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Abstract
E!cient general matrix-matrix multiplication (GEMM) has at-
tracted signi"cant research attention in HPC and AI workloads.
While large-scale GEMM has nearly achieved the peak #oating-
point performance of GPUs, substantial opportunities for optimiza-
tion remain in small and batched GEMM operations.

We in this paper propose KAMI, a set of 1D, 2D, and 3D GEMM
algorithms that extend the theory of communication-avoiding (CA)
techniques within a single GPU. KAMI optimizes thread block-
level GEMM by utilizing tensor cores as computational units, low-
latency thread registers as local memory, and high-latency on-
chip shared memory as a communication medium. We provide a
theoretical analysis of CA performance from the perspective of GPU
clock cycles, rather than the traditional execution time. Also, we
implement sparse-dense matrix-matrix multiplication (SpMM) and
sparse general matrix-matrix multiplication (SpGEMM) with this
compute-communication pattern. Experimental results for general,
low-rank, batched, and sparse multiplication on NVIDIA, AMD,
and Intel GPUs show signi"cant performance improvements over
existing libraries cuBLAS, cuBLASDx, CUTLASS, MAGMA, and
SYCL-Bench.

CCS Concepts
• Computing methodologies→ Parallel algorithms; Linear
algebra algorithms; • Theory of computation→ Communi-
cation complexity.
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1 Introduction
General matrix-matrix multiplication (GEMM) [88, 192] is in gen-
eral the most time-consuming operation in HPC applications [13,
19, 123, 158] and AI workloads [51, 79, 195]. In recent years, many
studies focused on optimizing large-scale GEMM on multi-core
and many-core processors, in particular GPUs, to achieve near
peak performance [106, 121, 124, 127, 140, 180, 181, 196, 202, 224].
Normally, as long as the matrix is su!ciently large, both square
matrix multiplication [49, 139] and tall-and-skinny matrix multi-
plication [53, 163, 167, 210] often achieve near peak performance.
However, small and batched matrices tend to struggle in reaching
peak performance at most sizes [10, 98, 169, 209, 211].

According to research [97, 122], the main cause of this phe-
nomenon is the excessive access to remote memory. Considering
the 𝐿 (𝑀3) computational complexity and 𝐿 (𝑀2) memory access
complexity of GEMM, a small value of 𝑀 fails to provide su!cient
arithmetic intensity to e$ectively utilize modern processors and
thus requires better data locality. On the other hand, taking a CUDA
thread on an NVIDIA Hopper GPU [57] as an example, the latency
and bandwidth for accessing its registers are about 20 times and
4 times faster, respectively, compared to accessing on-chip shared
memory [136]. Therefore, a more e$ective strategy is to ensure
that the data involved in GEMM is sourced directly from registers,
rather than from the signi"cantly slower shared memory. However,
existing research largely overlooks this issue and fails to e$ectively
leverage the multiple memory hierarchies of GPUs to optimize
small-scale GEMM.
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Introduction

GEMM operation multiplies a dense matrix A of size m-by-k with
a dense matrix B of size k-by-n, and gives a resulting dense
matrix C of size m-by-n. When accounting for sparsity, GEMM
can become SpMM (sparse A, dense B and C) and SpGEMM
(sparse A, B and C).

11/20/2
5 Algorithms: Matrix Multiplication and GEMM Optimization3 GEMM SpGEMMSpMM

Different variants of matrix multiplication.

Algorithms: Matrix Multiplication and GEMM Optimization3 11/20/25



Introduction

Matrix multiplication is a core operation in high performance
computing. Such as reservoir simulation, matrix multiplication
is widely employed for PDE discretization and iterative solution.

11/20/25 Algorithms: Matrix Multiplication and GEMM Optimization4

PDEs in reservoir numerical 
simulation
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Introduction

In large language models, the attention mechanism and linear
layers in the Transformer architecture are both implemented as
matrix multiplications.

11/20/25 Algorithms: Matrix Multiplication and GEMM Optimization5

Large Language Models



Introduction

Major hardware vendors have introduced specialized
acceleration units to enhance matrix multiplication
performance. Numerous efforts have also been dedicated to
improving matrix multiplication performance through software.

AMD Matrix CoreNVIDIA Tensor Core

Intel Xe Matrix eXtension

Hardware optimization of GEMM

Advanced Matrix eXtension

OpenBLAS

BLIS

ROCmcuBLAS cuSPARSE

Eigen

MAGMA

SLATE BeidouBLAS

TACO

High-Performance Matrix Computation Libraries
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Motivation

When the matrix dimensions are small, their performance still
falls significantly short of the theoretical upper bound,
indicating substantial room for optimization.

Roofline model of GEMM performance on the NVIDIA GH200 GPU.

46% of peak
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Motivation

With the continuous evolution of computing architectures, the
memory hierarchy has become increasingly deep,
encompassing multiple layers from on-chip registers, various
levels of cache, and shared memory, to main memory and
remote storage.

Hierarchical memory architecture in common computing clusters.
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Motivation

We found similar memory hierarchy characteristics between
distributed platforms and single GPUs, with comparable latency
(order-of-magnitude) and bandwidth (4x) gaps between local
and remote storage.

Latency and bandwidth comparison of the memory hierarchy 
of a 4-node cluster and a 4-warp SM.
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Motivation

For large-scale matrix multiplication executed on distributed
platforms, communication often becomes the bottleneck.
Communication-Avoiding (CA) algorithms [1-3]aim to reduce data
transfer between compute nodes, thereby alleviating this issue.
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Method: Concept

In this paper, we propose KAMI, a set of 1D, 2D, and 3D CA
algorithms accelerating small-scale GEMM, SpMM and SpGEMM
within a single GPU.

Concept Classic CA KAMI (our work)

Compute unit Process on CPU/GPU Warp on tensor core 

Local storage DRAM Thread register 

Communication Send/Recv by network LD/ST on shared mem.

Perf. metric Execution time GPU clock cycle

Concept of classic CA and KAMI
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Method: Data Layout

We designed a set of CA algorithms to accelerate matrix
multiplication on a single GPU. Depending on the specific
algorithm, the matrices are partitioned into sub-matrices in
different ways.
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(2 warps, A,B and C are 

partitioned into 2 sub-matrix)

2D algorithm
(4 warps, A,B and C are 

partitioned into 4 sub-matrix)

3D algorithm
(8 warps, A and B are 

partitioned into 8 sub-matrix, C 
is partitioned into 4 sub-matrix)
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Method: 1D Algorithm

In the 1D algorithm, p warps perform
a MM, with each warp (warpi, where 0
≤ i < p) holding sub-matrix Ai (of size
m/p×k) and sub-matrix Bi (of size
k/p×n). The GPU warps operate in an
SPMD model.

Process of 1D algorithmPseudo-code for 1D algorithm
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Method: 1D Algorithm

In the 1D algorithm, p warps perform
a MM, with each warp (warpi, where 0
≤ i < p) holding sub-matrix Ai (of size
m/p×k) and sub-matrix Bi (of size
k/p×n). The GPU warps operate in an
SPMD model.

Process of 1D algorithmPseudo-code for 1D algorithm
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Method: 2D Algorithm

In the 2D algorithm, p warps
are organized into a p× p grid
for a GEMM, each warp holding
Aᵢ (!

"
× #

"
) and Bᵢ ( #

"
× $

"
).
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Method: 2D Algorithm

In the 2D algorithm, p warps
are organized into a p× p grid
for a GEMM, each warp holding
Aᵢ (!

"
× #

"
) and Bᵢ ( #

"
× $

"
).

Process of 2D algorithmPseudo-code for 2D algorithm
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Method: 3D Algorithm

In the 3D algorithm, p warps are organized into a ! p×! p×! p
cube for a GEMM, each warp holding Aᵢ ( %! &×

#
! &

) and Bᵢ

( #! &×
$
! &

).This warp cube can be viewed as ! p warp grids, each
of size! p×! p, where Aᵢ and Bᵢ are partitioned along the k-
dimension.
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Method: 3D Algorithm

In the 3D algorithm, p warps are organized into a ! p×! p×! p
cube for a GEMM, each warp holding Aᵢ ( %! &×

#
! &

) and Bᵢ

( #! &×
$
! &

).This warp cube can be viewed as ! p warp grids, each
of size! p×! p, where Aᵢ and Bᵢ are partitioned along the k-
dimension.

Process of 3D algorithmPseudo-code for 3D algorithm
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Method: SpMM and SpGEMM

We have also extended KAMI to support sparse matrices. The matrices
are stored in Z-Morton order as small dense sub-blocks, with a default
size of 16×16 to adapt to different matrix computation units.

1D block sparse layout 2D/3D block sparse layout
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Experiments: setup

We evaluated KAMI on four GPUs from NVIDIA, AMD, and Intel,
using CUDA, HIP, and SYCL respectively. The tests were
conducted on the following GPUs: NVIDIA GH200, NVIDIA 5090,
AMD 7900 XTX, and Intel Max 1100. We compared KAMI to
cuBLASDx, CUTLASS, cuBLAS, MAGMA, and SYCL-Bench.

Vendor NVIDIA AMD Intel

Specifications GH200 RTX 5090 7900 XTX Max 1100

Boost clock (MHz) 1980 2655 2498 1550

#Banks × bank width (Bytes) 32×4 32×4 32×4 16×4

#SMs × #tensor cores/SM 132×4 170×4 96×2 448×1

Peak FP16 tensor (TFLOPS) 990 462 123 22

Peak FP64 tensor (TFLOPS) 67 N/A N/A N/A

NVIDIA GH200 NVIDIA RTX 5090

AMD 7900 XTX Intel Max 1100

GPU specification.
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Experiments: setup

We evaluated KAMI on four GPUs from NVIDIA, AMD, and Intel,
using CUDA, HIP, and SYCL respectively. The tests were
conducted on the following GPUs: NVIDIA GH200, NVIDIA 5090,
AMD 7900 XTX, and Intel Max 1100. We compared KAMI to
cuBLASDx, CUTLASS, cuBLAS, MAGMA, and SYCL-Bench.

GPU Vendor NVIDIA AMD Intel

Programming API CUDA HIP SYCL

Local storage Register fragment joint_matrix

Communication 
space Shared memory Shared memory Local memory

Tensor core func. mma mma_sync joint_matrix_mad

Instruction shape m16n8k8 (FP64) 
m16n8k16 (FP16) m16n16k16 (FP16) m16n16k16 (FP16)

AMD Matrix Core

NVIDIA Tensor Core

Intel Xe Matrix
eXtension

Programming API supported by KAMI.
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Experiments: block-level square GEMM

In block-level matrix multiplication, KAMI achieves up to 5.20x,
74.36x, and 14.48x higher throughput compared to cuBLASDx,
CUTLASS, and SYCL-Bench, respectively, for square matrix
multiplication. Additionally, KAMI utilizes less shared memory
than cuBLASDx, enabling support for larger matrix dimensions.

FP64 on GH200 FP16 on GH200 TF32 on 5090 FP16 on 5090 FP8 on 5090 FP16 on 7950 
XTX

FP16 on MAX 
1100

Block-Level GEMM Performance across GPU Architectures.
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Experiments: low-rank GEMM

We compare KAMI and cuBLASDx on low-rank GEMM for k=16
and k=32 on GH200 in FP16. KAMI consistently outperforms
cuBLASDx and CUTLASS, achieving average speedups of 3.66x,
4.89x for k=16 and 3.65x, 3.09x for k=32.

Low-rank GEMM in FP16 on GH200.

(a) k=16 (b) k=32
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Experiments: block size effects

We shows the GEMM performance of two 64×64 matrices by
KAMI-1D, KAMI-2D, and KAMI-3D on 5090, with peak
performances of 469.80, 470.57, and 449.07 TFLOPS. KAMI-1D is
robust under tight block size constraints, while KAMI-2D/3D is
preferable when larger block sizes are available.

Impact of block size in FP16 on 5090.
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Experiments: shared memory and register cooperation

When register usage is excessive, KAMI utilizes both registers
and shared memory for matrix storage: it partitions matrices A
and B along the k-dimension and stores temporarily unused
sub-matrices into shared memory to alleviate register pressure.
We tested GEMM performance under different offloading ratios.

Impact of shared memory ratio on block-level.
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Experiments: batched GEMM

KAMI’s batched interface is consistent with cuBLAS and MAGMA.
We compare them in a uniform order to focus on the GEMM
efficiency. KAMI achieves average speedups of 31.60x and
340.37x for batch sizes of 1000, and 10.23x and 96.17x for batch
sizes of 10000, compared with MAGMA and cuBLAS.

Comparison of batched GEMM in FP64 on GH200.
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Experiments: SpMM and SpGEMM

The performance trend of SpMM closely resembles that of
GEMM, as the input matrices B and C are dense. In contrast,
SpGEMM introduces significantly more complex indexing and
results in less predictable memory access patterns due to
different sparse structures in both input matrices.

SpMM and SpGEMM in FP16 on GH200.
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Experiments: register allocation

We test KAMI-1D (4 warps), KAMI-2D (4 warps) and KAMI-3D (8
warps), with C fixed at 64x32 and A, B varying with k. Results
show that compared with theoretical values, actual register
usage reaching 76.86% for 1D, 73.14% for 2D, and 65.67% for 3D.

The register usage of KAMI in FP16.
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Experiments: cycles breakdown

We break down execution cycles into communication and
computation, comparing results with the theoretical model.
Overall, the experimental results are largely consistent with the
theoretical model, aside from some discrepancies in a few
cases.

The theoretical and measured cycles in FP16.
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Conclusion

• We propose KAMI, which extends the communication-
avoiding (CA) algorithm to within a single GPU to accelerate
small-scale matrix multiplication.

• We present a new theoretical analysis method that models
communication and computation based on GPU clock cycles.

• We support SpMM and SpGEMM in the CA method by
leveraging sparsity and a block-based Z-Morton storage
format.

• We implement KAMI on NVIDIA, AMD, and Intel GPUs and
demonstrate better performance than existing methods.

• KAMI is open-sourced at:
https://github.com/SuperScientificSoftwareLaboratory/KAMI
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KAMI: Communication-Avoiding General Matrix Multiplication within a 
Single GPU
https://github.com/SuperScientificSoftwareLaboratory/KAMI
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Abstract
E!cient general matrix-matrix multiplication (GEMM) has at-
tracted signi"cant research attention in HPC and AI workloads.
While large-scale GEMM has nearly achieved the peak #oating-
point performance of GPUs, substantial opportunities for optimiza-
tion remain in small and batched GEMM operations.

We in this paper propose KAMI, a set of 1D, 2D, and 3D GEMM
algorithms that extend the theory of communication-avoiding (CA)
techniques within a single GPU. KAMI optimizes thread block-
level GEMM by utilizing tensor cores as computational units, low-
latency thread registers as local memory, and high-latency on-
chip shared memory as a communication medium. We provide a
theoretical analysis of CA performance from the perspective of GPU
clock cycles, rather than the traditional execution time. Also, we
implement sparse-dense matrix-matrix multiplication (SpMM) and
sparse general matrix-matrix multiplication (SpGEMM) with this
compute-communication pattern. Experimental results for general,
low-rank, batched, and sparse multiplication on NVIDIA, AMD,
and Intel GPUs show signi"cant performance improvements over
existing libraries cuBLAS, cuBLASDx, CUTLASS, MAGMA, and
SYCL-Bench.

CCS Concepts
• Computing methodologies→ Parallel algorithms; Linear
algebra algorithms; • Theory of computation→ Communi-
cation complexity.
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1 Introduction
General matrix-matrix multiplication (GEMM) [88, 192] is in gen-
eral the most time-consuming operation in HPC applications [13,
19, 123, 158] and AI workloads [51, 79, 195]. In recent years, many
studies focused on optimizing large-scale GEMM on multi-core
and many-core processors, in particular GPUs, to achieve near
peak performance [106, 121, 124, 127, 140, 180, 181, 196, 202, 224].
Normally, as long as the matrix is su!ciently large, both square
matrix multiplication [49, 139] and tall-and-skinny matrix multi-
plication [53, 163, 167, 210] often achieve near peak performance.
However, small and batched matrices tend to struggle in reaching
peak performance at most sizes [10, 98, 169, 209, 211].

According to research [97, 122], the main cause of this phe-
nomenon is the excessive access to remote memory. Considering
the 𝐿 (𝑀3) computational complexity and 𝐿 (𝑀2) memory access
complexity of GEMM, a small value of 𝑀 fails to provide su!cient
arithmetic intensity to e$ectively utilize modern processors and
thus requires better data locality. On the other hand, taking a CUDA
thread on an NVIDIA Hopper GPU [57] as an example, the latency
and bandwidth for accessing its registers are about 20 times and
4 times faster, respectively, compared to accessing on-chip shared
memory [136]. Therefore, a more e$ective strategy is to ensure
that the data involved in GEMM is sourced directly from registers,
rather than from the signi"cantly slower shared memory. However,
existing research largely overlooks this issue and fails to e$ectively
leverage the multiple memory hierarchies of GPUs to optimize
small-scale GEMM.
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