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Reminders

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

• Homework 4: Topic Modeling
– Out: Wed, Nov. 6
– Due: Mon, Nov. 18 at 11:59pm

3



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

000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

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]
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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

26

(Blei, Ng, & Jordan, 2003)
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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.
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ϕ1 ϕ2 ϕ3 ϕ4 ϕ5 ϕ6

team, season, 
hockey, player, 
penguins, ice,  
canadiens, 
puck, montreal, 
stanley, cup
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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}
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! 1=

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

θ1=

Dirichlet(α)
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LDA for Topic Modeling
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The 54/40' boundary dispute is 
still unresolved, and Canadian 
and US Coast Guard

! 1=

Dirichlet(α)

{Canadian gov.} {government} {hockey} {U.S. gov.} {baseball} {Japan}
! 1 ! 2 ! 3 ! 4 ! 5 ! 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

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

(Blei, Ng, & Jordan, 2003)

Dirichlet(β)



!"#$%&'$(&)*+$,&-./*01

23

!"#$%&'&()$*+,-./01$.234,5#$23$
35266$,-0#3+67#.8$/-.$9/-/.2/-$
/-.$:;$9+/35$<,/0.$7#33#63$
0#=,6/061$2>$2->0#?,#-561$.#5/2-$
#/@"$+5"#0)3$>23"$*+/53$2-$5"#$
.234,5#.$A/5#03$+>>$B2C+-D

! EF

B202@"6#5G! H

I9/-/.2/- =+7JK I=+7#0-L#-5K I"+@M#1K I:J;J$=+7JK I*/3#*/66K IN/4/-K
! 1 ! 2 ! 3 ! 4 ! 5 ! 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

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

45/.*6$716$8$9&'-:06$;<<2=

B202@"6#5G" H



!"#$%&'$(&)*+$,&-./*01

23

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…

! 1= ! 2= ! 3=

Dirichlet(! )
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LDA for Topic Modeling
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Dirichlet(! )

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…

! 1= ! 2= ! 3=

Dirichlet(" ) Distributions 
over 

topics (docs)
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! TU ! VU ! I U

B202@"6#5QS

! 1 ! 2 ! 3 ! 4 ! 5 ! 6

(Blei, Ng, & Jordan, 2003)

U U U U U U

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

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

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

For each documentm ! { 1, . . . , M }
✓m " Dir(↵) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , ✓m ) [draw topic]
x mn " �z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
�k " Dir(�) [draw distribution over words]

For each documentm ! { 1, . . . , M }
✓m " Dir(↵) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , ✓m ) [draw topic]
x mn " �z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the

2
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

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

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( �
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK � C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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Why does LDA ÒworkÓ?

¥ LDA trades off two goals.

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

¥ These goals are at odds.

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

¥ Putting very few words in each topic makes #1 hard:
To cover a documentÕs words, it must assign many topics to it.

¥ Trading off these goals Þnds groups of tightly co-occurring words.
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK � C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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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 ) =
Q C

c =1 ! cxP V
v =1

Q C
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, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

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

" c " Beta( !
C , 1) [draw probability of componentc]

For each topic k ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[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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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the

2

"4)4*89(,

"6*:5(&, ;3<(*4'4*$
,6<4*$.43,)4=:,46&

>6<4*$-334?&5(&,

@=3()A(.$B6).

>6<4* "4)4*89(,

@
<,454C(.

/D-*,$%&'()(&*(



!"#$%&'()(&*(

• +,&-($./)0,$1+$2+#3$14-56/-5,&7
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] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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Bayesian Inference

!"#$%&'()* :
! Posteriors over parameters
! Bayesian inference for parameter estimation
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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) =
Q C

c =1 ! cxP V
v =1

Q C
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 " ! z mi

[draw word]

The Finite IBP model generative process

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

" c " Beta( !
C , 1) [draw probability of componentc]

For each topic k ! { 1, . . . , K} : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 " ! z mi

[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 processWe 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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Observed word

Topic Dirichlet

Exact Inference?

Intractable



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.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth 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 topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C. We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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Sampled
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Figure 1: The graphical model for the SCTM.

2 SCTM

A Product of Experts (PoE) [1] modelp(x|# 1, . . . , # C ) =
Q C

c =1 ⇥cxP V
v =1

Q C
c =1 ⇥cv

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

Latent Dirichlet allocation generative process

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

For each documentm ⇥ {1, . . . , M }
#m � Dir($ ) [draw distribution over topics]
For each wordn ⇥ {1, . . . , N m }

zmn � Mult(1, #m ) [draw topic]
x mn � ! z mi

[draw word]

The Finite IBP model generative process

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

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

For each topick ⇥ {1, . . . , K }: [rows]
bkc � Bernoulli(�c )
[draw whether topic includescth 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 topick ⇥ {1, . . . , K }:
! k � Dir(" ) [draw distribution over words]

For each documentm ⇥ {1, . . . , M }
#m � Dir($ ) [draw distribution over topics]
For each wordn ⇥ {1, . . . , N m }

zmn � Mult(1, #m ) [draw topic]
x mn � ! z mi

[draw word]

The Beta-Bernoulli model generative process

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

�c � Beta( !
C , 1)

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

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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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 BayesÕ rule on the
componentz=k in Eq. 65 andm in Eq. 69 yields:23

p(#$m|#zm, #%) =
1

Z$m

Nm!

n=1

p(zm,n|#$m) áp(#$m|#%) = Dir(#$m|#nm + #%), (79)

p(#&k|#z, #w,#' ) =
1

Z&k

!

{i:zi=k}

p(wi|#&k) áp(#&k|#' ) = Dir(#&k|#nk + #' ) (80)

where#nm is the vector of topic observation counts for documentm and #nk that of
term observation counts for topick. Using the expectation of the Dirichlet distribution,"
Dir(#a)

#
= ai/

$
i ai , on these results yields:24

&k,t =
n(t)

k + ' t
$ V

t=1 n(t)
k + ' t

, (81)

$m,k =
n(k)

m + %k
$ K

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 Þve larger data structures, the count
variablesn(z)

m andn(t)
z , which have dimensionM ! K andK ! V respectively, their row

sumsnm andnz with dimensionM and K, as well as the state variablezm,n with di-
mensionW.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 ofL iteration between subsequent read-outs
to obtain decorrelated states of the Markov chain. This interval is often called Òthinning
intervalÓ or sampling lag.

6 LDA hyperparameters

In Section 5, values of the Dirichlet parameters have been assumed to be known. These
hyperparameters, however, signiÞcantly inßuence 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 ÷z=k for a

given term ÷w=t associated with documentm, given the stateM . Analogous to Eq. 78 but now
with one token ÷w beyond the corpus#w, this yieldsp(÷z=k|÷w=t,m; M ) = &k,t á$m,k/ p( ÷w=t).

25 The sumnm is just the document length.
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For each topick ! { 1, . . . , K } :
! k " Dir(" ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , Nm }

zmn " Mult(1, #m ) [draw topic assignment]
xmn " ! zmi

[draw word]

M

Nm K

xmn

zmn

#m

$

! k "

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

á
n! i

m,k + " k
! K

j =1 n! i
m,j + " j

(2)

wheret, m are given byi
(3)

Without commas

p(zi = k|Z ! i , X, $ , " ) =
n! i

kt + ! t
! T

v=1 n! i
kv + ! v

á
n! i

mk + " k
! K

j =1 n! i
mj + " j

(4)

wheret, m are given byi
(5)

2 SCTM

A Product of Experts (PoE) [1] modelp(x|! 1, . . . , ! C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick " { 1, . . . , K } :
! k # Dir( " ) [draw distribution over words]

For each documentm " { 1, . . . , M }
#m # Dir($ ) [draw distribution over topics]
For each wordn " { 1, . . . , N m }

zmn # Mult(1 , #m ) [draw topic]
x mn # ! z mi

[draw word]

The Finite IBP model generative process

For each componentc " { 1, . . . , C } : [columns]

" c # Beta( !
C , 1) [draw probability of componentc]

For each topick " { 1, . . . , K } : [rows]
bkc # Bernoulli( " c )
[draw whether topic includescth component in its PoE]

2.1 PoE

p(x|! 1, . . . , ! C ) =
" C

c=1 #cx
! V

v=1

" C
c=1 #cv

(6)

2
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For each topick ! { 1, . . . , K } :
! k " Dir(" ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , Nm }

zmn " Mult(1, #m ) [draw topic assignment]
xmn " ! zmi

[draw word]

M

Nm K

xmn

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

á
n! i

mk + #k
% K

j =1 n! i
mj + #j

(7)

wheret, m are given byi
(8)

Why conjugacy is great:
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Shared Components Topic Models

Anonymous Author(s)
AfÞliation
Address
email

1 Distributions

Beta

f (! |" , #) =
1

B (" , #)
x! ! 1(1 ! x)" ! 1

Dirichlet

p($! |! ) =
1

B (! )

K!

k=1

! ! k ! 1
k whereB (! ) =

" K
k=1 ! (" k )

! (
# K

k=1 " k )
(1)

Beta-Bernoulli

! " Beta(" , #) [draw distribution over words]
For each wordn # { 1, . . . , N }

xn " Bernoulli(! ) [draw word]

Dirichlet-Multinomial

" " Dir(# ) [draw distribution over words]
For each wordn # { 1, . . . , N }

xn " Mult(1, " ) [draw word]

Dirichlet-Multinomial conjugacy

¥ The posterior of! is p(! |X ) = p(X |# )p(# )
P (X )

¥ DeÞne the count vectorn such thatnt denotes the number of
times wordt appeared

¥ Then the posterior is also a Dirichlet distribution:
p(! |X ) " Dir(# + n )

Dirichlet-Multinomial mixture model

For each topick # { 1, . . . , K } :
" k " Dir(# ) [draw distribution over words]

$ " Dir(! ) [draw distribution over topics]
For each documentm # { 1, . . . , M }

zm " Mult(1, $) [draw topic assignment]
For each wordn # { 1, . . . , Nm }

xmn " Mult(1, " zmi
) [draw word]
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Shared Components Topic Models

Anonymous Author(s)
AfÞliation
Address
email

1 Distributions

Beta

f (! |" , #) =
1

B (" , #)
x! ! 1(1 ! x)" ! 1

Dirichlet

p($! |! ) =
1

B (! )

K!

k=1

! ! k ! 1
k whereB (! ) =

" K
k=1 ! (" k )

! (
# K

k=1 " k )
(1)

Beta-Bernoulli

! " Beta(" , #) [draw distribution over words]
For each wordn # { 1, . . . , N }

xn " Bernoulli(! ) [draw word]

Dirichlet-Multinomial

" " Dir(# ) [draw distribution over words]
For each wordn # { 1, . . . , N }

xn " Mult(1, " ) [draw word]

Dirichlet-Multinomial mixture model

For each topick # { 1, . . . , K } :
" k " Dir(# ) [draw distribution over words]

$ " Dir(! ) [draw distribution over topics]
For each documentm # { 1, . . . , M }

zm " Mult(1, $) [draw topic assignment]
For each wordn # { 1, . . . , Nm }

xmn " Mult(1, " zmi
) [draw word]

LDA

For each topick # { 1, . . . , K } :
" k " Dir(# ) [draw distribution over words]

For each documentm # { 1, . . . , M }
$m " Dir(! ) [draw distribution over topics]
For each wordn # { 1, . . . , Nm }

zmn " Mult(1, $m ) [draw topic assignment]
xmn " " zmi

[draw word]

1
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p(X |! ) =
!

!
p(X |!" )p( !" |! ) d" (8)

=
!

!

"
V#

v=1

" n v
v

$ "
1

B (! )

V#

v=1

" " v ! 1
v

$

d" (9)

=
1

B (! )

!

!

V#

v=1

" n v + " v ! 1
v d" (10)

=
1

B (! )

!

!

B (!n + ! )
B (!n + ! )

V#

v=1

" n v + " v ! 1
v d" (11)

=
B (!n + ! )

B (! )

!

!

1
B (!n + ! )

V#

v=1

" n v + " v ! 1
v

% &' (
Dir (#n + ! )

d" (12)

=
B (!n + ! )

B (! )
(13)

2 SCTM

A Product of Experts (PoE) [1] modelp(x|" 1, . . . , " C ) =
Q C

c =1 ! cxP V
v =1

Q C
c =1 ! cv

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

Latent Dirichlet allocation generative process

For each topick " { 1, . . . , K } :
" k # Dir(# ) [draw distribution over words]

For each documentm " { 1, . . . , M }
$m # Dir( ! ) [draw distribution over topics]
For each wordn " { 1, . . . , N m }

zmn # Mult(1 , $m ) [draw topic]
x mn # " z mi

[draw word]

The Finite IBP model generative process

For each componentc " { 1, . . . , C } : [columns]

$c # Beta( !
C , 1) [draw probability of componentc]

For each topick " { 1, . . . , K } : [rows]
bkc # Bernoulli($c )
[draw whether topic includescth 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 topick " { 1, . . . , K } :
" k # Dir(# ) [draw distribution over words]

For each documentm " { 1, . . . , M }
$m # Dir( ! ) [draw distribution over topics]
For each wordn " { 1, . . . , N m }

zmn # Mult(1 , $m ) [draw topic]
x mn # " z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec " { 1, . . . , C } : [columns]

$c # Beta( !
C , 1)

For each classk " { 1, . . . , K } : [rows]
bkc # Bernoulli($c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution" c over theV words from a Dirichlet
parametrized by# . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability#c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized

3
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Figure 1: The graphical model for the SCTM.
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For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Finite IBP model generative process

For each componentc ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1) [draw probability of componentc]

For each topick ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )
[draw whether topic includescth component in its PoE]

2.1 PoE

p(x|# 1, . . . , # C ) =
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2.2 IBP

Latent Dirichlet allocation generative process

For each topick ! { 1, . . . , K } :
! k " Dir( " ) [draw distribution over words]

For each documentm ! { 1, . . . , M }
#m " Dir($ ) [draw distribution over topics]
For each wordn ! { 1, . . . , N m }

zmn " Mult(1 , #m ) [draw topic]
x mn " ! z mi

[draw word]

The Beta-Bernoulli model generative process

For each featurec ! { 1, . . . , C } : [columns]

" c " Beta( !
C , 1)

For each classk ! { 1, . . . , K } : [rows]
bkc " Bernoulli( " c )

2.3 Shared Components Topic Models

Generative processWe can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution# c over theV words from a Dirichlet
parametrized by$ . Next, we generate aK ! C binary matrix using the Þnite IBP prior. We select
the probability" c of each componentc being on (bkc = 1 ) from a Beta distribution parametrized
by #/C . We then sampleK topics (rows of the matrix), which combine component distributions,
where each positionbkc is drawn from a Bernoulli parameterized by" c. These components and the
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Algorithm LdaGibbs({!w}, " , #, K)
Input : word vectors{!w}, hyperparameters" , #, topic numberK
Global data: count statistics{n(k)

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

Output : topic associations{!z}, multinomial parameters$ and%, hyperparameter estimates" , #
// initialisation
zero all count variables,n(k)

m , nm,n(t)
k , nk

for all documentsm ! [1, M] do
for all wordsn ! [1, Nm] in documentm do

sample topic indexzm,n=k " Mult(1/ K)
increment documentÐtopic count:n(k)

m += 1
increment documentÐtopic sum:nm += 1
increment topicÐterm count:n(t)

k += 1
increment topicÐterm sum:nk += 1

// Gibbs sampling over burn-in period and sampling period
while not Þnisheddo

for all documentsm ! [1, M] do
for all wordsn ! [1, Nm] in documentmdo

// 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÷k " p(zi |!zÂi , !w)
// for the new assignment of zm,n to the term t for word wm,n:

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

÷k
+= 1;n÷k += 1

// check convergence and read out parameters
if converged andL sampling iterations since last read outthen

// 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

observedwm,n and the correspondingzm,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 ÒcollapsedÓ [Neal00] or Rao-Blackwellised [CaRo96] approach, which is often
used in Gibbs sampling.18

The target of inference is the distributionp(!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 overKW 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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Figure 1: Top: Perplexity on held-out Wikipedia documents as a function of number of documents
analyzed, i.e., the number of E steps. Online VB run on 3.3 million unique Wikipedia articles is
compared with online VB run on 98,000 Wikipedia articles and with the batch algorithm run on the
same 98,000 articles. The online algorithms converge much faster than the batch algorithm does.
Bottom: Evolution of a topic about business as online LDA sees more and more documents.

to summarize the latent structure of massive document collections that cannot be annotated by hand.
A central research problem for topic modeling is to efÞciently Þt models to larger corpora [4, 5].

To this end, we develop an online variational Bayes algorithm for latent Dirichlet allocation (LDA),
one of the simplest topic models and one on which many others are based. Our algorithm is based on
online stochastic optimization, which has been shown to produce good parameter estimates dramat-
ically faster than batch algorithms on large datasets [6]. Online LDA handily analyzes massive col-
lections of documents and, moreover, online LDA need not locally store or collect the documentsÑ
each can arrive in a stream and be discarded after one look.

In the subsequent sections, we derive online LDA and show that it converges to a stationary point
of the variational objective function. We study the performance of online LDA in several ways,
including by Þtting a topic model to 3.3M articles from Wikipedia without looking at the same
article twice. We show that online LDA Þnds topic models as good as or better than those found
with batch VB, and in a fraction of the time (see Þgure 1). Online variational Bayes is a practical
new method for estimating the posterior of complex hierarchical Bayesian models.

2 Online variational Bayes for latent Dirichlet allocation

Latent Dirichlet Allocation (LDA) [7] is a Bayesian probabilistic model of text documents. It as-
sumes a collection ofK Òtopics.Ó Each topic deÞnes a multinomial distribution over the vocabulary
and is assumed to have been drawn from a Dirichlet,! k ! Dirichlet(" ). Given the topics, LDA
assumes the following generative process for each documentd. First, draw a distribution over topics
#d ! Dirichlet($). Then, for each wordi in the document, draw a topic indexzdi " { 1, . . . , K }
from the topic weightszdi ! #d and draw the observed wordwdi from the selected topic,wdi ! ! zdi .
For simplicity, we assume symmetric priors on! and" , but this assumption is easy to relax [8].

Note that if we sum over the topic assignmentsz, then we getp(wdi |#d, " ) =
!

k #dk ! kw . This
leads to the Òmultinomial PCAÓ interpretation of LDA; we can think of LDA as a probabilistic
factorization of the matrix of word countsn (wherendw is the number of times wordw appears in
documentd) into a matrix of topic weights! and a dictionary of topics" [9]. Our work can thus

2
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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 Þeld of topic mod-
eling, Kawaba et al. (Kawaba et al., 2008) use
a Wikipedia-based model to perform sentiment
analysis of blog posts. They Þnd, 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-speciÞc distribution over topics. This is un-
like LDA, in which each document is assumed to
have its own document-speciÞc distribution over
topics. Additionally, PLTM assumes that each
ÒtopicÓ consists of aset of discrete distributions

D
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TNL
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w

! "

wz

z
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# 1

# L

$1
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Figure 1:Graphical model for PLTM.

over wordsÑone for each languagel = 1 , . . . , L .
In other words, rather than using a single set of
topics! = { ! 1, . . . , ! T } , as in LDA, there areL
sets of language-speciÞc topics,! 1, . . . , ! L , each
of which is drawn from a language-speciÞc sym-
metric Dirichlet with concentration parameter! l .

3.1 Generative Process

A new document tuplew = ( w 1, . . . , w L ) is gen-
erated by Þrst drawing a tuple-speciÞc topic dis-
tribution from an asymmetric Dirichlet prior with
concentration parameter" and base measurem :

" ! Dir (" , " m ). (1)

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

z l ! P(z l | " ) =
!

n #zl
n
. (2)

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

w l ! P(w l | z l , ! l ) =
!

n $l
wl

n |zl
n
. (3)

The graphical model is shown in Þgure 1.

3.2 Inference

Given a corpus of training and test document
tuplesÑW and W !, respectivelyÑtwo 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 tuplesW ! given training tuplesW is then
approximated byP(W ! | ! 1, . . . , ! L , " m ).

Topic assignments for a test document tuple
w = ( w 1, . . . , w L ) can be inferred using Gibbs

Zd,n Wd,n
N

D K

!

µ

! d

! k

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 thelatent composition of topics associated
with each document.

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

1. Draw! | { µ, ! } ! N (µ, ! ).

2. Forn " { 1, . . . , N } :

(a) Draw topic assignmentZn | ! 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 Þnd 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 Þltering,
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Topics drift thr ough time
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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 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 ! " 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 ÒmapÓ of topics and how they are related

¥ Provides a better Þt to text data, but computation is more complex
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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.
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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-speciÞc
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! 1:K be K topics, each of
which is a distribution over a Þxed vocabulary. In a static
topic model, each document is assumed drawn from the
following generative process:

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

2. For each word:
(a) Choose a topic assignmentZ " Mult (" ).
(b) Choose a wordW " Mult (! z ).

This process implicitly assumes that the documents are
drawnexchangeablyfrom the same set of topics. For many
collections, however, the order of the documents reßects
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 aK -
component topic model, where the topics associated with
slicet evolve from the topics associated with slicet ! 1.

For aK -component model withV terms, let! t,k denote
the V -vector of natural parameters for topick in slice t.
The usual representation of a multinomial distribution is by
its mean parameterization. If we denote the mean param-
eter of aV -dimensional multinomial by#, the i th com-
ponent of thenatural parameteris given by the mapping
! i = log( #i / #V ). 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! t,k in a state space
model that evolves with Gaussian noise; the simplest ver-
sion of such a model is

! t,k | ! t ! 1,k " N (! t ! 1,k , $2I ) . (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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w w w
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K

Figure 1.Graphical representation of a dynamic topic model (for
three time slices). Each topicÕs natural parameters! t,k evolve
over time, together with the mean parameters" t 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-speciÞc topic proportions" are
drawn from a Dirichlet distribution. In the dynamic topic
model, we use a logistic normal with mean%to express
uncertainty over proportions. The sequential structure be-
tween models is again captured with a simple dynamic
model

%t | %t ! 1 " N (%t ! 1, &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 slicet of a sequential corpus
is thus as follows:

1. Draw topics! t | ! t ! 1 " N (! t ! 1, $2I ).
2. Draw%t | %t ! 1 " N (%t ! 1, &2I ).
3. For each document:

(a) Draw' " N (%t , a2I )

(b) For each word:

i. Draw Z " Mult (#(' )) .
ii. Draw Wt,d,n " Mult (#(! t,z )) .

Note that# maps the multinomial natural parameters to the
mean parameters,#(! k,t )w = exp( ! k,t,w )P

w exp( ! k,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, thekth
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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-speciÞc
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! 1:K be K topics, each of
which is a distribution over a Þxed vocabulary. In a static
topic model, each document is assumed drawn from the
following generative process:

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

2. For each word:
(a) Choose a topic assignmentZ " Mult (" ).
(b) Choose a wordW " Mult (! z ).

This process implicitly assumes that the documents are
drawnexchangeablyfrom the same set of topics. For many
collections, however, the order of the documents reßects
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 aK -
component topic model, where the topics associated with
slicet evolve from the topics associated with slicet ! 1.

For aK -component model withV terms, let! t,k denote
the V -vector of natural parameters for topick in slice t.
The usual representation of a multinomial distribution is by
its mean parameterization. If we denote the mean param-
eter of aV -dimensional multinomial by#, the i th com-
ponent of thenatural parameteris given by the mapping
! i = log( #i / #V ). 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! t,k in a state space
model that evolves with Gaussian noise; the simplest ver-
sion of such a model is

! t,k | ! t ! 1,k " N (! t ! 1,k , $2I ) . (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 topicÕs natural parameters! t,k evolve
over time, together with the mean parameters" t 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-speciÞc topic proportions" are
drawn from a Dirichlet distribution. In the dynamic topic
model, we use a logistic normal with mean%to express
uncertainty over proportions. The sequential structure be-
tween models is again captured with a simple dynamic
model

%t | %t ! 1 " N (%t ! 1, &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 slicet of a sequential corpus
is thus as follows:

1. Draw topics! t | ! t ! 1 " N (! t ! 1, $2I ).
2. Draw%t | %t ! 1 " N (%t ! 1, &2I ).
3. For each document:

(a) Draw' " N (%t , a2I )

(b) For each word:

i. Draw Z " Mult (#(' )) .
ii. Draw Wt,d,n " Mult (#(! t,z )) .

Note that# maps the multinomial natural parameters to the
mean parameters,#(! k,t )w = exp( ! k,t,w )P

w exp( ! k,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, thekth
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Probabilistic topic models
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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 Þeld of topic mod-
eling, Kawaba et al. (Kawaba et al., 2008) use
a Wikipedia-based model to perform sentiment
analysis of blog posts. They Þnd, 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-speciÞc distribution over topics. This is un-
like LDA, in which each document is assumed to
have its own document-speciÞc distribution over
topics. Additionally, PLTM assumes that each
ÒtopicÓ consists of aset of discrete distributions

D
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TNL
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! "

wz

z

...
# 1

# L

$1
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Figure 1:Graphical model for PLTM.

over wordsÑone for each languagel = 1 , . . . , L .
In other words, rather than using a single set of
topics! = { ! 1, . . . , ! T } , as in LDA, there areL
sets of language-speciÞc topics,! 1, . . . , ! L , each
of which is drawn from a language-speciÞc sym-
metric Dirichlet with concentration parameter! l .

3.1 Generative Process

A new document tuplew = ( w 1, . . . , w L ) is gen-
erated by Þrst drawing a tuple-speciÞc topic dis-
tribution from an asymmetric Dirichlet prior with
concentration parameter" and base measurem :

" ! Dir (" , " m ). (1)

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

z l ! P(z l | " ) =
!

n #zl
n
. (2)

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

w l ! P(w l | z l , ! l ) =
!

n $l
wl

n |zl
n
. (3)

The graphical model is shown in Þgure 1.

3.2 Inference

Given a corpus of training and test document
tuplesÑW and W !, respectivelyÑtwo 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 tuplesW ! given training tuplesW is then
approximated byP(W ! | ! 1, . . . , ! L , " m ).

Topic assignments for a test document tuple
w = ( w 1, . . . , w L ) can be inferred using Gibbs
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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 Þnd 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
Þnd 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 speciÞc lan-
guage. Competitive cross-country skiing (left) ac-
counts for a signiÞcant 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 sufÞcient 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 acrossall languages
for readers who understandany onelanguage.
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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 Þnd 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
Þnd 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 speciÞc lan-
guage. Competitive cross-country skiing (left) ac-
counts for a signiÞcant 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 sufÞcient 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 acrossall languages
for readers who understandany onelanguage.
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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 Þnd 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
Þnd 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 speciÞc lan-
guage. Competitive cross-country skiing (left) ac-
counts for a signiÞcant 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 sufÞcient 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 acrossall languages
for readers who understandany onelanguage.
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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 topn ! { 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 Ð documents that are topically similar but are
not direct translations of one another Ð 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
Þne-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 efÞciency, 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 ÒdisagreementÓ score between languages. In-
terestingly, we Þnd that almost all languages in
our corpus, including several pairs that have his-
torically been in conßict, show average JS diver-
gences of between approximately 0.08 and 0.12
for T = 400, consistent with our Þndings for
EuroParl translations. Subtle differences of sen-
timent may be below the granularity of the model.
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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 ÒlikesÓ
¥ Documents paired with links to other documents
¥ Images paired with a category

¥ Supervised LDA are topic models of documents and responses.
They are Þt to Þnd topics predictive of the response.
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Supervised LDA
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Regression 
parameters

Document 
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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
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