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Metamaterials and Metasurfaces

 Tunable Metasurface. * Meta-Lens.
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Why Machine Learning?

e Conventional Approach.

Data-driven Approach.
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_ _ Deep Neural Networks
Machine learning Models peimemems oo
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e Conditional- Generative Adversarial Network
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Modelling State of Polarization

¥-Polarization Incidence. ¥Y-Polarization Incidence.
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Can we achieve more efficiency?




Dataset PreparatIOn _ Half-waveplate Design Samples

,—/\/ , e 1000 Half-waveplate simulations using Livelink for
Fol \ | MATLAB with random generation algorithm.
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Training of Deep Learning Model
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Conclusion:

* High-quality training device data using the combination of iterative optimizers and accurate
electromagnetic solvers i.e. Finite Element Simulations using Comsol.

 Machine Learning models can learn correlations between device topology and it’s electromagnetic
response.

e A data-driven design and characterization process for nanophotonic devices.

 Complex designs with multiple structural parameters could be learned using machine learning models.
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