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SACK TO BAYES -
PRIOR FOR BINOMIAL

+  Beta distribution up to a constant  p(8]71,70) = 87 "1(1 — §)7 1
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*  Prior that gives posterior of the same sort is called conjunctive

*  Betais a conjunctive prior for Binomial

Uniform prior, i.e., yi=yo=1, gives
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Black Swan “paradox”
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Samples from Dir (alpha=1)
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Probability that next is j, posterior to D

p(X =4D) = / p(X = j10)p(6]D)d6

- /p(X = 3j16;) (/P(9j79j|D)d9j> do;
= [ o(x = 18)p(65(D)a0,
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POSTERIOR PREDICTIVE
CATEGORICAL-DIRICHLET

Text: Mary had a little lamb, little lamb, little lamb,
Mary had a little lamb, its fleece as white as snow

Vocabulary: mary lamb little big fleece white black snow rain unk
1 2 3 4 5 6 7 8 9 10

Index occurrences: 110323232
11032105 106 8
Counts: Token | 1 2 3 4 5 6 7 8 9 10
Word | mary lamb little big fleece white black snow rain unk
Count | 2 4 4 0 1 1 0 1 0 4
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Counts:

Token | 1 2 3 4 5 6 7 8 9 10

Word | mary lamb little big fleece white black snow rain unk

Count | 2 4 4 0 1 1 0 1 0 4
N. j + « j

Posterior predictive: p(X = j|D) = E[§,|D] = N
o
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Counts: Token | 1 2 3 4 5 6 7 8 9 10
Word | mary lamb little big fleece white black snow rain unk
Count | 2 4 4 0 1 1 0 1 0 4

Nj'f'Oéj _ N]’+1
N+a 17410

Posterior predictive: p(X = j|D) = E[#;|D] =

Posterior predictive:
If we set a; = 1, we get

(3/27,5/27,5/27,1/27,2/27,2/27,1/27,2/27,1/27,5/27)
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NANE BAYES
CLASSIFIER -
NBC

Class Y

% Distribution over class

X4 Xp % Given class Xi:s independent

Datapoint & € [K]P  Classes [C]

Class conditional independent p(z|y = ¢, 0) = H p(zaly = ¢, O4c)
d=1

p(zaly = ¢,04c) is (now)

e Categorical, so 84, probabilities of each outcome in [K]
but can also be

® Bernoulli, so By, probability of head

e Or x real valued and gaussian dist, so 8. gives mean and variance

NANVE BAYES CLASSIFIER -
NBC

Data D = {wl’ . ,:CN} Counts N7 Nc;NdcaNdck

Likelihood

P(Tn, yn|0, ) = p(yn|m) Hp(wnd|0yn = Tyn, H Oay,zq

p(D|w,0) = HWNCHpr—kwd YNacn

Log-likelihood
log p(D|=,0) ZN log w. + ZZ <Z Nyex log p(x = k|0d0))

Optimized by ~ #. = N./N and édck = Nyck/Nac
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SAYESIAN NAIVE
SBAYES CLASSIFIER

Prior (Dirichlet on all, perhaps add one)

p(m,0) HHp (04.) = Dir(rw|a) HHDlr 04.18)

(Recall) likelihood
D|7T 0) H7T HH(pr:kgd Ndk:)
Posterior
p(w,0|D) = Dir(w|a) Hﬂ' HH (DII‘ 0dC|B)Hp x = k[@ge)Ne k)

= Dir(n|N + a) HHD“ ed+B)
c d

What is the class, for unclassified x

p(y = c|z, D) x p(y = ¢, x| D)
Bayesan: integrate out the parameters

Dy = c.z|D) = / oy =cam6lD)d(m.0)

- / by =c.fm.B)p(m 01D)d(.0)

/ bl = clmp(|D)p(aly = c.0)p(0]D)(.0)

= / Cat(y:c|7'r)p(7r\D)d7'rH/0 Cat(zqly = ¢, 84c)p(0] D)0,
w d dc

PREDICTION —
BASED ON DATA D

What is the class, for unclassified x

p(y = ¢z, D) x p(y = ¢, z|D)

Bayesan: integrate out the parameters
p(y = ¢, z|D) = / Cat(y = c|m)p(w|D)dmw H/ Cat(zq4|y = ¢,04.)p(0|D)dO4
™ d edc

these are posterior means so

N. + a. - )
Cat(y = D)dr = == ¢ 040-—5042
/7r at(y = c|m)p(w|D)drw N T o =
Nge + .
Cat(xgqly = ¢,04.)p(0|D)dO,. = Bi
o (zaly 4c)p(0]D)d6q N. 1 o ;

PREDICTION —
BASED ON DATA D
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