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Generative Story Template

1: Draw a set of parameters 0 from p(6 | «)

2: Draw a latent structure z from p(z | 0)

3: Draw the observed data x from p(x | z, )

p(z,2,0 | a) =p(0 | a)p(z|0)p(z|z,0)



Key Quantities
p(z,z,0 | a) =p(0 | a)p(z|0) p(z | 2,0)
Our data is a set of samples: 513(1), 513(2), e 2 (")

joint: p(x (1) ..,x(”),z(l),.. 2(n) 0| )

p(0 | (Hp @)1 9) p(z@ | z(i),H))

posterior: p(z(l), 20 | A ...,x(”),oz)

n)

collapsed posterior: p(z(l),...,z(”) \x(l),...,az( , Q)



Gibbs Sampling Template

Ui, ...,U, = latent variables
U_, = all latent variables other than U,
X = all observed data and hyperparameters

Gibbs sampling:
initialize all U; to values u;
repeat until convergence:
sample u from p(U; | u—_;, X)
set U; < u



Topics

gene 0.04
dna 0.02
genetic 0.01

Topic Modeling

Documents Topic proportions and

assignments
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LDA Generative Story

1: For each topic k£ = 1...K, draw multinomial word distribution ), ~ Dirichlet(1)
2: For each document s
a: Draw a multinomial topic distribution () ~ Dirichlet(c)
b: For each position j in document ::
i: Draw a topic z(*) ~ Multinomial(§'¥)

ii: Draw a word w("7) ~ Multinomial(5,¢.5))

K = # topics
N = # documents
M = # words in each document

V = # words in vocabulary




Gibbs Sampling for LDA

Z+3) | everything else ~ Multinomial(8'” © B win)

9 ¢ RX
5 c RKXV



Q)
B

Gibbs Sampling for LDA

everything else ~ Multinomial(6") ® B. wii)

everything else ~ Dirichlet(ac + m?)
everything else ~ Dirichlet(¢) + ny)

m,(:) = # words in doc ¢ from topic k

nk.» = # of times word v appears with topic £ in any document



e we now have a way to generate samples from
the posterior for the LDA model

* how should we do the following?

— get topic assignments for each word in the
document collection?

— get topic distribution for a document?

— get estimates of topic-word distributions for each
topic?



LDA

Generative Story:
), ~ Dirichlet(1))
9 ~ Dirichlet()
7(3) ~ Multinomial(0®)

Posteriors:

B | everything else ~ Dirichlet(¢) + ny)

(%) | everything else ~ Dirichlet(a + m(i))

7(1,3) | everything else ~ Multinomial(Q(i) © B. i)



Conjugate Priors

Dirichlet is (simplest) conjugate prior to multinomial
— Dirichlet hyperparameters are like “pseudo-observations”

definition: “posterior obtained from a given prior in
the prior family and a given likelihood function belongs
to the same prior family”

direct result of “algebraic similarity” between prior
family and likelihood

often leads to tractability & closed-form analytic
solutions for posterior



Key Quantities
p(z, 2,0 | a) =p(0 | a)p(z|0)p(z | z0)

Our data is a set of samples: 513(1), 513(2), e z(")

posterior: p(z, 2 0 2 2™ a)

collapsed posterior: p(zV), ..., 2" | 1) 2™ @)




Collapsed Gibbs Sampling for LDA

Posterior: Z“9) | Z=(43) 9 8 w, o, 1) ~ Multinomial(#') @ B wiid)
Collapsed: Z\49) | =3 4w, o, 9p ~ 2

* the collapsed posterior is tricky to work with
because all latent variables become coupled

* i.e., we now have fewer independence
assumptions to help us simplify things
e [on board]



Collapsed Gibbs Sampling for LDA

Posterior: Z ("7 | Z=0:9) 9 8 w,a, Y ~ Multinomial(e(i) ® B. i)
Y+ [N, 5) k) wd) " o+ [m_g ]k

Collapsed: p(Z(i’j) | Z‘“’”,w,a,w) = Vo +S [n (i) 5] Ka+) ./ m_ .)]k,
v —(2,7),R]V k’ —\%J



Expectation Maximization (EM)
m@axHZp(x(i),z | 6)

* EM is an algorithmic template that finds a
local maximum of the marginal likelihood of
the observed data



Expectation Maximization (EM)

max H Zp(:v(i), z | 0)

* working instead with the log-likelihood:

Zlog Zp(:v(i), 2| 0)
_Zlogzq@ m(z) Z)| 0)

* where g, is some distribution over values for z



Expectation Maximization (EM)

max H Zp(:v(i), z | 0)

* working instead with the log-likelihood:

Zlog Zp(:v(i), 2| 0)
—ZIOngz 33(7’) Z)| 0)

. , (2) 0
pP\r*7,z
ylaJens.ensZ 5;5;%(2) log ( ‘ )

inequality Qz(z)




Expectation Maximization (EM)
m@axHZp(x(i),z | 6)

* maximize lower bound of the log-likelihood:

@@,z 6)
> > (2 lg qi(2)

e alternate between optimizing wrt g and theta



EM

e “E” step:
— compute posteriors over latent variables:

for each i, g;(z) = p(z | 'V, 6)



EM

e “E” step:
— compute posteriors over latent variables:

for each i, g;(z) = p(z | 'V, 6)

¢ “M” step:

— update parameters given posteriors:

(2) 0’
6 = argmaxy S‘ qi(z log plz ’(Z)| )
qi\ =




EM for LDA

e “E” step:
— compute posteriors over latent variables:

for each document 7 and word position 7,
d(i,5) (Z) — p(’z(Z,J) ‘ 97 67 w, «, w)



EM for LDA

e “E” step:
— compute posteriors over latent variables:

for each document 7 and word position 7,
405 (2) = p(z"7 | 0, B, w, ;1))

e “M” step:

— update parameters given posteriors:

2(63) (@3) | g7 B!
0,8 = angmnax 37 3 (o) o P2 LB )

(0.8 (i) = q(i.5) (%)



