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Fig. 1: Example of learning the geographical embedding space from heteroge-
neous networks.

merely 1% [18]. (2) Noisy Signals: The signals retrieved from OSNs may not
conform the assumption that the friends and footprints of a user will be close to
the user’s physical location. Reasons lead to noisy signals include global online
friendships, frequent relocation, and posting geotagged contents during travel,
etc. Such sparse and noisy data constitute a major challenge for label propa-
gation based methods [7, 8] and probability estimation based methods [2].(3)
Scalability: Since OSNs often contain millions nodes and links, how to handle
such a large scale data poses another challenge. In particular, most methods that
involve sophisticated NLP techniques [1] require a huge amount of computational
resources and may not be applicable to large-scale datasets.

Recently, network embedding techniques [5, 16, 17] are introduced to embed
network data into a low dimensional space while preserving the neighborhood
closeness of the network data. Through embedding all objects into a common
low dimensional space, it is possible to calculate the similarity between each pair
of objects to mitigate the sparsity problem in network data. Although several
studies [5, 17] have been proposed to model multiple networks concurrently, these
methods do not di↵erentiate each type of the objects involved. Furthermore, the
embeddings learned by the existing methods do not have any physical meanings.

Since each tagged location is associated with a geographic coordinate (e.g.,
latitude and longitude), the distance between the embeddings of any pair of
locations should be able to reflect the geographical distance. In this paper, we
propose a Collective Geometrical Embedding (CGE) algorithm that can e↵ec-
tively infer the geolocation of social network users, by jointly learning the em-
beddings of users and check-ins with respect to the real-world geometrical space.
In other words, the real geometrical distance between any pair of objects (i.e.,
users or locations) is resembled by euclidean distance of two vectors in the low
dimensional space. Figure (1) illustrates the main concept of the geometrical
embedding learning, where the left figure shows an example of a heterogeneous
user network, the right figure depicts a snapshot of the geographical embedding
space learned through the proposed algorithm. The heterogeneous user network
shown includes a user network, a user-location network, and a location a�nity
network. By collectively embedding the heterogeneous network into a common


