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Prediction of continuous variables
" JEE

m Billionaire sayz: Wait, that’s not what | meant!

m You sayz: Chill out, dude.

m He sayz: | want to predict a continuous variable

for continuous inputs: | want to predict salaries
from GPA. o ML J~a

m You sayz: | can regress that...
flley ‘
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The regression problem —
m Instances: <x, t> (j polgnals i d

= Learn: Mapping from x to t(_x) / $in, (o6 & Fowrie
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m Precisely, minimize the residual squared error: ?No(;(/,'a-.
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The regression problem in matrix notation
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. Minimizing the Residual

W*

argmin (Hw — t)7 (Hw — t)

N Sak- Cap

residual error
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Regression solution = simple matrix operations

Hw—t

re&dual error

| /«g;

solution: w* = (H"H) "~ HTt = A 'b
—_——
A-1 b
where A = H'H —{ ] b=H"t = {E]
kxk matrix kx 1 vector

for k basis functions
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But why? “’M% 5 Yu N, 6Y

m Billionaire (again) says: Why sum squared error???
m You say: Gaussians, Dr. Gateson, Gaussians...

m Model: prediction is linear function plus Gaussian noise
t(x) =M+8X € @N(blol)
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Least-squares Linear Regression is MLE for Gaussians!!!




Applications Corner 1
= JE
m Predict stock value over time from

1 past values

1 other relevant vars
= e.g., weather, demands, etc.
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" JEE—
m Measure temperatures at
some locations

m Predict temperatures
throughout the
environment
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[Guestrin et al. '04]
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Applications Corner 3
= JEE
m Predict when a sensor will fail

based several variables
= age, chemical exposure, number of hours used,...
—_ TASE
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Bias-Variance tradeoff — Intuition
= JEE
m Model too “simple” = does not fit the data well
A biased solution >

m Model too complex =» small changes to the
data, solution changes a lot WL Aot
A high-variance solution
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(Squared) Bias of learner £0)> G

" JEE

Given dataset D with N samples, fom D D ‘Mvr\ . (

learn function hp(x) v ‘\D ﬂ Af;\

If you sample a different dataset D’ with N samples, /ﬁ'
R

you will learn different h(x) _
Expected hypothesis: E [hy(X)]= [\“ ()()

Bias: difference between what you ei\pect to learn and truth
Measures how well you expect to represent true solution
Decreases with more complex maodel L
Bias? at one point x: “: (‘/\) - l\“ (\(3
Average Bias%:
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Var (W) =

Variance of learner
» B

m Given dataset D with N samples, O =) K\) (0
learn function hp(x)
m If you sample a different dataset D’ with N samples,
you will learn different hy’(x)
m Variance: difference between what you expect to learn and
what you learn from a particular dataset
Measures how sensitive learner is to specific dataset

Decreases with simpler model ) )
Variance at one point x: ( ;\D (%] I\N ( )

Average Yariance: _
€4 ED[U\D(‘Q - L\N(\(»z]
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Bias-Variance Tradeoff
= JEE

m Choice of hypothesis class introduces learning bias

More complex clgss — less bias
.

More complex class — more variance
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Example |  Select points by clicking on the graph or pre:

Example

Select points by clicking on the graph or press

Degree ofpolynomial: [1 v | © FitYtoX

Example jw(t’* Select points by clicking on the graph or pre:

@ Fit¥toX

0‘& Degree of polynomial: |13 v
S ~ FitXto Y

Degree of polynomial: |13 v

caleulate | view Patynomial | Reset | \ M\rlkh Calculte | View Polynomial | Reset | Calculate | View Polynomial | Reset |
W
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Bias-Variance Decomposition of Error
. hn(x) = Ep[hp(z)]
JEE

m Expected mean squared error: MSE = Ep [Ez [(t(fv) - hD(z))2H

~ s s e N

m To simplify derivation, drop x: ED(__({-- ;\D )23

m Expanding the square: «dd a~ld Sul «
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Moral of the Story:
Bias-Variance Tradeoff Key in ML
" JEE—

m Error can be decomposed:
MSE = Ep [E [(t(x) - hD(x))2H

=B [(tw) ~ (@) + Bo B [(3(2) — ho(@)?]]

) k,m’“ R @ VAargaw
m Choice of hypothesis class introduces learning bias

More complex class — less bias
More complex class — more variance
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What you need to know
* JEEE
m Regression
Basis function = features
Optimizing sum squared error
Relationship between regression and Gaussians

m Bias-variance trade-off
m Play with Applet
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