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Why Topic?

« Math & Feature Space: SVD -> PCA
* Information Retrieval: Tfid{->1s1->plsi->1da

* More:
— Lda->topic correlation model
— Static->dynamic

— Bow->word-order




Why Topic? (cont.)

* IR — text to real number vector(Baeza-Yates and Ribeiro
-Neto, 1999), tfidf (Salton and McGill, 1983)

— THidf — shortcoming: (1) Lengthy and (2) Cannot model
inter- and intra- document statistical structure
e LSI — dimension reduction (Deerwester et al., 1990)
— Advantages: achieve significant compression 1n 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 likelithood or Bayesian methods.



What 1s Topic?

“Arts” “Budgets” “Children” “Education”
NEW MILLION CHILDREN SCHOOL

FILM TAX WOMEN STUDENTS
SHOW PROGRAM PEOPLE SCHOOLS
MUSIC BUDGET CHILD EDUCATION
MOVIE BILLION YEARS TEACHERS
PLAY FEDERAL FAMILIES HIGH
MUSICAL YEAR WORK PUBLIC

BEST SPENDING PARENTS TEACHER
ACTOR NEW SAYS BENNETT
FIRST STATE FAMILY MANIGAT
YORK PLAN WELFARE NAMPHY
OPERA MONEY MEN STATE
THEATER PROGRANMS PERCENT PRESIDENT
ACTRESS  GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HAITI

The William Randolph Hearst Foundation will give $1.25 million to Lincoln Center, Metropoli-
tan Opera Co., New York Philharmonic and Juilliard School. “Our board felt that we had a
real opportunity to make a mark on the future of the performing arts with these crants an act
every bit as important as our traditional areas of support in health, medical research. education
and the social services.”” Hearst Foundation President Randolph A. Hearst said Monday in
announcing the grants. Lincoln Center’s share will be $200.00C . which

donation. too.




What 1s Topic? (cont.)

pan!  money!

loan! bank!

* Usage of a theme:

— Summarize topics/subtopics
Navigate documents
Retrieve documents T
Segment documents honey! loan!

All other tasks involving unigram
language models

TOPIC 2

Bayesian a.pproach: use priors

components  weights Mixture weights ~ Dirichlet( )
Mixture components ~ Dirichlet( /)

Mixture Mixture




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.




Bayesian Network for modeling document
generation




PLSI(SIGIR’99)
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LDA (MLR’03)
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Modeling Authors with Words
(AAAI’09 workshop)
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Author-Topic Model (UAT’04, KDD’05)
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Two state-of-the-art topic models:

- PLSI
- LDA




Probabilistic Latent Semantic Indexing
(PLSI)




Model
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* A generative model for generating the co-occurrence of documents d € D={d,
,...,dp} and terms w € W={w,,...,wy}, which associates latent variable z € Z={z,

yeresZz)

* The generative processing is:
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Matrix Interpretation

documents
LSA § (, —
documents
TOPIC z
MODEL § C

normalized
co-occurrence matrix

 In the topic model, the word-document co-occurrence matrix is split into two parts:
a topic matrix @ and a document matrix ®. 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
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Customer ID # N A
O O
| 2 3 4 5§ < <
R R Customer ID #
g 1 [oJo[s]oT]io * 1 [o 1 | 2 3 4 5
= 2(3[2]0]20] 0 02 o TS5 To a0 o
= .
O 3 (8|51 (41| = ©3[2]02] %
= = o|lo|5]|0]10
S 4o |io]2]10 T 4 [01] 2
o S| ltfofoji|l & 5020
* Benefits:

— Discovering “latent profile” in input matrix

— Recommending new products to customers
e.g., P52>C2(0.4); P4->C1 (0.3)

— More



Example 2: 1mages

B ElA!
S :
H f' b
~ |=|He X [ | F
= 22 s ,
= h,.‘* *
: ==
U v
input images  face patterns images represented

with patterns



Example 3: documents

court president
Encyclopedia entry: government | served
'‘Constitution of the council governor
United States' culture secretary
supreme senate
president (148) constitutional| congress
congress (124) rights

power (120)
united (104)
constitution (81)
amendment (71)

U
X

flowers disease

leaves behaviour
plant glands
perennial contact
flower symptoms
plants skin
infection

X U A
input documents latent topics docs represented

i



Example 4: videos

Video D = Low-rankappx. A + Sparseerror F/




PL.SI as a Mixture Model

Pa(W) =25 p(w|6,) + (A= 2) Y 7, ;p(w]6))

log p(d) = 2C(W,d)10g[/13p(W| Gp) +(1- /1)2 7y, P(W]0;)]

warning 0.3
Theme 0, system 0.2..

Aid 0.1
Theme 0, Jppns—GT

support 0.02 ..

statistics 0.2
loss 0.1
dead 0.05 ..

Is 0.05
the 0.04
a0.03 ..

Background B

Document d

B —

Parameters:

“Generating” word w
in doc d in the collection

D >

Ag=noise-level (manually set)
0’s and =t’s are estimated with Maximum Likelihood



But how can we obtain the Eqs?




Maximum-likelihood

e Definition

— We have a density function P(x|®) that i1s govened by the set of parameters ®,
¢.g., P might be a set of Gaussians and ® could be the means and covariances

— We also have a data set X={x,,...,Xy}, supposedly drawn from this
distribution P, and assume these data vectors are 1.1.d. with P.

— Then the log-likehihood function is:

L(O]X)=log p(X |O) = lognp(xi |©) =2 log p(x; | ©)

— The log-likelihood is thought of as a function of lthe parameters ® where the
data X 1s fixed. Our goal 1s to find the ® that maximizes L. That 1s

® =argmax L(O| X)
G



Jensen’s Inequality

« Recall that fis a convex function if £°(x)>0, and f is strictly convex function if 1f £’(x)>0

 Let fbe aconvex function, and let X be a random variable, then:

E[f(X)]= f(EX) - :

« Moreover, if f is strictly convex, then a E[IX] b X=E[x]
with probability 1 (i.e., if X 1s a constant)



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:

L(©] %)= Slog p(x,10) = Slog 3 p(x,,20)

« Maximizing L(®) explicitly might be difficult, and the strategy 1s to instead
repeatedly construct a lower-bound on L(E-step), and then optimize that lower
bound (M-step).

— For each 1, let Q, be some distribution over z (3_,Q.(z)=1, Q,(z)=0), then

) o, 5y p(x",2;0) . PO,27;0)
2log22p<x“,z“,®>=2log;Q,.<z“)p 22( w22 0,00 ) log £ 22,( e

— The above derivation used Jensen’s inequality. Specifically, f(x) = logx 1s a concave
function, since ’(x)=-1/x?<0



Basic EM Algorithm (cont’)

* In the summation is just an expectation of the quantity [p(x",z")|®)/Q; (z(l))] with
respect to z) drawn according to the distribution given by Q.. By Jensen’s
inequality, we have

p(x(l) (). @) p(x(l) ). @)
f( PO [ Ql( (1)) ]) (l) [f( Q( (z))

— Now, for any set of distributions Q,, we gives a lower-bound on L(®).
* There are many possible choices for the Q.. Which should we choose?
— Have current guess O, try to make the lower-bound tight at the value of ©.

— To make the bound tight for a particular value of ®, we need Jensen’s inequality to
hold with equality. we require that X is a constant, 1.e.,
p(x(i) @. @)
NG
— Since we know that > Qi(2)=1, this further tells us that

)]

p(x(i),Z(i);@) 3 p(x(i),z(i);@)) = p(z(i) |x(i);@)

Qi (Z(i)) =

3> p(x".z0)  p(x";0)

— Thus, we simply set the Q,’s to be the posterior distribution of the z’s given x® and the setting
of the parameters ®




Basic EM Algorithm (cont’)

Repeat until convergence
(E-step) For each 1, set

0,(z") = p(z"x";0)
(M-step) Set
| F —argmaxEZQ(z(’))log P

(l) (l) )

X

Q( (’))




Proof of Convergence

« Suppose OO and @D are the parameters from two successive iterations of EM.
We will now prove that L(@M)< L(O@®D), which shows EM always
monotonically improves the log-likelihood.

LO)= T F 0 log” (X(io, ((l)(lf;)(””) (0
=3 30" p(’“(Q)((Z))@(’)) @)
- (@)
_ InequalitZ (1) comes from t(I:)e fact lt?h(a;(l) .
©)= 3 30 log

 Holds for any values of Q, and ®, and in particular holds for Q;=Q.", @= @D,

— Inequality (2) used the fact of M-step that @D is chosen to maximize the lower
bound.



PL.SI Model

* Following the likelihood principle, we determmes P(d)
P(z|a w|d) by maximization of the

P(d), P(z|d), Unobserved

co-occurrence times
of d and w. Which is
obtained according to
the multi-distribution

= ; E n(a’,w)log(EP(W| z)P(d | Z)P(Z))




Parameter Estimation-Using EM

e According to Basic EM:
0,(z") = p(z"x";0)

e Then we define

0.(z") = p(z|d,w)
e Thus according to Jensen’s inequality

pw|z)p(d|z)p(z)
L(®) = ;D;Wn(d,w) log ; p(z|d,w) S ldow)

. , p(w|z)p(d|z)p(z)
_EB;n(d,w); p(z|d,w)log S ldom




(1)Solve P(w|z)

* We introduce Lagrange multiplier Awith the constraint that > P(w)|
z)=1, and solve the following equation:

d pwlz)p(d|z)p(z) _
Pow] ) {gﬁ;n(d,w);p(ﬂd,w)log 2w +/1[2P(w|z)—1”—0

Z n(d,w)P(z|d,w)
T Pwl)
gﬁn(d, W)P(z | d,w)
A

A=0,

S P(w|z)=-
nE P(w|z)=1,
A= -E ; n(d,w)P(z|d,w),

;Dn(d, W)P(z | d,w)
~Pw|z)=

' E %n(d,w)P(z | d,w)




(2)Solve P(d|z)

* We introduce Lagrange multiplier A with the constraint that ) P(d|
z)=1, and get the following result:

2 n(d, w)P(z|d,w)

S P(d ] z) =

2 E n(d,w)P(z|d,w)




(3)Solve P(z)

* We introduce Lagrange multiplier A with the constraint that
> P(z)=1, and solve the following equation:

P {;D;nw,w); p(|d.wlog PEADEEIIPE 4 5 [ S P - 1” ~0
; E n(d,w)P(z|d,w)

() +A=0,
; E n(d,w)P(z|d,w)
oo P(z) = — =20 n
nE P(z) =1,

A= —gﬁ‘;n(cz’, W)Z P(z|d,w) = —;E;‘;n(a’,w),
;D;Vn(d,w)P(z | d,w)
S P(z) = ‘; gﬁ o)




(4)Solve P(z|d,w) — M step

P(d,w,z)
P(d,w)
_ Pw,d | z)P(z)
P(d,w)
_ Pw|z)P(d|z)P(z)
> P(w|z)P(d | 2)P(2)

P(z|d,w)=




The final update Equations

* E-step: P dow) = POV DPE | DPE)
’ ;P(Wl z)P(d | z)P(z)
* M-step:
n(d,w)P(z|d,w)
P(w|z) = 25

;;D n(d,w)P(z|d,w)
;n(d, WYP(z |d,w)

25 %n(d, WYP(z | d,w)

(d,w)P(z|d,w)
P(Z)=;€;‘;n w w

‘;gﬁn(d,w)

Pd|z)=




Coding Design

. Variables:
. double[][] p dz n //p(d|z), |D|*Z|
. double[][] p wz n //pw|z), |W|*Z
« double[] pzn Jp@), |7

. 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 nand p_z n with a random double value, satisfying > 4
p dz n=1,%,p wz n=1,and Y yp z n =1
3.  Estimation (Iterative processing)
1. Updatep dz n,p wz nandp z n

2. Calculate Log-likelihood function to see where ( |Log-likelihood — old Log-likelihood| <
threshold)

4. Outputp dz n,p wz nandp z n




Coding Design

« Updatep dz n
For each doc d{
For each word w included ind {
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 topicz {
P z condition d w = nominator[j]/denominator;
nominator p dz n[d][z] +=tf ,*P_z condition d w;
denominator p dz n[z] +=tf *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



Coding Design

« Updatep wz n
For each doc d{
For each word w included ind {
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 topicz {
P z condition d w = nominator[j]/denominator;
nominator p wz n[w][z] +=tf ;*P_z condition _d w;
denominator p wz n[z] +=tf, ;*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



Coding Design

e Updatep z n
For each doc d{
For each word w included ind {

denominator = 0;

nominator = new double[Z];

For each topicz  {
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 topicz  {
P z condition d w = nominator[j]/denominator;
nominator p z n[z] +=tf ,*P_z condition d w;

} // end for each topic z

denominator p z n[z] +=tf;

}+// 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



Latent Dirichlet Allocation (LDA)




o

Generative Process:

For each document d in the corpus, the LDA model

1. picks a multinomial distribution 0 4, =[0 4,...0 4" from the dirichlet
distribution o=[a,... o]’

2. assigns a topic z;=k to the i word in the document d according to the
multinomial distribution 6 d .

3. given a topic zdi=k , the model then pick a word w,, from the
vocabulary of V words according to the multinomial distribution [®D,,...
®,,/|" which is generated from the Dirichlet distribution [ ;... By]T



Joint Distribution

* Given the parameters a and B, the joint distribution of a
topic mixture 0, a set of NV topics z, and a set of N words w
1s given by:

p(0,z,w|a)=p(0) 0t)ﬂrp(zn 10)p(w, | z,,B)

« where p(z,|0) is simply 0. for the unique 7 such that z '=1.
Integrating over 0 and summing over z we obtain the
marginal distribution of a document

p(w|a.p)=[p@]a) L]:[Ep(zn [0)p(w, | Zn,B)J d0

e Taking the products of the mdrginal probabilities of single
documents, we obtain the probability of a corpus:

p(D|a,B)= pO, | a) p(z, 10,)pw, |z,,B)|d0,




Three-level Representation

N e & Similar model can be referred to
hierarchical models (Gelman et al., 1995),
. or more precisely as conditionally
- - - il independent hierarchical models (Kass
=D and Steffey, 1989).

o ,B, ® are corpus-level parameters

— Sampled once when generating a corpus
+ 0 jare document-level variables

— Sampled once per document

* Z4.,, Wy, are word-level variables

— Sampled once for each word in each document

—

—



Relationships with Other Latent Models

Ny p(w) =]jp(wn)

unigram

@@N p(w) = 2p(z)lnjp(wn | 2)

M

Mixture of unigrams

Problems: Each document exhibits exactly one topic. This assumption is often too
limiting to effectively model a large collection of documents.

4z ) pd,w,) = p(@)F p(v, | 2)p(z )

PLSl/aspect model

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




In p(w|a,p) =fp(0 | a)(nzp(zn 10)p(w |z, ,p) |a6011

* The key inferential problem 1s that of computing the
posterior distribution of the hidden variables given a

document:
p(0,z,w|a,p)

p(w|a,p)

« However, such distribution 1s intractable to compute 1n
general. For normalization 1in the above distribution, we
have to marginalize over the hidden variables and write the
Equation (a) in terms of the model parameters:

p0,z|w,a,p) = (a)

plwa.p) - f%(a)) f(]je)mz 0B, )




Inference and Parameter Estimation (cont.)

p(w|a.B)- HW )fme“ ) [I3 1] |

 This function 1s intractable due to the coupling

between 0 and P 1n the summation over latent topics
(Dickey, 1983).

e Rather than the intractable exact inference, we can
use some other approximate inference algorithms,
¢.g., Laplace approximation, variational

approximation, and Markov chain Monte Carlo
(Jordan, 1999).




Gibbs Sampling Derivation for
LDA




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=1to D
« N, #words in d" document

*  1: the index of word in a document, 1=1 to N
—  wy : i word of d® document
zg; + i word of dh document is denoted by topic z
— dy : 1" word of d* document if from document d;
—  Note that for different i, j, w,; and w,; may indicate both the same word and different words, the same as z;; and d

»  For the whole corpus, there are totally D*N, words and D*Nj 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

* 1, the cooccurrence of z™ topic and v" word (i.e., the number of times word v is generated by topic z)
*  ny,: the cooccurrence of d document and z™ topic (i.e., the number of times topic z occurs in document d)

@, the topic-words distribution corresponding to topic z;
* @ : the topic-words distribution corresponding to topic z

* 04 the document-topic distribution corresponding to document d
¢ B: K*V matrix, @ ~ Dirichlet(p)

. o: K Vectorl 0 ~ Dirichletl al



Gibbs Sampling

* The key i1dea of the Gibbs sampling 1s 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 (x,, y., z,) to (X.,{, ¥.+1,Z;.1) by the following
steps:

— Draw x,,, from p(X|Y=y,,Z=zZ,)
— Draw y,,, from p(Y|X=x,,,,2=2;)

— Draw z;,, from p(Z|X=x;,;,Y=Y;;,)




G1ibbs Sampling Derivation for LDA

* To apply Gibbs Sampling, we need the full conditional distribution p(zg|w,z_4;). Then
wy; and z,; can be sampled based on the probability. When the sampling completes,
each wy, has assigned a topic, and each document also has assigned topics. So the
document-topics distribution 0 ; and topic-words distribution @ , can be easily
estimated.

* According to P(Z4,2.4) =DP(Z)  and bayesian formula, we can get:

) = p(z,w) _ p(zW)

p(Zy | W,Z_
‘ ‘ P(Z_g, W)  DP(Z_4, W_g)

w; 1s generated by z ., so we can ignore it if z;, 1S not considered.

« The key point is to calculate the joint distribution:
p(z,w) =p(W|z,p)p(z|a)

Then we calculate p(w|z,) and p(z|a) respectively.



p(z|o)

p(z| a) = [p(z|©)p(© | 2)d®

Expand all the bold and capital character:

pt o) = [T [ [ptea 10,0006, |,

Because z,~Multinomial(@) and e~Dir(a)'

p(z]o)= fl;[ eﬁdzﬂ( (.0 egj;l)ded

—L=1F(az)
is unrelated with 9:

p(z| 1) = [ Zl(az)) f[ ﬂei:?;*“z‘lded

For different document, its document-topics dlstrlbutlon 8, is independent, so:

p(z|o) = [ (22 l(az)] ];UH@E“Z” ~do,

According to the beta function:

K

ey, o)

[T,

We get K

(1)

(2)

(3)

(4)

(5)

(6)



P(Z\a) /P(Z_glo)

Zl a,) ]_[ Ty, +a,) D I‘(ndz+oc)
p(z| o) _ H F(G) HF(E (ndz+a)) _ HF(E (ndz+oc))
p(z ¢ | @) [F( €, ] ﬂﬂ Tn,, +a,) H]‘[Z 1r<ndz+a>]

[T ) S o, +a,) n(y, (0, +a,)

—di
Ignoring di means ignoring z; and wy;. That is to say, when considering the times of co occurrence of topic z and word v
(n,,), ignore this cooccurrence of z; and wy. This makes ng;,,4-1, Nyqi .qi-1, however, do not impact n

D

K
I(ny , +o, )x [H —][I“(nd’Z +a,)
F(Ild , TA ) =I'z= —dgi »Zgi
K D K
Hr(z (ndz + A )) B F(Ez=l(nddiaz +a’z))xu 1d=d, r(zz=l(nd,z +a’z))

z, wdland nd zdi

D K
H F(ndz+0t ) L(n, , +a, —l)x[ JFF(nd’Z+0cZ) (8)
Oy g, +a) |
di K -D K
r(22=1(nddi,z + aZ) - 1) X ]i_d;:ddi F(E z=1 (nd’z + az))
Because : K Tn 1;(’&"')1) = xI(x)
d,z
W t:
oo H r(z (nd z ta )) _ nddiazdi + azdi -1 (9)
- K

1_‘(ndz +a ) Ez=l(nddi’z + OLZ) _1




The Full Conditional Probability

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

p(W | Z9 B) — nzdiawdi + dei B 1 (1 0)
PW.lzB) N (n,  +B)-1

Finally, the full conditional probability is :

p(z, |W.z_,) p(z,w)  p(w|z,p)p(z|a)
di s & —di =
P(Z_4,W_ ) P(W_g [Z 4.P)P(Z_4 | )
Zdi»Wdi + dei -1 nddiazdi + azdi -1 (1 1 )

) E://=1(nzdi,v + Bv) -1 | EZI(I’I%’Z + qz) -1

Then we can use the full conditional probability to sample z,




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

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

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

I'(n, . +1+B,) I'(n, , +l+a,)

I, +14B) TSy, , +1+0,)
r(nzdifwdi + B di) . r(nddi’zdi + O('Zdi)

rcy,. m, , +B) r(}jil(nddi,z +a,))

} Wd+[3 n, , +o,

n Wy 0
TSV, By S 1( -




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 6 7 of a topic given a document and the
probability @ of a word given a topic by:

ng,+a, -1

z

A Ilz,V + BV _1
(bz = Vv > +d = K
Yo, +B) -1 Yy, g, +a,)-1

Given a new document d, we perform inference by

(1) (1) (k)
n’ +n’ +p, oon, +a,

P(Zi =j|z—i9Wi’di’.) * K
S en +5) S0 +a)
v=1 z=1

where n’ denotes the number in the new document.



Coding

 Init()
 Estimate()

— Foreach doc

e Foreach word
— Sampling()

» Compute probability P(z|w, Z_,);

» Sampling a topic z based on P(z|w, z_);
— Compute theta()
— Compute phi()



Topic Model: Inference

Money Loan
XYY
ee00
0000
e00

Bank

Stream

River

documents—

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




Example of Gibbs Sampling

» Assign word tokens randomly to topics (e=topic

1; e=topic 2 )
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After 1 1teration

* Apply sampling equation to each word token
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After 4 1terations
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After 32 iterations
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Parameter Estimation with Gibbs Sampling

Initialization:
Randomly assign topic for each item in each document and
initialize count matrices.
lteration(MCMC Gibbs sampling step)
For each Iteration
For each document
For each item
assign a topic from full conditional probability with
input of[d an
update count matrices.
End for
End for
Calculate document-topic and topic-item distribution with
count matrices.
End for




Hyper-parameter Estimation

Stochastic EM (StEM) algorithm

Iteration(MCMC Gibbs sampling step)
For each lteration
For each document ~
For each item
assign a topic from full conditional probability with
input of a and B - E-step
update count matrices.
End for
End for

Endftimate hyper-parameter a and 3 with input of updated } M-step

CalctiteBdEliment-topic and topic-item distribution with count
matrices.




Hyper-parameter Estimation Methods

Sampling Based Method

Sampling new value of hyper-parameter from the posteriori distribution
o Random Walk Metropolis-Hastings sampling
a Adaptive Rejection Sampling

MAP (Maximum A Posterior1) Based Method

Obtain the new value by maximum a posterior probability using iteration methods.
o Fixed-point iteration
o Fixed-point by Leave-one-out Likelihood
o Newton-Raphson iteration



The sampling based method

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

plal?) « p(Ja)pla)

A, + a) —ba
I I Ag(a) ¢

Then for each parameter, we have

p(a,|@.,,5) =P -':") < p(at,.@.,. %)
p(a_.z)
x p(Z|a)p(@)

<I1 Lo +e) T, e
m F(Zk(nmk +a,)) ()



Analogously,

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

p(BIZ: %) o< p(FB: W)p(B)
o [
k

Av(B)

For each parameter, we have

p(ﬂp,é_i, 317)

= - _ ‘f»p(ﬂ-\,é_,-.flﬂ’)
p(f.z:w) l

PG| By 2w) =

« p(Z| B:v) p(B:37)

. T(n,+f) .r(z\,ﬂv)]. a-1 b8,
Hk[r(zv(nhmv)) T8 | hive

There are also many other methods (some non-sampling based method). For
details, please refer to [Mink, 2000].



Experimental Results

Experiment Design
o Generate a synthetic data set using a predefined o and ©.
o Use different algorithms to recover both @ and the hyperparameters a.
o Compare the effectiveness of different learned algorithms.
o Compare the efficiency of different algorithms.

a={0.5, 1.5, 0.5, 1.5, 0.5, 1.5, 0.5} >=A B C D E F G

N 7

pixel l\.l

recover

“‘document” X pixel



Performance of Recovering ©

Normal convergence process of topic-word (@) distribution
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Performance of Recovering ®

Topic-1tem similarity traces over Gibbs sampling steps.
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Performance of Recovering o

Average estimated value with different estimation methods & the
difference of between estimated value and real value.

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

0.06
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0.04
0.03 -

0.02 -

"1 |

Newton FixedPoint LOO MH ARS




Efficiency Comparison

Time Consumption comparison of each estimation methods.
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Conclusion

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

0 In two sampling base methods, Metropolis-Hasting random walk 1s
easier to implement, but the performance of adaptive rejection
sampling seems a little better.

o 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.




Variantal EM for Inference

- Another alternative algorithm for
learning LDA




Joint Distribution

( > . For each word, we have
OO | e

N N

" %f ﬁ i—l)(]’jglj(eipy)“%)dﬂ

* We can write the probability of a corpus:

p(D|a,p) = ]ﬁ [r@®, ] a)(ﬂdrzp(zdn 10,)p(w,, | Zdn,li))dﬂ



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

r(0,z,w|a,B)q(6,z

)
(62) do

10gp(w|a,/3)=logfz

l9zw|a/3’)

long( 6’zw|a/5)) dﬁ fE‘I iog” Pl q(’ﬁ,z), i
fzq z)logp(8,z,w|a, B)d6 - qu z)logq(6,z)d6
q[logp(ﬁ,z,wm,/o’)] q[logq(ﬁ, )]

* A simple way to obtain a tractable family of lower bounds
1s to consider simple modifications of the original graphical
model in which some of the edges and nodes are removed.




Variational Inference (cont.)

* Hence, by dropping edges between 0, 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:

q(0,z]v,0) =q(0] V)Hq(zn P,)

* where the Dirichlet parameter y and the multinomial
parameters (®,, ..., ®,) are the free variational parameters.

®) v
O T

M

M




How to determine the vatiational parameters

* We can set up an optimization problem to determine
the values of the variational parameters y and ®.

* We can define the optimization function as
minimizing the Kullback-Leibler (KL) divergence

between the variational distribution and the true
posterior p(0,z|w,a,B):

(Y,9) = arigr(ginD(CI(ﬂ,Z 17.9) | (0,2 w,a,B)  (5)

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



Variational Inference

* We now discuss how to set the parameter y and ® 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:

p(W | (l,ﬁ) = lngEp(O,Z,W | (I,B)dﬁ

p(0,z,w|a,B)q(0,z)
= logfz 2(0.2) do

> fE q(0,z)log p(0,z,w | a,B)d6 — fE q(0,z)log ¢(0,2)d 0

= Eq[lOg p(0,z,w | a,p)] - Eq[lOg q(0,2)]



Variational Inference (cont.)

 Then from the above formula, we see that the
Jensen’s inequality provides us with a lower bound
on the log likelithood for an arbitrary variational
distribution ¢(0,z|y,D).

* It can be easily verified that the difference between
the left-hand side and the right-hand side of the
above equation 1s the KL divergence between the
variational posterior probability and the true
posterior probability.



Variational Inference (cont.)

* That 1s, letting L(¢,7;0,p) denote the right-hand side
of the above equation we have:

lng(W | (I,B) = L(Vaq)aaaﬁ) + D(Q(G,Z | ya(l)) || p(B,Z | W,(I,B))
* This means that maximizing the lower bound L(¢,7;a,B)

w.r.t. v and @ 1s equivalent to minimizing the KL
divergence between the variational posterior
probability and the true posterior probability, the
optimization problem 1n the above equation.



Variational Inference (cont.)

* We can expand the above equation

L(¢,v;0,B) =log p(w|a, ) - D(q (6,21 7.4) |l p(6.2| w,a, B))
=E, 'logp(ﬁ z,wla /3)] - E [logq(ﬁ z)] —D(q(ﬁ,z|y,¢)|| p(6,z] w,a,/a’))
=E, 10gp((9|a)] [10gp(z|<9)] [logp(w|z,/3’)]
-E, _logq(@)] ] [logq(z)]

* By extending it again, we can have

Lgria) = lor(F) )~ Sloel) + Y@ - D¥(r) - W(T 7))
e 33U xS S o loe, -loer(S) 1)
+ gl 1)~ 1, -0 (Y1) Db loe,

—



Variaitonal Multinomaal

* We first maximize above Eq w.r.t. @, ., the
probability that the n-th word 1s generated by topic
L.

 We form the Lagrangian by 1solating the terms
which contain @, . and adding the appropriate
Lagrange multipliers. Let B, be p(w* =1|z'=1) for
the appropriate v. (recall that each w, 1s a vector of

size V with exactly one component equal to one; we

can select the ue v such that w” =1
L 2 ) S N o & a4 4,3 0, -



Variaitonal Multinomial (cont.)

» Taking derivatives w.r.t. @ ., we obtain:

oL i
@ =W(Y,-)—‘P(Ej=lvj)+log|3iv ~log¢, -1+ A

nis

» Setting this to zero yields the maximizing value of
the variational parameter @ ; :

B By exp(P(y) WY 7))




Variational Dirichlet

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

Ly = D@ D080 - WS )+ D) -w(S 1))

~logl(Y v +1ogl(¥) = ¥ (v, - D((¥) - ¥ 7))
* By simplifying

L= D0+ 30, 1)0¥) = WS 1) - logT (S v,)+ loeT )



Variational Dirichlet (cont.)

» Taking the derivative w.r.t. y;:

g—i =W (y,)o, + EnN=1¢ni -v,) - ‘P'(Ef.:lvj)Z(ai + an=l¢m_ —7)

k
=

=2(a,. +2¢m~ -Vf)(mv(y")_m'(zyj))

* Setting this equation to zero yields a maximum at:

N
Y, =0, + 2n=1¢ni



Solve the Optimization Problem

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

¢, * By, expiE,[log(8,)]v];

N
v, =0+ En=1¢m’

where the expectation 1n the multinomial update can
be computed as follows:

E,[log®) [7]=%(r)- %Y _ 7))
where v 1s the first derivative of the logl™ function
which 1s computable via Taylor approximations



Computing E[log(0|a)]

« Recall that a distribution 1s 1n the exponential family
if 1t can be written 1n the form:

p(x|n) =h(x)expin'T(x) - A(1)}

where 1 1s the natural parameter, 7(x) 1s the
sufficient statistic, and A(n) 1s the log of the
normalization factor.

* As we can write the Dirichlet 1in this form by
exponentiating the log of Eq.: p(0|a)

p@®l0)=exp{(Y,_ (0, -Dlogh) +logl(Y, @) -3 logT(a,)}
e 0000



Computing E[log(0|a)] (cont.)

* From this form we see that the natural parameter of
the Dirichlet 1s n,=a.-1 and the sufficient statistic 1s
7(0,)=log0.. Moreover, based on the general fact
that the derivative of the log normalization factor
w.r.t. the natural parameter 1s equal to the
expectation of the sufficient statistic, we obtain:

E[log(8,)|a] = ¥(0,) - (Y @)
where y 1s the digamma function, the first derivative
of the log Gamma function.



Variational Inference Algorithm

(1) initialize ¢’ = p foralliandn  Each iteration requires

- N O((N+1)k)
(2) initialize v, = a, + o for all 7 op erations
(3) repeat For a single document

(4) forn=1toN
(5) fori=1to k

the 1iteration number
gy 1s on the order of the
(6) o, =B, exp(¥(r)))

number of words 1n
(7) normalize ¢/ to sum to 1 it

t N t+1
(8) Yi =0+ En=1¢ni

(9) until convergence

Thus, the total number
of operations



Parameter Estimation

 We can use a empirical Bayes method for parameter
estimation. In particular, we wish to find parameters a and
B that maximize the marginal log likelihood:

log(a,B) = Zlog p(w,|a,B)

* The quantity p(w|a, B) 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 y and @,
and then fixed values of the variational parameters,
maximizes the lower bound w.r.t. the model parameter a



Variational EM

1. (E-step) For each document, find the optimizing values of the
variational parameters {y,,¢, :d €D} . This is done as described in
the previous section.

2. (M-step) Maximize the resulting lower bound on the log likelithood
w.r.t. the model parameters a and B. This corresponds to finding
maximum likelthood 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 § can be written out analytically:
M Ny

By < > Y b, 9)

=1 n=1

The update for a can be implemented using an efficient Newton
-Raphson method. These two steps are repeated until converges.



Parameter Estimation

 We now consider how to obtain empirical Bayes
estimates of the model parameters a and p.

* We solve this problem by using the variational
lower bound as a surrogate for the marginal log
likelihood, with the variational parameters ® and vy
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.



Parameter Estimation (cont.)

» Recall our approach for finding the empirical Bayes
estimates 1s based on a variational EM procedure.

* In the variational E-step, we maximize the bound

L(9,v;0,B) w.r.t. the variational parameter y and @. In
the M-step, which we describe 1n this section, we
maximize the bound w.r.t. the model parameters a
and . The overall procedure can thus be viewed as
coordinate ascent 1n L.




Conditional Multinomaals

* To maximize w.r.t. B, we 1solate terms and add
Lagrange multipliers:

M N,

ZEEE%W logP, + 24(2;13,.]. =

n=1 i=1 j=1

* Taking the derivative w.r.t. B and set it to zero, we
have

M Ny

l}ij - qu)dmwi’n
=] n=1



Dirichlet

e First, we have

L - 2(@ (S, 0)- Dloel@)+ (@~ 0H(r,) - w}j’;lvd,-»)

« Taking derivative w.r.t. o, we obtain:

oL

G MO 0) - W)+ ;(wm,) WS 1,))

* This derivative depends on «,;, where j<>i, and we therefore
must use an 1terative method to find the maximal a. In

particular, the Hessian 1s 1n the form found 1n equation:

oL . . FaNK
— =0 MY (@) -V (Y a))

1



Dirichlet (cont.)

* Finally, we can use the same algorithm to find an
empirical Bayes point estimate of n, the scalar
parameter for the exchangeable Dirichlet in the
smoothed LDA model as mentioned above.




Smoothing

« Simple Laplace smoothing is no longer justified as a
maximum a posteriort method in LDA setting.

* We can then assume that each row 1n B, 1s independently
drawn from an exchangeable Dirichlet distribution. That 1s
to treat P, as random variables that are endowed with a
posterior distribution, conditioned on the data.

ERe
e )




Smoothing Model

* Thus we obtain a variational approach to Bayesian
inference:

k N
q(Brss0.05Z00, I MY,0) = HDi’”(Bi | ni)nqa’(edazn [D,5Y,)

where ¢,(9,.z,14,,v,) 1s the variational distribution
defined for LDA as above and the update for the
new variational parameter 1 1s as follow:

M Ny

n; <N+ 2 Y G,
=1

n=1



Applications




Document Modeling

* Perplexity 1s 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.

M
2 g log p(w,)

Ei’ilNd

* LDA outperforms the other models including pLSI,
Smoothed Unigram, and Smoothed Mixt.
Unigrams.

perplexity(D,,,) = expi- }



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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__________ I I
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Wora Features === I Word Features - - -
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Document Clustering

« We can also use the LDA model results as the
features for clustering algorithms.




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 1s.

* Precisely, define the predictive perplexity on M test uses as:

M
2d=110g p(wd,Nd | Wd,l:Nd —1)

predictive — perplexity(D,, ) = exp{- h

M




Our work related to topic model




Topic Browser

Topic 13: Computing programming
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Heterogeneous Academic Networks

Dr. Tang
;? \ Association.éite\ SVM;- /publish LCA]
\ - A o
write - witey © "‘;\/ o \'@
v WA N : In Academic Research
T CRF... i :
| rei\ o publlsh_,_y; W”te\l_imin Network
publish (N cite /b_% P
publish v . .
ISWC,/ / ‘\ & Heterogeneous objects:
g cite Prof. W .
g U P Paper, Person, Conf./Journal
. cite G A/wrlt 1\ L/wnte
publish \E\QS Semantic... .‘ ,_‘\Annotation___ RelationShipS:
——
o it % .
S | . «Conf./Journal publish paper
Challenges: *Paper cite paper

- How to model the heterogeneous objects
in a unified model?

- How to model the relationships between *Person is PC member of
the heterogeneous data? Conf./Journal

- How to apply the proposed model to
different applications?

*Person write paper

*Person is coauthor of person




Workl: Modeling social network
--Generative Story

* (Generative process Paper

Latent Dirichlet Co-clustering

n NLP P(clz) kDD 010 \ Shafiei and Milios
023 ICDM _NIPS

n}ining
clustering  0.19
P(W|Z) classification 0.17

esent a generative model for

DM .
dhmeeinggocuments and terms.
. . Our model is a four hierarchical
Shafiei bavesi :
yesian model. We present efficient
NLP inferencechniques based on
ICML 0.23 Markow Chain Monte Carlo. We
IR P(c|z) | NIPS 0.19 ) )
report results in document modeling,
DM model  0.23 document and terms clustering ...
P(W|Z) learning 0.19
boost 0.17

Milios




Modeling Multiple Objects 1n Academic network
(KDD’08)

authors @ @ words @ @ @ @

L@ @, 5 (e, ®) (@,
C%N“ > @w > \@ .

Topic @7@T

conference

ACTI1 ACT2 ACT3




ACT Model 1

Generative process:

@ @ 1. For each topic z, draw ¢, and 1>, respectively from Dirichlet
authors @ words oriors B 8 oy
()
: / 2. For each word wg; in document d:
Y
P W) e draw an author z4; from ag uniformly;
. . e draw a topic zg; from a multinomial distribution 6,
N specific to author x4;, where # is generated from a Dirich-
let prior o
@@ e draw a word wg; from multinomial ¢, ;
Topic — 1 e draw a conference stamp cg; from multinomial >, ,, .
conference
ACTl P(Zdi$ Tdi |z—d‘ia X_di. W, C, O, .‘8.- I-l) x

—di , —di —d
Mz y;izqi + Qizg; Nzgiwai + ,»‘3wdz~ My 4ica + Ley

> (Mags + ) 3 (nigio + Bo) T o(nigie + )




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)

Method Object P@5 | P@10 | P@20 | R-pre | MAP
Paper 40.0 38.6 37.1 10.0 46.4

LM Author 65.7 44.3 25.0 58.8 73.4
Conference | 51.4 32.9 21.4 47.6 63.1

Average 524 38.6 27.9 38.8 61.0

LDA Paper 31.4 48.6 429 13.3 45.8
Paper 42.9 48.6 429 13.1 49.3

AT Author 82.9 45.7 25.7 73.5 78.1
Average 62.9 47.1 34.3 43.3 63.7

Paper 42.9 45.7 43.6 16.6 51.0

ACTI Author 01.4 50.0 26.4 80.0 89.6
] Conference | 62.9 41.4 23.6 60.7 72.3
Average 63.7 | 457 31.2 324 | 710

Paper 42.9 47.1 39.3 15.0 47.7

ACT? Author 74.3 50.0 25.7 69.4 80.1
T Conference | 54.3 41.4 22.1 54.2 63.9
Average 57.1 46.2 29.1 46.2 63.9

Paper 42.9 38.6 414 17.1 47.0

ACT3 Author 714 47.1 25.7 70.0 78.7
T Conference | 57.1 38.6 23.6 58.3 65.7
Average 57.1 41.4 30.2 48.5 63.8




Work2: Integration of Links
—A Unified Probabilistic Ranking Model (ICDM’08)

Conference
Graph G,

e The unified model integrates different kinds of objects, called

Author Graph G
Ph e heterogeneous graph.

o The weights p(dild)), p(eild;), p(cild;), p(dile:), and p(di|c;) are similarly
defined as uniform probability like PageRank.

¢ The key difference here is that the unified model integrates hidden theme
nodes and a virtual query node into the heterogeneous graph. Hence,
p(0id,), p(8iq), p(di|0;), and p(q|6;) are calculated based on Mixture Model.

e The rank vector is: (where M is the transition probability matrix)
r=Ar,A=M"
e Finally, the model can rank different objects simultaneously.

r(di):/lddx z p(di|dj).r(dj)+/ledx z P(di|ei)'r(ei)

(d;.d)EEq (e;.d;)eE,,

Hidden Theme
Graph G;

Web
service

Aqtﬁﬂktq + A x> P(d|c)-r(c)+A,x > P(d]6)-r@)

(¢;.d;)eE,, (6;.d;)eE,,

Query: ontology alignment r(e) =71, x z ple|d,)-r(d,)
(d )eEq

Ranking lists for “Information Extraction”

Persons Conferences Papers
P r(c)=4,x Z pleld)-rd))
e Raymond J. Mooney * AAAI o Conditional random fields: Probabilistic models for segmenting and labeling sequence data. (d;.c)eEy,
e Andrew McCallum e ACL e Maximum entropy markov models for information extraction and segmentation.
e Fabio Ciravegna o [JCAI e Wrapper induction for information extraction.
e Nicholas Kushmerick ¢ KDD e Learning information extraction rules for semi-structured and free text




Expertise Search Results

Method Object P@5 | P@10 | P@20 | R-pre | MAP
Paper 42.9 45.7 414 12.0 472

BM?25 Author 77.1 47.1 26.4 67.5 85.5
Conference| 51.4 38.6 22.9 48.8 66.0

Average 57.1 43.8 30.2 428 66.2

Paper 40.0 38.6 37.1 10.0 46.4

LM Author 65.7 44.3 25.0 S58.8 734
Conference| 51.4 32.9 214 47.6 63.1

Average 52.4 38.6 27.9 38.8 61.0

Paper 62.9 55.7 443 12.9 65.3

. Author 71.4 48.6 25.7 64.6 83.8
LM+RWI - onference| 60.0 | 357 | 221 | 536 | 646
Average 64.8 46.7 30.7 43.7 71.2

Paper 32.5 33.8 30 9.7 404

pLSI Author 65.0 40.0 22.5 60.4 75.5
Conference| 47.5 36.3 21.3 45.1 54.1

Average 48.3 36.7 24.6 38.4 56.7

LDA Paper 31.4 48.6 429 13.5 458
Paper 42.9 48.6 429 13.1 493

AT Author 82.9 45.7 25.7 73.5 78.1
Average 62.9 47.1 34.3 433 63.7

Paper 42.9 45.7 43.6 16.6 51.0

ACTI Author 01.4 50.0 26.4 80.0 89.6

' Conference| 62.9 41.4 23.6 60.7 72.3
Average 65.7 45.7 31.2 524 71.0

Paper 68.6 61.4 50.7 17.1 66.6

.| Author 80.0 514 27.1 77.6 87.4
ACTIHRWIL o ference | 62.9 | 429 | 236 | 595 | 720
Average 70.5 51.9 338 51.4 75.4




Work3: Multi-topic based Query-oriented
Summarization (SDM’09)

Topic 1: Generative probabilistic model

GO Ogle what s topic model? e LDA is a three-level hierarchical Bayesian

Web Results 1 - 10 of about 113,000,000 for what is topic ‘ ‘ mOde" in WhICh eaCh ltem Ofa CO"CQUO“ 15 — -

ed docs:
Research on Top ot Dirichlet
Discrete Components —_—
the topic model plus aon,

www.ics.uci.edu/~sm

1or-Topic Model,
Topic Modeling T ° ° amic Topic Models,
oo Challenging questions: Tty

psiexp.ss.uci.edu/res

o * How to 1dentify the topics?

1o Ao Top * How to extract the summary for each topic?

The author-topic mo
generation of docume
www._datalab.uci.edu

ed docs:
ETFANI; liD%’I:V/I:; le-LDA: Anchoring
corpus, posterior infe;;r;c'ewiﬁ-t_o_;;ic }ﬁli&;is'éh“bﬁms to automatically discovering the obtain a generaIlve moael 10r classiricartion... TO[!iCS to Peonle using

underlying ... in a topic model, where each topic is associated with ...

Face Recognition.
www.aclweb.org/anthology-new/D/D07/D07-1109.pdf - Similar pages - £ Re

by J Boyd-Graber - Cited by 7 - Related articles - All 11 versions The collaborative ﬁ]tering task is as follows. 2. LDA-based document
Hidden Topic Markov Models : ) models for ad-hoc retrieval.

[FF:TFormax PDF/Adobe Acrobat - View as HTML We train a model on a fu”y observed set of 3. A Topic Model for Word

These are the Bigram topic model [15], the LDA collo- cation model and the Topical n- users Then for eaCh unObserved user SenseDisambiuation

grams ...... ditionally independent, we explicitly model the topic ... * ? E [ense Lisambiguation,

www.cs.huji.ac.il/~amitg/aistats07.pdf - Similar pages -
by A Gruber - Cited by 10 - Related articles - All 5 versions




qLDA — Query Latent Dirichlet Allocation

Doc-specific
topic dist.
@ @ Query-specific
}pic dist.
L eq .
coin
— | | //
Document
cluster | Ny /




qLDA

H®

1. For each topic 7, draw the word distribution @, from
(0) y Dirichlet(5)
If x=1 . .
2. For each query ¢
- @ a) Draw a topic distribution 6, from Dirichlet(a,)
b) For each word w,; in query,
\Document @ - D i - f ‘ 0
duster | N, ()¢ "oy, 1) raw a topic 7, from 6,
Jueries 11) Draw a word w,; from &,
3. For each document d
Pltlt ) O a) Draw a topic mixture 8, from Dirichlet(a)
ill—gis Wg, X = - - . . .
T S g+ ag) 3, (e + ) b) Draw the proportion between words associated with a
specific query and those associated with 1ts general topic
P(zwgss Twg, = 0|Wa, Wq, i;di’ Vs Vqs g, ) = 1=P(x=0|d)~beta(}’q> y)
nat + v M40z, T Mazu,, T Y ¢) For each word w,;,

noE " v, >, (N7 4 ng + ay) 1) Toss a coin x4 from A with x=bernoulli(/)
IR Sy 1) 1f x=0, .
di a) Draw a topic Z;; from 6,

b) Draw a word w; from @_;
111) else

4 ) .
Wdq

> (nz_j;v +ni,, o+ 05)

> — . 2\ —
P("wdz' y Lwg; = 1|wd:wq: Z_di,7,Yqs O, %3) =
. —d1
—di
ny 4y a1z, +a

a) Draw a topic z,; from 6,
4 i / b) Draw a word wy; from @
nao + g g+ ). (ng +a)
n;u‘,i; wy; T ngwdiwdi + 3




Topic Modeling with Regularization

The new objective function:

O¢(C.q) = =CL(C) + (1 = §)R(C, q)

with ::>

RCq) =5 3 wld) 3 (0 — 0u.)?

deC z

B TR

Algorithm 1: Parameter estimation

. Initialize the parameters (6, 6,. ¢) randomly;
2. run 200 burn-in sampling iterations using LDA [5];

3. run a two-stage training process iteratively:

(a)

train the model parameters (6, 64, ¢) using the ob-
jective function O1(C, q) = —L(C') with a standard
Gibbs sampling procedure by setting the Dirichlet
prior for each document as

ag: = o+ 1l

where 6. is the z-th dimension of the multinomial of
query g with 1 < z < 7' arg. 18 a parameter specific
to the topic of document d; and 7 1s a parameter.

(b)

fix ¢, and re-estimate the multinomial # to minimize
O¢: we employ the algorithm proposed in [20] to
optimize Og, (i.e. run an iterative process to obtain
the new € for each document d by minimizing the
objective function again.)

6‘&2+1) = ;1,95;;) + (1 — p)w(d, q)b4-

where g is a coefficient to smooth the topic distribu-
tion between documents and the query.




Results

04 . Table 6: Results of different methods on the Epinions data.
7 Topic
0% . Method Rougel | Rouge2 | RougeSU4

TF 0.28486 | 0.07579 0.10588
0% 1 pLSI (Max Score) 0.28763 | 0.08031 | 0.10215
pLSI (Sum Score) 0.28291 | 0.07628 0.10072
01 1 pLSI+TF (Max Score) | 0.28653 | 0.07956 | 0.10572
l - La Lis pLSI+TF (Sum Score) | 0.29104 | 0.07832 0.10721
S N R R VR LDA (Max Score) | 0.29155 | 0.08218 | 0.11245
025 . . . . LDA (Sum Score) 0.28761 | 0.07827 0.10671
LDA+TF (Max Score) | 0.28483 | 0.07228 0.10403
02 Tca:ig. 1 LDA+TF (Sum Score) | 0.29305 | 0.07802 0.10796
0.5t ] qLDA (Max Score) 0.29113 | 0.07765 0.10662
. qLDA (Sum Score) 0.28815 | 0.08189 0.10803
o A N QLDA+TF (Max Score) | 0.29698 | 0.07430 | 0.10741
008t ~ N 1 qLDA +TF (Sum Score) | 0.30326 | 0.08774 0.11611
| | I | J TMR (Max Score) 0.30453 | 0.08349 0.11590
% G 100 % TR TMR (Sum Score) 0.31271 | 0.08960 | 0.11931
TMR+TF (Max Score) | 0.31647 | 0.08815 0.11758
Figure 3: Topic distribution for in D357 (T=60 and T=250). __TMR +TF (Sum Score) | 0.32375 | 0.09081 | 0.12894

The 2 axis denotes topics and the ¥ axis denotes the occur-
rence probability of each topic in D357.

DUC 05 (document understanding conference)




Work4: Topic Distributions over Links on Web
(ICDM’09)

Efficient Document Retrieval in Main Memory

Topic modeling
over links

Citing/Source paper

Citation context

Words Topics distribution: L 1
— 55% 20%  13% 12% Topics
Citation context
for the target
paper [3] B
< D :

Topic 27:
Information retrieval

C itf\tiOll pc?s.ition,-" J Topic 23: Index method
link position .Impact-sorted indexes are described in a series of papers by Anh and Moffat [1, 2. 3]...

...Fagin et al. proposed a class of algorithms known as threshold algorithms [12]. These _

algorithms, like the ones shown in this paper, ...

... In our work, we process less index data by organizing the index for easy skipping and

query termination. Another way to process less data is to store less data in the index.

Static pruning methods remove information from the index that is unlikely to affect

query effectiveness. Carmel et al. considered this process [9]. More recently...

Citation Relationship Type

Approach I Basic
...A similar technique has been used previously by Buettcher and Clarke [7]....  — golmpamble work
ther

... Moffat and Zobel [14] suggest a method for determining this parameter. We use a
Qghtly different formulation in this paper...

Link semantics

Influence Strength

- ] — Weak
Cited/Target pap e  Strong
] — /[14] Self-Indexing Inverted Files
[3]. Pruned Query Evaluation — — for Fast Text Retrieval
using Pre-computed Impacts — I
[ \
A ‘[7] ??c;mtl.le?t:englc . [9] Static Index Pruning fm\
PProachi 1o Sl Wdex fruning Information Retrieval Systems

in Text Retrieval Systems




Pairwise Restricted Boltzmann Machines
(PRBMs)

Link category

Citing/Sourve paper PRBM nY/

f Efficient Documsent Retrieval in Main Memery \
Topics distribution: _ j— | N
35% 2013 10% Tophes Link category
Cilation coonext o)
for the target
.. Our method mercases query throughput by 15% over the method proposed by Asiy

papes |3]

and Motfaz |3 while still remaining rank safe resalts..

Latent variables
defined over the link

@ V to bridge the two
pages
U* \'I'ﬂrget page d'

Impact-soned mdexes are described in @ senies of papers by Anh and Mo [L 2, 3L
Fagin e al, progosed u class of algoa@ens known as teeshold slgorithms [12] These
algarithms, like the ones shown in this paper, ...

I our work, we process less indes data by orgamzing U indes, o casy skippring and
quesy termination. Anather way % process less data is to stare less daca in the index.
Static pouning methods remone information Fom twe index that is unlisely to affec
query effectiveness. Carmel et al. coasiderad this process [9]. Moce recently...
Approach _—

A similar techiigrae s been used previously by Becticher and Clarke [7]. Tmpacable wock
Moftat and Zobel |14] sugges: 2 methed for determining this paranseter. We use o Otewr

\-,;'le differcot formulation = this paper /

Hidden
variables

1=fluence Strength

Weak
— Middle
Stung

CiedTarpes

131 Prunad Query Exaluation
using Pre<comprned Impocts
-

171 A Decument cemrric
Approach 1o Sanc Index Promeg
in Text Retrieval Systems

Information Retrieval

Topic distribution Link context
words

Pairwise Restricted Boltzmann

Example Machines (PRBMs)




Results: Accuracy of Link Categorization

Approach Type Precision Recall F1-measure Accuracy
drill down 64.00 33.60 5804 88.50
SVM similar 77.66 83.34 80.33 76.59
nthar AA AR S0 8 A1 77 70 71
— Topics (z°) Topics (z") Influential
d of Citing Papers of Cited Papers Strength
SVM+LDA Drill down (Basic theory)
- Topic 37 Topic 51
(Probabiﬁstic model) (M:—IYiITIIIIIn entronv) 3.05 ‘proaCh
di Topic 37 Source Paper [Target Paper Influence
SVM+RBM (Probabilistic model) Drill Down (Basic theory)
— Topic 13 Latent dirichlet allocation A variational bayesian framework | 2.36
@ (Semantic Web) for graphical models
Sin A sentiment-aware model for pre- [Probabilistic latent semantic analy- 1.93
gPRBM Topic 7 dicting sales sis
- (Recommendation) Mining and summarizing customer |Foundations of statistical natural 3.25
di Topic 21 reviews language processing
dPRBM (Frequent pattern learning) Similar (Comparable work)
— Topic 26 Constraint-driven clustering Max-min d-cluster formation in | 2.00
a (Ranking & Inverted Index) wireless ad hoc networks
Hmms and coupled hmms for |Gaussian  observation  hidden | 0.51
hPRBM - . e .
L Topic 26 multi-channel eeg classification markov models for eeg analysis
(Ranking & Inverted Index) Scalable collaborative filtering us- |Evaluating collaborative filtering | 1.51
Topic 26 ing cluster-based smoothing recommender systems
(Ranking & Inverted Index) Other
Topic 9 Latent dirichlet allocation Overview of the first text retrieval | 3.93
(Clustering) conference
Utility scoring of product reviews |Introduction to modern information | 3.16
retrieval
Sentiment analyzer: extracting sen- |Finding parts in very large corpora | 2.71
timents about a given topic




WorkS: Towards Ontology Learning from
Folksonomies (IJCAI’09)

u" delicious [T
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Towards Ontology Learning from Folksonomies
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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?

onomies, _folksonomies, folksonomy, fromciteulike, intearation, kmi, motta, no-tag,

ontoloaies, ontoloay, ontologvfolksonomy, ots-wiki, patterns, semantic, semantics,
semanticweb, semantic web, semantic-web, semweb, social network, social-tagging,

specia, tag clustering, tag-clustering, tag-filtering, tagaing, taxonomy, web, web2,
web20, wikipedia, wordnet



Our Solution

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
structurc irom the tags.




Tag-Topic (TT) Models

Generative process:

1. For each topic z, draw a multinomial distribution ¢, from a

' Dirichlet prior /3.
a/— X @ K 2. For each word wg; in the document d:

(a) _draw ataoc 2., from 7. uniformlv:

i (b) draw a topic from a multinomial distribution ,,,, spe-
™ Y cific to the tag ug;, where 6 is generated from a Dirichlet
(td b"@ W ) prior o
o / N (¢) draw a word wg; from the multinomial distribution ¢. ,,
D

Topic
Tag-Topic (TT) Models

P(Z, u, w, t|a, IB)
P(Z dis u—diaw7t|aa ,8)

—di
muz —|—az N + B

h S (mat +a) Yo, (e + Bo)

P(zdi, Udi|Z—di s U—gi, W, L, v, /3) =




Topic Smoothing

Algorithm: Parameter estimation

1. initialize the parameters (@, ¢) randomly;
2. run 200 burn-in iterations using Equation (4):
The new objective function: 3. run a two-stage (raining iteratively:

(a) train the model parameters (€, ¢) using the objec-
O.(D,G) = —eL(D)|+ (1 — €)R(D,G) tive function O1(D,G) = —L(D) with a standard
' Gibbs sampling procedure (Equation (4)) by setting
the Dirichlet prior for each tag £; as

« Q th—€Q+(1—€)|0t| Z Ot)\

¢ )EG
D wltity) ) Oz, 0,z . imension of

tit;)€G k=1 where ¢ is the k-th dimension of the multinomial
of tag t with 1 < k < K. |G¢| is the number of
. neighbors of tag ¢ in the tag network G

SmOOth|ng term (b) fix ¢. and re-estimate the multinomial € to minimize
O.: we employ the algorithm proposed in [Mei ef al..

Log-likelihood of the 2008] to optimize O., (i.e. run an iterative process

to obtain the new @ for each tag ¢ by minimizing the

tag-topiC (TT) model. objective function again.)

with

R(D,G) =

Z(tt e Wt t;)0;7]
z:(tz t;)EG w(ti, ;)

where ~ is a coefficient to smooth the topic distribu-
tion among the neighbors.

6(71-{-1) 9(72) + (1 .




Divergence Estimatio

Tag divergence

n

Estimated topic

. distribution
diverg(t;,t;) = Dk (0.6 )—21\:9 [ 9“”/
Hypernym-divergence Posterior probability
/derived from the topic

K
P(ti|zr) 1 P(tilzx)

modeling results

hyper — diverg(ti,t;) = Z P(ti|zk)

z=1
Merging-divergence
1

merg — diverg(t;, t;) = = (diverg(t;,t;) + diverg(t;,t:))

T2
Keep-divergence

1
keep — diverg(t;, t;) = §(me’rg — diverg(t

(maxy(diverg(t;,tr) — diverg(t

inti) +
i:tk))))




Hierarchical Structure Construction

1. 1nitialize the tree O by taking all tags as the leaf nodes:

Correspond to a
diverge‘gce

2. 1nitialize a concept set A with all tags:

argmin;z;Operation(t;, t;) + ANog(N)

3. do{

Step 1. (a) find a pair of tags (or virtual tag/concepts) (t;. t;) with an operation
from A that minimizes the objective function (10):

/

(b) execute the operation:

Step 2. 1. for Subordinate, assign t; as the hypernym of £ ;, remove ¢ ; from
A, and move ti as the parent node of t; in O

1. for Merge, create a virtual concept ¢;; by combining t; and £ ;.
add it to A as well to O as a leaf node, remove £; and t; from
both A and O, and calculate the divergences of the new concept
c; 45 with all others tags in A.

1. for Keep, create a virtual concept ¢;; as the hypernym of both £;
and t;, add ¢;; as the parent node of ¢; and £; in O, add ¢;; to
A, remove t; and t; from A, and calculate the divergences of the
new concept c;; with all others tags in A.

4. tuntil [A| < 1://]A]| is the number of elements in A.

5. return the hierarchical tree O.

v

Penalty to the
complex of the
generated hierarchy




Case Study—Movie

Merging
Merging

Merging ‘ cartoon H looney tunes ‘

- bugs bunny
erging
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Og cartoo ) ‘ cat versus mouse
cartoon cat
e —

tom and jerry

— L=

Merging

Merging

. ergin, -
automobile s horse racing

automobile race |~

horse race

Vlerging

cartoon

By clustering

porky pig

minnie [ erging dog cartoon horse racin
. i g
mouse ‘ chicken ‘ daffy-duck h cartoon cat automobile race horse race

duck ‘ donald duck y Subordinate

By TT

Merging
| cat versus mouse |
tom and jerry

By TT with smoothing




Case Study—Paper

Merging

clustering

ontologies | ontology

link-analysis
hierarchical-clustering

s radioloev

Merging

semantic H semantics

Merging
‘ semanticweb ‘ semantic-web ‘

~— semantic web | — clustering
web-graph — @

Merging

ontologies ‘ ontology
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By TT ‘ hierarchical-clustering ‘
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semantics indexing

I

knowledge Merging
imaging _systems

; ; knowledge-

‘ semanticweb ‘ semantic-web ‘ discovery
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‘ medical-imaging ‘ D biology

image-processing ‘

rdf

—

By TT with smoothing
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Reading List

Red color-good theoretical analysis
Blue color-good applications.
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