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from sklearn.feature extraction.text import CountVectorizer

peach words =["uti no sumomo to momo", BLb»DTF—4&
"sumomo MO momo mo momo no uti™] ¢ toyd
vect =|CountVectorizer ()| f Y A X R4
vect.fit (peach words) IF — R % fit
vocabulary@ % % &R

print ("Vocabulary size: {}".format (len (vect.wvocabulary )))
print ("Vocabulary content:\n {}".format(vect.vocabularg_})
Vocabulary size: ©
Vocabulary content:

{'uti': 5, 'no': 2, 'sumomoc': 3, 'to': 4, "momo': 1, 'mo': 0}
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peach words bow = vect.Eransformkpeach_words)
print ("peach words bow:\n .rormat (repr (peach words bow)))

T|
print ("Dense representation:\n{}".format(peach_words_bow))
("Sparse representation:\n{]".format(peach_words_bow.toarray()))

print
peach words bow: 2 X 6 DBRITHI., EXR10

<2x6 sparse matrix of type '<class 'numpy.int6d'>'
with 10 stored elements in Compressed Sparse Row format>
Dense representation:

'O, 1 1 > N Lk rSi/— A =
o 2) | EERETRETIRRATERS ATV,
(0O, 3) 1
(0, 4) 1 XM T=ZBFHIYITNSVOTHRENEICRZS
(0, 5) 1 KRBT —2EWRICT S LHITIITRRL ENLGL
(1, 0) 2
(L, 1) 2
(1, 2) 1
(1, 3) 1
(1, 5) 1
Sparse representation:
[((011111] toarray() X ¥/ v F TER{TH & L THRR

[2 2110 1]]
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cMREL L2 —DEVTFXAY MNP RXRZIE
« I2EITT — Xty F DML R -0 THLES
o @ L 2 — A2 ER 50,000
« Zm 9 HIIIfEA25,000, 7 X k25,000
o ZMDE 4 |ZpostiveT — X 12,500, negativeT — X 12,500
« FIfE Tpos/negDHIRIETILZ{EY, TA T3

e 1L E 12—

print ("text train[l]:\n{}".format (text train[1]))

text train[l]:

b'Words can\'t describe how bad this movie is. I can\'t explain it by writing only. You have

too see it for yourself to get at grip of how horrible a movie really can be. Not that I reco
mmend you to do that. There are so many clich\xc3\xa9s, mistakes (and all other negative thin
gs you can imagine) here that will just make you cry. To start with the technical first, ther
e are a LOT of mistakes regarding the airplane. I won\'t list them here, but just mention the
coloring of the plane. They didn\'t even manage to show an airliner in the colors of a fictio
nal airline, but instead used a 747 painted in the original Boeing livery. Very bad. The plot
is stupid and has been done many times before, only much, much better. There are so many ridi
culous moments here that i lost count of it really early. Also, I was on the bad guys\' side

all the time in the movie, because the good guys were so stupid. "Executive Decision" should

without a doubt be youl're choice over this one, even the "Turbulence"-movies are better. In

fact, every other movie in the world is better than this one.'
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o T —XF0A, BoWHRIREDIFE

from sklearn.datasets import load files

reviews train = load files("aclImdb/train/") F_Zpa— K

reviews test = load files("aclImdb/test/")

text train, y train = reviews train.data, reviews train.target _,
text test, y test = reviews test.data, reviews test.target — X
print ("type of text train: {}".format (type(text train)))

print ("length of text train: {}".format (len(text train)))

print ("length of text test : {}".format (len(text test)))

Q

DY Y 5313

type of text train: <class 'list'>
length of text train: 25000
length of text test : 25000

vect = CountVectorizer().fit (text train) CountVectorizer, fit
¥ train = vect.transform(text train) transform (BOW%EE)
print ("X train:\n{}".format (repr (X train)))

X train:

<25000x74849 sparse matrix of type '<class "numpy.inté64'>'
with 3445861 stored elements in Compressed Sparse Row format>

25,000x74,849nKT5. £%3,445,861
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e 25, 000x74,849 175 ZiR<
 get_feature_names() XV v F 1 HFEHE=EDY X k

feature names = vect.get feature names ()

print ("Number of features: {}".format (len(feature names)))

print ("First 20 features:\n{}".format (feature namgs[:20]))

print ("Features 20010 to 20020:\n{}".format(fgature_names[20010:20020]))
print ("Every 5000th feature:\n{}".format (feature names[::5000]))

JXAFPDORS

Number of features: 74849
First 20 features:E2

D20
['oO', '00O', 'OOOOOOOOOOQOO1', '0OO0O0OO1', 'OOO15', 'OOOs', 'OO1', '003830', 'OOe', '00O7', '007

', ‘'ooso', r'o0083', '00936€38', '0OO0am', '00pm', '00s', '01', '"Olpm', '02']
Features 20010 to 20020: 2 001042520020
['dratted', 'draub', 'draught', 'draughts', 'draughtswcman', 'draw', 'drawback', 'drawbacks',

'drawer', 'drawers']
Every 5000th feature: 5 0 0 Oﬁ
[*00', 'augustine', 'béte', 'cost', 'draper', 'fleece', 'hasan', 'jardine', 'maars', 'nathani

el', 'pincher', 'replica', 'shunning', 'swordmen', 'unproven']

« ‘000000000001’ %>’00015’, ’003830'73: & —[B]| X V) T
HA D EIED pos/negl IELEHBZA 75\

¢ ‘007’ IEDDBANICIETDD B 7 L —XRIZDH,
EHROBONMEBEESADL WSS,




732 MEL E 2 —DBoW

* LogisticRegression’ JGIZ L 72017
s FTREIRERIAEE Y vy N —F TETIVERK

import numpy as np

from sklearn.model selection import cross val score

from sklearn.linear model import LogisticRegression

scores = cross val score(LogisticRegression(), X train, y train, cv=2)

print ("Mean cross-validation accuracy: {:.2f}".format (np.mean(scores)))

Mean cross-validation accuracy: 0.88 ZFEMRIFOFIHGZR a7

from sklearn.model selection import GridSearchCV

param grid = {'Cc': [0.001, 0.01, 0.1, 1, 10]}

grid = GridSearchCV (LogisticRegression(), param grid, cv=3)
grid.fit (X train, y train)

print ("Best cross-validation score: {:.2f}".format (grid.best score ))
print ("Best parameters: ", grid.best params )

Best cross-wvalidation score: 0.89 ﬁﬁgﬁw\%@c,\ogx_ﬁ%yu =% I"U"—?
Best parameters: {'C': 0.1}
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X test = vect.transform(text test)
print ("Test score: {:.2f}".format (grid.score(X test, y test)))

Test score: (0.88
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« HEDOME A E~ND T 7 A—TF
e min_df/XT XA —X THHEIND7T-DDFRHGFZHTE

print ("X train:\n{}".format (repr(X train)))
vect = CountVectorizer|min df=5)|.fit (text train)
X train = vect.transform(text train)

print ("X train with min df:\n {}".format (repr(X train)))

X train:
<25000x74849 sparse matrix of type '<class 'numpy.int64d'>'
with 3445861 stored elements in Compressed Sparse Row format>
X train with min df:
<25000x272772 sparse matrix of type '<class "'numpy.inted'>'
with 3368680 stored elements in Compressed Sparse Row format>

e SNEL FDOZEIEAZMHEIZT B
« BEEET74,84927,272
« L #3,445,861=3,368,680
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e 25 000x%x27,27208{75]%78<
 get_feature_names() XV v F 1 HFEHE=EDY X k

feature names = vect.get feature names ()

print ("Number of features: {}".format(len(feature names)))

print ("First 20 features:\n{}".format (feature names[:20]))

print ("Features 20010 to 20020:\n{}".format (feature names[20010:20020]))
print ("Every 5000th feature:\n{}".format (feature names[::5000]))

Number of features: 27272
First 20 features:%*}]d) 20

[roo*, r*ooo*, roo7', ‘'oos', *o1', ro2', '03', ‘'o4', '05', ‘'oe', ‘'o7', 'o8', 'og', 10", '10
o+, rio00', '100th", r'101', '102', '103'"]

Features 20010 to 20020 2 0 0 1 0 75“9 2 0 0 2 O

[repent 'repentance', 'repercussions', 'repertoire' 'repetition', 'repetitions', 'repetit
ious', 'repetitive' rephrase replace 1

Every 5000th feature: 500 Oﬁ

['00', '"complicit', 'gainey', 'martians', 'repairs', 'trenches']

» ‘000000000001’ %°'00015’, ’003830'7% & —[a] = V) T
HADFED JBZAT-
« V077 E—RBEEKRLMESD. sSNEULTENT
mOmEREBZ AW T—RELTHE->TWA,

¥ [o07] IZMEDXA P
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e 7 )y Y —FXO7

grid = GridSearchCV (LogisticRegression (), param grid, cv=3)
grid.fit (X train, y train)

print ("Best cross-validation score: {:.

2f}".format (grid.best score ))

Best cross-validation score: 0.89

« $ERIXZ0., 88=0. 89 BEmMZTIHEL
e 7272 L. BEMEKT4,849=2272720 BB L LT
S®RLLTWS, B E->-TEEZDL E,

BT HRIC
TAMNT—ZORIZIET —XICEWEIEAENTCHEEREINS,

Z D% NIFBIZBERIFD DWW ENFREIN, EN NI W0,
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e T X8
e BOWXIRI|IZX T v 7
fh—o pB - RE vy TZYREE .- - F

MEBEDIBFRITE TN D,
Scikit-learn C & CountVectorizer & transform X ¥/ v |k,

- FHEMEIISRICOEZITRE TCHMEDS Y,
St L SXEULTN D HEE
HEEE 74849 271272
BRH 3445861 3368680
REMRIER AT 0.88 0.89

B D20

'00', '000', '0000000000001", '00001", '00015', '000s',
‘001", '003830', '006', '007*, '0079', '0080', '0083',
'0093638', '00am’, '00pm’, '00s', '01', '01pm’, '02'

‘00', '000', ‘007, '00s', '01", '02', '03", '04', '05", 06,

'07','08','09', '10', '100', '1000', '100th', '101", '102",

‘103’

20010-20020

'dratted’, 'draub’, 'draught’, 'draughts’,
'draughtswoman’, 'draw', 'drawback’, 'drawbacks’,
'drawer’, 'drawers'

‘repent’, 'repentance’, 'repercussions’, 'repertoire’,

'repetition’, 'repetitions’, 'repetitious’, 'repetitive’,
'rephrase’, 'replace’

500078

‘00", 'augustine', 'béte’, 'cost’, 'draper!, 'fleece’,
‘hasan’, 'jardine', 'maars', 'nathaniel’, 'pincher’,
'replica’, 'shunning', 'swordmen’, 'unproven’

'00', 'complicit', 'gainey’, 'martians’, 'repairs’,
'trenches’




