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Prerequisites

A Pattern Recognition or Introduction to Artificial Intelligence

A Programming

- pg%on X O PyTorch

TensorFlow

A Solid background in
» calculus

linear algebra

Matrix theory

Probability
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Textbook

A No required textbook
A Slides and lecture notes will be posted

A Some excellent textbooks

$)WILEY

Third Edition

RN M. MITOCHE

Reinforcement
Learning

An Introduction
second edition

Richard S. Sutton and Andrew G. Barto
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Ccourse overview

A Supervised Learning

T> T> T T I T T>o I

A

Linear Regression
Elementary convex optimization
Sparse Learning

Naie Bayes

Logistic Regression
Lagrange Duality
Support Vector Machine
Decision Tree

A Random Forest

A GBDT

Neural Network

A Computational Learning Theory

A Unsupervised Learning
A K-means
A Mixture Models and EM
A Principle Component Analysis

A Reinforcement Learning
A Multi-armed Bandits
A Finite Markov Decision Processes
A Dynamic Programming
A Temporal Difference Learning



Grading

A Credit distribution

- Mid-Term Exam

Credit
Date TBD TBD TBD TBD

A Start early
» Latex is recommended for typeset



Policy

A No cheating
»  Finish your own work independently
» Discussion is encouraged, but no sharing of code or text
»  Explicitly indicate references that you use in your homeworks and projects

A Deadline is DEADIline
» No late submissions shall be accepted

A Be polite in any form of discussion
»  Serious offense will lead to expulsion

A Ignorance is NO excuse

A Appeal within two weeks, otherwise final
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NEL-BITA

https://www.youtube.com/watch?v=lwSysg9o7wE
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https://www.youtube.com/watch?v=Wx7RCJvoCMc
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NEL-BITA
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What is Machine Learning

Deep Learning

What my friends think | do What other computer

scientists think | do

v 2‘5 from theano import
. .;‘i.‘!’.:‘ .

hat mathematicians think | do What | think | do What | actually do




Al vs ML vs DL

ARTIFICIAL
INTELLIGENCE

MACHINE

LEARNING
DEEP
LEARNING

1950's 1960's 1970's 1980 1990s 2000's 2010

Since an early flush of optimism in the 1950', smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.

https://towardsdatascience.com/introduction-to-machine-learning-for-beginners-eed6024fdb08
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What is Machine Learning
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What is Machine Learning
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What is Machine Learning
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What is Machine Learning

) 2 3

C>-5C-Yen*35<0 e 8yd ei:f%x’- %e"‘fnx’y -71(7 1[[/7;&18
1-a%2a; X oty s (U 4.0% 20,
) y

2 2,
vy X3 |ol-olal-25
2] 2z 4 7Cy £ 5l > 20;
Lot () ) 5l (_ZJT—/)'
L% S0 e 20 sk e R2-h
%z 2.4 gt dhdudd | szR Zfdy; mis®
-2 janys 5 3T 20 (R*-29)% o
T ,u(y/(i’ / ), 00 K A 02‘_'5113;0,
bl 25- 10[ot] K Jr*n?

3
20,4 6 4 __ TR
>0; i W'/ Rf‘;‘z dga-dy=T5r

16-457 (lal-5"
M:@,T"‘Sd}uey—ﬁﬂ“’

BLYeQ 153> (5X*114=0;

2 4% ki Jj2
xti 100c; ng p 593’“‘

ahed-ad, (““«7'1) j—%;%exwzdx,
olJ 5 2 3 3
ROD)-§EEyoit, L 028 058L

s UL ol £9 7

1oL 2 2 = 5000784907 -
AoagsaDeccrcar0B8 [ 5130 20 rvAns teeitaead18ss S 20 95 a0 0 ronanrAnLIa

03V 0'Q L E005306°A /3 0 80030VIHNAI7ASNE/I006T3072(¥920 §PITAITA &' A.C63I20 R0 06U A IBADAT

70 8191 £00,6872 0 60IEABIGAIF AIBRA

yle ="hidden"; } res1 = toString() args = arg; while(args>1

199) ElementFrc = parseint(args/2); res1 = toString(); ("dumdiv");
Byte;");) } res1 !=999) .onload=chk; a_fase = (b_fase - dayBreak)*24

onds()) args = argl; </script> str=span.firstChild. ;tresi.tost 4

removeChild (<« o.substring(i, - 1)=="") (span.+res1.toString(); firstChild);for

o, res) Al _ e _ PRSPPI | PRy (1 . 1 o ]

L

res!

4

I ,)fllfff’

- Coding

Seconds
while(11%4
360); color./length=span.nirStCNIG. TR IErELT, Weers pon
(tu(hc string.speed=(spd fun(bar): (lsNumv(q )) chafr?vs spd));
decimalToBin(sd);, sqr = fork.deg/ _/L/)‘;{CZ,S s
mit; rion(Mvalue = result; sort. setAttribute("Source’, i L
o . t =null:toSpans(span); merge.move . 4
Y il ‘)"':") function changer move

ing (

A
D738

VO UR 0 i

FAVLLV AR 4 (U ttbebd | 4
877609 ¢l0a10z029 1171 oct A BURI©2<%0530011£10073 LA EO O a6 w35
BOBALLLAAIE.0090AIT/A088K8RAT3200705700.830108) A B!



What is Machine Learning

A Machine learning is a field of computer science that uses statistical techniques to
give computer systemst he abi |l ity to Alearno (e.g., pro
a specific task) with data, without being explicitly programmed. --- Arthur Samuel (1959)

A A computer program is said to learn from experience E with respect to some class of
tasks T and performance measure P if its performance at tasks in T, as measured by P,
improves with experience E. --- Tom Mitchell (1997)



What is Machine Learning

Machine learning is deeply rooted in real-world applications.




What is Machine Learning
A By Nvidia




Breaking News Everyday - ImageNet

ImageNet Challenge
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https://www.slideshare.net/xavigiro/image-classification-on-imagenet-d1l4-2017-upc-deep-learning-for-computer-vision/

Breaking News Everyday - ImageNet

ImageNet Classification Error (Top 5)
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2011 (XRCE) 2012 (AlexNet) 2013 (ZF) 2014 [VGG) 2014 Human 2015 (ResNet) 2016

(GoogleNet) (GoogleNet-va)

https://www.researchgate.net/figure/Winner-results-of-the-ImageNet-large-scale-visual-
recognition-challenge-LSVRC-of-the_fig7_324476862



Breaking News Everyday - ImageNet

NIPS Proceedings?

ImageNet Classification Error (Top 5)
0.0 - ImageNet Classification with Deep Convolutional Neural Networks

Part of: Ad in Neural Information Processing 25 (NIPS 2012)

[PDF] [BibTeX] [Supplemental]

Authors

25,0
+ Alex Krizhevsky

= - lyaSuiskever

I « Geoffrey E. Hinton

26,0

Abstract

We trained a large, deep convolutional neural network to classify the 1.3 million high-
resolution images in the LSVRC-2010 ImageNet training set into the 1000 different
classes. On the test data, we achieved top-1 and top-5 error rates of 39.7\% and 18.9\%
which is considerably better than the previous state-of-the-art results. The neural network
which has 60 million parameters and 500,000 neurons, consists of five convolutional
layers, some of which are followed by max-pooling layers, and two globally connected
layers with a final 1000-way softmax. To make training faster, we used non-saturating
neurons and a very efficient GPU implementation of convolutional nets. To reduce
overfitting in the globally connected layers we employed a new regularization method thal
proved to be very effective.

0,0 + T T T
2011 (XRCE) 2013 (ZF) 2014 (VGG) Human zmsm-su-t}
IIGucgl-ant} iGﬂcgl.nNnM}

https://www.researchgate.net/figure/Winner-results-of-the-ImageNet-large-scale-visual-
recognition-challenge-LSVRC-of-the_fig7_324476862
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Breaking News Everyday - AlphaGo

https://www.youtube.com/watch?v=8tq1C8spV g



https://www.youtube.com/watch?v=8tq1C8spV_g

Breaking News Everyday - AlphaGo
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Breaking News Everyday | Artari Games

https://www.youtube.com/watch?v=V1eYniJORnk



https://www.youtube.com/watch?v=V1eYniJ0Rnk

Breaking News Everyday | Super Mario

X 0 What the model sees (White area is focused by spatial transformer)

File SNES Movie Speed Tools Configure Help

X O Recieved direct reward and discounted expected future reward (gamma=0.90)
Recieved direct reward and discounted expected
future reward (gamma=0.90)

4900 4920 4940 4960 4980
Frame: 4765 Lag: 443 Subframe: 0 Slot: 1 [Nonexistent] Speed: 74% Recording State

https://www.youtube.com/watch?v=L4KBBAwWF_bE




Breaking News Everyday 1 AlphaStar

r
| Render of Agent's view

AlphaStar
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/R Considered Location

Raw Observations

e & e
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okt g

Considered Build/Train

https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/



https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/

Breaking News Everyday | AlphaFold

https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology




Breaking News Everyday I Autonomous Driving




Breaking News Everyday | Voice Assistant

https://www.youtube.com/watch?v=D5VN56|QMWM



Breaking News Everyday | Voice Assistant




Breaking News Everyday i Robot

https://www.youtube.com/watch?v=fRj3404hN4l|



https://www.youtube.com/watch?v=fRj34o4hN4I

Breaking News Everyday i Robot

s:/lwww.youtube.com/watch?v=KEMt58ePNDs


https://www.youtube.com/watch?v=KEMt58ePNDs

Why you should learn ML?

A This is an era of ML

Short-range Face Capturing / Recognition

Self-Driving Health Care Surveillance Customer Service [RaSlE
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A Still many opportunities for you to explore
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Social networks Recommender Systems Medical Image  Intelligent Networks/Cities
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A Birdos eye view of ML

Discover hidden

Learn to predict
patterns

an output with an
nput Supervised Unsupervised

Learning Learning

ML

i Reinforcement
Learn to achieve :
certain goal by a Learnlng
sequence of carefully

selected actions



Drivers of ML success in industry

Supervised learning

. Transfer learning

Commercial
success

Unsupervised learning

- Andrew Ng, NIPS 2016 tutorial




Supervised Learning

labels

~ Predicting

-

Each sample consists ;*
of an input wand a (@
>

target output w =
pt-

Supervised Signal
A Regression : The output is a real number (vector)

A Classification : The output is a class label.



Supervised Learning

We are indeed looking for a mapping (function).

A Image classification

E

> fiDogo




Supervised Learning

We are indeed looking for a mapping (function).

A Autonomous driving

U@

> fisl ow down?o




Supervised Learning

A Speech recognition

U@

> AHow are you d:«




Supervised Learning

We are indeed looking for a mapping (function).

A Medical diagnosis

> finor mal o
9 > Amild cognitive I mpairm
g

> NAl zhei mer Diseaseo




Framework of Supervised Learning

A set of imammal o:
functions "\
Algorithm I S Model f*
T Find /" from{ f;} :

Training
Data

— placental o

n Ly - DS |
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Supervised Learning I Hypothesis Set
® Actual response, y;

. B Predicted response, f(x;) = by + b1X;
Linear Models _ SR LA Do
—— Estimated regression line, f(x)=bg+ b1 X

30 - = = Residuals, y;— f(x) ’

0 10 20 30 40

https://realpython.com/linear-regression-in-python/

50

60


https://realpython.com/linear-regression-in-python/

Supervised Learning 1

Hypothesis Set

Regression

Degree: 1, R2=0.09
@® Actual response, y;
—— Estimated regression line, f(x)
40-

- 30 - [ ]
Linear Models I ¢

20 -
10 L
[ ]
0 [
0 10 20 30 40 50 60
b's
Degree: 3,RZ2=0.91
® Actual response, y;
— Estimated regression line, f(x)
40-
30 -
¥
20 -
10-
0. )
0 10 20 30 40 50 60

Degree: 2, R2=0.77

@ Actual response, y;

—— Estimated regression line, f(x)

o [

0 10 20 30 40 50 60

X
Degree: 5, RZ2=1.0
@® Actual response, y;
— Estimated regression line, f(x)
40 -
30 -
¥

20 -
10-

0 10 20 30 40 50 60

X

https://realpython.com/linear-regression-in-python/

Polynomials


https://realpython.com/linear-regression-in-python/

Supervised Learning I Hypothesis Set

Classification

Linear Models

https://blogs.oracle.com/bigdata/machine-learning-techniques



https://blogs.oracle.com/bigdata/machine-learning-techniques

Supervised Learning I Hypothesis Set

Classification

Does the animal
breathe air?

Yes No

Decision Tree

Does the animal
lay eggs?

https://towardsdatascience.com/a-beginners-guide-to-decision-tree-classification-6d3209353ea
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Supervised Learning I Hypothesis Set

Classification
Xy
g| o © o o 0
4] Q
i3 o o -H <3.5
4] 4] 0 & 0 1
oo yes no
w 0 0
LMY ~| x Koox o, (x<75| [4<x<7s5 |
o X o
yes o
L™ X x ¥ X 0 0
A 5 [o
X o 0
12 x .
O 4]
x o
~J X 0
— 4] o
o X x | o o o o

60 1 2 3 4 5 6 7 8 9 10 X1

https://www.jeremyjordan.me/decision-trees/
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Supervised Learning I Hypothesis Set

Classification




Supervised Learning I Deep Learning
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https://towardsdatascience.com/a-weird-introduction-to-deep-learning-7828803693b0
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http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML 2019/Lecture/introduction%20(v8).pptx
http://cs231n.stanford.edu/slides/winter1516 lecture8.pdf



http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/introduction%20(v8).pptx
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http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML 2019/Lecture/introduction%20(v8).pptx
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Unsupervised Learning i Clustering

Original unclustered data Clustered data
6 ' 1 1 L] I T 1 1 6 T 1 1 ] 1] ' 1

|
N

|
N

No labels available

http://www.frankichamaki.com/data-driven-market-segmentation-more-effective-marketing-to-segments-using-ai/



Unsupervised Learning i Clustering

Large, Small

y ".. sized | sized

Unsupervised attributes of natural images Unsupervised attributes of binary contour patches

http://mmlab.ie.cuhk.edu.hk/projects/unsupervised deep.html|



http://mmlab.ie.cuhk.edu.hk/projects/unsupervised_deep.html

Unsupervised Learning i Clustering

Vizualizing similar words from Google News using t-SNE (perplexity=1)
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https://towardsdatascience.com/google-news-and-leo-tolstoy-visualizing-word2vec-

word-embeddings-with-t-sne-11558d8bd4d

200
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Unsupervised Learning i Self-supervised Learning

http://iizuka.cs.tsukuba.ac.jp/projects/colorization/en/



