Probability

P(A) as the fraction of possible worlds in
which A is true.

The axioms of probability
(1) 0<P(A)<1
2) p(AvB)=p(A)+P(B)—P(AAB)

Two theorems from the Axioms:
p(—A)=1-P(A)

p(A)=p(AAB)+ p(AA—B)

If A is a random variable that can
take on exactly one value out of
Vs Vysesv )

p(A=v,vVA=v,v..vA=v,)

k
=2 p(A=v)=1

pP(BA[A=v,vA=v,])

=22:p(B/\A=vj)

Jj=l

p(B)=3 p(BAA=V))

Jj=1

Conditional Probability

p(AAB)
P(B)
P(AAB)=p(AlIB)p(B)

p(AlB)=

Discrete Random Variables

- Bernoulli

- Binomial: n independent Bernoulli
Trials

n! X _ n—x
p(X=x)= A=t ” a-p)




Discrete Random Variables

- Multinomial Distribution: each trial
has k possible outcomes

If X1, X;,...,X» are mutually exclusive
events with p(Xi=x1)=ps, ...,
p(X»=x:)=pn. Then the probability that
X: occurs x: times, ..., X» 0CCUrs X»
times is given by:

Py (XX X,) =

where

Zn:xi =N;Zn:p,. =1
i=1 i=1

Gaussian Distribution

1-dimensional:
1

(X =xlg,0%)=———e2
P # \N27wo

(x—p)?

2-dimensional:

g
y
1 1 Tyoel
P(Z)=ﬁeXP(—E(Z—ﬂ) X (z—p)
2752

Symmetric non-negative

Gaussian Distribution(2)

o,, =Covlx, y]= E[(x—u,)(y—u,)]
o, . =Var[x]= E[(x—ux)z]
o, =Varlyl= El(y—u,)’]

Properties:
-Linear transformation:

xoe N(u X ) y=Ax
= yo< (Ap,. AL, A")
-Addition
xoe N(p,.,);y o< N(i,,Z,)
Sx+yoc (U, +Uu, X +E))

Gaussian Distribution(3)

Popular because:
1. This distribution is very tractable
analytically.

2. The distribution has the familiar
symmetric bell shape.

3. There is the central limit theorem which
shows that under mild conditions, the
normal distribution can be used to
approximate a large variety of other
distributions in large samples.




Bayes rule (1763)

P(AAB) _ P(A| B)P(B)

PEIN="00 P(A)

More general forms of Bayes rule

P(BI A)P(A)
P(BI A)P(A)+ P(B1—A)P(—A)

M p(AlB)=

P(BIAAC)P(AAC)

2)p(AIBAC) = PBAC)

3)p(A=v,1B)= kP(BlA:Vi)P(A=v,.)

D> p(BIA=v)P(A=v))

Jj=1

Joint Distribution Table

Eat_veg Exercise regular_sleep
0 0 0 0.12
0 0 1 0.24
0 1 0 0.04
0 1 1 0.20
1 0 0 0.05
1 0 1 0.15
1 1 0 0.10
1 1 1 0.10

Joint Distribution Table

1. Assume that if we have the table, we can ask
for the probability of any logical expression

P(E) =% p(row)
e.g.

p(exercise) =

P(exerciseNregular_sleep) =

Joint Distribution Table
2. Inference

compute the probability of an event given
some evidence

Zp(rows)
p(E IE ): P(E1 /\Ez) — matching _E, _and _E,
1 2
p(E,) D plrows)
matching _E,
e.g.

p(eat_veglexercise) =




How to obtain the Table

Eat_veg Exercise regular_sleep
?

N N NN 00000
NN QO Qw00
Q10O w00
NN N N N N N

-Made up by experts
-Learn from the data

records matching the row

p(row)=
# of records

Build a classifier

. categorical

input output
Eat_veg Exercise regular_sleep
Xi X Xs Y
0 0 0 not healthy
0 0 1 healthy
0 0 1 healthy
1 1 1 very healthy
1 0 0 not healthy
1 0 1 very healthy
1 1 0 health
1 1 1 very healthy

Maximum likelihood Estimator

e.g. (0,0,0)

A

Y =argmax, p(x; =0;x, =0;x; =01Y =)

JMaximum A-Posteriori Estimato
e.g. (0,0,0)

S

Y =argmax, p(Y =ylx =0;x,=0;x,=0)

P =ylx =32, = i X, = [4,)
_ POy = [5%, = M35, = 1, Y =)pX =7)
Pl = M3 X%, = 55X, = [,,)

J=1

Y =argmax,, p(x, = fh,...x, =4, 1Y =p)p(Y =7)




Problems with MLE Naive Bayes Classifier

N
Y =argmax, p(Y =[] px;=u,1Y =)

J=1

Building a classifier

Step 1: for each category Y j

Px Xy X, 1Y =7;)

Step 2: estimate

records labeled as 7j.

plY = 7,‘)2

# of records

Step 3: given a new feature vector

Y= a.rgmax},p()c1 =X, =1, 1Y =)p(Y =7%)




