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Natural Language Processing
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Bag of words

Embedding
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Embedding: Bag of words
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Embedding: Bag of words

- Bag of words
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from sklearn. feature_extraction.text import Count¥Yectorizer

vect = Count¥ectorizer()
vect . fit{corpus)
vect  vocabulary_

[OhA " 0
2k
e 2
SHCH 3,
R 4

NS =N
T = ' 1

KIS 6,
‘Tr0ICH 7
s,
‘Stmo: g}

vect . transfarm{corpus) . toarray()

array([[1, 1, O,
[1, 0, 0,
0, 1

0,1, 0,1, 0,
0,0,1,0 1,
(1, 1, 0,0, 0 0

== —

vect  transform([' ==

array([[D, 0, 0,1, 0, 1,

HZ SOoIC), =22 FHO|SICE. ' ]) . toarray()

 TFIDF (Term Frequency-Inverse Document Frequency)

‘the book is on the desk’
‘the sky and the see’

‘book and pencil’
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TFIDF ~ oS 2&9| Ttoj= / THO{7} L= &8
Bag of wordsOf 3l o =80 L= =5 o
O| 7tEXE &
from sklearn.feature_extraction.text import Tfidf¥Yectorizer
tfidy = Tfidf¥ectorizer().fit{corpus)
tfidv. transform{corpus) . toarray()
array([[0. 23642000, 040029293, 0. . 0.30443385, 0.
0, 40029393, 0. .0, 40029393 o, , 0.BD8ERETT],
[0 31544415, 0. 0. L 040619178, 0. ,
0. , O.5340933T, 0. . 0,B2409327, 0.40619178],
[0.38537163, 0. . 0.652439088, 0. , 0.65249088,
0. , 0. i L0, , 0. 11
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Embedding: Word2Vec (2013)

Word2vecs O| &%t BHO{ RAL= H7t OfA|
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Embedding: Word2Vec (2013)

THO17L H|==ot A B0 S 2 BIE0] RARH 2 A5, wAIEO7[2] RAMCH HIE S 7HE = QUL
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woman .
man \ girl slower
\ father Q o slow
cat king J4€" boy
d \ th &‘ faster slowest King — man + woman = queen
og mother
\ cats daughter fast ! T
dogs rance [1.5, 0,01 -0, 1,0] +[1.51,0] =[3,0, 0]
England longer
he fastest
Paris Italy \ she long
London \ o U4 WE £Tot BNl Y502
himself herself longest word2vece 20213 A= £ =7 SR
Rome ) A2 A|AE0|A 20| Mol FolCt

https://medium.com/analytics-vidhya/implementing-word2vec-in-tensorflow-44f93cf2665f



Embedding: Word2Vec (2013)
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# wordgvec training

import os
from gensim.models import Wordzyec

def wordevec(texts):
inputs = [tt.split("

print{‘number of text =

print(‘wordevec training...')

model = WordeVec{inputs, size=50, window=3, min_count=3, negative=5, workers=os.cpu_count(), iter=10, sg=1)

model . init_sims
mode! . save( 'wordzvec')

wordevec(texts)
number of text = 136748

wordevec training. ..
wordevec is trained

w2y = Word2vec. load('word2vec')

‘) far ttoin texts]
len{inputs))

Word2Vec Z 1}

Word?2Vec

[20] # CHH HIF
wav. w2 ]
array([-0 2877369 , -0.3411937 |
-0,8082169 , -0.05968314,
0.20702799, 0.1501431
0.5009918 |, -0.2925843
-0, 06468862, 017707469,
1.0921260 , -0.94679564,
01426021 , -0.19204514,
-0, 40017757,  0.9187491
0.07864343, 0.2232901
- 0.13744463, 0.31774592,
ol dtype=f oat32)
-1 =
[21] # AL GH

w2y wy . most_similar (" O RIDER )
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0.
.0950974
-0.
-0.
-0.
a.
a.
0.

-1

b, 0.9651472668611963) ,
S=', 0.952028751373291),

|', 0.9491361379623413),

c+:, 0. 9426061782646179),
' 0.9412530064582825) ]

98615265,
14713229,
B2B8TETEL,

72b06ave,
01616222,
27978763,
42633244,
28953443,
87070864,

0.
-0.
0.
a.
0.
0.
-0.
a.
a.
-0.

40383942, -0.2083487
TaTIT26 , -0.2810246
38210674, -0.12299415,
01485488, -0.16676162,
2971288 ,  0.10010708,
03146487, 0.23118128,
2beh1286, -0.66439114,
gbatdzed,  0.3333111
3314806 , -0.998226567,
29360154, 0.22819856],




Embedding: Word2Vec (2013)

[23] wev = Word2¥ec. load{ 'word2vec')
fasttext = FastText. load{'fasttext')

<eda ati tin ing ng>
(28] way wy.most, similar( sstil’)
NameError Traceback {most recent call last)
. . <ipython-input—25-c60380e737cB> in <module=()
https://simonezz.tistory.com/54 > 1 wav.wv.most_similar( DSstD)

MameError: name 'way' s not defined

- CHO|E EXILHRE BN, 2 =201} SEARCH STACK OVERFLOW

!

word2vecs 4.

« U0 LEZE A0 E g2[Hel 215 g5

[24] fasttext.wy.most_similar{' D=5t0")

[("&F0", 0.96484396884185791),
9}1 % ('S, 0.9563544988632202)
('0S3tm’, 0.9352776408195496),
Sl=1o 4 X FINM & HO M| ('Z=S5I0W', 0.9316931962966819),
* - E—l I-EE H -I = Oo'T oo | -I ("=Z0ISk0", 0, 9257780009538269] ,
- 'CHEFD', 0.9132347106933504)
A E ( __| .l .l
%t ol- .:! ("25HA" | 11.8956036839004434)
('CHY', 0.86853365778923035),
("E=IREM, 0.8624955621037292),
("15HA", 0.88215684582326796) ]

QE}7} Q2 U Word2Vec} Fasttext



Embedding: Word2Vec (2013)
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Embedding: Word2Vec (2013)
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