OVERVIEW
The Surrogate Benchmark Initiative (SBI) project created a
community repository and FAIR data ecosystem for HPC
application surrogate benchmarks, including data, code, and all

relevant collateral artifacts the science and engineering
community needs to use and reuse these data sets and

surrogates.
Application oriented benchmarks include:

e AutoPhaseNN, Calorimeter, Virtual tissue, Cosmoflow.
lonized plasma. lons in nanoconfinement, Molecule docking,
miniWeatherML, OSMI, Particle dynamics, PtychoNN

Software to promote FAIR include:

« Sabath, Experiment Executor, and Compute Coordinator

Very useful in Education.
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B '6pen Source Web Sites
- = https://sbi-fair.github.io/docs/

https://github.com/mlcommons/science
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2 "abstract": "AutoPhaseNN is DL-based approach which gives direct inversion of the 3D BCDI data from the far-field measurement to the
3 "description": "AutoPhaseNN is written in Python on top of TensorFlow with the Keras API.",
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Virtual tissue surrogate.
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(left) Architecture of dynamic training of ML surrogate
and (right) Comparison of three final state densities
(peak, contact, and center) between MD simulations
and NN surrogate predictions

Has three versions: 1) UNET
for equilibrium, 2) Diffusion

AutoPhaseNN
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accurately describe their system of interest.
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4 Partite VAE Calorimeter Surrogate
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