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Atomic Simulation via Geometric Deep Learning Kernel Design Strategies
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Interatomic Potential Calculation: Given a configuration of atoms in space and . . e

associated metadata, calculate total potential energy. Derivatives of potential S e — E—

energy yield atomic forces that feed to LAMMPS, other MD simulators. 0L :
&Yy A sample of our contributions (see paper for more details):

= Tensor products are dispatched to warps that operate asynchronously.

O(3)-Equivariant Graph Neural Networks

= Warps manage a partition of GPU SRAM by breaking operation into a series

Popular model is a deep graph convolutional network that does the following: ) :
of subkernels (one per nonzero sparse block), partially staging arguments.

1. Generates an embedding vector for each node and edge.

2. Combines node and edge features to produce new embeddings. = Subkernels unroll loops, exploit tensor structure to achieve high performance.
3. Sums these embeddings across the neighborhood of each node.

| Key Criteria: If the input point cloud rotates about the origin, energy predic- |
tions should not change and force predictions rotate compatibly.

Performance Benchmarks
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Enforcing symmetry enhances generalization / training data efficiency, but re- ¢ y@i@;ﬂf ) s §Qﬂi§eﬁ&¢& ) & @0&“’ @o@” v @o&”’” @&*f”
quires that we combine the node and edge features via the Clebsch-Gordon (CG) TEe MR . Y Y e
tensor product (above right). Here, x, y are node / edge features, P is a block | | . | |
sparse tensor known at model compile-time, W contains trainable weights. Figure 1. Unfused Nequip / MACE tensor Figure 2. Untused DiffDock + Tetris tensor
product throughput, A100, batch 50K. product throughput, A100, batch 50K.
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Key Features: . B ours [ Other
N SyTareh Table 1. MACE-large isolated tensor product
= 10x performance boost over e3nn runtime (ms), batch size 50K, FP32 unfused. Figure 3. MACE A100 inference speed.

to compute CG tensor product
and 1st, 2nd derivatives.

Computation Scheduler / Python Interface

C++ JIT Adapter
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= e3nn-compatible interface
supports both AMD + NVIDIA.
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