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Awake animals

We tested our algorithm on awake animals. The model was trained

Examples

Simultaneous recordings and predictions of various methods:

Higher precision at same correlation

Introduction

Existing methods for spike reconstruc- Performance as function of sampling rate. For a fixed correlation, our

on recordings from anesthesized mice.

tion from fluorescence traces make method allows us to use much smaller bin widths.
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A pretrained model trained on over 100,000 spikes from different labs,
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