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Combining Al and simulation in cosmology

Craig Bower, Corentin Houpert, Azam Khan, Shigi Su, Ali Zahir
Ashig Anjum, Martin Bourne, Debora Sijacki, Mark Wilkinson

Challenges:

* 15 orders of
magnitude In
spatial and
temporal
resolution

* “"Sub-grid”
physics
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Henden, Puchwein, Shen & Sijacki, 2018,2019 high res cluster zoom-in simulations -




Combining Al and simulation in cosmology
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C. Houpert

1. Calibration of the region of interest using Ram pressure over thermal
pressure

2. Score-based Diffusion Model approach

Forward SDE (data — noise)
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Surrogate models for
radiative transfer

Shigi Su (Leicester)

Using a 3D Residual Neural Network to build a
surrogate model for the radiative transfer equation
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Initial application: stellar winds in AGB star binaries
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) [ EICESTER Energy-aware scheduling

All Zahir

» Al-based, physics-informed model to represent compute system
* Trained on data from particular workflows
» Use to explore potential scheduler configurations in terms of energy and turnaround time

Energy Consumption Comparison for Different Workloads (Real Data)
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WF-1: 15% clock-down + SAS = EC down by 10% + TAT up by 5%




Putting It all together
Azam Khan
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