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Abstract: Relation extraction is a fundamental task in information extraction, which is to identify the semantic
relationships between two entities in the text. In this paper, 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 presented to detect and classify the relationships
among Chinese name entities. 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 Automatic Content Extraction 2004 dataset. This paper proves that a
character-based feature is more suitable for Chinese relation extraction than a word-based feature. In addition, the
paper also performs a set of experiments to assess the Chinese relation extraction on different assumptions of an
entity categorization feature. These experiments showed the comparison among models with correct entity types and
imperfect entity type classified by DBN and without entity type. The results show that DBN is a successful
approach in the high-dimensional-feature-space information extraction task. It outperforms state-of-the-art learning
models such as SVM and back-propagation networks.

Key words: DBN (deep belief nets); neural network; relation extraction; deep architecture network;
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Fig.4 Process of a RBM using Monte Carlo Markov chain
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Fel A Sz s U8 B 5 n=1,18] 5 45 T RBM [l 2R B2, L SE S B T vE 1 TR

O1O®O

<vh°>/ \ /(vhl
@O

Wa=Wo+ n((hovo)—< h'v)

OGO] [ODO

o ho> / \ /<
®O

Wo=Wi+n((h%)—(h'vh)

= (PP =)+ V(S =)+ = (V) = (V) + () = ) .= D) — (B ()

- * v ¥
Wi_1=Wo o+ (D0 —~h'vh)

OROIODO
(vh) / \Wn1 (viho)

/
© O CﬁO

Wo=Wo_y+5((h%*)—(h'v")

Fig.5 Process of a RBM using contrastive divergence
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Prag A BT FAUMERI 2. AR F RECK I O R 45 R T 8k R A8 43 AT 55, th TR S 4k
5 R O ER O I LUE IV R . AR F REOEH S F RE0T AR (9K
e 2 X MER R x A R
TS
h T BEAR SO T VR A A 9 S LA AR ST VR IAT LR AR SO T T 3 AT 4
o fE5%5 1LIGUEASCEE H ¥ DBN 7L LAE 4L SVM R NN 7732 B 3E & 715 BT 45
o TS5 2,50 0F BT FHRAE I 5 VA T 45 5 (0 25 TR RR AE 1R 7 755
o (155 3K SEARIK S A BN O R MBS
TS LBRATEAE T 3 4IAS A (K536 HEAT 2 R AL
oSG 1, JUPN 5% ZR S, YR A JE S AR O R AT AR T SOOR R AU SRR OC R R T — R AL
RE;
o SIHG 2 SR 5% FR S R 5 FR I 0 R el A FEAE T S5 R 9% R 9L REAT 0 28 U H e
153 530 )& T —2K;
o SING 3, TR UMK E S AR S R I 96 BRI Bk T TR RL R TR LI 5 el SRS B AR AR S R IS4k
X A NUll 228 DA B A2 — SO0 R T A I IE R ey RN IX 6 i —2K.
BATVH FHFE . STARFEFRESFAL « HEAf 0 512 VA S TRV A R0 52 A R 5o 57, 38 41 A 2 2R 52490 AR 4L 5 AT, 40 530 R

©)
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DBN'(i %7x DBN {45/ RBM )2 %1),SVM FI NN iX 3 Pl %27 SR 58 s DA 1 3 20 5286, 9F 64T 45 SR te
AR I 4 SR 3 015.

W TAT S 2,48 30K TR0 1E 78 e DAy ) S AE R ] kAR E PR 4

o % FIH T E R BRI />0 R4 ICTCLS (http://ictclas.orgl) s i 1% 5¢ 28 S 4] o ) S AR kAT 43 i), 75 5]
o] RT3 G ] 1) 3] A2 A8 K 6 3] 2 RS EE T 1 119 ] S AR O AE S FR S 8 1.2 1 4R B SR
HE ¥y FE AR AL,

o SRJE IRATERNFAE . 1A PEERAL . SEARSEFREFAL HEA 1) S A28 TR AR 00 0 S AR AR A A A A N 55 &R
SEA R 2H S R AE, 54T 4% 1 R AH RN K A sk 75 DBN',SVM I NN 3X 3 FiriL o 2% 2] 455 R 3R 4T 5 28 3l AT
SIS R,

PANTHGIE TR AR RN I T3l R AIE 1) OC ZR B 4 SR EAT LU U AR 4R 1R B 38 P T 20 SR

X FAESS 3, ATV T 3 AUAS R 1) SE 5, 20 ) ) FH 1 A 1) S RS AU AGE A M 119) S AR IS R 6 R0 AN ) P

SRR AL B A1 BB SEARTE PRI AL VR B0 10 S 288 R 00 A0 S A ARG 7 B4 0. R ] DBN',SVM I
NN X 3 FlHLAR 2% SRR TIX 3 A4 AEEAT 5% R Sl H SR AIF SE RS RN 5C R ALK 52 .

32 NWERRST

3.2.1 AT DBN BEAL A AL G L
© HHA R 54
AT A0, 5 V8 SR AR T2 UH Sk — 28 RO B N L5 OO R K S0 A O Oy R A 22 T AR
DBN M % 45, & JZBa & 2 mg B R ) BAKIR Sy 2 700,2 100 F1 1 800 2t 5 A4 R 44 42 9 26 715 s U I 38 %2
HE W B2 fe I 45 1 3& T RE 77, (5 2 2 PR 19 48 1032 AL E g BT LAY R BN 358 T2 6 4, B 1 0 2832 A RE ) . ok 24 R 32
AH LR, 0 2 F R AT B I H2 80 B 20 5 1 T S 0 41 R HE 2 AR LR 1, S5 50 U L SVM
FIH 22 100 A% R B G 2 1R A% bR 2 RBF A% B8 80 BOR AR S 4F A1 2538 T AN ) SVM S0 T e rh e £ 11
Z:$1(y=3,coef=1.3).NN [ £5#45 DBN (145 84— 5,4 R F i 45 R W& 2.
Table 2 Performances for detection only
F 2 HUUNOC R 9 i 45 R
R MER (%) AR ®%)  F R2E(%)

DBN' 73.18 70.72 71.93
DBN? 75.51 69.99 72.64
DBN? 75.86 70.86 73.28
SVM 77.99 66.91 72.02

NN 74.59 67.94 71.11

&5 S T DL H AR DBN RIS SVM HERG R (02 4 R R 5=+ SVM;DBN! ) F 2EA U1 SVM,
{EE1 0 1 2 RBM J5 (¥ DBN? 2 3 O 48 ki SVM; e DBN® [ 4[] 5 Lk SVM 1 4%, F R B 7 1.2%,
HAREI T SVM.DBN 5 NN Lt 3 T deAr 35 Jr 4 i, iE B RBM & 5 A 2800 B I 2Rt 2.4 3 2
BHIE S 5 208 R W 225 DBN BEAY 15 3 1) 43 45 A (45 L1 HERA 26, 8 T3 b ), “+ AR S2 0 B R ) o 518
MRR, R BB AL TE KR

Table 3 Distribution of detection on each relation type by DBN
F 3 ISR DBN A5 P 45 S A A

el + - HE B % (%)
Role 221 72 75.43
Part 112 28 80
At 139 78 64.06
Social 9 17 34.62
Near 3 4 42.86

M 3 G R T LA A AR, odls ) AN B50A BRI 58 AR SR I 45 SR A T o LR B AL/ 1Y

© HEBEERAET hipd/ www, jos. org. cn



MF %4 F Deep Belief Nets ¢ F 5% 4K £ & #HIR 2581

KRR AEZ AT LE) KT Part 870, 45 JLH1 BT 72 X 2 IR O At 2R 24 S5 A IR AN SE AR, B AT T 28 2 20
5 EC Part 28R SR IR SR 21 5 BN S 2% A IS At 2870 1109 2R 22 S S 401 1) SEE AR AR N A7 B A2 20 I T I B AR 2 4
ANE T X R WS BIAR AL, 75 DBN 2 2R3 28 B K At 2RI 4 S48,
@ ST R 2 S5 P U3 S AR AR
AT b2 S 36 v Bl 23 2R AR b B SO AR I SE AT 40 23 R0 B AT O R 2K AL.DBN AT NN )
W25 S50 55 5 1 A0 SB0 AN IR), SVM AR R I 22 T A% R 850, BRI, y=1 R coef=1.3.45 . 3K 4.
Table 4 Performances for detection and classification in sequence

x4 SBVUNF ML R

(e HETH 2 (%) A 181 (%) F #5(%)
DBN! 68.17 63.98 66.01
DBN? 69.36 64.16 66.69
DBN?® 69.79 64.28 66.92
SVM 72.09 61.64 66.46
NN 68.48 60.46 64.22

45 R WoR:DBN MARTE 3 JidEbr LB NN;DBN 7EAERG % LA 00, 70 A [l 4% B ol ] . 5
SVM A L, DBN A filg BUAHAH 24 (¥ UE A 36 AHRE A4 0] 5 A AR A7 W) 242 2. 38 b DBN' 11 F R B0 72 T SVMLJHLE A
DBN? L £8 JF 4 itk SVM,DBN® ) F 5 5 SVM B TCHE i 0.5%, 280 AR i AN B g2 33 b 50 A 5 3 92 3 ) 11
RARBEI TN, 3 FHLE - 2] TR BOR ZE AN K SR B 10 ACEO4 TR RHITT 75, 75 % R 2R U B B, I
SRR BN, AT 3 000 24

B PRI R R Sl 1 DBN 70 KRG H070 R4 R W3R 5.38 5 4R 538 3 RLHHE AT PEAE 1
B RR R I ARG RAFAE 7 7, KB 2 i T O SO A R B OR AN Part 2878 JE TR At 28
YRR AL & i R 2 R B vy, S BUE 72K,

Table 5 Performances of DBN for detection and classification in sequence on each relation type

RS HARBIKARLBIR DBN 73 KA1 73 & R

payit] ER = (%) H E1 5 (%) F A 4(%)
Role 73.96 72.7 73.32
Part 71.01 70 705
At 62.78 52.07 56.93
Social 7273 30.77 43.24
Near 40 28.57 33.33

® HBRMKRIIH
TEIX— 41525 1, DBN F1 NN ) 45 SR ANAE , SVM AR R 2 I A% ek 48, 2o, =2 F1 coef=1.3. 45 R L%
6.5 IR UE B B DBN JZ U3 0, 73 F Rk b SCR[13] S UF B3 JZ RBM O &0 i 9 BUAS R I B 0CR
PAAS SC S5 v i) DBN % %2 5% M 3 )2 RBMLSR ] 1 )2 RBM ¥ DBN RCH 24 W A T NN H EE SVM g 2257 H
2 )2 RBM [ DBN 5 SVM [A H4124;5K H] 3 )2 RBM [ DBN 247 T SVM.LL L 3 415236 393iE W), DBN =&
G A T 0 RAEALAS 2% SRR KR AR A 1) 528 ARG IR 23 2K 88 00 AR T4 421 SVM T NN
Table 6 Performances for detection and classification in combination

R 6 HEUUNRRRAM 73R LR

R HERf 2R (%) A 1112 (%) F 55(%)
DBN! 69.77 62.52 65.95
DBN? 71.66 64.42 67.85
DBN?® 73.22 64.86 68.79
SVM 72.91 62.22 67.57
NN 69.13 56.07 61.93

TG T PR KRG I DBN® 43 2 34 B0 IG5 R, 53 5 X LU 45 B, H B 21
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230 5 T 5 VR S T 43 2 AR 20 SR T DR A R A L T S5 R S 0B B B AR A N A AR A R B
B RN 2 A AT U 25, T B0 R

M A S S5 SR AT LG AR T NN DBN ZEEf 28 1w A 38 v, 76 79 1] 381 o st b e W 8 AR T
SVM, TERT P41 5550 1 DBN  FIVREAf 26 AN 1 SVM {HL 2 74 R 26 1) 48 e i 8 LU AR 7R 28 3 4153 v % 2 1 DBN
EUERG AN G B R IR b B T SVMLUSES IR B AT — 21 SE 86 P ¥R 2 DBN HIRUREF T SVM
NN,DBN i@ T X R %

Table 7 Performances of DBN for detection and classification in combination on each relation type

RT HANKRRLIEL DBN - FA 0 H K4 R

KA HER 7 (%) 1 5 (%) F Z%(%)
Role 78.81 72.35 75.44
Part 72.97 77.14 75
At 65.7 52.07 58.1
Social 88.89 30.77 45.71
Near 28.57 28.57 28.57

3.2.2 T FEHERIA LR

Tl PEAE D 2 AR 22— AEE R SO0 1) 2R GU AR IR A A8 1% 2 A T 3 e A 2 R I 5N O R Al AT 45+ o ot AR
SCR YT BT R R K 77 3% MR 6“7 2 ke — AN v SOy WS AN 2 [ IS L BLAE ) — A o S| L B 2 )
RS T X I R R 27 20 3R AT 0 L

N T SRS T R A A ik U T AR I A i S R SR T 3 S FRAT DR AR 55 (1) R R R AR 4
O o AR A ] AR A 0 2 LA T S R A M TRl R AR (K O 25 2 T P R AR 1 7 S R RO 1 498, 4 1]
FRAEA 7 SO EHOE 3 754, 1 PR (K 4R KO 74,3 T 1) 5 I R R AR 45 K AR Rt 389 0 AR5 A0 i 2 (0 SR 2 ot
ARG (V)RR B U 58 28 S B S L A0 Ty 3 B S TR 5 28 S0 PR R0 5% 2R SR A Ry ARCR B e U 55
(2R B U 5C 28 5451 10 77 5 b A8 e A A 3] 4 A ) 0 55, 5 36 45 2R L& 8.

Table 8 Performances for detection and classification in combination with word-based feature
F8 T UG I 0 7R 5 91 B4 A

B EAE T (%) 7 1] (%) F 23(%)
DBN® = 73.22 64.86 68.79
DBN?® | 72.01 54.61 62.11
DBN?® i+ 3 66.02 59.24 62.45
DBN? 7 69.36 64.16 66.69
DBN? il 71.97 54.56 62.07
DBN? i+ 3 65.91 59.15 62.35
DBN! T 69.77 62.52 65.95
DBN! il 70.15 54.03 61.04
DBN* i+ 3] 66.26 56.08 60.75
SVM £ 72.91 62.22 67.57
SVM | 68.73 56.6 62.07
SVM i+ 3] 68.67 56.80 62.2
NN 2 69.13 56.07 61.93
NN | 66.53 48.9 56.37
NN i+ 3] 65.7 49.63 56.55

FRATRe A A 4 O P LR AIE, B8 1 A RV AIE, 365 2 A R AU 0 ) PR AR AR S 06 4 2R s, X A A
LA F - AL AR AN B R AR PR ROR T A 5 R ) e 10 45 SRR B Y 8 () A 3 A 22 AN K, T 7 i
BRI o 1 A [P AR B 2 1 5 R R A PU 3 - 10 PR R A 538 £ T 5% AR 4 BUAE 5%, 100 I 2 1 1 FRO R A 1) 3R 2%
ST FAR T 1A AR R AT 23 8 O HL, oh ST 53 1) 28 G R b SR PR BRI 28 G I 45 S — 5 IR 22, S F g i Al
N R AEZ A T SE M T 9% 28 Pl AR 4R BATT 4 LA 1) A A0 1 W9 AL 4 5 e A NN 17 3] PR ARS AE DR AT
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N R Z A B R W S ) F R B B v RN B0 T R PR AR 2 5 3R T O AR SR £ [ (E A T
R A AL A R AE R 18 22, 6 R I A 3 25 I, 13 [l e e T e 2O
3.2.3 SRS FORT R AR A R

FATBEVE T 3 LA R S5, 23 0 R Y I8 P S AR SR TR RRAE o i 357 10 S5 AR S R R AT AR FH 5 A SR TR o
U565 UE S AR SRR 0T 5 A i I 5 .

AT A B W I S AR AR AE B AT E e R DBN,SVM Bl NN 3 ) 37 s AR 8 L 43 2K 28 AR T 4
A8 SCY R AR BT AT SEAR AT 55 S 2 S T IR R 7 746 AN SRR A I ZRiERE2 482 AN SIAAAE il
W RE AL AR AR PRI AR BB AE. DBN 1R B35 J= (19715 w8 A 1) _E 74 900,600,300;SVM AT T 2 Tt
A% R E()=1.2,coef=1.1). 1 T~ 556 FUR T 2R 4 At ) SARIEAT 23 28 LA [ 3 4 i & 45 R LR 9.45 %
W, DBN [f1 AR T SVM FI NN B L [ FEIE & T SE 4R 0 HAT 55

Table 9 Performances of entity classification
RO WA KGR

[ T (%)
DBN? 91.45
DBN? 91.42
DBN* 91.05
SVM 90.82
NN 87.23

10 45 T 3 LA AN R SRR AE AR 5% ZR il 5 SR A2 44 Bk AR B AR A P PR S AR SR TRURFAE ¢ AR
TEAA A SEAR B RAIE, p AT A PTG I S A4 S B 73 8513 1) (0 A 8 35 1) SE AR S AR ik n ARG AN T S (A R T
L FrA BRI 2505 3R 6 S KIS HOM R, IR 6 58 R S 114 23 607 kAT % AR .

Table 10 Performances of combining different entity type feature

10 FUFAS [ 5 A S ARRFAIE ) 6 F Al B &5

B (%) AT (%) F A8 (%)
DBN 73.22 64.86 68.79
DBN, 66.94 59.88 63.21
DBN;, 64.7 54.47 59.14
SVM, 7291 62.22 67.57
SVM, 71.22 57.24 63.47
SVM, 68.21 53.73 60.11
NN 69.13 56.07 61.93
NN, 64.49 52.12 57.65
NN, 61.5 45.39 52.23

SIS 4 SRS B A D E A 10 S A S B R AE AR B LS A SRR R R A A B R AT B R B o T I s 4
PRI I O A — AN T A R AE A A 1 5 1) S AR 2 R A 1) 45 TR, R B0 I 0 FF RAS A s e 28 7Y
AT 435 SR A v 1ADIR 2 Bl S AR SR R 43 25 38 L2 TR BB I Q0% Ik Aff 28 f) 205 L (H S S A 2R 70 k) g o 9 2R i HX
5 MR R TRATT T 38— 25 0, ) P A7 W 57 1) S 4k 2 AR ARR FE R AS R P SIS AR R AR E , SVM 1) 200 S 2 A
T DBN, 15 B IE A (1 S A4 S B RRAE 6 DBN A5 284 [ 55 B K

4 e EREE

DBN % 50 FR Al — b A8 (LA 27 53 S35, 00 e AR A1E 1) i H AT AR 5 0 SR DUREAE A 23 R R AIE e
HRZ S RE R B e PR B 5 . 3R AT ) FEVE IR AR S2 56 45 R W, DBN 755G R AL 55 1 (1 RCR 4
T SVM AT NN, s —Foft 45 38 35 JE S A0 1 S0 3R 0SB 17 8 3 5 Rp AR RS T 3 R AR R D05 E 1 7 5K
AT S5 R SIS A R s 9% AR S (KR Ik A5 Ja  FRA TR S B T TR A (0 S AR SR AR AIE Ly I 5 (1 5K
ARETRURF A RIANAE P S5 A A TR R I 06T 9% 25 il ORI B8 5 00 K oK 9 AU LA JUAN 7 i e T

(1) REA SRR H 1 5 2 AE S0 KRS 1 vh SCHH 5 ACEDO5 A K 9 1 B4l B2 B, AIE — AP 30 F 75 V2 114
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AT 20 IR A OB R S 56 6
(2)  FIHIZ 5 ZAT 55 HBEAT S ARSI S 5% A .

References:

[1] He TT, Xu C, Li J, Zhao JZ. Named entity relation extraction method dased on seed self-expansion. Compter Engineering,
2006,32(21):183-184, 193 (in Chinese with English abstract).

[2] Fan N, Cai WD, Zhao Y. Extraction of subjective relation in opinion sentences based on maximum entropy model. Compter
Engineering, 2010,36(2):4-6 (in Chinese with English abstract).

[3] Che WX, Liu T, Li S. Automatic entity relation extraction. Journal of Chinese Information Processing, 2005,19(2):1-6 (in Chinese
with English abstract).

[4] Huang X, Zhu QM, Qian LH, Liu MM. Chinese entity relation extraction based on features combination. Microelectronics &
Computer, 2010,27(4):198-200, 204 (in Chinese with English abstract).

[5] Liu KB, LiF, Liu L, Han Y. Implementation of a kernel-based Chinese relation extraction system. Journal of Computer Research
and Development, 2007,44(8):1406—1411 (in Chinese with English abstract).

[6] Culotta A, Sorensen J. Dependency tree kernel for relation extraction. In: Proc. of the 42nd Annual Meeting of the Association for
Computational Linguistics (ACL2004). Barcelona, 2004. 423-429. [doi: 10.3115/1218955.1219009]

[71 Bunescu RC, Mooney RJ. A shortest path dependency kernel for relation extraction. In: Proc. of the Human Language Technology
Conf. and Conf. on Empirical Methods in Natural Language Processing. Vancouver, 2005. 724-731. [doi: 10.3115/1220575.
1220666]

[8] Zhang M, Zhang J, Su J. Exploring syntactic features for relation extraction using a convolution tree kernel. In: Proc. of the Human
Language Technology Conf. of the North American Chapter of the Association for Computational Linguistics. New York:
Springer-Verlag, 2006. 288-295. [doi: 10.3115/1220835.1220872]

[91 Zhao J, Wang XL, Guan Y. Comparing feature combination with features fusion in Chinese named entity recognition. Journal of
Computer Applications, 2005,25(11):2647-2649 (in Chinese with English abstract).

[10] Jing HY, Florian R, Luo XQ, Zhang T, Ittycheriah A. How to get a Chinese name (entity): Segmentation and combination issues. In:
Proc. of the Conf. on Empirical Methods in Natural Language Processing. Sapporo, 2003. 200—207.

[11] Giuliano C, Lavelli A, Romano L. Relation extraction and the influence of automatic named-entity recognition. ACM Trans. on
Speech and Language Processing (TSLP), 2007,5(1):1-26. [doi: 10.1145/1322391.1322393]

[12] Zhang P, Li WJ, Wei FR, Lu Q, Hou YX. Exploiting the role of position feature in Chinese relation extraction. In: Proc. of the 6th
Int’l Conf. on Language Resources and Evaluation (LREC). Marrakech, 2008. 28-30.

[13] Hinton GE, Osindero S, Teh YW. A fast learning algorithm for deep belief nets. Neural Computation, 2006,18:1527—-1554. [doi:
10.1162/neco.2006.18.7.1527]

[14] Bengio Y, LeCun Y. Scaling learning algorithms towards Al. In: Proc. of the Large-Scale Kernel Machines. MIT Press, 2007.
http://www.iro.umontreal.ca/~lisa/bib/pub_subject/language/pointeurs/bengio+lecun-chapter2007.pdf

[15] Hinton GE. Products of experts. In: Proc. of the 9th Int’l Conf. on Artificial Neural Networks (ICANN), Vol.1. Edinburgh, 1999.
1-6.

[16] Neal RM. Probabilistic inference using Markov chain Monte Carlo methods. Technical Report, CRG-TR-93-1, Department of
Computer Science, University of Toronto, 1993. http://www.cs.toronto.edu/~radford/review.abstract.html

[17] Hinton GE. Training products of experts by minimizing contrastive divergence. Neural Computation, 2002,14(8):1771-1800. [doi:
10.1162/089976602760128018]

[18] Carreira-Perpinan MA, Hinton GE. On contrastive divergence learning. In: Proc. of the Artificial Intelligence and Statistics
(AISTATS 2005). Barbados, 2005. http://learning.cs.toronto.edu/~hinton/absps/cdmiguel.pdf

[19] Xia KW, Li CB, Shen JY. An optimization algorithm on the number of hidden layer nodes in feed-forward neural network.
Computer Science, 2005,32(10):143-145 (in Chinese with English abstract).

© HEBEERAET hipd/ www, jos. org. cn



MF %4 Deep Belief Nets 49 F L% 24k % 2 JIR 2585

[20] Kambhatla N. Combining lexical, syntactic, and semantic features with maximum entropy models for extracting relations. In: Proc.
of the Association for Computational Linguistics 2004 on Interactive Poster and Demonstration Sessions. Barcelona, 2004. [doi:
10.3115/1219044.1219066]

Bt 325 3% Sk

[1] A7 e AR, 2 i X & B T 1 L R I iy 4 SE A D% R IOy ¥ T ST HL T 7%,2006,32(21):183-184,193.
[2] B4, SR E AR X A8 e o AR 2R [ 00 A0 0 O AR AR I UF HEHL 174, 2010,36(2):4-6.

[31 477 70 XUHE, 24 S AR 56 3R A Bl EL. Hh 3015 B 244, 2005,19(2):1-6.

[4] % AR TG Bk XA R TR AR 415 1 vh SO S 06 R AL Ak b 7 2% 5 01 5001, 2010,27(4):198-200,204.
[5] XUTEMe, 2= 07 il &, T A0 AL T o B0k 3006 R B Bl EUR e Y 52 B T ST T 5 K Ji,2007,44(8):1406-1411.
[9] Bk, E e, SCRk. P ST A4 SR VUM T R RRAE 20 & B R AE Rl A 1R B T BB Y ,2005,25(11):2647—-2649.
[19] 53830, 25 B % JLE R B 11 f 28 I &8 B 2 2200 B — b pfe Ak S vk T ST LR 2% ,2005,32(10):143-145.

FRF (1983 —), %, ) AR I N L& E RERE (1962 —), B W L Bz M LR
BRSSO A5 AR, B AR5 5 AL HE. Iifi,CCF 24 4% b3, 3= BEmF 5 A0 o 45038

F 2 N LR ML BT

ME (1968 —), 3, I £, @l ##%,CCF =
AR R R DA E RS T =R (IR RS i
R AT B

© PEBEBSAITT  hip:/ www. jos. org. cn



