
KABUMI: Communication-Avoiding Batched GEMM on GPUs

HEMENG WANG, SSSLab, Dept. of CST, China University of Petroleum-Beijing, Changping, China
WEIFENG LIU, SSSLab, Dept. of CST, China University of Petroleum-Beijing, Changping, China

Batched general matrix multiplication (GEMM) operations in latency-sensitive inference workloads oten expose limited
cooperative thread array (CTA)-level parallelismwithin eachGEMM,making eicient GPU utilization challenging. Independent
GEMMs can run concurrently, but this creates a tradeof: each GEMM should expose more CTA-level parallelism when the
batch is small and limit its CTA count when the batch already provides enough work to occupy the GPU. his paper presents
KABUMI, a communication-avoiding (CA) batched GEMM framework for GPUs. KABUMI treats streaming multiprocessor
(SM) participation as a budgeted resource rather than a byproduct of ixed tiling. For each single GEMM, KABUMI selects
a CA algorithm according to the reduction length: small-� GEMMs use 1D CA output-space expansion, where output-tile
candidates partition the wide column dimension, retain the tiny A operand near its owning CTA, stream the corresponding
columns of B, and directly write disjoint C tiles; large-� GEMMs use 3D CA reduction-slice expansion to turn the long
reduction dimension into schedulable partial CTAs and combine partial outputs. KABUMI’s batch-aware scheduler then maps
the current batch size to a per-GEMM CTA-wave budget, exposing more intra-GEMM parallelism for underilled batches and
capping expansion when batch-level concurrency can already occupy the GPU.

We implement KABUMI in CUDA and evaluate it on NVIDIA RTX 5090 and B200 GPUs. Across 1,440 batched-GEMM cases
on RTX 5090, KABUMI achieves 1.60×, 2.45×, 2.64×, and 7.00× geomean speedup over cuBLAS batched GEMM, CUTLASS
batched GEMM, CUTLASS grouped GEMM, and MAGMA batched GEMM, respectively. Across the same 1,440 batched-GEMM
cases on B200, the corresponding geomean speedups are 1.32×, 1.98×, 2.09×, and 5.03×. On model-derived grouped GEMMs,
KABUMI reaches 1.30×–1.56× geomean speedup over the evaluated BF16 library paths and 1.11× over FlashInfer in FP8.

CCS Concepts: • Computer systems organization→ Parallel architectures; • Computing methodologies→ Parallel
computing methodologies; • Mathematics of computing→ Mathematical sotware performance.

Additional Key Words and Phrases: Communication-Avoiding, GEMM, batched GEMM, GPU, LLM inference, MoE, Tensor
Cores

1 Introduction
General matrix multiplication (GEMM) is one of the central kernels in numerical linear algebra and GPU
computing [17, 23, 46, 59, 61, 65]. Conventional GPU GEMM implementations are oten optimized for large,
regular matrix products: they choose tiles at the cooperative thread array (CTA), warp, and instruction levels,
stage operands through shared memory and registers, maximize data reuse, and keep Tensor Cores busy [12,
35, 37, 39, 56]. Libraries and kernel frameworks such as cuBLAS, CUTLASS, Triton, and DeepGEMM use these
optimization techniques [14, 47, 48, 57]. It is highly efective when a GEMM has high arithmetic intensity and
enough output tiles to ill the GPU, but it is less well matched to small and skewed matrix products that appear in
real world scenarios.

New Paper, Not an Extension of a Conference Paper.
Authors’ Contact Information: Hemeng Wang, SSSLab, Dept. of CST, China University of Petroleum-Beijing, Changping, Beijing, China;
e-mail: hemeng.wang@student.cup.edu.cn; Weifeng Liu, SSSLab, Dept. of CST, China University of Petroleum-Beijing, Changping, Beijing,
China; e-mail: weifeng.liu@cup.edu.cn.

his work is licensed under a Creative Commons Atribution 4.0 International License.
© 2026 Copyright held by the owner/author(s).
ACM 1544-3973/2026/11-ART
https://doi.org/10.1145/3860333

ACM Trans. Arch. Code Optim.

https://orcid.org/0009-0008-9879-5951
https://orcid.org/0000-0002-2150-5759
https://orcid.org/0009-0008-9879-5951
https://orcid.org/0000-0002-2150-5759
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3860333


2 • H. Wang and W. Liu

Large language model (LLM) decoding is a representative source of such shapes [27, 60]. On one GPU ater
model sharding, a decoder projection can be writen as a GEMM C = AB, where A ∈ ℝ�×� is the activation
matrix, B ∈ ℝ�×� is the weight shard, and C ∈ ℝ�×� is the output. In latency-sensitive decoding, the token
dimension � can be one or a few tokens, while � and � are determined by model widths and tensor-parallel
sharding [45, 54]. hese decoder projections therefore expose a shape problem: a single tiny-� GEMM may have
too litle output work to occupy the GPU, and its reduction dimension can range from short to long, leading to
distinct small-� and large-� regimes.

Mixture-of-Experts (MoE) layers [15, 20, 32, 36, 53] turn this shape problem into a batched or grouped GEMM
resource problem. Ater routing, each active expert receives a GEMMover its assigned tokens.hese expert GEMMs
are independent, oten tiny in�, and irregular across experts; systems commonly execute them through grouped
or batched GEMM interfaces to reduce launch overhead and expose inter-problem parallelism [21, 25, 30, 38, 52].
he resulting workload is no longer only a small-GEMM problem. It is a collection of small and skewed GEMMs
sharing the same streaming multiprocessor (SM) pool.
For these shapes, optimizing data reuse and computational eiciency within each CTA alone is insuicient.

he native� ×� output tile space can expose too few CTAs, short reductions can poorly amortize deep pipelines,
and maximizing reuse inside large CTAs can leave the memory system underdriven [49, 66, 70]. hese limitations
motivate a decomposition that exposes more CTA-level parallelism while preserving data reuse and limiting
additional communication. Communication-avoiding (CA) algorithms provide a starting point for this design.
For example, KAMI [62] applies CA algorithms to improve the performance of small GEMMs on a single GPU.
Decoding-oriented batched GEMM introduces two additional considerations. he useful expansion axis depends
on the local reduction length, and batched execution adds shared-SM pressure [1, 6, 19, 24]: when the batch is
small, the selected CA algorithm should expose more intra-GEMM parallelism; when the batch is large, each
GEMM should limit its SM footprint so that more independent GEMMs can execute concurrently. No ixed
per-GEMM CA expansion policy its both regimes.
We address this problem with KABUMI, a CA batched GEMM framework for GPUs. KABUMI treats SM

participation as a budgeted resource. It irst builds a CA expansion space for each GEMM shape, where each
candidate exposes a diferent amount of CTA-level work and has a diferent traic and synchronization cost.
For small-� shapes, KABUMI uses a 1D CA output-space expansion: because the reduction is short and � is
tiny, candidates partition the wide output dimension, cache or broadcast the tiny A operand, stream columns
of B, and directly write disjoint C tiles without partial accumulation. For large-� shapes, KABUMI uses 3D CA
reduction-slice expansion [16, 29] to turn the long reduction dimension into additional schedulable partial CTAs
and then combines partial outputs. KABUMI then applies a batch-aware budgeting policy that maps the current
batch size to a per-GEMM SM budget, exposing more intra-GEMM parallelism when the batch underills the
GPU and capping expansion when inter-GEMM concurrency is suicient. KABUMI therefore jointly selects a
single-GEMM CA algorithm and a per-GEMM SM budget under shared-SM pressure.

his paper makes the following contributions:

• We characterize decoding-oriented tiny-� GEMMs as a coupled bandwidth, CTA underuse, and batched
SM-sharing problem.• We introduce KABUMI’s single-GEMM CA expansion kernels: 1D CA output-space expansion for short
reductions and 3D CA reduction-slice expansion for long reductions.• We design batch-aware SM budgeting, which gives underilled batches more intra-GEMM parallelism and
caps each GEMM’s SM footprint once batch concurrency is suicient.• We implement KABUMI in CUDA and evaluate batched GEMM and grouped GEMM on RTX 5090, and
batched GEMM on B200, comparing with cuBLAS, CUTLASS batched, CUTLASS grouped, and MAGMA.
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2 Background

2.1 GPU Architecture
Modern GPUs achieve high throughput by distributing CTAs across many SMs. Each SM contains warp schedulers,
a register ile, compute units such as CUDA Cores and Tensor Cores, load/store units, and sotware-managed
shared memory [12, 43]. hese resources form a hierarchical machine: work is issued at CTA and warp granularity,
arithmetic is performed inside SMs, and data moves through registers, shared memory, caches, and HBM. Figure 1
summarizes this view.
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Fig. 1. A simplified GPU architecture view. Eficient kernels must coordinate the compute path inside each SM with the
memory path that feeds data through caches and global memory.

his organization creates two relevant limits. Compute-bound kernels are limited by arithmetic issue rate,
especially specialized matrix instructions. Memory-bound kernels are limited by load/store issue rate and by the
bandwidth of the L2/HBM subsystem. In both cases, high performance requires enough useful CTAs to involve
the SM pool, enough independent memory requests to drive the memory system, and eicient use of registers,
shared memory, and caches. hese constraints make performance sensitive to how much parallel work a kernel
exposes and how that work is budgeted across SMs.

2.2 GPU GEMM
GEMM computes C = AB, where an � × � matrix A is multiplied by a � × � matrix B to produce an � × �
matrix C. GPU implementations usually map tiles of C to CTAs and then decompose each CTA tile into warp-
and instruction-level tiles. he corresponding panels of A and B are staged through cache or shared memory,
partial sums are accumulated in registers, and an epilogue writes the result.

We use arithmetic intensity in the rooline sense: loating-point operations per byte moved from the relevant
memory level [66]. For a GEMM with element size � bytes, we estimate arithmetic intensity from the input and
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output matrix sizes as � (�, � , �) = 2���/[�(�� + �� +��)]. his estimate captures how matrix shape
afects arithmetic intensity but does not model cache behavior.
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Fig. 2. CUTLASS-style hierarchical GEMM decomposition. Large GEMMs are mapped through CTA, warp, and instruction-
level tiles so that data loaded from global memory is reused through shared memory and registers before the result is stored.

his hierarchical decomposition is the dominant optimization strategy in production GPU GEMM libraries and
template frameworks. For large, regular GEMMs with suicient data reuse and CTA-level parallelism, performance
is typically determined by Tensor Core utilization and pipeline eiciency. he assumptions weaken for tiny-�
or irregular shapes: small� or � can leave the output tile space smaller than the SM pool, short � gives each
output element litle work to amortize memory traic, and highly uneven dimensions can create load imbalance
or wasted work [10, 70].

At the algorithmic level, CA algorithms classify GEMM by which dimensions of the (�,� , �) iteration space
are partitioned. A 1D CA algorithm slices one dimension, so processors own computation planes and communicate
mainly one operand. A 2D CA algorithm, such as SUMMA [58], slices two dimensions into pencils and broadcasts
operands along processor-grid rows and columns. A 3D CA algorithm [16] slices all three dimensions: replicated
inputs feed layer-local 2D computations, followed by reduction of partial C outputs. Fractional variants such as
1.5D and 2.5D interpolate between these endpoints by partially replicating operands to reduce communication at
extra storage or reduction cost [55].

2.3 Batched GEMM
Batched GEMM evaluates independent matrix multiplications C� = A�B� for � = 0,… , � − 1, where � is the
batch size [19]. Strided batched GEMM uses a regular layout for same-size instances; pointer-array and grouped
GEMM support arbitrary addresses or varying dimensions.

Common batched GEMM optimizations amortize launch overhead and improve performance on small matrices
through compact tiling, register blocking, layout-aware access, code generation, or autotuning [1, 6, 24, 26, 39].
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KABUMI: Communication-Avoiding Batched GEMM on GPUs • 5

hey improve batched execution, but usually do not make the per-GEMMSM footprint an explicit batch-dependent
decision.
Decoding workloads can produce small GEMMs that share GPU resources during batched execution [11]. A

token denotes one element of the input or generated sequence, and each autoregressive decoding step produces
the next token for every active sequence. Latency-sensitive decoding prioritizes next-token latency. Dense
projections have tiny-� because� is the active-token count, the number of token rows processed by one local
projection, oten one or a few in latency-sensitive decoding. Model sharding partitions model parameters across
GPUs; tensor-parallel sharding determines the local � and � of each projection. MoE routing turns this into many
expert GEMMs over assigned tokens; an expert is active when it is assigned at least one token. hus batch size �,
single-GEMM parallelism, and per-GEMM SM footprint jointly determine SM allocation; Section 3 develops this
tradeof for decoding-oriented tiny-� batched GEMMs.

3 Motivation

3.1 Shape Skew and Arithmetic Intensity
LLM decoding oten produces GEMMs with highly skewed dimensions. In dense decoder projections,� is the
number of active tokens in a projection call, oten one or a few under latency-sensitive decoding and variable
under continuous batching. MoE routing makes the shape issue batched and irregular: each active expert receives
a GEMM over its assigned tokens, so expert GEMMs can have very small and uneven�. hese GEMMs combine
small � with � and � inherited from model width and sharding, and can have low arithmetic intensity even
when the full model is large.

For a ixed element size, the estimated data transfer volume is proportional to �� + �� + ��. For ixed��� (equivalently, ixed GEMM FLOPs up to a constant factor), the arithmetic mean–geometric mean inequality
gives �� + �� +�� ≥ 3(���)2/3,
with equality only when� = � = �. hus, among shapes with the same FLOPs, square GEMMs have the highest
ideal arithmetic intensity, while highly skewed GEMMs require more global memory traic. When the total
computation is not large enough to amortize this traic, the kernel can become memory-bound even though
GEMM is usually treated as compute intensive.

Figure 3(a) isolates this shape efect by keeping��� = 230 while moving from a square GEMM to tiny-output
decoding-like GEMMs. We plot both ideal arithmetic intensity and measured cuBLAS throughput, normalized to�1. As the output space shrinks and the shape becomes more skewed, arithmetic intensity drops monotonically,
and cuBLAS throughput eventually falls by orders of magnitude. he sweep is synthetic, but the stressed shapes
arise when sparse activation and model sharding produce tiny-� GEMMs in both small-� and large-� regimes.

3.2 Tiny Output Spaces and CTA Underutilization
Low arithmetic intensity means that relatively few arithmetic operations are performed per byte transferred. A
small output space also limits the number of CTAs that can be launched. he hierarchical mapping in Figure 2 is
designed to maximize reuse inside large CTA, warp, and instruction tiles, but tiny-� and skewed shapes may
provide too litle native� × � output work to use the SM pool efectively. With too few CTAs, a kernel cannot
involve enough SMs or issue enough concurrent memory requests to approach the HBM bandwidth assumed by
the intensity argument. Figure 3(b) reports the real CTA counts launched by cuBLAS. We use the measured CTA
counts to characterize the parallelism exposed by cuBLAS. he most skewed shapes still sufer the throughput
collapse in Figure 3(a), showing that the botleneck is also the mismatch between tiny GEMM work and useful
CTA-level parallelism, data reuse, and memory-system utilization.
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Fig. 3. Fixed-FLOP FP32 GEMM shape sweep on an RTX 5090. Each shape tuple �� follows (�,� , �) order. Both panels
use ��� = 230 with �1 = (1024, 1024, 1024), �2 = (512, 512, 4096), �3 = (256, 256, 16384), �4 = (128, 256, 32768), �5 =(64, 128, 131072), �6 = (32, 64, 524288), and �7 = (16, 32, 2097152). (a) Normalized ideal arithmetic intensity and cuBLAS
throughput. (b) Nsight Compute launched CTA count; the dashed line marks the 170 SMs.

his changes the optimization target. he goal is to select a CA algorithm that increases CTA-level parallelism
while controlling data movement, synchronization, and partial-accumulation costs. For C = AB, additional CTA
work can come from the output space (�,� ) or the reduction dimension �. hese axes lead to diferent CA
structures. When � is small, reduction-space decomposition creates partial sums with too litle computation to
amortize the reduction overhead, so KABUMI uses 1D CA output-space expansion: it partitions the wide output
dimension, keeps the tiny A operand resident within the owning CTA, streams columns of B, and writes disjoint
C tiles. When � is large, 3D CA reduction-slice expansion can expose useful reduction-axis work, but pays extra
traic and accumulation overhead. hus the expansion axis should follow the local � regime rather than a ixed
decomposition, motivating KABUMI’s shape-aware single-GEMM CA expansion.

3.3 Batched GEMM and Shared-SM Pressure
Shape-dependent CA expansion is only the irst layer of the problem. In batched GEMM, the � independent
instances share dimensions, datatype, layout, and kernel mode, so the resource decision can be summarized by a
per-shape SM footprint and a batch size. his makes SM allocation a kernel-level scheduling problem: the number
of CTAs generated by each GEMM afects how many GEMMs can execute concurrently. his view is consistent
with GPU multitasking work on spatial multitasking [5], elastic kernels [50, 72], simultaneous-kernel execution,
and model-based management [40, 64, 67], which shows the importance of accounting for shared SM, cache, and
memory-bandwidth resources when scheduling concurrent work.

For one GEMM, exposing more CTA parallelism is desirable until additional SM participation stops reducing
latency. For a batch, however, the same choice also changes how many other instances can run at the same time.
Expanding every GEMM can waste SM slots when the batch already contains enough independent work, while
assigning a small ixed footprint under-provisions small batches. he right granularity depends jointly on the
shape, which determines useful single-GEMM expansion, and on �, which determines batch-level pressure on the
SM pool.

ACM Trans. Arch. Code Optim.
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Let �tot be the number of SMs. In practice, the scheduler evaluates each candidate through its concrete launch
footprint for the current shape and batch, including the number of CTA waves it generates and its per-CTA
resource requirements. If the batch produces fewer CTA waves than the SM pool can use, per-GEMM expansion
can ill otherwise idle SMs; once the batch already produces enough CTA waves, each GEMM needs a budget so
that multiple instances can make progress concurrently. A solution must therefore separate shape-level CTA
generation from batch-level exposure, and then decide how much generated work to expose for the current batch.

his motivates a solution that adapts the GEMM decomposition to the matrix shape and adjusts the resulting
CTA count according to the batch size.

4 KABUMI

4.1 Overview
KABUMI is a CA batched GEMM framework for GPUs. Like the cuBLAS pointer-array interface evaluated in
this paper, its batched-GEMM interface accepts � independent GEMMs with distinct addresses but common(�,� , �), datatype, and layout. KABUMI processes the batch in one CUDA launch. Its grouped-GEMM interface
permits the expert-speciic row count��, which represents the number of input tokens assigned to expert �, to
vary while keeping (� , �) ixed by the model projection; all active experts are processed in one CUDA launch.
For both interfaces, KABUMI selects a CA algorithm for the GEMMs sharing the GPU.
Figure 4 illustrates the overall design of KABUMI. he shape-aware kernel layer supplies candidates ℋ�,

their CTA counts �CTA(�, ℎ), and estimated useful SM footprints �cap(�, ℎ). he batch-aware scheduler then
selects how much candidate parallelism to expose and realizes that budget through the output-space candidate or
reduction-slice factor.
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Fig. 4. Overview of KABUMI, the proposed CA batched and grouped GEMM framework.

For clarity, we irst describe the scheduling policy for batched GEMM: � independent GEMMs that share(�,� , �), datatype, layout, and kernel mode. he core mechanism is the interaction between shape-aware
single-GEMM CA expansion and batch-aware SM budgeting. Grouped GEMM applies the same mechanism to its
expert descriptors.

Table 1 summarizes the notation used in this paper.
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Table 1. Notation used in this paper.

Symbol Meaning

A� Let operand of GEMM �, A� ∈ ℝ�×�.
B� Right operand of GEMM �, B� ∈ ℝ�×�.
C� Output of GEMM �, C� ∈ ℝ�×�.�,� , � GEMM dimensions;� is the local token or row dimension.� (�, � , �) Estimated arithmetic intensity, 2���/[�(�� + �� +��)].� Number of GEMMs in the current batch.� Batch-element index, 0 ≤ � < �.� GEMM shape/coniguration, including dimensions, datatype, layout, and kernel mode.ℎ Candidate expansion index.�tot Total number of SMs on the GPU.ℋ� CA expansion candidates available for shape/coniguration �.�CTA(�, ℎ) CTAs generated per GEMM by candidate ℎ ∈ ℋ�.�native(�) Native CTAs per GEMM before expansion.�budget(�) Target per-GEMM CTA count for batch size �.�sel CTA count of the selected candidate.�target Target CTA waves per SM used by the planner.�cap(�, ℎ) Useful SM footprint estimated from generated CTA waves.�task(�, �) Selected per-GEMM SM footprint for shape � at batch size �.�� Number of reduction-axis slices in the large-� 3D CA reduction-slice path.� Reduction-slice index, 0 ≤ � < ��.��, �� Row and column dimensions of a small-� output tile.�block Number of threads in a multi-warp CTA.�, �, � Element indices along the�, �, and � dimensions.�, � , �, � Local indices for output elements and output-tile coordinates.�0, �1 Start and end indices of a reduction slice.� Element size in bytes.

4.2 Shape-Aware Single-GEMM CA Expansion
he irst question is how much useful CA parallelism one GEMM can expose before batch-level sharing is
considered. A conventional compute-oriented decomposition may emit too few CTAs for tiny-� decoding shapes
because the output tile space is small. KABUMI’s kernel layer instead treats SM participation and communication
cost as joint objectives: it expands the CTA space when doing so can increase bandwidth utilization, but it stops
when the extra CTAs would mostly add scheduling overhead, redundant traic, or partial-reduction cost. For
each candidate ℎ, the kernel layer records the generated CTA count �CTA(�, ℎ) and reports an estimated useful
SM footprint to the scheduler.

he footprint is a property of both the shape and the selected expansion candidate. he implementation uses a
CTA-wave model: a candidate with �CTA(�, ℎ) independent CTAs can cover at most

�cap(�, ℎ) = min (�tot, ⌈�CTA(�, ℎ)�target
⌉) (1)

useful SMs, where �target is the desired number of CTA waves per SM. his cap should be read as a launch-
planning estimate, not as a hard architectural partition: the GPU scheduler still assigns CTAs dynamically, but a
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candidate with too few CTAs cannot occupy the whole SM pool, and a candidate with far too many tiny CTAs
can add overhead without improving latency.
If � is short, applying 3D CA along the reduction dimension provides litle useful work and introduces

unnecessary partial sums. he small-� path therefore uses 1D CA output-space expansion: it creates CTAs over
compact output strips or tiles, keeps the tiny A operand close to the CTA, and streams B columns without
cross-CTA reduction. If � is long, the output space alone is still too small, but the reduction dimension contains
enough work to create independent partial CTAs. he large-� path therefore uses 3D CA and accumulates partial
outputs.

4.2.1 Small-�: 1D CA Output-Space Expansion. For small-� shapes, reduction-space decomposition is inefective
because the reduction is already short. his regime appears when model or tensor-parallel sharding leaves a local
GEMM with a small reduction dimension. KABUMI therefore uses 1D CA output-space expansion rather than
spliting �. Since� is tiny and � is wide, the dominant expansion axis is the output-column dimension: each
candidate owns a disjoint strip or tile of the� × � output, keeps the tiny A operand close to the owning CTA,
streams columns of B, writes directly to C, and avoids cross-CTA reduction.

Algorithm 1 Small-� 1D CA output-space execution

Require: Batched descriptors {A�,B�,C�}�−1�=0 , small-� shape (�,� , �), selected candidate ℎ with tile(� (ℎ)� , � (ℎ)� )
1: � ← ⌈�/� (ℎ)� ⌉, � ← ⌈�/� (ℎ)� ⌉
2: for all CTA coordinates (�, � , �) ∈ [0, � ) × [0, � ) × [0, �) in parallel do
3: �� ← [�� (ℎ)� ,min(�, (� + 1)� (ℎ)� ))
4: �� ← [�� (ℎ)� ,min(� , (� + 1)� (ℎ)� ))
5: Assign this CTA as the unique owner of C�[��, ��]
6: Obtain A�[��, ∶] using the register/cache/shared-memory policy of ℎ
7: Initialize the register accumulators for C�[��, ��]
8: for all short-� chunks in [0, �) do
9: Load the owned columns B�[∶, ��] with coalesced transactions
10: Accumulate the output tile with CUDA-core FMA or Tensor Core MMA
11: end for
12: Store the inal tile directly to C�[��, ��]
13: end for

For a ixed row tile �, the column partitions � form the 1D CA processor grid: the small row panel of A is
logically replicated across column owners, while their B panels and C tiles are disjoint. Unlike the large-� path,
this grid has no independently scheduled reduction coordinate and therefore produces no cross-CTA partial
sums.
he cached-A candidates keep the same 1D output-space CA principle but increase the work per CTA. he

skinny cached-A kernel loads the tiny let operand once for the CTA and streams columns of B, while the wider
cached-A kernel computes more adjacent � columns per CTA. hese candidates reduce scheduling overhead and
improve reuse when � grows within the small-� regime, or when the batch already provides enough CTA waves
that iner output granularity would create excessive scheduling overhead and decrease throughput. KABUMI
therefore selects among 1D CA candidates with diferent output tile sizes. Eligible low-precision candidates retain
the same disjoint-output ownership while using direct Tensor Core tiles.
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For a small-� candidate ℎ with output tile (� (ℎ)� , � (ℎ)� ), the generated CTA count is� small
CTA (�, ℎ) = ⌈ �� (ℎ)� ⌉ ⌈ �� (ℎ)� ⌉ . (2)

Smaller tiles increase SM participation but also increase CTA scheduling overhead; coarser cached-A tiles reduce
overhead and reuse the small let operand across more output columns. he batch-aware layer therefore chooses
the candidate whose generated CTA count, estimated SM footprint, and proiled cost best match the current
batch pressure.

4.2.2 Large-�: 3D CA Reduction-Slice Expansion. For large-� shapes, KABUMI uses a 3D CA reduction-slice
structure inside one GPU. Classical 3D CA algorithms introduce a processor dimension along the reduction
axis and then combine partial outputs; in KABUMI, this 3D CA dimension maps to reduction-slice CTAs and
provides additional schedulable work for underilled large-� GEMMs. Each output element is assigned to multiple
reduction slices, where each CTA computes a partial sum over a slice of �, and the partial sums are accumulated
into the same output element. his mode is useful when the output tile space alone cannot ill the GPU but the
reduction dimension is long enough to amortize the extra accumulation work.

With reduction-slice factor ��, the large-� 3D CA path generates� large
CTA (�, ��) = �� ⌈ ���block ⌉ (3)

CTAs per GEMM in this scalarized description. Increasing �� raises SM participation, but it also increases
partial-output traic and atomic accumulation pressure. he selected �� is therefore the smallest value that
approaches the desired CTA-wave budget, rather than the largest possible reduction-slice factor.
Algorithm 2 shows the large-� kernel. he launch grid uses the � dimension for the reduction-slice id. Each

CTA maps its linear tile coordinate to an output element (�, �) and its reduction-slice coordinate to a range[�0, �1) of the reduction dimension. he CTA accumulates that partial dot product and atomically adds it to
C�[�, �]. he reduction-slice factor is selected only up to the point where increased SM participation ofsets the
extra traic and accumulation overhead.

Algorithm 2 is a scalarized description of the 3D CA path. he optimized kernels preserve the same budgeted
reduction-slice structure: CUDA-core variants vectorize adjacent outputs and row-tile tiny-� rows, while the
Tensor Core variant groups several logical reduction slices inside one CTA and computes the partial dot products
with MMA instructions.

his large-� mode uses the 3D CA structure with a GPU-speciic objective. he additional reduction-worker
dimension is useful in our seting because it increases the available CTA-level parallelism of an otherwise
underilled memory-bound GEMM and can improve memory-system and bandwidth utilization; it does not
guarantee bandwidth saturation. We therefore use 3D CA primarily for its parallelism beneit inside one GPU,
while still accounting for the extra partial-output traic and accumulation cost. he best reduction-slice factor
is not necessarily the one that maximizes isolated Tensor Core utilization; it is the one that minimizes latency
under the scheduler’s current CTA-wave budget.

4.3 Batch-Aware SM Budgeting
he second question is how much of the single-GEMM expansion should be exposed when � independent GEMMs
share the GPU. KABUMI does not reserve SMs explicitly. Instead, it controls the number of CTA waves generated
per GEMM. his matches how the implementation launches work: all descriptors in the batch are issued as
one CUDA launch, with the output-tile dimension, the batch dimension, and, for large-� shapes, the 3D CA
reduction-slice dimension forming the launch grid.
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Algorithm 2 Large-� 3D CA reduction-slice expansion

Require: Batched descriptors {A�,B�,C�}�−1�=0 , shape (�,� , �), batch size �, reduction-slice factor ��
1: Zero-initialize all output matrices C�
2: Use a conventional multi-warp CTA with �block = 256 threads
3: for all CTA coordinates (�, �, �) in parallel do
4: � ← � ⋅ �block + threadIdx.x
5: if � ≥ � ⋅ � then
6: return
7: end if
8: � ← ⌊�/� ⌋, � ← � − ��
9: �0 ← ⌊��/��⌋, �1 ← ⌊�(� + 1)/��⌋
10: ��� ← 0
11: for � ← �0 to �1 − 1 do
12: ��� ← ��� + A�[�, �] ⋅ B�[�, �]
13: end for
14: atomicAdd(C�[�, �], ���)
15: end for

4.3.1 CTA-Wave Budget Estimation. he planner estimates the required CTA count using a CTA-wave model. Let�target be the desired number of CTA waves per SM; in our evaluation we use two waves per SM. Section 5.4
evaluates the sensitivity of this choice. A batch is underilled when its native output mapping cannot generate
enough CTAs to cover the target wave count,� ⋅ �native(�) < �target�tot. (4)
For the scalar output mapping used as the native large-� reference,�native(�) = ⌈ ���block ⌉ . (5)

he target per-GEMM CTA count for the current batch is therefore�budget(�) = ⌈�target�tot� ⌉ . (6)

When � is small, �budget is large and KABUMI exposes more intra-GEMM expansion. When � grows, the budget
naturally decreases because inter-GEMM concurrency already supplies many CTAs.
For small-� shapes, �budget determines a deterministic selection from the output-space candidates in ℋ�.

KABUMI uses a compact proiled selection rule over the measured candidates: ine CUDA-core output mappings,
cooperative cached-A tiles, and direct Tensor Core tiles when the datatype and shape permit them.he rule prefers
candidates whose �CTA(�, ℎ) reaches the current CTA-wave budget and selects the lowest-latency candidate
among them; if no candidate reaches the budget, it selects the candidate with the largest useful CTA footprint.
In the CUDA implementation, this proiled rule is encoded as compact thresholds over �, �, �, and � for the
common small-� cases.

For large-� shapes, the same budget maps directly to the reduction-slice factor. Since the 3D CA path generates
approximately ���native(�) CTAs per GEMM in the scalarized model, the budget-mode reduction-slice factor is
chosen as �� = 2⌈log2 max(1,⌈�budget(�)�native(�) ⌉)⌉, (7)
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then clamped by the conigured maximum, the reduction length, and the hardware SM count. he evaluated
SGEMM rule also applies �-dependent minimum reduction-slice factors for common long-reduction cases, and
the FP16 Tensor Core rule rounds the factor to a multiple of four so that four reduction-slice warps reduce inside
one CTA.

Algorithm 3 CTA-wave budget policy for one batched GEMM
Require: GEMM shape �, batch size �, total SMs �tot, target waves �target
1: �budget ← ⌈�target�tot/�⌉
2: if � is a small-� shape then
3: Select ℎ ∈ ℋ� from the deterministic small-� selection rule
4: �sel ← �CTA(�, ℎ)
5: else
6: �native ← ⌈��/�block⌉
7: �� ← nextPow2 (max (1, ⌈�budget/�native⌉))
8: Clamp �� by the conigured maximum, �, and the SM count
9: ℎ ← the 3D CA candidate with reduction-slice factor ��
10: �sel ← ���native
11: end if
12: �task ← min (�tot, ⌈�sel/�target⌉)
13: Launch all � GEMMs in the batch with candidate ℎ
his policy creates three practical regimes. If � ⋅ �native(�) already exceeds the CTA-wave target, the batch

has enough native work and aggressive expansion should be capped. If the native batch is underilled but� ⋅ �CTA(�, ℎ) reaches the target for some expanded candidate, expansion can ill the missing CTA waves. If even
the expanded candidate remains below the target, KABUMI still uses the best available expansion, but the shape
is fundamentally limited by the amount of independent work it can generate.

4.4 Budget-Aware Launch Realization
he selected SM budget is not a hard architectural partition. It is realized by choosing launch parameters that
control the number of CTAs per GEMM, yielding an estimated useful SM footprint of approximately �task. he
GPU scheduler still assigns CTAs dynamically, but controlling the generated CTA waves prevents a single GEMM
from over-exposing work when the batch itself already provides enough independent CTAs.

For small-� shapes, the selected candidate ixes the output tile size and therefore the number of CTAs generated
over the (�,� , �) grid. For large-� shapes, the selected reduction-slice factor adds the 3D CA reduction-slice
dimension, producing approximately ���native(�) CTAs per GEMM in the scalarized model. In both cases, the
whole batch is issued as one CUDA launch; KABUMI shapes the amount of schedulable work rather than assigning
SMs explicitly.

4.5 CUDA Implementation
KABUMI implements CUDA interfaces for batched and grouped GEMM. he batched path launches pointer-array
GEMMs that share (�,� , �), datatype, and layout. he grouped path shares (� , �) but accepts expert-speciic
row counts��; preix row ofsets and compact tile descriptors map output tiles to experts, allowing one compute
launch to process all active experts. Both paths select a common small-� or large-� regime per workload and
clamp the generated CTA waves using the runtime SM count and batch-aware budget, without reserving SMs.
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For small-� shapes, independently scheduled CTAs own disjoint output tiles. Fine CUDA-core mappings
expose additional output-column work, while cooperative tiles retain the tiny let operand in registers or shared
memory and reuse it across adjacent columns fetched with vector transactions. Eligible FP16, BF16, and FP8
paths instead stage instruction fragments and issue inline Tensor Core MMA. Accumulators remain in registers
and every route writes its inal output directly, so the 1D CA path requires neither cross-CTA reduction nor a
global partial-sum workspace.

For large-� shapes, the selected �� maps to a reduction-worker coordinate. Each worker owns one output tile
and a contiguous � interval, stages aligned operand panels, and accumulates its partial tile in registers. Workers
are combined within a CTA when possible; cross-CTA routes use atomic accumulation or a bounded partial
workspace. Across the Tensor Core routes, KABUMI uses inline PTX mma.sync and ldmatrix instructions rather
than the WMMA API; selected pipelined paths use cp.async and padded or swizzled shared-memory layouts
to reduce bank conlicts. hese choices improve operand delivery without changing the 3D CA ownership or
batch-aware split policy.

FP32 paths accumulate in FP32, while the evaluated FP16 paths use FP16 accumulation and output. he BF16
and E4M3 FP8 Tensor Core paths use FP32 accumulation, with BF16 output for FP8. FP8 scale construction and
weight prepacking are setup operations outside the measured compute region. All precision-speciic microkernels
share the descriptor scheduler and the same 1D/3D CA policy.

When the complete workload exceeds available devicememory, KABUMI divides independent batched instances
or expert groups into chunks that it in device memory while preserving the output layout. his partitioning
does not change the underlying kernels.

5 Evaluation

5.1 Experimental Setup
In the evaluation, batched GEMM denotes a collection of GEMMs with common (�,� , �), whereas grouped
GEMM denotes the MoE workloads with expert-speciic�� and common (� , �).

Table 2 summarizes the platforms. We compile KABUMI with -O3, targeting sm_120 on RTX 5090 and sm_100
on B200. On both GPUs, we compare KABUMI with pointer-array batched GEMM from cuBLAS. he RTX 5090
run uses cuBLAS 13.3.0.5 with the default math mode, while the B200 run uses the corresponding paths from
CUDA 13.0. Both platforms additionally evaluate CUTLASS 4.5.1 batched GEMM, CUTLASS grouped GEMM, and
regular pointer-array batched GEMM from MAGMA 2.9.0 on RTX 5090 and MAGMA 2.10.0 on B200. MAGMA
and CUTLASS expose column-major GEMM descriptors in these tools, so we run the mathematically equivalent
transposed problem with dimensions (� ,�, �) and report results under the paper’s row-major shape (�,� , �).
For each shape, we report the fastest CUTLASS coniguration that passes correctness veriication. Each paired
comparison uses identical warmup and measurement counts, and CUDA events time kernels only.
CUTLASS operation metadata identiies the selected FP32 kernels as SIMT and the selected FP16 kernels as

predominantly TensorOp. Inspection of the evaluated MAGMA sources shows tuned CUDA SIMT templates for
FP32, with padded shared-memory leading dimensions, and WMMA-based Tensor Core templates for FP16, with
register and shared-memory staging rather than inline PTX. hese conventional optimizations improve per-tile
eiciency but do not add KABUMI’s inter-CTA reduction parallelism; because cuBLAS does not expose its selected
kernel implementation, we report its public numerical mode without inferring undocumented WMMA/PTX or
shared-memory details.

For batched GEMM, we evaluate CUTLASS 4.5.1 strided-batched GEMM and CUTLASS grouped GEMM on the
same inputs. CUTLASS Stream-K is evaluated on compatible � = 1 cases. For grouped GEMMwith expert-speciic�� and common (� , �), FP16/BF16 compare with cuBLAS and CUTLASS grouped GEMM; BF16 additionally

ACM Trans. Arch. Code Optim.



14 • H. Wang and W. Liu

compares with FlashInfer grouped GEMM, and FP8 with its SM120 FP8 path at commit 3bbfeba. To support
E4M3 inputs on SM120, we replace the unsupported mixed-FP8 MMA atom with an E4M3 MMA atom.

Table 2. Experimental platforms.

Characteristic RTX 5090 B200

Architecture NVIDIA Blackwell NVIDIA Blackwell
Compute capability 12.0 10.0
SM count 170 148
Device memory 32 GB GDDR7 180 GB HBM3e
Memory bandwidth 1.792 TB/s 7.7 TB/s
CUDA compiler 13.2.51, sm_120 13.0.88, sm_100

Table 3 lists the benchmark suites. he RTX 5090 batched-GEMM evaluation uses one small-� suite and one
large-� suite with aligned� and � ranges, and all libraries are measured on the same shapes. he B200 evaluation
repeats these FP32/FP16 batched-GEMM cases with the same four baselines. he suites are organized around the
two algorithmic decisions in KABUMI: whether a single GEMM should expand over output coordinates or over
the reduction dimension, and whether the current batch already supplies enough independent work. We report
geometric mean speedups across test cases and use win rates to show how oten KABUMI outperforms each
baseline. We additionally evaluate Stream-K on 80 compatible points and grouped GEMM on 28 model-derived
Up/Down and decode-batch combinations per precision.

Table 3. Benchmark suites used in the evaluation.

Suite Shape range Cases

Small-� � ∈ {1, 2, 4, 8, 16}, � ∈ {256, 512, 1024, 2048}, � ∈{4, 8, 16, 32, 64}, � ∈ {1, 8, 32, 64} 400 per precision

Large-� � ∈ {1, 2, 4, 8, 16}, � ∈ {32, 64, 128, 256}, � ∈{512, 1024, 2048, 4096}, � ∈ {1, 8, 32, 64} 320 per precision

Grouped GEMM Seven model-derived TP=8 Up/Down pairs; device-local decode
batch {1, 4, 16, 64}, variable�� 28 per precision

Batch-aware ablation One small-� output-expansion shape and one large-� 3D CA
reduction-slice shape, swept over batch size with CA-only and
budget-aware policies

28

5.2 Overall Comparison
5.2.1 Batched GEMM. Figure 5 summarizes the RTX 5090 batched-GEMM results across the small-� and large-�
suites in FP32 and FP16. Each baseline is evaluated on the same 1,440 cases: 400 for each small-� precision
and 320 for each large-� precision. KABUMI achieves 1.60×, 2.45×, 2.64×, and 7.00× geomean speedup over
cuBLAS batched GEMM, CUTLASS batched GEMM, CUTLASS grouped GEMM, and MAGMA batched GEMM,
respectively. Across the four combinations of precision and � regime, the largest geometric mean speedups over
these baselines are 1.82×, 7.08×, 6.10×, and 10.17×.

he two shape regimes expose diferent sources of beneit. In the small-� suite, KABUMI uses 1D CA output-
space expansion to create disjoint output CTAs without reduction traic. In the large-� suite, it uses 3D CA
reduction-slice expansion when the native output grid underills the GPU. he particularly large FP32 large-�
ACM Trans. Arch. Code Optim.
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Fig. 5. Batched-GEMM performance on RTX 5090. Each panel reports KABUMI’s geomean speedup over one baseline for
FP32 and FP16 in the small-� and large-� regimes. KABUMI uses CUDA cores for FP32 and CUDA or Tensor Cores for FP16.
Higher is beter.

gains over CUTLASS andMAGMA relect this controlled use of the long reduction dimension. CUTLASS Stream-K
supports 80 FP16 large-�, � = 1 cases; KABUMI achieves 1.34× geomean speedup on these cases.
We also evaluate batched GEMM on B200 using the same FP32/FP16 cases and baselines as on RTX 5090.

Figure 6 presents the overall results.

0.0 0.5 1.0 1.5
Geomean speedup

FP32 small-K

FP16 small-K

FP32 large-K

FP16 large-K

1.12x
65%

1.21x
68%

1.52x
98%

1.55x
96%

vs cuBLAS

0.0 2.5 5.0 7.5
Geomean speedup

1.49x
97%

1.47x
96%

6.78x
100%

1.20x
88%

vs CUTLASS batched

0 2 4 6
Geomean speedup

1.72x
100%

1.38x
95%

5.48x
100%

1.70x
100%

vs CUTLASS grouped

0 5 10
Geomean speedup

2.78x
100%

4.07x
100%

7.91x
100%

8.73x
100%

vs MAGMA

Fig. 6. Batched-GEMM performance on B200. Each panel reports KABUMI’s geomean speedup over one baseline for FP32
and FP16 in the small-� and large-� regimes. KABUMI uses CUDA cores for FP32 and CUDA or Tensor Cores for FP16.
Higher is beter.

Across the 1,440 B200 cases, KABUMI achieves 1.32×, 1.98×, 2.09×, and 5.03× geomean speedup over cuBLAS,
CUTLASS batched, CUTLASS grouped, and MAGMA, respectively. he corresponding highest speedups are
7.47×, 32.97×, 24.22×, and 36.53×. he strongest gains against both CUTLASS interfaces occur in FP32 large-�,
where 3D CA exposes reduction-axis work beyond the native output grid.

5.2.2 Grouped GEMM. he grouped-GEMM evaluation uses seven model-derived MoE Up/Down shape pairs.
We derive the expert projection shapes using TP=8 and evaluate device-local token batches of {1, 4, 16, 64}. he
evaluation measures local GEMM computation without modeling distributed expert-parallel execution. For
each model and batch, the tokens are routed among the local experts by the same controlled Dirichlet process,
producing expert-speciic row counts�� that are supplied unchanged to every implementation. he reported
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paired compute latency is the sum of the pure Up and Down kernel times under the same routing and��, so Up
exercises the large-� path and Down exercises the small-� path in one decode workload. All implementations use
identical binary inputs, and correctness is veriied for every workload. he FP8 path uses E4M3 block scaling, FP32
accumulation, and BF16 output. Across the 28 paired cases, KABUMI achieves 1.58× and 1.19× geomean speedup
over cuBLAS and CUTLASS grouped GEMM in FP16; the corresponding BF16 speedups are 1.56× and 1.49×, with
an additional 1.30× over FlashInfer. In FP8, KABUMI achieves a 1.11× geomean speedup over FlashInfer.
Figure 7 shows all 28 BF16 model-batch cases, the precision for which all three grouped library paths are

available. Each bar stacks the Up and Down kernel compute times. he larger gains at batch 1 show the value of
exposing intra-GEMM work when routing yields litle native parallelism. As the batch grows, batch-level work
increases and the gap narrows, while the batch-aware policy limits unnecessary expansion.
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Fig. 7. BF16 grouped-GEMM compute latency on RTX 5090 for all 28 model-derived MoE decode cases. The four panels
correspond to device-local decode batches 1, 4, 16, and 64. Each bar stacks the Up (large-�) and Down (small-�) kernel times.
Lower is beter.

5.3 Shape and Batch Breakdown
Aggregate speedup hides the absolute throughput reached at individual shapes, so Figures 8 and 9 show represen-
tative shape-by-batch slices with all methods. Each panel reports efective GFLOPS on a shared log-scaled y-axis;
higher bars indicate higher throughput, and bars are ordered as cuBLAS, CUTLASS, MAGMA, and KABUMI. he
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vertical labels above bars show each method’s throughput as a percentage of KABUMI for the same shape and
batch.

In the FP32 small-� slice at � = 8, KABUMI is the fastest method at all 36 displayed points. his slice isolates
the regime where reduction slicing would add overhead without useful additional arithmetic. KABUMI therefore
partitions the wide output dimension among CTAs, each of which computes and writes its inal output tile
without cross-CTA reduction. he gains are strongest when the native output space is small enough that library
kernels expose too few useful CTAs, but the batch is not so large that inter-GEMM concurrency already ills the
device. As � or � grows, the baseline libraries receive more native or batch-level parallelism, so the relative gap
becomes a test of whether KABUMI’s output expansion adds work without creating redundant partial outputs.

L

LM

LMM

LN

LMN

O
P
Q

R
S
T
U
V
W

XYZ[\

59
%

59
% 62
% 59
%

60
%

55
% 56
% 51
%

27
%

23
% 24
% 24
%

10
0%

10
0% 10
0% 10
0%

XY]^Z_

59
%

59
% 72
% 53
%

58
%

54
% 49
%

35
%

23
%

23
% 24
% 24
%

10
0%

10
0% 10
0% 10
0%

XYZ^_`

60
%

61
% 61
%

46
%

58
%

51
% 41
%

32
%

23
%

24
% 27
%

12
%

10
0%

10
0% 10
0% 10
0%

L

LM

LMM

LN

LMN

O
P
a

R
S
T
U
V
W

59
%

60
% 60
% 60
%

60
%

56
% 53
% 50
%

23
%

24
% 23
% 24
%

10
0%

10
0% 10
0% 10
0%

60
%

60
% 73
%

63
%

60
%

53
% 50
% 44
%

24
%

23
% 25
%

13
%

10
0%

10
0% 10
0% 10
0%

61
%

60
% 65
%

64
%

58
%

51
% 46
%

46
%

23
%

24
% 14
% 17
%

10
0%

10
0% 10
0%

10
0%

L b cd ef

L

LM

LMM

LN

LMN

O
P
g

R
S
T
U
V
W

59
%

61
% 62
% 65
%

60
%

57
% 54
% 52
%

23
%

24
% 25
% 26
%

10
0%

10
0% 10
0% 10
0%

L b cd ef

60
%

64
% 69
%

65
%

58
%

55
% 62
% 63
%

23
%

25
% 15
% 20
%

10
0%

10
0% 10
0% 10
0%

L b cd ef

58
%

68
% 58
%

59
%

57
%

55
% 57
%

66
%

23
%

27
% 18
% 26
%

10
0%

10
0% 10
0%

10
0%

hijkl mnop q

rstuvw xyzuvww {v|{v }vty{~

Fig. 8. FP32 small-� throughput breakdown on RTX 5090 for � = 8. Rows show representative� ∈ {2, 4, 8} values, columns
fix � ∈ {256, 1024, 2048}, and each panel sweeps � ∈ {1, 8, 32, 64}. The y-axis reports efective GFLOPS on a shared log scale;
higher is beter, and vertical bar labels report throughput relative to KABUMI.

he large-� slice in Figure 9 uses � = 4096 and representative � ∈ {2, 4, 8} rows. Here the botleneck is
diferent from the small-� case: each output tile contains enough reduction work, but the tiny-� and narrow-�
shapes can still expose too few output CTAs. 3D CA reduction-slice expansion converts the long � dimension
into additional schedulable CTAs for the same output tile, then pays the partial-accumulation cost only where the
extra SM participation is useful. he selected � columns include both narrow-output and wider-output cases, so
the igure shows where this tradeof remains favorable as native output parallelism and batch pressure increase.
In this slice, KABUMI is the fastest method at all 36 displayed points; the geomean speedups over cuBLAS,
CUTLASS, and MAGMA are 2.06×, 8.02×, and 11.59×, respectively.
5.4 Batch-Aware Scheduling Ablation and Sensitivity
Figure 10 isolates the two design steps behind KABUMI: CA expansion creates more single-GEMM parallelism,
and batch-aware SM budgeting decides how much of that expansion should be exposed when many GEMMs
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Fig. 9. FP32 large-� throughput breakdown on RTX 5090 at � = 4096. Rows show representative � ∈ {2, 4, 8} values,
columns fix � ∈ {32, 128, 256}, and each panel sweeps � ∈ {1, 8, 32, 64}. The y-axis reports efective GFLOPS on a shared log
scale; higher is beter, and vertical bar labels report throughput relative to KABUMI.

share the GPU. he igure reports each method’s performance as a percentage of KABUMI for the same shape
and batch size, so values below 100% show the cost of removing a design component. he important comparison
is not only KABUMI versus cuBLAS, but also KABUMI versus CA-only: if ixed CA expansion were suicient, the
CA-only curve would remain close to KABUMI across all batch sizes.
For the small-� shape (�,� , �) = (4, 1024, 32), CA-only uses a ixed ine-grained 1D CA output-space

expansion. KABUMI instead selects the coarser cooperative direct-write route across this sweep; CA-only latency
is 1.28× that of KABUMI at � = 1. As � grows, however, ixed ine-grained expansion creates too many CTAs per
batch; at � = 64, CA-only is 2.13× slower than KABUMI. Across the seven batch sizes, KABUMI achieves 1.42×
geomean speedup over cuBLAS. his shows that the small-� decision is not simply to maximize CTA count: the
selected 1D CA candidate must retain operand reuse and limit scheduling overhead as batch-level concurrency
grows.
For the large-� shape (�,� , �) = (4, 64, 1024), CA-only ixes an aggressive �� = 128 chosen to expose

reduction-space work for an underilled single GEMM. his gives useful 3D CA parallelism at small batch sizes
and is nearly identical to KABUMI for � ≤ 4. Once batch-level concurrency grows, the ixed split over-expands
each GEMM: at � = 64, CA-only is 1.17× slower than KABUMI, while KABUMI remains 1.23× faster than cuBLAS.
KABUMI reduces the selected split from �� = 128 for � ≤ 4 to �� = 64 at � = 8 and �� = 32 for � ≥ 16,
preserving the beneit of 3D CAwhile avoiding high-batch over-expansion.he large-� ablation therefore exposes
the central scheduler tradeof: reduction slicing is valuable when it converts otherwise idle SMs into useful
partial-dot-product work, but it becomes counterproductive when the extra partial outputs compete with enough
batch-level work already in the queue.
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Fig. 10. Incremental ablation of CA expansion and batch-aware SM budgeting on RTX 5090. Performance is normalized to
full KABUMI for each shape and batch size, with KABUMI fixed at 100%; higher is beter. Both panels compare cuBLAS, fixed
CA-only expansion, and full KABUMI.

We also evaluate �target ∈ {1, 2, 3, 4} over all 320 FP32 large-� cases. �target = 2 and �target = 3 select the
same execution coniguration for every test case. By contrast, �target = 1 and �target = 4 change the execution
coniguration for 39 and 50 test cases, respectively, and can increase latency by as much as 33% relative to�target = 2. hese results show that the scheduling decisions are insensitive to increasing �target from 2 to 3,
whereas decreasing it to 1 or increasing it to 4 can degrade performance. We therefore use �target = 2 as the
default.

5.5 Performance Characterization
To beter understand the sources of KABUMI’s performance gains, we use NVIDIA Nsight Compute to characterize
representative small-� and large-� executions. Table 4 summarizes matched KABUMI/library proiles in terms
of CTA counts, achieved occupancy, DRAM utilization, and L2 and L1 cache hit rates. he discussion below
additionally examines Tensor Core and scheduler activity, executed instructions, memory traic, and reduction
requests to explain how the two CA algorithms afect device participation and data movement. CUDA-event
measurements provide all latency and speedup results.

Communication volume and communication time are distinct. KABUMI uses CA to mean avoiding unnecessary
communication on the critical path, not that every coniguration transfers fewer bytes.he small-� path eliminates
cross-CTA reduction through disjoint output ownership. he large-� path may increase partial-output traic to
expose more CTA parallelism; this expansion is used only when it reduces latency and is limited once batch-level
parallelism is suicient.

he small-� results show that KABUMI afects data movement diferently across the memory hierarchy, rather
than reducing traic at every level. Against the selected CUTLASS kernel, FP16 KABUMI exposes four times as
many output CTAs, increases DRAM utilization, and executes 49% fewer instructions with nearly equal DRAM
bytes, while generating 2.61× as much L1/TEX traic. Although its Tensor Pipe utilization is lower (0.69% versus
7.37%), it is 2.26× faster, conirming that this tiny-� point is limited by device participation and operand delivery
rather than Tensor Core throughput. At high batch pressure, the FP32 route uses the same CTA count as cuBLAS
but increases issue activity from 13.59% to 15.84% and DRAM utilization from 26.27% to 36.28%, with 21% fewer
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Table 4. Representative Nsight Compute profiles for KABUMI and the corresponding baselines. Pair-valued cells show
KABUMI/baseline. CTA counts include all device-side components of the logical operation.

Precision, (�,� , �, �) Baseline Speedup CTAs Occ. (%) DRAM (%) L2 hit (%) L1 hit (%)

FP16 (8, 512, 16, 64) CUTLASS batched 2.26× 512/128 22.44/8.32 22.78/15.57 24.19/18.36 68.75/0.00
FP16 (8, 256, 2048, 1) Stream-K 1.45× 260/178 9.55/8.74 13.72/10.17 54.50/27.05 32.90/0.00
FP32 (4, 2048, 8, 64) cuBLAS 1.54× 2048/2048 80.15/35.12 36.28/26.27 8.80/9.45 47.63/14.58
FP32 (1, 32, 4096, 1) cuBLAS 3.04× 129/4 3.02/16.61 6.17/1.95 40.35/19.54 11.98/25.34

instructions. Together, these results show that 1D CA direct-write decomposition and batch-aware coarsening
improve performance through increased device utilization and more eicient instruction execution.
he large-� rows expose the 3D CA tradeof. Against Stream-K, FP16 KABUMI increases CTA supply and

DRAM activity and is 1.45× faster despite executing 2.15× as many instructions and issuing 1024 versus 12
global reduction requests. For FP32 (1, 32, 4096, 1), KABUMI expands 4 CTAs to 129 and raises DRAM utilization
from 1.95% to 6.17%, producing a 3.04× speedup even though achieved occupancy within active SMs is lower.
Occupancy alone therefore does not reveal whole-device underill. At the high-batch boundary (1, 256, 1024, 64),
KABUMI and cuBLAS both launch 256 CTAs, move equal DRAM bytes, and reach 88.34% and 89.01% DRAM
utilization; KABUMI remains 1.19× faster while executing 59% fewer instructions. Here, the remaining gain does
not come from further CTA expansion.

6 Related Work

6.1 LLM Inference and MoE Systems
MoE models increase parameter capacity by activating only a subset of experts for each token. Early sparse expert
models [53], GShard [36], and Switch Transformer [20] established MoE as a practical scaling technique, and
recent large models such as Mixtral [32] and DeepSeek [15] further demonstrate its importance in production-
scale LLMs. his sparsity changes the local linear algebra problem: ater routing, each expert sees only the tokens
assigned to it, so decoding oten produces many tiny-� GEMMs rather than a single large dense GEMM.
System work on MoE has mainly optimized distributed execution, routing, communication, and serving.

DeepSpeed-MoE [52], FasterMoE [25], Tutel [30], MegaBlocks [21], and related systems improve training or
inference throughput by changing how tokens, experts, and communication are organized. Inference serving
systems such as vLLM [34], SGLang [71], and recent MoE serving optimizations [38, 44] address scheduling and
memory management at a higher level of the stack. Serving optimizations also extend to intra-device parallelism,
using nano-batching or preill–decode overlap with interference-aware GPU resource allocation [41, 73]. Our
work is complementary: ater routing, batching, and sharding have formed local GEMM groups on one GPU, we
study how the resulting batched GEMMs should be decomposed and scheduled across SMs.

6.2 GPU GEMM Libraries
Dense GEMM has a long history in numerical libraries, from ATLAS, GotoBLAS, OpenBLAS, and BLIS to LAPACK,
MAGMA, and SLATE [17, 22, 23, 46, 59, 65, 68]. On GPUs, cuBLAS and CUTLASS [47, 48] provide highly optimized
vendor kernels and reusable templates, while Triton [57] and newer AI-oriented libraries such as DeepGEMM [14]
expose lexible routes for custom matrix kernels. A large body of GPU GEMM work studies tiling, blocking,
memory hierarchy usage, and Tensor Core utilization [9, 28, 31, 35, 37, 39, 56, 61, 63, 69].

Conventional tiling strategies are highly efective for large, regular matrices, where enough output tiles exist
to ill the GPU and arithmetic intensity is high. Decoding-oriented work also optimizes lat GEMMs through
shape-speciic kernels and double bufering [13]. For the tiny-� shapes studied here, the native output tile space
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can expose too few CTAs, and the best decomposition depends on whether the local � dimension is short or
long. KABUMI therefore selects CA algorithms that balance data reuse with CTA-level parallelism to improve
memory-system utilization while keeping overhead low for short reductions.

6.3 Batched and Small GEMM
Small-matrix multiplication has motivated both specialized kernels and batched execution. On CPUs, LIBXSMM
uses runtime code generation to specialize small matrix multiplications [26]. On GPUs, early batched GEMM
work combined specialized kernel designs with autotuning for ixed- and variable-size batches [2]. Batched BLAS
eforts also examined interfaces and data layouts for eiciently processing many small operations together [19].
Batching reduces launch overhead and exposes parallelism across independent matrices, while kernel special-
ization improves the eiciency of each multiplication. Subsequent FP16 batched GEMM designs adapted kernel
organization to Tensor Cores, including cases where very small matrices cannot fully utilize the matrix units [4].
Variation in matrix dimensions introduces further challenges in distributing work across the GPU. Variable-

size batched BLAS handles diferently sized matrices within one kernel through a common grid structure and
adaptations to each problem’s dimensions [3]. Tiling and batching are also closely coupled: larger tiles favor data
reuse, while smaller tiles expose more parallel work. Li et al. [39] explicitly coordinate these choices through a
tiling engine that partitions GEMMs and a batching engine that assigns tiles to thread blocks.
Beyond tile assignment within a batched kernel, resource sharing also maters when independent GEMMs

execute as separate kernels. GOLDYLOC [51] couples resource-aware kernel tuning with dynamic selection of
the number of concurrently executing GEMMs, accounting for contention that is absent when a kernel is tuned in
isolation. hese studies connect the eiciency of individual GEMMs with the parallelism and resources available
to the workload as a whole. KABUMI studies this interaction for decoding-oriented tiny-� workloads, adapting
CA decomposition and per-GEMM CTA counts to matrix shape and batch or group size.

6.4 CA Algorithms
Several GEMM decompositions improve load balance by changing how work is assigned to SMs. Stream-K [49] is
representative of work-centric scheduling: instead of assigning work only through conventional output tiles, it
distributes the GEMM iteration space more evenly across the GPU. Such approaches are closely related in spirit
to our goal of avoiding underilled SMs, but our seting is diferent because the unit of scheduling is a batch of
tiny-� GEMMs whose single-GEMM expansion must be balanced against inter-GEMM concurrency.
CA algorithms provide another line of related work. heoretical lower bounds and algorithms for reducing

data movement have been studied extensively [7, 8, 18, 42]; practical distributed matrix multiplication algorithms
include SUMMA, 2.5D variants, and near-optimal redistribution schemes [33, 55, 58]. KAMI [62] develops CA
algorithms for single-GPU small GEMM, whereas KABUMI studies batch-aware CTA expansion for batched and
grouped GEMMs.

7 Conclusion and Future Work
he performance of decoding-oriented tiny-� GEMMs depends on both CTA-level parallelism and eicient use
of the memory system. In batched and grouped execution, the appropriate amount of parallelism within each
GEMM also depends on how many GEMMs share the GPU.
We proposed KABUMI, a CA batched GEMM framework for this regime. Its single-GEMM kernels create

more useful CTA-level work through shape-aware CA expansion, using 1D CA output-space expansion for
small-� shapes and 3D CA reduction-slice expansion for large-� shapes. Its batch-aware scheduler adapts each
GEMM’s SM footprint to the batch or group size, improving latency for small batches and throughput for larger
batches. On RTX 5090, KABUMI achieves 1.60×–7.00× geomean speedup over the batched-GEMM baselines and
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1.11×–1.58× over the evaluated grouped-GEMM baselines. On B200, it achieves 1.32×–5.03× geomean speedup
over the batched-GEMM baselines. hese results show that shape-aware CA expansion and batch-aware SM
budgeting are efective tools for decoding-oriented batched GEMM on modern GPUs.

Future work will broaden the evaluation of KABUMI across GPU architectures to study performance portability,
and extend its low-precision support and comparisons with low-precision GEMM libraries.
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