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This paper presents a empirical evaluation of Random Heterogeneous Island-Model (RHIM) for island-model
evolutionary algorithms (EAs), where the control parameter values are independently, randomly assigned for each
island. RHIM configures island-model EAs in situations where it is not possible to expend the resources to carefully
tune control parameters for a particular application. We apply RHIM to island-model DE and the search efficiency
of RHIM is compared to manual tuning of parameter settings for each benchmark problem. The experimental
results show that the search efficiency of RHIM tends to becomes increasingly competitive as the number of islands

increases.
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