Dimensionality of population-level latent mechanisms
encoding spatial representations
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Dimensionality of Spatial Navigation
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Theory

Building on Sorscher et al. (2023), we formulate spatial encoding as an
optimization problem and extend this framework to examine the dimensionality Continous (2D) outputs Population-level visualization
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Then, our aim is to reconstruct the space with orthonormal basis functions: {¢y(z)}-_, i
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Such that: f,,(z) ~ Zwk(u) or(x). where wg () defines output weight from the kth
k=1 basis function to produce [tth place cell.
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Then, following Sorscher et al (2023, 2019), the optimal set of basis functions are defined to minimize 7
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This problem reduces to the classical Karhunen-Loéve (KL) expansion, or functional principal

component analysis (Ramsay and Silverman, 2005). The solution is determined by the
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correlation-kernel: C(x, x/) — Eu [fu (3;) fu (gy’)] , whose eigenfunctions provide the optimal
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orientations (both in scale and phase) help to carry out the computations, Sorscher et al. (2019, 2023). The sign of € determines the effect:
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navigation in recurrent neural networks further, and rises more questions. From this viewpoint, path X

integration can be studied as an important problem in its own right and arguably a more central

concern for the brain than producing fancy grid cells.

We train mice and record their behavior and neural activity

on a circular track (both on landmark and uniform cases).

Next, we will look at the fourier basis’ emergence both in
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