The Big Picture
Al and ML

Itis hard to give Artificial Intelligence (Al) a precise definition. In reality, many experts define it as:
to make computers be like humans. This word, Al, was first proposed in 1956 in Dartmouth
summer workshop.

Al has 3 very popular branches

e Machine Learning (ML): to make computers learn like humans

o A practical definition of learning: learning is a process where a system improves
performance from experience. This definition is given by Herbert Simon (E]5%]).

e Computer Vision (CV): to train computers to interpret and understand the visual world like
humans

e Natural Language Processing (NLP): giving computers the ability to understand text and
spoken words like humans

ML can be divided into 4 major types

e supervised learning: have human tags
e unsupervised learning: don't have human tags
e reinforce learning: learn from reward

e artificial neural network/deep learning: use artificial neural network

Some people regard reinforce learning and deep learning as same-level-concept to ML, not its
subset.

Summary:

supervised learning

. . / unsupervised learning
Machine Learning < .
k reinforce learning

artificial neural network/deep learning

Artificial Intelligence

Computer Vision
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e No Free Lunch Theorem: Any two optimization algorithms are equivalent when their
performance is averaged across all possible problems.
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e generalization ability (Z4BE1): 15— MEEXTFIGEZ SMIEHEHITTRNAYBE .
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e performance measure
o regression: MSE
o classification
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Generalized Linear Model
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From Regression to Classification
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Logistic Regression

In LR,

E(w) := Z(—yiﬁ; - & + In(1 + %)), when y € {0, +1}
i—1

It's hard to calculate g—g (According to Wikipedia, it doesn't have a close-form solution), so we use
numerical method like gradient descent and Newton method to get the optimal solution .
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LASSO and Ridge Regression
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CH4 Decision Tree
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CH5 Neural Network
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CH10 Dimensionality Reduction
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where XT:= (XTX) X7 and X is Moore-Penrose inverse, as we learned in YYN's class.
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likelihood(Y| X, w,b) = ﬁP (yi|z;, w,b)
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