Statistical Pattern Recognition
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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

Pattern Recognition

Pattern Recognition
Theodoridis & Koutroumbas
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Machine Learning
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Introduction to Machine Learning, Third Edition

Kevin Murphy

Machine Learning: A Probabilistic Prespective

Learning from Data
Yasser Abu-Mostafa
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Machine Learning

A Probabilistic Perspective
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|IEEE Transactions on Pattern Analysis and Machine
Intelligence

Pattern Recognition

Pattern Recognition Letter

Machine Learning

|IEEE Transactions on Neural Networks

Journal of Machine Learning Research www.jmlr.org

Neural Computation

Neural Networks

Annals of Statistics

Journal of the American Statistical Association
Nature
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. I(n(’:cerr)\ational Conference on Pattern Recognition
ICPR

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)
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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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Discriminant: IF income > 6, AND savings > 0,
THEN low-risk ELSE high-risk
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Training examples of a person
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Market segmentation

) }6\ Astronomical data analysis L
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Game playing
Robot in a maze
Multiple agents, partial observability, ...
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