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# # 5770925021 : MAJOR COMPUTER SCIENCE

KEYWORDS: CHARACTER-LEVEL CONVOLUTIONAL NEURAL NETWORK / DYNAMIC INPUT

LENGTH / THAI TEXT CATEGORIZATION
THANABHAT KOOMSUBHA: Text Categorization for Thai Corpus using
Character-Level Convolutional Neural Network. ADVISOR: DR. PEERAPON
VATEEKUL, 62 pp.

A Character-level Convolutional Neural Network (Char-CNN) is an efficient
method for text categorization. This method uses an input from characters, therefore,
when applying it to categorize Thai text, a word segmentation step is not required.
However, an original model of Char-CNN limits an input length to 1,014 characters. Any
exceeding character is ignored. This thesis presents an improvement of Char-CNN which

can accept any input length while it still uses the same number of parameters.

Experiments show that our proposed model can produce a better accuracy
than an original model. Moreover, the proposed technique outperforms many classical
techniques e.g. Naive Bayes, Maximum Entropy and Support Vector Machine. Note that
there is only one technique, a word-level Convolutional Neural Network, that it
performs better than our model about 0.5%. However, a Char-CNN has an advantage

because its accuracy does not depend on a performance of word segmentation.
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“The 9th International Conference on Knowledge and Smart Technology (KST 2017)”

[y

FIPTU 4 e Usewelng sen319iui 189 4 quamius 2560 wandluniaruan



UNni 2

NgufuazuITeneIdes

2.1 NMsuNuULaAU (Text Representation)

Tunssuundssnnvesdennutiu dmiafidosindenisunuidennudieilioes
dieasilugnszuaunssiuundely Bnslunisunudeanuduiiduiolud v Tuudas
W0LUANIDINISHNUTBAIN 2 ToAdd tawn 1) “duldlsasou TsaSeuduaie” way 2)

“IsaSeuvesduiiey”

2.1.1 99 (Bag-of-words %38 BoW)
Jumsuanstoanuluguresinnesauiauinduituudmsmunlunauiynsuves
gatoyauu o lnglifinisldhensaluasaiduvesd andegedeninu awnsoadaiy
wawrynsuvesdrlaned [“du”, W7 Tsasow”, “arw”, “vee”,“dey”] waslunisuny
v v a o o o vy &
ToANUMIEANNIVRIANUIING dusavilacall
1) “dululsasou Tsaleuduae” unume (21210 0]

2) “Tsasguvesiuuiog” unume [1010 1 1]

77
v A

P98 NTLANUATULAAZAILIUS WBNINNAITIIAINUDY DIALAD SIA1U15ALYAIN
anmou 9 Tunisunueld i NSENUNKUUEIYEDY Nnafe TulsasYawaaninnes 9zl

= A = = 1 o 0’}’ ¥
e 1198 0 memmmagmaﬂmuﬂmamm

2.1.2 fanlafian (Term Frequency-Inverse Document Frequency %38 TF-IDF)
nsunutennusmeitenlefion 1Wuisnsldgemediamis ualinsunuailuusiag

Y9970 INABIAIYAINDVRIATUTDAINUAMAIYANNAUYDIAMUDVBIAILY 9 IINNIYA

'
o

foya fwualdt tf Ao Arwdvesd N Aosiuauvesdonuiounlugndeya was n, Ao
ai’musuaﬂﬁﬁaﬂmﬂwq@sﬁagaﬁﬁﬁwﬁ?u q @nansadwin tfidf Maunisd (1) Tnefiduan
idf lewaunisi (2)

tfidf = tf x idf (1)

idf = log(--) 2)

NTOAUAIDYNN ALAIUIUAIVY idf vosunazalalu [0 0.3 0 0.3 0.3 0.3]

WaLALSALNUTEAINU AR 9T



1) “gululsassu 1saSsuduaisy” wnumenmas [0 0.3 0 0.3 0 0]

2) “lsaSguvesiuuieg” wnumennmes (0000 0.3 0.3]

2.1.3 VINNaIUTan (One-hot Vector)

JunsunuiideninufienguuawnnasnisssdaauiuduIuiniuaNe 1909

¥

Tonu lngiusazinnesasiivuawiiuiumvmuanunngluyadeus wazazlandis

I A&

musngludduiy o lnenenegluianmes asiamidu 1 Weseadsd diudesdu 9 lu
nnwesaziiandu 0 Ml andegns aslddduvesifiivianuade “du”, “l”, “lsaden”,

“@8”, “vBY”, “UNBY” WALITANNNTORAAINITHNUAAIINMETIUgeNLA W “du” wnu

_1_ _0_
0 1
A28 8,‘%” WU Y g Wudu wazlunisuansteninu ztnnmasiuganusLaazan
0 0
n Lod
1n5mfunudnulendl
1 0 0 0 1 O
0O 1 0 0 0 O
“ = 8w Q +» |0 01 1 0 0
1) “gululsaseu lsassuduans WL 0 0 0 o0 1
0O 0 0O 0 0 O
L0 0 0 0O O O
0 0 1 O
0O 0 0 O
« = LA AR ' 1 O O 0
2) “lseSvuvesduiieg w0 o
0 1 0 O
0 0 0 1

2.1.4 A4A7 (Word Embedding)
ARaF NI UNITUNUNTAMUAIBLINABSVUIARAT 9 LUNITIINIABSAT (word

vector) Taglun1sunuitamnuaz 931U LY INLABSINAUAINNENVDITDAINL LASIUIN

a o

YDIINLHDITILAIUITANNUMLDILS 9T N15AS1INMBSANENAS19LAENITIATIEIUDAINY

Y U

nYadeyananuaney waidsairvulnmesalagliguasdiniainuvuiglndideaiy &

[% 1

S2YU19UDUINLABST AL NALAIAUA ITn1Tas1nmesARReulaLn LASAnLan

(word2vec) [16] waglnan (Glove) [17] fuualildinmesouin 3 lunsunufiudassidy
0.23 0.04 [0.11

“Gu” wnurie 0.31], “lU” wnuaie [0.36], “Isaseu” wnuse |0.56|, “are” wnusie
0.85 0.78 0.86



0.28 0.66 0411
0.83], “vay” unume |0.78|, “u1eg” unume |0.27| Wetinnesvesiusiuiy
0.98 0.79 0.81

v a

wWUATaAMUFENIlAeail
1) “gululsaseu 1sassuduany” wnusne
0.23 0.04 0.11 0.11 0.23 0.28

0.31 036 0.56 056 0.31 0.83
0.85 0.78 0.86 0.86 0.85 0.98

2) “lsuSyuvesiuniey” wiueie

0.11 0.66 0.23 041
0.56 0.78 0.31 0.27
0.86 0.79 085 0.81

2.2 frseaniinisn (Neural Network)
a 2 as & ° A Yo ) ¢
faeaaisnilunuuiaesilisuusadunialananaueswesuywd lngauise

1 [

Wisuisunisvimiiilafenisiieuiainteyaniegua ieldiruedeyaludnuue

Wiy Tneluidedazivdetensesmuaumiolul wiheiugiuvesdisoalaingd

a ! f < a <@ acs ¥ £ a < acs a =
Suniunesiiunsou daseardaisnuuuteulitrami wariiseadnisnidedn

2.2.1 wasidunsau (Perceptron)
s & A A d o a & as = Yo ¢
LW@?L‘UUWﬁ'&J‘Hﬂ@ﬁUUU?%ﬂ@‘UVILam/]?jﬂ"ll@\'iu’lﬁ@al,umlfﬁﬂ LU?EJUVLﬂﬂUL‘(jaa‘Uigﬁ’W]

= s I a o s & Vo A
RULDANLIYNINUIT0A aﬂ‘b‘m%sll@\'iLW@iL%Umﬁau%ﬂﬂﬂiﬂﬂﬂzﬂ% 2.1

U7 2.1 lassaseveunesidunsou doyasuidiuazdsonn

[

v A f = [ 3 aa o v f J o L% & v
wail inesigunsouludunewisnidluduunnadndiduasngy mvualiilaiduves

o [

wasiguasounnuig £(x) lnefideyasudife x uazdeyadieande 9 lnouananis

ﬁwuam%’amﬂadqaaﬂlﬁﬁmmsﬁ (3)

0 otherwise

(3)



Tne?l w Ao NWETVOIUINUN (weights) b AoAluled (bias) ez m ABIUIATDS
Joyasuin dmiunszuiunisiseuivesnesidunseu Amunligadeyadiegnunuiieg x

wagnadngasaesiosneiiy wuse y aunslunisouduanddine (@) uas (5)
w; «w; + Aw; (4)
e Aw; = a(§ — y)x; (5
el @ Aednmmiatioud (learning rate) iuAiivsuaniiluusagsouvaamaigous

2ziinsasunlasininiiguiudns1dIuYINaR 19U BINAR NS LUNNNLYIN e

2.2.2 frseaiasnuuutauludiatin (Feedforward Neural Network)

a o w

a =] as v 4 o 1 1 v
Taseatdaisnuuutdouludnaning ’]ﬂ‘UI‘Hﬂ'ﬁﬂW‘U’JﬂJLLﬂ%ﬂQNWUT@Q‘U@Ha\LUIU

(% (%
[

a N 14 1 [ o ' o v o a § & o
Arnaaen lnglassasisazuiseaniluannudu IULLG\aga']WUGUU AZULNDILTUNTDUIIUIU

= Y A

= = = o S [y 1 a v a [y f @ o A A [ o
‘mmmhmLaumaumﬂumﬂuwmmnu LLGH]%EJLEUL?I@@J?]ULW@?L%UG\?@U@’J@UWE@I‘Uﬁ'WTU

& <

Fuifniuianue lnedeyadeanveanesidunseulutunsunin asludeyasuidivesnes

dunseulutulagiu lassasrmwesiiseatinisnuuudeuluinmduanalanaguin 2.2

U7 2.2 lassasrwwesihseadndsnuuudeuludrani

fmuadydnvaiwnunsiualidrmii (feedforward) Tnglk al ! unuwadns

o/ ] (% s

6 < Y] dl o w 5 l %:’ [ 9] 4:1' .
VBUNDSEUATOUAIN k Tudsutu [ — 1 way wf, wnudmidndwiumesidunseudan j
Tudrdutu [ ATEudauuIanmesidunsoudlIn k Tudisudunountn was b} Aalulod

éj ¥ Y % v ) ¢ & o @ gj d‘
wonanil i g wnuilsndunsedu wagly n wnuduuwesidunsouluddugun [ — 1 9y

ANUNTOWEANINITAIUIN a} Iolaeaunsh (6) wag (7)

l _ l 1- l
Zj = ZZ= 1ijak 1 + b] (6)

a} = g(zjl) (7)



2.2.2.1 WefdunseAu (Activation Function)
Tudiuvestoyadianvadusazinesidunsou sxlimsldflaidunsedu g(z) wWievh
Tilsealadsnaunsawidaymlavainraieuinau flsddunseduiinanrategluuy lne
dlq U a v 1 dg’
wuutenduilfmeludl
1) Wsidudinuesa (Sigmoid Function)
< o Ay v v 6 1 = U a I3 14
Juilandunlviemwadnseenuieglugae 0 fis 1 aunisvesilandudnuess unueie o

wandlalae (8)
1
1+e 2

o(z) = (8)

2) Herduunuaudlawesludn (Hyperbolic Tangent Function)
Duianduinlirmadnseanuieglugas -1 §a 1 aunisvesilsidunnuaudlamesiu
an unueig tanh MulAAINANNIT (9)

tanh(z) = Ca Ll 9)

eZ+eZ

3) dlandurgeanatnegau (Softmax Function)

[~ fw g Vi Y s I 1 = o g.Jl @ as oy
Juilandunlviemadnseanuiagluyie 0 fa 1 fvualiluturesdnisniidenis

Aiinadnsavan K i fveswadnsuuunumedydnuel z agladn Henduengean

[ U L3

98198 0UVBNAGNSAIT j ViSeunumedysianual f; Awlnlaainaunisi (10)

A

e’J

f@)j = sx—=

o
i=1 €7t

4) Hendusadlnadadu (Rectified Linear Unit Function %38 Rel U)
& fu A v YA < ° & & ¢ Iz a
LU‘H‘WQﬂ%uﬂiﬂwﬁﬁv\lﬁa@ﬂﬂqLUUQWUUHU’JﬂMﬁ@LUU@UﬁJLaMa aﬂﬂ"limaﬂﬁ\‘iﬂsﬂunﬂm

TAdadu £ amnsauulaainaunisi (11)
0 ifz<0

fo={, ifz 20 (1
5) Heantuauwus (Threshold Function)
Lﬁuﬁqﬁ%’ﬂugﬂﬁ"ﬂﬂﬁumﬁaﬁﬁuLiﬂﬁlﬁ/\lﬁ@q TngagiiAndauds £ mufidivun aunns

YOINATUTALUY £ @mnsaruiadlaannaunisi (12)

ﬂz0={2 gj;i (12)



2222 ﬂﬂﬁ%’uﬁunu (Cost Function %358 Lost Function #38 Objective

Function)

a

Handudunu Juilsiduvesiiseaidaisnfivansdsiunuaaaiaisn narife lu

nseudvendaisniu asvinisusuadmidniiieNazananadnsvesilaiduduyui

laidusunuindunfendulunmuseandenselul il dydnualvesaunisluusastoasld

J wnuiaidusiuyu n Aeduiudeyarianuaildlunsiseus y; WNURAENESAeeN1Tves

a

Toyayndl i waz ¥, Wnuradnsiviuelevestoyayad i
1) ANRAIANNAANAIAR1E9E03 (Mean Squared Error 150 MSE) Aruaadlaain

AunsT (13)

J = 230 - w)? (13)

2) AnRdYATEALUNITULUUNINIA (Binary Cross-entropy) Lanslagaunisi (14)

J = —=¥ yilog3) + (1 - y) log(1 - ) (14)

3) Aravasn1srinvesnalulule (Negative Log-Likelihood #3e NLL) wangls

Tngaunsy (15)

J= =23k, yilog(®) (15)

2.2.2.3 mMImANvNEiga (Optimization)
nsseusvesiasealaisndunisseudiienranavesileiduduyuliiosiign
Tngldnisusuugnihwinvesdudenludnisn dmsuisnisildlunisusulsadmdnues
v A ) a No o &
dugenilasuanuiisadasialudl
1) alaupafninsifigunaw (Stochastic Gradient Descent %38 SGD)

Avuald w wnunsfwesdadudmidniidesnisesuiuan a Aednsinisiseus
o
aw

USUA1999 w f9auns (16)

= a [ 3% ¥ a [ a a a L3 =
ﬂ@LﬂiL@EJU“UEN‘WQWUUG]UVJMLVIEJUﬂU w ﬂ’]iLiEJuiIﬂ‘EJﬁIG]LLﬂﬁ@ﬂLﬂiLﬂSUL@ﬂL%u%ﬁ]%mﬂ"li

I8
ow

Wt = Wt—l - a (16)

i
v a

wenniadinsldlumudn (Momentum) lnefigaussasAtitovilinisseusiinisg

' [
Y Ao a

dniRTuanmswindesnisinegilaneaseniun (Local Optima) T v unuAiAms%ad
N15USUAINSaNAY w wag y wnuaduusednsaeluiuudy (Momentum Coefficient)

anansauansaunsiunMsteuslaann (17) ua (18)
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ad I d‘vu

2) FWnsiheunusudmle (Adaptive Gradient Method 38 AdaGrad)

IS v a

Judsiaeiinsusudnanisseuslamenuesnnamsuduiiimun nglunisusuen

Y] a v o a I a a Y o v a al'
%@ﬂ@@]ﬁqﬂqiLiﬂuguu‘ﬂgﬂﬂqﬁlsﬁﬂqLﬂiL@IEJ‘UIU@WG]@JWIEU ﬂ']‘V]‘N(’ﬂ,V] gt WNUNILRYUNLIAT T

aun1sveINTEuswandlay (19) uag (20)

g, =24 (19)

ow
a

Wy = Wi g — . gt
,Zk:lgiz

3) @15LouLeaNTaN (RMSProp)

€

Jwigndnsivannsieuvesasineuninliiiefeviunldluseuvenisseus
Tagtulaemsihlyusulsegnsdiuvessnsinisseus Insuenmiloannnisly g, uwaded
v ° o 2 A =~ v Y v =
N5l MeanSquare, d@wsunisiiuAadeveunsifiey uwagly y unudasnisldnsioy
Yosefmlun1sseuiBalaeunfagldaitin 0.9 amsauanInIsiuInseuiiieisensioy

wansenlalagaunsn (21), (22) way (23)
aJ

Gei="5> (21)
MeanSquare, = yMeanSquare,_, + (1 —y)g;> (22)
= - (23)

Mt ans ararh JMeanSquare; gt

2.2.2.4 M3nsaulavi (Dropout)

nsnsediend [18] 1uisdesiunisdaiuteyaiseusunniiuly (overfitting) vilae
msdudnduionventaisnluseninmsdeus mallazinisdulndlunn 9 seuvesnis
= 1% Y i | ' 9 v ¢ -
Seuiveseyausarsenis dluseninnmsnaaevazlidlinisaseuioyt JUN 2.3 uananis

aseUle IneguruanudueNviie et
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€

a

Uhauanaidasealadsnuuuund suviuaninsnseuiey

€Nl
(ol
=)
N
W

Cal

(81989310 Fig. 1 Tu [18])

2.2.3 mMsuwsnszaedoundunaznisiseu; (Backpropagation and Training)
deRansantuneuvesnisteulidramiin msmaanuRanatnvesnesidunseulu
asutugarngtduaunsavilalaed1igainnisauiasnsifguvesilsiduiun g uiuad
[y & v I 1 a §f < d‘ a v o o
waanslutuanvine uilunismaranuianainvesnesidunsewieldlunisSeuivesdniu
Funpunttuliausamlalaenss 3R 1FEIBNISNRENIINISUNINISEAUdaUNaY
Aualiiivualy 6 unudanuiananvesnefiduaseudin j luddudu |
Asug j unuianduduyu dvue z Wufidunaldneussiuilsidunsedu g asamnse
=1 1 a 2 Idl
WIUALNITVDIAIAINRANAIALARIENAITN (24)

4
) ) LT N R
= ozt~ dab ozt aaj.g () (24)

I
Y]
o~

-

(%
°o v v

o o U a 5 4 o U
dmFun1Inien a_c{l W ludrduduanieaiusaduiamlalagnssanilandu

-

aunuidenld dludrdutunoun agdemlagIsnisunsnszatedoundu lagawyin

AanefuNIstaulutnantn Wewsnauieafuwingy tnesuwialansaunisa (25)

aj m 9] ozjt m_ o sl+l 141
—_— = L —— = _ Wi 25
aaﬁ- Zk_lazlch aaf- Zk—l k kj ( )

Ty m Aesiumesidunseulusiiudud [ + 1 910 WemwimAIALRANaIA
veosumazsyautuls fansamaRanatavisuiuiminuazatlukedla o laainaunisi

(26) waz (27)
o) _ 0y 07
6W]l-k - azjl- aw]l.k
o1 _ 9) 9%
ab]l. az]l. ab]l.

= §fa; ! (26)

=&/ (27)
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UNFIDLNYU IuﬂimﬂﬂlsﬁﬂimmﬂmﬂLﬂ'ﬁLﬂEJULWﬁL"Zi‘U% msﬂsuﬂsqmumuﬂ Wk Qb

Wlalpeaunisi (28)

Lo 11
Wit = Wi emy — @058}, (28)

2.2.4 {i75eailaisniBedn (Deep Neural Network)

A A < acs ddo

Aedhseauinidindiilsuauduinn 7 Hognainunantgguiuy 1gu Hodsnmnudeds
an (Deep Belief Network %30 DBN) Lint3isnnesdouvnsfaid15wa (Stacked Auto-
Encoders) 3150adnt3snuuuanndu (Recurrent Neural Network) miaeainusnssezdu
wuUE13 (Long-Short Term Memory #3e LSTM) daseaiiniisnasulagdu (Convolutional

Neural Network) Ingviade 2.3 agesurefiaiseaiinisnasuligiu

2.3 ﬁ’;iaatﬁﬁlﬁ%ﬂﬂaﬂ’sgﬁu (Convolutional Neural Network)

faseauaisnaouligtuluiirseatlaisnddnuuuunil d9aEuduunannms

q

NUATEMIAUNMITITA NSNS Imaﬂmﬂﬁﬁ%’aa&a%’uLsihLi‘;lul,w‘%ﬂsﬁmﬂmiLLanmmn

~

sunm lnssairsvasiasoaidninreuligiunandddaguil 24 FadndsniamuaiAnain

U

nsgurane 9 Useinnandseneudnnieiy aeneluil

C3:f. maps 16@10x10
INPUT C1: feature maps S4: f maps 16@5x5

32x32 6@28:28 $2 1 ma

Full COFI[JIGCIIOH ‘ Gaussian connections
Subsampling Convolutions  Subsampling Full connection

Convolutions

JUT 2.4 Tasealiniisnaouligdu (8198990 Fig. 2 Tu [9))

2.3.1 %umui’ng%’u (Convolutional Layer)
Huduiivhmamaesannguuestoyaiuditogng q fu lneldBnsnonumind
fudanses (filter) Inerimiinvasiansesiu agfudwindidnsldfuiuluyn 4 maviaeu
Tgduvesdoyasui muuslideyasudunusiemming al=! vum NxN wazilfngosd
fujvtin w w1 mxm wadné a! vesmainsuligiuansadaldfauns (29)
waz (30)

m 1 m—1 .1 l
b=0 Wabal+a]+b +b (29)

ai; = g(z})) (30)
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1{ofo
1o 1
ol 1] o
FAINTD4
v

JUN 2.5 fegenisineuligtu Inelivuinveadayasuinvun 6 x 6 Laslumindinses

YN 3 x 3
Tuduneuligtu Jesrusznauidesiidedadadeluil

2.3.1.1 U1nVIRINTD9 (Filter Size)

AaANUNILaEAIEIYRIINTaInasnanlElunsviAeulgdu

2.3.1.2 vilavaensinaauligdu (Convolution Type)

1) apulgduluuway (Narrow Convolution)

msheeuligtulaeiily shazfunsviaeubgduuuuuay nanfe lunsvhaou
gt sansesiitlishnmsnenamindtuaglifimansgyiniaeveuvesumindsuitn dawaly
wadnsvesnsvhasulgiuiideyasuimuin NxN fusnseswuin mxm agldaving
W (N —m+ 1HX(N—-m+1)

2) mpuligdunuunitg (Wide Convolution)

Junsimeuligtuiifinianszsiiasveuvesumingsuidieanty Tnsfuiifiiu
senluty %ﬁmmmwﬁwaa%’aa&mﬁaaﬁu 5 98 0 136NIINITLESULAL (padding) NadWSUes

nshmeuligtunuunIeiideyasuidivuin NxN dudinsesuuin mxm aglauning

[
a

W (N +m— 1)x(N +m — 1) vislinrsvimeuligduwuunineiiiduiedesiuns
goydetayansausiaveuvestayaiulln JUN 2.6 uann1svieeuligtukuuninauanis

LS UG
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-

s =

JUT 2.6 nsvhmauligdukuuninaagnsesuLAY

2.3.1.3 YUIAYINN5N1297 (Stride Size)

WWINVBINITANITINARTININYRIvRITRYaT UL aeviinsideuldidieyiinsm)
nadnsvospauligtuluudazdes Inevluiinagldauinvesnisindiudu 1 JUN 2.7 wang

[ [ v aa 1% ¥ [
aﬂ‘wmwmma’vmﬂauiagﬂjuwm%UWmﬂJaamiﬂ’nsumL‘Uu 2

5UN 2.7 myvihreuligdulaeiideyasuidnvunm 5 x 5 fInsesrua 3

x 3 hazivu1nvaenisitudu 2

2.3.1.4 IUIUAINTDY (Number of Filters)
Tunsudazdumeuligtuiiy ansaiidinsedduinnimis lngdminvesiinsosus
avfagldueniu lnedniudnsedutureuligiula 9 ssdunsinuednudesdyain

(Channel) ¥asvasyasuiilutudaly JUn 2.8 uansieganisvireuligdulagiidnuium
nsoudu 3

-
-
-

-
\‘f' I
F
\\.

-
“‘ﬁ-
-y
T
=

U 2.8 Mavheeuligdulasiidnuiudinsewviiu 3
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[

2.3.1.5 uIUYasdeu1nd (Channel)

v v

=

Fuiutesdy i vsesenladnegramiviianudnvesteyasuidl e13azie
1nnuileld wuluanuddenemiunisain dnsldvesdyaunvnn 3 YosdanIuunuad
Yeuid vseaunsainInduIudesdinseslutunsuligtunaunit Muualidiuiu

a0

gosdayqradianlu k szfmunnadnsvostunauligiuldnaunisy (31) uaz (32)
I _ vk-1 -1 l -1 l
Zij = 2ic=0 2a=0 Lb=o WabaCL+a]+b +b (31)
L _
a'l] - g(Zij) (32)

2.3.1.6 Msunsnszatedoundunaznisiseui (Backpropagation and Training)
I o a o a 2 as Y} Y | a a
Jululusgnwasiiennuiiseadnisniaeill dume TunismaimnuRanainiiau

fuen z; Tuszsudaule  awildanaunisd (33)

a]_ ]aa

1 ey .y
6 az aa 6z g( ”)

(33)

wazlunism a]l annsamldannisunsnsznedoundu uandasaunisn (34)

I+1
ml m—1 aj ala]b 6l+ I+1
w, 34
aa Z b=0 az}’jj b 6al] Z Z a,j-b"a,b (34)

TAg m ADVUIAVDIFINTDY NUU LIDAIUIUAIANURANAIAVDI AaESEaUTULR

AenunsamamRananiisuiutimdnuazaluneals 9 laanaunisin (35) uay (36)

l
N-m 0] 9% _ al-1
=i 25 dz}; owly =T 2 Aitaj+b (35)

L o M B LGS LS (36)

abl J=0 9z}, ab!

(%
Y

Wil N fievuinvastayasuidntuguin I

2.3.2 Funs59M (Pooling Layer)

) 2 & Ao Y v = D= A v Ao w
GU'L!ﬂ’]ﬁirJllLUuGZJUVlV]’]Mu"IV]a@IGUU']ﬂ?J@ﬂsﬂaﬂﬁaa\i LWEJIML‘M@EJLL?WLW‘EN“UEJ;‘JJaVImﬂQJ, 9

O & Y ° a 19 a a ] | a ¢ A o I3
LNIUY IW‘EJ‘VDI‘U llﬂf\]gi/nﬂqiLa@ﬂsﬂaﬂJanIﬂqlnﬂV]?j@ll'ﬁ]’]ﬂLLWaSGU'NGU@QLiJV]iﬂ‘ULWEJaTNLUU

U

(% ' [
[ o v 1A

wvsngvwiaanas Tunuideduiaynaniedunsnuidfygdmed

2.3.2.1 Bun1ssaalagldrunnga (Max pooling)
Funssulegldrunnanazyinisifenianizaanniigaannguuestey aisauls

wasihldeuselulugudaly anun 2.9 WunsvhnssulegAungauuaysnduunn 6
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x 6 lngnguiaulavziivnin 3 x 3 Feweuwavesngunaulavziinsidouliaunsounguium

[
LY

SngRuURTUNIILA

A 4

sl alsl7| 1| s
s201] 3]s 2)Y o
-
L
b7 efsf 2] " 6
_*..“ ".-'
4|l o] 1] 3 Eeospn”
s| 7| als|al:2
7163l 1]s6]2
v

(%
[

Ui 2.9 dumssaulegldemnnaalu 2 §@

€aN

2.3.2.2 %”’un']sifmimﬂ%'l,ﬂmmﬂqﬂ (K-max pooling)

Funssulegliindunngaagiininden k fiwesddannniianandeyaiamuaiia
fagnsgyhuunnnoiuashlulfludndsniinseyifudoyadifuteninu 91ngud 2.10 Wy
msvinssuailagldiaunandsimunli k = 2 failun1shmssuudazass agaulaly
wanawesluluIuny x waznsideuveuwaiiauleszsinisideulamizuuiuny y lagas
Fana AN dnEINNI5IINISTINIALLAAININAAILLT LI IR UL UL ULAE TUIVIS NGy

| %

TUNBUNTNIULLILAY X

e -

24 31| 1 |G @5
: )

. ., _.o‘
heal BT L7 F-ShaS b3 I

41 0 11 3 6| 0 41 6
517\ 4] 5] 4] 2 5 7
716|311 61 2 71 6

v

JUN 2.10 Funssiulagldiadnanngalu 1 &7 lneivuali k = 2

2.3.2.3 gun1ssalagldindanngawuunain (Dynamic k-max pooling)
Dudunssuiianndenndunissulagldindunnas lneaziinnuunnaegiiay

Lifinsivuadn k ineu wagvinsduina k ndlimangauiunnuuavestoyaluty
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[
a

Aaunin As5n1staniauslag N. Kalchbrenner wazamuelul a.a. 2014 [12] wialdlufiasea

Y

dadsneauligtunaislunisdwundonnunwdngy

2.3.2.4 NsuNIN3zANedaunau (Backpropagation)

dmiunisunsnszanedaundy L‘ﬁENﬁ]’1ﬂ’j”lslu%uﬁlﬁumiﬁﬂaaﬂ‘ﬁamﬂa%uL‘ZJJ’lLLG]IaBSUIEN
wlaeass Fefudsansansuninszaeaanuiiananludmomesteyasuididign
Gonldlalaonss uarludesdoyadu q Aldldgnidentdifu aglifinnsinisunsnszane

gouUnau

2.3.3 Funsauleainguuuy (Fully Connected Layer)
“R991NN1INTENBUAUYRITUADULIg TULALTUNITTINT WM TS Tutugaving
a & asg o 2 o < oA g v g
vosiseaitinisnaouligtu ndumadeslesduuwuu tufe lutuilisznaumetudey
q Nflmesidunsousgdtuiunily lnefimesidunsouusdazda sslidulouiumesidunse
Y & 1 o/ ¢ 2 Y ) o & o £ 2/
wyniluduneunii waginesidunseunndlududaly Nl nsdwlunsdeuldrmin

WALNISWNINTEABTBUNFUAIUNTYIN AR IEITN15UN

2.4 n159aUseaNSn N (Performance Evaluation)
ANTINUTEANTAINVBINTITAUAKLUUKA8AaE (Multiclass classification) @11158

wanslanasl

2.4.1 AduWTULUNING (Confusion Matrix)
ADUTITULIVS NDADLUNS NTNLAPINAVDINITILUN AU LAAITIUALL D ALUINNLAAE
A15799 2.1 hanIAUTNTULUNSNGURINTITIIMUNLUY 3 ARG

Ql' a o a s o
A9 2.1 ABUWITULININGVDINITALUNLUU 3 AAE

Aanafiviung
A B C
A My,; (TPs) M., My
AANEADSY B M, M;,2(TPg) Mz
C M3,1 M3,2 M3,3 (T’DC)

dmfuruihYuiumsnduaanisiuwunaindeyaravan C aana Arluudazuaiag
wanafadudayanegluaaaiuaie o daumluiiavanudagraneieinuindoyanvituneg

lamanatu muualwausuusazaaiala o
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- TP Ao Swrudeyaiivhuneldnaratusaznadwifonanady (True Positive)
uansIsmsAmnaldfaunsi (37)

- PP Ao runudeyaiviuneldranatuudnadnsfenniadu (False Positive) uans
Bnsraldfaunis (38)

- TN Ae Swaudeyaiivinnelinaradunaznadnifenaiadu (True Negative)
uansIsmsAmnaldfaunsi (39)

- PN Ae Sruauteyadiviiuisldnaradundnadnifionatatu (False Negative)

wARIITNTAWIULARIALNIST (40)

TP, = M;; (37)

FP; = Y54 Mj; (oniuj = i) (38)

FN; = Y521 My j (oniu j = i) (39)

TN; = Y521 Yieey My (eniiu j = i v k = i) (40)

2.4.2 H799U5EANSNINIRUNAIUAAE

(%
Y

N1SANUIUIIAIAIULAEY (Precision) ATAIINSEAN (Recall) wazAtaniu (Fy) U

aansamuldlaann (41), (42) way (43)
TP;

PT'i = (41)
TP;+FP;

Re; = =52 (42)
TP;+FN;
__ 2XPriXRe;

Fl’i pp Pri+Re; (43)

2.4.3 araussansnnlagsiy
A1SANUIUUTLENTNINUBINNTINLUNLAYTINIL LT ALRALVDIRIIAUTEEANT AW ULA

avmanasneuInlEsaunsi (44), (45) way (46)

pr = 2 ép” (44)
Re = 25 R el (45)
F, = i ZF“ (46)

warlun1smAALLiY (Accuracy) Avualy N fladiuiuteyanavun aguans

dunisvesauudulalang (a7)

e 2i=1TPi

- (a7)

Accuracy =
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2.5 ¢uATeineatae (Related Work)

[
P=~1

mASefiRedesivineinsatull WumATeldtheadnisnaoulgtulunis
SuunUssanvesteny TnsuddousariuasinmsaiatdndnivlUldlunuuusis
q Tnedseneuiusemhedesventndsndaiinaniludnedu luhdoiazudanuidooondy
aoanguliun Thseainidnaeubgiuilideyasuiiiseiud warihseadniisnaeulagiu

nlidayasuiinseaufienys

2.5.1 daseardnisnaaulagdussaua
Tunsldtseaidnisnaeulgiuszaulunsduundennu Tlassasveadnisn

agapsgUnuunlasuauiioy Al

2.5.1.1 fivseallmisnaaulagtuszaua ae Y. Kim uazaue
fhseaaisnrouligiugnihinldlunisduundssinvdornulul 2014 Feheens
= v @ ac avve a Yy 1 a % ac o o
nilsvedassadrwendadsnilasuanuien laun Tiseadaisnreuligiuiiauslag .

Kim [13] LLamﬂé’é’quﬁ' 2.11

. o
for =
for e
the —..
ne .
n't =
nt -
it

=

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

U7 2.11 lpssasnmesihseaiaisnaeulgduseiuanldlunisduundssinvdonny

(91989970 Fig. 1 Tu [13)])

sl ! o/ A

Ingluduvasdoyasudiasduavindnll 2 Yosdayqro Aevosdayqraumuunsd uaz

T o

[
1 3 1%

Yoy uninisious vl lun3nddiullgnasiaiunnfign1susenaunNnesueIALg

o

[y

mefiu Tnenistsedumuddivresmivsingludeanudaiy antuisdutuneulg
Fu lngaziifnsosndauiaknnm1aiueontd Taafinsaanadl asd aunluwuILNUALa
WINAUAILENIVDININLADIAT dIUBNTULUILNUNTIETYUIAMIUANIMUALY N1SLARUFINTBY

'
o = A

ievihnseeuligtuaziinsideuluiiswdluiunuiied ileesinneiilaainusazfiinges
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sala | A

aggnilideniliaesnlAmunnfanuiiesilaasenisfinges w3eniveLsendn max over

9
(%

time pooling 91ntuFslUddtunisweslendusUuuuiieyinisduunusznndening

Y

solU 138 N15911 max over time pooling +u3sn1559uURvUnTsaeinliausaass

Hesnnmesifivunad andeyasudinduunaliadla Fuihlitseadaisnroulgdu

1
(% o (% v

seaumilansasuteyaniiniueila 9 1a Wadsnsdadaiunsaoivusuuusianidu 9

Y

Toun dnnesannnesiurdu sauddaseadnidsnuuusig 9 Tunisduwundeanulute 4 Tu
7 yadeya 119l Yadeyamatiun1sTnun3innmeuainIeaIuuINGaYay N159ILUNTI7

AUAT ATNNTIILUNUSTLLNNVBIANNY

2.5.1.2 ﬁfaiaaLﬁmlﬁ%nﬂauiqgﬂuizﬁ’uﬁﬂquwa’i’m 1ag N. Kalchbrenner wag
Atz (Dynamic Convolutional Neural Network %38 DCNN)

Tuhdetiaznanisliseadnisnaeuligiussauadnguwuunilsdsanunsoiudeya
N & a <@ acs o [y o [ . .
#nuedla q Ae TisealalsnasuligduszAuAuuunain (Dynamic Convolutional

=

Neural Network %38 DCNN) [12] sazgninluldilundslunuuiaeaiiossseuiiisudiu

£
v A

srausonuysMauslunuddeatull tnelul 2014 N. Kalchbrenner, E. Grefenstette wag
P. Blunsom latauatiiseatinisnviatdiialddinsunissnwunussiandoniny [12]

Iﬂiﬂﬂ%’]ﬂ‘ua\iﬁ’ﬁaaL‘fj(ﬂL%’%ﬂﬂ@uI’JQ%NLLUUWEﬁG]LLﬂmléfﬁﬂgﬂﬁ 2.12
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Fully connected
layer

Folding

Wide
convolution
(m=2)

Dynamic
k-max poaling
(k=f(=) =5)

j;ni f/%m\g / / 97;
/

Projected
sentence
matrix
(e=7)

The cat sat on the red mat

U7 2.12 lassasrevesihseaidnisnaoulgiussaumuuunatn (198510 Fig. 3 Tu [12)

Inglutudeyasuidn gas190un1NINABIYRIA IR UA INa 1 UYR LA bY

[ :.’/ Y] [~ o v % r.:l' LY} I~ 6
Pomu dwiulutunsuligdu aslunsvihmeuligtunuunite laeiidmnsessdunnmes

PANuN I MTUle wazdaugeuNfInua b maé’wémmé’hmmLwiazéngﬂﬁﬂﬂ

a s o (%

Wousaruduunind dwsuludunissiy wWsdsnviadiianuiidenanfeazldnissiy
wuuLAAEInaanadn duAvziinisAwinm k lunn 9 sevvesnistdeulutnanii Feaeii

Indwulunmsidendeyaiianumngauiuleyanaiug1inng 9 i mvuali k; Aeen k

a

faggmiluldlutunssind Llae ke, Aeen k wuuasiiignimualildlutunissiugasie

Y

(% o
e~ [ Y Y A

L fosrurudunissaudianun woe s Aeanusnvesteyasuidludunissiy avamnso
Fruaae k luustagduldannaunis (as)

k, = max(ktop,[LT_l s]) (48)

nmsfisinigdiuam klminn q seu shlfuwisvesuninddildluudastuay

wANANALIUAIUAMULNZEN WUUINBBIRLAINT5ENLN T UNTDAIUAIUBNSUAIIINTI?



22

AMBUALAZAINVIAKMES (Twitter) wazn13ikunUsznnvasmaiuluniwdingy lasle
U saa 1 _aad Y] s s = = & a o = a
HAANSTANINITIY o lawn Fnwesannmasuusdy widwug wnddueulnsy waziiisea
< as 1 S Xa <@ acs Y L
Wadsnuuunyaaian Neildaseaidaisnaeuligiuiuunainues N. Kalchbrenner way

[y

Az Tianuwlugnlndifsaiuiiisealinisnaeuligiuszaudfigniauslag Y. Kim uay

Y
[

anunsavuzlunsduunesuaivesteniy dmsuauideatuleslddiseadnisnaeulag

FULUUNAIN M UNTIUS o UIBUNANISNAABIUUNT 4.4

a < ad % [ v W
2.5.2 seailadsnaauligduseaudidnys
° o o a & ac o ° v aa Y
dwsunisihihseadaisnasuligtuinldlunisduundeninu neniinsiudeya
WU lusEAUATNYS mmsaLLﬂaaaﬂlé’TLﬁuamgULLw Ao 1) Msldvayasedumidnysun
Higlunisasrsilivedseauaviniu widwasodetunaunisanel wae 2) Mstideayaseny

LY

wnwshUldlunsanuntennulalnenss Isvazdennsnuidunelud

2.5.2.1 ﬁfaiaatﬁmﬁi‘nﬂauifag%'uﬁmJaamné‘f‘aé’nmﬁluﬂsﬂaﬂ lae C. N. dos
Santos @ g M. Gatti (Character to Sentence Convolutional Neural
Network %358 CharSCNN)

Tunsldauseauaidnys C. N. dos Santos kag M. Gatti [14] lelausnislieiagea
LﬁmL"?%ﬂﬂauhq%’uf\]’mﬁaﬁﬂm@uﬂiﬂaﬂ (Character to Sentence Convolutional Neural
Network %138 CharSCNN) Tagiaiisnaziinislédoyasefufsnuaiioaiiuinnesues
fdnus wagihaeulgiuvusmindfiinannisdefuvesininesisnusluudasd il

Ionadnsidunnmesvesrdniinils daanslugun 2.13

apP

v v v

JUN 2.13 MIasannmesseAumaInnnmessenudidnys (81989 Fig. 1 Tu [14))



23

NUU FWIINADIAINLAAIININABSFIDNEST bUSINAUNNLADSNASIITULINLA

o P ) ¥ o ¥ o o [ v 1 3 v s
arAlALAS L‘WE]L‘U‘Ll‘UE)i,Iuai‘UL‘U'm’]‘Vii‘Uﬂ’]i‘V]’mE)‘HI’JQ‘U‘UG]@l‘U agmﬂszmﬂ%aqmﬂsulfmmas

v v

“onesiteairadunnmesvesiituiieliiinnestoiriinainadiulseneugesn 9

(% '
0y a Y o A a

tu uazannsnisudmilinannaulasguldediussansam andidldiasnsd Wuns
Tidoyassnuaiefinuszansnmlvideyasefud widsdudusosiinisdndieg nanis
neassanirsoadniinreuligiusiuuuiinudt madnnweiisnusuldauimieas
Tauusiugiidninmsldnunnmesduiissegnadolunmsnmsiuundennidiinmeus

LAZNITTIUNDITNAINNIALADTIUATWSINg W

2.5.2.2 frsealiniisnaauligdusziudasnys lag X. Zhang uazaz

(Character-level Convolutional Neural Network 458 Char-CNN)

'
U =

Tu¥ 2015 X. Zhang, J. Zhao uaz Y. LeCun [15] litaweiliseaiinisnaouligiu
Sudoyadudduvesiidnes duandluguil 2.14

Length

Uantzaton 5
g

Feature

/.
e
]

‘ Zm |

Convolutions Max-pooling Conv. and Pool. layers Fully-connected

U7 2.14 wuudnassvasidiseadnisnaeuligiussaudidnes (81989910 Fig. 1 Tu [15))

Tududeyasuidi andunmsinnnesiugenudeusedunudiivuesiadnysly

11,% ]

[0 1
v, = [0‘ ol (49)
0 0

9INAUNTT UAAIDININAOTTUBONVBIRIBNBTIUATWIBINGY 1, WNUINKDIVDY “a”

Jamnuauatu Lanalalae (49)

v, ABLINLAMDTIUTENUDY “b” AntuTsdnInmesiugeniatunusenauiaaeiuli
naeduumsng 1wy n1swlataiuvesuselen “a bad cab” Winatewduumsnd wanaldlae

(50)
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"a bad cab" — (50)

O O O
O O O O
- O Ok O
O O O
kO O O
- O O O O
O Rk OO
O O O K
- O Ok O

0,0 0 0 0 0 0 O O

d‘ % a ¢a v v A O 1Y) PN ° YY)

dislalumindfuanstonnuwdy Jusdelufetunauligdu Inefinsiaeuligduiu
% A g v I3 ° v aa 4:4' Y a i aa a !
Tayanidutaniuazilunisieeuligtuninisideusinsoaiiswud 1 15 Sendnuln
seanoulagdu (Temporal Convolution) fauandluguil 2.15 aziiuladn fansedlvuialy
WULAU Y INAUTUIAY8UUNINGS U TuvadeTuMuILAL X AINTDEHVUIAMILAATAUA

a = e w
“r'l?ﬁ"]’N‘Uadﬂ’]"ﬂﬁaau‘rﬁl@ﬁﬂ?ﬂEﬂi
Ll

=
Sy

‘\'L‘.ﬁ

\\ ~

377
X

#7394 1 #7A504 2

Y

JUT 2.15 uanaiegemsviunulnseansuligdu vuamvisnduun 6 x 6 uazildinsesniny

719 3 U 2 HINTBY

mMuua btV ngsuLndivwn £xI e £ Aeduiuiiaesiussaumsnysimmun |
ADANNYIVDITDAMNTILAAIDS LAZHAINTOIVUIN £ XW TIUIUTIEU n FInTos azlain
a e & [y 4 ) 1Y) a & g o
wrsngnidunadnsveinisaunilnseanauligiuasiivuin nx(l — w + 1) Fairenisin
nnwesNadnsvasaziinsosaetulinataduunsng
Ausutunissiu Tudadsniaustuuity 22 199Un1559uNIN15 80UV ULIA T
aulaly 1 fAuseiunshaeuligdu vseniivesuniinissulagldAmingawuumaln
598 (Temporal Max-Pooling)
~ ° v ' & & A4
JUN 2.16 wansnisvihmssiulagldauinaawuumulngea naifsveulniuii
aulaazdounn 1xw lag w ABVUIAVBINITYININITIIN WASAIRUALALUNSNTAIAUTVUIA

fx1 aglaimaansvesnisvinissulaglddruinaawuuinalnseasglaunindnilvuie

l
fx—
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2| 4| 3 7) 1] 6 4 6‘
8 5| 2 1".‘3 5 i"‘g
1|71 6] 8 2' 'Q--.....--""'? 8
41011 3 6] 0 41 6
5171 4|5 4] 2 715
v 71 6] 3 1 6] 2 71 6

U7 2.16 uansiegrnsvimsnidlagldmunngauuumilngea vuamsnduuin 6 x 6

= [ [d
LAZUIUIAVDINTNINNNTTIUTY 3

dmsulassaiaiauavesiasealiaidsnaouligtuseaudidnusasulinemsnan
2.2 #unaladn vuavesmaansluwiarduarivuaasiiuiuey waglututeyasuiii avlau
Pinagvetonulin 1014 Mdnys Ml mindennuinazinundwunddniuiisnys
AuIUnIue glaudineanliiudens 1014 Msnuswinty usnaintassaienusinglu
M13194a7 Senslofsnduliaudandnisivunadauuslin 0.000001 Favinlwdaany
v Y ° & al ¢ a v & o g Yo o ° o o
Adeadsiumsvlandusedlididedy tngazdunsvilidmduunaunsaduundoyailyl
aglugduuudaduls lnensldflanduiiaudasiintudeainnn q Tuasuligiukazdunis
- I Y A 5 = I < o = v s o
Wwenlgufuguuuy snviuiisauwstunisiyesleaiuguiuulutugaine Feagldileidu

Agaaneg BNy dmsunisiteusvendnisnasldisnisunsnszaedoundudlditaidu

sunuduilinduauaenisiivvesanudulyle

15197 2.2 Tassasnwesiisealaisnaeuligtusyaudisnysiauelag X. Zhang uae

Ay [15]
UsTNNUD9ITU W150L905 YUIAVDINAANS
Fudayaiuin AMNYNIAIBNES = 1014 70x1014

UIUFIDNBINIUANaUl =

70

Fupauligtulasilandudanus | aunadinges = 7 256x1008

FUIUFINTDY = 256

v
1Y

YUNITIU YUIRVBINITIIU = 3 256x336

Fuppuligtukarilndulauds | vwmdinges =7 256%330

INUIUAINTOY = 256

v
v

PYUNITIIU YUINVDINITTIU = 3 256x110
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Fupoubigiuuarilefdudauts | vuiadanses = 3 256x108
FIUIUAINTDY = 256

%uﬂau‘hq%’uLLazﬁqﬁ%’u%mufu'a PUIAFINTBY = 3 256x106
FIUIUAINTDY = 256

Fupoubigiuuarilefdudauts | vuiedanses = 3 256x104
FIUIUAINTDY = 256

%uﬂau‘hq%’uLLazﬁqﬁ%’u%mufu'a PUIAFINTBY = 3 256x102
FIUIUAINTDY = 256

Funnssl YUINVDINITTIM = 3 256x34

%umw?iamimLﬁug‘ULLUULLaz TR = 1024 1024

HINTUYALLUS

Funsevionyt Auandu = 0.5 1024

%uﬂm%amimLﬁugmwmas UIUTITea = 1024 1024

HINTUUALLUS

FunseUiov AMuasdu = 0.5 1024

%umn%amiwﬁugﬂuw U = 5 5
(Fruulssaniidesnsswun)

Tnafinisnfignilunaaeuiunissundszinvvesdeniuuaynisduunaisual

vosfaninu lnensiueuiieuiuisnisdwundy q sudiseadnidsnaeuligtuszdudm
LAZVUIEANTITEEEAULUUE Hafe wuuTiassillinnuwiugnanitly 4 yadeyaain

e 8 yaveys
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Abstract— Sentiment analysis is very important for social
listening, especially, when there are millions of Twitter users in
Thailand nowadays. Almost all prior works are based on classical
classification techniques, e.g., SVM, Naive Bayes, etc. Recently, the
deep learning techniques have shown promising accuracy in this
domain on English tweet corpus. In this paper, we propose the first
study that applies deep learning techniques to classify sentiment of
Thai Twitter data. There are two deep learning techniques
included in our study: Long Short Term Memory (LSTM) and
Dynamic Convolutional Neural Network (DCNN). A proper data
preprocessing has been conducted. Moreover, we also investigate
an effect of word orders in Thai tweets. The results show that the
deep learning techniques significantly outperform many classical
techniques: Naive Bayes and SVM, except Maximum Entropy.

Keywords— Sentiment Analysis; Thai Twitter Data; Deep
Leaming; Long Short Term M y; Dy ic Convolutional
Neural Network

I INTRODUCTION

Social mediahas been widely used and become an important
communication tool since the age of Internet. It is an effective
way to spread out information and express opinions. Since many
people use social media every day, a large amount of reviews,
feedbacks, article have been created. Many organizations use
social media to reach out their customers. It is important for
organizations to automatically identify each customer review
whether it is positive or negative; this is called “sentiment

analysis.”

Twitter have been created since 2006 and gained popularity
nowadays. A sentiment analysis on Twitter was introduced in
2009 [1]. The limitation of 140 characters per tweet makes
Twitter easier to classify the sentiment [2]. However, commonly
used classical techniques, e.g., Multinomial Naive Bayes (NB),
Support Vector Machine (SVM) and Maximum Entropy
(MaxEnt), are based on bag-of-words model which the sequence
of words is ignored. This results in inefficient sentiment analysis
because the sequence of words can affect the emotion. For
example, "bad" and "not" are both negative, but the phrase "not
bad" which is composed of these two words has positive
meaning.

“Deep Learning” is a deep machine learning architecture
consisting of many layers of perceptron inspired by our brain.
There have been many success researches reported by

978-1-5090-2033-1/16/$31.00 ©2016 IEEE

employing deep learning in sentiment analysis. Long Short
Term Memory (LSTM) and Dynamic Convolutional Neural
Network (DCNN) are methods that learn from a sequence of
words. Both methods outperform classical methods using bag-
of-words on Twitter data [3, 4]. The report also shows that
DCNN has a higher accuracy than LSTM. However, most
researches were done on English Twitter data. To the best of
our knowledge, there have never been any study of deep
leaming on Thai Twitter data which the meaning of a group of
words can depend on the sequence of words, e.g., “Inwiume”
(comeback) implies positive emotion while each single word,
i.e. “Ine” (cheat) and “armme” (death), gives negative sentiment.

In this paper, we aim to study the sentiment analysis on
Twitter data in Thai by employing well known deep leaming
techniques. Our study has three main objectives — (i) to study the
effect of each parameter on deep neural network, (ii) to compare
LSTM and DCNN to other methods using bag-of-words, and
(ii1) to investigate how the important of sequence of words in
Thai Twitter data. We prepare emotional data by searching the
known emoticons in each tweet. We also present the
preprocessing step for Thai Twitter data. To illustrate the result,
intensively experiments were conducted. The result shows that
DCNN is better than LSTM in term of accuracy and both deep
learning techniques have higher accuracy compared to classical
methods except MaxEnt. Finally, we also show that the
sequence of words in Thai is important.

This paper is organized as follows. Section 2 reports the
related works. Section 3 describes model of word vector, LSTM
and DCNN. Section 4 shows how our Twitter data collection
process works. Section 5 describes the experiment and result.
Section 6 is a conclusion.

II.  RELATED WORK

The sentiment analysis on Twitter data was early adopt in
2009, Go et al. used an automated system to prepare training
data. In the labeling process, they divided their collected tweets
into two sets, ie. positive and negative, using predefined
emoticon. Tweets containing emoticon “:)” or “:D” were labeled
as positive whereas tweets containing emoticon “:(” or “:-(”
were labeled as negative. And in the classification process, they
used bag-of-words feature classifiers: NB, MaxEnt and SVM
with n-gram and part-of-speech. These classifiers defeated the



baseline method, which used a set of known keywords to
classify tweets.

Neural network is a model for machine learning inspired by
human brain. It consists of many neurons that form a large
network. In 2003, Bengio et al. used neural network for language
modeling and outperformed the state-of-the-art n-grams model
[5]. Neural network has a flexible architecture. It can have
various number of nodes per layer, with various number of
hidden layers and weights connected in between. The more
layers a neural network has, the more complex model the
network can leam. A neural network with multiple hidden layers
is called Deep Leaning. However, simple feed forward neural
network can not gain a profit by only adding layers because its
training process is ineffective [6]. In 2007, Bengio et al.
proposed an unsupervised pre-training process called auto-
encoders, as it represents a process of encoding large features to
smaller features. They found that the model with unsupervised
pre-training weights surpasses the model without pre-training
weights [7].

One architecture of deep leaming, Recumrent Neural
Network (RNN) was applied in language modeling on speech
recognition by Mikolov et al. in 2010 [8]. They show that RNN
outperforms n-gram technique. The advantage of RNN in
language modeling is a using of previous state to compute its
current state, which is similar to the context in most of natural
languages. However, simple RNN has a problem in passing the
information in along sequence. A solution to this issue is LSTM,
a RNN with additional long term memory, that was proposed in
1977 [9]. In 2015, Wang et al. proposed LSTM with Trainable
Lookup-Table (LSTM-TLT). They replaced fixed lookup-table
of word vector by trainable lookup-table. Their trainable lookup-
table also pre-trained by word2vec (Mikolov et al., 2013 [10]).
LSTM-TLT beat state of the art techniques in Twitter sentiment
analysis.

Another type of deep learning technique, Convolutional
Neural Network (CNN) was introduced in 1998 by LeCun et al.
on the document recognition task [11]. CNN consists of many
layers that perform different functions. One key layer is the
convolutional layer. This layer is used for extracting information
from group of neighbor inputs. In 2012, CNN was used in image
recognition task and outperformed other methods [12]. In the
same year, DCNN - a CNN with dynamic k-max pooling layer -
which is suitable for various input lengths was proposed by
Kalchbrenner et al. It successfully defeated other models in
Twitter sentiment classification. Pre-training word vectors was
also used with CNN in sentence classification [13] and Twitter
sentiment analysis [14].

There are some of researches for Thai sentiment analysis. In
2013, Wunnasri et al. proposed a method based on k-Nearest
Neighbor (kNN) to solve unbalanced sentiment data from Thai
Twitter [15]. Later, Chirawichitchai found that SVM
outperforms kNN, NB and Decision Tree in emotion
classification [16]. And in 2015, Sarakit et al. classified emotion
data from Thai comments on Youtube using SVM, NB and
Decision Tree [17]. However, most of Thai text researches use
bag-of-words model.
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III. MODELS

A. Word Vectors

In conventional methods, bag-of-words is popularly used as
a document representation. It is a vector that has the same length
as the number of words in dictionary. Each value in the vector
indicates the frequency of that word in the document. However,
with a large amount of words in natural language, a document
representation based on bag-of-words is usually large. In
addition, sparsity is likely to occur and causes difficulty in the
training process.

Word vector is a smaller vector used to represent a word
instead of a whole document. The length of word vector is
adjustable and independent from the size of dictionary. In this
study, we use word2vec to train initial word vectors for LSTM
and DCNN models. With these word vectors trained by
word2vec, a group of words having similar meaning also have
similar word vectors.

B. Long Short Term Memory

LSTM is a RNN with an additional intemal memory cell.
Fig. 1 shows LSTM architecture, there are 3 intemal gates: input
gate, forget gate and output gate. Each gate indicates the
controller of an information flow. The gates are computed as:

G =o(Wx'+Uh"" +b,) 1)
Gf = o(Wa!+Uh"™ +b) (2
G =oW ' +Uh"" +b,) (3)

Where G' is the gate at time #, x* is the input at time , W is
hidden activation at time #/. U and ¥ represent the weight
matrix of each gates. 5 is bias. Subscript i, f; and o indicate the
variables for input gate, forget gate and output gate. ¢ is sigmoid
function. The cell state C at time # can be calculated from:

=G x +a x tanh(Wext+Ush'™ +b ) 4)

Subscript C indicates the variable for cell state. tanh is
hyperbolic tangent function. From (4), it can be seen that ¢ is a
result of adding the previous cell state ¢ ? with the current input
x! by aproportion of gate value. Next, the hidden activation /' is
calculated from:

1t =G x tanh(C) (5)

After the last input of the sequence, /' will also represent the
network output as shown on Fig. 2 - an unfolded version of
LSTM with fully connected layer. The figure illustrates an
expanded LSTM through time. The sequence of word vectors is

Input Forget  Output
Gatc Gate Gatc

Figure 1. Long Short Term Memory.
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Figure 2. Unfolded Long Short Term Memory with Fully Connected Layer.

used in each time step. The output and cell state of previous
LSTM are used in current LSTM. Finally, the output from last
LSTM cell is feed into a fully connected layer with softmax
classification. This network is trained by backpropagation.

C. Dynamic Convolutional Neural Network

Fig. 3 represents an architecture of DCNN. A network input
is the sentence matrix s € R **, s is the sentence length and d
is the word vector length. The sentence matrix s consists of s
word vectors w, €R?, w, is the word vector of i word in a
sentence, shows in (6),

Wi W (6)
o

Wide convolutional layer is a convolutional layer that uses
zero padding on the border of input. In this layer, there are some
filter matrices m € R ™ m is the filter size. The filters operate
one-dimensional convolution on a row of sentence matrix. This
operation is similar to creating 7-gram features from an original
sentence. A result of wide convolutional layer, represented by
matrix ¢ of dimensiond * (s+m-1), is calculated from:

§ii=

cl,; =m, .'Sl,j—m‘iu',’j (7)

Folding layer is a layer that sums two adjacency rows into
one row. From a matrix with d rows, this layer makes a new
matrix with d/2 rows. It is used to increase the dependence
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between the rows, which are not involved with one another
before the fully connected layer.

Afterward, there is a dynamic /-max pooling layer. This
layer performs a selection of the top maximum # values on the
column of sentence matrix. The dynamic & value is used instead
of fixed ¥ value. The  value for layer / is calculated from:

&y = max(ky,, [“T[ s]) ®

Given L is the total number of convolutional layers, / is the
index of current convolutional layer which the calculated value
k will apply to and ki, is the fixed ¥ value for the topmost
convolutional layer. These pooling strategy makes DCNN
suitable for any various lengths of input. After /~max pooling
layer, anon-linear function, which is hyperbolic tangent for this
study, is applied.

Each network has arbitrary number of convolutional layer,
folding layer, and pooling layer connected together. And on the
top, there are dropout layer and fully connected layer with
softmax classification.

IV. OUR TWITTER DATA COLLECTION

Our data collection process shows on Fig. 4. While Twitter
API allows us to search tweets in a specific language, collecting
tweets in Thai is still a complex situation. This is because the
API does not support searching a keyword in non-space
separated languages. To cary out data collection, we use our
known Thai Twitter users as a seed and get their followers to
collect more users. We filter out users that have no Thai tweet
by checking Thai letters to get sample Thai users. And from this
set of users, we then collect only tweets that contain Thai
characters.

In the labeling process, we use pre-classify emotions to
classify tweets into positive or negative. We label any tweet to
each class when it contains emoticons corresponding to that
clags, and does not contain any emoticon cormresponding to
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sentence length =6 filter width — 3 k-2 tilter width — 2 k=2
Figure 3. Dynamic Convolutional Neural Network



Twitter Data. II
Collect Thai Tweets
Classify by Emoticons
‘Irain Word Vectors

Preprocess Tweels

Classilication

Figure 4. Our Twitter data collection and classification process.
another class. The pre-classify emoticons are shown on Table I.
And the number of tweets with emoticons are listed in Table II.

TABLEIL PRE-CLASSIFY EMOTICONS

ositive Emoticons

.0,8,0, 0,0,
®

Negative Emoticons

0,1.8,0,0,0,6,

P
©,0

, ’ . s :), N\’ :D ’ :(, TT, T_T,T-T, T T,
T
TABLE II. NUMBER OF COLLECTED TWEETS GROUPED BY EMOTIONS
Group Number of Tweets
All 3,813,173
Positive Tweets 140,414
Negative Tweets 33,349

We also preprocess tweets by these steps accordingly.

1) Remove pre-classify emoticons from a tweet. This step
prevents a classifier from overfitting with these
supervised emoticons.

2) Remove characters that are not in Thai character
Unicode range (U+0E00 to U+0E7F)

3) Replace a sequence of duplicated characters longer
than two with one character.

4) Remove q (U+0E46). This character is only used for
repeating the previous word but it does not change the
polarity of sentence. We remove it to reduce the
number of words in dictionary after applying words
segmentation.

5) Remove single-character word. It does not have a
meaning in Thai.

6) Break atweet into word segments. This is an important
part of preprocessing because Thai is a non-space
separated language. We use KUCut [18] library to
perform this task.

Table III shows the results of features reduction for each
preprocessing step. After applying all steps, the feature size of
this Thai Twitter corpus is reduced to 28,890 words.
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TABLEINL  NUMBER OF FEATURES AFTER EACH PREPROCESSING STEP
DGR Number of Per(.:e1.1t of

2 Features Original

None 33,803 100.00%

repeated character 32,141 95.08%

q (U+0E46) 30,521 90.29%
word with length 1 33,745 99.83%
All 28,890 85.47%

V. EXPERIMENTS

In this study, we use 3-folds cross validation in the
verification process. Each subset contains a sample of 11,000
positive tweets and 11,000 negative tweets from labeled data.
We select 10% of training data and use them for validation. From
the total of 28,890 words, we select 12,174 words that appear
more than once in our corpus to use in the experiments.

We measure the results by accuracy value which is computed
as:

number of correct results

()

In this section, we organize five experiments as follow.
Experiment 1, 2 and 3 are conducted to find the best parameters
for deep leaming. Experiment 4 is a comparison between deep
learning and classical methods. Experiment 5 is a study of an
important of sequence in Thai Twitter data.

Accuracy = ————————
3 number of totdl resuits

A. Experiment 1: Different Sizes of Word Vectors for Deep
Learning Techniques

Word vector is a vector representation of an original word.
We use word vectors for both LSTM and DCNN. Our word
vectors are initially trained by word2vec with skip-gram model
and be trained from backpropagation later.

The LSTM using in this experiment receives a sequence of
word vectors and creates an output with the length of 50. Then,
in the output layer of LSTM, there is a fully connected layer. We
use softmax function to classify data into two classes. This
network is trained by stochastic gradient descent with cross
entropy loss functions.

The DCNN using in this experiment has two convolutional
and two folding layers. First convolutional layer has 6 filters
with width of 7. Second convolutional layer has 14 filters with
width of 5. The top of network has a dropout layer with 0.5
probability and fully connected layer with softmax
classification. Because there are two folding layers, we have to
use word vector length that can be divided by 4. The fixed  in
the topmost pooling layer is 4. This network is trained by
“Adaptive Gradient (Adagrad)’ [19] with cross entropy loss
function.

The result of this experiment shows in Table IV. The using
of word vectors with a length under 12 is less accurate than using
the larger word vectors. The accuracy is increased as the word
vector length is increased at the beginning, but it isnot increased
after a certain length. Therefore, we will use the word vector
length at 48 in the remaining experiments to optimize a
computational time.



TABLE IV. ACCURACY ON V ARIOUS WORD VECTOR LENGTHS.
BOLDFACE IS THE WINNER.
. Accuracy (%) by Word Vector Length
Classifier y/36) by =
4 8 12 24 48 96 192
LSTM 73.79 7459 7487 7506 75.03 7512 74.88
DCNN 7419 7448 75.06 7523 7535 7525 7495

B. Experiment 2: Paramater Selection for LSTM

In this experiment, we aim to find the best output sizes of
LSTM, which can be seen as a size of hidden nodes in the
network. We use the best architecture of LSTM network from
previous experiment. We also experiment without the hidden
node by immediate applying softmax classification on LSTM
output. Table V shows the result of the experiment in term of
accuracy. We find that the best accuracy comes from using 5
hidden nodes. Moreover, the result shows that an accuracy ofthe
network without hidden node is less than the network with
hidden node. This means that hidden node is necessary to be
included in our network. Since 5 hidden nodes give the best
accuracy, we will use this configuration in remaining
experiments.

TABLE V. ACCURACY ON VARIOUS NUMBER OF HIDDEN NODES IN

LSTM NETWORK. BOLDFACE IS THE WINNER.

Accuracy (%) by Number of Hidden Nodes

Classifier No hidden 5 10 20 50
node
LSTM 73.93 78.30 75.20 75.07 75.03

C. Experiment 3: Parameter Selection for DCNN

In this experiment, we use the same DCNN architecture as
described in Experiment 1, except that we try to change the
number of filters and filter width. Table VI shows the accuracies
from the experiment on filter widths. The first number in each
column indicates the filter width of first convolutional layer,
while the second number is for second convolutional layer. We
found that the filter width of 7 and 5 in each layer give the best
accuracy. In the same way, Table VII shows the accuracies from
the experiment on various number of filters. From the result,
there are two groups that give the best accuracy. However, we
will use 3 filters on the first convolutional layer and 6 filters on
the second convolutional layer becanse the smaller number of
filters requires the lesser computational time.

TABLE VL ACCURACY ON VARIOUS FILTER WIDTH OF DCNN. FIRST
NUMBER ON EACH COLUMN IS THE FILTER WIDTH ON FIRST
CONVOLUTIONAL LAYER. SECOND NUMBER IS FOR THE SECOND
CONVOLUTIONAL LAYER. BOLDFACE IS THE WINNER.

Accuracy (%) by Filter Width

Classifier —3 5 5,3 7.5 10, 7
DCNN _ 75.10 7523 7535  75.28
TABLE VII. ACCURACY ON VARIOUS NUMBER OF FILTERS OF DCNN.

FIRST NUMBER ON EACH COLUMN IS THE FILTER WIDTH ON FIRST
CONVOLUTIONAL LAYER. SECOND NUMBER IS FOR THE SECOND
CONVOLUTIONAL LAYER BOLDFACES ARE THE WINNER.

Accuracy (%) by Number of Filters
2,2 2,4 3,6 4,8 6,14
75.24 75.23 7535 75.18 78.35

Classifier
DCNN
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D. Experiment 4: A Comparison of Deep Learning and
Classical Methods

In this experiment, we compare the previous result from
LSTM and DCNN with classical methods using bag-of-word
model. The features used in these classifiers are prepared by TF-
IDF. TF-IDF is arepresentation of word in document calculated
by multiplying term frequency with inverse document
frequency. Given D is the document corpus, &V is the number of
documents, #, is the number of documents that contain term ¢,
tfit, d) is the term frequency of term # in document . TF-IDF is
calculated from:

i d, D)=t/ d) % log(~) (10)

Table VIII shows the result of experiment. Multinomial
Naive Bayes (NB), Support Vector Machine (SVM) and
Maximum Entropy (MaxEnt) are used as baseline methods. We
also experiment on another deep learning technique called
stacked auto-encoders (SAE) with TF-IDF representation. The
result shows that both LSTM and DCNN have higher accuracies
compared to other classifiers.

TABLE VII. ACCURACY OF LSTM AND DCNN COMPARED TO
CONVENTILNAL CLASSIFIERS. BOLDFACE IS THE WINNER.

Classifier  Accuracy (%)
LSTM 75.30
DCNN 75.35

SAE 74.91
NB 74.05
SVM 74.71
MaxEnt 75.13

We also verify the result by using accuracies from 3-folds
cross validation in a statistical technique called paired t-test,
which is used to determine if two methods are different from
each other. If P-Value of any pair of methods is less than alpha,
which is 0.05 in our testing, we will conclude that the two
methods have a different mean. Table IX shows P-value from
our verification. The result shows that LSTM and DCNN have
different mean from NB and SVM. Therefore, we conclude that
these two deep learning techniques significantly outperform the
two conventional techniques.

TABLE IX. P-VALUE FROM PAIRED T-TEST BETWEEN LSTM, DCNN
AND OTHER CLASSIFIERS. LSTM AND DCNN ARE SIGNIFICANTLY DIFFERENT
FROM NB AND SVM.

NB SVM | MaxEnt | SAE | DCNN
LSTM | 0.025 | 0.021 0.121 0.087 0.472
DCNN | 0.038 | 0.045 0.210 0.130

E. Experiment 5: An Effect of Sequence in Thai Tweets

In this experiment, we study how the sequence of words
influences the sentiment analysis with deep learning. We use the
same Thai Twitter data as previous experiment but shuffle words
in sentences before using in the testing data. Results are shown
in Table X. We show that the accuracies of sentiment analysis
on shuffled words in sentences are less than the accuracies on
original sentences.



TABLE X. ACCURACY ON CLASIFIFYING ORIGINAL TWEET COMPARED
TO TWEET WITH SHUFFLED WORDS. BOLDFACE IS THE WINNER.

Accuracy (%)

. L Shuffled
Classifier Original Words
Sequence
Sequence
LSTM 75.30 75.01
DCNN 75.35 75.04

Moreover, we analyze the result of this experiment by
walkthrough tweets that is misclassified after shuffled the
words. We find that the word that has a different emotion from
the sentence’s overall meaning can lead to an incorrect
classification. For example, from Table XI, the word ‘“forget”
tends to be negative, while the whole sentence is positive. We
conclude that a sequence of word in Thai is important for the
sentiment analysis.

TABLE XL EXAMPLE OF ORIGINAL TWEET AND SHUFFLED WORD
TWEET THAT MAKE AN INCORRECT CLASSIFICATION

Original tweet Fuid S i 261 83 wen n wi A2 uz fu
cl_as_sify ing i_n (Today is mother day, don’t forget
__positive emotion  to tell a love to mother too, sir.
Shuffled word ven Az 3 a6 A Fuil 3n #ae i wi (tell
tweet classifying in  forget, day don’t sir today love too
negative emotion  mother mother)
wpuRms ATL Aedy m Gioe tov v A\ Vi N3
yszami &n (Thank you sir, I doubt that

I have to extract molar wisdom tooth

Original tweet
classifying in
negative emotion

Shuffled word
tweet classifying in
positive emotion

vha A N3 B0 dadh Ae new Uit Ay viu
s apuAs (Wisdom tooth molar piece

a piece I doubt have to extract about
sir tooth I thank you)

VL

In this paper, we apply deep leaming techniques on our Thai
tweets to analyze their sentiments. First, we conduct an
experiment to find the best parameters of LSTM and DCNN.
Then we show that the best classifier is DCNN, followed by
LSTM. Both techniques give significantly higher accuracies
than classical techniques such as NB and SVM, but not MaxEnt.
Finally, we experiment on sentences with shuffled word orderto
demonstrate that the sequence of words influences sentiment
analysis on Thai Twitter data.

CONCLUSION

In addition to our study, there is another benefit from using
deep leaming techniques. A set of trained word vectors from
classification process can be used in many linguistic research
areas.

For future work, we think that an accuracy can be enhanced
by improving the feature mapping and convolutional process.
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Abstract— A Character-level Convolutional Neural Network
(Char-CNN) is an efficient text categorization method. It can be
used in categorization task without a word segmentation step,
which is necessary by traditional method for Thai. Currently, the
existing model of Char-CNN uses a fixed input length and requires
cutting off exceeding characters, which may lead to a missing of
important content. In this paper, we propose a new Char-CNN
model with a capability to accept any length of input by employing
k-max pooling before a fully connected layer. The result shows
that our model outperforms a Char-CNN model with a fixed input
length on Thai news categorization. Moreover, our proposed
method gives a better accuracy than many word-level methods:
Naive Bayes, Logistic Regression, Support Vector Machine except
a word-level CNN.

Keywords— Character-level Convolutional Neural Network;
Dynamic Input Length; Thai Text Categorization; Deep Learning

L INTRODUCTION

An automatic text categorization system is an important task.
Nowadays, there are many of work that needs to divide natural
language data into a group e.g. tagging a blog with predefined
classes, classifying an emotion from social media, or filtering
out a spam from an inbox. We can reduce a human effort by
deploy a suitable method.

Many well-known methods have been used in text
categorization e.g. Support Vector Machine, Naive Bayes,
Logistic Regression [1, 2]. After that, deep learning techniques
have been adopted to natural language classification e.g.
Convolutional Neural Network (CNN), Long-Short Term
Memory (LSTM) [3, 4]. However, these models use a word-
level feature and need to break a sentence into a list of words.

Later, a Character-level Convolutional Neural Network
(Char-CNN) has been proposed by Zhang et al. [5]. They use
Char-CNN to classify large English text data. The result shows
that this model can compete with tradition methods in sentiment
analysis and text categorization. An advantage of character-level
features is that we can use these model without any knowledge
of the language. Also, it has a benefit when applying to a
language with word morphology.

From the benefit of a character-level feature, we want to
apply this method to Thai text. Because Thai is a non-space
separated language, therefore, we need to perform a word

segmentation before feed any sentence to a traditional method.
When applying Char-CNN to Thai, we can simplify the
procedure of Thai text categorization. Moreover, there is a study
shows that deep learning techniques perform a good result
compare to traditional techniques on Thai text [6].

However, an existing Char-CNN model still has a
disadvantage because it receives an input matrix with a fixed
dimension. We have to clip a document to fit the defined length.
Any exceeding character is removed. In this paper, we improve
a Char-CNN by extending the model to capture any length of the
input. We test our model on Thai news with five categories. Our
objective is to improve a Char-CNN by extending the model to
accept any input length. We compare our dynamic model to a
fixed Char-CNN model. We also compare our method with a
word-level model.

This paper is organized as follow. Section 2 shows an
existing work. Section 3 describes our proposed model.
Experiments appear in section 4. And a conclusion is written in
section 5.

II.  RELATED WORK

There is an amount of research in text categorization. Major
techniques in machine learning have also been applied to this
area e.g. Decision Tree, SVM, Naive Bayes, k-NN, and Neural
Network [7]. A simple and famous document presentation using
for these classifiers is bag of words. Also, Term Frequency-
Inverse Document Frequency (TF-IDF) is a good alternative
option to represent a text. TF-IDF is an efficient method that it
reduces an important of words which appear too frequent.

In 2008, to utilize a characteristic of natural language that an
order of word is important, Collobert and Weston use max
pooling over time and Time-Delay Neural Network (TDNN) for
languages-related tasks [8]. Afterthat, when deep learning
techniques are famous, Recurrent Neural Network (RNN) and
its successive, Long-Short Term Memory (LSTM), has been
used in language modeling. Those methods are suitable for
natural language because of an ability to extract features from a
sequential data. In the same way, Convolutional Neural Network
(CNN), which is popular in computer vision task, has been
adopted for text classification. Dynamic Convolutional Neural
Network (DCNN) is one type of CNN which is proposed by
Kalchbrenner et al. in 2014 [9]. Their method outperforms other



methods on sentiment classification. They use a new pooling
layer called a dynamic k-max pooling, which compute a new
suitable k value for each iteration. Therefore, their network can
read any length of an input. In addition, most of neural network
based approach use word embedding, as known as word vector,
to represent an input.

In 2014, a CNN which uses some feature from character-
level was proposed for part of speech tagging and sentiment
analysis [10, 11]. They use characters in a word to create
character-level embedding alongside with word-level
embedding. Later in 2015, another research on CNN combining
with LSTM using character embedding was proposed [12]. But
these models still require a word segmentation.

In 2015, Zhang et al. proposed a Character-level
Convolutional Neural Network (Char-CNN), shows in Fig. 1.
Their model produces a better result than other models including
a word-level CNN on sentiment analysis and text categorization.
A one-hot encoding has been used as an input for the network.
A one-hot vector is a vector that there is only one position with
value 1, and other remaining positions have a value 0. The
position of value 1 in the vector indicates a represented
character. An example of a character presentation shows in (1)

1 0
0 1

ve=o].v,=|o]. ... )
0 0

The v, vector represent a character ‘a’, v, vector represent a
character ‘b’, and so on. An input matrix is a sequence of one-
hot vectors.

A convolution for this network is called temporal
convolution. It is a 1-D convolution. Given an input matrix of
this layer A/ with a dimension /xn, [ is length, n is number of
input features. Given w is a filter width, therefore, a dimension
of filter W is nxw. Also, there is a bias 5. An output vector of
temporal convolution C, which has a dimension of (I-w+1) %,
is computed by

C=b+ Zf"=1 O WMo -1y 4k 2)
Sentence
a c at b i

Length

Alphabet
\
\ Fefture

-
B
P

One-hot encoding ~ Convolution

Pooling
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An output C'in (2) is an output of one filter. Normally, there
is more than one filter, which sometime be called a feature. An
output C' of each filter will put together to form an output matrix.

Also, a max pooling in this network is called temporal max
pooling. It performs an operation on 1-D. Given M is an input
matrix of pooling layer with a dimension of /xx. Givens is a
pooling size. An output matrix P with a dimension ofé, Xn is
computed by

Phn =max2"=1Msx(x‘-l)+kn (3)

A summary of Char-CNN architecture is shown on Table II.
We use a small network from the original paper.

II. PROPOSED MODEL

Our proposed Char-CNN is based on Zhang’s model. A
major change occurs at a last pooling layer. We use k-max
pooling instead of max-pooling. Given a same variable from (3),
an output matrix of k-max pooling P with a dimension of £ xn is
computed by

P =kmax ;o M, @)

Fig. 2 shows a difference between max pooling and k-max
pooling. Max pooling is a method for down sampling data by
using a sliding window on a row of data and select a cell which
contains a maximum value to be passed to next layer. A window
is then move to a next non-overlapping area. Given/ is a data
length, s is window size. The length of a max pooling result is

|MaxPooling @, s)| = )

On the other hand, k-max pooling doesn’t have awindow. A
selecting operation performs for all data in a row. Top & cells
which have maximum value are selected to be used in next layer.
Given m is a data length, £ is £ value. The length of a k-max
pooling is

|KMaxPooling @, k)| = k )

When applying k-max pooling to a network. A next layer
always has a length of #. We use this advantage to apply this
layer before a fully connected layer. Therefore, we can certainly
have a matrix which able to fit into a fully connect layer
regardless the length of an input.

Fully connected
layer

Convolutional and
pooling layers

Figure 1. Character-level Convolutional Neural Network (Char-CNN) proposed by Zhang et al. (2015)
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Figure 2. Top: max pooling with a window size = 3.
Bottom: k-max pooling with k =2

For an input, we don’t fix a length of a matrix. We only set
a minimum length to 402, which is a minimum number that there
are enough data for fully connected layer. Fig. 3 shows our
method for various input length. On the convolutional and
pooling layers, the length of data in network depends on the
length of input. While after the k-max pooling layer, the length
of data in every document are equal. We set k value on this layer
to 34 to match a last max pooling layer of Zhang’s model. Also,
other network parameters are still the same with Zhang’s model
e.g. the filter width and number of features in convolutional
layer, and the size of first and second max pooling layer.

There is another difference between Thai and English. Thai
alphabet has superscript and subscript characters that place at the
same position with another alphabet e.g. “a’a#” (Hello). In this
case, we use an original order of alphabet from a news source.

H T

| <
8 | E;
=2 §E Convolutional '§ Fully
i) | é‘ and pooling g- connected
g ! layers g layer
a o

! - = o*

i_ 5 AT st

=+ Normal input

Long input

Figure 3.  Our proposed Char-CNN with a dynamic input length. The normal
length input and long input have a different in length. But both input use a
same network.
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IV. DATASET

We use Thai news from a newspaper for an experiment. Each
news contains only news content and doesn't include any article
title because it may explicitly answer a category. A total of
155,000 news is collected equally from five categories: real
estate and land, computer and hardware, financial and bank,
constitution and law, and sport. Examples of the news are shown
in Table 1.

TABLE L. EXAMPLES OF NEWS IN EACH CATEGORY. WE SHOW ONLY

FEW SENTENCE FOR EACH EXAMPLE.

o & Y Y Ay
AFRININT wued wnagy eld 1.6 wilufuum

(Ministry of Finance told that an

Real estate | |
immovable property support plan made a

anl lang money loss about 1.6 ten thousand million
Baht.)
wamAneI ueia é’vﬁ'mm"ln'lvlu anus et
Computer anigouiing deamm wﬁtgﬁammm'mﬁuﬂﬂﬁmﬁmﬁwﬂ
and sivszd1) (Daily Tech report that Apple, an
hardware Iphone’s inventor from USA, invite mass
media to their annual debut ceremony.)
Financial %'ul?nf\num?h "o ﬂ%’nmm"lﬁ'uﬁwmsﬁ'ﬂan.
S Bank (China start to reduce Yuan value for their

advantage in world trading.)

fgsauymuLiie Indusng Ty awdumein ey
29 snsiaw (The Meechai’s constitution will
be available soon by the deadline at 29"
January.)

"dadn'" Fanine vifouinan "any1s" ditu vidn
qrintag 23 Suanikade %l (“War elephant”,
Thailand national football team, is ready to
compete with “Samurai”, Japan national
football team, in U-23 Asia Championship
today.)

Constitution
and law

Sport

An average news length is 2,703 characters with standard
deviation (SD) at 3,807 characters. The SD is large because
some news has a very long length about 100,000 characters. The
histogram of news length is shown in Fig. 4. There are 532,348
unique words from a total of 71,593,778 words. The top 10,000
most frequency words are covered about 96% of all words in the
dataset. We split news data into 3 sets: 115,000 news into a
training set, 15,000 news into a validating set, and 25,000 news
into a testing set. For a character-level model, we only use one
preprocessing step that we convert all English uppercase into
English lowercase.

V. EXPERIMENTS

In this paper, we measure results in term of accuracy. An
accuracy is computed by

number of correct results

(7

Accuracy =
y number of total results

A. Experiment 1: Compare with Fixed Char-CNN Model
In this experiment, we compare our model with a fixed Char-
CNN model. We use the small network from Zhang's paper. An

input matrix is one-hot encoding with a fixed length at 1014. The
first and second convolutional layer's filter have width 7 while
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Figure 4. Histogram of news length counted by characters.

the rest convolutional layers have width 3. Every convolutional
layer has 256 features. Every max pooling layer has width 3.
Lastly, there are three fully connected layers. Two layers with
1024 hidden nodes and one layer with 5 output nodes for each
class with softmax function.

For our model, we don't fix the length of the input matrix.
However, by the limitation of a memory, we define a max length
and observe how the length of the input affects an accuracy. We
set the max length of input matrix at 1000, 2000, 4000, and 6000.
At the last max pooling layer, we change it into k-max pooling
with size 34. Therefore, the input of fully connected layer of both
models have the same length at 34 x 256 = 8704. Besides, we
change an original threshold layer to rectifier linear unit (ReLU).
A summary of our model architecture is shown on Table II.

The input matrix of both models has 151 characters. We use
the same 70 English alphanumeric and special characters from
the original paper. Also, we add 81 Thai characters. A set of

TABLE IL.
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characters that we use for an input features is shown on Table
IIL

TABLE IIL A SET OF CHARCTERS THAT WE USE FOR EXPERIMENTS

abcdefghijklmnopqrstuvwxyz01234
56789-,;.17:\"N\|_@#$% &~ +=<>
ol

NVUARUITRTHBIR ) § NIRRT UL pelviv]
3

Characters from
original model

Our additional

AUBIANWYANIEE 12T
characters

willyq

We train the network by backpropagation. A stochastic
gradient descent with momentum 0.9 has been used. An initial
learning rate is 0.005 and reduces to a half of previous rate every
3 epochs. Each epoch consists of 10000 random minibatch of
size 32.

An implementation is done on Torch 7 [13]. We modify the
source code from Zhang's Github [14].

TABLE IV. RESULT OF OUR PROPOSED MODEL COMPARE WITH EXISTING

MODEL. BOLDFACE IS THE WINNER.

Method Accuracy (%)

Char-CNN 9059
(Zhang et al., 2015, fixed length at 1014) i
Proposed Char-CNN (max length at 1000) 90.67
Proposed Char-CNN (max length at 2000) 9332
Proposed Char-CNN (max length at 4000) 95.01
Proposed Char-CNN (max length at 6000) 95.44

The results on the Table IV show that our dynamic Char-
CNN outperforms the fixed Char-CNN in term of accuracy.
Moreover, we observe that when we use a longer input matrix,
an accuracy is better.

AN AHCHITECTURE OF CHAR-CNN AND A COMPARASION BETWEEN ORIGINAL MODEL (ZHANG ET AL., 2015) AND OUR PROPOSED MODEL. F

INDICATES NUMBER OF FEATURES. W IS FILTER WIDTH. S IS POOLING SIZE. H IS HIDDEN NODES. O IS OUTPUT SIZE. ALSO NOTE THAT THERE IS A NON-LINEARITY
LAYER AFTER EVERY CONVOLUTIONAL LAYER (THRESHOLDING FOR ZHANG’S MODEL, RELU FOR OUR PROPOSED MODEL)

Zhang et al., 2015 Proposed model
Layer Parameter Length Layer Parameter Length
Input layer N/A 1014 Input layer N/A lo
Convolutional layer F=256, W=7 1008 Convolutional layer F=256,W=7 L=Il—-6
Max pooling layer S=3 336 Max pooling layer $=3 L=1/3
Convolutional layer F=256, W=7 330 Convolutional layer F=256,W =17 lz=1—-6
Max pooling layer $=3 110 Max pooling layer $=3 lLy=101/3
Convolutional layer F=256,W=3 108 Convolutional layer F=256,W=3 ls=1,—-2
Convolutional layer F=256,W =3 106 Convolutional layer F=256,W =3 lg=1s—2
Convolutional layer F=256,W =3 104 Convolutional layer F=256,W=3 l,=1-2
Convolutional layer F=256,W =3 102 Convolutional layer F=256,W=3 lg=1;—-2
Max pooling layer S=3 34 K-max pooling layer K=34 34
Fully connected layer H=1024 N/A Fully connected layer H=1024 N/A
Dropout P=0.5 N/A Dropout P=05 N/A
Fully connected layer H=1024 N/A Fully connected layer H=1024 N/A
Dropout P=05 N/A Dropout P=05 N/A
Fully connected layer 0=5 N/A Fully connected layer 0=5 N/A




B. Experiment 2: Compare with Word-level Model

In this experiment, we compare our dynamic Char-CNN
model with other word-level models. We perform a word
segmentation in this experiment using SWATH [15].

Three traditional methods, Naive Bayes (NB), Logistic
Regression, and Support Vector Machine (SVM) have been
used. We select the top 10,000 frequent words to create a feature
matrix because of a memory limitation, an input matrix is large
as a number of data multiply with a number of words. An
experiment has been done for both bag-of-words (BoW) and TF-
IDE.

Another word-level model using in this experiment is
Dynamic Convolutional Neural Network (DCNN). We use an
initial word vector trained by word2vec with skip-gram model
[16]. We set filter width to 10 for first convolutional layer and 7
for second convolutional layer. Number of filters is set to 6 and
12 accordingly. For k value, we set to 5.

TABLE V. RESULT OF OUR PROPOSED MODEL COMPARE WITH WORD-

LEVEL MODEL. BOLDFACE IS THE WINNER.

Method Accuracy (%)
Naive Bayes, BoW 87.22
Naive Bayes, TF-IDF 89.00
Logistic Regression, BoW 94.87
Logistic Regression, TF-IDF 94.74
SVM, BoW 93.78
SVM, TF-IDF 95.24
DCNN (Kalchbrenner et al., 2014) 95.95
Proposed Char-CNN 95.44

The result is shown in Table V. Our proposed model has a
better accuracy than NB, Logistic Regression, and SVM for both
bag-of-words and TF-IDF features. However, the best model in
this experiment is a word-level DCNN. A factor that might be a
reason for this result is data size. As reported in an original Char-
CNN paper, we observe that Char-CNN is starting to produce a
better accuracy than word-level CNN when data size is about |
million.

Furthermore, it is worth mentioning that we also test the
model similar to DCNN, but use character input. We try to apply
both k-max pooling and dynamic k-max pooling to the two
earliest pooling layers. But the result is bad. The network doesn't
converge. We conclude that when using character-level features,
it shouldn't use k-max pooling at the earliest layer because the
character features may be messed up.

VI. CONCLUSION

In this paper, we propose a Char-CNN with dynamic length
input. We apply the model to Thai news categorization task. We
demonstrate that our model which can accept a longer input
gives a better accuracy. We also show that our model
outperforms traditional method with word-level feature e.g. NB,
Logistic Regression, SVM except for word-level CNN. By
applying this model, we can simplify the Thai text categorization
task by skipping the word segmentation step. Besides, the
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character-level model still has a potential for another natural
language task.

For future work, it could benefit from an experiment on a
very large Thai dataset to compare between character-level
model and word-level model. Moreover, an investigation of
character-level’s advantage for a language morphology in Thai
is considerable.

ACKNOWLEDGMENT

We would like to acknowledge Prof. Dr. Boonserm
Kijsirikul for an invaluable suggestion about a Convolutional
Neural Network.

REFERENCES

[1] T. Joachims, “Text Categorization with Support Vector Machines:
Learning with Many Relevant,” 1998.

[2] Y. Yang and X. Liu, “A Re-Examination of Text Categorization
Methods,” ACM Special Interest Group of Information Retrieval
(SIGIR), pp. 4249, 1999.

[3] Y. Kim, “Convolutional neural networks for sentence classification,” in
Proceedings of the 2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP), 2014, pp. 1746-1751.

[4] X Wang, Y. Liu, C. Sun, B. Wang, and X. Wang, “Predicting Polarities
of Tweets by Composing Word Embeddings with Long Short-Term
Memory,” in Proceedings of the 53rd Annual Meeting of the Association
for Computational Linguistics and the 7th International Joint Conference
on Natural Language Processing, 2015, vol. 1, pp. 1343-1353.

[S] X Zhang, J. Zhao, and Y. LeCun, “Character-level convolutional
networks for text classification,” in Advances in Neural Information
Processing Systems, 2015, pp. 649-657.

[6] P. Vateekul and T. Koomsubha, “A Study of Sentiment Analysis Using
Deep Leaming Techniques on Thai Twitter Data,” presented at the
Computer Science and Software Engineering (JCSSE), 13th International
Joint Conference on, 2016.

[7] F. Sebastiani, “Machine learning in automated text categorization,” ACM
Computing Surveys (CSUR), vol. 34, no. 1, pp. 1-47, 2002.

[8] R. Collobert and J. Weston, “A unified architecture for natural language
processing: Deep neural networks with multitask leaming” in
Proceedings of the 25th international conference on Machine learning,
2008, pp. 160-167.

[9] N. Kalcht er, E. Grefenstette, and P. Bl “A convolutional
neural network for modelling sentences,” in Proceedings of the 52nd
Annual Meeting of the Association for Computational Linguistics,
{ACL} 2014, 2014, pp. 655-665.

[10] C. D. Santos and B. Zadrozny, “Leaming character-level representations
for part-of-speech tagging,” in Proceedings of the 31st Intenational
Conference on Machine Learning (ICML-14), 2014, pp. 1818-1826.

[11] C.N. dos Santos and M. Gatti, “Deep Convolutional Neural Networks for
Sentiment Analysis of Short Texts,” in COLING, 2014, pp. 69-78.

[12] Y. Kim, Y. Jernite, D. Sontag, and A. M. Rush, “Character-aware neural
language models,” arXiv preprint arXiv:1508.06615, 2015.

[13] R Collobert, K. Kavukcuoglu, and C. Farabet, “Torch7: A matlab-like
environment for machine leaming,” in BigLeam, NIPS Workshop, 2011.

[14] X. Zhang, "Crepe", GitHub
https://github.com/zhangxiangxiao/Crepe, 2015

[15] P. Charoenpomsawat, “Feature-based Thai Word Segmentation,”
Master’s Thesis, Computer Engineering. Chulalongkom University,
Bangkok, Thailand, 1999.

[16] T. Mikolov, L Sutskever, K. Chen, G. S. Corrado, and J. Dean,
“Distributed representations of words and phrases and their

compositionality,” in Advances in neural information processing systems,
2013, pp. 3111-3119.

repository,



62

UseiRgieuineniinug

wgsuing Augnn AaileTui 21 wgadniou wa. 2533 Adminany3 dusa
NsAnwsEAUUSIRTaNgnsIMmINssumansUadin (Nesiteududu 1) awn3mnssy
ALY AMEIMINTINAANT PaINTalUIne1ae Tuln1sAnw 2555 wasih@nw
lundngasingrmansuniudia a1913ngrmansasuiiitnes A1A¥3AINTIY

ALY ANEIMNTINAIENT PaINTlIvINe sy TuUn1sfnwy 2557



	บทคัดย่อภาษาไทย
	บทคัดย่อภาษาอังกฤษ
	กิตติกรรมประกาศ
	สารบัญ
	สารบัญภาพ
	สารบัญตาราง
	บทที่ 1  บทนำ
	1.1 ที่มาและความสำคัญของปัญหา
	1.2 วัตถุประสงค์
	1.3 ขอบเขตการดำเนินงาน
	1.4 ประโยชน์ที่คาดว่าจะได้รับ
	1.5 วิธีดำเนินการวิจัย
	1.6 ผลงานตีพิมพ์จากงานวิจัย

	บทที่ 2  ทฤษฎีและงานวิจัยที่เกี่ยวข้อง
	2.1 การแทนข้อความ (Text Representation)
	2.1.1 ถุงคำ (Bag-of-words หรือ BoW)
	2.1.2 ทีเอฟไอดีเอฟ (Term Frequency-Inverse Document Frequency หรือ TF-IDF)
	2.1.3 เวกเตอร์วันฮอท (One-hot Vector)
	2.1.4 คำฝังตัว (Word Embedding)

	2.2 นิวรอลเน็ตเวิร์ก (Neural Network)
	2.2.1 เพอร์เซ็ปตรอน (Perceptron)
	2.2.2 นิวรอลเน็ตเวิร์กแบบป้อนไปข้างหน้า (Feedforward Neural Network)
	2.2.2.1 ฟังก์ชันกระตุ้น (Activation Function)
	2.2.2.2 ฟังก์ชันต้นทุน (Cost Function หรือ Lost Function หรือ Objective Function)
	2.2.2.3 การหาค่าเหมาะที่สุด (Optimization)
	2.2.2.4 การดรอปเอาท์ (Dropout)

	2.2.3 การแพร่กระจายย้อนกลับและการเรียนรู้ (Backpropagation and Training)
	2.2.4 นิวรอลเน็ตเวิร์กเชิงลึก (Deep Neural Network)

	2.3 นิวรอลเน็ตเวิร์กคอนโวลูชัน (Convolutional Neural Network)
	2.3.1 ชั้นคอนโวลูชัน (Convolutional Layer)
	2.3.1.1 ขนาดของตัวกรอง (Filter Size)
	2.3.1.2 ชนิดของการทำคอนโวลูชัน (Convolution Type)
	2.3.1.3 ขนาดของการก้าวข้าม (Stride Size)
	2.3.1.4 จำนวนตัวกรอง (Number of Filters)
	2.3.1.5 จำนวนช่องสัญญาณ (Channel)
	2.3.1.6 การแพร่กระจายย้อนกลับและการเรียนรู้ (Backpropagation and Training)

	2.3.2 ชั้นการรวม (Pooling Layer)
	2.3.2.1 ชั้นการรวมโดยใช้ค่ามากสุด (Max pooling)
	2.3.2.2 ชั้นการรวมโดยใช้เคค่ามากสุด (K-max pooling)
	2.3.2.3 ชั้นการรวมโดยใช้เคค่ามากสุดแบบพลวัต (Dynamic k-max pooling)
	2.3.2.4 การแพร่กระจายย้อนกลับ (Backpropagation)

	2.3.3 ชั้นการเชื่อมโยงเต็มรูปแบบ (Fully Connected Layer)

	2.4 การวัดประสิทธิภาพ (Performance Evaluation)
	2.4.1 คอนฟิวชันเมทริกซ์ (Confusion Matrix)
	2.4.2 ตัววัดประสิทธิภาพจำแนกตามคลาส
	2.4.3 ตัววัดประสิทธิภาพโดยรวม

	2.5 งานวิจัยที่เกี่ยวข้อง (Related Work)
	2.5.1 นิวรอลเน็ตเวิร์กคอนโวลูชันระดับคำ
	2.5.1.1 นิวรอลเน็ตเวิร์กคอนโวลูชันระดับคำ โดย Y. Kim และคณะ
	2.5.1.2 นิวรอลเน็ตเวิร์กคอนโวลูชันระดับคำแบบพลวัต โดย N. Kalchbrenner และคณะ (Dynamic Convolutional Neural Network หรือ DCNN)

	2.5.2 นิวรอลเน็ตเวิร์กคอนโวลูชันระดับตัวอักษร
	2.5.2.1 นิวรอลเน็ตเวิร์กคอนโวลูชันที่แปลงจากตัวอักษรเป็นประโยค โดย C. N. dos Santos และ M. Gatti (Character to Sentence Convolutional Neural Network หรือ CharSCNN)
	2.5.2.2 นิวรอลเน็ตเวิร์กคอนโวลูชันระดับตัวอักษร โดย X. Zhang และคณะ (Character-level Convolutional Neural Network หรือ Char-CNN)



	บทที่ 3  การใช้นิวรอลเน็ตเวิร์กคอนโวลูชันระดับตัวอักษรที่รองรับข้อมูลความยาวใด ๆ ในการจำแนกประเภทข้อความภาษาไทย
	3.1 การลดขั้นตอนการจำแนกข้อความภาษาไทย ด้วยการใช้ข้อมูลระดับตัวอักษร
	3.2 การใช้นิวรอลเน็ตเวิร์กคอนโวลูชันระดับตัวอักษรในการรับข้อมูลความยาวใด ๆ
	3.3 การปรับปรุงนิวรอลเน็ตเวิร์กคอนโวลูชันระดับตัวอักษรที่มีข้อมูลรับเข้าความยาวใด ๆ ให้มีขนาดข้อมูลที่เหมาะสมกับชั้นการเชื่อมโยงเต็มรูปแบบ

	บทที่ 4  การทดลองและผลการทดลอง
	4.1 ระบบที่ใช้ในการทดลอง
	4.1.1 คอมพิวเตอร์ที่ใช้ทำการทดลอง
	4.1.2 การเขียนโปรแกรม

	4.2 ข้อมูลที่ใช้ในการทดลอง
	4.2.1 สถิติในระดับตัวอักษร
	4.2.2 สถิติในระดับคำและวิธีการตัดคำ
	4.2.2.1 SWATH
	4.2.2.2 LexTo
	4.2.2.3 ตัวอย่างผลลัพธ์ของการตัดคำ

	4.2.3 การแบ่งข้อมูล

	4.3 ผลการทดลองเปรียบเทียบกับนิวรอลเน็ตเวิร์กคอนโวลูชันระดับตัวอักษรที่มีความยาวของข้อมูลนำเข้าคงที่
	4.4 ผลการทดลองเปรียบเทียบกับตัวจำแนกระดับคำ
	4.5 การสร้างคลังเวกเตอร์ของคำในภาษาไทย

	บทที่ 5  สรุปการวิจัยและแนวทางการวิจัยในขั้นถัดไป
	5.1 สรุปการวิจัย
	5.2 แนวทางการวิจัยในขั้นถัดไป

	รายการอ้างอิง
	ภาคผนวก ก
	ภาคผนวก ข
	ประวัติผู้เขียนวิทยานิพนธ์

