http: /www. jsjkx. com

DOI:10. 11896/jsikx. 210100226

— \ LM O
ETHMUNHBERERXZB B3R
BEA R O R
1fed skt ENFR KX 430079

2RI AFATERATFES RN 430079

H OE ONEAGHENREIAL A0 XG0 LA ALEESTHAE RN ELZANE, —EA AREEREMARLEN
b, LPBAELHRELOEANAHRNGTILERE . G EHE SR EH XA BN, A £ 25 AL I a9 bUH , 354 4
FOBTTREZENGRAN, EREREANEZFTERBTEREZHOERE K TAAYF &,
XEBR.AMALG; L FEZ LN ; A iR A

FEESES TP391

Rule-based Automatic Recognition of Relations for Marked Complex Sentences
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Abstract Semantic expression of Chinese complex sentences is complicated. As an important content of Chinese discourse stud-
ies,complex sentences classification has always been a hot spot in the field of natural language processing. This paper summarizes
and excavates more than ten types of literal and syntactic features for automatic identification of complex sentence categories,for-
malizes the features and constitutes rules,and uses the mechanism of relational words to trigger the rules to identify twelve types

of relationship categories for marked complex sentences. Experimental results show that this method has achieved a higher accu-

racy rate,which is better than the existing methods.
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Fig. 1 Relation marking to relation category correspondence
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Table 1  One-to-one relationship
id keymarks  fob relation
37 FRE f dj
38 7 b 4
41 W e nan lg
42 ik 5h f bl
43 Li:8 b 7z
44 18 AL f 4
45 18 L2 f 1
*2 —MEXFRE
Table 2 One-to-many relationship
id  keymarks cor’l;;;e;inl Constraints relation
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Table 3 Twelve types of marked complex sentence recognition

RAEE

results
CHLAT 2 %)

(A R P Fl

S 87.65 93.03 90. 26
3 W 89.10 97.68 93.19
]i% 91.23 97.51 94. 27
* 90. 78 97.73 94,12
Bt 96. 67 99. 89 98. 25
71 97.78 82. 94 89.75
# 5 85. 89 97.85 91.48
# 95.33 98. 85 97.06
% 94,78 97.15 95.95
4 91.55 95. 81 93.63
it ¥ 90.78 93. 69 92.21
& #% 92. 77 98. 35 95. 48
e 92.02 95. 87 93. 80
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Table 4 Comparison of experimental results of different methods
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