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Biocomputing motivation (non Von-Neumann architectures)

« Memory and compute are localized « Compute is mediated by cell network interactions
* Information is binary  Memory is complex
« Suited for digital operations * Information is a dynamical system

» Suited for analog operations
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I/0 with optogenetics

« Transfect neurons with optogenetic components

Micromirrors

* Photostimulable ion channels for input Array of micromirrors

» Fluorescent calcium indicators for output




Image classification with neurons

« Stimulate cells with 0 or 1 images and observe calcium responses

« Train simple linear layer with labels to predict an output class (no convolution, no activations)

 Validate without labels
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Hybrid classification performance and propagation
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Conclusions

« Sparse spatial information is integrated and
propagated with negligible loss

* Cells may transform spatial information into a
temporal pattern

« Biology and computers may work together to tackle
multistage problems
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