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Identifying Anchor Links on Social Networks Based on the IAUE Model
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!(School of Computer Science and Technology, Taiyuan University of Technology, Jinzhong 030600, China)
%(School of Big Data, Taiyuan University of Technology, Jinzhong 030600, China)

Abstract:  Identifying anchor links on social networks plays an important role in cross-network information dissemination,
cross-platform recommendation, prediction of social chain, and so on. To improve the accuracy of anchor links identification, this paper
proposes an effective method: the IAUE model. Firstly, the model uses network embedding algorithms to draw the network representation
based on network structure. Then, a candidate set of matching nodes is gotten by BP neural network, stochastic gradient descent and
negative sampling strategies. To refine the result of anchor links match, the G-S algorithm is used to reduce the useless information.
Experiments upon multiple data sets show that the IAUE method has better performance and good generalization ability compared with
other approaches. This research to some extent also can accurately identify the anchor links in the social network.

Key words: representation learning; network embedding; BP neural network; network alignment; G-S algorithm
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Fig.1 The schematic of IAUE model
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Bt J5 I BP A 25 R0 4% 24 5] H 5 R0 45 1] H s X 2% 16 I ik B 50 0 R 3k A 05922, AN AS 7 B IR R 45 A H A
IR &4 338 47 26 P36t 55, 10 HLARAE 15 4% Embedding B A T 5 47 172 46 RE 77, 11 LT R 35 b 75 380 90 285 11 435 #4042
2.3 $HEEIRS

St T X 4% H AR — AN S BB A BII% T A AE bR RR 4 R A% 248 DT E T AR, RO (A i A e dE i T
R A TR 5 0 0 4% H R 2 R A AR AL SR HE

TE 2411 X 28 6 55 10 5 320, B R I 4% v BT SR HE P S 0 DA I 4R A I T 540 L B AR — Su i T 45 SR AR 4
W S AL B BEAT T HER AR AN e R ISR W HETR A AR R T AR SR Y T 3T G-S AR
T IR 2% T s T &5 SR 1 T vk LA R T A X 28 3 A R R R 285 R B X 48 I A S SRR B T RIS B TR

0,(R,Z,,Z,,L) = min|R(z30) - 2,

DA N 5535 1 Pl
3% 1. 1AUE 5k
Input: Two networks A and B, a set of supervision anchor links L;
Output: candidate A, B.
01: define Mapping Function=R
02: procedure NodetoEmb(A), NodetoEmb(B)
03: Initialize A'=NodetoEmb(A), B'=NodetoEmb(B)
04: Initialize loss1(Eqs1), loss2(Eqs2), epochNum, batchNum
05: alignment(A’, B")

06: for epochNo in range(1, epochNum)

07: lossl1, loss2

08: for batchNo in range(1, batchNum)
09: Update R based on Eqs.(7,8,9)
10: end for

11: end for

12: until convergence

13: return candidate AMap, candidate BMap
14: G-S(candidate_ AMap, candidate BMap)
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15: end procedure

G-S SIS I % 2 .

B3% 2. G-S Hik.

Input: candidate A, B;

Output: accuracy.

01: Procedure G-S(candidate_ AMap, candidate_ BMap):
02: if length(A)!=length(B):

03:  error 0

04: nNode=length(A)

05: candidates_ AMap=readCandis('candidates_A)

06: candidates BMap=readCandis('candidates B)

07: candisMap=[candidate AMap, candidate BMap]
08: mappingRes=MapResultlni(nNode)

09: candidates ARemain=range(1, len (candisMap[0])+1)
10: while len(candidates ARemain)!=0:

11: for candidate_A in range(1, ncandidates_ A+1):

12: if candidate A not in candidates ARemain:

13: continue

14: if len(candisMap[0][candidate A])>0:

15: candidate B=candisMap[0][candidate A][0]
16: else:

17: refreshMapping(mappingRes, candidate A)
18: candidates ARemain.remove(candidate A)
19: continue

20: Output: accuracy(mappingRes[0])

21: end procedure
3 KBRS

AT RS TAUE R 8L [ 8,4 TAUE BB AT S i 28 8L 75 v 0t 47 S 06 of b A Sk B ) SE 56 £ 4% 4 Facebook
By HriR O AN SO RO £
3.1 SEWFEMEER

N Y 5 AR SR A BT 7 AR AT Ee e, AT R R SR B 1 4 FhAs O IAT RO L& Mant®I i AR/
STV B Ao R A A AR I HE T 2R T T AT VR LR

B 1 BTN IR T SR B T 07 2 AR A X 4R r Y S B AT A BE VUi 0 VR R TS e T k.

2 FhOTEEN MNA R RPN R A A 22 P 2% o B P B9 SRAS BT R B BE IS B k£ . &S] IFIA)
ASCAAE B AR G R 4% A7 — TR0 AR D B Al 5 A b I 22 ).

553 Fh 719 MAD A5 R 38 38 3 55 90 4% r ) — e 14 5 SR I 3 T I R S AT IR AR L B
T B A S A 0 A R U A P A X 4% PR B B Y T VR B TR B A S T

% 4 FO7EN CLF MRV @ i BE AL i 2 7 3 R 5 A IR A2 7R (A 1 L TR T s 2 )
J5 9%

%5 5 M5k PALE A5 BUBL 58 5 X 48 Embedding 77 V2% 0 2% 35 4T B 24 b B AR )5 38 1 22 2 A R 5% 2 =
S} R B, B 245 B Y5 X 4% TR T AR AR I 2% ok R AR A e BB T B SR S T ik
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AL TAUE #E L TAUE B RLRFIH BP #0148 /R 4% 22 57 B — > e B 06 280, 308 3 i i B 5075 31 1 IR R 4% R 1)
BT ATE H bR R4 Tk A A T R R 4R R BT G-S Bk iR i SR HEAT AL B, R B e e AR B A TR

TAUE #58 [) B 2% H 45 SR A Y 0 28 v 0 48515 P 78 L AR I 28 v it 97 () 71 048 3% 48 Py R MAP 1 RS2 36 10
PP FE bR,
3.2 LIRS

TAUE B[ 5256 5048 454 Facebook FU#E4E . HIRAUIE AN & ME 405 4. Facebook B4 Hrikfiid Al
FIREEE R RN T 5 BT A BT B 28 Facebook HUE4E L& 40 710 A5 A A1 766 519 2530, ¥R M iE 4L
PREE AL 75 387 AN AR 356 128 4500, AL IR AL AL 55 387 AN AR 503 782 £, LK 1.

Table 1 The statistics of experimental data

Fz1 LRBEEGIER

Hdh R IR Facebook TR RUE Ik
Rt 40710 55387 55387
pURS 766 519 656 128 803 782

3.3 Facebook HIEE RIS

1E Facebook FUHE4E A, B -3 B AN B A I D64 110 4 DX 24 25 D R g, 2 AR 9% LA T LI 7E Facebook % %
42 TR B A IR 48 R AR AU P AN AN ) A A 58 I 86 6 % B0 4 P R — IR T — AN 0,112 M 3 5 4 A
FIBENLAUE p. 0k p<1-2a oo, W ZF D& 7R 120t 0,0, <p< 1-a, WK ZABRBESE 1 ST
R 1-a, <p<1-a,0,, WK Z SR BETE 53— AT P45 v 75 0055 AU 0, 2% 2% 00 2 4 ) B £ B 7E 1P
APIZE o o o AT JEUUR R0 2% SR AR T S 2R S T R % BB R K T o, ANR % B B B (R — S5 45 )
IS A7 195 4 I 285 F) 56 1 JORE [ R SR 75 380 7 7 IO 4% S 560 3o vl 3 B G ot — A 9 458 A A 905 9 4%,
LN Gy, i — N FR4AE N B ARS8 G, BN 2 o I C 0 e (5 S AT B2 ) AR5 it G-S
SRR AR o 0 A, L 0 A B A BN o B 2 R S L A SR W TAUE BEALE B8 AR A o Bl e, 16, B
(1 14 B AR AR T At 777k

N T VPN ASCHR 1 TAUE #E8Y 85e 7 WA A 5 T2, 000 & 5 5 Bl I 2 06 55 51 AT S 3055t LG [,
BE a=3%, ISR R 5 3%MEEEME B8 56, W E a.=0.9, % R 1 a,=[0.5,0.6,...,0.9 31T 52 56, 52 56 45 5 1L

Table 2 Experimental results of identifying anchor links under different ,=[0.5,0.6....,0.9], «.=0.9
£2 a~09,K[a=[0.50.6,..,0. 9 KI4lHE IR B 77 V% B 5206 45 1

A - DX 2% i %
VRO 6 b ik 50% 60% 70% 80% 90%
Degree 0.0922 0.093 2 0.094 5 0.094 7 0.095 4
MAD 0.3899 0.3890 0.389 3 0.390 4 03922
MNA 0.4262+0.0011 0.4290+0.0016 0.43700.0015 0.4365£0.0011 0.4390+0.0012
£ CLF 0.8693:£0.0006 0.8724-0.0012 0.8734+0.0013 0.8786£0.0009 0.88200.0022
PALE 0.8936+0.0005 0.89430.0012 0.8966+0.0011 0.9009-£0.0012 0.9012+0.0011
A IAUE | 0.9128:0.0003%  0.9147+0.0008* 0.9173+0.0010* 0.9196£0.0011%  0.9205+0.0010*
Degree 0.0928 0.097 9 0.098 3 0.098 7 0.099 1
MAD 0.393 1 0.403 2 0.409 7 0.4112 04128
MAP MNA 0.4571:0.0002 0.45730.0015 0.45830.0013 0.4591:0.008 0.45940.0007
CLF 0.8834:£0.0005 0.8835+0.0008 0.88980.0004 0.8912:0.0011 0.8915:0.0004
PALE 0.9100+0.0008 0.9207+0.0009 0.9224+0.0011 0.9228+0.0005 0.9237+0.0008
A IAUE | 0.9226+0.0006%  0.9287+0.0005* 0.9301-0.0010* 0.9310+0.0008*  0.9346::0.0008*

T 2 IR BT DU A R 25 R BE Y T I M R R, BN Fy TR AR MAP FR R R R,
2 0,=0.9 I ,MAD [f] Fy {5 A1 MAP &4 53k 2] T K21 0.39 F1 0.41,3X 5 Ky MAD Jy 3% 18 F C 50 14 55 1E
WS BT S T 45 R d e 6T MNA. CLF. PALE FI4ASCHI TAUE 7546, EATHR T B ¥ I B 751k,
T VPN I LA 5 v B P BE I PR AR SR B0 4 SR A AR 22,3047 T 10 KSR I BCFME A N i S0 30 45 1, Ak e
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WIZRAE b BB BE RO 0=3%. 3R 2. 3R 3 AT DU Y, B 75 e i 45 SR W12 AL T 3R B J7 7, B MNA CLF. PALE
H TAUE X 4 #7573 m0MERE MR T MAD 759%,9F HAEIX 4 F il B 2 21 7595 b JAUE #2841 F) {EF1 MAP {4
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Table 3 Experimental results of identifying anchor links under different ,=[0.5,0.6,...,0.9], &,=0.6
£33 a=0.6, N =[0.5,0.6,...,0.9] FI e 1H Bl 77 V= 236 45 1

A P - W 2% B & JZ o
WA b i 50% 60% 70% 80% 90%
Degree 0.008 9 00128 0.033 4 0.066 4 0.093 2
MAD 0.102 0 0.1523 0.202 1 03337 0.389 0
- MNA 0.1340+0.0012 0.1888+0.0010 0.2170+0.0013 0.3521£0.0015 0.4290+0.0016
I CLF 0.29400.0010 0.38230.0012 0.5510£0.0012 0.7350+0.0008 0.8724+0.0012
PALE 0.3789:£0.0005 0.4518£0.0009 0.5914+0.0010 0.7714£0.0011 0.8943£0.0012
A IAUE | 0.4250:0.0003*  0.5336+0.0006*  0.6697+0.0006*  0.7935:0.0010%  0.9123-0.0010*
Degree 0.0102 0.013 3 0.0358 0.0704 0.0979
MAD 0.132 1 0.163 3 0.2312 03449 0.403 2
MAP MNA 0.1450+0.0012 0.2498+0.0010 0.29230.0011 0.3978+0.0012 0.4573+0.0015
CLF 0.324540.0007 0.413340.0009 0.5998£0.0014 0.77320.0010 0.8835£0.0008
PALE 0.41970.0010 0.4845£0.0007 0.62240.0012 0.81180.0010 0.9207£0.0009
AT IAUE | 0.4526£0.0006*  0.5342:0.0008*  0.6597+0.0010%  0.8562+0.0008*  0.9432+0.0010%

MNA F7iEAN R T 4 R 35 S A UE , B R B R tE CLF J5¥: A1 IAUE J5iE#RME. [RFE, & 1 45
IR UL T P25 W 45 K45 S5 5 T X 48 5o 55 1)t ) o 8 1 5 LS SC AT FH I R 4% Embedding 5 ¥k 2 —Ficl
250 ) B 08 55 g Y T L 15 1) oK) 4 3 g 0 1) — b AR A k.
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0.5%< oy=1.5%H ,JAUE #5524 [ 1% 15 2% I AR TR (1938 K 84 35 A0 LE T PALE A 2Y AR ST TAUE A8 AT DA A 5
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ERUT X UL A T o, B X T BB VR P HE AR P 0 — AN EE B AR R,
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Fig.2 The comparison of experimental performance
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