Extracting computational mechanisms from neural activity with low-rank networks
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Approach: fitting low-rank RNNs to neural recordings

Abstract Neuron subsampling

> This method is very robust to subsampling

» We propose a new latent variable model based on low-rank RNNs Results for networks fitted to subsampled trajectories of a full-rank, 1000 neurons network
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Finally, we apply our method to neural recordings of macagque PFC, j . ” Neural recordi ngs
showing how our approach retrieves low-dimensional dynamics Openlng the black box” of a full-rank network
PNt Low-rank networks can capture neural activity recorded in behavioral tasks.
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