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Numerical Solving
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◼ In the solving of many scientific and engineering problems, numerical

solving is one of the most dominant steps.

General solving workflow of scientific and engineering problems
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SpMV

◼ Conjugate Gradient (CG) and Generalized Minimum Residual (GMRES)
methods are most popular iterative algorithms

◼ SpMV is one of the most dominant operators.
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SpMV

𝐴 𝑥 𝑦
Sparse matrix-vector multiplication 

(SpMV)

◼ Memory bounded

• Low arithmetic intensity

◼ Indirect access

• Irregular vector reads

◼ Uneven work

• Different row lengths

r1

r2

r3

r4

r5

r6

Irregular memory access + uneven work

→ low GPU utilization
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Tensor Core

Fixed size & Dense

r1

r2

r3

r4

r5

r6

Irregular & Sparse

Tensor Core fragment SpMV structure

≠
Mismatch

Direct mapping introduces padding + redundant accumulation
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Related Work

[1] Lu Y, Liu W. DASP: Specific dense matrix multiply-accumulate units accelerated general sparse matrix-vector 

multiplication[C], SC 2023.

[2] Chen Y A, Yu J X. Bitmap-based sparse matrix-vector multiplication with tensor cores[C], ICPP 2024.

◼ DASP[1]

Reorder rows and group 

them according to NNZ 

per row

◼ Spaden[2]

Bitmap conversion and 

bitBSR storage-based 

SpMV

Cons: High padding ratio

Cons: Load imbalance & 

high useless computing
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Overview

Data Layout
Sort rows

Extract dense tiles

Stored in new storage

TC Execution
Register-aware MMA

Double buffering

Load Balance
Long-row specified kernel

Merge small row groups
+ +
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Sparse Format Design
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STEP 1: Reorder rows according to NNZ per row
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STEP 2: Extract dense tiles 
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Record row group pointers 

to locate starting address2428
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Register-Aware Tensor Core Execution

◼ Load matrix tiles into the register layout of the left-hand MMA fragment 

◼ Based on tcColIdx, gather and reorganize the input vector into the right-

hand MMA fragment

◼ Execute MMA operations

T1 T2 T2 T3 T3

T4 T4 T5 T5 T6 T6 T7 T7

T8 T8 T9 T9 T10 T10T11 T11

T12 T12T13 T13T14 T14T15 T15

T16 T16T17 T17

T24 T24T25 T25

T28 T28T29 T29T30 T30T31 T31

Thread 0 0 1 2 3 4 5 6

Registers

Thread 31 0 1 2 3 4 5 6 7

T18 T18T19 T19

T22 T22T23 T23

T26 T26T27 T27

T20 T20T21 T21

T0 T0 T1
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Register-Aware Tensor Core Execution

◼ Extract only the results that contribute to the final SpMV output according 

to the following rules

◼ Double register buffers are used to support MMA pipeline 
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Load-Balancing for Irregular Matrices

◼ Extract ultra-long rows to call the specific kernel

◼ Merge consecutive lightweight row groups until the cumulative tile count 

reaches the predefined threshold

Preprocessing

Ultra-long row identification: 

NNZ >LONG_ROW_THRESHOLD

.

.

.

..

.

.

.

2. Parallel 
MMA 

computation

3. Row-
wise 

reduction

4. Write 
back

Kernel for ultra-long rows

1. Tiling (MMA_M MMA_K)

Row group 

workload analysis

Workload Redistribution

...

...

...

...

Group merging

Tiles > MIN_TILES_PER_BLOCK

Block-

level 

group

...

...

...

warp

Group assignment
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Experimental setting

◼ Hardware and software
• GPU 1: GeForce RTX 3090 with 24 GB device memory

• GPU 2: A100 with 40 GB device memory

• Ubuntu 22.04

• CUDA 12.0

• GCC 11.4.0 

◼ Sparse matrices
• 2800 matrices from SuiteSparse Matrix Collection

• 14 representative matrices for case studies

◼ Compared methods
• cuSPARSE

• DASP

• Spaden
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GFLOPS Comparison

A100
1.78×vs. cuSPARSE

1.10×vs. DASP

3.22×vs. Spaden

RTX 3090
1.57×vs. cuSPARSE

1.06×vs. DASP

3.58×vs. Spaden
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Results on Representative matrices 

GFLOPS comparison of different methods for representative matrices on A100

ARROW_V1: without load-balanced optimization

ARROW_V2: with load-balanced optimization
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Conclusion

◼ Problem

• Mismatch between SpMV and Tensor Cores

◼ Arrow

• New data layout design

• Efficient MMA powered by register mapping and double 

buffering

• Load balancing by processing long rows and short rows 

differently

◼ Results

• Superior to three SOTA methods on two typical GPU 

platforms
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