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Abstract Implicit discourse relation classification is a sub-task in shallow discourse parsing,and it’s also an important
task in natural language processing(NLP). Implicit discourse relation is a logic semantic relation inferred from the argu-
ment pairsin discourse relations. The analytical results of the implicit discourse relationship can be applied to many na-
tural language processing tasks, such as machine translation, automatic document summarization, and question answe-
ring system. This paper proposed a method based on self-attention mechanism and syntactic information for the classifi-
cation task of implicit discourse relations. In this method, Bidirectional Long Short-Term Memory Network (BilLSTM)
is used to model the inputted argument pairs with syntactic information and express the argument pairs into low-dimen-
sion dense vectors. The argument pair information was screened by the self-attention mechanism. At last, this paper

conducted experiments on PDTB2. 0 dataset. The experimental results show that the proposed model achieves better

effects than the baseline system.
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# 1 PDTB2. 0 W25 % X R EIE A 4 1

Table 1  Statistics of shallow discourse relation in PDTB2. 0

REXRAEXA HE

Explicit 18459
Implicit 16224
EntRel 5210
AltLex 624
NoRel 254

PDTB2. 0 Wl )2 f B 4544 6 R0y 3 )2 LUK &4
. %1 2H Class B, FEMF 4 MHE - REERELH
F* % M, 4 5 i Comparison ( Comp. ), Contingency
(Cont. ), Expansion(Exp.), Temporal (Temp.), 5 2 E N
Type JZ.J& Class F TR AH T 16 FC R, # 3 )=
1 Subtype J2. N Type EW# — L a4k, £ 25T
PDTB2. 0 Y 8 J= F 5 454 5¢ & 28 B9 T PI R (Class 1
Type) )RR L6 2T,

# 2 PDTB2.0 Class il Type 2% 7 2 B () Bds 43 A
Table 2 Statistics of Class and Type relation in PDTB2. 0

Class Type

. . Contrast, Pragmatic Contrast, Concession,
Comparison L X
Pragmatic Concession

.. Cause,Pragmatic Cause,Condition,
Contingency Lo .
Pragmatic Condition

X Conjunction, Instantiation. Restatement,
Expansion . . i
Alternative, Exception, List

Temporal Asynchronous, Synchronous

ARSCE X PDTB2. 0 3046 4 b (9 Class 28 31 F 9F 57 T
fE. F 3T Class LM 4 A IR)Z R B850 OC R
TEYNGRAE TF & A AR b i B4 A A 15 0L
#* 3 PDTB2. 0 Ba3 G R M Class JZ 18R 4 i

Table 3 Statistics of implicit discourse relation Class in PDTB2. 0

REXAXH W% & TR & 3K &
Comparison 1944 197 152
Contingency 3346 292 279

Expansion 7011 671 574
Temporal 760 64 85
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Fig. 1 Model based on BILSTM
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Rares = Pargt @ P (4)

HRWHEBMILIT 1 MILTT 2 MRS m=IEN MLP
(Multi-layer Perceptron) i i A J5 £33 softmax bR 41 15 3| &
AU S i S N T R T B = N B Y R DS BRI N 7
2, MG R
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He Y BARZEEA 3R PDTB 80 4 1 # Class 25491,
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454 B 7 ML R K A I A2 B B Y A TR
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Fig. 2 Model based on BiLSTM and self-attention mechanism
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X F AR AN 1R 2 0] 7 B KA M R AR 55 DAY T
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Ao 35 A% O ) 43 S HR G A A% 0 TR 5 2 i) @ 2 AR B
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2T ke 1 WU B (Biaffine) ML S 3158 24 w77 38 ¢ An
A& 4% 0 3R] 22 1) 19 43 0, 0 =X (12) B
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QY]

)))))
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Fig. 3 BiLSTM-based model combining self-attention mechanism

and syntactic information
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5.1 SEIWHIE

A CHE PDTB2. 0 i 5 FH#EAT TR B R 421
SL AT SET NS LA — B AU T Section 02-20
YERINZRAE , Sections 00-01 1k IF & 4E , Section 21-22 1EH
WIS . PDTB2. 0 B 7R R Z R a5 Wik L CRA 3 R
1,56 1 )24 Class, 32532 4 A L2, 239 - Compari-
son(Comp. ), Contingency(Cont. ), Expansion(Exp. ), Tem-
poral(Temp. )., % 2 JZ2K Type.3LH 16 25|, &7 Class
K9 FRE, % 3 )28 Subtype, & 7E Type FWIHE, A
CEZH X 12 Class 1Y 4 A8 LN RIF L3 0r. XF
PDTB2. 0 B4 2050k I — A~ 18 o Xt 52 6l 47 T g & A 24>
WO BRI 3 A sk 4 Fr g,

# 4 PDTB2. 0 iRILXS i SCEHE 4 A

Table 4  Statistics of shallow discourse relation in PDTB2. 0
EXKEH O NEE FRE WRE
1 12204 1142 1002
2 427 41 44
3 1 0 0
>3 0 0 0

4 o JATEL BV G BRI G S a2 N RER
45 A8 56 R I8 T X B 4 B AN IR S LA AR IE B8 18 TT
XA — AR R B R A O R, A DI B B AR A T
U HR 1) 2 22 s 5 65 ) 26 R 2R AL A SR AE 8 T 0 xR TR 2 R T
B RGP I I R T A 45 SR R,

5.2 XWiEE

ARSCHYFEAME R G R 2T BILSTM M 4% i b X5 3 6 &
Ay BRI AR SCAR B W BT A A B T GoogleNews 545
£E (Z41000 /243 b word2vee T BN 300 4 i)
) .

EF BILSTM M 45 1) e =00 28 0C & 4 i Al op 5 A0 1)
SN BILSTM 4584 v i Bl J2 4 28 90 1 KN, AT 241
15 a2 M 2 oo B % (50,100,200, 3007, 5256 45 K 1
MR TCAN R 300 B AR B 4T, B BILSTM AR o 2 % 45
T 300 4k 1Y BeHUZ M2 T4, BILSTM 5280 v (19 4 1 42 )52
i T — 2 B2 BUs 2 #2080k 100, i tanh fR
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BT (9 T PRE

BT BILSTM Hl B ¥ 2 7 AL 09 B 0 3 06 R 73 K
R BB RE W AW, B9 4 R (600,600 , AUHE ] & V),
AV, HEEE R (1,600),

HFAIEAGE B AR E N A RO R A SR i
B 5 T XA G % 25 P 2 T 24 g MR AE ) 125 A T R b ) LSTM
JZ B ol 400 4

AR SC A A A 5 090 2% 114 A58 7Y 149 4 ) 22 LA (Cross-En-
tropy) 1 g BT (1 451 2% bR 4K, 1 FH A6 T AdaGrad fhAk 77 119
Ht (mini-batch) B B T B 5 I 25455 8 19 5 450, HE (Batch Size)
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Table 5 Results of models on PDTB2. 0

CHLAE s 200
A TR % K%
BiLSTM(baseline) 56.94 56. 88
Self-attention-Typel 56.58 58.12
Self-attention-Type2 57.11 58.79
Syntax+ self-attention-typel 58.31 58.59
Syntax+ self-attention-type2 57.37 58.98
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Table 6 Comparison results of proposed model and other models

CBLT . %)
A K &
Zhang % (20 55. 39
Rutherford 2 [21] 57.10
Liu %[22 57.57
Liu %23 57.27
Lan %24 58.95
A A 58.98
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