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Why Topic? 

•  Math & Feature Space: SVD -> PCA 
•  Information Retrieval: Tfidf->lsi->plsi->lda 
•  More:  

– Lda->topic correlation model 
– Static->dynamic 
– Bow->word-order 
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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(SIGIR’99) 
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LDA (JMLR’03) 
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Modeling Authors with Words  
(AAAI’09 workshop) 
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- PLSI 
- LDA 

Two state-of-the-art topic models: 
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Probabilistic Latent Semantic Indexing
 (PLSI) 
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Model 

•  A generative model for generating the co-occurrence of documents d∈D={d1
,…,dD} and terms w∈W={w1,…,wW}, which associates latent variable z∈Z={z1
,…,zZ}. 

•  The generative processing is: 
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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. 



16 

Example 1: products 

•  Benefits:  
–  Discovering “latent profile” in input matrix 
–  Recommending new products to customers 

e.g., P5àC2(0.4); P4àC1 (0.3) 
–  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 
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But how can we obtain the Eqs? 
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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 xΘ = Θ = Θ = Θ∑∏

* argmax ( | )L X
Θ

Θ = Θ
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Jensen’s Inequality 
•  Recall that f is a convex function if f”(x)≥0, and f is strictly convex function if 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) 

[ ( )] ( )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 zΘ = Θ = Θ∑ ∑ ∑

( ) ( ) ( )

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

( ) ( )
( , ; ) ( , ; )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 zp x z Q z Q z
Q z Q z

Θ Θ
Θ = ≥∑ ∑ ∑ ∑ ∑∑
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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 
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Basic EM Algorithm (cont’) 

( ) ( ) ( )( ) ( | ; )i i i
iQ z p z x= Θ

Repeat until convergence { 
       (E-step) For each i, set 

      
       (M-step) Set 
                      
} 

( )

( ) ( )
( )

( )
( , ; ): argmax ( ) log
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i i
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i i
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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.  
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PLSI Model  
•  Following the likelihood principle, we determines P(d), 

P(z|d), and P(w|d) by maximization of the log-likelihood 
function 
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Parameter Estimation-Using EM 
•  According to Basic EM: 

•  Then we define 

•  Thus according to Jensen’s inequality   
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(1)Solve P(w|z) 

•  We introduce Lagrange multiplier λwith the constraint that ∑wP(w|
z)=1, and solve the following equation: 

( | ) ( | ) ( )( , ) ( | , ) log ( | ) 1 0
( | ) ( | , )
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(2)Solve P(d|z) 

•  We introduce Lagrange multiplier λ with the constraint that ∑dP(d|
z)=1, and get the following result: 

( , ) ( | , )
( | )

( , ) ( | , )
w W
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(3)Solve P(z) 
•  We introduce Lagrange multiplier λ with the constraint that 
∑zP(z)=1, and solve the following equation: 
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(4)Solve P(z|d,w) – M step 
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The final update Equations 

•  E-step: 

•  M-step: 
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∑∑
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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[j]/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[j]/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][j] = nominator_p_z_n[z]/ denominator_p_z_n; 
} // end for each topic z 



39 

Latent Dirichlet Allocation (LDA) 
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Model 

Generative Process: 
For each document d in the corpus, the LDA model  
1.    picks a multinomial distribution θ d =[θ d1…θ dK]T from the dirichlet 

distribution α=[α1… αK]T 

2.    assigns a topic zdi=k to the ith word in the document d according to the 
multinomial distribution θ d .  

3.    given a topic zdi=k , the model then pick a word wdi from the 
vocabulary of V words according to the multinomial distribution [Φk1… 
ΦkV]T which is generated from the Dirichlet distribution [β k1… βkV]T 
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Joint Distribution 
•  Given the parameters α and β, the joint distribution of a

 topic mixture θ, a set of N topics z, and a set of N words w
 is given by: 

•   where p(zn|θ) is simply θi for the unique i such that zn
i=1.

 Integrating over θ and summing over z we obtain the
 marginal distribution of a document 

•   Taking the products of the marginal probabilities of single
 documents, we obtain the probability of a corpus: 
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Three-level Representation 

•  α ,β, Φ are corpus-level parameters 
–  Sampled once when generating a corpus 

•  θ d are document-level variables 
–  Sampled once per document 

•  zdn,wdn 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). 
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Relationships with Other Latent Models 
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Problems: (1) p(z|d) 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. 
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Inference and Parameter Estimation 
•  The key inferential problem is that of computing the

 posterior distribution of the hidden variables given a
 document: 

•  However, such distribution is intractable to compute in
 general. For normalization in the above distribution, we
 have to marginalize over the hidden variables and write the
 Equation (a) in terms of the model parameters: 
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Inference and Parameter Estimation (cont.) 

•  This function is intractable due to the coupling
 between θ and β in the summation over latent topics
 (Dickey, 1983). 

•  Rather than the intractable exact inference, we can
 use some other approximate inference algorithms,
 e.g., Laplace approximation, variational
 approximation, and Markov chain Monte Carlo
 (Jordan, 1999). 

1

11 1 1

( )
( | , ) ( )

( )
j

i n

k N Vk
i wi

i i ij
ii n jii

p d−

== = =

Γ ⎛ ⎞⎛ ⎞
= ⎜ ⎟⎜ ⎟⎜ ⎟Γ ⎝ ⎠⎝ ⎠

∑ ∑∏ ∏ ∏∫∏
αα

w α β θ θ β θ
α



46 

Gibbs Sampling Derivation for 
LDA 
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Notation Definition 
•  D: #documents in the whole corpus 
•  K: #topics 
•  V: #vocabulary 

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

•  d: the index of document, d = 1 to D 
•  Nd: #words in dth document 
•  i: the index of word in a document, i=1 to Nd 

–  wdi : ith word of dth document  
–  zdi : ith word of dth document is denoted by topic zdi 
–  ddi : ith word of dth document if from  document ddi 
–  Note that for different i, j, wdi and wdj may indicate both the same word and different words,  the same as zdi  and ddi  

•  For the whole corpus, there are totally D*Nd words and D*Nd topics. Actually, the whole corpus contains V words and T
 topic without repeat, so 

–  z : the index of topic without repeat, z=1 to K 
–  v: the index of word without repeat, v=1 to V 

•  nz,v: the cooccurrence of zth topic and vth word (i.e.,  the number of times word v is generated by topic z) 
•  nd,z: the cooccurrence of dth document and zth topic (i.e., the number of times topic z occurs in document d) 

•  Φ zdi : the topic-words distribution corresponding to topic zdi 
•  Φ z : the topic-words distribution corresponding to topic z 
•  θ d: the document-topic distribution corresponding to document d 
•  β: K*V matrix, Φ ~ Dirichlet(β) 
•  α: K vector, θ ~ Dirichlet(α) 
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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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Gibbs Sampling Derivation for LDA 
•  To apply Gibbs Sampling, we need the full conditional distribution p(zdi|w,z-di). Then

 wdi and zdi can be sampled based on the probability. When the sampling completes,
 each wdi has assigned a topic, and each document also has assigned topics.  So the
 document-topics distribution θ d  and topic-words distribution Φ z  can be easily
 estimated. 

•  According to                                         and bayesian formula, we can get: 

di di
di di di

p( , ) p( , )p(z | , )
p( , ) p( , )−

− − −

= ∝
z w z ww z
z w z w

     dip(z , ) p( )=-diz z

     wdi is generated by zdi, so we can ignore it if zdi is not considered. 

•  The key point is to calculate the joint distribution: 
 
 

p( , ) p( | , )p( | )= β αz w w z z

Then we calculate p(w|z,β) and p(z|α) respectively. 
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p(z|α) 
p( | ) p( | )p( | )dα = Θ Θ α Θ∫z z

dND

di d d d
d 1 i 1

p( | ) p(z | )p( | )d
= =

α = θ θ α θ∏∏∫z

Import Θ: 

(1) 

Expand all the bold and capital character: 

Because zn~Multinomial(θ) and θ~Dir(α): 

d ,z z

K
D K D K

zn 1z 1
d,z d,z dK

d 1 z 1 d 1 z 1zz 1

( )
p( | ) ( )d

( )
α −=

= = = =
=

Γ α
α = θ θ θ

Γ α

∑∏∏ ∏ ∏∫ ∏
z

Because                     is unrelated with θ: 
K

zz 1
K

zz 1

( )

( )
=

=

Γ α

Γ α

∑
∏

d ,z z

DK
D K

z n 1z 1
d,z dK

d 1 z 1zz 1

( )
p( | ) d

( )
+α −=

= =
=

⎛ ⎞Γ α
⎜ ⎟α = θ θ
⎜ ⎟Γ α⎝ ⎠

∑ ∏∏∫
∏

z

For different document, its document-topics distribution θd is independent, so: 

d ,z z

DK
D K

z n 1z 1
d,z dK

d 1 z 1zz 1

( )
p( | ) d

( )
+α −=

= =
=

⎛ ⎞Γ α
⎜ ⎟α = θ θ
⎜ ⎟Γ α⎝ ⎠

∑ ∏ ∏∫
∏

z

D KK
D

d,z zzz 1 z 1
K K

d 1 d,z zz z 1z 1

(n )( )
p( | )

( (n ))( )
= =

=
==

⎛ ⎞ Γ +αΓ α
⎜ ⎟α =
⎜ ⎟ Γ +αΓ α⎝ ⎠

∑ ∏∏
∑∏

z

z

z
K

zz 1

K
K

z 1z 1
K

z 1z 1z 1

( )
B( ) d

( )
=

α −=

=
θ ==

Γ α
α = = θ θ

Γ α ∑

∏ ∏∫∑

According to the beta function: 

We get (6) 

(2) 

(3) 

(4) 

(5) 
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p(z|α) /p(z-di|α) 

(7) 

Ignoring di means ignoring zdi and wdi. That is to say, when considering the times of co occurrence of topic z and word v 
(nz,v), ignore this cooccurrence of zdi and wdi. This makes nzdi,wdi-1, nddi,zdi-1, however, do not impact nz, wdiand nd,zdi 

Because : (x 1) x (x)Γ + = Γ

di di di

di

K
D

d,z zz 1
K

d 1 d,z z d ,z zz 1
KK

D
d ,z zd,z z z 1z 1

K
d 1 d,z zz 1 di

(n )

( (n )) n 1

(n ) 1(n )

( (n ))

=

=
=

==

=
= −

Γ + α

Γ + α + α −
=

⎡ ⎤ + α −Γ + α
⎢ ⎥
⎢ ⎥Γ + α⎣ ⎦

∏∏
∑

∑∏∏
∑

D KK KD D
d,z zz d,z zz 1 z 1 z 1

K K K
d 1 d 1d,z zz d,z zz 1z 1 z 1

D KKdi D
d,z zzz 1 z 1

K K
d 1 d,z zz z 1z 1

di

(n )( ) (n )
( (n ))( ) ( (n ))p( | )

p( | ) (n )( )

( (n ))( )

= = =

= === =

−
= =

=
==

−

⎛ ⎞ Γ + αΓ α Γ + α⎜ ⎟
⎜ ⎟ Γ + αΓ α Γ + αα ⎝ ⎠= =

α ⎡ ⎤ Γ⎛ ⎞ Γ + αΓ α⎢ ⎥⎜ ⎟
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∑ ∏ ∏∏ ∏∑∏ ∑

∑ ∏∏
∑∏

z
z K

D
d,z zz 1

K
d 1 d,z zz 1 di

(n )

( (n ))
=

=
= −

⎡ ⎤+ α
⎢ ⎥
⎢ ⎥Γ + α⎣ ⎦

∏∏
∑

(9) 

(8) 

di di di

di di

di di

di di di

D K

d ,z z d,z zK
D d 1 z 1 d ,zd,z zz 1

DK KK
d 1 d ,z z d,z zz 1 z 1d,z z d dz 1

K
D

d,z zz 1 d ,z z
K

d 1 d,z zz 1 di

(n ) (n )
(n )

( (n )) ( (n ))( (n ))

(n ) (n 1)
( (n ))

= = −=

= = =≠=

=

=
= −

⎡ ⎤
Γ + α × Γ + α⎢ ⎥

⎣ ⎦Γ + α

Γ + α × Γ + αΓ + α
=

⎡ ⎤Γ + α Γ + α − ×⎢ ⎥
⎢ ⎥Γ + α⎣ ⎦

∏∏
∏∏ ∑ ∑∏∑
∏∏
∑ di di

di di

D K

d,z z
d 1 z 1 d ,z

DK K
d ,z z d,z zz 1 z 1d d

(n )

( (n ) 1) ( (n ))
= = −

= =≠

⎡ ⎤
Γ + α⎢ ⎥

⎣ ⎦

Γ + α − × Γ + α

∏∏

∑ ∑∏

We get: 
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The Full Conditional Probability 

di di di di di di

di di

di di
di di di di di

z ,w w d ,z z
V K

z ,v v d ,z zv 1 z 1

p( , ) p( | , )p( | )p(z | , )
p( , ) p( | , )p( | )

n 1 n 1

(n ) 1 (n ) 1

−
− − − − −

= =

β α
∝ =

β α

+β − +α −
= ⋅

+β − +α −∑ ∑

z w w z zw z
z w w z z

(10) 

The same as (1)-(9), we can get: 

di di di

di

z ,w w
V

di di z ,v vv 1

n 1p( | , )
p( | , ) (n ) 1− − =

+β −β
=

β +β −∑
w z

w z

Finally, the full conditional probability is : 

(11) 

Then we can use the full conditional probability to sample zdi 
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Finally 
Finally, we need to calculate the topic of a new observation (word w), hence we 
can evaluate the distribution of a new topic-word pair (z, w) by 

di di di di di di

di di

di di di di di di

di di

di di di

z ,w w d ,z z
V K

z ,v v d ,z zv 1 z 1

z ,w w d ,z z
V K

z ,v v d ,z zv 1 z 1

z ,w w

p(z k,w t, , )p(z k,w t | , )
p( , )

(n 1 ) (n 1 )

( (n 1 )) ( (n 1 ))
(n ) (n )

( (n )) ( (n ))

n

= =

= =

= =
= = =

Γ + + β Γ + + α
⋅

Γ + + β Γ + + α
=

Γ + β Γ + α
⋅

Γ + β Γ + α

+ β
=

∑ ∑

∑ ∑

w zw z
w z

di di di

di di

d ,z z
V K

z ,v v d ,z zv 1 z 1

n

(n ) (n )
= =

+ α
⋅

+ β + α∑ ∑
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Multinomial Parameters 
During parameter estimation, the algorithm keeps track of a DxK (document by 
topic) count matrix, a KxV (topic by word) count matrix. Given these matrices, 
we can easily estimate the probability θd

z of a topic given a document and the 
probability Φz

v of a word given a topic by: 
 

Given a new document d, we perform inference by 
( ) ( ) ' ( )

( ) ( ) '

1 1

( | , , , )
( ) ( )

t t k
k k t m k

i i i i V K
v t z
k k v m z

v z

n n nP j w d
n n n

β α

β α
−

= =

+ + +
= ⋅ ∝ ⋅

+ + +∑ ∑
z z

where n’  denotes the number in the new document. 

z,v v d,z zv z
z dV K

z,v v d,z zv 1 z 1

n 1 n 1
,

(n ) 1 (n ) 1
= =

+β − +α −
φ = θ =

+β − +α −∑ ∑
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Coding 

•  Init() 
•  Estimate() 

– Foreach doc 
•  Foreach word 

–  Sampling() 
»  Compute probability P(zi|w, z-i); 
»  Sampling a topic z based on P(zi|w, z-i); 

– Compute_theta() 
– Compute_phi() 
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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? 

docum
ents 

River Loan Money Bank Stream 
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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 Loan Money Bank Stream 
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After 1 iteration 

•  Apply sampling equation to each word token 

River Loan Money Bank Stream 
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 Loan Money Bank Stream 
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 Loan Money Bank Stream 
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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Parameter Estimation with Gibbs Sampling 

Initialization: 
   Randomly assign topic for each item in each document and 
initialize count matrices. 
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 
      Calculate document-topic and topic-item distribution with    
          count matrices. 
  End for 
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Hyper-parameter Estimation 

n  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 

n  Sampling Based Method 
Sampling new value of hyper-parameter from the posteriori distribution 
q  Random Walk Metropolis-Hastings sampling 
q  Adaptive Rejection Sampling 

n  MAP (Maximum A Posteriori) Based Method 
Obtain the new value by maximum a posterior probability using iteration methods. 
q  Fixed-point iteration 
q  Fixed-point by Leave-one-out Likelihood 
q  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 

n  Experiment Design 
q  Generate a synthetic data set using a predefined α and Φ. 
q  Use different algorithms to recover both Φ and the hyperparameters α. 
q  Compare the effectiveness of different learned algorithms. 
q  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 

n  Normal convergence process of topic-word (Φ) distribution 
 

Recovered Φ Original Φ 
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Performance of Recovering Φ 

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

n  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 

n  Time Consumption comparison of each estimation methods. 

Newton FixedPoint LOO MH ARS
0

500

1,000

1,500

2,000

2,500
Ti

m
e 

Co
st

(s
)
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Conclusion 

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

q  In two sampling base methods, Metropolis-Hasting random walk is 
easier to implement, but the performance of adaptive rejection 
sampling seems a little better. 

q  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 

Variantal EM for Inference 
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Joint Distribution 

•  We can write the probability of a corpus: 

1 1

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

nd

NM

d dn d dn dn d
zd n

p D p p z p w z d
= =

⎛ ⎞
= ⎜ ⎟⎜ ⎟

⎝ ⎠
∑∏ ∏∫α β θ α θ β θ

1

1

11 1 1

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

( )
( )

( )

n

j
i n

N

n n n
zn

k N Vk
i wi

i i ij
ii n jii

p p p z p w z d

d

=

−

== = =

⎛ ⎞
= ⎜ ⎟⎜ ⎟

⎝ ⎠

Γ ⎛ ⎞⎛ ⎞
= ⎜ ⎟⎜ ⎟⎜ ⎟Γ ⎝ ⎠⎝ ⎠

∑∏∫

∑ ∑∏ ∏ ∏∫∏
α

w α β θ α θ β θ

α
θ θ β θ

α

For each word, we have 
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Variational Inference 
•  Here, we introduce a simple convexity-based variational

 algorithm for inference in LDA. 
•  The basic idea here is to make use of Jensen’s inequality 

•  A simple way to obtain a tractable family of lower bounds
 is to consider simple modifications of the original graphical
 model in which some of the edges and nodes are removed. 

( ) ( ) ( )
( )

( )
( )

( )

( ) ( )
( )

( ) ( ) ( ) ( )

( ) ( )

,

, , | , ,
log | , log

,

, , | , , , | ,
log , log

, ,

, log , , | , , log ,

log , , | , log ,

z

q z

z z

z z

q q

p z w q z
p w d

q z

p z w p z w
d q z d

q z q z

q z p z w d q z q z d

E p z w E q z

θ

θ α β θ
α β θ

θ

θ α β θ α β
θ θ θ

θ θ

θ θ α β θ θ θ θ

θ α β θ

=

⎛ ⎞
≥ =⎜ ⎟⎜ ⎟

⎝ ⎠

= −

⎡ ⎤ ⎡ ⎤= −⎣ ⎦ ⎣ ⎦

∑∫

∑ ∑∫ ∫

∑ ∑∫ ∫
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Variational Inference (cont.) 
•  Hence, by dropping edges between θ, z, and w, and w

 nodes, and also endow the resulting simplified graphical
 model with free variational parameters, we obtain a family
 of distributions on the latent variables: 

•  where the Dirichlet parameter γ and the multinomial
 parameters (Φ1, …, ΦN) are the free variational parameters. 

1

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

n n
n

q q q z
=

= φ∏θ z γ θ γφ

M
N

wzθα

β

M
N

zθ

Φγ
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How to determine the vatiational parameters 

•  We can set up an optimization problem to determine
 the values of the variational parameters γ and Φ.  

•  We can define the optimization function as
 minimizing the Kullback-Leibler (KL) divergence
 between the variational distribution and the true
 posterior p(θ,z|w,α,β): 

•  This minimization can be achieved by an iterative
 fixed-point method. 

* *

( , )
( , ) argminD( ( , | , ) || ( , | , , )q p=

γ
γ θ z γ θ z w α β

φ
φ φ (5) 
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Variational Inference 
•  We now discuss how to set the parameter γ and Φ via an

 optimization procedure. 
•  Following Jordan et al. (1999), we have a lower bound of

 the log likelihood of a document using Jensen’s inequality: 

( | , ) log ( , , | , )

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

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

                E [log ( , , | , )] E [log ( , )]q q

q p d

p q d
q

q p d q q d

p q

θ

θ

θ θ

=

=

> −

= −

∑∫

∑∫

∑ ∑∫ ∫

z

z

z z

w α β θ z w α β

θ z w α β θ z
θ z

θ z θ z w α β θ z θ z

θ z w α β θ z

p
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Variational Inference (cont.) 

•  Then from the above formula, we see that the
 Jensen’s inequality provides us with a lower bound
 on the log likelihood for an arbitrary variational
 distribution q(θ,z|γ,Φ). 

•  It can be easily verified that the difference between
 the left-hand side and the right-hand side of the
 above equation is the KL divergence between the
 variational posterior probability and the true
 posterior probability. 
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Variational Inference (cont.) 

•  That is, letting                  denote the right-hand side
 of the above equation we have: 

•  This means that maximizing the lower bound  
    w.r.t. γ and Φ is equivalent to minimizing the KL

 divergence between the variational posterior
 probability and the true posterior probability, the
 optimization problem in the above equation. 

( , ; , )L φ γ α β

log ( | , ) ( , ; , ) D( ( , | , ) || ( , | , , ))p L q p= +w α β γ α β θ z γ θ z w α βφ φ

( , ; , )L φ γ α β
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Variational Inference (cont.) 
•  We can expand the above equation 

•  By extending it again, we can have 

( ) ( ) ( )( )
( ) ( ) ( ) ( )( )
( ) ( ) ( )
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Variaitonal Multinomial 

•  We first maximize above Eq w.r.t. Φni, the
 probability that the n-th word is generated by topic
 i. 

•  We form the Lagrangian by isolating the terms
 which contain Φni and adding the appropriate
 Lagrange multipliers. Let βiv be p(wv

n=1|zi=1) for
 the appropriate v. (recall that each wn is a vector of
 size V with exactly one component equal to one; we
 can select the unique v such that wv

n=1): 
[ ] 1 1

( ( ) ( )) log log ( 1)
ni

k k
ni i j ni iv ni ni n nij j

L λφ = =
= φ Ψ −Ψ + φ − φ φ + φ −∑ ∑γ γ β
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Variaitonal Multinomial (cont.) 

•  Taking derivatives w.r.t. Φni, we obtain: 

•  Setting this to zero yields the maximizing value of
 the variational parameter Φni : 

1
( ) ( ) log log 1k
i j iv nij

ni

L
λ

=

∂
=Ψ −Ψ + − φ − +

∂φ ∑γ γ β

1
exp( ( ) ( ))k

ni iv i jj=
φ ∝ Ψ −Ψ ∑β γ γ
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Variational Dirichlet 

•  Next we maximize equation (15) w.r.t. γi, the i-th
 component of the posterior Dirichlet parameters,
 the terms containing γi are: 

•  By simplifying 

[ ] 1 1
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1 1
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Variational Dirichlet (cont.) 

•  Taking the derivative w.r.t. γi: 

•  Setting this equation to zero yields a maximum at: 

( )

' '
1 1 1

1
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Solve the Optimization Problem 

•  Derivate the KL divergence and setting them equal
 to zero, we obtain the following update equations: 

   where the expectation in the multinomial update can
 be computed as follows: 

 
   where ψ is the first derivative of the logΓ function

 which is computable via Taylor approximations 

exp{E [log( ) | ]}
nni iw q i∝β θ γφ

1

N
i i nin=
= +∑γ α φ

1
E [log( ) | ] ( ) ( )k
q i i jj=

=Ψ −Ψ ∑θ γ γ γ
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Computing E[log(θi|α)] 

•  Recall that a distribution is in the exponential family
 if it can be written in the form: 

   where η is the natural parameter, T(x) is the
 sufficient statistic, and A(η) is the log of the
 normalization factor. 

•  As we can write the Dirichlet in this form by
 exponentiating the log of Eq.: p(θ|α) 

 

( | ) ( )exp{ ( ) ( )}Tp x h x T x Aη η η= −

1 1 1
( | ) exp{( ( 1)log ) log ( ) log ( )}k k k

i i i ii i i
p

= = =
= − + Γ − Γ∑ ∑ ∑θ α α θ α α



87 

Computing E[log(θi|α)] (cont.) 

•  From this form we see that the natural parameter of
 the Dirichlet is ηi=αi-1 and the sufficient statistic is
 T(θi)=logθi. Moreover, based on the general fact
 that the derivative of the log normalization factor
 w.r.t. the natural parameter is equal to the
 expectation of the sufficient statistic, we obtain: 

   where ψ is the digamma function, the first derivative
 of the log Gamma function. 

1
E[log( ) | ] ( ) ( )k

i i jj=
= Ψ −Ψ ∑θ α α α



88 

Variational Inference Algorithm 

Each iteration requires
 O((N+1)k)
 operations 

For a single document
 the iteration number
 is on the order of the
 number of words in
 it 

Thus, the total number
 of operations
 roughly on the order
 of N2k 

0

i

1

1

1(1) initialize  for all  and 

(2) initialize  for all 

(3) repeat
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n
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Parameter Estimation 
•  We can use a empirical Bayes method for parameter

 estimation. In particular, we wish to find parameters α and
 β that maximize the marginal log likelihood: 

•  The quantity p(w|α, β) can be computed by the variational
 inference as described above. Thus, we can find
 approximate empirical Bayes estimates for the LDA model
 via an alternating variational EM procedure that maximizes
 a lower bound w.r.t. the variational parameters γ and Φ,
 and then fixed values of the variational parameters,
 maximizes the lower bound w.r.t. the model parameter α
 and β. 

1
log( , ) log ( | , )

M

d
d

p
=

=∑α β w α β
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Variational EM 
1.  (E-step) For each document, find the optimizing values of the

 variational parameters                        . This is done as described in
 the previous section. 

2.  (M-step) Maximize the resulting lower bound on the log likelihood
 w.r.t. the model parameters  α and β. This corresponds to finding
 maximum likelihood estimates with expected sufficient statistics for
 each document under the approximate posterior which is computed
 in the E-step. Actually, the update for the conditional multinomial
 parameter β can be written out analytically: 

 
 
  The update for α can be implemented using an efficient Newton

-Raphson method.  These two steps are repeated until converges.  

* *{ , : }d d d D∈γ φ

*

1 1

dNM
j

ij dni dn
d n

w
= =

∝∑∑β φ (9) 
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Parameter Estimation 

•  We now consider how to obtain empirical Bayes
 estimates of the model parameters α and β. 

•  We solve this problem by using the variational
 lower bound as a surrogate for the marginal log
 likelihood, with the variational parameters Φ and γ
 fixed to the values found by variational inference.  

•  We then obtain empirical Bayes estimates by
 maximizing this lower bound w.r.t. the model
 parameters. 
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Parameter Estimation (cont.) 

•  Recall our approach for finding the empirical Bayes
 estimates is based on a variational EM procedure.  

•  In the variational E-step, we maximize the bound  
                    w.r.t. the variational parameter γ and Φ. In

 the M-step, which we describe in this section, we
 maximize the bound w.r.t. the model parameters α
 and β. The overall procedure can thus be viewed as
 coordinate ascent in L. 

( , ; , )L φ γ α β
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Conditional Multinomials 

•  To maximize w.r.t. β, we isolate terms and add
 Lagrange multipliers: 

•  Taking the derivative w.r.t. βij and set it to zero, we
 have 

[ ] 1
1 1 1 1 1

log ( 1)
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d n i j i
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Dirichlet 
•  First, we have 

•  Taking derivative w.r.t. αi, we obtain: 

•  This derivative depends on αi, where j<>i, and we therefore
 must use an iterative method to find the maximal α. In
 particular, the Hessian is in the form found in equation: 

[ ] 1 1
1 1 1
log ( ) log ( ) ( 1)( ( ) ( ))

M k kk k
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Dirichlet (cont.) 

•  Finally, we can use the same algorithm to find an
 empirical Bayes point estimate of η, the scalar
 parameter for the exchangeable Dirichlet in the
 smoothed LDA model as mentioned above. 
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Smoothing 
•  Simple Laplace smoothing is no longer justified as a

 maximum a posteriori method in LDA setting. 
•  We can then assume that each row in βkxV is independently

 drawn from an exchangeable Dirichlet distribution. That is
 to treat βi as random variables that are endowed with a
 posterior distribution, conditioned on the data. 

k

M
N

wzθα

βη
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Smoothing Model 

•  Thus we obtain a variational approach to Bayesian
 inference: 

   where                         is the variational distribution
 defined for LDA as above and the update for the
 new variational parameter η is as follow: 

1: 1: 1:
1 1

( , , | , , ) ( | ) ( , | , )
k N

k M M i i d d n n d
i n

q Dir q
= =

= φ∏ ∏β θ z η γ β η θ z γφ

( , | , )d d n n dq φθ z γ

*

1 1

dNM
j

ij dni dn
d n

w
= =

∝ +∑∑η η φ



98 

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. 

 

1

1

log ( )
( ) exp{ }

M
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test M
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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: 

, ,1: 11
log ( | )

( ) exp{ }d d

M
d N d Nd

test

p w
predictive perplexity D

M
−=− = −

∑ w
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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 
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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 
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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 … 
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Modeling Multiple Objects  in Academic network
 (KDD’08) 
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ACT Model 1 

Generative process: 
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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) 



111 

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 
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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 links Citation 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) 
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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
MergeSeveral 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 
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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  
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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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Reading List (cont.) 
@INPROCEEDINGS{Griffiths:04PNAS, 
    AUTHOR = "Thomas~L. Griffiths and Mark Steyvers", 
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    BOOKTITLE = "Proceedings of the National Academy of Sciences", 
    PAGES = "5228-5235", 
    YEAR = {2004}   } 
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    BOOKTITLE = "Proceedings of Advances in Neural Information Processing Systems", 
    YEAR = {2004}   } 
 
@INPROCEEDINGS{Gruber:07, 
    AUTHOR = "Amit Gruber and Michal Rosen-Zvi and Yair Weiss", 
    TITLE = "Hidden Topic Markov Models", 
    BOOKTITLE = "Proceedings of Artificial Intelligence and Statistics (AISTATS'07)", 
    YEAR = {2007}   } 
@ARTICLE{McCallum:07, 
    AUTHOR = "Andrew McCallum and Xuerui Wang and Andres Corrada-Emmanuel", 
    TITLE = "Topic and Role Discovery in Social Networks with Experiments on Enron and Academic Email", 
    JOURNAL = {Journal of Artificial Intelligence Research (JAIR)}, 
    VOLUME = {30}, 
    PAGES = {249-272},  
    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}, 
     year = {2007}, 
     pages = {171--180}, 
     booktitle = {Proceedings of WWW'07}, 
%     booktitle = {Proceedings of the 16th international conference on World Wide Web (WWW'07)}, 
 } 
 
@INPROCEEDINGS{Mei:08WWW, 
    AUTHOR = "Qiaozhu Mei and Deng Cai and Duo Zhang and ChengXiang Zhai", 
    TITLE = "Topic Modeling with Network Regularization", 
    PAGES = "101-110", 
    YEAR = {2008}, 
    BOOKTITLE = "Proceedings of the 17th International World Wide Web Conference (WWW'08)", 
} 
 
@INPROCEEDINGS{Mei:08ACL, 
    AUTHOR = "Qiaozhu Mei and ChengXiang Zhai", 
    TITLE = "Generating impact-cased summaries for scientific literature", 
    BOOKTITLE ={Proceedings of the 46nd Annual Meeting of the Association for Computational Linguistics (ACL'08)}, 
    PAGES = "816-824", 
    YEAR = {2008}} 
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Reading List (cont.) 
@INPROCEEDINGS{Mika:05, 

 author = {Peter Mika}, 
 title = {Ontologies Are Us: A Unified Model of Social Networks and Semantics}, 
 BOOKTITLE = {Proceedings of the 4th International Semantic Web Conference (ISWC'05)}, 
 pages = {522--536}, 
 year = {2005} 

} 
 
@INPROCEEDINGS{Mimno:07, 
    AUTHOR = "David Mimno and Andrew McCallum", 
    TITLE = "Expertise Modeling for Matching Papers with Reviewers", 
    PAGES = "500-509", 
    YEAR = {2007}, 
    BOOKTITLE = "KDD'07", 
} 
 
@INPROCEEDINGS{Minka:02, 
    AUTHOR = "Thomas Minka and John Lafferty", 
    TITLE = "Expectation-Propagation for the Generative Aspect Model", 
    BOOKTITLE = "Proceedings of the 18th Conference on Uncertainty in Artificial Intelligence (UAI'2002)", 
    PAGES = "352-359", 
    YEAR = {2002}} 
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