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Biological Inspiration
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Neural Network

Forward Propagation
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Backward Propagation




Perceptron Diagram
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Perceptron
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Calculus
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Derivatives

RATE OF CHANGE




Derivatives Are Ubiquitous

How fast is your internet? (bits / second)

How fast is your car going? (distance / time)

How much are you paid per hour/year? (currency /
time)

More or less anytime a measurement is represented
as (thingl / thing2)



Slope Formula

Y _rise _AY_ Y, Y,

_S[ope Torun TOAXT X - X |
(X7 _yr)

(xg—gg) Rise or AY

| Y,-Y,

/ 2 1

/
[ Runor AX
X, - X,

X




Derivative Definition

dy _ fHn) = F()

dx _ hoo h
)= f(a)
m = lim
X—-a X -4

Calcworkshop.com



Finite Differences Derivative

The Basic Finite-Difference Approximation (& 7,7

cllfiS ~ -f‘2 fl second-order accurate
~ first-order derivative
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This is the only finite-difference approximation we will use in this course/
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Integrals




Integrals Are Ubiquitous

Any analog (non-discrete) sum of values is an integral

e Area (for square, width * height)

¢ Volume (cup, gallon, liter)

® How fast is your car going? (distance / time)

¢ How much are you paid per hour/year? (currency /
time)

® More or less anytime a non-discrete measurement
is represented as (thingl / thing2)



Area/Volume Calculations

Area, Surface Area & Volume

reference sheet
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Area Surface Area Volume
The measure of how many The measureof thearea ofall | The measure of how many cubes
squares willfitinto a shape. “"::":"';:"““"' outward facing sides. will fitinto a shape:

Units? Units* Units'

Two-dimensional
ol

v Area=aoraxa ° Surface Area =6 xa? Volume =2’ oraxaxa
s Example' 2 Example: Example:
& S a=5cm a=5cm.
—— —% | SufaceArea= 150’ Volume= 125cm’
a
Surface Area=2 x ba +la -
@ Area=wxh Volume =bax h
° £ Example: 5
£ u Example: 2 l»  ba=basearea=20cm’ b - s0cm
2 widih=10cm E :
2 ‘height=20cm Surface area= SrE IS |
« Area=10 20=200c’ P o Volume =20 5 = 100cm’
o Areazbxhx0s Surface Area =ba + la Volume =bax hx 1/3
) Example: ] Example: Example:
g " = base= E | basearea= 16cm’
£ ~verticaleight=15cm & la= lateral area (ll sides) = 60cr? h=height =9cm
=" Aea=20x15x05=1500m" Surfacearea=16+60=76cm?  Volume =16 X9 1/3 = 48cm’
5 e © Surface Area = fax s o
3 Example: ] [— _ Example:
2 @ n=number of sides =6 E P vy Thereisnosimple generic formula
& lengthof side=5cm z it 12
7
F a= apothem=15cm K ' [ 2 regular polyhedron.
&  TF O Area=6x5x15x05=225m of
Area=axp Surface Area Volume = 4/3 xmx 1"
K Bl - Exampl Banrle
£ e £ r=radius=4.5cm r=radius =4.5cm
o St | tatecs e
PR AL AN ;
=254, =381.5cm' (Approx)
o 2545 c? (Appro) (Approx)
Area=rxaxb Surface Area = 2nth + 2 Volume =i xrixh
" Example: 3 mple:
£ .14 2 A r=radius =5cm
H 3 0cm h=height= 10cm
5 Surfacearea=2x314x5x 10 Volume=3.14x25x10
+2%3.14% 25 = 471cm? =785cm’ (Approx)




Integral Approximation

Area = 6 squares

Just count them!




Finite Differences Integral
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Backward Propagation




Backpropogation
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Backpropogating Error
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Gradient Descent
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Gradient Descent 2D
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Gradient Descent in Neural Networks

Cost
A

Learning step

Minimum
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Gradient Formula for Updating Weights

JError
v = Wm0 ()




Normal Distribution

Standard normal distribution
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Examples of Normal Distributions




Activation Functions

Activation Functions

Sigmoid
o(z) = H.%
tanh
tanh(z)

RelLU
max (0, z)

N

Leaky ReLU ’
max(0.1z, )

Maxout
max(w{  + by, w3 z + by)

ELU '“
T >0
ale®—1) z<0 - ~ 0



Optimizers

e SGD
Adam
RMSProp
AdaGrad
AdamW



Types of Neural Network 1

Amostly complete chart of

N e u ra l N etwo rks Deep Feed Forward (DFF)

©2016 Fiodor van Veen - asimovinstitute.org

© Backfed Input Cell
Input Cell

@ noisy Input celt Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

@ Hiidden Cell
© Probablistic Hidden Cell

Long / Short Term Memory (LSTM) ~ Gated Recurrent Unit (GRU)
Qo o o

@ spiingicen et Recurrent Neural Network (RNN)
@ outputcell -
AN Y 9,9
© watch Input Output Celt IEIBRS GERIERSY. NN
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@ recurrent Cell

© wemorycet Auto Encoder (AE)  Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

@ oifferent Memory Cell
Kernel

© convolution or Poot

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




Types of Neural Network 2
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Generative Adversarial Network (GAN)  Liquid State Machine (LSM)
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Deep Residual Network (DRN)

Network (DN)  Deep Convolutional Inverse Graphics Network (DCIGN)
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Extreme Learning Machine (ELM)  Echo State Network (ESN)

B

Kohonen Network (KN) ~ Support Vector Machine (SVM)

Neural Turing Machine (NTM)
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