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Policy Search with CMA-TWEANN:
Efficient Topological and Parametric Evolution of Artificial Neural Networks
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Neuroevolutionary algorithms are successful methods for optimizing neural networks, especially for learning a neu-
ral policy (controller) in reinforcement learning tasks. Their significant advantage over gradient-based algorithms
is the capability to search network topology as well as connection weights. CMA-TWEANN, a state-of-the-art
topology evolving method, is known to be efficient compared to other existing methods. However, its efficiency was
only validated on a simplistic benchmark task. This paper tries to validate its scalability on a more challenging

pendulum swing-up task.
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Algorithm (number of hidden nodes in parentheses)
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