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ABSTRACT

As an essential mathematical operation, GEneral Matrix Multiplication (GEMM) plays a vital role in many
applications, such as high-performance computing, machine learning, etc. In practice, the performance of
GEMM is limited by the dimension of matrix and the diversity of GPU hardware architectures. When dealing
with batched, irregular and small matrices, the efficiency of GEMM usually performs poorly. To this end, a
common approach is to segment the matrix into multiple tiles and utilize parallelism between workgroups in
GPU to compute the results. However, previous works only consider tile size and inter-workgroup parallelism
and ignore the issues of low computational efficiency and hardware resource utilization caused by the
difference in workloads between wavefronts. To address these issues, we propose a load-balanced batch GEMM
acceleration method, consisting of a multi-thread kernel design and an efficient tiling algorithm. The multi-
thread kernel design can address the workload unbalance between wavefronts in different workgroups, and the
efficient tiling algorithm can choose the optimal tiling scheme with the new thread-level parallelism calculation
method to achieve load-balanced task allocation. Finally, various comparative experiments were conducted
on two GPU platforms: AMD and NVIDIA. Experimental results indicate the proposed method outperforms

previous methods.

1. Introduction

GEneral Matrix Multiplication (GEMM) is a standard computing
kernel that plays an important role in high-performance computing [1],
artificial intelligence [2], image processing [3], and other research
fields. With the explosive growth of data volume and the emergence of
various algorithms, the demand for high-performance GEMM comput-
ing is increasing [4,5]. Additional stream processors and memory are
integrated into the GPU to cater to this trend, providing tremendous
computational power for GEMM acceleration. To fully utilize the hard-
ware acceleration capability, AMD and NVIDIA, provide developers
with a platform for parallel computing based on GPU (ROCm and
CUDA). Based on these parallel computing acceleration platforms, var-
ious optimization algorithms and acceleration libraries have been pro-
posed and demonstrated to have powerful effects, such as rocBLAS [6],
cuBLAS [7]1, MAGMA [8], etc. These methods achieve optimal computa-
tional task allocation through hardware resource scheduling and thread
parallelism to accelerate the matrix multiplication operation [9,10].

Many real-world applications, such as deep learning, involve ir-
regular, small-size matrix multiplication operations in their computa-
tions [11]. For example, in Convolutional Neural Networks (CNN) [12-
14], the structure of these models contains a large number of convo-
lutional layers. The scale of the convolution kernel tends to be small
(e.g. “1*1” and “3*3”). Convolution operations are converted to GEMM
using Im2col function, and the dimension of the matrix is typically
less than 1000 [15,16]. These small GEMM computations prevent the
GPU from fully exploiting its hardware computing potential. In this
case, the scheduling overhead between batch GEMMs and the regularity
of the matrix poses challenges to computational performance [17,18].
For a GEMM, the tiling is a standard solution method. The matrix is
segmented into multiple tiles, and a thread block is responsible for
computing individual tiles. Since each tile is independent, multiple tiles
can be computed in parallel by using multiple threads in GPU, to speed
up the computation process of GEMM. The larger dimension of tile will
increase the Thread-Level Parallelism (TLP) of a single tile and also will
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reduce the number of tile, resulting in the failure to fully utilize the
hardware resources of GPU [19,20]. The Instruction-Level Parallelism
(ILP) of a single thread is related to the K-dimension. Generally, for a
large enough matrix size, it can fully use GPU hardware resources and
achieve higher TLP and ILP [21,22].

To improve computational efficiency, previous studies have pro-
posed some acceleration methods for matrix multiplication. For in-
stance, rocBLAS [6] and cuBLAS [7] provide batch GEMM API
(rocblasSgemmBatched and cublasSgemmBatched), which can support
multiple GEMMs to be simultaneously calculated on GPUs. However,
these APIs support only uniform matrix sizes that considerably limit
these applications. NVIDIA also provides a C++-style template library,
CUTLASS [23], which utilizes built-in tile templates and sorting to
accelerate matrix multiplication operations. In fact, the size of matrices
is variable in many real-world applications [11]. To solve this issue,
a Vbatch GEMM route that supports batch GEMM in various sizes is
designed and implemented by MAGMA (magmablas_sgemm_vbatched). It
adapts to batch GEMMs with multiple tiling strategies, assigning the ap-
propriate tile to a single GEMM for huge performance gains. Although
variable sizes are supported in MAGMA, it still has some limitations.
First, MAGMA only supports some coarse-grained tiling strategies that
are not appropriate for all GEMM. Coarse-grained tiling results in an
unbalanced kernel workload and GPU utilization reduction. Second, the
grid size is determined by the tiling of the largest matrix, which leads
to idle threads and a waste of GPU computing power. Third, the lack
of an evaluation criterion for tiling leads to lower efficiency of strategy
choice.

To thoroughly support batch GEMM with variable sizes, it is es-
sential to design a tiling algorithm that can be adapted to all GEMMs
and adaptively choose tile sizes, not limited to single size. The optimal
tiling for each GEMM is different, depending on the size of the matrix
dimensions (M, N, K). How to choose a suitable tile is a challenge
for batch GEMM. At the same time, an evaluation criterion based on
the current GPU hardware and tiling strategy is also essential. With
GPU hardware, an appropriate tiling for each GEMM can be chosen
to fully utilize the GPU computing capabilities and achieve better
computational performance. How to measure the effectiveness of the
tiling algorithm on the GPU hardware is a challenging problem. The tile
with various sizes can lead to significant differences in computational
effort within each workgroup, further to an unbalanced distribution of
computational tasks and excessive load differences between threads.
Hence, for tiles with various sizes, balancing thread computation and
data loading during computation is also a challenge for batch GEMM.

To address the above challenges, we propose a batch GEMM accel-
eration method with a multi-thread kernel design. Furthermore, an ef-
ficient tiling algorithm is proposed to achieve load-balanced and higher
hardware resource utilization. Our contributions can be summarized as
follows:

A multi-threaded kernel design scheme is proposed to balance
thread computation and data loading in different workgroups to
compute the various tiles.

A novel TLP computation method is designed to select the optimal
tiling algorithm by combining the kernel occupancy of the GPU
and the tiling operation.

An efficient tiling algorithm is implemented by considering the
GPU hardware architecture and the batch GEMM workload.

The proposed method can efficiently handle batch irregular GEMM
and achieve state-of-the-art performance on AMD and NVIDIA
GPU platforms.

The rest of the paper is organized as follows. Section 2 provides
related work and motivation. Section 3 introduces background on batch
GEMM, GPU architecture, and kernel occupancy. Section 4 presents
the details of the multi-thread kernel design and load-balanced tiling
algorithm. Section 5 demonstrates and evaluates the experimental re-
sult. Section 6 provides the conclusions of the paper and future work.
The source code of this paper can be obtained in this repository link:
https://github.com/zhangyu0722/BatchGEMM.git.
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2. Related work and motivation
2.1. Related work

Several approaches have been proposed for batch GEMM computa-
tion, which mainly focus on algorithm-level optimization or architecture-
level optimization. The former mainly explores lower bounds on the
time complexity of GEMM operations at the mathematical level and
optimizes the computational effort. The latter is based on different GPU
architecture features and uses corresponding optimization techniques
to improve the computational efficiency of GEMM. In algorithm-level
optimization, Strassen et al. [24] proposed a novel GEMM algorithm
based on the property that matrix addition is faster than matrix multi-
plication to speed up the computational process, which uses seven-time
multiplications and multiple addition operations instead of eight-time
multiplications. This approach mathematically reduced the time com-
plexity of GEMM to O(n>3') for the first time. To reduce the require-
ment of Strassen’s algorithm for extra memory space, three different
methods were proposed in [25]: pre-additions, overwriting the input
matrix, and recursive scheduling to alleviate this problem. At the
same time, due to the powerful effect of deep neural networks in
various domains, Alhussein Fawzi et al. [26] transformed the process
of finding the optimal complexity of matrix multiplication into a tensor
decomposition problem and used reinforcement learning to explore
lower bounds on the complexity of matrix multiplication. In particular,
for a 4 X 4 matrix, the multiplication number was as low as 47 multi-
plications. This performance was better than the two-level Strassen’s
algorithm, which involves 49 multiplications. Although the above
approach reduces the mathematical complexity of matrix multiplication
operations, it is difficult to take advantage of the performance benefits
of these approach due to the neglect of computational scheduling
strategies and multi-level memory architecture features on the GPU.

In architecture-level optimization, GPU vendors (NVIDIA and AMD)
have designed and implemented computing libraries such as cuBLAS [6]
and rocBLAS [7] based on their parallel computing platforms to im-
prove GPU hardware utilization and parallelism. However, due to the
restriction of uniform-sized matrix, the performance is poor when faced
with small and irregular batch GEMMs. Although NVIDIA provides
a C++-style template library, the small size of the matrix and the
lack of assembly-level optimizations make it difficult for CUTLASS
to fully exploit its performance advantages for irregular and small
matrix multiplication [23]. These irregular and small-sized matrices
often lead to unbalanced workloads among threads in different work-
groups, which can reduce kernel performance. For Sparse GEneral
Matrix-Matrix multiplication (SpGEMM), the matrix’s sparsity leads to
significant differences in thread workloads [27,28]. To address the
unbalanced workload, Chen et al. [29] optimized the matrix segmen-
tation by analyzing the distribution of the floating point calculations
of the CSR-based SpGEMM, which achieves load balance and perfor-
mance improvement on Sunway TaihuLight. For the issue of workload
unbalance in threads, it is necessary to conduct a detailed analysis
of the computation process and hardware platform characteristics to
design an efficient parallel framework implementation [30,31]. Xiao
et al. [32] introduce a fine-grained partitioning strategy to select ap-
propriate segmentation dimensions, efficiently utilizing the parallelism
of multi-thread and improving the performance of binary sparse tensor
contracts. The diversity of matrix sizes makes it difficult to utilize a
unified routine for calculations, resulting in some threads being idle
in CU [33,34]. Indeed, the size of matrices is variable and irregular
in various scientific computing scenarios. To overcome the matrix
restriction of uniform size, MAGMA [8] proposes a Vbatch routine
to support batch GEMM with various sizes. In this way, it uses a 3D
grid to indicate batch GEMM'’s kernel design, where grid.z represents
batch size. Each GEMM corresponds to one of the 2D-grid planes, and
the size of the two-dimensional plane (grid.x, grid.y) is determined by
the largest GEMM. In the case of irregular GEMM, if the dimension
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Fig. 1. GEMM and batch GEMM schematic diagram.

difference between the largest GEMM and the rest is too large, a large
number of threads and workgroups will be idle, resulting in a waste of
GPU computing resources. For various parallel acceleration platforms,
different hardware characteristics, such as register size and number of
CUs, will affect the allocation of computing resources in the kernel. To
ensure kernel performance, it is necessary to flexibly set parameters
based on different matrix sizes and hardware architectures [9,35].
To solve this problem, a coordinated tiling and batching strategy is
proposed in [21], where a different tiling strategy is used for each
GEMM in batch GEMM and appropriate batching is used according
to the tile size to improve the computational efficiency of the GPU.
Wang et al. [36] proposed the sort-up algorithm based on the GEMM
workload and split-down in the tiling process, which can segment large
tiles into multiple smaller tiles. This approach can make better use of
CU utilization when the number of GEMM is limited.

2.2. Motivation

Although the above-mentioned methods improve the parallel com-
puting efficiency of batch GEMM on GPU from various perspectives,
there are two problems. One is that the workload of threads varies
significantly across the kernel. In the above approach, tiles with various
sizes are designed, and each tile is responsible for the corresponding
kernel, where the number of threads is fixed. In general, larger tiles
have better TLP. This will also increase the workload of each thread
for large-size tiles, and the thread responsible for computing large tiles
requires more hardware resources (VGPR, SGPR, LDS) and computing
time. The other one is that differences between wavefronts within dif-
ferent workgroups are ignored in the TLP calculations. The workgroup
will be transformed into multiple wavefronts during GPU computation
and be executed in parallel on the CU. Each CU can run multiple
wavefronts simultaneously, and the number of wavefronts depends on
the hardware resources required by the wavefront. Thus, the TLP on the
GPU should be determined by the number of threads in the wavefront
that can be executed in parallel on the CU.

To solve the above problems, we propose an efficient and load-
balanced batch GEMM acceleration method, which consists of two
parts: a multi-thread kernel design scheme and an efficient tiling algo-
rithm. A multi-thread kernel design is proposed to balance the amount
of loading and computation in the thread corresponding to each tile.
Tiles with various sizes correspond to the number of threads selected.
Although this is limited by the parallel programming interfaces of the
CUDA and ROCm platforms, the number of threads responsible for
computing a tile is uniform. To overcome this shortcoming, we use the
corresponding filtering operation in the kernel execution process to ef-
fectively alleviate this problem. An efficient tiling algorithm can choose
the optimal scheme based on different GEMMs and GPUs. To measure
the effect of tiling, we propose a new way of TLP computation based
on wavefronts. The optimal tiling scheme is obtained by adjusting the
tiling strategy according to the TLP. Finally, we obtain an efficient tiling
algorithm based on the new TLP calculation method. In Section 4, the
details of the proposed method are introduced.

3. Background
3.1. GEMM and batch GEMM

For a single GEMM, its accumulation routine is C = « A B+8C, where
A € RMXK B e RKXN and € € RM*N are dense matrices, M, N, and
K represent matrix dimensions, and « and § are constant scalars. A
common approach is tiling matrix C into multiple tiles [21,36], which
utilizes the parallel computing of thread in GPU to calculate each tile
and splices together the result. As shown in Fig. 1 (b), given a GEMM
with size M x N x K, the matrix C is segmented into multiple tiles with
T,, x T,. Each workgroup is responsible for the calculation of a tile and
needs to access the row section of matrix A with size 7,,xK and column
section of matrix B with size K x T,. However, the row cross-section
of A and the column cross-section of B (represented in Fig. 1 (b) by
the gray parts of matrices A and B, respectively) are too large to store
in shared memory and registers. Hence, the row section of A and the
column section of B are segments of multiple A tiles with 7,, x T, and B
tiles with T, x T,, respectively. The partial result of C can be obtained
by calculating with A tile and B tile, and accumulative partial results
can obtain the final result.

To batch-run multiple GEMMs, a naive routine is computed for
each GEMM individually. However, when the matrix size is small,
a single GEMM does not fully utilize the GPU’s computing power,
leaving the CU idle [37,38]. To avoid this situation, a batch GEMM
method is proposed to design multiple kernels for various GEMM in
the GPUs [36,39]. Compared to GEMM, batch GEMM is expressed in
(M x N x K X B;,,), where M, N and K represent the dimensions of
the matrix, and B,;,, represents the batch size. A batch GEMM is 3D-
dimension grid, where grid.z is batch sizes, and grid.x and grid.y are the
lengths and widths of a two-dimensional plane respectively [40]. To
balance the workload of a batch GEMM, a variety of tile sizes are used
for GEMM tiling. The two-dimensional grid size has the corresponding
matrix C and tiling strategy. Each tile is responsible for the correspond-
ing workgroup. A workgroup is decomposed into multiple wavefronts
that execute on the CU. The 3D grid of batch GEMM is shown in Fig. 1
(a).

3.2. GPU architecture and kernel occupancy

With the improvement of hardware architecture and parallel com-
puting programming platforms (such as ROCm' and CUDA?), GPUs
are becoming the most popular hardware accelerator. The two most
commonly used GPUs are AMD and NVIDIA, widely used in various
scientific computing platforms. However, some basic concepts of ex-
pression in ROCm and CUDA are different. We chose AMD’s official

1 https://rocm.docs.amd.com/en/latest/
2 https://docs.nvidia.com/cuda/
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Table 1
ROCm/CUDA terminology.
ROCm CUDA Description
Compute Unit (CU) Streaming One of many parallel vector processors in a GPU that contains

Multiprocessor (SM)

parallel ALUs. All waves in a workgroup are assigned
to the same CU.

Kernel Kernel

Functions launched to the GPU that are executed by multiple
parallel workers on the GPU. Kernels can work in
parallel with CPU.

Wavefront Warp

Collection of operations that execute in lockstep, run the
same instructions, and follow the same control-flow path.
Individual lanes can be masked off.

Workgroup Thread block

Think of this as a vector thread. A 64-wide wavefront
is a 64-wide vector op.

Work-item/Thread Thread

GPU programming models can treat this as a separate thread
of execution, though this does not necessarily get
forward sub-wavefront progress.

Global Memory Global Memory

DRAM memory accessible by the GPU that goes
through some layers cache.

Local Memory Shared Memory

Scratchpad that allows communication between wavefront
in a workgroup.

Private Memory Local Memory

Per-thread private memory often mapped to registers.

terminology for this paper to provide precise specifications. To clarify
some differences and relationships between ROCm and CUDA terms, a
comparison of terminology is given in Table 1.

A GPU is composed of multiple Shader Engines (SE) and a com-
mand processor. Each SE has its own workload manager. One SE is
integrated with multiple CU and workload manager. Each CU contains
an enormous amount of Arithmetic and Logic Units (ALUs), a small
number of control units, and caches. Hence, GPUs are suitable for a
large number of simple parallel computing tasks. A GPU kernel consists
of one or multiple workgroups, the size of which is determined by the
number of wavefronts and threads. On the memory hierarchy, the GPU
has global memory, local memory, and private memory from slow to
fast according to memory access speed, and local memory and private
memory are much smaller than global memory [41,42].

Kernel Occupancy represents the actual utilization of computing
unit resources by a kernel function on GPU, which is the ratio of
actived wavefront to the maximum wavefront supported by CU [35,43].
An active wavefront running on CU requires resources such as Vec-
tor General-Purpose Register (VGPR), Scalar General-Purpose Registers
(SGPR), Local Data Share (LDS), etc. A wavefront can be activated
and run on a CU when all required resources are available. When the
utilization of CU resources is low, the number of active wavefronts
is small, which leads to the waste of hardware resources and the
degradation of the parallel performance of the kernel. On the other
hand, when the number of active wavefronts in the CU increases, the
resources used by each wavefront and the available register storage
space of each work-item in the wavefront decrease [44,45].

The number of active wavefronts on a CU is mainly limited by the
following factors: the number of work-items in each workgroup and
the sizes of VGPR, SGPR, and LDS. For example, in AMD’s MI100°
and MI210,* a wavefront consists of 64 work-terms. When the number
of work-items in a workgroup is less than or equal to 64, only one
wavefront is included. The VGPR, SGPR, and LDS sizes on the CU have a
corresponding upper bound for each work-item. According to the kernel
design, the resources on the CU need to be allocated before executing
each work-item. When resource requirements of the work-item are
satisfied, the wavefront can be active and run on the CU. Otherwise,
it will not run until other wavefronts accomplish tasks and release

3 https://www.amd.com/system/files/documents/instinct-mi100-
brochure.pdf

4 https://www.amd.com/content/dam/amd/en/documents/instinct-
business-docs/white-papers/amd-cdna2-white-paper.pdf

resources. In order to fully utilize the hardware resources of the GPU
and improve the efficiency of parallel computing, the kernel occupancy
should be improved as much as possible without data overflow [46,47].
In batch GEMM, an efficient kernel design should properly allocate
the data loading and computation workload for each work-item in the
wavefront, so that the memory space and computing power on the CU
can be more efficiently utilized [48,49].

4. Overview
4.1. Multi-thread kernel design

Tile size and kernel design are closely related in the design of batch
GEMM algorithms, and there are two matrix tile design routes. The
first way is to design a tile to adapt to all GEMMs, and the second
is to design the various tiles to adapt to different GEMMs. Compared
with the first method, for irregular GEMM, the latter method is more
flexible and efficient to utilize the computing resources of GPU. For
GEMMs with various shapes and sizes, using a single tile can easily
lead to increased workload differences between threads in multiple
workgroups, affecting the allocation of computing resources. In this
paper, we perform a multi-thread kernel design for the second matrix
segmentation method. Two different tile design strategies are shown
in Fig. 2. Here we present the effect of two different tile strategies on
the occupancy of the 3D grid. For the batch GEMM, different tile sizes
lead to different numbers of workgroups, resulting in different 3D grid
occupancies.

For a single GEMM, matrix C is tiled into multiple tiles. The tile
size can be flexibly designed, and each tile can be run in parallel
without data interference. Each tile is calculated by the corresponding
workgroup and can be represented by a 2D-grid as a whole. When the
size and number of tiles is large enough, efficient parallel execution
efficiency can usually be obtained. However, in real-world cases, the
size of matrices in batch GEMM tends to be small and irregular,
which leads to poor performance of traditional methods. Therefore, the
previous method adopts a variety of tiles to adapt to the corresponding
GEMM, and each tile is based on a unified number of threads, which
will lead to the workload of threads in large-scale tiles being much
larger than that of small tiles. This gap in the workload of threads
results in unbalanced thread loading and reduces GPU parallel com-
puting efficiency. Table 2 lists the detailed parameters for tiles with
various sizes based on the same work-item design (The number of work-
items in the kernel is 128). Wp and W),; represent the computation
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Fig. 2. Two different tile design strategies for batch GEMMs. ((a) All GEMMs adopt the same tiling scheme, which is divided into multiple tiles of the same size. (b) Different
GEMMs adopt different tiling schemes and are divided into multiple tiles of different sizes.).

Table 2
The common kernel design scheme for batch GEMM (There are significant workload
gaps between threads).

Tile 7, T, Ty Wep Wpr
small 16 16 8/16 2 4/6
medium 32 32 8/16 8 12/16
large 64 64 8/16 32 40/48

amount and data loading amount of work-item, respectively, and their
calculation expressions are considered as:

T, xXT,
Wep = 21 6
Vl/num
T,XT,+T,xT, +T,XT,
WDL __m n m k k n (2)
Wnum
where W,,,, represents the number of work-items responsible for com-

puting the tile.

For different tiles, there is a significant gap in workload between
threads (W¢p € [2,32] and Wp; € [4,48]). The choice of T, also has a
certain impact on the data load of work-item. Each thread is responsible
for more data loads when T} is larger. For example, in large tile, when
the value of T is set to 8 or 16, each work-item is responsible for
loading 40 and 48 elements, respectively. The workload differences
caused by these different tile sizes impact kernel performance.

To explore the impact of the number of work-items in the work-
group and the tile size on the performance of batch GEMM, some
experiments are performed, whose results are given in Fig. 3. As shown
in Fig. 3, under the condition that the number of GEMMs is large and
M, N, and K are large enough, various thread-kernels (thread number
is 64, 128, 256, and 512) are used to compute multiple tiles (The nine
tiles are shown in Fig. 3). In Fig. 3, four thread kernels commonly
used in previous work are selected as benchmarks [21,34,36]. We used
these kernels to investigate their performance under various tiles in
comparative experiments. Fig. 3 shows that the kernel’s performance
first increases and then decreases for different tiles. When the tile
size is small, the thread’s workload is also tiny. In this case, threads
in the kernel only compute a few elements, which causes a lack of
full utilization of threads’ computing power. As the tile size increases,
the number of elements that the thread needs to calculate and store
is also increasing. Under the condition that the register data does
not overflow, the computing efficiency of the thread is continuously
improving. When the tile corresponding to the thread is too large, the
register data overflows, and the data will be transferred to the global
memory. For example, for a 64-thread-kernel, when computing “8*8”
and “32*32” tiles, respectively, each thread needs to compute 1 and 32
elements in matrix C. It is obvious that “32*32” requires more register
memory. However, the register memory of each thread is precious.
When the maximum limit of the register memory is exceeded, the data
will be transferred to the global memory for storage. Because the access

speed of global memory is considerably lower than that of registers,
threads’ data access efficiency decreases, and overall time consumption
increases. At the same time, since the variety of thread workloads,
when a thread with a heavy workload is run on the CU, the number
of active wavefronts on the CU is less, resulting in the CU’s kernel
occupancy (The ratio between the number of active wavefronts and the
maximum number of supported wavefronts) will be reduced. The state
of the CU with low kernel occupancy will be longer due to the longer
work-item computation time.

To solve this problem, we propose a multi-thread kernel design,
which ensures that the workload of each thread is balanced as much as
possible. The experimental results in Fig. 3 show that multiple kernels’
performance varies when calculating the same tile. For example, the
128-thread kernel performs best when calculating a tile with “32*32”,
as shown in Fig. 3. The performance gap mentioned above is mainly
because of the varying workloads of threads under different kernels,
which affects the overall performance. For the 128-thread kernel, when
calculating a tile with “32*32”, each thread needs to complete the
calculation of 8 elements and the loading of 16 elements. When cal-
culating a tile with “64*64”, the workload of the threads is heavy, and
each thread needs to complete the calculation of 32 elements and the
loading of 64 elements. When calculating larger tiles, the workload of
the thread increases significantly. To avoid significant differences in
workload between threads, we used a multi-thread kernel to calculate
various tiles by considering the computation amount (W, p) and data
loading amount (Wj,;) of threads in the kernel. For larger tiles such
as “32*64” and “64*64”, a 256-thread kernel is used for computation.
In this way, increasing the number of threads will reduce the thread’s
computation amount and data loading amount, thereby reducing the
gaps between threads’ workloads and achieving load balancing. There
are five tiles and two kernels (W,,,) for small and irregular batch
matrix multiplication, as shown in Table 3. Compared to Table 2, we
balance the thread workload by setting the tile size and number of
kernel threads so that thread computation and data loading are as
consistent as possible across different workgroups. In the calculation
process of GEMM, five tile types are designed for GEMM calculation
of different sizes, from “small” to “large”. To ensure that the amount
of computation and data loading for the work-item responsible for
computing different tiles are as equal as possible, the number of threads
varies depending on the tile size. In Table 3, two different thread
numbers are used (128 and 256), respectively, and the computation
amount (W,p) and data loading amount (W),;) of the work-item in
each scheme are given. Although the current ROCm and CUDA platform
programming interfaces only support the kernel design of a uniform
thread number, we use a screening operation in the early stage of kernel
execution to achieve the effect of kernel design of multiple threads. For
example, in this paper, the number of kernel threads is set to 256. When
the tiles of “small”, “small-medium” and “medium” are executed, the
extra threads will be terminated immediately and the corresponding
computing resources will be released because these tiles only need
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Fig. 3. Experimental results of multi-thread kernel.
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Table 3
The multi-thread kernel design scheme with a more balanced workload.
Tile T, T, T, W oum Wep Wpi
small 16 16 16 128 2 6
small-medium 16 32 16 128 4 10
medium 32 32 16 128 8 16
medium-large 32 64 16 256 8 14
large 64 64 16 256 16 24

128 threads. Terminating threads early allows for a better allocation
of computational resources to threads responsible for computing other
tiles. With this implementation, we can achieve the effect of a multi-
threaded kernel. Even though the performance may be degraded in
comparison with an actual multi-threaded kernel, the experimental
results in Section 5 demonstrate the excellent performance of this
method.

4.2. Tiling algorithm

4.2.1. Criteria for evaluation

The tiling can be seen as a re-assignment of GEMM computation
task. Efficient tiling algorithm can transform GEMM operations and
improve hardware resource utilization. When various kernel designs
are implemented, choosing an appropriate tiling scheme becomes a
crucial issue. In general, for a GEMM, there will be better parallelism
within the workgroup when the tile size is larger. However, a larger tile
means that the number of tiles needs to be reduced. If the number of
tiles is too few, the CU cannot be fully utilized, resulting in a waste of
computing resources. Therefore, choosing a suitable tiling evaluation
criteria is crucial. In the previous study, TLP was used to quantify the
parallelism of tiling strategies on GPUs. Given a GEMM and a tiling
strategy, its TLP can be calculated as follows:
TLP = Z % X Tworkgroup (3)

i mi ni

where M; and N, are the dimension size of matrix C of the ith GEMM,
and T,; and T, are the tile sizes chosen by matrix C. Ty kgroup 1S
the number of threads in workgroup. However, the above formulation
only considers TLP from the level of the workgroup. Indeed, during
the computation of the GEMM, the workgroup needs to be further
transformed into wavefronts and run on the CU in the form of a
wavefront. The execution process of batch GEMM can be divided into
four phases: segmentation, workgroup, wavefront, and execution. In the
segmentation phase, the GEMM is tiling into tiles with various sizes,

and each tile is computed by a workgroup. Workgroups are further
transformed into wavefronts based on their hardware resource require-
ments and the number of work-item. Finally, these wavefronts are run
in parallel on multiple CUs for batch GEMM calculations. Due to the
difference between tile sizes, the computation amount and data loading
amount of threads are not unified in the different wavefront, which
will lead to unbalanced hardware resource requirements. The execution
time of the wavefront on the CU is also different. The overall time of the
batch GEMM is the maximum of all CU execution time. If the workload
difference between wavefronts is too significant, the execution time of
one wavefront will be excessive, increasing the overall calculation time
consumption.

Therefore, Eq. (3) does not consider the workload gaps between
wavefronts. To solve this problem, we propose a new TLP calculation
method as follows:

M; X N;
TLPncw = z(p<;

X Ty ()]
- Tmi X Tm' ) wave f ront

where the expression of M;, N;, T,,; and T,; have the same meaning
as Eq. (3), and T,upefrom is number of work-item in wavefront, ¢
represents the conversion process of workgroup to wavefront.

The conversion process mainly considers the following factors: the
number of workitems in the workgroup, the size of VGPR, SGPR, LDS
required by a workitem, and the maximum number of wavefront sup-
ported in the CU. These factors are related to GPU hardware architec-
ture. Next, take AMD’s MI210, which is based on CDNA2.0 architecture,
as an example. Under the limitation of the number of workitems in the
workgroup, the number of wavefront can be calculated as follows:

Wi,
&) ®

where WF,,, is the maximum number of wavefronts under the limit of
the number of work-item in the workgroup, and WI,,, represents the
number of work-item in the workgroup. Eq. (5) indicates that when the
number of work-item is less than or equal to 64, a workgroup contains
only one wavefront, and the number of workgroups is limited to 16 in
the CU.

Limited by the size of VGPR, SGPR, and LDS, the number of the
wavefront can be calculated as follows:

VGPR,,,

VGPR, 54 X 64)

W F,,, =16 x ceil <

W Fy, = 4 X floor < 6)
where W Fy, is the maximum number of wavefronts under the limit of
the size of VGPR, VGPR,,,, is the size of VGPR in the Single Instruction
Multiple Data (SIMD) unit, and VGPR,,,, is the VGPR size used by a

use
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work-item. In the CDNA2.0 hardware architecture, each CU consists of
four SIMDs.
SGPR

SGPR..., ) )

W Fg = floor (
used

where W Fg is the maximum number of wavefronts under the limit of

the size of SGPR, SGPR,,,, is the size of SGPR in the CU, and SGPR,,.,

is the size of SGPR used by a wavefront.
LDS, wi,
W F, = floor | ——"== ) x ceil e 8)
LDS, sy 64
where W F; is the maximum number of wavefronts under the limit of
the size of LDS, LDS,,,, is the size of LDS in the workgroup, LDS,.,
is the size of LDS used by a workgroup, and the expression of W[
have same meaning as Eq. (5).
To sum up, the number of wavefronts should meet the limitations
of all the above factors, and the calculation method is as follows.

wg

W F = min(W'F,

wes W Fy, WFg, WF,WF¢) 9

where W F is the number of activated wavefronts, W F, is the maxi-
mum number of wavefront supported in the CU.

The number of wavefronts and the corresponding number of threads
are introduced into Eq. (4) to compute the TLP more accurately and
appropriately. Compared to Eq. (3), the former only considers the
workload at the workgroup-level, which neglects further conversion
between the workgroup and wavefront at runtime. Eq. (3) is valid only
if the following two conditions are satisfied. One is that all thread
computations and data load amounts are consistent. The other one
is that the hardware resources required for activated wavefront do
not exceed the limit in the CU. Note that for GEMM with different
precision, threads have different requirements for computing resources
(VGPR, SGPR, LDS) during the computation process. Therefore, for
matrices with different precision, the values of VGPR,.4, SGPR, 04>
and LDS,,., in Egs. (6)—-(8) above are different. This will affect the
number of activated wavefronts.

4.2.2. Tiling fine-tuning

For batch GEMM, an initial tiling scheme is first assigned to solve
the problem of switching between contexts and low hardware resource
utilization caused by the matrix’s variable scale. Then, the tiling scheme
is adjusted according to the TLP estimation of batch GEMM and the
hardware architecture of GPU, and finally, the best tiling scheme is ob-
tained. In the first stage, the tile size chosen by each GEMM according
to the dimensions of the matrix should meet the following conditions:

T,; < M;and M; mod T,,; =0
T, < N;and N, mod T,; =0 (10)
T,; < K;and K; mod T); =0

where T,,; and T,; represent the size of the tile dimension corresponding
to the tiling scheme, and T}; is the sub-tile size along the dimension of
K. There are two issues. (1) After the first phase, batch GEMM is only
an “initial scheme” that cannot achieve optimal parallel computing
efficiency. (2) Due to the variability of matrix size in batch GEMM, one
or several items of B;,,, M, N, and K values may be particularly small
in batch GEMM, which is called an extreme GEMM case. In this case,
the “initial scheme” cannot get enough tiles, which will make some CU
in an idle state, resulting in a waste of GPU computing power.

To solve these problems, the “initial scheme” is adjusted reasonably
and efficiently in the second stage. For the larger-size matrix, smaller
tiles are used to segment, and the number of tiles is increased by
reducing the tile size to avoid CU being idle. The details are as follows:
for a GEMM, given an appropriate “initial scheme”, to avoid the waste
of GPU hardware resources, some larger GEMMs are cut with smaller
tiles to ensure that the number of tiles is sufficient. For example, for
tiles whose initial value is “64 * 64”, tiles with “32 * 32” are used for
segmentation. As a result, the number of tiles increases as the tile size
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decreases. This fine-tuning approach ensures that the CU is not idle
by increasing the utilization of hardware resources at the expense of
intra-tile parallelism.

Algorithm 1 The Tiling algorithm.

1: Initialize TLP,,esnoid>
total_wave front = 0;
:fori=0 to B, —1do

TLP=0, total_workgroup=0,

2 size
3: Calculate T,,;, T,; according to equation (10);
4. total_workgroup+ = (M; * N;)/(T,,; * T,);

5: end for

6:  TLP,,, = @(total_workgroup) X Tyyape fronts
7:  Tile[size] represent to "large" to "small";
8: while (TLP,,, >=TLP,.cpoq ) dO

9

for j=0 to B, ,—1do
10: if Tile[j] is "large" then
11: Set Tile[j] is "medium-large";
12: else if Tile[j] is "medium-large" then
13: Set Tile[j] is "medium";
14: else if Tile[j] is "medium" then
15: Set Tile[j] is "small-medium";
16: else if Tile[j] is "small-medium" then
17: Set Tile[j] is "small";
18: end if
19: total_workgroup+ = (M; x N;)/(T,,; * T,);
20: end for

21:  TLP,,, = ¢(total_workgroup) X T\yqpe frons>
22: end while

TLP,e5n0iq 1S used as a threshold to ensure parallelism among
multiple tiles in fine-tuning phase. Note that T L P, ;.4 has an impor-
tant influence on the selection of tiling scheme for different hardware
architectures. As a measure, the TLP values of the batch GEMM vary
according to the different tiling schemes. The setting of the TLP,,, 014
value is related to the architecture of the GPU because it uses the
number of wavefront and the number of threads in the wavefront to
measure the parallelism of the tiling scheme. The hardware resources
and the maximum number of wavefronts supported by each CU are
diverse, so corresponding T LP,,.sn0.q Should be set for different GPU
architectures.

The specific process of selecting a tiling scheme for batch GEMM
is given in Algorithm 1: (1) when batch GEMM is given, an “initial
scheme” is obtained according to Eq. (10). (2) The TLP of this scheme
is calculated according to the given batch GEMM and tiling scheme.
(3) Compare the TLP of the current tiling scheme with the TLP,,,.sp014-
If the TLP is not reached, the fine-tuning operation will be performed,
and the current tiling scheme will be changed and then returned to
step (2). If the current TLP is greater than or equal to the threshold,
go to step (4). (4) The batch GEMM is calculated according to the final
tiling scheme. In the above procedures, the TLP is used as an evaluation
criterion to measure the effectiveness of the tiling scheme on the batch
GEMM. If the threshold is not reached, fine-tuning is used to adjust and
improve the utilization of GPU hardware resources. The optimal tiling
scheme can be obtained to ensure an optimal implementation at the
GEMM and workgroup level. After the final tiling scheme, the multi-
thread kernel is calculated based on the tile size so that the wavefront
and work-item levels can achieve a “workload balance” state.

The proposed method is based on the GPU platforms of AMD and
NVIDIA for implementation. The hardware characteristics of the GPU
platform can also significantly impact GEMM performance. For exam-
ple, in AMD and NVIDIA platforms, threads are based on wavefront
and warp as the basic execution units containing 64 and 32 threads,
respectively. The number of threads in the kernel needs to be an integer
multiple of the number of threads in wavefront and warp to improve
kernel occupancy. Meanwhile, the size of registers and shared memory
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Table 4
The configuration of platforms for evaluation.

AMD-platform

Platform setup NVIDIA-platform

CPU EPYC 7763 Platinum 8358
GPU MI210 A800
(O Ubuntu 20.04 Ubuntu 20.04
ROCm/CUDA ROCm 5.6 CUDA 12.0
Table 5
The configuration of GPUs for evaluation.
Name MI210 A800
Architecture CDNA 2.0 Ampere
Core 1700 MHz 1410 MHz
Caches L1 16 KB (per CU) L2 16 MB L1 192 KB (per SM) L2 40 MB
Memory 64 GB 3.2 Gbps HBM2 80 GB 2.4 Gbps HBM2
Bandwidth 1.6 TB/s 2.04 TB/s

can affect parameter settings during implementation based on different
hardware architectures. Based on this difference, the proposed method
considers parallelism at the wavefront or warp level when performing
matrix segmentation on two GPU platforms. In this way, the proposed
method can flexibly select tiling schemes based on the hardware char-
acteristics of the GPU to achieve optimal performance. In this way,
the proposed method can avoid exceeding the maximum register limit
and prevent data overflow, which improves its applicability for various
hardware architectures.

5. Evaluation
5.1. Setup

Experiment platform and matrix generation. The overall configu-
ration of the experimental platform and the details of the two GPUs
are shown in Tables 4 and 5, respectively. To ensure the irregular-
ity and variability of the input matrix, the GEMM size parameters
M, N, and K are randomly generated within corresponding ranges
([Min,Max_M(N)] and [Min, Max_K]). Max_M, Max_N, and Max_K
represent the upper bounds of M, N, and K, respectively. The lower
bound for each experiment is denoted uniformly by Min. In this paper,
the value of Min is set to 16. For example, Max M(N) = 512 and
Max K = 128 indicate that the range of matrix dimensions is M €
[16,512], N € [16,512] and K € [16,128]. Thus, multiple sets of
matrix dimension ranges can be obtained, and the parameters needed
for GEMM generation are chosen from the different value ranges by
random selection.

Comparison method. First, for the two GPU experimental platforms,
the default GEMM processing methods rocBLAS [6] and cuBLAS [7]
provided by the respective GPU manufacturers are chosen as the basic
comparison methods to demonstrate the effectiveness of the proposed
method. Since these methods do not support the way of batch invo-
cation, in this paper, rocBLAS and cuBLAS compute batch GEMM in a
loop manner. No stream operations are used during the computation.
Meanwhile, we also compared the CUTLASS [23], which supports
batch GEMM based on sorting and built-in tiles. We then compare
with MAGMA [8] supported by the University of Tennessee ICL Lab,
which only extends the grid.z to support batch GEMM but does not
have a fine-grained optimization strategy. The MAGMA comparison
experiments were run on two GPU platforms. Meanwhile, to show the
advancement of our proposed method, we compare with the state-of-
the-art methods such as Wang [36] and Li [21] on their respective
platforms. All of the above methods perform a warp-up operation to
eliminate the effect of the first kernel boot.

Evaluation criteria. In the following experiments, there are 12 sets
of GEMM dimension ranges. The experiments with batch sizes 8, 16,
32, 64, 128, and 256 were run continuously for ten epochs under each
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set of value ranges. The experimental results were represented by the

average value of GFLOPS (Giga Floating-point Operations Per Second),

which is calculated as:

S0 2(M; X N, % K;)
total_time * 1.0e9

GFLOPS = (11D

where M;, N; and K, represent the matrix dimension of the ith GEMM,
and total_time represents the running time on this GPU, n represents
batch sizes. For simplicity, the experimental data is represented as
single-precision floating-point data and the storage format is based
on the row-first format. The experimental results are averaged over
10 consecutive runs. The final experimental results were rounded to
preserve two decimal places.

5.2. Speed up

In the two platforms, we first compare with the default methods
rocBLAS and cuBLAS. These two methods do not support batch irreg-
ular GEMMs; we convert batch GEMMs into multiple single GEMMs
and compute the results. The specific experimental results are shown
in Figs. 4-5. Figs. 4-5 show that the proposed method achieves 5.09x
and 7.18x average speedup compared to rocBLAS and cuBLAS. This
result is primarily due to the fact that this method does not sup-
port GEMMs of different scales when computing batch GEMMs, so
it can only compute one GEMM simultaneously. When faced with
a small matrix, the computational resources of the GPU cannot be
fully utilized due to the cost of context switching between multiple
GEMMs. As the batch size gradually increases, the advantage of the
proposed method becomes more evident. This shows that for batch
and irregular GEMMs, rocBLAS and cuBLAS are at a disadvantage in
terms of computational efficiency and switching between instances.
Meanwhile, we also compare CUTLASS, which handles batch GEMM,
using sorting to solve the problem of significant workload differences
between multiple matrix multiplications. Fig. 5 shows that the proposed
method has a 4.64x speedup, which is because CUTLASS’s built-in
tiles are unsuitable when the matrix dimensions are small. Therefore,
the proposed method performs better acceleration than CUTLASS for
batch, irregular, and small-size matrix multiplication. We then perform
a detailed comparison and analysis of the experimental performance
based on MAGMA. The proposed method has 4.37x and 3.36x speed
improvement compared to MAGMA. Figs. 4-5 show that the advantage
of our method becomes more pronounced as the batch size increases.
This is because MAGMA only uses the largest GEMM size in the batch
GEMM to set grid.x. Due to the irregularity of the matrix size, a
large number of computational resources in the grid will be idle. The
proposed method, in this case, employs fine-grained filtering operations
to ensure further efficient utilization of computational resources, which
is more evident when the difference between matrix dimensions is
significant.

As shown in Fig. 4, the proposed method achieves an average
1.88x speedup performance compared to Wang. It is noted that the
advantage of the proposed method is more pronounced when Max_K
and Max_M are small. For example, in the case of (Max_M(N) = 128,
Max_K = 128), the average speedup can reach 1.95x. This is mainly
due to the fact that when the dimension of matrix is small, there are
not enough tiles to cover the time consumption of data loading in the
wavefront, which is more pronounced in workgroups with heavy loads.
The proposed method adjusts the wavefront workload corresponding
to the tiles through a multi-thread kernel and ensures consistent com-
putation and data loading by different workgroups. At the same time,
it has also shown that the state of load and computation balancing
between wavefronts is more conducive to improving the efficiency of
GPU parallel computing. In the NVIDIA platform, Fig. 5 shows that the
proposed method has average 1.94x speedup performance compared to
Li. The advantage of the proposed method becomes clearer as the batch
size increases. There are two reasons for this speedup performance :
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Fig. 7. The time overhead of tiling algorithm.

(1) Li et al. used batching to balance the workload among different
blocks but did not consider the difference between the workload of
threads in different tiles. (2) When selecting the tiling scheme, the TLP
is calculated only by considering the block, and the fine-grained warp
level is neglected, which leads to the inaccurate calculation of TLP. The
proposed method adjusts the wavefront workload corresponding to the
tiles through a multi-thread kernel and ensures consistent computation
and data loading by different workgroups. At the same time, it has
also shown that the state of load and computation balancing between
wavefronts is more conducive to improving the efficiency of GPU
parallel computing.

5.3. Kernel occupancy

To explore the difference between the proposed method and the
comparison methods in terms of GPU resource utilization, we present
the kernel occupancy of the various methods on two GPU platforms.
The formula for kernel occupancy can be expressed as:
Num_actived

12
Num_total a2

kernel occupancy =
To obtain more accurate performance metrics, we utilize Omniperf®
and Nsight® commands, profiling tools provided by AMD and NVIDIA,
to evaluate the resource utilization of the kernel during the execution
process. The kernel occupancy has distinct interpretations owing to
the distinctions in GPU architecture between AMD MI210 and NVIDIA
A800. On the AMD platform, Num_actived is the number of activated

5 https://github.com/ROCm/omniperf
6 https://docs.nvidia.com/nsight-compute/NsightCompute/index.html

10

wavefronts and Num_total is the theoretical number of wavefronts that
CU can execute simultaneously. Num_actived and Num_total represent
the number of warps in activation and the number of warps that are
theoretically parallelizable simultaneously in the NVIDIA platform.

The results of the experiment are shown in Fig. 6. By comparing
rocBLAS and cuBLAS, it can be seen that the proposed method has a
clear advantage in the case of batch GEMM. The proposed method is
also in the best position compared to the other methods (CUTLASS,
MAGMA, Wang, Li), showing high efficiency in terms of utilization of
GPU resources. As shown in Fig. 6, the proposed method consistently
maintains the optimal kernel occupancy on both GPU platforms, which
indicates that the proposed method can better exploit the computing
power of the GPU.

5.4. The overhead of tiling algorithm

This section presents the proportion of the runtime that is taken
up by the tiling algorithm when executing the proposed method on
two different GPU platforms with various batch sizes. The experimental
results are presented in Fig. 7. From Fig. 7, it is evident that the tiling
algorithm’s runtime percentage decreases as the batch size increases.
When batch size is 8, the runtime of the tiling algorithm on the two
GPU platforms is 6.06% and 6.37%, respectively. As the batch size
increases, more and more GEMMs are executed on the GPU, and the
execution time of these GEMMs on the GPU side takes up most of the
time, resulting in a smaller runtime portion of the tiling algorithm.
For example, with a batch size is 1024, the tiling algorithm takes less
than 1% of the runtime. The experimental results on two GPUs indicate
that the time overhead of the tiling algorithm in the batch GEMM
execution process is negligible, especially when the batch size is large.
In real-world scenarios such as deep learning, where a large number of
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Fig. 8. The performance improvement of the proposed TLP on MI210. (1.077x average speedup).

GEMM operations are often required, the tiling algorithm will have less
overhead in the execution process.

5.5. The performance benefits of the proposed TLP

This section presents the comparative experimental results on two
GPU platforms to provide a more detailed evaluation of the proposed
TLP. The detailed experimental results are shown in Figs. 8-9. From
Figs. 8-9, it is clear that the proposed TLP performs better overall than
traditional TLP. The proposed methods have a speedup of 1.077x and
1.085x on MI210 and A800, respectively. From Fig. 8, the proposed
method significantly improves performance when the batch size is
larger. For example, on MI210, the proposed method has an average
speedup of 1.04x when batch size <= 16. When batch size >= 32, the
proposed method can improve performance by 1.10x. The performance
improvement gap is because when the batch size and matrix dimension
are small, it is difficult to utilize hardware resources fully. When there
are a large number of tiles, the proposed TLP can more accurately
evaluate the thread’s workload and select the optimal tiling scheme.
The same performance trend is also reflected in the A800 platform. On
A800, the proposed TLP has performance improvements of 1.04x and
1.11x when batch size <= 16 and batch size >= 32, respectively. The
effectiveness of the proposed TLP can be further demonstrated through
comparative experiment results on two GPU platforms.

5.6. The latency

This section compares kernel latency on two GPU platforms to
provide a more detailed evaluation of the proposed method. We mea-
sured kernel latency with different batch sizes in the comparative
experiment. The detailed experimental results are shown in Fig. 10.
On MI210, the proposed method has a latency reduction of 3.87x,
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4.53x, and 1.62x compared to rocBLAS, MAGMA, and Wang, respec-
tively. The proposed method has the lowest latency performance on
MI210, indicating higher computational efficiency and can effectively
reduce latency. On A800, the proposed method showed performance
improvements of 3.02x, 2.59x%, 2.45%, and 1.89x compared to cuBLAS,
MAGMA, CUTLASS, and Li, respectively. Fig. 10 shows that as the
batch size gradually increases, the kernel latency increases on both
GPU platforms. rocBLAS and cuBLAS have the highest latency as the
batch size increases. This phenomenon is because the traditional loop
scheduling method significantly increases latency consumption due to
context switching between kernels when the batch size is large. From
Fig. 10, it can be seen that some methods exhibit different latency
performances at various batch sizes. For example, when batch size
<= 16, MAGMA has the highest latency performance on two GPU
platforms. When the batch size is large, its computational performance
improves, indicating that the MAGMA performs better when there are
many matrices. The experimental results on two platforms show that
the proposed method has the lowest latency under various batch sizes,
indicating better performance and broad applicability.

5.7. The improved performance on inception layers of CNN

Modern CNN model architectures often have multiple branches to
capture features at different scales. Convolution operations of differ-
ent scales in each branch can be represented as batch GEMM oper-
ations with various dimensions, e.g. GoogleNet [13], DenseNet [50],
SqueezeNet [12], etc. To demonstrate the effectiveness of the proposed
method in real-world scenarios, we use various Inception module as
a typical application to perform the forward computation process on
two GPU platforms. The Inception module involves a large number of
irregular, small-size GEMM operations. The deep learning frameworks
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MIOpen’ and cuDNN® are used as benchmark implementations on
both GPU platforms. In this section, we select several commonly used
Inception modules to evaluate the proposed method’s speedup perfor-
mance. The GEMM sizes in Inception modules are shown in Table 6.
Fig. 11 shows the speedup performance of the proposed method in each
Inception module. As shown in Fig. 11, the average speedups are 2.88x
and 1.87x respectively. The gray boxes represent the average speedup
ratios of the different Inception modules in Fig. 11. The experimental
results suggest that the Inception 8-9 series has the highest average
speedup ratio (3.68x and 2.66x respectively) among the Inception
modules, because Inception 8-9 has more matrix shapes compared to

7 https://github.com/ROCm/MIOpen
8 https://github.com/NVIDIA/cudnn-frontend
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the other Inception module, and the dimensions of these matrices are
smaller than the former two. Finally, the proposed method has been
proven to significantly accelerate CNN models with various branch
structures on two different GPU platforms, particularly in scenarios
involving multiple branches, irregular shapes, and small dimensions.

6. Conclusion

In this paper, we propose a load-balanced batch GEMM acceleration
method for the problem of low parallel computing efficiency and poor
hardware resource utilization in batch, irregular, and variable matrix
multiplication scenarios. The kernel occupancy and hardware resource
utilization can be effectively improved by a multi-thread kernel design
that balances the computational and data load in the work-item. A
novel approach to TLP computation is devised, where the parallelism of
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Table 6
The size of GEMM in various Inception modules.

Inception module

GEMM size (M XN x K)

Inception-1
Inception-2

784 x 96 x 192,784 x 64 X 192,784 x 32 X 192,784 x 16 x 192
784 x 64 x 192,784 x 32 x 192,784 x 128 x 192

Inception-3
Inception-4
Inception-5
Inception-6
Inception-7

196 X 192 x 192,196 X 16 X 192,196 x 96 X 192,196 x 64 X 192
196 x 64 X 192,196 x 24 x 192,196 x 160 x 192

196 x 64 x 192,196 x 128 x 192,196 x 24 x 192

196 X 112 x 192,196 X 144 x 192,196 X 32 x 192, 196 X 64 x 192
196 X 256 % 192,196 x 160 x 192,196 x 128 x 192

Inception-8
Inception-9

49 x 160 x 192,49 x 128 x 192,49 x 256 x 192,49 x 160 x 192,49 x 32 x 192
49 x 192 x 192,49 x 128 x 192,49 X 384 x 192,49 x 192 X 192,49 x 48 x 192

the tiling scheme is measured by the number of activated wavefronts.
This approach allows the optimal tiling scheme to be selected based on
different GPU architectures. Experiments are conducted on two GPU
platforms to validate the effectiveness and progress of our proposed
method.

Future work includes exploring batch GEMM with various preci-
sion performances. With the development of Transformer-based, many
GEMM operations are involved in the training and inference process
of Large Language Models (LLMs), which often have lower accuracy,
such as FP16, FP8, etc. For example, quantized LLMs often involve
GEMM operations where the weight matrices and activation values
have different precisions, e.g. W4A16, W8A8. More complex precisions
and storage formats pose challenges to the performance of GEMM
operations.
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