FIPUAUNIANYIRTUEUIY M

a g p : Rk =
A1521A31% Sentiment AMYIBUAIYNATETIIU
Multi-Languages sentiment analysis based on Chinese sentiment

UIBUTANS U7

MASYIAInTABAHAADS
ﬂmﬁmnﬁumam{
satumaluladwszaaunanmIaummITaanss U
dnsAnen 2561



FguannafneIaluauysal

A15AATIEN Sentiment ANYIDUAWAILIIU

Multi-Languages sentiment analysis based on Chinese sentiment

YBBUTANS 91U

AAIVIIAINTTUADUNILADS
AMZAAINTTUANEAT
andumalulagnszasunandnummaIansEus

Unsfinwn 2561



YolaTeuaniadne AMTIATIEN Sentiment NWBUAILANWITU

Yo-ana tnAnw WwaNsing 31U

ADE AAINSIUAERNT NAYY IFINTIUABUNAADS
d =Y & ot = s

Ya-ana 919138TUNA 2191580 UNAR Wee

[ a a

19158352FNA aNdns

Yo-ana Hlmeaanu wina afiung1d
aa1ulsznauns USsv wirensa 91m Useinalng
UNANED

2
o/

dmfuaidensaliiinguszasAaliefinyisnasiasisrianuidnvastaninueie

Machine leamning Taald Self-Attention LTulaseasrsvealuina wazitlusssennunisia

) < YY  aa o 8 ' .
sentiment score ¥aamwduUlAMmeAsn1stanIn Wy Goosle translation API WiiBLUaN

v

2w o o w a avy v Y] 1 a A o
Wudernuawiduiazdrdennunisduilaanluda sentiment score wazauideignily
al v 7 & o ') =t
Wewdwivlinaaedd lneidemd waniuiuasgnideusme Flask 3y Python framework

sl

= o v o =3
ftlan UL

ANEN "nJu : Machine leaming, Self-Attention, Sentiment Analysis, Google Translate API, Flask



Co-operative Title: Multi-Languages sentiment analysis

(based on Chinese sentiment)

Student Intern Name : Mr.Amornpat Champa
Faculty : Engineering Department : Computer Engineering
Advisor name : Mr.Bundit Pasaya

Mr.Jirasak Sittigorn

Mentor name : Mr.Vipas Sutantayawalee
Company : Backyard Co, Ltd.
Abstract

The purpose of this research is for study methodology of Sentiment Analysis by
Machine learning which is using Self-Attention as model structure. Moreover, we can
measure sentiment other language by translate other language sentence into Chinese
sentence with Google Translate API, and then we pass it to model for measure a sentiment
score. This project is also applied as a website and the website is written by Flask, which is

a Python Framework used to develop a website.
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2.1.1 Python3
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AN 2.1.3 wialusunsy Visual Studio Code

2.1.3 Jupyter Notebook

AN 2.1.4 Jupyter Notebook
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doRuas Jupyter Notebook

1. @ansnsulnd CSV,EXCEL wialwdduqld

In[1]: import pandas as pd
In[2]: insurance = pd.read_csv(’C:\\DDRIVE\\FL_insurance_sample.csv')

In [3]: insurance

~

R policylD statecode county eq_site_limit hu_site_limit N_site_limit fr_site_limit tiv_20
0 10735 FL coSr'J# 4080600 49806000 4989600 4989600 498960
1 448004 FL COS;#: 13203763 132237630 13223763 13223763  1322376:
2 206893 FL ooy 1007244 19072440 1907244 1907244 100724.
3 azaras L. O&ﬂ 00 7852076 00 00  79520°
4 725 FL couc:eﬁ 00 25428150 00 = 2542815 254281
5 785275 FL coSr‘I?: 00 51503562 0.0 00 5150351
y 6! ?ﬂ:n‘l‘? ?l - CI‘AY nn  A0%aNAAN NN nn an 46"3'"\0;\! b

AW 2.1.5 Read File

fian: http://www.mindphp.com/forums/viewtopic.php?f=1448t=47184

2. @nsauansaansrolAntiuguwuures nsvila

O 98 ¢ nowebook_example . Cheigoa o

O localhost 8589 nonebogks) - Q4 ¢ D, 81 O E @
" Jupyter r_notebook_exampie R v
Fa I Vew ket Cel Keval  Help RO
B+ ¥ @0 &+ HEC Cos ;@ Cerfoobar

1n[5]1 library(plotly)
set.seed(100)
4 <- diamonds{aample(nrow(diamonds), 1000), |
plot_ly(d, type = 'scatter , mode = ‘markers’,
x = -carat, y = -price,
colar = ~carat, size = -carat,
text = -paste("Claritys ", clarity))

AWt 2.1.6 Plot graph
flan:

http://www.mindphp.com/forums/viewtopic.php?
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[ localhost

Z Jupyter MyFirstNotebook Last checkpoint 20 hous sgo (autosaved)

B + > 0B 4% NRC v = Celfobar & & O

In [1] print{“Hello World"

Hello World
Add "#" to make header

This is a markdown cell {regular text. not code)

This is a markdown cell (regular text, not code)

In[]: ]

mwﬁ 2.1.7 Markdown

fian: http://www.mindphp.com/forums/viewtopic.php?f=1448&t=47184
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Git Status

a

- ) -1
@nuzwes Source Code Miiuagluszuuved Git Wuilasil

< a o w ' YR
- Untracked 1fuanueil Source Code gniudnunlnsiuazdslailagniiuliluszuy

Va4 Git

v =

- Working Directory \Juanuzfifdsin1sivdsunuamioudly Source Code #3e
9199z13unanuLilin Modified

- Staged {fuanuzdl Source Code fdun3uuding Commit WieBudunisiasuulas
Aeufiazifivadluaaiuy Local Repository

- Local Repository Lfluamusﬁﬁmsﬁuﬁ’uﬁn%’auuamimﬁﬂmmawaa Source Code

adlufl Git Repository i Local (fiasosiains)
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Remote Repository Lﬂuamuzwum‘atﬁuwwﬂmazﬂamimaﬂuuﬂawaq Source Code aalu#l Git

Repository 7iiu Hosting (fiiA3aadsniaes)

Untracked | | Jorkno |

Directory

Push by team V'I

mw‘fr'i 2.1.8 Git Forward

flan; https://medium.com/@pakin/git-
%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%
849%E0%B8%A3-git-is-your-friend-c609c5f8efea

[bnstiag] [[02500 | (Wossd

AW 2.1.9 Git Backward

flun: https://medium.com/@pakin/git-
%E0%B8%849%E0%B8%B7%E0%B8%AD%EN%BE%AD%EN%B8%B0%E0%BY
%849%E0%B8%A3-git-is-your-friend-c609c5f8efea



2.1.5 Flask

Flask

web development,
one drop at a time

mwz'?'i 2.1.10 Flask Logo

Flask fie web framework AL a i uynd1nsy Python tital497uiu webserver L19u
Apache uaglasunsgaNsuaIn community wepages Funiigu Pinterest, Linkedin 1usau 1ng
Flask gni3endn micro framework a1z shulaifieanisiedasile ude library aslsunn Bnvis Ll
Sufusiaadl database w8 wndalsfinnu Flask Af13a95un1siiin extensions fikawle difu

59495V Flask



2.1.6 Docker

docker

Wi 2.1.11 Docker Logo

Docker #a engine sULUUMNNN1TvIINUlUENTAE BN MIIAR DN TULUULATBY

server Waldlunis run service NApINTs An13vinaumdenasnu Virtual Machine 1@y VMWare,

' v
ar SIS

" (k% ] &l o o 5 2/ s 1 g
VirtualBox, XEN, KVM LATBLANAINNTALAUAS Virtual Machine ﬁgfﬂﬂnuﬂawmuuu Wung

8 '
o o/ a

F1avenia OS Weoldrunagningesnislidanu service 1ag Favinrsfadaiufuuy OS e us
o ) [ @ . o ') A P 2 o ) . o
@y docker wa2avle container Tun1sdaesanmwandenduu wWeldaudmiu 1 service 7

o 2 " & Y A 3 < 3/ = h . o
fensldayingu Tnglifesdldauves 05 W luiRendoaniiou Virtual Machines au|

APP 1 APP 2

BINS/UIBS | BINS/LIBS BINS/LIBS
APP 1 APP 2 APP 3

GUEST OS | GUEST OS GUEST OS BINS/LIBS BINS/LIBS BINS/LIBS

DOCKER ENGINE

HYPERVISOR HOST OPERATING SYSTEM

HOST OPERATING SYSTEM INFRASTRUCTURE

INFRASTRUCTURE

MWA 2.1.12 NMswlIeusieusening Container AU Virtual Machines

flan: https://saixiii.com/python-flask-web-application/
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nlj cly 1 1 1 <y cJ 1 du A 2/ e 1
Docker Wy 1uiiziniustnsunswanalugag 1-2 Ykl esnanunsaliinuliedsarain
WAZABUAUBIANARBINITUDY HanlUsUNTY (Developer) %38 Hauaseuu (System admin)
=1

Docker image 3onladndufiusiiten wialuduluureinisaing container Tunnltdau

./
[ Y] L) ]

fUssuiisuAunsBeulusunsudaing(OOP) 191 docker image UALUTouLaT oY class T4

q

2/

Wuduwuulunisadhs object (docker container) 8n#insu Docker image aunsaienlglaansds
Wunfon13a3199n Dockerfile luan3udfiosursinsszfnnsozlsadlulu image U1 wse

- v 2 a1 v a ¢ o
adlnanuazi3enlgdeu docker image VNUDYUAIVUDULADILUA

Docker container @u1sanedlailaiioundss ¥eun docker image ufAnf thaliaungn
14911 service AiRoIN15970 image 1u9 1ol Tnelu container unazsazinislea1u RAM, CPU,
Ina config M99 1ureuAay container 183 Uazd@mNT0as start, stop 199 container Uu9 9n

fne

T

run

o

-

Dockerfile Docker Image Docker Container

2 3
AN 2.1.13 n15a3719 Container

fan: https://saixiii.com/python-flask-web-application/
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i o i é v 4 o 1%
Docker Registry uan91nL319¢@35719 docker image N AD1FTUUULATIIAILDILAD 131

a/ 2/ 1 o ﬂl A k2 d d e CJ 1
ansadwinanidilug server navdnduiiefazionluldiuuiaiesdus lame lny server 1

[ |
= = '

-1 y a W = = | = v d . v w &
UL519¥L58n316Uu docker registry uauwuwmmaamasgﬂlm U registry uanuun
a a o . o ) . & & aadd Pu| ¢
Ao DockerHub (1W3suwileu Github 13U docker image wuie) Fafiliiies Mlugngudsu

N | %) ) a  w . da 1w o
994 docker images A199 21NFALNILAN Uaxs1E@WNTanBUTU image Nflagudinnldinuiae wie

wineaudasldidrnunisidauvaasueedla

U

:@—- DOCKER_HOST

docker build ««{---

I S - | w0
= E‘f R — &,
4 \ ﬂ"%sﬂ 1~ Y%
docker pull =| 1/ @R o iy, i
: e
N

| i| |Containers !),'/ Images T

docker run —
' 4

¥ & O !

= LT
2l V. -y
= e/ &

mw'ﬁ 2.1.14 Work Flow w84 Docker

i https://saixiii.com/python-flask-web-application/
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2.1.7 Pytorch

O PyTorch

AN 2.1.15 Pytorch Logo

Pytorch gniaundulag Facebook Tngdnudatmmaintausnide torch Fagnldluniw
Lua 11y 3ulgausust 2016

) v ) ar. A & da aw A ’ A a v ¢ o

anwy Pytorch azpdrgnuinsudsniidunfeudniafe chainer Aadinslomuiyasn
ARBAUDTOVDY numpy LufAIUINVED LazaielpswsuszamiieunIunIsteuunEI

(define by run)

Ingvnlulassdnpaggnadisiuaannniiusineguidsenauiu udwngndndulaelugn

o v

wisulintelulugaeg1ensuiaunan e udy tensorflow uda Pytorch IdnwagnAsudie
o [ £78 1 1 = o s yd‘d s 1 1 1 1 v o [ 1 L
d1593U Tduhendann Jumnzdmiudidaialuininnin udnaglaladnusagunm keras &4
Usuumsezlsladasenin imiigesnelu pytorch ddrdatagnsldauaaieny numpy 1n vinli

da o " v | a v o o 1
ALTITUAU numpy agudiamnsaly pytorch InlaglissaFsuimadiniun

ajUANNaNNS0lAeSIUYeY pytorch
® p3uepuldnduiia Tensor Fa@NTaAINIARUUNLSIVDI nUMPY WHLIRNAIINAINITE
TumsAnnueyusLN
al 1) 1 o as 1 [ [l [ I o I Y- 1
o p3entunnsgd@msulduszneullulasanglindey wAthusredunasialasiedszam
Wignuuusanaglaagnsdng

o

lerdudmivdanisdeyalfesduneuiunléiludeyatewdn

[
£

[ ]
fad )

§ o ot o 1 d‘ n' vy
flafudmsuuladasdaumsgunmwitaiiuanuvainvatgliteyagunm
o fifaidurieRynteyariege 1y MNIST, CIFAR, 18

® unsold GPU Tunmsenuinle

13



2.1.8 Gensim

AN 2.1.16 Gensim Logo

. . P ~ v v - o wa
Gensim tJu Library W3we9 Python floaniuusausnitenisnnuminelangsn @
910 document kag Gensim 8498 NLUVUINBUSYUIA raw data, unstructured digital texts

(“plain text”) Bnmae

Algorithm w”faq"l,u Gensim library Aeedl Word2Vec, FastText, Latent Semantic Analysis (LSI,

LSA), Latent Dirichlet Allocation (LDA) LLﬁSSu‘]ﬁﬂﬁJ’mu'}E}

Y14 Gensim #1156MIlASIASI9AUNIN8YaY Document ladAlusl® Tnun1snsivdey
sunuunsiinsauiudadanieluads training document uazAlgorithm wandidudszian

unsupervised

14



2.1.9 Google Translate API

Al 2.1.17 Google translate

Google Translate AP fia API fiaila#ine Google Udowoonuilild dwmsuisldanu aud

vanuaneds mszannsaillduuduwiedoulu Python Ala

dnsudunaunisiane

1.
Z.

viInnnsaiians Google Account

vINA19191 Google Cloud UL www.cloud.google.com

N3 Active free 3005 trial 984 Google iannaaslda1u APl Ui Google W3 300% (n1514
17U Google APl 93399 gAaaLdsdu wAn1e Google Talvldsuns 3008 nelu 1 1)

@319 Project lu Google Cloud

¥1n13 Authentication Uy Environment 784LA3 84t 8149 AP (mamaﬁéfaa Authentication

4 4 | 2,
[aRazaIsaas Request 1unn Google 16)

1518111581715 19974 Google APl Uu python laianandg install library 184 Google Cloud (

8nFBeN9LU pip install google-cloud ) uaganrsalduldias Feausaludnviiuiulaly

Document 284119 Google API

15



2.2. vouiiieados
2.2.1 Neural Network

Neural Network 138 Artificial Neural Networks (ANNs) Aalaiaafisnasinis¥ineauuuy

v} &

avasuyud Myiauvssauswyvitursuidinnududounaziludunnassed uluansyihau
o & o I = s 2 1 o P =l Lo = & = &al d‘
gasanasdniviagan Adanududauuiulladisuivaeniames aeuiimeiiinnuauisod

eglsnargegalad unureiinldaansadnlassuudes s

]
o o 2/ 1 = !

nsvinuresaussnywidmuluseidnduuazdudeusy dudunsdiuwintuiness

U

2/ ]
] =

Whle widgeduiugrumisaunsadilalainanfe waduszam (Neuron) lnsiwaduszam
1) é’i’ ] L4 o = =l v o o 6’4 I bl
wantvinliisd AnnaziSeuiinertvlssaunisaliiaoiuanle waguanseanuilaluynnis
QEEARNDNER
i o & e v o ° o 9 v, v ad
Ipeugu neuron 923U input 11NN ANTIMAIRIN TUALYINNNTIV input TanuaAnIEd

1935939z ldfmaunn waendainiu viArauNINIU operation u1908197TU nonlinear

1 [
wavasenniUu output

Output Signals
From Other
Axons

Dend ritcs

Axon Terminals

|
Cell Body

i 2.2.1 Biological Neuron
'ﬁm:
http://shodhganga.inflibnet.ac.in/bitstream/10603/48/6/chaper%204_c%2

0b%20bangal.pdf

® Cell body (Soma) : \Wusanevessaauszamvdslsenaulusme nucleus wazyin

v oo e - ado & 1 aa 3
NUNNUAURURIN T UALNINTUADTINVDILYAAUTEAW
® Dendrite : WwadUssamusaziiiduniazidunndeviosouswad Tuuanasnidu

Auldisauead wavApuTUSY NN

= 1 d’ :l! o ¥ - 1 1
® Axon : ADNINHNILAZUNTIVINU T UNDES
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L3 P 1 s 1 L4 P = 2/ at
® Synapse : WaAAUITAMTIDUABNUBENTUYBU LD axon DUaENIEANIe Hu
a a o = i " 4 ; P ' O a
f\]%LiiJLLﬁlﬂﬂ\‘lﬁﬂiE]‘U 9151158071 terminal arborization 1Uat8ve axon YUY
[ ) v ala ' = 1 1
ﬂ?ﬂﬂJ‘HU‘ﬁﬂU’sﬂﬁLLazmﬂ‘S\iﬁi']\‘mWLﬂL%EJﬂ'ﬂ synapse N1IaNABIYHUINY 2 neuron

ENAVUN synapse

| = Z\«"XI Summahon
Y = f{l] Transfer

2 \ -
. \ Sum Trarster e
Odpit.

) Path Sa
. W h
. r/' Processing
. / Elem et
Xn / Inputs e Welghs i
A7 2.2.2 Neuron Network
P
N
http://shodhganga.inflibnet.ac.in/bitstream/10603/48/6/chaper%204_c%20b%
20bangal.pdf

1 4

NN input AN gnUNUGIE dydnyainiaadnmans Lag input usiazdi ( X,) 98gnANAILA7

weight (W, )3 awaandite product wdseaniuagyianasth product nnsIuiuuarleulniu

transfer function ( Activation function) 1ilaa#14 result %ﬁ%gﬂf‘i\‘laaﬂlﬂﬂu output luﬁqm
Neural Network Seuussnaundnitdadysianiin 7 ogns Insitdudsenoumanignios

wuauliiiazgnldly layer Tnfiny

2.2.1.1Weighting Factors
wwadUszamiinlésu input waneqasmdeutu e input usiaysaiuasd relative
weight {Juresauies FeazdelfifanansenuiAeadu input AlFFuidian Tedndudesld
processing element's summation function WW31EUN4 input flaudfauuinndtsidu weight

zIN1TUSUAIMINNISIRILAZENEUYDY neural network

17



2.2.1.2 Summation Function
input ey weight gmmmasﬂugﬂmaq vector (i1, 12, i3 ... in) kag (wl, w2, w3 ...
wn) kagRUTINTINUA (product) 38LAn970 (i1 * wl) + (2 * w2) ... + (in + wn) lagnasinay

panuwduAAwa (Single value)

Summation function 81992 ANTEUIUNITULTDUNINATILANITUINTENIN input NNFI U

Il
U = 1/

2193gldAegn geaa viiendnnudggaioaimnzausieay wazluuinsionevziinaiu
Activation function U product Ailaunnauniasgnaslulv transfer function e product tudl

AuAnANSRumUnATAgnUautnun

2.2.1.3 Transfer Function
HAGWEYBY Summation function 9xgniuasuiu output Fe1unIzUIUNITHA
nesNuNLS8n31 Transfer function Tu Transfer function @1175047 Summation function 17

WIEUBURUINMYIUNDEINENT output U8e Neural Network 8nasmunnnin threshold 2y

(%
I % L ]

a914 signal waza1A1UULNIY threshold aglafing signal N15MoUAUB IS 2 UsEiani]

AUAATY NSRS transfer function Y lUAB non-linear.

2.2.1.4 Scaling and Limiting
NHI9INEIY Transfer function 1A 13181075010 result 161U addition
function #l¢ 1e¥11NT scaling Tnan1sgal transfer value ua# offset 1i1ly wa%vinnng limiting

d & 4 3 Y a a o & v )
WiawadnaAanau tuivusiiusuafasanualAusoly

2.2.1.5 Output Function (Competition)

! ' 2/
= =% =

neuron Wiag node 3¢i output aguAnileda Jearusods output Usalviy
d a % a Y o W i
neuron auami‘]uiaaﬂ node lnsUnAnaawsuas output sinazidunaansianu transfer function

1487

2.2.1.6 Error Function and Back-Propagated Value
lun15158u309 network Tudrulngiarnuunneesening current output v
desired output gnd1uresnu il error Fanzgnuuaslng error function Loy sulinseiu
1538319093 network lnglassainanludnly error Ulaenss urunalasainsusuasulinseiu
@ ¢ ] s o/ 5 1 o PN ] o I | - =
TnqusrasAvesn error azgndanduludatunaunt error Ngnadsnduinerailiudi error u3a
output 819 InaUnd Back-Propagated Value wé’amﬂgﬂﬂ%’wmﬂﬁ learning function Wa" 9

o YRS, . " P < Y = oA i o :
Wnspanudmin connection weight M iedsulUisuneuiiazgndalud learning cycle

18



. . A ) EJ g at & 1 v o v st
Learning Function : yaUszasdAiaysutudsuuininess input luwday neuron lvitdnfiv

algorithm 94 network ue

2.2.2 Recurrent Neural Network (RNN)

aal

- ) o YR
RNN %38 Recurrent Neural Network 1Julas9a31s network MVNIENUYDanUanyMy

o 1 . . - i v
\Juddiu (sequence) LU video (sequence of images) 39 text (sequence of words) (ol

o [

11N 1WN15vI9 99 RNN 1ad418Tu v98nd19819n1581Unued a9l s nwuen1511191UWUY

g I C | 1 =i ] & ° s =
sequential data L7819 T1UNUIEDLTIALDIUNALAN ndrelivan (@nsunirwilne nie

) | v o w0 - o w I A W a <
MWdnge) Nsiisansafiseladyseleaiahidieniuneaivesls tinanmsmisien

o

- a o ' r w | o w 6 w 1 1 o v
Foesnandsiiisenueuluug) (state neunt) urautuAmfindsguet (input data) il
3/ 1 A o o/ 1 v E-; L4 at el s
wWlamumneludiunssimdsedla 33 RN Aldvannsidientiu fis nsususuuuures Neural
(=3 d‘ 14 A L £ at L Q. |q' 12 A
network LAy tialvanunsalen state wieauineuntn 1 Uaniu input data Ay Live
wanudilaezlsdnegneluiFesy eaudtadenisesurenisyihuasly vaimuadudsl

s

N

=he

® input data 7o A1 535104
. a W a |
® hidden state 787 t a¥lURLUsA hy
v o, - | M Sad | ¥ - a 1 & (] v & | 20
i1 input Ap Uszleadn “duiudnn” innageulsyloniiniazany aeuu ls1aglei

X; = “GU”, X =" DU UaY X3 =“11”

AW 2.2.3 RNN
flan: https://medium.com/@sinart.t/long-short-term-memory-lstm-

e6cb23b494c6
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Pu]
Taad

® H = hidden layer

® . = output 9711 RNN e t
® x = input data fian t

® h; = hidden state fiaan t

TUADUN1TYNITUTDS RNN annsadanalnainguiaenile auiiudn Hidden state szgmiluilu

duilslunisin y, Tu timestep sigluiaue state waziflonngludinvasannis

* hy = fu(Upheiq +Wpxe + by)

— Y= fy(Wyht 0] by)

Tneil
® f A9 activation function ¥a4 hidden layer (1% tanh w8 ReLU w38 siemoid function)
® f, fe activation function 984 output layer (19u softmax function)
® W, Ao weight matrix 99 hidden layer

® |, f® hidden-state-to-hidden-state matrix ( #3® transition matrix)
sifiudinisfiagAuan hidden state fnan t aonualdifu (h) Aardosld 2 fuUsdrdnie
hidden state nouw (h,,) Wae input data @ oty ()
Ugyywdnuas RNN @8 Vanishing Gradient 1ws12n 3198l output 9¥@orIuNman timestep

NG

0F  ~c OE, dy, dh, dhy
ow s 0y, dh; dh;, ow

E i AAuRawanavianue

o fe wadnsileluudarinun

h e HATINYRIA weight Aoy input udazlviun
W Aa A1 weight

20



LLAUIINITAII gradient D4 Loss E UuazAese1fn15AnAUYe derivation wate i tiu
MUBANIIN derivation dddesndt 1 nspaiumategfuuutiagyili gradient Suazanas

P | . [ Yo Y] PP
luisengmuusiay timestep uazagdlid RNN elalimnyiudoyaiidl timestep 1

2.2.3 Long-Short Term Memory (LSTM)
LSTM 138 (Long Short-Term Memory) gnasisunifiaudilaymives RN fidse sequence

87729 lab LSTM Wuagil memory fiognelulassainawes neural network Lilgaus memory vos

=

LSTM @nunsaimunlninag Write Read %30 Forget §9azdaunalainddnvuynisviiauadiy

memory U84 computer LiguA31 memory Tu LSTM fdnuauzaiy analog wiihues

@/

83AUTENOUNANYRY LSTM fAnsidndie

® Cell state LJusuAu state 183 memory

i
of

& a o = A\ P .
® Gate LUummuammﬂwamawaaﬁa YINADAT analog NMBEAIUANNIT read, write LLag

forget

A 1 I o w

UANNTTVR4 gate IxATI8AU node Tu neural network NAAIANATLLSIVOIA YN

U

1y active n3ell ATNITNIANSZUIUNISAINY V09 LSTM

2.2.3.1 Forget
4 do a o

= I < 1 1 :sl @/
Forget Aansyuaunsnilendnduladn cell 3zgnauns obi lnsdrunidadulade

forget gate dismssnaulatunsldanaunsy
fe = U(foxt + W, rhiq + bf)

naun1sIziAulaingazin input (x) wag previous hidden state (he,) snAnlaeld sigmoid

. . %, . o v :ld 1 =1 1 q’j 12
function Juffndu (sigmoid function azyhutnAuAIeentdy 0 %50 1 wini) 81 f, = 1

winganud Sufudayalilu cell weiwn f, = 0 WumnepuMagyiinisau cell dusanly

2.2.3.2 Write

o
=

iedl input data 16 §1 2 process TaziAntud
2.2.3.2.1 Update cell state M8 input data w3aly
2.2.3.2.2 §1 update 9% update feAazls

ﬂ' ‘d U - = _ ¥
U 2.2.3.2.1 Nau BAsARTARAINANNI5T
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by = O-(Wxixt -+ Whiht'“l + bl)
Tnganaunisiagiulainagid input data (x) Wag previous hidden state
° I | W ) ) 8 = o z = v oMo -
(he.r) INAMNMBIURY wdsanduiaseuls sigmoid function telAfldesnuudu 0 wie 1

WU
wluduwes aumsvesiated 2.2.3.2.2 fie

g = tanh(W ex, + Wychy_, + b,)
AuN1HETe input modulation gate Tasazly input data (x;) fiu previous hidden state (h;.,)

lngnsilazin tanh function 11ATEUWNY tanh function A¥vialviAn output Meenuaglut -1

84 1 AzuaHadnslaanauni1silu cell state candidate Ald

2.2.3.3 Update cell state
WA N ileie forget gate, input gate Wa¥ input modulation gate Fafifiana

fon"s update cell Ui ASNTSIVTMNBLIINTINNY

Ct = [tOcioq + 1O

naunTIzLIulA f, (forget gate) avituiiusuoninazadn ey (previous cell state) inAnvsalal
dudn expression WAL i (input cate) agiduminaudnazd g (input modulation gate) 31
a < 1 2N < & ' & 1 e Y B Y ¥, g =3 v

Anviselyd dnen fudu 1 dumneaudn i o, Bandme viada i 1w 1 Aagldan o

update Lag

2.2.3.4 Read

8
o Y

n13 read luil fMerAndmlvignasntseuaalvn1svinemdnauenun read i h

N 2 gashe
Ot — G(onxt HP Whoht'—l + bO)
h’t —_ OtQtanh(Ct)

lngaunisusnfeaunislunisiunniseyd® naunisaziiuladn 151anh input data (x) uae

previous hidden state (hy;) HIAIUIMLALTIINIATOUAY sigmoid function ws1zagla output
<, | 9) Y} & o v a 1 2 o o i v oA

gonuluwd 0 U 1 ndanuu iildidnaunisin 2 aswudn o, iWushimuadgliaubuauise

read h, vauslalvy 61 o, veusulu 0 Aaglianunsoouldtiues
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2.2.4 Word2Vec
Word2Vec fio Tumailldadns word embedding Wannlasfiuiniseves Google
thlag Tomas Mikolov Felamatianusavianldanin3duuuiiu o (Latent Semantic Analysis)
1 word2vec ARonTuANS “Fn” ’Lﬁ’ayﬂugwaq “vector” tiuunar unazliléld one-hot
encoding lun1sasniaiay vector wuuLANLA? word2vec Axl¥3En1sA LT IavTasATy o

910 context 59U AU (lotfieu1ain language model)

word Yechr

!"xp( iuvj &-‘:‘”ﬂ’f’*
oppe —> [ 01 ot]
bananh { Q.3 O-’}]

PnLAim_.._.-. ( 0% Q.3 ]

mwil 2.2.4 fegranisuuasan Word T Vector
#l: https://lukkiddd.com/word-embedding-tay -word2vec-payls-
e60bdf6d78d3

23



L

wagdMINLTUeN vector lauan plot Aaglaadl

\Q_ (0'1; o_tb)

oo E© A

pededion (2* R

AW 2.2.5 117 vector il plot
flan: https://lukkiddd.com/word-embedding-iag -word2vec-faazls-
e60bdf6d78d3

5 o 1 L 1 o 1 Al o L

WU y(WWIRa) ABANIN ripe d@auini x (Huauew) Aefndl strong Waziliasannnisu vector 2 M
o/ L3 L L2 1 1 g =) l::
wgaiuluguwuuanans (dot product) iu TuRan1svadIAAd1eiuYes 2 vector n3oi

1367971 PMI(point-wise mutual information) flauulIagaINIsanIAmANNARBAuTRIA(Word

similarity) inae/354

A

aﬂh. Lﬁhqu : (0'250-5)'{'(9.%7‘0'7)
Z O.gbf 0:'7'5

t Q.bL

qﬁie. Fyﬂecﬂm (0.2 0.%) « (9.9x0.3)
21 074
0.4

.

‘\

AW 2.2.6 AUAISMTMIANLAAIY
fian: https:/\ukkiddd.com/word-embedding-ia -
word2vec-Aaagls-e60bdf6d78d3
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2.3. uATeiifeades
2.3.1 A STRUCTURED SELF-ATTENTIVE SENTENCE EMBEDDING
Huauidedinais model Imaifilddmsu extract avwdrdgvasdaniulasly self-
attention Tuf911u3989214 2-D matrix lun1s embedding laglulsiaz row ¥89 matrix wand
attending Tuudazdiurasuszlen uagluanuidedaanalnnisvieuves self-attention uaz
special regularization @1%35u model 138na18 Wagdsaiunsn visualize ialaulvanuse

\W1la output gavineves model laogrsliien

AA 2.3.1 Model Structure
fia11: https://arxiv.ore/pdf/1703.03130.pdf

Al 2.3.1 Fanmiluanslidiuialasiasimeinissuiusening sentence embedding model
/U softmax layer Li{e¥i1 sentiment analysis
(a) Sentence embedding (M) Qﬂﬁ'}mmmnwanmm weight 984 hidden state 310
bidirectional LSTM (hy, ..., hy) Tnefl wasanwes weight fivgyinnisazgnuansegluguues
Ag o An
(b) namsdN1vzuanaDe hidden state wazNaDIALAIIZTUAAIDNS weight, annotation,

input/output
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1A598519 Model azUszneaulusie 2 d fle LSTM way Self-Attention mechanism Inganuved
Self-Attention mechanism Lﬁuﬁ?uﬁdﬁ?gmmauaﬂ‘i}aa weight vector 84 Hidden state Tu LSTM

(summation of weight vector) #L15181471350 85UIBANLAGL
= = d’ :} o 1 o/ o
aunflsdiusyloanils NagAuvindu n @1 (token)

S = (W, wy,ws, ..., Wwy)

® w, /A vector NHI1UIU word embedding dimension iU d @WSuP i-th

® S fadRuBy 2-D matrix 989 word embedding ¥iaviam

As174 S fpuludaszdeduumnawiuld tielidanuieidesiumdneg 113edeain LSTM

RTRPaIC

E = LSTM (Wg, hi—1)

lag h, Ao hidden state WaziftaAMaNBLI192yMI5Y he Weglugu H

H\\=N 01t )
9nUsEasALIIABNTT encode Uselaanifivarnuaisaueluiduvunaviivue Tagisias T

input tJu LSTM hidden state (H) v ezl output (a) 1y vector 183 weight
a = softmax(wgtanh(ws HY))
® W, A9 matrix weight Adnwaeu dyby-2u
® W, fio vector 189 parameter size d,
® d, fia hyperparameter fils1aninsa set ldmulaveu
o tanh Aan1svhlsinadwsdleann wyHt fieneglunng (-1, 1)
®  Softmax vl weight Aduadldamnsiuiuazly 1

Vector uansfiansbidmidnivesrusenauanisvasdselen 1y yamiiauniondiieades

2
e @ =

' 13 Yo = < 3 2/ 12
ANUUIIATINIT vector QSVHI‘WL‘VIUQQ’&ﬂ‘lﬂmmﬂﬁaax‘iﬂUiBﬂ’BU‘UENF’I'JWlI‘WJJ’]UIUU?%IHﬂlW AR

] 1
=l =

athals luusvleailoniivansesduszneulnsiamzusslenen (Fegnussleaiignideusie

]
=l 2/ 1

o/ 0’:’ & = 3 =l o o 1 1
“uaz”) Anuieuansrnuminelagsiuvesssleasdeieslfmfasnennuyadudiumisgues

Useloa fatuisndeaednsaniiunismats hops Uee attention @uuRILsIAIMENEIUAA9
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o . P Y] -
pannNUsElum 159709818 W, agly matrix r-by-d, W, Wi vector Mdunadwsnagnaisun

Wumesuieusznauvas matrix A
A = softmax(wgtanh(wg HY))
Sentence embedding is:
M = AH

® M f@ sentence embedding Fa.lu matrix AfvwAwITU matrix w83 A gau U matrix

PN H

® A A Attention \Wunadwsfiiinainaunisinedu lag A Idnwazidu matrix

® H A Hidden state ¥84 LSTM
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2.3.2 Sentiment Classification with Convolutional Neural Networks: An
Experimental Study on a Large-Scale Chinese Conversation Corpus
uaudseivinientumsei Sentiment analysis Tneld Convolutional Neural Network
(CNNs) FaemAde|dnansvaassannungsausa Dataset Aineddolddnvidudanuideillatng

Public dataset 137l Github Vi 2 4AfD Sentiment_XS_30k.txt Uaz Sentiment XS_test.txt

T-max softmax function

ragularization
Pocng 4 inthia layar
ruspes foe G univariate Z cinsses

2 leature
each vl

mlaly uulrrs region size concatenated
ther to form a

/ w— SN
- i I\’\

+ activation function
convolution

3 region eizee: (2,3.1)
2 Millesass r; ench tesgioen

Serterd ca mé atr
Txh

Al 2.3.2 Convolutional neural network
fan: https://www.semanticscholar.org/paper/Sentiment-
Classification-with-Convolutional-Neural-Zhang-
Chen/f5fa0bacbelba7d372a2940d8f139ef6531c39d9/figure/
0
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UNA 3
A5AIUN15I8

3.1. A5n15atiuniside

Data Collection

Data preprocessing

Sampling

Training Set Test Set

Training ML model Ewvaluation implementation

1 N
) |

A

Hyperparameter
Optimization J

A

AW 3.1.1 AMNSWATNITANTUNUITY
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3.1.1 niiusiusindeya (Data Collection)
& o o < < i a .
nIvuIuNsillaviiniam Dataset AdAlunatanian Litoudedlunie Domain 1a

uiAuly Fawene1una dataset Uszian conversation dmaaadanuinuiilae dataset flglunns

viailazgnuiadu 2 Ussuandail

3.1.1.1 Dataset MU

Tae Dataset NMw13ULUU Data N8I Chinese conversation sentiment @4

aunsalvanle 9 nnshttps:/github.com/z17176/Chinese_conversation_sentiment %348y

@

Public dataset M1@guu Github lnelianwaigasil

labels, text

positive, ®Jil W2 ¢

positive, ffift kik T AR

positive, EX 07 pEiF

positive,#f M /~ R 5RIE 10 A
negative, fh ZAAK 514 FRVL A J5fE R UiiE
positive, ¥t [Jih H H4ER

negative, BHJ H} &f 0%

positive, LR ARE g WA Zxm E L BE
positive, Wi T W 5632

negative, R — /A~ KK FEHN RS Wb E PA HA
negative, MT W41 ik

positive, X4 H if &%

negative,—mi U AUF A A & FiE
positive,M I WEH FEL

positive, fAizxE HEZK W)L
positive,flas A "E4 AldE (T

positive, Ml i Xs& WK HK

negative, JCHl Ffif 73

negative, Tifi AXK [t

negative, Ryl %l K %

—_——

Mwi 3.1.2 Dataset awiu

lngFBnsiiuteya Dataset Mwidulussuuiy azimsiiveglugy text file TnganansaiFunld

U Python 1a
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3.1.1.2 Dataset N#193nqw (Dataset Mw1H)

2/
[

| 2 2 . sl .
luguwes Dataset nwnduisudon twitter Airline Sentiment lglun1snaasu

asell fady Dataset nwdsnquiides Public WInglu Kagele

(https://www kagele.com/crowdflower/twitter-airline-sentiment) Tnafi&nuassat

airline_se airline_se negativercnegativerairline airline_se name  negativer retweet_ctext tweet_coctweet_cretweet_loc us

neutral
positive
neutral
negative
negative
negative
positive

1 Virgin America cairdin 0 What @dhepburn s¢ ### e Ea
0.3486 0 Virgin America jnardina 0 plus you've added c #i#Hi Pa
0.6837 Virgin America yvonnalynn 0 Ididn'ttoday... Mus it Lets Play Ce

1Bad Flight  0.7033 Virgin America jnardino 0 it's really aggressive i Pa

1Can'tTell 1 Virgin America jnardino 0 and it's a really big b ####H###H Pa
1Can'tTell  0.6842 Virgin America jnardino 0 seriously Eicas Pa
0.6745 0 Virgin America cjmeginnis 0 vyes, nearly every tir #it#H##### San FranciPa

awil 3.1.3 Dataset Mdang

lnv Dataset flnzgaiivegluguves Excel file SeanursaSonlianlétiy Python Tneld Pandas

oy library fiannsadansing Excel vy Python 1

3.1.2 Mawseudeyanauiiinssuiunis (Data preprocessing)

reunivztoyaniegluldam Pdusriosiimanisuaimenlidayaimaiy

Tuiumeau data preprocessing Hazgnitiseanilly 2 dIunanefe

Data Process

-|Data Collection .

For Buiid Model For Evalutate
) Other language dataset
Chinese dataset (English)
Conversation sentiment ' Tweet Airline sentiment

[ Data transformation Data Cleansing ?

MAA 3.1.4 N3zUIUNsANgTeINsIanis Data



3.1.2.1 Data Cleansing

a sl o . o o v o 2 v v
Dataset nMw1du: Taliinnsvi Cleansing 1ilesann dataset #iléiun 16vinnns Cleansing 1iuda

s

Dataset Mw183ngw: dataset 7ilduuiu Twitter Airline Sentiment agiln1sinnnsesil

= ) o
e fan Column 7y Sentiment way Text Wity

. - o | o a o 1% 1Y 2 )
® 5u Name Entity 99n21n Text iWaliinasusiinesANe1799nU Sentiment (i1

® in15au record #il Sentiment WU neutral aanLilad31n Model azanunsavinulelawma

positivellay negative (Y11

3.1.3 Msuwdateya (Data Sampling)
Dataset Mw13u: ¥n1suus Dataset nwiiusenidu 2 daunieiufie Training set Way Test set
Tnvazuvanudndin 80/20 faludadiubusu Houideansgdouldiu Tne Training set aslu

Dataset Mlddmsunisanelu Model ag Test set au1iu Dataset #lgdmsUnsInNa Model

Dataset NM®183nqy: d1%5U Dataset Mwrdanguazlifinisuusifiosazgnihunduiiinuaves

Model

80% 20%

RBSE&€0N n Seniner
Training set Test set

AT 3.1.5 dnduved training set 51 test set

9



3.1.4 nsAnelu Model (Training Model)

1 . P o . =
Model AaNT2UUN1T Deep learning N@1115091U4UA Sentiment vasUselea?
| v 2 ° v oM v P | = as %) |
Tt luld Tae Model azaunsavimthdldadumnilnsindutse s Feanunsadanaldane
:‘ £ %4 5 ¥ o =l :J =l 2/ sl
Loss Nanuapas ludunaull 1519¢11 Dataset nMwdudimTeuly unduddnduves Model Tay

Admvirlaviinisiiniu Model ¥ianua 100 58U (epoch) Uazviin1siniuaauamsavas Model lu

1 $ 2 d <] - o s s
wiazsauliiethluianaludsusaly

3.1.5 AN5Iaa (Evaluation)
o . -{Jr s é} o cJ 1 o s d"
AMTUTUNBDUNITIANAUDZUT Model WWWUﬂjiﬂﬂNuquLaj HUNIAAITUATUTTD YN

Twaudunvzgnedurgliluumn 4 Navun

3.1.6 NM3UFUUAS Parameter (Hyperparameter Optimization)

dwsutunauiidudunouiinzdosnisiiuyssansanliiu Model Tnsusuuss

parameter ifgatasionun ng parameter 7iAgndosiisail

1. Epoch : $2nuseuiiings train

2. ' Learning rate : A373§7MUN73 3815009 Model

3. Batch size : smuRssdnd Il train Tuldavads

4. LSTM dimension : 32u3u dimension Tu LSTM

5. Attention dimension : 911U dimension 1u Attention

6. Attention hops : 91U Hops 83 Attention

7. Penalization Coefficient : ﬁwé’uﬂwﬁw%‘uaa Penalization
TnensguaunsUiuuds Parameters Huls1idvnaestiuuasluidosmiiont Model il Accuracy

3980 uavilfionaaguvey parameters Hanua

515



713149 3.1.1 A1379 parameter

%0 Parameter AMB3 parameter
LSTM dimension 64
Batch Size 32
Attention dimension 100
attention hops 10
Penalization coefficient (C) 0.03
Optimizer Adam
learning rate 1.00E-03
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3.1.7 mshluTdau (mplementation)
th Model Aikunsauasuds luviidus Application 3slusa Application 3zgnasns

Julme Flask Fudu framework dwsunauIvves python ludiuvesiiiuiinnsldaudi

_ &
1. Input Aiadiufimaesu text 90 User

a | a .
2. Result pparunmaullany Sentiment score

3. Attention Aodluwand Attention ¥a9Uszlen

Sentiment Analysis

iusald deluaudnanta 411

_submit |

Results : positive

Positive : 0.5915977954864502

Negative : 0.4084022641181946 Result

Original Text:
tiusa’ld holuaudnanta

Translated: N ——8 \

Fens iRESI ¢

A9 3.1.6 Faae13 Web application
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3.2. YUABUNTTVINITUVDITEUY

=
ANN 3.2.1 AMNITIUYDITEUU

3.2.1 53U Input (text)

o

o 5 s 2/ d 1 a o 1 4
N33V Input vessyuull vz iulutonnuviaysslaaniinnueiliiiu 500 A1le

Fausylumaunsatiunwazlsile feenay

®  JUBBUSDHALAIAUY
® This brand is awesome.

® Te odio

3.2.2 Translation

11 input Al transtate Whidumwndusiaege (Simplified Chinese) Tnedunouil

s

e o L @ = v o & =1
meginvilald Goosgle translate API 1niTud translate #eaylanadnseadl

o JuvousDAUAIFUL = ﬁéﬂiﬁiﬁﬂ@ﬁi
® This brand is awesome. = E/I\EJHE?E%
® Te odio = ﬁi‘j}f’fﬁ

Cloud client library
t translate

& Instantiates a client

translate_client = translate.Client()

# The text to translate

text = u'Hello, world!

# The target language

target = ‘ru’

# Translates some text intc Russian

translation = translate_client.translate(
text,
target_language=target)

print(u'Text: {} .format(text))
print(u’Translatien: {}'.fermat(translation[ translatedText']))

AW 3.2.2 egan1slden Google translate AP
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F P V) 2 o ¢
Library ¥4 Python faunsadnmnsdulalaeazlanadnsng

3.2.3 Word segmentation

@/

° a o o Yo o v, d
Uszloafidunis translate 11vinsiad Faneddnvinlald Jieba Fadu

° ?JEER’X BURLT B4F 4 - 3/ =R/ 1X4H / 21
XN ERhERMREE - 1X / GRhE / R
o FITHRIR-F/ 1ITKR /(R

import jieba

seg list = jieba.cut("HENHELIEEE", cut_all-True)
print(" / ".join(seg_list)) # /fF{@&C

seg list = jieba.cut("ig“ﬁé%ﬁﬁ?ﬁ$§”,lcut_all=True)
print(" / ".join(seg list))  # #&FaEs

seg_list = jieba.cut("FiIdK{R", cut_all=True)
print(” / ".join(seg list)) # /&%l

o/ B/ X /O AB / BEFE
RS/ SR/ RAE
o/ WE /R

= o I o = LA
M 3.2.3 fredrnisananedulagly jieba
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3.2.4 Word embedding
fupouiliigausrasditeutasdliieglusuves Vector lioviineufiunosidle
Tugneduls Tnevnagdnvinlald wordzvec Faduinnsialunisyin Word Embedding waxdl
Library 983 Python fianunsagiwasanuaszainlunisvin Wordavec ¢ Tnefidadn Gensim s

anunsnasunglanininsslul

Leg Whisker

Cat . Word2Vec —> [ 4 , 6 ]

A 3.2.4 Fansldeu WordzVec

T . Burger
BLT
) . Sandwich
. Dumplings
LalZiohe
: . Ramen
. Pizza
. Spaghetti
ef‘L —>

NN 3.2.5 718819 word2vec

i : https://medium.com/square-corner-blog/caviars-word2vec-tagging-for-menu-item-

recommendations-13f63d7f09d8
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3.2.5 Model

I | o v i 5 -
faninanliluiade 3.1.4 711 Model Aonszurun1sineu (learning) Na1u13n

s

$1uun Sentiment vesUstluaiildiinlule Tnelaseadisves Model aviidnveizdail

Output
| |
—  Attention umlmommi
| selfauention
. i .
!w«m Embedding——  LSTM  — - Linearfunction — Linear function —— m‘:‘"" ———— Linear function

i 3.2.6 Tassadrs Model

3.2.6 Output

2
=l

Output Anaawslioenunain Model wsznaulusy 2 dudail

1. Sentiment score

lugduve Sentiment score agnuun ity 2 Ussianda

® Positive probability fiaranuduuaniaedaegiuiie o fis 1

® Negative probability faA1nranduaulaeiieglugis 0 fia 1

f79814

positive : 0.11

negative : 0.89

al

2. Attention flauminuesusazan fa519ztlUTglunnsin Visualize Tasall

% S

MW 3.2.7 neegs Attention
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una 4

HAaN1579¢

4.1. 350159008

s

A1usuisnisianasialendn Confusion matrix Tunisiamadadulunuaunisaatl

TP
TP + FP
TP

TP+ FN

2 X precision X recall
F1- =

precision =

recall =

precision + recall

RV
T P FIVL PN F R

accuracy =

o

warlnadnseatl

#1979 4.1.1 Precision, Recall, F1-score

F1-

Precision | Recall | score | Support

Positive 0.84 0.78 0.81 7820
Negative 0.37 0.45 0.41 2180
Average /

Total 0.73 0.71 0.72 10000
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4.2, WHANUAIHIAEINY

o ) o PN - o v v €
mwamwmmamﬂamﬂu Training set y9uuA 100 epoch wlANaans

Training set
1.0

0.9
0.8
0.7
0.6

0.5

Accuracy

0.4
0.3
0.2
0.1

0.0

11 & 31 41 51 61 ~fo:

Epoch

@ A\CCUrACY ol Highest

o

Y99 Accuracy fiail

0.879

81 91

ai 4.2.1 Evaluate with training set Graph

4 : ¢ g d f v
INMNA 4.2.1 FiBNs train- model Manain 100 50U (epoch) leynAsinsauazgniuinay

1 o

NN (

|
WUBET

a
s

1 ) [ , - o ()
wiwg (accuracy) fium training set lBANYIA2IMH

epoch) AaANULLIUEN

=’ o i aa o ¢ [ Y o 3 = )
Favzuansliiiiuir model il accuracy Madmn 1 aiimnudululadn ordsldseud train

& ] A Y < o fal »~ 1 it
(epoch) 1nWuwilng Baiianu overfit futeyanim train mewviy
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as s a4
4.3. MHAaNUNTEIU

[

aunsaaguidu Confusion matrix leidsdl

Normalized confusion matrix

0.7
positive
0.6
T
=
= 0.5
=
=
- 0.4
negative
0.3

Predicted label

mwﬁ 4.3,1 confusion matrix with normalized

= | v} ' ; 1 . y o
AT 4.3.1 LAY 4.3.2 AN INALERINITIANATENINE Twitter Airline sentiment (English) fiu
= | & ) 4 } ol ' -1
model §a0WH 4.3.1 v Confusion matrix WUU normalized fg1u15aazuledn model
o Val o P > % e " 14
a1unsavinulaafuussloanidu positive Tu Twitter Airline sentiment LW 128111508519

accuracy 19t 0.78 38 78% A nUseluananun
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uni 5

d5Unan1sIveuavalauauue

#5UNan133e
N19%1 Sentiment Analysis 9110191 6728 Machine Learning lagfl Dataset lgd1msy
s Train 1y “Uiﬂaﬂ‘lﬁﬂﬂﬂlumwﬁu (Chinese Conversation)” wagld Google Translate 1Uu

fnasdmiunisulaniwndug sndunmwiu anuseadauugilugn Training set 19 82.5%

'
|

wazfinuuaiuglugn Test set f13.80.4% Fadiatluaiuuaudriglinels wazilourluldiu

v

o

Twitter Airline sentiment #sildnuau 1 nilulsslen ansaainanuiuglagds 70.88%

EUGERT
1) Machine learning Wumnailmldmsugdanin Jniiliniauduyos Project Aaudn
4an lunsvmaudla Machine learning ioed
2) Mm@ty Pytorch Baidiu Tool #l#lunnsvh Machine learning 14aandeudig

st

uwlumsBusumsiziisedoniies wasdinkivibingldniou

3) A9 Dataset T8 Domain AiRednisAeudneen

4) M3 Neural network 1iiu Model flazasrsanuusiugliiiu Model TaRldinanlu
fumge \ilesandeseu Paper saquazdeddinavidilauu

5) Taan Train Model wu

Jaiauauuy
1) miden dataset TinssrugnUsrasiiinaly insrzavsirliiAnaauusiugily Model
gandnmaihluIamadng Domain i ldAastin Model $3emsluviunenisiimis
s
2) m3AnyIiug1uvee Machine learing T larou tnsnglaseadnaves Machine
learning ﬁm’m&ﬁ’u%’auLLaxﬁgULLUU'ﬁ'wmﬂwa’m anunsalUsulEl mmnzauiv

sULUUANA LA
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10.

11.

UITUIYNTY

Long Short-Term Memory (LSTM), Retrieve from :
https://medium.com/@sinart.t/long-short-term-memory-lstm-e6cb23b494c6
ARTIFICIAL NEURAL NETWORKS, Retrieve from
http://shodhganga.inflibnet.ac.in/bitstream/10603/48/6/chaper%204 c%20b%20ba
ngal.pdf

Attention Is All You Need,, Retrieve from https.//papers.nips.cc/paper/7181-
attention-is-all-you-need.pdf

Flask Aaazls, Retrieve from https://saixiii.com/python-flask-web-application/

A STRUCTURED SELF-ATTENTIVE SENTENCE EMBEDDING, Retrieve from :
https://arxiv.ore/pdf/1703.03130.pdf

Pytorch L‘ﬁaaﬁuuwﬁ @: UNUT, Retrieve from
https://phyblas.hinaboshi.com/tomoshibi01

Activation function, Retrieve from
https://en.wikipedia.org/wiki/Activation_function

wuzduAeaiv Jupyter Notebook Wioldlun1svi Data Science, Retrieve from
http://www.mindphp.com/forums/viewtopic.php?f=1448&t=47184

Git Aaayls, Retrieve from https://medium.com/@pakin/git-
%E0%B8%84%E0%B8%B7%E0%B8%ADY%E0%BE%ADYE0%B8%BO%EN%BI%84%EQ
%B89%A3-git-is-your-friend-c609c5f8efea

Python3 foozls, Retrieve from
https://www.aosoft.co.th/article/322/Python-%E0%B8%84%E0%B8%BT7%E0%B8%A
D%E0%B8%AD%E0%B8%B0%E0%BI%84%E0%B8%A3-%E0%B8%A0%E0%B8%B2%
E0%B89%A9%E0%B8%B2-
python-%E0%B9%83%E0%B8%8A%E0%BI%89%E0%B8%97%E0%BI%8DIE0%BS
%B2%E0%B8%AD%E09%B8%B0%E0%BI%849%E0%B8%A3.html

Docker faagls, Retrieve from https://blog.datawow.io/ease-datasci-works-with-

nvidia-docker-bc8f8d58bf48
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12. Tsunsy Visual Studio Code Aaazls, Retrieve from

13.

14.

15.

16.

17,

https://www.mindphp.com/%E0%B8%9A%E0%B8%I 7%E0%B8%84%E0%BB%AT %
E09%B8%A 1/microsoft/4829-visual-studio-code.html

Word Embedding uaz Word2Vec finazls, Retrieve from
https://lukkiddd.com/word-embedding-%E0%B9%81%E0%B8%A5%E0%B8%B0-
word2vec-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%EN%
B9%84%E0%B8%A3-e60bdf6d78d3

Twitter US Airline Sentiment (Dataset), Retrieve from
https://www.kaggle.com/crowdflower/twitter-airline-sentiment
Chinese_conversation_sentiment (Dataset), Retrieve from
https://github.com/z17176/Chinese_conversation_sentiment

Sentiment Classification with Convolutional Neural Networks: An
Experimental Study on a Large-Scale Chinese Conversation Corpus, Retrieve
from: https://www.semanticscholar.org/paper/Sentiment-Classification-with-
Convolutional-Neural-Zhang-
Chen/f5fa0bacbe1ba7d37232940d8f139'ef6531c39d9?nav|d=extracted
Caviar’s Word2Vec Tagging For Menu Item Recommendations, Retrieve from

https://medium.com/square-corner-blog/caviars-word2vec-tagging-for-menu-item-

recommendations-13f63d7f
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