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Chinese Implicit Discourse Relation Recognition Based on Data Augmentation
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Abstract Due to the lack of connectives,implicit discourse relation recognition is a challenging task, especially in Chinese. This
paper proposes a method for Chinese implicit discourse relation recognition,which expands the training data by combining active
learning and multi-task learning method. This method aims to reduce the noise as much as possible when it expands the training
data set. Firstly, the active learning is used to select some explicit data through the classification uncertainty based on BERT,and
then the connectives in the explicit data are removed and regarded as pseudo-implicit training data. Finally,a multi task learning
method is used to boost implicit discourse relation recognition by using the pseudo-implicit training data. Experimental results on
Chinese discourse treebank (CDTB) show that our method improves the macro-average F1 and micro-average F1 scores, com-

pared with the baselines.
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Fig. 1 Active learning process

BT 2 E o) ik FEAE TR SHR/EM
A AR TR 22 Xu 50 M C R 5 AR SCR F
BTN R P R ey e R A A SR AR AR % AR
SEAAGE AL i RS TR AR A Y o S B AR AT R AR
5328 AR B BAR L W] A AR B 1) AN REAR A b X 43 AR A, D
BEARRER G Z ZREA A AR B . BB A I A I 25
EAD T HBEABA, S0 EHFEFEARZ AN TR
Bt R E A 3R B 0GR M A AR R G
FREEAEA AR SR 5 #8 B 1 2% H 17 1 o P B 2R 35 ¢
REARMANGLE . EIdh¥ I REERNRBMEE 1R,
i1 EI¥IRE
Input: . o 200 55 56 BB

E. 200 5 % R EUE

m: E LKL

@(x) BT BB, 1 M e B 2 T A5 L 1Y R K

0: T 5 B {5
While(m) :

FIHEE TINZRBR C

FIFHEER C T E b iy BT A FEA

AR ZUT R O M E hik Py la X EREA %A E

if (E'A%);

15 1R AR

B R 4R

E=E—FE

A SR B A R A B R AL DL SR R R
A (14 L 4 L 88OH BRI =X (D TR

go(ly):;elkl,/ (x; ;M):E:R*P(r] [z)1log P(rj|lz) (1)
Horpor RoRKLREN j X T — DA 2 P EEAB R M
XFHHAT I PGy L) RoRBEAR 2439 R I j AR,
SRJT T EAZ AR B CRITR AL L) 0 B O 3 B AE 38 X 2 A AR
53 JE AN R R IR B R A I A YN R 5 X 5 B )
OGN N
3.2 BREEFIAFE

BT K280 PDTB ik E 13k Tt 200 55 508 1 2
W B T VR I AR DG B 5 AT R A R T S CRCHE O A A R S
H, Mikolov S 47 i, HHA IF 1 =R B 55008 A =X 2 4%

AR N it B2 5 5 AR A 7 4 Ok i 19 2 50 e dis
PRI AR EAR . R 7 b SCRR AU B G R AR 55 b
i o P P B U B A T — R ARSI 24T
55 2 23 75wk A Bl Db B U 5% 2 Hcal e el B 5 e o =
KEW .

ZAL S 2 IR 2RSS R 472 2 AE B i, )
24 R A 30 5 I TR R AR AL L A LA R 2 ST ) DATIT 41 A Y Y 32
RRETT . 5350 AL 55 2 20 T LAY SRR B0 X 20
BHE SR — 5 26

T L2 WP RS RN AR RE R R
B AN R B R 2 50 R B S5 TR 2 BT A R % A5
45K .

I Softmax l | Softmax |
A A
I Shared J
Bi-LSTM
A A
[ BiLsT™ | [ BiLsT™ |
| BERT | | BERT |
* t
Main task Aux task

B2 20T %2 5 W 4 45 1R
Fig. 2 Multi-task learning structure

#l 2 H, 4L 45 (Main task) b B i 5 56 R 1R 9, # B
1155 (Aux task) DI BR R B0 R R, @ik BERT B8 4K
WA [l i R R R BT 5 A — A A W Bi-LSTM, Al F 12
WA A A5 M RA A HRRAE , A iR — 2509 B-LSTM M T
PRI AT 55 A Bl AT 55 9 Sk 2208 FIRRAE , DAA B0 R0 PR e =X
oot B G 20U A B o e R B OGR4 B Y, DTG 1]
N ST

Wik BERT #5784 3K B3] ) & 46 FF X = [y a0 000
x, 1 Hod n S E B K B R R K A S A B AR Bi-
LSTM ik =2 Bi- LSTM L4 HUFA A 4k A =2 58 AR AE , 4n
K (2) =D FR

h;xmin — Bi’I4STM(h1mHii‘ s Xnmm ) (2)
hi™ = Bi- LSTM(A™ , X**) (3)
h;lmc — BI*LSTM(}L;IM{L R Xnmin @X;lux ) (4)

FE A AR B FATG R AE AN 3 5200 AR AE )R o L ) i R OR i
rPE . SRR i A 2 Softmax R B UE 4T 58 22 ¢ & /2%,
K (5) =26 i

Y™ = Softmax (LA™ , h*< ]) 5

yr = Softmax( [h“”‘ ,h’l“"“ ]) (6)

M EEG RN E R B MR = LR
Wi, ZAT 55 2 20 05 W RAUTT L2 3 8K [T 55 22 ) (g 3t [m] 4R
A3 e 3 S 5 | Gl B AT 55 08 b ik Z2 (9 R 7S L T BT LA A
Hb 2 3] 3 F2 AT 55 SR U 15 R FA AT R AE

4 KW

AT e 4 L5 T B A IE R CDTB LA K 3 40 /Y 52
i BB 4 IR AT s R A AR



88

Computer Science TTHEMEI#  Vol. 48,No. 10,Oct. 2021

4,1 CDTBiE#E

X e SR B — A AL L S0 458 RST-DT BB
ZERY AN PDTB 4 53X 5% 122 10 b B0 7 3, 3k F 2 O R 2% v SR
JZ (Penn Chinese Treebank, CTB) g 7 T b 3 55 &5 #f %
CDTB, 7t CDTB &8} E 1, B — 4> B I i B v — B BE K
R BRAE RS A5 R

CDTB Ar{ET 5496 MR WL R A 1 812 A~ X
MEXR.LRLUGRHRE LA 4 RIEM 17 /M, WK
BTG IEF A R, BAREXR R DI 40.7%,
a2 2 e R h 3R 912515 50, 3%, Al W CDTB ik AR E 8
B AR B AL, CDTB 35 2 AL 55 500 5 37 18 Sc Ay,
A 2342 ABed& 10650 A~ FA] BEAS T8 19 B I FE K E
N 22,
4.2 IWiEE

S Xu ST I AR R SOk B AR R] Y 450 F S
VE RN 24,50 F SC AR A 48 L 9048 B A 19 Al = U %
Pl Ze e UM, B M 4 R RGN E R
1A, HTPHITEEN AR ERREAR DR & BT,
TR R P I B G ERE AR R KA 10 X &
SRARME B o TR B 2 > HE B 2% o) B M N 9 i JRRAE . T3 b,
Pl EREAR R A 1A R Y PRt AN E W, B
1 AR SR I 22 Y TR A S T RS R T AR IR Y
Proe, HAE 209 = KRB E O R LA OGS0 58 43 BT 4 2%
MR RLRM FL M, DR EFY FLEMMEY L.
AR SCAE Bl > Tk N AT 55 2 2 O vk 0 A B R o
REREAMBREELRBEAL LA CDTBIERE,

#1 CDTBHEZEXRNGIEER

Table 1  Statistical information of discourse relations in CDTB
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Table 2 Comparative experimental results
HA S 71 2 % Fl # F1
Kong 32.4 77.3 51.8 54.8 67.5
Liu 29.6 79.0 53.9 54.4 68.0
Xu 31.6 79.4 57.6 56.2 68.7
BERT 50.0 84.4 68.2 67.8 77.0
Ours 56.9 85.7 71.9 72.1 79.4
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Table 3 Experimental results of variant model
HA S It 71 2 # F1 T F1
BERT 50.0 84.4 68.2 67.8 77.0
Blender 45.3 84.2 64.7 66.3 76.5
AL 52.4 84.9 70.9 69.5 77.4
BM 51.5 85.2 70.7 70.1 77.9
AM 56.9 85.7 71.9 72.1 79.4
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Table 4 Sample data selected by active learning method
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Table 5 Proportion of wrong samples identified
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