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Artificial Intelligence
capable OfMing

. Artificial Intelligence: Build Machines which are
like humans (mimic human behavior)
« if-then statements programmed by experts

. Machine Learning: Give computers the ability to learn/make
decisions without being explicitly programmed to do so
« Adjust themselves in response to the data they're exposed t

o Power O

>
- Deep Learning: Using Neural Networks to solve comolews

—Automatically discover patterns for feature detection

Al Vs ML Vs Deep Learning

+ Reasoning
« Knowledge
representation

+ Decision trees
+ SVMs ~.Learning and
+ Bayesian networks 7 Perception . N A ;‘@

« Genetic algorithms /N\+ Natural language <y
processing i

« Deep Neural Network

~ Convolutional Neural

\ Network (CNN)

Deep Learning

Scanned with CamScanner


https://v3.camscanner.com/user/download

https://voutu.be/chpanDava

Machine Learns Like the Human

Examples M%%?fm Knowledge
(Training fE€CNanis (Model)
\TFafning) (ML Algorithms)
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ML Algorithms

Supervised ¥ UnSupervised

ML Algorithms

supervised learning
i
Input deta |
1, ‘=§ i Prediction '
. ol N, [
! T (“tsan ) |
L,_.._—«.u..--u) 30 z apple! ) \‘
. ”V s
Annotations //’ Mode
These are |~ f
apples é
?
unsupervised learning

Input data

Source: Background Augmentation Generative i
Pt Adversarial Networks (BAGANs): Effective Data Generation Based on GAN-Augmented 30y
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Machine Learning vs Deep Learning

Machine Learning
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Why Now?
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Al emergence factors
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Why we should care about
Al?

2020

-~

consteliation © 20102016 Constellation Research, Inc. Alltights reserved.
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WORLD
ECONOMIC

The Jobs Landscape FORUM
in 2022 =,

Top 10 Emerging
1 Data Analysts and Soentnty
2 Al and Machine Lrarning Specialinn

emerging ) Genecal and Operations Managen
roles, 4 Software and Applications Developers and Analysty
tobal S Sales and Marketing Professonaly
C:l 6 B Data Specialnty
nge 7 Deptal Tranformation Specialisty
byzozz B New Technology Specialisty
9 Orgarvsational Development Speciabaty
10 information Technology Services
Top 10 Declining
declining A L L
roles 4 A ! T BT
global " . Yory ¥
(?luw_]'* s : S= .,: "‘. Ry T
by 2022 : R A

Source Future of Jobs Report 2018 Workt [ conome Forum
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https://hai.stanford.edu/sites/g/files/sbiybjl10
986/f/ai index 2019 report.pdf

Number of Al papers on arXiv, 2010-2019
Source: arXiv, 2019
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Deep Learning Papers on arXiv

Ranking Countries based on Total Number of Deep Learning Papers on arXiv, 2015-18
Source: arXiv, NESTA, 2019
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Fig 17b
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Total Volume and average annual per capita Al Published Patents, 2015-2018

United States of America
Japan

France

Canada
Germany
United Kingdom
South Korea
China

Italy
Switzeriand
United Arab Emirates
Finland
Australia
Singapore
Sweden

Israel

Russia
Netherlands
Saudi Arabia
Mexico
Belgium
Bermuda
Ireland
Luxembourg

Source: MAG, 2019.

Al patents per 1 million people (yearly average, 2015-18)
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Global Al startups that have received funding within the last year (July 2018-July 2019)
Source CAPIQ, Crunchbase, Quid, 2019.

©  Dato Tools 5.5%
®  Foshion, Retoll Tech ars
®  Austomation, Oil & Gos 4
© Text Analyfics an
®  Fnlech arn
®  Medlech 41%
®  Ausonomous Vehicles 39%
@  Chotbon 3.5%
@  Morketng Adlech 35%
@  Energy Monogement 33%
®  Medicol moging 32%
® Edich 32%
Focial Recognton 0%

®  Robotc Process Automation 10%
®  Bonluemancs Libe Science 30%
@ Chips. Semconducion 28%
@  Accountng, Poymants 28%
@ Network Security 27%
@  Supply Chan Management 26%
®  Sporm, Gomes 25%
©  Speech Recognton 25%
® AR/ 23%
®  Recrutng 23%
®  Morketng/Sales Avtomaton 23%
0 Inserelech 22%
@  Reol Eviote 22%
®  Agricudure Tech 20%
@ Credt Cords, lending 20%
@  Ffioud Detechon 1.9%
© Mol Health, Woellness 1.7%
& food ond Beverope 1.7%
@ Howpioley Trovel 1.6%
» Music, Enteranment 1.5%
Fashion/Retail Tech (4.7%) @  Drones, UAV 13
®  legol Tech 1.3%
@  Human Rerources 1%

Fig 426a
Network showing 4,403 global Al startups that receved nvestment between
July 2018 and July 2019 Colored by sector with top five highlighted

A fix: H B e
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Othello
5@1980 In the 1980s Kai-Fu Lee and Sanjpoy developed £/LL, a Bayesian learing-

Mahajan
based system for playing the board game Othello. In 1989, the program won the
US national tournament of computer players, and beat the highest ranked US
player, Brian Rose, 56—8 In 1997, a program named Logistello won every game in
a six game match against the resgring Othello world champion

=) 1995 Checkers "

In 1952, Arthur Samuels built a senes of programs that played the game
checkers and improved via self-play However, it was not until 1995 that a
checkers-playing program, Chnock, beat the world champion

——o) 997 Chess
Some computer scientists in the 1950s predicted that a computer would defeat
the human chess champion by 1967, but it was not until 1997 that 18M s DeepBlue
system beat chess champion Gary Kasparov Today, chess programs running on
smartphones can play at the grandmaster level

———0) 201

In 201, the IBM Watson computer system competed on the popular quiz show
Jeopardy' aganst former winners Brad Rutter and Ken Jennings Watson won the
first place prize of $1 million

———0)) 2015 Atari Games

In 2015, a team at Google DeepMind used a reinforcement learning system to
learn how to play 49 Atari games The system was able to achieve human-level
performance in 8 majority of the games (e g, Breakout), though some are still
significantly out of reach (e g, Montezuma's Revenge)

———0) 2016 Object Classification in ImageNet
In 2014, the error rate of automatic labeling of Image’ict dechned from 28% in
2010 to less than 3% Human performance s about 5%

_E@) 2016 Object Classification in ImageNet
In 2016, the error rate of automatic labeling of ImageNet declined from 28% in
2010 to less than 3% Human performance 1s about 5%

————0) 2016 Go
) In March of 2014, the AlphaGo system developed by the Google DeepMind
team beat Lee S <~*ﬂl one of the world's test Go players, 4—1 DeepMind
then released A phaGo Master, wh-chdeeatedthetopranlzedplayer Ke Jie, in
Machd2017 hOctobet?Oﬂ&NOtqu&perdetaledyetmhernavmm
250 Zemo, which beat the onginal AlphaGo system 100—0

Scanned with CamScanner


https://v3.camscanner.com/user/download

——0) 207

) 2007

2018

———0) 2018

——0) 2018

——0) 21
——) 201

Skin Cancer Classification

In 2 2017 Nature artcle, Esteva et al describe an Al system trained on a data set
of 129.450 clinical images of 2,032 different diseases and compare its diagnostic
performance against 21 board-certified dermatologists. They find the Al system
capable of classifying skin cancer at a level of competence comparable to the
dermatclogists

Speech Recognition on Switchboard
In 2017, Mcrosoft and 1EM both achieved performance within close range of
“human-parity” speech recognition in the limited Switchboard domain

Poker

In January 2017, a program from CMU called L tratus defeated four to human
players in a tournament of 120,000 games of two-player, heads up, no-limit

Texas Hold'em In February 2017, a program from the University of Alberta called
DeepStack played a group of 11 professional players more than 3,000 games each
DeepStack won enough poker games to prove the statistical significance of its skl
over the professionals

Ms. Pac-Man

Ma'uuba, a deep learning team acquired by Microsoft, created an Al system that
learned how to reach the game's maximum pont value of 999,900 on Atan 2600

Chinese - English Translation

A Mcrosoft machine translation system achieved human-level quality and accuracy
when translating news stories from Chinese to English The test was performed on
newstest2017, a data set commonly used in machine translation competitions.

the Flag
A DeepMind agent reached human-leve! performance in a modified version of
Quake Il Arena Capturs the Flzg (a popular 3D multiplayer first-person video
game) The agents showed human-like behaviours such as navigating, followng.
and defending The trained agents exceeded the win-rate of strong human players
both as teammates and opponents, beating several existing state-of-the art
systems

DOTA 2

pentl e, OpenAl's team of five neural networks, defeats amateur human
teams at ['ota 2 (with rest- ctons) OpenAl Five was traned by playing 180 years
worth of against itself every day, learming via self play (OpenAl Five 1s not
yet super as 1t faled to beat a professional human team)

Prostate Cancer Grading

Google developed 8 deep learning system that can achieve an overall accuracy

of 70% when grading prostate cancer in prostatectomy specmens The average
accuracy of achieved by US board certified 8l pathologists in study was 61%
Additonally. of 10 high-performing individual general pathologists who graded
every sample in the validation set, the deep learning system was more accurate
than 8

Alphafold

DeepMind developed Alphaf‘old that uses vast amount of rC sequence
data to ict the 3D structure of protein at an unpar level of accuracy
than before

Al

DeepMind developed Alphastar to beat a top professional player in Starcraft |

Detect diabetic retinopathy (DR) with specialist-level accuracy
Recent study shows one of the largest clinical validation of a deep lear
slgorithm with significantly higher accuracy than specialists The tradeoff
reduced false tive rate is slightly higher false positive rates with the deep
learning approac
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Al Applications

Al in Everyday Life

* Email Filters and smart replies in Gmail

* LinkedIn: match candidates
* Pinterest’s LENS tool

* Chatbots

* Facebook : Relevant posts
* Product Recommendations

* Banking: Financial Institutions fraud prevention (not Common types of

transactions)
* Ride-sharing Apps
* Unlock phone with face ID
* Voice assistants
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Healthcare

* Robot Assisted Surgery

* Administration and Workflow

* Cybersecurity

* Automated Image Diagnosis

* Fraud Detection
* Treatment Design
* Health Monitoring

* Drug Creation

Souwrce Marvard Buasmess Review

Medical

0 Al Applications That Could Change Meaith Care
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Augmented Reality Microscope B

Source: Augmented Reality Microscope for Real-time Automated Detection of Cancer

Dental Pathologies

Finance

* Portfolio Management:

« Algorithms built to calibrate a financial portfolio to the goals and risk
tolerance of the user (Betterment).

* Algorithmic Trading
* Fast Trading Decisions

* Loan Insurance underwriting
» Trained on millions of consumers examples

* Fraud Detection
« Detect anomalies and flag then to the security team
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Books on Al & Finance

Agriculture

+ Monitoring
Agricultural crop conditions
Weather and climate
Ecosystems
Planning and policy-making
« Intelligent environment control for plant production systems
+ Intelligent robots in agriculture
« An expert geographical information system for land evaluation
« Artificial neural network for plant classification using image
processing.
+ Control of green house.

Crop and Soil Health Monitoring

* PEAT: agriculture tech startup

* Plantix Mobile App
+ |dentifies possible defects through images captured by the user’s smartphone camera.

* Users are then provided with soil restoration techniques, tips and other possible
solutions as explained in the short video below:

@

plantix

A

e
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Crop and Soil Health Monitoring

* Trace Genomics: ML for diagnosing Soil Defects

1.3 | P

Digitize Decide

Appty propoetary sod DINA Comanuct h o, ot e ent Enabie data driven evdercr b
OV Bon and WeQUeNncINgG proCess datas ahyvn 10 Cc v 1» recommendations Yor the bt
1o wden and quantity mdisom of e 3 Qrowa of soud Sota Ao 10 Lake

M ODeS

Monitoring Crop Health and Sustainability

* FarmShots: high-resolution satellite imagery that detects plant health
by analyzing absorbed light from ﬁeld images

Drones and Computer Vision for Crop Analysis

* SkySquirrel Technologies: Data Analytics for drone-based imaging in
agriculture

* aWhere: Deliver the most complete agricultural information and
insight for real-time agriculture decisions, every day, globall
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Harvesting

Strawberry harvesting robot

Energy Industry

Alln the Power Grid p Al for Power Consumption
Smant Grida ' Smant Home &
Smant Meter

Sector Coupling
Montoring of the Grd \
Coordination of
Martenance Work PRI
Artificial |
Al the Virtusl Power Plant "l‘J”{;thl:'b ’.' AR AR
Coordunation of ,; Porosssm
Dewcontrahred Pt Algorithmic Trading

Forecatsy N / Montoring Tade

Source:htips.//www.next-kraftwerke com/knowledge/artificial-intelligence

— NFL Incorporates Machine Learning, Al Technology
to Prevent Player Injuries

et Wk ovnw o T bu gty = mvery din 0w udinh he lelen! wes aoud avshaa b doew o -
Z homas Industry Update
FORNTE O I Sote o it ) Ay 0 sakaly Jad Nl v et the Jow s e s eneend
Voo in 1 0B AN e aton

Top 5 Stories This Week
y

- > % oot
Source:https://www.thomasnet.com/insights/nfl-incorporates-machine-learning-ai-technology-to-
¢ : numuum)
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Sports

T
=
Liverpool partner with SkillCorner for
Al-powered analysis
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Required Skills

Top skills forthetop S e

* Python
* Sefteare « Algorith ~

5 e et
]
« Guto eslense . - * Dats science
A + Prog emem—y « Artificial -
g~ © Satesterse o nteihgence - ety
| Dees @y B ] —— * Madoss
o Anatynes . BAP praduet * Deep leaming ' « Pyan
© Dute me—y © App b atan v * Analytics = .
. ey © Martenace ‘Mm - W epemet
. gyt 8 mouw . v R Te——
Nt o egage * Acoeunts payehin Nosql p4 —
precessmng . ™ * Big data - ¢ ot
- ety R © Satmtcn
* Natural language -t o
+ Ressarch et .
e et FAT processing adiin “—‘::‘
. AR * Hadoop
- ABA»
Source:https://daze: / n ’
—— T T EET—— T —————
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Online Resources

@{ coursera

WupbaciTy M Udemy

Future

Learn # KHANACADEMY

Skills
Linear Algebra
Probability &
Statistics

Python

Skills
Knowiledge on

ML and DL Algorithm
NLP & Computer
Vision
L

hitps //www sonayukti com/trainings/artfical intellgence and machine learning tranng program php

Projects and Datasets

. Ka-gug/::w.kaggle.com ka g g le

* Github

l
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What Is Machine Learning?

« YouTube Video: What is Machine Learning? from Google Cloud \
Platform i

https://voutu.be/HcqpanDadyQ

What Is Machine Learning?

* The science (and art) of programming computers so they can learn
from data.

* The field of study that gives computers the ability to learn without
being explicitl amed. Arthur Samuel, 7959 S

* A computer program is said to learn from experience E with respect
to some task T and some performance m&asure P, if its performance|
on T, as measured by P, improves with experience E. Tom Mitchell,
]997 ~ Ooln £ quwwﬁ ouls b, imflove expereace

* E: Trammg set made of training instances (samples)
* T: Test set

* P: Such as accuracy

—

.,/\Es lc — u)b.a]' }b Jo
, Expehionce — abilils fo do it
o futumance peasae — exr aCCvfaj.
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Outline

v'The Machine Learning Tsunami
v'What Is Machine Learning?

« Why Use Machine Learning?

» Types of Machine Learning Systems

« Main Challenges of Machine Learning
« Testing and Validating

e Summary

» Exercises

Why Use Machine Learning?

Spam filter using traditional programming WS
Launch!
'ﬁfom EXPefrence

/

/
Study the |_pt \rite rules
problem

Analyze
errors

w——

10
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Why Use Machine Learning?

Spam filter using machine learning techniques 1/2

SN e ’Wa  yoflove R
o del 387 . | Launch!
i ofArios
Data A
N l ]
which one- s
I
s el e—! Y
Study the > " Train ML Evalgate
problem algorithm solution
D ol
\h{’wés MI‘H"M 5 5 \MP{ove
expediende g
Analyze -
errors

g2 eTes g2 e o o
Qo ) o

Why Use Machine Learning?
Automatically adapting to change 2/2

Update

ooe ] #7  data €— Laurich!
L : 4 A
Data /|

Can be automated

Y
A The model %hocdj be Train ML Evaluate
MMJ conbintoisty algorithm solution
a5 Jab, jnaeases
and WMIMJ .
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why Use Machine Learning?

ML can help humans learn (Data mining)

Study the

problem

p

\\
/ > Train ML \ I
algomhm
( Solution

Py B P a l
l;___°g_,' Inspect the

*Lots* of data

solution
/

I ———

Iterate if needed

Outline

e

Understand the 0
problem better 4

12

v'The Machine Learning Tsunami
v'What Is Machine Learning?
v'"Why Use Machine Learning?
* Types of Machine Learning Systems

* Main Challenges of Machine Learning

* Testing and Validating

* Summary

* Exercises .
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Types of Machine Learning Systems

* Involves human supervision? » Generalization approach
1. Supervised learning - Lobel *@’““3 1. Instance-based learning
2. Unsupervised learning 2. Model-based learning
— e —
3. Semi-supervised learning
4, Reinforcement learning

_— f‘ IS o
« Learns i_n—gtem-enla-uy—?———s 5. Sd Sufery &jéﬁ/ﬂj

1. Batch learning

e —
2. Qnline learning

//& p G \k{/“p‘
maclol()\,/;’/”’ =

1. Supervised Learning

Training set

Instance i //\ '.‘
New instance

The training data you feed to the algorithm includes the desired solutions,
called labels

PN T I

KClassiﬁcation:\ﬁnds the class, e.g., email type (spam or ham)

e ———

} o
W' o v :
(AI b/(/ /.')
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cg ( ﬂa}ﬁd‘g clcd‘c&)

oUU"Lea
. =
1. Supervised Learning

Value?

New instance Feature 1

[Ijggre\wﬂ f nds the value, e.g., car prlce
Coya“}nt)\m‘s

w3 ) _/JJQ"' Loys 2’)" dL.o ra“ae 17

('_ 409 /

1. Supervised learning algorithms

- gean N B0t MEEIeS il o Dt Gl

~ k- NearestNelghbors | " ./, Both mw
{4.\) ¥ \‘-LmearRegresswn . ~ Regression fegesse !
SK“LMMKLogistic Regression ~ Classification
‘\»’?JW\D ™~ Support Vector Machines (SVMs) Both
»Jods N Decision Trees Both

™ Random Forests Both

\}-ENeuraI Networks ' Both

18
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Daba w\’&w} Labele el

N
. o cAusbers
2. Unsu‘;erwsed Learning =

Training set

The training data is unlabeled.

e ————————

2. Unsupervised learning algorithms
I neeﬂ; distance measles—s g U s

T ", = - i 3\
4 Clustering ) —3" ’72
« k-Means o5 o0 S

« Hierarchical Cluster Analysis (HCA)
* Expectation Maximization

f visualization|and dimensionality reduction

*+ Principal Component Analysis (PCA) o

* Kernel PCA

* Locally-Linear Embedding (LLE)

* t-distributed Stochastic Neighbor Embedding (t-SN E)
ﬁ Association. _ry[ew_lea[ningj

* Apriori —

* Eclat
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9.a Clustering

Feature 2

Feature 1

Y . 2
exX - Pv\&ls
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2.b Visualization

+ cat
automobile
truck
frog
ship
airplane

o horse

& bird

v dog

> deer

22
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AAY) Fuls ) J@

»EA

2.C Dimegsiohality Reduction

» The goal is to simplify the data wit j information,,

» One way to do this is to merge several correlated features into one.
For example, a car’s mileage may be very correlated with its age, so
the dimensionality reduction algorithm will merge them into one
feature that represents the car’s wear and tear.

* Also called\igature extraction.J

,\‘j’% clusher g2 lo SM‘PIe’d‘ U.%o‘}‘

(2 (0

2.d Ano/;alyrﬁgt,e‘;ti_gﬁ"@wﬂi,

b oS o N5 (Poss

Feature2 %22, LW!

A

el = 51 New instances

i e ®
Anomaly ?7 P
TR o 088
e © :}( Normal
&) .':.... (]
.‘...‘: ®
® ©
. 0. (]
® o_ .
@ @ 'raininginstances
—>-
Feature 1
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2.e Association Rule Learning
RABASI > 74 2

« The goal is to dig into large amounts of data and discover interesting

relations between attributes.

« For example, suppose you own a supermarket. Running an
association rule on your sales logs may reveal that people who
purchase barbecue sauce and potato chips also tend to buy steak.
Thus, you may want to place these items close to each other.
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3. Semi-supervised Learning .
2\ (abeling J) Buls G '
{Partially labeled training% usually a lot of unlabeled data and
a little bit of labeled data. E.g., Google Photos.

Feature 2 @ Be s e unSMXSe_J

Purclus
‘“3\,”\0.
ﬁ.. ‘..oh.o.:o.. Olj.' ®  SPeiced
.A' . 0% © o
° o ° o ®°o°
.‘ ° ... (] Q

o ® ? °e)X<>—Class? o

e o
:o..c. f_—'.‘ :.lj‘. ° °o°
Sedechon ) 055 lo 502
Mg’wfﬁ (0 P

Scanned with CamScanner

st T TN TS ST T T


https://v3.camscanner.com/user/download

4. Self-supervised Learning

* Generating a fully labeled dataset from a fully unlabeled one

|| ?

Figure 1-12. Self-supervised learning example: input (left) and target (right)
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Types of Machine Learning Systems

)

v'Involves human supervision? * Generalization approach
1. Supervised learning 1. Instance-based learning
2. Unsupervised learning 2. Model-based learning
3. Semi-supervised learning
4. Reinforcement learning

* Learns incrementally?

‘ /"/ wl. Batch learning
maddf " 2. Online learning

\/)‘ | mede
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B

1. Batch /|

line) Learning

« Must be trained usmgéll the available data)

* This will generally take a | Iof*o)f time and computing resources, so it is
typically done offline.

——

e First the system is trained, and then it is launched into production
and runs without [earning anymore; it just applies what it has
nd runs witi

learned. J»SGLS'
) g
i 5 o)\’/ﬁ“)
/é9 ao/// J) _ ,0)1 L) sts
o/J

29

\‘)’LJ)

N
,)
B ijv‘f
2. Online Learning — 7uster
Examples: Stock prices, huge data

o el B/ R/ S/ Y

T New data (on the fly)

Y
T Train ML Evaluate
—1 algorithm

@
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Types of Machine Learning Systems

v'Involves human supervision? . Generalization approach

1. Supervised learning 56«»6/»1 lo ,_1.Instance-based learning
. e '
2. Unsupervised learning 2. Model-based learning

3. Semi-supervised learning
4. Reinforcement learning

v Learns incrementally?
1. Batch learning
2. Online learning
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Outline

v'The Machine Learning Tsunami
v'What Is Machine Learning?

v'Why Use Machine Learning?

v'Types of Machine Learning Systems

* Main Challenges of Machine Learning
* Testing and Validating

* Summary

* Exercises
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Main Challenges of Machine Learning (duy;
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Main Challenges of Machine Learning (due
to bad data)

3./!39__9r_-qyg[i1@ata that contains:
™ Errors

~e¢ Qutliers
~+ Noise y W Wluf%[/

4. lIrrelevant features: Need feature engineering:

* Feature selection: selecting the most usefyl features,

* Feature extraction: combinin
i g existing features to produce a more useful

* Creating new features by gathering new data,

1 accelacy
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Main Challenges of Machine Learning (due
to bad algorithm) .. %" s

1. Overflttmg the training d{a:j (m’r ener) m,ola)/), b g s, 5 o
« Regularization constrains the model’s hyperparameters to make it simpler

a/nngiyce the risk of overﬂttmgj
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Outline

v'The Machine Learning Tsunami
v'What Is Machine Learning?

v'"Why Use Machine Learning?

v'Types of Machine Learning Systems
v'Main Challenges of Machine Learning
« Testing and Validating

* Summary

* Exercises

v Testing and Validating

—

‘ . .
. Sp%your data into two sets (cross validation):
"« The training set (80%)
* The test set (20%)
o) —

Evaluate;
» The training error

» The generalization error

 If t?e:craininggrror is low but the generalization error is high It
means that your model is overfitting the training data.

« When the ML algorithm is iterative, often we use a third set:
validation set. '
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Cross Validation )
())’ ‘7 3,“/)) l;l)' "’f‘o
CsNRY e Aain , Test
« Ink-fold cross-validation, the original sample is randomly partitioned
into k equal size subsamples.

¥ Coler atl Sa»{)\fs ag \)c&q“éc\l_'

[] Validation Set 1On - .
Training Set
Round 1 Round 3 @
ég"t' o L e PR T ]
o
X::};‘jc“;: 93% 90% 91% 95%
Final Accuracy = Average(Round 1, Round 2, ...)
Wi D dg . 41
)\ e prodel ' b 2 | |

* MLis about making machines get better at some task by learning from data,
instead of having to explicitly code rules.

* Types of ML systems: supervised or not, batch or online, and instance-based or
model-based.

* Amodel-based algorithm tunes some parameters to fi l e training
set, and then hopefully it will be able to make good predictions on new cases.

* An instance-based algorithm learns the examples by heart and uses a similarity
Measure to generalize to new instances. ’

* The system will not perform well if your training set is too small, not
"€presentative, noisy, or polluted with irrelevant features.

* Your model needs to be neither too simple (under-fit) nor too complex (over-fit).

42
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Exercises

D« How would you define Machine Learning?
2)+ What is a labeled training set?
3) « Can you name four common unsupervised tasks?
« What type of Machine Learning algorithm would you use to allow a robot to wa,
in various unknown terrains?
@ « What type of algorithm would you use to segment your customers into multiple
groups?
@- What is an online learning system?
@ « What is the difference between a model parameter and a learning algorithm’s
hyperparameter? ?
2+ If your model performs great on the training data but generalizes poorly to new
instances, what is happening? Can you name three possible solutions?
@ What is the purpose of a validation set?
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::JE;:Z;-On \%:":
REfe rence Machine Learning
with Scikit-Learn,

Keras & TensorFIow

Concepts, Tools, and Techniques
to Build Intelligent Systems -
/7

¥ o—

-

« Chapter 2: End-to-End Machine Learning
Project

Aurélien Géron

« Aurélien Géron, Hands-On Machine Learning with Scikit-
Learn, Keras and TensorFlow, O'Reilly, Zag Edition, 2019
« Material: https://github. com/ageron/handson ml2

The 7 Steps of Machine Learning

e YouTube Video: The 7 Steps of Machine Learning from Google Cloud
Platform

https://voutu.be/nKW8Ndu7Mijw

Caution: A/cohol is forbidden in the Islamic religion and causes addiction and has
negative effects on health.
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Outline

Look at the big picture

Get the data N
Discover and visualize the data to gain insights

Prepare the data for Machine Learning algorithms
Select a model and train it

Fine-tune your model

Present your solution

Launch, monitor, and maintain your system
Exercises

© W NG A WN e

%Working with Real Data

* Popular open data repositories: * Other pages listing many popular
* Tensorflow Datasets (GitHub) open data repositories:
* UC Irvine Machine Learning » Wikipedia’s list of Machine Learning
epository datasets
* Kaggle datasets * Quora.com question
* Amazon’s AWS datasets * Datasets subreddit

* |[EEE DataPort

* Meta portals (they list open data
repositories):

Google Dataset Search

http://dataportals.org/

http://opendatamonitor.eu/

http://quandl.com/
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1. Look at the Big Picture: CA Housing Data
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1.1. Frame the Problem

Boh\laasﬂ—
Your component/  Othersignals
9/
R >
- Upstream _ District »| Investment
components "|  Pricing analysis
\ .y
A ) 8 E
AV TDN PSR T . .- S

, T
IS '_tunsupervised/ or Reinforcement Learning?
Is ita classification task, 4 regression taskj or something else? Should
YOU usd batch learning)or online learning techniques?

%@oda\based learning?
\ Sh ’
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1.1. Frame the Problem

Your component Other signals

@/ ] i

Upstream . District . Investmgnt :
components "|  Pricing analysis

Y . A4

SR o] 11 ;NN o, - | = M—————————— ) 1 11

Is itnsupervised, or Reinforcement Learning?
(regression)task, or something else? Should

Is it a classification task,

you us€ batch/learning or onti rning techniques?
Instance-based orModel-based/learning?
e 1 -

< e
Y ~ <
» AT 2
Ll gt T 502 S,
A oY) Ve B\ -y
1.2. Select a Performance Measure
—_— O L
* Root Mean Square Error (RMSE) J;'OJ?F:Q'JV
g e,  siten
: \ﬁ' m . 2 sS10N
3 ?Z B(w;w RMSE(X, {{) = \/%'Zx (hgx(r)) B y(i))Z 9,
s \S
* m is the number of samples‘?v‘:fiz)sas pelickon %mw&mﬁt
* xis the feature vector of Sample 7 | R
* s the label or desiredm : )r
. . —— (x(2))
X is a matrix containing all the feature  x<| =(-“v8-7-9 33.91 1,41
values - . : P
(x(1999))T
(x(zoom)T
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1.2. Select a Performance Measure

 Mean Absolute Error

MAE(X, ) = —
i

NS%E

| n(x?) - y(i)‘

[ MAE is better than RMSE when there are outlier samples

i

/ylml'b abSO&J‘c eflof 1S b etter Hhan (oo{” mea STuare elfof N
pecanse it Jhee 5 an O“Haaef.' dU have (ess impack

' ) gquafy €/for
"U"J( X4 ot coo»\"‘ have oaﬂa.j(’/s p\j‘a (oo Mmeart 1

Joy\
Outline

Look at the big picture

Get the data

Discover and visualize the data to gain insights
Prepare the data for Machine Learning algorithms
Select a model and train it

Fine-tune your model

Present your solution

Launch, monitor, and maintain your system
Exercises
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2. Get the Data />

« If you didn’t do it before, it is time now to download the Jupyter

notebooks of the textbook from
https://github.com/ageron/handson-mi2

« Start Jupyter notebook and open Chapter 2 notebook.

« Hint: If you get kernel connection problem, try
C:\>jupyter notebook -port 8889
« The following slides summarize the code used in this notebook.

2. Get the Data

1. Download the housing.tgz file from Github using
urllib.request.urlretrieve() from the urllib package

2. Extract the data from this compressed tar file using tarfile.open
and extractall(). The data will be in the CSV file housing.csv

3. Read the CSV file into a Pandas DataFrame called housing using
pandas.read_csv()
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2.1. Take a Quick Look at the Data Structure

« Display the top five rows using the DataFrame’s head() method
+ The info() method is useful to get 4 quick description of the data |

e Tofi ories and repetitions of some column use

housing.[ 'key'].value_counts()

« The describe() method shows a summary of the numerical
attributes. L Shapiil o

« Show histogram using the hist() method and
matplotlib.pyplot.show()

using.info()

lass 'pandas.core.frame.DataFrame'>

ngeIndex: 20640 entries, 0 to 20639
ta columns (total 10 columns):

ngitude

titude
using_median_age
rtal_rooms
tal_bedrooms
spulation
ruseholds
*«dian_income
tdian_house_value
fean_proximity

‘ypes: float64(9), object(l)
fmory usage: 1,6+ MB

non-null
non-null

non-null
non-null
non-null
non-null
non-null
non-null

§ 207 missing
& features

float64
float64
float64
floatb64
floatb64
floaté64
float64
object

—

>>> housing["ocean_proximity“].value_counts()
<1H OCEAN 9136

INLAND 6551
NEAR OCEAN 2658
NEAR BAY 2290
ISLAND 5

Name: ocean_proximity, dtype: intéd

14

15
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AT
2.2, Create a Test Set

. Spllt the available data randomly to:
"+ Training set (80%)

st {eSeA-\ i
* Test set (20%) E”)> ust he (e S JQ
* The example defines a function called split_train_test() for
illustration.

e Scikit-Learn has train_test_split().
« Scikit-Learn also has StratifiedshuffleSplit() that does stratlﬂe

sampling.
» Stratification ensures that tha test samples are representative of tm|
target categories. |
St’t%c/dg quce""(*agt O_B |
"‘P\{S PO/GO\OL\
.7& C’(C\S‘S

2.2.1. Create a Test Set: User-defined

. \—-.
function Wy A B e s

import numpy as np ()n\«\c(cw\t
n)

def split_train_test(data, test_ratio):
shuffled_indices = np.random.permutation(len(data))
@ j test_set_size = int(len(data) * test_ratio
,\ N‘ . test_indices = shuffled_indices[:test_set_sxze]
R\)) \ff‘f? train_indices = shuffled_indices[test_set_size:]
),/{V . return data.iloc[train_indices], data.iloc[test_indices]

You can then use this function like this:

>>> train_set, test_set = spht train_test(housing, 0.2)

>>> print(len(train_set), "train +", len(t .
’ est_set), "test"
16512 train + 4128 test ) )

5"“*:[)’04/0' dices [ibest-sel _ size] Wrwo tetusbsiced d:’ Ll
5M/¥50."N00’5 Lbcs?‘.seﬂ szt 2 ) — .
Rf w ‘*‘es*‘.sd‘_ Size WO
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2.2.2. Create a Test Set: Using Scikit-Learn

L]
functions ]
I"e~
r \}(\ t‘_r\ 9\ “). - 4 Je
from sklearn.model_selection import tram _test_split \ : * ~ numbepr
. /— .
train_set, test_set = train_test split(housing, test_size=0.2, random_state=42)
—ﬂ'
Stratification is usually
done on the target class.
' from sklearn.model_selection import StratifiedShuffleSplit )
@ 5?% 6\))7 )\
splite=-StratifiedShuffleSplit(n_splits=1, test_size=0.2, random_stage=42) © % ‘k

for train_index, test_index in split.split(housing, housing["income cat"]); Sane \-(a {,
A

strat_train_set = housing.loc[train_index] k“ i
strat_test_set = housing.loc[test_index] } a(fage d H’ +s
-

. W

fe/“;

\
LAQLH\ ong El

2 3 PR
st // s, chass &5 18
. nw g ‘ P alqd dl
Outline et e BovER2 T e
Z o 069
| 0Ol
1. Look at the big picture S et 5 PO o
S 5e/le ~
2. Getthe data Y
' - ' YA, e ()\org \)
3. Discover and visualize the data to gain insights )‘@;exj N9
4. Prepare the data for Machine Learning algorithms "‘;‘:; i
5. Select a model and train it 2’ e
6. Fine-tune your model 0 dan =
7. Present your solution “./JW JQJ)
8. Launch, monitor, and maintain your system Py V‘)\ffo =
S. Exercises r"
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3. Discover and Visualize the Data to Gain
Insights

* Visualize geographical data using

housing.plot(kind="scatter", x="1ongitu?e", y="}atitude“, alpha=0.4,
s=housing["population"]/100, label="population",
hé“bﬁf)\e~’/”E;“median_house_value", cmap=plt.get_cmap("jet"), colorbar=True,
P,

W./ )
plt.legend()

EW R
alpha: Transparency,

s: size, c: color, cmap: blue to red
&

'gzecaﬁ
We AO
7\ 1% Qo*
48— ' / {®) population | r— 480000
42+ . 4420000
b 360000
40} v
=
{300000 ©
g 3
g 38 )
z 4240000 <,
- c
o
®
sal 1180000 E
s
0 4120000
34} g
Pl
) 160000
”®
aan
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72

3.1. Looking for Correlation

beCcmS:\) Ao»:‘- Y\c.u) all Ve ?eohf(s

« Compute the standard correlation coefficient (also called Pearson’s
A between every pair of attributes using corr_matrix =

hi‘fffc—f;()( oy s J PP '
( (4 n = o
fons S i 4 e (@ — Z) (v — 1)
(2 os & P =
N )

e — —
‘wwdian_house_value"] 4 sort_va'Lues(ascendi.ng:FalﬁS

median_house_value 1.000000 T

median_income 0.687170

tota}_rooms. 0.135231 {atal bedroons S aTEE

housing_median_age 0.114-2,20 Al aEin Priios

households 0.064702 Togitude & &40
latitude -0.142826

i"\ea«sufc—'j k

\@- CoCr E\“\CHW\
= @ S,TC“H"V- I PO\'\JUS )

3.1. Looking for Correlations

* Zero linear correlation (r = 0) does not guarantee independence.

22
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3.2. Pandas Scatter Matrix

r
PanaS ,?10")‘)43
from pandas.tools.plotting import scatter_matrix
attributes = ["median_house_value", “"median_income"]

i ) é\ scatter_matrix(housing[attributes], figsize=(12, 8))

)’i 7) ‘)\
csdoh

e

500000
I 400000 |-

an_house valu
8 og
o o
e 8
Qo o

a/\%

T 5 )l &
£ =)o)

3.3. Experimenting with Attribute
Combinations
* Rooms per household is better than total rooms:

housing["rooms_per_household"] = hoUsing["total_rooms"]/housing["households"]

»»» corr_matrix = housing.corr()
>»> corr_matrix["median_house_value"].sort_values(ascending=False)
medtlan_house_value 1.0006000

median_income 0.687170
rooms_per_household 0.199343
total_rooms 0.135231

* Similarly, BMI is better than weight or height for medical purposes:
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X9l
4. Prepare the Data for Machine Learning 7 o hg

Algorithms RIS ; g aaie

)é“";“&) X< ,‘ C’%E’} \Jal% t)"%MM\gxi \ec\(‘ mc:)
\pd n
« Split to train and test (Done) J /
' eu—%@\g\ v 95, 6‘3X3 Ao

e Separate features from respons
—iD

* Handle missing data > o)\ o
« Handle text and categorical features Nerchorg kel %
* Scale (normalize) features OCtom |
* Build preparation pipeline
prep pip N it

27
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4. Prepare the Data for Machine Learning

ABame 3\

Algorithms_*7 0.5
TE CO\\R«\V\

am
o
* Separate the features]from the response, - ov. <o R
Z';”J ‘)—ub housing = strat_train_set{dro (“mfdiar.\_house_value","axis=1)
s Cdas [, housing_labels = strat_train_set["median_house_value"].copy()

Fal-e AL Y b5 s ,&w

- $O)
 Options of handling pﬁs?mg features:

1. Getrid of the corresponding districts

2. Getrid of the whole attribute O
3. Set the values to some value (0, mean, median, etc.)  whue

s oy Do b
Yo {ow) ¢— housing.dropna(subset=["total_bedrooms 1) # option 1

<
housing.drop("total_bedrooms", axis=1) # option 2
median = housing[“total_bedrooms“].median() # option 3
xs housing["total_bedrooms"].fillna(median, inplace=True) s Jas
- — 2 L ] | B T — dl —< !

—— .

—— . , OB, 2y

4.1. Handling Missing Features Using_Scj;I_(_jE-
Learn o)

* Use SimpleImputer On the{numericalfeatureg Need to remove
categorical variablés before doing the fit. The attribute statistics

us\""S
hamws- lvgw.se(ea-_é wpes (aciunde » CapiaumbeTY)

-Nur - |

frON\A??I{éarﬂ-?f‘e\g\ngg;Siﬂg import SimpleImputer
' imputer = SimpleImputeE(strategy="median")___, M‘ss;ﬂ Leatwres = mel‘«_
95Mpb¢;¢w housing_num = housing.drop("ocean_proxinity", axis=1)
& M imputer.fit(housing_num) Y X e o
>>> imputer.statistics_
beclian b —darray([ -116.51, 34.26 , 29. , 2119. , 433. , 1164. , 408. , 3.5414])
all fanuz, >>> housing_num.median().values

array([ -118.51 , 34.26 , 29. , 2119, , 433, , 1164. , 408. , 3.5414])
X = imputer.transform(houstng_num)

NumPy array \__g_f)

neXE SWde

M\ 56'\,-8 Value S ﬁ gﬁﬂl‘um dg A« ;>
?—c@'rw@ Je C‘S’LQ &::- m&\\un JLQLJ
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Coripis She-oirsl) A ki TerEiaes;

4.2. Handling Text and Categorical Attributes

. ocean_proximity is categorical feature.

——T

>>> housing_cat = housing[["ocean_proximity"]]

>>> housing_cat.head(10) B
ocean_proxinity . -
17606 <1H OCEAN =
{ 18632 <1H OCEAN i
J_\@% 14650 NEAR OCEAN
m\% wov 3230 INLAND )
8 a_-_’7 3555 <1H OCEAN o P
b 19480 INLAND -
e cnse | 8879 <1H OCEAN -
| 13685 INLAND .
4937 <1H OCEAN > —~
L4861 <1H OCEAN

&\S’M\v\ before bea[u,‘s

4.2. Handling Text and Categorical Attributes

« Most machine learning algorithms prefer to work with numbers.
Converting to numbers: Tl Ao 0,6 J‘
7,

>>> from sklearn.preprocessing import OrdmalEncoder
>>> ordinal_encoder = OrdinalEncoder() j
>>> housing_cat_encoded = ordinal_encoder.fit transforn(housmg_cat)

>>> housing_cat_encoded[:10]
array([[e.], : o e {o Ce) o b

[e.1, \ Numerical values Hans R

4.7, ) ;

sl imply distances

(e.1,

[1.], ¥loy s ot ¥ T e D ]

[0.], [?>> ordinal_encoder.categories, — = = e

[1.] [array(['<1H OCEAN', 'INLAND', 'ISLAND', 'NEAR BAY', 'NEAR OCEAN'])

lo.1, dtype=cbject)] 2 3 v

(o. Sel\ 3 3
133 A Code It Cops Sucl Py

)é‘P{‘o\f)\b« N O(é‘\v\ql c,,\co%w\qh (2
G, Toke QLo 520 () | g Lnms ) i)

Scanned with CamScanner


https://v3.camscanner.com/user/download

4.2. Handling Text and Categorical Attrih,

O»tQ%arics O\ = OLUH-‘ A\ 28 Gmmon
[ .
« To ensure encoding neutrality, we can use the one-hot encoding

>>> from sklearn.preprocessing import OneHotEncoder

L ;)\7)9\, >>> cat_encoder = OneHotEncoder() .
,§,\P>>9"( #”O >>> housing_cat_lhot = cat_encoder.fit_transform(housmg_cat)
/3 ,0\} > ing_cat_ihot N
b\”" & <16512x5 sparse matrix of type '<class 'numpy.float64’>'
-}"’S N6 o with 16512 stored elements in Compressed Sparse Row formats>’

OPhmi ziean  >>> housing_cat_1hot.toarray()
oo v s oo array([[1., 0., 0., 8., 0.],

)
: - 1., 0., 0., 0., 0.] Converts sparse matrix
!"\C\k(\)\ J\)_,l [ ) ) ’ )
Jotal [e., 6., ©., 0., 1.], to dense matrix. \
Ol o) bk oy y
JL 5sy UB) e 1, 0.0, 0.0, g8, wod e le25 5
NEMO 11c; 8.s By By 0.], - s i ¥ 3
e [0., 0., 0., 1., 0.]])  3E,NS Lol Bl (8 1)

M ComPuct  Bahrdy A
(D o 0500 2
dnfo o £ _ —
aﬁf‘bAi O\ J)wmaﬂogft\’i‘ zb
Vefues ' hed) Ls D5 ‘l’%
4.3. Custom Transformers ~ métorey

» Scikit-Learn allows you to create your own transformers.
* You can create a transformer to create derived features.

¢ _Q_rgaig_idaﬁs-andﬂpplemem-th;emethadiim&emrning_seH
transform(), and fit_transform(). Include base classes:

+ TransformerMixin to get fit_transform() ht Huew Hansborn

* BaseEstimator to get get_params() and set params () )
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Lol

4
4.3. Custom Transformers
d&fd"jscf o
_ fufar 005
from sklearn.base import BaseEstimator, TransformerMixin

Coluwn W 7
* F Y Classes Yo Wne(TY Some.
r._jjf__1

B Aasboron

i ix =3, 6
rooms_ix, household_ix = 3, roetheds Qlom.

class CombinedAttributesAdder(BaseEstimator, TransformerMixin):
def fit(self, X, y=None):
return self # nothing else to do ) B}
M5 () 25 S
def transform(self, X, y=None): e P "giwn
rooms_per_household = X[:, rooms_ix] / X[:, household_ix]

W return np.c_[X, rooms_per_household]

97
s N by 220
X attr_adder = CombinedAttributesAdder() “ﬂ;a

housing_extra_attribs = attr_adder.transform(housing.values) ‘ '
bty o Voo Ft Lt b \,)

’}/&l& 3 Ui aﬂfﬁj‘W' le ) "

€

)eéi,w% anow wv | aelgye [msk / Pesbentuise For each Cofumn

| —\(m&%(}s Ojﬁ. d&”
. 5 ML s g
4.4. Feature Scaling™ aCls 26 1D
fubutes ) pROL ol 3 052 1
: Scaling J® Jee2
* ML algorithms generally don’t perform well when the input \
numerical attributes have very different scales. B
05%> aceuay Oy

Wfosds 00, ?%a}.wres &6)\ Q‘/'j‘.\ll
. . . Smr @y
* Scaling techniques: A

e —— .

* Min-max scaling - b&& 19:' — min(x)
:4\.. S R e m’ —_ g4
S e Bk
Sy SRR samfle. )

O- Standardization (sfndd)sader) ' — 5 Weage Eﬁ“*“ft Il g

——e P

/b opetber e -

& Dalues o
Inof& e it a“ﬂ@ SPM% "/
f%ﬂJ”P ddyiakion
’ ¢ _ 35
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4.5. Transformation Pipelines
— )\ M\S&\l/\cé W

N Q\\Au

from sklearn.pipeline import pipeline

3) 4}\5.5*9():&9' from sklearn.preprocessing import StandardScaler
gehine WoK en numeric Yalueg -

num_pipeline = Pipeline([ A
"\5} ,,Q, ‘Po/amdcfs ('imputer', SimpIeImputer(straFegy= median")),
F,wﬂ\' attribs_adder', combinedAttributesAdder()),

W e )is ?-3" al #L:
ne .
?‘@d P ;l&p AN

Sl .
housing_num_tr = num_pipe{{ne.fit_transform(housxng_num)

g ~

e us‘ms, et - Ha‘»&w}
b A"n Qr&\N\L (fQ

me/ic JQ[Ms
(-b V)\\'\/\CN\‘ OCeon \’)f o\“\m.\\ g C‘)\‘-Mh .

4.6. Full Pipeline S Colwon f Sl

from sklearn.compose import ColumnTransformer
sl i’ L')}_{ & num_attribs = list(housing_num)
Columns cat_attribs = ["ocean_proximity"]
%‘9 Q] L_» qufoafﬁaf \Ja(uﬁs.
o ull_pipeline = ColumnTransformer([
("num", num_pipeline, num_attribs),
{Yeat”, OneHotEnfc\oder(), cat_attribs),

1
\V)
5W housing_prepared = full_pipeline.fit_transforn(housing)
Sealar '

Dense array

ofm (»\oms;r\a D\w« a\-mbsj)

ag ? N"'\—?}Pd\'ne.-\?\'\—-wﬂ“

cdons 30§ SBLLY W7

o
( @;(‘ ('(U.\ co\w\Tm\sQ-om\ - (\‘(M\(\MY—W\GIM.

e

('std_scaler', Standardscaler())s L cotunn 3/ coling
__ﬂ
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5. Select and\Train a Model AR "—

'l'\i'> IL\Q s L)Q”C.r‘ ,.

1 2
P -
Ll

» g

e ‘Mmm&ww«

: A et A

* Linear regressor = ——

* Using RMSE for evaluation

* Decision tree regressor - Vru(e;‘ non-\inear
e [ PRSP

* k-fold cross validation AR

* Random forests regressor

i |
Kewde_ V\u,) Vo V\Q @ekion ‘Dtl"'}“'\ E
Y, &y |

R‘“"& r\{ow\ Sol’qa(b_ e{vo

\/ 39
DeciSion by JI 6o o5
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5. Select and Train a Model

e Let us start by training a simple linear regressor.
from sklearn.linear_model import LinearRegression

5 —robject

lin_reg = LinearRegression() by

1in_reg.figghousing_prepared,.housing_labels) Yoot
¥ ta [;‘J‘LB«?\{Lt

1,0 amx,J

D" 2 N s 2,
* Try it out on five instances fr mthé training set.
daka Jiesu  _>>> some_data = housing.iloc[:5] 50% off

labels Ji6< b{j>>> some_labels = housing_labels.iloc[:5
“glé5;9\ >>> some_data_prepared = full_pipelin 7transform(some_data)
65 >>> print("Predictions:\t", lin_r “predict(some_data_prepared))
44800, 308928. 294208. 368704.]

Predictions: [ 303104.
>>> print("Labels:\t\t", list(some_labels))
Labels: [359400.0, 69700.0, 30351900.0]
o chasl Yelues
— \36 P\P"J‘ ne. ba ¢

® - ' £ i’
all Aa\q'{}((,{)c.fa}ﬂcw on Hann Aa\-q MUSH be_aleo AC"Y\L o~ \egy c)akq

Of You Con 1 D2 ol Qiepaleiions om e phole data o Splt
£X Seen Tl 2 %'(’,s\«\ t"D " MUKYC“ 5{) N

5.1. Evaluate the Model on the Entire
Training Set o inearfefession = QJmse s

e Use RMSE_, maw/lg

>>> from sklearn.metrics import mean_squared_error

>>> housing_predictions = lin_reg.predict(housing_prepared)

>>> lin_mse = mean_squared_error(housing_labels, housing_predictions)
>>> lin_rmse = np.sqrt(lin_mse)

>>> lin_rmse

68628.413493824875 This is not a satisfactory result as the
»-*:I median_housing_values range
between $120,000 and $265,000.

S\/\.(L ﬂms \S \'Mcsr_ eXVov , We UJ\\\ HCj QAM ML()C\
Wi ig Desssro DeciSien oo %rgsw
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5.2. Try the Decision Tree Regressor

from sklearn.tree import DecisionTreeRegressor

tree_reg = DecisionTreeRegressor()
tree_reg.fit(housing_prepared, housing_labels)

>>> housing_predictions = tree_reg.predict(housing_prepared)
>>> tree_mse = mean_squared_error(housing_labels, housing_predictions)
>>> tree_rmse = np.sqrt(tree_mse)

>>> tree_rmse \3‘»),,\__/“0&‘ g&b‘JCJj .

i = : g gl Lo 3 ¥
Overfitting: It has memorized | o e’
the entire training set!

=AW ) Wank Yo Yed A, %Ngkkwoéd tedh dale Thak L 2 N\\&
\(\W\W Seen \o&of‘g c\,\b ek ) \—fs \r)/( A'y C,l-.\uv\

42
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-Trammg SEt

>>> Mskimmen'icsxmpm mean _squared_error e
i lin_rmse = mean_squared_error(housing_labels, housmg_predtctums e
.. : squared=False) e e

oS lin_rmse

| ST quared = false, RMSE
| If squared = true MSE

A= 5
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. mmumm::m c.m_:_:m m:n_ m<m_cm:o:

mcﬂmﬂ _reg= Emwm}uﬁmr:&ﬁaﬁgﬁmsw

?da_ mEm&ﬁ.mmmmag :aw.ﬁa wm:noawc..mmﬂwmmﬁmmg

wmzaoaﬂcamﬂmmm«mmmcq?maaoa state=:1))

mczwm” rmses = -Cr0Ss_ val wnc_.mﬁcnmmp reg, housing, :ccmsmLmv&m--
scoring='"neg _rodt_mean éffm error’, cv=1d)

- count 10.000000
. mean 47019.56128]

Tt ed 1033957120
e et Smin 0 45458.112527 |
T 25% 46464, C.w:l.“ |

Lc,_, L 46967.5963 0 “

‘v‘vv,‘nm.mﬁ_.,mmmﬁ 0 _...__«ﬁz_rwﬁm_,.mHw.w%n.v_n:va

|

Best Accuracy

| il V

Overfitting??;.
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xS ool e L, o decisio I v LssT
I Hegs A
A
5.4. Try the Random Forests Regressor
it

» Repeating training and evaluation:

>»> from sklearn.ensemble import RandomForestReqressor
>>> forest_reg = RandonForestRegressor()

>»> forest_reg.fit(housing_prepared, housing_labels)
»> [...]

>>»> forest_rmse
18603.515021376355

>>> display_scores(forest_rmse_scores)
Scores: [49519.80364233 47461.9115823 50029.02762854 52325.2806895.

49308,39426421 53446.37892622 48634.8036574 47585.73832311
53490.10699751 50021.5852922 ]

Mean: 50182.303100336096
(:;ifandard deviation: 2097,0810550985693

o \'CS\' éc«\w\.

— On H&\mfx\ﬂ Ac\l‘“

V teeaerd) Lz&‘y? PRYS

”""‘7%, st S

et O
Outline e w*;‘/“”v"/l?;‘ SRS 12
1. Look at the big picture
2. Get the data )
3. Discover and visualize the data to gain insights
4, Prepare the data for Machine Learning algorithms
5. Select a model and train it
6. Fine-tune your model
7. Present your solution
8. Launch, monitor, and maintain your system
9. Exercises :

m,éﬁr \e)\ o

(p)‘\u P i
dofod

Kl MD‘” T Padwe
7
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[z f@mﬂddﬂJLugJa
6. Fine-Tune Your Model ~ “= 0 ", @0 5

L

« Fine-tune your system by fiddling with:
« The hyperparameters
« Removing and adding features
+ Changing feature preprocessing techniques

* Can experiment manually. But it is best to automate this process

using Scikit-Learn: , csss ekt Jation
. GrldSearchcy —_

) [
+ or RandomizedSearchCV 2 A S Y Porarelus Jt aesd
@Mﬁld J UJ\_;AXJ9 Dofame s 3 g@ S,jslnl S W)
K

(6.1. Grid Searcfﬂ

* Can automate exploring a search space of 3x4+2x3=12+6=18

) 3
from sklearn.model_selection import GridSearchCV Cb.)f‘ M
Jecigion Iy &) '

~ param_grid = [ HekG T \0’)" /’
{'n_estimators': [3, 10, 30], 'max_features': [2, 4, 6, 8]}§ \'\S\- -

{"ticgﬁ_tstrqp'\:r[Farlse], I‘]rw[?’ 10], 'max_features': (2, 3 41}, J‘()—‘\.U\O‘('Tt‘

] :
‘ S o
~forest_reg = RandomForestRegressor() ;\if/“’ : C\)j
rid h = Gri CV(forest_r i =
grid_search = GridSearch V(zzoiin_fg, param_grid, cv ST\J
ing="'neg_mean_squared_error",

return_train_score=True) ’Cvj ()5
el s

gri_d___search.fit(housing_prepared, housing_labels)

/@fﬁ
29 7

47
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6.2 Examine the Results of Your Grid Seay

ine the best hyperparameters using: Mu{f“@sw@b
e Can examine the bes : s
el F

>>> grid_search.best_params_
{'max_features': 8, 'n_estimators': 30}
iﬂclujbs

ngA Oh‘cjiovwf
'{% tztolt sek o"ﬁ\:ﬁeﬂfa/”‘&/’
s Heier Scores:

« Can examine all search results using:

e e

:
>>> cvres = grid_search.cv_results
. r "
>>> for mean_score, params in zip(cvres["mean_test_score”], cvres["params"]):

print(np.sqrt(-mean_score), params)

63669.05791727153 {'max_features': 2, "'n_estimators': 3}
55627.16171305252 {'max_features': 2, 'n_estimators': 10}

49682.25345942335 {'max_features': 8, 'n_estimators': 30}

Best Tuned Accuracy

6.2 Evaluate Your System on the Test Set

* The final model is the best estimator found by the grid search.

* To evaluate it on the test set, transform the test features, predict
using transformed features, and evaluate accuracy.

:
oo B2 Lol

Better than train set!

) final_qggg} = grid_search.best_estimator_
X_test = strat_test_set.drop("median_house_value", axis=1)

y_test = strat_test_set["median_house_value"].copy()
X_test_prepared = full pipeline.transform(X_test)
final_predictions = final_model.predict(x_testwprepared)
final_mse = mean_squared_error(y_test, final_predictions)
final_rmse = np.sqrt(final_mse) # =»> evaluates to 48,209.6
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6.1. Grid Search (Updated)

* Can automate exploring a search spaceof 3 x3+2x3=9+6=15

pipeline oo 3iS1 (o 0eSo  from sklearn.model_selection import GridSearchCV
JS column |l deub Cuusg

Cuwliall a3 pipeline  fyl]_pipeline = Pipeline(] e Ogai blall Js
("preprocessing”, preprocessing) random forest regressor
("random_forest”, RandomForestRegressor(random_state=42)),
)
param_grid = [

pipeline JI ;o subclass ¢» geo aauwl pipeline
preprocessing douwl |
.geo % parameter g n_clusters g

9 __ = k;” P“XI {'preprocessing__geo__n_clusters': |5, 8, 10},
Subclass ‘random_forest _max_features'; [4, 6, 8]},
__Js J w3l o  {'preprocessing__geo__n_clusters’ [10, 15],
‘random_forest__max_features": [6, 8, 10]},
]

grid_search = GridSearchCV(full_pipeline, param_grid, cv=3,
scoring="neg_root_mean_squared_error’)
grid_search.fit(housing, housing_labels) 51

6.2 Examine the Results of Your Grid Search
(Updated)

* Can examine the best hyperparameters using:

>>> grid_search.best_params_
{"preprocessing__geo__n_clusters": 15, 'random_forest__max_features': 6}

* Can examine all search results using:

>>> cv_res = pd.DataFrame(grid_search.cv_results )
>>> cv_res.sort_values(by="mean_test_score”, ascending=False, inplace=True)
>>> [...] # change column names to fit on this page, and show rmse = -score
>>> cv_res.head() # note: the 1st column is the row ID

n_clusters max_features splitD splitl split2 mean_test_rmse

12 15 6 43460 43919 44748 44042
13 15 8 44132 44075 45010 L2205
14 15 10 44374 44286 45316 44659
7 10 6 44683 44655 45657 44999
9 10 6 44683 44655 45657 44999
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6.2 Evaluate Your System on the Test Set

* The final model is the best estimator found by the grid search.

>>>final_model = grid_search.best_estimator

* If GridSearchCV is initialized with refit=True (which is the default),
then once it finds the best estimator using cross-validation, it retrains
it on the whole training set.
When refit=True
algilb best model Jl o3b =
Gladl JS e ayau9
a3 05 CV=3 dl> 3 Mio &Y
bnid Bl il e

Gladl o 7 A lie o8 dl> 99 -
refit J& 9 test /.Y g training
Gladl o 7+ Gle dilgill du )yl oy

6.2 Evaluate Your System on the Test Set

X_test = strat_test_set.drop("median_house_value", axis=1)
y_test = strat_test_set["median_house_value"].copy()

final_predictions = final_model.predict(X_test)
final_rmse = mean_squared_error(y_test, final_predictions, squared=False)

print(final_rmse) # prints 41424.40026462184
No overfitting

Sousy S doudll IS JI P um
e Bl s dsdgiell dagdll o<

under-fitting 8 =2 49

54
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rid search Jl JSJ parameters
9 2[3 adasiy LI combinations

6.2 Randomized Search ) DA Jﬁj

oyl vae randomly jlisu
* Preferable, especially when the hyperparameter search space is large

. o . /.
* Run certain number of iterations ‘/U:wa,) y
R : om
* Picks the hyperparameters values from the defined space. n"%e,
JG
from sklearn.model_selection import RandomizedSearchCV 0. d[‘/%
from scipy.stats import randint

param_distribs = {'preprocessing__geo__n_clusters': randint(low=3, high=50),
‘random_forest__max_features’: randint(low=2, high=20)}

md_search = RandomizedSearchCV/(
full_pipeline, param_distributions=param_distribs, n_iter=10, cv=1,

md_search.fit(housing, housing_labels) s random_state=42)

6.3 Save Your Best Model for the Production
System

» Save the model
import joblib

joblib.dump(final_model, "my_california_housing_model.pkl")

* Load the model  dwa=> blo Lle test dlosi Gy Lol

final_model_reloaded = joblib.load("my_california_housing_model.pkl™)

new_data = [...] # some new districts to make predictions for
predictions = final_model_reloaded.predict(new_data)
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7. Present Your Solution

* Present your solution highlighting:
* What you have learned
* What worked and what did not
* What assumptions were made
* What your system’s limitations are

* Document everything, and create nice pre entatlo s with:
+ Clear visualizations (scelint) /sice of #he © «f encocking )

« Easy-to-remember statements, e.g., “the median income is the number o
predictor of housing prices”.

8. Launch, Monltor and Mamtam Your

Sysfem

* Prepare your production program that uses your best trained model
and launch it.

* Monitor the accuracy of your system. Also monitor the input data.
* Retrain your system periodically using fresh data.
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Summary

Look at the big picture

Get the data

Discover and visualize the data to gain insights
Prepare the data for Machine Learning algorithms
Select a model and train it

Fine-tune your model

Present your solution

Launch, monitor, and maintain your system
Exercises

© oo NOU R WN R

Exercise

* Try a Support Vector Machine regressor (sklearn.svm.SVR), with
various hyperparameters such as kernel="1linear" (with various
values for the € hyperparameter) or kernel="rbf" (with various
values for the C and gamma hyperparameters). Don’t worry about

what' these hyperparameters mean for now. How does the best SVR
predictor perform?
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Classification

Prof. Gheith Abandah

O'REILLY”

Hands-On
Reference Machine Leq
with Scikit-L

Keras & Tens

Concepts. Tools, and Technip,
to Build intelligent Systems
pomared by

* Chapter 3: Classification

* Aurélien Géron, Hands-On Machine Learning with Scikit-
Learn, Keras and TensorFlow, O’Reilly, 2nd Edition, 2019
* Material: https://github.com/ageron/handson-m|?2
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Introduction

 YouTube deeo: Machine Learning - Supervised Learning
Classification from Cognitive Class

https://youtu.be/Lf2bCQlktTo

o Classitinbion _y Qiscrole Values @M classes

L \ 1 LS. 3P Al e
R e o
i .1,/7»&/7./\}‘2-’3/;4’)'0/[&)\)'&

Outline

8)9g4r0 dataset (e 8)le &
Eo90 Sl &l LB dole Josiuwsg

MNIST dataset s===n 70,000 i &)lic 29 ML JI 3

3 . e hand written digits 1gigS) 6)g.0
Training a binary classifier 28X28 pixels ¢e 8)lc 8y JS

Performance measures
Multiclass classification
Multilabel classification
Exercise

oA W R

Scanned with CamScanner


https://v3.camscanner.com/user/download

1. MNIST Dataset

0o O0OAQO0QO0?
V4N B I O VA A
« MNIST is a set of 70,000 small AQA2A22A3
images of handwritten digits. 3 32 323% 3233
. Ava YAUgAar]q 44
Available from mlfiata.og Y ESHEE -6
* Scikit-Learn provides b 6éezZ0E bbb
download functions. 2777%7977 7
g3 FTR=¥FIP
79722799997

1.1. Get the Data

*Fetching data needs Internet connection

from sldearn.datasets import fetch_openml

mnist = fetch_openml(‘mnist_784', as_frame=F alse)

To get the data as

Fetch the data from sklearn .
umpy array not

dataset Dataframe
Or we can use(make ) to (Load ) loads the data from
generate data your device
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1.2. Extract Features and Labels

g0 e 8yl row JS
* There are 70,000 images, and each e

image has 784 features. This is m’ig.l.ﬂdi,odﬁfﬁ'..'610&_06'.1(.)'"

because each image is 28x28 pixels, (0.,0.,0.,..,0.,0,0.],

and each feature simply represents (0.,0.,0.,....,0.,0.,0.),

one pixel’s intensity, from 0 (white) {8;: 8: 8jj ::::3:; 3:; 8:};,

to 255 (black). g (70000, 784

\ 7> ¥ ) |
0 Uil 5 (o8 oy row Jol Mto | 25 0 4 5 61 dpebie
|3S>g | (70000,)

1.3. Examine One Image

import matpiotlib.pyplot as plt

def plot_digit(image_data):
image = image_data.reshape(28, 28)
plt.imshow(image, cmap="binary")
plt.axis("off™) - w
some_digit = X[0] =) bIJJL" )92 JSI
plot_digit(some_digit)
plt.show()

—

>>> y[e

-
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1.4, Split the Data

* The MNIST dataset is actually already split into a training set (the first
60,000 images) and a test set (the last 10,000 images).

t_The training set is already shuffled.)

L Pras Vob e Soliv 1A Yag e -

X_train, X_test, y_train, y_test = X[:60000], X[60000:], y[:60000], y[60000:]
——

l

A4
rO \.\\ S

JA ;
<3e«\<fc\l ) o w\o\dxm(

K — Po <)<1\*c‘
Y_‘ ?—or ‘Q\OC\S .

Vearn ;(\(‘) J

Outline

1. MNIST dataset

2. Training a binary classifier B\M)o)qss\a'w

3, Performance measures L

4, Multiclass classification Noor Jes @92

5. Multilabel classification ( bwe classes)

6. Exercise

- . dasgfj 2 v —(»b(ls :J(S()),;\l (\)8‘ .

7] fis & s e DL o 3
1 '“]’Wo

“5

0

Scanned with CamScanner


https://v3.camscanner.com/user/download

2. Training a Binary Classifier - o " L\‘ o “\
Yes e Vo

« A binary classifier can classify two classes.

. For example, classifier for the number 5, capable of distinguishing
between two classes, 5 and not-5.
labels i et ’(/’71-”' elel W o J ekements -

y_train_5 = (y_train == 5) €—————_ True for all 5s, False for all
y_test_5 = (y_test == 5) other digits.

from sklearn.linear_model import sgpClassifier

g Stochastic Gradient

sgd_clf = SGDClassifier(random_ state=42)
sgd_clf.fit(X_train, y_train_5) Descent (S SGD) classifier

Nt ‘ h l¢
>>> sgd_clf.predict([some digit]) ;{’.] g bowt sy 5) Candve d—#’

array([ True]) L Jee
2lr77 (dedsio 5"""09) U fckk
S Nt c»(.'«.\"SVJ\\\\ boow (R Weluding \alues J‘ True 3

D
ash C)

Outline

_ix o C{Ac.z\ajcv \L'_ \\/()'L C'?- Ja\*C\

MNIST dataset

Training a binary classifier
Performance measures
Multiclass classification
Multilabel classification
Exercise

S
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20 DLLS
’/) (‘,{ass'\&” !

3. Performance Measures

\g s Caf(fé}- w‘\s“”/{s/#af Jues bons

Toer r

— Accuracy: Ratio of correct predictions -» ove o4 P@J

— Confusion matrix o

T Precision and recall

—

‘lCL\’uAS .

— F1 Score
'Dfrecision/recall tradeoff

—_—

3.1. Accuracy rw,s~.aw

Alpy lep  y_pred = clone clf.predict(X_test_fold) ‘
N best 59 i 5 n_correct = sun(y_pred == y_test_fold)— febufus bina/yally

print(n_correct / len(y_pred)) e
g odid 2P Y D \'-—” otk morber D Gk o
<L t “ - Palleehk, * "
f ol é(c(c)i i - Example how to find the
accuracy. (a

N{O/t‘he%‘y /O

>>> from sklearn.model_selection import cross_val_score
>>> cross _val _score(sgd_clf, X_tratn, y_train_5, cv=3, scoring="accuracy")
array([0.96355, 0.93795, 0.95615])

\Y, Using the cross_val_score()
sl 5 ooy B, function to find the accuracy on
three folds
C!'\LQ_K 'Lv\

5m,ﬁ b‘.g affie
!
Al ) Gt

Carnen bafion wWhat

K W“P hows For Uais
E)ofamc&r\ ?
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: . L -
o ) Q_,Sl_ aseline e oS 7V Gctj‘"“"" st “"b

. 3.1. Accuracy

] s 5 Wd"p} }))‘.

CAos5 - V* e ,:J_/\'c o iy
: \,‘,)/,/ nf”,./;@u\,&

* Use cross_val_predict() to predict the targets of the entire training
set. et ek

from sklearn.model_selection import cross_val_predict

"% y_train_pred = cross_val_predict(sgd_clf, X_train, y_train_5, cv=3)

by
v \»
sd"w ()g P&\%aawo;& &, gio"w o=’ ¥ Pusio
Heidgogoassoor Not S 2 /’"JM
))\7\ Same. Size poth 4

+ T
accu(acé 2 il © T c = - —
TN\'TP ‘\"‘:'J* F:\'> . & e fd 2 V( &%‘i ‘é‘,‘ le dfd..

: = iy
3.2. Confusion Matrix(sy.c. | Npiom - 77 B

Ca§ S
Predicted C;‘ i, ok B
Negative T~ — Positive iR :,lj»f;’”‘ S (36;\ \- Ve
} Co, ) ? @/ l]
Negative % 6 * P"S#’V;"" 3
; 3 € N(’S Ve -nd§
Act§ua5| Precision
J s i C\,0] (‘_t?. (e.g., 3 out of 4)
itiv
46 o & 5 5
4 Nrecall LE Recall = e ?OS\H\K
= & = TP+ EN (e.g., 3 out of 5) '
ﬂu\a\ i a4 (a\ie oQ e ?U( Al Qb&\\.\\JC (AQC\-M@&\

[p all P((al(C(*;w\S Q(L C%\bk e 3’\\(&%0{\& qo_ HC\\‘{H\ ‘A:\\ sl 16
"‘0\13 Valwe$ / O\Lt.(s Zuo \ > z Vg,

VX
s,
e 1“”"’)"»&?55J\\§5¢

()‘lf}rewlé BARCARAS %}:
FUV@QQ (‘ s
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en ¥
Lﬂ‘ Jdo f S fece)

L. 12
LB I St ) sas*j; St Al

W Ly\_a r/J) Precsion S L -

-~

.,.,,,.)‘ﬂ fecall 5\ Qecbron ) by Systent &)

3.2. confusion Matrix

* Scikit Learn has a function for finding the confusion matrix,

X

~ * The first

>>> from sklearn.metrics import confu§ion_matrix
»>>> confusion_matrix(y_train_5, y_train_pred)
array([[53057, 1522],

[ 1325, 4096]])

row is for the non-5s (the negative class):

» 53,057 correctly classified (true negatives)

« 1,522 wrongly classified (false positives)

> The second row is for the 5s (the positive class):
* 1,325 wrongly classified (false negatives)

* 4,096 ¢

3,057 Tl&
‘3’7—5 ‘f’oqé

3.3. Precision and Recall_, A= ,
(Uoss,gal.ﬁyy" Ruledk” J )  pedeh s Qobel )

Precision

orrectly classnfled (true positives)

Recall :
Wi T D)
ool . YallP » TP :
preCISlon = —-—-—-—TP+ FP recall = TP 5 FN

gj&\ >>> from|skiearn.netrics| import precision_score, recall_score
<

N\
wenbor 2> precision_score(y_train_5, y_train_pred) # == 4096 / (4096 + 152)

0 7290850836596654

— > recall score(y_train s, y_train_pred) # == 40965 / (4996 + 1325)
0.7555801512636044

/ The

precision and recall are smaller than the accuracy.
Why? FU d\sFpr aJ

GQM(G%~SCQIQ (\ﬂ”“" AR A )Comﬂ/dé/@}

( yealaghs v PféJ) oy
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S’“" [
3.4.F1 Scr(:re

o) Z"’»')

Q(eclsw"

L Ny FC &fft’?

* The F1 Score combines the

precision and recall in one metric

(harmonic mean). 1. PRcisren £ freal] vmus re

W Yo ok \"“’3\" Mo

5 "Meaw -
Fy=— ot = 93 precision x recall _ TP
recvon + == precision + recall Tp 4+ INZFP + FP
>>> from sklearn.metrics import f1_score
>>> f1_score(y_train_5, y_train_pred)
0.7420962043663375 \1
) g 224
~0 \\ \,hdﬁ J z
" M2 19
. i 1 . L <
N Lie 055 055 % ek
« Weshod ), Cerhimart "
Vur \\Nb \\I\(QS\I\O\ ; M easwie : oY

3.5. Precision/Recall Tradeoff

v Nt&Bc\\-\\Jt D)L—-/‘ \4‘- P&S\\\\K_ ‘1—4@‘- — "\'\(CS\“"\B J\ 2= %

. Increase the decision threshold to improve the precision when it is

bad to have FP.

. Decrease the decision threshold to improve the recall when it is

important not to miss FN. P-::'miw | ok \[) o X
Precision:  6/8=75% 4/5=80%  3/3=100% S > 7 5
Recall:  6/6 = 100% 46=67%  6=50% |y PreCision s 2z %

’”’\"&5 ¢ ey

/Cc(,,ll

Negative predictions

fl...a.:y (‘(*Lbb \:_,r

7 Positive predictions

Various thresholds

S WP\
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° J«H‘f%’\‘)é&v[ e P [ Plecsion

L beshold 4 LN Trecil
e u e el 0B (G

3.5. Precision/Recall Tradeoff

« The function cross_val_predict() can return decision scores

instead of predictions.

y_scores = cross_val_predict(sgd_clf, X_train, y_train_5, cv=3,
method="decision_function")

P score 132 0l

« These scores can be used to compute precision and recall for a||
possible thresholds using the precision_recall_curve() functjg

from sklearn.metrics import precision_recall_curve
ol g
. 3¢ | precisions, recalls, thresholds = precision_recau_curve(y_train_s, y_scores)
P&‘QS,’QA P —
‘(-Qct\\\s @)‘L“ [\Q\OE\ _— \_/
For all Mfednol )¢ D / )’,Scé;'a"
( Scofes m Falee -\leo

22 S8 decision ) 50 ¢ ;,»Wa,h.'«oc)\ L
7 Lunc s

3.5. Precision/Recall Tradeoff

20000
H\(MMIJ A Threshold ol
= Pllsie, BTN o
- 6 ol
e
+
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argmax() returns the index of
the largest element in an array.

3.5. PrECiSion/Reca" Tradeoff If the array is boolean then it

will return the index of the first
occurrence of True

* For larger precision, increase the threshold, and decrease it for
Iarger recall. Precisions increase with the

. threshold
e Example: To get 90% precision.
>>> idx_for_90_precision = (precisions >= 0.90).argmax()
>>> threshold_for_90_precision = thresholds[idx_for_90_precision]

>>> threshold_for_90_precision
3370.0194991439557

y_train_pred_90 = (y_scores >= threshold_for_90_precision)
>>> precision_score(y_train_5, y_train_pred_90)
0.9000345901072293

>>> recall_at_90_precision = recall_score(y_train_5, y_train_pred_90)
>>> recall_at_90_precision

0.4799852425751706
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Outline

MINIST dataset

Training a binary classifier
Performance measures
Multiclass classification
Multilabel classification

Exercise

o VAW e
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ry
¢ ket

&1’ \7 e’ ﬂ")‘ 2 ¢
A { s
o"“\ 9 odu m“"bdﬁ ‘ <’/’)

fx*?w ‘ngfé’?
4. Multiclass Classification ' ¢

W
"
J

« Multiclass classifiers can distinguish between more than two clasg,

» Some algorithms (such asiRandom Forest classifiers orNaive Bayeg
classifiers) are capable of handling multiple classes directly.

» Others (such as Support Vector Machine classifiers or. @
classifiers),are strictly binary classifiers.

» There are two main strategies to perform multiclass classification
using multiple binary classifiers.

o.deledr = 0—The 0.0 False

i 5-deledor = 5~ The 0w Fuke
V‘g‘)‘*\o&\:}\}ﬂ’o\{ G—\ ¢

4.1. One-versus-All (OvA) Strategy

opnp b

* For example, classify the digit images into 10 classes (from 0 to 9) to
train 10 binary classifiers, one for each digit (a O-detector, a I- ——
detector, a 2-detector, and so on).

* Then to classify an ima

e, get the decisi -
for that image and se 8¢, & on score from each classifier

ect the class whose classifier outputs the

highest score,
. \© s l} -
\O Mo:{eb’ Z'\’y: “fy'J C/lassc}/& [u) s

scolt (gs\ @ ,\/é‘ moolel C)\)Wﬁ
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Vo
};") ﬁ)l.,o
6\499‘
/j fﬁfB éwu/g u/”/a g classesy L~

ﬂ‘&ojc’ Ase 4
4.2. One-versus-&e (OvO) Strategy d”;lf;; d’f’

e Train a binary _classiﬁer for every pair of digits.

o |f there are N classes, need N x (N—-1) / 2 lassifiers. For MNIST, need
45 classifiers.

e To classify an image, run the image through all 45 classifiers and see
which class wins the most duels N

 The main advantage of OvO is that each classifier only r nwe
trained on a subset of the training set.

* OvO is preferred for algorithms (such as Support Vector Machme)

that scale poorly with the size of the training set. |
— SV

Lo 2 - | ,
ZL}U \coxasses 3 v
W5 ol
&

=
whude ene is Lelter @ DVA of puO *

confledhy )s pedel I e

Scanned with CamScanner


https://v3.camscanner.com/user/download

4.3. Scikit Learn Support of Multiclass
Classification

Al LA B Tabels 1
* Scikit-Learn detects | from skiearn.svm import SVC J o 00 dosd sl 42U (S0 lga

C\
when you try to use a
binary  classification | svm_clf = SVC(random_state=42)
algorithm for a | svm_clffit(X_train[:2000), y_train[:2000]) #y_train, not y_train_5
multiclass >>> svin_clf.predict([some_digit])

classification task, and | (5. diype=object) i . !
it t ti >>> some_digit_scores = svm_clf.decision_function([some_digit])
it automa 'caﬂy runs | .., some_digit_scores.round(2)

OvA (except for SVM | amay(((3.79, 0.73, 6.06, 83,-029, 9.3, 1.75, 2.77, 7.21,
classifiers for which it 4.82])
uses OvO). >>> class_id = some_digit_scores.argmax()

>>> class_id

5
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4.3. Scikit Learn Support of Multiclass
Classification

* Note that the multiclass task is harder than the binary task.
* Binary task

>>> from sklearn.model_selection import cross_val_score
>>> cross_val_score(sgd_clf, X_train, y_train_5, cv=3, scoring="accuracy")

array([0.96355, 0.93795, 0.95615]) L
' ) L
Multicl Rl
* Multi -
class task D )

>>> cross_val_score(sgd_clf, X_train, y_train, cv=3, scoring="accuracy")
array([0.8489802 , 0.87129356, 0.86988(948])1>
\O Z(JJ&LS

’ 3 2 CZ‘I
QC(,\_\(\N_‘B BY" \;f)\ (more trr 4 SS) »
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Confusion matrix

. 1Sl Oylo
4.4. Error Analysis binary classifier dlog 2X2 (o

TOXTO|(10labels ) W)l

from «Klcarn.metric s import ConfusionMatrixDisplay

v_train_pred = cross_val_predict(sgd_clf, X_train_scaled, v_train, cv=1)
ConfusionMatrixDisplay.from_predictions(y_train, v_train_pred)
plt.show()

0 6000
1 . .
5000 false = diagonal JI |p ol sl
2 prediction
B 4000
o
w4
V5 3000
E
(=
. 2000
7
g 1000
[
0

0 1 2 3 &4 5 6 7 8 9
Predicted label

. 1 soluw 0o FJ’X row J| polic ¢ goxo
4.4. Error Analysis

ConfusionMatrixDisplay.from_predictions(y_train, v_train_pred,
normalize="true”, values_format=".0%,")

plt.show()

True label
(¥} o ~4 (2] W F W N Ld

=1 TS TR ey
Predicted label
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outline

1. MNIST dataset

7. Training a binary classifier

3. Performance measures

4. Multiclass classification

5. Multilabel classification —

6. Exercise Ol v i S”:k;;
A e

31

5. Multilabel Classification ;.. 2 oo (b

‘ #o‘ﬂ P{ bp .= #o‘é‘e‘kbe,-‘
« Classifiers that output multiple classes for each instance.

y_train_large = (y_train >= 7)
y_train_odd = (y_train % 2 == 1)
. Wiﬁ’““’ y_multilabel = np.c_[y_train_large, y_train_odd] — Be gl Valoe s _;,c;:af‘ ':

.\SQ;’(MD & knn_clf = KNeighborsClassifier() €«——  Popular algorithm & Colwwms .
knn_clf.fit(X_train, y_multilabel)
sumples yudibhel £ap ench sankle

»>»> knn_clf. predict( [some_digit])
array([[False, True]], dtype=bool)
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Training Models and
Regression

Prof. Gheith Abandah
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OREILLY '@Sﬁgﬁ

REfe rence Hands-On p
Machine Learning
with Scikit-Learn,

Keras & TensorFlow

Concepts, Tools, and Techniques

to Build Intelligent Systems e i
s fad

« Chapter 4: Training Models

« Aurélien Géron, Hands-On Machine Learning with Scikit-
Learn, Keras and TensorFlow, O’Reilly, 2nd Edition, 2019
» Material: https://github.com/ageron/handson-mi2

Outline

g

Linear Regression
2. Gradient'Descent — of b zallion DU 3D 5

fechai{ues
3. Gradient Descent Variants
1. Batch Gradient Descent
2. Stochastic Gradient Descent
3. Mini-batch Gradient Descent

4, Learning Curves
5. Early Stopping
6. Exercises
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%5 4] 2
B- slofe Qf)) . s hi LJ-“"M ¥ M\ﬂ(j

Linear Regression— &+ JJgenial )
Magstiy ot (905X {”

12

}? = g(J + elxl % szz Y enx" 10

) |
Dubet //‘}l b weW of et Padte g
| + jis the predicted value.
« nis the number of features.

« x,is the it" feature value.
+ 6, is the j* model parameter (including the bias term 6, and

Mo(ed bgyn the feature weights 6, 65, - 6,).
Co\uv'\ T a3

.6\9
L/l = hy(x)=0-x

5'
\/\/ VeSS (PQA'G““B ‘

pr®
Analytical Solution i

reaulicty . acrud Yalue. 3t G “(
3
* The Root Mean Square Error (RMSE) is used as cost function.,

\D
[?“ (5(5(}}2‘) é&u\ﬁ'd 'Zf MSE X, he —_ E (0 (i))

8
6
1
2
0% ozs 050 075 100 125 150 175 200
X1

=481 e MUlst at>

;\t‘)kur cm,"(w’f&
. M_iﬂ_”g_this cost gives the following solution (normal function):
—

CA{) )"\W)‘ '(GHW\
. g A i o '
=lp), = 0=(Xx'X) x' y «—— Complexity O{mm?)
he ’ @’—m’? — ( ) ¥ p——N
oo
(),X'm \’V ) + B is the value of 8 that minimizes the cost function,
i v/ * Y is the vector of target values containing y® to m),
conlf?
ot no\"@ SmP{t\
NING = Lo lures .
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Outline

1. Linear Regression ] ,
5. Gradient Descent —s oPfiruzfion tOJUP;Hw (»h, moﬂ(@ Bre Ue&:/@!f o)
3. Gradient Descent Variants g’ﬁ@f RPTA Rt

1. Batch Gradient Descent
2. Stochastic Gradient Descent
3. Mini-batch Gradient Descent

Learning Curves
Early Stopping
Exercises

g m s

Fhs iS nel- ¢ stk R . ¥ 3 ;
i B v o Cl-\un 1S « \,\)r_ (ﬁ\cﬁo(‘u\-\,\w\ I
e Ay s Rt

Gradient Descent _. ., ‘e @i puele

* Generic optimization algorithm capable of finding optimal solutions
to a wide range of problems.

» Tweaks parameters iteratively in order to minimize a cost function.

T m—
()_)&D e
Cost '+ 30 SLV\N{‘ E(‘VJ
1 ~ ) f\f'v c‘e,/\uqt-lwt—’ d, L,
u | \ Leaming step M /\’ 9 '
C;*:"‘ — E e(ncxt step) _ 9 - ’(ve MSE(G)
h Z)AJ ! Minimum . y
Qofb - n:ld >0 a-/
(,’.J\» |nm'z| vma 6 ‘5043{,3 e e
min A Jpd G5 @ 2y 7
\/
S &\ S

A (y?\& @—
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Learning Rate < |

Too Small

¥ @radient Descent Pitfalls

Cost

l/@(),ﬂ,) Jok G’)‘L‘f’"c{lm,,(’ Glo

~

(/9’\"”

7
-

N

\

Plateau

I

Global —b 0
minimum

Local minimum
()‘!’2’ /“,{-“ Z/L’;;L‘: LW .
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Feature Scaling . .- -~
L(\“Ud ence }j‘..a-u'

« Ensure that all features have a similar scale (e.g., using Scikit-Learn’s
standardScaler,c\lais),

\AQCA \A Ve ""V

« Gradient Descent with and without feature scaling. ofation oy
4 \ ‘A
<

10

Outline

1. Linear Regression
2. Gradient Descent

3. Gradient Descent Variants
1. Batch Gradient Descent
2. Stochastic Gradient Descent
3. Mini-batch Gradient Descent

4, Learning Curves
5. Early Stopping
6. Exercises
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* Partial derivatives of the cost function in &, -

i — d,uo\»«) ~J

d 2 ¥ (gTx® — D)0 L
AN, U‘)w Y e 89 g m;zx (6 ¢ ) 3o feadite

Hjéma,cw"v 3792
~ 7"« Gradient vector of the cost function
2 ( : MSE(8)|  x+assc | The entire training
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Batch Gradient Descent

» Gradient Descent step glnextstep) _ g _ 1V, MSE(O)

* Gradient Descent with various learning rates AV
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stochastic Gradient'Descent( «
&(QJ.\‘Q)\—¥Q)2¥ b -\/y2 et nt(sc_)D>

" Qo

+ SGD picks a random instance in &)
‘the training set at every step and .,
computes the gradients. S

\4‘,0
» SGD is faster when the training
set is large.

* [s bouncy a
« Eventually gives good solution 10

+ Can escape local minima

8

6

2
L“;::' &Y ‘{}E)u G\‘JL‘; 9
b (= \J,-n~ Qs

WerqWs o f o

.00 025 050 075 100 125 150 175 2.00
X1 14

5,;\@[(5 5“»‘ 7'2"’.) L}
[__,

Mini- batch Gradlent Descent o> <-Slau JiiLl,
Vo \UL Saples bl L STy
» Computes the gradients on small random sets of instances called mini
hatches.

* Benefits from hardware accelerators (e.g., GPU).

* Less bouncy, better solution, escapes Some local minima
cES0TIOHNG

~—38{/Za_ stochastic
~-J36 [ —— Mlnl-batch;
34] —e— Batch 1

6,32
3.01

2,81
2,61

=%

2.41 o s00 335 350 375 400 425 459
250 2 6o
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2. Gradient Descent

3. Gradient Descent Variants
1. Batch Gradient Descent
2. Stochastic Gradient Descent
3. Mini-batch Gradient Descent

4. Learning Curves
5. Early Stopping
6. Exercises

Learning Curves

» The accuracy on the validation set generally increases as the traini
set size increases.

A(Lw(a(vs )
i Overfitting decreases with larger training set.
. 3.0 :
! ‘_) = train
A ;’*jff 2537~ — validalfi®"
v/, : ) R ) )
)‘v\_g_‘ ) }'"‘qj ZOJ\W\"\i“ =il
L(a;\{{\\j ‘/L? %
&J ho/. 10 O‘)(/Pl“l;/‘c L}CC((USC ’
e J \\ _’) J
0.5
0.0

0 20 30 40 S0 60 70 80
ey Training set size

n —_—
b’i@“&\ﬂaﬁé«

\S Shma(]

. S
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1. Linear Regression
7. Gradient Descent
3. Gradient Descent Variants

1. Batch Gradient Descent

2. Stochastic Gradient Descent

3. Mini-batch Gradient Descent
4. Learning Curves
5. Early Stopping
6. Exercises

. 1 E N ;’\N‘B‘ -
o "\o Q“b L) f\,u.}v‘
3 asg P

Early St’gpping — o S laae P Plevtal- OdefQ-\'\—t-il\g "
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* Stop training when the validation error reaches a minimum.
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doy9 lisbosy Lo < 1j1 probability glais 1Sl ol

Logi Sti C Reg rESSi on Jloi> ldas) positive class @ (use threshold (o Jlel

negative class = Jdl ljl

* Estimates the probability that an instance belongs to a particular class
* Positive Class: Probability greater than a given threshold

* Instead of outputting the result directly like the linear regression
model does, it outputs the logistic of this result

p=he(x)=0(0"x)

ks
t) =
7A8) 1 + exp(—t)
[0 ifp<05
Y11 ifp>05 ' ' ‘
» o (w dousl prediction Jl We>
t=hypotheses (h(x)) probability & dagds olic a>lgg
JB a=lg9 y200 Hu O)lo eudll

a=>lgg juall w oS|I RMSE
log loss JI pasviwisd

Logistic Regression-Training and Cost Function

* Log loss: Instances follow Gaussian distribution around the mean of
their class Jlo 1 0o dw)d probability JI 131

* Log(p) is close to O when pis close to 1 b L"”wizigl
* Log(1-p) is close to O when p is close to 0

«(0) ={ ~log(p) ify=1 /

~log(1 - p) ify=0 A

7(0) = & 57, [¥10g (50) + (1 - 40 Yiog (1-59)] ||

a m

e 1Y) _ ) .0
00 J(9) m zl:( (0 ) Y ) |
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Iris Dataset

* A famous dataset that contains
the sepal and petal length and
width of 150 iris flowers of
three different species: Setosa,
Versicolor, and Virginica.

»>>> from sklearn import datasets

»> iris = datasets.load iris()

>»> list(iris.keys())

['data’, 'target', 'target_names', 'DESCR', 'feature_names', 'filename')

43 multiclass problem Lls$ =
classes 3 lic

binary leil Lle old> >l g
classification problem

Logistic Regression-Example (binary
classifier)

* Predict_proba(): returns the probability of the instance
* Predict(): return the predicted class for the instance

from sklearn.linear model import LogisticRegression
from sklearn.model selection import train_test_split

iris.datal("petal width (cm)"1] . values

y = iris.target_names(iris.target) == 'virginica’'
X_train, X_test, y train, y_test = train_test_split(X, y,
random_state=42)

s
»
“e

log_reg = LogisticRegression(random_state=42)
log_reg.fit (X _train, y_train)
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Logistic Regression-Example (binary

T+ petal width =1.6 JI o5U LoJ
CIaSS|f|er) probability =0.5 JI g5

not virginica 1.6 e J3I 131 (g

e e e r e e e -y
| [~

wal 1 | ™

0.6 4. === NotIris virginica proba

—— Iris virginica proba

o
&

Probability

e
N

0.0 0.5 1.0 1.5 2.0 25 3.0
Petal width (cm)

o4
o

Predict -> returns if its virginica

or not
Predict_propa=>rteturnsthe
probability max J! o= predict Ju
e 2 = _ H 099 Lad bl Lle> 9 probability
Logistic Regression-Multiclass 8

* Softmax Regressor: Normalize the probability for each class.

* Cross entropy cost function Cgs;;;:ggpg;gsfnﬁégi

J(®) = __'_L_ 2:’;1 ZI’:{:l y‘(j) log(ﬁg)) class J! Jloi>b Iabeldf'wfé{{

CVE=3Y)

>>> softmax_reg.predict([[5, 2]])

array([2])

>>> softmax_reg.predict_proba([[5, 2]]).round(2)
array([[0., 0.04, 0.96]])

<- soft max regressor

J! s8] normalize Jos

(8900 oy Cusy prediction
1 kSQL“*J 25
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Classical Techniques

Prof. Gheith Abandah
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Hands-On

Machine L,

Reference with Scikit-L!

8oy

Keras & Teng,,|

|
Concepts, Tools, and '“hnlq TF,‘J
to Build intelligent Syﬂl‘ms iy

« Chapter 5: Support Vector Machines
« Chapter 6: Decision Trees

« Chapter 7: Ensemble Learning and

. ("Random Forests
by 2o Claslier Go 541 g
&Y ol
. Aurélien Géron, Hands-On Machine Learning with Scikit-Lea
Keras and TensorFlow, O’Reilly, 2nd Edition, 2019

« Material: https://github.com/ageron/handson-mi2

Outline

k-Nearest Neighbors
Support Vector Machines
Decision Trees

Ensemble Learning and Random Forests
Exercises

C— l O‘S%\V‘.\((\

AN Sl A
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k-Nearest Neighbors

ﬁ;\ P

. Find a predefined number of training samples (4) closest in distance to

the new point and predict the label from them: regression or
classification.

. The number of samples can be a user-defined constant (k-nearest

neighbor learning), or vary based on the local density of points (radius-
based neighbor learning).

. The distance can be any metric measure: standard Euclidean distance
is the most common choice. '

« Reference: https://scikit-learn.org/stable/modules/neighbors.html
@j 5 class G oo e w0 ¢ Pedicy J& o) mathmodk S Lo

0PU Clas Oy (e g Db W ¥ e A CIOS&&C&HU\\
OJ% _)\ ~ ~ ~ ™M ~‘ s &= (c-ﬂ'/ess'uv‘

adivs ok neiddon F- < ks ) ) s sas @) eshenae ) Y Wo o)y
» \e('/fﬂ-\f\c )
%‘)()ﬂw ) 55w J f}zo/lne‘/kbﬁcé [ a s k—dmt“’gﬁ)ﬁj g, J*";’L‘@ :
Nearest Neighbors Classification __
Hot Retynbofs by Lbull =5 f#oﬂ n &bl

S\

BRR A v
class sklearn.neighbors.KNeighborsClassifier(n_neighbors=5; =
weights="uniform', .. ) Z r
r : oJJ O9g()~e2/)
Soa\. Dufria. ‘o \fw?df“- =

“weights can be: uniform: All points in each neighborhood are
weighted equally, and distance: Weight points by the inverse of their |
distance. TSI Rl Iy 55 w20y ug oJ

* Example:

from sklearn.neighbors import KNeighborsClassif: ok
i " ' ek (Jeﬁﬂ (/:st) Ak B8 Ry
knn_c1f = KNeighborsClassifier() — obyt P

knn_c1f.fit(X_train, y_train) Weiglt )

Casy W3 bpue e
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Nearest Neighbors Regression
(balegilf’"\

class sklearn.neighbors. KNMor(n neighbors=5,
weights="uniform’, .. )

* The label assigned to a query point is computed based on the mean
of the labels of its nearest neighbors.

* Example:
from sklearn.neighbors import KNeighborsRegressor

model = KNeighborsRegressor(n_neighbors=3)
model.fit(X, y)

Outline

k-Nearest Neighbors

Support Vector Machines

Decision Trees

Ensemble Learning and Random Forests
Exercises

L
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support Vector Machine (SVM) {b

M\L“- i

. Very powerful and versatile Machine Learning model, capable of
performing linear or nonlinear classification, regression, and outlier
detection.

. Well suited for classification of complex but small- or medium-sized
datasets.

» SVM glveséarge margin classmcatlor’q ? (‘\/ e DY)
20 ‘i‘— _f.\ -

15

£

20
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Petal width
v
o

]
!

!
1
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4
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,A!/ ’/2 a\’l f O\ﬂ C(a_&f ?—-I'c,m <klecr.Sum I'*Poﬂ. \)’\CWS‘JC
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sve-\near < \\h:orSVCL)
linear SVM Classification-\.. ... Riv (X -Maim, ¥ 2 im )

3 Wi to 20 Featule sele ¥ Y-Pled = suc \‘W‘Q&J“"(x rest )

' The decision boundary is fully determined by thwd
on the edge. These instances are called the support vectors.
* SVMs are sensitive to the feature scales. b
A(sa““d[;ﬂ;‘ Ll el s M)l ) O8%) UL 2%
(\&mw) S&('“‘j J._sl pou

Scaled _

Unscaled
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Soft Margin Classification
. pl( '-Aslan(CS Must be off Hee sHeg/ Qow Hee Cotled” suge

. Hard margin classification cannot handle linearly inseparable class
and is sensitive to outliers.

S’-ﬁﬂohl.
20 “om\ oy A

Ve
2.0 p—r C)tRf‘X- May?in A %
Outlier | SRR / ",
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poundety Soft margin classification finds a balance between keeping the

margin as large as possible and limiting the margin vuolatlons
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\|-.o\o\-\0ﬁ'> o” _).‘!)QADLP‘V(‘?"T;\ ‘QQ C,"“SSII'KA:.L"_A Mu"_" Z/ C=100
") 15[ VeViginica A N
G— Lé\ * 52'5 L :r;j\lrf?slc:;r Faaa 4 LA
Bt s[5 ""';rt-f--*i.:;.‘-,_‘,_
RS e TR £ vt
e wps s gede T TRSITS
\I\U\G\\::)‘;Z:. 4.00 425 4.50 47:et65”0e0ngt;15 5.50 57! 600 400 425 450 47:et:||°:ngt;25 550 5.75 5.00
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Iris Dataset

* A famous dataset that contains
the sepal and petal length and
width of 150 iris flowers of
three different species: Setosa,
Versicolor, and Virginica.

Virginica

>>> from sklearn import datasets

>>> iris = datasets.load_iris()

>»> list(iris.keys())

['data', 'target', 'target_names', 'DESCR', 'feature_names', 'filename']

[f we want to use SVM then we
must scale the data

SVM Classification Example

from sklearn.datasets import load iris

from sklearn.pipeline import make_pipeline

from sklearn.preprocessing import StandardScaler

from sklearn.svm import LinearSVC

colugms JI elowl

iris = load_iris(as_frame=True)

b iris.data[(["petal length (cm)", "petal width (cm)"]].values
‘ == 2 # s virgipica

Y (iris.target ) Iris virgi gihaveS Iabels, (0’1,2)

svm_clf = make_pipeéfgé(StandardScaler(),

LinearsSVC(C=1, random_state=42))
svm_clf.fit(X, y) C=1=> Soft

>>> X new = [[5.5, 1.7), [5.0, 1.5]]
>>> svm_clf.predict (X_new)
array ([ True, False])

nnu

>>> svm_clf.decision_function (X new)
array ([ 0.66163411, -0.22036063])

poly_kernel_svm_clf.fit(X, y)
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Nonlinear SVM Classification
linearly 95 Lo Gladl Ol yo

b3 Joxi juin b G separable
* Some dataset are not linearly separable vasy o Blol Juod udiune

* Adding more features such as polynomial features can making the
function linearly separable X172 lolilasd X1 (wo Cl8

164 8 .

= :
- - - - -------r- Lidiand

0 2 2
-4 =3 =2 =1 © 31 2 3 & -4 =3 =2 -1 0 1 2 3 a
x X3
14
e duili classes Josiuwi (Sow gl

. . . curve g% lgg=9 linear SVC JI
Nonlinear SVM Classification

1.5
fro
fro 1.0 i
X, ! State=42)
0.5
pol; X2
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Nonlinear SVM Classification

a—

hékernel

» The SVM class supports nonlinear classification using t

i
option _———-—_\l) Cantrols how much the model o I
o ) influenced by high-degfee Zolynomla s
rom sklearn.svm inpor@ versus low-degré
poly_kernel_svm_clf = Pipeline([ ° l
("scaler”, StandardSca% m 1 c=5))
("svm_clf", svc(kernel=poly™,{degree=3 coifO— 2
poly_kernel_svm_clf.fit(X, y)
Senilin. & . d=3r=1.C=5 - d=10.7=100.C=5
10f l.“..;-'.'l A\ | ¢ o 1.7 S '.’:..'."'J' {3 :
“')(-wb - 0s o :.f'-, ) ! 03 u..."' -" :
s las % e X2 :-" AT e ta o X2 :l.- . snol . SR
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Gaussian Radial Basis Function - RBY fonchion

- Owanp, etah(es Canpd » L‘LL i )cml Mo %S -
8,50 = exp -y x-2 |?)

* The Gaussian RBF can be used to find similarity features (x, and x,)
of the one-dimensional dataset with two landmarks to it at X = -23
and x, =1

I Wsp
dava %—\5 , Linearly separable j

1.0

L X3°‘°
04

Similarity

029 -

0.0
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Gaussian RBF Kernel

. |s popular with SVM to solve nonlinear problems.
rbf_kernel_svm_clf = Pipeline([
("scaler", StandardSca:F;iQ%,
("svm_clf", svC(kernel"rbf" ,\gamma= ) C=0.001))
D LY s

rbf_kernel_svm_clf.fit(X, y)

« Transforms a training set with minstances and nfeatures to m
instances and /m features.

. gamma and C are used for_regularization with smaller values.

— —
L\M\mm& foke
16
. of vedod
A IW”‘L‘T - C/l Qe
Gaussian RBF K I
\
&A,\,b C) »% T—T y=0.1,C=0.001 - y=0.1,C=1000
“\ 0 ; - : .," 3 ..
- 1.0 . a 104 5 Byl s A g
> R AOEE S S i AU R A
Xzo's B ..l.- ‘A -I'.l 44 X2°'5 l'l.- ; ‘: " oan " f»; 42
uy = % e Y Db SRR WS Sl ca mw Nt A NS 5N Wk
0.0 -: ‘tk:l': .'i‘.“ﬂf, 7 00l = "= t A i "';‘4{.*;
0.5 {5 oIS B ,__:«“‘ ‘ :“» :“i A -0.5 l“ ,v:‘l‘:a.ﬁl L
“10T10 05 00 05 10 15 20 25 “105 10 05 00 05 10 15 20 25
X1 X1
y=5,C=0.001 y=5,C=1000
15 —— oo 13 ,
10 ot ;. o i 104" = '_‘._- "
o IOl ALY X 7% 50 i S
X2°'s 'f.- ) ‘A‘ A. ;‘.:.l.-r‘ 4 A X!o' '{.-. § :: A l:l I P
sl b sd hpd W et PR kTS
l . —os8 ,'\:‘., ...é.;."*"i"“‘ { "A“;“‘"t:ﬂ apenl a08 i 4 3--1--“.-79‘;-“‘“‘..:24 it
A -1.0 L"—‘ ‘0—-—“‘.———«‘-—-—“"""——'—:—’;“ 2 =1.0 t-- . ' * + - — r |
(J ., O iTs65 oo 05 10 15 20\23  T-ls -0 -05 00 05 10 15 20 23
e s1em X1 X Xy
bwrgja(fc_s N non—,e('n&/‘ 7

ke/n
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Linear SVM Regression - o«f (cout values)
Moo i e u‘.c) as da(s.{,lzf 4 as (c\cs(gbol‘ :

* Fits as many instances as possible on the margin while limiting margj,

violations. The width of the street is controlled by a hyperparameter

€.
— from sklearn.svm import LinearSVR

svm_reg = LinearSVR(epsilon=1.5)
svm_reg.fit(X, y)

"-A;Jl\,m

" 15 20 .
X1 7. o \,gu !

18

C‘C‘SS»&‘((A\/\ILM )\ (_)'i [ V-r\m%m\)l

sve— classifrer
6\} Q —_ (%(‘ESSDFA

Nonlinear SVM Regression

from sklearn.svm import SVR

svm_poly_reg = SVR(kernel="poly", degree=2, C=100, epsilon=0.1)
\ess . svm_poly_reg.fit(X, y)

£ D wmele

1.0 dEQree = 2, C= 109 e=0.1 e degree - 2,@6 =0.1 \)"O]c‘l.,',ﬁ

NioVaky as

O —

: (X (\ S
Qo JF W

@“ y0.6 1

) | 04{|@
) \)‘ 'a

AC\‘S(C( )( 0.2 4

bt gl TRy
-1.0 -0.5 0.0 05 0.0 : e
P el X1 10 '=i8 o5 o — 4
] -~ X 19

b ey S oWl \\y ;

Yl N

x?f 4 j Coxp ST 20 oeve s s

o W ; o=} i
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1 'C‘,\oSX‘\W_
SVM Conclusion —— <« s s @ e

-

» The LinearsSVC has complexity of O{m x n).
#o¥ Qal“fée‘r

« The SVC time complexity is usually between O{m? x }:)and P x n).
ot sm{’l%é)

e This algorithm i's perfect for complex but small or medium training
sets. However, it scales well with the number of features.

SUes L..J/D(J{-S)?\.
=\

P Teonk exi*

20

Outline

k-Nearest Neighbors
Support Vector Machines

Decision Trees
Ensemble Learning and Random Forests

Exercises

Bos W e

21
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C 10.85\‘ e \-;LV

Decision Trees < e

* Decision Trees are versatile Machine Learning algorithms that can

perform both classification and regression tasks, and even
multioutput tasks. -

* They are very powerful algorithms, capable of fitting complex
datasets. —

from sklearn.datasets import load iris

from sklearn.tree import DecisionTreeClassifier

iris = Toad_iris() —> \vs 2

X = iris.data[:, 2:] # petal length and width
y = iris.target — dbels -

Gree_clf = DecisionTreeClassifier(max_depth=2)-
ree_clf fit(X, y)

Yopled = vlee _cdR.pledicy (X-test)

¢ Qo.g
““'”P'S“'"Pks Class | 52 5

n

e s A S
()e ld;_.{)(o G 3“"‘ =4 \‘(%;E;)' %"’;>'kﬁ:5 a

tobal nia. <F Sawples -

I 158N i wBY 68 )
elenenys /’m 4 N
o) Clag = -(,_._..p"d.l =& e

Visualizing a Decision Tree )

]
S5 \ {Y\P \A(I\-‘Q MS“({

petal length (cm) <=2.45

inl = 0.667 -
a5
value = [50, 50, 50)
class = setosa™

from sklearn.tree import export_graphviz

Lxport, graphviz(

tree_clf,
out_file=image_path("iris_tree.dot"), True False
feature_names=iris,feature_names[2:],

class_names=iris,target_names,
rounded=True,
filled=True

| \ R ¥
) 59 l‘@"’("'eﬂUQ()Q

[0 7/ X

"\ [ petal width (cm) <= 1.75 ) - New

: gini = 0.5 e
samples = 100 Condibium

value = [0, 50, 50]

class = versicolor

30
ginl=0.168 .7 (i gini=0.043
g% samples =54 | | samples=46..
— 5., valuo=[0,49,5) | fvalue={0.1, 48]
\- 45 5 class = varsicolor) | class = virginica
<10 Depth=0 J
. : EP s 229
0.5 P {Dupthe2); > max \
o5 X 25343 o \ ':E d;! | ?&{’Jm:.) ] C‘TL\\
0 1 2 : i =
/U7 -2
e e, OB Gy, | Zs
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min_samples_split=> min Sam..l:max de th:None/,\Je&Mw
e
K

min_weight_fr‘actio”’l

- “wacs_j ~
max_leaf_nodes=None ,va? max_featuressNore, '
e ———,,, ‘emm— CS af
\‘J' oY %&_ | \/) 5280,
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= a7

. . /‘Q.
Decision Trees Regression . © prdics.
: ) H&.(ca_mx < Mecn _Sch.(uJ,_

from sklearn.tree import DecisionTreeRegressor e (‘(-Rs\v Y-¢fed)
tree_reg = DecisionTreeRegressor(max_depth:Z) CmSeznp.Sqrn () )

tree_reg.fit(X, y) !fv«%e)

/‘-"‘—_’—‘——Vh‘ “--»\\\
max_depth=2 e - max_depth=3
H —— : . P |
i A o i P
%) . (oo Deptri=1 I Y A k
1", Depth=0 b osd " h°,
o7 ’ Depth=2
i M 04
: ?“ : ‘ o 0 . 2 . ,,
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::'. ];‘.fj: ;- 0.0 :':0. ‘a, A ¢
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o
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Outline

1. k-Nearest Neighbors N
[ R 2 us

2. Support Vector Machines dﬁss\&::: "l

3. Decision Trees ///—> dec
J )0 Mee ges

4. Ensemble Learning and Random Forests

L ¥

[ 10" ise Sub

5. Exercises
SN S ’o@)5 r@ﬁ})
B2 25 mode ‘3’;5?9»{‘ o V_.;é)j‘{;’»t)'dS
Cagm e s PeRleng g
d"g'&y‘“’f;’dd?;'/]% >3 Mi?% i ot
megority ' a2l o ,{)},)b ? e - w;Q; & :

; [&/’»9\9 Q}’%’)’?d)‘
Ensemble Learning and Random Forests

* Agroup of predictors jg called an ensemble

* You can train 3
8roup of Decision Tre ifi
random subset of the trajnin g set ¢ classifiers, each on a differen

* To make predict i
: I0ns, obtain the Predictions of all individual trees
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yoting Classifigyg

SN Sshay verrgoenln, wee ko Ls > o K
1fi H Classs s
L i Ao gy
pett€l tct! 7 BUessing) the ar-NINg it dogs only slightly
(achle)ﬂn_gﬂg%y)- € Ensemble can be

a strong learner
Ensemble’s Prediction l\afﬂ UD-H“ 3
(eg., Majority vote)
Yoo L
® S e

Predictions W«}‘ e e

Diverse
predictors

3

SR e
%) & o5l yo.ly Q.S’ _?ao.L}
2.

CCample e Lz, 08)
a G\ L9, 4] o
Scikit-Learn Voting Classifier 1/2

\‘4 O/J UL‘F\'r\ Jaas U’-Qu
- S classifids
from sklearn.ensemble import RandonForestClassifier
from sklearn.ensemble import VotingClassifier

from sklearn.linear_model import LogisticRegression
from sklearn.svnm import SVC

PLY = 0%y 049408 > o6,

kS
P(I\) \S \A\Lﬁ\’e-{‘ SN

—_—

AP ISV N CRE IR
Q{d.:_é,o Clc\SS\‘-\q5 d-',as

rnd_clf = RandomForestClassifier()
svm_clf = svc()

log_clf = LogisticRegression() 3

voting_clf = VotingClassifier( '
estimators=[('1r', log_clf), ('rf', rnd_clf), ('svc', svm_c1f)],
voting='hard') & voting="soft' predict the class with the

voting_clf.fit(X_train, y_train) highest class probability
i Sl -)\; e Y — \3 ) >y ‘Tﬂ
/ \5\\\»(3")\ ) ‘;5\)\ ';19\ \-_l \ J\_}Dl) % JL\)‘ &a“‘ .
(’ DY " 5 GV PP
0\ g 7 Clasilder |
. UPU_/“)J"f o
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Scikit-Learn Voting Classifier 2/2

%aQ\- \)C/\*l.'\%____, oL Prat. OIS
'495 ary s vkl By J

>>> from sklearn.metrics import accuracy_score.
s>> for clf in (log_clf, rnd_clf, svm_clf, voting_clf):

- A clf. fit(X_train, y_train)
}J\SE;’ von y_pred = clf.predict(X_test)
print(clf.__class__.__name__,

LogisticRegression 0.864
RandomForestClassifier 0.896
SVC 0.888

Votingcligsifier 0.904

e e
o 13 ) e | o
[T

Samplt DV ST o
el e

accuracy_score(y_test, y pred))

=

s,
= (s

wen Mele thas ende O \le Sane C(QSYI'E"E,\

s G P2
Libien B ') e ®

Wik feplacements
\ r
~Bagging and Pasting o= clululiu
' St I fLis (4~L4 (}:L‘_‘-I s ‘<})
azi~ o Use the same training algorithm for every predictor, but train fhem

£ | ondifferent random subsets of the training set.

. Wherj sampling is performeéLwith replacemenﬂthis method is called
bagging (short for bootstrap aggregating).

» When sampling is performed Without repla it
pasting. ‘\‘L P Cenﬂ} it is called

H \Th'?' agg;egation' funqtion is the most frequent prediction (hard
oting) for classification, or the average for regression.

b“c‘Bi“&—’ Sl fipbanedd ¢

chssifier o1 I‘awﬂmaj 4 \0,000 Lsg) ’:‘M"?z/)

Tow
fashind \javfzﬁ(,q;g ,[;5.L),3);)| L2 Tows )u";
% ,-,y——ﬁ-\‘?l\ - L‘ ")\
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Bagging and Pasting

from sklearn.ensemble import BaggingClassifier
from sklearn.tree import DecisionTreeClassifier

bag_clf = BaggingClassifier( =0 o, A decision Hee C‘ass&—\ws
DecisionTreeClassifier(), n_estimators=500,
max_samples=100, (pw n_jobs=-1)

bag_clf.fit(X_train, y_train)

y_pred = bag_clf.predict(X_test)

with replacement and
use all available cores

Q

onla |\ — ;i
1.;“\ — . Decision Tree

1] %

0.5

X2 X2
0.0 0.0 % }‘t"c
-05 -0.5 (3"%-./(4
105 10 o5 00 o5 10 1s 20 25 %5 1o —05 00 05 1o 1s 20 25
X1 X 32
OJVPIH_,,)
s R oa? e oyl
(e s 2t
Random Forests %« e | |
ve? \9‘53'57\ Ve ;

* An ensemble of Decision Trees trained via the bagging with
max_samples set to the size of the training set, and choosing the best
random splits.

from sklearn.ensemble import RandomForestClassifier

rnd_clf = RandonForestClassifier(n_estimators=500, max_leaf nodes=16, n_jobs=-1)
rnd_clf.fit(X_train, y_train)

y-pred_rf = rnd_clf.predict(X_test)
S ' ).,
I ——— i . v
bag_c1f = BaggingClassifier( r’
DecisionTreeClassifier(splitter="random", max_leaf_nodes=16),
n_estimators=500, max_samples=1.0, bootstrap=True, n_jobs=-1) "
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Outline

k-Nearest Neighbors

Support Vector Machines

Decision Trees

Ensemble Learning and Random Forests

Gos oW

Exercises

Exercises

1. Train'an SVM clg;sifier on the MNIST dataset. Since SVM classifiers
are bmgry classifiers, you will need to use one-versus-all to classify
all 10 digits. You may want to tune the hyperparameters using smal

valid;;ion sets to speed up the process. What accuracy can you
reach?
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Exercises

7. Train and fine-tune a Decision Tree for the moons dataset.
a) Generate @ moons dataset using make_moons(n_samples=10000,
noise=0.4).
b) Splitit into a training set and a test set using train_test_split().

¢) Use grid search with cross-validation (with the help of the GridSearchCV class)
to find good hyperparameter values for a DecisionTreeClassifier. Hint: try
various values for max_leaf_nodes.

d) Train it on the full training set using these hyperparameters, and measure your
model’s performance on the test set. You should get roughly 85% to 87%
accuracy.

Exercises

3. Load the MNIST data and split it into a training set, a validation set,
and a test set (e.g., use 50,000 instances for training, 10,000 for
validation, and 10,000 for testing). Then train various classifiers,
such as a Random Forest classifier, an Extra-Trees classifier, and an
SVM. Next, try to combine them into an ensemble that
outperforms them all on the validation set, using a soft or hard
voting classifier. Once you have found one, try it on the test set.
How much better does it perform compared to the individual

classifiers?

37

Scanned with CamScanner


https://v3.camscanner.com/user/download

Summary

k-Nearest Neighbors

Support Vector Machines

Decision Trees

Ensemble Learning and Random Forests
Exercises

s WS

w_p_ervised Learning and
Clustering

Prof. Gheith Abandah
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O'REILLY" *&.‘:32% *
Hands-On % |
Reference Machine Learning
with Scikit-Learn,
Keras & TensorFlow |

Concepts, Tools, and Techniques
to Build Intelligent Systems

. Chapter 8: Dimensionality Reduction
. Chapter 9: Unsupervised Learning Techniques

« Aurélien Géron, Hands-On Machine Learning with Scikit-Learn,
Keras and TensorFlow, O'Reilly, 2nd Edition, 2019

« Material: https://github.com/ageron/handson-ml2

——
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Projection and Manifold D Pres
* Principal Component Analysis (PCA)—> v&ed wren Seta s alo.

.. - Ao B
. . W D\ s \\J" Mo PCR f '
Unsu ervised Learnmg Veor :\( ’ 31 s Bast Wiy
olionCe
* Clustering N Se
20 \oss el v
* K-Means e -

* DBSCAN

* Gaussian Mixtures and Anomaly Detection
" Exercises
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Dimensionality Reduction

* Many Machine Learning problems involve thousands or even ml”lons
of features for each training instance.

« All these features make training extremely slow and make it much
harder to find a good solution.

« This problem is often referred to as the curse of dimensionality.

« Dimensionality reduction approaches

~— Drop not useful features

~~— (2} Merge correlated features
G, Projection and manifold

(G» Transform features
.—’_——’—\._

434 (Jo & L el )Y 5 I8 158 5> LA 9 MASE JL 3.
J‘p‘(}b 2l W{‘*ﬁ)l/}*@'d‘gw’

Projection and Manifold P O Lk

‘B""YASN.A \)““ <)
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Projection an Manifold *>— v

sl i
WSSl -\ c
(RN .(‘\\_-—Nr\; \—4' e E:g,].u{e.g.

T Simply projecting onto a plane may not

s give better solution. e
| Projecting to a proper manifold is better.

el i
i WS 2 ) [“‘w? = S

X3
L ]

* The decision boundary may not
always be simpler with lower
dimensions.
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(Principal Component Analysis (PCA)

Reigdinlgonys 1 5 poes0 s » |

A Ned ?‘Qal-u(c_r ale

* |s the most popular €\ 4-Co v e U
a-lrme_ﬂ.Si_O_D_a”f—y reduction TOlLes,, &/‘oj e aa gy |
algorithm. sl |
—_— W C_i ,Cz T | T !

* First it identifies the hyperplane  wof- ™ -, N S‘J
that lies closest to the data, and = osf~ g 2% L ‘
then it projects the data onto it. x| ¢ = ; B 1

(* PCA identifies the axis that

accounts for the largest amount = -

L.,_ of variance in the training set.

Then it finds the next
orthogonal-axes_that accounts
for the largest amount of

~— remaining variance.

1) 3 Feako) 6 oo Ls B g
- (s frabite QL) . e arianet o)) ‘
) ” Co Uy C( Cp sl

CidSosss 0y d;\;(\s@ Sopas Oy g WS

P”"C"Fa\ Comnforent- /.
. s s 1 ]ad -
Principal Component Analysis (PCA) ¢ .-
9(0’:@”&’9 O™
 Use PCA to reduce the from sklearn.decompositi_c:n'_;‘rhnpor_“c1!2A .
dimensionality of the dataset pca = PCA(n_components™ = 2)
down to two dimensions. e X2D = pca.fit_transform(X) |
VAN S, o . S5 L) -
* Instead of specifying the number?’ 4% &20,8 AP @,

- . = PCA(n_components=0.95)
of principal components you > ,P<® - :
: : 4 H J p‘ca .fit_transform (X_train)

want to preserve, you can set ¢/ X_reduced = Ak skinin

n_components to be a float : ik m
between @.0 and 1.9, indicating
the ratio of variance you wish to

preserve. 5 )3)"

e

|
I
|

Explained Variance
o
5y

S0 100 150 200 250 300 350 4
Dimensions
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Outline

. Dimensionality Reduction
« Projection anc | Manifold
+ Pr mupal Component Analysis (PCA)

» Unsupervised Learning
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 Gaussian Mixtures and /\nomﬂv Detection

£
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u

Clustering'

« The task of identifying similar instances and assigning them to
clusters, i.e., groups of similar instances.

= o X7
« Classification (left) versus clustering (right

QG #f wsem | wha ] e
204l ® lrls-Verslcolorl ubdy X 4 ORI
U1 1 ) "
‘_C_‘ I.._:..‘ lﬂ%yt_g_l_rﬂ?f_j “AA‘A . n:: Sosen v
o - A e . .
: i G
‘3 1 0 . .. LN ] ..'“
o
05{ ,.e, N
o ithe o sosese &
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Petal length . Petal length
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Clustering Applications

52w RP i) J‘M%
\,duu’-“’r
» Customer segmentation: useful for recommender systems.

. Data analysis: discover clusters of similar instances as it is often
easier to analyze clusters separately.

. Dimensionality reduction: find affinity features to the found clusters

. Anomaly detection: any instance that has a low affinity to all the
clusters is likely to be an anomaly.

. Semi-supervised learning: perform clustering and propagate the
labels to all the instances in the same cluster. V24

. . D Y E(,S -' N
+ Search engines for images pd)vezsyzegs st/ = P ; jfslv
« Image segmentation——___ 5 J~ “";d—@'—f‘f—":’fﬂ‘“”f@ .
a—— e N i R 3
e #8550
\rf‘,s A‘J'L-Jn\:’:? /Y \ AQ | \
D}%’J_: —> Scre — ™3 Mdn ¢ Perkon Salg 4 Canble. pin,
& =
b Gy ) G ol 77 DN
iy A {‘L’H\L ~ 2
) ({\k\‘ e.\w s mnmallv randomly) @
. T3 (e R TS N NN u_ : 1 @l o ,
K.Means .| Mo i | s :-.-.-.--,. A SRR 230

sople g1 ey Ut o "ol g EIS ST
. C@J.J'{/‘ d\:) 25 7 v Ty = ;.:, g 7
* Quick and efficient

algorithm

104 °

+ Scale before k- b
clustering

* Need to specify the
number of clusters

Y\;/\ o A Sy e J1 P2
v L
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Seefe 3 nkelia

K-Means

SRR 18>

* Cluster to.5 clusters

30

25

X2
20

151

10

P
X

-2

(o7t clustr '3 X )l“"f"""ds)

S

from sklearn.cluster import KMeans

k=5
kmeans = KMeans (n_clusters=k)
y_pred = kmeans.fit_predict(X)
y_pred

«voey 2’ 1) e]’
dtype=int32)

# Hard clustering: SAwterd  clushyy

?
X_new = np.array([[©, 2], [-3, 3]
P .
kmeans.predict (X_new)
array([1, 2], dtype=int32)

array([4, 0, 1,

Can be a dimensionality reduction
technique.

1
Xy

-3 -2

kmeans.cluster_centers_

array([[-2.80389616, 1.80117999],
[ ©.20876306, 2.25551336],
[-2.79290307, 2.79641063],
[-1.46679593, 2.28585348],
[-2.80037642, 1.30082566]])

6222%222>\\\J// aSumﬂ?ds“”aﬂ“ﬂ

S5duster Cﬂhﬂf/&
# Soft cLustertng, a score per
# cluster:
kmeans.transf rm(X_new ;
array([[2.81093633,(0.32995317

2.9042344 , 1.49439034,
2.88633901],
sto [ [1.21475352, 3.29399768,

!

als;, /T 8.29040966,71. 69136631,
is - “— 1.71086031])
B C?us J
u&"é =y
. *

’
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K-Means- Centroid Initialization

5 cluster centers "user defined"

o low clustring JI dulec
« User Defined Initial values - gdla,

good_init = np.array([[-3, 3], [-3, 2], [-3, 1], [-

low Lo
(o2
1, 2], [, 2]))

kmeans = KMeans(n clusters=5, init=qgood init, n_init=1)

* Random Initialization \J
« Randomly initialize centroids ¥ 0955 Lol 180> )0 &)=l d-“v
* Repeat experiment n_init times @ e Ayl Josy Mio

* Select the model with lower inertia (Minimum mean diastance

walizw initialization

between the instances and the centroids) I @8 Lusoll @Sg led A K

>>> kmeans.inertia_ ol jass Hline lellikog
g , 211.59853725816856  |Ig dlnds S o ddluwall (score)

Ju28l 650 U8l diaud CilS Lo JS a9 lgiky) I cluster center
K-Means

* It is important to specify the e
right number of clusters k. NG

* Inertia is not a good
performance measure because |t
is getting lower as we increase k.

1200
3000 O)bo a9 61 5 009 5 4 o
o 800 improvement Jlg dld OMasill
§ wo Bbow  uio 4l 5 USod oSaad a8 U9
o /
200 4 a e
ol 2 3 4 5 6 7 8
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a 0553 Lo § 1 lino gl Sas ol
Soluwi gl b Jb &lée lax alls

K-Means
JUI-)
JI S = zuall el Hosiy (S
. ‘ 5 ; o8 a8 cluster JI yumah samples
« Find k that gives highest mean silhouette coefficient. astus s clusters Jl 5ls
b—a
max(a, b)
 a: the mean distance to the instances in the same cluster
 b: the mean distance to the instances in the next closest clutser

» The score is between -1 and 1

Silhoutte coefficient =

e700
¢ o6rss
from sklearn.metrics import ;::s:]l
silhouette_score ;“‘," .
silhouette_score(X, kmeans.labels_) ewl — >
0.655517642572828 '
K-Means

| & "

| %,1 ; - m -
- l i

‘- 1e )

|

|

T
i :
2 :
' :
L ——
[ e . e. e T o8 8

The 0o iy e v ]

Figure 9-10. Analyzimg the sihouctte diagrams for various ;;a"m}‘ i

b L)
L 1
L X
21
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[ DBSL‘AN

b gS clusgters) ysie C\L>,;_’>\n
'x J)""‘ s
.’Tur./ o —P\ = L E LUS\&V) JZJ % S

. Defines clusters asms
regions of high density.

+ Works well if all the clusters are

separated by low-density
regions.

* Behaves well when the clusters
have varying sizes or non-
spherical shapes.

Vo o | Can detect anomalies

dense enough, and they are well

\J \ 0\,0 (,\5""5\\' .
\\/\ 6“ ’b
dcn')\\s

19 & s,ld51 8 /“‘3"’4"“’Z "” ﬁw

4

:D&sC/)N s E\s\‘eﬂ e g

* Algorithm HmEuAS i

* For each instance, counts how many K
instances are located within asmall ‘
distance e-neighborhood. c ad<ud=u. |

[ If an instance has at least min_samples |

instances in its e-neighborhood, then it is ill
considered a core instance. |

« All instances ifrthe neighborhood of a core \
instance belong to the same cluster. This *
may include other core instances; \
therefore, a long sequence of neighboring
core instances forms a single cluster.

* Any instance that is not a core instance and
does not have one in its neighborhood is
considered an anomaly (<1). 2 €'S\ ¢ nune

T
if’u"b Cofe UV Tl oD S\, i
g 2wl P05 AT L C\ig)'jiﬂ 5)

TN~~~
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aJlgs @
51y dwior )0 A i) P
/(1 z d“s‘f/ Le/! 09&5
custen M\beﬂ
Kk
'\L.
\ )5\,«) IN‘&. from sklearn.cluster import DBSCy.
\?\’ s ~ * from sklearn.datasets import
i > * Cluster the moons dataset make_noy,
y =,
- X, y = make_moons(n_samples=10ep
{_eps= 0.05, n:m sa:nqples?) eps0.0.min_sa les=5 . nojse:a'gz)e

dbscan = DBSCAN(eps=0.2,
min_samples=5)

1o )}'K‘ ‘
0.0 32.} ; vy *
. % ’iig T N | dbscan. fit(X)
=) 0 1 2 -1 0 -‘1 . 2 1
1 ® : L-) Le Sle

7 chudhes \4 2 Clu-ers w»hg §'

(=d x{ = C\ma\és

b

-0 .
P s ST L\ &
€ 4 @

DBSCAN _ |

Aot M —{)lvad- C)

* DBSCAN class does not have a pl"edlct() method.
~—=Lan use other classifiers.

e Sy

(% Cleg Wﬁ%%/’“"
“d;‘; (qﬂgv\PQf\u\w\ \Qlfw\ﬁt “

'From sklearn ne1ghbors import KNeighborsClasszfler

knn = KNeighborsClassifier() sw«"@@‘}‘ \k\g eV Q&J

knn.fit(dbscan.components_, dbscan labels _[dbscan.core_sample_indices_])
X_new = np.array([[-0.5, 0], [0, o. 5], [1, -0.1], [2, 1]])/% non \ieer

(..[1.4

knn.predict(X_new) RE isson
arraﬂy([}/, e, 1, @]) boundery-
) ¥ )
C\Ser™
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l)\l'“'c(J 1y C}') Lw

il LB

Neural Networks
, (JE le) 2 jo

Doatufts” extackion

Prof. Gheith Abandah
OREILLY’ Q:
Hands-On '
Reference Machine Learniny,
with Scikit-Lean,
Keras & Tensorflor

Concepts, Tools, and Techniques
ta Build Inteffigent Systems

* Chapter 10: Introduction to Artificial Neural
Networks with Keras

AyrblenG¥?

——

s et e e e

* Aurélien Géron, Hands-On Machine Learning with Scikit-Lea
Keras and TensorFlow, O'Reilly, 2nd Edition, 2019
* Material: https://github.com/ageron/handson-m[2
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ntroduction

uTube Video: But what *js*
10 5™a Neural Network?from 38lue1Brown

https://voutu.be/aircAruvnKk

Outline

. Introduction

. The perceptron

. Multi-layer perceptron (MLP)
. Regression MLPs

. Classification MLPs

(e B N SS a
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1. Introduction

Telodendria

* Artificial neural networks
(ANNs) are inspired by the
brain’s architecture.

. Dk
* First suggested in 1943. Is now -
flourishing due to the availability main /A t:
of: Mitochondrion S
)

* Data
* Computing power
* Better algorithms

Nucleus

Dendritic branches

S

2. The Perceptron/g-c o> SR P B oS0 s

"‘—-—'--

* The Perceptron is a simple ANN, Linear threshold unit (LTU)
invented in 1957 and can perform

linear binary classification or  aghvelis
regression. Audion

Output: h,(x) = step(w'.x)

(AU ey o
Step function: step(z)

Weighted sum; z = w' x

& u = Xywhi + X w2 +Xj W3

£ ¢ <050

sum 70 o 1 Weights

* Comm ion:
on step functlon.,m &L:’Q dom CZFJ Jim Am;:i X;  Inputs
0if z<0 ~lifz<o
1if 230 %N (2)=10 if z=0
+lif 250

Z_} ounoHuel c\c}{w‘ﬂ{aw fu,uﬁ'ﬂ. 5

heaviside (z) = (

V/ )
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] The Perceptron

the Perceptron has an input Outputs
w}ejwithgj_is and output layer,

. H . 0]
,with multiple output nodes, it weghy L, ) LTU +v- ) Ia;teriut
can perform multiclass . N -
“ . . bplp -
dassification. Bias Neuron " % Input
'Hebbian ]earning “Cells that fire (always;outputs 1) . ) ! layer
h - #\ - ’ >\ ) .
together, wire together. 1 S 125 ¢ Input Neuron
- @‘@’M (passthrough) % X,
T e Inputs
(next step) _ N
W. . =W, .+ Jo— D)y '
> g - ”()} }’)A' Bl - wa'&”}uts i i fao,
)il /:é , \&A(g;na (;4\.(_‘ . ()‘f’) ole neuﬂw'd__(,'
sV ¢ S 27D S
3 Ny : . s ;
Q‘ V/‘?)Jf ( - y w{av\/ 2 ,;})L"A&.; -VLCU-(W"i _) X«z d V\)&aw‘ d » Uﬁ% 93/ ‘g

D { : Y- OM.J?!\M' O‘ Af—7 2 V\&}.fow U__S N
/udgw (/flv 9w %L)h/'g)??vﬁ Lodutss () ,\,ﬂas?(_zzc 7+

2. The Perceptron

» Scikit-Learn provi rceptron cl
provides a Percep ass. shleamn Q) i Lyle o

import numpy as np V\ax«,p J -
from sklearn.datasets import load_iris metvor
- from sklearn.linear_model import Perceptron W) \;./Q«n\

iris = load_tris() Lo feppasinsd

X = iris.data[:, (2, 3)] # petal length, petal width M ?P,O«'l“D'
y = (iris.target == 0).astype(np.int) # Iris Setosa?

per_clf = Percegtron(random_state=42)
per_clf.fit(X, y)

y_pred = per_clf.predict([[z, 0.5]])
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B3, g Halerats el medd & M1 o ©

2. tron “5 4 A7
The Percep B

30!
* The perceptron cannot solve non-linear problems such as @i xgz
problem.

* The Multi-Layer Perceptron (MLP) can.

X, ng |F
o o0 ©
o ) |
- |
q \ \ S
) %
Ha Br ol
Oeru ‘Q
Bius . ,:
h 4 AR :
* B =
" *éuldx—o*( i, lop
\ ' »
X
L

Y: S Q\X\* lexl

\ e)u

Outline
e
01/
%

=

Introduction —~
The perceptron

Multi-layer perceptron (MLP)
Regression MLPs
Classification MLPs

S
s WS e
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3. Multi-Layer Perceptron (MLP)

V‘nmps (mp ul-al) w(j ?c.mk/-

» An MLP is composed of a (pass-

through) input layer, one or 1 Output
more layers of LTUs, called ! layer
hidden layers, and a final layer
of LTUs called the output layer. ™, Hidden
~When an ANN has two or more L/ layer
Ez\ilddn ers, it is called 3 @
eural network (DNN).  Input
'y
onpd 3 W‘l”l“‘d‘ " 50 l5e.00e. =
P o»J’nJ—_b 5.0+ wpt L XX J
. \@V netl/en- Uﬁ‘c"L’ ’
w,ﬁaﬂ&w s 27 - fa}:ﬂs wsyls P

nese™ )8 e (JP 30 ;?cw/’m.dg- a"(jes J s u)ff'a"""s J s .
\g WY \Qf'da"“s gt urentelis )15 i 5

3. Multi-Layer Perceptron (MLP)

\\JC( LGL\\S _/‘ q:d~ 96“”J

-
* Trained using the by /‘wzf““\ 'L%;G/
backpropagation training " """l’l‘;‘]'f*f?fh[w] St &

algorithm.

* For each training instance the
algorithm first makes a prediction
d pass), measures the

* then goes through each layer in
reverse to measure the error
_contribution from each connection

(reverse pass),

* and finally slightly tweaks the

w
connection weights to reduce the deTm‘ d:{, dela . deln
n b{o] B} 4 h2) ¢ out ¢
error (Gradient Descent step).
i e o=l

/94955

' &"a/j Pass ol Wof’ﬂa)“‘wf—l v \*’F»\Q t O«Af«@- (h ﬁ'nﬂ p,(gj
u!(cﬁlafs J I Y Rress .'anﬁéﬁ!n lcjl ?‘:,3 D (93, .
Ladc?@?ﬂq}"% — "\)65’»}; dai-_)jv LS J)s )y,
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b QC’C%P‘Z‘)‘*’”“ N\

03 *. ) LDJ“‘b"J
e S A ’
o) s 1P > w;’au‘ﬂ st D

/\«—’
+ 3. Multi-Layer Perceptron (MLP)

——

« Common activation functions: logistic, o(z) = 1/ (1 + exp(-2))
hvperbollc)rtangent and rectlfledmr b |tanh (z)=20(2z) - 1
unit. 4 skep hanci ‘““\ ReLU (z) = max (0, )

Zefo I AAJ.QJL--JXJ JrL’~*5> i —

Derivatives

. Achvaﬂonfuncﬂons
(= 1 T T 1.2
QQ—-I JO( y.c.-‘ 2 .' - : Y ssivie : :
[_7 05} i os}
Nt P A N — .
JG el 0.0 | :
0.4}
e ReLU i ‘
2\'04- L e . : 0.0 ;
- -1.0 > T O WD T
L P i H i { ;
Wt yl R -4 -2 0 2 4 -
._;j:\ \éag \;35 r LJ ) 13
D AN ERVLUR Y AV g e - Y TR
edges veigha- N TPIN P
o> e voV ()
[ ]
Outline

1. Introduction

2. The perceptron

3. Multi-layer perceptron (MLP)
4. Regression MLPs

5. Classification MLPs
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' 4. Regression MLPs

» Typical MLP architecture for regression:  newre~ J% ai"ﬁ’.:’:»% Fo%-

# input neurons One per input feature (e.g. 28X 28 =784 or MNIST)  C {wngublaubay Peafvéfs )
# hidden layers Depends on the problem. Typically 1to 5. iuchion
# neurons per hidden layer - Depends on the problem. Typically 10 to 100. a ;e.\d,-..f"lf-"l"
# output neurons 1 per prediction dimension —, Loy 050, resfesiion) o 3
Hidden activation ReLU (or SELU, see Chapter 11) U2 By by gl
Output activation None or ReLU/Softplus (if positive outputs) or Logistic/Tanh | W 2
Loss function MSE or MMHuber (if ougﬁrs}‘ B
ne ac't:f"u'an'o: 57 o~ o)) sl
,E @@@&Sw @j{ \;M Con UASC @QL“ ; ] 15

Effo/“ 2
.o " neAonls ol M oudd o.\/‘w/
5. Classification MLPs dass o B ).

: R LY, Fisteg PO TN L3
Z Popbiillies N Nusoehi Zatien Je 017 (e—|___ Softmax ?"—’Q ~

"\ Softmax ov
| £ 2o s O Sy Catby)

/ output layer
/

(

* For classification, the output ' K

layer uses the softmax function. ' ™, Hidden layer

) (e.g., ReLV)

* The output of each neuron 4

corresponds to the estimated U

probability of the corresponding ! 1a§er

class. S Ry

X1 )(2
exp (5,(x))

P =0(s(x)) = —
A T

§ = arglknax o(s(x)),

16

Snd ds e mes o3 Lo bs MMistl

class

Softmax ()‘)@ mull' ) Qi&i«fg‘:dls.
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5. Classification MLPs

* Typical MLP architecture for classification:

N Mutilabel binary classification £ Multiclass dlassification
Same as regression

HyperparameterRERBInary dassificatio

Input and hidden layers  Same as regression  Same as regression

# output neurons 1 1 per label 1 per class
Output layer activation  Logistic [ Logistic Softmax

Loss function ‘ Cross-Entropy Cross-Entropy Cross-Entropy

L= Ol 4’9—_“,\01:&’ A= ’

VA
i pedicked

:
i}’ "%\F qEARENERD

Summary

v d W N R

Introduction

The perceptron

Multi-layer perceptron (MLP)
Regression MLPs
Classification MLPs
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* Artificial Neural Networks
with Keras

Prof. Gheith Abandah

O'REILLY" \ {%:u,

Hands-On "

Reference Machine Learning
with Scikit-Learn,

Keras & TensorFlow

Concepts, Tools, and Techniques

» Chapter 10: Introduction to Artificial Neural
Networks with Keras

Aurélien Géron

e Aurélien Géron, Hands-On Machine Learning with Scikit-Learn,
Keras and TensorFlow, O'Reilly, 2nd Edition, 2019
« Material: https://github.com/ageron/handson-mi2
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Reference

* Deep Learning with Python, by Frangois Chollet, Manning py

2018
* Introduction to Keras by Francois Chollet, March 9th, 2018

(slides)
OUtllne ¥ Kefue 1S h'c‘}lqc(«leb/tj Pl’\an
1. Introduction Tecur T

2. Keras AP Styles

3.\ TensorFiow Keras |

4, Image Classifier Using the Sequential Model

5. Example - MNIST

6. Regression Using the Sequential Model

7. Using the Functional API

8. Using Callbacks

9. Visualization Using TensorBoard

10. Fine-Tuning Neural Network Hyperparameters
11. Tutorials

12. Exercise
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Introduction
« YouTube Video: Keras Explained from Siraj Raval

https://youtu.be/i pJmXIwMLA

1. Introduction

* Keras is a high-level API to build and train deep learning models.

wiy e e

R:}‘L) K&(as \ B T e B R L R e T R e A VY SR i
- J | TensorFlow/Theano/CNTK/... | —> bu end
hLs low bt

/LCUDA/cuDNN ] [ BLAS, Eigen |
| GPU J [ oyt i)
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1. Introduction — Advantages

* User friendly: Keras has a simple, consistent interface optimized for
common use cases. It provides clear and actionable feedback for Usgy

errors.

* Modular and composable: Keras models are made by connecting
configurable building blocks together, with few restrictions.

* Easy to extend: Write custom building blocks to express new ideas
for research. Create new layers, loss functions, and develop state-of.

the-art models.

Outline

Introduction

Keras APl Styles

TensorFlow Keras

Image Classifier Using the Sequential Model
Example - MNIST |
Regression Using the Sequential Model

Using the Functional AP

Using Callbacks

. Visualization Using TensorBoard

10. Fine-Tuning Neural Network Hyperparameters

11. Tutorials
12. Exercise

0NN N e
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e = . - i R R R a0 i L3 e

Ao Nuerd  Nekorls, You dolt need Vo Extact Fearugs

\p 0950' g (\%:\Jb\"c"
Wé‘ tonyer ' VAW
2 Keras API Styles o O

1. The Sew_tgl_l}/l_gigl J ar,
« Dead simple \a&,-\&/ O O
« Only for single-input, single-output, sequenmer stacks
« Good for 70+% of use cases

2. Thefunctional APl — s et So Ber )
« Like playing with Lego bricks_ e
« Multi-inp(t, multi-output, arbitrary static graph topologies
« Good for 95% of use cases
mote alvance.

3. Model subclassing
« Maximum flexibility ledk *
. Larger potential error surface ~ '®' R \) Bt |

Outline

Introduction

Keras API Styles

TensorFlow Keras
‘Image Classifier Using the Sequential Model

Example - MNIST

Regression Using the Sequentlal Model

Using the Functional API

Using Callbacks B
Visualization Using TensorBoard LY -
10 Fine-Tuning Neural Network Hyperparameters :
11. Tutorials
12, Exercise

©o N YA WN

10
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3. TensorFlow Keras

* Keras is the official high-level AP| i, s
ENY. G >

of TensorFlow ol gy o>

» tensorflow.keras (tf.keras) i N
module

* Part of core TensorFlow since
vlid

* Full Keras API

* With useful extra features such

as tf.data Eu( C\C’X.zlc//o\—\‘oh

Z’W )

3. TensorFlow Keras |
;J4>U”Q;;

d)
* To install TensorFlow f/a ik

[$ pip install --upgrade tensorflow . Dense
* Activations

ru\] olas 1— Dropout

oot » Conv1D, 2D, 3D
—7 |+ Polling

* RNN, LSTM, GRU

* To import Keras from TensorFlow
>>> import tensorflow as tf
>>> from tensorflow.keras import Layers
>>> from tensorflow import keras
>»> tf.__version__

‘2,1.0'
>>> keras.__version__
‘22 4-tF"
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Outline

Introduction

Keras API Styles

TensorFlow Keras

Image Classifier Using the Sequential Model
Example - MNIST

Regression Using the Sequential Model
Using the Functional AP

Using Callbacks

Visualization Using TensorBoard

10 Fine-Tuning Neural Network Hyperparameters
11. Tutorials
12. Exercise

e B Al I

13

s 4, Image Classifier Using the Sequential

Model o 07 Wy

« Fashion MNIST is similar to MNIST (70,000 grayscale images of 28x28
pixels each, with 10 classes).

Coat T-shirt/top Sneaker Ankle boot Ankle boot Ankle boot Coat Coat Dress Coat

Haaxah f ERB

Bag

T-shirt/top Trouser Bag Shirt Dress Shirt Coat Dress  Pullover

I & i BT L

Sneaker Dress Coat Sneaker Trouser  Dress Coat Pullover Tshirtltop Bag

af0al ]l

t T-shirt/to; Dress
Sandal  Sandal Ankle boot Trouser ~ Sandal Dress .~ Sandal Ankle boo s'v‘:t’/‘p

G Qs saT R
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4. Fashion MNIST

¢ \;w
o, s 72 € gl
1. Get and prepare the dataset. V‘)?Qj»} £ 01,,\0/“ WHVLJ.
2. Build sequential mode@hat maps your inputs to your

targets. A SR L

3. Comp:lﬁe model and configure the learning process by choosing
a loss function, an optimizer, and some metrics to monitor.

4. Train the model by calling the fit() method of your model.
5. Evaluate and use the model.
—_ T

ok b2 s 2 Haiwis)! ml&()-v,wb velidahiong) 1,

Lt RO

4.1 Get and Prepare the Dataset

import tensorflow as tf g wslb /ey J b)9up (}5d)>‘J ('

from tensorflow import keras '—Q)‘"d’ Loabude O P D %i
# Get the Fashi MNIST / ‘) é’“};‘/( Cp P,Xd d’ J
e e Fashion
ly.5l 1, @eef !,
fashion_mnist = keras.datasets.fashion_mnist 20 Ve S) ' lo "Mj
(X_train_full, y_train_full), (X_test, y_test) =
fashion mnist.load data() Vali C\Q s
\ m

# Prepare the data train (55000), val (5000), test (10000)

X_valid = X_train_full[:5ee@] / 255. —» S
S Py —_— NoloaliTal)on ™
X_train = X_train_full[5ee0:] / 255. hinaimte, Ml
y_valid, y_train = y_train_full[:5000], y_train_full[5000:] Pelgn

E x:test = X_test / 255, o £\ ¢ i"‘“" o2
Yoboe Z,_——/ o255 oL d_u
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L2 D T ey

i . X - r(hor — ¥ Kr’ 5/}25\ J 52
4.2 Build the Model 1o D 0 S d\ 2% %27 %
n |

The default is no activatio
function, i.e., linear layer.

7

> o, -
-!i_éhgpe=[2aﬂz§§]. [. 784
activation="relu"))

P S&?::\c:,j‘l\a\ l

— -

model = keras.models.Sequenti
.Seq al
model.add(keras.layers.Fla (

) [model -add(keras.layers.Dense (308,

mog:i.agg(keras.1ayers.Dense(1ee, activation="relu")) - ( L~ .
) ‘ :- model.a (ker‘as.layers.Dgnse(1_0, activation="softmax")) a)l.::_:
h, oukpu 10 Clcceo 4% o J
{ \Q - >>> model.summary()
3 e by
: yer (type) Output Shape = paran #
flatten_1 (Flatten) - (None, 784) 5“"#(}-;0_“::::“
B L RIEYC S S— - — T st 7P
[“) G ense_3 (Dense) (None, 300) 235500 —
5 J*‘_— dense_4 (Dense) (None, 100) 30100
-
J/ dense_5 (Dense) (None, 10) /1016
\z %5 ot Total params: 266,610 -
- Trainable params: 266,610 , 1?7
if | Non-trainable params: 0 S 2% C,
Sarm{Yes A Ay Q(o\)q\ox\\'\%-) { G Prom
Wpe YD) . ~ Lias
(_)“-)' \ . e yea
S T \! = 5}—_92—9 \J;"_ &\LJ . kel
Cimaled T2 ) =
B>
, Y
-— "\OJQ‘.SMMMo/j ¢ ) @oO)b|OO)-‘¢\‘9$S Q;ﬂ\’:;/
30

edde

4.2 Build the Model Reon oo

input: ‘ {(None, 28.28)]
flatten_input: InputLayer opuE l [(Non, 28.28)]

Y

# P lot t he mo de 1 s Blaon input: | (Nonc, 28, 28)
. prgm b output: | (None,784)
keras.utils.plot_model(
A
mOdel) i input: 1 (None,784)
"my_mode 17 png " b dcpie Dene output: \ (None, 300)
= y
ShOW_ShaPES—TI"UE) input: | (None. 300)

dense_l: Dense

output: | (None, 100)

A
input: | (None, 100)

output: | (None, 10)

dense _2: Dense

¥ g-)uf \);Ac\b C\C\SS\Vi(c«L{M

—-> S;AQ\& VLAY on w\‘ew\‘ . .
Ak e 2 Coud \'Xg%\"sw\o\c\-\
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W) ="sgd", : :
waWO) )4y s . Optimizer="sg \ astic Gradient
CJ J " metrics= ["accuracy ‘1) StOCh

4-3 CM—i‘I_e the MOdeI M\.h\ C‘asg\'r'{(Ot-\'w

2N

model. Complle(IOSS‘"SpaPSE categorical_ crossentropy ’

Descent

# For sparse labels (0-9):
loss = "sparse_categorical_crossentropy

# For one-hot labels: M
loss = "categorical_crossentropy" 4_______.-:E:gbﬁlog@%¢)

# For binary labels:

loss = "binary_crossentropy"
# For regression:

loss = "mean_squared_error"

losg” & Cost- IV e
— S Phimizabio, Lor \oss

= |

\r‘\\\g‘*\‘;u« A)\_a Mo
Yovalid 5 Aotrain B iloc [lovet 7
J-velid s ¥orcaia dloc e L7

4.4 Train the Model Cre Pochh g
. (Qh*e) Q(O\.»ACg e gc\\_
# Train the model “

history = model.fit(X_train, y_train, epochs=39,
validation_data=(X_valid, y_valid))
___/————\/\_._\’_\,

S5, —

Train o i AN &7 \)5 =
n 55000 samples, validate on 5000 samples -

Epoch 1/30 epoda §’ “Caven L” c(/ {oss
55000/55000 [ = ] - 2s 44us/sample - loss: 0.‘;}26 - accuracy: 0.7641 - val_loss:
0.5073 - val_accuracy: 0.8320
Epoch 2/30
55000/55000 [ = ] - 2s 39us/sample - loss: 0.4844 - accuracy: 0.8321 - val_loss:

0.4541 - val_accuracy: 0.8478

Epoch 30/30
55000/55000 [
0.3049 - val_accuracy: 0.8882

] - 25 39us/sample - loss: 0.2256 - accuracy: 0.9195 - val_loss:

M}ﬂﬁpodt (}X-‘
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4.4 Train the Mode|

import pandas as pd
pd.DataFrame(history.history).plot(figsize=(s, 5))
plt.grid(True)

plt.gca().set_ylim(e, 1)
save_fig("keras_learning_curves_plot")

plt.show()

10

|

o ff————

06

WL LI 5
>y y b)Y
Uakj ‘.suﬂaq

- 1o

04

02— s

o)) 1{*i)%
b MHadwiq [y
57 ZJ(}D

00+

4.5 Evaluate and Use the Model

- v \,/L) ¢/’ — Samwe af PQCJIC“
model.evaluate(X_test, y_test)

19009/ 19989 [ NS SSEZSS=ESSSSSESSESSS==C

- accuracy: 9.8781
— [0.33780701770782473, 0.8781]

X_new = X_test[:3]

y_proba = model.predict(X_new)
y_proba.round(2) —
array([[06. , . , 0. ,0. , 0.

() va &l leom .

0

_______ ] - @s 2lus/sample - loss: ©.3378 -

20 /&55 Lo
:ﬂ/’(}' e

> acornty o>
()_)7'.09;’5“’“10‘?’ Js D
, .01, 0. , 0.99], -ﬁsa*’pje 1

/

, 0.

0.
3
[0. 2 0. N 0.99, 0. 3 9.91, 9. 3 9. ] eo ) ec k] 9. ]’ — SMPQ(.Z
0.
)

—?) [00 ) 1- 3 al 3 a‘ 3 o‘
dtype=float32)

model. predict_classes(X_new)
array([9, 2, 1]) i

, 0. ) 0.0, 0.

3 90 S w 3
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1. Introduction

2. Keras API Styles
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5. Example - MNIST

6. Regression Using the Sequential Model

7. Using the Functional API

8. Using Callbacks

9. Visualization Using TensorBoard

10. Fine-Tuning Neural Network Hyperparameters
11. Tutorials

12. Exercise

5. Example - MNIST

1. Define your training data: input tensors and target tensors.

2. Define a network of layers (or model ) that maps your inputs to
your targets.

3. Configure the learning process by choosing a loss function, an
optimizer, and some metrics to monitor,

4. Iterate on your training data by calling the £it() method of your
model.
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5. Example — Prepare the data

£rom keras.datasets import mnist

(trai n_images, train_labels), (test_images, test_] abels) =
mnist.load_data()

#(60000, 28, 28), (60000), #(10000, 28, 28), (10000
crain_images = train_images.reshape((60000, 28 * 28)) — s s i
crain_images = train_images.astype('float32') / 255 mo\ decror T1D
rest_images = test_images.reshape((10000, 28 * 28)) A=
test_images = test_images.astype('float32') / 255

B St o Bk D

from keras.utils import to_categorical #one hot DI Ol o
Y train_labels = to_categorical(train_labels) Qv
test_labels = to_categorical(test_labels) P Y WV

o NOx encockin ° — 259\,5.
% ) O"' ‘ e _J:‘Pt)
iy 55,03 30P bl
LI
1 gl €0~ ﬁvi)m,rj/)p?u

5. Example — Define and configure the
network

from keras import models
from keras import layers Neuwren Moz
hrsr hidden
Lnetwork = models.Sequential Q)
- network.add(1ayers.Dense(512, activation="relu’, input_shape=(28 * 28,)))
network.add(layers.Dense(10, activation='softmax"'))
s SRy el :
network.compile(optimizer='rmsprop’, = . cv MV
loss='categorical_crossent ropy',

Bt .
metrics=["'accuracy']) ’4 Uqﬂﬂ“‘ﬁ

26
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5. Example - Training and evaluation

network.fit(train_images, train_labels, epochs=5, batch_size=128)

——
Q}éqj L Epoch 1/5
66998/60@00 [--------l- ---------- ----------] - 25 - loss: ©.2577 - acc: 0.9245
Naliday Epoch 2/5
lean 60000/60000 [=============z====== -n--------] - 1s - loss: 0.1042 - acc: 9.969@
ale Epoch 3/5
“ 60000/60000 [============sss=====s==s======] - 1s - loss: ©.0687 - acc: ©.9793
Epoch 4/5
(Jhpgay Zr\2  60000/60000 [==ssmmmmmzsszszz==azszs =======] - 1s - loss: ©.0508 - acc: ©.9848
Nalid Epoch 5/5
al ‘-\‘\cn/‘ CA[QY‘seeee{seeee [--:===:=l::::.l::=-=====z=====] - 1s = loss: ©.8382 - acc: ©.989%0
ij‘4 (XY

test_loss, test_acc = network.evaluate(test_images, test_labels)

= >..] - ETA: ©s

9536/10600 [===

test_acc: ©.9777
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‘V'vaﬁ‘k il Jsd\}ié olw;e' w,,&""“dg,&'
. N2 & '\
(‘7 ol 410 s A2
,o,QMf"’M’

+ Solve the California housing problem using a regression neural
network. —

. Zcikit-Learn has fetch_california_housing() function to load the
ata e e e

E This fjataset contains only numerical features and there are no
missing values. = —

b

USe e.\cogl :\6

. {essi6w ' 29
% S16W Sz;ﬂ, Wu
8 vV
(’(DQA}‘*‘M} Mr”&pﬁ@

();rA;;,,.',.)u,Ls CZEQ/C

r—»‘ . ‘,99 gK!C’“‘ /p
6.1 Get and Prepare the Dataset ¥y % P
— ) ANNET

from sklearn.datasets import fetch_california_housing
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

housing = fetch_california_housing() The default is 75% : 25%

X_train_full, X_test, y_train_full, y_test = /
train test split(housing.data, housing.target, random_state=42)
X_train, X valid, y_train, y_valid = train_test_split(X_train_full, __,
y_train_full, random_state=42)

Man I\ =3 Liss LD

scaler = Standardséaler‘f) Valdde €= Mein S
X_train = scaler.fit_transform(X_train) ! k" ’
X_valid = scaler.transform(X_valid) Flacn ‘es\-
X_test = scaler.transform(X_test) 751, 767
‘h—-#k-f\ 30
v A ddedehe
T, 257,
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6.2 Build and Compile the Model
a',.’l:a?)l’-
# Building by passing a list of layers when creating -d:,l'dg" LY

# the Sequential model Me{‘ 3m)

e
model = keras.models.Sequential([
keras.layers.Dense(30, activation="relu", _I“’[
4ag

input_shape=X_train ._sh_pf[l: 1), N e
| .Dense(1 T - A Gaos
kgrfs ayers s:l‘s E)—)') low, - Er oo
1) medel Dy s J The default is 0.01 g )
\c_f._..g‘_/?,.:) rf/ L JJL))J‘:»\Sjg‘y
# Compile with creating an optimizer object Vo foak s :
model.comEile(loss="mean_squared_error", \GL-SL [~\, £1:)
imizer=keras.optimizers.SGD(1lr=1e-3)) s @7
. P,
o~ Y wg;\o ea(mr\j 31
6.3 Train and Evaluate the Model
history = model.fit(X_train, y_train, epochs=20,
’ validation_data=(X_valid, y_valid))
'Oﬁ .’\ / 10 T 1 T e i
e oA
¥ gV )
S A oo 1 &l
NT 4 C}J o {-+—1 : e
.7@“’) 02 [_ 1 ]‘ j YLL
w"" ] 5 5 e ol
&0 00 25 S50 75 100 125 150 175 i
mse_test = model.evaluate(X_test, y_test)
5169/5160 [=:=====:::::::::::::::::::::::] - s
15us/sample - loss: 0.421
___—————""\'-
pe U :
' \u\ias B
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6.4 Save and Restore the Model

. After training @ model save it to a file.

o gl
nodel.save("my_keras_model.hs") Jspl) swe O

?‘D‘/ oS U’L@J’
. Lis s OOMJ
« In the production program, load the trained model. o bl =Lk
P
model = keras.models.load_model("my_keras_model.h5") ¥ b\é 4

-
Pi el &o0ls focd aduct U

33
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7. Using the Functional API

* Keras functional API can be used Wt 5
to build arbitrary static graph i i, i
topologies. Cowt  J7 5 s

* Create a layer and as soon as it is i ; J““":* O e
created, callit like-a_function, (___Conca S e
passing it the input. [ Fidden? ) M}Wk
network that learns both deep [ Hiddent ) x
patterns (using tfze deephpa;h) ]
and simple rules (through the
short path). [ 52 oot 8

el 01 Y “7‘::"32'}J & tase
AP
7. Using the Functional API
2. Multi-input: You can send a o t )
subset of the features through ”:
the wide path, and a different [ concat )
subset (possibly overlapping) o
through the deep path. Conlhien [ Hidden2 )
1
- [ Hidden1 )
Input A
p}yo\by\,sl“/v_/oc—"’.n& - Wk, Input B
A By 8 [ Input )

P
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7, Using the Functional Ap)
\oad‘?W“\)‘y” a) nq Qoss )
RER -*J“;
,, Multiple Outputs

) Ioggg_andilaisi\fy the main
object in a picture.

. Multiple independent tasks to
perform ased on the same dat

a'/7
- Regularization-technique (to mputa | L Hidden1 )
ensure that the deep network . — T
learns something useful on its . put B

own). L Input ﬁj‘

)i &:.(;1 3 Y ( by fndemne ss) oudpd BN weigt s
O hekya )
)

7.1 Auxiliary Output for Regularization

R 0t
# Build the model ' F"
input_A = keras.layers.Input(shape=[5], name="wide_input")
i = = ="deep_input"
input_B = keras.layers.Input(shape=[6], name p_input") 4 i
hiddenl = keras.layers.Dense(30, activation="relu")(input B) Lesw
hidden2 = keras.layers.Dense(30, activation="relu")(hiddenl)
toncat = keras.layers.concatenate([input_A, hidden2]) — Cewtal the ZaJ‘PJJ
: . Rt
output = keras.layers.Dense(1, name="main_output )(confat) ~

dux_output = keras.layers.Dense(1, name="aux_output") (hidden2)

""“91 = keras.models.Model(inputs=[input_‘\: input_B],

outputs=[output, aux_output])

38
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7.1 Auxiliary Output for Regularization

o odeclep Beldee AR B T2,3 4
# Split the input
X_train_A, X_train_B
X_valid_A, X_valid_B
X_test_A, X test B

X_train[:, :5], X_train[:, 2:]
X_valid[:, :5], X_valid[:, 2]
X_test[:, :5], X_test[:, 2:]

# Take some test samples
X_new_A, X_new_B = X_test_A[:3], X_test_B[:3]

39

7.1 Auxiliary Output for Regularization

Qo £ ek
c,‘rP“ s for aux. Gl ,:,;J;JL rﬁc%
# Compile, traln{\gxffuate, and predict |
model.compile(loss=["mse", "mse"], loss_weights=[0.9, ©. 1], W

optimizer=keras.optimizers.SGD(1lr=1e-3)) J
o3 N v &'
P o I7 \O/
history = model.fit([X_train_A, X_train_B], [y_train, y_train], epochs=20,

validation_data=([X_valid_A, X_valid_B], [y_valid, y_valid]))

total_loss, main_loss, aux_loss = model.evaluate([X_test_A, X_test_B],
[y_test, y_test])

y_pred_main, y_pred_aux = model.predict([X_new_A, X_new_B])
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J‘Ds)\ €Pochr O xS J AN d:n;r»)'u,g‘%,ﬁ.—- V_—-o
st ()] 1S l/)l) ‘ﬁ\}s ‘fh——- —9
o) e
. / }lﬂ D&A ‘)‘dﬁ‘% LL;’_/\ D,S;ﬁd\r
ellyadds O\ plomnls

8. Using Callbacks — ¢, 1 «su

» The fit() method accepts a callbacks argument that lets you
specify a list of objects that Keras will call during training
« at the start and end of training
* at the start and end of each epoch
« before and after processing each batch

+ There are many callbacks available in the keras. callbacks package.
See
https://keras.io/callbacks/

41
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8.1 Saving Best Model

* Save your best model when its performance on the validaticws
_ the best so far.

—> checkpoint_cb = keras.callbacks.ModelCheckpoint( L
»?, -"my _keras_model.h5", save_best _only=True) ko Save ‘“\
ajhlstory = model.fit(X_train, y_train, epochs=19, bcg. Wwanj
validation_data=(X_valid, y_valid), o ,
callbacks=[ checkpoint_cb]) 5 Epock Wi
# rollback to best model ?NQ°G“°“GL
model = keras.models.load_model("my_keras_model.h5") l)
mse_test = model.evaluate(X_test, y_test) Y
— M OS¢ o
— hicgkesp
Wedphs Nae model Ul 1on) Jo T ecturg o
. o, |- L§l~
< Ul-q by
. ?fc{’alg 2 El)‘es 3
, . = (nelelyooky
on MA )‘C& Sa&'\‘:q\- “ \
MOL
8.2 Early Stopping
« Interrupt training when there i validation set for a

number of epochs (defined by the/patiencelargument)
« Optionally roll back to the best model.
——————

early_stopping_cb = keras.callbacks.EarlyStopping(
pat1ence 10, restore_best_weights=True)

history = model.fit(X_train, y_train, epochs=100,
validation_data=(X_valid, y_valid),
callbacks=[checkpoint_cb, early stopping_cb])

\o CP(JC,\AS
d\ s\ g

a3
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9. Visualization Using TensorBoard

» TensorBoard is a great interactive visualization tool that comes with
TensorFlow.

* Use it using its callback

tensorboard_cb =
keras.callbacks.TensorBoard(run_logdir)

history = model.fit(X_train, y_train, epochs=3e,
validation_data=(X_valid, y_valid),
callbacks=[tensorboard_cb])

» Start TensorBoard server  — NS B
$ tensorboard --logdir=./my_108S --port 6006 ()‘w
d\ L Lu

46
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Rt #

-
9. Open http://localhost:6006

S M7 O Lo M e A ACYF Rtk 0 T B 9 _,,‘
il X - % ) ir‘
S oiran e e SEALEELR I, e perinle PR ladig ot ik

[ show data download inks Qe 1800 (tegalar eapresaions supvorted)
Ignore outliers n chan scalin
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epoch Jasy
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L e} o 5
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e Ry Gt .
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10. Fine-Tuning Neural Network

Hyperparameters ol ol Lii
weifons o) Qapels o,0 szt y)
. Number of Hidden Layers . OP Loy dlpe 25 )

« One hidden layer can theoretically model even the most ¢ : )
it has enough neurons. omplex functions, provided

« But for complex problems, deep networks have a much higher parameter efficiency

than shallow ones. e )

. Number of Neurons per Hidden Layer s
i H neufo~ K
. pyramid across layers or same size . i toy ‘/W ? =

. Stretch pants: pick a'model with more layers and neurons than you actually need
then use early stopping and other regularization techniques to prevent it from '

overfitting.
. Better to increase the number of layers instead of the number of neurons
per layer. "ﬁ(‘cM Kelas . WiaPPess . s cikib_ e wRock //

M .WAS dﬂSblAC/ 3__4 _s&'( \Q\_):/k 49
(.' Jeesas f@fw"" é ,;J_SMJ»J W 51
S5 st )4 tesns fumer”
AR DTG !

10. Fine-Tuning Neural Network

HVPeerLiﬂmgtLers - d?,;w%ﬁ
cod’“gb,ﬂ*&&. / o’ //‘D-z r—’ ’.a(od(lmm.3

» Learning Rate: the optimal LR is about half of the maximum LR,
» Optimizer: There are other than the Mini-batch Gradient Descent
optimizer, _— (J8 112 #00¥
* Batch SIZ(“N@M& dbdﬂﬂ Loss J'lﬂ-") »/;fwafj—ﬁl” J& batee JI_p L o
* Larger gives better speed up with hardware accelerators.
* Smaller makes the models more general.

* Activation Functions

£ g RSO
z, /L B dgh
(}3\}[ 129 , /o:‘TP ?f U’»Q)’}w 50
g zuols 0 Lise
(J'[‘;:J)\ mofa C)l
1esources
h\(}.s;c/:’o) l’)bbﬂbg
. -\\-_ A - ’
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11. Tutorials

e https://keras.io/
* https://www.tensorflow.org/guide/keras

« Keras Tutorial: Deep Learning in Python from DataCamp,
https://www.datacamp.com/community/tutorials/deep-learning-

python

« Keras Tutorial: The Ultimate Beginner’s Guide to Deep Learning in
Python, from EliteDataScience, https://elitedatascience. com/keras-

tutorial-deep-learning-in-python

51

12. Exercise

From Chapter 10, solve exercise:
» 10. Train a deep MLP on the MNIST dataset (you can load it using

keras.datasets.mnist.load_data(). See if you can get over 98%
precision. Try searching for the optimal learning rate by using the
approach presented in this chapter (i.e., by growing the learning rate
exponentially, plotting the error, and finding the point where the
error shoots up). Try adding all the bells and whistles—save
checkpoints, use early stopping, and plot learning curves using

TensorBoard.
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» Material: https://github.com/ageron/handson—mI2
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1. Introduction

« Deep neural.networks can solve complex problems and provide end-
to-end solutions.

. When you train a deep network, you may face the following
problems:

—

) Vanishing or exploding gradients: The gradients grow smaller and smaller, or

larger and larger.
@ « Not enough data ‘/:t/_—N
- Long training time ool S - Lets ey

- Overfitting o u; J bW oPHmits -.’_‘%
" aa E)W C,oweCI)c«ccdw
R T S e 5
L il ¢ 3 )Q(’l’ )//‘3’ 4
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2. Van|sh|ng/Exp|od/{n§ Gradlents Problems
P T : >l

* Vanishing Problem: In the backpropagatlon algorithm, gradlents
often get smaller and smaller as the algorithm progresses down

to the lower layers. Loss Ji‘» )
* Lower layers’ connection are left unchanged’__ﬁ:_g. it *h'\L

* Exploding Problend: the gradients can grow bigger and bigger. 7 ‘
+_lavyers get ver\Mrge welght updatwlgorlthm leEfge/-

« Main Reasons: Using activation functlonsQ a '
(logistic sigmoid) and weight initialization@)
(normal distribution with 0-mean and
1-standard deviation). ' > S

Lﬁ 2 Cal weg —L
‘F’ u\-\ alA- ‘u\/u‘,.u‘\ Q\*"C/(—;(/vx Aoey«,\ k\\}i = = ﬁie‘f‘
kg ROb\ew . .
o Elbd G O depaun) Lo A g
[";5*“) i W|O,MLM9 Te We - oy Cepm e
o REL- PiEPas o (ARG P e T A
\’/ i K\ ’ (j:m $ .r\/ &

At * L % e ‘
i Wod N o 2P0 kil
2.1 Glorot and he Initialization

) e et ) A s wigt didkdindige -

(¢”""+ Glorot and Bengio: In order for the signal not to die out, nor to
explode and saturate, the variance of the outputs of each layer
should be equal to the variance of its inputs.

* Solution: the connection weights of each layer must be initialized
randomly as follows™

ot

Normal distribution with mean 0 and variance o

Or a uniform distribution between —r and + r, withr = [—_

fan (fan + fanmn)/z

—yila 7
ey I o o em.[izgéj
cte el M1 A f%%
NE Y en
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2.1 Glorot and He Initialization

. Recommended initialization parameters for each type of activation
function.

(nitiatization FAetvation functionsJRRR0 . Normal)

Glorot None, Tanh, Logistic, Softmax 1/ fanayg
He ReLU & variants 2/ fan,

LeCun SELU 1/ fan; g
r= \/302 ' \ e

« For the uniform distribution, use —— >
« Keras uses Glorot initialization with a uniform distribution.

(s Jete -

2.1 Glorot and He Initialization

* To change it to He initialization:
keras.layers.Dense(10, activation="relu",
kernel_initializer="he_normal") # Or "he_uniform"

* He initialization with a uniform distribution but based on fan,:
he_avg init = keras.initializers.varianceScaling(scale=2.,
mode="'fan_avg"', distribution:M)

keras.layers.Dense(10, activation="sigmoid",
kernel_initializer=he_avg_init)
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- CQ&\Q("< Redas i

o b e | plaeo W€ g ockiddio 9. g
2.2 Nonsaturating Activation Functions

23 oded R O e ge Nowsahuidid- REWY O
e L MAQ,}—a)U>:§Sa&VﬂJh“507J

» Step does not work with th ‘
back propagation algorithm. P = a::f:fmf&
* RelU is better than sigmoid of——+7 =
because it do aturate for o
positive values and is fast. ool
—> + Dying RelUs: A neuron dies - :
when its input is negative for all N
training instances. | 3
-sehadingy o “facdw‘ue Vadues
4 R
e @l §op oS - o - 1) achuabior O\ N/
E§ & W
s \y

e

& o'
0\’3& sV 59
W

M.

2.2 Nonsaturating Activation Functions

Leaky RelU activation function

* Leaky RelU performs better : : s
than ReLU. 51 | B T
LeakyReLU,(z) = max(az, z) 2 /
gl mi:ejak ] }
* o between 0.01 and 0.3 03("1‘"7"'$ ]
,,,dl e/r/ — -
M 4073 =2 =1 .0 1 2 3 4
slofe

model = keras.models.Sequential([

keras.layers.Dense(10, kernel_initializer="he_normal"),
keras.layers.LeakyReLU(alpha=0.2), # added as a layer
‘L p—

1y - &
st
)

S}oF& 11
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2.2 Nonsaturating Activation Functions
A \nclease Swmalalion hie £ WS Slesder r/,_’—» Rl rum

. Exponential linear unit (ELU) ELU, (2) = af exp (z) - 1) li z2<0
s better t _ z if 220
also perform han RelLU e/ S L

but is SIOWEr.  — . p/ex denvadive

ELU activation function {a=1)

. Scaled ELU (SELU) performs best L IRRERY
with dense and CNN,but must | /]
lecun_normal. = g ol — 1 i

b Fraan Lt ; |
d’,} ‘HM? d e =t % 1 2z 5

layer = keras.layers.Dense(10, activation="selu",
kernel_initializer="lecun_normal")

12

2.2 Nonsaturating Activation Functions

* Summary:
* SELU > ELU > leaky ReLU > ReLU > tanh > logistic

* If you cannot use SELU, use ELU.

* For fast response, use leaky ReLU or ReLU.
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r—‘ Qo'bv, c,,,\)dam‘u'n
2.3 Batch Normalization —> "o *he anhuny /
O\"’y‘&d)& & EVP\U&\N

w@» « The techniques in §2.1 and §2.2 can significantly reduce the
Ao * vanishing/exploding gradients proﬂems at the beginning of training,
but don’t guarantee that they won’t come back during training.

« Batch Normalization (BN) zero-centers and normalizes each layer
input using statistics from the mini batch (> 30).

« Other benefits: Works even without §2.1 and §2.2, allows using
larger LR, and have regularization effect.

“MQWA 4
3L s 595
S e '
S 9 -
- O\JO \ Vbﬁ\,g)s' W;m
Ty B o O
etz Bwd: O - i
0% 20
%2 3 Batch Normalization L T By
> 290
* Implementing batch normalization with Keras is easy. i:lZi - n1
model = keras.models.Sequential([ Syl — std "
_ keras.layers.Flatten(input_shape=[28, 28]), 10-125 . [ qffﬂﬁ |
—3 keras.layers.BatchNormalization(), =Sl uu!f
keras.layers.Dense(300, activation="elu", '
kernel_initializer="he_normal"), f0-127 _ Cjtj nqu,
—3 keras.layers,BatchNormalization(), o+/ 9

keras.layers.Dense(100, activation="elu",
kernel_initializer="he_normal"),

— keras.layers.BatchNormalization(),
keras.layers.Dense(10, activation="softmax")

D
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Gl weigw OluyiSe
T rexpbdigi, 2o b

7.4 Gradient Clipping .
et AV pL 1) SIS L
~max value — c% alue

' Mitigates the explodi.ng gradients problem by clipping the gradients
during backpropagation so that they never exceed some threshold.

. Use ijc when you observe that the gradients are exploding during
training. You can track the size of the gradients using TensorBoard.

e
J
optimizer = keras.optimizers.SGD(clipvalue=1.0) ) ng
model.compile(loss="mse", optimizer=optimizer) G\’fﬂgqu'kf
J/u#‘" HM ﬂ

16
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S

3. Reusing Pretrained Layers \
el Ty [)x, N

T sk )2
* Transfer Learning: Using
one NN developed for a
certain task to solve [ output |

another task. : Trainab|
”tILch!r_“en 4 Q_} wenghtse
" Hidden 3
 Useful to shorten trainin >
® . \g E m . Fixed

time or with small . 5 Nbi) weights
datasets. s Higden 1) == |
——

Input layer | ===

Existing DNN New DNN for
W for task A similar task B
8 Js o O
els O 34
Transfer Learning with Keras
# Load the ready model y,
model_A = keras.models.load_model("my_model_A.h5") C§5 ?;5
# Create a new model using all but the last la by Jd )'
~99951:E:227A = keras.models.Sequential(model_A.layers[:-1]) L/VAi
model_B_on_A.add(keras.layers.Dense(1, activation="sigmoid")) o A& 0
# Freeze loaded layers then compile L Liasb
for layer in model_B_on_A.layers[: 1] wew ok
&mﬁ layer.trainable = False e’
Ol ) itk 3o ) A gou” % o 5L*’/\"

mode B _on_A.compile(loss="binary_crossentropy",
optimizer="sgd", metrics=["accuracy"])

19
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Transfer Learning with Keras

# Train the model for a few epochs

history = model_B_on_A.fit(X_train_B, y_train_B, epochs=4,
validation_dataz(X_valid_B, y_valid_B))

# Unreeze loaded layers ‘

for layer in model_B_on_A.layers[:-1]: VoS Yo dt;iab‘

layer.trainable = True . PR e
# compile with small learning rate (defalut = le-2) (25 Lok )
optimizer = keras.optimizers.SGD(1lr=1le-4) (oxtS
nodel_B_on_A.compile(loss="binary_crossentropy"”, W -o\,"..;s.
optimizer=optimizer, metrics=["accuracy"]) a;p:ay v—%\’»-'

20

Transfer Learning with Keras

# Train the model for more epochs
history = model_B_on_A.fit(X_train_B, y_train_B,
validation_data=(X_valid_B,’ y_valid_B))

epochs=16,
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I R
SO :

poﬁ%% Q)\
. s R R «“)
4. Faster Optimizers iyt 4 W C
cf/‘;*”o \
AC )‘\,_J/JJS
* The SGD optimizer can be made fastér using momentum

optimization AT &J\i'_g Sl

SGD without momentum SGD WIth momentum /;c‘L
I
- - ¢
0« 0 -4VyJ(0) . m< fm-1VyJ(8)
2. 0« 0+m B

optimizer = keras.optimizers.SGD(1r=0.001, momentum=0.9)

ety §bR S gkt Y —

23
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4. Faster Optimizers
dumw}(_)‘ @..s
LS\Ba 2w et

. Nesterov momentum optim'iz.ation measures the gradient of the cost
function not at the local position 8 but slightly ahead in the direction
of the momentum, at © + ﬂm et \niskery

w.{}‘} 0, Cost
A

Slarting

1. m<pm-yVe(0+pm) | *% P

2. 0«0+m

i Regular
~ T~ momentum update

e v, ".\

“_‘_

; ’Wz -:Neslerov ;
update

= optimizer = keras.optimizers.SGD(1r=0.001, momentum=0.9,
nesterov=True)

24

4. Faster Optimizers

\9:\»5*"3 0 55 %‘%

*The adaptlve optimizers such as AdaGrad, RMSProp, Adam, and
Nadam scale down the gradient vector along the steepest
dimensions.

8, (steep dimension) Cost
A
AdaGrad

Gradient
Descent

(Natter dimension)
. e1

keras.optimizers. RMSprop()
keras.optimizers, Adam()

—>  optimizer
<> optimizer
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4. Faster Optimizers

* RMSProp, Adam and Nadam often converge fast. But they can give
poor generalization.

+ Solution:(Use Nesterov accelerated gradient)

SGD * * % %
—>SGD with momentum, Nestrov ko * kK

‘Adagrad 7 ' YRR

RMSProp, Adam, Nadam, AdaMax sbachd ok o”r * ok K
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sy 2P
] [ @p s O
5. Avoiding Overfitting —» b=~
Ll £

. Deep neur_al networks 'gypically have many parameters, giving them
ability to fit a huge variety of complex datasets.

ad s
Fo aneid overth: y = ,‘"“90&);91‘ >4
» Useful regularization techniques: 20 Sorflly N
« Early stopping— cull back - L/J . L
« Batch normalization g 'D-)S’ '
« ¢, and &, regularization
. Dlropout i X i, cw
s ot g0 1
0/055 J : 'b“maj&/ 2

5.1 €, and £, Regularization

» Constrain a neural network’s connection w/eghlg_\‘*) fegulor i Fachor
B2Y v Ooss O ( Cost function = Loss +2 3 3 [wll )___, pﬁoj;)d:ﬂ«)}.
@ Cost function = Loss +5’;’; . Z"wll2

o 9 ,
|p) etk dice
layer = Keras.layers.Dense(100, activation="elu", é
kernel_initializer="he_normal”,

ol ot 9 4

@ = kernel_regularizer:keras.regular‘izers.ll(?ﬁ_l)) _.f?’ 294 loss weiW o
# The other regularization functions: N L

@ keras.regularizers.12(0.01) 2 ol AL Do

() keras.regularizers.11_12(11=0.01, 12=0.01)

29
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NJa-xC'))?‘{ : \9);9;)‘:’ ALY (J
b= W T ) {’ouu d%’
© P

-

. = / PR
5.2 Dropout |

1’4 &”(’/ 8(’/{/{.\| Zoiy it —3 IS (’LS_J;"’—‘Z‘JI”
-——\ ’ )

. . W oS (_)‘ '/;*-?/1

* Popular technique to IMProve aCCUTCY. 2l suion mewin 3 o5 1

* At every training step, every neuron (excluding the output neurons)
has a probability p of being temporarily dropped out.

L0 paskr D 2052¥05§‘*9')b‘)()tp 2
. 9[@9(}0156 >?)1()9’L’)L0 %naJaw‘CF‘"’
ool oo, A & Sty .@\,@%;‘9;,9 z@)ﬁ aPs

Alilefyen I

!
5.2 Dropout . — Sy

“"‘L‘chmc":@‘u\ J }33

model = keras.models.Sequential([
keras.layers.Flatten(input_shape=[28, 28] )s

U/Ld/ r:‘/\k'er'as.layers.Dropout(r‘ate:&).2)_. e— ‘\M./‘ 5);’ My
2P? keras.layers.Dense(300, activation="elu", </‘LL i
kernel_initializer="he_normal"), Sk i
— keras.layers.Dropout(rate=0.2),
keras.layers.Dense(100, activation="elu",
kernel_initializer="he_normal"), <—ﬂ
—>keras.layers.Dropout(rate=0.2), AN
keras.layers.Dense(10, activation="softmax") -
D

M et I wspl o kesk ) Wy
Yed bnso o U F-fale) 2
Fest ' U é&-\o s ls vy
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6. Summary

» Recommended default DNN configuration V‘P"*ﬁ“ b e el Shef

Kernel initializer - He |n|t|al|zat|on

Activation function ELU or Jeky

TN'ormaIizationv et None |fshallow, Batch Norm if
;'_,,, . . deep,,

Regularization Early stoppmg (+€, reg. if needed)
%-Opfimizer o Momentum optimization (or _{
Pl it el RMSProporNadam)

| Leafning raté schedule  1cycle
.M C&l\ bf-t( If)

33
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6. Summary

* For a simple stack of dense or CNN layers.

2 Default value i EIEERIEE

Kernel initializer LeCun initialization

Activation function SELU

Normalization None (self-normalization)

Regularization Alpha dropout if needed

Optimizer Momentum optimization (or
RMSProp or Nadam)

Learning rate schedule 1 cycle

34

7. Exercise

11.8. Practice training a deep neural network on the CIFAR10 image dataset:

a) Build a DNN with 20 hidden layers of 100 neurons each (that’s too many, but it’s the point of
this exercise). Use He initialization and the ELU activation function.

b) Using Nadam optimization and early stopping, train the network on the CIFAR10 dataset. Yo
can load it with keras.datasets.cifar10.load_ data(). The dataset is composed of 60,000 32 x |
32-pixel color images (50,000 for training, 10,000 for testing) with 10 classes, sO you'll need
a softmax output layer with 10 neurons. Remember to search for the right learning rate eacl
time you change the model’s architecture or hyperparameters.

c) Now try adding Batch Normalization and compare the learning curves: Is it converging fastey
than before? Does it produce a better model? How does it affect training speed?

d) Try replacing Batch Normalization with SELU, and make the necessary adjustments to ensur
the network self-normalizes (i.e., standardize the input features, use LeCun normal
initialization, make sure the DNN contains only a sequence of dense layers, etc.).

e) Try regularizing the model with alpha dropout. Then, without retraining your model, see if
you can achieve better accuracy using MC Dropout.

f)  Retrain your model using 1cycle scheduling and see if it improves training speed and model
accuracy.

35

Scanned with CamScanner


https://v3.camscanner.com/user/download

dMe/_“C/U/U

Deep Computer Vision Using
Convolutional Neural Networks

fd \ Jy’ TJ Prof. Gheith Abandah
g e
“%ﬁhf P Lo fefesen PPy ) s Fenhte »; —)w
L /.
ﬁgap e newid | ST
O'REILLY" %‘:.i‘z
Reference Hands-On

« Chapter 14: Deep Computer Vision Using
Convolutlonal Neural Networks

Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to B ldllllgeﬂSystm ~

ot

Autelen G

e Aurélien Géron, Hands-On Machine Learning with Scikit-Lear!
Keras and TensorFlow, O’Reilly, 2nd Edition, 20193

« Material: https://github.com/ageron/handson- -ml2
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Reference

. Deep Learning with Python, by Francois Chollet, Manning Pub
2018
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Introduction

* YouTube Video: Convolutional Neural Networks (CNNs) explained
from Deeplizard

https://youtu.be/YRhxdVk sls

““’.):‘.‘) t)’{fﬁ)’lf 5/},.1)’@ (et CMUN JI.

alo ool s o Dgle) pibos

1. Introduction . o uopgrd vt Se
CMAJ()\CJ-‘;())I)/‘M’\:’/y\)U g ‘W&My&fv&ﬂoédu
* Convolutional neural networks (CNNs) emerged from the study of
the brain’s visual cortex.

« Many neurons in the visual cortex have a small local receptive field.

x> )
A\ XX

f%jes JI

er}m" d Ldﬁs'

245 ) Lo cr S’)'c_;:'/}__\l)gl — P

2L et gesl s
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pixel/neuron in the previousgsd! s, ,0)!
layer, but only to pixels/neurons _, s,

connected to every single £ g1 o <
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1. Introduction 5. Using pretrained models
2. Convolutional layer 6. Pretrained models for transfer
1. Filters learning
2. Stacking feature maps 7. Classification and localization
3. Mathematical summary 8. Object detection
4. Memory requirements ' ] _
3. Pooling layer 9. Semantic segmentation
4. CNN architectures 10. Exercises
1. Example — Fashion MNIST
2. ResNet
. o 'éy;g’!’l D\ Lo nestons =) )
2. Convolutional Layer T s L
J £ Py - .
‘M/A m Ue ¢ L AO T
Bl « Neurons in one layer are not 24! 51 katnel )0y Ko ind ¢ bes h’{’g!
wnd vabingss s Bt @

Convoluticnal
layer 2

in their receptive fields. 4o gk oL
« This architecture allows the el bl

Convolutional
layer 1

network to concentrate on low-
level features in one layer, then

assemble them into higher-level
features in the next layer.

« Each layer is represented in 2D.

.
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2. Convolutional Layer

. f,and £, are the height and
wudth of the receptive field.

Zero padding! In order for a
layer to have the same height
and width as the previous layer,
it is common to add zeros
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2. Convolutional Layer

* It is also possible to connect a large
input layer to a smaller layer by
spacing out the receptive fields.

* The distance between two
consecutive receptive fields is

—>D

B

E‘lk/'

-called the stride.
« A neuron located in row / column /
is connected to the neurons in the

previqus layer loca
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2. Convolutional Layer

.6
* Keras supports 5 J AL \
* No padding (default) g =5 (o winou padang) 7Y 217 ,
padding="VALID" \ {;%°wd -
+ Zero padding M1 T T L L L IXIX ;

padding="SAME" == @@ o e
Example 7513 v )
. : _——) (i.e., with zero pacding
* Input width: 13
* Filter width: 6
* Stride: 5 .
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N\!‘ ('“u) Figure 5.5 Valid locations of 3 x 3 patches in a 5 x 5 input feature map
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2.1 Filters e
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* A neuron’s weights can be
represented as a small image the
size of the receptive field, called
filters.

* When all neurons in a layer use
the same line filters, we get the
feature maps on the top.
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2.3 Mathematical Summary

&
\ o
\
Equation 14-1. Computmg the output of a neuron in a convolutional layer \\\
widkh

. e
e N@_ i/ cm.\cb

LLVIPU\ WY
5 L_bk+ ?»[ [k[ H’uvk;k “vlth
u=0 v=0 K=0

il =ixsh+u

o’--
j=jxs,+v

* Z;; is the output of the neuron located in row /, column J in feature
map k

* fis the number of feature maps in the previous layer

— ——
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2.4 Memory Requirements o’ /7 = 23y

f&‘l}m;jf o) /\r«.) %\t& N f“‘Q‘Q’wﬁ o "’9§ \50—;\03)(:
5 ! 150
. Convolutlonaf layers require a huge amount of RAM. B
> FQ)A 3,
noo eJUU 20

* Example: Convolutional layer with 5 x 5 filters, 200 feature maps of
v ¢ _size 150 x 100, with stride 1 and “Wg Input is RGB image

L) (three channels)\& ) Bios o\\,oow obhs - 855 daonalis
* Parameters = (5 x 5 x 3 + 1) x 200 = 15,20( 20 Gls A U9)

—
.94’ “’j * Size of feature maps (smg|e precusmn) =200 x 150 x 10?)5x 4 =12 MB of RAM

K+ 4 1.2 GB of RAM for a mini batch of 100 instances ] - L oyl
Q00 £&J“&ﬁwff ‘bd )‘ —wb
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4. CNN Architectures L8 (e Aahites O Q\jb\’
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* Stack few convolutlonal,layers (each one generally followed by a
@ReLU layer), then a poolin hg layer, then another few convolutional &
Iayers, then a sther pooli pooling layer, and so on. The image gets smaller
and smaller, but it also gets deeper and deeper At the end, a|dense
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4.1 Example — Fashion MNIST

EJ"CJS — M")qui?i) . V-"’ Ce_tmg
model = keras.models.s;}ent'al([ ity Filter size §= 7 y 7 xiyl 1 ¥~
keras.layers.Conv2D(64,(7; activation="relu", Padding="same"’i§fé ouvbpat S%e =

M‘J— Tﬂinput_shape=[28, 28, 1105
1 cho¥; keras.layers.MaxPooling2D(2y, > ¢X7 Feature maps 2822+ 6Y
[j’——keras.layers.ConvZD(lZS,Gg’gziivation="re1u", padd;i_ng:"same;it\\\\\\}:D
keras.layers.Conv2D(128, 3, activation="relu", padding="same"),
= keras.layers.MaxPooling2D(2), » x4 x12% VY g 3 2 w64
|G\ \2e= keras.layers.Conv2D(256, 3, activation="relu", padding="same"), Y ‘LP@.’M f
14 "\ L4y keras.layers.Conv2D(256, BNQ/ation="re1u", padding="same"), éfjer
keras.layers.MaxPooling2D(2), 3xzy\2f
/ker'as .layers.Flatten(), 2x2 window and stride ZJ
2 99 keras.layers.Dense(128, activation="relu"),
b keras.layers.Dropout(©.5), V) L
5'0 keras.layers.Dense(64, activation="relu"), o
keras.layers.Dropout(®.5), I\ yplss SB\as
keras.layers.Dense(10, activation="softmax") .
D 9 o O\;\SSQ} S—\_(_::DX) 21
\9%929 > ey
fay) \
. \OQ(ov

4.1 Example — Fashion MINIST  ,.»* |
/ Qo),e}s

s model.compile(loss="sparse_categorical_crossentropy“,

fur optimizer="nadam", metrics=["accuracy"])

— history = model.fit(X_train, y_train, epochs=10,
validation_data=(X_valid, y_valid)) — of™

Train on 55000 samples, validate on 5000 samples

Epoch 1/10 55000/55000 [==================s=======S===

9.7183 - accuracy: 9.7529 - val_loss: ©.4029 - val_accuracy: ©0.8510

OV
1 - 51s 923us/sample - loss:

s

Epoch 16/10
55@90/55060 [=:=======:==:=::::===:======:=
accuracy: 0.9145 - val_loss: 0.2891 - val_accuracy: 0.9036

] - 50s 91lus/sample - loss: 9.2561 -
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4.1 Example — Fashion MINIST

— score = model.evaluate(X_test, y_test)

X_new = X_test[:1@] # pretend we have new images
y_pred = model.predict(X_new)

10000/10000 [============sccczm==cccmeooooo

------------------ 1 - 2s 239us/sample - loss:
0.2972 - accuracy: 0.8983

e

Can reach 92% with
more epochs

4.2 ResNet
Ne\-wor k\ g—{\/‘i)@
 Residual Network (or ResNet) won the ILSVRC 2015 challenge.
e e

e /‘,Tgp-S\error rate under 3.6%, using an extremely deep CNN composed
Wg_ of 152 layers.

~» 7« To train such a deep network, it uses skip connection%.

¢/
\()p 0 hix)

\

w
& hx) \ Residual Learning
4 ) /
Qm\ Layer 2 %
4 hix) % fix) = hix) - X
Layer 1 .
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4.2 ResNet Der Ik oy Olae S
l/,w J'o—‘»’ff ro *’“J‘é‘o@-w-«
v e dAQ Cormet )y s B
+ The network cais!a_’“f_@&ﬂg_p_rggressseven if several‘ﬁyersbhave ok |
started learning yet. —

| Residual

Units

~

—

¥ - Layer blocking
~ backpropagation
= Layer not learning
2
39997
vNO

« ResNet is a stack of residual units. ;¢ 45 o 1>*

: 5.0
; i iy O 7
ftm onvolution O -
Softmax A 128,3x3+ 1(8) e plo
\ 7| Fully Connected > Convolution
0“@} o 9, | 1000units L/ | 128,3x3+1(8) 4
Global Avg Pool | /4 Convolution
. . 024 |F /[ 128.3x3+1(9) RelU
)2({,.4) bo DLE'?) — \ Convolution Batch
\ ' —— Deep! —— ] 128.3x3 +2(S) A Norm
)g > )9 J o— P — Convolution Convolution
o - 64, 3x3 + 1(S) 64,3x3+1(S) | BN+
>0 C)\ i 0'9 | o Fod \ Convolution Convolution RelU
Le ot st SLISAS NN 6833018 64,3x3+ 1(5
9 bl onvolution \ Convolution A .
o’/ ;Y 64, 77+25) | % /| 64 3%341(8) Residual Unit

# \
2 ~AE Input \ Convclution
Y < pu N i

Wp— c/ ‘ U‘f{’ t 2%

&7)4]0//\/0\\'%{9&&” d,

Scanned with CamScanner


https://v3.camscanner.com/user/download

Outline
1. Introduction 5. Using pretrained models {
2. Convolutional layer 6. Pretrained models for transfer

1. Filters learning

2. Stacking feature maps 7. Classification and localization

3. Mathematical summary <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>