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Abstract: O One of the advantages of evolutionary robotics over other approaches in embodied cognitive
science would be its parallel population search. Due to the population search, it takes a long time to
evaluate all robot in a real environment. Thus, such techniques as to shorten the time is required for
real robots to evolve in a real environment. In a recent paper, we proposed to use evolutionary neural
controllers with simple coding to make genetic search space small and investigated performances of them on
an evolutionary robotics task using a simulated robot. In this work, we conducted a series of experiments
with two robotics problems in order to investigate whether our previous results are applicable to real-world
problems. The results suggest that our proposed method is also beneficial to these real-world problems.
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