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Abstract Aiming at the identification of Chinese fine-grained implicit discourse relation and taking the directionality
characteristic in account, the authors propose a feature learning algorithm based on the distant supervision to label
explicit discourse data automatically. The relative position information between conjunction and words are applied to
train the intensive word representation. Then the rhetorical function of words and the directionality of relations are
encoded into the representation of intensive words, which will be applied to the relation classification of fine-grained
implicit discourses. From the experimental studies of the proposed approach, the classification accuracy reaches 49.79%
and F1-value reaches 50.69%, which are better than those approaches neglecting the directionality of discourse relations.
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Fig. 1 The processing framework of the proposed approach
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Table 1 Illustrative example of PPMI-IDF association matrix
between connectives and words of EDU1

b
i
Ak LIPS Jak {H2
PSgIRE 0.12 0 1.67 0.34
el 0.35 2.08 0 0.20
HIY 0.03 0 0 0.01
0 0 0 0
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Table 2 Illustrative example of PPMI-IDF association matrix

between connectives and words of EDU2
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Table 3 Distribution of fine-grained implicit discourse
example in HIT-CDTB
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AT EA R O] fe RIS, 7R NI s A
EDU i ) &5 A L2 Yt T Aya it .
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ARG 22 T8 B R R 8, IR
Braud Z:PWg A 2% f A B 17 LT A HL, SEaR gk
RILEE 4 f01 5,

Wit 4, A SCIERE R 2506 RINBIE
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B 7E S [ S A B T R PR O e a2
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Table 4 Result of fine-grained implicit discourse relation
classification

7k Acc/% F1/%
Braud 2016 46.00 46.20
AT 49.79 50.69




IR AR (B RRHR)

JEME A TR AR P e R 0 AR BRI A I8 B B M B R S ) Bk

#* 5 BIMXRRRANER
Table 5 Result of per relation identification
P R F
Braud 2016 ARICTT % Braud 2016 AT Braud 2016 VNS RN
IEA 0.468 0.6 0.258 0.224 0.332 0.294
ERTESE 0.15 0.2 0.036 0.018 0.056 0.034
HEWTESE 0 0 0 0 0 0
fif PR UL A 0.6 0.608 0.67 0.724 0.63 0.658
S5 RAE S 0.05 0.1 0.048 0.042 0.048 0.06
AEpEa 0.12 0.034 0.082 0.024 0.094 0.028
SR I 0.226 0.234 0.216 0.234 0.222 0.234
JR R 7E 5 0.334 0.362 0.308 0.36 0.322 0.358
SBIFESE 0.2 0.1 0.024 0 0.044 0.066
FARAAFAE ST 0 0 0 0 0 0
e 0.2 0.304 0.212 0.168 0.202 0.202
H I 5 0 0.184 0 0.062 0 0.092

N T BB A IR, AR SCHEAT B X
BAIE, RIS TR A 1) 2R Z S0 B TR 1
BHEhECR, FTRERIN RIS BOR D, 73 KA IR RE
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FR, Hr B #6208 0 KRN ER. &
SO TR TR IR N 0 IR RETHLE, BT
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B TEARAE HT ™ 5% 2 2 AR K AT REAH 20 78 < J5 Rl 7E
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BV R R R, XK R AR SC LR
P, AL e, TR B 5% A WA & A,

12

N EE MU R R I 2, DY Xk AR
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INA S
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0 4 \ 4 \
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Fig. 2 The precision of 5-fold cross validation in per relation
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