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Abstract

relationships between two text spans. Currently, the performance of the explicit discourse relation can

The main task of the discourse relation recognition is to automatically identify the

reach 93.09% because of its direct clues, however the performance of the implicit discourse
recognition is still far from satisfactory since it has no direct clues. For the resolution of this issue,
this paper proposes a novel implicit discourse relation inference approach based on the external
relation. The method follows the existing inference pattern that uses the explicit relation to infer the
implicit relation. Firstly, it searches the explicit reference arguments that have the similar content
with the test arguments in the large scale of external data, then it uses the standard sorting algorithm
to rank the explicit reference arguments. Finally, it predicts the implicit discourse relation based on
the ranking results. Especially, the method focuses on mining the text fragments which can
synergistically trigger the discourse relation between two arguments (called external elements), and
predicts the implicit discourse relation of the arguments with reference to the relation between two
external elements. Experiments on the Penn discourse treebank (PDTB) show an accuracy of

54.12% , which is a significant improvement of 11. 82% over the current state-of-the-art system.

Key words implicit discourse relation; external relation; explicit relation infer implicit relation;

relation detection; discourse analysis
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Argl: She so loves him. External N
Arg2: He actually loves someone elso. Search

Loves someone
else

(.

Ins2: As I know, the boy loves someone
else, although he know Claire love him.

Ins3: The content of the film is so easy
“a man loves a lady while the lady
obviously loves other man”
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Ins1: Jenny loves Tom, but he actually
loves someone else.

(but— Comparison)

External
> Relation
Estimation

Comparison

(although— Comparison)

(while— Comparison) )

Comparison

Relation
Inference

Comparison

Fig. 1 Example of the external relation determination based on the global statistical information.

1 BT RRG R R AR 6 R A E 52 Ak 3



TR T AMBE G R A ISR BOC R B

2479

2.2 REBEEX

A S0 B BT AR T AL A5 AR I I A
IR VONRT KRR MCNERT KR EHATIR SRR Z
B A SCE e 4y i ERARTE 1 E L.

EX 1. “HNET LS. 18T ) F 8 1) h R 8
SR JC A RIS O R 1 SCF R B A ]
1 “loves+him” fll“loves+someone else”.

EX 2. “WE LS. 180T )8 a)) AL RE
SR8 TT F B S ) v EORAT 19 A R U i S
FEGMAEH E) . i K 1 7 “someone else” (“else”
WAE T “someone”).

E X 3. “HMERTOCER. M AMERT B S Y 18 T
HPIRC R L Z IR T AR R 3.

EX 4. “NER7ICER. IR Z 8] 1 30
Y FRAE K AR

Horb NIRRT KO R A BY TR IR ST N A
o2 B3 1) 8] BRL L B L AR 1Y e T T B
“HNIRT B A3 0 1T TR I A T i AR OC B RS
L ARBYUNIBRT OC & R W OT T LY 3 o £ i
e, R Z2 AN o g . AT, P 38 JC 22 []
i By SN AT LA N7 22 o 1 00 BG4 i 3o YOG
S SN A AR NN E A N S S (757 i e
TAMIRL R B9800 R HEI 2T B AR AR OG5
[F) 7«

L1708 W (1K B 1 ol i R N [ 1 W

i8] @ 2. qnfaf ) SRR By IR PR A AR E R
SCH AR G AR BB RE 17

i8] @ 3. ARl A SRR A3 2 TR) B T SCOC R 7
2.3 HEAHFESRE

BEO6F b3 [a) @, AR SO ] 25 H AH i e O v,
BALHE 3 ARy D AT T R U7 ¢ R HE A
35 2) “HMER” o BRI ¥ 5 3) B T 2 R AN R G

F AR AL, Horh Ok 1O T N AR A
A SC AR AT W A 2. AR M, AR SO FE 7 9% 2 AT i
3 BT SR

BT Ry ANBC” 5 AR Y B I8 T G AR o LA AR
Ay 3 AR

Stepl. B EEARF & ITT Y] 73 IR B 40, IF:
TE G 5 55 I 38 70 =2 8] 85598 TR L SRS ) R BOX . 1
AR R B B RH G M CRI DGR B o MR 4f G 186 32 H1F
¥ 3k 4% Top M Jr Bex) A W AF A2 “ SN SC R 1 Fr
B, TR AR 5 2R X%

Step2. AN 5 F 1 O A )L A B A
REATE Gigaword TR 8 R A ALY 25X
I MK RIS E LS OKIZES T
“YEICR T R 3OC R AR R R IE LR i B R
CHNBR” S F X B H S Y 4 JR B U

Step3. FFXFEEAS“HNEE” 5 R L B H ik & 18
JCKFR AT BE. A AR IR e 54 5
08 T SORRLBE . 7R e BE Rt b, R T2 M AR, 5%
£ DGR B LRI B LA SRR L BE (9 S8 — 48 B . X
“HNBE” S F XA S B BEAT HER L B FE Top N A6
RS2 R v A B )T B OG & A E Ol F i T
X R AR

3 “ERXESRKX"HXREEZRR

Bt e U 3 OC AR HE BT 55 AR SC koK™ B aHE
TR RIS M B AR S THER
DU A By dik 2006 2 9 B 506 &R AR 3 I 3 U4
SR 5 2 HE BRASE SCAY BE A RE A BE AT ) B IA

i R B 7 B 56 AR A B A ) R AR
I AR —XF B siE o S — X WU Je e i SO R
S5 b BAT — B0 X TR R RO R — 2
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External Search ) |
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1
\ 1
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; i
External Search

1
A\

Explicit Arguments

Fig. 2 Structure of “use explicit relation to infer implicit relation” inference pattern.
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Table 1 External Elements Mining of the Arguments Instance

F 1 BT SLHIINERT B 9 E R

Annotation Status

Examples

Arguments Instance

Argl:. We have established the quality of the clothing in the last six months.

Arg2: There is no fire sale in that clothing store.

Chunk Annotation Results

Slchunk_Labet = { B-NP I-NP I-NP E-NP B-VP E-VP B-NP E-NP S-PP B-NP E-NP O}

S2¢hunk_Label = { S-NP S-VP B-NP I-NP E-NP S-PP B-NP I-NP E-NP O}

Internal Elements

Argl: {We, have established, the quality, of, the clothing, in, the last six months}

Arg2: {There, is, no fire sale, in, that clothing store}

External Elements Candidate Sets

{we+tthere, have established+is, the quality+no fire sale,+:+, have established+no fire sale,

-, the clothing+that clothing store}
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(a) Observed frequencies (b) Expected frequencies

Fig. 3 Statistical results of observed frequencies and

expected frequencies.
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Table 2 Mapping Table of PDTB Golden Connectives and Their Most Possible Relation (Only List A Part)
%2 PDTB A Golden #E #i7 & H R KUK X BB R (X5 HABSY)

Discourse Relations

Golden Connectives (Probability of the Most Possible Relation/ %)

Expansion
Contingency
Comparison

Temporal
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now (100. 00), afterward (100. 00),later (97.17), before (100.00) -+
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Table 3  Discourse Relation Distribution of Data Sets Used in the Experiment
£3 BUBREREXREST
Number of Instances (Ratio of Instances/ %) Total Number
Data Sets
Expansion Comparison Contingency Temporal of Instances

DP1 562(53.72) 145(13. 86) 269(25.72) 70(6.69) 1046

Dp2 606(50. 84) 208(17.45) 338(28.36) 40(3. 36) 1192

DG 924243(20. 44) 2621028(57.98) 715546(15. 83) 249960(5.53) 4520777
DG1,DG2,DG3 934243(54.53) 257431(15.03) 429548(25.07) 91887(5.36) 1713109

T VAR HE R AR GE Y o3 M RE L AR SCAE T RS A
2 (accuracy) VE A IFH A o A o 55> 28 500 i 4 38
AE T3 7k s (10D 7
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N )

Herb, TruePositive 3% 75 ¢ 1E i 73 0 1E B 19 4> %,
TrueNegative F s EH 53 Ry G50, N R 1F
W38 T X AL

IZVEI J7 2 AR Sy B AP R 1Y VT M A A L T
J5 i 5& 4% TrueNegative B & N EEH 0, R A6 5 5
ASFFI B TT R R AR AR AR IE B A O R AR, B H it
B TruePositive 38Fr 5 N B9 FUAR. 2R ¢ 22 #E 21 i
RGN “Four-Way”.
5.2 ZWR%S

A F BRI S 5 REMER G T4
7 O ZR 0 B R 3 00 R M B R 4 L b B B Y %o
ERGE . o2k .

D fERS

@O RANB. 457 A A, Bl AL A E 6 & 2800
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2PN
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(c) Performance of VSM_SYS on the test set DP2
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(d) Performance of MA_SYS on the test set DP2
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Fig. 4 Classification accuracies with the changing parameters M and N.

K4 ZH M AN BT 7 05 B /Y R R

E 4 R LLAR H, VSM_SYS 1 % 4 43 25 o
REME T MA_SYS. % LI 4(a) 518 4(b) L 763 it 4
DP1 . VSM_SYS #5754 5% & 53. 51 % i 4> J K5 BiE
(M=12,N=50),MA_SYS 3k 57 50. 87 % 4%
KRR (M=15.N=50); %F [L 4 () 5 4(d) . 78
A4 DP2 1. VSM_SYS 3153 B 50. 36 %6 19 4
S FE(M=15,N=50),MA_SYS 3578 515 49. 25%

B 2BkE E(M=15,N=100).

ST AR U R G A SRR X S 8k
as By MALEMAT IR, B E M5 N Rk
PEREIS AU CAN I 4 (a) th VSM_SYS, & & M=
12,N=50). 2 F I, % o, B, v IALE, L o
B y€ L0, 1]sa+ g+ y=1. X}l 4 DP1 Al
DP2, BEHC 4 ZH AR 1) 552 50 45 S S X 1 (9 A .

Table 4  Partial Weight Adjustment Experimental Results of &, f, ¥ (Explicit Data Sets Using DG1)
x4 o, b, y NEFERSXRER(BXXRERERAHIESE DGI)
DP1(M=12,N=50) DP2(M=14,N=50)
Test Sets
Resultl Result2 Result3 Result4 Resultl Result2 Result3 Result4

a 0. 05 0. 35 0. 20 0. 20 0. 35 0. 20 0. 20 0. 05

B 0. 20 0. 45 0.45 0. 60 0.45 0. 60 0.75 0.75

Y 0.75 0. 20 0.35 0. 20 0. 20 0. 20 0. 05 0. 20
Four-Way Probability/ % 53. 10 54. 02 54.12 53.92 50. 80 50. 89 50.98 50. 89

MR 4 AT LA X AE 4 DPL, VSM_
SYS i s 54, 12% R HEBRMERE (M =12, N=

50, @=0.2, B=0.45, y=0.35); %t F W ik £ ¥
£ DP2,VSM_SYS #15 f 5 50. 98 %% iy #fk 3 Pk fig
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(M=14, N=50, ¢=0.2, =0.75, y=0.05). %
H IR R ACPERE N S B R IRE R K T HAL 2 5
BV O Tk J32 AR ) R 5 G 2R A PR PR B Y I B KL X
W — 2P B AR AR SO T AN 5 & Y B U 6 &R
I B 7 0k B R AT R RIS R
6.2 DERHLER
BT EIRSBAR bR W S b A5 HE P R G AT
PEREPEIN. 32 5 25 th 2 T 24 2R . DX B — i 7 ¢
R U R R DO R G RAR S AR
M5 Al LA Y AR S04 1 B R e 2 B B
ARG E T - B AR R B SR AT B Y 2 e P RE. 45 R 12
W42 DPL fo Jk B4 iR 35 #) 54. 1226 (Four-

Way) , i —C R Zou s K RE b 90, 962
(I 5 1Y Temporal £ ZR), x4 N 54. 15% (40
# 5 ) Expansion ¢ £ ; WK 4 DP2 iy #E 7
REINH] 51.29% , B — R oo oy Mk R et by
96.42% . fx 4 50. 75 %.

FAN N 5 A LLE L. VSM_SYS P fE 4T
MA_SYS #:hg. 3 . oF 5 A7 5 FR O B
JEERCER ) 56 F 1] 2 A [R) B AR (%) DG 35 B Al 11 7 1R IR
T3 T U [R) I S A 3k BB T A b AR HU AR ER OC R
X AR T U B O 2R 00 i B BB AR TR 1 AR A
EHEFE R S VSM_SYS 5 MRS L K& i
B R GE AT X .

Table 5 Classification Results of Each Inference System

x5 BHERZSEER %
DP1 DP2
System
Exp Cont Comp Temp Four-Way Exp Cont Comp Temp Four-Way

VSM_SYS+DG1 56.87 72.33 84.64  90.95 54.12 53.82  69.63 81.62 95.91 50.98
VSM_SYS+DG2 56.46  72.02 84.33  90.95 53.61 54.48  68.50 80.83  96.18 50. 49
VSM_SYS+DG3 56. 30 72.66 84. 15 90. 96 53.76 53.97 69. 76 81. 80 96.07 51.29
MA_SYS+DG1 54.15 72.71 83.84  89.87 51.62 50.94  69.68 80.89  96.42 49. 44
MA_SYS+DG2 54.57 71.87 80.59  89.73 50. 21 52.31 67.62 79.48  95.73 48. 04
MA_SYS+DG3 54.71 72.01 82. 84 89.73 51.48 50.75 69. 68 80. 89 96. 42 49, 34

Notes: Exp stands for Expansion; Cont stands for Contingenay; Comp stands for Comparison; Temp stands for Temporal.

6.3 HEERZIEBEXTEL

AR P RE A R R 4 VSM_SYS 5 &
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Table 6 Performance of Each Implicit Discourse
Relation Inference System
6 ERABEXRHEERS A %

DP1(Section 21-22)

DP2(Section 23-24)

Systems Four-Way Systems Four-Way
LAN_SYS 42. 30 WANG_SYS 40. 00
RANB 25. 00 RANB 25. 00
MAXB 53.72 MAXB 50. 83
EPIB 50. 56 EPIB 46.53
VSM_SYS 54.12 VSM_SYS 51.29

RS MAXB A F . A SCHY S PG Pk BE AT 2R i
i, {5 LAN_SYS & WANG_SYS {77 ¥ # L1k fig
AR T MAXB £ 583X e e U 5 G 28 4 O A2
BRI s 2% KA B xC 98 oo xR B B B
14 = 08 P I SO DS [R) B £ 3 25 1 B AN [ 1Y
XA, D “He worked all night yesterday” #ll
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Fig. 5 Performance comparison of each inference

system on the test data.
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