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Simulation 3: Structured representations
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We provide an account of these interactions using a
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stimulus-computable mixture-of-experts system (MoE)”, where an Experts exhibit a double dissociation in specialization, which the mPFC gate learns to leverage.
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task-specific deployment of hippocampal representations.

Gating network develops graded prototype sensitivity, demonstrating that

structured representations in mPFC can emerge in service of control.
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Sparsity/Inhibition None High None Loss of gating attenuates dynamic TSP engagement, and accounts for lesion-driven overgeneralization.
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