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Coupled Network Embedding Method Based on Dual Perspectives
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Abstract: Traditional network embedding approaches rely heavily on random walk in a node perspective to get the local
sampling sequence of networks and then maximize the co-occurrence probabilvlity between adjacent nodes to represent
nodes as low-dimensional vectors. The empirical analysis of this study on areal-world network shows that random walk
in node and link perspectives can respectively produce netwo’rk'sampling results with different node frequency
distributions, resulting in various partitions.of the network. To this end, this study proposes an approach to Dual
Perspective Based Coupled Network )Embeddingr (DPBCNE). DBPCNE gets the network sampling sequences by random
walk in a link perspective and then combines node sequences sampled in a node perspective for coupled training.
Experiments show that compared with other network embedding approaches, this approach can well preserve network
structures and improve the effectiveness of network embedding for the downstream classification and prediction tasks.
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43tk DNGR 4355 7 0.3% F1 0.55%. DPBCNE #574
1E Facebook ¥4 i 142 7+ 30 R LL7E DBLP %44
HEE AT, IX KA Facebook 34 h AT M A £
AMFRZE, T DBLP #4345 A H R A — s
25, Rl TR AR A N 4 KR 2, I REX 4
F R ESAX.

35 BmE

A 8 1) X 8% 3 7 2 ) B30 5 468 Y 7 A 4 05 )
{7 BEL AR ZE TR I A AR A AN 1 A 2 TR 32 1 2R A
AALS 1, 5T A 1M 48 R om 25 ) BEE 5, & et
IR R R, B (v +vj) /2388751 v AT
v; 2 [B] 320 . ifi %t T DPBCNE, i #4524 3], o
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PAEL AT B 55 A 20w, (L BRe k. AfE55K
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VE RN R AR 2, F IR 1%~9% I EL BT ) 26
R X 73 I ZREEAE B B[] U5 73 S A AN . AT
5K T Micro-F1 1 Macro-F1 $8 b5 R A & 5 4 WAL
R, BARGIR QA 3 .

—o— DeepWalk == DeepWalk (Link) =#= Node2Vec
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(a) Macro-F'1 score
SEEEEE S T
.

3 1, DeepWalk (Link) 77758 i B #2552 E )
TR EAT B AL, AT RS I SR B B )
DeepWalk (Link) 7E12 73 284F 55t L HUAS 1 HE R AR R
34T DeepWalk %% =) 5 U3 7 PR 0 1n) & 50 47
45, X Ul BT = ) TH R, B R E T
2 ERAA RN, [FES, DPBCNE W& & T HAL T

R EFE R KA DeepWalk (Link), 3X i B il & 5
AN A BIRE A U255 2145 20 10 32 1) & 1] DLUSE 47 B R A7
W2 A5 S
3.6 SEEETIUM

TEIXAMESS B 508 W 28 b B 13k 43 il
REFINZREE (KR 3:7), [FII AR R R0 4% f 0% S
T R AR AT W 2 R on 5= 2], 15 2 N 2 R RN
R, HHE W, — v IWEAvi My, Z AR R . A
SN AT T 7 45 A7 A2 2 ) DA FE 55 meO0f R ) B
F 2650 22 SRR . S R (1 A 9 TE A9, )
— A 5 B B Ky R — SR AN A7 LR RO = A G4,
SElf M5 SN A (F55 F] AUC 1 AP
VESIAAT %5 1 VAN S5 b, BLARLE A 2 TR,

t# 2 AT LA %, DPBCNE [f] AUC 15 br #87E
75% LA, X Ui B DPBCNE 1] DAA 250Hh TR0 ) 26w )
K14 . 7E Facebook ¥ 45 LA )2 DBLP ¥z 5+,
DPBCNE (43 T & 4F FI2CR, /£ GRQC 5 HEPTH %k
#E4E 1 DPBCNE [RCRA X T CN 8%, X UL HE A
PR P2, 15 i 2 18] (1) 9% FR AR 52 L R4 J& 1 5,
BRI 2 R il B 48 AR K456 2%, {H DPBCNE
AT i T oAt B A 25 T B WL A AR B 2 ST IR 2% 3R
N 2], TRV T WAL, DPBCNE BE6% 5 4 Hi Tl
N 24w R R R 3.

\

\ B
2 EHHIIERLS R y L5
i Facebook GRQC I{!EPTH DBLP
AUC AP AUC AP AU@ AP AUC AP
CN 0.9275 0.9164 0.9162 0.9127 0.8652 0.8629 0.7494 0.7478
DeepWalk 0.8930 0.8568 0.6707 0:6155. 0.5811 0.5470 0.5916 0.5549
Node2Vec 0.9048 0.8721 0.6831 " 0.6264 0.5784 0.5452 0.5962 0.5578
Line 0.9284 0.8984 0.7201 0.6597 0.5989 0.5596 0.6042 0.5639
SDNE 0.7376 0.6886. T).6268 0.5821 0.5405 0.5233 0.5886 0.5534
DNGR 0.9352 8 0.9080 0.8458 0.7971 0.8055 0.7512 0.7219 0.7011
GAE 0.9073" 0.8765 0.8088 0.7601 0.7230 0.6673 0.6908 0.6330
DPBCNE & 6.9398 0.9092 0.9092 0.8838 0.8185 0.7737 0.8135 0.7594
3.7 HERREM XUt B % 77 V5 e 08 1R 1 DR A X 26 B SRS R AE

B It B M AT 25 AR T B B T, AN (R 1) e i
BT B ARG B2 B B3, AN A 2 T AR A 3. 45 58
— AR5, A AN [R] (0 B % R 7 V2 o ) Ji 4 T 4%
IR 4. AEIXAMESS AR IR AN T SRR ) &
Z [ B 4t Z AR R A RO, [RIRE, R AUC #
AP AERVFOFER. FAREE RNk 3 Pk,

A LLFE 2, DPBCNE AU AUC &5 RAEREGE T 1,

4 MG H, DPBCNE 46 28 U & 5 i 1, BT AR
45 ()4 % TN 77 9% CN, DPBCNE 1E AUC f5¥5 BT
T 1.03%~17.59%, 1 AP fabr E3ETE T 0.87%~17.16%, AH
LU T 280 S S5 B (1 5 T B MU 2E 1) 553 LINE, DPBCNE
1E AUC $8¥5 E3RTE T 0.96%~19.05%, 7F AP f5t5 132
TET 0.69%~24.1%, % Hb R S o 1 22k T IR B2 27 ) 1)
5% DNGR, DPBCNE fE AUC #6hr F3THT 1.76%~
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5.3%, 1E AP ¥ats E3ETF T 1.7%~7.73%.

4 digHRE

ARSI T PIRAS R A 2 A X 45 R R ATL i
T 2 5, AL 298 AT, AR ST LA AR AN A
FHAERE ML AE b LR R A AN, IR
LA F IR A, W LABRAS BE 2 I 2% 40 4ME . AL,

9207w B R B ST 5 028, W28, B
I U AN e LA 4 MR SS RIE T IZ R ROR.
DPBCNE £ 4 MEF H#ffE L 1 3 RAFRITERE. A3
RAEF WL AT TAE S R0IE, TAEBLSE AT, W
LA ANWAZA I, DRI, ROR BT R 251575 Y
B2l 25 09 2% DL R IR IR JBE 27 S ME SR LR 15 548 1R 2%
YR, %F DPBCNE 1l UL H #% SJ 3 86 %

ASCHRE T —FhH B 48 327~ 52 2] 59% DPBCNE, 1] RN, 7 RE 5 R 2 0 18 B8 (9 B
LRI 25 BRI A0 A AT A, Rl R 5 ), 2 Ferp Pl ¢\
K3 BEEREMSIGLE R =
. Facebook GRQC . HEPTH DBLP
= AUC AP AUC AP : AUC AP AUC AP
CN 0.9314 0.9203 0.9387 0.9331 0.9264 0.9215 0.8059 0.8001
DeepWalk 0.9079 0.8762 0.7441 0.6815 0.6726 0.6172 0.6845 0.6283
Node2Vec 09171 0.8898 0.7639 0.7033 0.6710 0.6154 0.6959 0.6385
Line 0.9441 0.9221 0.8579 0.8087 0.8069 0.7500 0.7913 0.7306
SDNE 0.7579 0.7080 0.6851 0.6305 0.5837 0.5490 0.5754 0.5441
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GAE 09114 0.8823 0.8238 0.9015 0.8893 0.8556 0.8286 0.7774
DPBCNE " 0.9537 0.9290 0.9790 0.9713 0.9781 0.9678 0.9818 0.9716
SE Tk International Conference on Knowledge Discovery and Data

1 Zih R, TR ZRMEHBTRLER. I EIL RGN
H, 2020, 29(9): 26-31. [doi: 10.15888/j.cnki.csa.007617]

2 B ER. 2% I g% B R TN . R TREBOR 2 4R, 2010,
39(5): 651-661. [doi: 10.3969/j.issn.1001-0548.2010.05.002]

3 RN, BT, AR, S BT B Y D I 2% (1 41 58 R 2% 5
RIFRTTVE. THEHLN L, 2020, 40(1): 188-195.

4 Zhou LK, Yang Y, Ren X, et al. Dynamic network
embedding by modeling triadic closure process. Proceedings
of the 32nd Association for the Advancement of Artificial
Intelligence Conference on Artificial Intelligence. «New ‘
Orleans, LA, USA. 2018. 571-578. -

5 WRAEHB, MR, KR, 45, L Re 3] R . b E R
& HEIE, 2017,47(8); 980-996.

6 TR AE, i, TR, . 5T DL IS PR ) 4 B
SIEE. THEHLRERE, 2019, 46(1): 117-125. [doi: 10.11896/
j-1ssn.1002-137X.2019.01.018]

7 ER, TRIBSE. F T BRI 45N Y 25 10 2 M B Y 2%
FonzE SRR GRS 5 N T8 RE, 2019, 32(4): 317-325.

8 Perozzi B, Al-Rfou R, Skiena S. DeepWalk: Online learning
of social representations. Proceedings of the 20th ACM
SIGKDD International Conference on Knowledge Discovery
and Data Mining. East Lansing, MI, USA. 2014. 701-710.

9 Grover A, Leskovec J. node2vec: Scalable feature learning
for networks. Proceedings of the 22nd ACM SIGKDD

254 AR H % Software TechniquesAlgorithm

Mining. East Lansing, MI, USA. 2016. 855-864.
10 Mikolov T, Chen K, Conrado G, et al. Efficient estimation of
word representations
Workshop at ICLR. Scottsdale, AZ, USA. 2013. 1-12.
Tang J, Qu M, Wang MZ, et &l. \'LINE: Large-scale

information network embedding.. Proceedings of the 24th

in vector space. Proceedings of

International ‘\C(%pference on World Wide Web. Florence,
Italy. 2015. 1067-1077.

W;mg DX, Cui P, Zhu WW. Structural deep network
embedding. Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. East Lansing, MI, USA. 2016. 1225-1234.

Cao SS, Lu W, Xu QK. Deep neural networks for learning

12

13
graph representations. Proceedings of the 30th Association
for the Advancement of Artificial Intelligence Conference on
Artificial Intelligence. Phoenix, AZ, USA. 2016. 1145-1152.
Kipf TN, Welling M. Variational graph auto-encoders.
Proceedings of NIPS Workshop on Bayesian Deep Learning.
Cambridge, UK. 2016.

BRI, AR, SRR, &6, Je T O SR AL IR M 45 R R 2% 2
R B2, 2018, 29(3): 756-771. [doi: 10.13328/j.cnki.jos.
005435]

Goyal P, Hosseinmardi H, Ferrara E, et al. Capturing edge

15

16

attributes via network embedding. IEEE Transactions on

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.15888/j.cnki.csa.007617
http://dx.doi.org/10.3969/j.issn.1001-0548.2010.05.002
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.018
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.018
http://dx.doi.org/10.13328/j.cnki.jos.005435
http://dx.doi.org/10.13328/j.cnki.jos.005435
http://dx.doi.org/10.15888/j.cnki.csa.007617
http://dx.doi.org/10.3969/j.issn.1001-0548.2010.05.002
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.018
http://dx.doi.org/10.11896/j.issn.1002-137X.2019.01.018
http://dx.doi.org/10.13328/j.cnki.jos.005435
http://dx.doi.org/10.13328/j.cnki.jos.005435
http://www.c-s-a.org.cn

2021 4F 55304 559

http://www.c-s-a.org.cn

i H AR SN A

17

18

19

20

21

Computational Social Systems, 2018, 5(4): 907 -917. [doi:
10.1109/TCSS.2018.2877083]

Whitney H. Congruent graphs and the connectivity of graphs.
In: Eells J, Toledo D, eds. Hassler Whitney Collected Papers.
Boston: Birkhduser, 1992. 61-79.

Ahn YY, Bagrow JP, Lehmann S. Link communities reveal
multiscale complexity in networks. Nature, 2010, 466(7307):
761-764. [doi: 10.1038/nature09182]

G, I, XU, & 5 AR 48 I 45 1 BRI ——J% T B AL
Wi SR BVE. R343R, 2012, 23(3): 451-464. [doi: 10.
3724/SP.J.1001.2012.03996]

Leskovec J, Kleinberg J, Faloutsos C. Graph evolution:
Densification and shrinking diameters. ACM Transactions on
Knowledge Discovery from Data, 2007, 1(1): 2. [doi: 10.
1145/1217299.1217301]

McAuley J, Leskovec J. Learning to discover social circles in

22

23

24

25

ego networks. Advances in Neural Information Processing
Systems 25. Lake Tahoe, NV, USA. 2012. 539-547.

Tang J, Zhang J, Yao LM, et al. AmetMiner: Extraction and
mining of academic social networks. Proceedings of the 14th
ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. Las Vegas, NV, USA. 2008.
990-998.

Liben-Nowell D, Kleinberg J. The link prediction problem
for social networks. Proceedings of the Twelfth International
Conference on Information and Knowledge Management.
New Orleans, LA, USA. 2003. 55675‘59. .

T, 2B, ST 1 SRR TR ST SRR L
RGN, 291?3, 27(9):°47-51. [doi: 10.15888/j.cnki.csa.00
6542]

JAEI, T8, B, . AR SR RIR. tH LRGN
H, 2019, 28(6): 1-12. [doi: 10.15888/j.cnki.csa.006915]

Software TechniquesAlgorithm FXPFHE AR % 255

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1109/TCSS.2018.2877083
http://dx.doi.org/10.1038/nature09182
http://dx.doi.org/10.3724/SP.J.1001.2012.03996
http://dx.doi.org/10.3724/SP.J.1001.2012.03996
http://dx.doi.org/10.1145/1217299.1217301
http://dx.doi.org/10.1145/1217299.1217301
http://dx.doi.org/10.15888/j.cnki.csa.006542
http://dx.doi.org/10.15888/j.cnki.csa.006542
http://dx.doi.org/10.15888/j.cnki.csa.006915
http://dx.doi.org/10.1109/TCSS.2018.2877083
http://dx.doi.org/10.1038/nature09182
http://dx.doi.org/10.3724/SP.J.1001.2012.03996
http://dx.doi.org/10.3724/SP.J.1001.2012.03996
http://dx.doi.org/10.1145/1217299.1217301
http://dx.doi.org/10.1145/1217299.1217301
http://dx.doi.org/10.15888/j.cnki.csa.006542
http://dx.doi.org/10.15888/j.cnki.csa.006542
http://dx.doi.org/10.15888/j.cnki.csa.006915
http://dx.doi.org/10.1109/TCSS.2018.2877083
http://dx.doi.org/10.1038/nature09182
http://dx.doi.org/10.3724/SP.J.1001.2012.03996
http://dx.doi.org/10.3724/SP.J.1001.2012.03996
http://dx.doi.org/10.1145/1217299.1217301
http://dx.doi.org/10.1145/1217299.1217301
http://dx.doi.org/10.15888/j.cnki.csa.006542
http://dx.doi.org/10.15888/j.cnki.csa.006542
http://dx.doi.org/10.15888/j.cnki.csa.006915
http://www.c-s-a.org.cn

	1 引言
	2 基于双视角的耦合网络表示学习算法
	2.1 融合两种视角的网络表示学习
	2.2 耦合训练过程

	3 实验分析
	3.1 数据集
	3.2 基准方法
	3.3 评价指标
	3.4 节点分类
	3.5 边分类
	3.6 链路预测
	3.7 链路重构

	4 结论与展望

