A Visual Introduction to Geometric
Data Analysis

Henry Adamg and Lara Kassab



Artificial Intelligence

People telling me Al is going
to destroy the world My neural network




Artificial Intelligence

WHEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEY'RE IN A NATIONAL PPRK ...

SURE, EASY GIS (OOKUP
GIMME A FEW HOURS.

.. AND CHECK WHETHER
THE PHOTO 1S OF A BIRD.

I1L NEED A RESEARCH

\ TEAM AND FIVE YEARS.
% /

IN C5, IT CAN BE HARD TO EXPLAIN

THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE.
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High-Dimensional Data

Example: Diabetes study
145 points in 5-dimensional space

SSPG

An attempt to define the nature of chemical diabetes using a
multidimensional analysis by G. M. Reaven and R. G. Miller, 1979
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https://vas3k.com/blog/machine_learning/
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Lets Jcrj Again with  dHevent nikial  conters.
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Dimensionality Reduction
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https://softologyblog.wordpress.com/2019/03/31/style-transfer-gans-generative-adversarial-
networks/

https://github.com/cysmith/neural-style-tf

https://deepart.io/
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