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Learning Network Embedding with Randomized Matrix Factorization
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Abstract  With the popularity of the Internet, more and more problems appear in the form of
networks such as social networks. Networks are often organized by graph data and it is widely
accepted that graph data is sophisticated and challenging to deal with. Therefore, how to learn
important information from the graph is currently a widespread concern. Network embedding,
which aims to learn latent representations for networks, is an important field in data mining. The
result of network embedding should preserve network structure and can be used as the features
for further applications on data mining tasks like link prediction, node classification, network

reconstruction, tag recommendation and anomaly detection. Skip-gram based algorithms like
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DeepWalk, LINE, node2vec have been commonly considered as powerful benchmark solutions for
evaluating network embedding research. Recently, network embedding as matrix factorization
(NetMF) was proposed. It shows that DeepWalk is actually implicitly factorizing a network’s
normalized Laplacian matrix, and LINE, in theory, is a special case of DeepWalk. NetMF theore-
tically unifies several network embedding methods and shows its superiority when processing the
real network data. However, the excessive runtime and storage of NetMF limits its usage on
large-scale data. In this work, we use fast randomized eigenvalue decomposition (EVD) and single-
pass singular value decomposition (SVD) to improve NetMF and present an efficient randomized
matrix factorization based network embedding algorithm (eNetMF). Firstly, we propose a fast
randomized EVD algorithm (freigs) for sparse matrix. It is about 10X faster than traditional
truncated EVD algorithms for the normalized network matrix, while keeping accuracy. Secondly,
we propose to use single-pass SVD approach to process high-order proximity matrix in the NetMF,
so that we can avoid storing the large dense matrix and largely reduce the memory cost for network
embedding. Thirdly, we propose a simplified, randomized single-pass SVD algorithm that guarantees
a symmetric decomposition result. Combining the above techniques, we finally obtain the eNetMF
algorithm. With five real network datasets, we evaluate the efficiency and effectiveness of the
eNetMF algorithm on multi-label node classification and link prediction, commonly used tasks for
network embedding evaluation. Experimental results show that in terms of the metrics Macro-F1
and Micro-F1, the embedding generated by eNetMF has the same performance as NetMF in
multi-label node classification. For a large-scale graph data, eNetMF exhibits more than 40X
acceleration and memory usage saving over NetMF. On a machine with 32 cores, eNetMF takes
only 1. 3h and 120 GB memory to learn a good network embedding for the largest test data (You-
Tube) which has more than one million nodes. In addition, due to the memory cost of spectral
sparsification, the recently proposed network embedding algorithm NetSMF cannot handle two
large network data on a machine with 256 GB memory, while the ProNE algorithm produces
unstable results of multi-label node classification. To be precise, Macro-F1 obtained with ProNE
is generally poor. Therefore, the eNetMF algorithm is advantageous to the NetSMF and ProNE
algorithms in terms of performance. In the link prediction task, the eNetMF algorithm achieves bet-
ter or comparable performance when compared to other baselines.

Keywords network embedding; network representation learning; randomized eigenvalue decom-

position; single-pass singular value decomposition; multi-label node classification
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large-scale network data nowadays. Network embedding,
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which are skip-gram based have been considered as powerful
benchmark solutions for network embedding research.
GraRep, HOPE, NetMF, NetSMF and ProNE models are
matrix factorization based network embedding methods.
NetMF algorithm theoretically unifies several network
embedding methods and show the embedding learned by
NetMF is as powerful as those learned from the skip-gram

based methods. The major disadvantage of existing methods

which is based on matrix factorization is the large cost on
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computation and memory.

In this work, we use fast randomized eigenvalue decom-
position (EVD) and single-pass singular value decomposition
(SVD) to improve NetMF and present an efficient randomized
matrix factorization based network embedding algorithm
(eNetMF). Firstly, we propose a fast randomized EVD
algorithm (freigs) for sparse matrix. Secondly, we propose
to use single-pass SVD approach to process high-order
proximity matrix in the NetMF, so that we can avoid storing
the large dense matrix and largely reduce the memory cost.
Thirdly, we propose a simplified, randomized single-pass
SVD algorithm that guarantees a symmetric decomposition
result. Combining the above techniques, we finally obtain the
eNetMF algorithm. With five real network datasets, we
evaluate the efficiency and effectiveness of the eNetMF
algorithm on multi-label node classification. Experimental

results show that in terms of the metrics Macro-F1 and

Micro-F1, the embedding generated by eNetMF has the
same performance as NetMF in multi-label node classification.
Benefiting from randomized matrix decomposition algorithms,
eNetMF is fast and memory-friendly compared to NetMF.
We believe the randomized matrix decomposition algorithms
are generic and can be applied to matrix factorization based
network embedding models, and hope this paper will inspire
more future research in this area.
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