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Why Topic—Recall Our Input

• An example with p features

xi=[xi1, xi2,…, xim]
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Extend Our Input
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Why Topic? (cont.)

• IR – text to real number vector (Baeza-Yates and Ribeiro-

Neto, 1999), tfidf (Salton and McGill, 1983)

– Tfidf – shortcoming: (1) Lengthy and (2) Cannot model 

inter- and intra- document statistical structure

• LSI – dimension reduction (Deerwester et al., 1990) 

– Advantages: achieve significant compression in large 

collections and capture synonymy and polysemy.

• Generative probabilistic model – to study the ability 

of LSI (Papadimitriou et al., 1998) 

– Why LSI, we can model the data directly using 

maximum likelihood or Bayesian methods.
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What is Topic?
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What is Topic? (cont.)

• Usage of a theme:
– Summarize topics/subtopics

– Navigate documents

– Retrieve documents

– Segment documents

– All other tasks involving unigram 
language models
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Topic Model Family Member

• Directed graphical model (Bayesian network model)

• Undirected graphical model (Markov random field, 

restricted boltzmann machines)

• We will only focus on directed graphical model in 

this talk.
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Bayesian Network for modeling document 

generation
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- PLSI

- LDA

Two state-of-the-art topic models:
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Notations
• M: #documents in the whole corpus

• K: #topics

• V: #vocabulary

• w, z : bold font means words or topics in the whole corpus

• w : a word, z : a topic, d : a document

• m: the index of document, m = 1 to M

• Nm: #words in mth document

• n: the index of word in a document, n=1 to Nm

– wm,n : the nth word of mth document 

– zm,n : the nth word of mth document is denoted by topic zm,n

• k: the index of topic, k=1 to K

• t: the index of word in the vocabulary, t=1 to V

• n.,k,t: the number of times word wt is generated by topic zk

• nm,k,.: the number of times topic zk occurs in document dm
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Probabilistic Latent Semantic Indexing 

(PLSI)
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PLSI Model

wm,nzm,nθm

ϕk

k∈[1,K]

n∈[1,Nm]

m∈[1,

M]
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Matrix Interpretation

• In the topic model, the word-document co-occurrence matrix is split into two parts: 

a topic matrix Φ and a document matrix Θ. Note that the diagonal matrix D in LSA 

can be absorbed in the matrix U or V, making the similarity between the two 

representations even clearer.
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Example 1: products

• Benefits: 
– Discovering “latent profile” in input matrix

– Recommending new products to customers

– More 
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Example 2: images
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Example 3: documents
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Example 4: videos
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PLSI as a Mixture Model

Theme ϕ1

Theme ϕK

Theme ϕ2

…

Document d

Background ϕB

warning 0.3 

system  0.2..

Aid  0.1

donation 0.05

support 0.02 ..

statistics 0.2

loss   0.1

dead 0.05 ..

Is 0.05

the  0.04

a 0.03 ..

ϕK

ϕ1

ϕ2

ϕB

wm

θm,1

θm,K

1 - λBθm,2

“Generating” word w 

in doc d in the collection

Parameters: 
λB=noise-level (manually set)

θ’s and  ϕ’s are estimated with Maximum Likelihood

θm,B
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Formal Description
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Maximum-likelihood

• Definition

– We have a density function P(x|Θ) that is govened by the set of parameters Θ, 
e.g., P might be a set of Gaussians and Θ could be the means and covariances

– We also have a data set  X={x1,…,xN}, supposedly drawn from this 
distribution P, and assume these data vectors are i.i.d. with P.

– Then the log-likehihood function is:

– The log-likelihood is thought of as a function of the parameters Θ where the 
data X is fixed. Our goal is to find the Θ that maximizes L. That is

( | ) log ( | ) log ( | ) log ( | )i i

ii

L X p X p x p x =  =  = 

* arg max ( | )L X


 = 
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PLSI Model 
• Following the likelihood principle, we determines ϕ and θ

by maximizing of the log-likelihood function
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Recall Jensen Inequality

Andrew Ng. Part IX: The EM algorithm. CS229 Lecture Notes. 
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• Recall that f is a convex function if f ”(x)≥0, and f is strictly convex 

function if f ”(x)>0

• Let f be a convex function, and let X be a random variable, then:

• Moreover, if f is strictly convex, then E[f(X)]=f(EX) holds true if and only 

if X=E[X] with probability 1 (i.e., if X is a constant)

Jensen’s Inequality

[ ( )] ( )E f X f EX
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Basic EM Algorithm

• However, Optimizing the likelihood function is analytically intractable but when 

the likelihood function can be simplified by assuming the existence of and values 

for additional but missing (or hidden) parameters:

• Maximizing L(Θ) explicitly might be difficult, and the strategy is to instead 

repeatedly construct a lower-bound on L(E-step), and then optimize that lower 

bound (M-step).

– For each i, let Qi be some distribution over z (∑zQi(z)=1, Qi(z)≥0), then

– The above derivation used Jensen’s inequality. Specifically, f(x) = logx is a concave 

function, since f”(x)=-1/x2<0 

( | ) log ( | ) log ( , | )i i

i i z

L X p x p x z =  =   

( ) ( ) ( )

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

( ) ( )

( , ; ) ( , ; )
log ( , ; ) log ( ) ( ) log

( ) ( )i i i

i i i i
i i i i

i ii i
i i iz z zi i

p x z p x z
p x z Q z Q z

Q z Q z

 
 =     

[ ( )] ( )E f X f EX
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Basic EM Algorithm (cont’)
• In the summation is just an expectation of the quantity [p(x(i),z(i)|Θ)/Qi(z

(i))] with 
respect to z(i) drawn according to the distribution given by Qi. By Jensen’s 
inequality, we have

– Now, for any set of distributions Qi, we gives a lower-bound on L(Θ). 

• There are many possible choices for the Qi. Which should we choose? 
– Have current guess Θ, try to make the lower-bound tight at the value of Θ. 

– To make the bound tight for a particular value of Θ, we need Jensen’s inequality to 
hold with equality. we require that X is a constant, i.e.,

– Since we know that ∑zQi(z)=1, this further tells us that 

– Thus, we simply set the Qi’s to be the posterior distribution of the z(i)’s given x(i) and 
the setting of the parameters Θ

( ) ( )

( ) ( ) ( ) ( )

( ) ( )~ ~

( , ; ) ( , ; )
( [ ]) [ ( )]

( ) ( )
i i

i i

i i i i

i iz Q z Q
i i

p x z p x z
f E E f

Q z Q z

 


( ) ( )

( )

( , ; )

( )

i i

i

i

p x z
c

Q z


=

( ) ( ) ( ) ( )
( ) ( ) ( )

( ) ( )

( , ; ) ( , ; )
( ) ( | ; )

( , ; ) ( ; )

i i i i
i i i

i i i

z

p x z p x z
Q z p z x

p x z p x

 
= = = 

 
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Basic EM Algorithm (cont’)

( ) ( ) ( )( ) ( | ; )i i i

iQ z p z x= 

Repeat until convergence {

(E-step) For each i, set

(M-step) Set

} ( )

( ) ( )
( )

( )

( , ; )
: arg max ( ) log

( )i

i i
i

i i
i z i

p x z
Q z

Q z


 = 
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Proof of Convergence

• Suppose Θ(t) and Θ(t+1) are the parameters from two successive iterations of EM. 
We will now prove that L(Θ(t))≤ L(Θ(t+1) ), which shows EM always 
monotonically improves the log-likelihood.

– Inequality (1) comes from the fact that

• Holds for any values of Qi and Θ, and in particular holds for Qi=Qi
(t), Θ= Θ(t+1). 

– Inequality (2) used the fact of M-step that Θ(t+1) is chosen to maximize the lower 
bound. 

( )

( ) ( )
( )

( )

( , ; )
( ) ( ) log

( )i

i i
i

i i
i z i

p x z
L Q z

Q z


 

( )

( )

( ) ( ) ( 1)
( 1) ( )

( )

( ) ( ) ( )
( )

( )

( )

( , ; )
( ) ( ) log (1)

( )

( , ; )
( ) log (2)

( )

( )

i

i

i i t
t i

i i
i z i

i i t
i

i i
i z i

t

p x z
L Q z

Q z

p x z
Q z

Q z

L

+
+ 

 




= 




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( )

1

( , , ) ( , , )
( | ) ( ) ( )

( ) ( )

. . ( ) 1

N
q z

z
i

z

p X z p X z
f p X q z dz L

q z q z

s t q z

=

 
=  =  =

=



 { ( | ), ( | ), ( )}P w z p z d p z =

As q(z) is a valid probability distribution over h. Thus we have a logarithm 

form of the bound (Neal and Hinton, 1993)

( )

1

( , , )
log ( ) ( ) log ( , , ) ( ) log ( )

( )

N
q z

z
i

p X z
q z p X z q z q z dz

q z=

 
=  − 

 
 

Adding Lagrange multiplier for the constant q(z), we have

log (1 ( ) ) ( ) log ( , , ) ( ) log ( )

1 log ( , , ) log ( ) 0
( )

( , , )
( ) ( | , )

( , , )

z z

z

L q z dz q z p X z q z q z dz

dL
p X z q z

dq z

p X z
q z p z X

p X z dz





= − +  −

= − − +  − =


= = 



 



When dL/dq(z)=0 the lower 

bound L equates to the 

original problem f

Our goal then is to find some 

q(z) trying to make the new 

function L to be the same as 

the original function f

Another interpretation



29

By KL-Divergence

Finding q to get a good bound is the E-step of the algorithm.

To get the next guess for θ, we maximize the bound over θ. this is the M-

step. This step is problem-dependent The relevant term of G is

( )

( )

( ) log ( , , ) ( ) log ( )

( , , )
( ) log

( )

( , , )
log

( )

( )
log log ( , )

( | , )

( ( ) || ( | , )) log ( , )

z

z

q z

q z

L q z p X z q z q z dz

p X z
q z dz

q z

p X z
E

q z

q z
E p X

p z X

D q z p z X p X

=  −


=

 
=  

 

 
= − +  

 

= −  + 





Recall what is X in our 

problem.
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Using EM to derive PLSI
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E-Step

• Given parameters, calculate the posterior probability 

of hidden variable.
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Lower Bound

• Introduce posterior probability of hidden variable into log-likelihood 

and get lower bound of log-likelihood, and then maximize the lower 

bound to calculate new parameters.

• First, we assume p(di)∝ n(di), thus it does not influence the log-

likelihood:

• Second, we get the lower bound as:
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M-Step
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The final update Equations

• E-step:

• M-step:
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Coding Design

• Variables:
• double[][] p_dz_n   // p(d|z),   |D|*|Z|

• double[][] p_wz_n   // p(w|z),  |W|*|Z|

• double[]   p_z_n      // p(z),      |Z|

• Running Processing:
1. Read dataset from file

ArrayList<DocWordPair> doc; // all the docs
DocWordPair – (word_id, word_frequency_in_doc)

2. Parameter Initialization
Assign each elements of p_dz_n, p_wz_n and p_z_n with a random double value, satisfying  ∑d 

p_dz_n=1, ∑d p_wz_n =1, and ∑d p_z_n =1

3. Estimation (Iterative processing)
1. Update p_dz_n, p_wz_n and p_z_n 

2. Calculate Log-likelihood function to see where ( |Log-likelihood – old_Log-likelihood| < 
threshold)

4. Output p_dz_n, p_wz_n and p_z_n 
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Coding Design
• Update p_dz_n

For each doc d{

For each word w included in d {

denominator = 0;

nominator = new double[Z];

For each topic z   {

nominator[z] = p_dz_n[d][z]* p_wz_n[w][z]* p_z_n[z]

denominator  +=nominator[z]; 

} // end for each topic z

For each topic z    {

P_z_condition_d_w = nominator[j]/denominator;

nominator_p_dz_n[d][z] += tfwd*P_z_condition_d_w;

denominator_p_dz_n[z] += tfwd*P_z_condition_d_w;

} // end for each topic z

}// end for each word w included in d

}// end for each doc d

For each doc d {

For each topic z {

p_dz_n_new[d][z] = nominator_p_dz_n[d][z]/ denominator_p_dz_n[z];

} // end for each topic z

}// end for each doc d
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Coding Design
• Update p_wz_n

For each doc d{

For each word w included in d {

denominator = 0;

nominator = new double[Z];

For each topic z   {

nominator[z] = p_dz_n[d][z]* p_wz_n[w][z]* p_z_n[z]

denominator  +=nominator[z]; 

} // end for each topic z

For each topic z    {

P_z_condition_d_w = nominator[z]/denominator;

nominator_p_wz_n[w][z] += tfwd*P_z_condition_d_w;

denominator_p_wz_n[z] += tfwd*P_z_condition_d_w;

} // end for each topic z

}// end for each word w included in d

}// end for each doc d

For each w {

For each topic z {

p_wz_n_new[w][z] = nominator_p_wz_n[w][z]/ denominator_p_wz_n[z];

} // end for each topic z

}// end for each doc d
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Coding Design
• Update p_z_n

For each doc d{

For each word w included in d {

denominator = 0;

nominator = new double[Z];

For each topic z   {

nominator[z] = p_dz_n[d][z]* p_wz_n[w][z]* p_z_n[z]

denominator  +=nominator[z]; 

} // end for each topic z

For each topic z    {

P_z_condition_d_w = nominator[z]/denominator;

nominator_p_z_n[z] += tfwd*P_z_condition_d_w;

} // end for each topic z

denominator_p_z_n[z] += tfwd;

}// end for each word w included in d

}// end for each doc d

For each topic z{

p_dz_n_new[d][z] = nominator_p_z_n[z]/ denominator_p_z_n;

} // end for each topic z
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PLSI(SIGIR’99)

wm,nzm,nθm

ϕk

k∈[1,K]

n∈[1,Nm]

m∈[1,M]

Document

Word

Topic

Distribution of 

document over topics

Distribution of topic 

over words

w1

w2

wN

…

d1

d2

dN

…

z1

z2

zK

P(d)

P(z|d) P(w|z) 
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LDA (JMLR’03)

wm,nzm,nθm

ϕk

k∈[1,K]

n∈[1,Nm]

m∈[1,M]

Document

Word

Topic

Distribution of 

document over topics

Distribution of topic 

over words

α

β

α, β: Prior distributions
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Modeling Authors with Words 
(AAAI’09 workshop)

wm,nxm,nAm

ϕk

l∈[1,L]

n∈[1,Nm]

m∈[1,M]

Document

Word

Author

Uniform distribution of 

document over authors

Distribution of author 

over wordsγ

γ, β: Prior distributions
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Author-Topic Model (UAI’04, KDD’05)

wm,nzm,nAm

ϕk

k∈[1,K]

n∈[1,Nm]

m∈[1,M]

Document

Word

Topic

Uniform distribution of 

document over authors

Distribution 

of topic over 

words

β

γ, β: Prior distributions

xm,n

Author

φl

l∈[1,L]

γ

Distribution 

of author 

over words



43

Latent Dirichlet Allocation (LDA)
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LDA Model

wm,nzm,nθm

ϕk

k∈[1,K]

n∈[1,Nm]

m∈[1,M]

α

β
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Three-level Representation

• α ,β, Φ are corpus-level parameters

– Sampled once when generating a corpus

• θm are document-level variables

– Sampled once per document

• zm,n,wm,n are word-level variables

– Sampled once for each word in each document

Similar model can be referred to 

hierarchical models (Gelman et al., 1995), 

or more precisely as conditionally 

independent hierarchical models (Kass

and Steffey, 1989).
wm,nzm,nθm

ϕk

k∈[1,K]

n∈[1,Nm]

m∈[1,M]

α

β
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Relationships with Other Latent Models

Problems: (1) p(zk|dm) only model the documents in the training data set and cannot for the 

unseen document; and (2) the parameter KV+KM grows linearly in M and thus overfitting.

Unigram

Mixture of unigrams

PLSI/Aspect model

Problems: Each document exhibits exactly one topic. 

This assumption is often too limiting to effectively 

model a large collection of documents.

wm,n

n∈[1,Nm]

m∈[1,

M]

wm,n

n∈[1,Nm]

m∈[1,

M]

zm,n

wm,nzm,nθm,n
ϕm,n

k∈[1,K]n∈[1,Nm]

m∈[1,

M]
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Joint Probability
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Gibbs Sampling Derivation for

LDA
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Gibbs Sampling

• The key idea of the Gibbs sampling is to sequentially update

each variable of the distribution according the conditional 

probability given all the other variables.

• Take a distribution of the three variable (X, Y, Z) for 

example, the Gibbs sampler makes the Markov chain transit 

from (xi, yi, zi) to (xi+1, yi+1,zi+1) by the following steps:

– Draw xi+1 from p(X|Y=yi, Z=zi)

– Draw yi+1 from p(Y|X=xi+1, Z=zi)

– Draw zi+1 from p(Z|X=xi+1, Y=yi+1)
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Recall Dirichlet Distribution

Thomas P. Minka. Estimating a Dirichlet Distribution. 2003, Technique Report.
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Multinomial Distribution
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Dirichlet Distribution

Normalization factor
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To Understand Dirichlet Distribution

• Dirichlet distribution is the distribution of distribution.

• Example

– Conduct a trial of tossing a coin 10000 times. 

– If we get the result (2000,2000,2000,1500,1500,1000), which  are 

the occurring times of each number from 1 to 6, then the value of 

x1,… , xK are (0.2,0.2,0.2,0.15,0.1).  

– Suppose we conduct 10000 times of the above trial, we can get the 

occurring probability of the distribution (0.2,0.2,0.2,0.15,0.1).
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To Understand Dirichlet Distribution (Cont.)

• Dirichlet distribution are very often used as prior distribution in 

Bayesian inference. 

• When we have no prior information to favor one component over any 

other, the simplest Dirichlet prior is selected the symmetric Dirichlet

distribution where all parameters are equal. 

• In this case, the single value α is called the concentration parameter.

– With a value much less than 1, the mass will be highly concentrated in a few 

components, and all the rest will have almost no mass.

– With a value much greater than 1, the mass will be dispersed almost equally 

among all the components. 
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Multinomial-Dirichlet Conjugate
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Expectation of Dirichlet
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Collapsed Gibbs Sampling Derivation for

LDA

Gregor Heinrich. Parameter estimation for text analysis. 2008, Technique Report.
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Integrate Out Φ
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Integrate Out Θ
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Collapsed Joint Probability
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LDA Gibbs Sampler

Gregor Heinrich. Parameter estimation for text analysis. 2008, Technique Report.
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Solve Parameters
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Algorithm
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Inference

Given a new document dm, we perform inference by

Where notations with ’ denotes the number in the new document.
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Topic Model: Inference 

River Stream Bank Money Loan

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16

Can we recover the original topics and topic mixtures from this data?

d
ocum

e
nts

River LoanMoneyBankStream
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Example of Gibbs Sampling

River Stream Bank Money Loan
1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16

• Assign word tokens randomly to topics  (●=topic 

1; ●=topic 2  )

River LoanMoneyBankStream
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After 1 iteration

• Apply sampling equation to each word token

River LoanMoneyBankStream
River Stream Bank Money Loan

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
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After 4 iterations

River LoanMoneyBankStream
River Stream Bank Money Loan

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
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After 32 iterations

stream .40 bank .39

bank .35 money .32

river .25 loan .29

topic 1 topic 2

● ●

River LoanMoneyBankStream
River Stream Bank Money Loan

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
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Hyper-parameter Estimation

◼ Stochastic EM (StEM) algorithm

Iteration(MCMC Gibbs sampling step)

For each Iteration

For each document

For each item

assign a topic from full conditional probability with 

input of α and β

update count matrices.

End for

End for

End for

Calculate document-topic and topic-item distribution with count 

matrices.

Estimate hyper-parameter α and β with input of updated 

count matrix. 

E-step

M-step
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Hyper-parameter Estimation Methods

◼ Sampling Based Method
Sampling new value of hyper-parameter from the posteriori distribution

❑ Random Walk Metropolis-Hastings sampling

❑ Adaptive Rejection Sampling

◼ MAP (Maximum A Posteriori) Based Method
Obtain the new value by maximum a posterior probability using iteration methods.

❑ Fixed-point iteration

❑ Fixed-point by Leave-one-out Likelihood

❑ Newton-Raphson iteration
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The sampling based method

The full conditional for Gibbs sampling of α can be obtained by 

Then for each parameter, we have
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Analogously,

Analogously, the full conditional for Gibbs sampling of β can be obtained by 

There are also many other methods (some non-sampling based method). For 

details, please refer to [Mink, 2000].

For each parameter, we have
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Experimental Results

◼ Experiment Design
❑ Generate a synthetic data set using a predefined α and Φ.

❑ Use different algorithms to recover both Φ and the hyperparameters α.

❑ Compare the effectiveness of different learned algorithms.

❑ Compare the efficiency of different algorithms.

α={0.5, 1.5, 0.5, 1.5, 0.5, 1.5, 0.5}

…M

Npixel

“document” X pixel

recover

Φ=?

α=?

Φ=
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Performance of Recovering Φ

◼ Normal convergence process of topic-word (Φ) distribution

Recovered ΦOriginal Φ
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Performance of Recovering Φ

◼ Topic-item similarity traces over Gibbs sampling steps.
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Performance of Recovering α

◼ Average estimated value with different estimation methods  & the 

difference of between estimated value and real value.

1 2 3 4 5 6 7

Real 0.5 1.5 0.5 1.5 0.5 1.5 0.5

Newton 0.553 1.564 0.656 1.410 0.481 1.643 0.555

FixedPoint 0.488 1.476 0.533 1.374 0.462 1.478 0.892

LOO 0.495 1.195 0.444 1.258 0.576 1.076 0.683

MH 0.563 1.474 0.675 1.625 0.368 1.700 0.764

ARS 0.548 1.321 0.689 1.516 0.534 1.496 0.639

Newton FixedPoint LOO MH ARS
0

0.01

0.02

0.03

0.04

0.05

0.06
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Efficiency Comparison

◼ Time Consumption comparison of each estimation methods.

Newton FixedPoint LOO MH ARS
0

500

1,000
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2,000

2,500
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Conclusion

❑ Newton-Raphson method tends to be the best one in the experiment.

❑ In two sampling base methods, Metropolis-Hasting random walk is 

easier to implement, but the performance of adaptive rejection 

sampling seems a little better.

❑ In all the methods, the fixed point iteration using leave one out 

likelihood method doesn’t need to calculate the special gamma 

function, which make it more scalable. 
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- Another alternative algorithm for 

learning LDA

Variational EM for Inference



81

Recall Variational Inference 

(Variational Mean-field)

Refer to another slides
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Variational Inference Derivation for

LDA

d
D

M
N

zθ

Φγ

d D



83

Variational Inference
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Lower Bound
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Continue
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Continue
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Appendix
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Appendix (Cont.)
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Appendix (Cont.)
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Solve Variational Parameters
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Rearrange the Lower Bound
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Partial Derivative of 𝛾𝑚,𝑘

Since 𝐺′(𝛾𝑘)≠0, we obtain that
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Partial Derivative of 𝜆𝑘,𝑡

Since 𝐺′(𝜆t)≠0, we obtain that
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Partial Derivative of 𝜈𝑚,𝑛
(𝑘)
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Algorithm
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Collapsed Variational Inference 

Derivation for LDA

Yee Whye Teh, David Newman, and Max Welling. A Collapsed Variational Bayesian Inference Algorithm for Latent Dirichlet

Allocationt. NIPS 2007
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Collapsed Variational Inference
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Collapsed Variational Inference (Cont.)
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Collapsed Variational Inference (Cont.)
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Solve Original Parameters
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Algorithm
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Applications
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Document Modeling

• Perplexity is used to indicate the generalization 

performance of a method. 

• Specifically, we estimate a document modeling and 

use this model to describe the new data set.

• LDA outperforms the other models including pLSI, 

Smoothed Unigram, and Smoothed Mixt. Unigrams.
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Document Classification

• We can use the LDA model results as the features 

for classifiers. In this way, say 50 topics, we can 

reduce the feature space by 99.6%.

• The experimental results show that such feature 

reduction may decrease the accuracy only a little.
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Document Clustering

• We can also use the LDA model results as the 

features for clustering algorithms.
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Collaborative Filtering

• We can learn a model on a fully observed set of users. Then 

for each unobserved user, we are shown all but one of the 

movies preferred by that user and are asked to predict what 

the held-out movie is.

• Precisely, define the predictive perplexity on M test uses as:
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Our Work related to Topic Model
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Topic Browser

200 topics have been 

discovered automatically 

from the academic network
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Graph Search

Sub graphs
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Heterogeneous Academic Networks

write
write

cite

cite

cite

write

write

write

cite

Write

publish

publish

publish

publish

publish

publish

write

write

coauthor coauthor

Dr. Tang

Limin

Prof. Wang

Prof. Li

SVM...Association...

Tree CRF...

Semantic...EOS... Annotation...

IJCAI

ISWC

WWW

Pc member

In Academic Research 

Network

Heterogeneous objects:

Paper, Person, Conf./Journal

Relationships:

•Conf./Journal publish paper

•Paper cite paper

•Person write paper

•Person is PC member of 

Conf./Journal

•Person is coauthor of person

Challenges:

- How to model the heterogeneous objects 

in a unified model?

- How to model the relationships between 

the heterogeneous data?

- How to apply the proposed model to 

different applications?
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Work1: Modeling social network 
--Generative Story

• Generative process

Shafiei

Milios

1

2

3

4

NLP

MLDM

IR

1

2

3

4ML

NLP
IR

DM

Latent Dirichlet Co-clustering

Shafiei and Milios

We present a generative model for 

clustering documents and terms. 

Our model is a four hierarchical 

bayesian model. We present efficient 

inference techniques based on 

Markow Chain Monte Carlo. We 

report results in document modeling, 

document and terms clustering …

ICDM  0.23
KDD    0.19
….

mining           0.23
clustering      0.19
classification 0.17
….

ICML  0.23
NIPS 0.19
….

model      0.23
learning   0.19
boost       0.17
….

P(c|z)

P(w|z)

P(c|z)

P(w|z)

clustering

inference

ICDM

Paper

NIPS
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Modeling Multiple Objects  in Academic network 

(KDD’08)
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ACT Model 1

Generative process:

T

D
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w
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Expertise Search Results

Arnetminer data:

14,134 authors

10,716 papers

1,434 confs/journals

Evaluation measures:  

pooled relevance

+ human judgement

Baselines:

- Language Model (LM)

- LDA

- Author Topic (AT)
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Work2: Integration of Links
—A Unified Probabilistic Ranking Model (ICDM’08)
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Expertise Search Results
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Work3: Multi-topic based Query-oriented 

Summarization (SDM’09)

Topic-based 

summarization

Challenging questions:
• How to identify the topics?

• How to extract the summary for each topic?
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qLDA – Query Latent Dirichlet Allocation

Query-specific 

topic dist.

topic

topic

Doc-specific 

topic dist.

coin



119

qLDA
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Topic Modeling with Regularization

The new objective function:

with
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Results

DUC 05 (document understanding conference)
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Work4: Topic Distributions over Links on Web 
(ICDM’09)

Topic modeling 

over linksCitation context 

words

Link semantics
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Pairwise Restricted Boltzmann Machines 

(PRBMs)

Link context 

words

Topic distribution

Link category

Latent variables 

defined over the link 

to bridge the two 

pages

Pairwise Restricted Boltzmann 

Machines (PRBMs)
Example
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Results: Accuracy of Link Categorization

gPRBM: our approach 

with generative learning

dPRBM: our approach 

with discriminative 

learning

hPRBM: our approach 

with hybrid learning
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Work5: Towards Ontology Learning from 
Folksonomies (IJCAI’09)

foaf

ontology

web2

Merge

Web2.0

social web

semanticweb
Merge

semweb

folksonomy

tag

clustering

Data mining

tag-clustering

Things

web

ontologyfolksonomy

Merge
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Towards Ontology Learning from Folksonomies

foaf

ontology

web2

Merge

Web2.0

social web

semanticweb
Merge

semweb

folksonomy

tag

clustering

Data mining

tag-clustering

Things

web

ontologyfolksonomy

Merge
Several key challenges:

• How to define this problem in a principled way?

• How to model the synonym/hypernym/homonym

between tags?

•How to construct the hierarchical ontology according to 

the modeling results?
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1. Use topic to model tags 

and documents.

2. Define four divergence

measures to estimate the 

difference between tags.

3. Present an algorithm to 

construct the hierarchical

structure from the tags.

Our Solution

...

----------------

----------------

----------------

----------------

----------------

----------------

----------------

----------------

Ontology-based 

...

Tags

Documents

----------------

----------------

----------------

----------------

----------------

----------------

----------------

----------------

foaf

ontology
web2 Web2.0

social web

tag

documents

tags
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Tag-Topic (TT) Models

Generative process:

Tag-Topic (TT) Models

tags

Topic

words
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Topic Smoothing

The new objective function:

with

Log-likelihood of the 

tag-topic (TT) model.

Smoothing term
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Divergence Estimation

• Tag divergence

• Hypernym-divergence

• Merging-divergence

• Keep-divergence

Estimated topic 

distribution

Posterior probability 

derived from the topic 

modeling results
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Hierarchical Structure Construction
Correspond to a 

divergence

Penalty to the 

complex of the 

generated hierarchy

Step 1.

Step 2.
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By clustering

Case Study—Movie 
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Case Study—Paper 

graphs

graph

Merging

semantic-websemanticweb
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semantic semantics

Merging

rdf

owl

integration mapping

Merging

clustering

web

hierarchical-clustering

ontologies ontology

Merging

Top

web-graph

link-analysis

radiology

imaging

hierarchical-clustering

clustering

system-

biology

knowledge

taxonomy

indexing

web

medical-imaging

image-processing

knowledge-

discovery

Merging

semanticweb

semantic_web

semantic-web

systems

system

Merging

ontologies ontology

Merging

image

imaging

Merging

semantic

semantics

Merging

rdf owl

Merging

Top

irBy TT

By TT with smoothing



134

Suggested Reading List
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Reading List
Red color-good theoretical analysis

Blue color-good applications.

@ARTICLE{Blei:03,

AUTHOR = "David~M. Blei and Andrew~Y. Ng and Michael~I. Jordan",

TITLE = "Latent Dirichlet Allocation",

JOURNAL = "Journal of Machine Learning Research",

VOLUME = {3},

PAGES = {993-1022},

YEAR = {2003}   }

@INPROCEEDINGS{ l. griffiths:integrating,

AUTHOR = "Thomas L. Griffiths and Mark Steyvers and David M. Blei and Joshua B. Tenenbaum",

TITLE = "Integrating Topics and Syntax",

booktitle = "NIPS'04“

YEAR = {2004}  }

@INPROCEEDINGS{Blei2:06,

AUTHOR = "David~M. Blei and John~D. Lafferty",

TITLE = "Dynamic Topic Models",

BOOKTITLE = "Proceedings of the 23th International Conference on Machine Learning (ICML'06)",

PAGES = "113-120",

YEAR = {2006}   }

@INPROCEEDINGS{Blei:07,

AUTHOR = "David~M. Blei and Jon~D. McAuliffe",

TITLE = "Supervised Topic Models",

BOOKTITLE = "Proceedings of Advances in Neural Information Processing Systems",

YEAR = {2007}   }
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@INPROCEEDINGS{Griffiths:04PNAS,

AUTHOR = "Thomas~L. Griffiths and Mark Steyvers",

TITLE = "Finding Scientific Topics",

BOOKTITLE = "Proceedings of the National Academy of Sciences",

PAGES = "5228-5235",

YEAR = {2004}   }
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YEAR = {2007}   }
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YEAR = {2007} }
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Reading List (cont.)
@inproceedings{Mei:07,

author = {Qiaozhu Mei and Xu Ling and Matthew Wondra and Hang Su and ChengXiang Zhai},

title = {Topic sentiment mixture: modeling facets and opinions in weblogs},
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pages = {171--180},
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Thanks!

Q&A
HP: http://keg.cs.tsinghua.edu.cn/jietang/

http://aminer.org

http://keg.cs.tsinghua.edu.cn/persons/tj/
http://arnetminer.org/
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Appendix
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Variational Inference
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Factorized Distributions
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Factorized Distributions (Cont.)


