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Abstract N:M sparsity pruning is an effective approach for compressing deep neural networks by
leveraging NVIDIA’s Sparse Tensor Core technology. Despite its effectiveness, this technique is
constrained by hardware limitations, leading to fixed compression ratios and increased access to
unnecessary input data, and does not adequately address the imbalanced distribution of essential
parameters. This paper proposes Hierarchical N:M (HiNM) sparsity, where vector sparsity is applied
prior to N:M sparsity for various—levels of sparsity. We also introduce a novel permutation technique
tailored for HINM sparsity, named 2-axis channel permutation (2CP). The experimental results showed
that HiNM sparsity achieves a compression ratio twice that of traditional N:M sparsity while reducing
latency by an average of 37%.
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for (int block_tile_k = 0; block_tile_k <
H

Tile_K; block tile k++){ __ Block Tile

1
2 1

3 | *((n4 *)8A_shared(shared_A_idx] = *((int4 *)8A[global_A_idx];

« *((int4 *)&B_shared{shared_B_idx] = *((int4 *)3B{vec_idx{global_B_idx};
5 nm_idx_shared[shared_nm_ptr] = nm_idx{global_nm_ptr];
6

7

8

9

Warp Tile

for (int warp_tile_k = 0; warp_tile_k < NumWarpTile_K; warp_tile_k++) {
s i

#pragma unroll
for (int mma_m = 0; mma_m < NumMMATile_M; mma_m++) {
asm volatile ("ldmatrix.sync.aligned.x4.m8n8.shared.b16 {%0, %1, %2, %3}, [%4]."
+ "=r(A0)), "=(A[1)), "=r"(A2]), *=r"(A[3]) : r"(tile_A_shared_ptr));
uint32_t £ = nm_idx_shared([reg_nm_ptr];
for (int mma_n = 0; mma_n < NumMMATile_N; mma_n++) {
asm volatile ("ldmatrix sync.aligned trans.x4.m8n8.shared.b16 {%0, %1, %2, %3},
[%4]" = "=r(B[0]), "=r(B1)), "=r"(B{2)), "=r"(B[3]) : "(tile_A_shared_ptr));
asm volatile (
"mma.sp.sync.aligned.m16n8k32.row.col.f16.116.116.f16\n\"
"{%0, %1}, {%2, %3, %A, %S5}, (%6, %7, %8, %9}, (%10, %11}, %12, Ox0;"
+"=r(DI0]), "=r*(D(1)) : "F(ALO)), (A1), "r(AL2)), "r(AL3]),
“r(B[0)), "r(BL1]). "r(B[2)), "r(B[3)), "r(D[O)), "r(Of1]). "r(E)):

MMA Tile

I3 7 HINM 7]¥F SpMM  ¢14ke] oJAlza=
Fig. 7 pseudocode of HINM based SpMM
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Fig. 8 Two-axis channel permutation method
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