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Abstract Because coreference resolution is a fundamental task in natural language process, a coreference
resolution system based on deep learning model via the deep belief nets (DBN), which is a classifier of a
combination of several unsupervised learning networks, named RBM (restricted Boltzmann machine) and a
supervised learning network named BP (back-propagation), is proposed to detect and classify the coreference
relationships between the anaphor and antecedent. The RBM layers maintain as much information as possible when
feature vectors are transferred to next layer. The BP layer is trained to classify the features generated by the last
RBM layer. The experiments are conducted on the ACE 2004 English NWIRE corpus and the ACE 2005 Chinese
NWIRE corpus. The results show that increasing the number of layers RBM training and joining of abstract layer
for feature set are able to improve the performance of coreference resolution system.
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Fig. 1 An example of coreference resolution in a discourse
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Table 2 Feature set of the English platform in coreference resolution

MRE  FERRZE FHIE iR x4 FHIEME 2 X
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,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, T s U e, WS RS U0
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Table 3  Feature set of the Chinese platform in coreference resolution

MRl FIEHR)Z FHIE R x5 FRAE(EE X
1 Lexical ANPronoun iR 1 5 RN R R AR, TE 15 A IE 0
1 Lexical ANDefiniteNP Jieyara IR T A R 4 TR, W 1 A0
1 Lexical ANDemonstrativeNP EYATE #i BN IR SRR R A R, U1 AR 0
1 Lexical ANPronounType R Y AT e 2SR v (TN B R N AT 21 B
1 Lexical CAPronoun FeATIE AT A, W 1 FNER o
1 Lexical CAPronounType JeATIE SeATEA A, FEEARA AR 4h 42 50
3 Semantic CAARGO AT A PEATIERIE Arg0 i A, TR 15 A IHL 0
3 Semantic CAARGOMainVerb AT HEATHRIAIY Arg0 i S G i IR AR, JHC 1 B0
1 Lexical ANCABothProperName ~ PI#XFR  #H BN IEFSETHMRIEIR LN LA 2406, W 1 F0E o
1 Lexical ANCANameAlias PIERFR  ARNEMET BN AR, W1 AR o
4 Position ANCASentDistance eSS BB IEAEATIEAE 1 A EC 1, 2 408 0.9, -+, KT 10 HJHL 0
2 Grammatical ANCAGenderAgreement — PI#H KR A WENE T8 A S AT I8 T R R — 3, TR 15 A 0
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3 Semantic ANCAWORDSENSE PIZEXRFR A HowNet HPERTFATE SUFEBRA MW, W 1; HW% 0
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Table 4 Pairs of markable for training or testing in Chinese Platform
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JHe 7% fib 1,0,0,1,1,1,1,1,0,0,09,1,1,0,0,0,0+1,1,1,1,1,1,3,3,1,1,4,2,2,2,2,3,3 i
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Fig. 3  Structure of DBN
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Table 5 Distribution of pronoun anaphors over different
sentence distances

80 R ACE 2004 NWIRE ACE 2005 NWIRE
M) T IR l S AR Pl 34
<0 457 165 1339 684

<1 260 73 688 320

=2 56 33 279 169

gl 773 271 2306 1173
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Table 6 Results of baseline system™"

ACE 2004 NWIRE ACE 2005 NWIRE

Baseline &%t JEICER s SR

R% Pl% Fl% RI% Pl% Fl%

BaseLSystem_01
CETAE ) 652 787 713 642 78.1 70.5
BaseLSystem_02
(TR %) 722 762 741 706 723 714

*8 AREEBEXFBEFINNRRIEREFIERE
Table 8 Results of pronoun resolution with different feature
levels

ACE 2004 NWIRE ACE 2005 NWIRE
R HICIE R 30K
RI% Pl% Fl% RI% Pl%  Fl%
DBN'+NL  56.5 60.3 58.3 53.8 61.5 574

DBN'+YL 56.2 66.3 60.8 58.5 59.8 59.1
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Table 7 Results of pronoun resolution with different RBMs

ACE 2004 NWIRE ACE 2005 NWIRE
BER FIGEH TR
RI% Pl% F/% RI% P/% F/%
DBN' 56.5 60.3 58.3 53.8 61.5 57.4
DBN? 58.4 68.5 63.1 55.9 62.4 59.0
DBN® 60.4 70.2 64.9 61.4 65.2 63.2

REIARMEHE R, “YL"2E5 BT HEEER
P, MEERRE, BUES % 2.2 £ 2 A1 3, LKL
RRVFHEMBZRSIA, X akEGE FEAR
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%, RS IEE o
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Table 9 Results of pronoun resolution with different feature
levels and RBM numbers

ACE 2004 NWIRE ACE 2005 NWIRE
. PR s
R/% Pi%  F/% R/%  Pl% Fl%
DBN!+NL 56.5 60.3 58.3 53.8 61.5 57.4
CDBN4YL 562 663 608 585 598 59
DBN?+NL 58.4 68.5 63.1 55.9 62.4 59.0 |
DBN?+YL 59.7 69.2 64.1 59.2 65.1 62.0
"DBN+NL 604 702 649 614 652 632
DBN’+YL 65.4 70.1 67.7 64.3 66.3 65.3

BaseLSystem_01 652 787 713 642 781 705
BaseLSystem_02 722 762 741 706 723 714
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