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Sparse Matrix-Vector multiplication (SpMV) is a fundamental kernel across scientiic computing and graph analytics. Modern
GPUs feature specialized processing units such as Tensor Core Units (TCUs) for accelerating dense matrix operations.
While recent eforts leverage TCUs for SpMV acceleration, direct TCU-only mappings sufer from poor cache utilization
and limited performance generalization across diverse sparse matrices. This paper presents MatXtract1, a sparsity-aware
matrix transformation framework that restructures sparse matrices through cascaded compute density extraction, enabling
eicient TCU-accelerated SpMV. MatXtract introduces three key components: 1) Compute Density Extraction optimizes
memory hierarchy utilization while creating Tensor Core- and CUDA core-friendly computation substrates to enhance TCU
compute density and CUDA core load balancing; 2) Cascaded Execution Kernel employs a two-stage cascaded compression
that systematically exploits hierarchical sparsity to maximize GPU computational throughput; and 3) Sparsity-Aware Predictor
mitigates the mismatch between ixed TCU computation and diverse sparsity through Bayesian optimization for enhanced
performance generalization. Extensive evaluations on 2,059 matrices show that MatXtract outperforms cuSPARSE, DASP,
CSR5, and Merge-SpMV, achieving higher performance on 96.64% of matrices, with an average 1.98× and up to 8.83× speedup
over cuSPARSE on NVIDIA A100 GPUs.

CCS Concepts: · Computing methodologies→ Shared memory algorithms; Vector / streaming algorithms.
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Fig. 1. SpMV performance (bars, GFLOPS) and memory access behavior (lines, Ratio). Legend format: [GPU core

type/implementation], where TC denotes Tensor Core and CD denotes CUDA core. For implementations, MatXtract_hot and

MatXtract_cold represent our computations on hot and cold regions using Tensor Cores and CUDA cores, respectively.

1 Introduction

Sparse Matrix-Vector multiplication (SpMV) is a cornerstone kernel in high-performance computing (HPC),
underpinning a wide range of applications, including scientiic simulations [19], graph algorithms [17], and
sparse linear solvers [20]. However, despite its ubiquity, SpMV remains one of the most challenging kernels to
optimize, largely due to its irregular memory access patterns and low arithmetic intensity. As one of the Seven
Dwarfs in HPC [3], SpMV epitomizes the diiculty of accelerating sparse computations eiciently on modern
architectures, which are increasingly optimized for dense, high-throughput workloads.
The rise of Tensor Core Units (TCUs) presents a promising avenue for SpMV acceleration by exploiting

high-throughput Matrix Multiply-Accumulate (MMA) operations. Recent works [9, 48] have explored TCU-only
SpMV implementations, seeking to exploit the raw computational power of TCUs. However, these approaches
fall short of addressing the memory-bound nature of SpMV. While TCUs efectively accelerate loating-point
computations, loading sparse data into TCUs incurs ineicient cache utilization, often ofsetting FLOP eiciency
gains.
Figure 1 illustrates this problem with four representative matrices on A100: CUDA core-based cuSPARSE

achieves higher GFLOPS than TCU-based DASP [48], despite TCUs’ superior theoretical FLOP eiciency. This
discrepancy arises primarily from DASP’s poor cache utilization: on average, cuSPARSE achieves 2.09× higher
cache throughput, 1.99× better cache hit rate, and 0.85× lower DRAM traic than DASP. Beyond cache ineiciency,
current TCU approaches also exhibit limited performance generalization. In an extensive evaluation across
2,059 matrices, DASP outperforms CUDA 12.8’s cuSPARSE in only 81.2% of cases, while Spaden [9] is efective only
when the average nonzeros per row exceeds 32, a condition met by merely 19.8% of matrices in the SuiteSparse
Matrix Collection [18].

The root causes of these ineiciencies stem from three limitations of TCU-only SpMV approaches. First, vast
irregular memory accesses to the input vector x persist. The sparse matrix structure inherently generates scattered
access patterns that the TCU cannot address, resulting in ineicient global memory accesses. Second, the sparse
matrix is entirely loaded from global memory into MMA register fragments, leading to heavy register pressure
and preventing eicient caching of massive intermediate results. Third, TCU architectures lack computational
lexibility. Sparse matrices exhibit diverse sparsity patterns that conlict with TCUs’ ixed dense computation
mode, limiting optimization opportunities and reducing performance portability.

These limitations underscore a fundamental issue: Blindly oloading SpMV to TCUs fails to align with irregular
memory access, restricting both performance and generalization. The key question, then, is not merely how to
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force-it sparse computations into dense accelerators, but how to structure, extract, and leverage sparsity to
fully unlock these accelerators’ computational potential in modern architectures.

In this paper, we propose a sparsity-aware matrix transformation system, MatXtract, designed to dynamically
restructure computational sparsity via cascaded compute density extraction for SpMV. It intelligently structures
and extracts matrix portions well-suited for TCU acceleration while enabling better load balancing for the
remaining computations, thereby improving overall SpMV performance.

The design of MatXtract is grounded in four crucial observations: First, sparse matrices exhibit highly skewed

compute density. Many real-world sparse matrices follow a power-law distribution [31], where a small subset of
rows and columns accounts for the majority of the computational load. Our analysis shows that for numerous
sparse matrices, 60% of nonzeros can be extracted into a compact partition occupying less than 5% of the total
matrix area (Figure 2(a)). Second, higher compute density signiicantly improves memory eiciency while leveraging

TCU’s inherent computational advantages, making acceleration highly efective. Taking the uk-2005 matrix as an
example, isolating the high-density region reduces TCU accesses to the input vector to just 7.5% of the original
elements, efectively alleviating the memory wall problem and activating the high-throughput potential of TCU
(Figure 2(b)). Third, compute density can be structurally extracted by leveraging the permutation invariance of SpMV.
The permutation invariance property allows rows and columns to be permuted without altering correctness,
enabling a structured transformation that reorganizes sparse matrices to expose high-compute-density regions.
Fourth, the extracted high-density regions exhibit hierarchical sparsity characteristics. Our analysis demonstrates
that these regions still retain considerable internal sparsity (Section 4), which can be further exploited through
cascaded compression techniques.

Guided by these observations, the core insight behindMatXtract emerges: SpMV performance can be improved
through sparsity-aware extraction that identiies and concentrates computation-intensive regions onto TCUs. To
achieve this, MatXtract comprises three key techniques:

MatXtract employs Compute Density Extraction (CDE) to optimize memory hierarchy utilization by restructur-
ing sparse matrices into TCU- and CUDA core-friendly computation substrates. CDE introduces the crux point to
separate compute-dense (hot) and compute-sparse (cold) regions. A column-row permutation then reorganizes
the matrix structure to improve locality and density while preserving mathematical equivalence. The resulting

ACM Trans. Arch. Code Optim.
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Table 1. Comparison with state-of-the-art SpMV implementations.

Optimization Generalization

Method CUDA Core Tensor Core Auto-tuning

cuSPARSE [60] ✓ ✗ ✗

CSR5 [45] ✓ ✗ ✗

Merge-SpMV [51] ✓ ✗ ✗

DASP [48] ✗ ✓ ✗

Spaden [9] ✗ ✓ ✗

MatXtract ✓ ✓ ✓

hot sub-matrix concentrates on TCU while the cold remainder utilizes CUDA cores, enhancing compute density
and load balancing respectively.
MatXtract utilizes the Cascaded Execution Kernel (CEK) to exploit hierarchical sparsity beyond CDE through

cascaded optimizations. CEK designs a two-stage cascaded compression for CDE-extracted hot regions that
maximizes TCU computational throughput. The irst-cascade TCU-aware compression mitigates structural
sparsity, followed by the second-cascade dual-mode compression that optimizes data layout according to density
levels. Meanwhile, CEK deploys memory-coalesced CUDA kernels to leverage the enhanced uniformity of
cold-region non-zero distributions.

MatXtract involves the Sparsity-Aware Predictor (SAP) to resolve the conlict between the ixed TCU computation
mode and diverse sparsity patterns. SAP constructs a 2D search space deined by the hot-cold threshold point
crux to improve sensitivity for varying sparsity characteristics. To eiciently navigate this search space and locate
the optimal solution, SAP integrates a Bayesian optimization-driven crux generation module with tree-based
crux prediction.

Table 1 summarizes the processing units and auto-tuning techniques employed by diferent works for perfor-
mance optimization and generalization. We evaluateMatXtract on 2,059 sparse matrices from the SuiteSparse
Matrix Collection [18] using NVIDIA A100 GPUs, and compare against both vendor-optimized and state-of-the-art
SpMV implementations, including cuSPARSE [60], DASP [48], CSR5 [45], and Merge-SpMV [51]. MatXtract

demonstrates competitive performance across diverse sparsity patterns, outperforming cuSPARSE on 96.64%
of matrices (vs. DASP’s 81.2% success rate), achieving up to 8.83× speedup over cuSPARSE, and up to 8.07×
speedup over TCU-only DASP in both FP16 and FP64 precision. The rest of this paper is organized as follows.
Section 2 introduces the background on SpMV, Tensor Core Units, and challenges in extracting compute-dense
subregions. Sections 3, 4, and 5 present the design of compute density extraction, cascaded execution kernel,
and sparsity-aware predictor, respectively. Section 6 evaluates MatXtract’s performance against other baselines.
Section 7 discusses related work. Section 8 concludes with future research directions.

2 Background

2.1 SpMV Computation

Sparse Matrix-Vector multiplication, denoted as y = Ax, where A is a sparse matrix and x and y are dense vectors,
is fundamental to many algorithms. Since the sparsity pattern of A typically remains ixed throughout iterations,
specialized matrix formats can be adopted to amortize preprocessing costs and enable optimization [21]. For the
widely used Compressed Sparse Row (CSR) format, processing each non-zero element involves four memory
access operations: Retrieving the row pointer, fetching the column index, accessing the matrix value, and reading
x based on the column index. Due to non-contiguous column indices, access to x is inherently random, resulting

ACM Trans. Arch. Code Optim.
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in poor data locality. This combination of intensive memory operations and irregular access patterns challenges
SpMV optimization on GPUs.

2.2 Tensor Core Units

Modern NVIDIA GPUs are highly parallel computing platforms with numerous Streaming Multiprocessors
(SMs). Each SM includes conventional CUDA cores (e.g., Floating-point Units) and specialized Tensor Core Units.
Tensor Cores, irst integrated into NVIDIA Volta architecture [56], are specialized hardware units tailored for
matrix multiplication tasks in domains like deep learning. These units execute Matrix Multiply-Accumulate (MMA)
operations: � ���� = � ���� × � ���� + � ���� , where � ���� and � ���� are input matrices with dimensions� × �
and �×�, respectively, � ���� is the accumulator, and � ���� is the result matrix. CUDA provides two programming
interfaces for TCUs: the high-level C++WMMAAPIs [58], which abstract away register management complexities
using data fragments, and the low-level PTX MMA APIs [59], which ofer developers iner control over register
layouts. Our work focuses on the PTX level. For example, mma.m16n8k8 computes the product of a 16 × 8
left-hand operand and an 8 × 8 right-hand operand within a single warp.

2.3 Challenges

While extracting compute-dense subregions ofers a promising path to unlock TCU acceleration for SpMV, our
design is fundamentally shaped by three technical challenges arising from the nature of real-world sparsity:
Extreme intra-matrix sparsity irregularity. While many real-world sparse matrices contain regions of

relatively high local density, these regions are typically latent, fragmented, and deeply embedded within globally
sparse structuresÐoften exceeding 99%+ sparsity [28]. This fragmentation leads to low surface compute density,
making it diicult to isolate accelerator-friendly blocks without global structural reorganization [37]. Even after
applying condensation techniques such as Sparse Graph Translation [71], the resulting matrices often retain over
90% sparsity [25], further highlighting the challenge of directly extracting usable dense regions.

Severe density variation within extracted regions. Even after isolating compute-dense regions, our analysis
shows that these subregions exhibit signiicant internal variation, with the density ranging from as low as 6.1%
to as high as 99.3% (Figure 4(b) in Section 4). This wide variability makes it infeasible to design a single TCU
kernel that performs eiciently across all density levels. Without further reinement, many extracted regions fall
into a sparsity gray zone that underutilizes sparse kernel optimizations.

Signiicant inter-matrix sparsity diversity. Sparsematrices varywidely in structure and density distribution,
posing substantial challenges for generalizable optimization [76]. While traditional SpMV auto-tuners tailored
for CPUs [44, 65, 75] and CUDA cores [6, 7, 24, 54, 62, 65, 72] leverage a rich set of storage formats and kernel
variants, TCU-based execution is constrained by a rigid dense compute mode with limited format support.
This restricts the tuning search space and complicates performance portability across matrices, especially when
targeting diverse real-world workloads.
MatXtract contains three key components to address the above challenges: Compute Density Extraction

exposes latent high-density regions in extremely irregular sparse matrices; Cascaded Execution Kernel further
leverages the hierarchical sparsity beyond CDE through a two-stage cascaded compression; Sparsity-Aware
Predictor bridges the gap between diverse sparse patterns and ixed dense accelerator utilization, supporting
adaptive coniguration selection. The remainder of this section details each component.

3 Compute Density Extraction

Compute Density Extraction (CDE) systematically restructures sparse matrices into compute-dense hot regions
for TCU execution and compute-sparse cold regions for CUDA core processing through column-row permutation.

ACM Trans. Arch. Code Optim.
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3.1 Hot-Cold Region Isolation

To prioritize memory access locality for the input vector x, CDE begins by sorting the columns of the sparse
matrix in descending order based on their non-zero counts (column lengths). From this sorted sequence, the
method selects the top � columns that collectively encompass ⌈�� × ���⌉ nonzeros (❷ in Figure 3), where ���
represents the total number of nonzeros in the original matrix and �� represents the column coverage ratio.
Subsequently, within the submatrix formed by these � columns, the method sorts the rows according to their
local row lengths and extracts the top � rows that cover ⌈�� × ���⌉ nonzeros (❸ in Figure 3), where �� represents
the row coverage ratio. This resulting � × � submatrix is called the hot region, accounting for a fraction �� of the
total nonzeros. The parameter pair (�� , �� ), which separates the hot and cold regions, is deined as the crux. Since
the hot region is a subset of the selected � columns, it follows that 0 ≤ �� ≤ �� ≤ 1.

Computing the column length is eicient: it requires only a single subtraction at the corresponding indices in
the colPtr array of the Compressed Sparse Column (CSC) format. For the submatrix comprising the selected �
columns, CDE converts its CSC representation into the CSR format. Through subtractions within the rowPtr
array of the CSR format, row lengths in this submatrix are eiciently determined. It is worth noting thatMatXtract

requires the matrix in CSC or CSR format (either one suices). CSC is used for eicient global column length
computation, but is not strictly required. CSR-only inputs are feasible. Furthermore, many high-level frameworks
provide CSC by default, such as Ligra [64], GraphBLAS [17], and Gunrock [69].

3.2 Tensor-Scalar Hybrid Optimization

After isolation, CDE leverages MMA-based TCUs to process the high-compute-density hot region, while the
remaining cold region is handled using scalar computations on CUDA cores. This tensor-scalar hybrid execution
efectively exploits improved cache utilization and TCU’s higher computational throughput for hot
regions, complemented by more uniform workloads and beter load balancing for cold regions to achieve
acceleration across both regions.

3.2.1 Hot region TCU acceleration. In the hot region, CDE improves memory access locality for the input vector
x and increases the non-zero density within Tensor Core (TC) blocks, thereby maximizing the TCU computational
eiciency. Here, TC blocks refer to dense tiles with the same shape as matrix fragments of the TCU MMA API
(i.e., 16 × 8), where the size of the irst dimension is called the TC block height (i.e., 16). Figure 3 ❸ shows that, for
the TCU-accelerated hot region, our method prioritizes sorting columns by length, enabling the placement of
high-reuse input vector elements into shared memory, improving memory access locality for x. As for the TCU

ACM Trans. Arch. Code Optim.
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eiciency optimization, our strategy of concentrating more nonzeros into a smaller region naturally increases the
density of nonzeros within TC blocks in the dense unfolding format (detailed in Section 4.2.1). Furthermore, the
subsequent row sorting ensures that rows in the hot region are arranged in descending order of their non-zero
counts. This similarity in adjacent row lengths signiicantly reduces zero padding during sparse encoding (Section
4.2.2).

3.2.2 Cold region load balancing enhancement. CDE beneits TCUs and CUDA cores concurrently. After extracting
TCU-friendly high-compute-density regions, the remaining cold regions processed by CUDA cores exhibit better
load balancing, leading to improved Warp Occupancy (Average 1.2× compared to the entire matrix in Figure 6).
This enhancement stems from the more uniform non-zero distribution in the post-CDE cold region, as illustrated
by the Row Length Standard Deviation being reduced by 75% from 2.12 (❶ in Figure 3) to 0.53 (❸ in Figure 3)
compared to the original sparse matrix.

4 Cascaded Execution Kernel

Although CDE efectively identiies computationally concentrated hot regions, our analysis reveals two hier-

archical sparsity phenomena: 1) substantial structural sparsity persists within hot regions (Figure 4(a)), and 2)
signiicant density level variations exist across diferent matrices (Figure 4(b)). These issues demand progressive
optimization beyond the CDE. This section introduces the Cascaded Execution Kernel (CEK), which implements
two compression stages on CDE-identiied hot regions and employs memory-coalesced CUDA kernels for cold
regions with more uniform non-zero distributions.

4.1 First-Cascade TCU-Aware Compression

Sparse matrices in Figure 2(a) exhibit hot regions that occupy less than 10% area but account for up to 60%
nonzeros. Figure 4(a) shows that when these dense hot regions are partitioned into chunks (groups of consecutive
rows with height equal to the TC block height) using a TC block height of 8, on average 92.6% of the columns
inside the chunks contain no nonzeros. These empty columns can be safely ignored during TCU loading without
afecting computational correctness. We refer to this intrinsic property as structural sparsity.

The TCU-aware compression shown in Figure 5(a) reduces the structural sparsity. The term TCU-aware implies
that the density improvement after compression is closely related to the TC block height. Speciically, when
the TC block height is set to 8, the compressed density is considerably higher than when it is 16 (Figure 4(b)).

ACM Trans. Arch. Code Optim.
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on the hot region. A chunk represents a row-block covering TC block height rows and comprises multiple 4×2 TC blocks,

with relevant components highlighted in red.

This is because smaller chunks with fewer rows (smaller TC block height) provide iner granularity and reduce
the likelihood of non-zero entries appearing in any given column within the chunk. This ultimately enables
TCU-aware compression to discard empty columns more efectively and improve density (Figure 4(b) 8 vs. 16). For
the FP64 data type, we use the mma.m8n8k4 instruction, which corresponds to a TC block height of 8. In contrast,
mma.m16n8k8 is more eicient for FP16. We apply an implicit register-level transposition to accommodate the
m16n8k8 MMA layout while maintaining high compressed densityśthat is, preserving the TC block height of 8.
TCU-aware compression is designed to maximize density by aggressively removing empty columns, with its

efectiveness depending on the speciic distribution of empty columns in the matrix. As shown in Figure 4(b), the
density level of hot regions in diferent sparse matrices varies signiicantly after TCU-aware compression. This
variation highlights the need for second-cascade compressionÐAdaptive Dual-Mode Compression.

4.2 Second-Cascade Adaptive Dual-Mode Compression

Building upon the compressed hot regions from the previous stage, second-cascade adaptive dual-mode compres-
sion includes two complementary compressed storage formats that adapt to the diverse density levels:

4.2.1 Dense unfolding for high density. Dense unfolding (DU) inserts explicit zeros between nonzeros at speciic
positions, transforming the original sparse format into a dense format that maintains the original non-zero
relative positional relationships. As shown in Figure 5(b), this format uses ive arrays: 1) ChunkPtr stores the
starting TC block index for each chunk; 2) TCBit encodes the non-zero layout as bitmaps within each TC block;
3) TCCol contains column indices for each TC block column; 4) TCPtr records the starting index within each TC
block in the Val array, and 5) Val stores non-zero values in row-major order within TC blocks. Dense unfolding
enables eicient reuse of both the input vector and TCCol arrays through explicit column index alignment. This
format excels in scenarios with high matrix density, as the column index storage provides higher reuse.
Densely unfolding sparse blocks in shared memory wastes signiicant bandwidth and capacity due to zero-

padding. We bypass shared memory, fetching nonzeros directly from global memory into their corresponding
register locations. Using bitwise operations (Algorithm 1, Line 13) and the __popcll hardware intrinsic (Line 14),
we decode the sparse format on-the-ly: non-zero values (���of) are placed into their correct register positions,
while zeros are implicitly synthesized through conditional assignment. For FP16, we propose an implicit register-

level transposition algorithm, which exploits the m16n8k8 MMA instruction without incurring transposition
overhead while maintaining high compression density. Speciically, line 14 of Algorithm 1 loads sparse matrix TC

ACM Trans. Arch. Code Optim.
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Algorithm 1: FP16 dense unfolding kernel with implicit transposition

Input: x[], �ℎ������ [], ����� [], ����� [], ����� [], ��� [], � ���� |� |�
Output: y[]

1 Initialize������������� ← 4;

2 ������� ← �ℎ������� .� ≫ 5; ������� ← �ℎ������� .� & 31;

3 �������� ← ������� ≫ 2; �ℎ������_��_����� ← ������� & 3;

4 �ℎ������ ← �������� .� ×������������� +������� ;

5 ������������ ← �ℎ������ [�ℎ������]; ���������� ← �ℎ������ [�ℎ������ + 1];

6 ��� [0 : 1] ← {0}; ���0, ���1← 0;

7 �_��� ← ��������

8 for ���������� ∈ [������������, ����������) do

9 ������ ← ����� [����������]; ���of ← ��� + ����� [����������];

10 for � ∈ {0, 1} do
11 �_��� ← �ℎ������_��_����� × 2 + �;

12 �_������ ← �_��� × � ���� + �_��� ; ⊲ Implicit transposition

13 ��� ← (������ ≫ �_������) & 1;

14 � ���� [�] = ��� ? ���of [__popcll(������&((1 << �_������) − 1))] : 0.0 ; ⊲ Load matrix to B fragment

15 end

16 �������� ← ����� + ���������� × � ���� ;

17 for � ∈ {0, 1} do
18 �_��� ← �������� [�ℎ������_��_����� × 2 + �];

19 � ���� [�] ← Load(x[�_���]) ; ⊲ Load dense vector to A fragment

20 end

21 ��� ← mma.sync.aligned.m16n8k8.f16.f16(� ����, � ����, ���) ; ⊲ Tensor Core PTX-level MMA

22 ���0← ���0 + ��� [0]; ���1← ���1 + ��� [1];

23 end

24 if �������� = 0 then
25 �_��� ← �ℎ������ × � ���� + �ℎ������_��_����� × 2;

26 Store(y[�_���], ���0); Store(y[�_��� + 1], ���1) ; ⊲ Store results

27 end

blocks into the right-hand side � ���� , using a transposed layout. This transposition (Line 12) modiies register
position computation without incurring memory access overhead.
Both our register-level unfolding and implicit transposition necessitate manual mapping of data to speciic

register fragments. High-level WMMA APIs abstract away the register layout and cannot support the ine-
grained, non-aligned manipulation required to feed sparse data directly into TCUs. Therefore, we employ the
PTX instruction (Algorithm 1, Line 21) to achieve explicit register-level control.

4.2.2 Sparse encoding for low density. Sparse encoding (SE) does not preserve the relative positions of nonzeros
in the original matrix. Instead, it arranges the nonzeros sequentially to it the shape required by the TCU in a
manner similar to the CSR. Figure 5(c) illustrates that the sparse encoding format comprises three arrays: 1) Val
stores non-zero and zero-padded values in a row-compressed manner; 2) Col contains corresponding column
indices; 3) BlockPtr records the starting index of each chunk in the SE-Val array. In the inal step of the compute
density extraction, the row permutation step ensures that the number of nonzeros in the hot region decreases
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monotonically across rows, which signiicantly reduces the number of zero padding required between adjacent
rows.

4.2.3 Memory footprint analysis. Regarding the sparse encoding and dense unfolding format memory eiciency,
our sparse encoding format reduces overhead by replacing CSR’s rowPtr with the more compact BlockPtr.
Additionally, our dual-mode switching selects the smaller dense unfolding format (using bitmaps for dense blocks)
under speciic conditions, further minimizing the overall memory footprint. This collectively ensures that the hot
region’s intermediate memory overhead does not exceed its original CSR/CSC representation, while the cold
region retains its standard CSR/CSC format.

4.2.4 Switching dual modes. To accommodate varying density levels in TCU-aware compressed hot regions, we
dynamically switch between two modes based on storage eiciency.

1) Problem setup. For an � ×� matrix with sparsity � , we have � =
�
tcH chunks containing TC blocks of size

tcH × tcW, �nz = (1 − �)�� nonzeros, average empty column proportion �, and �val, �idx bytes per value and
index.

2) Memory storage cost analysis. The dense unfolding format utilizes dense-bitmap storage per TC block, with
each chunk needing a pointer (�idx bytes) and each TC block requiring a TC bitmap ( tcH·tcW8 bytes), TC column
indices (tcW · �idx bytes), and a TC block pointer (�idx bytes). Nonzeros take �nz · �val bytes. The TC block count

per chunk is (1−� )�tcW , resulting in the following storage cost:

CostDU =��idx +� ·
(1 − �)�

tcW

(

tcH · tcW

8
+ tcW · �idx + �idx

)

+ �nz�val

The sparse encoding format exclusively stores nonzeros, with each chunk needing an index (�idx bytes) and
each nonzero requiring �val + �idx bytes, yielding Equations without considering zero-padding:

CostSE =��idx + �nz (�val + �idx)

3) Switching criterion. We select dense unfolding compressed format when CostDU < CostSE:

� ·
(1 − �)�

tcW
·

(

tcH · tcW

8
+ tcW · �idx + �idx

)

< �nz�idx

Substituting �nz = (1 − �)�� and � =
�
tcH establishes a sparsity threshold: dense unfolding format is optimal

for denser regions (lower �), while sparse encoding format excels for sparser regions. In practice, we evaluate hot
region sparsity � to determine the optimal mode for eicient memory footprint.

4.3 Coalesced and Load-Balanced CUDA Kernel

TCU-optimized hot regions exhibit compact dimensions that enhance input vector locality, while cold regions
show uniform, full-range access patterns that limit locality exploitation. Register-level MMA operations ofer
theoretical eiciency and are well-suited for high-locality hot regions. However, their coupled multiplication-
accumulation phases prevent intermediate result caching, which hinders efective processing of cold regions. For
cold regions, we employ CUDA core-based scalar approaches that decouple these phases, storing intermediate
multiplication results in shared memory to improve cache utilization and reduce register pressure.

4.3.1 Memory-access eficiency. Shared memory is a high-bandwidth yet limited storage resource on each SM [58].
When used efectively, multiple thread blocks can be scheduled concurrently on an SM, increasing warp occupancy
and hiding memory access latency. In our approach, each thread block is allocated ixed, contiguous segments of
seg_nnz nonzeros, with shared memory used to store their intermediate multiplication results. This approach
ensures linear, aligned mapping of threads to data. As shown in Algorithm 2 (Lines 5ś7), thread �ℎ������� .�
accesses the global memory address ��� and stores the result at shared memory index ��� . Since both ��� and
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Algorithm 2: Coalesced kernel in balanced cold regions

Input :x[],���������� [], �������[], ���������[], mul_nnz
Output :y[]

1 ���_��� ← ��������� × mul_nnz;

2 __shared__ SMEM[���_���];

3 ���_���_����� ← ���_��� × �������� .� ;

4 for i← 0 to mul_nnz do

5 ��� = �ℎ������� .� + � ×��������� ;

6 ��� = ���_���_����� + ��� ;

7 SMEM[���] = ������� [���] × � [��������� [���]] ⊲ Coalesced GMEM load, conflict-free SMEM store

8 end

9 __�����ℎ����� ();

10 ����������ℎ���� (����������, SMEM, y) ; ⊲ Row accumulation in load-balanced cold regions
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Fig. 6. Warp occupancy ratio (cold region vs. entire matrix, shown as points) and row length coeficient of variation (CV)

stacked percentage distribution (shown as bars).

��� are calculated as a linear function of �ℎ������� .� with a stride of 1 (i.e., ��� = �ℎ������� .� + � × ���������),
consecutive threads in a warp access contiguous memory. This layout guarantees: 1) Coalesced global memory
loads. Multiple memory requests from a warp are combined into a single transaction because the addresses are
physically adjacent. 2) Conlict-free shared memory accesses. For FP16, vectorized mapping (e.g., half2) packs
elements into 32-bit units aligned with hardware bank width, ensuring each thread targets a distinct bank. For
FP64, unit-stride indexing naturally maps consecutive threads to independent banks without swizzling or padding.
After multiplication, threads within each block collaboratively accumulate the intermediate results stored on-chip.

4.3.2 Load balancing. Row length variations cause load imbalance in SpMV due to intra-row accumulation
dependencies. After Compute Density Extraction, cold regions exhibit more uniform non-zero distributions than
the original matrix, resulting in a lower coeicient of variation for non-zero counts per row. This enhanced
balance of row lengths directly translates into a signiicant improvement inWarp Occupancy for row accumulation
(Line 10 in Algorithm 2), as demonstrated in Figure 6.

5 Sparsity-Aware Predictor

The sparsity-aware predictor (SAP) constructs an ininite two-dimensional (2D) search space for adaptive TCU
selection. To eiciently navigate this search space, we design a Bayesian optimization-based module for generating
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feature\matrix loc-Gowalla 3dtube

pRatiorow 14730 236.4 

Top10row 190.007 33.261 

Top50row 78.920 1.143 

Top100row 50.993 1.143 

Hot10row 0.001 0.080 

Hot20row 0.008 0.168 

Hot30row 0.019 0.255 

Hot40row 0.039 0.343 

cruxBO (0.63,0.15)(0.62,0.41)
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Fig. 7. Crux diversity and high correlation with features.
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optimal cruxBO (Bayesian-optimized hot-cold threshold points). Using feature engineering and cruxBO values, we
train a tree-based model for runtime adaptive tuning.

5.1 2D Search Space Construction

Integrating TCU acceleration into SpMV auto-tuning frameworks is challenging. The rigid dense-matrix compu-
tation mode of TCUs results in limited available formats and kernels, constraining the optimization space and
performance generalization. Traditional ML-based SpMV methods [44, 62, 65, 75] select implementations over
ixed computation regions; in contrast, we dynamically adjust TCU computation regions while keeping
the implementation method ixed. We recast the search space as an ininite 2D space deined by the crux (�� ,
�� ). For each sparse matrix, we identify a near-optimal crux that maximizes SpMV performance, tailoring the
computation region to the matrix’s unique sparsity pattern.

5.2 Bayesian-Optimized Crux Generation

We deine a performance function � (�� , �� ) representing the execution time of SpMV under a given parameter
pair (line 3 in Algorithm 3). Directly evaluating � is computationally expensive, requiring kernel compilation
and execution per sample, making exhaustive grid search infeasible. Moreover, � lacks analytical expression and
derivative information, ruling out gradient descent methods.
We adopt Bayesian optimization, a probabilistic approach for locating optima with minimal evaluations.

Bayesian optimization constructs a surrogate model to approximate � and iteratively selects sampling points
based on prior evaluations. For each sparsematrix, this yields a cruxBO, which serves as labeled data for trainingML
models (lines 4-5 in Algorithm 3). The cruxBO exhibits both diversity and learnability, supporting the efectiveness
of feature-based SAP.

Diversity. Sparse matrices have diverse non-zero distributions. For matrices with highly skewed distributions,
our approach extracts dense blocks, with optimal block shape depending on the degree of imbalance. Figure 7
demonstrates diferent optimal crux conigurations across two matrices. Conversely, uniformly distributed
matrices resist dense block extraction, as row/column permutation fails to alter the non-zero distribution. For
small matrices, exclusive reliance on Tensor Cores or CUDA cores may be optimal.
Learnability. The strong correlation between cruxBO and global matrix features enables learning-based

prediction. Figure 7 shows that for loc-Gowalla and 3dtube with similar optimal �� values (0.63 and 0.62), optimal
�� exhibits strong correlation with metrics such as pRatiorow, TopKrow and HotRrow, whose deinitions and
formulas are detailed in Table 2. According to the table on the right side of Figure 7, loc-Gowalla exhibits a
signiicantly more skewed row distribution than 3dtube, manifested by a 62× higher pRatiorow (14,730 vs. 236.4),
higher TopKrow, and lower HotRrow. Consequently, the optimal �� for loc-Gowalla is lower than that of 3dtube
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Algorithm 3: Sparsity-Aware Parameter Prediction

Input :Sparse matrix collection M, feature extractor � (·)
Output :Sparsity-aware predictorP : R� → [0, 1]2

⊲ Phase I: Generate cruxBO via Bayesian optimization

1 D← ∅;

2 for each matrix� ∈M do

3 �� (�� , �� ) ← SpMV execution time on� ;

4 cruxBO ← BayesianOptimization(�� ,S2� ) ; ⊲ 2D search space navigating

5 D← D ∪ {(� (�), cruxBO)} ; ⊲ Feature-cruxBO pair collection

6 end

⊲ Phase II: Train tree-based sparsity-aware predictor

7 D�����,D���� ← StratiiedSplit(D, nnz_quantiles);

8 T ← {RandomForest,XGBoost,GBDT,AdaBoost};

9 P
∗ ← argminP∈T CrossValidate(P,D�����);

10 P
∗ .�����(D�����) ; ⊲ Train the best model

⊲ Phase III: Runtime adaptive tuning

11 for unseen matrix���� do

12 cruxML ← P
∗ (� (����)) ; ⊲ Predict optimal cruxML

13 Dynamically adjust TCU computation region using cruxML;

14 end

(0.15 vs. 0.41). This suggests that matrices with more skewed row distributions require fewer rows to encompass
a larger share of nonzeros.

5.3 Tree Model-based Crux Prediction

Algorithm 3 formalizes the sparsity-aware parameter prediction framework, which employs Bayesian optimization
to generate training data with cruxBO (lines 4-5), then selects the best-performing model from four tree-based
ensemble models (lines 8-9) to enable runtime cruxML (ML-predicted crux) prediction for unseen sparse matrices
(line 12). The model training, validation, and efectiveness evaluation are detailed in Section 6.3. Figure 8 illustrates
the Sparsity-Aware Predictor and its integration within the overall SpMV framework. The predictor is trained
oline. The dataset comprises 2,059 sparse matrices, each characterized by engineered features that relect
sparsity patterns, as shown in Table 2. This approach ensures sparsity-driven tuning of SpMV, leveraging the
complementary strengths of TCUs and CUDA cores across diverse sparsity patterns.

6 Evaluation

6.1 Experimental Setup

Platforms. Our experimental platform consists of an NVIDIA A100 80GB PCIe GPU (Ampere) and a GeForce
RTX4070 Ti SUPER GPU (Ada Lovelace). 1) A100 has 432 Tensor Core units and 6912 CUDA cores, 80 GB graphics
memory. 2) RTX4070 has 264 Tensor Core units and 8448 CUDA cores, 16 GB graphics memory.

Baselines. We compare the performance of MatXtract2 with the following state-of-the-art SpMV kernels on
TCUs and CUDA cores: cuSPARSE [60] v12.8 in FP16 and FP64, DASP [48] in FP16 and FP64, CSR5 [45] in FP64,
and Merge-SpMV [51] in FP64. All of these approaches are tested on their available open-source code. Note that
we only evaluate the FP16 data type in the RTX4070 platform, as it lacks native FP64 TCU support [57].

2https://github.com/luuhwy/MatXtract.git
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Table 2. Sparse Matrix Features

Category Feature Description Formula

Matrix

Dimensions

nrows Number of rows �rows
ncols Number of columns �cols
nnz Total non-zero elements ���

Sparsity Statistics

�row, �col Mean nonzeros per row/column �row =
���
�rows

�row, �col Standard deviation of nonzeros per
row/column

�row =

︃

1
�rows

∑�rows
�=1 (���� − �row)

2

minrow, mincol Minimum nonzeros per row/column min({���� })
maxrow, maxcol Maximum nonzeros per row/column max({���� })

pRatiorow, pRatiocol Maximum-to-minimum ratio
max(nnzrow/col )

min(nnzrow/col )

Density Skew
TopKrow, TopKcol Ratio of �-th largest non-zero count

to mean, where
� ∈ {1, 2, 3, 4, 5, 10, 50, 100, 200, 300}

��� [� ]
�row/col

HotRrow, HotRcol Proportion of rows/columns covering
�% nonzeros, where
� ∈ {10, 20, . . . , 90}

| {� |
∑�

�=1 ��� [ � ]≥�%·���} |

�rows/cols

1 ���� denotes the number of nonzeros in the �-th row/column, and ��� [� ] denotes the �-th largest non-zero count.
2 TopK: Heavy-tailed distribution indicators. Higher values indicate heavy-tailed distributions.
3 HotR: Spatial concentration metrics. Lower values imply denser concentration (e.g., Hot10row=0.01means 1% rows contain 10% nonzeros).
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Fig. 9. Performance speedups of MatXtract (with Bayesian-optimized cruxBO) over vendor-tuned cuSPARSE and state-of-

the-art approaches for FP64 on A100, where X-axes are matrix non-zero count and Y-axes are speedups. Points within the

non-significant acceleration range are shown in gray.

Datasets. We use 2,059 sparse matrices from the SuiteSparse Matrix Collection [18], covering matrices with
1,000 to 2,000,000,000 nonzeros.

Overheads. Bayesian-optimized crux generation and tree-based model training are performed oline, once per
hardware platform, and are excluded from the execution time. The inference of the tree model prediction (Line
12 in Algorithm 3), matrix reorganization, and compression overhead are performed once for each new sparse
matrix, which we refer to as online preprocessing overhead. Discussion of both types of overhead is presented in
Section 6.5.
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Fig. 10. Performance speedups for FP16 on A100.
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Fig. 11. Performance speedups for FP16 on RTX4070.

Table 3. Model Evaluation Results

Cross-Validation Final Test (RandomForest)

Model (MSE) �� ��

RandomForest (0.00755) MSE: 0.00729 MSE: 0.00323
XGBoost (0.00873) MAE: 0.02068 MAE: 0.01039
AdaBoost (0.01466) R2: 0.56232 R2: 0.37203
GBDT (0.00813) Avg:MSE = 0.00526, MAE = 0.01553

6.2 Bayesian Optimization-based SpMV Performance

MatXtract is evaluated across the entire dataset using cruxBO identiied through Bayesian optimization. Figures 9
and 10 illustrate the speedup of MatXtract compared to other methods on the A100 GPU, with ratios within
±10% of 1 shaded in gray to denote negligible diferences. For FP64 computations, MatXtract achieves up to
7.64× (average 2.06×) over cuSPARSE, 7.55× (average 1.38×) over cuSPARSE with preprocessing (cuSPARSE-P),
10.23× (average 1.54×) over DASP, 3.78× (average 1.93×) over Merge-SpMV, and 4.65× (average 2.26×) over CSR5.
For FP16, MatXtract outperforms cuSPARSE by up to 10.15× (2.24× average), cuSPARSE-P by up to 9.76× (1.6×
average), and DASP by up to 3.12× (1.26× average).
On RTX4070 with Ada Lovelace architecture (Figure 11), the speedups reach up to 11.85× (2.21× average)

over cuSPARSE, 12.1× (2.09× average) over cuSPARSE-P, and 6.5× (1.44× average) over DASP. The consistent
performance gains across both Ampere (A100) and Ada Lovelace (RTX 4070) platforms demonstrate thatMatXtract

adapts robustly to diverse architectural characteristics, including varying Tensor Core capabilities, memory
hierarchies, and register ile organizations. MatXtract adapts the crux to generalize across a wide range of matrix
sizes. For some small matrices that fully it in the L2 cache, the crux may determine that exclusive TCU reliance
is optimal, yielding greater performance beneits from our TCU-optimized cascaded compression.

Note that the total computational time equals the sum of Tensor Core and CUDA core execution times. While
theoretically, full exploitation of parallelism between these units could yield more substantial speedups, our
experimental platform shows limited parallel eiciency. This occurs because Tensor Cores require substantial
register resources to store intermediate matrix operation results, while CUDA cores rely on the register ile
(RF) for thread-level data bufering. Concurrent RF access requests from both units create a register bandwidth
bottleneck within the SM, limiting parallelism between CUDA cores and Tensor Cores.
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Fig. 12. Performance comparison on the test set. The X-axis is a test set of 412 sparse matrices based on 80:20 stratified

sampling of nonzeros, and its Matrix ID is sorted from small to large according to MatXtract GFLOPS.

6.3 Sparsity-Aware Predictor Performance

Stratiied sampling based on non-zero counts is applied to categorize matrices into ive quantile-based strata
with an 80%-20% train-test split. We evaluate Random Forest, XGBoost, AdaBoost, and GBDT using 5-fold cross-
validation on training data, comparing mean squared error (MSE), mean absolute error (MAE), and R2 score. As
shown in Table 3, Random Forest achieves the best performance with an average cross-validation MSE of 0.00755.
On the test set, Random Forest exhibited low error metrics, with an average MSE of 0.00526 and an average

MAE of 0.01553. Speciically, the R2 value for �� exceeds that of �� , indicating a stronger explanatory power
for predicting �� . The observed diference in prediction accuracy between �� and �� aligns well with our design
strategy. During the parameter optimization phase (Bayesian optimization), �� is determined irst, serving as the
primary parameter inluencing SpMV performance. Once �� is ixed, �� is subsequently optimized based on the
previously established �� . This sequential optimization inherently introduces conditional dependence and greater
variability into the determination of �� .

Using ML-predicted parameters (cruxesML),MatXtract achieves substantial speedups on the test set (Figure 12).
On A100 with FP64, speedups reach up to 4.43× (2.16× average) over cuSPARSE, 8.07× (1.61× average) over
DASP, 3.59× (2.04× average) over Merge-SpMV, and 4.35× (2.39× average) over CSR5. For FP16, speedups are up
to 8.83× (1.81× average) over cuSPARSE and 2.97× (1.39× average) over DASP. On RTX4070 with FP16, speedups
reach up to 9.75× (1.87× average) over cuSPARSE and 6.49× (1.56× average) over DASP.MatXtract exhibits robust
performance generalization across diverse sparse matrices, outperforming cuSPARSE on 96.64% of the test cases
on average across both FP16 and FP64 precision. To demonstrate MatXtract’s performance advantage on large
matrices, Figure 13 presents the results for 32 sparse matrices commonly used in previous SpMV optimization
work [45, 53, 73] on the A100 platform. The results show thatMatXtract consistently outperforms other methods
across nearly all test cases.

6.4 Performance Analysis

Memory bandwidth utilization is the primary metric for evaluating hardware eiciency for SpMV. Table 4 presents
the memory bandwidth utilization comparison. Across the 32 sparse matrices shown in Figure 13, MatXtract

achieves average bandwidth utilizations of 69.4% and 58.4% for FP64 and FP16, respectively, outperforming
cuSPARSE’s 62.7% and 42.1%. Although FP16 mode delivers higher GFLOPS, its bandwidth utilization is consis-
tently lower than FP64. This disparity stems from the diminished proportion of efective payload: in CSR-based
SpMV, while value sizes shrink under FP16, column indices remain unchanged, diminishing the proportion
of useful loating-point data per memory transaction and increasing the relative overhead of index metadata.
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Fig. 13. SpMV Performance on 32 representative matrices.

Matrix uk-2005 it-2004 sk-2005 GAP-web arabic-2005 cage15 ML_Geer coPapersDBLPBump_2911 af_shell10

c 0.66 0.72 0.56 0.65 0.57 0.40 0.66 0.85 0.00 0.00

r 0.41 0.51 0.45 0.42 0.49 0.30 0.41 0.70 0.00 0.00
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Fig. 14. Memory access behavior (measured by NVIDIA Nsight Compute) with cruxes.

Additionally, matrices such as cit-Patents and web-Google exhibit notably lower utilization, attributable to their
highly irregular sparsity patterns that induce severe load imbalance and poor spatial/temporal cache locality.

Figure 14 details the cruxesML values and memory access characteristics of the matrices in Figure 13.MatXtract

exhibits superior cache throughput and hit rates compared to the TCU-only DASP method. This is attributable to
improved cache utilization for hot regions when accessing the input vector x and coalesced memory access for
cold regions when accessing the sparse matrix A.

MatXtract’s speedup stems not only from improved cache locality through algorithmic CDE transformations,
but also from TCU’s superior computational throughput for dense operations. The hot regions identiied by
Bayesian optimization are typically small (area< 5%), dense (nnz> 60%), making them ideal candidates for
TCU acceleration. While applying permutation directly to the CUDA core improves hot region cache locality,
it sacriices the opportunity to leverage TCU computational throughput (Figure 15 Stage I). Our performance
breakdown (Figure 15 Stage I→ II) conirms that TCUs (SE-TC) can leverage their raw computational power and
outperform CUDA cores (Algorithm 2). This further demonstrates thatMatXtract efectively identiies and
extracts regions well-suited for TCU acceleration to enhance overall SpMV performance.
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Table 4. Bandwidth utilization on A100. BW denotes the efective bandwidth, and Util. represents the ratio of efective

bandwidth to the peak theoretical bandwidth of the hardware.

Matrix
FP64 FP16

Our BW (GB/s) Our Util. (%) cuSPARSE Util. (%) Our BW (GB/s) Our Util. (%) cuSPARSE Util. (%)

af_shell0 1510.3 78.1 68.6 1069.8 71.9 55.3

amazon-2008 1343.3 69.4 63.2 795.5 46.3 41.1

arabic-2005 1526.4 78.9 68.7 832.4 72.6 43.0

Bump_2911 1449.4 74.9 68.3 1016.4 73.2 52.5

cage15 1295.5 66.9 65.0 944.4 67.6 48.8

cit-Patents 912.6 47.2 45.0 585.1 28.7 30.2

com-Orkut 998.1 51.6 49.9 514.3 31.3 26.6

coPapersDBLP 1424.9 73.6 73.8 825.0 52.9 42.6

Cube_Coup_dt0 1601.7 82.8 68.3 1014.4 74.2 52.4

delaunay_n24 1163.8 60.1 55.5 988.0 59.9 51.1

dielFilterV3real 1509.4 78.0 72.0 937.8 71.7 48.5

GAP-web 1503.9 77.7 69.8 826.7 74.6 42.7

higgs-twitter 1276.4 66.0 58.0 674.3 38.8 34.8

in-2004 1254.8 64.8 61.1 919.7 49.9 47.5

it-2004 1510.3 78.1 68.6 842.5 72.6 43.5

kron_g500-logn20 1347.7 69.6 51.0 448.8 43.5 23.2

Long_Coup_dt6 1484.8 76.7 68.4 1009.7 72.5 52.2

mip1 1325.2 68.5 71.7 647.2 53.2 33.4

ML_Geer 1639.3 84.7 71.0 976.0 74.5 50.4

nlpkkt240 1391.7 71.9 65.4 894.1 73.4 46.2

pkustk12 1233.2 63.7 63.2 693.4 55.6 35.8

rgg_n_2_23_s0 1222.6 63.2 53.4 844.2 52.1 43.6

RM07R 1504.1 77.7 73.9 853.0 69.5 44.1

sk-2005 1500.9 77.6 69.8 826.2 74.7 42.7

sx-stackover 995.0 51.4 46.8 520.0 29.5 26.9

uk-2002 1371.7 70.9 64.8 905.8 67.0 46.8

uk-2005 1488.4 76.9 67.3 868.0 71.2 44.9

vas_stokes_4M 1347.3 69.6 66.7 865.8 68.6 44.7

wb-edu 1271.7 65.7 62.1 955.6 56.0 49.4

webbase-2001 1289.1 66.6 63.1 935.6 60.8 48.3

web-Google 1004.5 51.9 46.6 471.6 26.2 24.4

wikipedia-20070206 1257.3 65.0 44.7 566.6 35.6 29.3

6.5 Overhead Analysis

MatXtract incurs both oline and online computational overhead. The oline overhead is executed once per
hardware platform across the entire training set of sparse matrices. The online overhead, also known as sparse
matrix preprocessing, is performed once for each individual matrix. This overhead is easily amortized by the
cumulative beneits of subsequent iterations in iterative solvers such as Krylov subspace methods.

In the oline phase, Bayesian optimization eiciently converges to optimal cruxBO parameters within 12 SpMV
kernel execution times on 32 commonly used sparse matrices. When considering online prediction overhead alone,
MatXtract achieves superior end-to-end execution time compared to the Merge-SpMV baseline (which requires
no preprocessing) after an average of ~5 SpMV iterations. This demonstrates that our proposed Sparsity-Aware
Predictor is both lightweight and practical, efectively balancing prediction eiciency with overhead across diverse
sparsity patterns. When other online overhead (matrix reorganization and compression costs) are included, the
break-even point extends to 15-48 iterations, depending on speciic matrix characteristics. This overhead is
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worthwhile since SpMV operations in Krylov subspace methods typically iterate hundreds of times, allowing the
costs to be efectively amortized.
Uniformly distributed matricesÐakin to the Eight Queens problemÐresist dense block extraction, as row-

column reordering cannot alter their nonzero distribution. For some matrices with small sizes, exclusive reliance
on either Tensor Cores or CUDA cores often yields optimal performance. Consequently, preprocessing overhead
for sparse matrices with small matrix sizes and very uniform non-zero distributions (e.g., Bump_2911 and
af_shell10 in Figure 14) becomes very lightweight, requiring only prediction cost without matrix reorganization.
The worst-case scenario for preprocessing will occur oppositely, because crux typically guides a complete
preprocessing process that includes prediction, reorganization, and compression.

7 Related Work

Matrix reordering for cache locality optimization.Many heuristic reordering algorithms have been proposed
to improve the cache locality of SpMV. These algorithms can be categorized into four primary groups [67]:
1) bandwidth and proile reducing orderings, such as Cuthill-McKee (CM) [13] and Reverse Cuthill-McKee
(RCM) [46], which cluster nonzeros near the diagonal to improve data locality; 2) ill-in reducing orderings,
including Approximate Minimum Degree (AMD) [2] and Nested Dissection (ND) [39], primarily designed to
minimize ill-in during sparse factorization; 3) partitioning-based orderings utilizing graph partitioning (GP) [39] or
hypergraph partitioning (HP) [81] to minimize edge-cut and communication; and 4) microarchitecture-optimized
approaches like Gray ordering [79], which improves branch prediction. While efective in speciic scenarios,
these heuristic methods are inherently static best-efort strategies. According to Trotter et al.’s comprehensive
evaluation [67], we can see that these static strategies lack adaptability to hardware characteristics and sparse
matrices, and often introduce substantial reordering overhead. Our compute density extraction difers from
traditional reordering in two key aspects. First, it is co-designed with Bayesian Optimization for identifying
efective reordering termination coordinates and two-stage cascaded compression for handling hierarchical
sparsity, enabling robust generalization across platforms and matrices. Second, it targets globally dense regions
to beneit both TCUs and CUDA cores while maintaining low preprocessing overhead, thus fully utilizing
heterogeneous hardware with minimal amortization requirement.

Manual SpMVonCUDAcores.Traditional SpMV optimization on CUDA cores primarily focuses on designing
hand-tuned storage formats and computational kernels. These formats often relect the design strategy of the
current method. Building upon CSR, Coordinate (COO), and ELLPACK (ELL), many advanced formats have been
proposed to improve workload balance [11, 33] and memory access locality [1, 23]. Notable derivatives of CSR

ACM Trans. Arch. Code Optim.



20 • L. Wang et al.

include PCSR [36], CSX [40], ACSR [4], CSR-Scalar [30], CSR-Vector [22], CSR-Stream [32], CSR-Adaptive [14],
CSR5 [45], Merge-SpMV [51], and LightSpMV [47]. COO-based advancements encompass BCCOO [74], SCOO [16],
and BRO-COO [66]. Variants of the ELL format include SELL [52], SELL-C-� [41], ESB, AdELL [50], and ELL-R [68].
Some hybrid approaches, like the Hybrid (HYB) format [5] and TileSpMV [55], leverage the strengths of diferent
formats to enhance performance.
Manual SpMV on Tensor Cores. With the rapid progress of deep learning, specialized units designed

to accelerate matrix multiplication, such as TCUs, are increasingly integrated into emerging processors, pro-
viding acceleration opportunities for many workloads, including euclidean distance calculations [12], stencil
computations [35, 78], sparse matrix-matrix multiplication [26, 61], scan algorithm [15], as well as other applica-
tions [27, 34, 38, 42, 43, 49, 70]. DASP [48] and Spaden [9] target the SpMV TCU-only acceleration. They both
force all sparse computations into dense accelerators. DASP groups matrix rows and designs eicient computation
kernels tailored to each group. Spaden introduces a bitmap-based format and kernel to accelerate relatively dense
sparse matrices.

SpMV auto-tuners on CUDA cores. To improve performance generalization, machine learning has emerged
as a viable approach for selecting optimal formats [29, 75]. SMAT [44, 65] uses decision tree-based learning to
automatically select optimal formats by extracting structural features from over 2,000 matrices. Other ML-based
SpMV auto-tuners [7, 24, 62] leverage a variety of models, including decision trees [54, 72], multiclass support
vector machines [6, 54], multilayer perceptron [54], and CNNs [80], to predict and select the most suitable method
for a given sparse matrix on GPUs.
Workload partitioning in heterogeneous systems. The central challenge in heterogeneous computing

is matching architectural capabilities to application characteristics to maximize performance. Shen et al. [63]
formalize this placement problem by modeling workload partitioning as a multi-dimensional function over
hardware conigurations, kernel types, and input datasets. Beyond coarse-grained distribution, modern integrated
architectures enable ine-grained collaboration. FinePar [77] transforms the input irregular kernel to use both
the CPU and GPU, and builds performance models for partitioning the workload, achieving both device-level
and thread-level load balance. To eliminate the overhead of oline proiling, Cho et al. [10] propose on-the-ly
partitioning, shifting the placement decision to runtime. These works establish that efective processor mapping
depends on a synergistic understanding of both hardware-speciic capabilities and data-dependent workload
characteristics [8].

8 Conclusion

This paper introducesMatXtract, a sparsity-aware transformation system that signiicantly enhances the ei-
ciency of TCU-accelerated SpMV. To address the limitations of TCU-only approaches,MatXtract incorporates
three components. First, Compute Density Extraction optimizes memory hierarchy utilization and generates
computation substrates well-suited for Tensor-CUDA cores. Second, Cascaded Execution Kernel further leverages
the hierarchical sparsity on CDE-identiied hot regions through a two-stage cascaded compression and employs
memory-coalesced CUDA kernels for uniform cold regions. Third, the Sparsity-Aware Predictor ensures consistent
performance across diverse sparsity patterns on ixed dense accelerators. Comprehensive experiments on modern
GPUs show that MatXtract achieves substantial speedups over Tensor and CUDA core-based SpMV implementa-
tions across most sparse matrix scenarios. MatXtract’s design of partitioning sparse workloads by heterogeneous
unit characteristics and enabling their independent execution provides a foundation for two promising directions.
First, it can exploit enhanced parallelism between Tensor Cores and CUDA Cores in advanced hardware (e.g.,
Hopper’s WGMMA) to further unlock the acceleration potential of tensor-scalar hybrid algorithms. Second,
this design enables exploration of other heterogeneous collaborations, such as CPU-GPU systems. Leveraging
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MatXtract’s existing partitioning logic, highly irregular tasks can be oloaded to the CPU via asynchronous
scheduling to hide communication and synchronization overhead.
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