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Background ) Zitares
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Text Summarization

Document Summarization JTR

=> What do these docs (or this doc) talk about? Wis =

Laptop Reviews

Review Summarization

= What do these consumers care about or complain about? 1=
Short Text/Tweets Summarization @ :
I —
=>» What are people discussing about? -3 @ g oEm
B aSIC ReqUIrement s :‘ wfa[nguf::::;; 3 l

Applicable Explainable ‘Topic Modeling
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Some Concepts

Information Retrieval

General Concepts

Latent Semantic Analysis

Machine
Learning

uononpay

Text Mining

_ Modellng
Natural Language Processing

Computational Linguistics Tex Mining

Information Retrieval . :
Machine Natujal Lajfijguage Processing

Translation
ComputgtionallLinguistics

Dimension Reduction

Topic Modeling Déta Mining

- to learn the latent topics from a corpus/document
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Topic Modeling

Topic modeling

- an example in Chinese (from my doctorate thesis)
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Topic Modeling

1 After topic modeling
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Topic Modeling

A topic
A word cluster - a group of words
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Not clustered randomly, but meaningfully (not semantically)

Models

Parametric models
Latent Semantic Indexing (LSI)
PLSI; Latent Dirichlet Allocation (LDA)
Non-parametric models (Dirichlet Process)
(Nested) Chinese Restaurant Process
Indian Buffet Process

Pitman-Yor Process
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Topic Modeling

One layer of ‘Deep :
pLSI Model Assumption
Pairs(d,w) are assumed to be
P(w|z) pz|d) p(d) generated independently

Conditioned on z, w is generated
independently of d

Words in a document are
exchangeable

Documents are exchangeable
Latent topics z are independent

The generatlve Process Multinomial Distribution

p(d,w) = p(w|d)p(d) = p(d) 2, p(w,z[d) = p(d) 2, p(w|z)p(z|d)
Multinomial Distribution

2016/12/29 9 Software Engineering
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Latent Dirichlet Allocation (LDA)
David M. Blei, Andrew Y. Ng, Michael I. Jordan
Hierarchical Bayesian model; Bayesian pLSI

Generative process of LDA

B C)\ » Choose N ~ Poisson(¢§);
N\

» For each document d={w;, w, ...w,}

07907 ( ) Ny N Choose 8 ~Dir(a); For each of the N

o 5 > W words w,, in d:
M

_/

a) Choose a topic z,~Multinominal(0)
b) Choose a word w,, from p(w, |z, B),

a multinomial distribution conditioned on z,

2016/12/29
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Topic Modeling

Parameter Estimation

Variational Inference (+EM) : Complex, rarely use

‘| want to know a distribution, but | haven’t known yet, so | find a
similar distribution (tight upper bound or lower bound)’

K-L divergence (or information gain)

Gibbs Sampling (MCMC, Markov Chain Monte Carlo)

‘| want to know a distribution, but | haven’t known yet, so | find a
way to generate its samples’

300 lines (code) for LDA, not complex but solid

(1) .. u(]|S])
lim my P™ = : : : 2> ={n(1),n(2),..,7(j),.., (S|}

lim : :
(1) m(IS1) Stationary Distribution

2016/12/29 11 Software Engineering



Hierarchical Topic Modeling

Topic modeling Is not enough
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auto car make H . h . |
engine eMmiss10ns hidden I€rarcnicCa
bonnet hood Markov St ru Ct ure
tyres make model
lorry model emissions
boot trunk normalize
Laptops
(0) laptop used computer get will screen just work
(+) like windows screen great work new macbook look
(-) battery screen hour problem time windows hp drive
I I
Performance Screen Battery Service
(0) drive gb ram hard processer (0) screen laptop look display pro {D} battery laptop life hour get {0) service support customer laptop
(+) graphic intel core ram cpulfast (+) like macbook display feel new (+) battery good life size hour great || (+) warranty amazon service year
{-) drive gb hard ram external need | | (-] glossy black see review rest feel || (-) battery hour life time will less (-} proeblem support customer call
| | | |
Graphics Card Screen Size Portability Support & Warranty
{0) ram card graphic video memaory (0) sereen inch laptop new previous Q) laptop around carry portable Q) support service tech eall phone
(+) gb ram perform game better fps +) inch resolution solid like size +) laptop size carry perfect +) year warranty accident protect
(-] gb video ram dedicate upgrade (-] reselution n(.hl.‘iSpIu:,' (-] battery life hour normal half (-} support call tech hour took tme
CPU Screen Quality & Visibility Battery Life Repaur
(0) core processor intel duo ghz (0) sereen led backlight led bright Q) battery hour life get computer (0) repair send back replace ship
2016/12/29 (+) core intel dua luo cpu ghz t) led screen color bright really +) battery hour good last long +) send repair serice back sent unit

(=) intel amd old atom power lower

(=) screen glare issue glossy reflect

(-) battery life power less even[fast

(=) back ship day send week away
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Hierarchical Topic Modeling

Chinese Restaurant Process (Dirichlet Process)

A restaurant with an infinite number of tables, and
customers (word) enter this restaurant sequentially. The ith
customer (6;) sits at a table (¢;) according to the probability

. o] 1 7 a1 « AT —_ —_ Ty
p(occupied table i | previous customers) = P

vl - [ .l 8 ) : . ' ) 8 ] . — r'r.
p(next unoccupied table | previous customers) = p—

0.2 @
6 \

- N\
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Ot Ol

¢ Clustering == 1/2 unsupervised learning - clustering, topic modeling (two layer
clustering), hierarchical concept building, collaborative filtering, similarity computation...
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Hierarchical Topic Modeling .
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The generative process (nested CRP)

Focus on the insight
1. Let c; be the root restaurant (only one tabie)

2. Foreachlevell € {2,...,L}:

Draw a table from restaurant c;_; using CH
by that table

3. Draw an L -dimensional topic proy
4. For each word w,,:

Draw z € {1, ..., L} ~ Mult(9)
Draw w,, from the topic associated with res

Matryoshka
(Russia) Doll

2016/12/29




Hierarchical Topic Modelin

Examples

root topic analysis obtain base system concentration
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Topic-specific opinion mining

Goal: automatically learn which group of aspects people like,
dislike, and how people like, and why people like

Methods: topic model (LDA), Dirichlet process, Gibbs sampling,
etc.

Collaborative recommendation

Goal: automatically learn which group of products people like,
dislike, and how people like, and why people like

Methods: matrix factorization, gradient descent, regularization
norm, etc.

Common basics: Bayesian inference (MLE, MAP, PGM)
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Supplement

Some supplements

Probabilistic Graphical Model
Modeling Bayesian Network using plates and circles Q

0 | « ~ DIR(a) @
X; | 8 ~ DIsCRETE(B), i=1 1 "

nnnnn

Generative Model & Discriminative Model: p(6|X/Data)

Generative Model: p(8]X) o p(X|8)p(6)
- Naive Bayes, GMM, pLSA, LDA, HMM, HDP... : Unsupervised Learning

Discriminative Model: p(8|X)
- LR, KNN,SVM, Boosting, Decision Tree : Supervised Learning

Also can be represented by
graphical models
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L1 My previous tutorials/notes (zjuuiciNetease/ITR,,, as a Ph.D)

“Topic modeling (an introduction)’

‘Non-parametric Bayesian learning in discrete data’
‘The research of topic modeling in text mining’
‘Matrix factorization with user generated content’
..., etc

1 Website

™ You can download all slides of mine

» http://web.xidian.edu.cn/ysxu/teach.html

» http://liu.cs.uic.edu/yueshenxu/

» http://Iwww.slideshare.net/obamaxys2011

> https://www.researchgate.net/profile/Yueshen Xu
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