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Motivation

Assumption: the data was generated according to some model that
we try to retrieve.
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Assumption: the data was generated according to some model that
we try to retrieve.

The observation O: the texts.
The model p: parameters and probability distributions that
generated the data — the one that fits the data best.

p(O.p) = pOlp)  p(r) = p(ulO) p(0)
likelihood prior posterior evidence
Best fit:

e maximize likelihood
e maximize the posterior

e compute the probability distribution of the posterior
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Maximum likelihood estimation (ML)

Likelihood:

L(u0) = p(Olu) = [ p(xI1)

xeO

L(p]0) = log L(1|0) = > log p(x]11)

xeO
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Maximum likelihood estimation (ML)

Likelihood:

L(u|0) = p(Olu) = ] p(xIn)

xeO
L(p]0) = log L(1|0) = > log p(x]11)
xeO

The model that maximizes the likelihood:

pme = argmax, L(p|O) = argmax;, Z log p(x| 1)
x€O
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Maximum likelihood estimation (ML)

Likelihood:

L(u0) = p(Olu) = [ p(xI1)

xeO
L(p]0) = log L(1|0) =Y log p(x]11)
xeO
The model that maximizes the likelihood:

pme = argmax, L(p|O) = argmax;, Z log p(x|p)
x€O

Maximum:

OL(p|O)
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Maximum likelihood estimation (ML) — example

O: N coin tossing experiments, N = nj, + n;
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O: N coin tossing experiments, N = nj, + n;
wopn p(X = xilpn) = p (1 — pp)' =
x; = 1 for heads, x; = 0 for tails
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Maximum likelihood estimation (ML) — example

O: N coin tossing experiments, N = nj, + n;
wopn p(X = xilpn) = p (1 — pp)' =
x; = 1 for heads, x; = 0 for tails

L(palN) = > logp(X = xilpn)
i=1,N
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Maximum likelihood estimation (ML) — example

O: N coin tossing experiments, N = nj, + n;
wopn p(X = xilpn) = p (1 — pp)' =
x; = 1 for heads, x; = 0 for tails

L(pn|N)

Ph ML

> log p(X = xi|ps)

i=1,N

Z log(p; (1 — ph)l_x")

i=1,N

Z xilog pp + (1 — x;) log(1 — pp)
i=1,N

nplog pp + nelog(1 — pp)

argmaxpL(pp|N)
6£(ph]N): nh ne

=0
Opn Phme 1 —prmL
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Maximum a posteriori estimation (MAP)

Similar to ML estimation, but incorporates some prior knowledge
about the parameters.

p(O,p) = pOlp)  p(p) = p(ulO) p(0)
likelihood prior posterior evidence
p(|0) = p(O|p) p(n)

p(O)
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Maximum a posteriori estimation (MAP)

Similar to ML estimation, but incorporates some prior knowledge

about the parameters.

H“MAP

argmax,p(u|O)
P(O|p)p(1)
p(0)
argmax, p(Olu)  p(i)
likelihood prior

argmax, L(O|p) + log p(p)

argmax;,
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About priors — Beta/Dirichlet

1 _ _
p(Pnlan, ar) = Beta(pp|ap, ar) = mpﬁh 1(1 — pn)™* !
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About priors — Beta/Dirichlet
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Maximum a posteriori estimation (MAP) — example

N coin tossing experiments, head/tails; N = nj, + n;
pn — probability to get a head
Prior belief about the coin: p(pn) = Beta(pp|ap, at)

HUMAP

HMAP

argmax, L(pn|N) + log p(pn)
np ng ap — 1 oy — 1 _

L - =0
pn 1= pn Ph 1 — pn

np+a,—1
N+ap,—1+ar—1
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Bayesian estimation
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