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To understand the structure, relation, constitution of
linguistic elements €=>» Computational Linguistics

.

J

To find latent structures, relations and rules of or in
text corpus €= Text Mining (Not always automatic)

To generate different types of linguistic texts €=>»
Artificial Intelligence

~ Related to Speech, Graphics, Video
€=> Artificial Intelligence
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Natural Language Processing .
= Language Understanding

O Language Understanding (a few)
B Stemming: runs, ran, running - run
B Segmentation : E—BAFEIN>E /IR /—8& | XZF /&b

B Part of speech (POS) : | am a teacher = | (pronoun) am (copula)
a (article) teacher (noun)

B Dependency parsing:

C—(—a =) = |

-Root- This time around . they 're  moving EVERN faster

B Coreference: /NAFIINIELZR |, ERIRIBEFZ > ftb ?
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Natural Language Processing
= Language Understanding

O Language Understanding
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Natural Language Processing ¢
=» Language Modeling

O Language Modeling (a few)
~ Text Mining
B Text/Document Clustering
B Text/Document Classification
B Topic Modeling
» Hierarchical topic modeling
B Sentiment Classification
» Aspect-level sentiment classifiction
B Entity (Relation) Extraction
H .. etc
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Natural Language Processing
= Language Generation

O Language Generation (a few)
Machine Translation

Document Summarization

Q&A (7]Nik , 7]NGER)

Poetry Generation

News Generation

Short Text Generation (sentence, weibo)

L2

...etc _
Topic

Modeling




‘Topic Modeling

O Information Overloading

Hotels.com

spend
RMB 3,324 / HKD 4123
an average day
spend
RMB 13,800 / HKD 17,490

an average doy

n

Travel
bookings
via mobile

phones are the previous
soaring year

More have used an online Hoteliers have noticed an increase

Countries that the wealithiest
travellers intend to visit in the
next 12 months

d I+l

B <% of 31-35 yeor olds

surgery
il age groy

Landmarks 21%
outside China
they'd most like

to visit in their
lifetimes

tab

n beauty treatments or cosmetic

16%

in independent Chinese travellers
2014 2015 O 2014 O o5

53% = 80%

source over the past 12 months

Half of all travellers used smart phone
apps to plan and book travel

I\

) =

X 50%
Roughly the same number as last
year used the old-fashioned landline

e k)

Travellers who used a travel agent,
via a phone call or physical visit

.-\ 014
=) 17%

° Almost one in five
9,1\'\ % o,m wors g

& 34% & 13%

while only @

one in 10 '

a fve-star hotel.

KRR e

popuiar option
3-star hotels o TG

hostels and backpacker
n

13% 12% 12%

Millennials’ most favoured activities
when travelling

fA Signisesig 55%
@
ﬁl shopping

m osors

3%
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Leisure is major purpose of travel
-
>< 88%

Millennials’ main
travelling
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- Big Data

Cloud Computing
Artificial Intelligence
Deep Learning

..., etc

we need
summarization

Visualization

Dimensional

Reduction
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Background

O Dimensional Reduction(Text)

B Document Summarization Ve

=» What do these docs (or this doc) talk about? @ 7

Laptop Reviews

B Sentiment Analysis

= What do these consumers care about or complain about?

B Short Text/Tweets Mining s

My nrandnarente didn't come tn America all &

the
. . ool @DonaldJ.Trump L 2 Follow
= What are people discussing about? T oncoaga Mo =

s e WARABOEYN

0 Basic tool

» Topic modeling: learn latent semantic topics from a corpus/
text collection



Topic Modeling

O Topic modeling

- an example in Chinese (from my doctorate thesis)
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O After automatic topic modeling

Corpus
| |
] |
PREFSCHBIZEERY R |, (R MEZTERE | RN T
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Topic Modeling

O A topic
B A word cluster = a group of words with coherent semantics
B Not clustered randomly, but meaningfully (not semantically)

D MOdels auto car make
_ engine emissions hidden
B Parametric models bonnet hood Markov
tyres make model
. . lorry del MI1SS1
» Latent Semantic Indexing (LSI) boot s normalize

» PLSI; Latent Dirichlet Allocation (LDA)

B Non-parametric models (Dirichlet Process)

» (Nested) Chinese Restaurant Process
Probabilistic

5 . .
Indian Buffet Process GraphIC Model
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Topic Modeling

=» Probabilistic Latent Semantic Indexmg

O PLSI Model

Assumption

» Conditioned on z, w is generated

N .
_ﬁO% independently of d
d > W » Words in a document are
M exchangeable
Probabilistic Graphic Model > Latent topics z are independent

» Documents are exchangeable

p(d,w) = p(w|d)p(d) = p(d) 2 p(w,z|d) = p(d) 2, p(w|2) p(z|d)

14
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Topic Modeling

O Latent Dirichlet Allocation (LDA)
B David M. Blei, Andrew Y. Ng, Michael I. Jordan
B Hierarchical Bayesian model; Bayesian pLSI

Generative process of LDA

5 » Choose N ~ Poisson(¢);
CD\ » For each document d={w,,w, ...w, }
~ , :
Choose 6 ~Dir(a); For each of the N
~ N | ()
O—@% words w,, in d:
a 6 Z W M a) Choose a topic z,,~Multinominal(0)

b) Choose a word w,, from p(w,|z,, B),

a multinomial distribution conditioned
on z,
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Topic Modeling

[0 Parameter Estimation

B Variational Inference : Complex but efficient

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

» K-L divergence

B 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’

» Not complex but relatively slow

(1) ... w(S])
lim myP"* = : : 2> ={n(1),n(2),..,7(),.., (S}

"*"" m(1) (M) _ ——
Stationary Distribution



Hierarchical Topic Modeling

O Topic modeling is not enough

auto car make " "
| c ! Hierarchical
engine emissions hidden
bonnet hood Markov St ru Ct ure
tyres make model
lorry model eMISSI0NS
boot trunk normalize
Laptops
[IJJ laptop used computer get will screen just work
(+) like windows screen great work new macbook look
(- ]I:uatter}r screen hour problem time windows hp drive
I I
Performance Screen Battery Service
(0) drive gb ram hard processor {0} screen laptop look display pro {D]l battery laptop life hour get (0) service support customer laptop
(+) graphic intel core ram cpulfast —| ke macbook display feel new (+) battery good life size hour great | | (4) warranty amazon service year

-} drive gb hard ram external need

(-] glossy black see review rest feel

(-) I::-atcer}f h:::m life time will less

{-) problem support customer call

Graphics Card

Screen Size

Portability

Support & Warranty

(0) ram card graphic video memory
I+) gb ram perform game better fps
-] E:h video ram dedicate upgrade

CPU

{0) sereen inch laptop new previous

i+ inch resolution 50lid like size
(-} resolution inch|small jdisplay

Screen Quality & Visibility

(D) laptop around carry portable
(+] laprop size carry perfect|sma
(-) battery life hour nermal half

Battery Life

{0) support service tech call phone
.I year warranty accident protect
(-] suppun. call eech hour took time

Repair

i0) core processor_intel duo ghz

noel dua 'L"_'-l'_|_"L ‘i_=||'i

(-} intel amd old atom power lower

|+) core

{0} screen led backlight led bright
(+] led screen color bright really

(-} screen glare issue glossy reflect

{CI] battery hour life get r:nmpuu:r'
| battery hour good last long

-—] battery life power less -_w_nm

{0) repair send back replace shnp

.I send repair serice back sent unit
(-} back ship day send week away
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Hierarchical Topic Modeling

[0 Chinese Restaurant Process (Dirichlet Process)

B A restaurant with an infinite number of tables (topic), and
customers (word) enter this restaurant sequentially. The ith
customer (8;) sits at a table (¢;) according to the probability

Tal ' ¥ a w171 B . o m
p(occupied table i | previous customers) pw— T

p(next unoccupied table | previous customers) p—

oL >0

N N\
R

S o @‘x.ﬂ-"@ . N

topic

18
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Hierarchical Topic Modeling¢:

O The generative process of HTM
1. Sample a path assignment c.,={c, } for each document m

2. Sample a level | (a topic z,, ) along the path for w,, ,, the nth
word in m
decumentm
Wm,n %4 \M]s V\lﬂg Van an3 |:|:customer/-word
‘table/topic

Wy

Woa| |Waa
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Method Informatien Retrieval Databases
information retrieval / naiaral lanzuage  machime query processing |/ database systems / conommency
I 1 : 1 1 I ] : I 1
information web nafural machine QUETY CODOUITENCY antificial data
CATHY retrieval search / lanpguape transkation | PIDCessing comtrol / intelligence management
question search speech statistical QUETY datahase Eknowledze data
ENSWETIIE |/ engine / TecoEnition machine opdimization syshems hase / inbegration/
relevance world wide pant-of-speech transkation | deductive distribated datshasze data
feedback / weh / tagging ‘word sense databaszes | gysiems system | ‘warehousing /
ENiraction web mndeling  named entity databases IETNOTY SVEEm ‘warehouse
| weh' searchy services user’ service’ engme’ pages dafa / design / server / datsbase / sql [ on /emvironment
I I I | 1 I T I T 1
mEAnEFement spcial online ! desection / database TIATEFEeE plamming language ok
hPARL System i amalysis / case Systems gystem / ohjects /! natural / -
dara f Tatwarks expression | study / system / data ¢ mobile/ Eenerstion / ive
applications / mews ad/ ‘based / databases | applications / oot | spoken / T~
know, ! digital / zene | sysiem ohject / kmowledge / apent ! Processing [
Systems | media / adhvertising systems | distrilnated / systems ool | diabomne
research traffic hoc reasoning mansgement research envircnments understanding get
ur grez
ill less
robust information / wec | based semantic querying databases [ framework queries | querying
information flow / detection information spatial / quantifiers / size gueries
I i i 1 1 I T 1 1 1 -able
antnmatic C antomated diverzity query search similarity deciding / small
SpecClus alipnment redriewal weh / synitactic Constrains | Stmchares query’ comiplex a
retriewal discovery SEmAmtic xml caching / searching safe / query’
mstmchured evalestion web / i/ hadoog / databases complex redundancy
anfomatic | relevance | identification TnErAammatical’ exchange / data large datahases | daifa / puter
Couent temt syshem ser TEps free query | databases | Compuiation Eraph P
libraries langmage ir search systems | B SEmIAntic qUETY patierms fast index datahases Processing [ '“gf
‘enjrast
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Neural Text Generation

O Neural text generation

B Topic Modeling = word/phrase-level

» The results are semantically coherent, but still need re-
organization, and cannot be read directly by a human

B Text Clustering/Classification = document-level
» We can only receive a sketch of whole corpus

B Text generation = language-level

» The results can be read by a human directly, which means true
Al

» Methods based on (deep) neural network are prevailing

» Recurrent Neural Network (RNN)

21
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Neural Text Generation

OO RNN
B RNN is a natural tool for NLP

B RNN is closely related to sequence
> X Input; h;: output; A: neural network model
» Typically, x,and h, are all vectors with distributed representation

Q) & O O D,
] l I

[
S ol

22
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Neural Text Generation

O Distributed representation =~ word embedding
B traditional representation : one-hot representation

~—
0
----- , 0. 02 0
: 0. 01 0
i 0.12 0
: 0 0
I e G Dl
i : 0
: = 0. 01
i = 0
| = 0. 02 0
| x 0. 01 g
| 0. 02
I ama
: 0. 85 L | — moon
’ 0. 01 0
- (Vocabitary |

W Distributed representation : more semantic, more
expressive, more flexible
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Neural Text Generation

O Distributed representation

B One prevalling tool: word2vec (2 methods)
» Continuous Bag-of-Words (CBOW)
» Continuous Skip-gram (Skip-gram)

INPUT PROJECTION OUTPUT
INPUT PROJECTION  QUTPUT

wi(t-2) .
wit-
wi(t-1) / (i)
SUM /
‘ i
—_— wit) w(t) —

/ \

AY
wit+1) \\ w(t+1)

\\
AY

AY
w(t+2) \* w(t+2)

CBOW Skip-gram
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Neural Text Generation

OLong-term dependencies sky
B short-term dependenc
pendency ® © 0
> Snows fall down from the sky 1
A > A > A » A — A
A A A

Snows fall
B |[ong-term dependency

» | was born in China, ..., | can speak mandarin

® ©® © ® © ©

AH— A A— A A M—
A A A A A

A
® ® ® - ® ©® @
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Neural Text Generation

O Long Short Term Memory networks (LSTM)

® ® ®
A el A ]
© ® ©

—®—

B Three different gates

» a sigmoid neural net layer and a pointwise
multiplication operation

26
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Neural Text Generation ¢

O LSTM (use for example)

B review-level sentiment classification

i B 11}

Sigmoid Sigmoid Sigmoid
bjst mo‘vie ejer best movie ever

Bi-directional LSTM



Neural Text Generation

] Attention Mechanisms
B Focus on some more important terms

h|

3 di 4

/

......

*

h:

h;

h_;

hs

h

) 4 4 4 ¥
® ® ® ® ®
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hy
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Ct - z at]’hj

j=1

_ exp(e)
Y1 exp(ery)

atj

eyj = vy tanh(Was,_; + Uahj)

v, ,W and U are three
matrices that need to be
optmized
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Neural Text Generation

O Generative Adversarial Network (GAN)

optimize

Random | Generated l
Generator
[nput | Data |
Real ] . .. o
Data J Discriminator iscriminate Real /Fake

> Generator, G(-) > py(x), generated fake data;

» Discriminator, D(-) 2 pyaa(X), real data

29
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Reference

O My previous tutorials/notes (ziuiuic/Netease/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’

> ..., elc

0 Website

B You can download all slides of mine

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

http://liu.cs.uic.edu/yueshenxu/

http://www.slideshare.net/obamaxys2011

YV V V VY

https://www.researchqgate.net/profile/Yueshen Xu

32
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