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Abstract

The study of part-of-speech tags and dependency parsing of low-resource languages
plays an important role in promoting low-resource natural language processing tasks.
For low-resource language word embedding representation, the existing work does not
make full use of character and sub-word level information encoding, resulting in models
that cannot use features of different granularities. For this reason, a word embedding
representation that integrates multi-granularity features is proposed, and different lan-
guage models are used separately to obtained on different semantic information at the
character, sub-word and word level. And three granular word embeddings are combined
to achieve the purpose of enriching semantic information and alleviate the problem of
poor performance of the dependency parsing model caused by the scarcity of anno-
tation data. The part-of-speech tagging and dependency parsing model are further
jointly trained, so that the models can share knowledge with each other and reduce the
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linear transmission of part-of-speech tagging errors on the dependency parsing task.
Taking Thai and Vietnamese as the research objects, on the Penn Treebank data set,
the proposed method is significantly improved compared to the baseline model UAS,
LAS, and POS.

Keywords: Low-resource Language , POS Tagging , Dependency Parsing ,
Multi-granularity Features , Joint Train
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&, 70 A E FBILS TM gy, MBILS TM cpyr He it — 5 2 ST B T 1R 2 [A] &e® ; 1R R A7 4F
R ge; RN, HHBILST Mgy, FUHIA KA 18 [ & K 7Rsy.y,, i A LSTMIE [FF % 1] 5
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FAE RIS o 25 EMKAFING, 7). TG, J) FIRAF R R MR AT Srsif e Ram a2 (11) B
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W4, BATRECS SRR B PRI K BB BR8N Loss,n . B0 BREUI 0 A2 FR A PE AR
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) )\3 jjﬁé%éﬁ.
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PR A B A B LA (L)
ZH KN ZH K
MLP gy size 400 BiLSTM hidden size 500
MLPy .y, size 200 Arc MLP dropout 0.25
cEmbedding 100 Lab MLP dropout 0.25
wEmbedding 100 B1,52 0.9,0.99
sEmbedding 100 A1,A2,A3 0.2,0.6,0.2
pEmbedding 100 LSTM dropout 0.33
LSTM depth 3 Emb dropout 0.1
MLP depth 1 Epoch 30
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15 FH 42 5%3B K 01T R 3 %é‘zaﬁkﬁfmﬁﬁﬁ% 22 ) RIS AN BT R - AR
A W) = E R B N 1004E, TR ] R 4R E N 1004E, 1R ) S 4R

FLSTMEZEH N =2,
WEN1004E, LSTMYEE 1% & F5004E , K A7 53 B SN F 56 4 MLPRG J& 2 4 5 1% & 4500,
BT BN 5% 2 T ES 4> MLPRS e 2 45 B2 % & 9200, 0TI A3 5 2 T &R 2 MLPJZ £
[m] 7, &‘*ﬂ‘ﬂfﬁﬁ

WA 93

1. K EEGEZ A A, A7 AL E 90.2, 0.6, 0.2. 9 T Bk L&
7 DropoutiE At (Srivastava et al., 2014)8A, T8 PE M T B 18135 ] 8 A E ~ K70
7B 019 1 A2 B Dropout B S ISR 90,1, I HEBUIKER BUBILSTM « R 77 50 B
B HIBILSTM A Dropout i 2 5% & 40.33,  JRFIMI AN S R FIMNES 5 MLP I Dropout M2 4)1%
BEN0.25 0 ORI R BT A AT BR 20 J Leaky Re LU R EL -
3https://github.com/dnanhkhoa/python-vncorenlp
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4.3  SERIFHIRIR

H BN DTS BN R EE R TR SR R R R (UAS) M IREMKAE R A
xR (LAS) , WMIREES I EEF 2 AEERE (POS) « AICEETRMEREM
RIS T, By LA A SCR IS RIPF M AR EIRERUAS - LAS - POS=FFAN FRPRAIT
s potEse, BiEain 14) - (15) ~ (16) PR

HAF IR IE R A IAI%L

UAS = =g X 100% (14)

WAFINIEREFF BART R R IER IR

LAS = R x 100% (15)
AR
POS = — e x 100% (16)

4.4 SEREERNT
T BRSO TIR AR, ARG T = N A
SR — AN RIERE 7 PR SRR 45 SR X H
T REAICTERAE R, AR RS B R ER G AT . e R HE R
fJUAS - LAS- POS, SKEEERIIRAFTR -
ARG H LA RN
(1) BIST-graph (Kiperwasser and Goldberg, 2016): HKiperwasser® A\ 7E20165F$& Hi
A —Ff i F BILS TMASFIE 7R A0 T B A AT AR
(2) BIST-transition (Dyer et al., 2015): HiDyer% A7£2016%F#2 Hi i —F{# FStack-
LSTMMJE TR A AT A -
(3) Deep Biaffine Attention (Dozat and Manning, 2016): I Manning% A\ 7E20165F 12
H B — R SR EE R DAL AR AT
(4) UDPipe (Zeman et al., 2018): FMilan Straka A20185E4& H f—FRAMEARIC « K
FEHT I Z AL SR -
(5) UDify (Kondratyuk and Straka, 2019): FiDan% A2019F#& H A — 3 T Bert LI
HOTRPERRIC « KAF AT I Z ARSI
(6) JPTDP2.0 (Nguyen and Verspoor, 2018): HiDat% A201854% H A0 —FhEE AR 1K)
ML AT D ATIREL -

Treebank Model UAS (%) LAS (%) POS (%)
BIST-graph 83.13 75.64 /
BIST-transition 80.78 73.82 /
Thai-PUD Deep Biaffine Attention — 86.32 78.47 /
JPTDP2.0 82.73 74.61 92.71
AT 86.84 78.87  95.19
BIST-graph T4.77 70.96 /
BIST-transition 73.02 68.54 /
Deep Biaffine Attention  75.83 72.16 /
Vietnamese-VTB UDPipe 70.38 62.56 89.68
UDify 74.11 66.00 91.29
JPTDP2.0 67.72 58.27 87.63
AT 76.62 73.84 93.30
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SR LE R R, AR SCIR H ARG SRR R E AR PR R IE AR AT B AR T FEFRIB R
£ | UAS- LASHIPOS Al E LR JPTDP2.0S2 T 7 4.11% ~ 4.26% ~ 2.32%, 7EilFgiEsn
FEEL, ZTOENMIEMERHE EREGEANEHERA - B ERTH, FHXRE - BEiEX R
REIRES, A SRR G MR SR E I TSR [ & R oREiE T HEINEE
FIEXAE R, Rkh T R BEER 5 S 2R R IR OE SRS BRI RE, BERA G KRERE T
WHETRMCFIRE T ES 2 ARG R, RETHER, MRKES T FRE R SR EVE B &
HIFEFF -

ST ANFEIBERTHA SES ) 5250 45 S5 b

R T BE AR S IR R R HE I A AR 208 S Bert iR A (122 Fr I 0 B R [R] SRBSVE R 117
] 2 R AR SEAG 25 SR B R, A S0k A 2R B AR AE 3R 1) & RAE 43 Al 1L B BertH Hi A 1-4/Z 5K
0~ 4-8ZKF < 8-12Z3K A0~ 4-12/Z3K « B FH EE12Z A% 122 Fn tH A B Z EE I HLHISE
R, DR EHSEISAIUAS - LASFIPOS, L3045 RUNFESAR -

Layers UAS (%) LAS (%) POS (%)
Sum 1-4 85.73 77.65 94.98
Sum 4-8 86.03 78.41 95.08
Sum 8-12 86.12 78.46 95.17
Sum 12 86.15 78.34 95.12
Sum 4-12 86.31 78.71 95.23
Layers attention 86.84 78.87 95.19

5 AR B Bert 5 F1F U SEAR A R A0 R

SLIGAE R R SRS [E SR RS A Bert 122 H B T AL REE HE IR KB -
5 FBertki i F91-4/2 , 4-8Z R A E = MM fa b IR T HHS- 122, 4-12Z F1 B {F
F12/Z2, A 5NBertiU12/Z2 i th A AR /2 B0 18] & 5K 9 BT FHEE bR IC B & AR s . H
W, H4-1202 BOSKRAIEC R Fr ) & RAEFHA PRI R m, 18%8095.23%, Al H1ESE R
iy SR ME AR D B BB o T N Bert 122§ 5 E 1 B I HLH B S A S S
Fi] [a] 5 R AERTUASFILASIA Bl 5 1 1986.84% A178.87%, FI AN AE Y Grid F2 A 5 F2 24 5]
X Bert 42 ¥ tH AR E B (B AR B B4 ORUR: -

F T B UEAN[RIRLE FOER A R A BURUR, AU REEIR T T AR S SR, T
FFAA B A HON , FH FIRAARE SN, A - a2 A7 R A A PO R AN [R] SR8
AN, D REAESLIHIUAS « LASTIPOSIE, L3845 RUNF6HT R -

UAS (%)  LAS (%) POS (%)

1A] 85.37 77.23 94.21
FAF+1A 85.75 77.92 94.85
1]+ 1] 85.93 78.33 94.82

FiA+F R+ 86.84 78.87 95.19
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e A R AR BB AR D, MAAME S - KAaFL08, 61267 1718,
HHUAS . LASFIPOSS 5l N88.09% ~ 82.53% ~ 92.86% . & Z&A)— It A1 £23011 17 1& , H
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