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Task 2: Cluster Documents
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Model In Pictures
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Bayesian Document Model
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Dirichlet Distributions < Ason' the SimPlex
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Model Summary
" JEE

m Prior on model parameters
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Posterior Inference via Sampling
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Conditional Independence in
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Bayes Ball Algorithm
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Markov Blanket
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Complete Conditional for 77
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Complete Conditional for [y
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Complete Conditional for 24
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Collapsed Gibbs Sampler
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Collapsed Sampler Full Conditional
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Collapsed Sampler Intuition (MoG)
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Example — Collapsed Results
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Comparing Collapsed vs. Uncollapsed
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Task 3: Mixed Me

mbership Models

" JEEE
m Now: Document may belong to multiple clusters
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Latent Dirichlet Allocation (LDA
" S

COLD SPRING HARBOR, NEW YORK—
How many genes does anjotganism need to
survive! Last week at the
h(.le, TIWO genome IC\C(lILhtI\ wi adi Ly
different approaches presented complenien-
tary views of the basic genes needed for life.
One research team, using compurer analy-
ses to compare known genomes, concluded
that today’s organisms can be sustained with
just 25Q genes, and that the earliest life forms

man genome, notes Siv Andersson of Uppsal
University in Sweden, who arrived at the
800 number. But coming up with a consen-
SUS Answer l“ﬂy bC more thﬂn }US[ a genetic
numbers game, particularly as me

more genomes are completely mapped 2
sequenced. “It may be a way of organizing
any newly sequenced genome,” explains
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required a mere 128 genes. The
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in a simple parasite and esti-
mated that for this organism,
80C genes are plenty to do the
job—bur that anyrhing short
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of 100 wouldn't be enough.
Although the numbers don't

match precisely, those predictions
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Stripping down. Computer analysis yields an esti-
mate of the minimum modern and ancient aenomes.
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Latent Dirichlet Allocation (LDA)
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LDA Generative Model
= JEE

m Observations: wf,...,w%, y

m Associated topics: z{l,...,zj‘(,dt/tg’//&'f
m Parameters: = {{7%},{8c}} e
m Generative model:

e 40D
?;F A‘,/NA

w2l - ]

P(tb(s

T ("D‘f (o(‘,.Jo(KB tl‘/ ,D
ﬁ"'D‘( NV '>\V) k\/,

ooooooooooooo

oA—> ﬂ'd i\
l v
L Br
wi
D

K D
p(-) =[] pGx 1N [ o= | ) (Hp (= | 7Dp(wi | 2, 6)

=1

©Emily Fox 2014

)

14



Example Inference — Topic Weights
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Example Inference — Topic Words
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Collapsed LDA Sampling
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p(z;i =k | z\id? {wg}vav )‘) iNd

X p(zfl =k | Z\ida a)p(wfng = k)'z\idaw\ida )‘)
m Unplate fo"see dependencies induced ~

Al ’tj-’ k: (n Al oF Corp-s)

o
m\“@@fo’o i )"%f?"s
08

©Emily Fox 2014

What you need to know...
" JEE—

m Bayesian specification of document clustering model

m Rules of conditional and unconditional independence in
directed graphical models (Bayes nets)
Bayes’ ball
Markov blanket

m Gibbs sampling for Bayesian document model
m Latent Dirichlet allocation (LDA)
Motivation and generative model specification

Collapsed Gibbs sampler
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Reading

" JEE—
m Mixed Membership Models: KM Sec. 27.3

1 Basic LDA:
Blei, David M., Andrew Y. Ng, and Michael |. Jordan. "Latent
dirichlet allocation." the Journal of machine Learning research 3
(2003): 993-1022.

1 Introduction:
Blei, David M. "Probabilistic topic models." Communications of
the ACM, vol. 55, no. 4 (2012): 77-84.

1 Sampling:
Griffith, Thomas L. and Mark Steyvers. "Finding scientific topics."
Proceedings of the National Academy of Sciences of the United
States of America, Volume: 101, Supplement: 1 (2004): Pages:
5228-5235
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