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NLP(Natural Language Processing)
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NLP vs. Text mining

N
 Text mining;

« X[ 20|=

Text Mining

Matural Language Processing

Aim of text mining is to extract
useful insights from structured &
un-structured text.

Aim of NLP is to understand
what is conveyed in speech.

Text Mining can be done using
text processing languages like
Perl, statistical models, etc.

MNLP can be achieved using
advanced machine learning
models, deep neural networks,
etc.

Outcome:

* Freguency of words
* Patterns

* Correlations

Outcome:

* Semantic meaning of text
* Sentimental analysis

* Grammatical structure
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« 8 M2| (Preprocessing)
- HIO|H & 50 Hefot== d2

- 2, B2 SAEI, 02 =&, BHO =

= 880 MAS
o HIE{3} (Feature Vectorization)

.« 21719 H|0|E{S HFE{R H2|E 4 AT E $X(3

« D& o5 (ML Modeling)
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POS(P
(Part-of-speech) Tagging
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POS(Part-of-speech) Tagging

st=2ol e} Aol EA

A= 9F AT AU E oF AP SIS ULE A = SE AL SA Y S OEUTH

= A =AH8 g o]
1 H AHnoun) 0
2 CHE AN pronoun) 0
3 = Ahverb) 0
4 & ANadjective) 0
5 S A

6 AL 0
7 B 2Hadverb) 0
8 A 0
9 LERAR 0
10 ThAtarticle)

11 A =] Apreposition)

12 A< A conjunction)

13 ZrekAKInterjection) 0
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« works, worked, working = work
« plays, played, playing = play

« amuses, amused, amusing = amus (?)
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Lemmatization
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Stemming vs Lemmatization

change change
changing s changing k
changes —> chang changes —> change

/ /
changed / changed /

changer changer
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Stopwords
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« {‘ourselves’, ‘hers’ ‘between’, ‘yourself’ ‘but’, ‘again’ ‘there’, ‘about’, ‘once’, ‘during’, ‘out’, ‘very’ ‘having’, ‘with’,
‘they’, ‘own’, ‘an’, ‘be’, ‘some’, ‘for’, ‘do’, ‘its’, ‘yours’, ‘such’, ‘into’, ‘of’, ‘most;, ‘itself’, ‘other’, ‘off’, ‘is’, ‘s, ‘am’, ‘or’,
‘who’, ‘as’, ‘from’, ‘him’, ‘each’, ‘the’, ‘themselves’, ‘until’ ‘below’, ‘are’, ‘we’, ‘these’, ‘your’, ‘his’, ‘through’, ‘don’, ‘nor
‘me’, ‘were’, ‘her’, ‘more’, ‘himself’, ‘this’, ‘down’, ‘should’, ‘our’, ‘their’, ‘while’, ‘@above’, ‘both’, ‘up’, ‘to’, ‘ours’, ‘had’,
‘she’, ‘all’, ‘no’, ‘when’, ‘at’, ‘any’, ‘before’, ‘them’, ‘same’, ‘and’, ‘been’, ‘have’, ‘in’, ‘will’, ‘on’, ‘does’, ‘yourselves’,
‘then’, ‘that’, ‘because’, ‘what’, ‘over’, ‘why’, ‘so’, ‘can’, ‘did’, ‘not’, ‘now’, ‘under’, ‘he’, ‘you’, ‘herself’, ‘has’, ‘just,

‘where’, ‘too’, ‘only’, ‘myself’, ‘which’, ‘those’, V', ‘after’, ‘few’, ‘whom’, ‘t’ ‘being’, ‘if’, ‘theirs’, ‘my’, ‘against’, ‘a’, ‘by,

‘doing’, ‘it ‘how’, ‘further’, ‘was’, ‘here’, ‘than’}

« https://www.ranks.nl/stopwords/korean
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« https://colab.research.google.com/drive/IKwmae mKSycYJxw
VKMBR6WhRKZ5AYgb87usp=sharing
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girl, prince,
Princess, queen,
king, monarch

E
Vocabulary:
Man, woman, boy,
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Bag of Words

« A2 EZoMIH, 2H0| LIE! E25= 282 tHENEAT
« lamaboy =2 [I,am, a ,boy]
* You are a girl > [You, are, a, girl]

« Heis a teacher = [He, is, a, teacher]

. DS 2E0| YHS 7|0 MEZ LIERY & Q2 FX

- - O

MA|
Ol column sizeE 7HX|= HIEHZ & =8 =2 EHELHH?

(Oa
o
~
(o¢]
©

column 0 1 2 3 4
(meaning) i am a boy vyou are gl he is teacher
ex. | am a boy 1 1 T 1 0 0 0 0 0 0
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CountVector

« THO| =it T Bl S 28510 feature vectors ‘dd
i am a boy you are girl he IS teacher
| am a boy 1 1 1 1 0 0 0 0 0 0
You are a girl 0 0 1 0 1 1 0

He is a teacher 0 0 1 0 0 0 0 1 1 1

. EHOJO] Z A MLt 20| HEFS DA

it is fun at not good bad all
Itis good, notbad atall. 1 1 0 1 1 1 1 1
It is bad, not good at all. 1

1 1
. O3] 27} ZIFt0f et 2h2te] 4 X| %



¢ bribing voters a specified
i ¢ candidate can be made
y 1 the election’s winner? We
| | ¢ study this problem for
|| election systems as varied
| as scoring ...

LA =y ™ _ia = =

Documents —) Vector-space
T————— representation
t 'i‘lh. samll s bhmiss semall
| ey D1 | D2 | D3 |D4|DS
dil ¢ "
9q 2 ¢ We study the complexity complexity | 2 3 2 3
t T of influencing elections ith 3 2 2
" i: ¢ \ through bribery: How algorithm
f an computationally complex entropy 1 2
K is it for an external actor
1 ¢ ¢ to determine whether by traffic 2 |3
gna certain  amount of network 1 4
4

Term-document matrix
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Inverse Document Frequency)

« EHTH OV HAN HS K| LHe 2AM SO0l|A GO0tLE Xi S&oH=A
ofl Th3t of== 3t
« Off Y IO HA| S K| L BIET =245 BHX| E6HA| LiEfL= T
HY = U= (BROHK| &2 T = AUS)
« IDF= == TKX| X2 =E i THo7t =olot ZX° =2 L =
= E 3o AFE ~
ITotaI Number of Documents 100,000,000
Number of Documents
Term of Interest Containing that Term
a 100,000,000
boat 1,000,000
mobile 100,000
mobilegeddon 1,000




TF-IDF
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« M LHO| B o] BIE2F S 289 2A|(TF)2r S X| DA 0| T
o Bl ot S2-d2| &A|(IDF)E sAI0| 115

W, = tfx , X lo g\ dfx

tf, , =frequency of xiny
df = number of documents containing x
lerm x within documenty N = total number of documents
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Document Searching

2 M(document)Z CHESH= TF-IDF HIE{2F Z{A4H0{ (query)
[
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» NumPy(&It0]): =1 wrof Hits 2fer DIo|M 2f0]| 2 &=
 nXHE! B BIE] Gt 23t 7|5 K|

« Pandas(®tC Dataframe(Hl|O|E{ 2| Q) HEHS| Xt = 2tz
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« Z&(classification
=t (clustering)

[
M Z=Z(feature extraction)

o« D= MEd 51 I model selection & evaluation
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« Naver Sentiment Movie Corpus
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« document; G2 L2
- label: 0/1 (R8/373)
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« https://colab.research.google.com/drive/1xbT7-
L Kx3BEMQFLOdf]9iK80eXDSI m9rV?usp=sharing
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Word2Vec
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https://word2vec.kr/search/

MM3-1 4&. Word2Vec

. A& ACE S TYSLIC

« https://colab.research.google.com/drive/1b04puQHvh vWE3pf
tMcg Wnpgl c56gCF?usp=sharing
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« https://colab.research.google.com/drive/IMjP1ylyp hg2mIR8
cmXBkgbGgbBKU1t5?usp=sharing
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BERT

Bidirectional Encoder Representations from Transformers

« 1=0[2018EF 118 HHE
* Pre-training + Fine-tuning ++ =&
« @Al NLP competition| A2 2= FH State-of-the-Art 44
« Human PerformanceE s7t5t= 8&

« AT CHFS BERT Il 2 E0[ RESOX| 11 /IS
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SQUAD

* The Stanford Question Answering Dataset

« https://rajpurkar.github.io/SQuAD-explorer/

Leaderboard

SQuAD2.0 tests the ability of a system to not only answer reading comprehension
guestions, but also abstain when presented with a question that cannot be answered

based on the provided paragraph.

Rank Model

Human Performance
Stanford Universily

(Rajpurkar & Jia et al. '18)

1 SA-Net on Albert (ensemble)

2 SA-Net-V2 (ensemble)

2 Retro-Reader (ensemble)
Shanghai liao Tong Universily

http:/arxiv.org/abs/2001.094694

EM

86.831

90.724

20.679

20.578

F1

89.452

23.011

92.948

92.978


https://rajpurkar.github.io/SQuAD-explorer/

SQuUAD Example

“...Other legislation followed, including the Migratory Bird
Conservation Act of 1929, a 1937 treaty prohibiting the hunting
of right and gray whales, and the Bald Eagle Protection Act of
1940. These later [aws had a low cost to society—the species
were relatively rare—and little opposition was raised.”

* Question 1: “Which laws faced significant opposition?”
Plausible Answer: later laws

 Question 2: “What was the name of the 1937 treaty?”
Plausible Answer: Bald Eagle Protection Act



CoQA

A Conversational Question Answering Challenge

« https://stanfordnlp.github.io/coga/

Leaderboard
Rank Model In- Out-of-domain Owverall
domain
Human Performance 89.4 874 88.8
Stanford Universily
(Reddy & Chen et al. TACL "19)
1 RoBERTa + AT + KD [ensemble) 01.4 89.2 90.7
Zhuiyi Technology
https:/arxiv.org/abs/1909.10772
1 TR-MT (ensemble) 91.5 88.8 90.7
WeChalAl
2 RoBERTa + AT + KD (single model) 20.9 89.2 20.4
Zhuiyi Technology

https:/arxiv.org/abs/1909.10772


https://stanfordnlp.github.io/coqa/

CoQA Example

Jessica went to sitin her rocking chair. Today was her birthday
and she was turning 80. Her granddaughter Annie was coming
over in the afternoon and Jessica was very excited to see her.
Her daughter Melanie and Melanie’s husband Josh were coming
as well. Jessica had . ..

« Q1: Who had a birthday?
Al: Jessica
R1: Jessica went to sitin her rocking chair. Today was her
birthday and she was turning 80.



CoQA Example

Jessica went to sitin her rocking chair. Today was her birthday
and she was turning 80. Her granddaughter Annie was coming
over in the afternoon and Jessica was very excited to see her.
Her daughter Melanie and Melanie’s husband Josh were coming
as well. Jessica had . ..

« Q2: How old would she be?
A2: 80
R2: she was turning 80



CoQA Example

Jessica went to sitin her rocking chair. Today was her birthday
and she was turning 80. Her granddaughter Annie was coming
over in the afternoon and Jessica was very excited to see her.
Her daughter Melanie and Melanie’s husband Josh were coming
as well. Jessica had . ..

« Q3: Did she plan to have any visitors?
A3: Yes
Q4: How many?
A4: Three
Q5: Who?
A5: Annie, Melanie and Josh
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