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“Classical” optogenetics

• Wide-spread activation of neural circuits can 
drive behavioural responses


• But, no precision beyond genetically-defined 
cell types

Ronzitti et al (2017)
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Computational holographic optogenetics

as a means to expand the experimental capabilities of this technology
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Given inferred ORFs, how to optimally place holographic targets?

 Predicted evoked response

 Target activity pattern

Ω ∈ {0,1}N

 Optimisation problem

 such that xoptimal = arg minx∥Ω − ̂y(x, 𝒢)∥2 0 ≤ I ≤ Imax

 Approach

Run gradient descent on objective function

But: requires differentiating through nonparametric surface gn
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Conclusion & next steps

• A computational solution to off-target stimulation


• In vivo validation coming soon via collaboration
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Future applications to connectivity mapping
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Feldmeyer et al (2005), J. Neurosci

Existing mapping methods are low-throughput



Electrical Optical

Laser on

Single-target holographic 
stimulation + whole-cell 	

patch clamp

Feldmeyer et al (2005), J. Neurosci Packer, Peterka et al (2012), Nat. Methods

Existing mapping methods are low-throughput



How to enable high-throughput connectivity mapping?

Possible strategy:  
use holographic optogenetics to stimulate many (specific) 
neurons at once


combine with compressed sensing
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Limitations of ordinary compressed sensing

Critical variables
• Power dependence
• Opsin expression
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• Spontaneous activity
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Limitations of ordinary compressed sensing

Critical variables
• Power dependence
• Opsin expression
• Synaptic failures
• Spontaneous activity
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Model-based compressed sensing
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Model-based compressed sensing
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Strategies for connectivity mapping with dense expression

Target neuron opsin

Decorrelate local activity
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