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Abstract Online distributed optimization is a real-time optimization task fulfilled by a system of multiple
agents through effective cooperation, and it can be applied to fields such as formation and tracking of mul-
tiple unmanned system, large-scale distributed machine learning, and dynamic parameter estimation in
sensor networks. This paper presents an overview of the state-of-the-art research on online distributed op-
timization in recent years, from the angle of decision space, performance index, information feedback
model, with special focus on the intuition behind the algorithm design and the convergence analysis results.
Meanwhile, discussions about the pros and cons of the algorithms have been provided. Finally, we present
some applications of online distributed optimization, make a summary of the paper, and discuss possible
directions for future research.
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