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Adaptive Machine Learning (AML) for Time-Varying Systems

Adaptive Feedback for Particle Accelerators

 Model-independent
* Time-varying systems
 Local minima

Real-time multi-objective optimization at AWAKE
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Machine Learning for Particle Accelerators
* Learndirectly from data
* Global understanding of large systems
* Time-varying systems
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Adaptive Machine Learning (AML) for Time-Varying
Systems — Adaptively Tuning the Latent Space

General approach for any complex time-varying system
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HIRES Ultrafast Electron Diffraction (UED) at LBNL
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PCA basis for electron beam at HIRES
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AML for adaptive HIRES inverse physics model
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Encoder-decoder generative CNN for nonlinear data compression: Low-dimensional
latent space tuning
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Looking at only (z,E) to predict other phase space projections

latent space dimension 1
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Latent space-informed diagnostics choice can give convex cost functions for unique reconstructions
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Looking at only (z,E) to predict other phase space projections
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Adaptive Machine Learning (AML) for Time-Varying
Systems — Adaptively Tuning the Latent Space
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Coherent Diffraction Imaging



Bragg coherent diffractive imaging enables us to view the atomic
disorder and defects within a single crystal
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Overview of Adaptive ML Approach
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Adaptive Tuning for 3D Shapes
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Non-uniform 3D Structures
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Encoder-Decoder 3D Convolutional Neural Networks
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Low-Dimension Latent Space Projections
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3D CNN Predictions




Electron Backscatter Diffraction (EBSD) Microscopy



Re-Training and Domain Transfer for Convolutional Neural Networks
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Re-Training and Domain Transfer for Convolutional Neural Networks
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