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Knowledge Distillation Based Implicit Discourse Relation Recognition
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School of Software,East China Jiaotong University, Nanchang 330013, China
Abstract Due to the lack of connectives,implicit discourse relation recognition models infer the semantic relations (e. g. scausal)
between two arguments (clauses or sentences) based on their semantics. The performance of these models is still relatively low.
It is also very difficult for corpus annotators to annotate implicit discourse relations. They usually insert an appropriate connective
to assist the annotation of an implicit discourse relation instance. Considering the above,a knowledge distillation based method is
proposed for implicit discourse relation recognition to take use of the connectives inserted during corpus annotating. Specifically,
a connective-enhanced model is constructed to integrate the connective information.and then the integrated connective information
is transferred to the implicit discourse relation recognition model via knowledge distillation. Experimental results on the common-

ly used PDTB dataset show that the proposed method achieves better performance than the baselines.
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Fig. 1 Instance of implicit discourse relation
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Fig. 2 Knowledge distillation based implicit discourse relation

recognition method
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Table 2 Statistics of experimental data on the second-level implicit

discourse relation classification
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A& BERT M #iE XA AR R4, I #2547 19 BERT %%
T BILSTM M4 2, Bl BERT #x Jg — )2 19 i (4 %
Wi 43O E 9 3 T BiAttention B 22 H 2 B M A . VI i it
BERT TS HRFEAL,

KA THE R ELR Lr2tkae. % 551
MTHE ZHRAET LR LW, “K"RRBITES
PRUERTEME R, NEAMES PHLHERTLUE.
1) 53X > R R AW R BTk b, A 3
2 HH IR AR 1) 12 R TE TS R W 2 AT 55 1 B AR
77 vs. AT Do 2 53T LT 4% 3 F 46 A 0 7% 250 15
S T R B AR SR A A TR ) R A T A G ) 4 2RAT:
% LA W 4R R (FT 7 vs AT 4 4T 14 vs. AT 84T 14 vs. 17
1D, 3)Wu £(2020) 3 T CRF Bl = %55 &= LR FH b &
A ) Bt T R A A SR — B TR T O R B A
. 52 AR SR Y T R A IR B R TS — (s
T T T O FR A AN % ] (AR 2 BUR TOR AE  ME R (T
14 vs. 47 9). 4) BiAttention-D1 Fl BiAttention-D2 J5 ¥ Ay ¥
REFR I AL T3 A 49 BiAttention 7545 (A7 5 vs. 1T 34T 6 vs.
T 30, UL W E RRAE J2 R0 43 28 2 2818 R AR 2 A 30y s 77 i Bi-
Attention-D12 [ ¥4 fig £ F J7 i BiAttention-D1 Hl BiAtten-
tion-D2 P RE . U6 W ICA (8 A AR AT 2 A0 43 28 )23 26 18 N 1L R i
— B R B BE. ELMo F1 BERT 3% 98 9 )7 ¥ (EL-
Mo-"/ BERT-") iy PEREt B A5 AH [l i fa 34, 5) 76 ff FH 3 K
B TR ZRAE A ELMo 8 BERT #93E Ak _F L A SCRT 48 5 35 i v
REAS A SERME B3R B (A7 14 vs. 17 1047 19 vs. 47 15) . 3% ik
— UL T TR 7 R M R . DA BT AT A AR AR
B 7 3 SR I 7 ) 2 0 v AU T4 A 1) 34 2 3 4 O Sl B
15 B T EUS T B0 i R0 i

F4 F-FBRARELRI MR

Table 4 Performance of the first-level implicit discourse relation

classification
AT )
RS Ace F1
Qin % (2017)% 57.08 47.37
Guo % (2020) 57.25 47.90
BiAttention 56.42 46.18
BiAttention-MTL 57.11 46. 88
BiAttention-D1 57.76 47.20
BiAttention-D2 57.95 47.33
BiAttention-D12 58. 64 47.95
Bai 1 Zhao(2018)* 60. 23 51.08
Wu % (2020) 61.74 52.62
ELMo-BiAttention 59. 10 50.21
ELMo-BiAttention-MTL 59.87 50.93
ELMo-BiAttention-D1 60. 55 51.58
ELMo-BiAttention-D2 60. 80 51.96
ELMo-BiAttention-D12 61.28 52.70
BERT-BiAttention 63.07 54.16
BERT-BiAttention-MTL 63.53 54.58
BERT-BiAttention-D1 63.57 54. 84
BERT-BiAttention-D2 63.98 55.02
BERT-BiAttention-D12 64.21 55.13

5 OB TR RO R R R
Table 5 Performance of the second-level implicit discourse

relation classification

CHLA 2 20

I E Acc F1

Qin % (2017) 46.23 —

Cai % (2017) 45.81 —
BiAttention 45.14 25.02
BiAttention-MTL 45. 90 25.36
BiAttention-D1 45.95 25.24
BiAttention-D2 46. 81 25.56
BiAttention-D12 47.21 26.05
Bai 2 Zhao(2018) % 48.27 30. 07
Wu % (2020) 49.76 32.11
ELMo-BiAttention 47.37 29.15
ELMo-BiAttention-MTL 48.03 29.97
ELMo-BiAttention-D1 48.50 30.58
ELMo-BiAttention-D2 49.10 30.96
ELMo-BiAttention-D12 49. 56 31.85
BERT-BiAttention 50. 36 32.19
BERT-BiAttention-MTL 50. 84 32.47
BERT-BiAttention-D1 51.17 32.63
BERT-BiAttention-D2 51.10 32.82
BERT-BiAttention-D12 51.64 33.05

BERIE AR W T — R T A R LT AR AR Y B
AR E IR s, Bk Hb 410 2 42 07 14 5 8 AL o i) R
DARAE J2 A 53 2 J2= 3 7% B R I A9 B R 3 00 R IR I A 2 o
DA P o5 B AR T I 40 A B0 3% B R AR B . A SO R AR
PDTB $i 45 s — FRMEs IR A SE X R b BRE T
HCIR 2R 05 s B R B MR BE . 7E R SR B9 TAR b BRATHE IR &
HIARZR R AR OGO B TR H A B WA B A AR TE AL BEAE 55
w0 A R A SR R AR R BT R SO U
IR .
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