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Evolution of Peak Performance

Leveraging High Performance and Endffficient Hardware for Higher Precision

10000

wArchitectures will have to accommodate both
and scientific computing even as the fields
become increasingly intertwinéd

1000 s

PN o

wCan we leverage reduced precision tensor co
(0}

w Accelerated mixegbrecision algorithms?

w Emulate FP64 and FP32 matrix multiplies witt
sacrificing accuracy for a performance gain?

wCan we realize the higher perf/Watt gain f
a wide range of applications?

wCan we do this In a nomtrusive way (i.e.,
not require any code changes)?
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Historical Perspective on Emulation

The evolution of floatingpoint (FP) computation

1950s

Simulated floatingpoint
arithmetic utilizing fixed
point representations

GPU Tensor Cores introduced for

for reduced & mixeeprecision
-PU Coprocessor Integrated FPU FP16, BF16, TF32, FP8,

Intel 8087 Intel 1486 NVFP4, MXFP8

IBM 701Speedcodingystem

1960s70s 1999 2001 Today

IEEE 754

L GPUs with programmable FP emulation returns (e.g
IBM Hexadecimal FP Cray Fgandardlzanon o shaders Ozakil & I1)
Diversity in representations NVIDIA GeForce3 GPU Tensor Cores Accelera
T ——— Matrix Multiplication using Al
A FP types
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Emulation Methods for Matrix Multiplication

Recovering single precision accuracy from Tensor Cores while surpassing
the FP32 theoretical peak performance

wFP32 using BF16 Tensor Cores
w Tested for accuracy and performance impact in:

Hiroyuki Ootomo! and Rio Yokota?

1School of Computing, Tokyo Institute of Technology
ootomo.h@rio.gsic.titech.ac.jp

wWeather, quantum circuit and condensed matter simulations % 2Global Scientific Information and Computing Center, Tokyo Institute of Technology
_ g rioyokota@gsic.titech.ac.jp
wDense Linear Algebra (QR, LU) =
. . T e
wUses 9 inner matrix multiplies in BF16 (BF16x9) it Abstract
. — Tensor Core is a mixed-precision matrix-matrix multiplication unit on NVIDIA GPUs with a theoret-
(D Re I eased Wlth C U D A 1 2 ) 9 for B IaC kwe I I G P U S — ical peak performance of more than 300 TFlop/s on Ampere architectures. Tensor Cores were developed
U in response to the high demand of dense matrix multiplication from machine learning. However, many
Q applications in scientific computing such as preconditioners for iterative solvers and low-precision Fourier
A transforms can exploit these Tensor Cores. To compute a matrix multiplication on Tensor Cores, we
¢ need to convert input matrices to half-precision, which results in loss of accuracy. To avoid this, we
S can keep the mantissa loss in the conversion using additional half-precision variables and use them for
DGEMM on Integer Matrix Multiplication Unit
. Hiroyuki Ootomo Katsuhisa Ozaki Rio Yokota
F P 6 4 I N T8 T C ? ootomo.h@rio.gsic.titech.ac.jp ozaki@sic.shibaura-it.ac.jp rioyokota@gsic.titech.ac.jp
(L) u S I n g e n SO r O e S Tokyo Institute of Technology Shibaura Institute of Technology Tokyo Institute of Technology
- Tokyo, Japan Saitama, Japan Tokyo, Japan
wComing soon for Ampere, Ada, Hopper, and Blackwell GPUs
ABSTRACT and FP32, the inference involves quantizing model parameters and
. - S Deep learning hardware achieves high throughput and low power input/output values to use lower-bit-length integer formats. This
(1) B el n g te Ste d fO r a.CC U racy a.n d p e rfo r m a.n Ce I m p aCt I n . consumption by reducing computing precision and specializing in reduces data size, PROCESIOY CIECIL. atew, and power conmmpion
— matrix multiplication. For machine learning inference, fixed-point ggul(’] 35 : “'5:“' h‘g}l‘;:“ cl;om‘;‘n‘g P:;’stsor;_rl:;c ?IV]IDIA
A - - - value computation is commonplace, where the input and output dsihroplin. cvi'ccs ke SODEE LAN Sape 100 33] are
A M a.te rl al S SC I e n Ce y E I eCtrO n I C Stru Ctu re 8 values and the model parameters are quantized. Thus, many pro- equipped Wlll"l low-bit-length integer matr = muluplxc.atnon units
o cessors are now equipped with fast integer matrix multiplication (IMMU). Fo‘r . NVIDIA (%PUS provide a I?P“A instruction
A . - - - units (IMMU). It is of significant interest to find a way to harness ”_““_ can efficiently compute the inner product of two !cnglh—él 8-
A Molecular Dynamics, Computational Chemistry 'S these IMMUs to improve the performance of HPC applications  bit integer (INT) vectors and accumulate the result in a 32-bit
E while maintaining accuracy. We focus on the Ozaki scheme, which integer (INT32). In 3dd“‘°"‘~ NV_IDIA Tensor Cores support the
4 - computes a high-precision matrix multiplication by using lower- multiplication of INT8 matrices with INT32 accumulation from the
A H P L , D e n Se LI n e ar Alg e b ra (Q R , LU) = precision computing units, and show the advantages and disadvan- Turing architecture and the multiplication of 4-bit integer (INT4)
of tages of using IMMU. The experiment using integer Tensor Cores matr ic;: from t:;:‘ AmPC::l ar Ci‘:ccmr“- These in}:cgcr Tensor Cores
< . . . . . . shows that . double- ol atrix multinlicati can achieve a theoretical peak performance that is 2 ~ 4 times
A Uses a variable number of inner matrix multiplies in INT8 1 fuster than cuBLAS and an existing Osaki scheme implementation  faster than floating-point Tensor Cores. Other processors, such
U on FP16 Tensor Cores on NVIDIA consumer GPUs. Furthermore, as Google TPU v1 [18], Intel AMX-INTS [5], and Groq TSP (2],
Q we demonstrate accelerating a quantum circuit simulation by up to also support the multiplication of INT8 matrices with INT32 ac-
s 4.33 while maintaining the FP64 accuracy. cumulation. In light of these advancements, our research aims to
') investigate whether these processors can be leveraged for other
b CCS CONCEPTS high-pcrformanc‘c computing (HPC) applicalions. )

1 https://arxiv.org/pdf/2203.0334 1and https://arxiv.ordpdf/1904.06376
2 https://arxiv.org/abs/2306.1197%and https://arxiv.org/abs/2409.13313

CC2 COYCELIL?Z

See GTC SessibnergyEfficient Supercomputing Through Tensor GAceelerated MixedPrecision Computing and FloattRgint Emulation [S/7148/]

mbp-berjormasee combro® (1150) gbbpesrone

<ANVIDIA. I



https://arxiv.org/pdf/2203.03341
https://arxiv.org/pdf/1904.06376
https://arxiv.org/pdf/1904.06376
https://arxiv.org/pdf/1904.06376
https://arxiv.org/abs/2306.11975
https://arxiv.org/abs/2409.13313
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC
https://register.nvidia.com/flow/nvidia/gtcs25/ap/page/catalog/session/1725987549624001IMZC

Productization of Emulation for Matrix Multiplications
Single and DoublePrecision Matrix Multiplications

wlnitial release with cuBLAS as@ri-in

w If you optin it will also apply to libraries that depend on
cuBLAS where applicable

o Environment variables and new APIs allow full control of
emulation parameters

w CUBLAS _EMULATE_SINGLE PRECISION=1|0
w cublasEmulationStrategy t

w Safeguards are In place to fallback to nati\-based
kernels to guarantee results are always correct and corner
cases are handled

wSingleprecision (FP32)
w Publicly released with CUDA 12.9 May 2025

wDoubleprecision (FP64)
w First with Ozaki method
w Release planned for second half of 2025

wFuture releases will
w Add optin through other libraries

w After enough exposure wilwvitch to olpt-out | o
EnergyEfficient Supercomputing Through Tensor CAceelerated MixedPrecision

Computing and FloatinRoint Emulation [S71487] 1.
2.
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Direct Sparse Solvers will mostly benefit on +i@0 class GPUSs.
Initial emulation support ituTENSORII initially accelerate very large contractions on Blackwell and newer GPU architectures.

CuBLAS CUTENSOR

Tensor Contr a
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Device Extension Libraries & Emulation

Bringing advanceMathDxcapabillities to ease writing higerformance
emulation kernels in C++ and Python




Breaking Down the Compute Stack

Example using an application that relies on a sparse direct solver

Frameworks & Applications

SDKs N
Application

DomainSpecific Libraries cuDSS

Accelerated Libraries CUBLAS

CuTe )

CUBLASDx

Communication Libraries

Device Libraries CUDA C++
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Device Extension Math Libraries
Maximum Flexibility of CUDA with Library Productivity

wCUDA kernels require handling CUDA memory and thread CUDA Kernel

hierarchy

Load

wDevice Extension APIs provide configurable building blocks, with

no call overhead for use in user CUDA kernel User Code

wC++ and Python support

wCurrently available: Global Memory e " o
Memory
WCUFFTDXx
WCUBLASDX
WCUSOLVERDX e
ser code
WCURANDDX
User Code: /
WwhvCOMPDx

Custom Ops for FFTs or

activations for GEMM
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nvmath-python
Reimagining math libraries for the Python ecosystem

Stateless APIs for convenience, stateful for peak performance
.. \
User Application l

import torch
Import nvmath

import torch
Import nvmath

Interoperability with core |
tensor libraries

a = torch. rand(m k)
b = torch. rand(k, n)

a = torch. rand(m k)
b = torch. rand(k, n)

matmul(a, b)

result = nvmath.linalg.advanced. with  nvmath.linalg.advanced. Matmul(a, b) as mm
mmplan ()

result = mmexecute ()

FP64 |

Pythonic programming models for custom kernel writers

Rich FP compute & l A |
storage types support fof
Al and scientific " Host APIs numba-cuda NVIDIA Warp
Intuitive nost i ith device ll Device APIS

applications

@cuda.jit (link =FFT.files) @wp.kernel
def custom_kernel (signal : cp.array ): def custom kernel (signal :wp.array2d( dtype =wp.vec2d)):
A A
# Forward FFT (  inplace ). # Forward FFT ( inplace ) on the tile.
FFT(signal_rmem , shared men) wp.tile fit  (signal_tile )
A A

callbacks

Python JIT machinery

cuda.core cuda.program cuda.linker

nvmath-python low -level Python bindings

NVIDIA CUDA Math Libraries NVIDIA Performance Libraries for Grace CPU Intel MKL for x86

” N iy N
m; /\/\/ |:. :u \:u \ m; /\/\/ \ -
\ ) \ J \ l
| | |
Peak GPU performance from native math libraries Consistent CPU experience and productivity Powerful JIT compiler stack s wyipia




FloatingPoint Emulation Usingivmath-python andNumba
GEMM emulation using INT8 tenswore IMMA accessible througitvmath-python

Hiroyuki Ootomo Katsuhisa Ozaki Rio Yokota
ootomo.h@rio.gsic.titech.ac.jp ozaki@sic.shibaura-it.ac.jp rioyokota@gsic.titech.ac.jp
Tokyo Institute of Technology Shibaura Institute of Technology Tokyo Institute of Technology

Tokyo, Japan Saitama, Japan Tokyo, Japan

Thanks ta\VIDIAMathDx, developers can easily
write high-performance numerical kernels in C++.
Now nvmath-python brings the MathDx goodness
(o Pythonso that users can write higberformance
kernels usingiumba-cuda

DGEMM on Integer Matrix Multiplication Unit }':ﬂ nvmath-python
S

Host APIs
Host AP with device Device APIs
callbacks

numba-cuda
SIMT

Algorithm 1 Matrix multiplication by the Ozaki scheme

Input: Input matrix A, B, Num split s
Output: C — A-B

1 AW A®@) L AG)  SPlitFP (A, s)

2. BW B2 ... B() « SplitFP (B, s)

3: C=0

4: for do i=1.s

5 for do j=1..(s—i+1)
6 Ctmp < A .B(J) // Low-precision. No rounding error
7: C « C + Cyyp // High-precision accumulation
8
9:

end for
end for

https://arxiv.org/pdf/2306.11975
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FloatingPoint Emulation Usingivmath-python andNumba
GEMM emulation using INT8 tenswore IMMA accessible througitvmath-python

..0’

nvmath—python

DGEMM on Integer Matrix Multiplication Unit

Hiroyuki Ootomo Katsuhisa Ozaki Rio Yokota '
ootomo.h@rio.gsic.titech.ac.jp ozaki@sic.shibaura-it.ac.jp rioyokota@gsic.titech.ac.jp T h ahn kS td\l V I D IAM ath DX1 d eve I O p ers Can easl Iy
Tokyo Institute of Technology Shibaura Institute of Technology Tokyo Institute of Technology - . - -

Tokyo, Japan Saitama, Japan Tokyo, Japan Host APIs write highperformance numerical kernels in C++..

Host APIs i with device § Device APIs Now nvmath-python brings the MathDx goodness
callbacks . .
(o Pythonso that users can write higberformance

kernels usingiumba-cuda
numba-cuda
SIMT

Algorithm 1 Matrix multiplication by the Ozaki scheme

Input: Input matrix A, B, Num split s
Output: C — A-B
1 AW A®@) L AG)  SPlitFP (A, s)
2. BW B2 ... B() « SplitFP (B, s)
3: C=0
4. for do i=1..s

5 for do j=1..(s—i+1)

6 Ctmp < A .BU) // Low-precision.
7: C < C + Cymyp // High-precision acc
8 end for

9: end for

https://arxiv.org/pdf/2306
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FloatingPoint Emulation Usingivmath-python andNumba
GEMM emulation performance* using INT8 tensore IMMA accessible through nvmabython
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DGEMMWEMUcuBLASDBL ASDXEMMWEMUCUBLASDBLAS

TFLOP

RTX 0 0A0d a RTX P&ROOR ackwel |

https://github.com/NVIDIA/CUDALIbrarySamples/tree/master/MathDx/cuBLASDx/16_dgemm_emulation m=n=k=8192 problem sjze fm:nn:Amkam

https://github.com/NVIDIA/nvmatkpython/blob/main/examples/device/cublasdx_fp64 emulation.py

(*) Preliminary data, subject to change.
(**) cuBLAS DGEMM w/ Emulation not yet released < NVIDIA. I
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SGEMM Emulation Using the BF16x9 Method

B(O) B(l) B(Z)
A(O)
A -
- P[] 2]+ 2 A A
Represent each FP&actly Multiply decomposed matricessAccumulate dot product terms
as three br'l6 scaled values usmg Tensor Cores. Leveragesirom small to large
using CUDA cores CfFO1 68t f Qa T draafriRudesOl £ S

multlply nstructions This Is merged with step 2 In

Inputs are bfl6, outputs are  practice.
FP32

NVIDIA.



FP32 Emulation Numerical Studies and Performance

Shorter data types are faster and more energy efficient

Single Precision GEMM TFLOPS

wWe have performed detalled accuracy studies validating FP32 250
emulation using BF16 tensor cofes

wNumerical corner cases investigation and comparison to other methods
such as TF3Rased emulation 200

wResults validated through three different applications

(wOn Blackwell architecture GPUs, data shows we can realize the

expected performance gains o 150
al
@,
—
LL
|_
100
0
512 1024 2048 4096 8192 163843276865536
Matrix Dimension
B H200 FP32 m B200 FP32 m B200 BF16x9
P @8N JOGFENE SO FfEoy L{/ QHo 1t/ 2y 1 SOUSNRISYS2dza | I NRgFNB o0l o0 22NJ aK?2LJ
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cuSOLVERP32 Emulation on Blackwell B200

Leveraging Emulation for ComptB®und Linear Algebra Routines

CUuSOLVEROPR Factorization

100
€9-B20BB 2 mul at ed
-0-B2 0B B 2
/5
5 --H2 0B R 2
al
Cj Up to2.3xfor QR (shown here) and LU vs. Hopper
50
LL
- Coming soon ItuSOLVERDRIMd cuSOLVERMp
2 5
0
2048 4096 81972 16384 32768 65536

Matri xXM=S\N z e

EnergyEfficient Supercomputing Through Tensor CAceelerated MixedPrecision Computing and FloatiRgint Emulation [S71487]
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Preliminaries
Aligning exponents of floatingoint numbers
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