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Reminders

• Poll Questions 0a, 0b, 0c 
• Grade Summary 1
• Homework 4: MCMC
– Out: Mon, Oct 24
– Due: Fri, Nov 3 at 11:59pm

• Recitation: Homework 4 
– today! 6pm, GHC 6121
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Beta-Bernoulli Model

• Beta Distribution
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Shared Components Topic Models
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1 Distributions

f(⌅|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

2 SCTM

A Product of Experts (PoE) [1] model p(x|⇥1, . . . ,⇥C) =
QC

c=1 ⌅cxPV
v=1

QC
c=1 ⌅cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇤ {1, . . . , C}: [columns]

⇤c ⇥ Beta( �
C , 1) [draw probability of component c]

For each topic k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇤c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⇥1, . . . ,⇥C) =
⇥C

c=1 ⌅cx�V
v=1

⇥C
c=1 ⌅cv

(1)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇤ {1, . . . , C}: [columns]

⇤c ⇥ Beta( �
C , 1)

For each class k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇤c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⇥c over the V words from a Dirichlet
parametrized by �. Next, we generate a K ⇥ C binary matrix using the finite IBP prior. We select
the probability ⇤c of each component c being on (bkc = 1) from a Beta distribution parametrized
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Beta-Bernoulli Model

• Generative Process

• Example corpus (heads/tails)

H T T H H T T H H H
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Shared Components Topic Models

Anonymous Author(s)
Affiliation
Address
email

1 Distributions

Beta

f(⇤|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

Dirichlet

p(⌅⇤|�) =
1

B(�)

K⇤

k=1

⇤�k�1
k where B(�) =

⇥K
k=1 �(�k)

�(
�K

k=1 �k)
(1)

Beta-Bernoulli

⇤ ⇥ Beta(�,⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Bernoulli(⇤) [draw word]

Dirichlet-Multinomial

⌅ ⇥ Dir(⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Mult(1,⌅) [draw word]

Dirichlet-Multinomial mixture model

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

⇤ ⇥ Dir(�) [draw distribution over topics]
For each document m ⇤ {1, . . . ,M}

zm ⇥ Mult(1,⇤) [draw topic assignment]
For each word n ⇤ {1, . . . , Nm}

xmn ⇥ Mult(1,⌅zmi
) [draw word]

LDA

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

For each document m ⇤ {1, . . . ,M}
⇤m ⇥ Dir(�) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1,⇤m) [draw topic assignment]
xmn ⇥ ⌅zmi

[draw word]

1



Dirichlet-Multinomial Model

• Dirichlet Distribution
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Anonymous Author(s)
Affiliation
Address
email

1 Distributions

f(⌅|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

2 SCTM

A Product of Experts (PoE) [1] model p(x|⇥1, . . . ,⇥C) =
QC

c=1 ⌅cxPV
v=1

QC
c=1 ⌅cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇤ {1, . . . , C}: [columns]

⇤c ⇥ Beta( �
C , 1) [draw probability of component c]

For each topic k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇤c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⇥1, . . . ,⇥C) =
⇥C

c=1 ⌅cx�V
v=1

⇥C
c=1 ⌅cv

(1)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇤ {1, . . . , C}: [columns]

⇤c ⇥ Beta( �
C , 1)

For each class k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇤c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⇥c over the V words from a Dirichlet
parametrized by �. Next, we generate a K ⇥ C binary matrix using the finite IBP prior. We select
the probability ⇤c of each component c being on (bkc = 1) from a Beta distribution parametrized
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Dirichlet-Multinomial Model

• Dirichlet Distribution
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1 Distributions

Beta

f(⇤|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

Dirichlet

p(⌅⇤|�) =
1

B(�)

K⇤

k=1

⇤�k�1
k where B(�) =

⇥K
k=1 �(�k)

�(
�K

k=1 �k)
(1)

2 SCTM

A Product of Experts (PoE) [1] model p(x|⇥1, . . . ,⇥C) =
QC

c=1 ⌅cxPV
v=1

QC
c=1 ⌅cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇤ {1, . . . , C}: [columns]

⇤c ⇥ Beta( �
C , 1) [draw probability of component c]

For each topic k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇤c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⇥1, . . . ,⇥C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇤ {1, . . . , C}: [columns]

⇤c ⇥ Beta( �
C , 1)

For each class k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇤c)
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Dirichlet-Multinomial Model

• Generative Process

• Example corpus

the he is the and the she she is is

x1 x2 x3 x4 x5 x6 x7 x8 x9 x10
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Shared Components Topic Models
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1 Distributions

Beta

f(⇤|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

Dirichlet

p(⌅⇤|�) =
1

B(�)

K⇤

k=1

⇤�k�1
k where B(�) =

⇥K
k=1 �(�k)

�(
�K

k=1 �k)
(1)

Beta-Bernoulli

⇤ ⇥ Beta(�,⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Bernoulli(⇤) [draw word]

Dirichlet-Multinomial

⌅ ⇥ Dir(⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Mult(1,⌅) [draw word]

Dirichlet-Multinomial mixture model

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

⇤ ⇥ Dir(�) [draw distribution over topics]
For each document m ⇤ {1, . . . ,M}

zm ⇥ Mult(1,⇤) [draw topic assignment]
For each word n ⇤ {1, . . . , Nm}

xmn ⇥ Mult(1,⌅zmi
) [draw word]

LDA

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

For each document m ⇤ {1, . . . ,M}
⇤m ⇥ Dir(�) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1,⇤m) [draw topic assignment]
xmn ⇥ ⌅zmi

[draw word]

1



Dirichlet-Multinomial Model
The Dirichlet is conjugate
to the Multinomial
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1 Distributions

Beta

f(⇤|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

Dirichlet

p(⌅⇤|�) =
1

B(�)

K⇤

k=1

⇤�k�1
k where B(�) =

⇥K
k=1 �(�k)

�(
�K

k=1 �k)
(1)

Beta-Bernoulli

⇤ ⇥ Beta(�,⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Bernoulli(⇤) [draw word]

Dirichlet-Multinomial

⌅ ⇥ Dir(⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Mult(1,⌅) [draw word]

Dirichlet-Multinomial conjugacy

• The posterior of ⇤ is p(⇤|X) = p(X|⇤)p(⇤)
P (X)

• Define the count vector n such that nt denotes the number of
times word t appeared

• Then the posterior is also a Dirichlet distribution:
p(⇤|X) ⇥ Dir(⇥ + n)

Dirichlet-Multinomial mixture model

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

⇤ ⇥ Dir(�) [draw distribution over topics]
For each document m ⇤ {1, . . . ,M}

zm ⇥ Mult(1,⇤) [draw topic assignment]
For each word n ⇤ {1, . . . , Nm}

xmn ⇥ Mult(1,⌅zmi
) [draw word]

LDA
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f(⇤|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

Dirichlet

p(⌅⇤|�) =
1

B(�)

K⇤

k=1

⇤�k�1
k where B(�) =

⇥K
k=1 �(�k)

�(
�K

k=1 �k)
(1)

Beta-Bernoulli

⇤ ⇥ Beta(�,⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Bernoulli(⇤) [draw word]

Dirichlet-Multinomial

⌅ ⇥ Dir(⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Mult(1,⌅) [draw word]

Dirichlet-Multinomial mixture model

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

⇤ ⇥ Dir(�) [draw distribution over topics]
For each document m ⇤ {1, . . . ,M}

zm ⇥ Mult(1,⇤) [draw topic assignment]
For each word n ⇤ {1, . . . , Nm}

xmn ⇥ Mult(1,⌅zmi
) [draw word]

LDA

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

For each document m ⇤ {1, . . . ,M}
⇤m ⇥ Dir(�) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1,⇤m) [draw topic assignment]
xmn ⇥ ⌅zmi

[draw word]

1



Dirichlet-Multinomial Mixture Model

• Generative Process

• Example corpus

the he is

x11 x12 x13

the and the

x21 x22 x23

she she is is

x31 x32 x33 x34

Document 1 Document 2 Document 3

Figure from Wallach, JHU 2011, slides



Dirichlet-Multinomial Mixture Model

• Generative Process

• Example corpus

the he is

x11 x12 x13

the and the

x21 x22 x23

she she is is

x31 x32 x33 x34

Document 1 Document 2 Document 3
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Anonymous Author(s)
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Address

email

1 Distributions

Beta

f(�|↵,�) = 1

B(↵,�)
x↵�1(1� x)��1

Dirichlet

p(~�|↵) =
1

B(↵)

KY

k=1

�↵k�1
k where B(↵) =

QK
k=1 �(↵k)

�(
PK

k=1 ↵k)
(1)

Beta-Bernoulli

� ⇠ Beta(↵,�) [draw distribution over words]

For each word n 2 {1, . . . , N}
xn ⇠ Bernoulli(�) [draw word]

Dirichlet-Multinomial

� ⇠ Dir(�) [draw distribution over words]

For each word n 2 {1, . . . , N}
xn ⇠ Mult(1,�) [draw word]

Dirichlet-Multinomial conjugacy

• The posterior of � is p(�|X) = p(X|�)p(�)
P (X)

• Define the count vector n such that nt denotes the number of

times word t appeared

• Then the posterior is also a Dirichlet distribution:

p(�|X) ⇠ Dir(� + n)

Dirichlet-Multinomial mixture model

For each topic k 2 {1, . . . ,K}:

�k ⇠ Dir(�) [draw distribution over words]

✓ ⇠ Dir(↵) [draw distribution over topics]

For each document m 2 {1, . . . ,M}
zm ⇠ Mult(1,✓) [draw topic assignment]
For each word n 2 {1, . . . , Nm}

xmn ⇠ Mult(1,�zm) [draw word]

LDA

1



Bayesian Inference
• The key idea behind Bayesian Inference is to 

treat your parameters as though they are like 
any other variables in your graphical model

• Bayesian Inference Summary:
1. Given: data, D
2. Goal: learn the posterior distribution over 

parameters θ given data D, i.e. p(θ | D)
3. Store: a distribution p(θ | D) as a probability mass 

function (pmf) or probability density function (pdf) 
or via some approximation

4. Afterwards: marginalize over the parameters to 
work directly with other latent variables, e.g. 
p(z | D) = ∫θ p(z | θ, D) p(θ | D) dθ

16



Naïve Bayes Model

D = {(z(i),x(i)}Ni=1

where z(i) ∈ {1, . . . , L},

x(i) ∈ {1, . . . , V }M

θ ∼ Dirichlet(α)

φk ∼ Dirichlet(β), ∀k

z(i) ∼ Categorical(θ), ∀i

x(i)
m ∼ Categorical(φz(i)), ∀i, ∀m p(θ | D) = Dirichlet(θ | α′)

p(φk | D) = Dirichlet(φk | β′

k)

3) Bayesian Parameter Estimation:

Data:

Generative Story:
θ̂, φ̂ = argmax

θ,φ

p(D | θ,φ)p(θ,φ)

= argmax
θ,φ

p(θ,φ | D)

2) MAP Estimation:

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)

1) MLE:

17



Naïve Bayes Model

D = {(z(i),x(i)}Ni=1

where z(i) ∈ {1, . . . , L},

x(i) ∈ {1, . . . , V }M

θ ∼ Dirichlet(α)

φk ∼ Dirichlet(β), ∀k

z(i) ∼ Categorical(θ), ∀i

x(i)
m ∼ Categorical(φz(i)), ∀i, ∀m p(θ | D) = Dirichlet(θ | α′)

p(φk | D) = Dirichlet(φk | β′

k)

3) Bayesian Parameter Estimation:

Data:

Generative Story:
θ̂, φ̂ = argmax

θ,φ

p(D | θ,φ)p(θ,φ)

= argmax
θ,φ

p(θ,φ | D)

2) MAP Estimation:

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)

1) MLE:

18

The standard 
presentation of 
Naïve Bayes (i.e. 

MLE and MAP 
Estimation) is not 

Bayesian!



Naïve Bayes Model
θ ∼ Dirichlet(α)

φk ∼ Dirichlet(β), ∀k

z(i) ∼ Categorical(θ), ∀i

x(i)
m ∼ Categorical(φz(i)), ∀i, ∀m

Generative Story:

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)

1) MLE:

• pro: solved by counting

• con: single point estimate
• con: ignores the priors over 

parameters

θk ∝

N∑

i=1

1(z(i) = k)

φkv ∝

N∑

i=1

M∑

m=1

1(x(i)
m = v)1(z(i) = k)

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)p(θ,φ)

= argmax
θ,φ

p(θ,φ | D)

2) MAP Estimation:

θk ∝ (α− 1) +
N∑

i=1

1(z(i) = k)

φkv ∝ (β − 1) +
N∑

i=1

M∑

m=1

1(x(i)
m = v)1(z(i) = k)

• pro: takes prior into account
• pro: solved by counting

• con: single point estimate



Naïve Bayes Model

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)

1) MLE:

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)p(θ,φ)

= argmax
θ,φ

p(θ,φ | D)

2) MAP Estimation:

θk ∝ (α− 1) +
N∑

i=1

1(z(i) = k)

φkv ∝ (β − 1) +
N∑

i=1

M∑

m=1

1(x(i)
m = v)1(z(i) = k)

• pro: takes prior into account
• pro: solved by counting

• con: single point estimate

p(θ | D) = Dirichlet(θ | α′)

p(φk | D) = Dirichlet(φk | β′

k)

3) Bayesian Parameter Estimation:

α′

k = αk +
N∑

i=1

1(z(i) = k)

β′

kv = βk +
N∑

i=1

M∑

m=1

1(x(i)
m = v)1(z(i) = k)

• pro: takes uncertainty over 
parameters into account

• pro: compactly represented 
b/c of Dirichlet-Multinomial 
conjugacy



Naïve Bayes Model
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p(θ | D) = Dirichlet(θ | α′)

p(φk | D) = Dirichlet(φk | β′

k)

3) Bayesian Parameter Estimation:

θ̂, φ̂ = argmax
θ,φ

p(D | θ,φ)p(θ,φ)

= argmax
θ,φ

p(θ,φ | D)

2) MAP Estimation:

Answer:

Question: 
Given a new point x and point estimates of θ and 
φ how do we do inference over z?

Answer:

Question: 
Given a new point x and distributions p(θ | D) and 
p(φ | D) how do we do inference over z?



Plate Diagrams

Whiteboard:
– Example: Dirichet-Multinomial as a directed 

graphical model
– Example: Plate diagram for Dirichlet-Multinomial 

model
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TOPIC MODELING
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Topic Modeling
Motivation:
Suppose you’re given a massive corpora and asked to carry out the 
following tasks
• Organize the documents into thematic categories
• Describe the evolution of those categories over time
• Enable a domain expert to analyze and understand the content
• Find relationships between the categories
• Understand how authorship influences the content



Topic Modeling
Motivation:
Suppose you’re given a massive corpora and asked to carry out the 
following tasks
• Organize the documents into thematic categories
• Describe the evolution of those categories over time
• Enable a domain expert to analyze and understand the content
• Find relationships between the categories
• Understand how authorship influences the content

Topic Modeling:
A method of (usually unsupervised) discovery of latent or hidden structure 
in a corpus
• Applied primarily to text corpora, but techniques are more general
• Provides a modeling toolbox
• Has prompted the exploration of a variety of new inference methods to 

accommodate large-scale datasets



Topic Modeling

http:// www.cs.umass.edu/~mimno/icml100.html

Dirichlet-multinomial regression (DMR) topic model on ICML 
(Mimno & McCallum, 2008)



Topic Modeling

• Map of NIH Grants

https://app.nihmaps.org/

(Talley et al., 2011)



Other Applications of Topic Models

• Spacial LDA
(Wang & Grimson, 2007)

Manual

LDA

SLDA



LATENT DIRICHLET ALLOCATION 
(LDA)
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Mixture vs. Admixture (LDA)

Figures from Wallach, JHU 2011, slides



Latent Dirichlet Allocation

• Generative Process

• Example corpus

the he is

x11 x12 x13

the and the

x21 x22 x23

she she is is

x31 x32 x33 x34

Document 1 Document 2 Document 3

Figure from Wallach, JHU 2011, slides



Latent Dirichlet Allocation

• Generative Process

• Example corpus

the he is

x11 x12 x13

the and the

x21 x22 x23

she she is is

x31 x32 x33 x34

Document 1 Document 2 Document 3
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Shared Components Topic Models

Anonymous Author(s)
Affiliation
Address
email

1 Distributions

Beta

f(⇤|�,⇥) =
1

B(�,⇥)
x��1(1� x)⇥�1

Dirichlet

p(⌅⇤|�) =
1

B(�)

K⇤

k=1

⇤�k�1
k where B(�) =

⇥K
k=1 �(�k)

�(
�K

k=1 �k)
(1)

Beta-Bernoulli

⇤ ⇥ Beta(�,⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Bernoulli(⇤) [draw word]

Dirichlet-Multinomial

⌅ ⇥ Dir(⇥) [draw distribution over words]
For each word n ⇤ {1, . . . , N}

xn ⇥ Mult(1,⌅) [draw word]

Dirichlet-Multinomial mixture model

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

⇤ ⇥ Dir(�) [draw distribution over topics]
For each document m ⇤ {1, . . . ,M}

zm ⇥ Mult(1,⇤) [draw topic assignment]
For each word n ⇤ {1, . . . , Nm}

xmn ⇥ Mult(1,⌅zmi
) [draw word]

LDA

For each topic k ⇤ {1, . . . ,K}:
⌅k ⇥ Dir(⇥) [draw distribution over words]

For each document m ⇤ {1, . . . ,M}
⇤m ⇥ Dir(�) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1,⇤m) [draw topic assignment]
xmn ⇥ ⌅zmi

[draw word]

1



LDA for Topic Modeling

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

• Each topic is defined as a Multinomial distribution
over the vocabulary, parameterized by ϕk

36

(Blei, Ng, & Jordan, 2003)

words

pr
ob
ab
ili
ty

0.
00
0

0.
00
6

words

pr
ob
ab
ili
ty

0.
00
0

0.
00
6

words

pr
ob
ab
ili
ty

0.
00
0
0.
00
6
0.
01
2

words
pr
ob
ab
ili
ty

0.
00
0

0.
00
6

words

pr
ob
ab
ili
ty

0.
00
0

0.
00
6

words

pr
ob
ab
ili
ty

0.
00
0
0.
00
6
0.
01
2

Dirichlet(β)



LDA for Topic Modeling

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

• Each topic is defined as a Multinomial distribution
over the vocabulary, parameterized by ϕk
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ϕ1 ϕ2 ϕ3 ϕ4 ϕ5 ϕ6
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LDA for Topic Modeling

• A topic is visualized as its high probability 
words. 

• A pedagogical label is used to identify the topic.

38

ϕ1 ϕ2 ϕ3 ϕ4 ϕ5 ϕ6
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LDA for Topic Modeling

• A topic is visualized as its high probability 
words. 

• A pedagogical label is used to identify the topic.
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LDA for Topic Modeling

• A topic is visualized as its high probability 
words. 

• A pedagogical label is used to identify the topic.
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{Canadian gov.} {government} {hockey} {U.S. gov.} {baseball} {Japan}
ϕ1 ϕ2 ϕ3 ϕ4 ϕ5 ϕ6
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LDA for Topic Modeling
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θ1=

Dirichlet(α)

{Canadian gov.} {government} {hockey} {U.S. gov.} {baseball} {Japan}
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LDA for Topic Modeling
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The 54/40' boundary dispute is 
still unresolved, and Canadian 
and US

θ1=

Dirichlet(α)
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The 54/40' boundary dispute is 
still unresolved, and Canadian 
and US

θ1=

Dirichlet(α)

{Canadian gov.} {government} {hockey} {U.S. gov.} {baseball} {Japan}
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The 54/40' boundary dispute is 
still unresolved, and Canadian 
and US Coast Guard

θ1=

Dirichlet(α)

{Canadian gov.} {government} {hockey} {U.S. gov.} {baseball} {Japan}
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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…

θ1=

Dirichlet(α)

{Canadian gov.} {government} {hockey} {U.S. gov.} {baseball} {Japan}
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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' pitching staff 
again is having a fine 
exhibition season. Four 
shutouts, low team ERA, 
(Well, I haven't gotten any 
baseball…

θ1= θ2= θ3=

Dirichlet(α)
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Dirichlet(β)

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

θ1= θ2= θ3=

Dirichlet(α) Distributions 
over 

topics (docs)
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(Blei, Ng, & Jordan, 2003)
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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' pitching staff 
again is having a fine 
exhibition season. Four 
shutouts, low team ERA, 
(Well, I haven't gotten any 
baseball…
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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…
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Dirichlet( )

θ1= θ2= θ3=

Dirichlet( )

ϕ1 ϕ2 ϕ3 ϕ4 ϕ5 ϕ6

(Blei, Ng, & Jordan, 2003)

= = = = = =

Inference and learning 
start with only the data
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• Plate Diagram
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the

2
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A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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Latent Dirichlet Allocation

Question:
Is this a believable story 
for the generation of a 
corpus of documents?

Answer:

Question:
Why might it work 
well anyway?

Answer:



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) 
• It is a mixed-membership model (Erosheva, 

2004).
• It relates to PCA and non-negative matrix 

factorization (Jakulin and Buntine, 2002)
• Was independently invented for genetics 

(Pritchard et al., 2000)

Slide from David Blei, MLSS 2012



Outline
• Applications of Topic Modeling
• Latent Dirichlet Allocation (LDA)

1. Beta-Bernoulli
2. Dirichlet-Multinomial
3. Dirichlet-Multinomial Mixture Model
4. LDA

• Bayesian Inference for Parameter Estimation 
– Exact inference
– EM
– Monte Carlo EM
– Gibbs sampler
– Collapsed Gibbs sampler

• Extensions of LDA
– Correlated topic models
– Dynamic topic models
– Polylingual topic models
– Supervised LDA
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• Fully Observed MLE

LDA Inference
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
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c=1 ⇤cx�V
v=1
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c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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LDA Inference

• Full Observed MAP Estimation
054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

M

Nm K

xmn

zmn

⇤m

�

⌅k ⇥

Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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Unsupervised Learning

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

2. Maximum a posteriori (MAP) estimation

3. Bayesian approach

arg max
✓

p(X|✓)

arg max
✓

p(✓|X) / p(X|✓)p(✓)

compute p(✓|X) =  …

Estimate the posterior:



• Standard EM (MLE)

LDA Inference
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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LDA Inference

• Standard EM (MAP Estimation)
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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LDA Inference

• Monte Carlo EM (MAP Estimation)
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
⇥C

c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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LDA Inference

• Bayesian Approach
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
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c=1 ⇤cx�V
v=1

⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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LDA Inference

• Bayesian Approach
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2 SCTM

A Product of Experts (PoE) [1] model p(x|⌅1, . . . ,⌅C) =
QC

c=1 ⇥cxPV
v=1

QC
c=1 ⇥cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1) [draw probability of component c]

For each topic k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⌅1, . . . ,⌅C) =
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c=1 ⇤cx�V
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⇥C
c=1 ⇤cv

(2)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]

For each document m ⇥ {1, . . . , M}
✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
xmn � �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇥ {1, . . . , C}: [columns]

�c � Beta( �
C , 1)

For each class k ⇥ {1, . . . , K}: [rows]
bkc � Bernoulli(�c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⌅c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability ⇥c of each component c being on (bkc = 1) from a Beta distribution parametrized
by �/C. We then sample K topics (rows of the matrix), which combine component distributions,
where each position bkc is drawn from a Bernoulli parameterized by ⇥c. These components and the
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