- -

ETNANBERBERGM WAL, EBTHm(UXE,
ER.HEPHNNERTEAAPARYE, AAPRETHIENH
Fo BMBFAEAIRREUNRMANFRTAMMILE, LIWE
VmZAMMNE, UREAPAXBEEE. FERFEAHEE
THEHRFEMHR,
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2.1 NAFYFHEREY

SO AEHE IR SCAKHR B 4 o T (ML 8% 27 2 e A B ARIE =5
BAES M ARNRER RS . SCARRFESR B B AR R SCA P 015 B e ik
ANEAE R BT, CAE TS AT CAER AT A2

1211 &R

1) 4% (bag-of-words )15 B & — iy F 1) SCAASIER R i, T ORI BUE E A,
CULE TALES % I ROE R A . 2R TR, IR NG I E A E L, RoGE
) E A IR AR . 1A A A ) R A AR R A — NS TF (R R), H NG 1A (A
I . MRS IR, 3 2 BEEAT DU JLAMRAE
Q  4ridl(tokenization): Kf SCASKI 43 il i o H A A B A PR C . I A AR Elbs
5 Ko i .

Q K (vocabulary): B SCAH T T E R R SR M B —AME R, H AN
TEARRT N —AME— R 5

Q tHEE Sl (term frequency): X T RN CARFEA, GevhBEMaE 1R ZFEA b H B A
R, WU A A REFR AR A, $ob B 4ERE 5 iR R KN

Wi YR, AT DR SCARFPEA o — AN ), o ) B R AN R R R X B
1] 15 1 IS0 B A AH SGARFAIE o X AT LK SCA R Fe i N B T R, ML 3 22 21 5
HAEH .

AR ARG EAREHA, ERA T RIELARLIE, %ﬂﬁ@#ﬁﬁi'}iﬂiﬁ'é’]iﬂ
MEAZE., K, FRBR LR TEHEZ ARG LT E L, TEEL—Hy
X FaiB B 4430,

{E Python , HZF TR TsLIa 58, AT,

EERLY ks ]

1. scikit-learn

£ scikit-learn JEE P HEAE T T 92 SCAEFIEHEEUIZE CountVectorizer Al TfidfVectorizer,
B, THEESEBES TR scikit-learn PESEEUR SSARRY,  FEEE T AHACLRE o1 S EAT HERE .
B ] LUARYE B S B AAREER BB g5, e Y RRIX M1, f = A
HIHERE RS .
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JRRSEE1Z: daima/2/skei.py

from sklearn.feature extraction.text import CountVectorizer
from sklearn.metrics.pairwise import cosine similarity

# HEEEELE
movies = [
'The Shawshank Redemption',
'"The Godfather',
'The Dark Knight',
‘Pulp Fiction!,
'Fight Club'
]

# HERI A HE AR
synopsis = [

'Two imprisoned men bond over a number of years, finding solace and eventual
redemption through acts of common decency.',

'The aging patriarch of an organized crime dynasty transfers control of his
clandestine empire to his reluctant son.',

'When the menace known as the Joker wreaks havoc and chaos on the people of Gotham,
Batman must accept one of the greatest psychological and physical tests of his ability
to fight injustice.’,

'The lives of two mob hitmen, a boxer, a gangster and his wife, and a pair of
diner bandits intertwine in four tales of violence and redemption.',

'An insomniac office worker and a devil-may-care soapmaker form an underground
fight club that evolves into something much, much more.'

]
A A F AT R

vectorizer = CountVectorizer ()
X = vectorizer.fit transform(synopsis)

# SR 2 [E AU

similarity matrix = cosine similarity (X)

TR, ARMUH IR
movie index = 0 # &SR —HHEENGIT

similar movies = similarity matrix[movie index].argsort()[::-1][1:]

print (E"HUEHEE ' (movies [movie index]}' HEREAUAH{LEEEE: )
for movie in similar movies:
print (movies[movie])

£ BRI, B, & X T M S BEREME N MBI E . RS, [ scikit-leamn
PErf i) CountVectorizer ZERAGEIRI R, K SCARHR F iR Mia SRR . Bk,
i cosine_similarity 5L 3CAZ BIFIRZARBUE, 52— DHBUERER. &5, EF -

1
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/ I S
o
o, WA RRS], SFKEGRBRE SR AR . PUTAISE 25
HAEHE 'The Shawshank Redemption' FEFFIAH{LIHLSE:
Pulp Fiction
The Dark Knight
The Godfather
Fight Club
2. NLTK
{EJ% NLTK (natural language toolkit) " $2{E " F T SZ I SCAR 43 1] FIARFAE SR (1) o $0f T
H. filtn, FHEZ&—AMER NLTK FEScBlin SR 3Eahel v, Dhfe e — Akt

Yoate, BEMAEIER N A RIET R B 2.

12

IRRLEE1Z: daima/2/nidk.py
§ FEHE IR AR

nltk.download('movie reviews')

# IR R A

reviews = [(list (movie reviews.words(fileid)), category)
for category in movie reviews.categories ()
for fileid in mcvie_reviews.fileids(category)]

L FeaniEag e

all words = [word.lower () for review in reviews for word in review[0]]
all words freq = FregDist(all words)

word features = list(all words freq) [:2000]

# 5 SURFUESRE I BR AL
def extract features(document) :
document words = set (document)
features = {}
for word in word features:
features[word] = (word in document words)
return features

# IR

featuresets = [ (extract features(review), category) for (review, category) in reviews]

# R INZRAEAR AR

train set = featuresets[:1500]
test set = featuresets[1500:]

¥ AEFANEE VUM 5y ARt AT 00 2

classifier = nltk.NaiveBayesClassifier.train(train set)



ETHSHEE f }

# WA R
accuracy = nltk.classify.accuracy(classifier, test set)

print ("/JEERHEIZE ", accuracy)
# {EH svM sk T4

svm_classifier = SklearnClassifier (SVC())
svm _classifier.train(train set)

i Wk svM 73 AR e 3R
svm_accuracy = nltk.classify.accuracy(svm classifier, test set)
print ("SVM AR, sVm_accuracy)

£ ERMARS S, H%, TFHT NLTK ERHREBIFREIRE, MBIFREERE TR R
PR AL o I THSRRI, I IR B Y 2000 MR AR SRR IE. BEFOR, E X
MFERIRE, BN VPR SCAFONFHE M ERR. B)5, WERRIEE, PR eEls
RINGHERNRE. 55, SRR D R ST, it RS HERE.
F4h, AR SVM 43 K88 AT 0 R TH R HER AR . TS G 24

[nltk data] Downloading package movie reviews to

[nltk data] C:\Users\apple\AppData\Roaming\nltk data...
[nltk data] Unzipping corpora\movie reviews.zip.

SrIREmiZ: 0.78

SVM ZFHAHENIE: 0.616

FR AR T R NLTK FEscBln ey, R H T 2841 % . KRELL
fR4E 5 SRR RS oKt AT Ehl Ay .

3. Gensim

Gensim J&— T BB AARLEE THRL R e, ] BLA T SRR A A . 43
an, R R SEGEAR 7 EH] Gensim P SEHLA SRR AR, ThREA B — N i S E R
B, REMRIE SCE N AHERA A LLA T .

JRRBE%12: daima/2/recommendation.py

from gensim import models, similarities
from gensim.corpora import Dictiocnary

# oHT SRR AR

documents = |
"The economy is going strong with positive growth.",
"Unemployment rates are decreasing, indicating a robust job market.",
"Stock market is experiencing a bull run, with high trading volumes.",
"Inflation remains low, providing stability to the economy."

13



Vo= mmmsmumAsTR

NG E U RVAES T

texts = [[word for word in document.lower().split()] for document in documents]
dictionary = Dictionary (texts)

corpus = [dictionary.doc2bow(text) for text in texts]

# %k TP-1DF Y
tfidf = models.TfidfModel (corpus)
corpus tfidf = tfidf[corpus]

AR RS

index = similarities.MatrixSimilarity(corpus tfidf)

AR RO, PHUHCUERE
article index = 0 # MR CEAENEIT

similarities = index[corpus tfidf[article index]]

# FLARBLRE B PR AT B S T
sorted indexes = sorted(range(len(similarities)), key=lambda i: similarities[i],
reverse=True)
print (£ HE S CE {documents [article index]}' HELERARACRE: ™)
for i in sorted indexes[1:]:
print (documents[i])

f£ BRI, B, EX T MEEFEXENEESE. MG, £/ Gensim X3
BREAT A, IFHERIASRAR . 3R OKR, UIZR TF-IDF BRI RORNMA T 0 24k, JFE
Fi TF-IDF SR sop i, MRl . AR5, MEMLER S, KiEkE S a3
RIFOVRHE A RN . e, R CEERRT, ISR ML, J
SCEAREARURE R PP HES ], 3T ENHERF AL & . AT RIS 5 2 i -

LT 'The economy is going strong with positive growth.' HEFERUMILICEE:
Stock market is experiencing a bull run, with high trading volumes.
Inflation remains low, providing stability to the economy.

Unemployment rates are decreasing, indicating a robust job market.

(212 n-gram =8

FEHERE RGEH, n-gram B —FhIEAR A SCOARRRBEIR,  REHEHEIA 51 )R A5 2. -
e A TR MG TR, T NG S SCA RS AR — AN B AT B AT e . n-gram
BRI ) n FoR B RSB AFR BE . Bl — A 2-gram BB(HFRDY bigram £
RS2 EAREANA B L SO R ET— AN, 11— 3-gram BB (HFRDY trigram B8 25 BT
PIAN Al n-gram BB BE AR B AR A B OCHRBAT T 1 n—1 Ml I MU KR S

14
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AEAE TR, n-gram BT DL S BAS [R) RS 2 18] IR ABE R 50 A1, TR R — AR

HBEAT T

{E Python #2/5+h, NLTK PE{eflt 7 —2 THMpE, M T n-gram B GFEATSOA

A AT . BilGn, RSB S T 8 B NLTK SE3E n-gram B8 AL 7
JRMSEE1E: daima/2/ngram.py

import nltk
nltk.download ('punkt"')
from nltk import ngrams

# ARSI

products = [
"Apple iPhone 12",
"Samsung Galaxy S21",
"Google Pixel 5",
"Apple iPad Pro",
"Samsung Galaxy Tab S7",
"Microsoft Surface Pro 7"

]

# H## n—gram %
n = 2 # n-gram AR RS

product tokens = [product.lower().split() for product in products]
product ngrams = [list(ngrams (tokens, n)) for tokens in product tokens]
# H P A

query = "Apple iPhone"

# HRAE AR DT ACHERE 7
query tokens query.lower () .split ()
query ngrams list (ngrams (query tokens, n))

recommended products = []
for i in range(len (products)):
count = 0

for query ngram in query ngrams:
if query ngram in product ngrams[i]:
count += 1
if count == len(query ngrams) :
recommended products.append (products[i])

print ("Recommended Products:")
for product in recommended products:
print (product)

15



AF = mERGOBASTR

RS A FAA B R

Q
a
a

Q

SNLTK fE, FEMH SN ngrams R3]

E XA G T — M EAE R AR R

F 4 n-gram B8 A4 R S B PR LA, IR 8 ngrams BR UK n-gram 751,

IXHEIFEE n FEN 2, R o4 (bigram){EN n-gram #5754 .

Mg & XD ElErrd, W “Apple iPhone”

MR A VCACHERE RS & B0 745 5 2 IRR], IR AR R n-gram J3251. 4R
S T AR, IR EEAN T Y n-gram FRAIBEITILRS . W0 R A KT n-gram
AITE 7 it (1) n-gram JRH0 B, WA RAZ R W S EWHEDC, R/ e ds n 3 51
z2h,

Tt AERE R S e JEFT ED HAHERE AH OCE h A R .

PATAHL 5 S5

Recommended Products:

Apple iPhone 12

AR XRR-AEGH T, AFHALTIEMA NLTK & % IK T n-gram 69385
A, FRABRFZAATRES LS I RPIRGIE, RAE LRI HER L
LN Pt R

(0213 $HIB%EH

KFENS A (feature hashing) /& — iy F IKAFIE AL EE R, FH -6 s 4ERFAE v i i 55 380 8] 52
KEMERE . EHEERG Y, FFES A o] T A BB W RF eSS, 9> AT FEIF
IR S . RFAERS A BB AR R BRI R

Q

Q
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FHIER R : EHERE R G, W0 H AR P A, B B a6
ML PSP, VIR BRAEAE . IXLERFAE AT EATE R — N 4R AR ) B
RFAE G A BR K R I A (5 P 5 A R KIOH 1 AR T 1) e R A 38 [ A PE O e A 4
tho U AR PR IR AR E (4 EUE 0 R R 21— M EE NS B3R R 5] . Ml H IR R
ot — A BEL R AR AL E .

e A AP R R AT DU A AU SO A B MR R o B ANRFE AR NG A
RPH)—MIE, o CURRHER BUEE RG], RPRIE A T BB A (A7 i
fEmR A R .

FFEBS: X TREAFEAS, I RFIEMG Ay bR KRR AL () B BU0e A b, JFIR



ETHSHEE f }

a7 R R 5L B AR R LR RS A — AN [ E K BE R RFAE 1) o SXAMRFAE ) 4 7] A
PER N TN R G i Al
FRAERS A 1) = AL R T B R, & T AR B OB AR B AE 2 . & T BAsRA Y
FEIHFE, PIANS R MM E R, A5 IRARRHIE r) 45 B2 52 . b ok, FEAERS A5 it
REINPRTHSRLIERE, DR A G A BR K b 50 8 R RRAIE 1) T R R S PR
{t Python F2/FH1, nJ LL# 2 sklearn.feature_extraction.FeatureHasher SEHURF{IE IS 75 4k
H, K0S A G R IE A THERE RAMAFAE TREFIALAGNIZ5. RESIER — M HEER
G, HAPRMEEA LU FRHE: AR, MR A. SHE. WA, AT OUE FERS
A RACFHIZSCREAE, FR Aol e K FERIRFIE B R T — M8 A RRAE RS 75 b B
bR U RRAE B

IRRSE%12: daima/2/teha.py

from sklearn.feature extraction import FeatureHasher

§ HR AR
movies = [

{"movie id": 1, "title": "Movie A", "genre": "Action", "director”: "Director X",
"actors": ["Actor A", "Actor B"]},

{"movie id": 2, "title": "Movie B", "genre": "Comedy", "director": "Director Y",

"actors™:s ["Actor BY, "Actor C"]};
{"movie id": 3, "title": "Movie C", "genre": "Drama", "director": "Director Z",
"actors": ["Actor A", "Actor C"]}

]

# AEBI R PRI R AT
for movie in movies:
movie["™actors"] = ", ".join(movie["actors"])

ARG A AR
hasher = FeatureHasher(n features=5, input type="dict")
hashed features =hasher.transform({movie["movie id"]: movie for movie inmovies}.values())

i ATEVRFAERS A5 AL 5 ARFAE 7
for i, movie in enumerate (movies):
print (f"Movie ID: {movie['movie id"']}")
print (£"Title: {movie['title']}")
print (f"Hashed Features: {hashed features[i].toarray()[0]}")
prinE (o 4]

ERINGETU T
(1) QUEERIGHARSE, b QAR RII S E, Wl D, FRE. 2. S
AT

17
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(2) R R YRAT AR, BT MFIRRBFEH N LE S 7 R 745 88, LA IR
e 75 2R

(3) fiIHI3 FeatureHasher #EATHFAERS A4 BE . FrR4R5E 1 8 A5 b B Jm AOHFAE ) B A G
F(n_features) ¥ 5, i BHI AL 7 M (input_type="dict").

4) FHEERER AT IR, JHERHRY ID ME R, W Rr I E AT
I -

(5) {3 FAFERS 75 25 0 7 R 310 s SEARFAE BEAT 554, 19 30A A5 AL B S I RFAE ) BE . 75
a3 IR R, FTENH 5 1D s LA R 2 A e 7 b B FRORFALE 17 6

PATAIS G, S AR ID. FREE LA AR AE RS A 1) . HLAAS &
WOk T RSP BAR RN S, TS —MaRIER. AflRmHAALTR:

Movie ID: 1

Title: Movie A

Hashed Features: [-3. 0. 1. 0. 1.]

Movie ID: 2
Title: Movie B
Hashed Features: [-2. 0. 0. -1. -1.]

Movie ID: 3
Title: Movie C
Hashed Features: [-3. 0. -1. -2. -1.]

SRR, LR PRRDIHR T I G FAAE A 7500 BB AT AT, 4 3L B L
W RERRFAE R, R 7 Vi P T AL B BB AE RO, AR T B R R A A 7
A

2.2 TF-IDF(iRSR- 1350 )

TF-IDF(Term Frequency-Inverse Document Frequency)it—# FH + 14l 3 Bl E]
A i 5 P GE T ST, B4 T S(TR) RS SCR % (IDF) B MR 43 - @a%

TEHERE R GEHP, WO AR S gs &6, T2 TF-IDF $-1ER R Ltk
TF-IDF jffiid 2 B —AMalE e il SCA T FIIE(TF), LB CARE S
(19 3 P R YE(IDF), 2R VPG 1AE I 24k . TF-IDF it 5 AR F:

A =R B e G DY

Hrh, TF ZiA40, IDF & ORI .

234

18
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W T AN TE R TF-IDF {8, 3RATAT PARf 8 1% SR h i v . 24—
F 351 43 ey ELAE M SORY B b B AR B, B TF-IDF RS S, RoREEIZ R
th A R R

TF-IDF ¥ TEBRER . AR RGEFES . TR SO 1 RAR U
o i B A ) A, DM T AT SOAR M A A B AL AL R

(221 FRitE

AR — AMATE L SCAR T R, F T B —AMAaiE e 40 i SUAR P i B B
AT LS TS — AN RS 7R SCA P B IREOR IR . EHERE R Gh, S S —Fh
FERR I SCARRFAETHS 73, T 0Pl SCAS A ] A SR B A

76 Python ", B L A& 28 A 2okt A A, @ldn, T T A SE R T R E
NLTK Kit-5ia )it 2

IRRLEE1Z: daima/2/cipin.py

import nltk
from nltk import FregDist

# HETERGE P oA

reviews = [
"This movie is great!",
"I love this movie so much.",
"The acting in this film is superb.",
"The plot of this movie is confusing.",
"I didn't enjoy this film."

]

KPS i

text = ' '.join(reviews)

¥ 4riA]

tokens = nltk.word tokenize (text)
kA

freq dist = FreqgDist (tokens)

U DRSS

for word, frequency in freq dist.items():
print (f"Word: {word}, Frequency: {frequency}")

fE L ARRD A, P B RO VAN B AP AR AE reviews SIRF . B, A F &
HN—ANFERH . a, @ nltk.word_tokenize() /7 2% 5445 8 #4743 1d], 13 3 — AN 1d] 1 %1
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| B

B oA SR

Fo PEFRK, I FreqDist FitHald, AWM —AEIASAAX G Ba, @i iEms
AR R, FTEN AN T B R R i . AT AR 5 S -

Word: This, Frequency: 1
Word: movie, Frequency: 3
Word: is, Frequency: 3
Word: great, Frequency: 1
Word: !, Frequency: 1
Word: I, Frequency: 2
Word: love, Frequency: 1
Word: this, Frequency: 4
Word: so, Frequency: 1
Word: much, Freguency: 1
Word: ., Frequency: 4
Word: The, Frequency: 2
Word: acting, Frequency: 1
Word: in, Frequency: 1
Word: film, Frequency: 2
Word: superb, Frequency: 1
Word: plot, Frequency: 1
Word: of, Frequency: 1
Word: confusing, Frequency: 1
Word: did, Frequency: 1
Word: n't, Frequency: 1
Word: enjoy, Frequency: 1

AR o 1 el 4 D Sk o B P VAN Bl o I A M BLR SR, 3R
AT EA Y AR S5 8 P P DR A b e BUAS SE AT, AT 5 B 27 2R 8 0 4 Sth B A P 0 B
Uf R GF . TR AT G R, HERE RGE 0T LASR G5 F P AN AR 5% B e S A A s it —
S CAG T TS 55

(222 WIRSAEITE

WA AR HERE R GE P W I — RRHERE T 5073, R T —MAEE SRk
o EERRE.
TR —MEA Python THTE SCRIBIR MG T, HERRA N UAESFMEETIR

documents 1.

IRRL 42 : daima/2/niwen.py

import math
from collections import Counter

AR S

20
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documents = [
"This is the first document.",
"This document is the second document.",
"And this is the third one.",
"Is this the first document?"

]

# Syt RE

word sets = [set (document.lower ().split()) for document in documents]
T RSB =TS

idf = {}

num documents = len (documents)

for word in set (word for word set in word sets for word in word set):
count = sum(l for word set in word sets if word in word set)
idf [word] = math.log(num documents / (count + 1))

R
for word, idf value in idf.items():
print (f"Word: {word}, IDF: {idf value}")

fE LRARGH, B XA SOARMAT R, HFRBREERERE, 8- MAEES. A
Je 3 I P AT AR G, TSR AN IE T A SR A SRR T A U log(N T/
(n+1)), H, NRRICARESPRAEE, n RnQEYREER SRS B, fTEM
A AR B LSRR . AT AR J5 2 i«

Word: this, IDF: -0.2231435513142097
Word: third, IDF: 0.6931471805599453
Word: second, IDF: 0.6931471805599453
Word: document?, IDF: 0.6931471805599453
Word: first, IDF: 0.28768207245178085
Word: is, IDF: -0.2231435513142097

Word: one., IDF: 0.6931471805599453
Word: document, IDF: 0.6931471805599453
Word: and, IDF: 0.6931471805599453

Word: document., IDF: 0.28768207245178085
Word: the, IDF: -0.2231435513142097

AR MBS AR EGITHE, TN 2R IRAAP L EEANIRES FAax
RE AR B AT B IIR S 6493915, Xk EdF AA — et E 2K, B
s, BfFZG PRI —ZHRERR. BEFE M FE LML L, TUMEELEE
BEX AL T, ATIITRE RGP H91ES, Bl KB EH+HE. XASEF.
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WA= REREGRVERSRE

(1223 TF-IDF NEItE
TF-IDF &5l PR GERL U 5777 v LI 1905 390 SR A1 A e B LR

T s — AMEEE AP RS . MG/ 4H ) IDF Afitk, TF-IDF MEHAET, EA
U e 7 RNE AR AN SR o ) B (TF), %58 7 )il 76 B AN SCRIEE & b R A R
(IDF), AT 5 v iy b 6 )5 A A B2k . IX P45 & {945 TF-IDF AE68 58 ) s 176 4 E SR
of L EH AR R R SORY SE AN E WS, HE5R T RFER X A RE Sy, Bldn, R — M
Python & /7115 TF-IDF A& 1 6]F .

IRRLE81Z: daima/2/quan.py

from sklearn.feature extraction.text import TfidfVectorizer

# OORIES
documents = [
"This is the first document.",
"This document is the second document.",
"And this is the third one.",
"Is this the first document?"

]

# fE TF-1DF (AL g

vectorizer = TfidfVectorizer()

# WA AT AL

tfidf matrix = vectorizer.fit transform(documents)

# A thiEE R i TF-TDF AUE
feature names = vectorizer.get feature names ()
for i in range(len (documents)) :
doc = documents[i]
feature index = tfidf matrix[i, :].nonzero()[1]
tfidf scores = zip(feature index, [tfidf matrix[i, x] for x in feature index])
for word index, score in tfidf scores:
print (f"Document: {doc}, Word: {feature names[word index]}, TF-IDF Score:
{scorel}™)

1E FRACHS , i T FE scikit-learn F1 12 ThidfVectorizer K it TF-IDF BL&#E . & 4E,

B/~ TF-IDF [ #ALE83 R vectorizer. SRJG, 1 U AES documents 14 A a4 14
fit_transform()/5i%, 3% TF-IDF %5 F% tfidf matrix. /e, #J7HEEN SCAFIRS B TF-IDF
) i, T EN4r H ia] 5 AN 2 ) TF-IDF B . $ATACIS 5 S
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Document : This is the first document., Word: document, TF-IDF Score: 0.46979138557992045
Document: This is the first document., Word: first, TF-IDF Score: 0.5802858236844359
Document: This is the first document., Word: the, TF-IDF Score: 0.38408524091481483
Document: This is the first document., Word: is, TF-IDF Score: 0.38408524091481483
Document: This is the first document., Word: this, TF-IDF Score: 0.38408524091481483
Document: This document is the second document., Word: second, TF-IDF Score:
0.5386476208856763

Document: This document is the second document., Word: document, TF-IDF Score:
0.6876235979836938

Document : This document is the second document., Word: the, TF-IDF Score: 0.281088674033753
Document : This document is the second document., Word: is, TF-IDF Score: 0.281088674033753
Document: This document is the second document., Word: this, TF-IDF Score:
0.281088674033753

Document: And this is the third one., Word: one, TF-IDF Score: 0.511848512707169
Document: And this is the third one., Word: third, TF-IDF Score: 0.511848512707169
Document: And this is the third one., Word: and, TF-IDF Score: 0.511848512707169
Document: And this is the third one., Word: the, TF-IDF Score: 0.267103787642168
Document: And this is the third one., Word: is, TF-IDF Score: 0.267103787642168
Document: And this is the third one., Word: this, TF-IDF Score: 0.267103787642168
Document: Is this the first document?, Word: document, TF-IDF Score: 0.46979138557992045
Document: Is this the first document?, Word: first, TF-IDF Score: 0.5802858236844359
Document: Is this the first document?, Word: the, TF-IDF Score: 0.38408524091481483
Document: Is this the first document?, Word: is, TF-IDF Score: 0.38408524091481483
Document: Is this the first document?, Word: this, TF-IDF Score: 0.38408524091481483

2.3 EERA

| E’&)\(word embedding)f& — PR i 15 B 0% A ) A R IR, T
FORAEHE UNEE B ERERIE S LEWNLP)F ) — I EZEH AR, 3t
THERE R G M @A G AT SR . RS T U Ron T ik,
FEAMAER RN —NMOL IR &, TR B E 2 A E R R . i AR
R«)\lﬁfﬂ%ﬂlﬁﬂﬁfﬂﬂj\f&ﬁ?ﬁﬁ@ﬁ P23 ) e, A AR ACA I 35 1 7 1 2 TR) o ) 2 B

[l 1 f % B G b R s 1] 1 2 18] (135 SCHEBAE

231 DHAFRTRAHE

o3 A KN 7 i — M B SO AR R R RS M R R, EHEFRERG PR Z N
F TR AR CAR R R AR S5 . Bl i S A E BOCAR R B 3G Bk ) s R os, 415
HATARACAE SCBGEVRRFAE 18] 15 S SCARTE [m) 52 () v R BS S0T

{E Python 1, A ZFp oA SRR R kT A, e i WL & Word2Vee Fil GloVe.
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1. Word2Vec

Word2 Vec & — i T P22 25 R iR A 7 i, Bilid 2% 31 3a)1E R SR A i =0k 4
R ) i . Word2Vee ELFGEPH R . JESL TR IS (continuous bag-of-words, CBOW)F1ik
TR (Skip-gram). CBOW HAY ARG bR SCia)iE Fiil B Axiali, Skip-gram #5784 ]2 A 45
H *ﬁﬁﬂiﬁﬁm“—t—FIiﬂiﬁn

2. GloVe

GloVe(global vectors for word representation)/& — & T4 5 4 15 BRI A ik,
R FH 1) 5 P 3 T R SR Al 41 1)1 2 [ ) 96 2R - GloVee i s /N 437 2 e B3R 27 20 1] 1 1Y) )
Fn, AEARAE ) B2 (8] BA A A I AR R 1] 5 R B S

5 Word2Vec AN, GloVe & %k T4x ) 1V L HURE BEHEAT M ZRIVD, T AN 0T S5 8
ETFXEA. GloVe f#%.0 B : 8] a2 6] 1) 5¢ R AT LLEE EATE B CE A 3L
SRR . BRI, GloVe &1 ety —ANACILIUAEBE, H A M TR ERH N
[ B B R SCE D rh e . SRR H bR R, R X SE LIRS S B4
RN 8] B 2849 B AT RN [0 8 B R IUFA0E SCRoRE S, WD THERE RS A
AR, UK RS-

HAERKR LA AR THERERA TR ZNMMES, WAL CREE, HHEH
R RFER RS o DR RS SO g g ) R, AT DASE A b 52 23 SORNE
VEMIRFAE, AT PR HERE R G A BRI R 1

AR AHRABA IS ZREHIAKIE, AR 6giniFf A R0R %L L0t

SRFAEY A, Bk, AEERAENRANBARN, §RARELRGESFoRIBRATEENE
R S SR, R LAY R,

( 12.3.2 {#F Word2Vec &5

{5 % Gensim 0] UL /7 {# S H Word2Vee #5728, Pl N Bk EE ST INSR, nTLAfR
PIFEAEE R AR . FIH AL R EEIES — N HEHERE R4, ] Word2Vec i
TS o3 A1 R 7 IR S S AR &

IRRDE&12: daima/2/fenbul.py

import pandas as pd
from gensim.models import Word2Vec

i LR
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movies list = [
"The Dark Knight",
"Inception”,
"Interstellar"™,
"The Shawshank Redemption",
"Pulp Fiction",
"Fight Club"

]

i XGRSO AT 4345

movies tokens = [movie.lower().split() for movie in movies list]

# &% Word2vec i
model = Word2Vec (sentences=movies tokens, vector size=100, window=5, min count=1)

# RS A o
def get movie embedding(title):
tokens = title.lower().split ()
embedding = []
for token in tokens:
if token in model.wv:
embedding.append (model .wv [token])
if embedding:
return sum(embedding) / len(embedding)
else:
return None

OB, PR

movie title = 'The Dark Knight'

movie embedding = get movie embedding(movie title)

if movie embedding is not None:
similar movies = model.wv.most similar ([movie embedding], topn=5)
similar movie titles = [movie[0] for movie in similar movies]
print{f"mﬁ‘ﬂ% '{movie title}' HEFZPHL RS, ™)
print (similar movie titles)

else:

print (E"fKAFIHEE ' (movie title}' HIAAINER. ™)
e FikAhg s, H%, FARTENE, B3 pandas fil Word2Vec. Bfif5, G — ML &

HLEZAR RN 51 K movies_liste #5457, X HLSEAREEAT /A A0 3], A — M & 1A 45 R 1 51
#* movies_tokens. )5, {FH Word2Vec HERLFAT ISR, 18 A 43 J 1) ¥ 52 b 8 5] 6
movies_tokens, WE 4N 100, & OKRAN 5, /NSl 1. &a, & R
get_movie_embedding(), F T IREUHFEHRIIRA KR . EZRECP, EHhelaEREZESE
G, MR, HUR BRI R A &, IR [R5 6 5

PATARS 5 2% A Y )1 250k FE A2 5t . T AE U F R 5L get_movie_embedding()i,
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WERGZILVEREASIK

ﬂ'"i ----------------------------------------------

2% RS AR N () BB ) B . 5l
iR ' The Dark Knight' HEZZOURI{CLHIEE:

['the', 'knight', 'dark', 'interstellar', 'inception']

()2.33 f{&F GloVe 18!

£ Python " 0] LU{# F FE Gensim 2{# EL#E FETIZRM GloVe [a) st 73] R N fF .
N HISEFI R ThEE A H GloVe TIZiE % (glove-wiki-gigaword-100) 11 57 B 52 b 8 (1) 4H
U .

IRRLEE1Z: daima/2/fenbu2.py

from gensim.models import KeyedVectors

b IARBNZR Glove A
glove model = KeyedVectors.load word2vec format ('glove-wiki-gigaword-100.txt',
binary=False)

# SE SHIEEhR R
movies = [ 'The Dark Knight', 'Inception', 'Interstellar’', "The Matrix', '"Fight Club']

# TSR LARE R
similarity matrix = [[glove model.wv.similarity(moviel, movieZ) for movieZ in
movies] for moviel in movies]

AT EFECURE e
print ("HH{AREHERE: ™)
for i in range(len (movies)) :
for j in range(len (movies)):
print (f"{movies[i]l} 5 (movies[j]} FRTAFRLRE - {similarity matrix[i][j]}")

EASA T, {EH T GloVe B J5 Mukrh i 4E 1 glove-wiki-gigaword-100.txt, 7
FHFAHCE T LR 1 d5ehr B b] f A A BE R R, FF4TEN 1450 i 2 [a)
AR A LR

24 EHEiEE

F R (topic model)fE— i T M Se A B 1 ge it A, & B AE RIS s
AT 5 B E 3 Rl i A . E AR SR A R K, I '_u:
HAAFBE B — A iR kR, @ otrckirh i oms, ¥ e

TSR DL X 2 08, I ENRMIRMZR CARE . EETANE  pasas
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MHERE RGE R, E AR T DR Bh R SCA AR R 2SR, IR N T et fE .

241 BEEMNDT

TELEE Xt (Latent Semantic Analysis, LSA)J& — 3= @R 75, F 78 SOAREdE
RILBETEAE L 5K . LSA TR fREIA, T LUK SUAR B IR 3 40 MK 4E (1) 35 L 28 [A)

LSA %o AR 8 3 757 5 73 ## (Singular Value Decomposition, SVD)X[#1K S A%
EIYERE, FERPE AR Z M HE LR R P HEAZA—AMER LSA SEBi 3 AR i i+

IRRLEEZ: daima/2/qian.py

from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.decomposition import TruncatedSVD

# IS — ORI

documents = [
"T like to watch movies",
"I prefer action movies",
"Documentaries are informative",
"I enjoy romantic movies",
"Comedies make me laugh",

]

§ R CREARE R RN TR-TDF HjE
vectorizer = TfidfVectorizer()
X = vectorizer.fit transform(documents)

# {EH LS 3T 3 et

lsa = TruncatedSVD(n components=2)
lsa.fit (X)

# At AR R e R ]

feature names = vectorizer.get feature names ()

for topic idx, topic in enumerate(lsa.components ) :
print (£" 38 {topic idx+1}:")
top words = [feature names[i] for i in topic.argsort()[:-6:-1]]
print (", ".join(top words))

7F FikfCad b, #5e, A E scikit-leam 28 TfidfVectorizer 5 SRS HE # 4 H
TF-IDF 6, %8R R T sia e scpirh s 22k, SRS, {8 TruncatedSVD 47 LSA
TR, WEFEECN 2. BJE, FTEN A BRI, DUT MRS R AR
BXAE. PATAEE S

27
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PRSI LBNSX

Fi 1
movies, action, prefer, romantic, enjoy
Ei 2:

informative, documentaries, are, enjoy, romantic

LSA 7] A B 3RANHE SCA B A I RAE SCR R, IR T H#E# R Geh . filtn,

AT AR FH P A0 e A0 SCAS Bt (0 AT HERE SRR R A R

ER: LSAR—MABEF I 7k, SRMTIRMBAY 4F1E. ELREA T,

AL B AR AR, do M P RAR. RIS, MR EAh eIk F R4,

1242 BEESKFEESH

B & Bk R v 75 43 i (Latent Dirichlet Allocation, LDA)J&— i3 3 B A, 1 & E

AR P T E B E A . LDA RN A E A1, S hE /80
WAL, R L GE T VA HEWT SORS ) 3 A A R A R A A . A, R — M
FI LDA s3] 5

28

IBRSE&1E: daima/2/yinhan.py

from sklearn.feature extraction.text import CountVectorizer
from sklearn.decomposition import LatentDirichletAllocation

# s — 4R R

documents = [
"I like to watch movies",
"I prefer action movies",
"Documentaries are informative",
"I enjoy romantic movies",
"Comedies make me laugh",

]

R SCRE B A TR AT P
vectorizer = CountVectorizer ()
X = vectorizer.fit transform(documents)

# {1 LDA HAT R
lda = LatentDirichletAllocation (n_components=2, random state=42)
lda. fit (X)

A R

feature names = vectorizer.get feature names ()
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for topic idx, topic in enumerate(lda.components ) :
print ("8 (topic idx+1}:")
top words = [feature names[i] for i in topic.argsort()[:-6:-1]]
print (", ".join(top words))

E iR SRS, e, {8 scikit-learn H 2 CountVectorizer ¥ SCFS R 4 4ty i)
AR, R P SR T R B AR SR R A B SRS, {8 LatentDirichletAllocation
AT LDA e, wBEFMECN 2. &5, fTEHHEA ZEACRE, LT e
RRPTARR IE LA . PATAS f5 25t

F& 1:

are, informative, documentaries, enjoy, romantic

i 2:

movies, me, make, comedies, laugh

LDA A UL B BRATTE SCAKE e R BB AE B R E5 K, T S FHERE R GEvh . i,
AT AR FH P (0 RN SOAHR (1 R o A EAT HERE, RO HERE G R

i ZE S 2, LDA & —Fh i 2107ik, CRTHERER AT HEWT, KRBT 3Ok
BAEA S HFHIE . ESCPRRI R, af LSS & HABSFAEAEOR, WM P A7 R 8dE. R aE
S, MRS IR R RN, J8A Hofh 3 R Dy ST Pk B, i AR Uy
HT(LSA) AT LA T A SCA KGR (1) At 1 o k4303 B ) R 0 SR AN A e ) 2 RS R g
R RGBT EEBE AR

(243 FRREMINA

BNV E — BT S, EAEiE R RS TN A . &
1] A A LDA 3= 80 Y e 43 M v & (0 SR, AR R B0 R i 3B 7 0, 2R )5 i F
PR 1) A TR AR O RS . NI SEBIE R T4EH LDA 3 U Y S ol iy L HE 7%
iipu

IRTSEE1E: daima/2/product.py

from sklearn.feature extraction.text import CountVectorizer
from sklearn.decomposition import LatentDirichletAllocation

# i AL R, BRSO
products = [

{"product id": 1, "description": "High-performance gaming laptop with powerful
graphics card."},

{"product id": 2, "description": "Wireless noise-canceling headphones for
immersive audio experience."},

29
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{"product id": 3, "description": "Smart home security camera with real-time
monitoring."},

{"product id": 4, "description": "Compact and lightweight digital camera for
travel photography."},

{"product id": 5, "description": "Stylish and durable backpack for everyday
use."},

]

# PRHURE SR A

documents = [product["description"] for product in products]

KR A A (] AL A TR AR R
vectorizer = CountVectorizer ()
X = vectorizer.fit transform(documents)

# (M LDA #EAT R

lda = LatentDirichletAllocation (n_components=3, random state=42)
lda. fit (X)

i HRERP R ST

for i, product in enumerate (products) :
description = product ["description"]
X new = vectorizer.transform([description])
topic probabilities = lda.transform(X new)
topic idx = topic probabilities.argmax()
product ["topic"] = topic idx

AR P (R A e

user preferences = [1, 2] # RIEHFPWEFE-ER 12

recommended products = [product for product in products if product["topic"] in
user preferences]

il LA A 7

print ("HEFERIFEM: ")

for product in recommended products:

print (F"H& ID: {product ['product id'l}, il 1 {product [ 'description']}")

e RS b, el CountVectorizer K i il i i ¥4 49y in] S5UAE B, 4R )5 i FH
LatentDirichletAllocation 17 LDA /A #E, 58 1 8ECN 3. 87K, XHER e fhidkfr
RETM, -6 T &5 RAFEAERS S BdEh. BJa, RYEH 7 B LFE A RI R,
28 TIX S WA . PUTARISE 25

HEFERI R -

fffh ID: 2, fiif: Wireless noise-canceling headphones for immersive audio experience.
fidh ID: 4, Hfid: Compact and lightweight digital camera for travel photography.
fidh ID: 5, {#i#k: Stylish and durable backpack for everyday use.
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ASE G e 1 A P 2 RS R A R R A AR . G MR AR P AR 3, AT
IR F P 10 D e 4 95 55 MR DGR o IR E T N A R D i v] AR B HERE R ¢
SR VEAC AT AL HEERE, 3900 FH ™ R T I A 60 T

HE: IRRAMEYGTH, EEGFEAPTREEZXLEEZHRERE, LAFPMH
YiTh, ARBBE, DHE D At BARNIEFZ45%. b, LT UMRELIRF L
1% ) Hode 3 BAER Bk Ao i K, 4o /235 L 45#7(LSA)#= BERT %.

25 MXNAEDXEIFEIEN

SCAR Y H SCA KR B U5 S 2 I AR AT 4 S0 AE S0 X
RGP HRE 1 IRTE F TR NLP) SR e ) — A I, AT 2R, il Bk
AT BRIBE R BEM 425, 7E Python , HEMOTEMTLUET  ENERR
AN SRR, FOR R 3 M GBS, BEENER e
TEFR AL 2

1251 BFEHRFES

7E Python w1, W] LL{f FALES & S HR S SCAR 20 BARR SR I, SCA 7 F A U %YL
35 2 AT () T e S SR AT 55, 10 bR 252 B M SCAS B B O Bl e 28 sl O Bl 11
£55. TR, FFWEAN PP F LI SCA 7 FERbR SR L2 27 ) ik

1. FpEDIMEr 4 2528

£ 2% DL 4325 2% (naive bayes classifier)f& —#p ] B B A CA > KTk, ERT4b
7 UL 3 5 BE AR AE ML B AE W SOARGSAE 5 28 ) 22 18] () 26 A ME R AT S . &% LA AR
Z UL 7 4y 25 2% 40 55 22 300 kb 22 01 - 37 (multinomial naive bayes) Fil {f1 2% FI| £} 25 UL -
(bernoulli naive bayes). | [fii&—M# A2 U175 B85 30 AT SUAR 7 AR SR B
Thg X UV Re s Bk T CAR 2.

iIBRSE&1E: daima/2/pusu.py

from sklearn.feature extraction.text import CountVectorizer
from sklearn.naive bayes import MultinomialNB

# SCRERE

texts = [
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"This movie is great!",

"I loved the acting in this film.",

"The plot of this book is intriguing.",

"I didn't enjoy the music in this concert.",

]

# XA AT R
vectorizer = CountVectorizer ()
X = vectorizer.fit transform(texts)

# bR

labels = ['Positive', 'Positive', 'Positive', 'Negative']

i GUEANEE DU o A AR AL I AT IR
clf = MultinomialNB ()
clf.fit (X, labels)

i HEAT A SEHIBR AR AL

test text = "The acting in this play was exceptional."
test X = vectorizer.transform([test text])

predicted label = clf.predict (test X)

print (£"3A: {test text}")

print (£"FiR%: {predicted label}")

7E FaRARES A, {8 T FE scikit-learn H1 )2 CountVectorizer #F47T SCASFAESREL, FFAd
F1 2§ MultinomialNB s3I 1 Fb2% DUt 043 8 88 o i 4 VI Zi b (A5 784 7 FH 38 1) SCAR, WTTBA
HEAT SCAR Gy RAAREESE L . AT A J5 2 e«

MA: The acting in this play was exceptional.
FiFR%E: ["Positive']

2. ZFEE

S ] F:HL(Support Vector Machine, SVM)J&— @ K (1 3CA 8503, & nl LAl 4
2t 1o R RO 2 1) 4R B o A 1) 73 BB P T R SR 43 28 . SVM TE SCA S Kb R B4
2 S FF ) B AL (linear SVM)AIAZ 3 55 0] 45 Ml (kernel SVM). #% e 0T UL B SVM AL HE {E£E
P 1e) B, 4047 17 3 R 20 (radial basis function kernel)o i A& — AN 8L SE], Js 148
SR A LS SRR R SCA A R . S A A SR R IE R IR R AR N
I 8 SR AHERERR AR N B AR AT I 25
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IRRBE%12: daima/2/xiang.py

-/-J_..; ’
AR
Tt

from sklearn.feature extraction.text import TfidfVectorizer
from sklearn.svm import SVC
from sklearn.metrics import accuracy score

AR
music features = [
"This song has a catchy melody and upbeat rhythm.",
"The lyrics of this track are deep and thought-provoking.",
"The vocals in this album are powerful and emotional.",
"I don't like the repetitive beats in this song.",

# HEERRAE A

recommendations = ['Pop', 'Indie', 'Rock', 'Electronic']

0 SRR T S AFIE RN
vectorizer = TfidfVectorizer()
X = vectorizer.fit transform(music features)

# GUEES R A R LA RS IR T I 25
clf = SVC()
clf.fit (X, recommendations)

¥ OHAT AR

test music = "I love the electronic beats in this track."
test X = vectorizer.transform([test music])

predicted recommendation = clf.predict(test X)

print (£"#HFHFHLE: {test music}")
print (E"#EFF#5R%: {predicted recommendation}")

7E FiRRaS R, (] T FE scikit-learn 1128 TfidfVectorizer K HEHUE SRAFFIE A LA F
SRIGAE A SVC SRR LML R A, T3 SRHERE AR T . P aT L
SE B 20 VR R U 5 A R g, I S S 2 R IE SR U VR AR O ok R

HHERE . PATAARE S 24 th -

HREFE: I love the electronic beats in this track.
HEFEPRSE: ['Electronic')
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(252 HREMEZMNE

BRI 22 I 28 (Convolutional Neural Network, CNN)f& —FhEEfEE R G h T 12 M IO I%
FEE IR, EEEUR A EAES LA T BRI, FBAE HAE S AR a s 1
JTIZRiF . CNN fEHERE RGP T AR BGHERER S RIEREEE S, BRI
K o SRR AE 34T i R =R
NI fE EE A 44 CNN FEHERE R G0 (9 AN — L G 2
O &#Z(convolutional layer): #HF1)Z/E CNN % LA R 5r, &l s EHR
YE RSB AN EAE 1) R EBRFAE . 7ESCAR I RAES b, BARE W ELRB SRR &
RS, RSO R A

Q ik ZE(pooling layer): k2 T FRARGRUZ S50 FO4EEE, I Of B Bl ZARHE .
b A 1 B 45 BRI Ak (max pooling) F1-F- ¥5)it . (average pooling), ‘EATH] LA
WANEE, SRR 3 R RFE .

Q A#%EH)Z(fully connected layer): 4 %452 H 144682 Fith Ak 2 S HUT) SFAE IR 5
Pl AR S ). RS, AR )Z T DS IR B AR OE 5 P A7 B
7RG, SKEAMEILHERE .

Q kA JZ(embedding layer): TESCAHMER S, RN TH SRS SO N B 49 1%
FoR. BEATLASE ] BE 2 (B S SRR, HR AR #iE G B

Q  #UE R B (activation function): WFH ARSI T AR ERRME, /73 CNN g5 2]

B URIRFAE . 5 H A8 R 20 4E ReLU. Sigmoid 1 Tanh.

TR E i — A F AR S VA D A S AR 2 N 2 X e e B RHEAT R AR . A
SEGIHE 45 keras.Sequential #5278 @i 22 P15 43 2545, JF43 FH preprocessing.image_dataset_from_
directory IN#R L

iBRSE&1E: daima/2/cnn02.py

1. ERHIEE
ASEE AL E K2 3700 FREETERE v B4R, BUREBAS SAHTFHX, 80K5—

NH%:

flower photo/
daisy/
dandelion/
roses/
sunflowers/
tulips/

34
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() FE¥dEgE, KEWT.

import pathlib

dataset url =
"https://storage.googleapis.com/download.tensorflow.org/example images/flower
photos.tgz"

data dir = tf.keras.utils.get file('flower photos', origin=dataset url, untar=True)
data dir = pathlib.Path(data dir)

image count = len(list(data dir.glob('*/*.jpg')))

print (image count)

PATARD S5 2 -

3670

XGRS L 3670 KK

(2) T HAELE roses H KPS —KEME, ARSI0F:

roses = list(data dir.glob('roses/*'))
PIL.Image.open(str(roses[0]))

PATARIS S5 B R BAEEE roses HaR PRI —KER, WA 2-1 fiox.

& 2-1 roses BFEPAIE—KER

(3) W] BAB W 4R walips H A58 — K EUR, AR F:

tulips = list(data_dir.glob('tulips/*')]
PIL.Image.open(str (tulips[0]))

PATHCR WA 2-2 P

35
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T e

& 2-2 tulips BRHPHIE—KER

2. BIBEIEE

T image_dataset_from_directory()/7 i MBEHE P INARBHE L IR, AR5 Mk
R GETICIERSUYIE S V€ TE LN TR

(1) BHAMBEE RS, AT

batch size = 32

img_height = 180

img width = 180

(2) FEIR S b i &l F S0AIE YR A3 VL B AP 28 AR, 78 ASSp) o 8 80% 1 %t
TN, £ 20%0 EHUREATSE . {5 80% Y EURBEAT I ZR A ARHS 4n T «
train ds =
data dir,
validation split=0.2,
subset="training",
seed=123,

image size=(img height, img width),
batch size=batch size)

PATAS JE 24 -

Found 3670 files belonging to 5 classes.
Using 2936 files for training.

5 20%0 EMZ AT 56 F AR RS I F

tf.keras.preprocessing.image dataset from directory(
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val ds = tf.keras.preprocessing.image dataset from directory (
data dir,
validation split=0.2,
subset="validation",
seed=123,
image size=(img height, img width),
batch size=batch size)

BT AR 22t

Found 3670 files belonging to 5 classes.
Using 734 files for validation.

A LAPERR SRR P class_names "PREIHAL, BEASKA AT H KA TR 7 B Mo

AT T ARG -

class names = train ds.class names
print (class_names)

PAT R BRkA:

['daisy', 'dandelion', 'roses', 'sunflowers', 'tulips']

(3) TR SR T RO, R AR R I SRR SR AT 9 KIER:

import matplotlib.pyplot as plt

plt.figure(figsize=(10, 10))
for images, labels in train ds.take(1):
for i in range(9):
ax = plt.subplot(3, 3, i + 1)
plt.imshow (images[i].numpy () .astype ("uint8"))
plt.title(class_names[labels[i]H
plt.axis ("off")

PAT RO 2-3 Fas.
(4) £ TR DR X LR oA B 45 IR model fit, F2hikACHEH I Rt
(ST
for image batch, labels batch in train ds:
print (image batch.shape)

print (labels batch.shape)
break

PATAHS J5 24 -

(32, 180, 180, 3)
(32,)
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I Bk AT &1, image batch & TR 5K & (32, 180, 180, 3), Xt 32 sKIEIK
1R 180x180x3(feJa —AN4EE AL 4RI tAilE RGB): 1M labels_batch A& TR 17K 5 (32,).

roses dandelion

sunflowers

B 2-3 gk ¥R aRT 9 SkER
3. BEEHIRE
(1) TR RC B HdE £ AL S MERE, WO A S F 22 bR RS A il i, A4S
2FE VO PHZE. TN R B FH A P9 Fh 8 B 50

O Dataset.cache(): MEEEL NI EG G, BEUGRFENT D O IREHE £ E
ISR AN S ON S 24 55000 45 K O JC BN A7, AT DA A otk ok
) 2t v M R ) T i A

Q Dataset.prefetch(): fEVIZRIIFES, {8654 EOHE FUAL 3 R AF AR B0 AT 35015 T Bl
17, MIHEETIZRAE.
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() REHATHIEFRHEMALEE . R0 RGB G#IEEAE[0, 255G [, XX T-H 2 k) 255k
VEIFARERAR . — ORI, POZBEERMANE AR /D FEARSEH] PR A=, R EARE
HA[0, 1)E [P, ST

normalization layer = layers.experimental.preprocessing.Rescaling(1l./255)

(3) A map() 7 iK% E A TS, AARF:

normalized ds = train ds.map(lambda x, y: (normalization layer(x), y))
image batch, labels batch = next (iter(normalized ds))
first image = image batch[0]

print (np.min(first image), np.max(first image))
AT S5 2 -

0.0 0.9997713
B, AILAEREE P AL, X AR B . AT B Rk,
4. g)EER

A Rt = AN BB, BAPEE - EKLE. BRI AN eERE,
LA 128 NI,  HHBOE R A o AR AR N RS REEAT R, ASSCBI R E A2 e
A FpbRHE T . AR IR

num classes = 5

model = Sequential ([
layers.experimental .preprocessing.Rescaling(1./255, input shape=(img height,
img width, 3)),
layers.Conv2D(16, 3, padding='same', activation='relu'),
layers.MaxPooling2D(),
layers.Conv2D (32, 3, padding='same', activation='relu'),
layers.MaxPooling2D(),
layers.Conv2D (64, 3, padding='same', activation='relu'),
layers.MaxPooling2D(},
layers.Flatten(),
layers.Dense (128, activation='relu'),
layers.Dense (num classes)

1)

5. YmiFiERY

(1) ALl {EH T optimizers.Adam {25 F1 losses.SparseCategoricalCrossentropy()4ii
K. BREFENUNGR WA R A2, 245 metrics 8. K05
LN

39
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model .compile (optimizer="adam',
loss=tf.keras.losses.SparseCategoricalCrossentropy (from logits=True),
metrics=["'accuracy'])

(2) fEAIAER P2 summary)EH/ MK PRI, AaT:

model . summary ()

6. WIZIRE

TR IR, ARSI T

epochs=10

history = model.fit(
train ds,

validation data=val ds,
epochs=epochs

)
AT S5 2 -

Epoch 1/10

D e

/] /B G AEH

Epoch 10/10

92/92 [ ] - 1s 10ms/step - loss: 0.0566 - accuracy: 0.9847 -

7. AT E R
E S EMUEE o2 kAR E R, AE2H T ibss R, LT

acc = history.history['accuracy']
val acc = history.history['val accuracy']

loss = history.historyl['loss']
val loss = history.history['val loss']

epochs range = range (epochs)

plt.figure (figsize=(8, 8))

plt.subplot (1, 2, 1)

plt.plot (epochs range, acc, label='Training Accuracy’)
plt.plot (epochs range, val acc, label='Validation Accuracy')
plt.legend(loc="lower right')

plt.title('Training and Validation Accuracy')

plt.subplot (1, 2, 2)



ETHSHEE f

plt.plot (epochs range, loss, label='Training Loss')
plt.plot (epochs range, val loss, label='Validation Loss')
plt.legend(loc="'upper right')

plt.title('Training and Validation Loss')

plt.show ()

PATARS 5 2R B 2-4 FioR .

Training and Validation Accuracy Training and Validation Loss
10 200 —— Taining Loss
—— Validation Loss
175 4
09
150 4
08
125 4
07
100 4 \/"
06 0.75 4
0.50 4
05
0.25 4
04 —— Taining Accuracy
Validation Accuracy 0.00 {
o 2 4 & 8 0o 2 4 & &8

24 AR EFERER
8. WAL BiIEIE®E

MATHR A % RN HER 2 B T DA, I ZRHERR SR RIS IEHE R AR 2 1R K, BEAUAE
WAESR EAHER R R 60% /A7 . IZRHERA 3R 2 B N (o] Lo, 3G EMERf R AE I 2k
AR RS TR 60% /A7 o Ak, I oo 3 A0S0 IR v A =R 2 8] 19 22 St S i o LR, OX
RN ERIER .

SN GRFEI B B i, AR I 2 VI ZRRE ] A e 75 BRAN T BRI YT 22 2, XA
— SRR b XA BT B _E RO PR RE P AL i R, XL GRS . BRI X
ALK ARAEAE B K f Bz fb . fENSGRL AR 2 MOl L Pid G .

A R AEAE VSRR AN, B 58K B i BT 7R ] P A A
WEREEE, J7id B SRER e, Wi ER R EMEE, EBNGREE
IR AR, PR HZ RS .

a1



e

(1) @t tfkeras.layers.experimental preprocessing SZACEHE G5, Al LoKs HAZ HoAth
BE—HAEERRG, IFE GPU LigfT. RIBWTF:

data augmentation = keras.Sequential (
[
layers.experimental.preprocessing.RandomFlip ("horizontal",
input shape=(img height,
img width,
3)),
layers.experimental .preprocessing.RandomRotation (0.1),
layers.experimental.preprocessing.RandomZoom (0.1),
1
)

(2) XAk EHR 2 RS BRI B, T T AT A B 1 5 A A KA -

plt.figure (figsize=(10, 10))
for images, _ in train ds.take(1):
for i in range(9):
augmented images = data augmentation(images)
ax = plt.subplot(3, 3, i + 1)
plt.imshow(augmented_images[D].numpy().astype("uintS“))
plt.axis ("off")

PATRBE G RCR A 2-5 Frs.

E2-5 HiEEEER
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9. W ELLIE: 1§ Dropout FIAMILE

PR — R A A HAR : ¥ Dropout 51 A4, iX 52— Fh IEMIfL AL EE FE K
% Dropout M HF—/NER, ESEINGEEE H MZEBEHLIERGES BRI E N 0)
W24 $ 0. Dropout 244 —ANNHERNIEAE, Hlln 0.1, 0.2, 0.4 55, XEREMN
R ZHBENLET 10%. 20% % 40% Fftsoc. FinmRRS s et 7 —ASErphs
k%% layers.Dropout, %A 5 fif FH 3% 5 Bl 4500 Htk 47 11 5.

model = Sequential ([
data augmentation,
layers.experimental .preprocessing.Rescaling(1./255),
layers.Conv2D (16, 3, padding='same', activation='relu'),
layers.MaxPooling2D(),
layers.Conv2D (32, 3, padding='same', activation='relu'),
layers.MaxPooling2D(}),
layers.Conv2D (64, 3, padding='same', activation='relu'),
layers.MaxPooling2D(),
layers.Dropout (0.2) ,
layers.Flatten (),
layers.Dense (128, activation='relu'),
layers.Dense (num classes)

1

10. EFRIFFINGIRE
2o AT AL IS A G, F R ORE B A I GRS RY . FE A PR R AR B F

model . compile (optimizer="'adam',
loss=tf.keras.losses.SparseCategoricalCrossentropy (from logits=True),
metrics=['accuracy'])

model . summary ()

Model: "sequential 2"

EHTUIZRBEAY AR 0 F -

epochs = 15
history = model.fit(
train ds,

validation data=val ds,
epochs=epochs

)
PATAS G =5 -
Epoch 1/15

92/92 [==============————-oo ===] - 2s 13ms/step - loss: 1.2685 - accuracy:
0.4465 - val loss: 1.0464 - val accuracy: 0.5899




anr

RERGEOBASRE

/1 1 EUEFRGAS

Epoch 15/15

92752 f S s msmssom s ===] - 1s llms/step - loss: 0.4930 - accuracy:
0.8096 - val loss: 0.6705 - val accuracy: 0.7384

A P B 38R Dropout AbFRJE , S 4r b BART A T, YISl e R0V i e S
B R R BT TR I ZRGS R, RES AT

acc = history.history['accuracy']
val acc = history.history['val accuracy’]

loss = history.history['loss']
val loss = history.history['val loss']

epochs range = range (epochs)

plt.figure (figsize=(8, 8))

plt.subplot(l, 2, 1)

plt.plot (epochs range, acc, label='Training Accuracy')
plt.plot (epochs range, val acc, label='Validation Accuracy')
plt.legend(loc="'lower right')

plt.title('Training and Validation Accuracy')

plt.subplet (1, 2, 2)

plt.plot (epochs range, loss, label='Training Loss')
plt.plot (epochs range, val loss, label='Validation Loss')
plt.legend(loc="upper right')

plt.title('Training and Validation Loss')

plt.show ()

PATARS 5 18R B 2-6 Firars
11. FUFEREARE
K5 S (1 FH S5 ) 7 P A 7R ot A A 5 A N R B BB IE B P B PG B AT 4 AL FE L, ARG

sunflower url = "https://storage.googleapis.com/download.tensorflow.org/
example images/592px-Red sunflower.jpg"
sunflower path = tf.keras.utils.get file('Red sunflower', origin=sunflower url)

img = keras.preprocessing.image.load img (
sunflower path, target size=(img height, img width)
)
img array = keras.preprocessing.image.img to array (img)
img array = tf.expand dims(img array, 0) # Create a batch

predictions = model.predict (img array)



ETHSHEE f '

————

score = tf.nn.softmax (predictions[0])

print(
"This image most likely belongs to {} with a {:.2f} percent confidence."
.format (class names[np.argmax(score)], 100 * np.max(score))

)
PAT AR S5 25 H -

Downloading data from
https://storage.googleapis.com/download.tensorflow.org/example images/592px-Red
_sunflower.jpg

122880/117948 [==================== ====] - 0Os Ous/step

This image most likely belongs to sunflowers with a 99.36 percent confidence.

Training and Validation Accuracy Training and Validation Loss
13

—— Taining Loss
—— Validation Loss

0.80

12

075
11

070
10

065

09

0.60
08

055 07

050 06

—— Taining Accuracy
045 —— Validation Accuracy 05
0 5 10 0 5 10

E2-6 AIALER
I, HOUERISEA Dropout JE7EHEFRIEAb T JEENRE

(1253 {BIREHEMLE

MG 2 9 48 (Recurrent Neural Network, RNN)J&— R F T b3 5 51 B0 1) 4 28 99 2%
A, fEHERERSG P, RNN # ZNHT A @EBAHERRT S, BHE P A7 8T 5154
I T) 5 FBSCHE T SCAR A Rl



WA= REREGRVERSRE

RNN (145 s A2 B8 A 38 5 AT I (AR ) 25080, al 120 25 1A S8 SRR me) 4 T A
Ho HEGIATHAPLMZAE, RNN 5IN T IEHRER, {E1545 50T CLIE LSS N 3Bt 1T %
AR X AR R BT TS RNN 7EACE 7 5 Bl i R I

fE Python 1, W LMEMH ZFhPEAIHESE R E 5%k RNN BiRY, Jopfg s H &
TensorFlow ! PyTorch. iX%& T HEEfE /51 RNN SEBL, G55 HF RNN A8k k5
WIEAZ A ER (LSTM) AT JHE & 5. 70(GRU)], BASCS PRl Bh R O TR, J7 (kAT B8 A
WZRFIPEA . 2SO xun.py BIZh RS 3 FHAGFR #4228 (LSTM) SE B SC AR 73 2K

JRRBEE12: daima/2/xun.py

import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import Dataset, Dataloader

LEV &t S
class SentimentDataset (Dataset) :
def init (self, texts, labels):
self.texts = texts
self.labels = labels

def len (self):
return len(self.texts)

def getitem (self, idx):
text = self.texts[idx]
label = self.labels[idx]
return text, label

i E SR e R 25 A5
class LSTMModel (nn.Module) :
def init (self, input size, hidden size, output size):

super (LSTMModel, self). init ()
self.hidden size = hidden size
self.embedding = nn.Embedding(input size, hidden size)
self.lstm = nn.LSTM(hidden size, hidden size, batch first=True)
self.fc = nn.Linear (hidden size, output size)

def forward(self, x):
embedded = self.embedding (x)
output, = self.lstm(embedded)
output = self.fc(outputl:, -1, :1) # HUgfE— DB ZIM5H

return output
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§ HESEE

texts = ["I love this movie", "This film is terrible", "The acting was superb"]

labels = [1, 0, 11 # 1{RFRIEMTHERE, o fCRMAMNH

# HEtETk
vocab = set(' '.join(texts))
Char_to_idx = {ch: i for i, ch in enumerate (wvocab) }

# GG AR s
dataset = SentimentDataset (texts, labels)
data loader = DatalLoader (dataset, batch size=1, shuffle=True)

#E B

input size = len(vocab)

hidden size = 128

output size = 2 # IEMIFIAMFRME

num_epochs = 10

# LRI LR

model = LSTMModel (input size, hidden size, output size)

# 5B AR B AU L 4%
criterion = nn.CrossEntropyLoss ()
optimizer = optim.Adam(model.parameters ())

R

device = torch.device ("cuda"™ if torch.cuda.is available() else "cpu")
model . to (device)

criterion.to(device)

for epoch in range (num epochs) :
model .train()
epoch loss = 0
for inputs, labels in data loader:
inputs = [char to idx[ch] for ch in inputs[0]]
inputs = torch.tensor (inputs) .unsqueeze (0).to(device)
labels = torch.tensor(labels).to(device)

optimizer.zero grad()

outputs = model (inputs)

loss = criterion(outputs, labels)
loss.backward()

optimizer.step()

epoch loss += loss.item()

print (f"Epoch {epoch+1}/{num epochs}, Loss:
{epoch loss/len(data loader):.4f}")

47
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LRI, BoeE T — /N EdE4E3E SentimentDataset 46 b F 7 18 73 2 1) SCAEL
. BRI E LT — ALK LSTM #%! LSTMModel, A &—MRAE. —1 LSTM 2
M—ANeEfE R . 30 B e SCBHE S IEEE A SCARFIH BLAARSE,  FEHRE 75 224 3
KN BEER I FE) . B BRI as S s, SRR EINGER. fEIIZ:
AR, EARBIE RS, DR A SCAR O BEE S P, IR EAE AR
eI BRI AT N SR e i A8 O R R BT S %, IR0 FH I m) A% R AN A4 48 58T
BRI S PATRIESE 24t

Epoch 1/10, Loss: 0.7174
Epoch 2/10, Loss: 0.5884
Epoch 3/10, Loss: 0.5051
Epoch 4/10, Loss: 0.4218
Epoch 5/10, Loss: 0.3467
Epoch 6/10, Loss: 0.2571
Epoch 7/10, Loss: 0.1835
Epoch 8/10, Loss: 0.1147
Epoch 9/10, Loss: 0.06l6

Epoch 10/10, Loss: 0.0392

TR TR ERREIEAE KA KA ATiE K 69150, QisGaddE £, A
AR M, HERRBANTF.

26 XFBERSHR

SCAMGRE IR —Fiof B 2R B SOR OSBRI P AT ) KB 4. e
A, ER AT BYERATT T Ml SCA T TR R, B anfak . T e, A :
i PEHERE R G0 b o i b B AR 7 0 S 4 RV SR i« 7E Python b, M7 @i
AT AT SCARE R A, Hh WA R E A PRSI MR EY pagam
k.

261 HB/EIFE

HLAS 2 S B e 0 38 L I ZRBUE 5 S SCAR RO RFIERR R, 83 X ) SCA Sl 1R 4T 5
TSR W5 R o A I DLER 2 21 TR SE I SO I i B R AR 0 .

(1) #ERBERE, QBT HRENSCARA, FlamaE e sde, b M EARs
— M IRBRAE R B . ATEME A AT e A% 4R, 40 IMDB HL TR $dii 4k

43



ETHSHEE f }

(2) M SCABAEBAT AR, AR SCARS . BERE R W TSR X e BLE
{5 FH E 5815 5 M FEFE (A0 NLTK. spaCy) e 5€ i«

) EFEIERFHER R T FHARRHER R ITE O AR TF-IDF 4. W4
PR SR SRR TR Al R v Bn] () ) &, 1ff TE-IDF 558 1 i8] A 40 28 fIFE 3N SUAR
Ay .

(4) 1EFPLES 5 2] Bk b g o R . 5 ML 28 27 30 S35 A 45 A 35 D1 2 (naive
bayes). X HEAIEMHL(SVM). #5HH (decision tree) . X &8 Hyka] LLE I {3 I HLAS 2% 2] HEZE
(41 scikit-learn)BE4 T4 2 A1 £5

o A8 A AR R FOR I SCAR KR, 0T ORI SURRE AR TR R 1) &, e rp g
Y 5 KR — A BRI SCAR T LA B X T TF-IDF R 1 SCARKE, v DL RN 3C
APEARZ R R i, Hrp R AN4ERE 278 — 4> 4197 [fY) TF-IDF {8 .

(5) X ERIHEATINZRAPLAL . AT CAE T IZREEEAT R R A I 5, ek 1 BEASE R 1) S 4
il I 28 SCBRATE S B AR AR AR (1 Pt

(6) MR SERVP A BRI P RE, EAEHER R, IR, BRIRERR. o7 DR
VA B SR T RRAL AR Y o s R

(7) A8 IRt RS R0 35 7 1) SO B AT A T A b o B ) SCAR 4 e A 1)
S i AR ) T A S Sk ST U S AR B AR U

SEERER, AE I BLAR S ) 7 i SE I SOAC R o M o v R A 4, AT Al Tk
EBAFER IR Jr i, WBAIZREER, 5 ohE 8Os 34T 1 . X AERI 7T BLE T B 3)
3 T R R g DR B SO B iR m), R IR TR SR T — T AT R R T R

N —AME LR S ) SR A B, LI REUR R, SUARTR
Ab FEFIAL A5 5 IR 5D IR

JEREEE7Z: daima/2/jigi.py
§ I AHRE

data = pd.read csv('reviews.csv')

# R IR A
train data, test data, train labels, test labels = train test split(data['review'],
data['sentiment'], test size=0.2, random state=42)

# SORmEAL

vectorizer = TfidfVectorizer ()

train vectors = vectorizer.fit transform(train data)
test vectors = vectorizer.transform(test data)

I RS ) R



AE ) RERGBOBASRE

svm = SVC()
svm.fit (train vectors, train labels)

# TEPAE BT T

predictions = svm.predict (test vectors)

# PP RE
accuracy = svm.score(test vectors, test labels)
print ("Accuracy:", accuracy)

fE LRI, &5, EEUE A VP A AR S I 2R B R R (B 4 reviews.csv). Bifife,
f# I train_test_split() & E0K B4E 4E 81 0 AN AR . TR, 1 ThdfVectorizer ¥
SRR 459 TF-IDF F#IE R &, X2 —MEH I SOR R s TE. R)a, [ERSCR &
FLSVM)TE 943 JE 25 N ZRB B4 35 0 MRS 2R AT T . e, v SRR A U b (1) e 2 9
¥ HAE VP TEbR, LA AR A PERE . PATRS S S

Accuracy: 1.0

FE: HBEENR AR BRI KT, EAREH P a3 £ A
reviews.csv P R T RV 094048, BpGEH 3 — P E AR B R AT AR TR 22,
AR SRR ey e R Faiz 0EE A .

(262 REFIFE

8 FH R 2 21 5 1RSI SO IR A A & — i L B 0 BR . RS 25 ST RS kS |
B2 2 SRR FFIE R IR, It R I 2R R 12 SR B i PR RE . 7 SCARTE B B,
W R B 2 S AR AL 35 5 AR A 45 X 45 (CNIN) - 17 24 441 48 19 4% (RININD TG 5 3 12 12 R0 4%
(LSTM)& . iX S 58 Y ] DL ik s FH VR P 2 ST HE 22 (1 TensorFlow. Keras. PyTorch)idk AT f %k
AL, BRI,
Q AT CNNBAY, a] LUE SR E RO 1 RERHE, 28l il 24T
TR, BREEEAERERTE.

Q  XFF RNN B LSTM KA, a] LUFI FH 515040 e 0 < el i SCA v iy bR 3¢
FR. AL AT IIE NI, 1N ER A fEohm i RR, AR5
RNN &k LSTM 2T FI 8, BB aidEmz 7m0,

ERERERY fE, 52t TR IR R A . mT DA AN 2R a8 AT B N 25, it
S 1) A R SRR R SRR (A BEATUBE B R )R BT AL I S50, (B9 AL e S 4F dth iU &
5. FERTIZRoe e, W] DME IR R PP B R A Pk e, AR HERR SR KT, A

50
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RAEFRNR . W DM R VEH BER T AR [y K A5 R Bem,  nT RME A I ZRGF R BB
) SCA B AR ST R IR . B BSOS N BB RY v, ek AR f 9000 i L ke ) By S AR
Y1 J R0

SEAFI S filmepy D) fERA/E IMDB K2 diSE Ve BdE 56 L NZRIg A phee 2, DASEAT
ARG R, ASSE{F ] LSTM Bi7U4E IMDB ¥4 45 Edb AT o dr, ek iTilg:
VARG TAE, DOREUBIR P e v mf 22, FFnT CAZE S $ds btk AT 15 il . s 9 S
film.py () RAASEH DT .

IRRSEE1Z: daima/2/film.py

(1) FALERPFE, %5 PyTorch & (torch A DKL), PyTorch A [ (torchtext) LA JZ
NumPy % (numpy).

(2) & LSTM #ifl, iXj2—4k7K F nnModule 138, fEBRI MG E__init_ ()
e R SNBSS, KA\ E (nn. Embedding). LSTM JZ(nn.LSTM). 4%
% )7 (nn.Linear) LA )2 dropout JZ(nn.Dropout). TEASEY (7 7] 4% 16 /7 7% forward() ", & SCEUE
TERR R B A B SR SN SR RN Z AT RN, SRR [l B4 A\ F] LSTM
Eer, RIS — AN R D I B EIR S (hidden[ -1, -, :])FF#E4T dropout ¥4, )5 idid 4%
FEEAFE S L S R X D) S BARRS 0

b E R
class LSTMModel (nn.Module) :
def init (self, embedding dim, hidden dim, vocab size, output dim,
num layers, bidirectional, dropout) :
super (LSTMModel, self). init ()
self.embedding = nn.Embedding(vocab size, embedding dim)
self.lstm = nn.LSTM(embedding dim, hidden dim, num layers=num layers,
bidirectional=bidirectional, dropout=dropout)
self.fc = nn.Linear (hidden dim * 2 if bidirectional else hidden dim,
output dim)
self.dropout = nn.Dropout (dropout)

def forward(self, text):

embedded = self.dropout (self.embedding (text))

output, (hidden, ) = self.lstm(embedded)

hidden = self.dropout (torch.cat ((hidden([-2, :, :], hidden[-1, :, :]1), dim=1))

return self.fc(hidden.squeeze (0))

(3) WHEMHFT, DAMRIESKISHR T I i v e — AN E P REYLRR -, BT EARR R

FRAGEAT RS BB NLEUF S, AT B S0 4 BT AT S . XM SR BLARY
W

51
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_

ol s
+ WEBEFT
SEED = 1234

torch.manual seed (SEED)
torch.backends.cudnn.deterministic = True

4) &S, AFiRAYEE(EMBEDDING DIM). [ /2 4E% (HIDDEN DIM). #i

H 4 (OUTPUT _DIM). LSTM JZ4((NUM_LAYERS). #& 75 X [ii] LSTM(BIDIRECTIONAL),
dropout #(DROPOUT) filfit 5 K/NBATCH_SIZE)%% . X MBS 1R -

+ GBS
EMBEDDING DIM = 100
HIDDEN DIM = 256
OUTPUT DIM = 1

NUM _LAYERS = 2
BIDIRECTIONAL = True
DROPOUT = 0.5

BATCH SIZE = 64

(5) 1#H torchtext FENN#L IMDB % 4E . Hrh, Field)H T 5@ CCA MR Flab 21 75 3K,

£, 45 43 18 D5 R T SO E 45 /N5 s LabelField) T 5 X b5 28 S48 1 &b 7 77 =K
IMDB.splits() A T4 ZdE R 7 Al gr e At de . RS R

# n#k TMDB HdfE 4

TEXT = Field(tokenize='spacy', lower=True)

LABEL = LabelField (dtype=torch.float)

train data, test data = IMDB.splits (TEXT, LABEL)

(6) ¥y&ia]y_#(vocabulary). i#id i build vocab() /7 iEIFENIISREEHE, o LAty

WIER. Besh, L EE vectors ZHy “glove.6B.100d” , wJ LUK Tl £ i 14 1) B
(glove.6B.100d) 345 H B FHANZ o X2 SeBUARS 21T »

L A FE AT
TEXT.build_vocab(train_data, vectors="glove.6B.100d")
LABEL.build vocab(train data)

(7) QVEEHE %L 25 (data iterator). i i Bucketlterator.splits()/7i%, Al AR IIZREE

FOIREE B FT L B 4k 88, A T 8B RL I A fl ;. Horp¥a e 1 #bE K/
(batch_size) Fl1¥ #r(device). X M SEELACHS IR

52

# GRS
train iterator, test iterator = BucketIterator.splits(
(train data, test data),
batch size=BATCH STZE,
device=torch.device('cuda' if torch.cuda.is available() else 'cpu')

)
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(8) ¥Ifift LSTM #i%Y, 5%, M4 MK /Mlen(TEXT.vocab))ffi & 1 th ik N2
HImNYERE . SRJE, (8BS EFRI R KN — LSTM BAISEE] . X7 ) sEiA
T/ I1

+ G

vocab size = len(TEXT.vocab)

model = LSTMModel (EMBEDDING DIM, HIDDEN DIM, vocab size, OUTPUT DIM, NUM LAYERS,

BIDIRECTIONAL, DROPOUT)

(9) IFR TN ZRe i ) &, S ELEA RN EMBE . @i TEXT.vocab.vectors 1] LA
SRECEIA o) o 0 LA SEBARRS a0 F -

# IR 2R el

pretrained embeddings = TEXT.vocab.vectors

model .embedding.weight.data.copy (pretrained embeddings)

(10) 5 S i % (on BCEWithLogitsLoss() Rl /£ 2%(optim.Adam) . nn BCEWithLogitsLoss()
T 2K n B R, E45A T Sigmoid HUE BB 638 5% . optim. Adam
E—MERRmAEE, ATSEm. SRS T.

# B AR R ERAL#R
criterion = nn.BCEWithLogitsLoss ()

optimizer = optim.Adam(model.parameters ())

(11) FERAER K E R 3 GPU LT TR AR T Y), 3riid torch.cuda.is_available()
FIWr 2 5 AT ) GPU B 4% . 4 M A SEBLACAS A0 T -

B R GPU (RATH)

device = torch.device('cuda' if torch.cuda.is available() else 'cpu')

model = model.to(device)
criterion = criterion.to (device)

(12) & SCEERI IR BR B DI 25 bR B O B (model) . $i 48 I 45 88 (iterator) . 4L 28
(optimizer) A1 451 2% A $Y (criterion) {E M & N o 76 28 50N 30, 8 26 B A5 RS 4 Il 25 B X
(model.train()), #4538 [ EE N4 85 b 4 MR EAE . Rk, B AL as A
J% # O(optimizer.zero_grad()), 45 3K HULI LA (19 3L A (batch. text) bR 25 (batch. label) . F-if
AL AR T SC AR F 17 1R A5 43 (predictions), R H 4 R —4E 5K i (squeeze(1)) . Hed v ST
(B 5 FLSE bR 25 2 18] (1) 453 5% (loss) 1 #E 7l 28 (acc) , 3 i J= 7] £% 3 AR 1k 2% 58 37 155 70 2 4
(loss.backward()Fl optimizer.step()). f¢Jii, RALRFUHERZH F] epoch_loss Fl epoch_acc ',
IR [P S540 R RN 2 . 0 R A S BLARRS R

# e

def train(model, iterator, optimizer, criterion):
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model .train()

epoch loss = 0

epoch ace = 0

for batch in iterator:
optimizer.zero grad()
text = batch.text
predictions = model (text) .squeeze (1)
loss = criterion(predictions, batch.label)
acc = binary accuracy(predictions, batch.label)
loss.backward ()
optimizer.step()
epoch loss += loss.item()
epoch acc += acc.item()

return epoch loss / len(iterator), epoch acc / len(iterator)

(13) & AR PR s 8. VRS BB S I ZheR B S5/ 3540, ME— 1 X 0 7E T 170 5%
NP1 (model.eval()) {3 H] torch.no_grad() | N 3CHF # 83 ok AE FIBA RS 131, 31X & RINAE
PR R R A TE R, a DU PRIz S R IRk N AT RE . B PEAR pR BOR [R]F 345 Ok

FESAHERR R o X LA SEBARIS 20 R
# VR

def evaluate(model, iterator, criterion):
model .eval ()
epoch loss = 0
epoch acec = 0

with torch.no grad():
for batch in iterator:
text = batch.text
predictions = model (text) .squeeze (1)
loss = criterion(predictions, batch.label)
acc = binary accuracy(predictions, batch.label)
epoch loss += loss.item()
epoch acc += acc.item()

return epoch loss / len(iterator), epoch acc / len (iterator)

(14) 5& SCiHHSEAER R R . 25 58 B A T 4L (preds) R S SEAR 2 (y), bR Bli il

Sigmoid() B KCKs TN ST A 0~ 1 AIBER, JFx HBEAT P& TN SRS 4 DY & TN S 1 T3l
WA SRR REATLL R, THSRERR TR A 5. FERRCLEREAS, B RIMERR . XA
SSHACHY I T
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def binary accuracy (preds, y):
rounded preds = torch.round(torch.sigmoid (preds) )
correct = (rounded preds == y).float()
acc = correct.sum() / len(correct)
return acc

(15) SRR, eI 208 W(epoch) & 56 U FH I 25 bR £l (train () 3 B RS 3E AT 11 45,
KRB R FHER 2 o S8 5 U8 FH VP4 B8 2 (evaluate ) A B BY BEAT PRAL,  FFERIUAGIE 461 2%
FIHERR R o G0 5 2 A ) 56 E 453 2% (valid_loss) b 22 i 1 33 19 £ £E 38 1IF 453 & (best_valid_loss) B
N, KRS AT R A R B R (model.pt). JE, FTERRENIINZR A AR IR &k . IR
HER R BRAE A R A SGUE e 3 o X R SEBARHS 1 F -
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N EPOCHS = 5
best valid loss = float('inf')

for epoch in range (N _EPOCHS) :
train loss, train acc = train(model, train iterator, optimizer, criterion)
valid loss, valid acc = evaluate(model, test iterator, criterion)

if valid loss < best valid loss:
best valid loss = valid loss
torch.save (model.state dict(), 'model.pt')

print (f'Epoch: {epoch+1:02}"')
print (f'\tTrain Loss: {train loss:.3f} | Train Acc: {train acc:.2%}")
print (£'\t Val. Loss: {valid loss:.3f) | Val. Acc: {valid acc:.2%}")

(16) In#RZ fiARAF B BB 28 (model.pt), DA 5 S AE B B Lk A7 Pl o % 2 1
SEHARES 1 R

IR LRAT i (R AR

model . load state dict (torch.load('model.pt’))

(17) FERTECHE Fade AT 5 00 . 2’5 PRAX predict_sentiment(), 7EMT ¥R b3k 47 fi5 /& il
Mo 1% bR A WO (model ) RN T (1) 41) 1~ (sentence) /E M N « 7EEREA ., B Jets iy
BVl s(model.eval()). SR JEXTA)F1EAT 4018, 544 46 Ja () Ban) 4 ot i R Al
AR R I ¥ # R PyTorch k&, R HRBEFIHFM B & (GPU 8 CPU).L. T SR
FIE N TEARICHED, 75 B0 3 & i 4746 %2 18 82 (unsqueeze(1)) . 2R el ik B RS BEAT TN, ¢4
H (R T Sigmoid BRECGHEAT T, 15 B BRFUIEGER Y 0~1). 5, 3 [ E
(prediction.item()). 7EPRT 4>, A — N IRE)F(test_sentence), i predict_sentiment()
BRI ECHAT B IR T, FFR S5 RATEN R . X LR SE I ACRS I T
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# TERTEGE kT T
def predict sentiment (model, sentence):
model .eval ()
tokenized = [tok.text for tok in spacy en.tokenizer (sentence)]
indexed = [TEXT.vocab.stoi[t] for t in tokenized]
tensor = torch.LongTensor (indexed) .to (device)
tensor = tensor.unsqueeze (1)
prediction = torch.sigmoid (model (tensor))

return prediction.item()

# MR

test sentence = "This movie is terrible!"
prediction = predict sentiment (model, test_sentence)
print (f'Test Sentence: {test sentence}')

print (f'Predicted Sentiment: {prediction:.4f}"')



