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Abstract—General Matrix Multiplication (GEMM) serves as a
cornerstone of high-performance computing and has been exten-
sively optimized across diverse architectures. With the increasing
prevalence of ARM processors in embedded systems and high-
end servers, ARMYVY introduces the Scalable Matrix Extensions
(SME), delivering substantially higher computational throughput
compared to conventional vector SIMD units like Neon and SVE.
However, existing GEMM libraries on ARMv9 still encounter
critical challenges, including the lack of analytical modelling,
under-utilization of SVE’s capabilities, and suboptimal cache
efficiency. To address these issues, we propose KirbyMM, a general
and portable implementation for GEMM optimization on ARMv9
architecture. KirbyMM presents three key contributions: 1) BiReg-
CMR, an analytical model that fully exploits SME’s potential; 2)
SME-SVE hybrid routine tailored for edge cases; and 3) cache-
friendly data packing and partitioning strategies that enhance data
locality. Experimental results demonstrate that KirbyMM achieves
speedups of 1.11x - 1.75x on general matrix sizes compared to
vendor libraries across different CPU platforms, and up to 3.59x
on edge cases.

Index Terms—Matrix Multiplication, ARMvY, Scalable Matrix
Extension

I. INTRODUCTION

General Matrix Multiplication (GEMM) is a fundamental
computing kernel in a plethora of applications, including clas-
sical numerical simulations [1-3], machine learning [4-7], as
well as the emerging Large Language Models [8, 9]. Therefore,
numerous works have proposed varied methods to optimize
GEMM on mainstream architectures [10-14].

The ARM architecture has gained significant prevalence
across various computing platforms, from embedded devices
(e.g., Apple M4 [15]) to high-performance servers (e.g., LX2
and NVIDIA GB200 [16]). This widespread adoption, coupled
with the growing demands of machine learning and artificial
intelligence, has made the optimization of GEMM on ARM
architectures a critical research focus. Previous works [10, 17—
20] accelerating GEMM on ARM architectures have mostly
focused on the conventional one-dimensional (1D) Single In-
struction Multiple Data (SIMD) paradigms, such as Neon [21]
and SVE [22]. 1D-SIMD applies a single instruction to a 1D
vector of data, and improves the performance of GEMM.

Besides vector units, ARMvV9 introduces the Scalable Matrix
Extension (SME) [23], which has been adopted by cutting-edge
processors including LX2 and Apple M4 [15]. SME generalizes

* Both authors contribute equally.
" Corresponding author.

SIMD by extending 1D vector operations into two-dimensional
matrix operations, thus improves the performance by as many
as 4x. Taking full advantages of the SME is a promising way
to optimize GEMM, but exploiting the performance of SME is
non-trivial.

Existing GEMM libraries such as LibXSMM [18], Kunpeng-
BLAS (KBLAS) [24] and Apple Accelerate [25] have provided
initial support for SME in their latest versions. However, these
libraries either lack performance portability or fail to exploit
SME’s potential. Specifically, the following three issues remain
unaddressed. 1) Lack of analytical modelling. Studies on het-
erogeneous ARMvVY with both vector and matrix units remain
scarce, and feasible solutions for its diverse implementations
are still lacking. 2) Under-utilization of the SVE capabilities.
Existing libraries rely solely on SME for GEMM optimization,
overlooking the potential of the cooperation of SVE and SME,
especially in edge cases. 3) Low cache hit rates. L1 cache
hit rates drop sharply as the matrix size increases, leading to
performance degradation.

Building on these observations, we present KirbyMM, a
general and portable implementation for optimizing GEMM
on the ARMVY architecture. At the MircoKernel level, we
introduce an analytical model and instruction scheduling tech-
niques, incorporating both SME and SVE units efficiently.
At the MacroKernel level, we apply ARMv9-optimized data
packing and partitioning strategies to enhance cache locality.
Our main contributions can be summarized as follows:

1) We propose KirbyMM, a novel GEMM implementation
that efficiently leverages SME. It introduces an analytical
model considering instruction throughput, latency, and
issue width to better explore both SME and SVE.

2) We further design a dedicated SME-SVE hybrid routine
that optimizes edge cases by integrating matrix and vector
instructions, together with cache-friendly data packing
and partitioning strategies.

3) Extensive experiments confirm that KirbyMM substan-
tially outperforms vendor libraries across the Apple M4
and LX2 CPUs, and improve cache efficiency signifi-
cantly.

II. BACKGROUND AND RELATED WORK
A. Matrix Unit in ARMv9

The Scalable Matrix Extensions in ARMYV9 architecture
introduce dedicated two-dimensional ZA (Z Array) [26] tiles
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as matrix registers. ZA tiles support various precisions from
INT8 to FP64, and are configured into four 16 x 16 tiles in
FP32 computation. These tiles, together with vector registers,
provide a substantial register file of 6144 bytes, which is 3 times
larger than the 2048-byte register file in ARMv8 architecture.
The expanded capacity enables more in-place data accesses,
thus reducing the loads/stores to memory significantly.

ZA tile Vector Registers
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Z.0
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Memory

hor_,

ZA.0
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(c) Slice-to-Mem and Mem-to-Slice

Fig. 1: The features of ZA tiles in ARMVO.

Based on ZA tiles, SME introduces the Matrix Outer Product
Add (MOPA) instruction, which computes the outer product
of two vectors and accumulates the result into a ZA tile
(see Fig.1 (a)). Aided by the MOPA instructions, the LX2
CPU delivers up to 0.512 TFLOPS (FP32) per core, which
is four times higher than the 0.128 TFLOPS achieved by
SVE Multiply-Add (MLA) instruction. Besides computation,
SME also provides efficient data movement between matrix
registers, vector registers, and memory (see Fig. 1(b),(c)),
through two mechanisms: Slice-to-Vec/Vec-to-Slice for moving
data between ZA slices and vector registers, and Mem-to-
Slice/Slice-to-Mem for exchanging data between memory and
ZA slices. Both support horizontal or vertical forms and have
identical latency and throughput.

B. General Matrix Multiplication Algorithm and Method

Goto’s algorithm [27] is a classical and widely adopted
approach to conduct matrix multiplication, forming the foun-
dation of high-performance libraries such as BLIS [28] and
OpenBLAS [14]. As shown in Algorithm 1 and Fig. 2, this
approach can be divided into two main phases:

o MacroKernel(Loops LI-L3)
Partition the matrices A, B, C' into sub-matrices, and pack
them into buffers for contiguous access and better memory
locality [29, 30].

o MicroKernel(Loops L4-L5)
Compute the k-update of the blk, x blk,, sub-matrices.
Leverage optimal register blocking strategy to maximize
compute throughput and minimize memory access over-
head.

Building upon Goto’s algorithm, numerous efforts have
sought to optimize matrix multiplication. Wang [10] et al.
introduce a computation—-memory ratio (CMR) performance
model targeting GEMM. Following this, Yang et al. propose
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Fig. 2: Mlustration of GOTO’s algorithm.
Algorithm 1: GOTO’s Algorithm
Input: Matrices A € RM*XK B ¢ REXN
Output: Matrix C' € RM*N
1 for j < 1to N by blk, do // L1
2 for k <+ 1 to K by blk;, do // L2
3 bp = B(k : k+blky — 1,7 : j + blk, — 1) for
i< 1to M by blk,, do // L3
4 ba=A(i:i+blk,, — 1, k:k+blk,—1)
for jj < 1 to bk, by s; do // L4
5 for ii < 1 to blk,, by s; do // L5
6 boli4ii:i+ii+s;, j+7j:
JH i+ sjl+="balii:ii+ sy, :
0Bl Jj i+ s

LibShalLom [18], which dynamically adapts data packing and
exploits FMA-SIMD scheduling to reduce overhead. For edge
cases, methods include padding [28], dedicated routines [14],
automatic framework [19], and partitioning [11, 12].

C. ARMV9 architecture implementation
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Fig. 3: Instruction-level parallelism tests on LX2 CPU.

Currently, the LX2 and Apple M4 CPUs are the newly-
released ARMv9 CPUs with SME, but with distinct designs in
both instruction sets and micro-architecture. LX2 implements
SME, while M4 adopts SME2 [31] to enable more features such
as contiguous multi-vector loads. For the micro-architecture,
LX2 separates SVE and SME units and enables SME-SVE
overlap (see Fig. 3), whereas M4 lacks efficient SVE units
and leverages SME units for vector processing. Aided by the
separation on the LX2 CPU, the low-latency SVE instructions
can overlap with SME execution, a behavior absent on M4.



III. MOTIVATION AND OVERVIEW

Although prior works have provided support for ARMv9
architecture, fully utilizing its capabilities presents unique chal-
lenges. LIBXSMM [32, 33] performs well on small matrices,
but falls short on large ones (see Fig. 4(b)). KBLAS [24]
and Accelerate [25], as vendor libraries, deliver only mediocre
performance across different sizes of matrices, primarily due
to: 1) Lack of analytical modelling; 2) Ignorance of the SVE
capabilities; 3) Low cache hit rates.

A. Lack of analytical modeling

Prior studies [10, 17-20] have extensively explored the
ARMVS architecture. However, research on the cutting-edge
ARMV9 architecture featuring both vector and matrix units
remains limited. In particular, there is a lack of feasible
solutions for handling the diverse implementations of ARMv9
architectures, such as LX2 and M4 CPUs. Moreover, on
ARMVY architecture, factors such as instruction throughput,
latency, issue width are critical, as they directly influence the
utilization of SME and ultimately dictate achievable perfor-
mance. Consequently, there is a clear need for an analytical
model that integrates these factors to provide a more accurate
and comprehensive characterization.

B. Under-utilization of the SVE capabilities

Existing libraries implement GEMM using SME alone,
under-utilize SVE. Although the throughput of SME is up to
four times higher than that of SVE, in certain scenarios such as
edge cases, SME may underperform. Such limitations suggest
the necessity of hybrid strategies, and some works have ex-
plored: for instance, Ktransformer [34] combines AVX [35] and
AMX [36] in attention kernel, leveraging AMX for compute-
bound prefill and AVX for memory-bound decode. Likewise,
HStencil [37] proposes a hybrid SME-SVE approach for stencil
kernels. These examples underscore the importance of explor-
ing how SME can be effectively optimized in conjunction with
SVE capabilities.

TABLE I: Cache metrics of vendor libraries.

. L1 cache L1 cache load L1 cache load
Method Size . . . .
load times hit rate miss times
10243 1.06 x 108 81.79% 1.93 x 107
KBLAS 20483  4.66 x 108 71.82% 1.31 x 108
40963 2.59 x 107 62.00% 9.84 x 108
10243 N/A N/A 6.39 x 102
Accelerate! 20483 N/A N/A 2.64 x 106
40963 N/A N/A 9.49 x 106

TThe Xcode profiling tool (Instrument) on Apple platforms does not support
measurements of L1 cache load times and hit rates.

C. Low cache hit rates

KBLAS and Accelerate are vendor libraries respectively
on LX2 and M4 CPUs, yet they both face significant cache
misses. As presented in Table I, KBLAS exhibits a sharp
decline in L1 cache hit rate as the matrix size increases,
decreasing from 81.79% to 62%. For Accelerate, a similar trend
is observed where the L1 cache misses increase significantly
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Fig. 4: Performance of existing ARMv9 GEMM libraries.
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as the matrix size exceeds 10243. This phenomenon accounts
for the results observed in Fig. 4, where the two libraries
demonstrate substantial potential to further approach their peak
performance. The performance gap can be attributed to the
absence of macrokernel design explicitly optimized to enhance
cache utilization.
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Fig. 5: Overview of the KirbyMM implementation.

To overcome these challenges, we present KirbyMM, a
general and portable implementation for GEMM. As shown
in Fig. 5, KirbyMM comprises two main components: 1) a
MacroKernel with memory-sensitive partitioning and ZA tile-
based cache-friendly packing, and 2) a MicroKernel with both
primary routine and dedicated routine.

IV. MICROKERNEL DESIGN

KirbyMM employs two complementary MicroKernels. The
first (primary routine) handles matrix multiplication in general
matrix sizes, while the second (dedicated routine) is optimized
for small matrices and edge cases. To design these kernels,
we introduce BiReg CMR, a novel analytical model that
incorporates register allocation for both matrix and vector units.

A. Primary Routine

1) Constraint on register resources: To conduct register
allocation for both matrix and vector units, we first analyze their
behaviors: SME units employ the mopa instruction to directly
compute outer-products between operands from matrices A and
B, and accumulates intermediate results in ZA tiles (see Fig.
1). SVE units rely on the mla instruction to emulate the outer-
product through “broadcasting”, where a scalar element from



matrix A is broadcast across vector lanes and multiplied with
corresponding elements form matrix B in parallel (see Fig. 6).
Therefore, for SME-mopa operands, we allocate 721!
nr

vector registers to hold elements from matrix A and 27
vector registers for B. Each mopa operand accumulates partial
products into a =7t x =7 ZA tile block for C'. For SVE-mla

vl
operands, we allocate mry vector registers to hold elements

from matrix A, and reuse the same B-elements loaded for

SME-mopa operands. These mla operations accumulate into
a mry X 77 array of vector registers, completing the remains

of the output matrix C.

l BO l BL l B2 [ B3 l B4 [ BS l B6 l B7 [ B8 l B9 lBlOlBlllBll[Bl3lBl4lBlS]

BROADCAST A0, A_tmp
MLA A_tmp, B, CO A0
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Fig. 6: SVE k-update with broadcast. An example to compute
4 x 16 outer-product of C.

To ensure that all operands fit within the available vector (32
in total) and matrix (4 for FP32) registers, the parameters mr,
mrsy, and nr must satisfy the following constraints:

mry nr mro Xnr
vl +mrg + vl + vl < 32
x 4 <4

mnry
1 =
T;L}Tl m(;)d vl=0 M

nr mod vl =0

The primary routine contains no edge cases and thus can fully
utilize the matrix units. Therefore, both mr; and nr must be
exact multiples of vl (i.e. mr1%wvl = 0 and nr%vl = 0).

2) Optimization Objective: For each iteration, we require
=t load instructions to fetch elements from matrix A and 77
load instructions to fetch elements from matrix B for the mopa
operation. In addition, mr, load instructions are needed to fetch
elements from matrix A for the mla operation.

In terms of computation, the mopa instruction contributes
to "Zl X 2r X vl? matrix elements, and the mla instruction

contributes to mg X 27 X vl matrix elements. Since the mopa and

mla instructions perform fused multiplication-accumulation,
there are a total of 2x (™54 x 25 x v +mry x 22 x vl) floating-
point operations per iteration. Combining memory access and

computation, the BiReg-CMR of our MicroKernel is given by:

mry nr 2 nr
2 x (7 x X vl - mry x 7 x wl) )
mry nr
vl +mrs + vl

CMR =

3) Solving the equations: To determine the values for mry,
mry and nr that maximize the CMR, we solve the objective
of maximizing the CMR defined in Eq. 2, with the constraints
defined in Eq. 1. This process yields optimal values of mr; =
32, mry = 32 and nr = 0, which are used in our primary
MicroKernel implementation for the ARMv9 architecture.

vl denotes the vector length (16 for FP32)

s
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Fig. 7: The primary routine of MicroKernel for FP32.

Fig. 7 illustrates the primary routine of the MicroKernel
for FP32. In each iteration, two vector registers are used to
load elements from matrix A, and another two vector registers
load elements from matrix B to perform an outer product. The
results are then accumulated into a 2 x 2 block of ZA tiles, and
so forth.

B. Dedicated Routine

The primary routine targets large, out-of-cache matrices
by maximizing CMR through reduced memory accesses and
higher computational intensity. For small or edge-case matrices
that fit in cache, memory overhead is negligible, and perfor-
mance instead depends on instruction scheduling and execution
overlap. To handle these, we introduce the dedicated routine.

In the dedicated routine, we add an optimization objective
(Eq. 3) to minimize T¢ompute, the total CPU cycles of SME
and SVE execution. By leveraging the interleaved execution of
SME and SVE instructions (Section II-C), this design improves
pipeline utilization and computation intensity.

T = maX(Tcompulea Tioad) 3)

Tcompute = Lnon_overlap + Toverlap

32x32

32x32 32x32

__3x32 3x32

16x32

Fig. 8: Comparison of the tiling strategy for matrix C' with
dimensions M = 35 and N = 32.

Fig. 8 compares primary and dedicated routines. In the
primary routine (Fig. 8(a)), tiling with 32 x 32 and 16 x 32
blocks yields a theoretical CMR of 512, but only 304 is
effectively achieved because the 16 x 32 blocks underutilized
vector lanes. In contrast, the dedicated routine achieves 203
CMR, but fully exploits vector-lane capacity. As shown in Fig.
8(b), workloads are aligned with SME and SVE unit widths.

Overhead Analysis. Since SVE and SME instructions can
execute concurrently, only step () in Fig. 8(b) is required,



whereas the primary routine performs both (I) and 2. The
overhead is:
Ta = max(T4 Xmopa+2 Xmopas T‘loada )
Tb = maX(T4><mopa+6 Xmlas T‘loadh) (4)
T4 Xmopa+6xmla — T4 X mopa < T4 Xmopa+2Xmopa

As shown in Fig. 3, SME and SVE operations interleave, so
Ty x mopa+6xmia = Taxmopa- Thus, the dedicated routine achieves
lower overhead than the primary routine in edge cases.

V. MACROKERNEL DESIGN

KirbyMM adopts partitioning and packing techniques to
optimize memory access efficiency. Building upon the ARMv9
characteristics, we further introduce memory-sensitive parti-
tioning along with cache-friendly packing strategies.

A. Memory-sensitive Partitioning

Partitioning aims to identify the optimal values of blk,,,, blk,,,
and blk;, that maximize data locality. We determine these values
guided by the roofline model[38] and cache hierarchy analysis.
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Fig. 9: Roofline model on LX2 CPU.

Roofline Model Analysis. SME offers significantly higher
throughput than SVE, which may shift the performance bottle-
neck to memory bandwidth. As the roofline model illustrates
(Fig. 9), the elevated throughput of SME renders dense GEMM
operations memory-bound. Consequently, selecting a partition-
ing size whose computational intensity exceeds the machine’s
maximum attainable operational intensity is critical. _

Operational intensity is defined as I = tg‘z;?lazrtjhn‘?fi:;;lza.
Multiplying a blk,, x blky block of A by a blky x blk, block
of B requires 2 x blk,, x blky x blk,, floating-point operations,
while loading (blk,, x blky + blky x blk, ) x 4 bytes of single-
precision data. To reach peak performance rather than remain in
memory-bound region, the operational intensity must satisfy?:

[ 2 blky, - blky - blk,,  blky, - blk, -7
US4 (blkyn + blky) - blk,  blky, + blk, — ™" 5)
T _ Ppeak
mazx Biron

which in return constraints the choices of blk,,, blk,,, blky.
Cache Hierarchy Analysis. Partitioning sizes also depend
on the cache hierarchy and must allow all working sets to fit in

szeak is the peak compute throughput and B,qz is the peak memory
bandwidth.

cache. For efficient L2 cache utilization, a blk,,, X blk;. block of
matrix A is staged in each iteration of Loop L4, while the cache
must also hold two blkj, x s; panels of B and one blk,, x s;
panel of C' under LRU replacement policy. This leads to the
L2 cache constraints:
[blkg bllzc bpe1 bo.T
L2 - Lp2

‘Hblkm - blk; - bpe
Sro- L
Here, Sra, Lo, and Aro denote the number of cache sets,
cacheline size, and associativity of the L2 cache, respectively.
The term bpe refers to the number of bytes per element. By
reserving one way per set, we ensure that unpacked C' elements
never evict the packed A and B tiles.

For L1 cache, in each iteration of Ls, a blky, - s; tile of B
must remain resident in the L1 cache. To avoid eviction due to
conflicting accesses to A and non-contiguous C, the L1 cache
constraint becomes:
[blkk 55 bp61+2~f
Sp1- L

blky - s; - bpe
Sr2 - Lo

1<Ap—1

6)

s; - blky. - bpe S;
Sr1- L

-85 - bpe
Sr1-Lia

1< Apn—1

(7

Solving these three constraints jointly (Eq. 5, 7 and 6) yields
the feasible values for blk,,, blk,,, and blky,.

B. ZA-tile-based Cache-friendly Packing

During packing, matrices A, B, and C' may be stored in
either row-major or column-major format. In some cases, a
row-major matrix block should be packed into a column-major
buffer for contiguous access in MicroKernel. Although the
SVE gather instruction (Fig.10(a)) can load strided elements
with a single operation, its inherently non-contiguous pattern
incurs significant CPU latency and cache misses. To mitigate
these overheads, we leverage the ZA tile as a programmable
two-dimensional cache (Fig.10(b)). Specifically, the block is
first loaded into the ZA tile row by row, ensuring contiguous
memory accesses. Then, by reading in a column-wise man-
ner, we perform an implicit transpose and extract contiguous
column-wise data into the destination buffer.

ZAtile
—~

Horizontal Load ®% Vertical Store

Vector Register

/—>D|:DD\

Gather Load Store

)

Memory
B

Register

(a) Gather method with SVE  (b) ZA tile transpose method with SME

Fig. 10: Illustration of packing a matrix block stored in row-
major order into a column-wise linear buffer.

VI. EVALUATION

In this section, we evaluates KirbyMM on two newly-released
ARMV9 processors, the LX2 and Apple M4. Binaries are
compiled with —03 using Clang vI17.0 on LX2 and Clang v16.2
on M4. Performance metrics are collected with perf on LX2
and Xcode Instruments on M4.



A. Performance Improvement
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Fig. 11: Performance comparison of KirbyMM versus vendor
implementations.

The performance of general matrix sizes ranging from 64
to 4096 is presented in Fig. 11. KirbyMM achieves up to
330.49 GFlops and 1851.76 GFlops on LX2 CPU and M4 CPU,
delivering speedups of approximately 1.17x-1.75x and 1.11x-
1.49x speedup over the vendor-provided LX2’s KBLAS and
M4’s Accelerate.

Besides GEMM performance, Table II reports cache metrics.
On the LX2 CPU, KirbyMM consistently achieves approx-
imately 90% L1 hit rates, while KBLAS drops sharply on
larger matrices. On the M4 CPU, although Accelerate has
fewer misses for small cases (e.g., 10243), its misses grow
from 6.39 x 102 to 9.49 x 10 as size increases. In contrast,
KirbyMM maintains stable cache behavior and reduces L1
misses by nearly 10x at large sizes, demonstrating superior
cache efficiency.

TABLE II: Cache metrics comparison.

. L1 cache L1 cache load L1 cache load
Method Size . . L.
load times hit rate miss times
10242  1.36 x 108 92.11% 1.07 x 107
KirbyMM 20483  5.80 x 108 90.87% 5.3 x 107
40963  2.41 x 108 89.70% 2.48 x 107
10243 1.06 x 108 81.79% 1.93 x 107
KBLAS 2048%  4.66 x 108 71.82% 1.31 x 108
40963  2.59 x 109 62.00% 9.84 x 108
10243 N/A N/A 6.39 x 102
Accelerate 20483 N/A N/A 2.64 x 109
40963 N/A N/A 9.49 x 109

Apart from the primary routine, we also conduct an eval-
uation of the dedicated routine in several edge cases. (see
Fig. 12) The dedicated routine is compared against both the
vendor implementation and the primary routine of KirbyMM.
The results demonstrate that KirbyMM achieves an average
speedup of 3.59x over KBLAS and 1.36x over the primary
routine.

B. Performance Breakdown

Fig. 13 presents a component-level breakdown for the opti-
mizations. The MircoKernel delivers baseline performance of
32.82-1425.13 GFLOPS on M4 and 105.24-250.63 GFLOPS
on LX2. Packing optimization provides a speedup of 1.26x

BN KBLAS

B Primary Routine

B KirbyMM(Dedicated Routine)

\1*‘(’*\6 \%"’%ﬁ 35*37"‘31

Matrix Size (M x N x K)

\%A%’C’?’

Fig. 12: Edge-case performance on the LX2 CPU.
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Fig. 13: Performance breakdown across CPU platforms.

on LX2 and 1.09x on M4, while partitioning optimization
achieves 1.21x on LX2 and 1.59x on M4. On LX2 CPU, most
of the performance gain comes from packing optimization,
indicating that memory bandwidth and data layout are the
primary bottlenecks of this architecture. This also explains why
the contribution of the MircoKernel diminishes as matrix size
increases, since the execution becomes memory-bound. For the
M4 CPU, the major performance improvements are attributed
to partitioning strategies. Overall, these results highlight that
different architectures benefit from different optimizations, yet
our approach consistently delivers substantial speedups, show-
casing its effectiveness and performance portability.

VII. CONCLUSION

This paper presents KirbyMM, a novel GEMM implemen-
tation for ARMV9. KirbyMM introduces the BiReg-CMR an-
alytical model to design a high-performance MircoKernel,
imultaneously leverages both SME and SVE units to accelerate
small and edge-case matrices. It also employs cache-friendly
packing and partitioning strategies to improve data locality.
Extensive experiments confirm that KirbyMM achieves superior
cache efficiency and outperforms state-of-the-art libraries.
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