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Abstract  There are many relations among different concepts in the same field of knowledge from
Internet. The evolutionary relation is very important for users to learn and understand the domain
knowledge as well as sorting out the successive logic relationship between two different concepts.
However, the diversity and disorder of the network data made it difficult for users to obtain
relations among domain knowledge accurately and orderly. Aiming at this issue, we propose an
evolutionary relation extraction method for domain knowledge in Chinese Wikipedia. Firstly, we
construct a reasoning model for evolutionary relation using different syntax features as well as
patterns discovery for evolutionary relation, and then detect the evolutionary relation for domain
knowledge taking advantage of a sentence level relation extraction algorithm. Finally, we evaluated
the method on the real Wikipedia data set in this paper. Experiments show that our method
has higher precision and recall than the existing models and our proposal is effective against
evolutionary relation extraction for domain knowledge in Wikipedia. Moreover, based on the

experimental results, we construct a knowledge map in one field, which can represent the
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evolution structure of the knowledge-object collection and identify important and difficult points

of knowledge effectively. Therefore, this method has a certain guiding significance to the subject

construction and the related course teaching.

Keywords

random fields; social media

1 5]

T

BEE 15 B R 5 W48 1 A BB &l —
AL R AR AL L e A HUE B 1R B LIRS
FEAARER R P 28 H0 PRI 55 7 6 H 4 UE &, FLI5 ™) F0
T SR L SR S 2 TR R AE PR B B Y
AP EARCGR E R N AR R AR S
S TG M R W R A 2 P U AT b R RS
BUANRA Ok T E KA PRER. B, % B0 5 k17
0] 3 425 R TERE S S AR OG AR X T D ) LI )
{10 S5 N PR 5 LA T A A R L R T R
WF9E K 22 DG T U i R 19 32 B 5 il B, 22000 1 s
AR AR B S BE A F I ] — 4003 AN [ A A
FEAE 2R O AR, AR 8 ] 1% T8k O R B B 1 i 9
SRR ) Y AR 2 JR s R L R P 2 2T R B g 4 s
AL SN P AT P S 2 2 O R B &
TR S, DA S ] AL Y B S R ok B
TGt 20 B AT DU IR < SR ] AL ST
2 2]V Z ] Ak 0% AR e W A AE I SR DG HK
S NATT27 20 0B SR 1) AL AH OC BEIE 4 41
Hiff L 42 T %) A0 3R AT R R X X — SRR SR AR ST
P Y — ol v [ 24 A 7 R A TR R T A O AR il B
535 A 3 ) 3 43 AT A S A 3 R R 6 AR HE BB
Y0 G Z A UG AL Ry 7y 50 b 1 18D RS R 2% A BE AL
Gy RIRT e SO T RE R AT O TR A G AR
B 5 CA ML A FE TR TE T -

(1) N7 T U R Al 06 R HE BRAR A (L5 3
) AN RIS AL AN ) 1 SR SRR O R R A
SRR Y R 23 A LR R R SRR & 2 TR A
405 FR BT R P T A 5 R AL

(2) $2H T 3 F 44137 (Conditional Random
Fields, CREF) 5 7 f) 4 38 1 U A6 5C 38 4k BT 3 (L
5549 X TN TE A A ¢ R AL S T g
R AR B R. AE Hh SC 4B RO A sk
0 2 B 2 BRI 2 A JPURR Y EL AT B 1Y S
AECULER 5 719 RE AT &5 & B 40T S8l 11 22 ] 1) 38 1k
KA.

domain knowledge; Wikipedia; evolutionary relation; relation extraction; conditional

2 MHxXIE

BE & 19 25 BE IR H &5 5 T8 ) E D6 9 Y 45 s
HERWE IR Z BIA D223 0 Tz R . AT F 258 i
S SCAN [R] Y 45080 R AR 2R O XL DA R ik it B s Ak iy
HR AR W7 1k & PR I ) B P it ST SR
P AN PR $2 H BE T Deep Learning [ 451
SofARE At BB L S S U R AN I S B
2638 3k Y GBI 27 2T 15 3 IR B N 2 AR L AR ) e
RS A b — 25 I 75 30 A % AR A 00 00 1
W4T A 3oy 80 0 T R A R il N TH
{14 753X i 2 3R I Aff 0 400 S E A . T e 4
DU 3 N7 — b 5 5 T SCRFARLJRE T ek i S SR A% 1 5 125 1Y)
U & B BRI Gl BAE R HEAT A i) 42
Y 07 P X8 50 B 9K B 118 S W sl £ 33t 2k AR 3] L 1)
HowNet FI4% 5% AL BE P51 A 18 1] [7) SC3m] R FH 2k
M ()30 SR AL 36 B VR AR I U R S 4R . SR T S 3k
TRIF AN [ 08 AN AR 1Y 52 5 228 0 1Y 5% W 2 7 A2
A RE A CRIPD o 3% 2 A & A i Ak i) DL B 2
AR (Concept Drift) ff) —F £ HIE R, 1545
(AT AR A AL B I AR R SRR % S
R TR R M T L O T Y £ RS B A I [A]
M)A BE A K B AR Ak R Oy T HER A A4S
B i TP R RS SCHR L 18 J 4t — o ik 7 i 1]
TS AL PR S BT A HOE R A A R 9 i T X
TDMCS Bk 5% JH I 8] 562 98 450 89 O X 73 ¥ 3 & 1
VAR T S T O o g5 A S P S O T AR m AL A
A2 Y R Bl B /) SRR - d R R 22
TP 1) =2 AR i e M IR RS AR A
AR 50 Y ) = 2 2 A & B) /) i 4K 5 )5 4K 5C
F o BIVAE & 1) J it DA BARE & 1) i 2 R e

% Z Bt (Relation Extraction, RE)/E N {5 B
B (Information Extraction, IE) [ &8t R 22 —.
LA LR Web B0 42 9 1 1 78 $A s 2 Dh of 5
AR A AT B IR R TR R 55 & T A B
W F AR L U R A5 R A A DG AR il RO
KA KA EEAEA. KB AR T A



2090 it "

Hl

AL
-

i 2016 4F

AR T R TR 22 30 2 B TR S AR R A ) O i AR IO
FR S T A ) P A R R A A A A A iR R TS
ACTE 3] ) R P ) A 7 AR o R I Y ) S
Bl Yu Hl Lam ™ $& 1 7 — Bl B 14 56 F 5 /- Al R
T I 25 ) 22 R AE A A i TR O R A IO 5 0 —
Tt Xof 24 5 7 R K n9ME & b 6 G AR il RO A
D S NR AR R — A 2 G R Y D )
17 B RIS 48 B A5 & Y il B iR
F AL A AE A RN A ME A& Y 4l B Caraballo™™ i
SURCEE il I CIR VAT S 1 1 I ol N Sl SO i S 1
R 2 2 O AR B[] A7 6 28 R A4 36kt 4% 0] 5 AIE 1] AL Al
FHR S T kAR B 44 3] [R] /9 b8 67 ¢ & SCRk[28 ]
P& — T AR BEAIL I 1 SR T B R A OC R K
BTk 455 HRHE R b gk i A s 5 Rk
BTl e T B L 4 T AR R Y R AR 1)
) B, P T R0 R R Y A 45 5 R R 1] 1e] B
WA FIAR RAF 515 B A CRF BRI B 67 ¢
F. [l BT A 2 Ik AT L S SR AR A ] ) 2 R
SIAHETRRRVERLR XA LKA X
RVAERR TG RER R CRFERRIAL, [F I XT
AN TR) B 5C R ARAE T AHSC B & S5 RIS 491 4 K 19
52 4R [R] (8 A~ B8P A DL EME S ] 9 26 FR R O 45 [F)
F R RGRIE OWL(Web Ontology Language)”
1E5 B owl: equivalentClass 5 25 2 75 #E /& [H)
R A5 [ G AR H100F T R 2 T) A7 7 B HE A& 0 AL O &

SR UG O A 7 6 T AR O R Al R
IR 32 BT SOA S5 1 D) K ) R 1 4 BT aX R
BLH T 5 A 52 2% 45 04 Fig S8 1 vh SO TR
AL SC R B B A 2 P A (] ) ) ik 2
FEVE RO 52 Mo il MU 0 . DRIt s AR SO s — i
T A O AR HE T Y 1% S e R PR Ak OC &R il iy
2 TR 2 R 1 o3 B A A R TR Al G R
A CRE #5270 2 o 5 F A8 AR AL » il B0t 2k
PR SC R, SR 45 SRR, %5 B2 4] 1 AR R A b
W7 vk 4 Ty vk B T W ME AP, T3S A P 3
VRN P A OC Z Ah

3 EUXFRMEERE

QPRI AR [B] 8 100G 2R AL & P X 4 i
SR (pre-concept) il 5 B A & SR (post-concept) ,
43 s BA AL ¢ & 1 FTT AR RS 20018, 2
W S A SO AR G AR A AR 2 X

EX 1. WERX T4 EM S5k AL B LI
SR AL R R AR LA B AT S CACARZEAE) B) L
WAL REAR N evolution(A,B), HF, A BN B
AIHTE WS B ARy A )5 B

Xof F [v) i 55 7 A 5 R AR S S A Y )
AR AR 5 v A TR A R ) R LR T R A G R R Yy
PR G, A1~ SR ) AL R BOE SE AL R A T
Gt A BT ROk B TR B A AL G R By
AETA] 5 FEA0 A) 7Bl S . =0 AR B T AL AE B
ST A B A A R AT T AL O R B R AL TR 5 A
IH 3 R A ) - 287 i R T A O AR 29 R SR R R AR IR 1Y
AN 2 e 7 AR OG R B AN TR (AR 1 Bz,

F1 BUXRFMEA

3l FHAE 7] 5243 KFRFRBNX
EFXR  RKEAAEMSRE okl y  evolution(x,y)
WFRR  ORAJER GRE 2 KATY evolution(y,x)

3.1 EHEUXFEER

EA AL R PRI E W AR 1 ) TP B 1T
MRS 5 05 B s SOOCHRAE T - A ot 1) 3 — 1
Jo A A O R AL AR R

{2 R (Feoncepr, ) CH4F A
CERAEIER])  Heoncept, ) )

B concepr, ” FN* concept, " F5 1 & m] £
A ST AR A S S, < Feoncept, Y7 W Beoncept, )
TR R S AR A B AT A R R 1 2
5N A TCO T I 7 A X TG ) S,
REWA)TE5H 5 RS A RS, WA S
rh A, B I T AR A SR LA A O R R BT X A
A AL O FR B A o A TR T Ak 56 AR il BT A
A6 R AL G R b A R A A S AR N Y S A A
() i1 BT . S AR ARG IR AE ) S POl B R
B o F B A RS B S A i A O R AE T R A
e EE) M R EEE) S TR E AT E M SN
A NASARIC A preS  AH I A & f5 8 HE & A9 30 40 A
it h postS.

SR IR T A B T A OC & 09 ) AR L F ik
R, A A5 40 i BRR DA AT AL O3 i
T TR e S R T R S R S [
fife” HAT R AL G 3R H %A F 1 )k S5 0 HUA AF
A e BB Ut SRR 4 I A
SER AT A A OC R A Y FR S a7 5 ) R PR ABE XD
A e Z A A AH I T8 1h G 3R 29 R 2R AR 1 ) 1 R
R 52 H ) (S e 20 . 0 T PSS 45 48 22 S 10 vh S



10 44 PR ST A5 TR o 4 T R Y 4 R LR A G R il TR 2091

A1) 73 ) SR AN T ) B8 7 32 A MR s 5 A ) Y 9
PR Z oM LA N AR AE T e

FEA ST ST 78 op 1 S A Bl HL e 2 )
(975 % B s A ) B o5 A 20 i 70 26 SRR
Bt A [R5 CHEAT AN ] 19 78 10 5% 2 4 B fie J AR 9
T O 2R A L5 35 R AT A0 5% 2R A B (HUR T Ak 6
AT 2 1Y S 8 25 R 5 AN HIARL L 53 %o 9 Ak O AR i
Wz A —RE MR . O T B0k S PRI ROR - A
SCAT SRR o SR 25 2R 5R AR Al DG JiE 1) 5 3k i 47 T8
5 28 IS B8 S 45 2R A T (SUASUAR B A Al DC i
(14 75 AT 18 A 5 28 i I, D03k 3R AT R A A AR (AL
5.2 7). PRI AR SO A [a] 38 Ak 5 28 4 X AT AN [+
P T8 A O 28 A B R i X Jo A o A 5 R AR U —
PEATHE T CRE B 2o o 1038 10 5% 2 Sl e
3.2 EUXFRERE

AR L3 14 7 S ] B/ ) ) 5 5 AR ARG BT
1M H— e & — A 18 45 H P R AR I 1R A 1
T RS S A A B 0 i e 2 T (e R
oy MR (BURETED BT PRI X T ] B ) rp A 2
5% 2 b BT B b T A OG AR A A L R
5 Z X R A B 5 B N postS HARTT . A
EREEN preS HARAT. Bl I X T ] B A S A 18]
EAHLAYBE S AL Ok A T goit e 2 BLg . o 4 R
CUn &l 1 Bzl L BER AT 38 Ak 56 28 1R e ik 1] ok
H R 1E preS W& A A B MBS ST 7 ) B
WAL R R AT S BRI postS P I A E

HED
SBV

Sentence

kit A

B e S L B T LY 5
S ELAT 0 B 5 2 i B 25 5 R evolution
(Giit2p ) S Hp AL . — sk U, % T a1 84 1
AL R, FE R TR A VCE 0 7k e kM
preS 5 postS , FENE #H Z AR BT B A& 5 5 &
.

Sentence LRFRNL 0 Wit R KE T Gibwd mp .
T %?Tﬁiﬂ preS

1y B S0 o T 45 AR

{2 3 o S 56 H5 0 1) 4 M & B 6 B A ) i AT
A5 X U i AS A o B i il B 1 b ) AR O R L T R
Xif ] TS5 BEAT IR AT R R AR AT R 3 0 A2
e A EATRIIE A AT K B AE A ) e 1 AR S S AR Ak
X B EEARIAE TR A A . I L R (SBV) L3l
EHRRVOB) EH KR ATT) AR 454 (ADV)
PLRAE CED 2 & (LI RAD) 5& &. il n, %t F &
Fe )R RS R G St MK AE A ik
AR FE N 2 B ) a] LA R I EAT AL O R A
RV ) Al o A 3k 2 1B AR 520 B4 (VOB i
HE & SR MR 5 “ R B G 3 I B AE M AE ) 1 4
Breb i 3298 56 2 (SBV). BRI L MY S840 2 5244 5 R 4E
T A B T 1 6 AR BRI L T LA S EHE A S R 22 ) Y T
B2 2 L T R BB AE I8 ) LR A 2 BB ST
FEIHKR(SBV)EIF, B “HERig” 5 Mg
HAEFEACR LR KRR evolution (Hf
it HE S,

B gt 2] Sk

Bl 2 BIRm) SR AT ik oy 45 2R

4 BUXFEHETTIE

TEASCH L F 254 B HL3% (Conditional Random
Fields, CRF ) A5 784 fify B0 B 1R 3 A G R L B e i 2
FE 2001 4 f1 Lafferty % AU 48 Hy 2 76 f KM A 7Y
SR AT R B B fl b7 A g — R 2R Kok
4 TG o) PEISETRY  fig ke 1 B 5 JR AT K4 (Hidden Markov
Model, HMMD 7¢ 5 8 1Rl 7 RFAE - 1 RAES

CRF BERMRBE mo,y & — A BAEF 5 (i PLEE 1Y

FEF G0 SC RS 3R] L kA B MR S () 2
PR INE 3 Fron. Ltk CRF MR8 m fk T
— A AR P (k| BB LN (D).

1
P(k|m) :mexp{g 2})\,,]”,,(}\3,1 Jkismsi)+

22#,,{{,(/@,771,1’)} (D
Hip, ZOn) BIH— AL IR F WA Z N X 4 ph 8. 115
PCRIm)TERREFEH) ERIFIN 15 £, Ry ok amai) &
REFER KB g, (R sms D SRR FRAE R 4L.



2092 07 W A /[ R S 4 2016 4
M=MM,,"\M, ,,M, F2 BIEHE
FRE Al A A
i) o7 1) BT E A e i L B
POS 251 18l {1y 38 vapsn,u 25 (863 T TEARIESE)
A SRR i A 4 SR Nh,Ni,Ns.O
. ) 5 1) 5 A S
WA Rk W% 2 SBV,VOB,ATT.POB %
‘ U AR U A RE A0.AT.NULL %
K, K, K, K, K, K,
L %= 3 POSEKEBTEEIEHA
/13 CRF 431k 371 i
Frid ] 7~ 1l
4.1 CRF AFEHEXZHEE * v verb 3y ] BRSNS N7
e A T () N N — =y ‘ p Preposition 4} i T 7E
WA SR ] E’J?é/%ﬂ[/)\ﬁﬁ%%ﬁ:gﬁrﬂ{ﬁ sRue,} N general noun — 4, il MiE %
ﬂé#ﬁi@’/ﬁ\:* € %ﬂ & ﬁ%”*lﬂﬁ%?ﬂ%u E/:J HUE*%@EE u auxiliary By 3l i0]
R 52 K 1036 R S 4 45 w punctaation . 5
R ) N . nt temporal noun i [1] 4% i) N PN
K F evolution). T3 BLAS SCH M T CRE (14 i abbreviation %5 B
TJZ T b0 G Rl BUR i L R A B i IO A T
HAL S I AL e R = ool X 4. GRS AR R R &4 B LEIRFAEE R
Bk 1 s, Frid 19 AN
. N Nh A% X W
Bk L KA Ni s ST
BiA:S: asentence Ns 4 Jestni
it . r_record: a relation record {& ,R,e,} O B[S PSRN XA
1. BEGIN
2. ArgumentList = SyntacticParse(S) ; RS REREAEERA
3. Featurelist = FeatureSelection(ArgumentList) ; Fric it W] ]
4. LabeledEntities = CRF(ArgumentList, FeatureList) ; HED Bb R %’l‘jﬂ?ﬂ’ﬁ%b#
ADV NGRS O] A S (IEH <)
5. RETURN EntityRecognition(Labeled Entities) ; ATT EHhER AR I CAR S )
6. END RAD A B 56 2 HFNEF—D
TR E R85 4 4 (D SHmE. FH SBV ERL P T3 — T (<)
. " N e e VOB HPEXR kA —HAL GE—~1E)
SyntacticParse MEUN A1) F B0y A7 A 3L, i AT ) WP R
Vgt ¥y s (2) AR L. R FeatureSelection PR %X COO 31 % & 1Ly T Ll — )
TP - i POB NERR R G K (FE—~ )
AN Ty 4 4 4 . |
ALY 0 FALPAFIEAR 3) PR CRF 8 how o hEE A
RUGE ) B A #EAT PP 0 T DI R it IORE Y 5 (4) 3R
B Ak A& = o4 F 6 ENRERETRERR
4.2 FHEEEF tiic 5 7 4
eV 25 CRF RIS L 616 2 (19 4T 45 B8 o ﬁﬁi %;ﬁffgﬂ
= T 7
o 4 35 R A5 3 1 RRAIE 4B A A RRAIE VB 78 S NULL i it XA (6, fty

T —TAT 55 . 76 A AR5 5 Ab B v, & A RRAE 32 22
A POS 21 | 1y 24 SRR R R 3 Tk A €8
LA 34T v Ak O AR B AL 1 A3 AT, AR S
a0 A7 X il B TR 28 R AR 1 ) B AT — 52 B B
PR MK 3 AR AR A N R IE S S (3R 2 B ) bR T
S AT T A AN [ 6 R AE 24 o v 1k 58 2R 0 il B
SH AR ARSI 25 R LS 5 5.
FRAESE i POS 2 iy 44 52 AL AR A7 41
DR S bR i S AN I AT e, A S5
JIT ¥ B B 11 32 BEARRAE A B FL R PR B L3 3~k 6.

4.3 tRIZKRES

FIH] CRE #5889 X5 41 - ) 43 i A7 1 90 b 10 3 %2
XM T LE (Left-Entity) , RE (Right-Entity), RT
(Relation-Type) , OT (Other) 5 25, 3 45 4 H SR iE
&AL E R < BIE” AR e 4 X 25 R 80 4 B v b
KR W) F 255y a7 B ) 5 52 ) o R X A ]
AR A AN [R] B9 A 10 SR e

@® http://www. ltp-cloud. com



10 44 PR ST A5 TR o 4 T R Y 4 R LR A G R il TR 2093

3.2 71 e 8 A TR A B AR G AR A T
Jes Al FRCTEE A 5% A8 Y T B 2 LA B 5 22 R L 1Y i R
B R BN postS AR AT EMEE I preS
HPAT . PR T 1R B R B AR I EJEARIC postS.
preS HIEALSC R FFAET. 8 4 g5 T — AN FLA) Y
FRIc 2 Bl

0 ¥ v O —1 HED A0 RE-B
1 W p O 6 ADV A0 RE-I
2 ®H n O 5 ATT A0 RE-E
3 W u O 2 RAD NULL OT
4 i n O 5 ATT NULL OT
5 i n O 1 POB NULL OT
6 JkH v O 0 VOB NULL RT
7 F p O 6 CMP NULL OT
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Background

The research on evolutionary relation extraction, as a
kind of relation extraction, has a vital important role in
Online Learning, Knowledge Graph Construction, etc. ,
which can help users to learn and understand the domain
knowledge as well as sorting out the successive logic relation-
ship between two different concepts in the same field of
knowledge from Internet. However, the diversity and disorder
of the network data make it difficult for users to obtain
relations among domain knowledge accurately and orderly.

This paper focuses on this issue, and surveys the relevant
research work that aimed to address the problem. And this
paper proposes an evolutionary relation extraction method for
domain knowledge in Chinese Wikipedia. Firstly, the authors
construct a reasoning model for evolutionary relation using

different syntax features, and then detect the evolutionary

relation for domain knowledge taking advantage of a sentence
level relation extraction algorithm. Experiments show that
the proposed method can extract evolutionary relation in
domain knowledge effectively.

This paper is supported in part by the Scientific Research
Funds in Sichuan Province Department of Education under
Grant No. 14ZB0113, by the Doctoral Research Fund of
SWUST under Grant No. 12zx7116, by the Innovation
Project of next generation Internet technology of Saier under
Grant No. NGI120150510.

Researchers started the research on information extraction
and text mining in 2008, and have achieved some promising
results involved in relation extraction, topic model and topic
evolution detection. More detailed can be found on researchers’

publications.



