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A key subset of Machine Learning: Artificial neural networks
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A key subset of Machine Learning: Artificial neural networks
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Physical neural networks
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Optical neural networks

Digital neural network
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Optical vs. artificial neural networks
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Optical vs. artificial neural networks
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The issue of nonlinearity in optical neural nets

Optoelectronic hybrid NNs Dt fepaiifern fmeiios
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The issue of nonlinearity in optical neural nets

Optoelectronic hybrid NNs Dt fepaiifern fmeiios
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How do optics learn”?

Conventional back-propagation Physics-aware training
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Two optical neural nets for two big challenges in structured light
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Why Machine Learning?

* Nonlinear optics

* Nonlinear loss

Multimode Photonics Group
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Texturing light with a single metasurface

Our goal: Arbitrary vectorial outputs from a single disorder-engineered birefringent metasurface in combination with custom scalar phase plates
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Scalar to vectorial mapping
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Chasing 3 dots: Analog logic gates of structured light

What if we had a Decoder but for light?
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Why a Nonlinear Layer?

Without Nonlinear Layer

With Nonlinear Layer
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