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Introduction to Machine Learning,

Third Edition
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Machine Learning: A Probabilistic
Prespective
Kevin Murphy
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_______________________ 1 Introduction
_______________________ 2 Supervised learning
3 Bayesian Decision Theory
______________________ 4  Parametric Methods
5 Multivariate Methods
AAAAAAAAAAAAAAAAAAAAAAA 6 Dimensionality Reduction
....................... 7 Nonparametric method
.8  DecisionTree
....................... 9  Linear Discrimination
____________________ 10 Support Vector Machine
11

15 Reinforcement Learning
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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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e Journal of Machine Learning Research www.jmlr.org
e Machine Learning

e Neural Computation

e Neural Networks

e |EEE Transactions on Neural Networks

e |EEE Transactions on Pattern Analysis and Machine
Intelligence

e Annals of Statistics

e Journal of the American Statistical Association
e Pattern Recognition

e Nature
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e |nternational Conference on Machine Learning
(ICML)

European Conference on Machine Learning (ECML)
Neural Information Processing Systems (NIPS)
Uncertainty in Artificial Intelligence (UAI)
Computational Learning Theory (COLT)

International Conference on Artificial Neural
Networks (ICANN)

e |International Conference on Al & Statistics
(AISTATS)

J I(nterr;ational Conference on Pattern Recognition
ICPR
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It has long been believed, especially by older members of the scientific
community, that for machines to be as intelligent as us, that is, for ar-
tificial intelligence to be a reality, our current knowledge in general, or
computer science in particular, is not sufficient. 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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Learning is the act of acquiring new, or modifying and
reinforcing existing knowledge, behaviors, skills,

values, or preferences

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.

OIOIOIO Arthur Samuel (1959)

Well-posed Learning Problem: A computer program is said to learn from
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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Knowledge Discovery in Database (KDD)
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Game playing
Robot in a maze
Multiple agents, partial observability, ...
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