
@helion.kernel(config=helion.Config(block_sizes=[1, 128, 4],

 loop_orders=[[1, 2, 0]], num_warps=1, num_stages=6, indexing='block_ptr'))

def tensor_product_fused_graphconv(

    # Tensors

    node_embedding: torch.Tensor,            #  (Nnodes, channel, Ldim1)

    edge_sph:      torch.Tensor,             #  (Nedges, 1,       Ldim2)

    out_embedding: torch.Tensor,             #  (Nnodes, channel, LdimOut)

    # Sparse data structures

    input1_to_nnz_mapper: torch.Tensor,      #  (NNZ,)

    input2_to_nnz_mapper: torch.Tensor,      #  (NNZ,)

    nnz_to_output_mapper: torch.Tensor,      #  (Nnodes+1,)

    paths_to_nnz_mapper: torch.Tensor,       #  (NNZ,)

    cg_coeffs: torch.Tensor,                 #  (NNZ,)

    src: torch.Tensor,                       #  (Nedges,)

    dst: torch.Tensor,                       #  (Nedges,)

    weight: torch.Tensor,                    #  (Nedges, channel, num_paths)

) -> torch.Tensor:

    _, channel, Ldim1 = node_embedding.shape

    Nedges = src.shape[0]

    _, _, LdimOut = out_embedding.shape

    # Tile across the Nedges, channel, and LdimOut dimensions

    for tile_e, tile_u, tile_k in hl.tile([Nedges, channel, LdimOut]):

        src_idx_chunk = src[tile_e]

        dst_idx_chunk = dst[tile_e]

        start_ptr_chunk = nnz_to_output_mapper[tile_u]

        end_ptr_chunk = nnz_to_output_mapper[tile_u.index+1]

        nnz = end_ptr_chunk - start_ptr_chunk

        max_nnz = nnz.amax()

        acc = hl.zeros((tile_e, tile_u, tile_k),dtype=node_embedding.dtype)

        for tile_p in hl.tile(max_nnz, block_size=1): 

               l1_idx_chunk =   hl.load(input1_to_nnz_mapper, [start_ptr_chunk + tile_p.index], extra_mask=tile_p.index < nnz)

               l2_idx_chunk =   hl.load(input2_to_nnz_mapper, [start_ptr_chunk + tile_p.index], extra_mask=tile_p.index < nnz)                    

               w_idx_chunk =    hl.load(paths_to_nnz_mapper,  [start_ptr_chunk + tile_p.index], extra_mask=tile_p.index < nnz)                     

               cg_coeff_chunk = hl.load(cg_coeffs,            [start_ptr_chunk + tile_p.index], extra_mask=tile_p.index < nnz)

               acc += node_embedding[src_idx_chunk, tile_u, l1_idx_chunk] * edge_sph[tile_e, l2_idx_chunk][:, None, :] * 

                      cg_coeff_chunk * weight[tile_e, tile_u, w_idx_chunk]

            hl.atomic_add(out_embedding, [dst_idx_chunk, tile_u, tile_k], acc)

    return out_embedding
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Salt Nucleation
 

https://arxiv.org/abs/2506.10944  

https://dl.acm.org/doi/abs/10.1145/3581784.3627041

https://arxiv.org/abs/2504.16068 inspired by @ezyang 
https://github.com/pytorch/pytorch/issues/91469#issuecomment-1873221656 

https://nequip.readthedocs.io/en/latest/guide/getting-started/workflow.html

Cellulose

Solid-electrolyte-interface

https://mitkotak.github.io/assets/pdf/sm_thesis_v2.pdf 
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Vendor-agnostic, Direct 
GPU-GPU transfer

C++ distributed MD engine

https://github.com/prescient-design/jamun

Peptides

Update 

Workflow: Train locally and run distributed inference

Pain: Data-dependent control flow
    Dynamic shapes

Upto 3x end to end 
speedups with < 100 
lines !

Still lots of room 
to co-design 
kernels !

train

 torch.fx.experimental.proxy_tensor.make_fx

torch.compile vs jax.jit

    torch._inductor.aoti_compile_and_package

Simulation Showcase

Enzymes

Low latency needed for both
small and large batch size

JAX is needed for 
higher order
gradients

https://github.com/mitkotak/matbench-speed
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