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What you have learned thus far
" J

Learning is function approximation

Point estimation

Regression

Naive Bayes

Logistic regression \ 7
Bias-Variance tradeoff \

Neural nets -
Decision trees

Cross validation

Boosting %
Instance-based learning -
SVMs

Kernel trick

PAC learning

VC dimension

Margin bounds

Mistake bounds



Review material in terms of...
" A

m Types of learning problems

m Hypothesis spaces

m Loss functions

m Optimization algorithms



Text Classification

» All About The Company

Global Activities
Corporate Structure
TOTAL's Story
Upstream Strategy
Downstream Strategy

Chemicals & By
TOTAL Foundation
Homepage

all about the
company

Cur energy exploration, production, and distribution
operations span the globe, with actwities in more than 100
countries.

At TOTAT, we draw our greatest strength from our
fast-growing oil and gas reserves. Our strategic emphasis
on natural gas provides a strong posiion in a rapidly
expanding marlket.

Our expanding refining and marketing operations in Asia
and the Mediterranean Fim complement already solid
posttions in Europe, Affica, and the TU.5.

Cur growing specialty chemicals sector adds balance and
profit to the core energy business.
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Company home page
VS

Personal home page
VS

Univeristy home page

VS



Function fitting w4 1 — +os
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Monitoring a complex system
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m Reverse water gas shift system (RWGS)
m Learn model of system from data
m Use model to predict behavior and detect faults



Types of learning problems
" J

Classification
il Input — Features
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m Regression

Output?
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m Density estimation



The learning problem
" J

Features/Function approximator Learned function
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Comparing learning algorithms
"
m Hypothesis space

m Loss function

m Optimization algorithm



Nailve Bayes versus Logistic
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Naive Bayes Logistic regression
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Nalve Bayes versus Logistic regression —
Classification as density estimation
"
P(Y|X)

m Choose class with highest probabillity

\

— hqey Pl 10
R

m In addition to class, we get certainty measure




Logistic regression versus Boosting
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Logistic regression Boosting 6&’&’"‘2"3'
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Linear classifiers — Logistic

. fegression versus SVMs
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What's the difference between SVMs and
Logistic Regression? (Revisited again)

SVMs Logistic
Regression
Loss function {inge loss Log-loss
High dimensional Yes! Yes!
features with
kernels
Solution sparse Often yes! Almost always no!
Class iheetion P )
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SVMs and instance-based learning

SVMs
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Instance-based learning versus
__Decision trees
JE—

1-Nearest neighbor Decision trees
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Logistic regression versus Neural nets
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Logistic regression Neural Nets
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Linear regression versus Kernel

] regression

—

Linear Kernel Kernel-weighted
Regression regression linear regressio
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Kernel-weighted linear regression
" J

Local basis functions for each region

Kernels

average
between
\hz Y regions




SVM regression
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B I G P I CTU R E _ ( DE density estimation
] ] Ie?;;\;(ng < | Cl Classification
(a few points of comparison) Reg | Regression
>
0 LL Log-loss/MLE
: loss . -

) Boosting function Mrg | Margin-based
Naive ¢l exp-loss _ | RMS | Squared error
Bayes \ S ¢ 4
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/4 SVM
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Instance-based regrﬁfﬂ%@
Learning
DE,CI,Reg /
Neural
Nets i
DE,Cl,Reg,RMS Decision near
regression
trees J Reg, RMS
DE,CI,Reg

This is a very incomplete view!!!
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