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Link Prediction on Complex Networks

LU Lin-yuan
(Department of Physics, University of Fribourg Fribourg Switzerland CH-1700)

Abstract Link prediction aims at estimating the likelihood of the existence of links between nodes. The
predicting of existent yet unknown links is similar to the data mining process, while the predicting of future links
relates to the network evolution. The traditional methods are based on Markov Chains and machine learning which
usually involve the node attributes information. Although these methods can give good prediction, the high
computational complexity limits their applications in large-scale systems. The approaches based on maximum
likelihood approximation also suffer this shortcoming. Another group of methods is based on the node similarity
that is defined solely based on the network structure. Extensive experiments on many real networks show that the
similarity-based methods can give good prediction while with lower computational complexity comparing with the
above two kinds of methods. This article introduces and compares many representative link prediction methods,
and outlines some important open problems, which may be valuable for related research domains.
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FEAERII21 o 17 5 6 TOUIN 5V M 1 P2 (R F R A AUC
PrecisionflIRanking Score 3. &A1 1% T ff i
7 & (0 5 N [A] . AUC(area under the receiver
operating characteristic curve) )\ 344 b 78 53k il ks
a4, Precision 2% Bt HELE 7T LAL 322 75 T30
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HEFEP,
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B4 TE X EX S E X
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JBCN) =lreonro) FUEERHDY) > ™ maxgk (%), k(y)}
Salton ¢ _lreonroy)| LHN-I S _|lreonry)
BT Y () = k(y) ftzl YT K (x) < k(y)
Jaccard reonNroy)| | v N
fohps Sy T m F(PA)RY Sy =k(x)xk(y)
Sorenson 2|r(x)Nry) Adar;bi;?dar Sy = 1
1 4= [29) N iy — ELAN
B TR0 Ky | amy ser i) 9@
KEET
SR [TNT(y)) ?ﬁﬁﬁﬂggﬁ Sy = ﬁ
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SCHR[33]KF IR 10 56 -5 £ J5) &R A5 S5 i AR A
PEFRPRTE SN S B X 25 AT S5, LR L T K
A IR N B2 | S P S i R (A
(PPI). BIEFA1EMZE(NS). 5 [E 1 1/ 4% (Grid)-
BUATH R M 4% (PB) i 2% M 4% (INT) LA K 25 E i =
M 4% (USAIr), BTG FRaR2F7R. FHN,
M 533 R 7 X 4% (1015 A BRI 2, N I 268 1) de ok
ICIEAEH], W2 375/927 ~PPIM 45 H1 4792/ B id £
F, mKBGEEME2 375N 5, e NMEIIRCER,
CHMZER ZE, rAFRIBRE, HAMLEE SR
P TIZE RANR 3PN . BT AT 45 SR8 LLAUC Tl
KR P fabn. AT WAEL0RNSTVE T, RARILELT,
HIKZECN, FUGZEAA. SR, PARIIERZ,
Rl ) A L 7 TN % R i S X g e, RS P IR AN
F0.5, KA PASRLIEAEIX A 25 IR B e A
W 5E A= B AL IO 0 4o

®2 6 LIEMEAIIRIME R

Networks N M Nc e C r H

PPI 2617 11855 2375/92 0.180 0.387 0.461 3.73
NS 1461 2742 379/268 0.016 0.878 0.462 1.85
Grid 4941 6594 49411 0.063 0.107 0.003 1.45
PB 1224 19090 1222/2 0.397 0.361 -0.079 3.13
INT 5022 6258 5022/1 0.167 0.033 -0.138 5.05

USAIr 332 2126 332/1 0406 0.749 -0.208 3.46

*3 10METHREEME2RAEEME
FE6/ P 4% 1 % TN o BOHE BEEL B

Index PPI NS Grid PB INT USAIr
CN 0.889 0.933 0.590 0.925 0.559 0.937
Salton 0.869 0.911 0.585 0.874 0.552 0.898
Jaccard 0.888 0.933 0.590 0.882 0.559 0.901
Sorensen  0.888 0.933 0.290 0.881 0.559 0.902

HPI 0.868 0.911 0.585 0.852 0.552 0.857
HDI 0.888 0.933 0.590 0.877 0.559 0.895
LHN-I 0.866 0.911 0.585 0.772 0.552 0.758
PA 0.828 0.623 0.446 0.907 0.464 0.886

AA 0.888 0.932 0.590 0.922 0.559 0.925
RA 0.890 0.933 0.590 0.931 0.559 0.955

2.2 ETHREMNMEEEIER

FoT B AR HIAHAYEFR b 34, 43l 72 Jm il eg A%
FaFR(LP)BY. KatzdE bR AILHN-NZ245 FR (5 LHN-I
TE A — e SCFE R4 ) .

(1) JREkEEFabR(local path), LP/&7E3L[F 40/
fabr 2L A B2 R = A E Tk, HoE XA
S=A"+ oA, Ha NS, FTHEG=
Mg mER, Y a=0K, LPIEFRHIZETCN: A
NPZE IR . TER, (A", Ron T mixAlyZ
(8] R ) i A2 40

(2) Katzfa br B 12 A ke 2, BoorT-58
PRAT TR T BORHIALE, T B AR TR T BN IR,
BRENNS = A+ BN + A =(-pA) -1,
Horp p OB ZZRA 1, O T IRIESS s, B
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£ F LHN-I /) & & £ & X A~ S=

M@D‘l(l—a—Aj D, Hrt 4 JAR BT,

¢ NS EEUE/N T LEARE SIS W SCHR[22]) -
12 FH IR 3 - A5 () RE B i b B AT B
TR, 4> 5 FHAUCHIPrecision(L=100) 34T ¥FAr, 45
FINFARMKSFR. LPISE REARMSE o W15
F; LP*I45 RARTEE E S o = 0.01 33 1.
FH T35 [0 23 9 2 Rk 1) J2 R S5 440, TEUS AN 45 Hh
WE a=-0.015, \Fh T UIE L, iEHAUCHEH
P FRRRET, T 4R B Katzdg br R B AT
R I A L IR 28 Fll Internet 8 FH 25 28, AUCT]
EF0.950L o ik, REEAEFILERIA AL,
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Katzfg brid 4« L5 R 7E T PBATUSAIr ¥ 45 1) °F- 35
BEEEERDN, IR T = AR M LPIE R LR T
AR AT ) Katz 48 b5 BE % 58 4 M 1T &5 I 245 (1) 45 K 7
Mo [FIEE, FERL WSS, PR N6,
i B R = R R LPTR AR A AN RS 7. K TF
5y o oL A5 R B P S A K ) O R AE SR [36] A
FELHIT L
4 BTBREMBENMEGEERAUCE B
HOTRMIAS B LR

AUC PPI NS Grid PB INT USAIr
LP 0.970 0.988 0.697 0.941 0.943 0.960
LP* 0.970 0.988 0.697 0.939 0.941 0.959
Katz 0.972 0.988 0.952 0.936 0.975 0.956
LHN-II 0.968 0.986 0.947 0.769 0.959 0.778

5 ETIRERMAOMEIEFREE R Precisionf& B
BO TS BE LB

Precision PPI NS Grid PB INT USAIr

LP 0.734 0.292 0.132 0.519 0.557 0.627
LP* 0.734 0.292 0.132 0.469 0.121 0.627
Katz 0.719 0.290 0.063 0.456 0.368 0.623

LHN-II 0 0.060 0.005 0 0 0.005

FA, FEVHEE AT, HTLPIENR A B RS
wAE R, HiFEE AT E 4R A R 1 Katz fl
LHN-NE/MRZ . LPRIH SRR A E L O(N(K)?)
M KatzAE bR FILHN-NFEFR I THE S 2 39 O(N®)
AL, TR B (NR) BRSP4 (k) /M) Y
W&, LPYEbRETHE IR F BA I BH.
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A — AU R T BE AL L,
FEF- 538 B BT ] (average commute time)®. Cos+#&
bR B8 A E S BE HL W E (random walk  with
restart)®). SimRank$&#5HY, DL B4R ) T Rh 5
TR B BE ML E 45 AR,

(1) “Fy@ S (a) (average commute time) &R
ACT. Bm(x,y) N— P BEHURLT AT X sy
FE WP Y050, T s xRy (T 25 3688 8 i 1) s
XN

n(x,y) =m(x,y) +m(y, x)
QTN I BB AEALRLE DALE DA k] (AR IbuIN
AR, A,

n(x,y)=M(I; +1, -21})
A 1 FORFERE L R E TR . ATRL,
(L R e O S BT ina T % N R e s Ry
Peilr . JEE, LA 5% 2 A K a1 AR TR RN

BEARREET (015 A S 2 S, 1 UETACT
AR DL A9 (2 BT 2200 3 $M):

ACT _ 1

YLl -2l

(2) T BEHLIEE B3 7% AL (Cos+) o 7EHH 7]
v, =AUTe JEIFMRSE N, L iR
R AP R, Ay BIARL, BIL =viv , Hr
Use —/MRAEIEACREFE, 2 B L RRAE ) 2 i DG
PIRFIEAR IR BNHED AT A, A N DLRFIEAR Xt A
TCERMIN AR, PARTRREMEEE, e Ron—
A4k g H R A ExANIeE N, HABESN0. Hit
5E LA SZARAPERE Ay

+
Xy

(3) B KIBEHLIEE (random walk with restart)
fil FRRWR o iZ 48 A5 7] LLF B2 W 00 HF 7 550k
(PageRank) {4 F& N1 FA B, AR B B AL & KL 745
A — IR — e MEE IR MR Aa A B . ORI ]
MEZN1-c, PAHMZE IS RBHERMEER R, H
JEE B, =a,, [k R mixAE R R — B B
RYIIBER . WERXAIyHEN ), =1, BMH0. H—
FLFHIUG I AT S, T+ 1 20300 1 2138 W)
28 BT ML ) BN

q,(t+1)=cPTq (t)+ (L-c)e,
X e, BARVILERE G E X Scos+H #H [H]) « A X
28 FAFaEM N g, =A-c)(I -cPT) e, , Hr
TEER 0, SN R R BRPRL T B 2 LA 2 D3 2]
T RY. HHIE CRWRAHME A -
Sy =0y, 0y,

KT RWRIF —Fh R 5% 2 WoCER[41], %44
R EAEN ] THERE R G H SR 7 i,

(4) SimRankiEFR EIFRSIMR. & I3 AR B,
SRR R T B (T AR AL, A2 A
B EEE XAN:

> 3

SimR zel () el (y)
o SOk
X BE s, =1: C e[0,1] AARIMEAL I I 1) 32 93
ZH. SImMRIEARTT LUHT T H838 A7 301 T mixAly
HH A R T I AH 3

(5) JmHOBE ML AE 48 4% (local random walk) &
FRLRW B bR 55 b 4 32 T B AL 2 0 A1 0L
YEARE, HRFEA RS HWREILGESRE. —4

cos+ __
xy

S cos(x,y)" =

S



656 SRR S N 5 A N =

39 %

REF S 2 T x5, 58 X, (1) e+ LI ZE A
K7 IELFE BT Ry, 415 3 R G
i
z (t+) =Pz (t) t=0
LAz (0) A NxLFE, RAEXNTRN
1, HAtAO, Bz (0)=e, o B2 ST ARG T
WA, FETUPBELIEE RIS
Sy () =0, -7, () +0, -7, (1)
SCHR[36]45 H T —Fh 5 FE 3 A — UK A Uk B )R
A, Blg =k /M, FEFERCIERE FHET T ORE S
3, SwIest RAIRTAMERSHIR . LRWAHLLYE B F H
FRE T A R BENIE, SRR R R
A LI T 4 R BE LI E IACT . RWR. Cos+LL K&
SIMREAHRE/IMRZ, [HEx T RO e bt
F 9 245 A &
(6) & M [ J& &6 BE ML UE & 48 F5 (superposed
random walk) & #RSRWEE, 7ELRWIF Ly FAts5 &
FLULHT 125 SR S E 45 BISRW AR, B

s ()= s ) =a, >z, ()+a,> 7, ()

EANFEARI B R4 A0 B AR s s £
L5 H bR RUAHE

SCHR[36] b 1 b3k 9 b 5 T JR) 38 i WL AE AN
F T4 R BE LI AE B ACT MIRWRIE bR 754 A 7] 47
S5 P10 ) 25 v P B B TN 28R o 125N 9 285 4 il g 5K
A7 2% (USAIN . BEHE KA ERI(NS) HL g R 25
(Grid) £ 15T AH HLAE FH I 25 (PPI) 1 45 i 22 ) 2%
(C.elegans), HAfFasrigeit-fett B T3R6. ¥E
B, 53R HIEARNZ, X B REE TR
WA, (k) F(d) 43 5l 2135 FE AP 2 e A B S

*6 STMERANEBENRITFIE

Networks N M (k) (d) C r H
USAIr 332 2126 12.807 2.46 0.749 -0.208 3.464
NS 379 941 4.823 4.93 0.798 -0.082 1.663
Grid 4941 6594 2.669 15.87 0.107  0.003 1.450
PPI 2375 11693 9.847 4.59 0.388 0.454  3.476

C.elegans 297 2148 14456 246 0308 -0.163 1.801

RTFIFRB UL T AP0 T Bl ML AE (A LA 1
BERRTRINKSFE, 4% FHAUCHIPrecisionfi & . %5
o [ 5 7 7 < LRW AT SRWHE B I i 7 1) e A1 4T 7E
B BT, B TNSKZE LA, LRWAISRWEE bR G
WAUCIE & Precision# 4f T-ACTMIRWRIE br . 1M 1E
NS/ 251, ESRARWREILFE LR, (H2HiTHE 4%
i KT LRWAISRWHE R . T ACTHIRWRI 5

4 ) O(N®) , TILRWHISRW N O(N(k)") , Hirh
nABENLIRE D E . BT DS, ST NSRI4 ok
Ui, THERWRIPI 8] 5 4% B2 2 L SRWTE 1 0002 %,
MAUC R $m 7 T 22—

RTAFETBENLGERE A FEAAUCHER
HO ORISR L AR
AUC USAIr NS Grid PPI

C. elegans
ACT 0.901 0.934 0.895 0.900 0.747
RWR 0.977 0.993 0.760 0.978 0.889
LRW  0.972(2) 0.989(4) 0.953(16) 0.974(7) 0.899 (3)
SRW  0.978(3) 0.992(3) 0.963 (16) 0.980 (8) 0.906 (3)

3R8  AThE-TREMNGE BB AT F A Precisionf#E 2/
BOFIUNIE B EE AR

Precision  USAir NS Grid PPI C. elegans
ACT 0.49 0.19 0.08 0.57 0.07
RWR 0.65 0.55 0.09 0.52 0.13
LRW 0.64(3) 0.54(2) 0.08(2) 0.86(3) 0.14 (3)
SRW 0.67 (3)  0.54(2) 0.11(3)  0.73(9) 0.14 (3)

2.4 WEEBEBRITUNSAER
U 2% B T — AL L ), {H
B H AT IR B KGRI T TAE, T E 4
iz FIAE A5 S8 AR v e B PO A 0 2 3 V5 AT
AR 58 . SCRR[43]HE 3FH R ESIACN L AARIRA
WEAEBOEA, & LT
SHAES Z W(X,2)* +w(z,y)"

zel (X)NL(y)
g Y WD ey
zer (NN (y) gl +s(2))
S)\(/)\,ICN _ w(x,2)* +w(z,y)"
zer (ONC(y) s(2)

Ao w(x,y) N RUORTy IR 3 ) A
s(x) = Z w(x,2)* R RXIEREE; o 280 T

267 (x)
PREATMAEH . 2 a=08, WCN. WAA
FWRAFE b7 7 51l 21 B & B A S B (S W153.1
HE )e FE3NSEPRMES h, 18 FH 3R & R b
ATHEBS TN, &5 5 R ILAE B B 00 rp A7 78 55 4 1
RO, B T SR A B AR AT T B K AR
T 5 SR AN FE K 1R W 7 35 /) B B (redlistribution)
FH T (AN 215 B0 B A (1 TR0 R0R . 95 [T 25 X 4%
T 285 AN B LR R o EEE AT ML, IATHL
HARFEAT S, MR TIL, WHIBE R B L7 R
R RAT AR P o A H A3 21 3P 5 U SRV P e
S8 a ¥/ T0, R S5 RAN R K 1) 7 B o T
HPE AN T, T D R /N B A T G K
T, BDFTIB S IEE RN .
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0.65

0.60 4

0.55

Precision

0.50

045 ¢

0.40

71I.0 4;.5 0:0 OI.S 1?0
K1 SREpTE M TG S 25 o IR R
UEAE, Rl K EAEM AL T 991 ERE RN .
B /2 7EC.elegansZk Hipf 28 0 2% rpr 25 SRR 1B AH 52, L
RMSHEAEIR T L, BRE R N iR sRiE =z,
S9MCIIERE, RIAROUBERS TN A SRIEFE RN, 4 RE
RN AF T S5 3 . SCHR[43] B8 ) 32 F motif 73 #r
T VERRRE 1R R IR, (B RIS A REREAT
R IR . B 2 TN VAT TR B R K
HIdh s a), [FIRERIM A S50, AR & BT 3
S PR TR R B A1 T REA —FF . ERIRIX L
)R, 36 7 B IR AN ARSI T AT .

3 ETRAUAMG TR TN

e 40 IO 1) 7 — 280 R B T S R AL AR A
(f1. SCRRIBIIAA, 1R 2 W48 3% 32 T LA 1 5 Fl iy
TEMZ RGO B, BEF 0k, SCHR[SIHEH T —Fb
B RAUSRAG TSR AT BE S TR, 1% 5 A A L
A W J J2 VR 2 21 R 8% (a2 s 2% o D) 4 A O DR
Vs HLA BT IS T o (B2, F ARk T 2
ERARZAFEARM LS, RS R EAEE S,
S A0 B AN KK P 0 48 o SR [0 B0 W 82 31y
[ £ J — ML 43 Bt R (stochastic block model)™!
(K — IR SEIL, R IZBR R s A TS, W
AN R R R S LI R A4 9% SCHR[10]
FIT 4 H (10 2 BB AL 2 HRASE TR () 8 B 00 57, T LA
PREEIFRIE R B, 1Z 575 A] LA B2k
121, AT DATIIN X 2% A R e R, A 1B A
G AR AR 8 . ST iR BUR i ik
g — K R T H S R SR, HkHFAES
TE A K AR I 288 v S
31 BrgErmall

S5t S Bk R0 4% 45 K R SIAIERIF U R W, FEAR 2 1510
T, W% BA —E R E RSO Ji, A

B AN BRI 2 ] DL — N S A NAS 5 1S
FIN=-L4N Y EBT s FIRIR SR 7R o A PO 361 TR
F—ANMERAE p, (e[0,2]) » M FE A1 25 A E R A 2R
A5 TR B e AT el 11 e [ A S T A BT I T 1 A
o — AWM R RIS A5 R M4 JZ IR
SRR . BB A] LAY SR R 23
0.5, T RLFTT S3ERE M ZE 0.3, T35
RATEREIMEZR0.4.

03

0.4

I J*'—|.
(g S i gy
RN T G G B &

B2 BT B R W 26 1 2 I S A 7 4

2558 — NG LR E D R — R TE KD,
WU AN T D0 H AR 0 2% G ABL SR A THE 9 -

LOLp D =[] pF@-p)-"*

A LRI R, 43 AR RN DA B A AR 6 A AR
A TR 5 50 H 5 E, RoR ey S F 4
Fe T S EGH B BIEL AT S5 5 H s X
B RID, AL AR Ah T E BRI A MR
p. =E, /(LR ), FiZIA DR 3T AR R
fH; WTMEGHZMIEE, L(D{p}) BAER
ZA T B R 2 T R D) . BT REE 1R B
BSAETHE I T BIA IE—AS, HIEEEZ AR
ASIORSOET P EVINE PR 3 s - A7
15 3 — AT F TR T A T B, BB IR

Q) HhRGE - AWIEE, HiEAR
p, =E, /(L,R,) 55 PY T m M R AF

(2) BEMLIESE— DA A r BRI
T RUNIRAT SRR S B A1 LA LA U AR
MEFHES Co

(3) ML He T HEES B I C TSRS
PIRPIRE D', 732 D il D' AN

4) MFTBERER D HREALIERE—A, X4
lgL(D") = IgL(D) i} £ 52 @ MR K D', 75 U LA
L(D")/L(D) HIME X %52 D' . #RJ5 B3 [m 255 (2) 5

(5) MZE REBREE ST FARRT, R4 B nT
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RIEIRIEIE, 405000 4.

B, I R EETL A xRy T R R
(I RE 3 BT W T 10 v 79 3 e A 1) T S
(Py) o SRJEHE FTA AL IR T h5 0 B R R 2 A
REWNHEF,  HEAE B TR I (R R

IR IR, ZIVEN T A R R KGR
X 265 BT IR 1, a2 228 ek O 2% A 2 i D BE I %
TS T2 R R AN W S (KI5, st 5 A R A
2 Hph e 2, I A G AT R 3 [ 40 s B
FARLLES WCHR[36]. 341, MNEE % T S FH 4 1
FRERYE, 27 VRN RN R R AR RO, IR A
IR BRI EE O(N?) 5, it — D #s % b 2
PAT B IRQ)E D IRG) K. RIS A T
SN
32 BEHL BRaER

B AL 23 BT 1 — R T de R AL IA A T 1)
VE, AR AR R AR Y 45 HE LRI,
P 2% FR T g 2, TR AN T AR T R T E AT
PITE A RE R . 0 HARIZE BT S8ONN, 121
BEATL > PO AT BE R TOO,  # S RN R )
2, RIRHEAN NI —MEEMZEQ,,(e[0,1])
LA ST — AN BUBIM . AR 1250 BB T LAAS
FITEH o WIS RIRITELL B I A IEH IO 2
P(A; =1IM)=Q,, - %I BRI H b 45 1) ] 5
EF

p(AIM)=][Q a-Q,)" "~

a<p
il A RIS ROV BERERE . |, R e 4L
o P ASAL B T I 1, St a
IS AL B I A ST RO SR, T
BT S RS A A R A5, SO
QL =1, 1T,y - 4 IR R TR 5 Bt
UM, B LRI 8 S8 SR
AT

R} = p(A; =1| A) =
[ p(a;=11M)p(AIM) p(M)dM
[ p(AIM)p(M)dM’

A Q AT R 0 5 MR S 2 (S BRE B
AT LLEA IR FTA ). J 7S, T4 p(M)
By TR R T AL B
BLAM LR R LT DL R K3, 35T WUARAE T £
P UL R RS, SO A R LA i 5
RO BHLA BT & R

SRR, JEHRAETIE REAR . (HEES
JE AT [ FE AR AL T S 1) S22 5 v 1 1 AL

4 WEERR

Iz PN R AR A 7 B T 1 B A R e el
SLANE RS R, SRR
W FREA IS EUE, (E15 5115 2 1B GE 4% T 4
b P BB S X 2% PR 4 R RN 5 R, X2 R A R
AT R E L MR S TR iZ A RS HCT
A B P AR I 2N . I Bl A7
(AFAEBANFAE) B e 1A 1 —Fh g 4, I 4 4 i Tl
) R0 272 o TS 320 £ o 2k i M), AN A
IR o0 & B R HE 22 (probabilistic  relational
models) 1 4 1] TG B Ak 26 52 44 56 £ HE 42 (directed
acyclic probabilistic entity relationship)%. EA1#I X
TE T 06 B dlg 122 R IA 5 SO TR, AT 56 T ok R
A (relational models), J&# 3t T LR SE A 57 (entity-
relationship model).

MR B AR A TR I BN RS # R, B
A 7 R4 [ 46 A LR B R 1 A (R B A R
(B 5 (0 5 44 3 DA R Al 338 1 1) 25 254k L 0 T
52 S PR
41 HEERXREE(PRMs)

3 5 R M MR BN OC R A 45 A
(¥ —Fh TR o %6 5 R FEIAN NS : (1) 3L
PE M 4% (data graph) BIATIE RO ZREE, B8 RIGHIEL
PifsE, (2) HAIRIL% (model graph), 23 H1EdE N 4%
73 B0 5 F %010 X 2% AR B Z R &R, %R e
RO RN EEZ B XR, HEEA
Rl EAREME R R R (3) #EH M % (inference
graph), &R 2% 5 H br 2% (R EE) A 45 A 11
W2, T B AR X2 P o AR AR 2R [ 2 (1) AN
[ g 32 77 4 SR R 2R 9% R 43 Ry DL e B X 4% 56
ZA7 (relational bayesian networks)®%. I JRF}K
2% 5= Z M (relational markov networks)PUHISE ik
361 26 £55. 74 (relational dependency networks)®25%,

(1) U1 7 ) 2% A 78 (RBIN)BYY . L i 20 ) 2%
G(V,E, p) A—H G, 2k FIE2E o A1 Rl 4%
SERPE R PV ={v, vy, v TR
TN SRR AN, R 2% T R &
WAR R, ENBRIAES, RRBEZEXR; p
N—HEFABER, pv] pa(v)) R T vl AR T s
pa(v) AXFHAIEEM . 1R — 2 I fixdR 1A
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RENCN AR ED =V CIE ISR EDA] 10 S i e I e
IR 2% (1 B 5 M 238 00 A1 9«

POV, V) = [ | p(vi | pa(v)

(2) TR I 46 B RMINYSY . T8 2 ol
%G\ E.@) N TR, Y. HhVAIE
MEFERINEREAES, O FRBREN. ©
SCHIMIL e 4 TR, 1 — N5 4 T B L
AR D, TR B A A
pmNﬁWM=%rﬁmm,E*wﬁ%%%¥@

T AL ZAARAE I — R L

(3) I Z M P 45 45 7 (RDN) 3L, 5 2405 ) 2%
TR IR PRAME Y f) 5 oK X A AE T A A AR AL B
NG WEZ AT, 218 A O AL 28 4k 1T (pseudo-
likelihood)®1 75 5 7 51l X 45425 B () 2% 1 Wk 6 k4T
flivh, Wk U EM TR p(v| pa(v)) i FFEA
H AL p(pa(v)|v) o BT XA B2 gl
S, A EERBNATRMNAE B 3 1 5 5 2% B BRI AR
% . RDNERBNHL, 2 A HERREMZ
AT &, AR ARV IAELE
4.2 BETTHE RS iK% R &R (DAPER)™

DAPER J& DL S 5% 5 450 41 oy BL Al B 42 57 F) 482
B, EOR SR Z A 0 R A R SR —FE B
DAPERE A L HEG L Jli i 77 o

(1) 2442 (entity classes), HJJHZ& ik, dnk
SR R A AR SRR R 2

(2) 5% %Z(relationship classes), E[J 4k Sz
MR FR, WEEAEFRREFRIER LR,

(3) JEM:ZK(attribute classes), K SR 5¢ R 1
JEME, AR T, RIS R A

(4) N2 (arc classes), T3k 54 g 1 2 1]
IR, AN A VRS 73 K052 1) 7 A2 3 v AR A A
FERIRENR o J& 14 OC Z A4 BRIV IR 28 A ) oA N 4% (5
RBNZEARL).

(5) J= MR 434 (local distribution classes),
X I — JE IR ) SR A2 50 AT, S PRMsH R 25 Ak

(6) PRI 2% 142 (constraint classes), 77 J& 4%
F2 ) (1) PR A1) 2% A

SCHR[49] L T 1Z A5 5 PRMsHE R 1) [X 1) FH Bk
o BRI T EEFERENS T4 55 H
DAPERMPRMSsHEALIIARAYL, 43 7]t I 3a i 3b 7 -

—<]-3Tf}> = COLIITSE:
; course[Diff]= Diff
: 5 course[Diff]=
‘ Eourse[&rade] N - course[Grade]
---«_ Grade -J- Course
C_ — --} - Student
: student[IQ]= | |_Grade
student[Grade] | student[IQ]=

: — --T Student | Jstudent[Grade]
B 0

a. DAPER &% b. PRMS =7
K3 DLRZ s A 2 A FRAE 9 i 1
DAPER# A FIPRMs# !

5 SEgE5ERZE

g LRTIR, TER e T 45 A RO AR LU T 72
SR BT i RAUSRAG T 1 7723, B MR A I A i
PR Sk O A R AT R D) A 1 )
SEPLTRI, AR EATR A& AR BT A
LIPER R R NGBS E R, FEMRFE—A
P IR 285 1) 5 — 7 THI () &5 PR e JEAT %1 i, 4
S H bR 2% B S5 R AR 1% 7 TR IR 2. 25, BV ] 15 3142
TP TN AR . BRI T IR 24 5 A A AL 1) 7 v L
BRI, TR R AR RAR, R TR
PR AR, B AN 7V AE A 5] 0 266 Hh 1) T
RKAAHIE o H R I 3 A 0 B B I 265 25 46 R ik
2855 RBR NI . AT R M 4%, 4
U CE NSO N A ST VY ae S B vl
(R, e i i 465 815 B HEAT TN iR/ B
ARG ST ARG 0 77 12 LR th
SEF IR SERA IR, B LS D 2 B A ) 245 &5 44 v
AR IR T 551 T T e 8
s, ATTRERIH TR N4 o SR80 B 7R 1%
T TRE FE AR AR . MRS AR H R 12
P GURRL, B nT LAIRI 25 FE X 2% f) 45 44 45 S A0
WRMEMEE R, DRSBTS . (H2
THE 2R M DL RN s S MEAS BAE IR i
&, R TR N I R R

RIE T4, ERMEHAERSREST L, A
TEL. AW, WEERGE T, A
AL T AR R AL I N TE SR R 3 o X
PATC T P X 2% (scale-free networks) A48, & 243
(AT AP A R B A AR LR B T B E R
(rich-get-richer) L1 BY . 472 4% ‘& (good-get-richer)
HLHIE, Ak BT (optimal design)3kzhC, 14 i
%)) 77 (hamiltonian dynamics) 3%z, 54 (merging
and regeneration) HL 1 ®2 . F& 5= 11 IR 1 (stability
constraints)3Xzh®, Ak, W, T %] im0 4% 4
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