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Abstract

Nowadays, many people post things on various social networks like Facebook, Twitter and
YouTube. In this study, we performed sentiment analysis over posts in Twitter to determine how
users think about a topic in the social media. In this study, we adopted long short-term memory
(LSTM) as a classifier used in the prediction. Posts are mapped using the word2vec method to
map text to vectors for further analysis. We evaluate the performance of the proposed system in
comparison with other algorithms to determine the suitability of the proposed system. The expert

mental results show that the proposed system slightly outperform the compared algorithms
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2.1 89ARU3NE2AUNTS Retrieve Twitter data
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awld AP Tunishstaya Inewelinlunszuiunisiiiled 2 Ussuinnee

2.1.1 REST API

Representational State Transfer Application Programming Interface Iumiﬁﬁﬁa%mwu
REST Uaq0uu3n1s APl wes Facebook, Twitter, Google fidants REST API fllsnazanunsadieusousnis

lunsiadeya

2.1.2 Twitter Streaming API

Iwas ansuils APl Wududausaluswnsy (AP Minausudu fsansuileasiinisdiause
HTTP egnaen wazdadeyariuunlviegeoilos v REST Wlaudadayauaiasinnisiteuss wagsos
FouselUlnidnass Tunisviansufisasld Tweepy @alu open-sourcePython library \Weuseriu

Twitter stream dviURslayauLioviNTIATIEN
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2.2 83AAMNINEITU Sentiment Analysis

Sentiment Analysis vedolunwilne "msieszinrwidn’ iunsiesesiensusiuazaiy
Ynanderu levsueneuidnvesgauiiiiriounideuntedng Wy anusand (Positive) wio Anuiani
14iA (Negative)

Haqtuiléfinisth Sentiment Analysis alfeniludusing q wu Fumseain dumsdeans

[

Wusu Felunszuiunisilaldmaiia fadl

2.2.1 nltk

Natural Language Toolkit adulugalumwilnseuiilasumnudenlunisvin msdszananiw

s33uv77 laeld Apache License, Version 2.0 Laz5835U%3 Python 2 way Python 3

2.2.2 Deep learning

Buwumslusdvesisnis Al Tag deep leaming filassasnsfiusenausie input layer , hidden

(%
CCY)

layer way output layer 1agA191 deep HUununedan1snd hidden layer unnan 2 layer 9nvisdadl
neural networks wanvaeUsEN BedasUssanillasainsiignesnuuuniveyiauiuansdiaiuly
Megray CNN azvhaulaatuzuam diu RNN agvihnlafteyalssinndrdunanitime series) way

N"5gaUsNs (text analysis)

2.2.3 Recurrent Neural Network

o w

RNN wwifandng vea RNN ievgldnuivdeyanidnuaziludidu (sequence) wu video

(sequence of images) %30 text (sequence of words) tebiidlan mn1sieuYes RNN ladietiu 9
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2.2.4 Long Short-Term Memory
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LSTM iieuntaymives RNN iflsie sequence 8179 vesdeya Jadnsiauanisid Long

[

Short-Term Memory 38 LSTM HJausnlae Sepp Hochreiter Wag Juergen Schmidhuber

2.2.5 Woed2Vec

Y

Dulamadildashe word embedding Waulaefiuinddeves Google 1lng Tomas Mikolov &
TumatiannsarvenldfiniiiSuuuia 4 (Latent Semantic Analysis) 3¢ word2vec flon1suans “é” 1t
aglusuves “vector” unazlillaly one-hot encoding lunisas1adiay vector wuuldse word2vec g1y
AEmsfuauiavesiL 9 910 context seu Aty (lewentann language model) wenaniu
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2.2.6 Support Vector Machine

SWM umefianfianlisuanny evegrsunsranglumuiifeidesiunisaninguuuunaonaunis
whdeyynsdnngu (classification problem) lagandenannisveanism dudssansvesaunisiieasnadu
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2.2.7 Naive Bayes

Tfnadansieszianuiiazilu ¢ae Bayes theory Wiadalunadmsuduunienueznguues
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2.3.1 A study of sentiment analysis using deep learning techniques on Thai Twitter data

E:\Tﬁﬁ : Peerapon Vateekul Thanabhat Koomsubha

Wvnevesnddenisidmedin deep learning Tun1sin Sentiment Analysis fiudeyalu
Twitter

nansaaes: Mslmeadia deep leaming PaewfinlszdnSanwlun1svi sentiment analysis T
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3.2.2 Fnwin1svieu Library fiiedes
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3.2.4 ﬁ’]miﬁmﬂim%’agamLawmﬁmﬁuﬁﬁaﬁmﬂﬂ W dense WHudy

3.2.5 yns@nwianuianvednadudazinad lngldinaiianig sentiment analysis
326 maausﬁa;ﬂaﬁ?miwﬁ wazUsziiiuna

3.2.7 @yudunaunisailunsideiaiun

16



3.3 LWAUNISALUUIIU

1. 219 HUATANTH WU

2561

2562

GE3

.8

#.61

n.g

§.A

u.A

AN

bl Y

N.A

Uszyuiiladeniite

AnwmannIshasng el MNeIves

AnwuITeNNeIT99

AuM Dataset N9gtiunlgay

2. w3sudayalvinioy

3. DONLUULAZAS19MULAE

ankuUluLma

Anun1sas1aluLng

dagUrauazUssiiiunaanslung

Tauszansanlung

asunansALiueOu

LR VP HER AR

17




3.4 awiun15as19luLma

3.4.1 Aadayaunann twitter Wngld Twitter Api (lAnaNlWa twitter.ipynb)

| #Import the necessary methods from tweepy library
import tweepy
import csv
! from tweepy.streaming import StreamlListener
I from tweepy import OAuthHandler
I from tweepy import Stream, API
| from google.colab import drive
jdrive.mount('/content/gdrive')
Iimport numpy as np
import pandas as pd
import re

I#variables that contains the user credentials to access Twitter API

l access_token = "926273096448954368-GJucrewoThINRMihXyms@ZiZAL732em"

| access_token_secret = "nosyzDuxhzGscEqOq@4x0A1xF8gXLOwWDSkIBCRgIfAbTX"
j consumer_key = "oYXFQfDikbkDbwCk95j1aTTRq"

consumer_secret = "iVjawYb4CjcF54Z04zTQkCVc5B7YJUEPwWgaER2ioB1OnjQG4Ke™

#def twitter_setup():

lauth = OAuthHandler(consumer_key, consumer_secret)
lauth.set _access_token(access_token, access token secret)
lapi = tweepy.API(auth, wait_on_rate_limit=Trueﬂ

|
paf = pd.DataFrame(columns=[ 'Date’, 'Post'])

“u O-pen-/Cr'-eaEz a-fﬁe-to-app-end-d;:a-
#csvFile = open('/content/a.csv', 'a')
| #Use csv Writer
#csvlriter = csv.writer(csvFile)
#clear datafreame
Jdf = df.iloc[©:0]
file = open('twitter_text.txt','w')
for tweet in tweepy.Cursor(api.search, g='uwends, tweet mode="extended").items(1500):

Idf.to_csv('/content/testl.csv’, encoding="utf-8")
| file.close()

if not tweet.retweeted and ('RT @' not in tweet.full text)
and ('BNK' not in tweet.full text)
and ('@' not in tweet.full text):
print (tweet.created_at, tweet.full text)
#df.append(pd.Series([textCre, textMsg]) , ignore_index=True)
df = df.append(pd.DataFrame({"Date": [tweet.created_at], "Post": [tweet.full text]}))

2019-04-26 01:12:26 hifilasion #umyms #umyusfunslown #nnslluan #nnegdy #Fdonik #idond62 #rofudu 1

1 #thailandelcetion2019 #protest #lnmmfendi62 #aaw https://t.co/jZuPojLkUo I
] 2019-04-25 15:40:02 g #AvengersEndgame wioumdsgasddriu wrsalitan #de dilafeor audloanluTdans #18onds wousiuonwaosluion 1
Sryudt whagAuuEeEL dugany mioudffidhuenuerne: dyudinaull #lodunagnaumn
2019-04-25 13:30:30 lassSniiu nasmnnaasuisdidunualiada fifounansdlon £d96vio @ @H#savethanathron #sunss #ouneslai
F#Wﬁnamaﬁﬁnﬁ #donds https://t.co/edsXW6DyPR

dl U I = ¥
EUV]34.ﬂﬂwuﬁﬂﬂﬁ3®873ﬂ?i@ﬂ%@%a
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3.4.2 i3 label data lngszydunineian1,2,3 unuwiniag Tu excel

Date Sentiment

222119 6:47
2/22/19 6:46
2/22/19 6:45
2/22/19 6:45
2/22/119 6:45
2122119 6:44
212219 6:43
212219 6:43
222119 6:42
222119 6:42
2/22119 6:41
2/22119 6:41
2/22119 6:41
2/22/119 6:40
2/22/196:39

2122119 6:37
2/22196:36
22219 6:36

N I [Py O A T O T (R < O il S R

Ry oy T L

Post

fadufuuuvdieAlidasidandedldis dazuumliainaulildidan Twialy Twuasididau 250 a1, udrdiauudifian
Lilruady an T d iy oviiadany wal su.aay Wamiiawioudui #CPTPP dawii sutdanda | Uszanln ntip
#TPTV #lnsvienisgan lianusiBasnindandetiotaud duaeg ?

msilasuuinn fussanisdiadininn wasauile fianumeouseiazuu wWamnasiaulils wivtinssauazunuii i
#savethanaton filasidandeuaniueting Aamaidouluiuas

@sandandee Aaraanuiduinmnanida: Aunlbsavaiaaniatar Tnelatasiiil andandeaudrdiaannguanaiane
Tedaaginvinluaddadduauaududinieniaiaddsl ar. 250 WFae GeleAldfiussuianiganuas wlannainla dsiu-
# wnamssache dssm il laswnemn % wloudisuaaiunmsal # 19asamminiensidiad® dauuarvdadanda 24 fia
@popohobi wamdlaay Taiuanidandads

Hurasiag ? ﬂ"ﬂﬁi@mﬁﬂuﬁtmuﬁﬁaﬂgﬁmmﬁamﬁ’a‘lﬁmﬁm https://t.co/BTWok3D3mN

16 fin 17 \danda 18 vy darhuaslallouvasanaraada??29?

@prasitchai_k deiudandeasiidaagnssadnr Lidaaa1lasqqAz???

Lﬁaiiquasmaaﬂﬂx ffasdandoud’? #dandas2

\ianda 2562 datiad "ounss” lavliansalaay. hitps:/it.co/PnFYLUWhIr #ThaiPBSnews #1danda62
@PINKXTHIEF atnfouliaied aa 5555555555 ranqdia dnfiumdands fidelusian

datuil 22 aunstug 2562 vai 12.00 u. aamdaaniad wasiius dsssuansaaainisdandenssaiialng wuils

A ... https:/it.co/Upkk9c9axt

dewuTowe Auddiuulome Suldldinmiauduus naaetodiefiidandald Biviuifsualue vinadenaldnue
o a = v o ar a a e a = i
inuafinanliouualadauad uandaagdan gmanaaanan.. aziidandellvinluefadiulylsa 20Tand 1

3.4.3 vhnsasslumatiuan (daanlid Naive Svm.ipynb)

nlna Naive Svm.ipynb filuina 2 wuu A Naive Bayes uag SVM

Ilpip install deepcut

import pandas as pd

import deepcut

import numpy as np

import matplotlib.pyplot as plt

from sklearn.naive_bayes import MultinomialNB
from gensim.models.word2vec import Word2Vec
from sklearn.model selection import train_test split
from sklearn import svm

7%Zmatplotlib inline

from google.colab import drive
drive.mount('/content/gdrive'ﬂ

df = pd.read_csv("/content/gdrive/My Drive/CleanDatalatest.csv"”, encoding="utf-8'")

df.tail(1e)|

19



1 Unnamed: @ text class
: 2142 2142 auussenmAmsidanaeavsdnaimiinsglali... 3
: 2143 2143 \dandoudflade 3
: 2144 2144 WRanduafotinaliléssunans 3
: 2145 2145 LA9d L TnetiunAs uTIM 3
: 2146 2146 dladvauralulldnzuuuloazinnniiiéa 3

U 3-2 nMnuans dataframe vaadayaiitoaialuina svm uag naive bayes

wordvector = Word2Vec.load('/content/gdrive/My Drive/th.bin'ﬂ

JUT 3-3 nmaneviinsiiuen wordvector lnefilid th.bin sz dulndniililuaslaealy

def format_to_vector(df, maxlen=18):
sentences = []
for index, row in df.iterrows():
s =[]
for word in deepcut.tokenize(row[ "text']):
try:
s.append(wordvector.wv[word])
except:
continue
if len(s) == ©:
df = df.drop(index)
continue
if len(s) < maxlen:
tmp = [np.zeros(len(s[@]))] * (maxlen - len(s))
s.extend(tmp)
else:
s = s[:maxlen]
sentences.append(s)
return np.asarray(sentences), np.asarray(df['class'].tolist()ﬂ
#eanrudnidunulaniu wordvector

train, test = train_test_split(df, test_size=0.2)
#uisdoyadmiu train test

20



X_train, y train = format_to vector(train)
X _test, y test = format_to vector(test)
#ioya train ua: test Tudadua:ulaaiu wordvector

JUT 3-4 nwuanan1siidoya train uay test ludnAuazuUantu wordvector

def format_to_vector_ 2(df):
new_a = []

new y = []
for x in df:

temp_a = []
sorted_labels = sorted(x, key=lambda x: x[1], reverse=True)
new_y.append(sorted_labels[@][@])
for z in x:
temp_a.append(z[1])
new_a.append([abs(x) for x in temp_a])
return new_a

JUN 3-5 nmuans function dwsunmisuuasaidunnimes

x_train_2 = format_to_vector 2(x_train)
Xx_test 2 = format_to_vector 2(x_test)

alg = MultinomialNB()
demoNB = alg.fit(x_train 2, y train)

JUT 3-6 NMNLAAIEIUYBINITATN Naive Bayes Model

alg 2 = svm.SVC()
demoSVM = alg 2.fit(x_train_2, y train)

JUT 3-7 MNUARIEILYBINTTATIE SVM Model

3.4.4 salUazidunszuiunisadrsluea Iagld lstm a1nlWd ModelLSTM
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label = preprocessing.lLabelBinarizer()
label.fit([1, 2, 3])
#iums set label

gﬁﬁ 3-8 MnlanINTsset label

train, test = train_test split(df, test size=0.2)
#ulsdoyalen test 1Wu 20% uaztrain Tu 80%

JUT 3-9 nnuansn1suUstoyalae test 1u 20% uag train 10U 80%

X_train = train['text'].tolist()
y_train = label.transform(train['class’'])
#X_train dodeewmy_train fsenuidn

SUTN 3-10 MUEAINISAMUA x_train ABoAIN y_train ABAINFEAN

X test = test['text'].tolist()
y test = label.transform(test['class'])

print('Train: {}'.format(len(train)))
print('Test: {}'.format(len(test)))
#i¥aduudedunmsuivess train test

JUT 3-11 MNuanIn1sATIINEREIuN1ILUeN train test
e ™ =g ™ 7 e ~ 0 EEEEEEEEsEsEEEE= =1
cTrain: 1721 :
1 1
 Test: 431 :
ke e e e e e e e e e e m e E . ... ... .- ——————— = -

wordvector = Word2Vec.load('gdrive/My Drive/th.bin')
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def get word vectors(sentence, model, maxlen=200):
tokenize = deepcut.tokenize(sentence)
w = np.zeros((maxlen, 300))
for i, word in enumerate(tokenize):
if i > maxlen:

break
Ery:
w[i] = model.wv[word]
except:
continue
return w

#function dwsuasded waswlaauiiu nawes

U7 3-12 nmuana function dmsunisdndn uazulaadu nnwes

X_train_WoVe = []
for x in X train:

X_train_WoVe.append(get_word vectors(x, wordvector))

Xx_train_WoVe = np.asarray(x_train_WoVe)
#ihdoya X_train_WoVe lwinasdinduazwlaniu wordvector

JUT 3-13 nmuanin1siideya x_train_WoVe Tuvinisdnduazuianiu wordvector

x_test WoVe = []
for X in x test:
x_test WoVe.append(get word vectors(x, wordvector))
x_test WoVe = np.asarray(x_test_WoVe)
#ihdoya X_test_WoVe Thimsdadwazwaniu wordvector

JUT 3-14 mwuanaiihdeyax_test Wove TuvinisdinAuazuwUaatu wordvector

def build_model(x_train):

model = Sequential()

model.add(LSTM(250, return_sequences=True, input_shape=x_train.shape[1:]))

model.add(Bidirectional(LSTM(258)))

model.add(BatchNormalization())

model.add(Dense(3, activation='softmax'))

model.compile(optimizer="rmsprop’,
loss="'categorical crossentropy’,
metrics=['accuracy'])

return model

#tmethod #awsvtrain
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JUT 3-15 A1nuand method dmsu train

model = build model(x_train_WoVe)
model.summary()
#atuluea LSTM 4 layer #LSTM 2, Bidirectional 1, Dense 1 usuilu Softmax

U7 3-16 Mnuans nsadslana LSTM 4 layer

'Layer (type) Output Shape Param # :
stn7 (L) (None, 200, 240)  S19%60 |
:bidirectional_4 (Bidirection (None, 488@) 923520 :
:batch_normalization_ﬁ (Batch (Mone, 48@) 1920 :
"dense 18 (Dense) (None, 3) 1443 !

I Total params: 1,446,243
I Trainable params: 1,445,283
"'Non-trainable params: 96@

g‘dﬂ 3-17 MWLEAINAAINNTT build model x_train_ WoVe

start_time = datetime.datetime.now()
history = model.fit(
X_train_WoVe,
y _train,
epochs=8,
batch size=200,
validation split=0.2
)
end _time = datetime.datetime.now()
#Jupoumstrain doua

JUN 3-18 ANUAAITURBUNTS train Yoy
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- Em Em e Em Em e Em o =
rHraln on 1376 samples, validate on 345 samples

Epoch 1/5
l1376/1376 [ ]- 8s
Epoch 2/5
I1376/1376 [ ] = g8
Epoch 3/5
1376/1376 [ 1 - o9s
| Epoch 4/s
1376/1376 [ 1~ 88
|Epoch 5/5
1376/1376 [ 1- 8s

I I I

ems/step - loss:
7ms/step - loss:
ems/step - loss:
ems/step - loss:

éms/step - loss:

@.8387 -

0.0339 -

@.1038 -

0.0294 -

©.0297 - acc:

acc:

acc:

dacc:

acc:

a.

a.

Q.

Q.

a.

9906

9927

9680

9928

9935

- val loss:
- val_loss:
- val_loss:
- val loss:

- val_loss:

a1

3

i

1

i,

7780 -

.5589 -

7797 -

6631 -

. 7087 -

SUR 3-19 A mLang

Y

3.4.5 sialUazidunsyuiunisPredict WUy Realtime 91nlwd ModelL.STM

class MyStreamListener(StreamListener)
def on_status(self, status)
global j
global p
global n
global ne
global realtime_data
global piechart_data
update_time = time.time() - self.start_time
#print(update time)

realtime_data = realtime_data.append(pd.DataFrame({"Post": [status.text],"Sentiment": 'E'}))

realtime_data[ 'Post’'] = realtime_data['Post'].str.replace( http\S+|www.\S+|\n| #\5+|@\S+|#\S+|RT', '', case=False)

realtime_data.drop_duplicates(subset=['Post']
for index, row in realtime_data.iterrows()

, keep=False)

if row|['Sentiment'] == 'E°'
row[ 'Sentiment'] = predictionData(row['Post’'])
if row['Sentiment'] == 'Negative':
n = n+l
if row['Sentiment'] == 'Neutral’:
ne = ne+l
if row['Sentiment'] == 'Positive':
p = p+l

if (update time »=7):

# Pie chart, where the slices will be ordered and plotted counter-clockwise:

labels = 'Negative', 'Neutral', 'Positive’
sizes = [n, ne, p]

explode = (@, ©.0, 8) # only "explode" the 2nd slice (i.e.

figl, axl = plt.subplots()

'Hogs ")

axl.pie(sizes, explode=explode, labels=labels, autopct='%1.1f%%',shadow=True, startangle=9@)

axl.axis('equal') # Equal aspect ratio ensures that pie is drawn as a circle.

plt.show()
print ("3
print("
print( "swmuds ", n)

SO

AF)

print("- - - - - - - - - - - " "Update Time :

5= j+ 908
def _ init  (self, time limit=0):
self.start_time = time.time()
self.limit = time_limit
self.count = @
self.clmt = @ #
super(MyStreamListener, self)._ init_ ()
myStreamListener = MyStreamlListener()

myStream = Stream(auth = api.auth, listener=myStreamlListener, tweet mode='extended')

myStPeam.filter(track:[Hﬁnﬁ;\%ﬂﬁﬁa\ﬁnﬁlﬁ?n

val acc:
val acc:
val_acc:
val acc:

val_acc:

a.

Q.

a.

a.

a.

6667

5594

6348

6783

6493
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NaN1SALHLUIUY

paelaas1eluna MeEaNuLUUSEUS08ENUIN

lumaves Naive Bayes dnnnuudugagiuszann 54% il

(true_result*100)/(true_result+neg result)

LAaves SYM dnnuusiugiagiusyan 55% aail

(true_result*1e8)/(true_result+neg result)

druvedlaina LSTM ogfl 65 %

accuracy_score(y_test.argmax(axis=1), model.predict_classes(x_test_WoVe))*100

print(classification_report(y_test.argmax(axis=1), model.predict_classes(x_test_WoVe)))
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a
1
2

micro avg
macro avg
weighted avg

precision

8.57
.79
e.28

[ax]

8.67
.52
&.66

o

recall fl-score
8.82 .67
8.66 8.72
68.63 8.85
a.e67 a.67
@.58 a.48
a.67 &.65%

support

158
230
34

431
431
431

Fatlesnluduneunsly 1desld lstm ¥3win1sueass predict ToAUALIAUAITEBNAT AINTNDS

an

1
I Hansvinung

» ' wdau ("

Foamnuwadwast 1 " Liviwih lstasiugAonus Aouulovnuandatedsiu

I Fornuwodlwast : " Adlusmsdiusiflovih Tiiuuuusswsusiaznssalddinnn

I namsvinune
|

D wdun ) "

2 " = a = a
Foenuvadwas : " anadluTTEAnS Aonsia 24 Tuzasu "

I
| Wamaviung

D" unana | "

I Fornuwodlwast : " 1donlasA lait bilvase:lifuus:maauwi

WamIiuy

D " ifunana | "

; Tormnuwadlwas : " Wuralaliaausn: "

1 Wanavinue

D wdun ) "

I Fomnupadlnas . " atnnliwssAouwmsinivu=Eonsim: wanwinaswidsmas Wlglna

1 :
Wamsiuny

D" funana |t

Famnnunwlnefldmdniiia Aaznuinag predict Taafdiiou
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Na31N Real time prediction

Pasitive

Neutral
Negative
Fnundinn ;6
Fnunaw ;75
FuUNGaY @ 124
——————————————— Update Time: 900------- ------
Positive
MNeutral

Negative

Fuumdnn ;11
Fwunate o 134
nnundan ; 227
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nMsnaaestunulanansavinyhugiuusealnls widmuianuudugilalutudieg
ilinsvihweanuidnvednaduuuisealnidanuingetiendn Fuiliewnan data Nwnlduuidym
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AMARNUIN

2 A5 Ueedu =

1. nsasalwdlng

UGS http://colab.research.eoosle.com/

9nvunata “NEW PYTHON 3 NOTEBOOK” tiies¥1e Notebook v

NEW PYTHON 3 NOTEBOOK ~

Suusnazldilundndan q wazlivasdmsusuanadiinestaaien
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http://colab.research.google.com/

& Untitled0.ipynb &
File Edit Wiew Insert Runtime Tools Help

CODE E3 TEXT 4 CELL ¥ CELL

Table of contents Code snippets Files X

>

SECTION

TagvasianTisnuniu dunsafazldands Bash srunuiulanniw Python ldlae 1wu

‘,’ Ils

print("Hello World")

[> sample_data
Hello World
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IieuAldIATaIRINg “1” IiNBLENTZHIN9AEY Bash NUANEIN1E Python

2. gnunsanuslansaniludlu 9

Tnenalu “+ Section” dudneiiagn

Files X

Table of contents Code snippets

~ First Section

First Section

[3] !1s

SECTION
print("Hello World")

[> sample_data
Hello World

Wiawnaga lanfisaann Section Wunazgnganiy

» First Section

L 1 cells hidden
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3. maiuvesdmiuldanaulvinalu “CODE”

CODE

4. wingeenslddanduasunelu Notebook vassnaly “TEXT” uaz

TEXT

5. wngeeansdeduneingeng q vuniiaeliden Cell W 9 fouudlAsenaluAagy

4 CELL ¥ CELL

= A1siaenly GPU %58 CPU wastiasdy Python ::

1. ldanuy “Runtime” assuauyaudeuy

Runtime

1@9n “Change runtime type”

¥
=1

U
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Change runtime type

AALABN “GPU” 1ialalgany

Hardware accelerator

None None (

Omit code cell outpt ir
Pt GPU

2. 1@antIasTu Python #13zl# Compile

g Runtime Type #ilWidonag 2 11a3¥u Ao Python 2.7.14 uag Python 3.6.3
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Runtime type

Python 3 Python 2

Hardware accelerator python 3
NAana 7~

i 9N Session Niuay

NHaIN135 Terminate MunTuagaunsaiild 2 35

1. nm Terminate

LﬁﬁlﬂﬁLug “Runtime” -> “Manage sessions”

Manage sessions

Usnguatuliiaensinaneisld nndasnisvinaneliing “TERMINATE”
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Active sessions
Title Last execution RAM used

Current session

L Untitled 1 minute ago 0.13GB TERMINATE

2. W1UN155U Bash

Ikill -9 -1

= ANSIYSIUNY Google Drive ::

from google.colab import drive

drive.mount('/content/drive")
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szndnefuanfivazusngvesindlild Authen code lfannisnadenauuu iwelausaiu Google

Drive 984131

Go to this URL in a browser: https://accounts.google.com/

Enter your authorization code:

WINABINTSIUALU root path va4lalsnnes WaanAU819vaensen Path na lasazlalideaudeu

Path #1812 TildArdenssaluil

import os

os.chdir("drive/My Drive/(Falnawnasly Google Drive fidasn1s)"

wWaasu Path Wi lulwawmasvasladnsinds natdlulndwu aunseadielu dufazswanluds

Google Drive T#siudinqeias Fedzainagneun
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Train on 1376 samples, validate on 345 samples

Epoch 1/5

1376/1376 [==============================] - 8s o6ms/step - loss:
0.0387 - acc: 0.9906 - val loss: 1.7780 - val acc: 0.6667

Epoch 2/5

38



1376/1376 [==============================] - 95 7Tms/step - loss:
0.0339 - acc: 0.9927 - val loss: 3.5589 - val acc: 0.5594

Epoch 3/5

1376/1376 [==============================] - 9s o6ms/step - loss:
0.1038 - acc: 0.9680 - val loss: 1.7797 - val acc: 0.6348

Epoch 4/5

1376/1376 [==============================] - §8s 6ms/step - loss:
0.0294 - acc: 0.9920 - val loss: 1.6631 - val acc: 0.6783

Epoch 5/5

1376/1376 [================== =========== =] - 8s o6ms/step - loss:

0.0297 - acc: 0.9935 - val loss: 1.7087 - val acc: 0.6493



