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Abstract. General Matrix Multiplication (GEMM) is a critical opera-
tion underpinning a wide range of applications in high-performance com-
puting (HPC) and artificial intelligence (AI). The emergence of hardware
optimized for low-precision arithmetic necessitates a reevaluation of nu-
merical algorithms to leverage mixed-precision computations, achieving
improved performance and energy efficiency. This research introduces an
adaptive mixed-precision GEMM framework that supports different pre-
cision formats at fine-grained tile/block levels. We utilize the PaRSEC
runtime system to balance workloads across various architectures. The
performance scales well on ARM CPU-based Fugaku supercomputer,
Nvidia GPU-based A100 DGX, and AMD GPU-based Frontier super-
computer. This research aims to enhance computational efficiency and
accuracy by bridging algorithmic advancements and hardware innova-
tions, driving transformative progress in various applications.

Keywords: High-performance computing - Task-based runtime - Gen-
eral matrix multiply - Mixed precision.

1 Introduction

General Matrix Multiplication (GEMM) lies at the core of linear algebra and acts
as a critical kernel in numerous High-Performance Computing (HPC) applications—
such as earthquake simulation |1| and weather and climate prediction —and
in Artificial Intelligence (AI) applications, including fully connected layers in
traditional neural networks and natural language processing . GEMM is a
computationally expensive operation due to its high demands on both mem-
ory and computation, whose performance directly affects the efficiency of these
applications, making it a focal point for optimization on diverse architectures,
ranging from homogeneous CPU clusters to heterogeneous GPU systems.

Over the last ten years, hardware designers have prioritized crafting proces-
sors that excel in high-speed, energy-efficient, and reduced-precision computa-
tions . A notable example is the widespread use of Nvidia GPUs in both HPC
and Al tasks, driven by their exceptional processing capabilities and efficiency.
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The latest Nvidia GPUs, including the H100 and the upcoming B100, incorpo-
rate a range of precision formats, each influencing peak theoretical throughput
differently. The lowest precision levels (FP8/INT8 on H100 and FP4 on B100)
achieve speedups of 58 x and 233 x, respectively, relative to FP64 computations,
underscoring the dramatic acceleration possible when shifting from conventional
double-precision arithmetic to Tensor Core-accelerated lower-precision execu-
tion. A similar evolution is observed in CPUs, where FP64 performance is typi-
cally double that of FP32 and quadruple that of FP16. This transition has mo-
tivated researchers to reassess classical numerical techniques, identifying areas
where reduced precision is sufficient without compromising the overall quality
of solutions. Additionally, leveraging lower precision not only diminishes mem-
ory demands—allowing more data to fit within high-speed memory and thereby
improving execution rates [5,/6]—but also cuts down on energy consumption,
making it a compelling strategy for boosting energy efficiency in computational
workflows [7].

The synergy between hardware advancements and algorithmic refinements
plays a pivotal role in tackling complex computational challenges. Mixed-precision
computations, which involve utilizing multiple numerical precisions within a sin-
gle task, have emerged as a powerful strategy [8,9]. This methodology has been
successfully integrated into numerous scientific and engineering disciplines, such
as deep learning [10]|, computational fluid dynamics [11,/12], astronomy [13],
climate modeling [14], molecular dynamics [15], and quantum mechanics [16].
The primary advantage of these techniques is their ability to harness lower-
precision hardware capabilities to enhance computational speed while preserv-
ing necessary accuracy constraints. Nevertheless, most existing implementations
rely on coarse-grained precision adjustments and are optimized for single-GPU
or single-node setups, which limits their applicability to large-scale distributed
environments. Efficiently handling mixed-precision computations in distributed
multi-GPU architectures introduces significant hurdles due to disparities in data
representation and precision consistency. Moreover, many existing solutions are
tailored to specific hardware platforms, reducing their portability across diverse
computing architectures.

This paper introduces a mixed-precision GEMM framework (GEMM-MP) at
fine-grained tile/block levels and integrates GEMM-MP into the runtime system
PaRSEC. The contributions of this paper are as follows:

— Introducing a tile-centric mixed-precision GEMM algorithm that carefully
balances accuracy and performance, enabling a robust and trustworthy mixed-
precision solution for HPC and AI applications.

— Leveraging a dynamic task-based runtime system to efficiently orchestrate
heterogeneous tasks, dynamically adapting to workload variations while min-
imizing scheduling overhead and maximizing resource utilization.

— Demonstrating strong scalability and portability across a diverse range of
homogeneous and heterogeneous computing platforms, ensuring broad ap-
plicability and efficiency.
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To the best of our knowledge, this is the first work to introduce a tile-centric
mixed-precision GEMM algorithm.

The structure of this paper is as follows. Section [2| discusses prior research
relevant to our work. In Section [3| we provide an overview of PaRSEC. The
tile-centric mixed-precision GEMM framework is described in Section[dl A per-
formance evaluation is then conducted in Section[5] and finally, Section [f]outlines
our conclusions and future directions.

2 Related Work

2.1 Mixed-Precision Matrix Computations

Mixed-precision approaches have garnered extensive interest [89] and are widely
applied across multiple computational fields [L0H16]. A well-known example is
iterative refinement techniques for linear solvers, where the system is initially
solved using lower precision, followed by higher precision corrections applied
iteratively to refine the residual. This strategy has demonstrated significant re-
ductions in computational time and energy consumption, making it an effective
approach for enhancing efficiency in large-scale computations |7,/17]. However,
the effectiveness of such methods is highly dependent on the matrix condition
number, and the requirement to store multiple precision copies of matrices can
introduce substantial memory overhead.

Ongoing research explores performance optimization while ensuring numer-
ical reliability by selectively employing reduced precision in non-critical com-
putations while preserving higher precision where necessary [2}[18,[19]. These
methodologies primarily target linear system solutions. In deep learning, reduced
precision is typically applied to forward and backward computations, whereas
weight updates often require higher precision accumulation to maintain numer-
ical stability. This trade-off, however, may lead to accuracy degradation due to
precision loss in key computations of forward and backward propagation. In this
work, we introduce an adaptive tile-centric mixed-precision GEMM framework
that dynamically adjusts precision levels within a single computation. This fine-
grained approach can provide another solution to ensure that accuracy remains
uncompromised by recognizing that not all computational components require
the same precision level in HPC and applications.

2.2 Runtime Systems

Recent advancements in task-based programming models have driven the scala-
bility of scientific applications on modern supercomputers. A variety of runtime
systems have been developed to facilitate efficient task execution, optimizing re-
source utilization across diverse architectures. OpenMP [20] has emerged as a
widely adopted standard for shared-memory parallelism, incorporating tasking
constructs that provide dynamic scheduling and fine-grained control. By lever-
aging compiler directives and runtime support, OpenMP simplifies concurrency
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management and enhances performance in multi-threaded environments. Build-
ing upon OpenMP, OmpSs [21] extends capabilities for heterogeneous architec-
tures, introducing advanced dependency tracking and asynchronous execution
strategies. Similarly, COMPSs [22] provides a comprehensive programming envi-
ronment, streamlining task parallelism across distributed computing infrastruc-
tures. For heterogeneous, distributed computing platforms, StarPU [23| delivers
a flexible runtime system that integrates scheduling mechanisms with explicit
kernel annotations, optimizing execution across CPUs and GPUs. Meanwhile,
HPX [24] leverages the ParalleX model to support highly scalable applications
through lightweight threading and asynchronous execution paradigms in modern
C++. Another prominent system, Legion [25], emphasizes task and data par-
titioning, enabling automatic parallelism detection and improved locality opti-
mizations. By decoupling computation from hardware mapping, Legion achieves
high scalability for complex workloads in distributed and heterogeneous environ-
ments. This work utilizes PARSEC, which is described in the following section.

3 The PaRSEC Runtime System

PaRSEC [26,27] serves as a generic framework designed for scheduling and man-
aging micro-tasks on distributed, multi-core, and heterogeneous architectures.
It integrates a runtime environment, multiple programming models for defining
task graphs—applied in dense linear algebra computations [28] and irregular
workloads such as mixed-precision techniques [6], low-rank factorizations [29],
and sparse operations |30]—along with auxiliary libraries that ease the tran-
sition from legacy implementations. Additionally, it incorporates performance
analysis utilities [31] to assist in tuning applications for large-scale heteroge-
neous platforms. PaRSEC provides users with a collection of Domain-Specific
Languages (DSLs), such as the Parameterized Task Graph (PTG) [32], Tem-
plate Task Graph (TTG) [33], and Dynamic Task Discovery (DTD) [34], to
enhance flexibility in algorithmic expression. Among these, PTG encodes the
entire DAG in a compact, parameterized format, enabling optimizations such
as collective communication reuse and separation of data distribution from ex-
ecution. This abstraction aligns with the core methodology of our research on
adaptive mixed-precision computations, and we employ PTG in this work.

4 Algorithm Descriptions

The General Matrix-Matrix Multiplication (GEMM) operation computes the
product of two matrices, optionally scaled and accumulated with a third matrix,
and is defined as: C' + aAB + C, where A and B are input matrices, C is
the output matrix, and a, 3 are scalar coefficients. Algorithm [I] describes the
sequential process of the adaptive mixed-precision GEMM, where the input ma-
trices A(4,0)mxk, B(l,)kxn, and the output matrix C(%, j)mxn are partitioned
into tiles/blocks of a fixed size. This algorithm follows the SUMMA (Scalable
Universal Matrix Multiplication Algorithm) approach [35]. The outermost loop
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(a) Iteration k = 0. (b) Iteration k = 1.

Fig. 1: Demonstration of the first two iterations of the mixed-precision GEMM.
Arrows are representative dependencies that introduce communications.

traverses the reduction dimension k, while the two inner loops iterate over the
row index ¢ and the column index j. At each iteration, the algorithm updates
the value of the matrix C. The notations #, $, and * indicate different data
representations or precisions for the operands.

Fig. [I] illustrates task execution across the first two iterations as defined in
Algorithm [I] The visualization employs color coding to distinguish numerical
precisions: green for double precision (FP64 or DP) and blue for single precision
(FP32 or SP). This study focuses on FP64 and FP32, with plans to extend to
additional precision formats in future work. Arrows denote representative de-
pendencies arising from data transfer and communication between matrix tiles
(A — C and B — C) within a single iteration. Each dependency/communication
is associated with a specific datatype. Due to this adaptive tile-centric precision
approach, a task may receive data in a precision differing from its operational
precision, necessitating potential precision conversion. Various conversion strate-
gies will be explored in subsequent research. This work employs the receiver-side
conversion strategy, meaning datatype conversion is handled at the receiving
end. That is, the datatype in each data flow is dictated by the precision of the

Algorithm 1: Tile-centric Mixed-Precision GEMM.
1 fori=0tok
2 fori=0tom

3 for j=0ton
4 | C*(i,) = aA®(i,1) x B¥(L, ) + BC" (i, )
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stored data. For example, if a tile in A or B is stored in FP64, the transmitted
data remains in double precision.

This algorithm is integrated into the PaRSEC runtime system, which serves
as the underlying framework for execution. By leveraging PaRSEC, we ensure
efficient parallel processing of matrix operations while optimizing the trade-offs
among computation, communication, and memory usage, due to the imbalanced
workload introduced by the adaptive tile-centric mixed-precision algorithm.

5 Performance Results and Analysis

5.1 Experimental Settings

The experiments are conducted on three systems.

— Guyot: It is a GPU-accelerated AMD compute node, which features two
EPYC 7742 CPUs, each with 64 cores running at 2.25 GHz, 2,063 GB of
main memory, and eight NVIDIA A100-SXM4-80GB GPUs.

— Fugaku: This system is built on ARM architecture and consists of more than
150,000 compute nodes. Each node is powered by a 48-core A64FX CPU,
capable of reaching a peak frequency of 2.2 GHz in boost mode and 2.0 GHz
in normal mode, and is equipped with 32 GB of HBM2 memory.

— Frontier: This is a GPU-accelerated supercomputer utilizing AMD hard-
ware, comprising 9,408 compute nodes. Each node integrates a 64-core AMD
Optimized 3rd Gen EPYC processor alongside four AMD MI250X GPUs,
supported by 512 GB of DDR4 memory.

We use the term “’a’D:’b’S” to represent the percentage of different precision
formats, where D/S denotes double/single precision, and a/b represents the per-
centage of double/single precision, ensuring a + b = 100. For data distribution,
we employ a 2D block cyclic scheme with a process grid of size P X @), structured
to be as square as possible. On Fugaku, we execute in normal mode due to power
restrictions and disable the Sector Cache Optimizations (SCO) due to memory
conflicts [18]. When running on Frontier, we use 4 ranks per node. The optimal
tile size is empirically determined, set to 1024 on Fugaku, and 2048 on Guyot
and Frontier.

5.2 Precision Map of Kernel Execution

Fig. [] visualizes the precision of numerical kernels executed on each individual
tile, as referenced in Fig. [T} by presenting a heatmap under different configura-
tions. Each point represents the precision of a tile in FP64 or FP32, randomly
generated in our settings. The three subfigures illustrate different distributions
of precision in A, B, and C: (a) 80D:20S, where 80% of the tiles use double preci-
sion (FP64) and 20% use single precision (FP32); (b) 50D:508, where FP64 and
FP32 tiles are equally distributed; and (c) 20D: 808, where 20% of the tiles use
FP64 and 80% use FP32. These configurations exhibit varying degrees of mixed-
precision computation, which will be employed in the subsequent performance
measurements.
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Fig.2: Kernel precision heatmap for a matrix of size 102,400 x 102,400 with a
tile size of 1,024 x 1,024.

5.3 Shared Memory Performance

Fig. [3] presents the shared-memory performance across different hardware plat-
forms. Each subfigure illustrates performance under various precision settings
and the corresponding speedup relative to 100D:08S. Different precision configu-
rations exhibit distinct scaling behaviors, with performance generally improving
as the proportion of lower precision increases. (a) Presents performance on a sin-
gle node of Fugaku. The dashed line represents the practical FP64 peak perfor-
mance, computed as the GEMM performance per core multiplied by the number
of cores. The 100D:0S configuration achieves 84.7% of this practical peak, while
0D:1008S doubles it. (b) Depicts results on a single Nvidia A100 GPU on Guyot,
where FP64 and FP32 precisions share the same theoretical peak performance.
The 100D: 0S8 configuration attains up to 88.9% of the theoretical peak. The de-
crease in performance with a lower proportion of FP32 may be attributed to
increased data movement and/or overheads of datatype conversion. (¢) Demon-
strates performance on eight Nvidia A100 GPUs on Guyot, exhibiting an almost
linear scaling from the performance of a single GPU (see Fig.[3{(b)). The 100D: 08
configuration reaches 83.9% of the theoretical peak. (d) Evaluates performance
on a single node of Frontier. The practical peak performance for OD: 100S on one
node is approximately 280.0 Tflop/s, with an achieved performance of about
181.3 Tflop/s, corresponding to 64.8% of the practical peak. The 100D: 08 per-
formance lags a little behind, potentially due to the NIC’s proximity to the GPU
on Frontier and the ongoing development of GPU-direct communication support
in PaRSEC.

5.4 Performance Scalability

Fig. [ presents the distributed-memory performance on 64 nodes of Fugaku and
Frontier, further confirming the trends observed in shared-memory performance,
as shown in Fig. [3} the achieved performance approaches the theoretical /practi-
cal peak, and different precision configurations exhibit distinct scaling behaviors,
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Fig. 3: Shared-memory performance of GEMM-MP.

with performance generally improving as the proportion of lower precision in-
creases. Moreover, GEMM-MP attains nearly linear scaling from shared-memory
performance to 64 nodes on both Frontier and Fugaku. For instance, in the
0D:100S configuration, the one-node performance on Fugaku is approximately
4.0 Tflop/s, while the performance on 64 nodes reaches 242.2 Tflop/s with a par-
allel efficiency of 94.6%. On Frontier, the one-node performance is about 181.3
Tflop/s, increasing to 11,310.3 Tflop/s on 64 nodes with a parallel efficiency
of 97.5%. All in all, these results underscore the significance of the proposed
tile-centric mixed-precision framework in achieving optimal computational ef-
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Fig. 4: Distributed-memory performance of GEMM-MP.

ficiency in both shared-memory and distributed-memory environments across
various architectures.

6 Conclusion and Future Work

This work introduces GEMM-MP, an adaptive tile-centric mixed-precision GEMM
framework. Built on PaRSEC, the proposed approach efficiently manages hetero-
geneous tasks arising from varying precision formats, ensuring high-performance
execution across both shared- and distributed-memory environments. GEMM-
MP demonstrates strong efficiency and scalability on homogeneous CPU setups
and heterogeneous GPU systems, making it highly adaptable to diverse hardware
architectures. Going forward, we plan to extend the framework by incorporat-
ing additional precision formats and developing trustworthy precision selection
strategies for both lossless and lossy approaches. We also aim to investigate
different datatype conversion strategies. Furthermore, we seek to integrate this
mixed-precision framework with other runtime systems and deploy it in real-
world HPC and AT applications.
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