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o17+ £ (Stemming)
S4AH7[H (Lemmatizing)
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A1l normalization (YU =3 -) LICE 33, AFSSH -) AHESl)
o SO E X{2|o}= O[A|QULIEa a3 a3 -) =20 E X{2[6}= 0f[A |
LIC} =33
E 335} tokenization

o SO E *{2[o}= Of|A[RILICE == -) ek=0{Noun, &Josa, Z{Z|
Noun, st=Verb, 0|A|Noun, & Adjective, LICtEomi 3=
KoreanParticle

0|25} stemming (LICt-) O|C})

o SIZOIE A2|5t= OIA|ULICH =3 -) SF=20{Noun, £ Josa, Z{2|
Noun, StCiVerb, 0| A|Noun, O|CtAdjective, = = KoreanParticle
0]+t == phrase extraction

o oF=01E AE|ot= OIA LI =3 -) =04, 22|, BIA|, 2 2[5t= Of|A|

[EA] : twitter-korean-text] (https://github.com/twitter/twitter-
korean-text)




£80] Stopword

QULHA O 2 THAOM A3 LIEH = EHO;
SHEO|Lt 02 TR A0 AH 2 7|0f5HA| %2

LS &

Gll) ZAL E0IA-LE L, 2,

=, 0|, 7, stCt, &Lt S



CHO{S £0H3{0 2 HHYZCY,
MZZ (like new), MZ= (will be new)
J

HRAC} (ate), HZ (will eat), HEX = 2E=(may be eating)
— DL} (eat)

[EA] : twitter-korean-text] (https://github.com/twitter/twitter-korean-text)



S AH7|H Lemmatization

SAFEE7 EEE FHQ| 7| Zd Ll = Hel
1) HHZ}F SFUCE,

2) U= Et= 20| ZHO|RULCE,

3) BAECHF B2 T0| HO{A H7} OFZLY,

G010}l A meet= meeting2 & A NS [ 3]2|E S55tA| 2 meet Y (M= ThLY
Ct= X2 20| 1 THoi7F SALR AQU=A] SALR AA=2|0f et Aefer o[0j
ELEEFE=A
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One Hot Vector
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BOW (Bag Of Words)



BOW (bag of words)

o 7/t ZtTholA|2F 2 0}X0[2} E2|220]= TH

g, MAL 22 UE BIAE 9| 1122 A|Qf6tLL 4 HO{7}
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o UGS =01 2[0|7} 2t 0| BITHOl &= E&= EAf
m it's bad, not good at all.
m it s good, not bad at all.
o 7| F &8 2|0|7} o BICHA| T 2t 0| S oA Bhet

o O|E H2M5t7| &[5l n-gram= AtEot= O BOW= otLt2| EE= Al
251A|2F n-gram2 nle] EES ALE




BOW (bag of words)

(1) S=H0| HAZ EfL1 LM}
(2) S=H0M AFALE ZHLCT.
(3) S=H0M 7|2 = ZCT.
£33
[
II%E%O-”"’ "%%—OL_IO'IlA'l", " i%", "Al-Zl-%", "7|EI_I%", "E_l'J_l", lleI_E|_|I’ "AAI-El-"
]
H|E4 5}

(1) :1,O’ 190, O, 1’ 130:
(2) :O, 1 b O’ 1 b O’ O, O, 1 :
(3) :O, 1 b O’ O’ 1 b O, O, 1 :




N—gram seoj HAS eta 7ick

uni—-gram
[

|l%%_o£_|0-”",
"H'lé%"
“El'__ll_",

|lzk|_E|_|l,

]

bi-gram
[

"SS 0| HAS"
HAS ELD’,
"El_J—l zkl_El_"

]

bi-gram(1,2)
[

"%%—OL_IO'”",
llH_lé%",

EfDIACF,
"SSL0| HAS'
|IH_|£% El‘__,l_",
|IEI__—,L zkl_El_"

]

tri-gram
[

Sa 0| HAS EfAL,
HAS ERLL ZCH

]

tri-gram(2,3)
[

"SELU0 HAS,
HAS Ef
'EfD ZiTP,
"S22I0| HAS ELD”,
HAS EFD 24T

]



TF-IDF

Term frequency Inverse document frequency
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CHO] XHNI7F 2MZ LHOIA Xt AMEE[= E 2,

O|A2 O HO7t 2s5tA s&seiCl= 2E 2|0|

0|71 DF(£AM HIE, document frequency)ctil 5,

0| Zte| @i4-Z IDF(AEAM YIE, inverse document frequency)z &
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07t 2 Lo ZOfLt Xtz SEo=XIE LIEfL=

Zt
HA



Word2Vec

Word Embedding to Vector



Word2Vec

one hot encoding (¢l [0000001000]) &-2 Bag of Words0i|A{
vector sizeZ| O 3.1 sparse 5t = neural net 50| & LI22A| ¢S

o 2| L7} H|==61H off T £H0{ Q| o|O0| = FAlelCt 2f= OfO|C| &4
o LI E E|0|'d A|Z [} £HH CIO{ & |abel 2 Oj Z|610{ 2| A s}
e LI £ O|0|= LSt dense vector= DA A7 | = A

Word2Vec= w1t = HIAE Hol5 AFESIG g 2t RAMS &
0l S =01, 40| ¥t S=0| M=22f =0 (=2t Ligh) €2 TA2 2 HHE[M S

Oloff



INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

w(t-2) w(t-2)
w(t-1) w(t-1)
\SUM /

. w(t) w(t) e
w(t+1) 7’ \\ w(t+1)
w(t+2) w(t+2)

CBOW Skip-gram

Figure 1: New model architectures. The CBOW architecture predicts the current word based on the
context, and the Skip-gram predicts surrounding words given the current word.

=] 1 https://arxiv.org/pdf/1301.3781.pdf Tomas Mikolov, llya Sutskever, Kai Chen, Greg Corrado, and Jeffrey Dean. Distributed Representations of
Words and Phrases and their Compositionality. In Proceedings of NIPS, 2013.


https://arxiv.org/pdf/1301.3781.pdf

CBOW (continuous bag-of-words)

HA| BIAE 2 SHLfO| TS Of|Solv| =0 412 HIO|H MY +~F welolCt.
Of2H Ol _ O SO1Z HHoiS 0 Z3HC

1) _7FSIUL.
2) __& El= A0| ZH0|RALC,
3) BAHCH & __2 T0| HOjA __7tOf =LY,

Skip—Gram

EFl CHOJS 2 EE| Y& THO|E S0 2 0|51 Z0|Ch. CBOWSHS HHH 2 A E-EF3 42
Mz 2oz 2j2i5ia 2 2ol Hlo[EAS 71 1 82

s THof 0| & 4 Q= THOIS o2
1) *tfjx7} BFQICE

2) *tij+E EF= 20| MO|QUCt
3) BARCHS *jx2 50| HOJA *t+7} OFICE
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B2l =21y-A O|0jE

e Word2Vec2 3H HiE]2}E CIO|E{ 2 THO| RAIE HI|

# PAL=I} QI HOf EE
model.wv.doesnt_match('O|&HE Y23 CiEE HAE2'.split())

# 718 FAEE EOIE =

yHe:
model.wv.most_similar ('CHEFH')
e ¢ RMET Gl 0] F2

[("HeIl', ©.9971275925636292), nodel.wy.doesnt motch('O/EH Has OIS ZHE SR .split()

("ZE', 0.996383786201477),

('HI23', 0.9961060285568237), ' 2Rpel

('HEZE2 ', 0.9960640668869019),

('H%', 9.995932400226593), CHO| RALE

('CHE™E2l', 0.9959185123443604),

('EZALICH, 0.9948124289512634),  Mmodel.wv.similarity("ESALT, HSET)

('0|BY', 0.9947943687438965), 0.994049599379707
('DEH|E', 0.9945780634880066),
(uyd_c_)_ , ©.9941753149032593) ] model.wv.similarity('E&HQl', '#3")

0.9836642661916147

model.wv.similarity('S&HQ"', 'F4')

©.985456522103714

model.wv.similarity('SS&!', 'S0|')

©.9487120361290824

https://github.com/corazzon/petitionWrangling
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https://github.com/corazzon/petitionWrangling
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https://github.com/corazzon/KaggleStruggle/tree/master/word2vec-nlp-tutorial
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=801 e S= Al

CRY EO s 2R CRY IR L 2R

0012 1
0014 4

0010 1 0012

0008 1 0010 1

0008

0.006 1

0.006 1

0.004 1

0.004

0002 1
0002 1

0,000 * 0.000 -

000 1200 00

IMDB gsl2|fe| To = 2

https://github.com/corazzon/KaggleStruggle/tree/master/word2vec-nlp-tutorial
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0s - 07~
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AP 1 MW AP (T2 oV
author author

A2 H|O|E{Al : https://www.kaggle.com/c/spooky-author-identification
https://github.com/corazzon/KaggleStruggle/blob/master/spooky-author-identification/spooky_NLP_EDA.ipynb
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HFPL

HPL

MWS

Unique text word count

A2 O|O|E{All : https://www.kaggle.com/c/spooky-author-identification

https://github.com/corazzon/KaggleStruggle/blob/master/spooky-author-identification/spooky_NLP_EDA.ipynb



71ER A0 23 SHSH: Hoj

1600

1400

1200 -

1000

800 -

600 -

400

200

o

Top 20 word count split by author (dotted lines is the global average)

Expected cutoffs for
uninformative words

s MWS
BN EAP

e HPL

=X : https://www.kaggle.com/marcospinaci/talking-plots-2-adding-grammar

could -
tme -
even -
thing -
like -
might -
first -
night
must

would -

upon

A2 H|O|E{Al : https://www.kaggle.com/c/spooky-author-identification
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scikit-learn

algorithm cheat-sheet
H IT =
ol 84 0=

regression

SGD
Ragressor SVR(kernel='rbf)

Text wonx;uc : ,
\Dy :
prediting a
categox y
Y
00 you rave
labeled

few features i

should he WORKING

important

H| 23 H7j2] =o7]” (o)
o= RS 7! 2 sS4 7[HLE Azt

Qllearn o0 321004 22317
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