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Probabilistic Topic Modelling

We want to find themes (or topics) in documents

— useful for e.g. search or browsing

We don’t want to do supervised topic classification

— rather not fix topics in advance nor do manual annotation
Need an approach which automatically teases out the topics

This is essentially a clustering problem - can think of both words and documents
as being clustered
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Key Assumptions behind LDA

Documents exhibit multiple topics (but typically not many)

LDA is a probabilistic model with a corresponding generative process

— each document is assumed to be generated by this (simple) process

A topic is a distribution over a fixed vocabulary

— these topics are assumed to be generated first, before the documents

Only the number of topics is specified in advance




Example Topics

human evolution disease computer
genome evolutionary host models
dna species bacteria information
genetic organisms diseases data
genes life resistance computers
sequence origin bacterial system
gene biology new network
molecular groups strains systems
sequencing  phylogenetic control model
map living infectious parallel
information diversity malaria methods
genetics group parasite networks
mapping new parasites software
project two united new
sequences common tuberculosis simulations

Taken from Blei 2012 ICML tutorial
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Documents and Topics

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK-—
How many Joes an Srganism need to
suevive! Last week ar the genome meeting
here, ™ two genome rescarchers with radically
Jifterent approaches presented complemen
tary views of the basic genes needed forllile
One research team, using compurer analy

ses o compare known , concluded
that today'sRERISIS can be sustained with
just 250 venes, and that the earliest Life forms
required a mere 128 es. The
other rescarcher mapped genes

in a simple parasite and esti R

gonome
1700 genes

ll‘..l“'\i lh-lf tor fl\l‘ arganism, |
SOQ genes are plenty todo the |

job—but that anvthing short e

“are not all thar far part,” especially
comparison to the 75,000 in the hu
man genome, notes Siv Andersson of Uppsala
University in Sweden, who arrnived ar the
SO0 number. But coming up with a consen

SUS ANSWEr may Dde more th N Just

nbers game, particularly as more and
more genomes are completely mapped and
sequenced. "It may be a way of organizing
any newly . Cexplaims
Arcady Mushegian, a putati mo

lecular biologist at the National Center
tor Biotechnology Informanion (NCRBI)
in Bethesda, Maryland. Comparing an

Ho

of 1OQ wouldn't be enough N /inecommon - - o= -y :
Although the numbers don't \;"L;."" d e .
. Minima .
match precisely, those predicr | Mycoplasme ommmp | % gene set ) |
‘ . geres, =

\ mm..m goss 250 genes
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* Genome Mapping and Sequenc-
ing, Cold Spring Harbor, New York,
May 8 to 12.
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Taken from Blei 2012 ICML tutorial

Stripping down. Computar analysis yields an est-
mate of the minimum modern and ancient genomes
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Documents and Topics

: Topic proportions and
Topics Documents .
P assignments
gene 6.84
o e Seeking Life’s Bare (Genetic) Necessities
cae COLD SPRING HARBOR, NEW YORK ! f 1
life .82
evolve 8.81
organism €.81 . S |
e ! v ‘ : ‘ ' l;‘ LR 1
/ !
brain  6.84
neuron ©6.82 \
nerve .81 th
9. Lokl 5 Stripping down
¢ata  6.82 R |
number ©£.82
computer €.81 1“
\_-/'H

» Each topic is a distribution over words
» Each document is a mixture of corpus-wide topics
» Each word is drawn from one of those topics
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The Generative Process

To generate a document:

1. Randomly choose a distribution over topics

2. For each word in the document

a. randomly choose a topic from the distribution over topics
b. randomly choose a word from the corresponding topic (distribution over the
vocabulary)

e Note that we need a distribution over a distribution (for step 1)

e Note that words are generated independently of other words (unigram bag-of-
words model)




The (Formal) Generative Process

e Some notation:

— 1.k are the topics where each [ is a distribution over the vocabulary
— 64 are the topic proportions for document d

— 04 1 is the topic proportion for topic k in document d

— 24 are the topic assignments for document d

— 24.n Is the topic assignment for word n in document d

— wy are the observed words for document d

e The joint distribution (of the hidden and observed variables):

K

D N
p(Br:x, 010, 21:0,w1.p0) = | [ p(B:) | | p(6a) | | p(24,nl0a)p(wa,n|Brx, 2d,n)

=1 d=1 n=1




LDA as a Graphical Model

Proportions i _Per-word X

parameter opic assignmen
Per-document Observed . Topic
topic proportions word Topics  parameter
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Taken from Blei 2012 ICML tutorial




The Dirichlet Distribution

e Dirichlet (continuous) distribution with parameters «

F(Z(’i—l ai) - a;—1 -
p(x|a) = = I_I:I:z *~7; for “observations”: sz =1, z;>0

d
Hizl ['(c) i=1 i=1

e I'() is the Gamma distribution

e Conjugate prior to the multinomial distribution
(form of posterior p(8|D, M) is the same as the prior p(6|M))




The Dirichlet Distribution

234) .
e Parameters: (a;, as, as3)
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Parameter Estimation

e Main variables of interest:

— Bk: distribution over vocabulary for topic k
— 041 topic proportion for topic k in document d

e Could try and get these directly, eg using EM (Hoffmann, 1999), but this
approach not very successful

e One common technique is to estimate the posterior of the word-topic
assignments, given the observed words, directly (whilst marginalizing out

B and 6)

e Gibbs sampling is an example of a Markov Chain Monte Carlo (MCMC()
technique
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Estimates using Gibbs Sampling

e The Gibbs sampler produces the following estimate, where, following Steyvers
and Griffiths:

— 2; Is the topic assigned to the 7th token in the whole collection;

— d; is the document containing the ith token;

— w; Is the word type of the ith token;

— Z_; Is the set of topic assignments of all other tokens;

— - Is any remaining information such as the a and n hyperparameters:

C&f—i—n C£f+a

S CYWT +Wn S CPT +Ta

P(z; = jlz_i,w;,d;, -)

CWT

where and CP7T are matrices of counts (word-topic and document-topic)
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The Final Estimates

C/ T+
W
> k=1 Crj +Wn

Cit +a

— T
Ek:l CcﬁT +Ta

Bij = 04;

e Using the count matrices as before, where [3;; is the probability of word type i
for topic 7, and 64 is the proportion of topic j in document d
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