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Abstract

Network embedding (NE) is playing a principal role in network mining, due to
its ability to map nodes into efficient low-dimensional embedding vectors. It has
been reported that using embedded node representations can achieve promising
performance on many network analysis tasks including community detection,
node classification and link prediction.

Although a variety of NE methods have been proposed, two major limitations
exist in previous NE studies: (1) Structure preservation. Previous studies
applied random walk to learn representations. However, random walk based em-
bedding strategies can only capture local structural information, i.e., first-order
and higher-order proximity within the neighborhood of the target node and fail
in capturing the global structural information, e.g., structural or regular equiv-
alence. (2) Uncertainty modeling. Previous methods represent a node into a
point vector in the learned embedding space. However, real-world networks may
be noisy and imbalanced. Point vector representations are deterministic and are
not capable of modeling the uncertainties of node representations.

In this work, we propose struc2gauss, a new structure preserving network
embedding framework. struc2gauss learns node representations in the space of
Gaussian distributions and performs NE based on global structural informa-
tion so that it can address both limitations simultaneously. On the one hand,
struc2gauss generates node context based on structural similarity measures to
learn node representations so that global structural information can be taken
into consideration. On the other hand, struc2gauss learns node representations
via Gaussian embedding and each node is represented as a Gaussian distribution
where the mean indicates the position of this node in the embedding space and
the covariance represents its uncertainty. Furthermore, we analyze and compare
three different structural similarity measures for networks, and different energy
functions for Gaussian embedding to calculating the closeness of two embedded
Gaussian distributions.

Experiments conducted on both synthetic and real-world data sets demon-
strate that struc2gauss effectively captures the global structural information
while state-of-the-art network embedding methods fails to, outperforms other
methods on the structure-based clustering task and provides more information
on uncertainties of node representations.


