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Last time: density estimation

Input: X;, X,, ..., Xy

Output: p(X)

Maximum likelihood: max p(data | 8)
€

Maximum a posteriori (MAP): max p(6 | data)
-}
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Last time: density estimation

Input: X;, X,, ..., Xy
Output: p(X)
Bayesian prediction:

Density estimation

* we used the thumbtack example
e similar for structured variables

— diseases and symptoms; natural images; natural
language... 9?— 8, 95
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Continuous\variables: Gaussian
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Obtaining Gaussians from Gaussians
B

* adding constants and scaling BOLARC
X~N(X | 1, 0%) '
Y=aX+b
YT apat 03@3

* summing independent Gaussians
X~N(X |, 0F)
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Learning Gaussians
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Posterior of the mean

I )

o e gl

= fxo \‘Y\L“\")«‘ o) \ A \qj)'C’)

9/16/2009



Posterior of the mean
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Things to know about Gaussians

* T/\M\—E:‘l‘\s i’(b\
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* conjugate for the Gaussian
— variance of posterior
decreases with number of samples
— mean of posterior

gets closer and closer to sample average
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Gaussians

* modeling singleton continuous variables

NEXT:

* modeling dependence among continuous
variables:

— stock prices given previous few days
— salary given\GPA
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regression
GPlx  SMpey — -
Input: (xl,tlf,/(xz, )., (X ty)

Goal: learn a map@
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] ] Input: (xq,t), ..., (X, ty)
Linear regression Assume: t = 5y Wib(x)
W« = t
looee QMD
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Linear regression
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t = vzo+ﬂ1x+wzx
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Linear regression

- 2
t = Wo + WX + W)X

+ wyx3

Linear regression

- 2
t = Wo + WX + W)X

+ wyx3 + wyx?
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Linear regression

= 2
t = wy+wx+w,X
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Training error vs Test error

test error

training error
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5 u degree of polynomial
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How to select the model?

training set validation set test set

Project proposals due next WED

*[ project title

project idea

data set to use

software to write (if any)

1-3 papers to read
* teammates
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So far we have covered

Density estimation:
* input: X, X,, ..., Xy
output: p(X)
examples: image denoising/segmentation,
natural language modeling

Regression:

* input: (xq, ty), (X5, t5)..., (X, ty)
goal: learn a map x —~t
examples:  predicting stock value

Soon to cover

Classification:

* input: (xq, Y1), (X5 Y2)-ee s (Xn, V)
goal: learn a map x~y

examples:  object recognition, spamydetection

Later in the course

Sequential decisions

* receive observations one at a time
choose action, receive reward

examples: driving a vehicle, controling robotic arm
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