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ABSTRACT

This research devised two methods to solved two main problems related to automatic
avatar identification and pronoun resolution in children stories in Thai language. For
automatic avatar extraction, candidate noun phrases are extracted using a set of regular
expression rules and controlled number of repetition. For automatic pronoun resolution, a
centering theory and its variation-is implemented. The experiment are designed to measure
the effectiveness of these methods. Automatic avatar extraction using noun phrases rules
achieved the best recall around 78% on main characters extraction; while automatic
pronoun resolution using centering theory, comparing to centering process by human,

achieved the best correctness around 79% when skipping quote phrases.

Keywords: = Natural Language Processing, Information Extraction, Avatar Identification,

Pronoun Resolution
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Snaiund (Resular expression: matching) @sndsiingmusmasinaduniiswaunn S
fnudadendiatnaenu ladteiing agelsianm malidiuunguiniulds fesibildfun
dovdanunmiiuly ddualiira precision smn naedl 3.1 kanangineslUnaAnlditavshegafuna
dadenfiatalaungsanan

wenani ludanesiiui - nsidsdiduresnpinesionisadn  Ussmnmsvhanmes
é’ana%ﬁmﬁi%%ﬁwmﬁf{T‘u;-3'Lﬁmﬂ%ﬁmmmﬁﬁuﬁﬁmﬁ sty Fruuiadalduddengiunney

srliignarindnaiamengsieq an

A19199 3.1 segungiiltlunisadamuudagen

1 <NTIT><NCN> (197/ntit ¥eJe/nen) (AaW/ntit Y/nen)

2 | <NTIT><NPN> (W/ntit wy/npn) (WV/ntit @gwiuase/npn) (W/ntit 6w/

npn ) (Wwd/ntit Woiia/npn) (wsz/ntit 89ing/npn)




3 <PREF3><NCN>

(¥12/pref3 w/nen) (¥13/pref3 Winy/ncn)

q <PREF2><NCN>

(&)/pref2 wain/nen)

5 <NTIT><VT>

(,97/ntit an/vt )

6 <NCN><NCN><NCN>

(MU139980/ncn 981/ncn WEY/nen)

7 | <NCN><VT><NCN> ~

(A/ncn dia/vt 15/nen)

8 <NCN><PPER>

(\iu/nen 1w /pper )

9 <NCN><VI>

(818/nen WA/ )

10 <NCN><NCN>

(#18)9/ncn @13/nen) (@u/nen Wie/nen )

11 <NCN><NPN>

(Fu/nen na/npn) (Un/nen nszan/npn) (V/nen 5V

npn)
12 <PPER> (@xwiuase/pper)
13 | <NCN> (s1wdW/ncn)
14 <NPN> (wmgﬂaaﬂ/npn)

aglsfinny nusuamngdiliasousqusiumis Seiomusangilusaras dauansly

AN 3.2 UDAUNAAD ANUANNTUAUAIL. <NCNS <NTIT> uag <PPER> flemaidusiazas

Baniniu Using i davasumindugniidiueig <vi>

A1519% 3.2 Megrmuuingliaseunguusiduiiazas

fu/ncn 9a/int fu/ncn ia/vt wial/nen Uos/adv

nY/ncn Mju/adj 197/ncn A/adj LUAY/nen Yiu/vt ¥359/npn

W/ntit wdje/nen YuheAat | @v/ntit gn/nen f/nen $9%1/npn H9/ncn

wividV/ntit ¥/npn ga/npn | 1@ /ntit Tuni/part $/ntit Wwanf/part
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ARY/pper &18/ncn W/ pper Woe/vi \9/pper a1/vt

ALNUABY/Vi LALS/Vi NILAY/Vi wuU v

t
3.1.2 mMsas1eeazaAsAnann (Candidate Avatar Construction)

%’umauﬁ@umﬁ’mLaWﬁ'\muﬁmﬁ@ﬂﬁﬁagmwﬂﬁa&J POS Wmenu leefndiu  POS
panly Mlilaaurunasududusazasivingu Wesandnanniisiazyinanuiuteanuiietadu
fazAsWwintiy 1S8NI1 FazASAaEaN NadNsIItunaulAnsIwNSMarAsARERNLTINILLRAY

(PN IWEJLL@@%@’JagﬂiﬂﬂLaaﬂﬂgﬂi’lﬂ{]%’]‘} AUVANYAIY Lwalﬁi‘flusuumaunﬂlﬂ

3.1.3 msAaldansazasidnnung (Candidate Avatar Selection) 7
Tumaull 9zAnMarAsINSIUASIIUTING lasrsdnmiasasdatieniiunngleenitdnuiuaiai
fvuneanly InelunisnaassiayseansnmasmuuadIuIuAI U lInuIAnI 2 A%e 3 A%Y

waz 4 aswuly Tngazdamassnunulan wu wa iy 159 a9nluanmazasidminesie

3.2 9aneINuUNIILAaTIWUIL (Pronoun Resolution)
mMsvhautesdanes il wwBundndnasiiduwnsssa (Centering theory) Thihanlay
Soluld wonannti &T@ﬁﬂﬁﬂ%ﬂ;qmqwﬁt,%ut,ma%‘%ln (Centering theory) SMUANN 3.2 LazaWi
3.3 Husail '
SunmmassruudulWdnendndiduuea  (XML) #isin1sutid ~(phrase) mssine(word
segmentation) MfunfvesdY. (POS  tageing) wartiutesmazas (Avatar annotation)

a

v v gj’ v v v a 1 L% v
Seusesuan antuwdadivieglusulnseasavaya W lngandnues W waazeaulAsIAs19v99

Qe

ayadrUsenaumey ATluId (words) Uag wWNA (noun phrases) Fonefedemavasvian
asswuy (pronoun) MldiSendazas SutuanTyes W ?Tuagjﬁ'uﬁﬁmumamﬁﬁmﬁuq 1oy
5@ﬂa%ﬁmsﬁwmaﬁ%ﬂﬂqqswmﬁ&idﬂﬁ

Forward Centers (CF) vangfis semsiazaslutszloadiagiuiiongnénidalnesassm
wudagiu
Preferred Center (CPi) vsnefia fazasiidn ”nﬁqmmmwmﬁmm CFi lngUniaziaend

avasgniestaiusniulsgloatagliu
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Backward Center (CBi) vunefis sazasiigndnedatalasmassnuny uazumuneitagiu

Y99iiaAIY

MIURISLAAIITWWIL (pronoun)  flaziilusazad (W) auvguiidumessengn

UFuusauan Ae

N

Wiendusniitiuaiausingey Falagmluaghinumasswunuegluddusniuiundusing
rnunsuNAT Ui asAs  1HewIndesiinisnantesiazasnay  39inslgan
asswuuuvuiazas Mduiuls CF vendtazdinndunetovesiazasfiunngluid
& o i & A o o A e iy a w

U, suYs CPi NazlUuranIazAIRILINTYBITIYTDNIATATVDNAU MUNGEE Lazauds
CBi vzdiAntu nullwdmeusiuwuszgniiuludauds lstofelementupdate a1
AUVaUDAMUS CB_index aagliAiudumuainuilianuunuig
diodseuniidemazasvisemassnunlsnged uiadu 2 Tuneufe

2.1 \WonURATINUIN 9ana3Nueyiin1sun pronoun resolution UBdAasINUILANUTY

Wanags Bunn1Iaes CF niulldvenanmdmaisaney (Awnan i) (huds
CFi_potential) lagia1vasiauls CFi_potential azilAMvAUTIBABUINIEVINE 1o
° & ° = 19 " 4 | o Y
Aasswuintdueasswunwsniny. onlule fawds CFi potential wdiawiriv
neavesunnanmassnumneuntlignualunds  duffiedues CF Tuiuys
listofelemnentupdate[CB index-11" antwihnismniefiazasidiulyladmivasin
wwimasisangy elduinasin CF anmaniiuiindnsunminalagdu aung
P09\ 1, v uiiuunasiy saunuremazasauluaaniinisnaninaumassnuiy
1y lnesssddudedagasuayluineutioniagasnain CF 31nadneumin uadnsi
Igaziulilufauls np_potentall list  udwiinisduganasswunuwasdemarasi
& v o v ° - [y~ - Y o g 19
uldivionun wiedaaes CF adlululd eassmngnunumeteimazasiidullla
Tngazinudayaliluiuys CFi-update annuuthdayavesrasswuy, Yomazasiil
lomaludneau waz CFi_update vasgassnuunazdomazasiu Tulassaiedoya
rulelworkinglist wddsluuszanananitatus backwardlooking() Fslustunilagsin
mMamdauzrosmaIswiulemasasusasdilianzly  continue, retain,
smooth-shift ¥38 rough-shift udwhnsiSsuiisuienian usninLEAYNIN
Vign eungUe 3 veavgui] ABILiEENIIN continue, retain, smooth-shift uaz
2 o @ ' aw Ay oa a a a G e = o d'
rough-shift mua19U usaATellldiiungdasain (Heuristic) A Aassnuiiegly
o a ) " Y] 1% v = o a v v o o ¢ .
ALREITULARNNNAY AB9919DMazATAIRINUMEY NTuRatun backwardlooking()
[l 1 o o o o v ' Y . Y ga 5
JrdsgasInLLarofazasiiludmou wiouelufiuus CFi_update Wufifie CFi
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whmsudludassnumseudes weldlumsudluiasswunudise lagazgniiuen
adlufiuys  Ustofelementupdate et CPi fAife  defavassusnlufiuys
CFi_update wag CBi Aatamiazasnszuutdanidumnauvasmassnuiudl
2.2 Mhifidasswuasinnghngd dulu duls R vendtdasiiandy sefevet
§ o ad @ . e @ - @ Y Y o
avasiuTIngluidil, dauds CPi Aesdudefazasiusnvessiededazasuonai
AMau wazdauus CBi agdirmudiuus CPi anmsiimnumunguijvedfive ud
iurisaudauuslusiuys listofelementupdate musumiaves mfauys CB_index

'
T U

3. dimdlifvesmavasvsemasmulalidrululunadaly

Tumsnei 3.3 asuanainsilSeuiieudanesiutunguifumnesse Welidunaanuiisites

wasudnsludiuvesdaneiiiuminisyulgs

= (Y & 3 LY QW a o s 1Y as o W
A1919IN 3.3 ﬂ?”IZJﬁJJW‘Uﬁ‘UE)\‘i’&)’dﬂaiﬂﬂﬂ‘UVli]‘lﬂ{]L%utﬁl@iix‘l LLaxaanamesUUqa

A

L. gemazasiluldlanernndy B w1 | 1 hmsuSulssdanesiudumnesis g

1N CF ondnounth dansedu ngdedi maismsdesiagasiiusinglund

1 e nouiduwesie 1. Af any Wenfuasswuy uassedesiazasiunn

element of CF(U;) is realized by a 917318015 CF ¥ananeunti lushens

pronouniin Ugy, thenthe CB(U;,;) must FazaAsImAsTILNLEN9e 1B aald Tae

be realized by a pronoun also” [13] Seeasuenudfyaindediazasiuad
2. nquidumesininasdondesagasii Hagtu-nevdiesnagasiiann CF vond

adyvesaniusIInfiannu ngte Aauvii

2 woy nguidunedie “continue’ x |12 Wangdadainiii “thassnunuiteglu

retain > smooth-shift > rough-shift” AARefuudiaiy  Feadnediadnasasd
3. deliidasmunannnglndiisds Aafiumg” |

fsaneg CB azflanvindu CP vondiy

mudouliin “The center, CB(U), is

the highest-ranked element of CF(U, )

that is realized in U; ”
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# Main process
listofelement = {}
# keep {(l: class element structl), (2: class element struct2j,...}
listofelementupdate = {}
# same as above but update pronoun CFi to be NP CFi
fstructure of W (as input of this program)
# Length of W is the number of phrases in the story . t
# Each phase contains a pair of (list of WORDS in a phrase, list of
NPs in a phrase) )
# WORDS contains (text, pos, 1s_pronoun (Y/N))
# NPS contains (text, pos, is pronoun (Y/N)) as subset of WORDS
----BEGIN main process ----

W = NP _Entity(story id)

#list of pairs [(list of word, list of NP in phrase)]; list of word
= [(word, pos, anaphora)], list of NP = [(NP or pper, pos, anaphora)]
CB index = 0 #is a number of pronouns to resolve so far for this
story
for i in range (0, len (W) ):
CFi = [] # variable keep CF of centering theory
CPi = '' # variable keep CP of centering theory
CBi = '' # variable keep CB of centering theory

phrase = W[i] .words

npinphrase = W[i].npinphrase # list of NPS of Wi
if CB index == 0 and len(npinphrase) > 0: < l
# process the first NP phrase of the story only

# CFi = NPinphrase, CPi.= Frist NP in CFi, .CBi=null ﬁ?ﬂﬁ 1
listofelement [CB index] = Elemeit PFOrbott@F il ICPES |')
listofelementupdate[CB index] = Element Struct (CFi, CPi, '') l
CH Endex prefe <

— e¢lif len (npinphrase) > 0 : #process from the second NP phrase
if len([noun for noun in npinphrase if noun.anaphora ==
yes']) >0k
positien np <, 0 ¥ positionliof NP in\ CFI
numberofpronoun =04 number-of pronoun_in current phrase
lastpronoun = () #a pair of pronoun and np that was

Q.

for np in npinphrase:
if np.anaphora == ‘'yes':#found pronoun, must resolve

o)
=4
=b. }
N

#CFi potential keep a potential-of CFE current phrase

if numberofpronoun == 0: . 4—/
CEi potential = npinphrase

NPs are in the same phrase with pronoun

elsen
CFi potential.= listofelementupdate[CB_index- D

v
1] .CFE

CFi 1 = listofelementupdate[(CB_index-1) -
numberofpronoun] .CF

# a adjacent previous CF

np potential list =
find prior potential np(position np, CFi_potential, CFi_1) # keep only
NP and pronoun occur before

rulelworkinglist = [] # variable for pairing up each np
in np potential list with current pronoun

A 3.2 danasviunlglunsuntgym pronoun resolution
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##BEGIN pairing up each np to this pronoun ## <

for np potential in np potential list:
position = 0

CFi_potential update=[] Pairing up each np to th

is

for item in CFi potential:
if position == position np:
: CFi potential update.append(Word Struct -
(np potential.text, item.pos, item.anaphora))
else:
CFi potential update.append(item)
position += 1
. rulelworkinglist.append(a pair in rulel (np.text,
np_potential.text, CFi potential update))
CPi = CFi potential update[0]
##END pairing up each np to this pronoun #i <
result = backwardlooking(CB_ index, rulelworkinglist,
numberofpronoun, lastpronoun)
#result (CBi, CFi update, statue of all a pair in rule)
CBi = result[0]

CFi update = result[1l] #if CFi has pronoun, it need to

be
updated
CPi = CFi update(0]
lastpronoun = (np.text, CBi)
liseéTalement JCBY Pridex| s~ Edemenfs SThuct (CEF{ } CPi, CBi)

listofelementupdate [CB index] =
Element Struct (CFi update, CPi,
A CB1i)
numberofpronoun += 1
CB index += 1
position np += 1

=
=b.

else: #not a pronoun, do not resolve < 1

CEi = npinphrase ; =
2 CPE, = CFirl0] H9UN

€Bigy_CP1

2.2

listofelement [CByindex] = Element Struct (CEi, /CPi, CBi)

listofelementupdate[CB.index]/ = «ElementiStruct (CFi, CPi,
CB1i)

1S CB NingeX g 1 <

ANA 3.2 (¢8) FanosiuvlalunisudTaynn pronoun resolution




# function backwardlooking()
# input current position of CB (CB_index), a pair of pronoun and NP,
number of pronoun in phrase and the last pronoun
# output CB, updated CF
def backwardlooking(CB index, rulelworkinglist, num, lastpronoun):
CFi_ 1 = listofelementupdate[CB index-1].CF
Cpi 1 = listofel%mentupdate[CB_index—l].CP
CBi_1= listofelementupdate[CB index-1].CB
CB _status = [] # variable for finding preference of each pair
for a pair in rulelworkinglist:
CFi = a pair.CFi potential
CPi = CFi[0O] # CPi is a first element of CFi potential, which
is np[0]
CBi potential = a pair.np # set CBi as np[0] from previous step
result = centefingtable(CBi“potential, CPi; €Ri_1,; €Bi 1)
listofallstatue.append(dict state[result])
CB_status.append( (a pair.pronoun, CBi potential, CFi, result))
#sort CB status by its dict state
CB_status = sorted(CB status, key=lambda status: status([3])
## BEGIN SE1ECTION CBi AND UPDATE CFi##
“#Rule #i pronoun #iviuwluphrase uwi np Aswfdashimioudu
if len(lastpronoun) <= 0: #The frist pronoun in phrase, num is 0 4
CBi = CB_status[0] {1]
CFi _update = CB status([0][2] %

else:
ronoun = CB status[0][0] I
o CB_status(0][1] Heuristic Ru
if pronoun != lastpronoun[0]:
match = 0
Ltor | {petrotres T/ [URERNGEa G U :
wF a_pairofresult 1] v 5 lastpronoun [1]-:
CBi = a pairofresult[l]
CRil /Tedatisir a“pairofresult[Z]
match = &
break
else:

CB1i_ =CB/ status{0)L[1]
CEi update = CB_status|[0] [2]
else: #update pronoun with noun phrase and append resolved
pronoun to the list
CBi = CB_status[0][1]
CFi_ update = €CB_status{0]}[2] <
return (CBi, CFi update)

A# 3.3 danesriunldlunisundam pronoun resolution (et backwardlooking)

16



uni 4

A1592NLUULAZINUTZENTAIN

4.1 N159NUUUNITNAABIEINSUIIUENAAIATATONLUNIRA
Iasudanesituduiniu 40 Fag Tasliiinsudlunssndiuaznisninu POS MRawan Loy

suasaulusuugiduaninnin 2 s 11N 3 AST LaTINANTT 4 ASY ANUEIRU

4.2 HaAN1SNNABIIAUIZANSAINEIUSTUNIUENAAaLATOIALULIR

A1597 4.1 nansasasarasaindmulagivuatsuluswududu 2, 3, wag 4 A3

# supporting characi
correct extracted *

incorrect extracted ..
total \ 4

: rel 176 271 176 118
precision &% To MG NV LR 38.38%. | 50.00% | 60.17%
recall . R\ . 0 - 59.09% | 50.00% | /40.34%
recall of main characters extracted 78.02% 68.13% 59.34%
recall of support characters extracted 38.82% | 30.59% | 20.00%

sl 4.1 waminasesanaiRazasanninil - Tnsfwuadeuluduoudidesmsdy
snnn 2 ads 3 e war 4 adinadeu ot msedeuluhuudiinty asatinduud
agasfigndadldtionas lngandazasndn 91 Mazas winfmuaieuluiy 2 aafald 71 6
azas mafmuaitouludu 3 avadald 62 fazas wesmndmualevludu 4 evadaldifies 59
fhazas Tufemuime recall Wil 78.02% 68.13% uaw 59.34% muawiu dmsumiasas
atuayu wansadnazhiftn laeavatald 33, 26 way 17 dasasaduayu 9 85 fawas
atfuayu v recall Iiidu 38.82% 30.59% waz 20.00% AU uazlden recall 571

W 59.09% 50.00% waz 40.34% UGN



atlsfimu fAnen precision wuin MstinS AT azvililean precision LT AeddIu
fafaRntiesases inli precision WsAUAIN 38.38% LU 50.00% wag 60.17% amvuna

Snugwdu 2, 3, wag 4 audRy

4.3 n15ATITRRANITANARIATATIINTNIY
dusumsiirginanisaindiavas nuiiidgmassuuu fe fazasibiaunsaaiale was

Mazasnadalauduusligndes Meddazasnlidauninadala nluveiawz laun gda &

s =

w1 A wWaleld Teddes Salgmideanmsdarmsiudunsifueiiadbigndes viewui

[% (% o
[ 0%

azasgnisefidluinuiissnsudieaiodesase niuldldassnun laun wouazshunuauuway
i lunsnandsluafidng W Seaneifiudusnldatniasswuueaniuny dudsiame
U9 1y 3 w99 mTld nannsadaiawans o dfeldiies 3 @1 uay € audiiu Saduilym
fieiiosnnisiadifibigndes sgndlsinu Selamgiadaldgniouduiu Wy s ndung
Saudsn udu nduflaesiilianmsoaiold Ao fazasiiliszyiatonizudldiunemunuanidy
W3 umneing i ausdnldEnau nuand tmanyss a1t miiidenguute Fadauwensdenaain
gniseiafissndmioasiatuiu ontuliiigsdnsmdnlunisiseds vlinsadaligndes
wen9Nil MnmIMARDINUTT A eseuARIEsNgRTUTIIAEAESasdRUTasngfililuns
analidulunisaindayaswuil WU A1 AUNIEA gRigen 2 addluilnu domngniseiaduag
AR LazusaLATaTinSHRY POS AURNFIAY WURENIUMIF AT AUALING tazidue
pgalsfiony | wuin Ardlatuenainanisaadamayasuantanuds - dadansavivensy
(theme) vsiimuldasudied wu wWu wansaliatudau Tulh Tuvesayn vuouu ggnna
Rerfuanmng Wviadimensefuiny waedar lstigadesning w v wilide 1Hoe dnisnee
e Hudu %aﬁwméwﬁﬁgﬂaﬁﬂaanm whslilsaras wikudeiianuddnlunisdniudes

Tutinuaanan

4.4 N159BALUUNITNAABIEINSUMULAEIINUINALY Centering Theory
M3¥nUsEans MmveImguidumessiliinnisusuuss (updated centering algorithm -
UCA) Wlonsiaaeuinnisufulsmquidunesss deiialszaninmanntoafisdadioiisuiu
vuidunessufiu (centering algorithm - CA) dwiiudeyaildlunismaassagldwidoinm
o [y [ o o o a0 = ' ° !
mMwlngdmduiindiuiu 40 15oe Fedifmassnuunusngludiuresunussens 824 A1 Nd

USSENE 3075 28 wamasIwuny 841 M nuMwA (quote) 825 7 lngagvhmaiouiiivy
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aAWSaN CA fu UCA Aunadndnisudimasswumunguiidunedidaeuyed msianass
wuadu 2 @ fie
4.4.1 FAANNYNABIVBIANULAINBU AMUNG ] centering (Centering Status Correctness)
A0TUZA quw@%uma%‘%ﬁﬁa continue, retain, smooth-shift Way rough-shift lag
fnayudliiansalinguiidumesiudasswumnild uyudaziiuaanuniu unclassified fe
dwingul  centering  Whilda  manmveaessUIsuisuanUzURsARBULUUS AR
(Automatic) fhedanedfiu CA uag UCA fuangirifulasuysd (Manual) wansluansned 4.2
442 ’fﬂmmQﬂ@fawmmmﬁaiiwum (Pronoun Resolution Correctness)
Tnsvzuansmsgnieswasnisssyfu. (Bofazes) Titumassnun uduiesims
Sarugniadludiugan Ao mstammgnieaiieinisudtiawn Pronoun Resolution Wmad (a
uaz b) wazmsufassnunsanzaddudutenisusses Aefrunyaoonly (c uaz d) Wio
dnemnuuaninLazransEnuvesnsimaluuny - filldensufasswun  Iasiannugndes
desn Fermiugniasianun wasaugndouilednnlimanugndesesnnudidu 100%
thide dndruiiiu unclassified penlUaINFIMg (Minus centering theory not applied: Minus

CT n/a) HaN1SNARLEAIIUATSIN 4.3

4.5 WaN1IVARIINUTEANTAIWAITUATITHUIN

NPT 4.2 WUTEANUTTBAINaUTBIILIEE continue 767 A1 Biliniign retain 86 M
smooth-shift 135 &1 rough-shift 111 1 wasmassnmiiliamsouslfnenguidunosse
(unclassified) 566 1

n1sUsEINa CA WUlianusuosmaeunlaae continue 945 /1, retain 145 A wazlifiaae
smooth-shift wag rough-shift WeiUSsuiiisuiunisuszinanalagsyed Aaduen precision
50.61% uay 36.07% suaeiv 1nwil precision 1adueyil 49.01% Anduen recall 97.78% uas
76.74% sudu Tneiian recall 1ndvogil 74.25%

Ka8INNST8Y UCA Wurantugvesdmauilléfe continue 911 1, retain 133 1, smooth-
shift 17 ¢ wag rough-shift 38 A WiaiSsuifisuiumsussinanalaguywd Anduan precision
53.129%, 41.46%, 22.58 WAz 51.61% awd1du lasil precision WAagH 51.35% Anlur recall

97.52%, 79.07%, 5.19% Waz 28.83% nuawu lnaiien recall lwdvogl 77.80%
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MR 4.2 HANIMARRINITINANINGNABIYEIANUZAINEY MIUNgE] centering (Centering

Status Correctness)

Continue 750 20 87 9f 528 1482

Smooth-shift 0 0 0 0 14 0
CA
Rough-shift 0 0 0 0 0 0
Unclassified 0 0 0 0 0 0
Total 167 86 135 111 566 1665
Continue A 748~ 15 84 64 497 1408
Retain il 5 68 42 8 31 164
Smoath-shift 1 s f 7 14 1 31
1 UCA
Rough-shift 3 1 £ 32 24 62
Unclassified 0 0 0 0 0 0
Total 767 86 135 111 566 1665

MNINTIT 4.3 Lﬁaﬁ’mmmgﬂﬁawaaﬁ'ma‘umnmiLLﬁ{]QJmaiswmﬂunmﬁ' (AWl Phrase)
ouszananass CA fimanugnies 53.03% wazileUssinanadne UCA finugniios 54.23%
wazAmugniaiiedamassunuiiliannsolinguidureiFuitymld (Minus €T n/a)
wuin wleusyinanade CA fimmnugndes 77.30% uasifioUszananasy UCA fianugneos
79.62% Fawuindlouiuusmquiidumesiudiannsndfiueugniaddifios 1-29%

dlevhmsuitymasswuniluymaud gideliinmmnaeafudslaonsldisnsdedulu
msudtlamasswumiusdfidumsussens (Minus Quote Phrase) wu ieUszananadneg CA

NUAATIHUUYNADTULAIANNYNABY 65.78% UazdlAnAugNeas 77.25% Wednmasswuuil

anuy unclassified Liitundnm dunisussanane UCA AUAEssnuuynanugaunsnssy
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Isigndfes 66.26% wazdimnugndes 77.99% wlednasswumiidaniug unclassified laithan
A deSsuiisunadndmsuitgmasswunaluymaiunisudlguiamezasmmuaieglu
@uusIene wuiiiaugndsaiintulszinm 12 % wasllelisuiisummgnasaiiotimassn

Yundan vy unclassified mﬁflmcuLLashjﬁwmﬁmmwud’lﬁmmgﬂé’mLﬁu;ﬁu 11-25 %

A1523% 4.3 nansneasaliainAugnaeavesn sty Pronoun Resolution

=

CA 1665 883 | 782 | 53.03 | 566 | 850|249 | 77.34

ALL Phrases
UCA 1665 903 | 762 | 54.23 | 566 | 875|224 | 79.62
Minus Quote CA 824 542 | 282 | 65.78 | 147 | 523 | 154 | 77.25
Phrase UCA : 824 | 546 278 66.26 147 | 528|149 | 77.79

4.6 NIATIZANANITNAGDINITUARTIHUY
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lhan CA luflaaiug “smooth-shift wag  rough-shift [flaanisanesfiuumeuiuas
UszsnananaidlesiulyFose, Tagesldauinarsneunin (CB 1) hazaudnaliagdu (CB) wlen

' '
= i

udnanslviiifiganiumisnan 2.1 Thedeni3esaninaniuy ‘ontinue, retain, smooth-shift uaz
rough-shift &19U dskalianius-continue Wa¥ retain gRIFBNNDULEND Fatu Fmouaea CA 3af
wRANIUE continue WAy retain d@iuan Ui N UYL UCA ﬁﬁaawusﬁwmauﬁumﬁm%um losann
finsldnndisadiniiin “Ae dassminuiieglufireiuussaiy Fosdafiwnayasiidnafusy”

=% o

Fuhliilemaidsurudnatannngd CA vil¥nanisuiassmuituie duanugdaouiign
fiuidu unclassified Tneauwd Sane3iu CA waz UCA aglsiilamavhandldia iosmndnu
fignéeie Wiegluveuteiinguijaseumguiis duanfianiugdmeulu  unclassified u
\esnin

L. mmé‘ﬁgﬂﬁmﬁa ag”luﬁsﬂaﬂﬁauwﬁwﬁlﬂatﬁuﬂdﬁmmsmmﬁ‘tu CF., \fiosshenmulng
LiswuivnvesUseloafiiueu frunsunaiiinanssuludiuidog
2. fimsldasuniddawnndivneideinmiivenuionniazasnelubes wu msld
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3. fifassnuuidnsiaunanauuungy Wy wnwdeieduivaeiu wnfudedandmilde
favane ?iammﬁuuunejuméwﬁ praliusagiudennueddnnu Jaliegluveutieveans
Mauwesdane3fin wu wwndgnissueniu ealildegluussleadeiiuvseussloansuniives
Fassnumuuunguisnada sy “

PNHANTNAABINNTIT 4.2 WAz A5 4.3 wuiiemarmgndesresanuzAneuiildainnis
Uszaiana CA ULasAnugnaedueInIsuiassnuume CA fianlndlageiu Ae 74.25% U 77.34%
puddiu vuginnugniswssanurmneuiildanmsUstnanay UCA wavaugnieswes
msufassmuudie UCA fio 77.79% ffu 79.62% awddu awvmiviilsiaougneeaiilévisaes
wuudidensfudesn  rewfmessnesulidanuglaaniuguilaindaouzunasswunui
tdaufegione vagilummmiuaie asswuuiug iswsaudlidenguiiwunesse ik
dnnuzsies wwesasInuNiadne luRananlume winnevazuiasswuiuingddaiiasasie
agnsasiniy ‘

Tuiill leweluduiineuRawesufasmmnldgnies wiiadndnslvanwzvesaeniiunes
uaneaRInEyeed Usingandl 107 ér dsfaodadlunimi 4.1 frin “n? nets vy e “du”
winede gt egaelsfinns snrimyuiliogluuiuvilndifemweiiasiidevguiisunessds
uyudRamAume unclassified wasanasiusnaenaniuslaely CB,, nawiedspe CB_13my
Sruaziiuamuzi continue Hafinusnie d1i1 8" Sanesfuufassiuudiy wythu 16
anies usiilanurdtignies dnfu audulsn dlsfimsusvnauaiiianasannadneuniions

dawalvanugianainneltesliuiunianss iy

Phrase 13: vty yn

CF_13 =y}, CB 13 = nun

=

Phrase 14: 918 Uan W a3 du BuR 71 2z T 9u ae T §al Tu sowies Tungall

w1 > CF 14 = {31, 2y, du}

-> yydnu/continue ARLTILADS
-> nyu/unclassified UL

fu > CF_15 = tmyly, du, du)
-> nyUu/continue AOUTNIADS
-> iyl W/rough-shift uywel
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Speaker Identification from Multiple Short Stories without an Avatar List

Ponrudee Netisopakul

Patipan Wikaha

Knowledge Management and Knowledge Engineering Laboratory
Faculty of Information Technology
King Mongkut’s Institute of Technology Ladkrabang
Bangkok, Thailand
Email: ponrudee@it.kmitl.ac.th, patipan.x@gmail.com

Abstract

A task of identifying speakers from text is usually
done by selecting a right speaker from a list of
actors in a story. This actor list is called an avatar
list, which so far, have been manually created for
each story. This paper proposes a new method-
ology to identify speaker without using an avatar
list. This can be achieved by incorporating mul-
tiple natural language processing techniques.
Those are noun phrase chunking, speaker can-
didate extraction using speech verbs, and heuris-
tic rules for identifying the speaker of each quote
text.

Keywords: speaker identification, multiple
children stories, text annotation, speech verbs

1 Motivation

In early 2012, a group of instructors and re-
searchers at Faculty of Information Technology,
KMITL initiated a project called ESSVIBS —
Emotional Speech Synthesis for Visibility Im-
paired: From-Book-to-Speech [1]. The project is
meant as a framework to explore a number of
interesting issues related to speech and text pro-
cessing, including Thai OCR, natural language
text understanding, machine learning and speech
synthesis.

In brief, input to ESSVIBS are Tha1 short
children story books, output is a computer gen-
erated speech with multiple voices representing
males, females, children and adults voices. At the
initial state, forty Thai children stories are col-
lected for experiments.

One of problems which is a focus in this paper
is a problem of marking speakers in a story. We

have examined some related works in a field of

speaker identification from text [2, 3, 4, 5] and

found that:

1. Most of the researches work with a long story
with leading actor/actress and supporting ac-
tors/actresses.

2. Formost of the work above except one, before
a speaker can be identified, a list of ac-
tors/actresses above must be manually created
and input to the speaker identification process
— this list is called an avatar list.

3. Only the work in [2] identified actors using
name entity extraction.

At this point, it is clear to us that an approach
with an avatar list is inappropriate for our work
because, first, we aim for our algorithm to work
with a large collection of short stories, even with
stories have not seen before. Second, Thai names
in children stories are not very different from
common noun phrases, hence, a name entity ex-
traction may not work very well.

For these reasons, our research proposed a
novel method to extract actors from multiple Thai
short stories and using this list instead of an av-
atar to identify speakers.

Figure 1 shows an example input and desired
output of our system - a Speaker Identification
from Multiple Short Story without an Avatar —
SIMS-woA. An input is excerpt from a short
story. The brackets are English translation. An
output is in xml format with speakers of each
quote identified.

Hence, the research questions are:

- How to extract noun phrases which are actors
in the story without extracting every common
noun? This is an automatic avatar list construc-
tion task. When this is done, we can use the list to
annotate the actors in the story. This is called an
actor annotation task.
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- How to correctly assign a speaker to each
quote that appear in the story, especially when
there are more than one actor adjacent to the
quote or when there is no actor in the same par-
agraph of the quote? This is called a speaker
assignment task.

P aesonnani I aex

“fphirases

R e einion quotes T

<téxepg i il anlasitess

<iphrases

<iparagrapli

eparagcEpli el 15"

L <phirase d

s sl de o <qihease:
1 <ipuragraphs>
? <paragrapl
5 apfirase 4059 1 ppes N Qirlea ™
stexetiptinohisnaialasnens giraser
“phrsie =0 shicubier, e SV spaker i St
<:naxif~|st”;?;xa4§s§él o (e </pHrases
L ephirasesf SIERT pipes g Qualaa™e

<Hoxt RIS 04 e

v sphrasd S apeaker et SV L Sipelsgnatest

W s o A
dexend nindanms liadde o

cafperagrapis g

Figure 1 Example of input and desired output

The outline of this paper is as follow. Section
2 reviews approaches by previous research. Sec-
tion 3 explains in detail our proposed method-
ology. Section 4 explains experiments and results

of evaluating our approach. Conclusion and fu-
ture work are presented in section 5.

There are common processes for the task of
identifying speakers from text [2, 3, 4]. First,
quote texts are identified then actors are identi-
fied. Finally, speaker of each quote are identified.
The differences among these researches are
mainly the methods used to identifying actors.
The work in [2] used pattern matching to extract
proper names (or character names in the story)

from the whole text. Assuming that the speaker
must be in the same paragraph as the quote, [2]
assigned a speaker from a preceding phrase or a
following phrase of the quote. This work re-
solved neither a missing speaker issue when no
character name is found around the quote, nor a
multiple candidate speaker issue when there are

" more than one character names found around the

quote.

The work in [3] created hierarchical phrase
structure of each paragraph, beginning by sepa-
rating quote text from narrative text. Narrative
texts are further processed and tagged as noun
phrase (subject), main verb, punctuation and so
on. These structures are manually built from
seeding text and used as input to learn (or merge)
a set of generalized rules for finding speech verbs,
actors and speakers, respectively. The paper
showed that this approach did not obtain good -
result for a different author test set.

The work in [4] improved upon [3] by ap-
plying a scoring technique, for each phase of
annotation, based on set of features. For example,
features such as main verb, hypernyms, adjacent
sentence, and proximity to quote are used for
speech verb annotation. Features such as subject
or object, noun or pronoun, proper noun, abbre-
viation and distance from verb are used for actor
annotation. In addition, a hand-code decision
tree s used to resolve speaker ambiguous.

Note that, even with these complicate pro-
cesses in [3, 4], they both must still employ
manually created avatar list to reduce errors when
choosing speaker for each quote.

The work in [5] is the only speaker identifi-
cation work found processing Thai language.
Training set composed of adjacent quote phrases
with POS tags and manually tagged actors and
speakers. The learning features are “language
model” and n-gram. The work can only identify
speaker from a simple sentence. A speaker pre-
viously identified is not taken into account to
identify a next speaker.

In our work, we improve upon previous works
in the following aspects.

1. We classify verbs into 4 classes and priori-
tized them based on their possibility of being
pointers to speakers.

2. When an avatar list is absent, an actor list can
be automated created instead using verb
classes as clues.

3. This actor list can be used to scan for candi-
date speakers of quote texts, when speech
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verbs are absent from those phrases.

4. Speaker selection decision is based on a sim-
ple verb class priority and proximity to quote
text.

3 Proposed Methodology

Since our intended system must work with a
number of short Thai children books. Each has its
own set of characters, which conventionally must
be manually identified for each story in advance.
However, we propose that a labor work of cre-
ating an avatar list for each story can be avoided.
An alternative method to automatically identify
actors and speakers of multiple short stories
without the need to manually create many avatar
lists is laid out in detail in this section.

An overall idea is based on a heuristic that a
noun phrase representing an actor who speaks
usually appears adjacent to the quote, either in the
same paragraph or in the adjacent paragraph, as
shown in Figure 2. Therefore, the first main task
is to identify a set of candidate actors from par-
agraphs with quote and adjacent to quote. This
list can be used in place of an avatar list. Next
main task is to identify only candidate speakers
for each quote. Last task is to use a heuristic to
assign a speaker of that quote from the previous
list of candidates.
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Figure 2 Hierarchical view of text structure in
SIMS-woA

Figure 2 shows the hierarchical view of text
structure, our system - SIMS-woA - working
with. A story composes of many paragraphs;
SIMSwoA focuses on paragraphs with quote text
and adjacent to quote text. It is reasonable to
assume that to find a speaker of a quote; the
process should only look nearby the quote. It

narrative text is “wyumasdraunlanta”.

should not have to process every paragraph.

A paragraph may have both quote text and
narrative text or it may have only quote text or
narrative text. Figure 2 shows a paragraph with a
quote text following by a narrative text. In para-
graph 1, the quote text is “ennswdnfunie” and the

In order to

know who speak the quote text, first, the system
identifies pairs of (noun phrase, verb class) which
either precede or follow the quote text, within the
same paragraph or in the adjacent paragraph. The
noun phrases from these pairs are candidate ac-
tors for the quote. These candidates are priori-
tized based on their associate verb class.

To automatically construct a list of actors
without using manually created avatar, one of the
novelties of SIMS-woA is to classify verbs into
four verb classes and prioritize them based on
their possibilities to be an indicator for a candi-
date speaker.

These verb classes are speech verbs (SV),
thinking/feeling verbs (TV), action verbs (AV),
and other verbs. Table 1 shows the number of
each verb classes. There are 43 speech verbs, 10
thinking/feeling = verbs and 54 action verbs.
Speech verbs are verbs indicating the action of
saying, such as ye (say) 1 (said that) nan (state)
sgma (pronounce) #ui (mumble) 1u (complain) q
(rebuke) su (praise). ‘If a pair of (noun phrase,
SV) is found next to a quote, it is pretty clear that
the noun phrase has a high possibility of being a
speaker of that quote. Therefore, this noun phrase
is given the highest priority to be assigned as a
speaker of the quote.

However, from our preliminary investigation,
we found that a verb class SV alone is not enough
to detect actors or speakers in the story. Many
narrative phrases adjacent to quote texts do not
have any explicit speech verb, but they do have
either thinking verbs or action verbs. Thinking
verbs are verbs indicate mental actions of actors,
such as da(think) fin(contemplate) siis(cogitate)
aado(doubt). In a narrative children story, when an

actor thinks, the quote text must also be read out
loud. In this sense, a thinking verb class (T'V) has
a second highest priority to be assigned as a
speaker.

Action verbs are verbs indicating actions of
actors, such as @ (smile) winwh (nod) wue (offer).
When telling a story, instead of a speech verb, an
action verb is often place there to indicate tone,
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feeling or movement of the speaker. Hence, a
noun phrase with an action verb class (AV) has
the next priority for a speaker assignment. For
those verbs not belong to these three verb classes,
the process labeling them as ‘other” verbs.

Table 1 The number of each verb classes

Classes Count Examples

sV 43 s {seig), 4 (ond s Whia, .
TV 10 fin(think), asds(doubt), ...
AV 54 i (smile), winwth (nod), ...
Other - nou (Wait), 3¢ (ran), ...

Note that list of verbs can be collected during
preprocessing step but their associated verb class
as defined here is currently done manually. We
are investigating whether this can be done auto-
matically using pre-labeled learning set.
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Figure 3 shows an overall architecture of
SIMS-woA. A preparation module on the left is
an NLP pipeline to prepare Thai text for auto-
matic speaker identification module on the right.

Input to the preparation module is a story in
text form. First, quote text are marked every-
where and will not be processed further. The rest
of the text goes through word segmentation and
POS tagging using a publicly available Thai

segmentation tool [6] and a Thai POS tagger [7,8].

Then, verbs are mapped into verb classes as pre-
viously explained.

One last important step during preparation is
noun phrase chunking. We do not use name en-
tity extraction technique to find an actor here
because in most of children’ stories, actors are
common nouns with attributes such as wywr (farm

rat) wythu (house rat) audaduli (woodsman).
Therefore, more than a hundred regular expres-
sion rules, as partially shown in Figure 4, are used
to construct a noun phrase from word tags.

For example, “wy/ncn dhunen” are chunked
into “wyhw/NP” and “au/ncn” “da/vt” “sulif/ncn”

are chunked into “audaduli/NP”.

NP : {<ncn><ncn><ncn><cl><adj>}
. {<nen><prep><ncn><ncn>}
: {<nen><vt><ncn>}
: {<nen><ncn><adj>}
: {<ncn><cl><adj>}
: {<ncn><ncn>}
: {<ncn><npn>}
 {<ntit><ncn>}
 {<npn>}
: {<nen>}

Figure 4 Example of regular expression rules for
NP chunking

On the right of Figure 3, an automatic speaker
identification module has two sub-modules: au-
tomatic actor annotation and automatic speaker
assignment. For actor annotation, Figure 5 shows
that there are two tasks for finding actors, who
will be candidates for speakers. Those are actor
extraction task and actor annotation task.

Automatic Actor Annotation Module

. Actor Extraction Task

ERET Y
C e

tation Task

r Anno
1 Actor

i
3
5
H o s e

Figure 5 Automatic actor annotation task

Figure 6 are rules used to extract actors from
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phrases adjacent to a quote text. These rules
match (partial) phrases with three verb classes
previously described. Note that phrases with
these verb classes mostly have only one noun
phrase. However, there can be many adjacent
phrases to the quote text. Therefore, there can be
many actors, which need to be decided which one
is most likely to be a speaker in a later module.
For now, actors extracted are stored in an actor
list to be used in an actor annotation task.

{(NP pper) { SYET\'H\’)}
{{NPippe:) (vily tiprev Inegiadvico
(I\—P*ppef) {vﬂ (confad'») (S\ iT

{(NP‘ppe«r) (n} (vpost) (i) (SVITVIAVY
{(NPippen) (vi) (i} (post) (SVITV !L\V)}
{(NPipper) (vt) (vpost) {conj) (SV R %, AV}
(NPipper) (conj) (vi} (prec) {(SVIT \"A¥ 3

Rulel2:
Rulel3:

Figure 6 Actor extraction rules

Sometimes there is no narrative phrase adja-
cent to a quote or those phrases do not matched
tules above. Hence, the extracted actor list is used
to annotate actors from other parts of text in the
story. This is called actor annotation task. This
step increases a chance of finding a right speaker.
Note that a speaker of a particular quote may
have been mentioned in a previous paragraph far
from a quote or even in the beginning of the story.

Another task during actor annotation is fo
assign an action to each actor. This task is im-
portant because its verb class information will be
used to priority actors for a speaker assignment
sub-module. That is SV has a highest priority,
then TV and AV.

Assigning an action to an actor is straight-
forward if there is only one actor and only one
verb in the phrase. Then the action of the actor is
the type of that verb class, suchas SV, TV, AV or
other verb. The task is more complicate for

phrases with many actors or actions. For example,

p
a @ Y s
“aumoediladu”  wyhualimnaawanunds,  the

action of “wys” is “wa” and the action of “mpn”
1s “aawanunds’.

The algorithm is shown in Figure 7. It pro-
cesses a word token from left to right for each
phrase. If other types of token except an actor and
a verb are found, the algorithm just moves to the
next token. If an actor is found with an action

already assigned, it also skips to the next token;
otherwise, a current actor is kept. Then a next
token with of type verb is kept in a variable
best_action; when a next verb-token is found, its
verb class priority is compared to best_action’s
priority. The verb with highest priority replaces
the old one and finally is assigned to be an action
of the current actor, which happen either when a
new actor is found or when a phrase is ended.

Actor’'s Action Assignment

Input: word token of a phrase

Output: association of (actor, action) for every
actor,in the phrase

#set a pair of current actor and best action
cur_actor = null
best_action = null
Loop until no word in the phrase
for each word w in the phrase:
if w is actor with no action assigned :
#check if there is already a pair found
if cur_actor and best_action is not null
action(cur_actor) = best_action
clear values of cur_actor and best_action
# then start with a new current actor
cur_actor =w
#.if w is of type verb, set value of best_action
else if wis a {ST/TV/AV}verb
if priority(w) > priority(best_action)
best.action=w
End loop
action(cur_actor) = best_action
clear values of cur_actor and best_action

Figure 7 Actor’s action assignment algorithm

After actors and their actions are determined
in a story, the last step is to assign speaker for
each quote text.

Figure 8 shows the speaker assignment algo-
rithm. First, we try to select a speaker from actors
(or candidate speakers) in the same paragraph
with the quote. The candidates are spilt into a list
of candidates found in previous phrases
(ListActorBefore) and a list of candidates found
in the phrase following the  quote
(ListActorAfter). Candidates in both lists are
sorted by priorities of their verb classes and their
proximity to the quote. The priority of verb
classes is “SV”, “TV”, “AV” and “Other”, re-
spectively. The highest priority actors from both
lists are compared and chosen. However, if the
first actors from both lists have the same priori-
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ties, the first actor from ListActorAfter is chosen.

In case that there is no candidate speaker
found in the same paragraph, the algorithm uses
actors from a previous paragraph to find a
spebker. Except that if the previous paragraph is
also a quote, the algorithm assign a second last
speaker found to a current quote. If everything
else fails, the last speaker is assigned to the quote.

Speaker Assignment Algorithm

Input; tagged text structure and candidate speakers
Output: association of (quote, speaker) for each
quote,

# set of (quote, speaker) pairs in a story
Q={(a,.s,), (@, s,) .... (@, s.)}

Loop for each quote q,
ListActorBefore = list of actors from previous phrase
ListActorAfter = list of actors from following phrase
if the paragraph with quote has a candidate(s)
sort ListActorBefore and ListActorAfter
s, = the highest priority actor from both lists
else #no candidate in the same paragraph
#get actors from a previous paragraph
ListActorBefore = previous paragraph list of actors
sort ListActorBefore
s, = the highest priority actor in ListActorBefore
endif
if s, is empty and a previous phrase is a quote
then #assign second last speaker as a speaker
s, =s,,whens_, notsamgass,,

else #everything else fails
# assign last speaker as a speaker
Sx = S\—\
endif
End loop

Figure 8 Speaker assignment algorithm

4 Experiments
4.1 Experiment Design

Experiments are designed to evaluate efficiency
and correctness of the proposed algorithms. A
collection composes of forty short children sto-
ries collected from story books. A collection has
1086 paragraphs, 825 quote phrases, with 3078
narrative phrases and 1020 adjacent phrases.
There are 24839 word tokens.

In order to evaluation the effects of each actor

identification tasks toward to the correctness of a
speaker assignment task, the measurement are
done in three stages. In stage 1, only an actor
extraction module is applied-to the collection,
and then the actor list resulting from this step is
used as candidate speakers directly applied to a
speaker assignment task. In stage 2, after an actor
extraction task, an actor list is compiled for each
story. The list is used to match against adjacent
quote phrases to find more candidate speakers,
before applying it to a speaker assignment task.
Stage 3 is similar to stage 2, except that an ex-
tracted actor list is used to scan against the whole
story opposed to scan against only adjacent quote
phrases.

4.2 Results and Discussion

Table 2 Results of the three actor annotation tasks
and their effects to a speaker assignment task

Speaker
Actor Annotation Task Assignment Task
Correct | (%)
Number of Actors 831
Retrieved 586
Stage 1 |Correct 546 683 82.79
Precision (%) 93.17
Recall (%) 65.70
Number of Actors 831
Retrieved 858
Stage 2|Correct 807 703 85.21
Precision (%) 94.06
Recall (%) 97.11
Number of Actors 1912
Retrieved 1569
Stage 3|Correct 1469 706 85.58
Precision (%) 93.63
Recall (%) 97.16

Table 2 shows the results of the three stages.
Out of 831 actors, stage 1, focusing on actors
with the three verb classes, extracts correctly 546
actors and incorrectly 40 actors, resulting in as-
signing speaker correctly 683 quotes out of 825
quote or about 82.79%. Note that the recall rate,
65.70%, is not very high at this stage.

When the algorithm is improved with an actor
annotation task in stage 2, it drastically increases
the correctness of actor identification. From 831
actors found in phrases adjacent to quote, the
algorithm identified correctly 807 actors or
97.11%, resulting in identify speakers correctly
for 703 quotes or about 85.21%. Note that the
number of retrieved actors is more than the
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number of actors because the algorithm also ex-
tracts noun phrases which are not actors.

Stage 3 follows the same pattern, from 1512
actors in the whole text of forty stories, 1469
actors are correctly identified and resulting in
correctly assign speakers of 706 quotes or about
85.58%.

Note that although the algorithm in stage 3
improves the overall result, its effect is not as
much as the improvement from stage 1 to stage 2.

In addition, the precision rates of three actor
annotation tasks only remain about the same,
from 93.17, 94.06, to 93.63%, although the recall
rates improve from 65.70% in stage 1 to 97.11%
in stage 2 and 97.16% in stage 3. This shows that
increasing the number of actors is not always
resulting in increasing the number of correct
speaker assignment. Only #rue candidate actor

detection could result in improving a chance to -

find a frue speaker of the quote.
5 Conclusion and Future Work

This work proposed a methodology to annotate
speakers in multiple Thai children stories. The
framework works well without avatar list with an
average of 85% correctness.

However, future work 1s still needed to re-
solve anaphora. In addition, problems of same
character with different aliases and different
characters with the same title must also be re-
solved.
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