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General Al



— "Al Benefits Overview”" +

+ Model: GPT-4

E What are the top 10 benefits of Al?

Artificial Intelligence (Al) has brought about fase

0ol

ALY 000°% 90
AL 00000 )
0000000 'o“,'a"

numerous advantages across various

industries and domains. Here are the top 10

benefits of Al:
€
1. Automation: Al allows for automation of
Send a message. G

Source: OpenAl, Amazon, Tesla



Narrow Al

Source: IBM, Amazon, Google
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Job postings and searches per million

A.l. Job Postings vs. Searches
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Original Source: Indeed.com, Reuters, Ann Saphir



Computer Vision Engineer

Machine Learning Engineer

Data Scientist

Senior Product Designer

Full-stack Developer

Salesforce Developer

Product Owner

Robotics Engineer
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Salary by Job Type (USA)

A
=]
=

=l
IS
=)

A
an
[

$114k

$112k

$105k

$99k

$80 $100
Salary (Thousands of USD)

$131k

$124k

$120

$146k

$140

$158k

$160

$180






What is Al?
Why is it important?

How will It affect you?



Whatis Al?






A machine that

perceives Its environment
and chooses actions

that maximize the
expected likelihood

of achieving a goal







Examples of Modern Al
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New chat

How do | start a small business?

7

Starting Small Busines: Z 1]

Overview of Superforecastin
Starting a small business can be an exciting and rewarding experience, but it can also be

Model Sizes in GB. daunting. Here are some steps to help you get started:

Filter BCC Emails. 1. Conduct market research: Determine whether there is a market for your product or
service. Research your target audience, competitors, and industry trends.
Tabular Data and XAl 2. Develop a business plan: A business plan outlines your business goals, strategies, and

financial projections. It serves as a roadmap for your business and helps you secure
Tabular Data to Text. .
funding.

3. Decide on your legal structure: Determine whether you want to operate as a sole

Database and spreadsheet fi ] ) , ) )
proprietorship, partnership, LLC, or corporation. Each structure has different tax

) implications and legal requirements.
Automated lecture slides.

4. Register your business: Register your business with your state and obtain any necessary

Clear conversations licenses and permits.

5. Secure funding: Determine how much funding you need to start and run your business.

Dark mode You can seek funding from investors, loans, grants, or crowdfunding.

6. Set up your business: Set up yot ‘ion, purchase equipment and

My account G Regenerate response
inventory, and hire employees if /.cccoouny.

Get help Send a message...

Log out ChatGPT Mar 23 Version. ChatGPT may produce inaccurate information about people, places, or facts




What is the capital of France?

The capital of France is Paris.

What is the population?

@ As of 2021, the population of Paris, the capital city of France,
was estimated to be around 2.2 million people.




A photograph of an
astronaut riding a horse on
the moon.




Street style photography of a
little girl standing alone
holding a flower on the street
of downtown Lisbon, no one
on the street, lots of pigeons
around, movie scene,
Lomography Redscale XR
50-200, high contrast, 4k, --v
5

Source: https://levelup.gitconnected.com/jaw-dropping-ai-images-from-midjourney-
v5-with-prompts-e231b7f2cb4e
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def get_class(slide):
match = re.search(r"<!-- _class: ([a-zA-7Z0-9-]+) -->", slide)
if match is None:
return None
return match.group(1)

# Create a function to get the title
def get_title(slide):
match = re.search(r"?# (.+)$", slide, flags=re.MULTILINE)
if match is None:
return None
return match.group(1)

def get_body(slide):
body — I
skip = False
lines = slide.split("\n")

i

aseqeedq (i

SUDIIEDLNION @ M8LAIDS i



Why isn't my code matching
on multiple lines?

def get title(slide):
match = re.search(
r" " (.*)", slide)
if match is None:
return None
return match.group(1)

T you want your regular expression
to match on multiple lines, you neea
to include the "multiline" flag. You
can do this by passing re. MULTILINE
as the second argument to
re.compile(), ...

... like this:

pattern = re.compile(

re. MULTILINE)

(slide):
= pattern.search(slide)

.group(1)
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Stable GitHub
Diffusion Copilot

ChatGPT



Why is Al important?
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Source: Evan Amos
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Data-driven Al Trends

Data Machine Deep Learning  Reinforcement
Science Learning Learning



Data Science






Computer Math and

Science Statistics
Data

Science

Domain
Knowledge






Knowledge Decision Action




Job Postings for Data Scientists

Data Scientist job openings at the world's top companies

3.50k

3.00k ”‘H ' l 1%

2.00k
1.50k W
1,00k MA

m
500 all

0.000
2017 2018 2019

Source: Thinknum Job Listings



Top-paying Tech Skills

Rank Skil 2022 | Change
1 Solr’ $143,464 A15.8% 16 OLAP $130,404 A 2.2%
2 | l";l.ﬂli;ﬁﬂ;- - $1-I:-'I:D.3-II.5;& l- 53% : 17  Korn Shell $129.971 A 5 3%
3 Service Oriented Architecture (SOA)  $139.961 A 51% | 18  Hacoop $129913 A 0.4%
»;'I; | Hahhlﬂ'-'lQ B $1-.'.3;T.'?-‘i.-'? j. 12'}5 | 19  Chef $129,903 A 0.4%
L5 Elasticsearch $137,203 A 6.0% 20 Tensorflow $129,161 A 01%
b Redis $136,405 & 5.5% 21  OLTP 5128 871 A ] 9%
? R MAS o ...51.54'5;‘1 ‘19% . = T Sppppe T
S.. H[}s “33551 ;11]9:5 . e 137298 T
9 Dynamo DB $133,522 A 5.6% 24 | NoSQL $126,905 | A 1.5%
10 HANA $133,302 A 6.7% 25 ETL $126,417 A 1 3%
11 MapReduce $132,014 ¥ 2.6% 26  Containers $126,344 v 0.3%
12  Apache Kafka $131,520 A 21% 27 .Uap_.ranl $126,164 A 2w
13  Amazon Route 53 $131,236 A 3.6% 28  LoadRunner Tutorial $124 653 ¥ 0.4%
14  HNeural Networks $130,922 A 1.5% 29  Cloudera $124 526 ¥ 5. 7%

_ 15 J Amamn Rndshm $13|:|ﬂﬁa 1 42% P T —— YRR

Source: Dice Salary Survey 2022
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Data science is the foundation
of modern data-driven Al.



Machine Learning



Machine Learning

Artificial Machine

. : Data and
Intelligence Learning

Statistics



Machine Learning

-

Training Data Algorithm

v
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New data Model Prediction




Machine Learning
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New data Model Prediction

INPUT e— f(x) — OUTPUT



Machine Learning

D> @ > E

New data Model Pred|ctlon

C,VCat
O Not Cat




Machine Learning




Machine Learning

Training Data



Machine Learning

Cat Not Cat

Training Data



Machine Learning

Cat Not Cat

Algorithm

Training Data



Machine Learning

Not Cat

2 Algorithm
Training Data

Model



Machine Learning

Cat Not Cat

Algorithm

=

Model

New data



Machine Learning

Cat Not Cat

Training Data

Algorithm
Cat (98%)

= [ = Fi

Model Prediction

New data
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Regression

Clustering

Anomaly Detection
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Income



Late Payments
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Deep Neural Network
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Deep Neural Network

\

-1“1“
1 R

‘.\

Jlr

‘\%\;‘& ﬁ’ffllx “\t§\: ’?’ﬁ :
e > - Y "’ =
«-F’an "" \“:‘ ¢§’§;}"}"3{f

\ \
ﬁ.\‘* .‘.‘L ﬁ# A'." ﬁ'\‘A. A‘L "h. A'l"
I"' '6" "'"4 ‘»"’ "‘ '

/ -r§"r -\" / ‘¢- ¢ ﬁ ,

K v‘g;._ #.v:’v ..-A X ¢¢,; ;\u ¢$‘: E .
g{: o/. X5 &3 CAEST

‘Q ;
YR B ==‘ ‘\’"/ 23 .,'sv %* X D | oo
"‘z f’l‘\ f\ &\\ dl)"}L ‘.\‘ \\\ .lﬂ’l‘-‘-‘ 7

t" T \\\V?ﬁ' ‘;.}}“ V"’jf' z ‘::sw\\ ’//, :

input  hidden1 hidden2 hidden 3 output




Deep Neural Network
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Deep Neural Network
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Deep Neural Network
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Deep Neural Network
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DNN Generator
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Source: YOLO: Real-Time Object Detection



Source: Nvidi









ource: http://grail.cs.washington.edu/projects/AudioToOba
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Reinforcement Learning

Environment




Reinforcement Learning

Environment



Reinforcement Learning

Environment




Reinforcement Learning

Agent Environment



Reinforcement Learning

action
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reward
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State
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Agent Environment



Deep Reinforcement Learning

Deep Deep Reinforcement
Learning RL Learning
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Exploration vs. Exploitation

Exploring new Exploiting known

rewards | rewards
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Humanoid:
27 DoFs, 21 Actuators.
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Boston Dynamics






Source: Boston Dynamics
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How will this affect you?
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Artiticial intelligence will be woven
into the fabric of our society.







Facebook
Amazon
Microsoft
Google
LinkedIn
Apple
TicTok
Twitter
Uber

Lyft

O

10

20 30
Types of personal data collected

Source: Digital Information World 2020

Who Collects the Most Personal Data?

50

60



p ™

- Source: T

| vy

A o
Ty




‘Benvenuti da McDonald's

ly

Fami

SACCHETTO

-
]
]
L]
v
-
"

‘Tocea por ordinare
Touch to start

m




What about human creativity?









Automation Framework

High
Routine & Non-routine
Complex & Complex
Piny
=
)
Q
-
o
O
Routine & Non-routine
Simple & Simple
Low .
High Repetitiveness Low
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Retail Salespersons

Fast Food and Counter Warkers

Laborers and Material Movers, Hand

Secretaries and Administrative Assistants
Cashiers

Building Cleaning Workers

Driver/Sales Workers and Truck Drivers

Office Clerks, General

Registered Murses

Customer Service Representatives

Waiters and Waitresses

Mursing, Psychiatric, and Home Health Aides
Cooks

General and Operations Managers

Elementary and Middle School Teachers

Stock Clerks and Order Fillers

Sales Representatives, Wholesale and Manufacturing
Software Developers and Programmers
Bookkeeping, Accounting, and Auditing Clerks
Personal Care Aides

First-Line Supervisors of Sales Workers

First-Line Supervisors of Office and Admin Support Workers
Miscellaneous Healthcare Support

Miscellaneous Assemblers and Fabricators
Maintenance and Repair Workers, General
Teacher Assistants

Accountants and Auditors

Security Guards and Gaming Surveillance Officers
Secondary School Teachers

Supervisors of Food Preparation and Serving Workers
Receptionists and Information Clerks

Grounds Maintenance Workers

Miscellaneous Business Operations Specialists
Miscellaneous Sales Representatives, Services
Construction Laborers

Miscellaneous Teachers and Instructors
Miscellaneous Production Workers

Food Preparation Workers

Automotive Technicians and Repairers

Computer Support Specialists

Health Practitioner Support Technologists and Technicians
Licensed Practical and Licensed Vocational Nurses
Counter and Rental Clerks and Parts Salespersons
Bus Drivers

Shipping, Receiving, and Traffic Clerks

Carpenters

Computer and Information Analysts

Police Officers

Counselors

Therapists

The Future of Labor

M 2M 3M 4mM

0 million workers

Sources: U.S. Bureau of Labor Statistics, Frey & Osborne (2013), Henrik Lindberg (2016) @hnrkindbrg
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Expected Job Losses (%) Total Jobs in MSA

<40 43 46 49 52 55 58 61 >84%

Source: Institute for Spatial Economic Analysis (ISEA)
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Likelihood of Job Automation

Telemarketers — 99%
Underwriters — 99%
Sports referees — 99%
Cashiers —97%

Chefs — 96%

Waiters — 94%

Paralegal Assistant — 94%
Tour guides — 91%

Bakers — 89%

Bus drivers — 89%
Construction workers — 88%
Veterinary assistant — 86%
Security guard — 84%

Sailor — 83%

Bartender — 77%

Archivist — 76%

Source: Frey and Osborne (2013)



Growth of New Job Opportunities

Al Specialist = 74% Behavioral Health Tech — 32%
Robotics Engineer — 40% Cybersecurity Specialist = 30%
Data Scientist — 3/% Back End Developer — 30%
Full Stack Engineer — 35% Cloud Engineer - 27%

Site Reliability Engineer — 34% JavaScript Developer — 25%
Data Engineer — 33% Product Owner — 24%

Source: LinkedIn — 2020 Emerging Jobs Report



Rise of the Robots

1000
900 890
800

700

653
614
600 570
517
e 423
200 400 391 394
304
300 254
221
200 166 159 178

2011 2012 2013 2014 2015 2076 201/ 2018 2019 2020 2021 2022 2023 2024 2025

Source: International Federation of Robotics 2022 (estimates for 2022-2025)
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Al will amplity this trend







Will Al create more jobs
than it eliminates?
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Which side of this new economy
will your job be on?



011210000 F101100411 601401261151 300b110d DaD2 AAXDOIOD LAY

T
Zfi?ﬁﬁ%ég%agg 0000101011 FRPRIvRS
gmmmwawgmvega%%ﬂ | oo id 1".? thfé
S IRl et d rd B irbic 1110k BdddOSIRD
g
g7 07 9.
aiigioggieipiosst g s

R,
A0« 2 { 0' :

’ﬁé%/ of! i 0170 j#& | uo£
ZIP0I02 90 009 Plb

;'_?%?Zg?{/ﬁwz 01:100111000101 élggblblzo
vﬂﬁﬁéﬁﬂflwﬁm&ah@m QuIIOan]

1000101997 0197 0123 3034 1?{}’%9;9 gb"l
L0

IR et Hdomt 6 o
110

7 100h 8 0obG61DA 0111 177
700100 DIERIQPI4QY 9111000101 110101010]

oG DBub TR Len R SSA o

L LO00100010 10000000 NODINORAONODQ0NA
ooox;.,qoo_qowoo‘%(\g\xq
vy Y01 Yoo«

1010
-dbiidb‘oo 11 010 VLo
F1030XPOOXI 1 Byl 011%5 %R}
1 1 o

BT, :

L
11394000 o1l 0TO)301

S i,
! L i U d
:fﬁ@igﬁ 1 u&ébom@omm : 7
i Olq_ (1 TRl et

110883 10

0101010000001 011001 101111010

élwxzmmleg Q‘x \

ouga oSG
00100 1010 1601 0QHA T

1011010 rj }r 0 I} S%%ﬁﬁ%{%



How should we allocate resources?



How should we allocate resources?

Should we tax robots?



How should we allocate resources?
Should we tax robots?

What rights should machines have?






What is our purpose in a world where
machines do all the work of value?
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Conclusion



What Al IS
Why Al is important

How will it affect you
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Learn More

Artificial Intelligence: The Big Picture
The Al Developer’s Toolkit

Deep Learning: The Big Picture

Data Science: The Big Picture
Data Science: Executive Briefing
Data Science with R

https://matthewrenze.com/courses.html






Are you prepared?
s your organization?

s our world prepared?






Learn more at:
https://matthewrenze.com
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