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Tech Evolution

Technology expanding knowledge to enable new opportunities




Oil enabled the Industrial Revolution

e Manufacturing

* Transportation
STANIIﬁ)ARD

The e | ® Automotive
IS0 X0N A 0URR M  South Koreas unfinished revolution .
e * Power generation

The world’s most
valuable resource
i Data enables the digital revolution
* Manufacturing amazon
- | * Transportation Tencent il
s b lees | . Automotive NwEL
* Power generation Google

Think of data-powered Al algorithms as tools to create new
business & investment opportunities



Analogy: The Internet in 1983

* Drastically changed every business

* Created new winners & losers in the marketplace

* Arrived with a lot of promise

* Presented a lot of problems

* Was not well understood (How does this work?)

e Caused a lot of organizations to learn new ways to do business
* Forced organizations to learn quickly

* Created tremendous wealth & prosperity growth
* Solved a lot of business and societal problems



SILL Speaking Request

* Teach us Al (quickly)

* Tell us how we can use this information

 What is something many of us are concerned about
* Check retirement portfolio (daily)

* How Al is impacting our retirement portfolios
* As well as the global business community & society at large

@ Navigation Pointe



Artificial Intelligence
Explanation

What SILL members should understand about Artificial Intelligence

@ Navigation Pointe



What is Artificial Intelligence?

Definition

The theory & development of computer systems able to
perform tasks normally requiring human intelligence,

such as visual perception, speech recognition, decision-
making, & translation between languages.

John McCarthy
Coined Al in 1956

@ Stanford

FL”] University

* The simulation of intelligent behavior in computers.
* The capability of a machine to imitate intelligent human behavior.

early 1940's

early 1950's

mid 1960's

late 1960's

late 1970's

1990-2000's

.. ' ' |
)

Invention of Modern Computer

Computational Statistics

Machine Learning

Birth of Artificial Intelligence

Natural Language Processing

Computer Vision

Robotics

Data Mining / Data Science

Deep Learning



Human Thinking

How we solve daily problems

Inputs

!

Process

!

Actions




Human Thinking

How we solve daily problems

Human Sight




Human Thinking

How we solve daily problems

Microphone

Analog Sound Wave
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Human Thinking

How we solve daily problems

Hand
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Human Thinking

How we solve daily problems

Process

Actions

12



Artificial Intelligence

Al is simulated human intelligence in machines

Intelligence is the ability to learn about, learn from, understand and interact with one’s environment

Artificial intelligence (Al) is a term for simulated intelligence in machines.

These machines are programmed to "think' like a human and mimic the way a
person acts.

The ideal characteristic of artificial intelligence is its ability to rationalize and
take actions that have the best chance of achieving a specific goal, although
the term can be applied to any machine that exhibits traits associated with a
human mind, such as learning and solving problems.

13



Al, ML and DL

Understanding the interaction between artificial intelligence, machine learning & deep learning

“ — — — — — ARTIFICIAL INTELLIGENCE
- - A technique which enables machines
Artificial Intelligence rad to mimic human behaviour
-~

e

Machine Learning

MACHINE LEARNING

Subset of Al technique which use
statistical methods to enable machines
X to improve with experience

— S—— —— ——— EE—— E——— S S S S—

Deep Learning ®

~ DEEP LEARNING

______ Subset of ML which make the
computation of multi-layer neural
network feasible

14



Al’s Rising Importance

The reasons why Artificial Intelligence is getting so much attention



Why is Al taking so up so much oxygen?

The potential for impact

Could mean dramatic change in...

- Markets
- In the way we approach problems
Business Society
* Fix issues * Climate Change
* Predict customer needs * Severe Weather Prediction

* Improve manufacturing
* Less defects
* Improve usage (think jet engines)

* Best way to evacuate a
peninsula during a hurricane

* Create new products for unknown/unmet needs

16



Evolution to Al

Past technologies have laid the groundwork for Al

Cloud Computing Machine Learning Artificial Intelligence

Enabled large data Enabled large data Enabled large data Enabled large data
sets to be accessible sets to be developed sets to be analyzed sets to be understood

17



Firms Must Start to Progress (or be rendered irrelevant)

New technologies lay the groundwork for the next capability

Cloud Computing Machine Learning Artificial Intelligence

Q
o ®)0
o 6b

Examples

Uber

Must go through each
Pace to do so is accelerating 9
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Al is Powering Predictive Analytics

Value

Hindsight

What Happened?

Descriptive Analytics

Insight Foresight
How Can We Make It Happen?

Prescriptive Analytics

What Will Happen?

Predictive Analytics

Why Did It Happen? To
Optimization

Diagnostic Analytics

Move from
Information

Difficulty



Marketplace Opportunities

Businesses look to exploit Al’s impact for marketplace advantage

* Consumer needs not meet because of
* Extreme complexity
* Extreme customization
* Extreme cost

N

Prosthetics

 Known market demands with no current solution offering ——
* Past projects deemed unfeasible Supersonic travel
* Dream solutions

Flying cars \\5_"

3 20
Weight loss



But wait...
Hasn’t it been around since 1950’s?

Yes
but it’s finally gotten good enough to make a difference.

Hype Cycle for Artificial Intelligence, 2023

So good, laypeople (the everyday public) know about it.

Expectations

This gives it momentum in the marketplace.

gartner.com

Gartner.

souroe. Gartner
2093 Gartows, . a1 anes. Al ights reservad 2079704
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What is good enough to make a difference?

When our Al models (the algorithms) predict with far greater accuracy.

]

No.

But there are enough places where it’s gotten so remarkable good, we’re starting to take it seriously.

4

Are we there yet?
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What is good enough to make a difference?

Some Early Successes
* NLP/Language translation/prediction
* Virtual assistants/help bots/services/smart speakers
* Maintenance troubleshooting prediction
* Financial services fraud detection/customer retention
* Navigation

 Moderna COVID-19 vaccine creation in months not years

Some hopefully “just-around-the-corner” potentials
e Autonomous driving
* Drug formulations/drug trials

* Healthcare predictions/outcomes

23



What does a business (or government) need to make Al work? E
Data <z

Knowledge that comes from deep, rich, historical, and cross-functional/cross-market data

Haven’t companies always had data?
Yes

but we didn’t have the processing power/algorithmic knowledge to make high quality algorithms

Then why aren’t all companies having Al success? ! , :’
BiZ=

Because most don’t have enough data \,
\/

And not nearly enough data from beyond their own organization

24



To predict customer purchases (and hopefully influence them for more) a firm would
need to know every single aspect of every single customer's unique situation.

* Just got a raise/bonus & has money to spend

mm e Just got fired & can’t spend

* Just had a job change & must move
— e Just got a divorce & now has different family needs

Firms need far more data beyond their own walls to create the best Al algorithms

Then why aren’t all companies having Al success? !:’!:,

Because most don’t have enough data <R \a
\’

And not nearly enough data from beyond their own organization
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Which Firms Are Succeeding with Al?

Some organizations are having greater success implementing artificial intelligence than others

Those firms with
all the data

* Google (global search knowledge) GO g|e
 Amazon (consumer retail/e-commerce) d

* Facebook/IG/WhatsApp (social connections) ﬁr@w p
* Apple (location) ‘

26



Is Al Perfected?

Is artificial intelligence “ready for prime time”?

Perhaps
Perhaps Not

== M ic rOSOft Bard is an experiment

As you try Bard, please remember:

Bard will not always get it right
Bard may give i ate or inappropri

responses. When in doubt, use the "aoogle "
0 A I button to check Bard’s responses.
pen Bard will get better with your feedback
Please rate responses and flag anything that may
be offensive or unsafe.

Stay updated on Bard improvements

D Opt in to receive email updates about Bard.
Your personal data will be processed by
Google LLC to send those emails in
accordance with Google's Privacy Policy .




Is Al Perfected?

Is artificial intelligence “ready for prime time”?

Perhaps o
Perhaps Not Y Bard

Why did Google rush the still-beta Bard out so quickly?

HE na:
Because Microsoft did it first with OpenAl N MliFOSOﬁ
Microsoft took all the mindshare 6 Op(e>nAI

(a strategic competitive decision)

28



B¢ Microsoft

Why did Microsoft rush it to market? "

Microsoft’s OpenAl-powers Bing search engine produces questionable results from its use of Al

To Collect The Data

* Both firms could not submit enough learning data
sets/questions to train the models
* They need more data to improve the models T

T=sLA

® Plan: Autonomous

.. driving
* Release it in beta
* Used everyone as “testers”
* Improve the models

« Both models are getting better by the day

(a strategic competitive decision) 2



Can Someone Compete?

What is the possibility of a smaller firm competing with these two behemoth companies?

Possibly

 Maybe there is another OpenAl out there who has “built a better
mousetrap”

 [Maybe an organization has the specific data for an industry that makes it
the winner in that industry

* Maybe firms can use/buy the Al models for areas they don’t know and
combine them with their own (in house) models to make something your
competitors can’t

(a management strategy decision)
30



Will These Al Marketplace Changes Affect my portfolio?

How will this affect me and my portfolio?

Yes
Most likely

Your job is
* To understand Al
* To understand how Al works
(as well as current limitations)
* To know where to apply this new knowledge in your portfolio decisions.

Let’s understand Al so you can do a better job....

31



Machine Learning

The next step in the business evolution



Machine Learning

What is Machine Learning @@@

Machine learning is the idea that a computer
program can adapt to new data independently
(no human action required)

The science of getting computers to act without
being explicitly programed

We don’t know what to ask it,

so we can’t program it to find out



Machine Learning Model

Process by which machines improve on output results through a series of steps

Get Data Train Model Improve

Clean, Prepare Test Data
& Manipulate Data

34



Supervised / Unsupervised Learning

Seeking a model as the output

Machine Learning

)
L]

C———J

Relationships
Patterns
Dependencies
Hidden structures

Algorithms + Techniques

35



Supervised / Unsupervised Learning

Types of learning

Types of Machine Learning

Machine
Learning

Supervised Unsupervised
Task Driven Data Driven
(Predict next value) (Identify Clusters)

I &3

|
Reinforcement

Learn from
Mistakes

¥

36



Supervised / Unsupervised Learning

Differences

Supervised Learning Unsupervised Learning

A

X
X
x)(

Data has known labels
Seeking specific output

Example: Fraud Detection

A

O
oNe
O

Data has unknown labels
Seeking patterns

Example: Customer Segmentation Clustering 37



Supervised /

Unsupervised/ Reinforcement Learning

Methods to improve machine learning

Visualisation

Recommended
Systems

Targetted
Marketing

Meaningful
compression

Image
S’Eructure Classification
Dlscgvery Feature °® Customer
@ Elicitation Fraud ® Retention

Detection @

DIMENSIONALLY

REDUCTION CLASSIFICATION ® Diagnostics

Big data

® Forecasting

UNSUPERVISED SUPERVISED o
LEARNING LEARNING ® Predictions
CLUSTERING
MACHINE ® Process
Optimization
o LEARNING ~
Customer New Insights
Segmentation

REINFORCEMNET
LEARNING

Real-Time Decisions @ ® Robot Navigation
Game Al ® ® Skill Aquisition
o

Learning Tasks
38



: : : S A
Supervised / Unsupervised Learning

Methods to improve machine learning

Supervised Learning Unsupervised Learning
(Classification Algorithm) (Clustering Algorithm)

é Duck F
4 Duck

» Supervised * Predictive 4
i Mot Duck Learning Model

$& A

Unsupervised 5
()

Predictive J
Model L

|\

More Expensive / Takes Longer to Develop More Errors (Initially) 39




How Supervised Learning Works

Method to improve machine learning

Supervised

Training Dataset

1
1
[ Expected
! Sample 0 Result 0
1
1
! Expected
: Sample 1 Result 1
|
! Expected
X Sample 2 Result 2
1
1
1
1
I Expected
: Sl Result m
|
Interatively feed
to model
> Make prediction >
okl for every sample
Update parameters Error

according to error

Prediction

Compare

40



How Unsupervised Learning Works

Method to improve machine learning

TrainingDataset @~ e .

Feeding All Finding
Samples Patterns

N Model —_—

Unsupervised

All data is fed to the model and it produces an output on it’s own based
on similarity between samples and algorithm used to create the model.



How Supervised Learning Works

Method to improve machine learning

42



How Supervised Learning Works

Method to improve machine learning

Select all images with a Select all images with Select all images with

store front stairs traffic lights

cao

43




Artificial Intelligence Improves from Machine Learning

Machine Learning need lots of data from prior experience of things humans have done many times.

Al is good at doing something we’ve done before.

It’s not good at doing something new
(that is for humans)
But that is changing fast

Trucking Construction Warehousing Farming
All currently being automated



Deep Learning

Machines using more robust processes to build greater understanding



Machine Learning / Deep Learning

Deep learning is a subset of machine learning

In traditional Machine learning, the features need to be identified by an expert in order to reduce the
complexity of the data and make patterns more visible to the algorithms to work. The biggest advantage Deep
Learning algorithms is they try to learn high-level features from data in an incremental manner. This eliminates

the need of domain expert' e and hard-core feature extraction.

Human '”VO'Ved Machine Learnlng
aysi
g @a = | .% Face
More Expensive @ @ a Not Face
Input Feature extraction Classification Output

“Deeper” levels of learning is more
like the human brain thinking

Deep Learni

Face

Not Face

i
Takes Longer & @é —
9

Input Feature extran:: ot + Classification Output ie



Machine Learning / Deep Learning

Deep learning is a subset of machine learning

Or...
...Car
..lree
...Dog
...Cat
...Storefront
...Stairs
...Traffic light

47



Machine Learning / Deep Learning

Deep learning is a subset of machine learning

LAYER 1 LAYER 2 | LAYER 3

. . Algorithm first learns to Learns to identify more Learns which shapes and
Deep Learning is a subset recognise pixels and then complex shapes and features objects can be used to

edges and shapes like eyes and mouths identify a human face

of Machine Learning that
achieves great power and
flexibility by learning to
represent the world as
nested hierarchy of
concepts, with each
concept defined in
relation to simpler
concepts, and more
abstract representations
computed in terms of less
abstract ones.

More Complex



Patterns of Local [ESrcits
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Output Layer
Hidden Layer 2

Hidden Layer 1 “Deeper” level

“Deeper” level

Input Layer

With more data, we could say “who” is the face 49



Photo of a Dog

Training Images
Highly Defined and known

Photo in question
(Input)

Layer 1

Layer 2

Layer 3

Output
With best estimate

10% WOLF

80% DOE

TRAINING
During the
training phase, a
neural network is
fed thousands of
labeled images of
various animals,
learning to
classify them.

INPUT

An unlabeled
image is shown
to the pretrained
network.

FIRST LAYER
The neurons
respond to
different simple
shapes, like edges.

HIGHER LAYER
Neurons respond
to more complex
structures.

TOP LAYER
Neurons respond
to highly complex,
abstract concepts
that we would
identify as differ-
ent animals.

OUTPUT

The network
predicts what the
object most likely
is, based on its
training.

50



Machine Learning / Deep Learning

Deep learning is a subset of machine learning

Classification Instance
+ Localization

Object Detection

Classification Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

51



Deep Learning Problem Solving Approach

A difference between Deep Learning & Machine Learning technique is the problem solving approach
[ JON ) = predictions.jpg -

Deep Learning techniques tend to solve Yy 0 ray B
the problem end to end, where it S AR R .
as Machine learning techniques need the
problem statements to break down to
different parts to be solved first and then
their results to be combine at final stage.

Example: Multiple Object Detection
Deep Learning technigues take the image
as input and provide the location and
name of objects at output.

Machine Learning algorithms need a
bounding box object detection algorithm
required to first to identify all possible
objects for input to the learning algorithm
in order to recognize relevant objects.
Both work together here.




Deep Learning Problem Solving Approach

A difference between Deep Learning & Machine Learning technique is the problem solving approach

S X S X Bbounding boxes
confidence = Pr(object) x loU(pred, truth)

Bounding boxes + confidence

NN
]

S x S grid on input

s Final detections
[

=17
| ot ¥

AN \\Qi@»-— rx——

Pr(Class, | object)

Class probability map -



Deep Learning Problem Solving Approach

A difference between Deep Learning & Machine Learning technique is the problem solving approach

54
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https://cdn-images-1.medium.com/max/1600/1*0T9gJQre00Mol0B1ATaHdA.gif

Telsa Autonomous Driving

What a Telsa automobile “sees”

8 10:3apPM ® O

Autopilot

Augmented
Vision

Ego Speed: 42.35 MPH
time: 737.028108000
CAL P -0.65 Y 0.50 R 0.00 deg

FPS ~ TurboA: 17.02 TurboB: 36.00 L0 R:2 F:4 ON:0
W:13.9 APS.9 i1 °
VS: 45,6 MPH Stz 1
morgo:\l.o 1 1008 R



https://streamable.com/g568gc
https://streamable.com/g568gc

Neural Networks

Computers “thinking like your brain”



Neural Networks

Mimic of human brain activity

We know the human brain woks by sending electrical impulses from cell to cell (spheres of knowledge)




Neural Networks

An understanding of how the machine mimics the way a human brain processes information

The first tier receives the raw input information...

...analogous to optic nerves in human visual processing

Neural network Deep neural network

Input Hidden  Output Input Hidden Hidden Hidden Output
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2SN, B R 225

PSR PSNPN
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Neural Networks

An understanding of how the machine mimics the way a human brain processes information

Each successive tier receives the output from preceding tier, rather than from the raw input ...

...in the same way neurons further from the optic nerve receive signals from those closer to it.
The last tier produces the output of the system.

Neural network Deep neural network
Input Hidden  Output Input Hidden Hidden Hidden Output
ey = -Rﬂfﬁ -u“-'f"ff-‘.-‘n.
RS A = 'ﬁﬁ*ﬁ'fﬂ?{ﬂ‘ ‘ftﬁ"'x‘w‘fif

b , -
il W = = r W - r
o Pl ‘.‘utc*;r.rf‘.""-*’-" AT eSS

.....'-‘ - 0 ) - X : ¥ F i-'- - »
O RL — SRR —FIIR— RSN
RS T8N 8N X8
" Fa B B - '.‘_ ‘l‘ : L "‘ L St

725 R0\ AN OO
LSRN AN
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Neural Networks

An understanding of how the machine mimics the way a human brain processes information

Each processing node has its own small sphere of knowledge, including what it has seen and any rules it was
originally programmed with or developed for itself. The tiers are highly interconnected, which means each

node in tier n will be connected to many nodes in tier n-1 -- its inputs -- and in tier n+1, which provides input
for those nodes. There may be one or multiple nodes in the output layer, from which the answer it produces

can be read. Neural network Deep neural network

Input Hidden  Output Input Hidden Hidden . Hidden Output

N
=% T
SR

),

i s
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Neural Networks




Neural Networks

ics the way a human brain processes information

Iné mim

28 pixels

An understanding of how the mach

28 pixels



Neural Networks

'

3\ What parameters should exist?

- 0.21
- 0.21
3+ 0.21
- 0.21
- 0.67
- 0.67
- 0.67
- 0.67




Apply Facial Patter Recognition to Human Emotion

Subtle and nuanced patterns require significant "learning” by a neural network

*0000 ATRT & 12:03 PM ¥ % 73% W 00O ATAT 7= 12:05 PM = 5 72% W) M
RANGER FERR ANGER Ha ppl ness
L 0% ~ BO%
CONTEMET Joy CONTEMET
T 15
ERONESS
0% A
Anger
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Example: Emotion Recognition

Applying Neural networking to understand emotion in video

Applying Face Emotion Recognition APl Technology to Video of Nawaz Sharif's Address to Nation after Panama Paper

, : Anger 0-30355 | Mawaz Sharif Emations in Address to Nation After Panama Leaks
Contempt 0.01958 @ Anger
Disgust 0.20366
Fear 0.00377 §
Happiness 0.00002 ' 4, - . s
Neutral 042244 ' e
Sadness  0.03165 '

= contempt

= disgust

value

= fear

Surprise  0.01532

= happiness
0.05

= sadness

Happiness SR

0.00

Former Pakistan Prime Minister

[=]

5000 10000 15000 20000
frame

The Microsoft Emotion APl is based on state of the art research from Microsoft Research in computer vision and is based on a Deep
Convolutional Neural Network model trained to classify the facial expressions of people in videos and images.

68



OO O - N O F M AN © N

00O © I~ AN N O O =

IMHI@IIEEI

N O N OO NN M IO 0 O

] (][] (0] [O] (][] [0] (& [

Utilizing Neural Networking


http://yann.lecun.com/exdb/mnist/

Where To Get Data

There are opportunities to mine data from open sources

If You Needed Facial images with Age Progression

Train: How will people look when they are older?
Needed: Lots of people-at 10 years apart (any 10 year set of age) |
Funding Source:  Age-specific Ad targeting

-
& January 12 at 8:27 PM - &t

2019 /2009

Facial recognition is an increasing|
popular tool for law enforcement to trac
down criminals, however it has also been

used in the search for missing people.

INDIAN POLICE TRACE 3,000 MISSING
CHILDREN IN JUST FOUR DAYS USING
FACIALRECOGNITION TECHNOLOGY

The technology helped identify thousands of missing children within just four days of launching



Where To Get Data

There are opportunities to mine data from open sources

Results from age progression code

FaceApp




Neural Network Types

Summary Chart

https://towardsdatascience.com/the-mostly-complete-
chart-of-neural-networks-explained-3fb6f2367464

Generative Adversarial Network (GAN)

GAN represents a huge family of
double networks, that are
composed from generator and

discriminator. They constantly

/‘\'J‘\'/Q\'JA\'/A\'

00 AN N N

try to fool each other —

RN

WAWAWAW W

generator tries to generate some

data, and discriminator,

receiving sample data, tries to
tell generated data from
samples. Constantly evolving, this type of neural networks can generate
real-life images, in case you are able to maintain the training balance

between these two networks.

pix2pix is an excellent example of such approach.

Labels to Facade BW to Color

Labels to Street Scene

input output

Aerial to Map

input output
____ Edges to Photo

input oupul
Day to Night

output

input ) output input output

() Backfed Input Cell
Input Cell

/N Noisy Input Cell

@ riddencell

© Probablistic Hidden Cell

@ spiking Hidden Cell

@ outputcell

. Match Input Qutput Cell

. Recurrent Cell

. Memory Cell

A mostly complete chart of

Neural Networks

©2016 Fjodor van Veen - asimavinstitute.org

Perceptron (P)

"o

Recurrent Neural Network (RNN)
T

Auto Encoder (AE)

Feed Forward (FF)

2

Radial Basis Netwark (RBF)

2

Variational AE (VAE)

Denoising AE (DAE)

Deep Feed Forward (DFF)

Long / Short Term Memaory (LSTM) Gated Recurrent Unit (GRU)
- [ -] [

\ "‘\ "‘\
R

Sparse AE (SAE)

. Different Memory Cell

" Kernel ‘
O Y
\"' \\.”
o
© Convolution or Pool AR

Deep Belief Network (DBN)

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM)

- o

OO «A‘, 17
0 o ek SR TS
o

Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

I

Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

e

Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

Deep Residual Network (DRN)


https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464

Al Impact on You

Dramatic technology changes & its effect on global markets/business



Disclaimer

This presentation is for informational end educational purposes only. |
am not a financial advisor, and nothing in this presentation presented
either visually or verbally should be considered financial advice. The
content shared reflects my open interpretations, strategies and
market observations. Always do your own research and consulting
with a licensed financial professions before making any investment

decisions. Trading involves risk, and past performance is not
indicative of future results.
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Al and Market Impacts

 What we can do to help SILL Members with this information

* My parents
* Ask: What is AI?
* Check retirement portfolio every day

@ Navigation Pointe



What is Happening in The Marketplace

* Race to create the best algorithms
* Build at all costs now

S

* Winner takes all :
* Lesson from Internet boom. — ) '\:lmuum-:w.‘

 Compute now, pay later
* Invest money to build/use data centers

* Massive data center capacity expansion

* Massive telecom fiber optic cable expansion in the internet boom (90’s)
* WorldCom/MCI bankruptcy 2002
* Years of “dark fiber”

76
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The Market Players

ANTHROP\C
Y Claude

amazon

<X ORAGLE

Infrastructure
NVIDIA.

Google
g Gemini

N

Meta

S

NVIDIA.




Circular
Investments

Reduces investor
clarity for these firms

@ Navigation Pointe

/ Hardware or Software - Investment / Services .~ Venture Capital

Circles sized by market value

Microsoft

\ 3.9
Ambience $39T

Healthcare

Harvey Al x ‘ Ngbius

Open Al \ CoreWeave
Anysphere | Q $500B ,

OpenAl to deploy Nviqia agrees
6 gigawatts of AMD to invest up to

GPUs. AMD glves $100 billion in
OpenAl optlon to buy OpenAl.

up to 160 mulllon shares. W
S Nvidia
$4.5T

\ i
Orqcle
spends tens o
of billiops on
Nvidia chips.
Nscale \
Mistral ' Oracle

Figure Al e
XA

Source: Bloomberg News reporting

A\

Intel

OpenAl inks a
$300 billion cloud
deal with Oracle.

Bloomberg 78



Al Focused Firms Have Outperformed The Market

A ' B U 0 M Source: Sky News/

Performance (indexed to 100) Google Finance
(15/12/2025)

5000 -

4000 3927%
3000

2000

1000

0 v w— 229%
Dec 15 Jun 18 Dec 20 Jun23 Dec 25

— S&P 500 - Magnificent 7
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Al Performance Gap is Shrinking

Industry is racing ahead in Al
—but the differences are less pronounced.

Performance of top models on LMSYS Chatbot Arena by select providers
Source: LMSYS, 2025 | Chart: 2025 Al Index report

1,400
1,385, Google G
&
1,362, DeepSeek &
1,350
1,300 Xi
/ g 1,284, Anthropic A\
N
2 1,250 — 1,252, Mistral Al La
1<)
O
n
1,200

90% of notable Al models in 2024 came from industry, up from 60% in 2023,
while academia remains the top source of highly cited research. Model scale
1,150 continues to grow rapidly—training compute doubles every five months,
datasets every eight, and power use annually. Yet performance gaps are
shrinking: the score difference between the top and 10th-ranked models fell

1,100 from 11.9% to 5.4% in ayear, and the top two are now separated by just
— 0.7%. The frontier is increasingly competitive—and increasingly crowded.
1050 Stanford Al Center
2 2 < < < < < < < 2 < < < <
%oy R R, Re, %, 0, 0, R, . R, R, %R, %, %,
R &6 CR o % Y v Y So cr o S N e
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Possible Global Asset Bubbles since 1980

35
All series indexed
30 to 1 at start
Magnificent 7
25 - Stocks
??7?
20 -
15 -
_ Nasdaq Iron Ore
MSCI Asian index
10 | Japanese ghares (ex
Nikkei share Japan) US house
5 - Index prices Nescag
0 | | | | | | | | |
80 85 90 95 00 05 10 15 20 25
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Price/Earnings Ratios

Market cap Market 12-month
(billion US  share P/E forward P/E
dollars) (%) ratio ratio
Nvidia 4397 7.0 58 35
Microsoft 3904 6.2 39 34
Apple 3234 5.2 30 28
Amazon 2341 3.7 34 31
September Alphabet 2395 3.8 21 19
2025 Meta 1934 3.1 28 28
Broadcom 1419 2.3 113 39
Tesla 1044 1.7 187 159
Oracle 705 1.1 58 36

March 9, 2026, P/E is 221 @ 419 0.7 646 253 .,
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S&P 500 Tracking Funds

. 10-year average
Provider Fee yreturn e

Fidelity 0.015% 13.34%

charles
SCHWAB 0.02% 13.30%

Vanguard 0.04% 13.31%

i 0.02%  13.29%

(GLOBAL ADVISORS

Vanguard 0.03% 13.31%

iShares 0.03% 13.31%

by BLACKROCK"

As of early 2024, approximately 65% of assets in U.S. large-cap equity funds (which are
primarily measured against the S&P 500) are in passive tracking funds 83
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S&P 500 Large Capitalization Percentage

1995

¢ Navigation Pointe

ExonMobil =

o
P(@ '»_III-I'fl.'.L\ s

June 23' 2023

@ -

8% Microsoft

amazon G S e
nVlDIA

Google s«

EJf(onMOb"
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Tech Influence P 500 Holdings

NVIDIA

APPLE

MICROSOFT

* 40% tech weighted

* 60% everything else ALPHABET

AMAZON

BROADCOM
Note:
META

TESLA
BERKSHIRE HATHAWAY
J.P.MORGAN

Berkshire has significant holdings in tech firms

Marketing communication. Capital at risk. For professional investors only.

Source: ssga.com | Data as of Oct 27 2025
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goman Gomposition of the $87 trillion global equity market
US Market

Australia 2%

Europe & UK
15%

LatAM 1%

China &
territories
6%
Africa & Middle East

S&P 500 India2% 1%
65% o
($56 trillion) Other Asia pacific

Japan 5% 2%

As of September 2025

86
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US Market

Market Cap Weighting

TAIWAN, 1.8% Others, 11.3%

GERMANY, 1.9%
INDIA, 1.9%
FRANCE, 2.2%

SWITZERLAND, 2.3%

CHINA, 2.4%
CANADA, 2.9%

BRITAIN, 3.0%

GDP Weighting

Others, 35.9% UNITED STATES, 26.0%

JAPAN, 4.0%
BRITAIN, 3.2%

TAIWAN, 0.8%

GERMANY, 4.2%

INDIA, 3.4%
FRANCE, 2.9%

CANADA, 2.0%
JAPAN, 4.8%
UNITED STATES,

65.4%

CHINA, 16.9%

SWITZERLAND, 0.8%
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Al In Stock Trading

‘E*@

4

What is Al Trading How Does It Work? Al Trading Benefits

=Uses machine learning, NLP
(natura/ language processing) & blg
data for stock trading
" Analyzes vast data sets to
make informed decisions
=Potentially
outperforming
traditional trading
methods

@ Navigation Pointe

"Improved risk management
& strategy development

=Real-time analytics for better
decision-making

=Potential for superior market
trend prediction

= Machine learning: Trains
algorithm on large datasets to
identify patterns

="Natural language processing
(NLP): analyzes news, social
media sentiment

=Big data analytics: Examines
large datasets for hidden
insights



The Everything Bubble

e Stocks

* Bonds

* Real estate

* Cryptocurrencies

@ Navigation Pointe
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e ) ,_,-—f—'-""'/
Intelligence Paradox (Investing) H\'fmﬁv'(

| 1
wowW il mAKE “::;'al

 Homogenization of Investment Strategy (“Al Groupthink”) jﬁ‘gﬁt‘iﬂ
* Amplified Volatility & Flash Crashes
* The Al “Black Box” Concern

e Overfitting to Past Data

Virginia Dignum
Al Researcher

ETYHY:
L'_‘.ql‘
Robot Trading

* Disconnect from actual firm fundamentals (mispriced)

Dogecoin

The theory that Al investing makes financial markets inefficient—often termed the "intelligence paradox" or "Al-
driven inefficiency" hypothesis—suggests that while artificial intelligence can analyze data faster than humans, its

widespread adoption leads to homogenized strategies, herd behavior, and increased volatility, ultimately
destabilizing the market. Instead of creating a perfectly efficient market, the reliance on similar, opaque Al models
can create artificial, "fragile" environments prone to flash crashes

@ Navigation Pointe



S&P500 vs. NYSE Margin Debt As A % of GDP

3000.00
Dot-co Housing

2500.00

2000.00

S&P 500 Index Value

1000.00

500.00

1957 1998 199 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

w—SE P SO0 Margin Debt AsA % of GDP
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“Everything
Bubble Bubble Bubble”

3.00

AS0

2.00

150

100

Margin Debt (Percent of GDP)

050

0.00
2015 2016 2017

Source: NYSE, S&P, §1. Louis Fed



Global Debt Concern

* Excess capital hangover from
pandemic monetary injections

* Artificially low interest rates for an
extended period prior to the
pandemic

* Easy credit

* Al “land grab”
e Mind share
 Market share

e At any cost (debt)
* Pay now, win (market leader) later

@ Navigation Pointe

\

THE WORLD IS NOW
$324 TRILLION IN DEBT
THE HIGHEST IN HISTORY

IGNITE
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The Everything Bubble

Three interlocking forces:

2O
1. Massive tech (Al & crypto) investments and capital flows

e Reminiscent of the 1999

%

2. Sticky inflation with slowing growth

a
° . ° ) ‘
Reminiscent of the 1970’s ‘9

O,

3. A debt overhang rivaling 2008

e Sovereign debt
* Corporate debt
* Household debt

R
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Open Discussion

An invitation to discuss and share my interpretation of market impacts



Thank you

Your engagement and participation has been greatly appreciated

AAAAAAAA
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John Blevins

J.B@NavigationPointe.com
+1 (323) 365-6565

© 2026, All Rights Reserved
Copyright applicable in all countries
Navigation Pointe

Do not duplicate without permission
In whole or in part
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Session Guide

Facilitating our offsite growth plan discussion



Session Guide

¢ Navigation Pointe

Corporate Strategy
Strategic Planning

Technology Program Development
Organizational Management

Venture Capital Investment
Emerging Technologies
New Market Development
Partnership Alliances
Corporate Communications

@ Navigation Pointe

Marketing Analytics
ERP Systems/Software
Cloud Computing

Big Data Analytics
Social Media

Mobile

Machine Learning
Artificial Intelligence
Metaverse/AR/VR/XR

%D,

UCLA Anderson

School of Management

N
[\

UC Berkeley

SCHOOL OF INFORMATION

(1[o/ W'} Extension

ORACLE

W

Navigation Pointe
Consulting

UCLA Anderson
Teaching

Cornell Tech
Teaching

UC Berkeley
Teaching

UCLA Extension
Advisory

Deloitte Consulting
Consulting

Microsoft
Strategy

Oracle
Consulting

Shell Oil Company

Sales
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