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Classification

Supervised Learning Unsupervised Learning
Methods | Linear regression, nonlinear regression, etc. | K-means clustering, etc.
Data Input and output variables will be given. Only input data will be given
To determine the relationship between To capture the hidden patterns or
Goal inputs and outputs so that we can predict underlying structure in the given input
the output when a new dataset is given data
Uses Regression, classification, etc. Clustering, dimension reduction, etc.
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https://www.educba.com/supervised-learning-vs-unsupervised-learning/

Supervised Learning

« problem of learning input-output mappings from empirical data (the
training dataset)

continuous: regression

input vector: X < output (target): y —
P P ( 8 ) “ {discrete: classification

dataset D of n data points: D = {(xi,yl. )i =1, 2,...,n}

Regression: Classification:
What is the price of a diamond based on its 4Cs? Whether a patient has been infected with COVID-19 based
Price ($) on their chest X-ray image?
4 :
- CoLoR E—— Normal
\ :" . % - | Classification or
CLARITY Prediction
>3888.8 L 4000 Pneumonia
CuTt — 3000 or
THE 4Cs — 2000 COovID-19
OF DIAMOND QUALITY CARAT
WEIGHT = 1000
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Recall Piecewise Linear Regression

— Another straightforward regression model is Piecewise Linear Regression

—  We will show the methodology for 1 split point , but this can be extended for an
arbitrary number of points

0.6+
Y ] Split the data into two sets: NV, and N,
0.5~ . linear regression for N,: y, = w, +w,x, (x < C1)
: B _ linear regression for N,: y, =w, +wyx, (x>¢)
04 VY« = Wp + W3Xy .-

calculate for x-coordinate of the intercept

a=" J’: :Wo+(W1_W3)Cl+W3xn (x>cl)

W =W

*
Wo+WIC =Wy + W) {yn o WO + Wlxn (x < Cl)
V4

use appropriate cost function (residual sum of squares, RSS)
for N data, split into two sets of NV, and N,

LX) ey i)
XB = N & Y =V N,-N, 4, Y = Vn
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We can solve this problem using Neural Network!

 Artificial neural networks (often called neural networks) learn (or are
trained) by a set of data, which contain known inputs and outputs.

— determine the difference between the output of the neural networks (often a
prediction) and a target output (an error)

— update its parameters (such as weights and biases) according to a learning rule
based on this error value

— Successive adjustments will cause the neural network to produce output which is
increasingly similar to the target output
« Such neural networks “learn” to perform tasks by considering data
without being programmed with task-specific rules.
— X-ray images - “COVID-19” or “Normal”
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Brief History (1)

« Alexey lvakhnenko and Lapa (1976)
— First feedforward multilayer neural networks for supervised learning

« Rina Dechter (1986)

— The term “Deep Learning” was first introduced

 Yann LeCun et al. (1989)

— Applied the standard backpropagation algorithm to a deep convolutional neural
network (CNN) for recognizing handwritten ZIP codes on mail

« Brendan Frey and co-developer Peter Dayan and Geoffrey Hinton (1995)

— demonstrated that it was feasible to train a network containing six fully-connected
hidden layers with several hundred neurons using a wake-sleep algorithm

« Hochreiter and Schmidhuber (1997)

— recurrent neural network (RNN) was published and called long short-term memory
(LSTM), which avoided the longstanding vanishing gradient problem in deep learning
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Brief History (2)

* |n the early 2000s, the deep learning began to significantly impact industry

» Industrial applications of deep learning to large-scale speech recognition
started around 2010

— Advances in computational hardware have driven more interest in deep learning

« Andrew Ng (2009)
— demonstrated that graphics processing units (GPUs) could accelerate the learning
process of deep learning by more than 100 times

* Yoshua Bengio, Geoffrey Hinton, and Yann LeCun (2019)

— recipients of the 2018 Association for Computing Machinery (ACM) Turing Award (the
“Nobel Prize of Computing”) for conceptual and engineering breakthroughs that have
made deep neural networks a critical component of computing
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Deep Neural Network

(Pretraining)
Multi-layered m A

XOR Perceptron A
ADALINE (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)

ry
v
"

Electronic Brain

1970 1980

M. Minsky - S. Papert D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes

S. McCulloch - W. Pitts

X AND Y XORY NOT X . | O . } O Foward Activity —e——jp»- " 3 ; . ’ --

g 1 ot » | e, e,
"..‘ E g el s B A e - » -
| e, "‘.. i ‘.‘l ” .. i __ -

++] 2 +1 0+ -1 -1 ® ® @) ‘ .“"-. \ f o 00 - ‘

x/ l \” x/ l \H i «}—— Backward Error 7

= Adjustable Weights = Learnable Weights and Threshold + XOR Problem * Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning

« Weights are not Learned * Big computation, local optima and overfitting + Kernel function: Human Intervention
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A First Look at Feed Forward Neural Network (1)

 Whatis Neural Networks (NNs)?

— A network of “artificial neurons”, a mathematical model that mimics biological
neurons.

« Artificial neuron (also called a unit):

— An output activation of a neuron « is calculated by sum of a bias b (optional) and
“linear combination” of inputs x;'s, passing through a non-linear “activation
function” ¢.

e o Artificial neuron
If:-*_ . n termin .-Jf.-— —_-._11.
Xo ' a : o I
’ - A w
I: . ‘ ) ---..':11” @ @
X _____ A ' F

Outputs

Myelin sheat Clutput points = synapses

-‘___ | |{ Myelinated ax-:-ntrunk} y — cﬂ(wx + b)
Inputs

Input points = synapses
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A First Look at Feed Forward Neural Network (2)

 An activation function introduces “non-linear complexities” to a model.
Most common ones include Sigmoid, hyperbolic tangent, and Rectified
Linear Unit, etc.

Activation functions:

Sigmoid

Alx) =x
1

ifx =0 dq(x) — .

1+e—X"

tanh
A(x) = tanh(x)

A(x) = 0.01x
Leaky RelLU: ifx <0

—

RelLU
- A(x) = max(0, x)

| ]
— —
- o o
o
o - — L) —
[~ - —
o o =
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A First Look at Feed Forward Neural Network (3)

« A flowchart for training a neural network (NN)

A Choose Train/update Calculate
{ Input(x) — network [—* weightsand = predicted |
y structure biases output (y) l
‘ - .
Target value (y") Loss function (e.g.
No (learn from back (y—¥)?) < error limit
propagation) . J
Yes l
Note: Take normalized value of Report weights and
Input and target. bias values for the

y = C(x,w,b) network
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Network Structure: one hidden neuron

« Step 1: initialize the weights by arbitrary values

« Step 2: compute NN output and error

« Step 3: compute increments of weights based on the gradient decent
« Step 4: update the weights

 Repeat Step 1~4: until the weights are unchanged or the error is less
than a criterion

by b,
O @
X

Input Hidden Output Hidden neurons
neuron neuron neuron

Aw,A(wyx + by) + by)

Mechanistic Data Science Deep Learning - 12
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Result of Weights: one hidden neuron

11.875  13.98 15.07 15.24
data point: " = 0.1 " = 20 5 8.75 11.6 12.92 13.12
w; =10, wy =35, b =0, b, =0 5 10.39 16.22 19.48 19.996
V=WWyx = (10)(5)(0.1) =5
. , 15 9.61 3.78 0.52 0.004
L=y —y=y —ww,x=20-5=15
Ay = —a 25 = (" -y )y = (0.25)(15)(5)(0.1) = .85
M
oL "
JAw, =—a——=a(y" = y)wx=(025)(15)(10)(0.1) = 3.75
W)

« : learning rate

<
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Network Structure: one hidden layer, two hidden neurons

data point: x =0.1, y* =20

w; =10, w, =10, wy =5, w, =5, b =0, b, =0, b; =0

y = wwsx +wywyx = (10)(5)(0.1)+(10)(5)(0.1) =5+5=10
L=y —y=y —wwsx —wyw,x =20-10=10

v = —a;}—v]‘; = a(y" = y)wyx=(0.25)(10)(5)(0.1) =1.25

Input ) Output

Aw, = _aa%z = a(y* - y)w4x =(0.25)(10)(5)(0.1)=1.25 neuron an;::I;:s neuron
L Awy = —a% =a(y" - y)wr=(025)(10)(10)(0.1)= 2.5 y = A[ws;Aw;x + by)
e a2 P A+ by) + b

« : learning rate

(W, =w +Aw; =10+1.25=11.25
<
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Result of Weights: one hidden layer, two hidden neurons

Mechanistic Data Science

10
5
5

10

10

11.25
11.25
7.5
7.5
16.883
3.13

11.84
11.84
3.38
3.38
19.83
0.17

11.87
11.87
8.428
8.428
20.009
—0.009
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1 hidden layer, 1 neuron

0.5 1
Input Hidden Output % NG ek )
layer layer layer 0a{ — Piecewise linear regression | , «*
FNN, 1 neuron
h2 h3 034 1 hidden layer
1 : 1 a
ra 1’1"’?]_ 1 7 9 Wi% =
| x J—F—{Il F."—t y I 0.2-
1)os]
a’ = A(wﬁ1x+b12)
0.0 1
y= A(Wﬁlaf +b13)
:A(WilA(le,lx_‘_blz)_i_bf) 1 2 3 ){d 5 6 7

w' .« weight from the & neuron in the (/- l)th layer to the j” neuron in the [” layer

b; : bias of the /” neuron in the /" layer
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1 hidden layer, 2 neuron

Input Hidden Output -
layer layer layer e  Original data |
2 os] —— Piecewise linear regression | _ e
bl FNN, 2 neurons
le.l ijxﬁ Wl . bl - 1 hidden layer /
N, - > .
\ e ?‘ ; >/ 0.2 "
E | | ey e
wiq, @2/ wi, . & Y
2 il ® a*
a12=A<wﬁ1x+b12) b;g : o s %
- ., o® [} %.."l
a; =A<w22,]x+b22) = |
1 2 3 4 5 6 7
y=A(w a +b))+A(w a; +b)) > e X

(
— A(WLIA(WMx%-bf)+b13)+A(WizA(sz,lx_"b;)-'_bf)

w' . © weight from the " neuron in the (/- l)th layer to the j” neuron in the [” layer

b’ : bias of the j” neuron in the /" layer
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1 hidden layer, 10 neuron

Input Hidden Output
layer layer layer 0.5 -
* Original data |
0a{ — Piecewise linear regression | _ ,*
FNN, 10 neurons
- 1 hidden layer
- L
>
0.2 -
0.1 4
0.0 1

. 302 302 3\ _
y—A(wMa1 SaRCRE SR e o) )—AE

a> = A(W?Jx+bf)
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2 hidden layer, 10 neuron

Input Hidden Qutput
layer layers layer
b2 b3

Al og A
2 /8 *‘.':E":‘I-'.f"’- =) 4
Wii18/ RO Wii1

VRNTETE |
g
b ". “-'.‘i [k,
=0 e
|I 'II '. . I'- I '
I'."t."‘:':
T | N
el ' Iy
Il:_ L .'. J .I ‘.I
e, O
L
. 'l'- " g lI|
- .'_:.q.---r...

-
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0.5 1

0.4 1

0.3 1

0.2 4

0.1 -

0.0 4

* Original data
—— Piecewise linear regression

FNN, 10 neurons
2 hidden layers

——
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3 hidden layer, 10 neuron

Input Hidden Output -
I | layer i -
o & il : e Original data l
0a; —— Piecewise linear regression | _ ,e
FNN, 10 neurons
- “~ 3 hidden layers
- L]
>
0.2
, \ 0.1
7
& )
, / 0.0 1
1 2 3 a 5 6 7
T WA X
9.0
AN .
Sed
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4 hidden layer, 10 neuron

Input Hidden Output
layer layers layer -
- - e Original data _
) () ..] — Piecewise linear regression | _ e
.0 K37 ”‘}fﬁ FNN, 10 neurons
oy ::a ;ff ® "' 4 hidden layers
vl 0.3 1
}-.
0.2 4
) 01
0.0 1
1 2 3 4 5 6 7
X
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General Notation for FFNN

Layer 2
Layer 1 (hidden layer) 5uer3
(input layer) (output layer)

w' © weight from the " neuron in the (/- l)th layer to

the /" neuron in the /" layer

b; : bias of the j” neuron in the [" layer

! . . . .th . th
a; : activation (or output) of the ;™ neuron in the /™ layer

= A(Zk:(wé,ka,il)+b;]
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A Neural Networks Playground

You can run it on the web! Choose problem
,D Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
000,000 003 «  Tamh «~  None - 0 ~  Classification -

Choose dataset

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT

Which dataset Which properties do Test loss 0.503

you want to usy? you want to feed in? Y Y Training loss 0.508

]

4 neurons 2 neurons

% [l ________________ D T D ..-. )
— ’
— et L
~—c w?® . . M
. ——— -* . . -
XE D D _._-__.__D ) L 3
) o . " .y *e 2 -
Ratio of training to IR N A
+ . LA T s
. o f + =
test data: 50% 2 D ( . o0 . ?.}ﬁ..?gb.;. o 5 |,
—_— X * The outputs are * .y -
mixed with varying . v . : : 4 !:"' H 4 L
. "
o weights, shown o oY SeTE .
Noise: 0 o E by the thickness of . -:’ . . o
[ ] 2 the lines. o 3
= . :. ,’ [ ] :':l'_o.: -
Batch size: 10 [ “ s '.."-
atch size: XX, ™ This is the output
—® - from one neuron. 1
Hover to see it o
- larger.
REGENERATE SR

Col how
d;t;ﬁ:u?;risand F 1 _
weight values. i 0 1
f DeSIgn your network [] Showtestdata [[] Discretize output
Input features

https://playground.tensorflow.org/
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https://playground.tensorflow.org/

A Neural Network Playground

« Simple problem can be easily solved even with a linear model.

Epoch Leaming rate Activation Regularization Regularization rate Problem type
000,273 0.03 ~ | Linear « | None - 0 - Classification -
FEATURES + — 1 HIDDEN LAYER OUTPUT
Which properties do Test loss 0.000
you want to feed in? ini 0.00

Y= Training loss 0.000

1 neuron

i — N
a"" o 7

e {

P
)(2 _________ * This is the output
from one neuron.

Hover to see it

- larger.
X
%2
XX,
: I
o
sin(X
Colors shows
- data, neuron and P |
sin(X, - (] 1

weight values.

[ Showtestdata [] Discretize output

https://playground.tensorflow.org/
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https://playground.tensorflow.org/

A Neural Network Playground

« Some problem requires non-linear complexity.

Mechanistic Data Science

Epoch Leaming rate Activation Regularization Regularization rate Problem type
000,990 0.01 ~ | sigmoid < | nNone - 0 - Classification -
FEATURES + — 1 HIDDEN LAYER OUTPUT
Which properties do Test loss 0.021
you want to feed in? + Training loss 0.021
5 neurons
| e
T, _ - L] A
-, .-::*“":.. ~ o
Ry -...,___"____ _— -
——mEEE= S L] o ole
o i, .
O™ s
X \\ \\ “"---...'--—._._._____E'l .-; _—,. o Lo
\\"\ u H
S, “‘--_‘ o
» .
X2 “"‘“:"-':‘_':_':_—_-_ﬂ---“‘ 4
£ UG
L] ’,/ s
f’/,
XX, e
- g |
i o
|
cin(X * This is the output
from one nauron.
Hover to see it Colors shows
i largsr. data, neuron and F ! _
=L weight values. . . !

https://playground.tensorflow.org/

[ Showtestdata [] Discretize output
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https://playground.tensorflow.org/

A Neural Network Playground

Mechanistic Data Science

Only delicately designed model can solve difficult problems.

Epoch

000,720

FEATURES

Which properties do
you want to feed in?

Leaming rate

0.01

+
|

oo
|
i)
=
=
3
W

A
N
\\ X
O\
i R
\\‘\ \
\ \!
<00 WD
Wiv
1‘ l\\
X 1[ ‘1 \\
N
T
LAY i
XX, i &
- |
\
y
|
<l \%
N }
\
i
\
il

1
/’ “ The outputs are
mixed with varying

Activation Regularization Regularization rate

Problem type
- RelLU \ ¢ L2 - 0.003 - Classification

Prevent gradient vanishing

+ — 6 HIDDEN LAYERS QUTPUT

Test loss 0.016
+ - -

Training loss 0.015
— + - + - + - 9
6 neurons 5 neurons 4 neurons 3 neurons

Colors shows
data, neuron and P

| —
weight values. . . !
weights, shown
\D i.yer':i;?smess o } [ Showtestdata [] Discretize output

Y

Increase model capacity

https://playground.tensorflow.org/
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A Neural Network Playground

« By adding more (engineered) feature, it has been solved!

Mechanistic Data Science

Epoch Leaming rate Activation Regularization Regularization rate Problem type

000,727 0.01 -~  Tanh \ - L2 -~ 0003 - Classification -

We need negative coefficients

FEATURES + — 1 HIDDEN LAYER OUTPUT
Which properties do Test loss 0.043
you want to feed in? Y- Training loss 0.023
5 neurons
x D B o~ -
1 === s
= T
~ ’,: /:;;’ e
~ // s O
S Pl [ 1
Xy "=E ~ / s 7 e
S LY ,I Yy '
-__‘a‘/ g /)\ // f’ e 0
x: = e . ©
N, -
> ’I, /X\ » ’-17 [}
7 W ¥
XQZ = ==: ——— ¥ A, .\
Tl A AN
Py ¥ / S -
/ ~ o
/_,// ,’ /{‘h‘h"— H‘_‘-_‘-\\._::::::‘q_
<@ = ~-
sy’ "3
p e % (
sin(X,) —_ 73 “ This is the output
7 from one neuron.

Z Hover to see it Colors shows
. = larger. data, neuron and F !
Sm(xg) E --

weight values. . v !

Even with a shallow NN

[ Showtestdata [] Discretize output

https://playground.tensorflow.org/
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A Neural Network Playground

* Infact, we know the rule of “spiral” dataset. =~
tsin(t)  for label 1 o
i —tsin(¢) for label 2

tcos() for label 1
* —tcos(¢) for label 2

oo & & N o N & o ® o
; . ; B ; T . ;

o
o
T

« By using engineered feature, even a linear model can classify.
@ = atan(x, /x, ) o
x, =sin(r + @)

ProbabiNty
o N B [=2} co
]
:.I’. — o - -

-1 0.8 -06 -04 -0.2 02 04 06 038 1

X
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« Another well engineered feature input.

Mechanistic Data Science

A Neural Network Playground

Epoch

000,387

FEATURES

Which properties do
you want to feed in?

Leaming rate

0.01

Activation

Linear

Regularization

- L2
HIDDEN LAYER
+ -

1 neuron

~

(

“ This is the output
from one neuron.
Hover to see it
larger.

-

Regularization rate

0.003 -

OUTPUT
Test loss 0.001

Training loss 0.002

Colors shows
data, neuron and
weight values.

[ Show test data

https://playground.tensorflow.org/

F |

Problem type

Classification

[ Discretize output
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Problems 11-13 use the blue ball, orange ring example on playground.tensorflow.org
with one hidden layver and activation by ReLU (not Tanh). When learning succeeds,
a white polygon separates blue from orange in the fizure that follows.

11

12

13

14

15

16

17

Does learning succeed for N = 4 7 What is the count (N, 2) of flat pieces in F'(x) ?
The white polygon shows where flat pieces in the graph of F'(x) change sign as they
go through the base plane = = 0. How many sides in the polygon?

Reduce to NV = 3 neurons in one layer. Does [’ still classify blue and orange cor-
rectly ? How many flat pieces r(3,2) in the graph of F'(v) and how many sides in
the separating polygon?

Reduce further to N = 2 neurons in one layer. Does learning still succeed ? What is
the count (2, 2) of flat pieces 7 How many folds in the graph of F(v)? How many
sides in the white separator?

Example 2 has blue and orange in two quadrants each. With one layer, do N = 3
neurons and even N = 2 neurons classify that training data correctly 7 How many
flat pieces are needed for success 7 Describe the unusual graph of F(v) when N = 2.

Example 4 with blue and orange spirals is much more difficult! With one hidden
layer, can the network learn this training data? Describe the results as NV increases.

Try that difficult example with two hidden layers. Start with 4 + 4 and 6 + 2 and
2 + @ neurons. Is 2 + 6 better or worse or more unusual than 6 + 27

How many neurons bring complete separation of the spirals with two hidden layers ?
Can three layers succeed with fewer neurons than two layers ?

| found that 4 + 4 + 2 and 4 + 4 + 4 neurons give very unstable iterations for that
spiral graph. There were spikes in the training loss until the algorithm stopped trying.
playground.tensorflow.org (on our back cover!) was a gift from Daniel Smilkov.
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Application: Diamond Price Regression

4Cs:

4Cs of Diamond Quality

ourlesy of #% * ‘
@ GIA ) k& - A
Pod - Er - . ‘Q\ 9 B )‘-
COLOR ey G Qb XS
D H N [
CLARITY
WS Vs, 51,
CuT Excellent, Very good, Good, Fair, Poor
THE 4Cs
OF DIAMOND QUALITY CARAT
WEIGHT

The universal method for assessing the quality of any diamond,
anywhere in the world. ‘
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Diamond Dataset

« Kaggle (Datasets/Diamonds)
— 53,940 diamonds with 10 features

Price: ($326--$18,823)

Carat: (0.2--5.01)

Cut: (Fair, Good, Very Good, Premium, Ideal)

Color: (J (worst) to D (best))

Clarity: (11 (worst), SI12, SI1, VS2, VS1, VVS2, VVS1, IF (best))
Size in x direction in mm (0--10.74)

Size in y direction in mm (0--58.9)

Size in z direction in mm (0--31.8)

Depth: z/mean(x,y)=2%z/(x+vy) (43--79) (%)

Table: width of top of diamond relative to widest point (43--95) (%)

Color (D, E, F, G, H,1,J)> (1,2,3,4,5,6,7)

D: colorless ~ Z: light yellow or brown

"y

carat cut color clarity depth table price X y z

1 0.23 Ideal E SI2 61.5 55 326 395 398 243

2 0.21 Premium E SI 59.8 61 326 389 384 231

3 0.23 Good E VS1 56.9 65 327 405 407 231

4 029  Premium | VS2 624 58 334 4.2 423  2.63

5 0.31 Good J SI2 63.3 58 335 434 435 275

6 0.24 Very Good J VVWS2 628 57 336 394 39 248

7 0.24 Very Good I VVS1 623 57 336 395 398 247

8 0.26  Very Good H S 61.9 55 337 407 411 253

9 0.22 Fair E VS2 651 61 337 387 378 249

10 0.23 Very Good H VS1 594 61 338 4 405 239
Cut Rating | Numerical value  Clarity Rating Numerical value
Premium 1 [F—Internally Flawless |
Ideal 2 VVS1,2—Very, Very Slightly Included 1,2 2
Very Good | 3 VS1,2—Very Slightly Included 1,2 3
Good 4 SI1,2—Slightly Included 1,2 4
Fair 5 [1—Included 1 5

Mechanistic Data Science
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Neural Network Architecture

9 input Variables (va ) Find the unknown function 1 OU'tpU't Variables (yiv )

i=1,...9and N =53940 j=1and N =53940

Carat(X4) 20—

Cut(X,) 30

Color(X3) > Cb

Clarity(X4) >

Size in x direction(Xs) | 5 ® Price
Size iny direction(Xg) __, e (y,)
Size in z direction(X;) —, .
Depth(Xg) r 4

Table(Xy)

Input layer 2 Hidden Layers Output layer
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Network Training and Prediction

20000
* Loss: MSE(mean squared error)

* Optimizer: Adam 515000
» Architecture: =
* Metrics * 5000
— Mean absolute error: 615.97 0
— Mean squared error: 1139999.82 0 5000 10000 15000
— R-squared: 0.93 Hioespaiion
0.0008
0.0006
0.0004
0.0002
0.0000

-5000 0 5000 10000
Mechanistic Data Science price Deep Learning - 34
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Prediction of Unseen data

carat cut color clarity depth table X y z

0 40 1 0 0 655 59 10.74 10.54 6.98

1 2.0 1 0 0 655 59 10.74 10.54 6.98

2 05 2 2 1 61.4 56 433 437 267

3 0.3 0 1 2 597 58 413 414 247
Prediction: [12148.8 9818.9 1573.8 503.2]
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