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[ Project Objective } [ Challenges }
 Energetic material (EM) under weak to modest shocks Existing model | _-
 Not well understood but crucial * Accurate modeling of strong shock
 Safe storage and handling of EMs regime
 Understanding of deflagration-to-detonation transition (DDT) * Artifacts appear in weak-to-moderate
* Initiation of insensitive munitions or structural reactive material regime .
N | | | | | | * Warping of material interface
* Traditional numerical simulations are time and resource intensive - Boundary artefacts
* An accurate, efficient and fast deep learning model for energetic « Dragging and shape irregularity
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» Physics equations built into network architecture Detalled look at shear bands: Vo = 3000 m/s, t = 35.0 ps B o .
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» Various improvements in this work: o
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» Improving low impact velocity cases prediction . !—Ilghllghtlng existing chgllenges INn physics- Collaborators:
accuracy | o qurmed machine learning Yen T. Nguyen University of lowa
* Improving extrapolation test set prediction . Gwdm_g future develc_)pment of PIML moqlels | Joseph Choi University of Virginia
accuracy o * Blueprint for dev_eloplng Al accelerated simulations Pradeep Seshadri  University of lowa
* Experimental validation of extreme physms | Mayank Verma University of lowa
* Enables rapid new material development H.S. Udaykumar  University of lowa
 Better understanding of extreme dynamics Stephen Baek University of Virginia
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