06 | NLP

(Natural Language Processing)

Keefsta Aps| st st

H7)



« A]443: NLP €&
« Word2Vec2
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AT
https://drive.google.com/drive/folders/1uGbPs83hRzuuY3IMQ
BGs76pKrV20Qtq2o0N?usp=sharing
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NLP(Natural Language Processing)

» NLP2] A}
%7] - 72 7] NLP(1950s~1990s)
+ %7] = 5AA NLP(1990s~2010s)
« @A - & NLP(2010s~)



NLP vs. Text mining

- ek E 2

O
-1 =
 Text mining: Ei]._/:E_Oﬂlﬂ olu
. NLP: ATE 7} ¢17k9] olo]

« F|oll= 1 7%

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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oyt o] NLP A7 T2 A~

« & 2] (Preprocessing)
glo]E]2 sto] Hatsl L2 Al
- Z, ET3}, FALEHA, ol &, BAlo] &, 8] AA
« Bl €] S} (Feature Vectorization)
« ZYZFo] HlolH & HFHE AT 7 UEE 5|3}
« 29 sk<5 (ML Modeling)
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Morphological analysis
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EZ35}
Tokenization

+ B2 (token): B oA} ths & gl Qo] 2.4 9]
l-?_

« EZ3} 2HE-2](Corpus) 2
L B EASH @ BY UYR 25
. Tro] B8} tho] Tl
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POS(Part—of—speech) Tagging



=4 B
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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Stemming

» olgo] M H Tol 2] AL 52 AAStT I whole] oj7he
w25 We A

- TEo] Q= Tolso] dAsH Tt oo MY EA st= A

- 017+ HFEA] o] L3} Zofok gt W= glg

cHOIE B gigFH o ojng Aahd o7k £

« works, worked, working = work
« plays, played, playing = play

e amuses, amused, amusing = amus (?)
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LLemmatization

Stemming vs Lemmatization

change change
changing s} changing %
changes —> chang changes —> change

/ /
changed / changed /

changer changer
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Stopwords

C RS PASHT B4 2 ojn)} gl golE
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* 1, my, me, myself, we, our, ours,

= AR HeA] el 3o Sl YEFrHEE, Al ASIAL 2
=

710] %i—*ioﬂ e = A=

« {‘ourselves’, ‘hers’, ‘between’, ‘yourself’, ‘but’, ‘again’, ‘there’, ‘about’, ‘once’, ‘during’, ‘out’, ‘very’, ‘having’,

9

o« Ol

45}

ic)
j
T
rE

‘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’, ‘1, ‘after’, few’, ‘whom’,
t’, ‘being’, ‘if, ‘theirs’, ‘my’, ‘against’, a’, ‘by’, ‘doing’, ‘it’, ‘how’, further’, ‘was’, ‘here’, ‘than’}

* https://www.ranks.nl/stopwords/korean



https://www.ranks.nl/stopwords/korean
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« b0l AH A =E e H7]A|
* https://konlpy.org/
« A TR/ FHIA 2H47]E TolRlof| A AR 7Hs
- pip 5 ol 17)7] HjUAE Fa) A4 7bs

. chere Fel 24 715 AE
« .morphs() : P& H £

 .nouns() : YA ==
« .pos() : FERA E{ 7
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« https://colab.research.google.com/drive/1Kwmae mKSycY]Jxw
VKkMBR6whRkZ5AY gb8?usp=sharing



https://colab.research.google.com/drive/1Kwmae_mKSycYJxwVkMBR6whRkZ5AYqb8?usp=sharing

A|A2: NLP Als}
« A4 28 “Bo]El g 5A]3}51o] wehslr]¢
« TF-IDFQ] 7jg 2 =2 Qg

dlolH 3} 21 243 "HolHAINSMC) &4
« TF-IDF & &-&3t A4 A






AL (Embedding)

=]
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0 1 0 0 O O 0 o0 O
o 0 1 o0 O O O O O
0o 0 0o 1 0 O 0 o0 O
0o 0 o o0 1 0O 0 O O

Vocabulary:
Man, woman, boy,
girl, prince,
princess, queen,

0o 0 0o O O 1 0o O0 O

o 0 0o 0o O O 1 0 O

o 0 0 0 0O O 0 1 O

king, monarch

o 0 0 0 0O O 0O 0 1
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Bag of Words

« 2= ETOSHY, 20 et EEEE 22 HESEA}
e [ am a boy = [I, am, a ,boy]
* You are a girl 2 [You, are, a, girl]

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

H

L CEE

C RE Bfo] A A710] wE 2 e 5 S
719] column sizeE 7HA]&= HH=E ¢ 8 5< B2 H?
column 0 1 2 3 4 5 6 7 8 9
(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



71 EHIE

CountVector
« =0l 2 o] HIEE &85} feature vectorg A4
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 1 0 0 0
He is a teacher 0 0 1 0 0 0 0 1 1 1
. tholo] £ wAY Bao] gigke B
it is fun at not good bad all
Itis good, notbad atall. 1 1 0 1 1 1 1 1
Itis bad, notgood atall. 1 1 0 1 1 1 1T 1
. 01%] 57} Zolstel wkel Zhzke] 428 E@L S 5jure ol

B 2S5 77 H GlEEE o3 F2& Alelstal 1A= 0)
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TF(Term—Frequency)

“BAC)A BHEA 0 2 S Golr} 1 BAE tEITY
« E4 dhoj7} B4 Yol ol A5 SHSHEAS GEhiE @
c S ol WIET} 2242 B4 Yol FRT 45 S

« TF= 2 @09 24 U ¢ HES A

Documents ) Vector-space
i representation
t Ihl]'a.-...nu.l . h.-\.-u.. P e
43¢ e PR | D1 | D2 | D3 | D4 | DS
&1 : ¢ We study the complexity complexity | 2 3 (2 |3
t3 ¢ § of influencing elections .
::I : 2 v through bribery:  How aigorithm 4 |4

IR computationally complex entropy 1 2
J yts is it for an external actor
1% 1 { to determine whether by traffic 2 13
!"rEra certain amount of network 1 4
T | { g bribing voters a specified .
| ¢ candidate can be made Term-document matrix
S | | 1 the election’s winner? We

| | t study this problem for

| | election systems as varied
| as scoring ...




AEA R
IDF(Inverse Document Frequency)

“BE BAN B8] A5 et dolk Fa5kA] ghe gofolt

L ST Dolrl WA WEA Yol BA FoIA Lokt A4F 55
£l ofe S 2

o) kol o] A WEA v HIEst 42 v EobA e
£ g0l 5 9 FakA gL dold 5 %)

. IDF: 22 A7) 24 9] 2 o tol7} Z2@s 249 52 1)

5 = = Q
RLE = 1= ‘l’] OH/d /\]' &) Total 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=IDEF

« TES} IDFE ©A] H53F 4t (TFXIDF)

« EA] o] Tof o] Wl o} oA o] PA(TF)9}
5] AA A Tolo] WEet FaAo] BADRES
£ Ao 21e]

N
W= the, < log e

tf, = frequency of xiny
df = number of documents containing x
'm X withi ienty N = total number of documents
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Cosine Similarity

« T 9B o] AR AR E HdleE A7 F
« 7 HE 7F ZF 2 9] cosine 4f= ©]-&9dlo] =

sim(A, B) = cos(f) = 4B

|4l18]
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Document Searching
« 24 (document)E ) E3SH= TF-IDF H e} AM o] (query) S Hf

31 6t+= TF-IDF ¥H 9] cosine similarity S T+ 2 H &A% A

Molo] GAE S AN 5 908
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« NumPy(gm}o]): 4=ctu} wet AA4kZ Qfet mho|4 go|H 2]
07} Ej ] HE LS 9lat A1 A1
« Pandas(@tA): Dataframe(d|o|H =8| ) FEie] A= T

« Scikit—learn(AFe]Z —&): mro] A w4l gfo]H g
. Cropst AL B Al AR
« B2 (classification)

S}(clustering)

Jlm d

=]
A Z=Z=(feature extraction)
o A

A

Hj

2 I 7Hmodel selection & evaluation
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« Naver Sentiment Movie Corpus

- Ylo|H| ] 3} Hlo|x] Ha W FA/HA Fo|& Eg
document: 9= W&
e label: 0/1 (FA/FA)

id document |abel

9978570 Of .. & MELIE =22 a

3818312 &, EAHYED =HAESE. . 2HAED | ZAF 2R EH 1
10265343 H—DrIH”'O*EFJEHME':?JE—’F@ EHCH a

9045019 WS4 Ol0PR=E  £& S MOl= g0 . BE =3 a

483659 AtOl=0 02| elats S0t =20 H G AT0IEMHM SsHE012(2E 31E HAE 22200 4TS OMER0

5403919 9F Z=0F ® 3458 ==& 1830 geEdst a5, EPHE 0= 1l
Ti9T3g EEte| 2EZE H= %*ELHKIEEHEF o

9443947 £ PN ORACH ELEECH 0128 422 A2|HE0|E32A], B2 22 J08
TIBETET A0 =0z MOl Sl= BRHE= A
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G-70556 =2 = |

0274599 GDNTOPCLASS|MTHECLLRB 1]

844678 FOF O BHEEZ. ... LA Z2AI2 108 FRl= 0= ofldar 0

B825595 A|ZFatAl= EEEEII ZHHE orAel . =210 2l i a

B723715 302F OH_ISTHE & Chd Y 1"1%5 .. ¢ 302 Liztd H &2 EEH5HH 5% 0
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B316043 E&E A2 0
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A2 A< TF-IDF

A% FES B9 Agsh o,
« https://colab.research.google.com/drive/1xb7-
LKx3EMQFL0df9iK80eXDSI m9rV?usp=sharing
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Word2Vece] A4

 gol7} wlE| 2 WahE gloy ol 7 ddto] 7bs

« THol 9] FAM = cosine similarity= A4t

WOMAN

/ AUNT QUEENS
MAN /

UNCLE KINGS \
QUEEN \ QUEEN

KING KING

(Mikolov et al.,, NAACL HLT, 2013)



Sk Word2Vec

e https://word2vec.kr/search/

= E_____aa

HE-MS+ER

QUERY

-X4E/Maoun

+ot=2/Moun = +T==2/MNoun

RESULT

+ )7 B kA whEo] Qs AL
C @ - g+ T =
. AR B - AduSt+ QR = 9


https://word2vec.kr/search/

=
ra
N
!
1,
il
=
=

o
NO
<
(@)

e

« https://colab.research.google.com/drive/1b04puQHvh vWE3pf
tMcq Wnpglc56qCF?usp=sharing
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- » Session3-2.ipynb ¥
Al C=E ©E35 1 ke)
A2 g2 By Ay B i

= o o M +3 %7 Mg #E
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ecom/drlve/lM]P1y1yp hg pipd -aaq install Mersm ua Ctri+ShiftsEnter
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https://colab.research.google.com/drive/1MjP1y1yp_hg2mIR8cmXBkqbGq6BKU1t5?usp=sharing

BER'T

Bidirectional Encoder Representations from Transformers

« +=°] 2018 114 2%

* Pre—training + Fine—tuning ++=

« FA] NLP competition®] 2] RE < State—of-the—Art A7
« Human PerformanceE 57}oh= A%

« A= theFet BERT mhA) Rdlo] whEojx] 1 98



BERT Transformer

Qutput
Probabilities

Add & Norm
Feed
Forward
4 I ~\ | Add & Norm |<_:
L Add & Norm } Mutti-Head
Feed Attention
Forward T 7 Nx
B =
N Add & Norm ==,
p-»l Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At 4 At 4
C— . —
Positional o) @ Positiona
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.
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[SEP]
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[SEP]
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[SEP]
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[SEP]



BER'T Pre—training

« AT 2719 -5 A (Corpus) = 222 A &h<5
« Gof 7wk e o] F-9 BooksCorpus(800M words), Wikipedia(2,500M
words)& 53 o5
o Th=ro] RElo] A5

Wikipedia ¢ 10071¢] o] At w2
stro] T 7} WP

oS
=
 Masked Language Model: 2% Y 99 dol & npA] = 29 o
o] 2 2|25t AH|o| A Rdo] ZF ol & 55k st
 Next Sentence Prediction: &+ B4& 11, & HA E&o] A B2o| viz2
ool olej 2= 20| WAl o FE Tmdsts o
S0l 2 A7} Ahglo] 22 -
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SQuAD

 The Stanford Question Answering Dataset

e https://rajpurkar.github.io/SQuAD—explorer/

Rank

1
Jun 04, 2021

2

3
May 16, 2021

4
Apr 06, 2020

5
May 05, 2020

Model

Hurman Performance
Slanford University

(Rajpurkar & Jia et al. "18)

IE-Met (ensemble)

RICOH_SRCE DML

FPMet (ensemble)

T N S FURT: | LR
ANL zervice InLemyence 1edam

|[E-NetV2 {ensemble)

RICOH_SRCB DML

SA-MNet on Albert (ensemble)

CHANKIN

SA-Net-V2 (ensemble)

CIANXIM

EM

86.831

920.939

90.871

20.860

90.724

20.679

F1

89.452

93.214

93.183

23.100

93.011

92.948


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

SQuAD 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 laws had a low cost to society—the species were

relatively rare—and little opposition was raised.”

e 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

e https://stanfordnlp.github.io/coqga/

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) 91.4 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 Technolagy

https:/arxiv.org/abs/1909.10772


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

CoQA Example

Jessica went to sit in 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 sit in her rocking chair. Today was her

birthday and she was turning 80.



CoQA Example

Jessica went to sit in 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 sit in 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?
A3I Yes
Q4: How many?
A4: Three
Q5: Who?
A5: Annie, Melanie and Josh



c A% AES B AP,

« https://colab.research.google.com/drive/1MjPlylyp hg2mIR8¢c
mXBkabGqb6BKUI1t5?usp=sharing

. Aeke] 6@S GPUR Aa5HA] 7] Hlehut,
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