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DEVELOPMENT ANALYSIS DEPLOYMENT
Libraries Libraries Models

Nnvcc

NVC++

nvfortran

cuBLAS

cuTENSOR

cuSPARSE cuSOLVER

cuFFT

cuRAND

NVIDIA HPC SDK

Download at developer.nvidia.com/npc -sdk

Open MPI

NVSHMEM

NCCL

NVIDIA HPC SDK

Standard C++ & Fortran

OpenACC & OpenMP

CUDA

Nsight

Debugger

cuda-gdb

Device

Container

Container Runtime

HPC Container
Maker / NVIDIA

Develop for the NVIDIA HPC Platform: GPU, CPU and Interconnect
HPC Libraries | GPU Accelerated C++ and Fortran | Direct/dBA

<A NVIDIA.



HOW GPU ACCELERATION WORKS
Application Code

N
4

Compute-Intensive Functions | \
4=
5% ot Code ] )
GPU CPU
& /

<

< NVIDIA.



GPUACCELERATED MATH LIBRARIES

N\




N-WAYS TOGPUPROGRAMMING

~_global
void saxpy(int n, float a,
float *x, float *y) {
#pragma acc data copy(x,y) Nt 1 = blockldx.x *blockDim.x +
{ threadldx.x
it (1< n) yl] += a*x[i];

std::transform(par, x, x+n, y, y, ;

| =] (float x, float y) { ) , | |
return y + a*x: std::transform(par, X, x+n, v, V, iInt main(void) {

| [ =] (loat x, float y) { cudaMallocManaged(&x, ...);
}; return y + a*x: cudaMallocManaged(&y, ...);

1),

saxpy <<<(N+255)/256,256>>> (...,X, Y)
cudaDeviceSynchronize();

do concurrent (I = 1:n)

y(1) = y(I) + a*x(i)
enddo

GPU Accelerated Incremental Performance Maximize GPU Performance with
C++ and Fortran Optimization with Directives CUDA C++/Fortran

GPU Accelerated Math Libraries

@2 NVIDIA.



CUPY( GPU ACCELERATED PYTHON)

correlation

https://colab.research.google.com/drive/1zohf8g/SY2UKkmDjIPW
eMMJYtgng?usp=sharing#scrollTo=ZdygwcMmIwH®6

%%%le  main_cupy.py

Import  nvtx

Import  numpy as np

Import  cupy as cp

from numpy.random import rand

from cupyx.scipy.fft import  rfft , irfft

#from pyfftw.interfaces.numpy_ fft import  rfft , irfft
Import  nvtx

Import  time

from numpy import deg2rad
from hbpy import File as h5 File

def haversine cupy (lonl , latl , lon2 , lat2 ):

Return the great circle distance (degree) Dbetween two points.
# convert decimal degrees to radians

Import cupy as cp

from cupy Import degZ2rad

lonl, Ilatl, Ilon2, lat2 = deg2rad(lonl), degZ2rad(latl), degZ2rad(lon2), deg2rad(lat2)

# haversine  formula

dlon = lon2 - lonl

dlat = lat2 - latl

sl = cpsin (dlat *0.5)

s2 = cp.sin (dlon *0.5)

a = sl*sl + cp.cos (latl) * cp.cos (lat2) * 82 * S2

c = cp.orad2deg( 2.0 * cp.arcsin  (cp.sqrt () ) < NVIDIA

return ¢ # degree


https://colab.research.google.com/drive/1zohf3Y-8g7Sv-2UkmDjIPW-eMMJYtgng?usp=sharing#scrollTo=ZdygwcMmlwH6

RAPIDS

GPU accelerated Data Science

Scikit-learn Model

Fit

Scrkit learn

L1 gt ime
knn_sk = skNearestNeighbors(algorithm="brute",
n_jobs=-1)
knn_sk.fit(host data)

In [ ]:

%%time
D sk, I sk = knn_sk.kneighbors(host data[:n_query], n_neighbors)
cuML Model
Fit
L ootime
knn_cuml = cuNearestNeighbors()
knn_cuml.fit(device data)
In [ ]:

%%time
D cuml, I cuml = knn_cuml.kneighbors(device data[:n_query], n_neighbors)

<A NVIDIA.



COSMO

GAUSSIAN 16 ANSYS FLUENT VASP
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Manage
Data
Movement

Initiate
Parallel
Execution

Optimize
Loop
Mappings

OpenACC Directives

for 1=0;1<n; ++){
cli] = alif + bfi];

OpenACC

Directives for Accelerators

A

A

A

Incremental
Single source

Interoperable

Performance portable
CPU, GPU, Manycore

NVIDIA.



GPUAccelerated CFD
OpenFOAM+ PETSct AmgX

A Early results of the AmgXsolver library used to accelerate the
OpenFOANMbressure solve on GPUs achieved ~4x to ~8x
speedups

OpenFOAM

OpenFOAM

PETSc4FOAM

A Q%:z;;i ;;z‘,
: PETSc4FOAM

s'_
A T A __,/ 47-
: .\~§\’7~ ‘?‘ A& -

structures
PETSc structures

FOAM2CSR

AmgXWrapper

Lid Driven cavity
(M, 200x200x200, 20 steps) solution,
accelerated with AmgX

AmgX

< NVIDIA.



NBODYSIMULATION

MD simulation COSMOS

I'pair calculation

T :
‘pair calculation call nvtxStartRange("Pair Calculation™)

call nvtxStartRange("Pair Calculation") do iconf=1.nframes

do iconf=1,ntrames if (mod(iconf,1).eq.Q) print*,iconf

if (mod(iconf,1).eq.0) print*,iconf | $acc parallel loop

do 1=1,natoms do i=1,natoms
do j=1,natoms do j=1,natoms
dx=x(iconf,i)-x(iconf,j) dx=x(iconf,i)-x(icont,j)
dy=y(iconf,i)-y(iconf,j) dy=y(iconf,i)-y(iconf,j)
dz=z(iconf,i)-z(iconf,j) dz=z(iconf,i)-z(iconf,]j)
dx=dx-nint{(dx/xbox)*xbox dx=dx-nint (dx/xbox)*xbox
dy=dy-nint(dy/ybox)*ybox dy=dy-nint(dy/ybox)*ybox
dz=dz-nint(dz/zbox)*zbox dz=dz-nint(dz/zbox)*zbox
r=dsqrt (dx**2+dy**2+dz**2) r=dsqrt(dx**2+dy**2+dz**2)
ind=int(r/del)+1 ind=int(r/del)+1
1if (ind.le.nbin) then if(r<cut)then
if(r<cut)then '$acc atomic
g(ind)=g(ind)+1.0do g(ind)=g(ind)+1.0do
endif endit
enddo enddo
enddo enddo

enddo enddo NVIDIA.






| LM(LARGE LANGUAGE MODEL)

420 node DGX1(8EA A100)

16UV

- Google LANGUAGE MODEL SIZES TO DEC/2022
~ Switch Transformer
91440 1.67
it ; Luminous < GLM-130B
= g
21080 OEM;
g NLP model size and computation are increasing exponentially GPTA PaLM OP;;;-"B
i : PaLM-Coder 1758
£ 790 =% Microsoft 1}05 Minerva
N TNG
I S N ST -
< ©® © ©, nVIDIIl\1 7B GAL 120B
g 360 Google OpenAI Google OpenAL proratranl M~
0 J Megatfo[l'—“ Chinchilla
S Transformer GPT  BERT GPT-2 ‘g8 708 Flamingo
0.05B 0.11B 0.34B  ..k0B™" -
0 .................................................. Beeswarm/bubble plot, sizes linear to scale. Selected highlights only. Alan D. Thompson. December 2022. https:/lifearchitect.ai/
o1 0 g 02 2
ear
Image fromhitps://hanlab.mit.edu/projects/efficientnlp old/ Image fromhitps://lifearchitect.al/models/

< NVIDIA.


https://lifearchitect.ai/models/
https://hanlab.mit.edu/projects/efficientnlp_old/

MODEL CAPABILITIES WITH SCALES

8 billion parameters

Resource
Model
DataTO ke n @ .




2d Steady State Flow with Neural Network

Xiaoxiao Guo, Wel Li, Francesco loggnvolutional Neural Networks for Steady Flow Approximat®@M SIGKDD Conference on Knowledge Discovery and Data Mining, 2016

Input data X
0
M - Deconv Deconv Deconv Deconv \ Simulated flow lines ¥ - 0,25
512, 8x8 256, 8x4 32, 2x2 ], 2x2 0
40 | / / / y x-component 20 - - 020
Conv Conv FullCon ) —> ’® > of CFD
128 16x8 512, 4x4 —

B0 - ’ b a0 -

L L 4 V 4 \ 015
8x8x3512 64x32x256 128x64x32 &0
BO - — | — 256x128 256128
V 4 / / / \ 80 - 0,10
100 - 16x16x128 4x4x512 —
1024 — — ’é > 100 -
256x128

120 4 / ./ -/ y-component 0.05

f CFD 120 5

0 - 100 150 200 150 8x8x3512 64x32x%256 128x64x32 0
\_ 0.00
256x128 256x128

Pair of (2D domain,
Simulated CFD flow)

NVIDIA.


https://www.autodeskresearch.com/publications/convolutional-neural-networks-steady-flow-approximation

AUTOMOTIVE AERODYNAMICS
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EARTH-2 BEGAN BY EXPLORING
DATA-DRIVEN WEATHER

PREDICTION
A FourCastNet
A Scope Global, Medium Range
A Model Type Full-Model Al Surrogate
A Architecture AFNO (Adaptive Fourier Neural Op.)
A Resolution: 25km
A Training Data: ERAS Reanalysis
A Initial Condition GFS / UFS
A Inference Time 0.25 sec (2-week forecast)

A Speedup vs NWP  O(10%-105)
A Power Savings O(10%)

<X NVIDIA.



Four CastNet

Pair of (input, GT)

(GT : K+ 6hr)
20 variables

loss

GT

predict
20 variables

> N
- rd

20 variables \
Ereigh ' s Qs
PR PO R Risik O 20ch x 720H x 1440W

gggggg., | 20ch x (8x8)p x 90H
o= o e a]  x180W

(input : K)

L layers

epee e

Spatial Mixing

Patch and Position Embedding

Ko (h, w,d) (h,w,d,d) /
AFNO

B — -I-\
Xy S0

U" W, d) KMLP@kdK) < NVIDIA
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FOURIER NEURAL OPERATOR

This tutorial sets up a datadriven model for a 2D Darcy flow using the Fourier Neural Operator (FNO) architecture inside
of Modulus. It covers these detalls:

Loading grid data and setting up datadriven constraints
How to create a grid validator node
How to use Fourier Neural Operator architecture in Modulus

This problem develops a surrogate model that learns the mapping between a permeabillity field and the pressure field of a
Darcy system governed by the elliptic PDE:

-V - (k(x)Vu(x)) = f(x), xe D,

Fourier Neural Operator

A

]

Lifting Layer Fourier Layer > ... > Fourier Layer » Decoding Network




coeft In

sol aift

FNO accurately learns the
solution of this system.

FOURIER NEURAL OPERATOR
“~  Modulus supports the

Results
i !' visualization of results through

Flg 61 FNO validation prediction 1. (Left to right) Input permeab:hty true pressure, predtcted pressure, error. |m ag es (m atplotl | b)
]

i Tensorboard, VTK files and
. Omniverse for select problems.

k ﬁ R R
L ' =

'8
L0

Py ¢
S0+
" 4
)
® 5

F Ig. 62 FNO validation predtchon 2 (Left to r:ght) Input permeab:hty true pressure, predicted pressure, error.

For more information, please
refer to the official Modulus

user guide example.



https://docs.nvidia.com/deeplearning/modulus/user_guide/neural_operators/darcy_fno.html

RyanK e I s IGEN ndodel

enc-dec arch.
2 enc + 6 dec layer

Multilevel(1d~3d)

ERAS dataset

1979~2020(6yr test), 3hr interval
1d(360x180)

full variables

- b6 var 13 pres, [TZQUVW]

- 4 surf variable

6.7/M params
5.5 day lea GPU

NVIDIA



