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F42 K4 (Syllabus)

Bk (Week) B #f (Date) ™M % (Subject/Topics)
1 2020/03/02 X FHRIZRAEZN 4
(Course Orientation on Text Mining)

2 2020/03/09 X F#R# At + B RB3T R IE
(Foundations of Text Mining:
Natural Language Processing; NLP)

3 2020/03/16 Python B k&3 Kk IF
(Python for Natural Language Processing)

4 2020/03/23 J 32 fu 3 #7 ST A (Processing and Understanding Text)

5 2020/03/30 X AR ZEHFH T4
(Feature Engineering for Text Representation)

6 2020/04/06 ATH EX AN ATEEH K |
(Case Study on Artificial Intelligence for Text Analytics I)



F42 K4 (Syllabus)

B & (Week) B #j (Date) ™MW % (Subject/Topics)
7 2020/04/13 X K%#a
(Text Classification)

8 2020/04/20 XA FFv X AEFE A
(Text Summarization and Topic Models)
9 2020/04/27 H#p ¥+ K% (Midterm Project Report)

10 2020/05/04 =L AABAL FE Fu 5%
(Text Similarity and Clustering)

11 2020/05/11 & & o #7 Fo<p % K B8 3% 7]
(Semantic Analysis and Named Entity Recognition; NER)

12 2020/05/18 5 & #71
(Sentiment Analysis)



F42 K4 (Syllabus)

B & (Week) B #p (Date) P % (Subject/Topics)
13 2020/05/25 A% & X A5 H 8 E#H 7
(Case Study on Artificial Intelligence for Text Analytics Il)

14 2020/06/01 REZ EA0i@ A &) FRASLE

(Deep Learning and Universal Sentence-Embedding Models)

15 2020/06/08 P& 4 4 ¥i¥t3t 4 %
(Question Answering and Dialogue Systems)

16 2020/06/15 #B rk#k % | (Final Project Presentation I)
17 2020/06/22 #3 kK% Il (Final Project Presentation )

18 2020/06/29 # &7 38 PEAH LIS



Outline

* Text Summarization

* Topic Models
* Topic Modeling

e Latent Dirichlet Allocation
(LDA)
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and
Topic Models



NLP

Documents

Classical NLP

Pre-processing

_______________________

_______________________

Documents

Dense Embeddings Hidden Layers

obtained via word2vec,
doc2vec, GloVe, etc,

Output Units

AYLIEN




Documents

Pre-processed
Documents

Modern NLP Pipeline

Pre-processing

-

Bag-of-Words
&
Vectorization

Word Embeddings

Source: https://github.com/fortiema/talks/blob/master/opendata2016sh/pragmatic-nlp-opendata2016sh.pdf

Pre-processed
Documents

Task / Output

[—————

Classification

Sentiment Analysis

Entity Extraction

Topic Modeling

Similarity

L———J

8



Modern NLP Pipeline

Task |/ Output

Documents

Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/

Topic Modeling




Documents

Deep Learning NLP

Pre-generated Lookup
OR
Generated in 1st level
of NeuralNet

Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/

Task / Output

Sentiment Analysis
Extraction

Topic Modeling
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Natural Language Processing (NLP)
and Text Mining

Raw text ‘

Sentence Segmentation

Tokenization

|
|
Part-of-Speech (POS) |
Stop word removal |

word’s stem word’s lemma

Stemming / Lemmatization | @M 2 am am - be

having =2 hav having = have

Dependency Parser ‘

String Metrics & Matching ‘
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Text Summarization

| Text Input |
E Dictionary / 1 | Pre-processing |
UINGSENLE | Text Structure Analysis |
——— m—
——{  Word Segmentation | |  Occurrence Statistic |

y

—] POS Tagging |

A 4

Keyword Extraction

N
1
I Weigh Words & Sentences
|
|

\ 4

Sentences Selection

A 4

Rough Summary Generation

\ 4

| Smoothing |
¥

| Summary Output |




Topics

gene 0.04
dna 0.02
genetic 0.01

Topic Modeling

Topic proportions and

Documents assignments

life 0.02
evolve 0.01

organism 0.01

brain 0.04
neuron 0.02
nerve 0.01
data 0.02

number 0.02
computer 0.01

-y

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—  “are not all thar far : |‘1rl " especially in
How many genes does an Organism neg 1es in rln hu

o comparison to (hL M 000

survive! LN week at the genome meeting
here,* two genome researchers with radically

different approaches presented complemen-
tary views of the basic genes needed for life
One research team, using computer analy

ses to compare known genomes, concluded MOre genomes are g
that today’s OFganisms can be sustained with sequenced. “It may be a way of organizing

just 250 genes, and that the carliest life forms  any newly sequenced genome.” explains
required a mere 128 genes. The_— Arcady \lu~hu'| in, a computational mo /
o .

other researcher mapped genes / . lecular biologist at the Natic
in a simple parasite and esti i

3 Haemophilus
mated that for this organism, | genome

1703 genes

800 genes are plenty todo the |

job—but that anything short  \

of 100 wouldn't be enough.
Although the numbers don't

match precisely, those predictions

2 | ,' l / ‘Winimal 1 /128
- gene set )
y 250 gonos "'""
469 genes / _
/ gene sel
-

* Genome Mapping and Sequenc- -
ing, Cold Spring Harbor, New York, Stripping down. Computer analysis yields an esti-

May 8 to 12 mate of the minimum modern and ancient genomes.

ADRPTED FROM NCBI

SCIENCE e VOL. 272 * 24 MAY 1996

_
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Text Summarization and
Information Extraction

» Key-phrase extraction

— extracting key influential phrases from the
documents.

* Topic modeling

— Extract various diverse concepts or topics present in
the documents, retaining the major themes.

 Document summarization

— Summarize entire text documents to provide a gist
that retains the important parts of the whole
corpus.

14



Topic Model in Bioinformatics

.o'... ..’l' . . ‘ ...'.. 0'... . .."-'
4 RO
t... Top‘cl ,' ".. TOD'C 2 .' '.'-.. Tnnlf ; .,".'
Label 1 Label 2 Label 3
‘.... ' .... 0... ; . . . -
==silp- ¢ Alnf 0"5:‘l'-'l'=
Clustering 'o. PR | AR Y,
Topucl ¥y % Topucz T0p|(3
Ex“admg Topic 1 Topic 2 =
features t : g
A 0452 0025 - | .
o [mmi_Classifier
® 0032 0512 -
. 0'0‘5 om ......

Source: Liu, Lin, Lin Tang, Wen Dong, Shaowen Yao, and Wei Zhou. "An overview of topic modeling and its current applications in
bioinformatics." SpringerPlus 5, no. 1 (2016): 1608. 15



Topic Modeling

Bag of Words

Topic Model

(BoW)

X-Axis

16



Topic Modeling (Unsupervised Learning)
VS.
Text Classification (Supervised Learning)

Class 1
Class 2

*
Text i X
Classification

Doc-1 Doc-2 Doc-3 Doc4

Topic
Modeling

Source: Avinash Navlani (2018), Latent Semantic Analysis using Python,

https://www.datacamp.com/community/tutorials/discovering-hidden-topics-python 17



Topic Modeling
Term Document Matrix to
Topic Distribution

' Word Assignment
Term Document Matrix to Topics Topic Distribution

Topic1  Topic:2 Topic Importance Across Documents

Topic-1 Topic-2 Doc-l Doc2 Doc3 Docd
Topic-1 Topied

Doc-l Doc2 Doc3 Docd

n*n Diagonal Matrix

m*m Matrix m*n Singular Matrix n*m Singular Matrix

Source: Avinash Navlani (2018), Latent Semantic Analysis using Python,
https://www.datacamp.com/community/tutorials/discovering-hidden-topics-python
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Topic Modeling

Latent Dirichlet Allocation

(LDA)
-ofO-@—0-
0, Wan Bk

D K

D documents
N words
K topics
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Latent
Dirichlet
Allocation
(Blei et al.,
2003)

Journal of Machine Learning Research 3 (2003) 993-1022 Submitted 2/02; Published 1/03

Latent Dirichlet Allocation

David M. Blei BLEI@CS.BERKELEY.EDU
Computer Science Division

University of California

Berkeley, CA 94720, USA

Andrew Y. Ng ANG(@CS.STANFORD.EDU
Computer Science Department

Stanford University

Stanford, CA 94305, USA

Michael 1. Jordan JORDAN@CS.BERKELEY.EDU
Computer Science Division and Department of Statistics

University of California

Berkeley, CA 94720, USA

Editor: John Lafferty

Abstract

We describe latent Dirichlet allocation (LDA), a generative probabilistic model for collections of
discrete data such as text corpora. LDA is a three-level hierarchical Bayesian model, in which each
item of a collection is modeled as a finite mixture over an underlying set of topics. Each topic is, in
turn, modeled as an infinite mixture over an underlying set of topic probabilities. In the context of
text modeling, the topic probabilities provide an explicit representation of a document. We present
efficient approximate inference techniques based on variational methods and an EM algorithm for
empirical Bayes parameter estimation. We report results in document modeling, text classification,
and collaborative filtering, comparing to a mixture of unigrams model and the probabilistic LSI
model.
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

thon101.ipynb
apy Py B comment &% Share £ 0
File Edit View Insert Runtime Tools Help All changes saved
+ Code + Text R 8 v * Editin A
Table of contents X Disk M / ¢
Build the model
Train the model ~ Text Summarization with Gensim Summarization
Evaluate the model
e Source: Text Summarization with Gensim Summarization :
Create a graph of : . : o
accuracy and loss https://radimrehurek.com/gensim/auto_examples/tutorials/run_summarization.html
over time AV B BT
Text Classification: ° 1 from pprint import pprint as print
BBC News Articles 2 from gensim.summarization import summarize

Text Summarization and
Topic Modeling 71 1 text = (

Text Sumarization 2 Thomas A. Anderson is a man living tv.vo lives. By day he is an
3 "average computer programmer and by night a hacker known as "
Text 4 "Neo. Neo has always questioned his reality, but the truth is "
Sl.‘mma"z_at'on 5 "far beyond his imagination. Neo finds himself targeted by the "
\glth Ge"_s'm. 6 "police when he is contacted by Morpheus, a legendary computer "
ummarization 7 "hacker branded a terrorist by the government. Morpheus awakens "
Topic Modeling 8 "Neo to the real world, a ravaged wasteland where most of "

) . 9 "humanity have been captured by a race of machines that live "
TC?plc M°‘?e“”9 10 "off of the humans' body heat and electrochemical energy and "
with Gensim LSI - 5 ; : ; . SO c 0
model nlhi f who imprison their minds within an artificial reality known as

12 "the Matrix. As a rebel against the machines, Neo must return to "
Topic Modeling 13 "the Matrix and confront the agents: super-powerful computer "
with Gensim LDA 14 "programs devoted to snuffing out Neo and the entire human "
model 15 "rebellion. "
Topic Modeling 16 ) )
with Scikit-learn 17 print(text)
LDA and NMF

. ) > ('Thomas A. Anderson is a man living two lives. By day he is an average
TQP'C Mogellng 'computer programmer and by night a hacker known as Neo. Neo has always '
Visualization 'questioned his reality, but the truth is far beyond his imagination. Neo '

https://tinyurl.com/imtkupython101 21



https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

Selected Topic: |1 Previous Topic ~ Next Topic ~ Clear Topic Slide to adjust relevance metric:(2)
| | | | | |
A=1 0.0 0.2 0.4 0.6 0.8 1.0

Top-30 Most Relevant Terms for Topic 1 (37.7% of tokens)

Intertopic Distance Map (via multidimensional scaling)
1,500 2,000

0 500 1,000

PC2

PC1

live

fact [N
ask _
el I

never
church [N

true
way [
sense

tife. I

person

3
word NN

Marginal topic distribtion
Overall term frequency

I Estimated term frequency within the selected topic
1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)

2%
2. relevance(term w | topic t) = A * p(w | t) + (1 - A) * p(w | t)/p(w); see Sievert & Shirley (2014)

5%

10%

https://tinyurl.com/imtkupython101
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Summary

* Text Summarization

* Topic Models
* Topic Modeling

e Latent Dirichlet Allocation
(LDA)
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