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The limitation of classical optogenetics

No precision beyond cell-type specificity

Image: Ronzitti et al (2017)
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Electrical

Using stimulation to reveal connections

Images: Feldmeyer et al (2005), Qi et al (2015)
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Exploit sparsity by performing compressed sensing

Proposed approach

Use holographic optogenetics to stimulate ensembles

Speed up mapping by stimulating quickly1.

2.
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n=14 experiments n=14 experiments, pooled

0.95 0.840.89

CAVIaR achieves high accuracy across experiments

Precision: % found connections that are true

Recall: % true connections found
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Some future directions

A. Inference of physiological parameters (synaptic time constants, short-term 
plasticity, facilitating synapses)


B. Inference with variable presynaptic spike-counts


C. Connectivity mapping with calcium or voltage imaging
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Can Bayesian target optimization help in 3D?

Adesnik lab



3D target optimization resolves off-target stimulation
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Application to the hippocampus (ongoing)
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Possible future directions

A. Uncertainty-aware stimulus optimization


B. Adaptive closed-loop approaches to mapping ORFs 


C. Hologram shape optimization
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Two-photon microscopy



One Photon  Two Photon

Fluorescein
solution

focal plane focal plane

Signal Iµ 2Signal Iµ

3D scanning of the focal spot to form a 3D image.
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Widefield 1p illumination

Holographic 2p

Papagiakoumou et al (2010), Pegard et al (2017)
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Performance testing in simulation



Predictive performance and convergence rates



Paired-patch experiments



In vitro spontaneous activity rates



Additional examples



Photocurrent removal using NWD


