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Reminders

• Homework 4: MCMC
– Out: Mon, Oct 24
– Due: Fri, Nov 3 at 11:59pm
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BAYESIAN INFERENCE FOR 
PARAMETER ESTIMATION 
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• Fully Observed MLE

LDA Inference

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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LDA Inference

• Full Observed MAP Estimation
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, where there are C

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

Latent Dirichlet allocation generative process
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For each document m ⇥ {1, . . . , M}
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For each word n ⇥ {1, . . . , Nm}
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2.2 IBP
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✓m � Dir(↵) [draw distribution over topics]
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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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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.
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For each topic k ⇥ {1, . . . , K}:
�k � Dir(�) [draw distribution over words]
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✓m � Dir(↵) [draw distribution over topics]
For each word n ⇥ {1, . . . , Nm}

zmn � Mult(1, ✓m) [draw topic]
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The Finite IBP model generative process

For each component c ⇥ {1, . . . , C}: [columns]
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(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
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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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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]
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[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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�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}
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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,
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LDA Inference

• Bayesian Approach
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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]
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The Finite IBP model generative process

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

�c � Beta( �
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⇥C
c=1 ⇤cv

(2)

2.2 IBP
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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]
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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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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. Cliques 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)



LDA Inference

• Explicit Gibbs Sampler
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Figure 1: The graphical model for the SCTM.
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QC

c=1 ⇥cxPV
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, 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]
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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
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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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Collapsed Gibbs Sampler for LDA

Goal:
– Draw samples from the posterior 
– Integrate out topics ϕ and document-specific 

distribution over topics θ

Algorithm:
– While not done…

• For each document, m:
– For each word, n:

» Resample a single topic assignment using 
the full conditionals for zmn

p(Z|X,↵, �)



Collapsed Gibbs Sampler for LDA

• What can we do with samples of zmn?
– Mean of zmn
– Mode of zmn
– Estimate posterior over zmn
– Estimate of topics ϕ and document-specific 

distribution over topics θ

23

Multinomial parameters. Finally, we need to obtain the multinomial parameter sets
⇥ and � that correspond to the state of the Markov chain, ~z. According to their def-
initions as multinomial distributions with Dirichlet prior, applying Bayes’ rule on the
component z=k in Eq. 65 and m in Eq. 69 yields:23

p(~#m|~zm, ~↵) =
1

Z#m

NmY

n=1

p(zm,n|~#m) · p(~#m|~↵) = Dir(~#m|~nm + ~↵), (79)

p(~'k |~z, ~w, ~�) =
1

Z'k

Y

{i:zi=k}
p(wi|~'k) · p(~'k |~�) = Dir(~'k |~nk + ~�) (80)

where ~nm is the vector of topic observation counts for document m and ~nk that of
term observation counts for topic k. Using the expectation of the Dirichlet distribution,⌦
Dir(~a)

↵
= ai/

P
i ai, on these results yields:24

'k,t =
n(t)

k + �t
PV

t=1 n(t)
k + �t

, (81)

#m,k =
n(k)

m + ↵k
PK

k=1 n(k)
m + ↵k

. (82)

Gibbs sampling algorithm. Using Eqs. 78, 81 and 82, the Gibbs sampling procedure
in Fig. 9 can be run. The procedure itself uses only five larger data structures, the count
variables n(z)

m and n(t)
z , which have dimension M ⇥ K and K ⇥ V respectively, their row

sums nm and nz with dimension M and K, as well as the state variable zm,n with di-
mension W.25 The Gibbs sampling algorithm runs over the three periods: initialisation,
burn-in and sampling. However, to determine the required lengths of the burn-in is one
of the drawbacks with MCMC approaches. There are several criteria to check that the
Markov chain has converged (see [Liu01]), and we manually check how well the pa-
rameters cluster semantically related words and documents for di↵erent corpora and
use these values as estimates for comparable settings.

To obtain the resulting model parameters from a Gibbs sampler, several approaches
exist. One is to just use only one read out, another is to average a number of samples,
and often it is desirable to leave an interval of L iteration between subsequent read-outs
to obtain decorrelated states of the Markov chain. This interval is often called “thinning
interval” or sampling lag.

6 LDA hyperparameters

In Section 5, values of the Dirichlet parameters have been assumed to be known. These
hyperparameters, however, significantly influence the behaviour of the LDA model, as
23 Cf. Eq. 47.
24 Alternatively, the parameters can be obtained by the predictive distribution of a topic z̃=k for a

given term w̃=t associated with document m, given the stateM. Analogous to Eq. 78 but now
with one token w̃ beyond the corpus ~w, this yields p(z̃=k|w̃=t,m;M) = 'k,t · #m,k/p(w̃=t).

25 The sum nm is just the document length.



Collapsed Gibbs Sampler for LDA

• Full conditionals

nkt = # times topic k appears with type t
nmk = # times topic k appears in document m
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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]
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Figure 1: The graphical model for the SCTM.

LDA Full Conditionals:

p(zi = k|Z�i, X,�,⇥) =
n�i

k,t + ⇥t
�T

v=1 n�i
k,v + ⇥v

·
n�i

m,k + �k
�K

j=1 n�i
m,j + �j

(2)

where t, m are given by i

(3)

Without commas

p(zi = k|Z�i, X,�,⇥) =
n�i

kt + ⇥t�T
v=1 n�i

kv + ⇥v

·
n�i

mk + �k�K
j=1 n�i

mj + �j

(4)

where t, m are given by i

(5)

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

(6)
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Collapsed Gibbs Sampler for LDA

Whiteboard:
– Efficient computation of count variables
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Collapsed Gibbs Sampler for LDA

• Sketch of the derivation of the full 
conditionals
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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]
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zmn

⇤m

�

⌅k ⇥

Figure 1: The graphical model for the SCTM.

LDA Full Conditionals:

p(zi = k|Z�i, X,�,⇥) =
p(X,Z|�,⇥)

p(X,Z�i|�,⇥)
(2)

⇥ p(X,Z|�,⇥) (3)
= p(X|Z,⇥)p(Z|�) (4)

=
⇧

⇥
p(X|Z,⇥)p(⇥|⇥) d⇥

⇧

�
p(Z|�)p(�|�) d� (5)

=

�
K⌅

k=1

B(⇤nk + ⇥)
B(⇥)

⇥ �
M⌅

m=1

B(⇤nm + �)
B(�)

⇥
(6)

=
n�i

kt + ⇥t⇤T
v=1 n�i

kv + ⇥v

·
n�i

mk + �k⇤K
j=1 n�i

mj + �j

(7)

where t, m are given by i

(8)

Why conjugacy is great:

2



Dirichlet-Multinomial Model

• The Dirichlet is conjugate to the Multinomial
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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 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

1
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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

• Why conjugacy is so useful
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p(X|�) =
⌃

⇤
p(X|⇤⇥)p(⇤⇥|�) d⇥ (8)

=
⌃

⇤

�
V⇧

v=1

⇥nv
v

⇥�
1

B(�)

V⇧

v=1

⇥�v�1
v

⇥
d⇥ (9)

=
1

B(�)

⌃

⇤

V⇧

v=1

⇥nv+�v�1
v d⇥ (10)

=
1

B(�)

⌃

⇤

B(⇤n + �)
B(⇤n + �)

V⇧

v=1

⇥nv+�v�1
v d⇥ (11)

=
B(⇤n + �)

B(�)

⌃

⇤

1
B(⇤n + �)

V⇧

v=1

⇥nv+�v�1
v

 �⌥ ⌦
Dir(⌅n+↵)

d⇥ (12)

=
B(⇤n + �)

B(�)
(13)

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

(14)

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

3



LDA Inference

• Collapsed Gibbs Sampler
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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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Collapsed Gibbs Sampler for LDA

Algorithm

20

Algorithm LdaGibbs({⇧w},⇤, ⌅,K)
Input: word vectors {⇧w}, hyperparameters ⇤, ⌅, topic number K
Global data: count statistics {n(k)

m }, {n(t)
k } and their sums {nm}, {nk}, memory for full conditional array p(zi |·)

Output: topic associations {⇧z}, multinomial parameters ⇥ and �, hyperparameter estimates ⇤, ⌅
// initialisation

zero all count variables, n(k)
m , nm, n

(t)
k , nk

for all documents m ⇤ [1,M] do
for all words n ⇤ [1,Nm] in document m do

sample topic index zm,n=k ⇥ Mult(1/K)
increment document–topic count: n(k)

m += 1
increment document–topic sum: nm += 1
increment topic–term count: n(t)

k += 1
increment topic–term sum: nk += 1

// 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,Nm] in document m do
// for the current assignment of k to a term t for word wm,n:

decrement counts and sums: n(k)
m �= 1; nm �= 1; n(t)

k �= 1; nk �= 1
// multinomial sampling acc. to Eq. 78 (decrements from previous step):

sample topic index k̃ ⇥ p(zi |⇧z¬i, ⇧w)
// for the new assignment of zm,n to the term t for word wm,n:

increment counts and sums: n(k̃)
m += 1; nm += 1; n(t)

k̃
+= 1; nk̃ += 1

// check convergence and read out parameters

if converged and L sampling iterations since last read out then
// the different parameters read outs are averaged.

read out parameter set ⇥ according to Eq. 81
read out parameter set � according to Eq. 82

Fig. 9. Gibbs sampling algorithm for latent Dirichlet allocation

observed wm,n and the corresponding zm,n, the state variables of the Markov chain. The
strategy of integrating out some of the parameters for model inference is often referred
to as “collapsed” [Neal00] or Rao-Blackwellised [CaRo96] approach, which is often
used in Gibbs sampling.18

The target of inference is the distribution p(⇧z|⇧w), which is directly proportional to
the joint distribution

p(⇧z|⇧w) =
p(⇧z, ⇧w)
p(⇧w)

=

⇥W
i=1 p(zi,wi)

⇥W
i=1
�K

k=1 p(zi=k,wi)
(62)

where the hyperparameters are omitted. This distribution covers a large space of dis-
crete random variables, and the di�cult part for evaluation is its denominator, which
represents a summation over KW terms. At this point, the Gibbs sampling procedure
comes into play. In our setting, the desired Gibbs sampler runs a Markov chain that

18 Cf. the non-collapsed strategy pursued in the similar admixture model of [PSD00].
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Algorithm LdaGibbs({⇧w},⇤, ⌅,K)
Input: word vectors {⇧w}, hyperparameters ⇤, ⌅, topic number K
Global data: count statistics {n(k)

m }, {n(t)
k } and their sums {nm}, {nk}, memory for full conditional array p(zi |·)

Output: topic associations {⇧z}, multinomial parameters ⇥ and �, hyperparameter estimates ⇤, ⌅
// initialisation

zero all count variables, n(k)
m , nm, n

(t)
k , nk

for all documents m ⇤ [1,M] do
for all words n ⇤ [1,Nm] in document m do

sample topic index zm,n=k ⇥ Mult(1/K)
increment document–topic count: n(k)

m += 1
increment document–topic sum: nm += 1
increment topic–term count: n(t)

k += 1
increment topic–term sum: nk += 1

// 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,Nm] in document m do
// for the current assignment of k to a term t for word wm,n:

decrement counts and sums: n(k)
m �= 1; nm �= 1; n(t)

k �= 1; nk �= 1
// multinomial sampling acc. to Eq. 78 (decrements from previous step):

sample topic index k̃ ⇥ p(zi |⇧z¬i, ⇧w)
// for the new assignment of zm,n to the term t for word wm,n:

increment counts and sums: n(k̃)
m += 1; nm += 1; n(t)

k̃
+= 1; nk̃ += 1

// check convergence and read out parameters

if converged and L sampling iterations since last read out then
// the different parameters read outs are averaged.

read out parameter set ⇥ according to Eq. 81
read out parameter set � according to Eq. 82

Fig. 9. Gibbs sampling algorithm for latent Dirichlet allocation

observed wm,n and the corresponding zm,n, the state variables of the Markov chain. The
strategy of integrating out some of the parameters for model inference is often referred
to as “collapsed” [Neal00] or Rao-Blackwellised [CaRo96] approach, which is often
used in Gibbs sampling.18

The target of inference is the distribution p(⇧z|⇧w), which is directly proportional to
the joint distribution

p(⇧z|⇧w) =
p(⇧z, ⇧w)
p(⇧w)

=

⇥W
i=1 p(zi,wi)

⇥W
i=1
�K

k=1 p(zi=k,wi)
(62)

where the hyperparameters are omitted. This distribution covers a large space of dis-
crete random variables, and the di�cult part for evaluation is its denominator, which
represents a summation over KW terms. At this point, the Gibbs sampling procedure
comes into play. In our setting, the desired Gibbs sampler runs a Markov chain that

18 Cf. the non-collapsed strategy pursued in the similar admixture model of [PSD00].
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Whiteboard:
– Q: How to recover parameter estimates from 

the collapsed Gibbs sampler?
– Dirichlet distribution over parameters
– Expected values of the parameters
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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
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Extensions to the LDA Model

• Correlated topic models
– Logistic normal prior over 

topic assignments

• Dynamic topic models
– Learns topic changes over 

time

• Polylingual topic models
– Learns topics aligned 

across multiple languages

…
the contents of collections in unfamiliar languages
and identify trends in topic prevalence.

2 Related Work

Bilingual topic models for parallel texts with
word-to-word alignments have been studied pre-
viously using the HM-bitam model (Zhao and
Xing, 2007). Tam, Lane and Schultz (Tam et
al., 2007) also show improvements in machine
translation using bilingual topic models. Both
of these translation-focused topic models infer
word-to-word alignments as part of their inference
procedures, which would become exponentially
more complex if additional languages were added.
We take a simpler approach that is more suit-
able for topically similar document tuples (where
documents are not direct translations of one an-
other) in more than two languages. A recent ex-
tended abstract, developed concurrently by Ni et
al. (Ni et al., 2009), discusses a multilingual topic
model similar to the one presented here. How-
ever, they evaluate their model on only two lan-
guages (English and Chinese), and do not use the
model to detect differences between languages.
They also provide little analysis of the differ-
ences between polylingual and single-language
topic models. Outside of the field of topic mod-
eling, Kawaba et al. (Kawaba et al., 2008) use
a Wikipedia-based model to perform sentiment
analysis of blog posts. They find, for example,
that English blog posts about the Nintendo Wii of-
ten relate to a hack, which cannot be mentioned in
Japanese posts due to Japanese intellectual prop-
erty law. Similarly, posts about whaling often
use (positive) nationalist language in Japanese and
(negative) environmentalist language in English.

3 Polylingual Topic Model

The polylingual topic model (PLTM) is an exten-
sion of latent Dirichlet allocation (LDA) (Blei et
al., 2003) for modeling polylingual document tu-
ples. Each tuple is a set of documents that are
loosely equivalent to each other, but written in dif-
ferent languages, e.g., corresponding Wikipedia
articles in French, English and German. PLTM as-
sumes that the documents in a tuple share the same
tuple-specific distribution over topics. This is un-
like LDA, in which each document is assumed to
have its own document-specific distribution over
topics. Additionally, PLTM assumes that each
“topic” consists of a set of discrete distributions
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Figure 1: Graphical model for PLTM.

over words—one for each language l = 1, . . . , L.
In other words, rather than using a single set of
topics � = {⇥1, . . . ,⇥T }, as in LDA, there are L
sets of language-specific topics, �1, . . . ,�L, each
of which is drawn from a language-specific sym-
metric Dirichlet with concentration parameter ⇥l.

3.1 Generative Process
A new document tuple w = (w1, . . . ,wL) is gen-
erated by first drawing a tuple-specific topic dis-
tribution from an asymmetric Dirichlet prior with
concentration parameter � and base measure m:

� � Dir (�,�m). (1)

Then, for each language l, a latent topic assign-
ment is drawn for each token in that language:

zl � P (zl |�) =
�

n ⇤zl
n
. (2)

Finally, the observed tokens are themselves drawn
using the language-specific topic parameters:

wl � P (wl |zl,�l) =
�

n ⌅l
wl

n|zl
n
. (3)

The graphical model is shown in figure 1.

3.2 Inference
Given a corpus of training and test document
tuples—W and W �, respectively—two possible
inference tasks of interest are: computing the
probability of the test tuples given the training
tuples and inferring latent topic assignments for
test documents. These tasks can either be accom-
plished by averaging over samples of �1, . . . ,�L

and �m from P (�1, . . . ,�L,�m |W �,⇥) or by
evaluating a point estimate. We take the lat-
ter approach, and use the MAP estimate for �m
and the predictive distributions over words for
�1, . . . ,�L. The probability of held-out docu-
ment tuples W � given training tuples W is then
approximated by P (W � |�1, . . . ,�L,�m).

Topic assignments for a test document tuple
w = (w1, . . . ,wL) can be inferred using Gibbs

Zd,n Wd,n
N

D K

ß

µ

¥d

Øk

Figure 1: Top: Graphical model representation of the correlated topic model. The logistic
normal distribution, used to model the latent topic proportions of a document, can represent
correlations between topics that are impossible to capture using a single Dirichlet. Bottom:
Example densities of the logistic normal on the 2-simplex. From left: diagonal covariance
and nonzero-mean, negative correlation between components 1 and 2, positive correlation
between components 1 and 2.

The logistic normal distribution assumes that ⇥ is normally distributed and then mapped
to the simplex with the inverse of the mapping given in equation (3); that is, f(⇥i) =
exp ⇥i/

�
j exp ⇥j . The logistic normal models correlations between components of the

simplicial random variable through the covariance matrix of the normal distribution. The
logistic normal was originally studied in the context of analyzing observed compositional
data such as the proportions of minerals in geological samples. In this work, we extend its
use to a hierarchical model where it describes the latent composition of topics associated
with each document.

Let {µ,�} be a K-dimensional mean and covariance matrix, and let topics �1:K be K
multinomials over a fixed word vocabulary. The correlated topic model assumes that an
N -word document arises from the following generative process:

1. Draw ⇥ | {µ,�} � N (µ,�).
2. For n ⇥ {1, . . . , N}:

(a) Draw topic assignment Zn | ⇥ from Mult(f(⇥)).
(b) Draw wordWn | {zn,�1:K} from Mult(�zn).

This process is identical to the generative process of LDA except that the topic proportions
are drawn from a logistic normal rather than a Dirichlet. The model is shown as a directed
graphical model in Figure 1.

The CTM is more expressive than LDA. The strong independence assumption imposed
by the Dirichlet in LDA is not realistic when analyzing document collections, where one
may find strong correlations between topics. The covariance matrix of the logistic normal
in the CTM is introduced to model such correlations. In Section 3, we illustrate how the
higher order structure given by the covariance can be used as an exploratory tool for better
understanding and navigating a large corpus of documents. Moreover, modeling correlation
can lead to better predictive distributions. In some settings, such as collaborative filtering,
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Slide from David Blei, MLSS 2012

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.
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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.
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Correlated topic models

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

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

X ⇠ N K (µ,⌃)

✓i / exp{xi}.
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Correlated topic models

Zd,n Wd,n N
D K

�kµ, � ��d

Logistic normal prior

• 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
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Dynamic Topic Models
High-level idea:
• 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
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Dynamic topic models

AMONG the vicissitudes incident to life no event could 
have filled me with greater anxieties than that of which 
the notification was transmitted by your order...

1789

My fellow citizens: I stand here today humbled by the task 
before us, grateful for the trust you have bestowed, mindful 
of the sacrifices borne by our ancestors...

2009

Inaugural addresses

• LDA assumes that the order of documents does not matter.

• Not appropriate for sequential corpora (e.g., that span hundreds of years)

• Further, we may want to track how language changes over time.

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

Slide from David Blei, MLSS 2012
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Dynamic Topic Models

ways, and quantitative results that demonstrate greater pre-
dictive accuracy when compared with static topic models.

2. Dynamic Topic Models
While traditional time series modeling has focused on con-
tinuous data, topic models are designed for categorical
data. Our approach is to use state space models on the nat-
ural parameter space of the underlying topic multinomials,
as well as on the natural parameters for the logistic nor-
mal distributions used for modeling the document-specific
topic proportions.

First, we review the underlying statistical assumptions of
a static topic model, such as latent Dirichlet allocation
(LDA) (Blei et al., 2003). Let β1:K be K topics, each of
which is a distribution over a fixed vocabulary. In a static
topic model, each document is assumed drawn from the
following generative process:

1. Choose topic proportions θ from a distribution over
the (K − 1)-simplex, such as a Dirichlet.

2. For each word:
(a) Choose a topic assignment Z ∼ Mult(θ).
(b) Choose a wordW ∼ Mult(βz).

This process implicitly assumes that the documents are
drawn exchangeably from the same set of topics. For many
collections, however, the order of the documents reflects
an evolving set of topics. In a dynamic topic model, we
suppose that the data is divided by time slice, for example
by year. We model the documents of each slice with a K-
component topic model, where the topics associated with
slice t evolve from the topics associated with slice t − 1.

For a K-component model with V terms, let βt,k denote
the V -vector of natural parameters for topic k in slice t.
The usual representation of a multinomial distribution is by
its mean parameterization. If we denote the mean param-
eter of a V -dimensional multinomial by π, the ith com-
ponent of the natural parameter is given by the mapping
βi = log(πi/πV ). In typical language modeling applica-
tions, Dirichlet distributions are used to model uncertainty
about the distributions over words. However, the Dirichlet
is not amenable to sequential modeling. Instead, we chain
the natural parameters of each topic βt,k in a state space
model that evolves with Gaussian noise; the simplest ver-
sion of such a model is

βt,k |βt−1,k ∼ N (βt−1,k,σ2I) . (1)

Our approach is thus to model sequences of compositional
random variables by chaining Gaussian distributions in a
dynamic model and mapping the emitted values to the sim-
plex. This is an extension of the logistic normal distribu-
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Figure 1. Graphical representation of a dynamic topic model (for
three time slices). Each topic’s natural parameters βt,k evolve
over time, together with the mean parameters αt of the logistic
normal distribution for the topic proportions.

tion (Aitchison, 1982) to time-series simplex data (West
and Harrison, 1997).

In LDA, the document-specific topic proportions θ are
drawn from a Dirichlet distribution. In the dynamic topic
model, we use a logistic normal with mean α to express
uncertainty over proportions. The sequential structure be-
tween models is again captured with a simple dynamic
model

αt |αt−1 ∼ N (αt−1, δ
2I) . (2)

For simplicity, we do not model the dynamics of topic cor-
relation, as was done for static models by Blei and Lafferty
(2006).

By chaining together topics and topic proportion distribu-
tions, we have sequentially tied a collection of topic mod-
els. The generative process for slice t of a sequential corpus
is thus as follows:

1. Draw topics βt |βt−1 ∼ N (βt−1,σ2I).
2. Draw αt |αt−1 ∼ N (αt−1, δ2I).
3. For each document:

(a) Draw η ∼ N (αt, a2I)

(b) For each word:
i. Draw Z ∼ Mult(π(η)).
ii. DrawWt,d,n ∼ Mult(π(βt,z)).

Note that π maps the multinomial natural parameters to the
mean parameters, π(βk,t)w = exp(βk,t,w)

P

w exp(βk,t,w) .

The graphical model for this generative process is shown in
Figure 1. When the horizontal arrows are removed, break-
ing the time dynamics, the graphical model reduces to a set
of independent topic models. With time dynamics, the kth

Generative Story

Logistic-normal priors

Dynamic Topic Models

ways, and quantitative results that demonstrate greater pre-
dictive accuracy when compared with static topic models.

2. Dynamic Topic Models
While traditional time series modeling has focused on con-
tinuous data, topic models are designed for categorical
data. Our approach is to use state space models on the nat-
ural parameter space of the underlying topic multinomials,
as well as on the natural parameters for the logistic nor-
mal distributions used for modeling the document-specific
topic proportions.

First, we review the underlying statistical assumptions of
a static topic model, such as latent Dirichlet allocation
(LDA) (Blei et al., 2003). Let β1:K be K topics, each of
which is a distribution over a fixed vocabulary. In a static
topic model, each document is assumed drawn from the
following generative process:

1. Choose topic proportions θ from a distribution over
the (K − 1)-simplex, such as a Dirichlet.

2. For each word:
(a) Choose a topic assignment Z ∼ Mult(θ).
(b) Choose a wordW ∼ Mult(βz).

This process implicitly assumes that the documents are
drawn exchangeably from the same set of topics. For many
collections, however, the order of the documents reflects
an evolving set of topics. In a dynamic topic model, we
suppose that the data is divided by time slice, for example
by year. We model the documents of each slice with a K-
component topic model, where the topics associated with
slice t evolve from the topics associated with slice t − 1.

For a K-component model with V terms, let βt,k denote
the V -vector of natural parameters for topic k in slice t.
The usual representation of a multinomial distribution is by
its mean parameterization. If we denote the mean param-
eter of a V -dimensional multinomial by π, the ith com-
ponent of the natural parameter is given by the mapping
βi = log(πi/πV ). In typical language modeling applica-
tions, Dirichlet distributions are used to model uncertainty
about the distributions over words. However, the Dirichlet
is not amenable to sequential modeling. Instead, we chain
the natural parameters of each topic βt,k in a state space
model that evolves with Gaussian noise; the simplest ver-
sion of such a model is

βt,k |βt−1,k ∼ N (βt−1,k,σ2I) . (1)

Our approach is thus to model sequences of compositional
random variables by chaining Gaussian distributions in a
dynamic model and mapping the emitted values to the sim-
plex. This is an extension of the logistic normal distribu-
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three time slices). Each topic’s natural parameters βt,k evolve
over time, together with the mean parameters αt of the logistic
normal distribution for the topic proportions.

tion (Aitchison, 1982) to time-series simplex data (West
and Harrison, 1997).

In LDA, the document-specific topic proportions θ are
drawn from a Dirichlet distribution. In the dynamic topic
model, we use a logistic normal with mean α to express
uncertainty over proportions. The sequential structure be-
tween models is again captured with a simple dynamic
model

αt |αt−1 ∼ N (αt−1, δ
2I) . (2)

For simplicity, we do not model the dynamics of topic cor-
relation, as was done for static models by Blei and Lafferty
(2006).

By chaining together topics and topic proportion distribu-
tions, we have sequentially tied a collection of topic mod-
els. The generative process for slice t of a sequential corpus
is thus as follows:

1. Draw topics βt |βt−1 ∼ N (βt−1,σ2I).
2. Draw αt |αt−1 ∼ N (αt−1, δ2I).
3. For each document:

(a) Draw η ∼ N (αt, a2I)

(b) For each word:
i. Draw Z ∼ Mult(π(η)).
ii. DrawWt,d,n ∼ Mult(π(βt,z)).

Note that π maps the multinomial natural parameters to the
mean parameters, π(βk,t)w = exp(βk,t,w)

P

w exp(βk,t,w) .

The graphical model for this generative process is shown in
Figure 1. When the horizontal arrows are removed, break-
ing the time dynamics, the graphical model reduces to a set
of independent topic models. With time dynamics, the kth

The pi function maps from the 
natural parameters to the mean 
parameters:
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the contents of collections in unfamiliar languages
and identify trends in topic prevalence.

2 Related Work

Bilingual topic models for parallel texts with
word-to-word alignments have been studied pre-
viously using the HM-bitam model (Zhao and
Xing, 2007). Tam, Lane and Schultz (Tam et
al., 2007) also show improvements in machine
translation using bilingual topic models. Both
of these translation-focused topic models infer
word-to-word alignments as part of their inference
procedures, which would become exponentially
more complex if additional languages were added.
We take a simpler approach that is more suit-
able for topically similar document tuples (where
documents are not direct translations of one an-
other) in more than two languages. A recent ex-
tended abstract, developed concurrently by Ni et
al. (Ni et al., 2009), discusses a multilingual topic
model similar to the one presented here. How-
ever, they evaluate their model on only two lan-
guages (English and Chinese), and do not use the
model to detect differences between languages.
They also provide little analysis of the differ-
ences between polylingual and single-language
topic models. Outside of the field of topic mod-
eling, Kawaba et al. (Kawaba et al., 2008) use
a Wikipedia-based model to perform sentiment
analysis of blog posts. They find, for example,
that English blog posts about the Nintendo Wii of-
ten relate to a hack, which cannot be mentioned in
Japanese posts due to Japanese intellectual prop-
erty law. Similarly, posts about whaling often
use (positive) nationalist language in Japanese and
(negative) environmentalist language in English.

3 Polylingual Topic Model

The polylingual topic model (PLTM) is an exten-
sion of latent Dirichlet allocation (LDA) (Blei et
al., 2003) for modeling polylingual document tu-
ples. Each tuple is a set of documents that are
loosely equivalent to each other, but written in dif-
ferent languages, e.g., corresponding Wikipedia
articles in French, English and German. PLTM as-
sumes that the documents in a tuple share the same
tuple-specific distribution over topics. This is un-
like LDA, in which each document is assumed to
have its own document-specific distribution over
topics. Additionally, PLTM assumes that each
“topic” consists of a set of discrete distributions
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N
1

T
N
L

...

w

! "
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z
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#1

#L

$1

$L

Figure 1: Graphical model for PLTM.

over words—one for each language l = 1, . . . , L.
In other words, rather than using a single set of
topics � = {⇥1, . . . ,⇥T }, as in LDA, there are L
sets of language-specific topics, �1, . . . ,�L, each
of which is drawn from a language-specific sym-
metric Dirichlet with concentration parameter ⇥l.

3.1 Generative Process
A new document tuple w = (w1, . . . ,wL) is gen-
erated by first drawing a tuple-specific topic dis-
tribution from an asymmetric Dirichlet prior with
concentration parameter � and base measure m:

� � Dir (�,�m). (1)

Then, for each language l, a latent topic assign-
ment is drawn for each token in that language:

zl � P (zl |�) =
�

n ⇤zl
n
. (2)

Finally, the observed tokens are themselves drawn
using the language-specific topic parameters:

wl � P (wl |zl,�l) =
�

n ⌅l
wl

n|zl
n
. (3)

The graphical model is shown in figure 1.

3.2 Inference
Given a corpus of training and test document
tuples—W and W �, respectively—two possible
inference tasks of interest are: computing the
probability of the test tuples given the training
tuples and inferring latent topic assignments for
test documents. These tasks can either be accom-
plished by averaging over samples of �1, . . . ,�L

and �m from P (�1, . . . ,�L,�m |W �,⇥) or by
evaluating a point estimate. We take the lat-
ter approach, and use the MAP estimate for �m
and the predictive distributions over words for
�1, . . . ,�L. The probability of held-out docu-
ment tuples W � given training tuples W is then
approximated by P (W � |�1, . . . ,�L,�m).

Topic assignments for a test document tuple
w = (w1, . . . ,wL) can be inferred using Gibbs

Polylingual Topic Models
• Data Setting: Comparable versions of each 

document exist in multiple languages 
(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.
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Figure 9: Wikipedia topics (T=400).

Overall, these scores indicate that although indi-
vidual pages may show disagreement, Wikipedia
is on average consistent between languages.

5.3 Are Topics Emphasized Differently

Between Languages?

Although we find that if Wikipedia contains an ar-
ticle on a particular subject in some language, the
article will tend to be topically similar to the arti-
cles about that subject in other languages, we also
find that across the whole collection different lan-
guages emphasize topics to different extents. To
demonstrate the wide variation in topics, we cal-
culated the proportion of tokens in each language
assigned to each topic. Figure 8 represents the es-
timated probabilities of topics given a specific lan-
guage. Competitive cross-country skiing (left) ac-
counts for a significant proportion of the text in
Finnish, but barely exists in Welsh and the lan-
guages in the Southeastern region. Meanwhile,

interest in actors and actresses (center) is consis-
tent across all languages. Finally, historical topics,
such as the Byzantine and Ottoman empires (right)
are strong in all languages, but show geographical
variation: interest centers around the empires.

6 Conclusions

We introduced a polylingual topic model (PLTM)
that discovers topics aligned across multiple lan-
guages. We analyzed the characteristics of PLTM
in comparison to monolingual LDA, and demon-
strated that it is possible to discover aligned top-
ics. We also demonstrated that relatively small
numbers of topically comparable document tu-
ples are sufficient to align topics between lan-
guages in non-comparable corpora. Additionally,
PLTM can support the creation of bilingual lexica
for low resource language pairs, providing candi-
date translations for more computationally intense
alignment processes without the sentence-aligned
translations typically used in such tasks. When
applied to comparable document collections such
as Wikipedia, PLTM supports data-driven analysis
of differences and similarities across all languages
for readers who understand any one language.
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Figure 9: Wikipedia topics (T=400).

Overall, these scores indicate that although indi-
vidual pages may show disagreement, Wikipedia
is on average consistent between languages.

5.3 Are Topics Emphasized Differently

Between Languages?

Although we find that if Wikipedia contains an ar-
ticle on a particular subject in some language, the
article will tend to be topically similar to the arti-
cles about that subject in other languages, we also
find that across the whole collection different lan-
guages emphasize topics to different extents. To
demonstrate the wide variation in topics, we cal-
culated the proportion of tokens in each language
assigned to each topic. Figure 8 represents the es-
timated probabilities of topics given a specific lan-
guage. Competitive cross-country skiing (left) ac-
counts for a significant proportion of the text in
Finnish, but barely exists in Welsh and the lan-
guages in the Southeastern region. Meanwhile,

interest in actors and actresses (center) is consis-
tent across all languages. Finally, historical topics,
such as the Byzantine and Ottoman empires (right)
are strong in all languages, but show geographical
variation: interest centers around the empires.

6 Conclusions

We introduced a polylingual topic model (PLTM)
that discovers topics aligned across multiple lan-
guages. We analyzed the characteristics of PLTM
in comparison to monolingual LDA, and demon-
strated that it is possible to discover aligned top-
ics. We also demonstrated that relatively small
numbers of topically comparable document tu-
ples are sufficient to align topics between lan-
guages in non-comparable corpora. Additionally,
PLTM can support the creation of bilingual lexica
for low resource language pairs, providing candi-
date translations for more computationally intense
alignment processes without the sentence-aligned
translations typically used in such tasks. When
applied to comparable document collections such
as Wikipedia, PLTM supports data-driven analysis
of differences and similarities across all languages
for readers who understand any one language.
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Figure 9: Wikipedia topics (T=400).

Overall, these scores indicate that although indi-
vidual pages may show disagreement, Wikipedia
is on average consistent between languages.

5.3 Are Topics Emphasized Differently

Between Languages?

Although we find that if Wikipedia contains an ar-
ticle on a particular subject in some language, the
article will tend to be topically similar to the arti-
cles about that subject in other languages, we also
find that across the whole collection different lan-
guages emphasize topics to different extents. To
demonstrate the wide variation in topics, we cal-
culated the proportion of tokens in each language
assigned to each topic. Figure 8 represents the es-
timated probabilities of topics given a specific lan-
guage. Competitive cross-country skiing (left) ac-
counts for a significant proportion of the text in
Finnish, but barely exists in Welsh and the lan-
guages in the Southeastern region. Meanwhile,

interest in actors and actresses (center) is consis-
tent across all languages. Finally, historical topics,
such as the Byzantine and Ottoman empires (right)
are strong in all languages, but show geographical
variation: interest centers around the empires.

6 Conclusions

We introduced a polylingual topic model (PLTM)
that discovers topics aligned across multiple lan-
guages. We analyzed the characteristics of PLTM
in comparison to monolingual LDA, and demon-
strated that it is possible to discover aligned top-
ics. We also demonstrated that relatively small
numbers of topically comparable document tu-
ples are sufficient to align topics between lan-
guages in non-comparable corpora. Additionally,
PLTM can support the creation of bilingual lexica
for low resource language pairs, providing candi-
date translations for more computationally intense
alignment processes without the sentence-aligned
translations typically used in such tasks. When
applied to comparable document collections such
as Wikipedia, PLTM supports data-driven analysis
of differences and similarities across all languages
for readers who understand any one language.
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Figure 8: Squares represent the proportion of tokens in each language assigned to a topic. The left topic, world ski km won,
centers around Nordic counties. The center topic, actor role television actress, is relatively uniform. The right topic, ottoman
empire khan byzantine, is popular in all languages but especially in regions near Istanbul.

Table 5: Percent of English query documents for which the
translation was in the top n 2 {1, 5, 10, 20} documents by JS
divergence between topic distributions. To reduce the effect
of short documents we consider only document pairs where
the query and target documents are longer than 100 words.

Lang 1 5 10 20
DA 78.0 90.7 93.8 95.8
DE 76.6 90.0 93.4 95.5
EL 77.1 90.4 93.3 95.2
ES 81.2 92.3 94.8 96.7
FI 76.7 91.0 94.0 96.3
FR 80.1 91.7 94.3 96.2
IT 79.1 91.2 94.1 96.2
NL 76.6 90.1 93.4 95.5
PT 80.8 92.0 94.7 96.5
SV 80.4 92.1 94.9 96.5

pora – documents that are topically similar but are
not direct translations of one another – consider-
ably more abundant than true parallel corpora.

In this section, we explore two questions re-
lating to comparable text corpora and polylingual
topic modeling. First, we explore whether com-
parable document tuples support the alignment of
fine-grained topics, as demonstrated earlier using
parallel documents. This property is useful for
building machine translation systems as well as
for human readers who are either learning new
languages or analyzing texts in languages they do
not know. Second, because comparable texts may
not use exactly the same topics, it becomes cru-
cially important to be able to characterize differ-
ences in topic prevalence at the document level (do
different languages have different perspectives on
the same article?) and at the language-wide level
(which topics do particular languages focus on?).

5.1 Data Set

We downloaded XML copies of all Wikipedia ar-
ticles in twelve different languages: Welsh, Ger-
man, Greek, English, Farsi, Finnish, French, He-
brew, Italian, Polish, Russian and Turkish. These
versions of Wikipedia were selected to provide a
diverse range of language families, geographic ar-
eas, and quantities of text. We preprocessed the
data by removing tables, references, images and
info-boxes. We dropped all articles in non-English
languages that did not link to an English article. In
the English version of Wikipedia we dropped all
articles that were not linked to by any other lan-
guage in our set. For efficiency, we truncated each
article to the nearest word after 1000 characters
and dropped the 50 most common word types in
each language. Even with these restrictions, the
size of the corpus is 148.5 million words.

We present results for a PLTM with 400 topics.
1000 Gibbs sampling iterations took roughly four
days on one CPU with current hardware.

5.2 Which Languages Have High Topic

Divergence?

As with EuroParl, we can calculate the Jensen-
Shannon divergence between pairs of documents
within a comparable document tuple. We can then
average over all such document-document diver-
gences for each pair of languages to get an over-
all “disagreement” score between languages. In-
terestingly, we find that almost all languages in
our corpus, including several pairs that have his-
torically been in conflict, show average JS diver-
gences of between approximately 0.08 and 0.12
for T = 400, consistent with our findings for
EuroParl translations. Subtle differences of sen-
timent may be below the granularity of the model.

world 
ski 
km 

won

actor 
role 

television

actress

ottoman
empire
khan 

byzantine

Analysis: mostly Nordic 
countries

Analysis: uniform 
across countries

Analysis: mostly 
countries near Istanbul
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Supervised LDA

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

• Many data are paired with response variables.
• User reviews paired with a number of stars
• Web pages paired with a number of “likes”
• Documents paired with links to other documents
• Images paired with a category

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

Document 
response

1 Draw topic proportions ✓ |↵⇠Dir(↵).
2 For each word

• Draw topic assignment zn |✓ ⇠Mult(✓ ).
• Draw word wn |zn,�1:K ⇠Mult(�zn

).

3 Draw response variable y |z1:N ,⌘,�2 ⇠N
Ä
⌘>z̄,�2
ä

, where

z̄ =(1/N)
P

N

n=1 zn.



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

55

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 (MCMC)
– Metropolis-Hastings, Gibbs sampling, Hamiltonion

MCMC, slice sampling, etc.
• Variational inference
– Minimizes KL(q||p) where q 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)



CONVOLUTIONAL NEURAL 
NETWORKS
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Convolutional Neural Network (CNN)
• Typical layers include:

– Convolutional layer
– Max-pooling layer
– Fully-connected (Linear) layer
– ReLU layer (or some other nonlinear activation function)
– Softmax

• These can be arranged into arbitrarily deep topologies

58

Architecture #1: LeNet-5



Convolutional Neural Network (CNN)
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.

5

CNN for Image Classification
(Krizhevsky, Sutskever & Hinton, 2012)
15.3% error on ImageNet LSVRC-2012 contest

Input 
image 

(pixels)

• Five convolutional layers 
(w/max-pooling)

• Three fully connected layers

1000-way 
softmax

Architecture #2: AlexNet



Convolutional Neural Network (CNN)
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Typical Architectures

Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/ 



Convolutional Neural Network (CNN)
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Typical Architectures

Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/ 



RESNET

Slides in this section are from Kaiming He, “Deep Residual Learning”, 
ICCV 2015

62



ResNet
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Revolution of Depth
11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2

3x3 conv, 384

3x3 conv, 384

3x3 conv, 256, pool/2

fc, 4096

fc, 4096

fc, 1000

AlexNet, 8 layers
(ILSVRC 2012)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Revolution of Depth
11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2

3x3 conv, 384

3x3 conv, 384

3x3 conv, 256, pool/2

fc, 4096

fc, 4096

fc, 1000

AlexNet, 8 layers
(ILSVRC 2012)
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fc, 4096

fc, 1000

VGG, 19 layers
(ILSVRC 2014)
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Revolution of Depth
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(ILSVRC 2015)
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(ILSVRC 2014)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Revolution of Depth
ResNet, 152 layers

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Revolution of Depth
ResNet, 152 layers
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Revolution of Depth
ResNet, 152 layers
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Revolution of Depth
ResNet, 152 layers

  

  

  

  

  

  

  

  

  

   

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

   

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

3x3 conv, 56

x  conv, 0 4

x  conv, 56

3x3 conv, 56

x  conv, 0 4

x  conv, 56

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

1x1 conv, 512, /2

3x3 conv, 512

1x1 conv, 2048

1x1 conv, 512

3x3 conv, 512

1x1 conv, 2048

1x1 conv, 512

3x3 conv, 512

1x1 conv, 2048

ave pool, fc 1000

    

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)



ResNet

70

Simply stacking layers?
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• “Overly deep” plain nets have higher training error
• A general phenomenon, observed in many datasets
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Deep Residual Learning

• Plaint net

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

any two
stacked layers

𝑥𝑥

𝐻𝐻(𝑥𝑥)

weight layer

weight layer

relu

relu

𝐻𝐻 𝑥𝑥 is any desired mapping,

hope the 2 weight layers fit 𝐻𝐻(𝑥𝑥)
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Deep Residual Learning

• Residual net

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

𝐻𝐻 𝑥𝑥 is any desired mapping,

hope the 2 weight layers fit 𝐻𝐻(𝑥𝑥)

hope the 2 weight layers fit 𝐹𝐹(𝑥𝑥)

let 𝐻𝐻 𝑥𝑥 = 𝐹𝐹 𝑥𝑥 + 𝑥𝑥
weight layer

weight layer

relu

relu

𝑥𝑥

𝐻𝐻 𝑥𝑥 = 𝐹𝐹 𝑥𝑥 + 𝑥𝑥

identity
𝑥𝑥

𝐹𝐹(𝑥𝑥)
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Deep Residual Learning

• 𝐹𝐹 𝑥𝑥 is a residual mapping w.r.t. identity

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

• If identity were optimal,
easy to set weights as 0

• If optimal mapping is closer to identity,
easier to find small fluctuations

weight layer

weight layer

relu

relu

𝑥𝑥

𝐻𝐻 𝑥𝑥 = 𝐹𝐹 𝑥𝑥 + 𝑥𝑥

identity
𝑥𝑥

𝐹𝐹(𝑥𝑥)
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ImageNet experiments

• A practical design of going deeper

3x3, 64

3x3, 64

relu
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64-d
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1x1, 64
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1x1, 256
relu

relu

256-d

all-3x3

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

bottleneck
(for ResNet-50/101/152)

similar 
complexity
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Network “Design”

• Keep it simple

• Our basic design (VGG-style)
• all 3x3 conv (almost)

• spatial size /2  => # filters x2
• Simple design; just deep!

• Other remarks:
• no max pooling (almost)

• no hidden fc
• no dropout

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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CIFAR-10 experiments
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• Deep ResNets can be trained without difficulties
• Deeper ResNets have lower training error, and also lower test error

solid: test
dashed: train

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Common Tasks in Computer Vision
1. Image Classification
2. Image Classification + 

Localization
3. Human Pose 

Estimation
4. Semantic 

Segmentation
5. Object Detection
6. Instance 

Segmentation
7. Image Captioning

78
Figure from https://arxiv.org/pdf/1704.06857.pdf



Image Classification

• Given an 
image, predict 
a single label

• A multi-class 
classification 
problem

79
Figure from https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdfFigure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities

between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.
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Image Classification + Localization
• Given an image, 

predict a single 
label and a 
bounding box 
for the object

• Bounding box is 
represented as 
(x, y, h, w), 
position (x,y) 
and 
height/width 
(h,w)

80
Figure from https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=5459257



Human Pose Estimation
• Given an image of a human, 

predict the position of 
several keypoints (left 
hand, right hand, left 
elbow, …, right foot)

• This is a multiple regression 
problem, where each 
keypoint has a 
corresponding position 
(xi,yi)

81Figure from 
https://openaccess.thecvf.com/content_cvpr_2014/papers/Toshev_DeepPose_Human_Pose_2014_CVPR_paper.pdf



Semantic Segmentation
• Given an image, 

predict a label for 
every pixel in the 
image

• Not merely a 
classification 
problem, because 
there are strong 
correlations between 
pixel-specific labels

82Figure from https://openaccess.thecvf.com/content_iccv_2015/papers/Noh_Learning_Deconvolution_Network_ICCV_2015_paper.pdf



Object Detection
• Given an image, for each object predict a bounding box 

and a label (x,y,w,h,l)
• Example: R-CNN

– (x=110, y=13, w=50, h=72, l=person)
– (x=90, y=55, w=81, h=87, l=horse)
– (x=421, y=533, w=24, h=30, l=chair)
– (x=2, y=25, w=51, h=121, l=gate)

83Figure from 
https://openaccess.thecvf.com/content_cvpr_2014/papers/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.pdf



Instance Segmentation
• Predict per-pixel labels as 

in semantic segmentation, 
but differentiate between 
different instances of the 
same label

• Example: if there are two 
people in the image, one 
person should be labeled 
person-1 and one should 
be labeled person-2

84
Figure from https://openaccess.thecvf.com/content_ICCV_2017/papers/He_Mask_R-CNN_ICCV_2017_paper.pdf 



Image Captioning
• Take an image as 

input, and generate 
a sentence 
describing it as 
output (i.e. the 
caption)

• Typical methods 
include a deep 
CNN/transformer 
and a RNN-like 
language model

• (The task of Dense 
Captioning is to 
generate one 
caption per 
bounding box) 

85
Figure from https://dl.acm.org/doi/pdf/10.1145/3295748



Image Captioning
• Take an image as 

input, and generate 
a sentence 
describing it as 
output (i.e. the 
caption)

• Typical methods 
include a deep 
CNN/transformer 
and a RNN-like 
language model

• (The task of Dense 
Captioning is to 
generate one 
caption per 
bounding box) 
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Table from https://dl.acm.org/doi/pdf/10.1145/3295748 



Medical Image Analysis

Notice that most of 
these tasks are 
structured prediction 
problems, not 
merely classification

87
Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/ 



SEMANTIC SEGMENTATION
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Case Study: Image Segmentation
• Image segmentation (FG/BG) by modeling of interactions btw RVs 

– Images are noisy. 
– Objects occupy continuous regions in an image.

© Eric Xing @ CMU, 2005-2015 89

Input image Pixel-wise separate
optimal labeling

Locally-consistent 
joint optimal labeling

[Nowozin,Lampert 2012]
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Y: labels
X: data (features)
S: pixels
Ni: neighbors of pixel i

Unary Term Pairwise Term



Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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Assuming our label set is only 
{foreground, background} 

each factor is a table with 22

entries.



Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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This new factor has 25

entries



Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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For an MxM grid the 
new factor has 2M

entries

…

… ……………



Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
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For an MxM grid the 
new factor has 2M

entries

…

… ……………

In general, for high 
treewidth graphs like 

this, we turn to 
approximate inference

(which we’ll cover soon!)



Grid CRF
• Suppose we want to image segmentation using a grid model
• What happens when we run variable elimination?
• Can we instead run belief propagation to do exact inference?
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