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Condition positive | Condition negative

iti icti .. TP
Test N N Positive predictive value precision = — "
True positive False positive ="TP/ (TP + EB) TP
outcome : . . recall =
» (TP)=20 (FP)=180 =20/(20 + 180) TP+FN
positive = 10% Fl = 2 X precision Xrecall
i B precision+recall
Negative predictive value | ;ocyracy = TP+IN
Test ’ ; TP+FN+TN +FP
False negative True negative = TN/ (FN + TN) N
outcome specificity =
, (FN)=10 (TN) = 1820 = 1820/ (10 + 1820) TN +FP
negative
=~ 99.5%
Sensitivity Specificity
=TP/(TP+FN) R (1 + B?) X Precision X Recall
=20/(20 + 10) = 1820/ (180 + 1820) Fﬂ —
~ 67% = 91% f?% X Precision + Recall
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Regression

Linear Regression

Random Forest

Multilayer Perceptron
AdaBoost

Gradient Boosting
Convolutional Neural Network
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Classification
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Linear Regression Perceptron

({The method of least squares). Developed
by Adrien-Marie Legendre (1805) and Carl
Friedrich Gauss {180%).

[Precursor to neural networks]: Invented by
Frank Rosenblatt. Simple model simulating
@ neuron for binary classification tasks.

,

Boosting Algorithms

Random Forests

Robust classification and regression
through decisien tree-like model
ensembles. Introduced by Tin Kom Ha's

method teaching agents to make decisions

[AdaBoost] Intreduced by Yooy Freund and
Robert Schapire. Improves prediction by
combining multiple weak learning models.

Reinforcement Learning Support Vector Machines

Imventor: Richard Bellman. Algerthmic [SWMs]: Introduced by Vladimir Vapnik and
Alexey Chervonenkis. excel in handwriting
through rewards and penalties in recognition, toce detection, and various

environments. clossification tasks.

T -

Backpropagation for Neural
Networks

Popularized by David Rumelhart, Geotfrey
Hinten, and Ronald Williams.Essential
algorithm for training neural netwaorks

through gradient descent optimization.

RNN and LSTM Deep Convolutional Neural

Networks

Inventors: Alex Krizhevsky, llya Sutsk )
Irventors: Various, notable contributions by rventars. Alex hrzhaveky, Tya altskever

Sepp Hachrsiter, Jirgen Schmidhuber Geotfrey Hinton. Revolutionized image
[LSTM). Excelled in sequential data

pracessing, enhancing MLP and speach

recognition with advanced, layered neural
architectures.

recognition.

Generative Adversarial Transformer Networks

Networks
Inventors: Ashish Vaswani and colleagues.
Irventar: lan Goodfellow and colleagues. Pioneered MLP advancements with efficient
GANs have been groundbreaking in context-oware processing.cormerstone far
generating realistic images and videos, madern NP tasks, leading to models ke

contributing signiticantly to both creative BERT, GOT series, and T5.

and analytical applications
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for Classification
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Predictive Text to
v Analytics Speech

Deep Speech
“J Learning to Text
Machine
Learning Speech

Image

Recognition

Machine
Vision
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Translation

Data Expert
Extraction Systems

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

Recommendation
engine

FrauFi Customer
detection facing chatbots

New material
synthesis through
inverse design

Design drafts
(e.g, architecture
design)
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Narrow Artificial
Intelligence (ANI)

Stage One: Machines imitate
human behavior, specializing in
one area to solve a problem.

i.e. Siri, ChatGPT, Alexa

.

077

6 5L
P s

ﬁ.", //ﬁg;h]ne Learning Q

af

Artificial General
Intelligence (AGI)

Stage Two: Machines can
continuously learn and are as
smart as humans.

Artificial Super
Intelligence (ASI)

Stage Three: Machines that are
smarter than humans across the
board.
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