<A NnvViIbDIA

Dispelling Many of the £ 8
Perceived Challengesin | .
Adopting the Ozaki Schen
in Scientific Computing )\

Harun Bayraktar, Sr. Director of Engineering - Math L|brar|es
IPDPS 2026 MxP4S Workshop | May 25, 2026 | New Orleans, LA e .
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Ozaki Scheme for Matrix Multiplication
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ABSTRACT

Deep learning hardware achieves high throughput and low power
consumption by reducing computing precision and specializing in
‘matrix multiplication. For machine learning inference, fixed-point
value computation is commonplace, where the input and output
values and the model parameters are quantized. Thus, many pro-
cessors are now equipped with fast integer matrix multiplication
units (IMMU). It is of significant interest to find a way to harness
these IMMUS to improve the performance of HPC applications
while maintaining accuracy. We focus on the Ozaki scheme, which
computes a high-precision matrix multiplication by using lower-
precision computing units, and show the advantages and disadvan-
tages of using IMMU. The experiment using integer Tensor Cores
shows that we can compute double-precision matrix multiplication
faster than cuBLAS and an existing Ozaki scheme implementation
on FP16 Tensor Cores on NVIDIA consumer GPUs. Furthermore,
we demonstrate accelerating a quantum circuit simulation by up to
433 while maintaining the FP64 accuracy.

CCS CONCEPTS

+ Computing ies — Parallel algorithms; - Theory
of computation — Numeric approximation algorithms
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1 INTRODUCTION

‘The development of processors for machine learning is progressing
rapidly, and researchers are exploring their potential for use in
other HPC applications [1). These processors often use low/mixed-
precision floating-point, or low-bit-length integer computing units,
such as NVIDIA Tensor Cores [26] and Google TPUs [16-18], to
achieve high throughput. While the training of deep learning mod-
els typically requires floating-point types like FP16, Bfloat16, TF32,
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and FP32, the inference involves quantizing model parameters and

values to use lower-bit-length integer formats.
reduces data size, processor circuit area, and power consumption
[14, 16]. As a result, high-performance processors like NVIDIA
GPUs and edge devices like Google Coral Edge TPUs [33] are
equipped with low-bit-length integer matrix multiplication units
(IMMU). For instance, NVIDIA GPUs provide a OP4A instruction
that can efficiently compute the inner product of two length-4 8-
bit integer (INT8) vectors and accumulate the result in a 32-bit
integer (INT32). In addition, NVIDIA Tensor Cores support the
multiplication of INT8 matrices with INT32 accumulation from the
Turing architecture and the multiplication of 4-bit integer (INT4)
matrices from the Ampere architecture. These integer Tensor Cores
can achieve a theoretical peak performance that is 2 ~ 4 times
faster than floating-point Tensor Cores. Other processors, such
as Google TPU v1 (18], Intel AMX-INTS (5], and Grog TSP [2],
also support the multiplication of INTS matrices with INT32 ac-
cumulation. In light of these advancements, our research aims to
investigate whether these processors can be leveraged for other
high-performance computing (HPC) applications.

Recent research has explored the use of machine learning proces-
sors for HPC applications, in particular low- and mixed-precision
floating-point matrix multiplication units (FMMU). For instance,
Haidar et al. used the FP16 Tensor Core to solve FP64 linear equa-
tions with an iterative refinement method [10). Finkelstein ef al
have employed FP16 Tensor Cores to perform time-independent
[7). Our pre-
vious study has utilized FP16 Tensor Cores to improve the through-
put of quantum circuit simulation by emulating single-precision
matrix multiplication using an error correction method and avoid-
ing rounding inside Tensor Cores without loss of accuracy [27, 28]
However, despite the promising results obtained by these studies,
few have explored the potential of integer matrix multiplication
units for HPC applications. This paper investigates the feasibility
of leveraging integer matrix multiplication units, for instance, INT8
Tensor Cores in NVIDIA GPUs, for HPC applications

Even before the advent of deep learning and specialized hard-
ware for it, researchers had been exploring ways to perform high-

One such approach i the double-double and quad-double preci-
sion, where a single value is represented as the sum of two and
four FP64 values, respectively, and arithmetic operations are per-
formed using a sequence of FP64 operations [13]. GEMM and other
ouble-double precision have been evaluated
d AMD Cypress GPUs (22, 24]. Another ap-
. theme, which also splits a value into multiple

s (29, 30).In this scheme, input matrices are
fatrix slices, and the resulting matrix is ob-
B the multiplication of these slices. The key
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Abstract
This paper addresses emulation algorithms for matrix General Matrix-Mat (GEMM), a

fundamental operation in the Basic Linear Algebra Subprograms (BLAS), s typically optimized for specific hardware
architectures. The Ozaki scheme is a well-established GEMM-based emulation method for matrix multiplication,
wherein input matrices are into several low-pr to ensure that the resulting matrix
product is computed exactly through numerical operations. This study proposes a novel GEMM-based emulation
method for matrix multiplication that leverages the Chinese Remainder Theorem. The proposed method inherits the
computational efficiency of highly optimized GEMM routines and further enables control over the number of matrix
multiplications, which can enhance computational accuracy. We present numerical experiments featuring INT8 Tensor
Core operations on GPUs and FP64 arithmetic on CPUs as case studies. The results demonstrate that FP64 emulation
using the proposed method achieves performance levels of up to 7.4 10 9.8 TFLOPS on the NVIDIA RTX 4090 and 56.6
10.80.2 TFLOPS on the NVIDIA GH200, exceeding the measured performance of native FP64 arithmetic. Furthermore,
for FP64 computations on CPUs, the proposed method achieved up to a 2.3 speedup in emulating quadruple-precision
arithmetic compared to the conventional Ozaki scheme.

Keywords
matrix multiplication, floating-point arithmetic, matrix engines, high-precision emulation

1 Introduction When the computational task is limited to matrix
‘multiplication, the Ozaki scheme (Ozaki et al. 2012, 2013)
is recognized as a highly reliable method. It achieves high
accuracy by leveraging standard floating-point operations
and high performance by exploiting optimized routines, e.g.,
General Matrix-Matrix Multiplication (GEMM), in Basic
Linear Algebra Subprograms (BLAS).

This paper discusses numerical methods for emulating
high-precision matrix multiplication. When the accuracy
of the computed results is insufficient, multiple-precision
arithmetic provides a viable alternative (Higham 2018). For
such computations, high-precision datatypes, such as the [0 recent years, increasing attention has been paid
built-in float128.t in the C++23 standard, and multiple- © Matrix engines optimized for low-precision arithmetic.
precision arithmetic libraries, such as MPFR (Fousse From the perspective of power efficiency, mixed-precision
et al. 2025), offer robust and reliable In the ion utilizing low-precision formats has  also
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Matrix Multiplication Emulation With High Throughput Tensor Cores

Ozaki-lIl method delivers 3.5X speed-up on GB200 for FP64 matrix multiplies
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Augmenting for a Broad User Base
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Abstract
‘This paper addresses emulation algorithms for matrix multplication. General Marx-Marix Mulipication (GEMM),

fundamental operation in the Basic Linear Algebra Subprograms (BLAS), is typically optimized for specific hardware
architectures. The Ozaki scheme is a welestabiished GEMM-based emulation method for matrix muliplication,
wherein input matrices are decomposed into several low-precision components 1o ensure that the resuting matrix
product is computed exactly through numerical operations. This study proposes a novel GEMM-based emuiation
method for matrix multplication that leverages the Chinese Remainder Theorem. The proposed method inherits the
‘computational efficiency of highy optimized GEMM routines and further enables control over the number of matrix
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1 Introduction
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Evolution of Peak Performance

Hardware Specs & Emulation
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Five Perceived Challenges With Ozaki Scheme

Emulation doesn’t work for my problem; too many slices/moduli are needed
Results are not as accurate as IEEE FP64

Emulation uses too much memory

Emulation doesn’t deliver performance for non-square matrices

Emulation doesn’t deliver performance for small matrices

NVIDIA



“Emulation doesn’t work for my problem;
too many slices/moduli are needed.”

- Common sentiment echoed by many computational scientists



Ozaki-ll Performance

Ozaki-ll Performance on GB200
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The current ESC algorithm is conservative with a loose bound and for some input data it is overly conservative, leading to
poor speed-ups or fallback to native FP64
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Improving the Exponent Span Capacity (ESC) Algorithm

The current ESC in cuBLAS has very loose bound (too conservative)

We have a new ESC algorithm we will productize later in 2026 that delivers significant improvements (details of the new
algorithm will be published when ready as was done with the current version)

Synthetic Distributions (M=1024, N=1024, K=1024) | All values in bits
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“Emulation results are not as accurate as
IEEE FP64.

- Common sentiment echoed by many computational scientists



IEEE 754 Compliance of Matmul Emulation

Current Limitations

NaN/Inf/+0,-0

We can detect if these are present on the input matrices and
fall back to FP64 native

We can NOT detect nor propagate these when they happen
during the dot product (not necessarily a bad thing)

We treat +0 and -0 as the same value
We do not observe strict IEEE compliance

Since exponents are coupled with results only at certain points
(number of times depends on k dimension of matrix)

Because we store only one exponent per row/column of the
matrix and do not check for overflow at a scalar product level,
we can generate NaNs and "sticky” +/-Infs, but not at the IEEE-
prescribed granularity

These limitations don’t speak to the accuracy of the
results which are FP64 level accurate

NVIDIA



Putting ESC to the Test

Required mantissa bits for accurate computation
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The current ESC algorithm is conservative with a loose bound and for some input data it is overly conservative, leading to

poor speed-ups or fallback to native FP64

Problem gets increasingly harder
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Putting the new ESC to the Test

Matrix relative error (Frobenius)

FP64 GEMM variation (100 K-permutations) vs Ozaki emulation
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“Emulation of FP64 matrix multiplications
on GPUs consumes up to 2x more memaory,
which reduces the problems that can be
solved.”

- Common sentiment echoed by many computational scientists



Impact of Available Memory on DGEMM Performance

Performance Ratio Using cuBLAS (8GB : Unlimited Memory Tiling) on the B200 GPU
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“Emulation doesn’t deliver performance for
non-square matrices.”

- Common sentiment echoed by many computational scientists



Emulation Performance for Non-Square Matrices (Ozaki-I)

Speedup over cuBLAS emulated DGEMM (B200, 55 mantissa bits)
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Upcoming releases will continue to deliver improvements
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Performance of DGEMM on GB200 GPUs

Speedup of Ozaki-Il Over Native FP64 (Coming to cuBLAS Later in 2026)
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Performance of DGEMM on GB200 GPUs

Speedup of Ozaki-Il Over Native FP64 (Coming to cuBLAS Later in 2026)
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Five Perceived Challenges With Ozaki Schemes

O : : : :
Fradlation doesn’t work for my problem, too many slices/moduli are needed (coming soon)

%

REsults are not as accurate as IEEE FP64

)

Fradlation uses too much memory (coming very soon)

\®) : , . :
50’4‘.1 riulation doesn’t deliver performance for non-square matrices

|

5. Emulation doesn’t deliver performance for small matrices < Likely requires new APIs

<ANVIDIA



Impact of Improvements on Quantum Chemistry
CcUuEST library using the Ozaki-Il New ESC Algorithm in cuBLAS
DF-K timings on B200 for a 300 atom benzene cluster: HF/def2-SVP
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