning is an algorithm which has no theoretical imitations
f what it can learn; the more data you give and the more
computational time you provide, the better it IS - Geoffrey Hinton (Google)

Human-level artificial intelligence has the pe ential to help humanity

thrive more than any invention that hao come I)efor e |t — Dileep George
(Co-Founder Vicarious)

For a very long time it will be a complementary tool that human
scientists and human experts can use to help them with the things
that humans are not naturally good - pemis Hassabis (Co-Founder DeepMind)
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