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S 455 SR B S I, K T 0 i) B T R AE Bl AR SRR AT, 8 A oA A B TR A T AR Bl R, AR
BEIERN b, REHR 2Rk 43 28 R TN A il AR 4, SR e M S5 (R AL B R) M P 90 AR G R o R R TR R
£ LST20 LAk g g5 SRR, BIRI 4336 F) | W HEAR RO £y ZE Y F 4051555 96.33%. 97.06% Fl
85.98%, FHI TR AR 73 TNHE T T 0.33%. 0.44% F1 0.12%.

KEEIR  ZR1E A TR YERR TR ; BG4 2T JR R Transformer; #4355 i, 5 35 19 R AE ; 2ot S BENLIT ; B AR
FESFEES: TP  XEREE: A  XEHS: 1673-4785(2024)02-0401-10
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Joint model for Thai word segmentation and part-of-speech
tagging via a local Transformer
ZHU Yefenl’2, XIAN Yantuanl’z, YU Zhengtaol’z, XIANG Yan'”

(1. School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;
2. Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: There is a high correlation between Thai word segmentation (WS) and part-of-speech (POS) tagging tasks,
and it has been demonstrated that joint learning of WS and POS tagging tasks can effectively enhance model perform-
ance. Herein, we propose a novel joint model for Thai WS and POS, including Thai spelling rules and sub-word fea-
tures. A local Transformer network is employed to learn WS features from windowed syllable sequences. Considering
the relationship between syllables, such as roots, affixes, and POS, the syllable features used for WS are integrated into
the characteristics of word sequence to alleviate the lack of POS tagging features for out-of-vocabulary words.
Moreover, we utilize a linear classification layer to forecast the label of WS and a linear conditional random field to
model the label dependencies of POS sequences. Experimental findings for the Thai LST20 dataset reveal that the pro-
posed method has a WS F value, POS tagging microF’; value, and macro F value of 96.33%, 97.06%, and 85.98%, re-

spectively, which are enhanced by 0.33%, 0.44%, and 0.12%, with respect to the baselines.
Keywords: Thai word segmentation; part-of-speech tagging; joint learning; local Transformer; sub-word features; syl-

lable features; linear conditional random field; joint model
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T 53 1) FRI PR AT 55 AR A 8 A ) 144 1 91)
85 1P SR IC AT 55 o

TEZR AP AAT 55, 3 FH B A% Sertis'
DeepCut™ il AttaCut™, H:H Sertis Z& 143 4 %
DL XL [m] 475 20 i 22 9 2% ( bidirectional recurrent neural
network ) ™ 1 Sy 25 T R i 97 1) P A b R S
fiE, #18 F Softmax R £ fi# 5 45 2] 43 18] 45 25 .
DeepCut 1 AttaCut 2 4~ 7% 7 43 1) A5 78 5 J2: % FH
B 1 7 0K 51 B A CNNsP! 81 4 i 2%
23 Softmax bR 6545 2 TN /Y 5317 77 91 . H
1 DeepCut K H 24~ HA A AR A% 58 B 19 & AR A 7
FRAE22 2], 2 H Tk 68 i 4 i 28 15 43 1) 4%, (HAF
FE 43 1) HRE 1% (%) 8] 8, #H L T DeepCut, At-
taCut ffi FH 3 A~ 25 1 & B, 42 4 1 A AU 11 43 i)
FE, B i AS FE A BT N R[] I Z AR A DL 3 5 A
R, BUE T AT LR A iR R Y 2
FHIE

TE 2% T 1) P AR 1A 55 v, 3 DA R R 2
% H BiLSTM'! (bidirectional long short-term
memory) B I 2535 5 #5500 F A M AR T B
T SCHRAE, HE 46 A CRF™(conditional random
field) fF A fif it 5% HEAT 1) PEAR 2 UM . & T BiL-
STM HY J5 1 T LA R0 5% fif 450 R 00 R i T A 44K
i, SCPAS R R AR I 4R R MR BfLis . (H
T AR AE R BB B AR IR R, I H Rl PR AR i Y
ARG, S A3 516 T B ) 1 ) T
AR PYIZRiE 5 AR el ot —HE iR AT
RV, K5 783X 00 20 U 2R by A AL BL it |
FEARZEUIZE. 2018 4F, BRHEH T BERT' (bid-
irectional encoder representations from transformers)
YN8 5 B, BT JFOR 9 RNNL LSTM /]
DIASCEN I A PR AT, [m] I B2 JBGR] e ) - v i G R AR
fiE, 3 HLBETE Z DA A 2 R4 BBOG &R R AE, R
A T W) T L, RGN B, Liu 260 42 0
T RoBERTa Wil 4kifi 5 A 8Y, AH Lt BERT, %45
AU T S R A O S AT I, XA AL AT T
WE2WIER . EIUAE, dl T —Sem A TE 250
WL B 251 B, fn BROS! DKPLM'
4% 2021 4F, Lowphansiorikul 25" #2117 — 43
T RoBERTa-base ) Ml il 4k 15 5 15  Wangchan-
BERTa, 245 AL fiff FH K2 1) 28 1 K3l 46 645 15031
Y5, AR A 1 18] ) i, 7E ARG TR PR AR A 55
H S BT 2SR S R, H 2 X 2 AR i 1)1
TS BRI A AR Y S 8 e, RS Y
T S

TE A 1Y 5318 2 Tl PR A O B Al TRl AE BT

DL A il 4R A AR AE, X 2 MM 45 2 IR A7 A
AR v i S B o S B33 AR M AR AT 55 B
B, LG W R A A A Y e 2 AT
TMERR T . X IEETI AL S R A 45 iR 38,
It H AR HE X —AE 55, Afig 7 AR
55 Z B FEZE I T I A AR TN 43 ) A ] P A
AT 55 R HEAT, AT DL R0 35 5 15 A% 3 11 ]
M, SIS HOLE . B AT S A HR L
Gir Pl g r > kT M TR S Uy
PR AL G B B2 3T T N TR
REAE B PRI, 3 B A R R IOT . VR 2 T kT
DA 3BE G N TR R 2 BURRAF (0 2 72, HLAA 38 K 4%
TES AR ) AR LU A RE T, ZEREAR A T A
4 [ B R T T HERE . Tian 2817 $ T — A3
3 V) R PE AR R A A A SR UL ] v B AL 1 O
SE AR TFAT I LR SCRRAE B H R )4
HI. Buoy P BRI T — Bl E ARG A
TE A3 AR AR TE B9 BILSTM W 4%, 44 5 44 i 1t
BiLSTM #1746, {# ] Softmax bR &1 T A AL .
ZASE AL AT DR S b AR R SCfF R, T TG TR IR EL
PRI JR A S o
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A5 B o I H i T 28 R 1A AR TR SR N
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PR S (W PR RN & . AE 281 ) v
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HT 2R “un”+ 20 Tr) TR AR “wa (1) A8 15 4% 1] “unwa ( 8 P
F )7, B4 w0300+ 1A T AR “du (K ) 748 Bl 4 1)
“wiosin( KAL) TEZIESCA R, DI LAY
TR AR R R) A B T R G B, 9 LT DA K g
PRyER BN R 1EH o

A DA A 0 s R S e S 7 R
Ty 2 B SR R AR AT DL AS B AR 4 6 4 1) T E
{H CNN 1775 fift i 3 B 12 11 0] 852, 23 CNN 8%
PETE T RALE AT, (0 T B A RE TR
BiLSTM (138t i ACAZ ML T LAAR G 24557 51 2
6] () 56 2, (& 77 7F K B B A 1) 731, 9 ELitH
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Fig. 1 Structure of the model

TE 4 IR, s B A T 2 i Oy S
AN CIZ DT8R I IE R 11) 35 1 RRAE, B T4 33
Je 7 E AL T R 5 S A R Transformer & i
ke S S N - (| 2P U R o = Sl v L X
FAH FH Softmax #R £k 25 T & 35 19 40 1 bR 25 B
Lo FEIRPERR AL, B o 1) A 70 v A5 31 1) 3 19 R
ik, B S BRLTA] A I 2 T R AR RS S T SRR AR
AT PR, B IR DUDKE PR T R AE B M DR
J& , B RO E DR R ORPE I R A, 543
WA 55254, 1 FH &8 Transformer {5 2y 2t i 25
AR SR ERRFAE, Zead — ARk E A5 2R AR &
43, {8 CRF VB A fff A5 25 A5 3] 14 =22 ) 14 44 At ¢
2, P AEAS B B TR AR 2
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FERHIE
h,, = Transformer(¢) ®)
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h,= Linear(h,,) 9
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e LR MRS, ARG Ul
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X BT A T BE B A5 28 7 5 IAT Softmax #RAE,
RSy AR, A~y

es‘(x,y,ﬁ)
pylx) =
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JEy.

Hrhy RoRx Al BEIIIRZ P IS
TE ff A ], 8 2k 2R B KA 4541 p, o T 0 3]
PEFR TR Bt F 8
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T A 0 5 A o, A PR R LR A T3 I 2k
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L4 R EE

AR 1) 458 2% 0 0o R 2R 10 1) R R P R
155 B 5 5% A R4 3, et T d5e /MG 2 A Oy
P BRI 28, AR, e i R
PRI Ly s 26 55 (1) & (B 38 3L ( binary cross entropy ),
o) PR U A 451 2% BRI R Lpos ) CRF 2K PR, AL
TR e 48 R R

L = /les + Lpos (14)
Horpr, AR AT 24

2 K

2.1 REHFRERBIFEHLE

AL b 28 [ S A AR LB AR
iL>» (National Electronics and Computer Technology
Center, NECTEC ) 5 7 14 2% 1 40418 48 LST20 ™ 2%
PPAGA BT AR, LST20 433K [ 15 20110
4751 ANSCRS Y 74180 M1, IR RHIVINZREEAT 3704
AR, B SR 474 S SORY, AR 61 483
R, B AT TR BRI RAE R, &1
R T LST20 Bl iy BARGETHE B

# 1 LST20 #iE&E ST
Table 1 Statistics for the LST20 dataset

it plEzR S KA AR
CIER 63310 5620 5250
PR 2714726 240860 207278
B 3617618 335868 276646

e, T R B A B
43 #% SSG 158, £ 2 44 H T LST20 Hda 4 i
T E G R 2 KB, R Y R
90% LA b R, 78 i P T B R AE PR, AR
AT E R 1508 o 27 a0 o B T B
DU B 55 ) B A SR i S R Y b AT DR
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R2 LST20 BTWEMEFT AN B LI

Table 2 Count of syllables in LST20 dataset A% !
FAA) AL YIZrdE Uvafle S line S
1 2012547 /74.13 174854 /72.60 152958 /73.79
2 558432/20.58 49032/20.36 43346/20.91
3 107903/3.97 10817/449 8169/3.94
4 25528/0.94 3280/1.36 2091/1.01
>5 10335/0.38 2874/1.19 714/0.35

22 TFMrIEER

A3 AT 55 % iR) i K 1 % P(Presion) | 43 [F]
Z R(Recall) f1 Fy fENPEREIPAT 845 o TR PEAR I
552K H1 % F- 24 ( Macro-average ) F; AT (Mi-
cro-average ) '} YE N PEREPEMN 645
2.3 IR EREE IR R

A 55 i ] Pytorch HEZESEBIBLAY I Zh—
> epoch £ 30 min, & H F{F 4L ( Early Stopping)
RBUER LAY, R 4R |- 40 1al4E 55 10 F\ 753
22 5> epoch WA AL W45 1R U 25, 29 40 4>
epoch JE B RUYI 25 58 il o SN 2R B[R] 29 20 ho
RN 3 R .

x3 KBREGRE

Table 3 Experimental software and hardware environment

iH 7873
GPU NVIDIA GeForce RTX 2080 Ti
WNF/GB 12
fifi#4/TB 2
YL Ubuntul6.04 LTS
Pythonhfi4< Python 3.8
PytorchfifiA< 1.10.1

3 RBER G oA

3.1 XEeiRIg

A o R B B B AR B A PE 4 LST20
T, AN [R] F A 25 DX 26 A5 TR A 8 1 e ] B
1E55 LR HERE .

TE I 7 T, AR IE R 2 A AR RIZE AL Oy
TRAE N FL LAY .

DeepCut™ L5545 Je A2 BIAE ki A, i ]
Z > CNN & BUE M FR1E g i 2%, i F Softmax 32
PR 43 TR o

AttaCut-C™ & 5 —Fh 2 T CNN 9 218 7337l
A 251 CNN VE MR 1E S i 2%, ffH Soft-
max 1743 1R bR 2 T

AttaCut-SC™! J& AttaCut-C 1) — 4> A5 P fi 7 |
ME— AN [m] 1 2 B T & 1 i AAE R &S i R AT
LTS

A AE ZR BB E 5 LST20 F 40 1alT 45 % e
IS5 R, Wk 5-6 Ui,

F 5 LST20 HIEE ERRR S IREEERE
Table 5 Performance of different WS models on LST20

dataset %
7Y P R F,
DeepCut'” 96.00 96.00 96.00
AttaCut-C™ 96.68 90.51 90.49
AttaCut-SC™ 97.47 91.29 94.28
ENYE R 96.09 96.58 96.33

6 AEAELMFETIH IV I OOV KB EZER
Table 6 Recall of word cut IV and OOV on different

24 AWIEE

AR Adam" VE ML, HZ Mo,
BN B I BRIN 15 B 1 x 1073, 0.9 1 0.999, 7 Hf
Al A T i A Z 348 ] Dropout 5, 2%
AR HULA . R LA S8R B LR 4,

x4 BSYERE
Table 4 Hyperparameter setting

24 Bl
B YRR 64
i) ) E AR 128
Yl 25 2
HEEIIRE 12
Dropout 0.15
2R 0.001

methods %
LR Ry Roov
DeepCut[z] 98.17 64.12
AttaCut-C"” 97.88 58.73
AttaCut-SC"”! 97.69 66.98
A SRR 98.61 68.57

H % 5 g R a] LUE H, AR 5T 48 Y i s A
TE LST20 ¥di 5 Bk T SmALAy 73 Fro ASHE
TR PR, F, ¥ T DeepCut, Ui B T i H J5
# Transformer JEAT 4R MR 2% S SR FAE S W)
CNN &, A F] T8 & 73 m 55 i g . AR
il Attacut-SC R H T & 19 15 B, WHoE & AT
B ARG 38 P ARG T Attacut-SC, {HH 7]
KR, WA R Fy 5] 5 & T At-
tacut-SC, H1, YEfE i 25 /& Attacut-C. 5 Deep-
Cut tH L, B T &S CNN & BUE F 25 1
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CNN, (HHESHHMBT K, 5 Attacut-SC # It Ui
BT RLA & iR A B R, S5 R R, AR A
w1 4R S i A CRRAE, i )RS Transformer
VB by 4 5 i AT B G 57 2, ROR LT HA X L
A,

M 3% 6 A&, AR (1) 85 5% 8] 113K Ry
FA R SR A A 138 Ry # e T AL, R
5 AU AT DL AR 4 v 2 >0 204G 800 43 1 REAE, [
I, B 1) Rooy, 2 A BF 5058 80 B T4 02
TLHE ST o

TER PERR I 5 T, AW B 2 A [F] 25 Al
() T3 A B A A

CRFY 5780 J2 3 3o 76 3 A Ik ) 2 14 9 3l i 1
H R IR T BT B A = ST R RRAE, T Viter-
bi 57k A 3R 2 B3] 81 X6 I bR 2 T 91 A A A
17, 19 B R A iR AR 25

XLMR"™” ## I mBERT'" # %} 2 4> £ 15
7 BERT Il Z5 452 B A Sy G 5% 2% 1) 1) P A 1
s

WangchanBERTa!'” j&— % %1 Ll RoBERTa-base
Sy HEEA ) Z B IO GRiE E A AR R L
A5 VE M A 1Y WangchanBER Ta-syllable 114 Sent-
encePiece ¥J 4 N A B WangchanBERTa-un-
cased 5 B JF @ % ik 5 . 5L A J& Wangchan-
BERTa-syllable Fl AR # L& 15 VB A, i
WangchanBER Ta-uncased 2 i) 14 475 {3 P4 g 5 0 B9
BEAY,

1% LST20 £l 48 1) i) M b 9 %o bl ik 245
W7, R T A LA, AH LA R, A B
GEH AR Y A ) M AR T AT 55 v Y P B A B i
o HET CRF M ik SR PERE S AIX, UiHIAH L T
Bt HLas 5 2 O ik, TR 2% 2] J5 vA T LATE 4 Ml
PR B . M T XLMR Al mBERT X 2 £
HE WUIGRE 5B, ARBARIZE G T 2815 A8 16
A, ) A3 AR A 3 1 B 5T B ) S R R A T
FEAE S SR E B A8 0, (A5 78 1) PR 4w O 1 1 e
AT #F . 53T WangchanBERTa AR AU AT H,
BT e AT T & O Fy MY F
AH Et F WangchanBERTa-syllable #5751 | A5 0
TA) RN 5T 0 R 25 A T LS G a4 o) 4 0 1
AH T WangchanBER Ta-uncased #5715 B A fiff
S8 H Y JRi R Transformer #H%% T %% T RoBERTa-
base TN 2 iH 5 15 R 08 BT (= R0 kb Ak 3 4 ACREAIE
5 B2 B, JF HARR TR T Il 40 S R
Ji ik, A S5 R TR T B, SEOBITE /N

R 7 LST20 HiE&E AR HYIR MR EE R MERE

Table 7 Performance of different POS models on

LST20 dataset %
F AR WOFBIF,  RTHIF

CRF"” 96.28 81.28

XLMR"™” 96.57 85.00
mBERT!” 96.44 85.86
WangchanBERTa-syllable[10] 96.36 85.24
WangchanBERTa-uncased[10] 96.62 85.44
AAEAY 97.06 85.98

3.2 HRLRAIE

RTS8 E 53 VLR D) A A B 2 T R AR AR
RE A RZ A, AR 95 N Z AT 55 06 & ff B2 T R T Al sk
5. 2 8 MY WS FKn B By i B AL, “POS” 3
7 B A TR P AR AR R, HOR Rl T REE
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Table 8 Ablation experiments %
i 53] TR
FEETR p =
F, WOFHIF, FVHIF
WS 95.92 — —
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Table 9 Effect of different encoder layers on model perfor-

mance %
\ - ifitaZEL
f£5% BRAEELD
1 2 3
43iA] F, 96.08  96.77 95.90
o PR . . .
PR : | 96.83  97.19 96.01
ZOFYIF, 8550  86.00 84.82
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Table 10 Effect of different number of attention heads on model performance %
TEEIIH
T W RS
fe% ik 8 10 12 16
433 F, 96.74 96.75 96.77 96.75
— IR, 97.17 97.18 97.19 97.01
A TEVR .
TR, 86.00 86.03 86.00 85.21
F 11 FEBK &G BT EE M BE Y #10
Table 11 Effect of different loss ratio on model performance %
W HA
s PN bR
% ik 0.4 0.6 0.8 1.0 1.2 1.4
531 F 95.83 95.99 96.02 96.77 96.32 96.01
s WeFEIF, 96.92 96.82 96.88 97.19 96.33 96.21
[l E2 ANE -
FFHIF, 85.10 95.80 86.01 86.00 85.37 85.33
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Table 12 Effect of different sliding window widths on model performance %
Bl ed 1 E R
:‘E -Lw =3 *\
5 SRUIECL ; 5 1 T T
et F, 96.04 96.16 96.77 96.19 96.00
NN MeFEIF, 96.89 96.93 97.19 96.37 96.36
bR e
TR, 84.77 85.38 86.00 84.12 84.01
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Table 13  Effect of different syllable hidden size on model performance %
. _ B/ iR e
115 RS
16/32 32/64 64/128 128 /256 256 /512
531 F 95.03 96.62 96.77 96.75 96.55
NI IR, 96.21 96.78 97.19 96.91 96.91
bR o
TR, 94.02 85.67 86.00 85.72 85.42
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Fig.2 Case study
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