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Third Edition
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Machine Learning: A Probabilistic
Prespective
Kevin Murphy

Pattern Recognition
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Python Raschka, S. and V. Mirjalili (2019). Python
Machine Machine Learning: Machine Learning and

L o Deep Learning with Python, Scikit-Learn, and
earning Publishing.

Machine Learning and Deep Learning
with Python, scikit-learn, and TensorFlow 2

P LEARNING

Bz Aty e
" /tan Goodfellow, Yoshua Bengio,
7'\ and Aaron Courville

Sebastian Raschka chk.l.)
B alil SECOND EDITION

Frangois Chollet

Chollet, F. (2021). Deep Learning with
Python, Second Edition, Manning.
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Pattern Recognition and Machine Learning
Christopher Bishop

Pattern classification

Richard O. Duda, Peter E. Hart and David G. Stork
Pattern

Classification

Machine Learning
Tom Mitchell
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e https://machinelearningmastery.com/

e https://towardsdatascience.com/

e https://medium.com/

e https://www.coursera.org/

e https://learn.udacity.com
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e UCI Repository:
http://www.ics.uci.edu/~mlearn/MLRepository.html

e UCI KDD Archive:
http://kdd.ics.uci.edu/summary.data.application.html

e Statlib: http://lib.stat.cmu.edu/
e Delve: http://www.cs.utoronto.ca/~delve/
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Journal of Machine Learning Research www.jmlr.org
Machine Learning

Neural Computation

Neural Networks

|IEEE Transactions on Neural Networks

|IEEE Transactions on Pattern Analysis and Machine
Intelligence

Annals of Statistics

Journal of the American Statistical Association
Pattern Recognition

Nature
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NeurlPS: Neural Information Processing Systems
(formerly NIPS)

ICML: International Conference on Machine
Learning

ICLR: International Conference on Learning
Representations

CVPR: IEEE/CVF Conference on Computer Vision
and Pattern Recognition

ECCV: European Conference on Computer Vision
AAAI: AAAI Conference on Artificial Intelligence
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[t has long been believed, especially by older members of the scientific
community, that for machines to be as intellicent as us, that is, for ar-
tificial intelligence to be a reality, our current knowledge in general, or
computer science in particular, is not sullicient. People largely are of
the opinion that we need a new technology, a new type of material, a
new type of computational mechanism or a new programming methodol-
ogy, and that, until then, we can only “simulate” some aspects of human
intellicence and only in a limited way but can never fully attain it.

| believe that we will soon prove them wrong.
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Mechanization, Mass production,
water power, steam  assembly line,
power electricity

Computer and Cyber Physical
automation Systems
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Learning is the act of acquiring new, or modifying and
reinforcing existing knowledge, behaviors, skills,

values, or preferences. 3
The ability to learn is possessed by humans, anlmals

and some machines.
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Machine learning Is programming computers to

optimize a performance criterion using example data
or past experience.
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Field of study that gives computers the ability
to learn without being explicitly programmed.

‘Arthur Samuel (1959) ‘

experience E with respect to some task T and some performance

measure P, if its performance on T, as measured by P, improves with
experience E.

Tom Mitchell (1998) | =%
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USC CS Distinguished Lecture Series, 2008
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knowledge. John Naisbitt.

oxbls P53k S0 ]




(c..ls)) (530950 )\ yohois =

:@2)1> 20381 5330 @ 1) s)lgs )s o
¢ ()W ) A ludl aS (ss)lgs )y —
G 308 O)lgs a1603 @ PGB plwdl a5 Hils) —
CI0 QoA sidls
wmas gle) Job ys a3 s)0e saAllws a5 Sle) —
sils  «Cwl auwly buas bold @ 05850
5190805 $laasin s (Ibyws

(,Jo(A\o.)\)mbLg.u.\o.)ma)LdeAmajb.)D(A—
N oslalwl O g oAl Sl auwlg

G Slawonins

oabls 3L



(c..ls)) (530950 )\ yohois =

1E8) IS Jse ghalwl JBs gloic @ :(ibgydor)s
W3S s o) @ byys slaguislys s9) ) as)lins
S )y Jposs Gy online sBing)e G )l aS
01030 alie Slasyys sablbs @ asgl b iS¢0
) ousa 1 gl ssy (slasayd

@38y Jas Gy sah)l @ pB cwl pSes Moy e
Cuwy @ AL60 9 Jgd cupdT By Plg3e L) ceainly
)91

N0 MUY Sl Nlgige sxsl Cws @ Jys @

alyalw! johis @ L g (predictive) spS Hhs aslatwl
(descriptive) sa1)(5 @ laosls ) ghsls

oanls sy3sb



G3aC (SPIL =

Goodfellow, 1., Y. Bengio, and A. Courville. Deep Learning. MIT Press, 2016.
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End to end learning

Output
Mapping from
Citpat Ot
ntpu utpt foatures
Additional
Output Mapping from Mapping from layers of more
: features features abstract
features
Hand- Hamnd-
p - Simple
designed d.-:m:lg:lml Features fatures
ProOgram features
Inpat Input Input Input
g &o‘ &
] Deep .b ﬁ:>
Rule-based {]méw learning =
- machine
systems learning Representation vy .

learning
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Goodfellow, 1., Y. Bengio, and A. Courville. Deep Learning. MIT Press, 2016.
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Discriminant: IF income > 6, AND savings > 6,
THEN low-risk ELSE high-risk
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Social network analysis

Organize computing clusters
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Game playing
Robot in a maze
Multiple agents, partial observability, ...
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