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Introduction

The research of complex networks and large graphs generated a wide variety of stochastic graph models
that try to capture the properties of these complex systems [2, 4, 5, 8, 7]. Most of the well-known models
can describe a static graph extracted from a real-world dataset. They are capable of generating an ensemble
of graphs, in which all graph instances are similar in terms of specific statistics to the original one. For
example, models that capture the power-law degree distribution of real-world networks such as the AlbertBarabási one are dynamic but do not attempt to model the actual temporal evolution of large graphs. Our
goal is to give temporal stochastic graph model for the temporal dynamics of these complex systems.
Our models address the link prediction problem introduced by Liben-Nowell and Kleinberg, in a
temporal setting. More specifically, we try to predict accurately each new link in the graph at the time
when it is created in the network. This experimental setting is similar to our method introduced for
recommender systems [9]. In Section 3 we explain this setup in case of dynamic graphs. For baseline
algorithm, we apply online matrix factorization [6, 10, 11] on temporal network data (see Section 4).
Various node centrality measures capture the “importance” of a node by using the structural properties
of the graph [3]. While these metrics are widely investigated, few is known about the evolution of graph
centrality in temporal graphs. In our work, we investigate the applicability of node centrality metrics in
temporal graphs by examining their temporal behavior and computational complexity. We also use these
metrics as side features in our matrix factorization models.
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Datasets

We perform our experiments on a variety of Twitter, Last.FM and the Koblenz Collection data sets. Twitter
is a highly temporal social system with dynamically evolving communities, a mass community with an
ever changing graph structure. Our goal is to investigate the dynamics of this community that can be
best described as an evolving complex network. The first issue on Twitter is to define a graph that well
describes the system. One can define several networks in Twitter. We focus on follower networks, retweet
cascades, root retweet networks, @mention graphs and @reply graphs. Our Twitter datasets contain
tweets around events of global relevance, including Euromaidan, Maidan, Olympic, Occupy, Yosoy, 15o,
20n, MH17 and Ayotzinapa. Last.fm is an online service in music based social networking. It collects
“scrobbles”—a word by Last.fm meaning that when you listen to a song, the name of the song is added to
your music profile. We selected a representative, well-connected, yet anonymous random sample of users.
These users had their location in UK with age between 14 and 50, inclusive. Only public scrobbles with a
daily average activity between 5 and 500 and at least 10 friends that meet the first four conditions. Other
temporal network datasets are available in the Koblenz Network Collection for Twitter mentions, arXiv
author network, Digg, Flickr and YouTube graphs.
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Experimental setting and evaluation metrics

In the dynamic link prediction task, we have to rank the best K links for the given node at the given time
instance. Our dataset contains records < u, v, t > of links between users u and v that appear at time t. Our
goal is to recommend new links for user u at time t with the constraint that there is only a single link that
appears at the given time t. This means that we have to maximize the rank of the given link in the actual
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predicted list of links. A time sensitive or online link prediction system should retrain its model after each
and every training record < u, v, t >. We have to generate new top-K recommendation list for every single
record. The online top-K task is hence different from the standard recommender evaluation settings, since
there is always a single neighbor only in the ground truth and the goal is to aggregate the rank of these
single neighbors over the entire testing period. For our task, we need carefully selected quality metrics
that we describe next. We use our full dataset both for training and testing. We iterate on the records one
by one in temporal order. For a given record < u, v, t >, we allow the recommender algorithm to use full
of the data before t in question for training and require a ranked top list of possible neighbors as output.
We evaluate the given single actual neighbor v in question against the recommended top list of length K.
For measuring the accuracy of predicting a new link, we face the difficulty that only a single correct
answer exists at the given time and the next edge arrives to be tested against an updated model. We
propose DCG [9], a modified version of NDCG, the prefered model for batch top-K recommendation
[1]. DCG is a slowly decreasing function of the rank and hence measures how close the actual new link
appears in the top list.
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Dynamic adjacency matrix factorization

Batch modeling algorithms may iterate several times over the graph until convergence. In our temporal
setting, the model needs to be retrained after each new event and hence reiterations over the earlier parts
of the data is ruled out.
In this section, we give an online factorization method for the graph adjacency matrix. Matrix factorization yields a low-rank approximation of the adjacency matrix with entries for non-edges filled with
values that we consider an indication for the edge to appear. Links for a given node are predicted by taking the largest values in the corresponding row or column. In our algorithm, we allow a single iteration
over the training data only, and this single iteration processes the events in the order of time. We use each
record in the dataset as a positive training instance and generate negative training instances by selecting
random items for each positive record. We use the regularized matrix factorization method of [12], and
use the k-factor model for prediction.
Temporal modeling methods seem more restricted than those that may iterate over the data set several
times and one would expect inferior quality by the online methods. Online methods however have the
advantage of giving much more emphasis on recent events that we empirically verify in our research.

4.1

Centrality measures as side information

Matrix factorization algorithm may use so-called side information associated with the rows and columns
of the matrix. In our experiment we use centrality measures as side information associated with the nodes.
We may use directed centrality with different values for rows and columns of the same node. We compare
the following metrics in the temporal setting of dynamic networks based on [3]: Harmonic Centrality,
PageRank, HITS and SALSA.
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Conclusion and Further Work

In this paper, we analyze the dynamic network data as a stream of nodes and edges. To predict link
formation, the regularized matrix factorization model is proposed. Different centrality measures are used
with online computation over the graph stream to identify the evolution of centrality. As the main lesson
learned, we show how recent results in recommender systems can be deployed for the analysis of complex
networks.
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