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Abstract  With the accumulation of the network graph data coupled with node attributes, the
relations between node attributes and node linkages become more and more complex, which brings a
lot of challenges to the task of the link prediction in complex network. The main reason is the
inconsistency existing in the different source data, that is, the relations between the latent linkages
which are implied by the node attributes and the observed linkages from network topological
structure, respectively. This phenomenon directly affects the correctness and accuracy of link
predictions. In order to effectively deal with multi-source data inconsistency and fuse the heterogeneous
data, with the idea of granular computing and data multi-layer granular representation, we model the
original data at different levels of granular representation. According to the data granular
representation, we ultimately eliminate data inherent inconsistencies by finding the optimal granular
structure. In this paper, we firstly define the data granular representation and the relation between
different level granular; Then, we construct a log-likelihood model of the data, and place a lot of
constraints decided by the granular relations to regularize the model; At last, we use the trained
model to perform the link probability between nodes. Experiments show that, multi-source data can
ultimately reduce the inconsistency by granular representation, and the statistic model regulated by
these granular relations outperforms the state-of-the-art methods, and effectively improves the

accuracy of the link prediction in the attributed graph.
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I 28 H A SCER R A 2 UCORE BE % 7 B 2 T AR
I (HGRLPM) ¥ 2807 ) B k.
% 1. HGRLPM S 824 ) k.
WA K & JRYER GV E,F) FEIXE
ARy HEE R xS REIRE MAXITER;
By - 25 SR E R R HLE B AL X TTERE .
O M JE R Fol ] K-means BB 1, 1T
BRADREPLIQI;
@ for u=1,2,++,|V| do
@ forc=1,2,,k do
@ D, <3(9);
®  end for
® end for
@ for c=1,2,++,k do
® M.«:T:ﬁ(lO);
@ end for
© for u=1,2,-+,|V| do
@ forc=1,2,,k do
@ W, <D
@  end for
@ end for
© #fEAL Bosse<153H5H X <0(13) 5
while t<MAXITER do
for u=1.2,--,|V| do
B, <y X3 (18);
end for
s<—y X (19) st<t+1;
HHE AR A3);
if [ A9t — 0 <<
break;
end if
@ end while
&[] B,s.

SESESESNSNENENS)

5 BRHERREERGEZETN

2 BRI 2R 5 AR AT >4 A B 1 — > 2 kL
JEFRR R ={IG-,IG" |B".D",s" ,u' } . H v B,
D s p ENEAR ISR E. A
HGRLPM $7E 2% 2 4 (9 )2 UOR s R™MEEAE 1, 44
AT HE S TONAT 55 . e AT 1T T DA 452 7.
5.1 thEF

Y R UKL F s RM, UL A )45 5 (u, o)
XFFAE B BRI S5 5 w R « MR EEE . RS
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w AL 2 A2 3, I LAk B0 55 51 W 7E 45 i R
Ja& 1) e B 30 B O W R e B, BYAEL, BRZ R T 1)
&, idh B, |

_ 1 .

B,o-- > B, (22)

t€ mb (u)

Horbonnb Qo) R85 &S w B n DS EES. & o
W IR A5 B BUR IR A SAT 5 45 5w A R 9 A0 5 2.

TEME LAY b 45 50 Cus o) B ST 852 56 R B
[F] T A 8 p Cus0) s B

pusv)=1—exp(T(B,®B,)). (23)

FERIHE Y n=1 B, 3 T U3 [ 100 00 5 0% Bk 22
e S RRIN
5.2 WUNEZE

T 4 R T R ORE R SRR TR TR B A S A vk
P TE A 2P 98

Bk 2. WA e SN Ak

BN < R UORE B R R HIN 25 56 Gy o) LB
A 45 7

By < 25 RON REHEAE R p (w0,

O WAz mtER F, W R 2, 3H 5 45 5 (us o)
(3 ER 10 ] B, < 20(22) B, < #(22);

O AR p(u,v) < K (23);

© Hth pCuso).

6 KWHHER

FEATT L AT T TR F AN H IR
1o B 4 L DA 2 A LS B B 0s 4 AmazonFail
M Lazega™ iy 528, [ A, AT 14 b T HGRLPM 5
A A B A O R S 56 25 R B8 HGRLPM
TR A X T S Al 7 7 9 EL AR R ) A R
6.1 HiEE

VR SR AN R AR S F A 4 it
TR LG TROIBIRMES SR E . R 24T
A B s 4 ) — S AR g i A

AmazonFail $t#E ££ 2 M Amazon W % i g ££
(. Z R 48 M 1418 g L B — R
Amazon [ B 1 — 477 . 3 695 A% Bk 45 0 # T
T X B g g 2 A DG AR AN, XA Bl R A
HET 7 b JE A DA BAR 2 AE B bR fE B TRl
FH P X277 b 0 S il 3

Lazega B4R E =& — A RIEHFFHXTA
AR AKERBEERE. E R ZA AR 71 430§
CE AR RN 20 22 6] fh 0 48 6 22 3 A #dis 45 %

T DX 285 0 A o 49 T A IR AT R 1 A A L B A
LIPS AC A A I o AR

Table 1 The Attribute Information of the Toy Dataset
F1 ROHEELENEEER
Node Age Math English Art Physics
Node; 13 70 71 88 95
Node; 14 81 88 93 85
Nodes 14 75 89 87 79
Node, 14 86 85 95 81
Node; 13 95 86 90 92
Nodeg 14 89 91 92 88
Node; 13 87 89 88 83
Nodeg 15 70 72 90 81
Nodey 14 71 73 70 87
Nodeio 14 92 88 90 93
Nodey; 13 70 75 81 71
Nodes 14 69 89 87 84
Node; 14 65 70 90 69
Table 2 Basic Statistics of Datasets
x2 BEEEAZFHER
Dataset Nodes Edges Attributes
Toy 13 17 5
AmazonFail 1418 3695 28
Lazega 71 650 8

6.2 ITLbARE

X TR AL A O B AR B — N B e
FpQuav) e I G S X Cus ) FFAE— S50,
Bl ECuso) =1, 2K 0. A4 - fli J1] 3 4~ 48 b o *F
LR I M e

Precision— TP
recision =5 T rn e
TP
RecallfT7P+FN, 24)
TP+TN

Accuracy =1 p T TNF FPFFN'

H A, TP (true positive) S IE #f 1IE #i], TN (true
negative) A IE i 11 ] , FP (false positive) iy 1% 1F
], FN (false negative) k1% 1 .
6.3 EFsH

ZEER N R o VT e ¢ PN 3 7 Sl O e 2
fiE, DA 5 HA Bk A 6 . 6 B R R AR 1 R4y
AR R R B D F5E I 5 BE & EL (resource
allocation index, RA) #l LHNI (Leicht Holme
Newman index) & %X.
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HY 3R 7 ) 540 A Y T SR (R A A X B
k=3, 2% y=0,001, IE M I £ 4 «=0.03.5=
0. 005, £ 3% $e S S0 T B 43d 50 %R
J& EbR eR B W A e m@}ﬁi@ 59 kAR5 s F
6020. 49. BRI SGE FE AN &l 3 B

6036 [ %

6032

Risk Function

6028

6024 0 10 20 30 40 50 60
Iterations
Fig. 3 The convergence of the HGRLPM model
training processes with the Toy dataset

{3 HGRLPM A 7E 7R i) B 46 L i I 2Rl S0 72

Wk FEEE WG, AT B T HF R BA
HGRLPM WS B s . K4 45T B Al s’
SBUEAG. WE 4 AT LU AR X S 5
T4 BN Z A AR G R I TTIRE s R AN R A 4 X
1 W BTREE e/ AL X2 1 BT e K 4k X3 1 BTk
M TFAEX 1 Rk IX 2 Z (8] [6] ), 41 X BTk EE s i 52
Wi %5 25 5 S X Z M8 X R B #% HGRLPM
WIS HEBR RS R RS S5 2K05%
sk JE R D 5HFrgit 8 7= £ B 76 B™ i 22 5%
Fhe/IN. 3 2 B A A R AR RS BRI R —
A = R AR BORLAR B T S5 KA T BR.

i o B I 2018 B B LAY HGRLPM 5, R
ATTAR i U B9, o Ja e TR ) T A 8 A T G
FEHE Y AR B R, I8 5 SR T RL AL HGRLPM il il
(1% T 1 Tl w1 s B8 11 2 O30 1) 1) A R B 2 AR

Node,

-~
5 5
053

Nodeg ,. 0.11

0.63

Strength

olll le‘l ‘

Node, Node; Nodes Node, Node, Node,, Node,;
Node, Node, Node, Node; Node,, Node,

Nodes

(a) Node-community affiliation relations in community 1

LaAT A

Node, Node; Nodes Node, Node, Node,, Node,;
Node, Node, Node, Node; Node,, Node,

Nodes

Strength

(b) Node-community affiliation relations in community 2

olllt- |

Node, Node; Nodes Node, Node, Node,, Node,
Node, Node, Node, Nodegs Node,, Node,,

Nodes

Strength

(c) Node-community affiliation relations in community 3

|

1 2 3
Communities

Weights

(d) Community weights
Fig. 4 The community weights and node-community
affiliation relations learnt by the HGRLPM
Kl 4 HGRLPM B3| f+t X EEF 545 81X X FR

AL DL R B (R UBE AR T 5020 B30 19 A=
AR AR 5 s AR Y B R AE ], S 2K N IE Ay
A9 i e i 1A R D T S e R

FHHN L 3 Gy T A B A Ok A B i OUL
B4 LA KR LI ) B 45 B R S5G A T AR .

o) Node,

Observed Edges
----- Latent Edges

Fig. 5 The link prediction result of the HGRLPM model
&5 HGRLPM #5284 f 42 500 25
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Table 3 All of the Link Probability Predicted by the HGRLPM for the Node Pairs
% 3 HGRLPM Tl g Fr & 4 s xd S5 4 2
Nodes Node; Node, Node; Node, Nodes Nodes Node; Nodeg Nodey; Node;y; Node;; Node;z Nodeys
Node; 0. 00 0.12 0. 26 0.11 0.09 0. 10 0.09 0.25 0.53 0.01 0. 56 0.02 0.55
Node; 0.12 0. 00 0.11 0. 38 0. 36 0. 38 0. 36 0.13 0.27 0. 37 0.28 0.10 0.25
Nodes 0. 26 0.11 0. 00 0.06 0.03 0.01 0.02 0.15 0.29 0. 00 0. 30 0.01 0. 30
Node, 0.11 0.38 0. 06 0. 00 0.61 0.59 0.63 0.07 0.16 0.58 0.15 0.17 0.16
Node; 0.09 0. 36 0.03 0.61 0. 00 0.63 0.01 0.02 0.05 0. 64 0. 05 0. 21 0.03
Nodeg 0.10 0.38 0.01 0.59 0.63 0. 00 0.65 0.01 0.01 0.62 0.01 0.17 0.03
Node; 0.09 0. 36 0.02 0.63 0.01 0. 65 0. 00 0.01 0. 00 0.68 0. 00 0.16 0. 04
Nodes 0. 25 0.13 0.15 0.07 0.02 0.01 0.01 0. 00 0.51 0.03 0.57 0.00 0. 38
Nodeg 0.53 0.27 0.29 0.16 0.05 0.01 0. 00 0.51 0. 00 0. 00 0.63 0. 00 0.63
Nodeio 0.01 0. 37 0. 00 0.58 0. 64 0.62 0.68 0.03 0. 00 0. 00 0. 00 0.23 0.01
Noder, 0. 56 0.28 0.30 0.15 0.05 0.01 0.00 0.57 0.63 0. 00 0. 00 0.00 0. 65
Node; 0.02 0.10 0.01 0.17 0.21 0.17 0.16 0. 00 0. 00 0.23 0. 00 0. 00 0.01
Node; 0.55 0. 25 0. 30 0.16 0.03 0.03 0. 04 0.38 0.63 0.01 0.65 0.01 0. 00

MK 3 LIE B 5 a4 Fii o bR
B4, B { (Node, , Node;; ) : 0. 16, (Node; , Node, ) :
0. 38, (Node,, Nodes; ): 0.11, ( Node, ,» Node;, ) :
0. 10} ; [R5 3 Z% A RE LI 21 1) 321 % 43 g 1451, B
FEIR R 1E 9] { (Node, , Nodey ) : 0. 53, (Node, » Node; ) :
0.59,(Node, s Node,) :0. 58}. 7] LAFF 2 LI T ¥EM 4 -

14

s A% 0
Precision 113 82.35%,
o 0
Recall 11+ 77.78%,
Accuracy=147+857=91. 02%.

RT B R R PR R FRATRE I A 3 F AR AL
5| JIY RAM L LHNI 174 2, ff 2 58 95 [H] 1t
FIHH IR RGE R, R )55 HGRLPM i 17 %F
e BARY AT .

D 315 JT,RALLHNI A AR 5

2) F R M R g S B IE 4 5% A L
(adjust cosine similarity, ACOS), Efi

(x;,—x) « (x;—X)
lx: =2 X e —x ]

3) Rl 2 ANARUE . UL IT RS 6], flig ACOS

5L

§ACOS (. X)) = (25)

M (xix;) =0X8" (x;.x;)+
(1= XM (x;.x;) » (26)
Ho,x:x; HIEMER T LSS SRR I 1,0
BUEZH. AT LA e P 5 40 M 45 1 11 1) i 2 1.
VR 3 NEEHE A JTALRAA,LHNIA.

FATE ] 3 A9 J 5005 MR [] B0 %o e A o
NG B BT AAR B R 4 B S 4
Table 4 Performance Comparison of Toy

R4 REIBIEEHEREX L

Algorithms Precison Recall Accuracy
HGRLPM 0.8235 0.7778 0.9102
JIA 0.4222 0.4485 0.7590
RAA 0.889 0.1881 0.7436
LHNIA 0.3111 0.3353 0.7590

F AW 3 AT JTIALRAA, LHNIA) 4%
0 HUH 0.3:0.05:0.7 ) 9 WITFLE M. X
3 ANITERY PrecisionsRecall s Accuracy W J5 2243 7
3 (JIA:0.2243,0.0924,0.0263),(RAA:0. 1152,
0.194 6,0. 012 8) #1 (LHNIA: 0. 295 5, 0. 227 4,
0.019 0). L8 45 W E M. Lt & Accuracy b &
Precision LA J Recall & %5, HGRLPM #5% %1 151 i 1)
L5 JIALRAA LHNIA 4 % 5.3 A9 32 7. 1iii 5
0 WE & AR AR R R TR RE I B R X £
PRBLTETr 22 172 Ak, JR I FE T JIAL RAAL LHNIA 4
BE R TR IR B R B ROR 2 b G
F 1 5 Je Pk 35 1 S AR AR S Rl 5 25 ) R Al 22+ 7 A
PR v S A W . X UE ] 1A R R AR BB B
AL PIAE Bl 2 B PR Y ] HGRLPM 3¢
SR T AR AL X AR & 1 A3 A DA SR XA TS
VA7 A 2 R AE BRI RR R R B 0 A — 2k
PAEEEFENSE TRINDS S PN L 1N AN GE RS K
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BOMEAL B il 1R) L X — X LS SR IE 1 IR AT Y
% b s T HGRLPM ff)i Bt
6.4 HtHiEE LHER

SR B 7 01 Bt — B VR AR L R 5 FIEE 6
SRR T AEEE S AmazonFail fil Lazega $U#5 4R
RS RE.

Table 5 Performance Comparison of AmazonFail

& 5 AmazonFail g4 8E Xt Lk

Algorithms Precison Recall Accuracy
HGRLPM 0.2351 0.3392 0.8462
JIA 0.5550 0.2056 0.9957
RAA 0. 0000 0. 0000 0.9961
LHNIA 0. 0000 0.0000 0.9961

Table 6 Performance Comparison of Lazega

% 6 Lazega RMEgEXTLE

Algorithms Precison Recall Accuracy
HGRLPM 0.4091 0.6412 0.8157
JIA 0.1850 0.5822 0.7399
RAA 0. 0000 0. 0000 0.7384
LHNIA 0. 0000 0. 0000 0.7384

H X HGRLPM BEA TS [E JIAL RAA, LHNIA
U Precison 1 Recall %55, {B Accuracy HJ T}
AR 35 H F A AmazonFail 245 4E I, Accuracy
6 bR TE AT B 22 W8S 32 2 U DR A T 40 1 IR 4
T8 ) 8 S R . 2 OO R AR O I A
PEAR 23 X SR VE PR R 7 A AR ™ 50 52, SR T 2 B A
AL WAL R 3 — 5 A BE I i i MR ™ B R o T
(0 R A . 3 — B 52 R 2 Ay 2 ) R P i e R
Fie EOWE B 52 Wi A8 T OE ) A B B . X T
Precision fl Recall 5 0,3X % RAA FI LHNIA
TEHUHE 2 AmazonFail Fl Lazega | it A 1 3] 41 #5 4y
B AN RE R I TE ] L 3 HIE S T 2 A 4G s TR Y
AN —FOPEL R X W B T EE LT O,
HGRLPM N 32 75 HEAR I Xk B4 ) 7 i 1 X — 04
AL A%

7 8 it

e

ASSCPR T — o il 5 S Al R (R 2% 3 4 1A
45 R JR AR SO I 2 UKL 2R B RL MR K 1 53 B
W X FARJZ AF SR A K0t A — 2ot sl 42 Tk
JER Ik AR JR AR B KA BT B S 4 s 1

A =B %07 B B R AR T B RE Al 4 20
TE R JZ UORLE S5 44+ TR] o A rg R Ak ) il 2 1 %90 1
S SR A R R TR U B R R [ RS R A
RO Xk e A 7 95 A R AL
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