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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 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 efficient and accurate results.
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Fig. 1 Model architecture for recognition of the
de structure with semantic ellipsis
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GRU 0.9601 0.9793 0.4268 0.9143 0.9522 0.5873  0.8737 0.9209 0.6873
M3+GRU+ALt 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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Table 5 Settings of networks
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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

AN T R A ) T2 2B U B R B,
WP jE Bi-LSTM. WK 6 iR LAEH, BEA M3+
Max-pooling FITEREREIT M1+Max-pooling. M il
FARERE, WA S AGEL, ARIETEEE E,
DAL AT DL 2 i A5 FH &2 R A A 2 5] B B R0R, BB
W2 Bi-LSTM.
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Table 6 Comparative experiments on Memory Module
RGATR 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

F T 2K FHAS R BURSEH 5 B IR0 bl S8 45
FRNENERAR FRENT R BHIELEAS, B
UL, M3+None IR B & M3+ALtt (1R
To {HiZE, M3+None [ITEREAL T M3+Att, 1iFH#AL
PSSR A B E ), RATHERE T 745
I B 1R SR B PR - 485 1) 1Y) 48 S SR AE « M3+GRU+
Att (1) F1 i EL M3+Att 3215 1.06%, 1581 -A Hi i 2H 23
BMEEFE G LR . M3+GRU+ALtt [ BEETIN &
J& T Max-pooling, B2 HHT-5& TV JIHLH] 1)

R BT ST Ah
Table 7 Comparative experiments on Extraction Module

ARG P R F1
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

SINETEZ NS, HARAPT T BRI T K. 3R
eI AFER] 7 B2, BEE SR 78 AA [F 250
Bl B 1F 47, M3+GRU+ALt 15 M3+Max-pooling )
PEREZBE AW /N o MBS TE BRI R 2 BT,
M3+GRU+Att <A BHAFHI AR . H AT, M3+Max-
pooling MERE B 1E, F1 fHik %] 96.67%.
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