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ABSTRACT 

Physical AI is a computational pipeline for predicting how a physical system will evolve 
under an action, with quantities of interest that are physically viable, uncertainty-aware, 
optimized and actionable. For granular mechanics, the system is a slope, a soil bed, a 
powder, or a flowing aggregate; the action is loading, excavation, traversal, or deposition; 
the prediction must support decisions about safety, capital, or autonomy. Numerical 
methods, such as discrete element and material point methods can produce such 
predictions, but at a cost that rules out full sensitivity analysis, real-time control, or 
closed-loop autonomy, often perused by engineering practice. The opportunity is to 
assemble learned components into a pipeline that answers the same questions end to end. 
The pipeline has five stages. Sensing recovers the granular state from imagery, in-situ 
instruments, and sparse measurement. Constitutive learning captures material response 
across solid-like, fluid-like, and gas-like regimes. Learned surrogates or reduced order 
models that predict evolution under intervention. Conformal prediction and formal 
verification carry calibrated guarantees on those predictions. Planning and shielded 
control turn predictions into action. What unifies the stages is not a single architecture 
but a standard, applicable across settings as different as levee stability, silo flow, 
autonomous excavation, planetary rover traversal, and additive manufacturing with 
powders. 
The session welcomes contributions to any stage of this pipeline and to work that 
integrates across stages. Topics of interest include: 
1. Constitutive and representation learning for granular media transitioning across solid-

like, fluid-like, and gas-like regimes, distilled from heterogeneous DEM, continuum, 
and experimental data; 

2. Operator learning, graph-based simulators, and foundation or world models to query 
granular dynamics evolution under intervention, with attention to extrapolation across 
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scales and boundary conditions; 
3. Sensing and state estimation that recover physical representations of granular systems 

from images, sensors, and sparse measurement; 
4. Trustworthy machine learning for high-stakes granular tasks, including conformal 

uncertainty, formal verification of learned constitutive responses, and shielded control 
under physical constraints; 

5. Open benchmarks, datasets, and evaluation protocols that test physical viability rather 
than visual or statistical fidelity, and that connect simulation packages with 
experimental facilities. 
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