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Reminders

* Homework 3: Structured SVM
— Out: Fri, Oct. 24
— Due: Wed, Nov. 6 at 11:59pm

* Homework 4: Topic Modeling

— Out: Wed, Nov. 6
— Due: Mon, Nov. 18 at 11:59pm




LATENT DIRICHLET ALLOCATION
(LDA)



Mixture vs. Admixture (LDA)

topics —

documents —p» Q Q Q Q Q Q } “mixture”

“admixture” {

Diagrams from Wallach, JHU 2011, slides




Latent Dirichlet Allocation

e Generative Process

<€— topics
“admixture”
<€4— documents

* Example corpus
the he |is [N the land |the [N she she is lis _
X1 Xi2 X13 X3 X3 X23 X31 X32 X33 X34

Document 1 Document 2 Document 3



Latent Dirichlet Allocation

Generative Process

For each topic k € {1,..., K}:

¢, ~ Dir(3) [draw distribution over words]
For each document m € {1,..., M}
0,, ~ Dir() [draw distribution over topics’
For each wordn € {1,..., N,,}
Zmn ~ Mult(1, 8,,) [draw topic assignment
T ~ @, [draw word

Example corpus
the he |is [N the land |the [N she she is lis _
X1 Xi2 X13 X3 X3 X23 X31 X32 X33 X34

Document 1 Document 2 Document 3




(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

i

* The generative story begins with only a Dirichlet
prior over the topics.

* Each topicis defined as a Multinomial distribution
over the vocabulary, parameterized by ¢,
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

—
Ps

i

* The generative story begins with only a Dirichlet
prior over the topics.

* Each topicis defined as a Multinomial distribution
over the vocabulary, parameterized by ¢,
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(6)

/V \ -

P it

* Atopicis visualized as its high probability
words.



(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(6)

/7 \ -

P it

* Atopicis visualized as its high probability
words.

* A pedagogical label is used to identify the topic.



(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

iﬁ {Japan}

* Atopicis visualized as its high probability
words.

* A pedagogical label is used to identify the topic.
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

iﬁ {Japan}

Dirichlet(a)

I
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

iﬁ {Japan}

Dirichlet(a)

I

-0 Ii ala

The 54/40'boundary dispute is
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(6)

iﬁ {Japan}

Dirichlet(a)

I

- or Ii_.l. ,

The 54/40'boundary dispute is

still unresolved, and-
oo U8 i
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(6)

iﬁ {Japan}

Dmchlet(a) /

- or Ii ala

The 54/40'boundary dispute is

still unresolved, and
and US

/
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(6)

Dirichlet(a)

iﬁ {Japan}

I

| . =

The 54/40'boundary dispute is

still unresolved, and-
28 CGBEUGURRE vessel

regularly if infrequently detain
each other's fish boats in the

disputed waters off-...
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

—
i ¢6 jmwmm
{Japan}

Dirichlet(a)
—> 93: I

The 54/40'boundary dispute is | | In the year before The|GFioles| pitching staff

still unresolved, and/Canadian Hcame, again is having a fine
inished with 38 :

and._ vessels exhibition[S€a86R! Four

regularly if infrequently|detain | | Following his arrival, the shutouts, low team ERA,
each other's fish boats in the -finished... (Well, I haven't gotten any

disputed waters off-... baseball...

36



(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling




(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet(8)

—
i ¢6 jmwmm
{Japan}

Dirichlet(a)
—> 93: I

The 54/40'boundary dispute is | | In the year before The|GFioles| pitching staff

still unresolved, and/Canadian Hcame, again is having a fine
inished with 38 :

and._ vessels exhibition[S€a86R! Four

regularly if infrequently|detain | | Following his arrival, the shutouts, low team ERA,
each other's fish boats in the -finished... (Well, I haven't gotten any

disputed waters off-... baseball...
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(Blei, Ng, & Jordan, 2003)

LDA for Topic Modeling

Dirichlet( )

Dirichlet( )

.

Se,

1:

Cor T

2:

—> 93:

The 54/40' boundary dispute is
still unresolved, and Canadian
and US Coast Guard vessels
regularly if infrequently detain
each other's fish boats in the
disputed waters off Dixon...

In the year before
Lemieux came, Pittsburgh
finished with 38 points.
Following his arrival, the
Pens finished...

The Orioles' itching staff
again is having a fine
exhibition season. Four
shutouts, low team ERA,
(Well, I haven't gotten any
baseball...

39




Plate Diagrams

Whiteboard:

— Example #1: Plate diagram for Dirichlet-
Multinomial model

— Example #2: Plate diagram for LDA



Latent Dirichlet Allocation

* Plate Diagram

 Yoltotlo

®




Latent Dirichlet Allocation

* Plate Diagram

Dirichlet @
Document-specific
topic distribution @ Topic Dirichlet
Topic assignment
Observed word @< @
Np, K
M




Latent Dirichlet Allocation

Questions:

* |s this a believable story for the generation
of a corpus of documents?

* Why might it work well anyway?



Latent Dirichlet Allocation

Why does LDA “work’”?

e LDA trades off two goals.

@ For each document, allocate its words to as few topics as possible.
@ For each topic, assign high probability to as few terms as possible.

e These goals are at odds.

e Putting a document in a single topic makes #2 hard:
All of its words must have probability under that topic.

o Putting very few words in each topic makes #1 hard:
To cover a document’s words, it must assign many topics to it.

e Trading off these goals finds groups of tightly co-occurring words.

Slide from David Blei, MLSS 2012



Latent Dirichlet Allocation

How does this relate to my other favorite model
for capturing low-dimensional representations
of a corpus?

* Builds on latent semantic analysis (Deerwester
et al., 1990; Hofmann, 1999)

* Itis a mixed-membership model (Erosheva,
2004).

* |trelates to PCA and matrix factorization
(Jakulin and Buntine, 2002)

* Was independently invented for genetics
(Pritchard et al., 2000)

Slide from David Blei, MLSS 2012



Outline

* Bayesian Inference for Parameter Estimation
— Exactinference
— EM
— Monte Carlo EM
— Gibbs sampler
— Collapsed Gibbs sampler



BAYESIAN INFERENCE FOR
PARAMETER ESTIMATION



L DA Inference

* Fully Observed MLE

Document-specific
topic distribution

Topic assignment

Learning like this
would be easy,
but in practice we
do not observe
the topic
assignments z_,,

Observed word




L DA Inference

Learning like this

e Full Observed MAP Estimation | would be easy,
but in practice we

do not observe

Dirichlet @ .the tOpiC
assignments z,,

Document-specific
topic distribution

Dirichlet

Topic assignment

Observed word




Unsupervised Learning

Three learning paradigms:
1. Maximum likelihood estimation (MLE)

arg m@axp(X]@)
2. Maximum a posteriori (MAP) estimation
arg max p(60]X) o p(X|0)p(9)

3. Bayesian approach

Estimate the posterior:

p(0|X)= ...



L DA Inference

 Standard EM (MLE)

Document-specific
topic distribution

Topic assignment

Observed word




L DA Inference

* Standard EM (MAP Estimation)

&)

Dirichlet

Document-specific

topic distribution Dirichlet

Topic assignment

Observed word




L DA Inference

* Monte Carlo EM (MAP Estimation)

&)

Dirichlet

Document-specific
topic distribution

Dirichlet

Topic assignment

Observed word




L DA Inference

* Bayesian Approach

Dirichlet

Document-specific

topic distribution Dirichlet

Topic assignment

Observed word




Bayesian Inference

Whiteboard:

— Posteriors over parameters
— Bayesian inference for parameter estimation



L DA Inference

* Bayesian Approach

Dirichlet

Document-specific

topic distribution Dirichlet

Intractable

Observed word




Exact Inference in LDA

* Exactly computing the posterior is intractable in
LDA

— Junction tree algorithm: exact inference in general
graphical models
1. “moralization” converts directed to undirected
2. ‘“triangulation” breaks 4-cycles by adding edges
3. (liques arranged into a junction tree

— Time complexity is exponential in size of cliques
— LDA cliques will be large (at least O(# topics)), so
complexity is O(2% topics)

* Exact MAP inference in LDA is NP-hard for a
large number of topics (Sontag & Roy, 2011)



L DA Inference

* Explicit Gibbs Sampler

Dirichlet @
Document-specific @
topic distribution Topic Dirichlet
|

Topic assignment

Observed word

®




L DA Inference

* Collapsed Gibbs Sampler

Dirichlet @

Document-specific
topic distribution

Dirichlet

Topic assignment

Observed word

®




COLLAPSED GIBBS SAMPLER FOR
LDA



Collapsed Gibbs Sampler for LDA

Goal:
— Draw samples from the posterior p(Z|X, a, 3)

— Integrate out topics ¢ and document-specific
distribution over topics 6

Algorithm:

— While not done...
* For each document, m:
— For each word, n:

» Resample a single topic assignment using
the full conditionals forz,,,



Collapsed Gibbs Sampler for LDA

* What can we do with samples of z, ?
— Mean ofz,,,
— Mode of z,,
— Estimate posterior overz,,,

— Estimate of topics ¢ and document-specific
distribution over topics 6

4
n;(c) + [
Pkt = 5
’ V (l’
(k)
n + @
ﬁm,k _ m k

ok (b .
Dl M’ +



Collapsed Gibbs Sampler for LDA

 Full conditionals

—i —i
Ny, + B L Mg T Q%
T —1 K —4
szl Mo + 5’0 ijl nmj + Q
where £, m are given by ¢

n,, = # times topic k appears with type ¢

p(zz — k‘Z_iaXaaHB) —

n, = # times topic k appears in document m



Collapsed Gibbs Sampler for LDA

e Sketch of the derivation of the full

conditionals

_ —1 L p(X,Z’(X,,@)

p(zz_k‘z 7X7a76)_p<X,Z_i|a“B)

x p(X, Z|a, B)
p(X|Z, B)p(Z|a)

p(X|Z,®)p(®|B) dd /@ p(Z10)p(©]ax) dO

5By +8)\ [ 11 Bliim + )
(H B(B) )(H B(a) )

k=1 m=1

P

. n];tZ + 515 . n;;k +
o T —1 K —3
szl nkflj + 61) Zj:l nm?y + @

where ¢, m are given by ¢




Dirichlet-Multinomial Model

* The Dirichlet is conjugate to the Multinomial

¢ ~ Dir(3) [draw distribution over words]
For each wordn € {1,..., N}
T, ~ Mult(1, @) [draw word]

e The posterior of ¢ is p(¢p|X) = p()gzé)g;(@

e Define the count vector nn such that n; denotes the number of
times word ¢ appeared

e Then the posterior is also a Dirichlet distribution:
p(¢|X) ~ Dir(8 + n)



Dirichlet-Multinomial Model

* Why conjugacy is so useful

—

p(X o) = L p(X|)p(dle) do




L DA Inference

* Collapsed Gibbs Sampler

Dirichlet @

Document-specific
topic distribution

Dirichlet

Topic assignment

Observed word

®




Collapsed Gibbs Sampler for LDA

Algorithm

// 1lnlitlalisation

(k) )

zero all count variables, n,,", ny,, 1", ny

for all documents m € [1, M] do

for all words n € [1, N,,] in document m do
sample topic index z,, ,=k ~ Mult(1/K)

increment document—topic count: n( b 4=1

increment document—topic sum: n,, +=1
increment topic—term count: n( ) 4=1

increment topic—term sum: ny +=1




Collapsed Gibbs Sampler for LDA

Algorithm

// Gibbs sampling over burn-in period and sampling period

while not finished do

for all documents m € [1, M] do

for all words n € [1, N,,] in document m do

// for the current assignment of k to a term ¢ for word wy,:

decrement counts and sums: n,(ff) —=1;n, =1; n,(f) —=1;n, —=1

// multinomial sampling acc. to Eq. 78 (decrements from previous step):
sample topic index k ~ p(z;|Z-i, W)

// for the new assignment of z,, to the term ¢ for word w,:

i k
increment counts and sums: n,(n) +=1;n,, +=1; n]g) +=1;n; +=1




Collapsed Gibbs Sampler for LDA

Whiteboard:

— Q: How to recover parameter estimates from
the collapsed Gibbs sampler?

— Dirichlet distribution over parameters
— Expected values of the parameters



Why does Gibbs sampling work?

Metropolis-Hastings
— Markov chains
— Stationary distribution

— MH Algorithm

* Constructs a Markov chain whose stationary distribution is the
desired distribution
— Proof that samples will be from desired distribution:

 Sufficient conditions for constructing a markov chain with desired
stationary distribution:
— ergodicity
— detailed balance (stronger, than what we need, but easier for the proof)

Gibbs Sampling is a special case of Metropolis-Hastings

— a special proposal distribution, which ensures the hastings
ratio is always 1.0



(Hoffman et al., 2010)

Online Variational Inference for LDA

Online 98K
900 -
850 -
~.800 - _ ~
:'i Online 3.3M \\ Batch S8k
? 750 -
Q700 -
)
0 650 -
600 -
[ [ [ [ [ [ [
Documents seen (log scale)
Documents 2048 4096 8192 12288 16384 32768 49152 65536
analyzed
systems systems service service service business business business
road health systems systems companies  service service industry
made communication health companies systems companies companies service
Top eight service service companies  business business industry industry companies
words announced billion market company company  company services services
national language = communication  billion industry management company company
west care company health market systems management management
language road billion industry billion services public public

72



Outline

* Extensions of LDA
— Correlated topic models
— Dynamic topic models
— Polylingual topic models
— Supervised LDA



EXTENSIONS OF LDA



Extensions to the LDA Model

ON

() B
* Correlated topic models g{:cnd} Zan V[C/) e

— Logistic normal prior over p D K
topic assignments

o A 7

* Dynamic topic models Jelile e

— Learns topic changes over “O |0 e
time "o e e .

* Polylingual topic models 5

K ﬂkl 5/0,2 6kT

— Learns topics aligned
across multiple languages




(Blei & Lafferty, 2004)

Correlated Topic Models

The Dirichlet is a distribution on the simplex, positive vectors that sum to 1.

It assumes that components are nearly independent.

In real data, an article about fossil fuels is more likely to also be about
geology than about genetics.

Slide from David Blei, MLSS 2012



(Blei & Lafferty, 2004)

Correlated Topic Models

e The Dirichlet is a distribution on the simplex, positive vectors that sum to 1.

e It assumes that components are nearly independent.

e In real data, an article about fossil fuels is more likely to also be about
geology than about genetics.

Slide from David Blei, MLSS 2012 "



(Blei & Lafferty, 2004)

Correlated Topic Models

014

012
\1‘ O'(_

Iozs o=
0.2
03 015
‘O’S '0(:\5 ; ()On
1 008 §o-1
0.1
004
P OO 004
= 002 : 0.02

e The logistic nhormal is a distribution on the simplex that can model
dependence between components (Aitchison, 1980).

e The log of the parameters of the multinomial are drawn from a multivariate
Gaussian distribution,

X ~ Nk(wX)
9,‘ X exp{x,-}.

8
Slide from David Blei, MLSS 2012 /



Logistic normal prior

(Blei & Lafferty, 2004)

Correlated Topic Models

OHO-

K 2. (9d

D

Bk

©<_

K

@

Draw topic proportions from a logistic normal

This allows topic occurrences to exhibit correlation.

Provides a “map” of topics and how they are related

Provides a better fit to text data, but computation is more complex

Slide from David Blei, MLSS 2012



(Blei & Lafferty, 2004)

Correlated Topic Models

neurons

stimulus
motor
visual

cortical

brain
memory
subjects

activated

synapses

tyrosine phosphorylation left Itp
activation task
phosphorylation p53 . glutamate
kinase cell s:yple proteins synaptic
activity protein
cyclin binding ma . neurons
regulation domain dna computer materials
i rna polymerase organic
_ ceptor| fomvage ) [ ool
research science receptors computers polymers
funding scientists ; cdna P molecules // ohysicists
support says ligand sequence problems /" ot P yt. I
nih research ligands isolated optical pir cles
rogram people . protein sequence P physics
prog apoptosis <urtace light particle
Szglr{'ir;?gs liquid electrons experiment
. t
wild type dna surfaces Juantum stars
mutant enzyme sequencing fluid !
i enzymes model reaction astronomers
united states mutations ron reactions i
mUtar_]tS active site universe
women cells mutation (eduction molecule galaxies
. HL cell
universities expression magnetic mOII.eCU les galaxy
cell lines magnetic field transition state
StUdentS bone marrow, Spin
. superconductivity
educat'on superconducting
pressure mantle
bacteria ’- high pressure crust sun
bacterial pressures upper mantle solar wind
host fossil record core meteorites earth
resistance development birds inner core ratios planets
mice parasite embryos fossils planet
antigen virus disease drosophila dlf;osa}l”s species
tcells hiv . genes 0SSl forest
tigens ! mutations > f "
antig aids families expression oresis hauak
immune response infection tati populations earthquake co2
virdses mutation ecosystems earthquakes carbqn _
ont fault carbon dioxide
. ancien i
patients genetic found '":ja?es me”‘ta”e
disease cells population impact aa water ozone
treatment proteins populations million years ago volcanic atmospheric
drugs differences africa - b
clinical researchers variation deposits climate measurements
protein magma ocean stratosph_ere
f d eruption ice concentrations
oun volcanism changes

climate change

Slide from David Blei, MLSS 2012



High-level idea:

(Blei & Lafferty, 2006)

Dynamic Topic Models

Divide the
documents
up by year
Start with a
separate
topic model
for each
year

Then add a
dependence
of each year
on the
previous
one

oo —Of

Y .
o Pra B2 BT
1 1 )
¥ i i
1990 1991 2016



(Blei & Lafferty, 2006)
Dynamic Topic Models

1789 2009

Inaugural addresses
My fellow citizens: I stand here today humbled by the task AMONG the vicissitudes incident to life no event could
before us, grateful for the trust you have bestowed, mindful have filled me with greater anxieties than that of which
of the sacrifices borne by our ancestors... the notification was transmitted by your order...

e LDA assumes that the order of documents does not matter.
e Not appropriate for sequential corpora (e.g., that span hundreds of years)
e Further, we may want to track how language changes over time.

e Dynamic topic models let the topics drift in a sequence.

Slide from David Blei, MLSS 2012
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(Blei & Lafferty, 2006)

Dynamic Topic Models

Generative Story

Logistic-normal priors

The pi function maps from the
natural parameters to the mean
parameters:

xp(Bk,t.w
T(Bk,t)w = Zile)iplzgk,t?w)'

o Dra B2 Br.1 83




(Blei & Lafferty, 2006)

Dynamic Topic Models

Top ten most likely words in a “drifting” topic
shown at 10-year increments

(1880 ) (1890 ) (1900 ) (1910 ) (1920 ) (1930 (1940 )
electric electric apparatus air apparatus tube air
machine power steam water tube apparatus tube
power company power engineering air glass apparatus
engine steam engine apparatus pressure air glass
steam |—| electrical —¥{ engineering room —»| water [—®| mercury [—¥|laboratory

two machine water laboratory glass laboratory rubber
machines two construction engineer gas pressure pressure
iron system engineer made made made small
battery motor room gas laboratory gas mercury
 wire ) __engine feet _ tube __mercury | __small _ gas |

v

(1950 | ( 1960 ) ( 1970 ) ( 1980 ) ( 1990 ) ( 2000 )
tube tube air high materials devices
apparatus system heat power high device
glass temperature power design power materials
air air system heat current current
chamber heat —» temperature —»| system | applications —» gate
instrument chamber chamber systems technology high
small power high devices devices light
laboratory high flow instruments design silicon
pressure instrument tube control device material
rubber ) ( control J ( design ) | large | | heat ) | technology |




(Blei & Lafferty, 2006)

Dynamic Topic Models

Posterior estimate of word frequency as a function of
year for three words each in two separate topics:

"Theoretical Physics"

"Neuroscience"

1900

1920 1940 1960 1980 2000

OXYGEN

1900 1920 1960 1980 2000
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(Mimno et al., 2009)

Polylingual Topic Models

* Data Setting: Comparable versions of each
document exist in multiple Ianguages
(e.g. the Wikipedia article for “Barak Obama” in

twelve languages)

* Model: Very similar to LDA, except that the topic
assignments, z, and words, w, are sampled separately
for each language.

D@t ®
@,\. . .
@@ ® e

D T




CY
DE
EL
EN
FA
F|

FR
HE
T

PL
RU
TR

(Mimno et al., 2009)

Polylingual Topic Models

Topic 1 (twelve languages)

sadwrn blaned gallair at lloeren mytholeg

space nasa sojus flug mission

OlaoTNULKO sts nasa ayyA small

space mission launch satellite nasa spacecraft
s lsals 8 60lad Hlus Ll cuygele u"L‘M

sojuz nasa apollo ensimmainen space lento
spatiale mission orbite mars satellite spatial

N01N X NMTI 55N YaINn bonn

spaziale missione programma space sojuz stazione
misja kosmicznej stacji misji space nasa
KOCMWYECKUN COKO3 KOCMMUYECKOrO CMYTHUK CTaHUUN
uzay soyuz ay uzaya salyut sovyetler



CY
DE
EL
EN
FA
FI

FR
HE
T

PL
RU
TR

(Mimno et al., 2009)

Polylingual Topic Models

Topic 2 (twelve languages)

sbaen madrid el la josé sbaeneg

de spanischer spanischen spanien madrid la
loriaviag omavia de tonavog vte padpitn
de spanish spain la madrid y

s50le LS alilind Lill de 053

espanja de espanjan madrid la real
espagnol espagne madrid espagnole juany
NP N*T1ADN TN NT NT1AD T1aD

de spagnha spagnolo spagnola madrid el

de hiszpanski hiszpanii la juan y

oe magpua ucnaHum ucnaHmA UcrnaHckum de
ispanya ispanyol madrid la klba real



CY
DE
EL
EN
FA
F

FR
HE
IT

PL
RU
TR

(Mimno et al., 2009)

Polylingual Topic Models

Topic 3 (twelve languages)

bardd gerddi iaith beirdd fardd gymraeg

dichter schriftsteller literatur gedichte gedicht werk
ToINTNC TIoliNoN TOLINT £€PYO TIONTEC MO UATA
poet poetry literature literary poems poem

JL’Si LS‘.‘JI u“"")u al_ﬁ.sl s Jc.l_db

runoilija kirjailija kirjallisuuden kirjoitti runo julkaisi
poete écrivain littérature poésie littéraire ses
TMYNN DY 19D N1'Y MNAap 1wn

poeta letteratura poesia opere versi poema

poeta literatury poezji pisarz in jego

NO3T ero nucaTtenb NuTepaTypbl N033UK gpamMaTypr
sair edebiyat siir yazar edebiyati adli



(Mimno et al., 2009)

Polylingual Topic Models

Size of each square represents proportion of
tokens assigned to the specified topic.

world
ski
km

won

Fl

RU

EN PL
&y DE

FR

IT EDl @EA

HE

Analysis: mostly Nordic
countries

actor ottoman

role empire
television khan
actress byzantine
FI Fl
RU RU
CY | EN PL cY| |EN PL
DE DE
FR FR
T EL| 1r|FA IT EL |fr FA
HE HE

Analysis: uniform
across countries

Analysis: mostly
countries near Istanbul



Supervised LDA

e LDA is an unsupervised model. How can we build a topic model that is
good at the task we care about?

e Many data are paired with response variables.

o User reviews paired with a number of stars

o Web pages paired with a number of “likes”

e Documents paired with links to other documents
e Images paired with a category

e Supervised LDA are topic models of documents and responses.
They are fit to find topics predictive of the response.

Slide from David Blei, MLSS 2012



Supervised LDA

. Ou | Zan\ Wan N B, i
N
Document ©< Q Regression
response parameters
Yy D| m,0

© Draw topic proportions 8 | @ ~ Dir(a).
@ For each word

o Draw topic assignment z,| 0 ~ Mult(6).
o Draw word wp | zp, B1:x ~Mult(;, ).

© Draw response variable y|zy.y, 1,02 ~ N(nTZ, 0'2), where
_ N
z=(1/N)X. _, zn.

Slide from David Blei, MLSS 2012



Summary: Topic Modeling

* The Task of Topic Modeling

— Topic modeling enables the analysis of large (possibly
unannotated) corpora

— Applicable to more than just bags of words

— Extrinsic evaluations are often appropriate for these
unsupervised methods

* Constructing Models

— LDA is comprised of simple building blocks (Dirichlet,
Multinomial)

— LDA itself can act as a building block for other models
* Approximate Inference

— Many different approaches to inference (and learning)
can be applied to the same model



What if we don’t know the number of topics, K,
ahead of time?

Solution: Bayesian Nonparametrics

— New modeling constructs:
* Chinese Restaurant Process (Dirichlet Process)
* Indian Buffet Process

— e.g. an infinite number of topics in a finite
amount of space



Summary: Approximate Inference

Markov Chain Monte Carlo (MCMQ)

— Metropolis-Hastings, Gibbs sampling, Hamiltonion
MCMG, slice sampling, etc.

Variational inference

— Minimizes KL(q||p) where g is a simpler graphical model
than the original p

Loopy Belief Propagation
— Belief propagation applied to general (loopy) graphs
Expectation propagation

— Approximates belief states with moments of simpler
distributions

Spectral methods
— Uses tensor decompositions (e.g. SVD)



