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What about continuous hypothesis

spaces?
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m Continuous hypothesis space:
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Infinite variance???

m|As with decision trees, only care about the
maximum number of points that can be
classified exactly!
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How many points can a linear

boundary classify exactly? ( y? (1-D)
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How many points can a linear
boundary classify exactly? (2-D
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How many points can a linear

boundary classify exactlx? ‘d-Dz
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PAC bound using VC dimension

|
= Number of training points that can be t oot
classified exactly is VC dimension!!!
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Measures relevant size of h_ypothe5|s spac
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Shattering a set of points

Definition: a dichotomy of a set S is a =5= EX by, ey S/V\§
partition of S into two disjoint subsets. t
8 %%‘ /X% )(L{

¥
Definition: a set of instances S is shattered =308 s i)(L %, X‘%ry’@%y/
by hypothesis space H if and only if for every
dichotomy of S there exists some hypothesis
in H conm?\tgnt with this dichotomy.
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VC dimension < U

Definition: The Vapnik-Chervonenkis
dimension, VC(H), of hypothesis space
defined over instance space X is the size o ‘90“ jw@ s e i 7[
the l@t_ﬁwb\set of X shattered by H/ of" po VS
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PAC bound using VC dimension

. Number of training points that can be
classified exactly is VC dimension!!!
Measures relevant size of hypothesis space, as
with decision trees with k leaves
Bound for infinite dimension hypothesis spaces:
erroryue(h) < errortmmw)w veun nye VC;“ ) ting
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Examples of VC dimension ~
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Another VC dim. example -
. What can we shatter?

m What’s the VC dim. of decision stumps in 2d?
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Another VC dim. example -

. What can't we shatter?

m What’s the VC dim. of decision stumps in 2d?
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What you need to know
3 -
m Finite hypothesis space
Derive results
Counting number of hypothesis
Mistakes on Training data
m Complexity of the classifier depends on number of
points that can be classified exactly
Finite case — decision trees
Infinite case — VC dimension

m Bias-Variance tradeoff in learning theory

m Remember: will your algorithm find best classifier?

©2005-2007 Carlos Guestrin 13

Questions / Sy b
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Bayesian Networks —

Representation
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Handwriting recognition

Character recognition, e.g., kernel SVMs
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Webpage classification
3 B

—» Company home page

all about the VS
company

Personal home page

AtTOTAL, we draw our greatest strength from our
fast-growing o and gas reserves. Our strategic emphasis VS
on natural gas provides a strong position in a rapidly
expanding market

O s s s e University home page

and the Mediterrancan Rim complement already solid
positions in Europe, Afiica, and the U.5.

Our growing specilty chemicals sector adds balance and
profitto the core encrgy business VS
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Handwriting recognition 2
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Webpage classification 2
-
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Today — Bayesian networks

m One of the most exciting advancements in
statistical Al in the last 10-15 years

m Generalizes naive Bayes and logistic regression
classifiers

m Compact representation for exponentially-large
probability distributions

m Exploit conditional independencies
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Causal structure

m Suppose we know the following:
The flu causes sinus inflammation
Allergies cause sinus inflammation >

Sinus inflammation causes a runny nose O
Sinus inflammation causes headaches

m How are these connected? /
Vi
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Possible queries
- -

m Inference
@ APt pos pu=F)
= Most probable
@ explanation
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Car starts BN
5 B

m 18 binary attributes

AQﬂgor FQelt ,«L”e@ BQrvAge
N / {

‘6{‘ é m Inference
chrge. P P(BatteryAge|Starts=f) J
ng:i 44’T‘Ba ef;ngyer 4’,»"GQ|Tank P (Bj\ S:_’)C> - P ( Bi’j / fijf)
- 8, S //__
RQ: GQ}‘auge P (S of)
O ) == Cof) = i
Qe | AR VB 22, 0 0(peg sbhn By )
Englhg? ks _/’) .
7?’ = 27 ternts, wihy 50 fast?
F%"’ " m Not impressed?
o Poer / HailFinder BN — more than 354 =
st.ugs 58149737003040059690390169 terms
©2005-2007 Carlos Guestrin 23

Factored joint distribution-
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Number of parameters
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Knowing sinus separates the variables from each other
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(Marginal) Independence

-
m Flu and Allergy are (marginally) independent
£ LA
@ Flu=t o2
o4 = POF) P4 Fu=f | oy
m More Generally: Allergy =t| 2
Allergy = f o-F

Flu=t Flu=f

Allergy =t| 0240 -1 63x6-3

Allergy =f| o2 x0 4 0F 50y
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Marginally independent random
variables
I

m Sets of variables X, Y

= Xisindependentof Yif /%2 Vald) ¢ leale)

PA(X=xL1Y=y),-8x2Val{X)-y2VakY)
PO, v=g) = PX=2) . P(Y=9)

w Shorthand:  PO=11Y=5) = P (x=2)
Marginal independence: %’(X 1Y)

m Proposition: P statisfies (X L Y) if and only if
PX.Y) =PX)P(Y)

PV =P
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