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Abstract—Sparse iterative methods with static sparse matrices
form the backbone of many applications, where SpMYV is the
primary performance bottleneck. Conventional optimizations
typically involve costly matrix-specific preprocessing, causing
unamortizable overhead as algorithmic advances reduce iteration
counts. We present SPIKe, a practical SpMV Kkernel generator
targeting efficient sparse iterative methods across a wide spec-
trum of iteration counts. SPIKe comprises three key techniques:
1) Online Thread-Level Parallelism Adaptation policy, using a
thread-computed row span proxy to enhance load balance for
uniform tiles; 2) Online Warp-Level Asymmetric Scheduling policy,
featuring a lightweight Warp-as-a-Sensor to route skewed tiles
to asymmetric code paths; 3) Offline Architecture-Domain Co-
Aware Code Generation for Kkernel optimization following the
preceding policies. Across 2,294 matrices, SPIKe outperforms six
baselines with negligible preprocessing overhead. In end-to-end
evaluations spanning varying iteration counts, SPIKe achieves
average speedups of 2.78x for PageRank and 4.26x for GMRES
against GraphBLAS and PETSc.

Index Terms—Sparse Iterative Method, Preprocessing, SpMV

I. INTRODUCTION

Sparse iterative methods form the computational backbone
of numerous applications, from linear solvers [1] to graph an-
alytics [2]. The performance of these iterative methods heavily
relies on Sparse Matrix-Vector multiplication (SpMV), which
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is invoked repeatedly during iterations. However, the irregular
non-zero distribution of sparse matrices often leads to poor
memory access locality [3] and load imbalance on GPUs [4].
Because sparse matrices typically remain static across itera-
tions, researchers often develop sophisticated matrix-specific
preprocessing techniques [4]—[7] to regularize non-zero distri-
butions and accelerate the SpMV kernel.

Yet, these techniques are not practical in sparse iterative
methods with a wide spectrum of iteration counts. When con-
sidering total time-to-solution, seemingly high-performance
kernels can become uncompetitive due to heavy online pre-
processing costs. Fig. 1 shows that PageRank using the power
method converges in only 23 iterations on the europe_osm
matrix, while generalized minimal residual method (GM-
RES) with Jacobi preconditioning converges in just 7 itera-
tions on cage15. Although the well-known CSRS5 [5] shows
marginally superior kernel performance on europe_osm, it
does not outperform cuSPARSE [8] until ~731 iterations
(Fig. 1(a)). This indicates that its preprocessing overhead
prevents it from achieving superior end-to-end performance
within practical convergence iteration counts. Furthermore,
preprocessing-based implementations sometimes exhibit in-
ferior kernel performance (Fig. 1(b)), negating potential ad-
vantage. This reveals a fundamental contradiction in the
preprocessing-centric paradigm: achieving higher kernel per-
Jormance demands increasingly sophisticated preprocessing,
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Fig. 1: Number of iterations required for algorithm con-
vergence (vertical lines) and kernel performance on H100
(assuming consistent per-iteration kernel execution time). The
amortization point in (a) (cuSPARSE-CSRS5 crossover) is
exact in iteration count but schematic in elapsed time.

which requires more iterations to amortize. Meanwhile,
modern numerical algorithms (e.g., advanced preconditioners)
are actively reducing required iteration counts [1], widening
the gap between kernel design and practical utility.

As matrix preprocessing costs rise and iteration counts
algorithmically fall, conventional approaches yields diminish-
ing returns. This paper proposes SPIKe, a SParse Iterative
Kernel generation method that produces practical SpMV
kernels in sparse iterative methods, achieving high end-to-
end performance across a wide spectrum of iteration counts.
SPIKe operates on Compressed Sparse Row (CSR) format and
comprises two components: the Online Policy Template and
the Offline Code Generator. Their designs are grounded in
the following two key observations.

1) Sparse matrix preprocessing efforts are essentially equiv-
alent to runtime tile-to-code-path adaptation. Preprocessing
encompasses the pre-computation and storage of matrix spar-
sity and architecture-specific information. For prevalent CSR-
based nnz-split approaches [5], [7], current preprocessing
encodes each tile’s’ unique sparse structure into standardized
metadata for fitting a single, fixed code path?. This pre-
standardization regularizes non-zero distribution and enhances
runtime load balancing and memory bandwidth efficiency. In
this context, costly preprocessing efforts can be equivalently
offloaded to online tile-to-code-path adaptation: dynamically
selecting the optimal code path for each tile based on its
raw inner non-zero pattern. However, with numerous tiles,
even simple per-tile operations introduce significant runtime
overhead, making lightweight tile pattern analysis essential.

2) Sparse matrices from the same problem domain exhibit
similar sparsity characteristics (domain sparsity), requiring

ITiles refer to matrix partitions created by nnz-split, each containing equal
numbers of consecutive non-zeros with different non-zero distributions.

2Code path refers to the sequence of instructions executed by a thread block
processing its assigned tile; Fixed code path means all thread blocks execute
the same instruction sequence regardless of their assigned tile’s structure.

tailored codes. For nnz-split approaches, we find that tile struc-
ture distributions exhibit intra-domain clustering and inter-
domain divergence (Fig. 4). When partitioning a sparse matrix
into tiles of 512 consecutive non-zeros, nearly all tiles from
road domain matrices (e.g., europe_osm, road_usa) span ex-
ceeding 128 rows (Fig. 3). In contrast, for biology-domain
matrices (e.g., human_gene), this value is almost univer-
sally 1. Such tile distribution disparities necessitate different
efficient codes for optimal runtime execution. Fortunately,
users typically operate within specific domains. This stability
enables an offline code-generation stage that is executed once
per hardware platform for matrices from the same problem
domain, rather than being repeated for every individual matrix.

Guided by these observations, our design is twofold. First,
to address the challenge raised at the end of Observation 1,
we propose two lightweight Online Policy Templates. Second,
to exploit the domain sparsity identified in Observation 2,
we employ an Offline Code Generator to instantiate online
templates for specific architecture-domain pairs.

Regarding the online policy template, SPIKe begins with
Thread-Level Parallelism Adaptation (TPA) that employs
lightweight per-tile analysis to select appropriate code paths
maximizing load balance and bandwidth utilization. Path se-
lection requires determining cooperative thread values for each
tile’s row reduction. These values are derived from thread-
level row span without data conversions. Additionally, SPIKe
designs online Warp-Level Asymmetric Scheduling (WAS)
policy template to address TPA’s imbalance on skewed tiles
with super-long rows. WAS introduces Warp-as-a-Sensor to
perform asymmetry detection solely through register-level
shuffle instructions. Upon detecting asymmetry, WAS routes
the tile to a dedicated code path with more thread resources
for long row reductions.

For the offline code generator, SPIKe employs Architecture-
Domain Co-Aware Code Generation (ACG) to formalize and
instantiate the two aforementioned online policy templates into
offline-optimized code. Specifically, ACG performs domain-
specific benchmarking and architecture-aware searching to
generate specialized high-performance code paths for different
domains and platforms. Unlike conventional online prepro-
cessing, which analyzes matrices after program invocation and
blocks the application’s critical path, our generation occurs
entirely before the application runs, eliminating auto-tuning
overhead from the online preprocessing.

We evaluate SPIKe at both the kernel and application levels:

1) At the kernel level, SPIKe outperforms non-preprocessing
baselines (CUSP [9], LightSpMV [10], Merge-SpMV [11])
with average speedups of 3.97x on H100 and 4.06x on
A100. For preprocessing-based baselines (CSR-Adaptive [12],
CSRS [5], cuSPARSE [8]), we evaluate only the isolated kernel
GFLOPS, discounting any preprocessing overhead. Although
their preprocessing effectively boosts the SpMV kernel per-
formance, SPIKe still maintains a significant edge, achieving
1.90x (H100) and 1.69x (A100) average speedups.

2) At the application level, SPIKe incurs the lowest
preprocessing overhead among all evaluated preprocessing-
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Fig. 2: Overview of SPIKe and comparison with conventional format-based methods (detailed in the bottom-right).

TABLE I: Preprocessing-based CSRS5 and preprocessing-free
Merge-SpMV performance comparison. The table reports the
isolated kernel speedup and the break-even iterations required
for CSRS to achieve a lower end-to-end execution time.

Matrix CSR5 Kernel Speedup  Break-even Nj;c,
cit-Patents 1.14x 686
mouse_gene 1.35x% 252
wiki-Talk 1.21x 913
road_usa 1.11x 155

based implementations. This practical efficiency translates
to average end-to-end speedups of 4.26x for GMRES
and 2.78x for PageRank over PETSc [13] and SuiteS-
parse:GraphBLAS [14], respectively. These results compre-
hensively demonstrate SPIKe’s advantages in both kernel
performance and practicality. Our contributions include:

o The offline-generation, online-adaptation SPIKe that re-
solves the contradiction between kernel performance and
preprocessing cost in sparse iterative methods.
Lightweight online policies that perform thread- and
warp-level adaptation, dynamically matching each tile to
a specialized code path.

A code generator that offline-produces a library of spe-
cialized kernels, leveraging domain sparsity and domain
context stability for performance.

II. BACKGROUND AND MOTIVATION
A. CSR and Non-Zero-Based Split

The Compressed Sparse Row (CSR) format represents a
sparse matrix via val, col_idx, and row_ptr arrays. Unlike
row-splitting, which is sensitive to non-zero distributions, the
non-zero-based split (nnz-split) strategy consistently partitions
matrices into tiles with equal non-zeros. To enable parallel
computation and correct result placement, CSR-based nnz-split
methods [5], [7] generate a lightweight tile_ptr array mapping
each tile to its starting global row index (Fig. 2).

B. Breaking the Preprocessing Overhead Wall

In sparse matrix computations, preprocessing is a per-matrix
online setup that leverages architecture and sparsity informa-
tion for matrix reordering [3], [15], format conversion [4],
[5], and auto-tuning [6], [16]-[18]. For SpMV-based iterative
methods, the end-to-end execution time is defined as:

TeQe = Lpre + Niter X Tspm'u + Tother (1)

where T}, is the preprocessing overhead, Ny, is the iter-
ation count, T, is the single-kernel execution time, and
Tother represents the remaining algorithmic costs. As shown
in Table I, while preprocessing-based CSRS [5] achieves a
1.11x-1.35x kernel speedup over preprocessing-free Merge-
SpMV [11], it requires 155-913 iterations to break even.

For applications requiring few [N;;.,—such as iterative
solvers with advanced preconditioners, well-conditioned linear
systems, or approximate PageRank—the preprocessing over-
head easily dominates T.o., nullifying kernel-level perfor-
mance gains. We refer to this phenomenon as the prepro-
cessing overhead wall. This wall fundamentally limits the
practicality of high-performance sparse operators. Breaking
through it requires rethinking what conventional preprocessing
accomplishes and how online equivalent optimizations can be
executed, which motivates SPIKe.

III. DESIGN OVERVIEW OF SPIKE

The nnz-split strategy partitions sparse matrices into tiles
with equal non-zeros, yet these tiles (e.g., tileg —tiles in Fig. 2)
exhibit different non-zero distributions. To manage this, costly
conventional GPU-based preprocessing [4], [5], [7] converts
each unique tile into a standardized format via complex
metadata augmentation (e.g., tileo, metadata in CSRS [5],
bottom-right of Fig. 2). While this sophisticated standardiza-
tion optimizes load balancing and memory access, it forces
execution through a fixed code path (Fixed Path, Fig. 2).
Methods like yaSpMV [4] employ more complex online auto-
tuning to determine parameters during preprocessing.



Algorithm 1: SPIKe Overview

// Offline Stage
/I ACG(Arch, Domain) = { Blkinr, &, Bgran, Bords @, Tiong
Input : z[], CSR{row_ptr[], val[], col_idx[]}
Output: y[]
1 __shared__ s_mid[Tilenn;]; // Tilenn, < Blkwpn, X K
2 tile_start_nnz < Tilenn, X blockldx.x;
/* Unified Loading & Multiplication Block */

3 for i < 0 to x do

4 lid < i X Blkyy, + threadldz.x;

5 gid < tile_start_nnz + lid;

6 s_mid[lid] < val[gid] x z[col_idx[gid]];

7 __syncthreads();

8 if tile is uniform then

9 ‘ <T$§:"’B°'d>(row_ptr, s_mid, y) // TPA Policy Alg.2

10 if zile is skewed then
1 ‘ <’7'\7\,’/_3;l°""7)(row_ptr7 s_mid, y) // WAS Policy Alg.3

In contrast, SPIKe dynamically adapts code paths to raw
CSR structures, eliminating heavy format conversions and on-
line auto-tuning. As shown in Fig. 2, the online preprocessing
of CSR5 includes the generation of tile_ptr, the generation
of tile_desc, and the transposition of the col_idx and val
arrays. On GPU platforms, the latter two steps account for the
larger part of this cost [5]. In contrast, the online preprocessing
of SPIKe includes only the lightweight tile_ptr construction,
which merely stores each tile’s starting row index. It does
not build complex tile descriptors, perform permutation, or
conduct online parameter tuning. SPIKe compensates for the
lack of complex metadata through two key components: an
Online Policy Template that shifts load balancing and memory
access optimization to runtime tile-to-code-path adaptation,
and an Offline Code Generator that moves matrix-aware auto-
tuning entirely offline.

Online Policy Template matches structurally distinct tiles to
specialized code paths at runtime (Fig. 2). Initially, all thread
blocks execute a unified, bandwidth-centric code path for
element-wise data loading and multiplication (Section IV-A).
For the subsequent row-wise reduction, SPIKe performs a
lightweight tile-structure analysis to dynamically assign each
tile a specialized code path with appropriate thread allocation.
Uniform tiles trigger Thread-Level Parallelism Adaptation
(TPA; Section IV), which defines a row_span-based tem-
plate to dynamically determine the cooperative thread size. In
contrast, highly skewed tiles activate Warp-Level Asymmetric
Scheduling (WAS; Section V), applying an asymmetric pro-
cessing template based on the Warp-as-a-Sensor mechanism.

For the Offline Code Generator, our Architecture-Domain
Co-Aware Code Generation (ACG; Section VI) formalizes
these TPA and WAS templates into a parameterizable solution
space. It then performs a profile-guided search to find the
optimal parameters and instantiates the final kernel for the
target architecture-domain pair. As summarized in Fig. 2 and
Algorithm 1, TPA @ (line 9) and WAS @ (line 11) govern the
online tile-to-code-path routing. ACG @ leverages architecture
and domain information offline to instantiate these online
policy templates and generate optimized code.

IV. THREAD-LEVEL PARALLELISM ADAPTATION

Online Policy Template in this section and the next defines
how to adapt to tile non-zero patterns at runtime. The Thread-
Level Parallelism Adaptation (TPA) technique dynamically
assigns each uniform tile to the tailored cooperating threads
code path based on its lightweight characteristics.

A. Unified Loading and Multiplication Code Path

The SpMV computation comprises two logical stages: 1)
element-wise data loading and multiplication, and 2) row-
wise reduction. Because the first stage lacks non-zero depen-
dencies, its inherent parallelism is completely independent of
the tile structure. Consequently, SPIKe implements a unified,
bandwidth-centric code path well-suited for this stage across
all tiles (Algorithm 1, lines 3-6). Mapping one thread block
to each tile ensures adjacent threads access consecutive global
indices (gid), maximizing memory bandwidth utilization for
the val and col_idx arrays (Line 6). Specifically, we set the
number of non-zeros per tile (T'ilen,,) to K X Blky,,, where
the multiplier x and thread block size Blk,, are offline-
tuned parameters. Table II summarizes them along with other
parameters, which will be detailed later.

B. Tile-Aware Divergence-Free Reduction Code Path

TPA dynamically selects the appropriate Cooperative
Thread group (CoT) size for each tile’s row-reduction based
on its row_span. As shown in Algorithm 2, this runtime
logic navigates a multi-branch code structure. Because each
thread block exclusively processes a single tile, all threads
within the block evaluate an identical row_span, ensuring
inherently divergence-free execution. This multi-branch struc-
ture is configured offline by the code generator through branch
granularity (Bgran), branch order (Byq) and CoT.

1) Thread-Level Tile Row Span: Unlike the data-loading
stage, row-wise reduction involves data dependencies, making
the optimal reduction code path dependent on the tile structure.
While existing methods like CSR-Vector [19], [20] assign
CoT based on the average row length, computing this per
tile requires costly integer division operations. Instead, we use
the tile’s row span (the number of rows it covers)—efficiently
computed as tile_ptr[i+1]—tile_ptr[i|4+1—as a runtime proxy.
Because each tile contains a fixed number of consecutive
non-zeros, row span exhibits a strong negative correlation
with average row length: a small span indicates a short-
and-fat tile structure, whereas a large span indicates a tall-
and-skinny one. Instead of utilizing hardware intrinsics (e.g.,
_clz), we adopt a multi-branch structure configured by Bgran
and B,q. This design enables static compiler optimization by
leveraging compile-time CoT for aggressive loop unrolling,
refined register allocation, and hard-coded warp-shuffle offsets.

2) Branch Granularity Search Space: Bga, dictates how
finely the row_span ranges are partitioned into distinct if
branches. A finest-grained strategy (Algorithm 2, Lines 2-
6) partitions tiles into as many valid ranges as possible to
maximize specialization, which explicitly balances computa-
tional loads and benefits GPUs with limited warp scheduling



TABLE II: SPIKe’s key tunable parameters.

Category Description Symbol  Section
Branch granularity Bgran § IV-B2
TPA Branch ordering Bord § IV-B3
Cooperative threads CoT § IV-B1
WAS Skewness factor . e § V-A
Long-Row team size Tiong § V-B
Arch param Parallel granularity Blkn, §IV-A

Memory access granularity &

Algorithm 2: TPA policy template T tpa instance

Input : row_ptr[], tile_ptr[], s_mid]]
Output: y[]
/I Offline Config:
ACG(Arch, Domain) = Blky, = 128,k = 4, Bgran, Bord
/I Online Execution: Launched Blky,, threads per block
/I Alg.1 Unified Loading & Multiplication Block
rs <« tile_ptr[blockIdz.x + 1] — tile_ptr[blockIdz.x]; // row_span
/I Generated REDUCE_BLOCK: if-else chain ordered by Fig. 3
if rs € [64,128) [[likely]] then
reduceRowCodePath(CoT = 2)(row_ptr,s_mid, y) ;
else if rs € [8,16) then reduceRowCodePath(CoT=16)(...) ;
else if rs € [16,32) then reduceRowCodePath(CoT=8)(...);
else if rs > 128 then reduceRowCodePath(CoT=1)(...) ;
// ... other customized branches omitted for brevity ...
else if rs = 1 then reduceRowCodePath(CoT=128)(...) ;

-

)

w
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wn

EN

efficiency. Conversely, higher-performance architectures favor
coarser granularity (i.e., merging ranges). The CoT is bounded
by lower and upper limits. The upper bound prioritizes suf-
ficient intra-row workload parallelism to maximize intra-row
reduction efficiency:

CoTi maz = 9 |log, (T'ilenn, /row_span(i)) | (2)

The lower bound prioritizes thread resource utilization by
maximizing inter-row parallelism:

CoT; min = 2[10g2 (Blkgny /rou_span(i))] (3)

Algorithm 2 utilizes this lower bound. Any CoT; within the
range [CoTme, CoTi,max} represents a viable configuration
for offline code generation search.

3) Statistical Branch Order Optimization: While Bygan de-
termines the number of condition branches, B,q dictates their
evaluation sequence. Leveraging the aggregate row_span
distribution across commonly used datasets in Table III, SPIKe
generates an explicit if-else chain (Algorithm 2) ordered
by descending tile counts in Fig. 3. As illustrated in Algorithm
2, evaluating the statistically dominant range ([64,128)) first
enables early exit for the majority of thread blocks, thereby
minimizing average condition checks. Furthermore, annotating
these branches with [[likely]] attributes guides the compiler to
prioritize these hot paths in the physical machine-code layout.
However, universal optimization for datasets across diverse
domains is sub-optimal. As shown in Fig. 4, row_span
distributions cluster tightly within the same domain but diverge
across domains. In practice, SPIKe replaces lines 2-6 of Algo-
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CFD Domain
if(rse[16, 32))
reduceRow<CoT=8>

else if(rse([8, 16))

reduceRow<CoT=16>

Biology Domain

if(rs==1)
reduceRow<CoT=128>()

else if(rs<8)
reduceRow<CoT=32>()

else

else reduceRow<CoT=4>

reduceRow<CoT=4>()

Number of Tiles
Number of Tiles

T T T

1 32 64 96 128 1 32 64 96 128
Tile row span Tile row span

Circuit Domai Automotive Domain

if(rs264)
reduceRow<CoT=2>() if(rs€[8, 16))

reduceRow<CoT=16>()
else
reduceRow<CoT=4>() else if(rs€[1, 8))

reduceRow<CoT=64>()

else
reduceRow<CoT=4>()

Number of Tiles
Number of Tiles

L
T T

1 32 64 9 128 1 32 64 96 128
Tile row span Tile row span

Fig. 4: Tile row span distributions (histograms) and cor-
responding domain-specialized generated REDUCE_BLOCK
code for four domains in Table III (T'ile,,, = 512, Blky,, =
128), where rs denotes row span, and reduceRow abbrevi-
ates reduceRowCodePath. Vertical axes omit specific values
to highlight relative proportions; row spans exceeding Blk,
share a uniform branch, truncating the horizontal axis.

rithm 2 with domain-specialized code paths in Fig. 4, enabling
structural variations to drive tailored kernel implementations.

Collectively, these parameters define a vast optimization
space: Bgran modulates branch merging, By adapts to domain
statistics, and CoT spans a bounded viable range. SPIKe
navigates this space via the offline code generation described
in Section VI to synthesize optimized kernels.
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V. WARP-LEVEL ASYMMETRIC SCHEDULING

While TPA handles uniform tiles using fixed CoT threads
per row, highly skewed tiles (e.g., tile; in Fig. 2) induce severe
load imbalance. Uniform thread distribution causes threads on
short rows to idle prematurely, leaving threads on long rows
as performance bottlenecks. To mitigate this underutilization,
SPIKe introduces Warp-Level Asymmetric Scheduling (WAS).

A. Warp-as-a-Sensor Asymmetry Detection

Runtime analysis of row length distribution within each tile
incurs significant overhead. Determining the number of non-
Zeros per row requires 2 X row_span global memory accesses
to the row_ptr, while subsequent comparisons and decisions
need expensive thread-block synchronization.

Analyzing matrices from Table III (Tile,,, = 512), we
define skewed tiles as those in which the longest row contains
over 80% of the non-zeros. As shown in Fig. 5, 99.91% of
these highly skewed instances have a row span < 32, and skew
probability drops as row span increases. Consequently, severe
load imbalance almost exclusively occurs in tiles spanning
no more than 32 rows. This motivates our Warp-as-a-Sensor
design, which exploits the 32-thread parallelism of one GPU
warp to efficiently and accurately detect skewed tiles.

For tiles with row_span < 32, the first warp performs this
detection (Algorithm 3, Line 2). Each thread calculates the
number of non-zeros for its assigned row (Line 3). The warp
aggregates the maximum row length (Ly.,) within the tile,
its local index (Iya.x), and the boolean IsAsym (Lines 4-6)
with shuffle instructions, bypassing shared memory and block
synchronization. A tile is classified as skewed if Lp.x > o -
Tilennz, wWhere «v is a tunable skewness threshold.

B. Asymmetric Team-Based Reduction Code Path

Tiles detected as skewed route to a specialized reduction
code path that asymmetrically divides the thread block into
two collaborative teams based on row length.

1) Long-Row Team: This team consists of the majority
of threads, with the number of threads 7,4 determined via
profile-guided search. We use the following Equation to find
an initial estimate.

Algorithm 3: T\yas template (tile row_span < 32)

Input : row_ptr[], T'ilenn;, tile_ptr[], s_mid]]
Output: y|]
1 __shared__ s_info[3], s_final[32], s_warp_sums|[Blky,/32];
// Phase 1: Warp-as-a-Sensor Skewness Detection
2 if (threadldz.z > 5) == 0 then
len < GetLocalRowLength(T"ilenns, tile_ptr, row_ptr);
/I Register-level shuffle to find max row length and its index
(Lmax, Imax) ¢ WarpReduceMax(len, threadldz.z);
if threadldz.x == 0 then
| s_info < {IsAsym=(Lnax > o - Tilennz), Lmax, Imax}:
__syncthreads();
/I Phase 2: Asymmetric Team-Based Reduction
8 if s_info.IsAsym = true then
if threadldz.x < Tj,png then
/I Long-Row Team: Collaborative reduction on Ipax

w

N o n o

10 thr_sum < StridedSum(s_info.Inax, Tjong,s_mid);
11 warp_sum < WarpReduceSum(thr_sum);
12 if threadldz.xz & 31 == 0 then
13 ‘ s_warp_sums[threadldz.x > 5] < warp_sum,;
14 else
/I Short-Row Team: Independent polling on other rows
15 team_tid < threadldz.x — Tiong;
16 for i <— team_tid to row_span step (Blki, — Tiong) do
17 if ¢ # Inax then
18 | s_finalli] < ProcessShortRow(i,s_mid);
19 __syncthreads();

/I Aggregate Long-Row warp sums and write back
20 if threadldxz.x < 32 then

21 nwarps < Tiong > 5; val < (threadldz.x <
nwarps) ? s_warp_sums[threadldz.x] : 0;

2 final_sum < WarpReduceSum(val);

23 if threadldz.z == 0 then

24 ‘ s_final[s_info.Inax] < final_sum;

25 __syncthreads();

26 if threadldz.x < row_span then

27 yltile_ptr[blockIdz.z] + threadldz.x] +

s_final[threadldz.z];
28 else

29 ‘ reduceRowCodePath(CoT)(row_ptr,s_mid, y); / Alg. 2

Tiong ((é’;) - szthr) @)
where the final Tl,mg is constrained to a warp size multiple
for hardware efficiency. In practice, we conduct a local search
within a constrained window around this estimate (Tlong +
2 warps) to determine 7j,,4, enabling resource allocation to
match the actual skewness and underlying hardware specifics.

2) Short-Row Team: This team consists of the remaining
threads and processes all other short rows within the tile (Lines
15-19). Each thread independently processes one or more short
rows serially in a polling manner. Upon completion, both
teams synchronize at the block level to aggregate results in

shared memory (Lines 20-25) before writing to the output
vector (Lines 26-27).

VI. ARCHITECTURE-DOMAIN CO-AWARE CODE
GENERATION

Our code generation (ACG) involves two stages: Policy
Formalization (Fig. 6(1)) and Profile-Guided Instantiation
(Fig. 6(2)). Formalization translates the abstract online TPA
and WAS policies into a concrete, parameterizable solution
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Fig. 6: Architecture-Domain Co-Aware Code Generation for
the Computational Fluid Dynamics (CFD) domain on H100.

space called the Algorithmic Skeleton Set. Profile-Guided In-
stantiation then systematically searches this space to generate
an optimized kernel for a specific architecture-domain pair.
This generation is an ahead-of-time process that occurs only
once per architecture and domain. Unlike runtime matrix
preprocessing, it tunes a representative batch of matrices rather
than individual ones. Users can run the ACG asynchronously
at any time before deployment to synthesize a standalone,
domain-specialized SpMV library. At runtime, iterative meth-
ods simply link this pre-compiled library, achieving plug-and-
play execution with zero online tuning or formatting overhead.

A. Domain Sparsity and Domain Context Stability

Sparse matrices from different applications exhibit distinct
structural characteristics [21]. Linear solvers typically process
physical simulation matrices with favorable locality, whereas
graph analytics often handle irregular, power-law network
topologies [22]. As shown in Fig. 3, road domain matrices
exhibit tile row spans > 128, while biology matrices concen-
trate around a span of 1. These domain-specific characteristics,
termed domain sparsity, directly inform our code generation.
Fortunately, users generally operate within stable domain
contexts (e.g., a biologist rarely processes both gene matrices
and social network graphs within the same workflow). This
stability enables domain-specific offline optimization with tai-
lored parameters, an opportunity overlooked by existing auto-
tuning frameworks [6], [16]-[18], [23]. SPIKe also provides
a default configuration to facilitate immediate use, offering
robust performance without any offline search.

B. Policy Formalization

Policy Formalization identifies structural parameters within
the abstract TPA and WAS policies to define a finite, pa-
rameterizable solution space: the Algorithmic Skeleton Set
(Fig. 6(1)). Within this space, Bgran, Bord, and CoT govern the
TPA multi-branch reduction structure. We pre-define five Bgyap,

strategies ranging from coarse- to finest-grained levels, while
Borq arranges the branch order based on domain statistics,
and CoT dictates intra-row parallelism. For handling skewed
tiles via WAS, « and Tj,,4 control the skewness detection
and asymmetric resource allocation, respectively. Thread block
size (Blkw, € {128,256,512}) impacts hardware occu-
pancy and resource allocation. Memory access granularity
(k € {2,4,8}) sets the work per thread, governing memory
bandwidth efficiency and shared memory utilization. These
parameters transform the abstract policies into a concrete
solution space navigated during instantiation.

C. Profile-Guided Instantiation

Finding the optimal kernel configuration for each
architecture-domain pair requires systematically exploring the
Algorithmic Skeleton Set. As shown in Fig. 6(2), we employ a
profile-guided approach driven by Simulated Annealing (SA)
to navigate this space efficiently. This process is as follows:

1) Domain-Specific Benchmarking: To capture structural
diversity and scale variance within a domain, we construct a
domain core suite (Fig. 2 ®, Fig. 6(2.a)) via K-means cluster-
ing in a 2D feature space (log-transformed row dimension and
average non-zeros per row). By selecting the matrix nearest
to each of the K centroids, and dynamically scaling K with
the domain size to balance search overhead and representation
accuracy, we form a representative suite. This suite evaluates
candidate configurations, providing performance feedback to
reliably capture the target domain sparsity.

2) Architecture-Aware SA Search: Our SA-based search
iteratively explores the solution space using the domain core
suite directly on the target hardware (Fig. 6(2.b)). This
architecture-aware profiling incurs a strict one-time offline
cost per architecture-domain pair. For example, profiling a
S5-matrix core suite for the Computational Fluid Dynamics
domain takes ~2 minutes on an H100 GPU. Given the 174
matrices within this domain in the SuiteSparse Collection [24],
this purely offline overhead is justified and entirely decoupled
from runtime execution.

3) Metaprogramming-based Code Generation: Once SA
identifies the well-suited configuration, SPIKe generates the
final code using the Jinja2 templating engine [25]. This
metaprogramming approach directly embeds the optimal pa-
rameters (e.g., k, Blk,, and selected reduction branches) into
the kernel source code as constants (Fig. 6(2.c)). Consequently,
the compiler leverages constant propagation to produce highly
efficient instruction sequences and reduce register pressure.
Similar techniques have proven effective in high-performance
libraries like ATLAS [26] and FFTW [27].

VII. EVALUATION
A. Setup
Platform. We conduct experiments on two NVIDIA GPUs:
H100 (Hopper) 80GB HBM3 and A100 (Ampere) 80GB PCle.
All codes are compiled using NVCC from CUDA 12.8.
Baselines. We compare SPIKe against six state-of-the-
art SpMV implementations, divided into two categories
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Fig. 9: SpMV kernel performance (lines, GFLOPS) and preprocessing time (bars, ms) in FP64 on Table III test set for H100.

based on preprocessing requirements: without preprocessing—  over baselines without preprocessing: 3.87x versus CUSP,
1) CUSP [9] 2) LightSpMV [10], and 3) Merge-SpMV  5.74x versus LightSpMV, and 2.31x versus Merge-SpMV.
(Merge) [11]; with preprocessing—4) CSR-Adaptive [12], 5) Against baselines with preprocessing, SPIKe achieves average
CSRS5 [5] and 6) cuSPARSE 12.8 [8]. For a fair comparison, speedups of 1.24x over CSR-Adaptive, 2.88x over CSRS,
we call cusparseSpMV_preprocess to accelerate subsequent and 1.58x over cuSPARSE. Fig. 8(a) and (b) present re-
cuSPARSE SpMV operations, which aligns with our target sults on A100. SPIKe achieves high performance with aver-
scenario of multiple SpMV calls on matrices with static age speedups of 2.68x over CUSP, 7.46x over LightSpMYV,
sparsity patterns. 2.06x over Merge-SpMYV, 1.21x over CSR-Adaptive, 2.41x
Dataset. We evaluate SpMV kernel performance using over CSRS, and 1.46x over cuSPARSE. The results reveal
2,294 sparse matrices from the SuiteSparse Matrix Collec- that preprocessing-based baselines generally outperform those
tion [24]. For detailed performance comparison and applica- without preprocessing. This advantage arises from the benefits
tion evaluation, we select representative datasets commonly that preprocessing provides to the SpMV kernel.
used in previous SpMV work [21], [28], as shown in Table IIL Online preprocessing is the per-matrix runtime setup that
is performed after the sparse matrix data becomes available
and before one or more SpMV executions. It inspects the
Fig. 7(a) and (b) show the SpMV kernel performance matrix and produces reusable performance artifacts, such as
comparison in FP64 on H100, with matrices sorted by SPIKe reordered indices, converted formats, and auxiliary metadata.
GFLOPS. SPIKe demonstrates significant average speedups While achieving the highest average SpMV kernel perfor-

B. Isolated Kernel Performance and Preprocessing Overhead



TABLE III: Commonly used representative test set.

Graph Analytics Scienfific Computing
Domain [Matrix Dim| nnz|[Domain|[Matrix Dim[ nnz
europe_osm SIM|[TO8M]| atmosmodm M| 10M
Road  |road_central 14M| 34M||CFD  |cfd2 123K |~ 3M
road_usa 24M| 58M HVI15R 2M [283M
roadNet-CA 2M| 6M poisson3Db 86K| 2M
italy_osm TM| 14M parabolic_fem 526K| 4M
asia_osm 12M| 25M I
circuitSM oM| 60M
web-Google 916K| 5M||Circuit |memchip 3M| 15M
web-Stanford 282K | 2M G3 _circuit 2M| 8M
Web webbase-2001 118M 1G FulTCth 3M| 27M
uk-2002 19M [298M Freescalel 3M| 19M
indochina-2004 ™M |194M circuitSM_dc 4M| 19M
arabic-2005 23M |640M rajat31 SM| 20M
in-2004 M| 17M C
web-BerkStan 685K | 8M||EM | dielFilterV2real | IM]| 49M
tanford 282K | 2M
sk-2005 5IM| 2G channel-500 SM| 8M
it-2004 41M| 1G||DIM adaptive M| 27TM
uk-2005 39M |936M _
wb-edu OM| 57M||Physics |helm2d03 [392K| 3M
web-NotreDame | 326K | 1M
crankseg_1 53K| 11IM
. hollywood-2009 1M | 114M || Mech gearbox 154K| 9M
Social soc-sign-epinions | 132K | 841K gyro_k 17K| 1M
wiki-Talk 2M| 5M sme3Dc 43K | 3M
amazon-2008 735K| SM af_shell10 2M| 53M
amazon0505 410K| 3M
besstk39 47K | 2M
- coAuthorsDBLP [299K | 2M]|Struct  |pwtk 218K| 12M
Citation | cit-Patents M| 17M
patents 4M| I5SM bmw3_2 227K| 11IM
dblp-2010 326K| 2M||Auto oilpan 74K| 4M
audikw_1 944K | 78M
|Graph |rgg_n_2 24 sO | 17M|265M|
Gadl1As41H72 208K | 18M
|Geom [delaunay_n23 | 8M][ 50M]|Chem |Si41Ge41H72 186K | 15M
. Si02 155K| 1IM
Network | as-Skitter IM| 22M
thermal2 M| 9M
Thermal [FEM_3D_thermal2| 148K| 3M
. mouse_gene 45K| 29M
Biology |human_genel 22K | 25M
cagel5 SM| 99M
TSOPF_RS_b2383| 38K| 16M
Power | kkt_power 2M| 15M

Abbreviations: Geom = Geometry, CFD = Computational Fluid Dy-
namics, EM = Electromagnetic, DIM = DIMACS Challenge, Mech =
Mechanical, Struc = Structural, Auto = Automotive, Chem = Chemistry.

mance, SPIKe also maintains nearly negligible preprocessing
overhead. It is worth noting that SPIKe’s online prepro-
cessing only includes the lightweight tile_ptr construction
(Section III). Offline ACG is not online preprocessing. It
is a one-time, ahead-of-time code generation step for each
architecture-domain pair, and it lies outside the critical path
of application deployment. TPA and WAS are in-kernel code-
path selections during SpMV, and their cost is included in the
measured SpMV kernel time. Fig. 7(c) and Fig. 8(c) illustrate
the preprocessing overhead ratio, defined as preprocessing
time divided by single SpMV execution time. cuSPARSE
shows stable and lightweight preprocessing overhead across
different matrix sizes on H100. CSRS5 performs better for
large-scale matrices, while CSR-Adaptive is more efficient for
small-scale matrices. Figs. 9 and 10 provide a comprehensive
side-by-side comparison of kernel performance and actual pre-
processing time (on a logarithmic scale) between SPIKe and
six baselines on the representative test set for both platforms.
SPIKe achieves the highest GFLOPS performance and lowest
preprocessing overhead across most test cases; for instance,
on the H100, its preprocessing time is reduced by 99.76%
compared to CSRS.

Fig. 11 reports the kernel performance and preprocessing
time of SPIKe and of two Tensor-Core-based SpMV baselines
on H100. SPIKe achieves an average speedup of 1.32x over
DASP [29] and of 1.24x over Drawloom [30]. Both baselines
incur substantial preprocessing overhead, larger than that of

CSRS5. On average, it is more than four orders of magnitude
longer than the preprocessing time of SPIKe. This long prepro-
cessing time in DASP and Drawloom arises from reorganizing
the CSR format into a Tensor-Core-friendly layout—grouping
rows by nonzero count, packing rows into MMA tiles, and
rearranging nonzeros into the fragment layout—which requires
traversing nonzeros several times and materializing a padded
structure larger than the original CSR.

C. Real Application End-to-End Performance

1) PageRank Algorithm: We implement a PageRank algo-
rithm following the LAGraph [31] standard (damping=0.85,
tolerance=1e-4) and integrate SPIKe into this implementa-
tion. For fair comparison, we use PLUS_TIMES semiring
instead of plus-second when comparing against SuiteSparse:
GraphBLAS [14]. Fig. 12 shows that across graph analytics
matrices from Table III with iteration counts ranging from 5 to
61, the SPIKe-based implementation achieves a 2.78x average
speedup over GraphBLAS.

2) GMRES Method: SPIKe is integrated into PETSc by
encapsulating its kernel as a MatShell operator. We run GM-
RES with Jacobi preconditioning using restart r=30, relative
tolerance le-6, and maximum iterations 2000. We compare
PETSc’s Al against SPIKe-backed MatShell on the same
matrices. The evaluation metric is total wall-clock solve time.
Fig. 13 compares the implementation integrating SPIKe SpMV
against PETSc using 6 convergent sparse matrices from the
scientific computing of Table III. On H100, SPIKe achieves
speedups ranging from 1.26x to 17.43x with a 4.26x average
acceleration. SPIKe delivers performance gains across differ-
ent iteration counts, from fast-converging (11-53 iterations) to
slow-converging cases (162-1635 iterations). With SPIKe, the
total solve time reduces from 40.17 seconds to 9.4 seconds
while maintaining identical convergence behavior. These re-
sults demonstrate that SPIKe effectively accelerates iterative
solvers across diverse iteration counts.

D. Ablation Study

In this section, we investigate how SPIKe benefits from
different optimizations.

1) SPIKe Performance Breakdown: We illustrate the SPIKe
performance breakdown on H100 in Fig. 14. To isolate the
benefits of online policies, the nnz-split only retains the
equal-nnz macro-partitioning but disables TPA and WAS,
reverting to a static intra-tile mapping where each thread
independently reduces one row; online only employs heuristic-
based default configurations to instantiate the TPA (with the
general Algorithm 2 ordering) and WAS (o = 0.8) policies.
Across the evaluated matrices, the Online Policy Template
(TPA+WAS) and Offline Code Generator contribute 27% and
18% of SPIKe’s final performance. To further explore the
detailed acceleration mechanisms, we conduct ablation studies
as shown in Figs. 15, 16.

2) Warp-Level Asymmetric Scheduling Effectiveness:
Fig. 15 arranges sparse matrices by average maximum row
fraction. This fraction represents the ratio of non-zero counts
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in the longest row to the total non-zeros in each tile. Higher

fractions indicate more skewed tiles (human_gene). WAS

significantly improves performance for matrices with numer-

ous skewed tiles. For matrices like europe_osm with primar- since it targets skewed tile optimization. This experiment
ily uniform tiles, WAS shows no performance improvement directly demonstrates the effectiveness of WAS.
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Fig. 16: ACG effectiveness ablation test.

3) Architecture-Domain Co-Aware Analysis: In the gener-
ated kernels, we set the number of non-zeros per tile (Tilenn;)
to Kk X Blk,, assigning « non-zeros to each thread. Fig. 16(a)
illustrates the performance degradation when A100-optimized
kernels run on an H100 GPU. On the A100, the optimal
configuration (Blky,, = 256,k = 4) relies on high thread
concurrency to hide memory latency. Conversely, the H100
favors Blky, = 128 and « = 8. This setup increases
the per-thread workload, thereby enhancing instruction-level
parallelism (ILP). The H100’s larger L2 cache and superior
HBM bandwidth easily sustain this expanded working set
without inducing cache thrashing. Consequently, applying the
A100’s high-concurrency, low-ILP parameters to the H100 un-
derutilizes its enhanced memory subsystem. This confirms that
ACG systematically captures generational microarchitectural
shifts. Fig. 16(b) shows that kernels optimized for one domain
perform poorly on others on the H100. These results validate
ACG’s effectiveness in adapting to both specific hardware
architectures and distinct application domains.

VIII. RELATED WORK
A. Conventional Preprocessing-Centric SpMV

In recent years, numerous SpMV optimizations have
emerged, primarily focusing on memory access locality [3],

[15], [22], [32]-[37], load balancing [38]-[43], and auto-
tuning [6], [16]-[18], [23], [44]-[47]. Building upon the
CSR format, enhanced preprocessing methods encompass
HOLA-SpMV [7], CVR [21], CSRS5 [5], FLAT [48], CSR-
Adaptive [12], CSR2 [49], PCSR [50], ACSR [51], CSX [52],
and CSR-Stream [53]. Among these, CSRS5, HOLA-SpMV
are representative CSR-based nnz-split algorithms that par-
tition non-zeros into equal-workload tiles. CSRS represents
a classic preprocessing approach, performing comprehensive
format conversion, including data transposition and generation
of complex tile-specific metadata. These methods rely on high
iteration counts to amortize preprocessing costs, limiting their
effectiveness in low-iteration applications.

B. Preprocessing Optimization

Few works target matrix preprocessing optimization, with
GPUs All Grown-Up [28] being a notable effort. It leverages
AMD’s Command Processor and the Work Graphs API to
fuse preprocessing and computation into a single device-
driven graph execution. While this reduces initial preprocess-
ing overhead, it is only effective for low-iteration scenarios:
Its best variant is outperformed by conventional amortized
methods (CSR-Adaptive) after ~92 iterations. This limitation
stems from reduced kernel efficiency when fusing preprocess-
ing, while conventional methods can amortize preprocessing
overhead. SPIKe’s strategy is fundamentally different, as it
combines offline generation with runtime adaptation. This
generation-adaptation duality sidesteps the fusion compromise,
enabling high-efficiency execution across a wide spectrum of
iteration counts, in contrast to the limited effective range of
fusion-based methods.

IX. CONCLUSION

This paper presents SPIKe, a sparse iterative kernel genera-
tion method, which generates SpMV kernels that can be effi-
ciently applied in sparse iterative methods with a wide range
of iterations. SPIKe introduces an offline-generation, online-
adaptation method, generating high-performance domain-
sparsity-driven kernels while minimizing its preprocessing
overhead. By combining online raw-data-driven adaptation
with offline domain-specific code generation, SPIKe liberates
preprocessing-intensive sparse matrix computations from the
high-iteration constraint. We believe this paradigm extends
naturally to other sparse operators. A current limitation is
SPIKe’s reliance on matrix collection’s dataset labels for
domain categorization, which requires end-users to have prior
knowledge of their application context. Future work will intro-
duce structural profiling to autonomously match unannotated
matrices to pre-compiled kernels based on sparsity similarity.
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