Implementation and Optimization of Sparse BLAS
on Kunpeng Processor

Abstract—This paper systematically addresses the
performance challenges of sparse Basic Linear Algebra
Subprograms (BLAS) on ARM-based Kunpeng 920 processors
through architectural adaptation and algorithmic innovation.
We develop ACSR (Aligned Compressed Sparse Row) and
AELL (Adaptive ELLPACK) storage formats that eliminate
zero-padding overhead while maintaining 128-bit memory
alignment for NEON vectorization. Combined with NUMA-
aware task scheduling and static code analysis guided
optimization, our implementation achieves 168.4 GFLOPS in
sparse matrix-vector multiplication (SpMYV), outperforming
OpenBLAS by 37.8% and KML by 29.3% on real-world
matrices. Microarchitecture analysis reveals 92.7% L1 cache hit
rate and 1.82 instructions per cycle (IPC), demonstrating
effective utilization of Kunpeng's 7nm TSV110 cores. This work
provides critical insights for building high-performance sparse
linear algebra ecosystems on domestic ARM processors.
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I. INTRODUCTION

Sparse matrix computation is widely used in fields such as
scientific computing and machine learning. Modern

computational workloads exhibit increasing sparsity - over 70%

of operations in scientific simulations and 90% in graph neural
networks involve sparse matrices [1]. While the sparse BLAS
standard establishes foundational interfaces, current
implementations face three critical challenges on emerging
ARM architectures:

1. Architecture-optimization ~ mismatch: Dominant
libraries like Intel MKL [5] prioritize x86-specific
optimizations (e.g., AVX-512 instructions), achieving 218
GFLOPS in SpMV but delivering only 58% efficiency on
ARM Cortex-A72 [3].

2. Memory access irregularity: Traditional formats
(CSR/ELL) incur 23-41% performance loss due to misaligned
memory accesses on ARMvS8's 128-bit NEON units [20].

3. Multi-core scaling limitations: Existing solutions show
sublinear speedup (1.6 X on 4 — 64 cores) due to NUMA-
unaware data distribution [21].

The Kunpeng 920 processor, with 64 ARMv8 cores at
2.6GHz and 320GB/s memory bandwidth [2], offers unique
opportunities for domestic HPC ecosystems. Our work
bridges the architecture-algorithm gap through three
innovations:

1. ACSR/AELL formats with SIMD-aligned memory
layouts

2. Masked NEON operations for irregular sparse patterns

3. Hierarchical NUMA scheduling across 8 memory
channels

Experimental validation on TaiShan servers demonstrates
168.4 GFLOPS SpMV performance, surpassing prior ARM
implementations by 2.1 X.
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II. RELATED WORK

A. Domestic Optimization Efforts

Chinese academia has made significant progress in
adapting sparse BLAS to domestic processors:

1. shenwei SW26010-Pro: Liu Fangfang's team [10]
proposed dynamic task scheduling combined with Remote
Memory Access (RMA), achieving 86% memory bandwidth
utilization. Hu Yi et al. [12][13] developed triple buffering
techniques for BLAS 1-3 functions, reaching 92% of
theoretical FP peak.

2. Loongson: Gu Naijie's group [14][15] optimized
DGEMM through 128-bit memory instructions and address
interleaving, doubling performance over open-source
implementations.

3. Phytium: Liu Yan's thesis [16] demonstrated NEON-
based integer GEMM optimization, providing critical insights
for ARMVS vectorization.

These efforts highlight three optimization principles:

1. Architecture-specific memory hierarchy exploitation
2. Hybrid static-dynamic task partitioning

3. Mixed-precision computation pipelines

B. International Advances

Recent  breakthroughs focus on

architectures and auto-tuning:

heterogeneous

1. HASpMV|[21]: Proposes Heterogeneous-aware CSR
(HACSR) format that reorganizes matrix rows by length,
assigning long rows to performance cores and short rows to
efficiency cores. Achieves 2.6-9.5x speedup on Intel/AMD
hybrid architectures.

2. IATF Framework[22]: Implements input-aware kernel
selection through 128-bit SIMD-friendly data layouts and L1
cache-optimized batching. Delivers 28x GEMM acceleration
on ARMVS.

3. Static Analysis[20]: Uses LLVM-MCA to model
Kunpeng's TSV110 microarchitecture, achieving 86.7%
prediction accuracy for instruction scheduling.

C. Technical Challenges

Key unresolved issues include:

1. Load imbalance: 73% performance variance observed in
irregular matrices [21]

2. Vectorization underutilization:
efficiency in existing ARM BLAS [16]

3. Multi-core scaling: Limited to 4.2 X speedup on 64
cores [20]

Only 38% NEON



III. METHODOLOGY

Based on the standard sparse BLAS interface, an open
source sparse BLAS library is designed and implemented for
the domestic Kunpeng processor. Further, its performance is
optimized through the research on the cache structure,
memory bandwidth, vector instructions and other architectural
characteristics. Finally, the performance of the implemented
sparse BLAS library and the existing sparse BLAS libraries,
such as OpenBLAS and Kunpeng KML, are compared and
analyzed on the Mount Taishan server.

The methodology comprises four interdependent
components: microarchitecture analysis guiding hardware-
specific optimizations, adaptive storage formats addressing
memory bottlenecks, vectorization techniques exploiting
SIMD capabilities, and a multi-level optimization framework
ensuring systematic performance tuning. Comparative
evaluation against OpenBLAS and Kunpeng KML
benchmarks is conducted on TaiShan servers to validate the
design.

A. Kunpeng 920 Microarchitecture Analysis
The TSV110 core design features:

1. Pipeline: 8-stage out-of-order execution
2. Vector units: 128-bit NEON with FMA support
3. Memory subsystem:
(1) 64KB L1D (4-way) / 64KB L11 (2-way)
(2) 512KB private L2 (16-way)
(3) 48MB shared L3 (slice-based)
Benchmarking reveals two critical bottlenecks:

1.L1D contention: 64B cache line conflicts in CSR
formats

2. Port pressure: 37% of cycles stalled on FPU pipelines

B. Adaptive Storage Formats

The ACSR Design is below:
struct ACSR {
float* values;
int* col idx;
int* row_ptr;
int alignment = 16;
int diag_cache[64];
I
Optimization strategies:

1. SIMD alignment: Pad row lengths to multiples of 4

2. Diagonal caching: Store frequently accessed elements

3. Block compression: Merge consecutive non-zeros
AELL Format

e Dynamic column index packing

// 128-bit aligned

// Column indices

/I Aligned row pointers
// NEON 128-bit alignment
// Diagonal element buffer

e Zero-suppressed data blocks
e Row-length prediction for load balancing

C. Equations
Masked FMA Operation

ASSEMBLY
// v0: values, v1: indices, v2: vector_x

1d4 {v0.4s-v3.4s}, [x1] // Load 4 elements

fcmla v4.4s, v0.4s, v2.s[vl] // Conditional multiply-add
Vectorized Reduction

TEXT

// Sum 4 partial results

faddp v0.4s, v0.4s, v0.4s

faddp v0.2s, v0.2s, v0.2s

D. Multi-level Optimization Framework
1. Static code analysis with LLVM-MCA [20]

Predict port contention and pipeline stalls

Guide kernel unrolling factors

2. Data-centric parallelization

e NUMA-aware partitioning across 8 memory channels
e Dynamic steal queues for load balancing

3. Auto-tuning pipeline

Phase 1: Cache blocking (L1/L2/L3)

Phase 2: Register tiling (4x4/8x2)

Phase 3: Instruction scheduling

IV. EXPERIMENTAL EVALUATION

A. Experimental Setup

The evaluation platform consists of a TaiShan 2280 server
equipped with dual Kunpeng 920 processors, providing 64
ARMvVS cores operating at 2.6GHz with 256GB DDR4
memory. We compare our implementation against three
established baselines: OpenBLAS 0.3.23 as the open-source
reference, Kunpeng Math Library (KML) 2.1.0 representing
vendor-optimized solutions, and NIST SPBLAS 1.02 as the
standardization benchmark. Test matrices span diverse
application scenarios, including finite element modeling
(FEM_Spheres with 1.06 million rows), web graph analysis
(WebBase-1M), and biochemical simulations (Cagel5
containing 99 million non-zeros), with densities ranging from
0.0031% to 0.038% to assess performance across sparsity
patterns.

TABLE L. MATRICES
Name Rows NNZ Density
FEM_Spheres 1,006K 6.7M 0.0066%
WebBase-1M ™ 3.1M 0.0031%
Cage15 5.1M 99M 0.038%
B. Performance Results
Single-core evaluations demonstrate significant

improvements in sparse matrix-vector multiplication (SpMV)
throughput. For the FEM_Spheres matrix, our ACSR format
achieves 38.2 GFLOPS, outperforming OpenBLAS (21.3
GFLOPS) by 79.3% and KML (28.7 GFLOPS) by 32.9%.
The AELL variant shows slightly lower performance at 34.6
GFLOPS due to format conversion overheads, yet still



maintains a 20.6% advantage over KML. Similar trends
emerge across test cases, with Cagel5 reaching 41.5
GFLOPS in ACSR - 68.7% higher than OpenBLAS's 24.6
GFLOPS.

Scaling to 64 cores reveals near-linear efficiency, achieving
51.2x speedup on FEM_ Spheres with 92.7% L1 cache hit rate
and 1.82 instructions per cycle (IPC). The WebBase-1M
matrix shows slightly reduced scaling (47.6%) due to irregular
access patterns, while Cagel5 benefits from higher density to
attain 53.8x scaling with 94.1% L1 hit rate. These results
underscore the effectiveness of NUMA-aware task
scheduling and cache hierarchy optimization.

TABLE I1. SINGLE-CORE SPMV (GFLOPS)
Matrix OpenBLA KM ACS AEL
] L R L
FEM_Spher 213 28.7 382 346
iEEEERe- 17.8 24.1 31.7 29.4
1™
Cage15 24.6 329 415 36.2
TABLE III. CORE SCALING EFFICIENCY
Matrix Speedup L1 Hit IPC
FEM_Spheres 51.2x 92.7% 1.82
WebBase-1M 47.6x% 89.3% 1.65
Cage15 53.8x% 94.1% 1.89

C. Architectural Analysis

Microarchitecture profiling reveals substantial pipeline
utilization improvements through our optimization strategies.
Port pressure decreases from 37% to 12% via static code
analysis-guided instruction scheduling, while NEON
vectorization attains 68.9% efficiency through 128-bit
aligned memory accesses - a 3.2x improvement over baseline
implementations. The optimized memory subsystem reduces
L2 cache miss rates to 0.8%, compared to 3.2% in
OpenBLAS, through diagonal element caching and block
compression techniques. Energy efficiency measurements
show 1.83 GFLOPS/Watt, surpassing x86 Xeon 8380
systems (1.12 GFLOPS/Watt) by 63.4%, validating
Kunpeng's architectural advantages in power-constrained
HPC environments.

V. CONCLUSION

This work establishes a comprehensive optimization
methodology for sparse BLAS on Kunpeng 920 processors
through synergistic —co-design of storage formats,
vectorization techniques, and NUMA-aware scheduling,
achieving 168.4 GFLOPS SpMYV performance that surpasses
prior ARM implementations by 2.1 X . The methodology
demonstrates three critical improvements: 128-bit memory
alignment enhances NEON vectorization efficiency by 3.4 X
through eliminating misaligned access penalties, while
diagonal caching strategies reduce L1 cache miss rates by 41%

through localized reuse of frequently accessed elements.
Furthermore, static code analysis guided by LLVM-MCA
microarchitecture modeling enables 86% pipeline utilization
by resolving instruction scheduling conflicts and port
contention. Looking ahead, future efforts will focus on
integrating Da Vinci NPU acceleration for mixed-precision
sparse operations and extending the methodology to
distributed sparse solvers across multi-node Kunpeng clusters.
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