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Abstract Recognizing implicit discourse relation is a challenging sub-task in discourse analysis,
which aims to understand and annotate the latent relations between two adjacent text units (called
discourse arguments), such as temporal, comparison, etc. It is beneficial to many downstream
natural language processing (NLP) applications, e. g. , machine translation, information retrieval,
conversation system and so on. The key factors lie in appropriately representing two discourse
arguments as well as modeling their interactions. Traditional methods focus on surface features of
discourse (for instance, position feature, sentiment polarity, syntactic pattern, and so forth. ),
rule- based method and statistical algorithms. These approaches heavily rely on hand-crafted features

to obtain rich linguistic information extracted from two discourse arguments, which usually suffer
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from data sparsity problem and are prone to error propagation due to the unsuitable preprocessing.
Although previous basic neural network-based models could capture the semantic information to
some extent by learning dense vector representation, and alleviate the data sparsity problem
simultaneously, they model two discourse arguments separately and neglect the pair specific clues.
Various complicated neural network architectures with different attention or memory mechanisms
are proposed to receive the significant information of the arguments. However, they ignore the
bidirectional asymmetry interactions between the arguments in the representation process.
Further researches explore to mine more complicated semantic features which may include some
redundant and noisy information. These studies rarely consider the sparsity of pair patterns
indicating discourse relation in the identification stage. In addition, inspired by relevant cognitive
linguistic theories, we have a similar feeling intuitively during judging the discourse relation: a
more reasonable strategy is that people may read two arguments back and forth, and find some
relevant and indicative clues to make a decision. Therefore, we propose a novel Mutual Attention-
based Neural Tensor Network with Sparse Constraint framework (MATS) to excavate the specific
indicative pair patterns. Specifically, we model two discourse arguments by basic bidirectional
long short-term memory (BiLSTM) network to preserve the contextual information around the
word embeddings. In order to catch the pair cues between the arguments, we integrate mutual
attention mechanism into BiLSTM for dynamically obtaining the reciprocal information. It is
aware of the asymmetry interactions between the two arguments, in a way that the bidirectional
information from the arguments can directly influence the computation of their representations.
Furthermore, we employ neural tensor network (NTN) model to capture the different aspects of
semantic interactions between the arguments. Since there exists some redundant or irrelevant
noise affecting the performance of the system, we design a sparse constraint for NTN model in
training process, which could remove the noisy features and select the deeper and indicative pair
patterns to identify discourse relations efficiently. The experimental results on Penn Discourse
Treebank (PDTB) show that our MATS model is effective in implicit discourse relation recognition.
It suggests that utilizing mutual attention mechanism to dynamically learn the bidirectional
asymmetry connections between the arguments helps improve the semantic representations.
Excavating the indicative pair patterns by adding a sparse constraint to NTN also plays an
important role in our MATS model.

Keywords implicit discourse relation recognition; bidirectional long short-term memory; mutual

attention mechanism; sparse constraint; neural tensor network
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Hoi G, € RYE by il #f 48 1 45 fiF 24 > 19 2 50
P i AL —0. 1,0. 1]357 45 4 Hh BE AL R AE K4 b
b s HAEAE R YN 25k B v UE AT S 800 8T AT
tanh fE NG BREC AL RE G TR G, &5 ] &
R H R A PEAS 4 o BV 5598 00 2 1] 5 4] X (1) Bt
J ] 16 X S AR A0 25 - FRATT 40 ) v A B 1) TGN 1)
XT G AT AR AR DA AR B EE 2 Y R AR 1] i, O 5K
(14D 5 (15). AR 48 52 56 301k . 35 B F 143 4k
(Mean-pooling) f & 3 b % K ik (Max-pooling)
B SCFRATTR Y Ak 45 4.
g =mean(G,, .G, ,s++>G,) (D)
g% =mean(G, .G, .G, ) (15)
o, g Bl 56 T Arg2 1) Argl Hh85 7 Ui | F
SCHE AR g T Argl B Arg2 HE
U] R SR E AR 4. dE i, AT RSSO
XS 7 () Ak ]
g =[g¥ gk .o

1D

g 1

1

(16)
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g =g g gt " (17)

SRJG I softmax B ECKE 11 45 g* 1 g® AR
b 43 A5 3 1 75 A o R BT, H R g AN T
Z A1) & Frfe.

, exp(g®)
a,:i (18)

"

1
Z}exp(gj2 )
j=1

(g®)
‘8;:% (19)

Zexp(gfz)

B rl A A oo IR &2 AR B A R SUEBER
HETCF IR Rl Al Rl WL IR 2 2] 03 A — B 12
JEE b B ONATT R X T (] 32 5 s

R\.=R'd’. R..=Rp’ (20)
VR BN, AR S0 MATS 485700 356 5% 3 25 1 8 1 bl
il LA B 32 2 B8 0 Z 0] B 5 1 B RRE.
3.2 ETKEHENENIETZTEERXIEZHE

AN A B R R AFTE L B B R 1 6 R RAE X
S REAE B 18 0 22 [ 1 5 B 2 44 B, AT DA B fr Ml
B R 0 3 06 R SR AT 4l A A 800 28 B U2
oot T 0 Z TR 1 G T 7E .

— P A7 V8 T =2 [ 1) 28 HAR S A R ) AR
TR BAL 2 R0 4% AL HL R, RO P A R R R K R
GX BRI 0 Z Y 1 R HEOC 20) B R M 5K
i8] B FLAT RO 25 A A Tl i 2 A SRR sg B, B
A= 21 frR

Spisiner (Rt s R ) = (R ) "M, R\, (21)
HA A SR M, € R HH R B3R BUIE 2 52
HARFAE.

P ) 45 3 Ao A o T R 4 A e o 2 A
WG A AR ILAR RS B Bl SR

R,/Arrl
vq,[ e kan} (22)

Arg?2

Ssingle (Rf%rgl 7R:\rg2 ) = (u.\'i )Tf

Hep, fR—hrfEE LM R u, €R",V, €
R, b, € R" s n SR Z 19 K/ AR LI T Z 1)
1455 28 HAR B A ACHT R BBAZ I F & 19 58 AR,

gk P 2R ) 4% (NTIND 38 3o 7 B RUZR 1 55 78
B, B DL AR O A R A LR e AR R S
HAF B [, Socher 4 AW FH NTN A5 b5 1
L, BT E WA SR 0 A 2 AR B G
HEAS 0 FEAT 92K 6 R4 B LAGIE 52 NTN A3 &% .
55 JOAEAL AR B AR L AN T8 T Z Y i X
F R, H.FRATA A NTN #2381 70 2 B E 2 )

W SRS HRRAE , AR 3 e X 3 06 R Ui,

K SR — P R 1) bR e O g R AR
B 56 &R M L% 4. 2 2% a3 N TAES Y AR
=Bk i RIS T Z M TG CEHE C R L
K (23) 7R

S(R)., +Ri\) =

R
u' f (Rgrgl)“M—':“Rf\rgz+v[ , }Lb} (23)

Ho, £EAR AR R M s gL MY € R SRR W
A A B L RO T A 8O0 2 [R) A 4
LH. N (R MUY R 36 78 WUEE VM 5K & 13
(Bilinear Tensor Product) , 35 o] 13 i) f m € R*,
M m 40 2 2 M 45 X4 N 8 5K & B (Tensor Slices) 1
AR = (Rl ) "M Rl G=1,2, 00 k), 55
BT T A WU A AR B (] 6] 4 4R e 5598 T =2 (8] A 2k
3 HL ORI s ZERE RS o A op s MU R AR 3 50 oy A
[—0.1,0. 1] BENLRAEAT B 4) 1A (8 38 5 A )1 2
HEAT S HECE R, BEE © RS I, B 2 BORT B
JERREZ R, Rtk PGS B H sk & e &
T AHESHVER Y uc R, bE R EHRUEE X pf
2 W 2 1) 2 B B BB A S I R AT A L X
B A ks B EAE R — A RE R G DA
e Je Z A1 52 2% W18 SCI% H2 P AIE.
3.3 BRAXERAFEMEEXRIRF

H K o A 28 N 2% i At R 2 OG R I L AR B
T AN IR TCZ A 3 SOC R AR 4 AT L
RO FRFRAE R A A 1) R AR S 2 2 R
ORI AN e DN T Nt o
2 AR B AR 0 R AR e 1 R 2 R
softmax PR AN [F] O¢ 2 28 51l i A8 4, DA T 75 2]
B 2R 2

BEAE n MMEF LB o) b xsy 435
FIR— B TONT P H O R bR 2. AR AT 28 X 4
J R VAL TN OC FR R m L R R FE L0 UK

C
L(y.y)=—> ylog(Pr(y,)) (24)
j=1

Hor Pr(y )RR 4 j AR R BN AR C R &=
e Tk e 8

S B A TE R IR OCER R KR 2 M 45
RIS TC 8] A [ 75 T ) T8 A8 B R HR R AL AR T
AR A 58 SRR AL A A R 1] REATAE — S8R IR
RGN RE R TUAR B P 22 HLAR R R U s 4
K RAFAE B R g, — OO0 R BLE 5 ik
R Ao AL DU 0 A 249 SROASE TR ol G R A — s e 4
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F B ARk BT U A5 R 0T LA A T 2 Y S
S8 A [R) 1 B30 8 8 0 2 B 29 OO A — .
o R0 ROT A S BUAR B 24 SR o R A i
T ICRM AR Ja H AR R RO X EZ
LIRS X 00 B SR g 2 — A~ NP 3 ) 23, fF 5% 3 A1
R 222K AR A 3 ABL 00 A SR A7 SRk » ARG A6 A
IO F 2 50 TR, FRATT IR TR ¢ g R U L 52 B
A R AE AR B O TS BR A R 5 S LR L )
FI 008 K IR AT 95 AN TR B R M RO
SRE D 04 AT B 2 Hh 2 AT 45 78 Pk 9 52 B L 55
B T 0. TE D) Al 3 S 5 R 3o 0L 4 1 A LA
H s

J@O=L3 LGy +Q) (25)
=1

QO = |00 H1+%II 0. (26)

H, Q) BTS00 1E WAL I, 435 P38 7
(WL (26)) :0v 25K R S0, 2R LT 25
B R R [ On ) S X 3K B R R B A, o T3k
R4S A T 1) T A

COENMETI AR O kb AS BT 6, dcimi Sk 1 e /hfk B
i eRER, FR AT R AT v e B B VA K B AR R AR R
-3 AR R 2 G BAR TR = (27) ~ (30D
iR,

0 =0~y (22 22)1, (27)
aQ_ [0 loll. (28)
o0; Isign(ﬁﬁ), 6], and 9:£0

0" = prox, (0. )=7c(0 .y (29)

a—z, a>=z
r=<atz, a<l—z (30)
0, oAl

SErbr, prox, JEAE MUHCE MR ¢ ATy %
T,

4 ZWHESF

4.1 SLEHIRE

AT AR R L A [ B B0 o R A A Al R A
KAMTFE 52 B BOR B 22 WF 58 3% 1 5 1. 28 M 3 4 I
(PDTB)F 2008 4F A A » S H A ML B K Y 9 SO
FOCR EORH R AR R TR L AL B & e
(Discourse Lexical Tree Adjunct Grammar, D-LTAG)
ST NCAE IR H RO 2312 B e R ARTE T

40600 MREERR. U ERRBE XN —1 3 &
JZ UK X (Sense) Z5 ) e 1 2 IR (Class) 55 —
J2 IR (Type) , 5 = 2 & 7257 (Sub-type).

A A X 55— 2 1 DU R S B U J i R R
PEAT R 5. B HE %% 56 &R (Comparison) , 1 4% 3¢ &
(Contingency) ,§" J& ¢ & (Expansion) fl B} FF ¢ &
(Temporal) , HSZ 41 53 55 %5 B4R 2 Ffr 78

il 2.

(a) [Inthe U.S. . onefifth of the of fice PCs are hooked
up to some sort of network Jam . { Implicit=while} [In Japan,
about 1% are linked] ...

(Comparison: Contrast: juxtaposition)

(b) [Mr. Yeargin is lying Ja. { Implicit = because }
[They found students in an advanced class a year earlier who
said he gave them similar help],\,gz .

(Contingency: Pragmatic Cause: justification)

(¢) [Anenormous turtle has succeeded where the govern-
ment has failed Ja, . { Implicit = specifically} [ He has make
speaking Filipino respectable 4., .

(Expansion: Restatement: specification)

d)
237,960,000 shares Jag . { Implicit = then} [One cell was
teased out, and its DNA extracted |, 02 -

[ New York Stock Exchange wolume was

(Temporal; Asynchronous: precedence)
Forpr, OGO 2 10 P I 400 1Y) 22 53 5 IR AR R
R F AR TTZ 18] W B W1 55 5 K &R
2R TR A IE T I8 IR Y F L O HE 3 HRUA 1] 1 &
JRE R SO AR 5 I 5% 2R 2 S W18 I 2 [ £ I 1] I
AR ARV, X SR R P IRA BARE T LR,
H AT REAFAE B LA, 5 BOH U A M B2 3 m.
AN AR — S AT A R 02-20
IINEEAE N R A L 21-22 /N T AR D i 4K L 00-01 /)
TAE IR, L YO R B BE BOE e T
Rutherford 25 AUV 77 v, Ro¥s 5244 ¢ & (EntRel)
RAGIERY LR, £ 1451 THIEES B
U B OC R o A 1 L.

1 PDTBHEREZEXRHESKIT.
KEREFEW Il Zh e U4 URENS
I 45 9% & (Comparison) 1842 188 144
18 4K 5 & (Contingency) 3139 272 266
P & % & (Expansion) 6658 635 537
I} ¥ ¢ £ (Temporal) 579 47 55
B 12218 1142 1002

T 5 H AR G AR R B o R R R AT L
BIRATRAPIRN S B WE . (1) oo 28, R 7y
25 () PUASSL o 26 BT H T IEAE MATS #
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R R A PEBE AT G AT S5 A S DU S R L SL IR
JE B VAN — KR o R ERE. R — X RN IE
i, FeB R R Y R S v A — R RO E R
S ) R AR 4325 B TR G & (Expansion)
ZA HE SR R B BD U R R IR AR 1
o R[] 50 i 1 T 5] R 67 48] o £ 45 DA A O £ B 5
e 3] 15 =l 1 A T S B WS N (0 e A S |
B A SRR
4.2 BSHEE

TEARSC MATS FEARIYI Rl 8 3R AT & JE Xt i
HEAT TUAL B o ) L p 1k v B SR S B Ry N AR
FATER GloVe™ Wil 2k ial ix A Fom . 9F 2= il H
AR HEFE50,100, 200 ] F) ] 52 6 7 o e 2% 06 5 448 75
Sk 50 f i) 1) B 5 A SR I A0 1) ) R oA B Y
HiEE) % e By [ — 1, 1] 59 43 A B LD 46 1k
117 2B B ) i 3R . BN I U0 I K B R B B R
50 [l SR C A BT il A L ECR [ LSTM
a2 2R KB R S IR 45 B, Lok Pk i E N
50. HEZHML—0. 1.0. 1]¥5) 430 4 th BEHLP) 16 1k
AR

R TR AIE S50 25 B RRE L FRATTAE RS T I 2
TE AR IS YA S S A 7 T A7 BRI A 5
RELT SRR R IR [ i
BB e A S 40, BB 40 S 3 B 3R 2 R,

K2 MATSHEHEGIHSBSIELE

S ol
WAL ) % 0.01
Mini-batch K/ 32
Dropout 0.1
sk i H 3

4.3 WEFE

KT A REAL A ¢ MATS #6785k g i e =X gy
OGRS PERE » F AT R AR = O¢ A& YU Hhoi )
A PFIN AR 7 « F1 (B ARS8 % (Accuracy). Horp, F1
{H 2 A 26 (Precision) FIH 8] % (Recall) 1 & F1 5
{EL s AT LA 47 b 4 5 7R P g
4.4 LT
4401 R HEEAY

H T B UEA SO MATS BRI A R 3 AT
M BB TC R R A A K AZ R AOAHUE K = AT
T P LT SA SCH M B RRIEM RGAER
Xf AR A,

(D FEIBITERR

D Ji2015% 5% Fl 26 U3 bl 25 99 45 2 4553 T 1Y )

TR VAR 25 4 15 B SR SRR K e o 5 5
NI RS (BT R &2 STopIvE I

@ QIn2016" 1 4ty — Fift M B 2 i 48 ) 45 B Y
A 35 26 Ul 28 I 2% AR I AS [k B2 7 J) 3 AR 418 5 B [+
19 IO 2 AR 0 ) B A R 0 L EE L DA B G
FRG. EE RS — B HA K Tz mAg
HLAFAE L AH SRR ST A SO H R T
W IC IR I HEA.

3 Lei2018" P4 43 7 PU 28 56 R 1Y 15 & F5 bk
Sl HOM R T SCRR AE R T 4 T B, B B Sk
(Topic Continuity) #l I [H {7 B (Attribution) £ %}
P 38 0 E AR X S8 IE R AEAE IS U R TR LFRR LR
FHANZR DU 07 43 286 s AT e 200 3 06 AR I 11

(2) I 8] 38 HAFAE

D Chen2016 " B 1 45 A 56 1) it £ [ 245 455 72
(GRN) , DA 4 3K 5 5516 70 v 53] % 22 18] 19 26 1
AR L PEE A H. L AH T Al B 1 e B i EL S B R
2 BRI

@ Lei2017"* R FH a7 5 1) 1 45 00 265 452 78 (SWIM)
U B 2 B 06 R o 1) ) i B B3R g ot R
7 TS T A Y 38 AR A3 AR e ot 2 [ 28 H
FRAE.

3 Lan2017 ¥ Fi) FH 3 F 13 725 7 HL A6 oft 22
227 2] R IR s 1Y [A] I 25 S NI T I 58 B FF R
FH AT 55 2 2] INBHAT 55 b 3R bR T B oA A 1 18 1Y)
A,

@ Dai2018"* ¥ i #5185 5 o0 i A § K 31 BL
W% 5l A —Fh BE v gt 26 4% LIRS O 22 8] (1 A
AR R T OC R I LM T BUN B R it T2
(] 8 LR FR LT

(3) NI BE

@D Zhang2016" 3z A AT HE i 55 2538 L0 I3 %
PR TE SCICAZ M4, Ko ik 2 i i 48 4 21 e T i &
N s T SC G A 25 1E — 20 HEARE IC I TR 2 T SCRRAE , I
I FH R 75 0 2 R SR AH SRR AE.

@ Liu2016" 5@ Wit 5 F 2 2 ER s
P £ A7 (NNMAD SR 477 AT B 52 1) 32 SR B 4%
UM e = 3 06 R ) R v T R QTR M R AE B T
HLAXS RGO E R 2 2R 3 2R,

W UL, S e A AR R SRR
BHEEGIUH RS S 45 8. il T BT A R B
AE A 7] 55 kBN R 43 o TR B A T L
44,2 4Rl

(1) LSTM 45 51| 2w 15 G > 38 I B P & 19 KR
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HEDHEERE N 2R REZ MM AL 25
F softmax A7 f 55 56 & 402K

(2) BILSTM 9 4h 7 LSTM By A &2 . 5% A 4>
LSTM {88 Jy se F AR ok B R SCfF B Can 3. 1.2 /iy
TR ) LA 47 b S A58 T X

(3) BILSTM+Static Interactive Attention(BSIA)
S AL VR T 1 A8 B O IO [ L B TR ) e i
Tt Em, WA )~ D).

(4) BILSTM~+ Dynamic Mutual Attention(BDMA)
Sk T BSIA [ 8 — 4, i 8284 g 3l 2 2] 218 Jo Xt
A OB RS S o NG AN | B 2 T b e 7 N P 8
PRI (13) ~ (19).

(5) BILSTM + Tensor Layer(BT) £ BiLSTM
G i1 TC J5 I 5 B i 28 I 28 OF 4 4 AN [) 5 T 1Y
P BT ORI AFALE.

(6) BSIA + Tensor Layer (BSIAT) fil & BSIA
Ak B 22 R 2% L oR R -max AR BRAE N 1 5
HAFAE TP BT £ AT OC R AR UL

(7) BDMA+ Tensor Layer(BDMAT) 5 BSIAT
AHL, BDMA F1 5K & )2 M0 45 & k-max il 1k 2 1F &
FEHT & A2 5C R A AL

5 XBWEREHH

AT S H MATS B %) E R 46 A ml s
RGP BIAEDY 7 25 — 03 25 B4 A L s i R E
33X FE A3 AT SR AR SCRE Y A P e 5 i i X AR 7Y
14 = BB PR HEAT 43 BT B IE.

5.1 5xbbEEAIEE

3 JEIR T XL R S8 MR SO R ALE DY 43 64T 55
b SEER A5l WA AT LIS B DL R 4

(1) Bk T, )55 358 e R m 19 R Ge ) 1 g
AR 00 5 48 T W] 28 BARAE A4 F0 32 OSSR R O
2 XG0 SR T RE R R e n R
(49 2R GE AT 18 IC 1 I N7 JF AT S i 28 T IR T Z Y
BRI, 5341 5 00 38 e 18] 58 B J TR A He LA
HIIR G R W R G4 NS B 52 A R T R
R F1AE I A A5 2] B B 52 7). 3 vl fg 2 B oy H
FERBERTIRITHA ANEZEFE L M AR R XL
D ] DRI o I A Gk 2B DG I B A — o
JE ] DA e 3R SCOE R AR S MATS #8782
JEIB 08 T ER R 1Y [R) B 5 32 4 38 o0 R 2Z 18] /9 15
LHRZR, BT WHE RS G0 8R. Hd,
MATS #5583l 2% 2] 3 58 B JRH B8 708 T RN
BT B8 R R

(2) Bk, Ji2015 VE M E i iR TR A
TR AT FLR G B fe IR, A P2, Liu2016
F1 Dai2018 FRAF T 847 18 1 3, 72 W3l i IR A2
P E P EEAR Y KB5S oun R Y R
gy RS T Ie U B DL s RS E R R IR
FIMERE. 1 Liu2016 [ 8 i 2 # F =5 T Dai2018,
HIFHEATREE : O R EAFZORRIIE RERE
T3 KB TR A5 L FRIR s © R & T P
W2 mEREGE B S ZRERE N E ST
AR Z S50 T B0 LA (). Lin2016 19 F1
5/ T Liu2016 (% 1.34%, 1 45 # % A% T
Liu2016 ;Dai2018 78 F1 FUI i 2 77 18 () 1k GE 44 4
i Liu2016 ik s gk Wb /E — @ f2 1 b s 7 R A
QO] gtk

) HAFEENE, 57 F1 AR % L U &
EE ) Dai2018 H1 Liu2016% #f k- 4 ¢ MATS f#
R F1AE RIS B R 3K 15 7 $2 T, 5 0 J2 K %
b Liu2016 &1 2. 36 %. % A] fig & 16 o0 2Z 18] JE XF
PR R [0] 28 H. 3% 78 R 5 5% 7 A58 X 8 % A 38 W] 4
FH - DT A R 3 T 1 B U R OC R AR PR RE.

£33 BNRGENSEES Lotk

R F1/% Accuracy/ %
Ji2015 38.52 43.56
Lei2018 47.15 —
Lei2017 46. 46 —
Lan2017 47. 8 57.39
Dai2018 48. 82 57. 44
Liu2016® 46. 29 57.17
Liu2016 44.95 57.57
Our MATS 48. 94 59.93

T (1) R A0 M R G R W AT SR BOZ L, R 5

(2) Liu2016® Ml Liu2016® 4p 5% oR 2 2.3 2w H 7.

KT R R AIBGHENERENDS LR B
1) F1PERESS SR il WA mT LAA3 3 LA R 4518

(DA RIERFRZ P AR PR b
) F1 AR 5 AR, 5t R AT B J2 I ¢ & 78 1 B
H BT B e e /N S AXAT 5 6. T BE 3 AN TR 6 2R 26 )
Hh S B ) 3 L e PR 2 BT X SR TG
RPN S NANOI SE W B N AV PRSP S i3 0N

() ARC MATS BERILEY &k R P EIBAG T
A PERE. He b iy JE R R BB AT A D7 T . O R SC
Z L) vl BEAE A — S8 25 B IR W B T Xt i o AR R
PRAE BT 0 2 it o T AR A3 AN RIS 2 @ X T4
ARG TOXS § T B — 2D IR A L DT A AR B AT 1
7N T AN AZ R YOG AR RFAE. MATS B R I BB A7 &%
Fil 5 X AT T

(3) B8R & J7 1 » MATS B SR & B & b 1
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i, H F1 KT Lan2017 (9 1. 07 % (HWHE T 5
Lan2017 A HLAS ) 25 5. X 7l fig & Lan2017 F)
PRI S5 05N T A A T8 B0 00 AH SC4Re Ak A O iR
PR TIERE 98 T it RoR , RS BRI
FAFRE LRI T AR, 381 Chen2016 Fi
Liu2016 34 5 4 30 TAE 3 A OC AN [a] 1 2 AT
FER 2 T8 IS BN 5 DL S S B i AR B 2
LK AT BB MATS 4G 5 45 M 6E i B R (43 510 3K
BT 3. 13% F1 3. 41 % et ).

(4) Lei2018 fE LR K R 115 3] T AL PERE, H
F1 {H#E 3 MATS BRI 1. 67%. 3% 2 1 F Lei2018
X PDTB iR # T Mt KB T OR&H R R
(1 1 R T SUAR L s @ 32 80 25 1 R0 A R 38 e 1 2
T B, X BORHIE RE A5 S 25 A 00 R I A 2K AL
filt =GR M A5 R R I — B G SR, HAT 2
& RHAE TR HEAT 38 AN B sz AL g 1 R il 2
F Y 56 & BT 52 ) B30 35/, Lei2018 AN B A B3k
BOHRRE S5 BobE ge AR,

x4 BENRFE-SEES LHtERE

B /% BR/Y TR/ ONMFE/X
Ji2015 35.93 52.78 — 27.63
Qin2016 41.55 57.32 71.50 35.43
Lei2018 43.24 57.82 72.88 29.10
Chen2016 40. 17 54.76 - 31.32
Lei2017 40. 47 55. 36 69. 50 35.34
Lan2017 40.73 58.96 72.47 38.50
Dai2018 37.72 49. 39 67. 45 40. 70
Zhang2016 34.82 53.70 70. 95 36.16
Liu2016® 36. 70 54.48 70.43 38. 84
Liu2016% 39. 86 53.69 69. 71 37.61
Our MATS 41. 57 57.89 73.89 39.71

5.2 SHMEAENE

PO R L LB UE MATS b3 51 & S L
il K Tl 28 0 285 K AR i 24 oA B RO SRR A
W35 R X Z 432 AT B LA T 458

(DFES5HEEAE T LSTM F1 BILSTM #8512
B R A AL Tk o LSTM 7E 2R K & |

(9 SE g0 ME BB I8 2% 5 BLAR BILSTM R & 1 5 s Fil ok
k bR SCE B L FAUEAE DT A B LSTM, {5
BRI ARAT BIAR = 0y £ T, LR AT R A X R A
T3 X TC W SR A ST AT A AT S5 A
Tt & T B HA T B 4 A 1Y) i B 5

(2) 5 LSTM #1 BiLSTM #f 1 , 3 F7E 3 S 4L
il i 7 1% (BISA . BDMA) 52 81 1 5 47 19 1% BE. ¢ 5]
M BISA /) F1{E7E LB HAR B F =X R L
A LSTM #2585 1 2. 48%,2.54 % ,1. 70 %. X 32
A 38 3 A 57 38 o X BT AT A X A S B DA AR 1S T 2
[] A 58 FLRRPE S BEAS AR BURR 2 1 3R SUR RAR L M
B e AR A A PERE. T BDMA W7E H &9 o6
FEBUST RS B4 5 T LSTM AU ik
1.25%,1. 51 %. IXIEB 3¢ HIRF S T Rn A B F
B e oC R, FL e s A v 2 0 AL A R 0 A
X R A ) G IR ARFAE B 00 = & L T LAR] X Sy B
P P S R T R . TR IR SR 2 R AT
TR E AR R AR ¢ A Y W (p<
0.05). bk, BT fERfE B K IR T 5 BDMA A~
A B B SR AR X b B SR U0 I gk )2 T 2 i A
Fm B A0 28 B OR RFFE X AT 55 2 A A0

(3) BSIAT #I BDMAT #% 8Y Ly {if 7 2 J7 ¥ 1)
PEREAS AT X B R B X B A KR F T ME &
5 F A5 1 Tl A T LA G b B3 R R AR TR I I 4
B H o BDMAT 7E UK R F S5 PEfg 1k
BSIAT 0% A 42 T, X 3R W1 28 B 2% 30 25 7 > 1 1
B R EE 2 AR e E R, A,
BDMAT fE& 1K & E R PERE K T4 3¢ MATS
RO, S B0X — 45 1 Jt R T R k-max ik
VR VEBCAT & A HZLRRAE 0% PR IE A\ 4 5 £ B AT
RENA O E AR B AL T MATS £ BDMAT
(R LA, 3T X 5K e T R B 24 R, DT 0 32
HHARRREN L B R RZEX. AN WRITEE T
BL oK B b 22 X 2 S A i 2 R R A R
TR R O RPN PERE.

x5 HEEEE PDTB HE EHSSIR 4 AR
H S 4%
W XFR/ % BRER/ % VRER/% WFEER/ % F1/% Accuracy/ %
LSTM 32.95 43. 38 68. 10 30. 80 36. 40 54. 50
BILSTM 34.01 44. 68 68.53 31.27 36. 54 55.31
BSIA 35.43 45.92 68.57 32.50 43.27 55.68
BDMA 36. 68 46. 44 70.08 32.99 43. 75 56. 03
BT 37. 36 46. 73 69. 81 33.89 43.61 55.97
BSIAT 39.78 55.13 70. 96 37. 65 46. 77 57.83
BDMAT 40. 90 56. 37 71.87 38. 30 47. 39 59.17
Our MATS 41.57 57. 89 73.89 39.71 48. 94 59.93
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5 LR WSS A B Rl R DY 7 A5 R B
TP RIEAR B AEW] T MATS & B A R
5.3 N[E) A 4 XA B M E B R M

1E MATS BRI A By 235 58 B 7 BIL A 5K
28 0 2% 2 T A R R A 0% AR A AL AS /N T
X 0 o R AT TR A0 M 3 8 2
5.3.1  BhASZ R L5 M

DN T L UL M B 7 R O R TR A 58 R B
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Background

Discourse Relation Recognition belongs to the field of
discourse analysis. It aims to understand and annotate the
latent relations between two discourse arguments. Yet implicit
discourse relation recognition without explicit connectives,
which needs to infer the relation from a specific context, is
still a challenging problem. Existing implicit discourse
relation recognition approaches are roughly divided into two
categories: traditional feature-based and neural network-
based models. The former adopt the artificially designed
linguistic features and complicated rules. However, implicit
discourse relations are rooted in the semantics and difficult to
recognize from the surface features.

Recent neural network-based models have shown success
in recognizing implicit discourse relation. (1) Basic neural
networks, such as convolution neural network (CNN) and
recurrent neural network (RNN), can learn the dense vector
representations of two discourse arguments, which could
capture the semantic information to some extent. (2) Further
studies exploit different attention or memory mechanisms to
capture the significant information of the arguments. (3) More
complicated neural network architectures utilize various
methods (namely, gated relevance model, single linear layer,
etc. ) to mine the connections between the arguments. Although
they acquire the key information and some interactive clues of
discourse arguments, they still have the following drawbacks:
(1) ignore the pair specific clue due to encoding two discourse
arguments separately; (2) neglect the bidirectional asymmetry

interactions between the two arguments during the represen-
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tation stage; (3) rarely consider the sparsity of the specific
interactive patterns indicating discourse relation.

In addition, we explore the people’s daily reasonable
reading strategy to bring inspiration for this task. We propose
a novel mutual attention-based neural tensor network with
sparse constraint, called MATS, to deepen the semantic
understanding of both two discourse arguments and select the
significant pair patterns for recognizing implicit discourse
relation. Research ideas and innovations in the paper are as
follows. The mutual attention-based BiLSTM model learns
the semantic representations of two discourse arguments,
which imitates the human-like bidirectional reading strategy
from a cognitive perspective, and uses the reciprocal
influence between the arguments to dynamically compute the
attention vectors. We further utilize a sparse-constrained
neural tensor network to excavate the indicative and informative
interactions between two discourse arguments.

We conduct various experiments on PDTB and the
results show that dynamically incorporating mutual attention
into discourse argument representations and adopting sparse-
constrained neural tensor network to excavate specific pair
patterns are effective.
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