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Abstract To slove the classification of the “de” structure containing the usage of semantic ellipsis, a hybrid
neural network is built. Firstly, the network uses a bidirectional LSTM (long short-term memory) neural network to
learn more syntactic and semantic information of the “de” structure. Then, the network employs a Max-pooling
layer or GRU (gated recurrent unit) based multiple attention layers to capture features of ellipsis of the “de”
structure by which the network can recognize the “de” structure containing the usage of semantic ellipsis.
Experiments on CTB8.0 corpus show that the proposed approach can achieve accurate results efficiently, the F1

value is 96.67%.
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Fig. 1 Model architecture for recognition of the
“de” structure with semantic ellipsis
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Fig. 2 Extraction module based on GRU and
multiple attention layers

78

BT 5 B9 Ak A ORHK

B R — A A I B m (1< j < N) BOTE B 78
I a! DR TER SRR
dttl:mj’ rl vde :| btl’ (3)
a = NeXp(g,) ’ @
E:eXp(gk
N
:Za;mj ’ (%)
=1

H,w, RAUESE, AR )ZHE, b &
TR BT, HRYE Tang E 286, X R BEEZEN
RN 3.

B, )22 M6 GRU BT, HiE)E
— A A PR 2T T A WERRAE, B X AR
P g il R B iy . GRU 32 B2 s <[] ke 0
RES, TR RAEE Bk et il i . GRU HLocH 1Y)
#%@h% Nw I

r=sigmoid(W,i +U.e, ), (6)
z=sigmoid(W.i, +U.e, ), (7
e'=tanh(W,i+ W, (rQe,_)), ®)
e=(1-2)0¢,_ +z0¢, €

rOEEEN], JREH, i RHEREA, ¢ fle,
PR A5 L WOE RS MBPOEAIRE . 5 LSTM A L,
GRU HA H /D S HORH ) L 254, HEA S0
S, T LI LR RE GRU.
2.3.2 EF Max-pooling B B R
fii Fl Max-pooling #& 5 5 5 %2 1) 45 Bg RRAE, Hili
gE R a1 3 T 78 . Max-pooling J& T % 24 5l it #4
Wmﬂkﬁ% N (I
extract_de=max.", m;. (10)
T 18 A I < A5 A TR R A AT 5%
11l Max-pooling flt it 1% [ 12 4 J& 80K, PR AR SC -
U — 2 B 4 42 ) 4% (feedforward neural network,
FNN), #4H 2584y Max-pooling flt ST HR 1) i
2.4 HiHER
FE AR R, AR S 34 4 T R 1 R R <
FHE A G FRRE, $F Gk A soft max 245 B i & 07
FtR . HHEAKXT:
p(d) = soft max(W [extract_de ;extract_de,]+b,),
(11)



REVKTE S BT 416 0 28 ) 45 B 18 SLA8 I <15 25 1 1L

3  EF Max-pooling B Bt

Fig. 3 Extraction module based on Max-pooling

Hr, pd)eR?, W, Mb 23R MB%0,
PR SR 22 SUR B A pR R, TR AR

Loss=Y" >y, (d)log p,(d),

deD ieC

C R FEH KRR, DRI FEHELE, p,(d) A
i*%ﬂ?%@]ﬂ@ﬁzl—‘ d J& TR i AR, y(d)
A d bR . AT B R R S B
P22 P 28 AL AL B ] Adam B35 221 TE A D7 v
K H dropout!®*,

(12)

3 Xy
3.1 iEH
AMR FLVF B B FAD SEAE &, fig %%iﬁﬁ%
— AT R SO R 4 25 Bk B

AMR £/ . AMR A DIAR#E bR SCHS A& person,
FE R <BREE"HY arg0. [FIEF, H3C AMR i 2 b5 i
U W <P S 2 R B R ) B . AMIR PR A 4 A
fif D T A G 10 R 3 2 T VR TG R X 1448 I R R DY
SrpriR s,

AR SCHITHC CAMR 3R} PR v i A 1) < 1) 45 44,
FEXRTAS AL 25 0 B - 25 KA 2R A 748 W 2500 1 ) b
Fo A 11829 1 “ry F45ty, HrdEam il
SRS R 11165 4>, A8 B SRy S 45 1 664
Ao ARICGEAEEIM (BRDUE /N Ew ) BB
ARV SCHE iR 2 AR Je CAMR I RLEE, 43
M 48 5 9E 48 s A < i 25 4 v 1 R SCHRAE,
BBy iR SO 4 A W, BRI 1,

F 1, S 3 A BB L R R ST 4 P
I3 BTG A T SR R, RS OB
I 2 HY << (1) 25 H ,\ﬁimﬂkﬁmﬁ*%ﬂ“ DN
o ATLLE W, PSR E B B Bk . R,
Xf CTB i B o R E4T CAMR AR VE R4, RN
I%{fﬂ@ﬁ&%ﬂiﬁzéﬂl%;‘éﬁ'i“ﬂ@” g5k, L
S R L B, A SIS R A R 1 K B
18301~ hy T it — 2 Pl AP 2 R A e ek, oBR
AP 24 W5 2 TR < By 2 245 K K g A 45 ST — 2 B B
H, BdaEMIENE 2,

A BN AR AR 0 L5 4.1, Horr,
PR R R R L A9 43 2 20 DI A A
. R TBIA IR A 3RE W R, FRATSR T word2vec
T HX} CTB 4y 1A i B T I 25, ANBEZEAC B 14

M%mi;oz PE ) EEYLRI A1k, IFAE I Zad 7 B .
X3/
:arg0 p/person 3.2 z/};ﬁlﬁﬁ
rarg0-of(x2/))  x1/Bk$E-01 SE T R Z AR, G 2 R ALY
SR ™
B4 AR E R ST S P
Fig. 4 An example of concept adding of the “de” structure HAT, w3A 585 MRS T UL A 3l H AE w5
F1 “BHEENTRRAERHL
Table 1 Usages of the “de” and their frequency in CAMR corpus
S /B '8 JEENPS Py
S (ol MR 4 ARV A RS A LIRS
w2 S R FRERA A A RE Tl AR 2Bk~
- 473 AR AE AT, B g - A [
ST 3 (1277)  “tiyshfy B AR ] B4 N IR~ BT 2R IR 2 A A
y 1 822 MRy S v ABOE T (R TE A B 2 4 WSCARAR, NARIEE, HERARAC
ST 4 (184) <o MR i) 2 |fRIBE IV Y+ il

BT 455 AT AR MRS 22 480 % 2R R0 <5 45 4 i 4% LIS

79



R MARBIER) H 558 1

20194 1 A

xR2 HIE&E
Table 2 Datasets

it e = 2T IR B LR A B
Datal 11165 664
Data2 11165 1830
Data3 6191 1830
x3 BBYLE
Table 3  Settings of hyperparameters
haes HSEAAT ZHA
il I 4 100
TR o] A 20
1 i Bi-LSTM J B .0t ] ik 4 4 64
AP Bi-LSTM J2 Bt Sc ] i 4k K 32
SRS 0.001
2 Maxpooling UMM B 6
L W GRU Bl ci R 6
ik GRU BBt HIT ) i ERL 20

TECH O F LT . AR S R SR T &
PERENLI 0 A Sh iR 7, VSR ET . S i)
R PESE BN SCAREE, 1R R A I 5 R A i 2R A
P EE R AR . EL AR HE, FRATRLE LR
1A 10 )18 S ) <0y 5 T 6 N ialif b, M a—1>
P FEER, KEEA R BRNSY

23, 1A S HUR M A B AR
RIS EL, 5 2 4 2 7F Max-pooling il U Bk b BiF 75 ()
SR, F 3 REEET GRU M 238 1 2 525 iy
THESH
33 XRERENT
3.3.1 AR ERIRTEE L8

B U Bk B AR e e A
B2, HONADEE A B AR <0y i T AR A,
KB sy FEAUE T4 i R <) 24544,
HATTER Y 0 T i vl R AR S AP AR B A 3E T AR S
5. Wik, AT 8UER A A R0, 3 TAR S

e, A1 NN E DT 0 B fh 2
IO 24 A5 700 |41 R B T B i, SRS SRR Tk
CRF fil GRU, CRF fifi FH X1 Bk 25 25 8145t i A A5
B X GRU, H T X1k 25 25 I A T 1) 246 5 7Y
4R 2 B0 B (Uil i i 4 B ), XSRS
ARSCIL G AR R A S HO I LAY A X R
1 BROBOTR ZAS AR At o 3RS 45 5 L DR 78 o A
P 30 1) $5e Jei — A B TR SR i s 1) S S RIOR A

RARERLE P LRLE S, Hd Acc
JE AT < AR A S R IR R, B g -FL
JEAR B W F AR B R P, & Wg-F1J2
WG LSRR S5 R FLME . AT RLE
CRF 11851 1 g 5 o AL A IE B, {H GRU 7E 42
THA8 W 142 25 K P 3 0 ()B4 w2
R BIRCRE, TIASCHR TR PERE Y T CRF
M GRU.
3.3.2 RS H

T S EE S, AT SRR R R AR AR v )
IVET . MR ZE B E TG WR 5. Hrh, M1, M2
FIM3 2050 R AR i) 3 Rk, L1 ATL2 439 3%
TN AE P AR B Hp (P A2 RLZ AL LSTM i 48
W 4% ; None 227 A BB ER, 453 1
L8 FRETW . S5 N R B R I e gl
PR WERAE, JF28 A M2, At 3R FE A IS e ffi
BB LH, B 2 s SR AR i 2
WAFR R AL, MR ER N EZEAIE
LRVERRAE, TR S5 45 S e AR B i 2tk 2 5 1Y,
Bl B 2 0 2 280 BE R )2, GRU+HALt
XTIV 2.3.1 5 3 T GRU [ £ 7 & 77 )2 (0 Jil O B
Max-pooling X} i 2.3.2 15 H 3£ F Max-pooling ¥ fili
JIg: 85\

F s ow, B R RE AT R A 28y - 2
¥, IERREE T 97.5%. K6 W, Fifi Al
A R U AR A g R <) SRR, F LB AT i

x4 H5EEFEMIEIBER

Table 4 Performance of different methods

Sk Datal Data2 Data3
ACC BB WE-F1 HE-F1 ACC B W& -F1 HME-F1 ACC BB WE-F1 HWE-F1
CRF 0.9387 0.9677 0.3830 0.9407 0.9644 0.7819 0.9451 0.9649 0.8739
GRU 0.9601 0.9793 0.4268 0.9143 0.9522 0.5873 0.8737 0.9209 0.6873
M3+GRU+Att 0.9877 0.9935 0.8929 0.9856 0.9917 0.9497 0.9838 0.9895 0.9642
M3+Max-pooling 0.9885 0.9934 0.8996 0.9857 0.9917 0.9499 0.9850 0.9903 0.9667
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Fig. 5 Results of classification of the “de” structure
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Fig. 6 Results of recognition of the “de” structure without semantic ellipsis
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Fig. 7 Results of recognition of the “de” structure with semantic ellipsis
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Table 6 Comparative experiments on memory module

ARG P R F1
M1+Max-pooling 0.9589 0.9668 0.9628
M2+Max-pooling 0.9613 0.9613 0.9613
M3+Max-pooling 0.9613 0.9720 0.9667
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Table 7 Comparative experiments on extraction module

ARG P R Fl
M3+None 0.9407 0.9641 0.9523
M3+Att 0.9641 0.9432 0.9536
M3+Max-pooling 0.9613 0.9720 0.9667
M3+GRU~+Att 0.9615 0.9669 0.9642
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Max-pooling 144 B8 22 BE A Wi 46 /1> o A {5 7E 1 RL
FEEME M T, M3+GRU+Att 24 B IF IR . H
HiJ, M3+Max-pooling P REf £, F11H M 96.67%.
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