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A Self-Attention LI n-gram EHAZRY
HURIES & 20w 8 shiR i iwise
EOS ', BNE ', BOE, B, K M MEm

CL T RAMEANA R ZE ) MR AR REAL B S S S22, )48 1 510006
2. TTIRAMBANA K2 (R ERMESHEARSEGE, AR T 510006
3. TIRAMBANA RS RITiE S SRR, TR T 510006 )

 OE. AP RE A L1429 AR5, 4R B —FF#k S Self-Attention AUH] . n-gram KA 69 A 2
M 2 Fo i it BRI AR S 0 7y ik, B ILA 09 SR R A Fh AR AL, A LA SHOMA BA A b, A % &
CNN #= Self-Attention AU 847 Z 2t , I Universal Dependencies 2~ 77 69 ¥ R i # B3 4T 2 & 4194215 A )
AR B AT s, R A TextCNN+Self-Attention+CRF A2 A IRAF 32.20 694235 % 33425 F, (A4 32.34 4
F2iE R FRA F 1E, b SHOMA B2 53325+ T 4.93% #= 3.04%.

A . PP RAE A 4974295 ; Self-Attention LR ; AABRAVYZ ML AFHIRH; TG

RESES: TP3I XHEAREE: A XEHS: 1673-9833(2020)03-0001-09

BIXH&X . £, XK, & B, 5. @4 Self-Attention AU F= n-gram B ARAZL 4 67 35 B4 4 19)
B R F AT (1] 3 d Tk K33, 2020, 34(3): 1-9.

Automatic Recognition of Indonesian Compound Noun Phrases with a Combination

of Self-Attention Mechanism and n-gram Convolution Kernel
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Guangzhou 510006, China; 2. School of Information Science and Technology, Guangdong University of
Foreign Studies, Guangzhou 510006, China; 3. Faculty of Asian Languages and Cultures,
Guangdong University of Foreign Studies, Guangzhou 510006, China )

Abstract: In view of the automatic recognition of Indonesian compound noun phrases, this paper proposes a
method with Self-Attention mechanism, n-gram convolution kernel neural network and statistical model combined
together so as to improve the performance of the existing multi-word expression extraction model. On the basis of
the existing SHOMA model, a further improvement can be made by using the multi-layer CNN and Self-Attention
mechanism, followed by an automatic recognition of compound noun phrases based on Indonesian data disclosed by
Universal Dependencies. The comparative experiment results show that the F, multi-word phrase recognition value
of 32.20, as well as the F, single-word recognition value of 32.34 obtained by TextCNN+Self-Attention+CRF model
obtains respectively is 4.93% and 3.04% respectively higher than that of SHOMA model.
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1 HIRE=

MWEs ( multiword expressions ) J&—F iy Bi-~a{
FHWALL B NC AT s ot EAWE R ZE
&R AR RIS SR, HAE Uk DL R L
AT T B R A B IR AS . B e AR DL
SCRHIE BRI, 2Rk 08 A ARE S AL BRI — K
A, X AR S A FOBLAR RIS R DG

HEAWEZIMRIEN—KEHEEX, &R
FETET A0S & b B9 — R I S8 LAY IE 5 451 .
Rk, EA 2GS A EE AL FA
TAIF BRI 47 T A AR T X P A O A
B 25 L K6 HIT-IR ( Harbin Institute of Technology-
Information Retrieve ) PUBMATF X RMEN G, 18
BecHr, AR/ INBUATICC . i DA SR A 2 R
SKTEN, fEEREE S A, I H LB FIFh
FEHG I P75 HIT-IR A BPENAT 10 000 AJifkt s
T KENESAI. BREED I8, E451W7E
REFHAR VI B AR R S, W —DRHER
EAGHIE—AE A SR YR, BRIEY
A AR O T 205 3 KA 1
Fis . ERJETRE G 20 A S s oy LA A T
ZMgy s, AAEEDEIERRTIR L 1 A 3R
HLAFEIE . EJEIEZ LA ) o e

*1 EHZREINZS

Table 1 Examples of Indonesian compound nouns

RS ALES -Reatil P73
labu air ) labu JI, air 7K
A IPATEENY rumah sakit BBz rumah 51, sakit J5
orang hutan J£#£  orang A, hutan ZEH
kertas ampelas P4 kertas 4%, ampelas $
A ahiRZL,,  kapal terbang ®#L  kapal ffff, terbang &

lampu témpél BELT  lampu %I, témpél A

labu merah 74 )l labu J\, merah ZI.
emas padu 4li4> emas 43, padu Zlif

manis mulut {5 %15 manis &, mulut [

44 )R 2R 1) 2

ZiFIETE, THEE A WNIRG, BA
A EE M E A TR S, JF BAESETE . DUES
TR P AW O AU T —E s T
AT 32 22 LUK iR B e 12 it 5245 44 1]
T SCHRIE | A7 R R RS 9 3RSl i 2 T
P IS~ S i 40 BN - S e L E 2 BRSO N O S o RS

4G, LSRG 2100 A s, 5T R0y
ZIFRIBEA, —BERHFFRIE—Fh 2R IE R
BOCE e U, G TIHEENAR, WS T
HRE T MNES . TR 2R BEA,
Pz S NIE T D RS WA KOS N Y A i BUK A RS
Fhgiesy: 2 A A i By v ok i it 20 R K N BB Y
HEAERE, UAZIWRES LT UM EGRRES,
Bl E 2 28 1 R A, YT H R K2 /2
8 B 4 M 2% ( convolutional neural networks,
CNN) | BJa] K %5 B30 12 M 2% ( bidirectional long
short-term memory, Bi-LSTM ) 254145 [ 45 45 & 444
Fti#l¥% ( condition random field, CRF ) F )ik, Ii4E
K, Self-Attention AL 18 i i 3 [7] —A>4) 5~ rh HLga) 2
(] {1 — SRR EE SURHIE, A S 15 3] F i
BB AH B AR A RRAE X A 28 ) 45 Ak B SCARE B
RORA B EIRTE, IMAESFh B SRE S 203 ( natural
language processing, NLP ) {T-55H 155 0],

Eleif R —RMAB R E R, A FEEEALE
fbo VER—FEEEATE S, ENRIESDOE . ik
FHTEFP RYTEE R AN TR SOC R AR, FF B st/ AH
RATTER AR, X 3O A 4 T A RO i 5
KPR -

I 5 5 AR A A BN JE iR R A 44
BUIME S g f AR A0, AR T
AR AP TR, 50 22 1) 3 8 TR 1 Y B b 2
KHEDXTTEEIEE A 400 B iR B RCR . B
AT R PR BRI CIE N E A& AT K EZHCN —
JU I =g, AECh PTG, R RS n-gram
R THA BRI, [, %IEF Self-
Attention 4 3 [ 41 {5 B AL, 42 LARl A Self-
Attention Fll n-gram # U E—HEFLA 1) state-of-
the-art #%), E SHOMA #5574 ' /£ E) Jg 1 52 45 44 1)
P

2 FEXMR

R [ NS B JE T8 S G 24 T BRI A S F S
R IT R, [H R AR A ShR B i 31k
. EIREEE IR SRR 2T, JFiR
13 T BZ WP RCR SRR . X SR LU ENJE T
REATER I P/ E



B3 RLEL %

Rl G Self-Attention LTI Fl n-gram FFUZ B ENJE1E & & 4410 A SRR 5% 3

21 EFEHRR

FEENJRIE IR 5 45T, mARAE O NIE T 2
B AR BEXT B TE B 24 1RSSR T T IRABIFSY, gk
ENRiRE AR EEAWT 328, MM IRl S
M. ARSI EM . hA R ATEA R4S
MR B2 X 5 A 4 1l TR 28 ] 1 32 A G
RO LRRE R EZARFI N, AR TR
JRTE AR RE R, HERJRIE R A 44 1 i B fit
TR A

FEE A ATRIER 20, RIS " Bgs T
NG G AR OGRS RIS, FLAA MR
PRER . —P S A R P A A BIE Lk
FESCHAE SR M 5 — RN ST N BR IR TR 1 X
FORE A AT TR BB E LR P B,
Warren!"™ 76Xt 915 &2 & 4% i) 1B Ao, 3d A I
BRIETRAXTI RS “N1+N2" &A1, Riaxt
AR S Z [ B HE ORI T 4328, A T I BRI
AR SIS, BT AUE I A3 Y 44 TR R 0 44 1)
ZIAETE 12 PP LOCHR, il 4 24 1 B4 ORI
PURIHRAE T IRNC 2R RS SR
22 ZBRFRIERIHAR
221 BREF SR EARR

M 20 22 90 AT 4 5k A7 2 X MWESs $2 1L
PEAFAFSE, 4N F. Smadja™ 31 T Xtract Z G0 K42 H
TIEFETC (collocations ) . £ T1E F M 5 411
() Z2 10 IR 4R U 15 7 1A, S. Piao 28 U i F X %K
RLSR DL B AR 5 1 vk DA b 8 L 15 2™l & SR 5T
Bt 1) v SCER R R A IR T R SC MWEs, 7E I PR
B H %43 2009 4F F I MWEs £ Tig 2 |, H
Wakaki % U™ A28 1 U] fff FH B0 MEASE R i B H 3
) MWEs. JH2% U MRS B G AR . A A7 41300 |
INEROCHREE . 2Bk, N H AT E
I Z iR s

FAh, — et gy i 51 A E UfE ROk R
MWEs FIRIEC% . 1 T. Baldwin” #1 G. Katz 45 ©1
657 1) o s ) 1A SCRE S A 155 MWES, T.
van de Cruys % P 7E 2007 45-(# I R ISR 215 LI
BN T MWEs, {45 P R T — R TE X
it 5T THAZS AW D, %R
TR A By BT B NE R AL, IRT
MWEs (92 325 Fl, JF HN = o4l nl thig ke B
SIRE T AR EYSE MWEs, JRBierss PR TR
BRI IS Z i35, It HARIEE N 5 1
IMAKH B RIER, (IS Ee e s bR 05 B
bii iyl

AR, P28 e G lde s X IR = > J7
TRICBLT Z A FAARI ). R, Williams™ 1 T 3E
HiEpRid, B LAY, $RH T AP 19 RPN [E]
15 5 FHT MWEs 43 #10 WB ALg 2 > AR B SOAR
Ay HLiA i, M. I Hosseini 25 P 48 H T i il “2-CRE”
( double-chained conditional random field ) S 7 9EIEE
B2 iRk IIR ], O. Rohanian 2" 454 GCN( graph
convolutional network ) 1 multi-head self-attention
Pt 22 I 5 2540 FH T Z il Rk i $2 . o, GCN
IR 6% 1 A il Ay SO B, R B T R T AL
( self-attention ) N JCTFER IR & . S. Taslimipoor 45 [
Peh T —Ahid T 2R gk R I 55 IR R 25 ST IR &R
5Ky, BRI HBRE AL Z AR A2 A5
IHHAETUZI I T — A2, BR)=
T8 3 R E AR S n-gram RICAE S, HEXAR
BiAE Parseme FEEEAT 55 R B AL T ILM AT 2
HMRS
222 ki@ AEA %8 FGR R

3 B 210 B P T R 15 &
E NAMT Z 2 E AR A 45 Gk R A AR A
P TSR A R 2R R AR BN k. O
WA R, (548 HIE R 0 Z iR Rk $e BUr 6,
XTI B Y 2200 SRR PR O A # B . b X 4
YA Y ZE O i shin B g R, RIS
POFIE AN AT g, B T — A G R
FHZS A B E = Shinl s ) A SRk . 4
ML« 745 P T HATH WA AR X
SRR 7 3 R Ge it 5 A 4 B IR 15 2 1l 3Rk 4l
DI, SR B A T AR A B R S
PO TG 5 A R, F i T 4E 5K 1E
Je 1 F ShAM B AR SCRIF ST i N FLI « Wb A B
PR T —Fh S BOAL I A 5 B KR AH S G TR A SR i
BRI B 51l KzBase VP ( FEAR SR 1E ) #1110
A, BUS TGRSR A R

3 MRFEMIFMIER
3.1 HIRAR

A FTAEINAT Z i) F ik P I () JE b R4 7k
dE, SRFPRZE TG T ARSs G rRiRl, PRI
XTENJEIEE A2 s &, FRZ MK FRRF >
EQJEIESCAIRHE, ISR SRR 2% 2] B RHE,
AT i i A5 B0 52 G 44 T e 1 i P 45 21
Mk T BB RIS AR AR T L A5 ]
SPATIRER, RSt ai iR, RIS e, A
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WEFE LB TR EE 27 ) I i BN R TR I & A 1 R
HaiRBh B, $2H0F 2 MR8 A (research
question, RQ) .

RQ1  n-gram 45 BUZ (ML XF 2230 3R 3k (4 41 531
e AR

WFFEEE 1 (RQL) MR TXEN R R E &
4] n-gram FCPE M EE, B 1 RR R E A 4
W n-gram 534 {500

=0

Pucin

D

=i
Bl ntESRRAEBELIHRER

Fig. 1 Distribution of n-gram compound noun phrases

HTEAGAWEST o0, —oo, Wooial, Him
FEH AL n-gram B BUZAIIEHERIRL L 2 TC n-gram 45
TR AL TR BIROR

RQ2  Self-Attention HLfilJ& 75 A LAXT BLAT Ay 4122
W28 7 A R e

W H 1 £ i % 3K state-of-the-art #5 B ([
SHOMA"") XA T Bi-LSTM ( Bidirectional LSTM )
BRI PY T Self-Attention > i #1 AT LA K 5]
JEA AR S5 S, WU T R8I 2 A4
T RE I RREEH, AN H Al A Self-Attention
X Z2 ) F R R B
32 WAFRIEZR

K H BIO A2 6 EN Je ih iR Rl T 2 & 44 1 Je i
FRiE, ZJaHA e AR A R A
PRI B 22 5, HTIRIEASCRE R 1Y 2 MF5R
(], BI3 F P n-gram £ FURRAE X ALY (1) 52 10 LA
M Self-Attention L Al n-gram #5 FUEFAE X 45 R 1 52
M AFSEHESL A BRI IE] 2 P .

A[RQI; mfrn.gramﬁwa‘:mzxﬁﬁmn@%uw]
CRF (Baseline)
Bi-LSTM+CRF

e N ThRYE

BIOFRIETE R H TR }—

—>— Self-Attention+CRF
CNN+CRF

TextCNN+CRF

RQ2: iTffrSelf-Attention#/Lifil Fln-gram
A FURAIE AR 1) 52 1)

SHOMA(State-of-the-art)
—»ETextCNN+Bi—LSTM+CRF
TextCNN+Self-Attention+CRF

B2 MRIERRRE
Fig. 2 Research framework

32,1 AEREA

ZANF IR R I Ty AT FE TN 0 )5 . T4
TR RIS TR N 0 ). ASCRAIE 5T
i) CRF RIS FEUERIAY

CRF J& HARIE T A B4R 1 7 Sk 2 —,
BT RN AT . A SRR L SRR AR . S
FEHT AT S AU PSS BT, CRF 0] LUE 2%
A IO RTER, SRAFRM AR LAz
JE A5 E kA rAg =

ARG i BAAS CRF JZ2AE Ry AR 5Bl
JE T SCAR 2 2 B (Rl A 1) 2 R0 SCAS X6 I bR T P
G4SN CRF JZ %A, A5 20 0 H B2 F5000 ) 45
73,
3.2.2 State-of-the-art #£7&!

ik [11] 42 4 19 SHOMA £ B (0L & 3 i
SHOMA ) , f&—FhHF CNN I Bi-LSTM f 1 25 [¥]

2 [RIBF 45 A CRF Guit i sy, AT 20 Al &
EATIE SN L )N eS

SHOMA #E R 7E % 1 J@ W if: b B 5efE: F(H,
8718, TEFRAEIE FHIEFRD bt B0 BT 1 8OCR
F WA AT DA S P T30 TR A Rl i T A Y
EATE SISV
3.3 EhE Self-Attention F0 n-gram HFRIZH)IEEY

WFHRIENE A 2R ZHCh o0 =0
], ECHIUITEE, A SCE ek 2 FIE U CNN
FFAHAK n-gram {5 5., K5 n-gram FEAEXTF #2809
28 BB AT

1) BB/ R 3 FIHRE CNN (ILE 4)
(IR T 3-gram WIRNLAE B . LR d 2l T
BRR/NN 2 A4 BIELZ CNN, (HECR A B R
BRANH 3 18T

2) BB R/NE 2, 3, 42 CNN (I
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Rl G Self-Attention LTI Fl n-gram FFUZ B ENJE1E & & 4410 A SRR 5% 5

Fl5) . BIR T TextCNN®Y (9 2R, A ) [6] B 42

B 2-gram, 3-gram Fil 4-gram A3 (5 B .
FEARSZEG [l B fif ] TextCNN X SHOMA 1)

BIRIPE Tl BIFEJRAH) CNN 2, Win—)246

Embedding

\

FUWZR/INA 4 1 CNN 2, 15880 n] LIS 3K 3 4-gram
AR AR B CanE 3 H Y TextCNN+Bi-LSTM+CRF
iR o

input

[ConvID]  [ConvID| [ConvID| (ConviD)

| 2-gram | | 3-gram | | 2-gram | | 3-gram |

|ConvID| |Conv1D| |Conv1D| |Conv1D|
 4-gram | | 2-gram |  3-gram |  4-gram ]

Concatenate

LSTM

TimeDistributed

a) SHOMA

LSTM

TimeDistributed

b) TextCNN+Bi-LSTM+CRF

Ve
AttentionSelf

TimeDistributed

output

¢) TextCNN+Self-Attention+CRF

B3 REZEMLLR

Fig.3 Model architecture comparison

input Conv1D Layer(filter size=3)

4 B CNN&E
Fig. 4 Single layer CNN model

/

i Conv1D Layer(filter size=2)
m3x128

Conv1D Layer(filter size=3)

input 1 :

Conv1D Layer(filter size=4)
B 5 =/ CNN&3
Fig. 5 Three-layer CNN model

Self-Attention ¥ % A ] & X ( 43 51 3% LA W7,
Wy, Wy BUBXEREFGE) 3 15 Query(Q), Key(K),
Value(V), FfXF Q, K, V #1741El 6 JIT 75 1) Scaled
Dot-Product Attention, L1744 AT 5 (1) V # BE
AN A A Q R K, H T X Rl AL 545 Self-
Attention ™ 1 SR 23 O B R 91 B IR g AT
SEE R, AT DR R B B AR 1 C R . ALY

Concatente

S B, Bi-LSTM Be 4 25 28 m) i U, (H 2
Ha R B i K T Self-Attention HL1#H 19, A 3 {#
Self-Attention 5 4t Bi-LSTM 1) J7 3% ( 4n & 3 H 11
TextCNN+Self-Attention+CRF fE R R ), RS
Self-Attention AL X} B JE 15 A 44 Tl 15 H sl AaL
AT

MatMul

Mask(opt.)

Q K 4
& 6 Scaled Dot-Product Attention £5#4
Fig. 6 Scaled Dot-Product Attention structure
CNN Al Self-Attention BEHE A ROk F SCHE
fiE, e R AR M as i — e R, T4
RO TN 7 S bR 4, BREIRIBR T oy > B A AL
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Hh, IR i A

i bR, SCHARAISE S 3 )2 CNN RS, JfR
JH CRF AE M myfan th iz, 2% 2] bR P
G, ¥4 Self-Attention = >J FI| ) REAE e 24 52 iy H 7
MRS, SCBENJE1E A 25 1 23k 1) 3 2
218
3.4 FFMIERR

SEIG Fh A FRE I (precision ) . A B1% (recall )
M F, {6 (F-score ) 1ERTTFHHERR ™, ZEWRMEDLT
A5 R T VAL . — PG U A% VL L (T 20
PO ), XAMESL T A B 210 23K 1 LA ER
R—AHIG, NOZEIER X 5T O3 — g SRR
VERE (BT Rt fupl ), e i A 2 30 0 1 B 1m) K
XTI FIBRTE
341 R F4iE SRR 68 F AL

Cy F7s IERAAM IR e 1 52 G 44 T el 1 )
Py R BB R I & AR TR IR, Ty 3R
TN IO T R A A s R . SRS
BN PERRPR AN 2 .

%2 ETFEIESEARAATEMNIER

Table 2  Evaluation metric based on multi-word recognition

PR PEZN
WERR P P=Cy/Py
1% R R=C/Ty

F {d F,=2PR/(P+R)

342 A TREBEFRANG F L
TR PE R bR I 3 PR,
*3 ETRFINANMTEMNIEIR

Table 3 Evaluation index based on single-word recognition

PR R VAN

HEWE P P=Cy/ Py

ARE R R=Cy/ Ty
F, i F,=2PR/(P+R)

Horbr, Cy R IER IR I 245 44 1) A 18 v 3]
AR, Py 2o BB Sk 1 52 45 44 T AT 1 B
WRECE, Ty R A R 2 S A TR TR

IR

4 KRWiIE

4.1 BIEEE

AU & B Universal Dependencies 23 - 1
EJeiEbREERAE , 5 1 1000 A)ELJEiESCAR S,
Forh g — ) B JE TR AR A X0 AR AR

N T ARBURZE P4, ARHE TR AR X 2 A A A
FI BIO pryEtg=l (W 4) |, R E A& LS,
32T 332 MG, Hoh oo 289 4>, =
JGia 37 4>, DUt 6 1

*4 BIORE
Table 4 BIO annotation

PR FR R % B X

B (begin) PRI ATEIR BTG FR

I (inside) PRI A AR R A AR
O (other) PR G AL TR R OO HY H]

T RBREE TSR, R A A
BRI TR FOR,, XA B T A bR .

1) B 5 s B s bR 28 7 91 —— X AF i, 4%
P

2) BREFRAT S, WA B H I

3) M N TARERIZER, {1 BIO 48 XX 58 AL
THOAh B R T AR VE, LRI AR ) Bk B F A Y
FIRo

ST R, il BIO ARiEAS L, IR T
g L ANANE O INBR . XFED IR R & A1 MEIE N A
SIPHEA R

ENJETETERLE R AR5 ARG 5 s, AR
5 AR IE S AT DAFS N, transisi media sosial & —
MGG ENE, S HAREUR ARG A 2 6 4 TR
FIFREE P o N T A ENJRTE SCAR L AL MR A
2, ASCRABEILIIZR 5, JH one-hot R/ E])
JETESCA, 4 one-hot [n] 15t 4y A B 4 28 o 28 A58 v
1rom 2 o I 25

R5 BIEWAIEIREZEG

Table 5 Illustration of data preprocessing and annotation

J5/a) Bagi mereka yang mengikuti transisi media sosial di Capitol Hill.

bR Bagi  mereka  yang mengikuti
% o 0 0 0

transisi ~ media  sosial  di Capitol Hill
B

I I (6] (6] (6]

42 BHIEE

R TR T IR AR S T BN E TR R G 4 1)
FEEM A SN, BOE 2 MR IR R SO R Y
2 ARSI, X AR R st T 15 A A S
6 Fin.

LERE AT | i ] relu /E AR (R 3800E BRI
KT HRIGE R Y n-gram L5 B, CNN E%EA KA
dropout; 7£ Bi-LSTM JZH, f#H 0.5 A dropout £1 0.2

A9 recurrent dropout.



FlE Self-Attention HLHIFN n-gram BFUZ K ENJE R E & 4400 A s 5 s 7

I3 EOE. %
Fo RESHILE
Table 6 Model parameters
" Bi-LSTM  Self-Attention A% EHU%
i e CHEY R
Bi-LSTM+CRF 300
Self-Attention+CRF 256
CNN+CRF 3 128
TextCNN+CRF 2,3,4 128
SHOMA 300 2,3 128
TextCNN+Bi-LSTM+CRF 300 2,3,4 128
TextCNN+Self-
Attention+CRF 236 2,3,4 128

TERCARLYIERIS , Sy TR 245 R, (T
TS IR Uy, I 25 B i AR A 19— ZH 25
A, R 8 MEERKF I

5 SCIGZERF0EM

ASCHFFE R 2 AN Ta) i, — 250 n-gram 45 A%
BRI A AR B AR R A PERE LU, A
IomlA T Self-Attention ML FI n-gram B FUZ I 7k .

n-gram 5 B X 2 A& 2R PR (BRI RQ1) Ay
S EE AL S AN IR G 25 R L BN SR 7 R .

® 7T n-gram HRRZITEE MM E5 R LR

Table 7 Comparison of the effects of n-gram convolution on the model

FLTEZAT U HE R

FLEHAT U FE bR

f5 Y
P R F, P R F,
CRF (Baseline) 19.04 5.88 8.99 37.93 7.69 12.79
BT Bi-LSTM+CRF 24.14 20.59 2222 28.7 23.08 25.58
Self-Attention+CRF 12.86 13.24 13.04 21.05 16.78 18.68
3-gram CNN+CRF 28.00 20.59 23.73 41.46 2378 3022
2-3-4-gram TextCNN+CRF 21.28 29.41 24.96 30.00 33.57 31.68

HY ¢ 7 W] J: gk ofE 52 B CRF /9 W 301 F, {H 4
Sk 8.99 F1 12,79, 1 2 A~ AE 45 UL B AL, B Bi-
LSTM+CRF, i (1) F, {8 43 5l & 22.22 i1 25.58;
Self-Attention+CRF ¥ 11 () F, {H 43 7 & 13.04 Al
18.68 . 33X W Filt o Atk Py 4o 22 o 28 A5 R 55 S 2414 T+ CRF
FEMEREAL {HJZ 3-gram CNN+CRF 89 P TEH0 45 R
AR D R TSR R R A b 22 R, F B TR
F| 7 23.73 F130.22, MR )2 EH CRP2 G,

370, 4 UML) B TextCNN+CRF 8!, R A
(T RAERRY, JIF HALT HA —)2 3 e B m
CNN+CRF #i#), F {Hi5%] T 24.96 F131.68. Hit,
[ FH 2 )2 n-gram 58U, TLMRFHENETEE &
SR EIE R AIRCR

T n-gram 5 F2% |, @4 Self-Attention L ( EJ
RQ2) ML R HADBARI G 25 R T, sk
8 Fi/m e

R 8 Self-Attention HLHIFN n-gram FHFRAZ IR Z 00 B 25 R L 3]

Table 8 Comparison of the effects of Self-Attention mechanism and n-gram convolution on the model

FEZ AU HE R

FLE R UITTEAN f bR

R F, P R F,

i #
2-3-gram SHOMA (State-of-the-art)
+4-gram TextCNN+Bi-LSTM+CRF

+4-gram+attention  TextCNN+Self-Attentiont+CRF

26.47 27.27 30.77 27.97 29.30
23.53 32.32 50.79 22.38 31.07
27.94 32.20 41.30 26.57 32.34

i1 8 1] 4. State-of-the-art #5 1, HJJ SHOMA
RO, REREHNAS 27.27 F129.30 () F, {8, TEPIHRENS
T 206, 3 CEBRZBINLRIFF SIHLE], B Bi-LSTM
HIZER , FERE Z i 7 ORI T HA n ool
MMk = e 4L Y TextCNN+CRF #8%1, {H SHOMA
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