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Backgrounds

Hippocampal neurons encode both spatial location (place cells) and elapsed time (time cells) to support episodic memory and spatial cognition. However, existing models explain these two
phenomena using fundamentally different mechanisms: place cells emerge from continuous attractor dynamics, while time cells are often modeled as leaky integrators. This separation
leaves unresolved how both representations arise within the same recurrent circuit, particularly in hippocampal CA3.

We propose that place cells and time cells are two dynamical regimes of a single recurrent network. Both representations arise from hippocampal reconstruction of sensory experience, but
different sensory structures give rise to distinct representational regimes.
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The RNN model receives two types of sensory
information: spatial and temporal input.
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We propose a strong local inhibition, backward inhibition, forward Time (s)
excitation and weak global inhibition recurrent connectivity for time cells, The network infers missing experience by continuing the trajectory in representational space, and
providing the missing functional connectivity necessary for temporal prediction errors accumulate over time. Time cells appear during elongated missing segments, while place

coding in hippocampal CA3. cells emerge when spatial gaps are brief and locally constrained.
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