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Abstract

With the full application of information technology, information networks are becoming ubiquit-
ous. Social networks, citation networks, telecommunication networks, and even biological networks
have made information network research attract the attention of researchers in many disciplines.
Network embedding is a low-dimensional vector representation learning method of nodes that pre-
serves information such as network topology and node content. In the low-dimensional space,
network analysis and mining tasks may be easier to solve, and the computational complexity of
tasks may also be lowered. This paper designs and implements a network embedding method
based on complete subgraph folding. This method regards the k-complete subgraphs of the target
network as supernodes and uses an arbitrary network embedding algorithm to learn the vector
representation of supernodes in the new network of supernodes. Then we use the learned vector
representation to initialize the members’ vector representation of the supernode, after that, the
target network will be fed into an arbitrary network embedding algorithm and learn to get the fi-
nal vector representation of nodes. In this paper, we select to use Deepwalk algorithm in the expe-
riments. Experiment results show that the proposed method significantly improved the speed of
network embedding. At the same time, the node vectors learned by the proposed method also
outperformed the original Deepwalk algorithm in selected downstream applications.
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Figure 1. Supernode collapsing diagram
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Figure 2. The diagram of one common node
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Figure 3. The diagram of two common nodes
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Figure 4. The diagram for generating a new complete graph
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Figure 5. Folding graph of the Polbooks network
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Figure 6. Folding graph of the American College football network
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Table 1. System resulting data of standard experiment

F 1 ERERRERYE

HhsE k=4 k=5 k=6
Polbooks 62.14% 62.05% 61.89%
Football 94.55% 93.88% 93.28

7% 1 Fiz, 1T Polbooks A Football 244545, 154t Deepwalk W25 N 5 #E4T 411X 40 1) NMI
S5 157 N 62.03%F1 93.26%, F:T- KT B (1) W 24 N J5 3200 AT 41 AR 4y, i e AN [ 56 4 7 B R
FREAEG ORTHE NMI B . 493580k N 4 B NMI BB, N RS R BI04 R F1%
G, IXIEA R T RS AL E R a5 . #E K LS AT 6 R A bb FAR G i B I E AR G . AR
TR AT LUR I, FRBEE 5E 4 T IR A k RsE I, AN AL BRI ORI, XA T ki
BR SFEAES T ST SR, BITSHIACRMZ HE, 182 5HIME 2N T —EHE .

AR 285 P RN T RE AR L T 48R (1) Deepwalk 7%, 7E Polbooks /% Football #(#fa 45 E 43l $2 7 1 21%
1 18%.

4. #hig

BIRIR S 2 R B 2N T i) — DN EERT LT [ FEASCH R, BARRM 7 — MBI &R0k, Bk
Seth 7T BT BRI MKIRA T . LSRR Y], ZINE RIS RIS, IF B e 2K &
TR, AEA R 355 T i B BOR B

E&UH

LTt a4 20170520358,

SE K

[1] Belkin, M. and Niyogi, P. (2002) Laplacian Eigenmaps and Spectral Techniques for Embedding and Clustering. Pro-
ceedings of the 14th International Conference on Neural Information Processing Systems: Natural and Synthetic,
Vancouver, 3-8 December 2001, 585-591.

[2] Perozzi, B., Al-Rfou, R. and Skiena, S. (2014) Deepwalk: Online Learning of Social Representations. In: Proceedings

of the 20th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, ACM, New York,
701-710. https://doi.org/10.1145/2623330.2623732

[3] Tang, J., Qu, M., Wang, M., Zhang, M., Yan, J. and Mei, Q. (2015) Line: Large-Scale Information Network Embed-
ding. In: Proceedings of the 24th International Conference on World Wide Web, International World Wide Web Con-
ferences Steering Committee, Geneva, 1067-1077. https://doi.org/10.1145/2736277.2741093

[4] Grover, A. and Leskovec, J. (2016) node2vec: Scalable Feature Learning for Networks. In: Proceedings of the 22nd
ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, ACM, New York, 855-864.
https://doi.org/10.1145/2939672.2939754

[5] Newman, M. (2018) Networks. Oxford University Press, Oxford.
https://doi.org/10.1093/0s0/9780198805090.001.0001

[6] Hu, Y. (2005) Efficient, High-Quality Force-Directed Graph Drawing. Mathematica Journal, 10, 37-71.

[7]1 Mikolov, T., Sutskever, I., Chen, K., Corrado, G.S. and Dean, J. (2013) Distributed Representations of Words and
Phrases and Their Compositionality. Proceedings of the 26th International Conference on Neural Information
Processing Systems, Volume 2, Lake Tahoe, 5-10 December 2013, 3111-31109.

[8] Newman, M. (2013) Books about US Politics. http://www-personal.umich.edu/~mejn/netdata

DOI: 10.12677/csa.2019.99197 1759 LR 5 5


https://doi.org/10.12677/csa.2019.99197
https://doi.org/10.1145/2623330.2623732
https://doi.org/10.1145/2736277.2741093
https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1093/oso/9780198805090.001.0001
http://www-personal.umich.edu/%7Emejn/netdata

Mbehl, F45

[9] Girvan, M. and Newman, M.E. (2002) Community Structure in Social and Biological Networks. Proceedings of the
National Academy of Sciences, 99, 7821-7826. https://doi.org/10.1073/pnas.122653799

[10] Estévez, P.A., Tesmer, M., Perez, C.A. and Zurada, J.M. (2009) Normalized Mutual Information Feature Selection.
IEEE Transactions on Neural Networks, 20, 189-201. https://doi.org/10.1109/TNN.2008.2005601

DOI: 10.12677/cs5a.2019.99197 1760 MR 5 R


https://doi.org/10.12677/csa.2019.99197
https://doi.org/10.1073/pnas.122653799
https://doi.org/10.1109/TNN.2008.2005601

	A Network Embedding Method Based on Graph Folding
	Abstract
	Keywords
	一种基于图折叠的网络嵌入方法
	摘  要
	关键词
	1. 引言
	2. 相关工作
	2.1. 超节点
	2.2. 折叠规则

	3. 实验
	3.1. 实验设计
	3.2. 实验数据集
	3.3. 实验结果

	4. 结论
	基金项目
	参考文献

