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Many feedback policies are rooted in analytical or dynamic programming solutions developed in the
1970s-1980s, which assume simple ecological dynamics and are subsequently applied to far more
complex ecological and management contexts through approaches such as Management Strategy
Evaluation. In this paper, we address the problem of harvest control rule design for partially observed,
age-structured populations with highly variable and spasmodic recruitment using tools from
reinforcement learning (RL).

The objective of this work was to evaluate the performance of feedback policies in the presence of
spasmodic and highly variable recruitment dynamics.

This research improved understanding of the harvesting theory underlying feedback policies applied in
management systems throughout the world. We showed that for simpler management objectives like
yield or consistency in catch, RL was unable to outperform classic solutions. However, when
management objectives were more complex, policies found using RL outperformed standard or
traditional feedback policies used in many fisheries management systems.

* We simulated age-structured population dynamics
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networks took approximately 2h on a commercial
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optimised policies.
* We found that mean weight was useful in the trophy
fishing setting scenario, and surprisingly, not when managers
were interested in maximizing yield or risk-averse utility
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