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Résumé

Hippocampal replay, or the off-line experience-dependent reactivation of hippocampal

place cells (1-2) has been shown to contribute to learning and efficient decision making (3-5).
Assuming a reinforcement-learning model of the hippocampus, prioritized sweeping (6-7) has
been observed to reproduce key properties of hippocampal replay (8), while also drastically
increasing learning rates (9) via allocating resources to more uncertain regions of the internal
model.
However, these models remain inherently reactive, as they cannot predict or anticipate
changes in model uncertainty before the latter is observed. To alleviate this issue we propose
a novel framework wherein classical reinforcement learning is augmented with supplementary
dimensions encompassing internally generated epistemic rewards upon decreasing uncertainty
in the internal world model. This allows the agent to predict delayed information gains, and
actively decrease its own model uncertainty. Our solution predicts spatial preferences and
replay patterns that are closer to experimentally observed hippocampal replay than previous
models. Moreover, we use this framework to simulate novel situations in order to derive
predictions for future experiments.
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