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This work presents an experimental evaluation of algorithmic and neural community detection methods for temporal
graphs [1], comparing more established approaches with newly introduced deep learning models designed for node-level
clustering. We devise a novel stochastic block model-based approach [2, 3] to generate time-varying attributed temporal
graphs with community ground truths, and employ it to compare the performance of distinct state-of-the-art solutions.
In this framework, node features are kept fixed, while community structures are dynamic — allowing to study how well
differing solutions are able to jointly exploit the feature space and the temporal dynamics of the generated graphs to
improve on the detectability threshold of communities and allow better recovering the hidden community structure of
the generated networks. In addition, we assess the performance of the models on a set of diverse real-world datasets of
various scales, focused on a transductive learning setting, and extending to an inductive learning setting when possible.

The main motivation behind this work are the recent advances in network representation learning, which have also
sparked a renewed interest in the improvement and development of new strategies for learning on spatio-temporal signals.
Despite the popularity of Graph Neural Networks (GNNs), which have become the state of the art for applications like
traffic forecasting and recommendation systems, most specialized solutions for node-level clustering, i.e., community
detection, are still designed for static graphs — while real-world networks are rarely fixed and continuously evolve over
time instead [4]. Moreover, most neural approaches for the this are evaluated in a transductive learning setting only —
mostly due to a lack of real-world datasets with node-level attribute features and community ground truths — therefore
leaving a significant gap to be filled in order to understand how well they generalize in inductive learning settings.

Hence, we here aim to close this gap by providing a useful benchmarking framework that relies on a principled ap-
proach for synthetic graph generation. We showcase our solution by employing it to compare several state-of-the-art
approaches for community detection on attributed temporal graphs. The obtained results show that deep learning models
for community detection do not consistently outperform more established methods on this task, although temporal GNNs
seem especially resilient to changes in the community structure over time. Furthermore, we observe that spectral tech-
niques recognized to be asymptotically optimal down to the detectability threshold of communities in graphs, considering
only the (static) graph’s topology, achieved higher performance than temporal GNN-based models that jointly exploit
the graph’s structure, temporal dynamics, and attribute features of during learning — therefore hinting at interesting
research opportunities and a large room for further improvements of neural methods for community detection.
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Figure 1: Illustration of a graph generation from a stochastic block matrix B and a transition matrix τ . A function f
then obtains node embeddings H from the temporal graph G and a second function is used to cluster and evaluate them.


