Chapter 01: Giving Computers the Ability to Learn from Data

> Labeled data

Supervised Learning > Direct feedback

> Predict outcome/future

> No labels

Unsupervised Learning > No feedback
> Find hidden structure in data

> Decision process

Reinforcement Learning > Reward system

> Learn series of actions
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Petal
Samples ™~~~
(instances, observations)

Sepal Petal Petal
width length  width label

- 1 5.1 3.5 1.4 0.2 Setosa

2 4.9 3.0 1.4 0.2 Setosa

50 6.4 3.5 4.5 1.2 Versicolor

150 | 5.9 3.0 5.0 1.8 Virginica
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Chapter 02: Training Simple Machine Learning Algorithms for
Classification
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Chapter 03: A Tour of Machine Learning Classifiers Using
scikit-learn
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X[1] <= 0.75
entropy = 0.667
samples = 105
value = [35, 35, 35]

"4
X[0] == 4.75
entropy = 0.0 erEtrIDPY =0.5
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( -
entropy = 0.0 =t

entropy = 0.219
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value = [0, 4, 4] value = [0, 1, 31]
¥ Y ¥ N
entropy = 0.0 entropy = 0.444 entropy = 0.444 entropy = 0.0
samples = 2 samples = 6 samples = 3 samples = 29
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petal width <= 0.75
gini = 0.6667
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Chapter 04: Building Good Training Datasets — Data
Preprocessing

A B C D

0O 10 20 3.0 4.0

1 50 6.0 75 8.0

2 100 11.0 120 6.0

Training Test
Data Data
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@est.tr‘ansfcr‘m(x_tr‘ain) Model est.transform(X_test)@
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est.fit(X_train, y_train)
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est.predict(X_test)
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Predicted
labels

Class Malic Alcalinity . Total _ Nonflavanoid . Color 0D2-80100315 _
Alcohol . Ash Magnesium Flavanoids Proanthocyanins |, .. |Hue |of diluted Proline
label acid of ash phenols phenols intensity .
wines

0|1 1423 |1.71 |2.43(15.6 127 2.80 3.06 0.28 2.29 5.64 1.04 |3.92 1065
11 13.20 |1.78 |2.14(11.2 100 2.65 2.76 0.26 1.28 4.38 1.05 |3.40 1050
21 13.16 |2.36 |2.67(18.6 101 2.80 3.24 0.30 2.81 5.68 1.03 |3.17 1185
3|1 14.37 |1.95 |2.50(16.8 113 3.85 3.49 0.24 2.18 7.80 0.86 |3.45 1480
41 13.24 |2.59 |2.87(21.0 118 2.80 2.69 0.39 1.82 4.32 1.04 |2.93 735
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Chapter 05: Compressing Data via Dimensionality Reduction
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Chapter 06: Learning Best Practices for Model Evaluation
and Hyperparameter Tuning

(Step 1) (Step 2)

Class labels

Training set Test set

J_L pipeline.predict(...)

pipeline.fit(...)
/ Pipeline \

Scalin
& .transform(...)

i) &
.transform(...)

Dimensionality

Reduction
JFit(l) &
.transform(...)
Learning Algorithm .transform(...)
JFit(.)
Predictive Model
Class labels

k .predict(..) /

Original dataset

I

Training set Test set
|
Training set Validation set Test set
Change hyperparameters
and repeat
Machine learning 0
algorithm
Evaluate

Fit *

Predictive model g
Final performance estimate
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Chapter 07: Learning Best Practices for Model Evaluation
and Hyperparameter Tuning
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0D280/0D315 of diluted wines

Weights f)?(x <= 3.0)? Correct?! Updated

weights
| 1.0 I 0.1 | Yes 0.072
2 2.0 I 0.1 | Yes 0.072
3 3.0 I 0.1 | Yes 0.072
4 4.0 -1 0.1 -1 Yes 0.072
5 5.0 -1 0.1 -1 Yes 0.072
6 6.0 -1 0.1 -1 Yes 0.072
7 7.0 I 0.1 -1 No 0.167
8 8.0 | 0.1 -1 No 0.167
9 9.0 | 0.1 -1 No 0.167
10 10.0 -1 0.1 -1 Yes 0.072

Decision tree AdaBoost
A 5 A A
A A A A a A
A a A a
RS T RS-
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] Ne
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Chapter 08: Applying Machine Learning to Sentiment
Analysis

review sentiment

0 In 1974, the teenager Martha Moxley (Maggie Gir... 1
1 OK... so... | really like Kris Kristofferson a... 0

2 **SPOILER*™ Do not read this, if you think a... 0



Chapter 09: Embedding a Machine Learning Model into a
Web Application

eCe® "4 DB Browser for SQLite

oy Mew Database '+ Open Database | Write Changes L Revert Changes

o

Database Structure Edit Pragmas  Execute SQL

Table: | |review_db E @ & _|j [B] New Record | Delete Record

review sentiment date
Filter Filter Filter
1 | love this movie 1 2019-06-15 17:40:57
2 | disliked this movie ] 2019-06-15 17:40:57
®@ 00 (< 127.0.0.1 & O » { ™

Hi, this is my first Flask web app!



[ *

S

A A L 127.0.0.1 ]

What's your name?

Sebastian|

Say Hello

El *

O

A

A < 127.0.0.1:5000/hello &

Hello Sebastian

original first_app.html file

<!ldoctype html>

<html>
<head>

<title>First app</title>

</head>
<body>

</body>
</html>

modified first app.html file

<!doctype html>
<html>
<head>
<title>First app</title>
<link rel="stylesheet” href="{{ url for('static', filename='style.css') }}">
</head>
<body>

{t from "_formhelpers.html" import render_field %)

<div>What's your name?</div>
<form method=post action="/hello">

<dl>
{{ render field(form.sayhello) }}
</dl=
<input type=submit value='Say Hello' name='submit btn'>

</form>

</body>
</html>



<ldoctype html>
<html>
<head>
<title>First app</title>
<link rel="stylesheet” href="{{ url_for('static',6 filename='style.css")
</head>
<body>

{% from "_formhelpers.html" import render_field %}

<div>What's your name?</div>
<form method=post action="/hello">

<dl>
{{ render_field(form.sayhello) }}
</dl>

<input type=submit value='Say Hello' name='submit btn'>

P

</form>
</body> v [ 1st_flask_app 2
</html> ® app.py
¥ [ static

¥ |l templates

o first_app.html

<!doctype html> @ hello.htmi

<html>
<head>

# style.css /

o _formhelpers.htm| ==

<title>First app</title>

<link rel="stylesheet” hrefs"{{ url_for('sta
</head>
<body>

, filename='style.css')

<div>Hello {{ name }}</div>

</body>
</html>

P

from flask import Flask, render_ template, request
from wtforms import Form, TextAreaField, validators

app = Flask(_ name_ )

lclass HelloForm(Form):
sayhello = TextAreaField('',([validators.DataRequired()])

f@app.route('/")
|def index():
form = HelloForm(reguest.form)
return render template('first app.html', form=form)

@app.route('/hello’, methods=["POST"])
|def hello():
form = HelloForm(request.form)
if request.method == 'POST’ and form.validate():
name = request.form|[ 'sayhello']
return render_template('hello.html', name=name)
return render template('first app.html', form=form)

if _ name_ == ' main_ ':
app.run(debug=True)

lbody {
font-size: 2em;

}

{% macro render field(field) %}
<dt>{{ field.label }}
<dd>{{ field(**kwargs)|safe }}
{% if field.errors &}
<ul class=errors>
{% for error in field.errors %}
<li>{{ error }}</li>
{* endfor %}
</ul>
{% endif %}
</dd>
</dk>
{% endmacro %}



Webpage rendered when opening
http://127.0.0.1:5000/

i ® < N 127.0.0.1

What's your name?

Sebastia r1|

Say Hello

Webpage rendered when clicking "Say Hello"
@0 @® < L] 127.0.0.1

Hello Sebastian

22

22



@0 ® < N fal @ A A (@ & raschkas.pythonanywhere.com/

Please enter your movie review:

| love this moviel

Submit review

0@ < Bl fat @ AA @ raschkas.pythonanywhere.com/results (%

Your movie review:

I love this movie!

Prediction:

This movie review is positive (probability: 90.86%).

Correct Incorrect

Submit another review

=

=

&

+

+



0@ (< [ fal @ A A @ raschkas.pythenanywhere.com/thanks

Thank you for your feedback!

Submit another review

v [[7] movieclassifier
<) app.py
v [ pkl_objects
* classifier.pkl
ﬁ stopwords.pkl
?_éy reviews.sglite
v [ static
style.css
v [ templates
| _formhelpers.html
FQ\ results.html
@ reviewform.html
Fg\ thanks.html
4| vectorizer.py
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return render template('thanks.html')
if = ' main ':

___hame = ]
app - run (debug=erie)
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Files
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Chapter 10: Predicting Continuous Target Variables with
Regression Analysis

A

Y =wyt+twx

vertical offset

v -yl \
w, (slope)

a% "\Ax = by / Ax

(%, )

y (response variable)

\
/

w, (intercept)

x (explanatory variable)

Feature 1 1



CRIM ZN INDUS CHAS NOX RM AGE DIS RAD TAX PTRATIO B LSTAT MEDV
0 0.00632 18.0 2.31 0 0538 6.575 65.2 4.0900 1 296.0 15.3 396.90 4.98 24.0
1 0.02731 0.0 7.07 0 0469 6.421 78.9 4.9671 2 242.0 17.8 396.90 9.14 21.6
2 0.02729 0.0 7.07 0 0469 7.185 61.1 4.9671 2 242.0 17.8 392.83 4.03 34.7
3 0.03237 0.0 2.18 0 0.458 6.998 45.8 6.0622 3 222.0 18.7 394.63 2.94 33.4
4 0.06905 0.0 2.18 0 0458 7.147 54.2 6.0622 3 222.0 18.7 396.90 5.33 36.2
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Predicted or known target values
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Chapter 11: Working with Unlabeled Data — Clustering
Analysis
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Most similar members
(single linkage)

Most dissimilar members
(complete linkage)

X Y Z

ID_0 6.964692 2.861393 2.268515
ID_1 5.513148 7.194690 4.231065
ID_2 9.807642 6.848297 4.809319
ID_.3 3.921175 3.431780 7.290497

ID_ 4 4385722 0.596779 3.980443
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Chapter 12: Implementing a Multilayer Artificial Neural
Network from Scratch

Activation
function

- ———— - ————

- ————

_____

—~ Predicted

|
1
1
| Y class label
1
1

- - -~ - - - - -

Net input Unit step

""" function function
/: Weight

Input coefficients

values

A N
5
:1:,,(,,2")

1st Layer 2nd Layer 3rd Layer
(input layer in)  (hidden layer h)  (output layer out)



Input layer with 3 Hidden layer with 4

input units plus bias  hidden units plus bias Output layer
it (m =341 it (d=4+1

unit (m = 3+1) unit (d = 4+1) with 3 output

units (¢ = 3)

connects 1%t non-bias neuron in the 2
Number of layers: L = 3 layer (hidden layer k) to the 34 unit in
the 3 layer (output layer out)

1.0}

0.5}

¢(2)
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Compute the loss gradient:

8 ou
WJ(W) = ag-h)df ) Error term of the output layer:
2¥)

Error term of the hidden layer:

s — glout) (W(out))T ® 34;2‘(‘2?))

Compute the loss gradient:
Y _ (in) 5(h)
2,7



A Local Random, initial condition
cost minimum

/

Global
cost minimum

J(W)




Chapter 13: Parallelizing Neural Network Training with
TensorFlow

Intel® Core™ i9-9960X  NVIDIA GeForce®

Specifications

X-series Processor RTX™ 2080 Ti
Base Clock Frequency 3.1 GHz 1.35 GHz
Cores 16 (32 threads) 4352
Memory Bandwidth 79.47 GB/s 616 GB/s
Floating-Point Calculations 1290 GFLOPS 13400 GFLOPS
Cost ~ $1700.00 ~ $1100.00

Rank 0: Rank 1:
(scalar) (vector)

Rank 2: (matrix) Rank 3:
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Activation function Equation Example 1D graph
. _ Adaline, linear
Linear $(z) =z regression
Unit step 0 z<0 Perceniron I
(Heaviside ¢p(z)= <05 z=0 Varianﬁ)
function )
1 z>0
-1 z<0
Sign _ _ Perceptron
(signum) ¢2)= 4 0 z2=0 " \ariant
1 z>0
0 z<-Ys
Piece-wise _ 1 1+, Support vector .
linear P(2)=~ z+% sz5% machine I '
1 z2%
o Logistic
Logistic 1 :
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Chapter 14: Going Deeper — The Mechanics of TensorFlow

Computation graph implementing the
equationz=2x(a-b)+c

a, b, c: Input tensors (scalar)
ry, r2: Intermediate result
tensors

z: Final result
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Raw data

Feature columns

Model year: |

; Bucketized feature:
Numeric

{1970 - 1982)

Y

(70 -72), (73 - 75),

feature (76 - 78), (79 - 82)}

T

[ Cylinders } )[ Numeric feature
[ Displacement ] )[ Numeric feature ]ﬁ
{ Horsepower } ){ Numeric feature ]7 m
Weight ){ Numeric feature ]—J
{ Acceleration ] ){ Numeric feature
Origin: W . | Categorical Embedding or
{US, Europe, Japan} J = feature indicator
N J o\ J
MPG Cylinders Displacement Horsepower Weight Acceleration ModelYear Origin
203 28.0 -0.824303 -0.901020 -0.736562 -0.950031 0.2556202 76 3
255 19.4 0.351127 0.413800 -0.340982 0.293190 0.548737 78 1
72 13.0 1.526556 1.144256 0.713897 1.339617 -0.625403 72 1
235 30.5 -0.824303 -0.891280 -1.053025 -1.072585 0.475353 77 1
37 14.0 1.526556 1.563051 1.636916 1.470420 -1.359240 71 1



Chapter 15: Classifying Images with Deep Convolutional
Neural Networks

Feature map:

Original x:
3121|7112 ]5]|4
Padding
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0io0[3[2[1]7[1]2]5]4]0i0:
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Loss function

Examples

Using probabilities

from logits=False

Using logits

from logits=True

BinaryCrossentropy

Binary
classification

y_true:
r-sves: [

y_true: -
e

CategoricalCrossentropy

Multiclass
classification

T
1-eeee. I

1_veve [0 I
+-reee: EA D

Sparse
CategoricalCrossentropy

Multiclass
classification

y_true:

st KA

y_true:

+vees: EEA A
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Step 1: Random crop Step 2: Random flip Step 3: Resize




Shape:
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GT: Female GT: Male GT: Female GT: Male
Pr(Male)=0% Pr(Male)=100% Pr(Male)=89% Pr(Male)=89%

4 i L o L i
GT: Female GT: Female GT: Male GT: Male
Pr(Male)=99% Pr(Male)=0% Pr(Male)=0% Pr(Male)=99% Pr(Male)=100%



Chapter 16: Modeling Sequential Data Using Recurrent
Neural Networks
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Recurrent

A standard
feedforward o neural @’
network network
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Who Whh Who
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Unfold
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Formulation 1: h® =¢,( thx(t) + Whhh(t—ﬂ... b,)
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Final Output:
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Data: luHe"o world!” Break it into a sequence of
' i characters

Isr::;lljtence H e’ T ‘0’ W 0 r d EOS
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character:
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n char2int < B B ) char_array < n
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Chapter 17: Generative Adversarial Networks for
Synthesizing New Data

&)

X

L J J
Y Y
Encoder Decoder
z = f(x) X =g(z)

A generative
model

=




Generator
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Step 1: Pass the real example(s)

Step 2: Generate a fake example(s)
and pass it to the disc.

Z|:| Generator

Step 3: Train the disc.

Step 4: Train the generator (based

Fake
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image

Real image

=
¥

on the disc. predictions)

Generator

A 4

Output
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Disc. P(y = “real”|x)
Disc. P(y = “real”|X)

bl 1
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Disc.
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Loss
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convolution

Kernel:

Inserting zeros between
input elements:
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Batch normalization

(1], ] i
z: Step 1: Computing batch Sten 2 :teatr;:ardtlszlng the
statistics (mean & variance) p.u
w _Z9-u
Hp o5 - Ot €
z12l;
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Mini-batch
..................................... Step 3: Scale and shift
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connected
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Discriminator network

28X28x64
4 14x14%128

7X7%X256

y

1x1x1

Convolution

Convolution Convolution Convolution

Measures Formulation

Total variation
(TV)

TV(P,Q) = StipIP(x) - Q)|

Kullback-Leibler
(KL) divergence

P(x)
Qx)

KL(P||Q)=IP(x)log dx

Jensen-Shannon
(JS) divergence

JS(P,Q) =%(“(P”P—;Q)+“(Q“izg) )

Earth mover’s
(EM) distance

EM(P:Q) = yell[l(l;‘o)E(u,v)ey(”u —v[)




Total variation:

1 1 1
TV(P,Q) = sup {|—— O.2| , |— - 0.5|, |— — 0.3|} = 0.167
x U3 3 3

KL divergence:

KL(P||Q) = 0.331 (0'33)+0331 (0'33)+0331 (0'33)—0101
1Q) =033 log | 5) + 0-33log (=) + 033 log |5~ ) = 0.

0.2

KL(Q||P) =0.21 ( )+051 (0'5)+0331 (0'3)—0099
QIIP) = 0.2log|\g== ) + 0.5 log g3 ) + 0.33log (G2 ) = 0.

JS divergence:
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KL(P||Py) = 0.0246

KL(Q||Py) = 0.024-6} - JS(P||Q) = 0.0248

EM distance:

EM(P,Q) = (0.33—0.2) + (0.33 —0.3) = 0.16
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Chapter 18: Reinforcement Learning for Decision Making in
Complex Environments

e Action A,

Agent Environment
Current "'m
state S, Observation
(next state) T
' St /!
‘ () 2
e -~ N - - -
Reward ¢ H-/
signal t+1

dynamics known?

Are environment ]

I
Yes
! !

Dvnam"f ‘ Monte Carlo Temporal
programming (Mc) difference (TD)
(oP) I
TD(0), TD(A),
SARSA,
Q-learning




0.4C

A: studying at home

B: playing video games
C: studying at the library
T: terminal state (sleep)

0.5

0.7

Transition probabilities:

ENEREE -
0.4 0.5 0.0 0.1
0.05 0.8 0.05 0.1
0.0 0.1 0.7 0.2
0.0 0.0 0.0 1.0
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Dynamic

T Monte Carlo
(DP) (MC)

On-policy:

Temporal
difference
(TD)

* Assumes environment .
dynamics is available

Environment dynamics
are not available

* Interacts with the .
environment

SARSA

<

Off-policy:

MC method

* Animprovement over the

Updates the value
functions after each step

Q-learning

Episode 100

' Pole’s
' ¥ movement

Episode 200

l

Cart’s «—— 5
movement

24 || 25 || 26 || 27 || 28 | 29

18 || 19 |[ 20

12 || 13

. III <
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Action space

{up, down, left, right} ]

Rewards:

+1 Iflanded in gold state
-1 Iflanded in a trap
0 Otherwise

Terminal states:

Traps
Gold ——*A~—

s | [a0] ] [z2]

Starting state: 0




JUsers/vahidmirjalili/PycharmProjects/PyML-RL-Qlearning/gridworld_env.py
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layer
Output
layer
Estimated
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