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But there are many planes...
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Support vector machines (SVMs)
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What if the data is still not linearly
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SVMs for Non-Linearly Separable meet

my friend the Perceptron...
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What you need to know
" JEE—

m Maximizing margin

m Derivation of SVM formulation
m Non-linearly separable case

Hinge loss

A.K.A. adding slack variables
m SVMs = Perceptron + L2 regularization

m Can optimize SVMs with SGD
Many other approaches possible
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Big Picture

Machine Learning — CSE446
Carlos Guestrin
University of Washington

May 6, 2013

Carlos Guestrin 2005-2013 15

What you have learned thus far
“ J

Learning is function approximation \
Point estimation

Regression

LASSO

Logistic regression |\ \ ! yd
Bias-Variance tradeoff
Regularization
Decision trees

Cross validation /Y”"S()ﬁ
Boosting <
Instance-based learning
Online learning
Perceptron

SVMs

Kernel trick
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Review material in

" JEE
m Types of learning problems
—_—

m Hypothesis spaces
S
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m Optimization algorithms
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terms of...

ML Pipeline
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Learning Task/Measuring Error
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Hypothesis Classes & Decision Boundaries
"

Linear Model with
Higher-Order Features or Kernels
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The Power of Regularization
" S

Overfitting Regularization

Bias/Variance Tradeo l ")__ L.
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Your Midterm...
" JEE
m Content: Everything up to today...
m Only 50mins, so arrive early and settle down
quickly
m “Open book”
Textbook, Course notes, Personal notes
m No:
Computer, phone, other materials,...

m The exam:

Covers key concepts and ideas, work on
understanding the big picture, and differences
between methods
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