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Abstract

Discourse parser helps us understand the relationship and connection between sentences and
sentences from different angles, but the tree structure data still need to rely on manual
marking, which makes this technology unable to be directly used in daily life. So far, there
have been many research and studies on how to automatically construct the complete tree
structure on the computer. Since deep learning has progressed rapidly in recent years, the

construction method for discourse parser has also changed from the traditional SVM, CRF
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method to the current recursive neural network. In the Chinese corpus tree library CDTB, the
parsing analysis problem can be divided into four main problems, including elementary
discourse unit (EDU) segmentation, tree structure construction, center labeling, and sense
labeling. In this paper, we use many state-of-the-art deep learning techniques, such as
attentive recursive neural networks, self-attentive, and BERT to improve the performance. In
the end, we succeeded in increasing the accuracy by more than 10% of F1 in each task,

reaching the best performance we know so far.
BAGEEE - RS, REEIN, SRR IRE, IR

Keywords: Deep Learning, Discourse Parsing, Attention, RVNN

» 4HE

RN B AR SR Z FIRIRA A IS (S B - RS RE BRI T BRI HITY - 2 H Al
o1k > REFINEERES 2 A IR % B B At 5E 22 225 7Y Rhetorical
Structure Theory (RST)#G Z1[1] > #H LT &R HAEREH K HEHAY Penn Discourse
Treebank (PDTB) #5 £[2] > B2 AH SR F45H#E £y THY Chinese Discourse Treebank (CDT)
BE A 3] T TERS AEAT RO E R R B R (A BT TRV R (&S R AR TE]
HILHENREEANER R BRI A —E ARG - Y REST e =
HIRAAERSD - (SRR ERHERETT 2 R EHT L BEEEFRRERR  HE
EHITEERH R TREED (SR EBINTHYEF 22 9 fie) A E B R S L E
K E o REEFAMIAIIZE 0L CDT B84 f T » HAVEZE T —(EF ST EIT R - a7
CERE R R R IR R = B WA AR (4 -

HATC A2t R = ST THIRRSE - 140 SVM Base Parser [4] - DCRF Base Parser
[5]~ Recursive Deep Learning [6] - Transition-Based Dependency Parser [7] » 732 £65 58 1 »

R e BB 2y B R R » 0 00 70 B B ST R R 1T - N i W P R
Fo oy BRI - (EIE R0 A DU T MR A B E AR RIS b H—2 s it s
ST S OETRINTE AL B9 R EET T T 2 BB R SO R DA B S S
Mrifge b B R BB FEA i m oy FIE R - 12 PATERERY 00 & (Rl AR
trall 4k mHAT R ) B BIR E S B & R B BT A MR R -
PRl R ) oy BRI BT =0 NME A B E AR B 45 AR a RMeyZK -

389



2018 4 Lin #2117 LAEp7 25 E 19 RYNN Base Parser [8] » IHBFFE (8 0 3Bk CDTB
SCEEATENE » RTINS B S S R A - e R
IR > B8 — (S HE e S s 2 AR B A 2 EL ) R PR S ep S s i
b B SR - [HIZE B PSR RATH T BRI B P RES - TR
PR AR B TERA R S R TRAL o SR T A SR
Lin PEMIZED » BRsb oy BIOEEE » 2 BIRT-a50 8] - Bississ: - X0
(T B B (el » FEBFFSE o o R T S T A (T 57 80 > BEEM A Recursive
neural network (RVNN) &5 T s AFHEI > 3R I PR (T FOH > i o
CYK B A TR - FoPTRHET Lin BUZZHE R D DL R TORE L ¢ (1) 3k
Lin 36 6 (e T8 /E31 %149 word embedding » {H4F# word embedding EHETHTISE
FEHETE  RIELBITIIA T FastText embedding HBIBIIGE - (2) —(ET-0F - S{EF
S P E SRR S R » AR R T A R T A B B3
A RPN T self-attentive9] » JERIAIEEFE R FINEFFB: HEE S0 o ) TS
F2J% - (3) 1E 2016 4F Zhou % AJ7 COLING #5—Fishz[10] - 6 Attentive B A
RVNN # » 5)) RVNN ELE8E TR TR BB - i B B R re Vo (E R F et -
FEEATIIA. Tree Attention Fif » JE/S BFAFHIREE - PHLIRITIS » —(EHSHY A
REBAGE AN TR Bk G A S 0 TR e T
Ko Bl IR A TR S SR TN, BT attentive HHIHHIA
RVNN > 38 RYNN FE3II GBIk A Sy 701 » BLBIRARIE (T34 - (4) Lin 75
P e L e By T BRI » (EL T3 AR R B4 694306 F1 EE Lin
BRI baseline MEIE » FFRMIFIHFIREE (E/ sequence labeling problem » 1 F]
AU IR AT (). BERT [14] M5 74090 508T8s » ) H Al 740 2 BT

FEISEER - PTG et LR E IR R - BE1R & ST BRI b 50 (5 FI 2Ry
FEER AT 48 - AU 2R ERE DL RVNN AT TSR > H A2 R — (B S
FOCEIRER > BFTEAAVABATERRERF TSR T Lin Frigtiav )ik - WAELZRE
AT - SPEIRTEEAVEL Y - BMTEEREET TR

390



Lin $i ARy &) ISR RT IR0 B - Miedm A LSTM fEFH)ERE. - B igii A
RVNN PAEFTERREE AR - MR EHATie! - FoELZ KI5 - 40— - R AR A5
SIS HY BERT M TH) 3 &) » FHJ&E R n» (] FastText fif 05 HY
embedding > FHEF EHLETE]—{E AN By 300 AR > SHE TR S AT Ry BE A iR A
/INF5300 x nifJEERE > HIEHE T AR IR Ry ef = (ef, ..., ep) ° Z & FAJli A LSTM
B3 > [FRFEM self-attentive layer H R A FERAVEZIEE » ¥OIFREA
[FEHIREEMIINE - SEETREBEN &S, - IERIERILM Attentive RVNN (Y5
A W HDUTRE T (A CYK EEVASHE T aiidda - i — e R
i

( Attentive Recursive Neural Network (Tree Build) W

' ' :
self-atten self-atten self-atten
X X X
sT™M 1stTM ISTM

; ; $
e ) €3 €1 €z ] €1 € €3
EDU EDU

EDU

‘ BERT EDU SEG ’

000 @&@ 000

& — ~ REEATEleREE R

HATER A EL Lin AH[EHY T3 G RVNN > SHAFEIMTIRIE TR - 2R (LR RE (R aas
FHRE > @K RVNN 3 B R Fren LAbERE B BLIRARE ¢ - (7 SoftMax S3JERs A
A FEIS A BEHARR B R S IV EEH MU B 2 R AT

391



p = softmax (WS [iz + lZ) (1)
¢
S T =1 SoftMax 73 fH =8 2K $ 1 ¥ =N [E1 0V R B ke ) - WEISEEA CYK HEEVAE
NS T -
(—) Fap5E]

‘e CDTB > A &l E 2 - A 7 B E R AN PRR TR B EaiE A
HURERLFTAR > AT R A B - A0 NER—HY R T SRR Ry TR oy B - (H5
AR SR A TR TR o3 B NPT 7R o3 BRI A 17 R — (I e F AL TR
Atz H 53 51fsE A BERT Fine-Tuning [FEAEAE P3RS B3R ZAFIHY TR 1% -

Sldrt B P BERT 2 (R A bute - 100l R B 50 (7 T4 inside
1 E {R4A) End IREAHEACHBED - BRSO —  T-A5BIEELL B (T - 5
B S T AR -

£ IR

fir JF ® & H - At BLo  E E {E B X &

=44

N oA

8

1£ BERT Fine-Tuning fEAIE 1 » T Google Frfefit 12-layer, 768-hidden, 12-heads,
110M parameters T8 E/ll&R4HY T SCEBIE B R MIHIRIAEIARS » SAEIE . EERE IR
SO > FRMTE R AR SO AL BERT FraE#RHY Token » FRFEE Token Hig AfFEAY
AETTHIGR - AR A

e[ e e ] -~ [ =]
T o n n
([CLS] 1( Tok 1 M Tokz]

& — ~ BERT fHAUZHE

392



(=) Self-Attentive

1E 2017 £4E Lin, Feng & AJA ICLR $#2H T Self-Attentive [YHE%H] > Self-Attentive FEfHIR
TRGESN VBRI NEER - BV AT ST Attentive HYERTE » SHPHINEIEERAY
SR o PRI fERMAVIES s D AT ERH - (SRR ARl R 2B
— TRIER TR FHRIERR o AT -

)

s = (WL w, .. .Wn) (2)

hy = LSTM(wy, hy_1) (3)

H = (hy,hy ... h) (5)

a = softmax(W, tanh(W,H")) (6)

AL AN B s & n [HESFY] - B w (AZRFF51HY word embedding » F{fT &y
RHEERN s B A—(E LSTM » (S E—(Ea] [T ERY hy > LSTM AYFERIEE T u > HI
h, € R* - 1] H € R™ AR BFATARRRGINEER VES - Z1&K H 75 A self-attentive
o A SoftMax $HG B FEMER—1L > a € RV JEIF a V4T LIEE
By Y E (U B SO attentive > ZE [ Self-Attentive 52K ©

(=) Attentive RVNN

FERSHRES R T - T Z P LR B SRR A BRI Y [N BETRF Attentive A RVNN 1>
REFRIA R B A Ay SR E AN [B] - fe Z RV B R

YHATRAT RVNN #5 A RSB AL, hZ - TR et S iSmtiEg 2 i > eet hl k2 {4

Attentive > \FAIR -

Myy = tanh(W D py + yme)s) (7)
Myz = relu(Wm2m, ) (8)
My3 = relu(W(mk3)mk3) 9)

exp(w my;3)
a, = (10)
“ -1 exp(wimygs)
9= ah (n
1<ksn

hy R PR P EEL B HE— TR - S R—(EEEINERN > e M1 RIaE LSTM & 15
FIEER - Pty & by L S HEIIRIS2] TR Z HAVREE a > Bd&Rt a ZR(EHH

393



HEAFRI7ER Attentive o [ HEATEL Zhou S AR GRSV A RIS A RIE - H
PAEFIE T AT AR T — (8 my, #E2E - HERPEESRAERA—E my, SEEAERE
T8 By TR IRV ER B RICR - BFIEIN T Z e tidlg my,, mys A ED)
allR > HAEEEREEL - FRMAVEEN S g A 2 BEE -

= Eig

FERFERT B PRI UM Lin » B T SRR Lin (RS AUERE: - B
FI 7B Lin #H[EIRVEER 7720 (/1 standard evaluation tool PARSEVAL [11] &1 Bk
451 F1 (VRTHEL 504 » 7E Lin (YEEET - 1 Kang A7 2016 FE42 ANV E R4S R 1E 1y
Baseline » RPHINF Lin 8 Kang 45— Baseline SATIATBILHELE: -

Bl —h o EAFISH e B S i e FE AT R WO M EhiRaS T ERE ~ KB A
B B RN, + BEBR PRIV S AL FastText Embedding I Self
Attentive Layer » %245 ] Attention RVNN Bil BERT T-A)4 i -

BEEsE IR BRI E FEAITERE A Attentive-RVNN 12 » HEREA K7 AHE
RUEF Adtentive-RYNN AC/H » MIZSENIA BERT (it T40538li% > 16 T4 SR
(EDU) /Bttty » SpAL - & ERIHE (38, F Rty
feft > S RIFT AT i R

e Vi e T RORE

Mod EDU Structure Sense Center all
Kang 93.8% 46.4% 28.8% 23.1% 20.0%
Lin 87.6% 50.7% 27.8% 25.7% 22.2%
RvNN 88.6% 54.3% 35.3% 34.2% 30.8%
Atten RVNN 87.8% 55.1% 34.4% 33.1% 30.1%
BERT RvNN 94.6% 57.7% 37.2% 36.0% 31.9%

FERTEER— > EAI{E R Attentive-RvNN 1% - AEWER K IAREIR R (L Attentive-
RVNN ZAFHE - FefFTrI PAGE N YR =28 fi# - Lin fURRUAREE Lo i H AR -
{8 CDTB A5 EZriiyssts - (R RGN Zok & FAEER - AR TGN
Attentive-RvNN FTir 2RHVERE AL » L EAPIRF G E R Rl —oTiel 1% il 3837 - (]
Attentive-RvNN [y STy MR - AURERE B P = e mfe - (BRI

394



BERALA BRI AE AR KNG 2 TSR b > NI A28 — (6 B B P (A
R= BT T B S TR R E AT E

Tree Type Model Structure Sense Center Overall
RVNN 63.4% 40.7% 40.5% 35.1%
Evi] :
Attentive-RvNN 62.4% 39.9% 38.1% 33.7%
RVNN 69.2% 48.8% 48.5% 44.2%
| :
Attentive-RvNN 69.9% 49.3% 47.6% 44.2%

FE NI FAPIIEA RS S VU 5 B8 (A SRR B - M Lin HYSERERYIfE iR A
iz T DLEEHERMTAIRAEI b > USRS RIS R P YRR TR Py
SR AR T SR s BT R - BRI Rall ikl D Bt s s1 - At AsiaE SR
A -

R~ TR BRI R

Sense Node (Gold) | Node (Pred) | True Positive F1 Lin F1
AEFIIHA 414 369 192 49.0% 67.0%
RIS 119 44 14 17.1% 16.5%
T 151 146 54 36.3% 29.7%
fR A 11 11 8 72.7% 0.0%

% BAPTRENSRE R 2 e+ ISR B0 10% Y3 IISRERL - SAE Ty
B NG - 7B =t e UG - T8 EFEA (A BERT AYENL T > ZEHER
BRI REA Y R - BEHRGEERE - B IERCE P OERC I R A R R AR
R& o INBEERAMTEE R AL H i AR 2 BIREHIIRIR » ERERRSC E ZHlIRE R > PR AE
HEREH EAFHIRCR

395



100
90
20 e
70
60
50

40
30
20
10

0

(] (] 0 (] 0 (] 0 (] 0 (]
10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
e FDUJ e Structure Sense Center e Al

B = ~ B2 4R
VU ~ &

Kimam L 3T RvNN Base HY o Sl = SN R 2UETTHOE - TRy
HIMrAE T B RS IREE © FMIIIARY word embedding SEARE BIEAIEHEEES
an) [ B AERE » H T DU R (5 FH 48 20 N Ry A YR R s BB I IR T RPIE A T
self-Attentive layer B Attentive-RvNN > fEF B thag & - H77ARE A St B B U 7L
AT A R R EE AR R DU SR A B - i (&R FAMI(E ] BERT HYJ5
TAIE TR S E > (ER ARG E MR T B T - DA B B i RS RS
BEAFE RIS RE Z PRI TSR E R > MR R R Y AERER - (o5 RES AL STIY TIF ISR &R -

AR e A HYRIR -

SRk

[1]1 University of Chicago, The Chicago Manual of Style Online. Chicago, IL: University of
Chicago Press, 2006. [Online].

[2] Rashmi Prasad, Bonnie Webber, and Aravind Joshi. Reflections on the penn discourse

treebank, comparable corpora, and complementary annotation.

[3] Li Yancui, Feng Wenhe, Sung Jing, Kong Fang, Zhou Guodong. Building Chinese
Discourse Corpus with Connective-driven Dependency Tree Structure[C]. In Proceedings
of the 2014 conference on Emporical Methods in Natural Language Processing, pages

2105-2114.

396


http://www.chicagomanualofstyle.org/press.html
http://www.chicagomanualofstyle.org/press.html

[4]

[5]

[6]

[7]

[8]

[9]

David A. duVerle , Helmut Prendinger .A Novel Discourse Parser Based on Support Vector
Machine Classification. Proceedings of the 47th Annual Meeting of the ACL and the 4th
IJCNLP of the AFNLP, pages 665-673

Shafiq Joty, Giuseppe Carenini, Raymond Ng, and Yashar Mehdad. 2013. Combining
intra-and multi-sentential rhetorical parsing for document-level discourse analysis. In
Proceedings of the 51st Annual Meeting of the Association for Computational Linguistics

(ACL 2013), pages 486—496

iwei Li, Rumeng Li and Eduard Hovy. Recursive Deep Models for Discourse Parsing.
Proceedings of the 2014 Conference on Empirical Methods in Natural Language
Processing (EMNLP), pages 2061-2069

Miguel Ballesteros, Chris Dyer, and Noah A. Smith. 2015. Improved transition-based
parsing by modeling characters instead of words with LSTMs. In EMNLP’15, Lisbon,
Portugal. 349-359.

Chuan-An Lin. A Unified RVNN Framework for End-to-End Chinese Discourse Parsing.
Proceedings of the 27th International Conference on Computational Linguistics: System

Demonstrations, pages 73—77 Santa Fe, New Mexico, USA, August 20-26, 2018.

Zhouhan Lin , Minwei Feng, Cicero Nogueira dos Santos, Mo Yu,Bing Xiang, Bowen
Zhou& Yoshua Bengio. A S TRUCTURED S ELF-ATTENTIVE S ENTENCE
EMBEDDING. Published as a conference paper at ICLR 2017.

[10]Yao Zhou, Cong Liu, Yan Pan. Modelling Sentence Pairs with Tree-structured Attentive

Encoder. 10 pages, 3 figures, COLING2016.

[11]Lynn Carlson, Daniel Marcu, and Mary Ellen Okurowski. 2001. Building a discourse-

tagged corpus in theframe work of rhetorical structure theory. In Proceedings of the Second

SIGdial Workshop on Discourse and Dialogue (SIGDIAL’01), pages 1-10.

397



	利用Attentive來改善端對端中文語篇剖析遞迴類神經網路系統
	王育任  Yu-Jen Wang
	國立中央大學資訊工程學系
	Department of Computer Science & Information
	National Central University
	國立中央大學資訊工程學系
	chiahui@g.ncu.edu.tw
	摘要
	Abstract
	一、緒論
	二、模型設計
	三、實驗
	四、結論
	參考文獻





