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NVIDIA SELENE

running molecular dynamics applications

NVIDIA DGX SuperPQOD for internal use

4,480 A100 GPUs

560 DGX A100 systems

850 Mellanox 200G HDR switches
14 PB of high-performance storage
2.8 EFLOPS of Al peak performance
63 PFLOPS HPL @ 24GF/W
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R&D WORKFLOW

A M3 vs. Computational simulation

Requirements:

market, regulatory

Adaptation and optimization of Development of novel materials
existing products and processes and processes

l

Mining of
existing data
and knowledge

Measurements

simulations

|
Modeling and

Business decisions

Source: THE INNOVATIVE FORCE OFHIGH PERFORMANCE COMPUTING IN MATERIALS SCIENCE, NVIDIA, Webinar (20214 7&)
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FDA tightens regulations
post thalidomide

FDA clears backlog following
PDUFA regulations and

10 perhaps relaxes on HIV drugs

New drugs per Sbillion
R&D (log scale)

Increase in ‘orphans’
plus ‘targeted’

cancer drugs

First wave of biotech

8.4% per year decrease in RN .
new drugs per Sbillion R&D Rt
01"
1950 1960 1970 1980 1990 2000 2010 2020
Year

Eroom’s Law
Exponential Decline in Drug Discovery R&D Productivity

Source: Jones, R. & Wilsdon, James. (2018). The Biomedical Bubble: Why UK research and innovation needs a greater diversity of priorities, politics, places and people. 8 <A NVIDIA.
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Cumulative Number of Human Genomics
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Growth of DNA Sequencing

DOUBLE EVERY 7 MONTHS
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Current Capacity _ - ===~
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~_ 15t PacBio
TCGA Chaisson et al.

1000 Genomes RECORDED GROWTH

15t 454
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1st Sanger //1“IHunﬁna
IHGSC et al. 1%t Personal Genome / Bentley et al.
Venter et al. Levy et al. Wang et al.
Ley et al.
2000 2005 2010 2015 2020
Year

Biomedical Data Explosion

DOUBLE EVERY 18 MONTHS

(MOORE’S LAW)

2025
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Source: Introducing Clara Discovery: Modular Platform for Computational Drug Discovery, NVIDIA, GTC (2021 42) 10 < NVIDIA.
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molecules

1,000,000,000,000,000,000,000,000,000,000,000,000,000,000,000,000,000,000,000,000

v
Largest chemical databases

\ J
Y

Number of protons/neutrons on Earth (10** kg / 1027 kg = 10°" particles)

\ J
Y

Age of the universe (1.4*10'° years)

h A
A

Time to compute all structures (10%* years, assuming 200 PF of Summit, 1 structure / FLOP)

Source: Introducing Clara Discovery: Modular Platform for Computational Drug Discovery, NVIDIA, GTC (20214 4&) 13 < NVIDIA.
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Source: Accelerating Drug Discovery with Clara Discovery's MegaMolBart, NVIDIA, YouTube (20214 4&)
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Source: Accelerating Drug Discovery with Clara Discovery's MegaMolBart, NVIDIA, YouTube (20214 4&) 20 <A NVIDIA.
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Source: Introducing Clara Discovery: Modular Platform for Computational Drug Discovery, NVIDIA, GTC (20214 4&)
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How Do We Make This?

Decoder Network

C
' Esben Bjerrum, Ola Engkvist, Ross Irvin, Jiazhen He
--------------- || - - [ _I

Source: Introducing Clara Discovery: Modular Platform for Computational Drug Discovery, NVIDIA, GTC (20214 4&) 22 < NVIDIA.
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Source: Introducing Clara Discovery: Modular Platform for Computational Drug Discovery, NVIDIA, GTC (20214 4&) 23 < NVIDIA.
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Imports

Here we import cuDF and CuPy for GPU-accelerated dataframes and math operations, plus the CPU libraries

Pandas and NumPy on which they are based and which we will use for performance comparisons:

(e mm——— "I
I import cudf i
:impurt cupy as cp 1

rimpurt pandas as pd
:impurt numpy as np

- s =m o

25 <ANVIDIA.
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*RAPIDS* 283t 7{CH C|O[E{H|O] A ELT 2|

> Reading 60 million records, entire population of England and Wales from official UK census data

from a local csv file directly into GPU memory:

%time gdf = cudf.read _csv('./data/pop_1-83.csv')
gdf.shape

. ~
CPU times: user 1.4 s, sys: 996 msl|total: 2.4 %j
Wall time: 3.2 s

Here for comparison we read the same data into a Pandas dataframe:

%time df = pd.read_csv('./data/pop_1-83.csv')
gdf.shape == df.shape

CPU times: user 32.1 s, sys: 4.55 s,ltotal: 36.7 s
Wall time: 36.7 s - —

26 <ANVIDIA.
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» The Challenge: increase the capacity of batteries while
maintaining rigorous safety requirements

» Approach
« Use Li metal rather than Li in graphite

« Replace liquid electrolytes by solid state electrolytes

» The bottlenecks
- Find solid state electrolytes with high ionic conductivity
- Control the reaction of Li metal with the electrolyte

- Find cathode materials with good mechanical match with solid
state electrolytes

» The solution

- Use large-scale accurate atomistic simulations to find optimal
materials

« Use quantum chemical calculations to understand and control
the chemical reactions at interfaces
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O 2 HHE{=| HoE 7|

, VASP 2%t computational screening

Search of compounds with optimal Li binding energy

» Computational screening of
candidates with MedeA VASP

Energy of Li Removal (eV)
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VASP &8¢l i SIMULATION

Zr(XI23%&)2 H,02t9] B2 simulation (HHEE= HETOIE AZ 7} A|Chst 2l X4 E =)

» The Challenge: increase the life-time of materials in the reactor
while maintaining their safe operation

» Approach

- Use materials modeling to identify the key degradation mechanisms
under irradiation

« Develop a predictive computational approach

» Predict the performance of improved and new materials prior to
experimental testing which is expensive and time consuming

» The bottleneck

« Highly accurate multi-scale models

« 3D simulations require large-scale simulations
» The solution

- HPC enables simulations of high complexity and accuracy with
predictive power, thus accelerating the development and certification
of advanced materials.

Source: THE INNOVATIVE FORCE OFHIGH PERFORMANCE COMPUTING IN MATERIALS SCIENCE, NVIDIA, Webinar (20214 7&) 31 <A NVIDIA.
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SIMULATIONOIA 25| = COMPUTATIONAL WORK

U X}ZF force calculation

Computational workflow of MD: update about 1% of
positions computational work
m
of timesteps
o article article
Initialize =—» P » P
positions forces
' occasional force about 99% of
output calculation computational work

reduced quantities (energy, temperature, pressure)
position coordinates (trajectory snapshot)

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&) 33 < NVIDIA.
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2 X} 8t SIMULATIONOfIA] 2 4k(

Patch2l =2l= S7H0| XS BiX[ — (Simulation)

Ok

e Atoms are decomposed into fixed volume patches
within the system

* Forces that move atoms are calculated in parallel at
each step between adjacent patches

 Migrate atoms to adjacent patches, updating domain
decomposition after every cycle (e.g. 20 steps)

e Performance is measured in ns/day — number of
nanoseconds of simulated time achieved per day of
running. (More is better!)

= 1T .
HE) AFE 5LY
ARIZF S MR WSE AXS

Spatial decomposition of
atoms into patches

Work decomposition of
patch interactions

=, P =

«S> O <>

P 2 N
]

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&)
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VASP SIMULATIONO|| 229t INPUT FILES

L

"
(-

W oo omn =
o O

-
L]
Q

Universal
Scaling factor

lattice wvectors

0
1

oF
= =
H
0
ct

Specifies type
and no. of
atom of each
specilies

Vel i)

Type cf coordinates:
Cartesian or Direct

Position of atoms

NVIDIA.



VASP SIMULATIONO]| £ 9t INPUT FILES

S *POSCAR* I 0| BA|E= |AX= K| (HAF 7H4= ofl. 20071, 200071, LAMMPS &< 80MT)

e 4 atoms, fcc structure

— Translational lattice vectors
* al =(4.0; 0.0; 0.0)
* a2 =(0.0; 4.0; 0.0)
* a3 =(0.0; 0.0; 4.0)
— Basis vectors
s 0.0; 0.0: 0.0
* (.5; 0.0:0.5
* 0.5; 0.5;0.0
= (0.0; 0.5:0.5

Source: Running a DFT calculation in VASP, Laalitha Liyanage, ICME (20124) 36 <A NVIDIA.
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Patch Integration

M| SECH

St SIMULATIONO{[Af MULTI GPU %!

patch = GPUZ StLL

GPUI_ o |_ ERA-I

M SHEE  jteration 25 CHOICE BHZA &= °JIF 2|X| 2 & GPUO| YH[0|E

OO0

Point L to Point

Multicast

Bonded Computes

Fo

PME

M o

Reduction

g

Point § to Point

Patch Integration

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&)

Integration

& ,

Force Reduction

l Integration

Position Multicast

multi-GPU, multi-node

GPU1 GPU2  GPU3 GPUO  GPU1 GPU2  GPU3

all-reduce

)
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VASP COMPUTATION ENVIRONMENT

85| GPUZF B4l 7| =3

- O L = |

> H/W : NVIDIA Selene
> S/W
> VASP 6.2.0 & 6.2.1
> NVIDIA HPC SDK
> CUDA 11.0: FFT libs - cuFFT, cuBLAS, cuSolver 11.0
> Communication - openMPI 4.0.6rc1 using UCX 1.10.x branch; NCCL 2.9.9

38 <ANVIDIA.



SPEEDUP

VASP SIMULATIONO|A] MULTI GPU ==2| ¢

s NBLOCK_FOCK=64 -

-----'ideal F

o

Amdahl £

# Nodes

With an Amdahl’s law numerical fit
the approximation is quite good

SPEEDUP

25

NVIDIA DGX SuperPOD

¥ 100%
N T e .
T 80%
- ——#—— NBLOCK_FOCK=64 L1 60%
' - jdeal
v ©  Amdahl
sosveess Amdahl Extrapolation _
wee. Efficiency ——— 40%
s
= 20%
0%
40 60 80 100 120 140
# Nodes

50% Scaling efficiency occurs at 30
nodes in this example

Parallel Efficiency
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SIMULATIONO| A O|Z|X|= £7} 2%l

NAMD AT E 9|, GPU-Offload Ol GPU-Resident 0f5’|E—*W§

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (2021 4&) 40 SANVIDIA.
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7|Z= GPU-OFFLOAD O}Z|ElA]

GPUE= force calculation, CPUE Xt 2| X] &HI|0|E

Showing approximate percentage of total work per step:

Short-range non-bonded forces (90%)

force Long-range PME electrostatics (5%)
calculation
on GPUs Bonded forces (2%)

Corrections for excluded interactions (2%)

t . .
cogfcﬂﬁ;es _( Integrator, rigid bond constraints (1%)

on CPUs

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&) 41 <INVIDIA.

Enhanced sampling methods: additional forces, grid potentials, collective variables
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7|Z= GPU-OFFLOAD O}Z|ElA]

NVIDIA Pascal GPU7tX|= force calculation®™ O{= M&E A|ZF AR5 CPU H ALY} overlap &

e GPUs weren’t that fast back then

e Profiling shows GPUs are fully
occupled by forces - no idle time
¥ el o o L L
. Streaming forces allows overlap of Maxwell GPU is fully utilized
CPU and GPU computation

| vaid nonbondedForcek emel<bool=0, bool=1, bocl=0, beol=0, boal=0 bool=0. bocl=0, beal=1=int, int. TileList const *, TileExcl®, 1. m

S [ 111 1|

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&) 42 <INVIDIA.
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Z GPU-OFFLOAD O}7 &l
'c'c>'>lc

o| FHE[UKX|TFNAMD d52 28E X BUS. 27

Ra
3|
o
LY
C
0x
oIr
{0
on =

Hardware has ~70% perf improvement! NAMD (in 2018) less than 20% perf improvement!

Peak Performance in TFLOPS ns/day
60
40
20 ApoA1
5 92k atoms

GPU-offload

B Pascal (P100) B Volta (V100)

Pascal (P100) Volta (V100) Simulation details:
NVE, CHARMM force field, cutoff distance 12,3\,
MTS with 2fs time step and 4fs PME, rigid bond constraints.
hitps ://www.ks.uiuc.edu/Research/namd/benchmarks/

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&)
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7|Z= GPU-OFFLOAD O}Z|ElA]

Profile using Nsight Systems with NV TX tags to trace
execution of CPU kernels:
.

* GPUs became much faster! T - T

e Attempt to overlap CPU and GPU
causes performance bottleneck

Integration Integration

I
e Unable to fully utilize GPU

Forces Forces

NVIDIA.
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Mt *GPU-RESIDENT* OF7 | Bl X

7| CPUZ} BHE X} 9I%| B0 HME O|F| GPUR! (E SAHS GPUOIA, “GPU-Resident”)

Aggregate . Aggregate
CPU Inte%;s;:;s;om position data, '.*: Inte%;e?:ﬁjiom position data,
P copy to GPU RO P . copy to GPU
GPU-offload IOECICICIGRRY :>

Stream

GPU Calculate forces forces back Calculate forces
to CPU

CPU Fetch force Convert force Fetch force Convert force

(manages GPU kernels)

| buffers \ 10 SOA form buffers to SOA form
GPU-resident van >

Calculate forces II Calculate forces II

Integrate atom Fill position Integrate armrrgjl Fill position Integrate atorpj
posmons buffers positions buffers positions

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&) 45 <INVIDIA.
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A+ *GPU-RESIDENT* Op7[El X0l A S &

GPU-Offload O}7|ElA| CHH]

400 ns/day

331.7

Intel Xeon Gold 300
6134 @ 3.2 GHz

200

NVIDIA A100-PCle

Simulation details: JAC (23K atoms) ApoA1 (92K) F1 ATPase (300K) STMV (1M)
CHARMM force field, cutoff distance 12,&,

MTS with 2fs time step and 4fs PME, rigid bond constraints. .
Performance tuning parameter “margin” set to 4A. . GPU-offload . GPU-resident

https://www.ks.uiuc.edu/Research/namd/benchmarks/

Source: Molecular Dynamics Simulations on GPU-Dense Architectures with NAMD, University of Illinois at Urbana-Champaign, GTC (20214 4&)

46

<ANVIDIA.
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0|21 7|55 St ZoiH SIMULATION 42}

AMOEBA #IX|0t=3 Z3} LY (Sorbonne Université & Institut Universitaire de France)

e —, o
4 :

2016: TINKER (8 CORES-OPENMP/HASSWELL
0.0007 NS/DAY

2018: CINES (Brodwell)
10000 cores: 0.25 ns/day

2019: IRENE JOLIOT-CURIE (SKYLAKE-AVX! (
10000 coRes MPI : 0.9 Ns/DAY

2020: SELENE (NVIDIA DGX A100)

1 NODE, 8 GPUS: 4.51 NS/DAY

2016-2021: X 6000 ACCELERATION

Source: Accelerating Next-Generation Molecular Dynamics Simulations Using the Multi-GPU Tinker-HP Infras, Sorbonne Université, GTC (20214 4&) 47 <INVIDIA.
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Applications

OpenACC Programming

Libraries : :
Directives Languages

“Drop-in” Easily Accelerate Maximum
Acceleration Applications Flexibility



OpenACC DIRECTIVES EXAMPLE

!Sacc data copy (A,Anew) Copy arrays into GPU memory

iter=0 within data region
do while ( err > tol .and. iter < iter max )
iter = 1ter +1

err=0. fp kind

! k . . . .
’ $acq ernels Parallelize code inside region
do jJ=1,m -
do 1i=1,n
Anew(i,j) = .25 fp kind *( A(i+1l,3 ) + A(i-1,3 ) &

+A (1 ,J-1) + A(1 ,J+1))
err = max( err, Anew(i,J)-A(i,7))
end do

end do

Close off parallel region
!Sacc end kernels | P g
IF (mod(iter,100)==0 .or. 1ter == 1)
A= Anew

print *, 1iter, err

end do

Close off data region,
!Sacc end data

copy data back

50 <ANVIDIA.



*laplace2d

printri{

Startiimerd ).
int 1ter ):

F---------------------|

-"Ft'l"ﬂ'*"""""""'

rror > Tol && 1ter <« er_max

.'\" ’Of

- ’ ) - >

-----------‘

L I
\ S

- —
-
4

5

-----------‘

l
I? L Int

|

]
5

Source: CUDACast #3 - Your First OpenACC Program, NVIDIA, YouTube (20134 7&) 51 <A NVIDIA.



https://www.youtube.com/watch?v=_do2Dwa29EM

025 mebersole@desktop: ~fkode fopenacc/jacobi

700, 0.000345
800, 6.000302
900, 0.000269

mebersole@desktop:~/code/openacc/jacobis
main:
51, Generating create(Anew([0:)[0:])
Generating copy(A[©:][0:])
56, Generating present or create(Anew[0:][0:])
Generating present or copy(A[©:][0:])
Generating NVIDIA code
Generating compute capability 1.3 binary
Generating compute capability 2.0 binary
e menerating compute capability 3.0 binary
~
I 57, Loop 1is parallelizable
1 59, Loop is parallelizable ,
===Rccelerator kernel generated
57, #pragma acc loop gang /* blockldx.y */
Cached references to size [3x(x+2)] block of 'A’
59, #pragma acc loop gang, vector(128) /* blockldx.x threadldx.x */
63, Max reduction generated for error
67, Generating present or create(Anew[0:][0:])
Generating present or copy(A[©:][0:])
Generating NVIDIA code
Generating compute capability 1.3 binary
GCenerating compute capability 2.0 binary
r__&mmpgq_g_ogw;e_qu_g\blhty 3.0 binary
| 68, Loop is parallelizable
] 760, Loop is parallelizable [
== =T%ccelerator kernel generated
68, #pragma acc loop gang /* blockldx.y */
70, #pragma acc loop gang, vector(128) /* blockldx.x threadldx.x */ NVIDIA
mebersole@desktop:~/code/openacc/jacobis

pgcc -acc -Minfo=accel -0 laplace2d acc laplaceZd.c}

NVIDIA.



https://www.youtube.com/watch?v=_do2Dwa29EM

0SS mebersole@desktop: ~kodefopenacc/jacobi

Generating compute capability 3.0 binary
57, Loop is parallelizable
959, Loop is parallelizable
Accelerator kernel generated
57, #pragma acc loop gang /* blockldx.y */
Cached references to size [3x(x+2)] block of A’
59, #pragma acc loop gang, vector(128) /* blockldx.x threadldx.x */
Max reduction generated for error
Generating present or create(Anew[0:]([0:])
Generating present or copy(A[©:][6:])
Generating NVIDIA code
Generating compute capability 1.3 binary
Generating compute capability 2.0 binary
Generating compute capability 3.0 binary
Loop is parallelizable
Loop is parallelizable
Accelerator kernel generated

68, #pragma acc loop gang /* blockldx.y */
70, #pragma acc loop gang, vector(128) /* blo kIdx.x threadldx.x */

mebersole@desktop:-/code/openacc/]acobls /1aplace2d acc

Jacobi relaxation Calculation: 4096 x 4096 mesh

0,
100,
200,
300,
400,
200,
600,
700,

. 250000
.002397
.001204
. 000804
. 000603
.000483
.000403
. 000345
800, 0.000302
960, 0.000269

r---------‘

total: 6.023778 5| NVIDIA

l_u-..T. - _.

mebersoLe@desktop:~/code/openacc/jacobis

OpenACC ME NVIDIA.

PO DD DODDODPODODDODD®



https://www.youtube.com/watch?v=_do2Dwa29EM

>

>

VASP ON GPU

VASP has organically grown over more than 25 years (450k+ lines of Fortran code)
Previous VASP5.4.4 release: some features were ported with CUDA C

Current VASP6.1.X releases: re-ported to GPU using OpenACC

The OpenACC port is more complete already than the CUDA port.

54 <ANVIDIA.
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NVIDIA ACCELERATES COMPUTATIONAL CHEMISTRY
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ANNOUNCING CAMBRIDGE-1 Al SUPERCOMPUTER
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NHS Foundation Trust - J .
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80 NVIDIA DGX A100 | 400 PETAFLOPS Al COMPUTE | 20 TERABYTES/SEC INFINIBAND | 2PB NVME | 500KW

HEALTHCARE & LARGE-SCALE Al & COLLABORATION WITH UK INDUSTRY, EDUCATE FUTURE
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COMPUTATIONAL DRUG
DISCOVERY CALCULATOR

Sizing DGX A100 Infrastructure

Mix Traditional HPC + New Al Workloads
Specify Experiment Turn Around Time
Customize Al Models per Project

Plan for Future Compute Needs

Contact NVIDIA Account Executive

| omain (row titles, right)

D

Phase {column, pelow)
arget dentification

phase 1: T ,.n -
Phase 2: Structure Determmatlo

Design

ided Drug -
. Ccmputer'Alde : /
prase 2 Bioimaging 0

ing/
4 HTScreening /
Phase TOTALS

Target Identificatiol__
Turn-Around-Time

e

L—///,//

Sequencing
Genomics Analyses

R S
Structure Determination Nam. of DGX A1 00
 Num.of DGATE

3
l 2 [
Cryogenic EM 1 —
—
Physics-Based Structure Prediction : —
HmnologyMOde"ng//_

Computer-Aided Drug Design

L_———_____

Turn-Around-Time

Num. of DGX A100

15
- T B -
| ~ Dockng

Free Energy Methods -

Molecular Dynamics

5
5
3

Quantum

Al model training

Number of Models (per
project)

Turn-Around-Time

Num. of DGX A100

Phase 1: Target Identification models

Phase 2: Protein structure prediction
models

Phase 3: Al-accelerated MD models
Phase 3: Generative models for lead

discovery

_ 00
Phase 3: Ligand binding score models
——— = T y>rolimodels |

Phase 3: ADMET models
Phase 4: Bioimaging models

1
2
2
N
2
& |
2
- < |
1
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INDUSTRIAL HPC AT THE TIPPING POINT

Number of Atoms

10°

108

107

10°

104

MOLECULAR DYNAMICS + GPU

Protocell

Chromatophore

HIV-1 Capsid _, %
Ribosome E&
- STMV

&

Lysozyme

1990 1995 2000 2005 2010 2013 2020

Madel Size (Trillions of Parameters)

EXPONENTIAL Al MODEL GROWTH

100

10

.01

001

0001

00001

GPT-3 [175B] ’

Megatron-LM
[8.3B]

Turing-NLG [17.2B]

T5 18]

® GPT-2[1.58]

Transformer
[65M]

9
BERT-Large [340M]

ELMo [94M]

2017 2018 2019 2020 2021 2022 2023

MOLECULAR DYNAMICS + GPU + Al

1 01 a CoV1D-19
with
DeepDriveMD

101% l
W |
o |
S |
3 .
S 1012 HIV-1 Capsid )
m
2. Chromatophore
-
=

108

103 « Lysozyme

1990 1995 2000 2005 2010 2015 2020

Source: THE INNOVATIVE FORCE OFHIGH PERFORMANCE COMPUTING IN MATERIALS SCIENCE, NVIDIA, Webinar (20214 7&) 65

<ANVIDIA.
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