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TOPICS

Prggra’mming the NVIDIA Platform

NVIDIA 711+ & SDK

Python Ecosystem

Quantum Computing







PROGRAMMING THE NVIDIA PLATFORM

CPU, GPU, and Network

ACCELERATED STANDARD LANGUAGES INCREMENTAL PORTABLE OPTIMIZATION PLATFORM SPECIALIZATION
1SO C++, ISO Fortran OpenACC, OpenMP CUDA

std: :transform( , X, X+n, Yy, VY,

[=] (float x, float y){ return y + void saxpy(int n, float a,

std: :transform(par, X, x+n, y, Vy,

a¥x; ) [=] (float x, float y) { . . float *x, float *y) f
); int 1 = & +
return y + a*x; .
})s if (i < n) y[i] += a*x[i];
(i =1:n) o }
y(i) = y(1) + a*x(i)
enddo int main (void) {
std: :transform(par, x, X+n, y, vy,
[=] (float x, float y) {
return y + a*x; .
e 1) saxpy (...),
def saxpy(a, X, y): ?
y[:] += a*x o
ACCELERATION LIBRARIES
Core Math Communication Data Analytics Al Quantum

NVIDIA.



ACCELERATED STANDARD LANGUAGES

SO C++

|ISO Fortran

Python

std: :transform( , X, X+n, Yy,
v, [=] (float x, float y) {

return y + a*x;
}
)

(i = 1:n)

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

import as np

def saxpy(a, X, y):
y[:] += a*x

/ /

CPU

—

nvc++ -stdpar=multicore

nvfortran -stdpar=multicore

legate -cpus 16 saxpy.py

GPU

nvc++ -stdpar=gpu
nvfortran -stdpar=gpu
legate -gpus 1 saxpy.py

NVIDIA.



static inline
void CalcHydroConstraintForElems (Domain &domain, Index t length,
Index t *regElemlist, Real t dvovmax, Real t& dthydro)
{
#1f OPENMP
const Index _t threads = omp_get max_threads();
Index t hydro_elem per thread[threads];
Real t dthydro per_ thread[threads];
#else
Index t threads = 1;

Index t hydro_elem per thread[1];
Real t dthydro_per thread[1];

#endif
#pragma omp parallel firstprivate(length, dvovmax)
{
Real t dthydro tmp = dthydro ;
Index t hydro_elem = -1 ;
#if OPENMP
Index t thread num = omp get thread num();
#else
Index t thread num = 0;
#endif

#pragma omp for
for (Index t i =0 ; i < length ; ++i) {
Index t indx = regElemlist[i] ;

if (domain.vdov(indx) != Real t(9.)) {
Real t dtdvov = dvovmax / (FABS(domain.vdov(indx))+Real t(1.e-20)) ;

if ( dthydro tmp > dtdvov ) {
dthydro tmp = dtdvov ;
hydro_elem = indx ;
}
}

}
dthydro_per thread[thread num] = dthydro tmp ;

hydro _elem per thread[thread num] = hydro elem ;

¥

for (Index t i = 1; i < threads; ++i) {
if(dthydro per thread[i] < dthydro per thread[0]) {
dthydro per thread[0] = dthydro_per_ thread[i];
hydro_elem per thread[©0] = hydro_elem per thread[i];

}

}

if (hydro _elem per_ thread[0] != -1) {
dthydro = dthydro per thread[©0] ;

}

return ;

) C++ with OpenMP

https://github.com/LLNL/LULESH/tree/2.0.2-dev

V. V V V

Lulesh Hydrodynamics

Composable, compact and elegant
Easy to read and maintain

ISO Standard
Portable - nvc++, g++, icpc, MSV(, ...

static inline void CalcHydroConstraintForElems(Domain &domain, Index t length,
Index t *regElemlist,
Real t dvovmax,
Real t &dthydro)
{
dthydro = std::transform reduce(
std::execution::par, counting iterator(©), counting iterator(length),
dthydro, [](Real t a, Real t b) { return a < b ? a : b; },

‘ [=, &domain](Index t i)
{

Index t indx = regElemlist[i];
if (domain.vdov(indx) == Real t(0.0)) {
return std::numeric limits<Real t>::max();

} else {
return dvovmax / (std::abs(domain.vdov(indx)) + Real t(1l.e-20));

}
})s

¥

Standard C++

9 <ANVIDIA I



C++ STANDARD PARALLELISM

Lulesh Performance

16

14

12

10

2.08

2 1.53

1 1.03

, s meees S

OpenMP on 64c EPYC OpenMP on 64c EPYC Standard C++on 64c  Standard C++ on 64c Standard C++ on A100
7742 7742 EPYC 7742 EPYC 7742

|

Same ISO C++ Code

< NVIDIA.



STLBM

Many-core Lattice Boltzmann with C++ Parallel Algorithms

Geomean Speedup across Collision Models

14
 Framework for parallel lattice-Boltzmann simulations on multiple platforms,
including many-core CPUs and GPUs
12
* Implemented with C++17 standard (Parallel Algorithms) to achieve parallel
efficiency 10
* No language extensions, external libraries, vendor-specific code g
annotations, or pre-compilation steps
6
"We have with delight discovered the NVIDIA "stdpar" implementation of 4
C++ Parallel Algorithms. ... We believe that the result produces state-of-the-
art performance, is highly didactical, and introduces a paradigm shift in ,
cross-platform CPU/GPU programming in the community.”
-

-- Professor Jonas Latt, University of Geneva
2-Socket Xeon 6148 (40 cores) 1 A100 PCIE 40GB

Same ISO C++ Code
https://gitlab.com/unigehpfs/stlbm
https://www.nvidia.com/en-us/on-demand/session/gtcspring21-s32076/ GTC Fall Session A31329

< NVIDIA.


https://gitlab.com/unigehpfs/stlbm
https://www.nvidia.com/en-us/on-demand/session/gtcspring21-s32076/

* MPI + OpenMP baseline code

* GAMESS is a popular Quantum Chemistry application.

* More than 40 years of development in Fortran and C

* Hartree-Fock rewritten in Do Concurrent

'pre-sorting, screening

!Somp target teams distribute &
parallel do &
!Somp shared() private() do

iquart = 1, ssdd quarts
'recover shell index ‘
ish=IDX (s sh) Jsh=IDX(s_sh)

ksh=IDX(d sh)

'compute ints

1sh=IDX(d sh)

'digest ints enddo

!Somp end target teams distribute &

parallel do

'pre-sorting, screening

DO CONCURRENT (iquart=l::ssdd quarts)é&
SHARED () LOCAL(()
'recover shell index
ish=IDX (s sh) Jsh=IDX(s_sh)
ksh=IDX(d sh) 1lsh=IDX(d sh)
'compute ints

'digest ints enddo

* Courtesy of Melisa Alkan, lowa State University. Not yet published.

GAMESS

Computational Chemistry with Fortran Do Concurrent

4.5X
4.0X
3.5X
3.0X
> 2.5X
2 2.0X
1.5X
1.0X
0.5X

0.0X

Fock Build
1.3X
1.0X
OpenMP (CPU) OpenMP (GPU) Do Concurrent

(GPU)
nvfortran 22.7, NVIDIAA100 GPU, AMD “Milan” CPU

16 <ANVIDIA. I



Accelerating STDPAR Adoption

ﬂ%ﬁ BabelStream GAMESS

BabelStream Cloverleaf FastCaloSim GAMESS Lulesh

MiniWeather Palabos POT3D

M-AlA

RAJV

Quicksilver STLBM RAJAPert

\
\a
/N

17 <ANVIDIA I
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Available at developer.nvidia.com/hpc-sdk, on NGC, via Spack, and in the Cloud

DEVELOPMENT

NVIDIA HPC SDK

Programming
Models

Standard C++ & Fortran

OpenACC & OpenMP

CUDA

Combilers Core Math Communication
P Libraries Libraries Libraries

-
NnvC++

nvfortran

CUBLAS cuTENSOR
cuSPARSE cuSOLVER

HPC-X

MPI
UCX SHMEM
SHARP HCOLL

NVSHMEM
NCCL

ANALYSIS

Systems

Compute

cuda-gdb

Device

Develop for the NVIDIA Platform: GPU, CPU and Interconnect

Libraries | Accelerated C++ and Fortran | Directives | CUDA

7-8 Releases Per Year | Freely Available

<X NVIDIA.



= Vector Vector / Matrix Vector / Matrix Matrix

= Mixed Precision / Multiple GPUs / Batched APlIs

= HPC & Scientific Computing
= Data Analytics & Deep Learning

NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE.

CUBLAS

GPU Optimized BLAS Implementation

TFLOPS

20

16

12

0

0

FP64 Matrix Multiply: A100 vs V100

—a—A100 FP64 Tensor Core (DMMA)

—%-V100 FP64

1024 2048 3072 4096 5120 6144 7168
Matrix Size (m=n=k)

Mixed Precision Matrix Multiply on A100

‘\
280 ? . n .(i\‘i\ -
)‘\ AIA\,I: A -
’\
.A\

240 N/ A

-4x=FP16 Tensor Core
200 R BF16 Tensor Core

-8-TF32 Tensor Core

—o—FP32
0 160
o %l
el A
L
}._
120
80
40
0
8192 0 1024 2048 3072 4096 5120 6144 7168 8192

Matrix Size (m=n=k)

<X NVIDIA.



CUSPARSE

GPU Optimized Sparse BLAS

= Sparse Vector Dense Vector CUSPARSE 9.2 UP TO 45x FASTER THAN cuSPARSE 8.0

= Sparse Matrix Dense Vector - = hybmy m csrmm

= Sparse Matrix Dense Matrix 45X

. . 40X
= Sparse Matrix Sparse Matrix 5
35X
30X
. .« po . 25X
= HPC & Scientific Computing
: 20X
= Data Analytics & Deep Learning 15X
10X
5X I
OX [ I I
& va\x\*ﬁ 2 Y& &@5’ R A

Speed-up vs cuSPARSE 8

47 2
& ¢

o
i <

OQ /
éé\ v 50&

« CUSPARSE 9.2 (Driver 396) on Tesla V100-PCIE-16GB; Base Clocks; ECC off

» CUSPARSE 8.0 (Driver 375) on Tesla P100-PCIE-16GB; Base Clocks; ECC off

» Host System: Intel Broadwell ES-2690 v4@2.60GHz 3.5GHz Turbo (Broadwell) HT On; 88 threads;
« Ubuntu 16.04.6 and 256GB DDR4 memory; System memory speed: 2133 MHz;

« Input and output data on device; Average speedup across different data types

 Matrices obtained from http://www. cise ufl edu/research/sparse/matrices

NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE. <2 NVIDIA



LU, Cholesky, QR
Symmetric and Generalized Eigensolvers
Tensor Core Accelerated lterative Refinement Solvers

Multi GPU Support

HPC & Scientific Computing
Data Analytics

Automatic DMMA acceleration for factorizations and
linear solvers

A100 vs V100
Up to 2.3X Speedup

NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE.

CUSOLVER

GPU-accelerated dense and sparse direct solvers

DGETRF on A100 and V100

V100

A100

Matrix Size

NVIDIA.



CUTENSOR

A New High Performance CUDA Library for Tensor Primitives

cuTENSORMg FP32 Performance on DGXA100

Tensor Contractions & Reductions 1GPU =~ 2GPU =4 GPU =38 GPU
160
Elementwise Operations & Elementwise Fusion
Mixed Precision Support & Tensor Core Acceleration 140
Multi-GPU Tensor Contractions 190
DL frameworks aggressively adopting elementwise operations 100
o
Up to 23X application end-to-end speedup over previously CPU- QO 80
only Quantum Chemistry simulations from drop-in contraction -
AP]
60
40
20
0
8192 16384 24576 32768 40960 49152
M =N =K

NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE. NVIDIA.



250

200

—
U1
o

Larger is better)

) —

100

TFLOPs

50

10243

CUFFT

GPU-accelerated library for Fast Fourier Transforms

Performance: cuFFTMp vs. State-of-the-Art on Summit

16
1280°

mcuFFTMp m State-of-the-Art

54
I 19

30
32 64 128

16003 20483 25603
# of GPU & Problem Size

102

256
3200°

217

512
40963

A distributed-memory multi-node and multiGPU
solution for solving FFTs at scale.

EA release available in Fall ’21
https://developer.nvidia.com/cudamathlibraryea

Initial release to 2D & 3D with Slab composition

<A NVIDIA.


https://developer.nvidia.com/cudamathlibraryea

HPC-X

HPC-X is a comprehensive software package that includes Accelerated Communications APl and Operations

for HPC

CUDA-aware MPI library based on Open MPI with support for GPUDirect™
Fully compatible with CUDA C++, CUDA Fortran and the NVIDIA HPC Compilers

Optimized for NVIDIA InfiniBand interconnect solutions

Integrated into the NVIDIA HPC SDK

Components

MPI

UCX

SHMEM

SHARP

HCOLL

Description

*Open MPI and OpenSHMEM

*MPI profiler (IPM - open source tool from http://ijpm-hpc.org /)

*MPI tests (OSU, IMB, random ring, etc.)

*HCOLL
‘UCX

Scalable Hierarchical Aggregation and Reduction Protocol (SHARP)

*nccl-rdma-sharp-plugin

NVIDIA.


http://ipm-hpc.org/

NCCL

NVIDIA Collective Communication Library

»  Multi-GPU and Multi-Node Collectives Optimized for
NVIDIA GPUs

» Automatic Topology Detection

» Easy to integrate | MPI Compatible

» Minimize latency | Maximize bandwidth
Impact

» Accelerates leading deep learning frameworks

» Adoption in HPC accelerating

Latency (us)

100000

10000

1000

100

10

Up to 180X reduction in allreduce latency (us)

wNCCL 2.3.7 = NCCL 2.4.1

21530
10684
5430

2654

256 512 1024 2048 4096
Number of nodes

AllReduce 8-byte (float) latency, Summit Supercomputer at Oak Ridge National Lab
4096 nodes, 6xV100, 2x IB EDR

<A NVIDIA.



&) NSIGHT SYSTEMS

System profiler

Key Features:

System-wide application algorithm tuning

Multi-process tree support

Locate optimization opportunities
Visualize millions of events on a very fast GUI timeline

Or gaps of unused CPU and GPU time

Balance your workload across multiple CPUs and GPUs

CPU algorithms, utilization and thread state
GPU streams, kernels, memory transfers, etc

Command Line, Standalone, IDE Integration

OS: Linux (x86, Power, Arm SBSA, Tegra), Windows, MacOSX (host
GPUs: Pascal+

Docs/product: https://developer.nvidia.com/nsight-systems

4= 89.6ms +389.8ms +390ms +390.2ms +390.4ms +390.6ms +390.8ms +391ms +391.2ms +391.4ms +391.6ms +391.8ms

+392ms +392.2ms +392.4ms +392.6ms +392.8ms +393ms _

=

= [532] python
= Threads (21)

v [532] python

~ [566] CaffeTaskThre L

OS runtime librarie o |[pthr | [pthread.. | | pthread cond_wat
CUDA AP e adsvenendwes [
- [558] CaffeTaskThre | | g | | ——————
0S runtime librarie || | .| pthread mute...| (pthread_..| [pt...| [ i [T W LS
CUDA API B | ... |

= [562] CaffeTaskThre

A L D |

0S5 runtime librarie

pthread_mutex_lock

pthread cond_wait

CUDA AP

- [561] CaffeTaskthre__ [l B | EEEEE B ) —
0S runtime librarie pt..| [pthread_mu...| pthread_..|(pthre.., [ =l 1) |
CUDA AP 0 . . 7.7 — |

16 threads hidc ===

|
~ CUDA (Quadro GV10( .
= [All Streams]
(volta_sgemm 32..) (yofta_sgemm 3212 ) [volta_sgemm 32x128.) (volta sgemm 32x128. ) B0 0 (oka sgemm 32l . (]
, 99.5% Kernels (volts_sgemm_32x12.. (voltn_sgemm_32<T2.. (volta_sgemm 32« H l' [volta_sgemm 32«1
I
I [ -
I y >
Events View ~ |
[Search... \
# Name Duration GPU Start “ generate_seed_pseudo =
1 generate_seed pseudo 1.249 ms GPU 0 3.85619s Eﬂgln% géazafyggf 1283 ms)
nds: 3. s (+1. ms
2 gen_sequenced 35.745 us GPU 0 3.8576s grid: <<<64, 1, 1>>>
3 _kernel_agent 1.696 us GPU 0 3.85771s block: <<<64, 1, 1>>>
Launch Type: Regular
4 generate_seed_pseudo 1.271 ms GPU 0 3.85916s Static Shared Memory: 0 bytes
5 gen_sequenced 12.448 ps GPU O 3.86057s Dynamic Shared Memory: 0 bytes
Registers Per Thread: 48
6 UniformShift 10.241 us GPU O 3.86058s Local Memory Per Thread: 0 bytes
7 generate_seed_pseudo 1.274 ms GPU O 3.86202s Local Memory Total: 193,986,560 bytes
8 gen sequenced 11.872 ps GPU 0 3.86343s Shared Memory executed: 0 bytes
= - Shared Memory Bank Size: 4 B
9 UniformShift 9.856 ps GPU O 3.86344s Theoretical occupancy: 62.5 %
1N nanarata casd ncandn 1 2RA e RN 3 ARARARAC Tl Launched from thread: 532 b

35 +530ms +531ms +532ms 533ms #o24ms +230ME
] ] [ 1 T T B ] M ] ] ] [ ] 1 1 1 = 11 [
Blocked State , i . . N | . |
DXGI AP _ _
" a
D11 API : 1 ,Jf.. . ift LI-] 1| mn i L ] '.‘I.] r[:ﬂIIDSDIL., '1'J _J:l |
60 threads hidden,.. == il i Gll to:
IDED 1 D e=Contextd: Drawlndexed

* Frame duration (60 FPS) W DX11 AP calls

Begins: 3,532585
Lrame 300 13,654 md) Ends: 3.53258s (+200 ns)

rame 555 B

= CPU frame duration

Frame Action Build frame [3.... | Build frame [3.684 ms] |
Frame health
Stutter
= WDDM
= 3D
= Contedts

= (Wffifdd3blachldel)

Bottom-lp Wiew = | Process [9695] vmd_LINUXAMDG4, 11 (3 of 19 threads)

T Filter..., = 99.82% (23,260 samples) of data is shown due to applied filters.

Build frame [5.956 ms]

emony Allocation [Dvelta 95 360, 000.00%

Symbol Name

v VolumetncData:compute_volume_gradient()

w VolumetricData::compute_volume_gradient()

w BazeMoleculenadd_volume_datalchar const®, double const®, double const®, double const®, double const®, int, int, int, float™)
v VMDApp:moelecule_add_velumetnc(int, char const®, double const®, double const®, double const®, double const®, int, int, int, float®)
v obj_segmentation(void®, Tcl_Interp®, int, Tcl_Obj™ const™)
[Max depth]
w BazeMoleculenadd_volume_datalchar const®, float const®, float const®, float const®, float const®, int, int, int, float®, float®, float™)
v MolFilePlugin::iread_volumetric(Molecule®, int, int const™)
v VMDApp:molecule_load(int, char const®, char const®, FileSpec const™)
w text_cmd_moel(void®, Tel_Interp®, int, char const™)
w TellnvekeStringCommand
w TclEvalObjvinternal
v TclExecuteByteCode
w TelCompEval Obj
w TclEvalObjEx
v Tel_RecordAndEvalOhbj
w TclTextInterp::evalFile{char const™)
v VMDApp:logfile_read(char const™)
w VMDreadStartup(VMDApp™)
[Max depth]

» O/f10ca7022d6
» ohj_segmentation(void®, Tcl_Interp®, int, Tcl_Obj* const™)

5E|F: % Module Mame

20,14 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDES. 11
20,14 /home/johns/vmd/sre/gtcbuilds/ vmd_LINUXAMDES. 11
18,30 /home/johns/vmd/src/gtcbuilds/ vmd_LINUAAMDE4. 11
18,30 /home/jehns/vmd/src/gtcbuilds/vmd_LINUAAMDE4. 11
18.30 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDEL 11
18.30 [Max depth]
1.84 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDEL 11
1.84 /home/jehns/vmd/src/gtcbuilds/ vmd_LINUAAMDE4. 11
1.24 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDEL 11
1.84 /home/johns/vmd/src/gtcbuilds/vmd_LINUXAMDEL 11
1.84 /home/johns/vmd/src/gtcbuilds/vmd_LINUXAMDEL. 11
1.84 /home/johns/vmd/src/gtcbuilds/ vmd_LINUAAMDEL. 11
1.84 /home/jehns/vmd/src/gtcbuilds/vmd_LINUAAMDE. 11
1.24 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDEL 11
1.84 /home/johns/vmd/src/gtcbuilds/vmd_LINUXAMDEL 11
1.84 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDEL 11
1.84 /home/johns/vmd/src/gtcbuilds/ vmd_LINUAAMDE4. 11
1.84 /home/jehns/vmd/src/gtcbuilds/vmd_LINUAAMDE4.11
1.24 /home/johns/vmd/src/gtcbuilds/ vmd_LINUXAMDEL 11
1.84 [Max depth]
513 Jusr/libed/libcuda.so.390.25
344 Shome/jehns/vmd/src/gtcbuilds/ vmd_LINUAAMDE4. 11

1 1


https://developer.nvidia.com/nsight-systems

GPU WORKLOAD

See CUDA workloads execution time

Locate idle GPU times

/s +0956.2ms +056.4ms +956.6ms +956.8ms +957ms +957.2ms +05/7.4ms +957.6ms +05/7.8ms +958ms +958.2ms +058.4

1

4 CUDA (Tesla V100-SXM3-32GB, 0000:34:00.0) ) - . B S ’ LT R I TR S : o

4 Default stream (7) LU o=, & %+ 7 ¢ | B . = 4

4 Kernels lI | II ' I I

wgrad_alg0_engine

l H Hl lll | 58 |i| lll lll nll

calc_bias_diff l
elementwise_kernel
| | | | Ie wxl lwse 1l HIL e wll

volta_scudnn_128x32_relu_interior_nn_v1

volta_scudnn_128x64 relu_interior_nn_v1

29 kernel groups hidden... Il | II I I

4 Memory | b L .. l

Memset
| | n v | I T

HtoD memcpy m
i

DtoH memcpy !




GPU WORKLOAD

See CUDA workloads execution time

Locate idle GPU times

/s | ' +956,.2ms | +956‘.4ms _ +956.6ms | +956‘.8ms | +957ms 4 +957.2ms | +05/7.4ms | +957.6ms | +05/7.8ms | +958ms | +958.2ms | +058.4

4 CUDA (Tesla V100-SXM3-32GB, 0000:34:00.0) LRI - . B S . T L : o

4 Default stream (7) LU o=, & %+ 7 ¢ | B . = 4

4 Kernels lI | II ' I I

wgrad_alg0_engine

l H Hl lll | 58 |i| lll lll nll

calc_bias_diff l
elementwise_kernel
| | | | Ie wxl lwse 1l HIL e wll

volta_scudnn_128x32_relu_interior_nn_v1

volta_scudnn_128x64 relu_interior_nn_v1

29 kernel groups hidden... Il | II I I

4 Memory | b L .. l

Memset
| | n v | I T

HtoD memcpy m
i

DtoH memcpy !




GPU WORKLOAD

See CUDA workloads execution time

Locate idle GPU times

/s | ~ +956.2ms 2 +9564ms 2 +956.bms = +956.8ms +957ms -~ #957.2ms @ +9574ms @ +957.ms = +95/7.8ms +958ms ~ +958.2ms @ +958.4

4 CUDA (Tesla V100-SXM3-32GB, 0000:34:00.0) A o ER o ) , b b NN RE S TR o B B : g

y | Defaultstream(?) s ~; | % ' N : Z ) ; | I & . Ed 1 I:'..; | ) 5 l-:s; rfs.; ..‘z:- . ' .

4 Kernels I_l n ' I

wgrad_alg0_engine

calc_bias_diff '
elementwise_kernel
| | | | Ie wxl lwse 1l HIL e wll

volta_scudnn_128x32_relu_interior_nn_v1

> wvolta_scudnn_128x64 relu_interior_nn_v1

29 kernel groups hidden... '—I | " l I

4 Memory | b L - l

Memset
| i 4 i I l I i {

HtoD memcpy M
4

DtoH memcpy !




GPU WORKLOAD

See CUDA workloads execution time

Locate idle GPU times

/s | . +956'.2rns | +956l.4ms ‘ +956_.6ms | +956'.8ms | +957ms ' +957.2ms | +05/7.4ms ‘ +857.6ms | +057.8ms | +958ms ' +958.2ms | +058.4
4 CUDA (Tesla V100-SXM3-32GB, 0000:34:00.0) el mw ER 57 ; ’ VN g WA g Bt Riligennt ' g °
s DefaUIt Stream (7) i & t = pe | - :' . N » ? P-4 . 1 I h " o | | &k 4 | 1 &k § | g o . 1 1l & . 211 . ' :

|
1R | i D owell T Bl e i

wgrad_alg0_engine

calc_bias_diff '
> elementwise_kernel
| | | | Ie wxl lwse 1l HIL e wll

volta_scudnn_128x32_relu_interior_nn_v1

> wvolta_scudnn_128x64 relu_interior_nn_v1

29 kernel groups hidden... '—l | II l I

4 Memory | b L v l | | L i § i .
Memset
I t t i I l I i i
HtoD memcpy I
i

DtoH memcpy ‘




* GPU Speed Of Light
HighHevel overview of the utilization for compute and memory resources of the GPU. For each unit, the Speed Of Light (SOL) reports the achieved perce
High-evel overview of the utilization for compute and memory resources of the GPU presented as a roofline chart.

SOL SM [%] 3 (-6.28%) | Duration [usecond]

SOL Memory [%] E4.58 (-6.38%) | Elapsed Cycles [cycle]

SOL L1/TEX Cache [X] 26.92 (-5.33%) | ™M Active Cycles [cycle]

SOL L2 Cache [¥%] E4.58 (-6.38%) | SM Frequency [cycle/nsecond]

SOL DRAM [%] (+234.34%) | DRAM Frequency [cycle/nsecond]

GPU Utilization

NSIGHT COMPUTE

Kernel Profiling Tool

Speed Of Light [%a]

63,821,856 (234 instances)
|l1tex_ data_bank_conflicts_pipe_|su_mem_shared _op_|d.sum 5]

Key Fe atu reS o inst_executed [inst]
o

|l1tex  data_bank_conflicts_pipe_lsu_mem_shared _op_st.sum 5]

. . s | |l1tex  data bank_reads.avg.pct_of peak sustained elapsed [%%] 9.66

I n te rac t] Ve C U DA A P I d e b u gg] n g a n d ke rn e l p rOf] l] n g |11tex_ data_bank_writes.avg.pct_of peak sustained elapsed [%%] 3.23

|l1tex_ data pipe lsu_wavefronts.avg.pct_of peak sustained elapsed [%] 46.16

. |l1tex_ data_pipe |su_wavefronts_mem_shared omd_read.sum 25,165,824

Fa S t D a ta C O l leC t] O n |l1tex_ data_pipe_lsu_wavefronts_mem_shared omd_read.sum.pct_of peak_sustained active [%o] 48.75

|l1tex  data_pipe_lsu_wavefronts_mem_shared omd_write.sum 2,897,152

- - |l1tex  data_pipe_lsu_wavefronts_mem_shared _omd_ write.sum.pct_of peak_sustained_active [%G] 3.48

C O m p a re pe rfo rm a n Ce m et r] CS a C rOS S d ] ffe re n t ru n S |11tex_ data_pipe_tex _wavefronts.avag.pct_of peak_sustained elapsed [%] L5

l1tex  f wavefronts.avag.pct_of peak sustained elapsed [%4] 9.00

|l1tex_ |su_writeback_active.ava.pct_of peak_sustained elapsed [%] 42.59

|l1tex_ |su_writebad:_active.sum [cyde] 27,803,648

|1tex_ |su_writeback_active.sum.pct_of peak_sustained active [%%] A5.83

|l1tex_ |suin_requests.avg.pct_of peak sustained elapsed [%%] GG, 38

Fully Customizable (Programmable Ul/Guided Analysis)

Command Line, Standalone, IDE Integration

|11tex_ m_|1tex2xbar req cydes_active.avg.pct_of peak sustained elapsed [%] 3.48
|l1tex  m_|1tex2xbar write _bytes.sum [Mbyte] 4.19
|l1tex _ m_|1tex2xbar_write_bytes mem_global _op red.sum [byte] 5]

1,484,657

OS: Linux (x86, Power, Tegra, Arm SBSA), Windows, MacOSX
(host only)

GPUs: Volta, Turing, A100 GPUs

Docs/product: https://developer.nvidia.com/nsight-compute
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https://developer.nvidia.com/nsight-compute

fh 2022.10.12_ncu-GEMY1-K_unroll1_block8x4_BelemlLDG_L2PersistCache_StreamingB1_ldca_ldcs.nou-rep

Page: Details * Result: 1-22425- Kernel v T = Add Baseline = Apply Rules = Occupancy Calculator Copy as lmage -
Result Time Cycles Regs GPU SM Frequency CC Process .@ 'E" @. .ﬂ.
| Current 22425 - Kernel (1,16, 256)x(8,4,1) 336.00 usecond 464,057 36 0 - NVIDIA GeForce RTX 3090 1.38 cycle/nsecond 8.6 [1251049] 2d_Gemy

{;} The report contains imported source files.

All {2

High-level overview of the throughput for compute and memory resources of the GPLU. For each unit, the throughput reports the achieved percentage of utilization with respect to the theoretical maximum. Breakdowns show the throughput for each individual sub-metric of Compute and Memory to clearly identify the
highest contributor. High-level overview of the utilization for compute and memory resources of the GPL presented as a roofline chart.

» GPU Speed Of Light Throughput

Compute (SM) Throughput [%] 11.07 Duration [usecond] 336.06

Mermory Throughput [%] 89 89 Elapsed Cycles [cycle] 464,057

L1/TEX Cache Throughput [%] 22 64 SM Active Cycles [cycle] 451,791 .39

L2 Cache Throughput [%] 3070 SM Frequency [cycle/nsecond] 1.38

DRAM Throughput [%] 8080 DRAM Frequency [cycle/nsecond] G40
{D High Throughput The kernel is utilizing greater than 80.0% of the available compute or memory performance of the device. To further improve performance, work will likely need to be shifted from the most utilized to another unit. Start by analyzing DEAM in the section.

@ Roofline Analysis The ratio of peak float (fp32) to double (fp64) performance on this device is 64:1. The kernel achieved 2% of this device's fp32 peak performance and 0% of |

» Compute Workload Analysis

Detailed analysis of the compute resources of the streaming multiprocessors (SM), including the achieved instructions per clock (IPC) and the utilization of each available pipeline. Pipelines with very nigh utilization might [imit the overall performance.
Executed Ipc Elapsed [inst/cycle] 0.15 SM Busy [%] 3.84
Executed Ipc Active [inst/cycle] 0.15 Issue Slots Busy [%] 3.84
Issued Ipc Active [inst/cycle] 0.15

A\ Low Utilization All compute pipelines are under-utilized. Either this kernel is very small or it doesn't issue enough warps per scheduler. Check the

» Memory Workload Analysis

Detailed analysis of the memory resources of the GPU. Memory can become a limiting factor for the overall kernel performance when fully utilizing the involved hardware units (Mem Busy), exhausting the available communication bandwidth between those units (Max Bandwidth), or by reaching the maximum throughput
of issuing memory instructions (Mem Pipes Busy). Detailed chart of the memory units. Detailed tables with data for each memory unit.

Memory Throughput [Gbyte/second] 81093 Mem Busy [%] 3970
L1/TEX Hit Rate [%] 50.58 Max Bandwidth [%] 80.89
L2 Hit Rate [%] 3.07 Mem Pipes Busy [%] 11.07
L2 Compression Success Rate [%)] 0 L2 Compression Ratio 0
The memaory access pattern for global loads in L1 TEX might not be optimal. On average, this kernel accesses 13.6 bytes per thread per memory request; but the address pattern, possibly caused by the stride between threads, results in 16.0 sectors per request, E:"

A\ LITEX Global Load Access Pattern or 16.0*32 = 512.0 bytes of cache data transfers per request. The optimal thread address pattern for 13.6 byte accesses would result in 13.6*32 = 435.2 bytes of cache data transfers per request, to maximize L1TEX cache performance. Check the
section for uncoalesced global loads.

The memaory access pattern for stores from L1 TEX to L2 is not optimal. The granularity of an L1 TEX request to L2 is a 128 byte cache line. Thatis 4 ¢

£ 12 Store Access Pattern 4 sectors per cache line. Check the section for uncoalesced stores and try to minimize how many cache lines need to be accessed

 Scheduler Statistics

Summary of the activity of the schedulers issuing instructions. Each scheduler maintains a pool of warps that it can issue instructions for. The upper bound of warps in the pool (Theoretical Warps) is limited by the launch configuration. On every cycle each scheduler checks the state of the allocated warps in the pool
(Active Warps). Active warps that are not stalled (Eligible Warps) are ready to issue their next instruction. From the set of eligible warps the scheduler selects a single warp from which to issue one or more instructions (Issued Warp). On cycles with no eligible warps, the issue slot is skipped and no instruction is issued.
Having many skipped issue slots indicates poor latency hiding.

Active Warps Per Scheduler [warp] 3.86 Mo Eligible [%] G96.02
Eligible Warps Per Scheduler [warp] 0.04 One or More Eligible [%] 398
Issued Warp Per Scheduler 0.04

Every scheduler is capable of issuing one instruction per cycle, but for this kernel each scheduler only issues an instruction every 25.2 cycles. This might leave hardware resources underutilized and may lead to less optimal performance. Out of the maximum of 12 warps per

h I ----- “In4 .“:l:—rn-l-:n--. H-HHH-HIIIH-' *h;ﬂ-lfﬂ-'“ﬂ-l ﬂllﬂ-ﬂ-n‘ﬂ-ﬂ- JEEL EEL O BN R O NN pEE BEN e ﬂ‘q HI: nﬂ-‘;ﬂFﬂ-‘llﬂ'“ﬂ - o Hﬂhﬂ-dlllﬂ-' hll‘ ﬂ-—IﬂF S EEL BN R L EEp pEE BEN R n‘ﬁ I"I.' W O U . em pEm s R R N oEm ew oEmp Hliﬂ:hlﬂ- - o mrﬂ-lﬂ- rl:ﬂ:hlﬂ-ﬂhlﬂ-'_ﬂ- n'ﬂ-*hﬂ- H-Ilhﬂ-ﬂu* n" nﬂ-‘;1?ﬂ-1hlﬂ'“ﬂ-‘hn* SN em oy 'Hﬂd‘r*ﬂ- iﬂﬂllﬂ*hﬂ-;' “H-I-* :“H"IIH‘:““ |_-|r|-|.I-|r mFH-IH-‘I-I:*h P e H-I;ﬂ:hlﬂ-‘l-lﬂ'“ 'HHIII‘H;“ - e :“H"IIH‘;““



SOL SECTION

Sections

GPU Utilization
SM [%]
Memory [%] \
B |
0.0 10.0 20.0 30.0 40.0 20.0 60.0 F0.0 80.0 Q0.0 100.0
Speed Of Light [%]
SOL SM Breakdown SOL Memory Breakdown
SOL SM: Inst Executed Pipe Lsu [9:] 14.18 SOL GPU: Dram Throughput [%5] 81.56
SOL SM: Issue Active [%] 710 SOLLZ: T Sectors [%. 3069
SOL SM: Inst Executed [%] 7.09 SOL L2: Xbar2Its Cycles Active [36] 17.81
SOL SM: Mio Inst Issued [34] 6.30 SOL LZ: D Sectors Fill Device [%] 15.77
SOL SM: Pipe Al e . 4.73 SOL L2: Lts2xbar Cycles Active [%] 15.36
sm__mio_inst_issued.avg.pct_of_peak_sustained_elapsed

IR LR NS = of instructions issued from MIOC to MIO 4.73 SOL L2: D Sectors [%] 15.00
SOL SM: Mio2rf Writeback Active %] 3.54 SOL L1: Lsuin Requests [ %] 1418
SOL SM: Inst Executed Pipe Chu Pred On Any [%] 2.45 SOL L1: M Ltex2xbar Req Cycles Active [3%] 10.72
SOL SM: Pipe Fma Cycles Active [%] 2.36 SOL L1: M Xbar2l1tex Read Sectors [%] 9,45
SOL SM: Mio Pg Write Cycles Active [%4] 2.36 SOL L2: T Tag Requests [%] 7.69
SOL SM: Mio Pg Read Cycles Active [%:] 2.36 SOL L1: Data Pipe Lsu Wavefronts [ %] 7.50
SOL IDC: Request Cycles Active [36] 0 SOL L1: Lsu Writeback Active [%] 4.73
SOL SM: Inst Executed Pipe Xu [%] 0 SOL L1: Data Bank Writes [ %] 2.36
SOL SM: Inst Executed Pipe Uniform [%:] 0 SOL L1: Data Bank Reads [ %] 2.36
SOL SM: Inst Executed Pipe Tex [%6] 0 SOL L1: Texin Sm2tex Req Cycles Active [%] 0.00
SOL SM: Inst Executed Pipe Ipa [%:] 0 SOL L1: F Wavefronts [%6] 0.00
SOL SM: Inst Executed Pipe Fp16 [34] 0 SOL LZ: D Sectors Fill Sysmem [346] 0
SOL SM: Pipe Fp64 Cycles Active [%] 0 SOL L2: D Atomic Input Cycles Active [%6] 0
SOL SM: Pipe Shared Cycles Active [36] 0 SOL L1: Data Pipe Tex Wavefronts [%] 0
SOL SM: Pipe Tensor Cycles Active [%] 0 SOL L1: Tex Writeback Active [%] 0

< NVIDIA.




PYTHON ECOSYSTEM.



The RAPIDS suite of open source software libraries gives
you the freedom to execute end-to-end data science and
analytics pipelines entirely on NVIDIA GPUs.




General Purpose and Domain-Specific Libraries

Data Preparation/ETL

Analytics/ML/Graph

Visualization

cuDF

GPU-accelerated ETL functions

Tracks Pandas and other common
PyData APIs

Dask + UCX integration for scaling

RAPIDS for Apache Spark
RAPIDS accelerator for Apache Spark

RAPIDS ML

GPU-native cuML library, plus
XGBoost, FIL, HPO, and more

cuGraph
GPU graph analytics, including
Louvain, PageRank, and more

Multi node Multi GPU features

CLX + Morpheus

cuStreamz

cuxfilter

GPU-accelerated cross-filtering

Viz integration
pyViz: Plotly Dash, Bokeh,

Datashader, HoloViews, hvPlot
Node-RAPIDS bindings for node.js

Domain-Specific Libraries

cuSignal

cuCIM

...and more!

cuSpatial
Spatial analytics

NVTabular

RAPIDS



Lightning-Fast End-to-End Performance

Reducing Data Science Processes from Hours to Seconds

16

RAPIDS End-to-End Workflow Runtimes
A100s Provide More

20 CPU Nodes 3,/32 2,290 8,763 Power than 1 OO CPU
Nodes

30 CPU Nodes 2,916 1,956 6,147

50 CPU Nodes 1,999 3,926
Faster Performance than

100 CPU Nodes 1948 3221 X Similar CPU COﬂfigU ration
RAPIDS on
16x A100 22 1/ 87 126
0 1200 2400 3600 4800 6000 7200 8400 9600

2 More Cost-Effective than
X Similar CPU Configuration

Duration (In Seconds)

B Data Load & Data Preparation Data Conversion XGBoost

*CPU approximate to n1-highmem-8 (8 vCPUs, 52GB memory) on Google Cloud Platform. TCO calculations-based on Cloud instance costs.

RAPIDS 31




Minor Code Changes for Major Benefits

Abstracting Accelerated Compute through Familiar Interfaces

>>> from sklearn.ensemble

>>> import pandas as pd Lmport . >>> 1import networkx as nx
. dfp— g g RandomForestClassifier e ape cank =
: >>> clf = Page- _

pd.read_csv("filepath") nx.pagerank(graph)

RandomForestClassifier()
>>> clf.fit(x, y)

4 4 4
o

: >>> from cuml.ensemble import
>>> 1mport cudf RandomForestClassifier
GPU >>> df = >>> cuclf =
RandomForestClassifier()

>>> cuclf.fit(x, y)

>>> import cugraph
>>> page_rank =

cudf.read_csv("filepath") cugraph.pagerank(graph)

Average Speed-Ups: 150x Average Speed-Ups: 50x Average Speed-Ups: 250x

RAPIDS



Downloads

2,000,000 -

1,500,000 —

1,000,000 -+

500,000 -

2,133

Jan 2019

63,243

3 Year Anniversary

More than 1.5M downloads and accelerating

RAPIDS Downloads

207,365

360,681

1,199,452

588,773

1,766,822

Month, Year

Jan 2022

Mentions/Stars

10000

RAPIDS Community Engagement

= Twitter mentions = Github stars 8 033 8,374
00 7,134
000 4,635
3,240
4021 4,336
2500 1,637 3,570
2,934
2 356
291 1,620
0 |
S S A s
o o o o
Month, Year

RAPIDS




NVIDIA INNOVATIONS IN SPARK 3.0

Accelerate data science pipelines without code changes

RAPIDS Accelerator for Spark 3.0

Intercepts and accelerates SQL and DataFrame operations,

dramatically improving ETL performance DISTRIBUTED, SCALE-OUT DATA SCIENCE AND Al APPLICATIONS

Spark Shuffle END-TO-END APACHE SPARK 3.0 PIPELINE

Operations that sort, group or join data by value. Data is moved ACCELERATED APACHE SPARK COMPONENTS ACCELERATED ML/DL FRAMEWORKS
between partitions via the new RAPIDS Accelerator Shuffle in a Spark SQL DataFrames Spark Shuffle CRo o

process called ‘shuffle’
RAPIDS Accelerator for Apache Spark PyTorch HOOVeE

Modifications to Spark Components
Columnar processing support in the Catalyst query optimizer

Spark shuffle implementation that optimizes the data transfer NETWORK and GPU-ACCELERATED INFRASTRUCTURE
between Spark processes using RDMA/RoCE and GPU Direct

GPU-Aware Scheduling in Spark

Spark 3.0 places GPU-accelerated workloads directly onto
servers containing the necessary GPU resources

Spark standalone, YARN, and Kubernetes clusters



SCALE OUT PYTHON TOOLS WITH RAPIDS + DASK

Distributes and accelerates PyData

Accelerates PyData on NVIDIA GPUs
Can be distributed across Multi-GPU on

NumPy -> CuPy/PyTorch/.. RAP ' DS single node (DGX) or across a cluster
Pandas -> cuDF

Q
v o c
© scikit-Learn -> cuML Provides easy to use tooling enabling jr‘ DASK
L Numba -> Numba HPC-level performance
O
O
<
N~
al
-
= = pandas
© - - T - .
O Provides accessible, easy to use Numba L Distributes PyData across multiple cores
wn tooling
~ =\ NumPy -> Dask Array
NumPy, Pandas, Scikit-Learn, ' Pandas -> Dask DataFrame jr‘ DASK
Numba and many more i3 Scikit-Learn -> Dask-ML
y  NumPy O learn .. -> Dask Futures

Single CPU core, in-memory data

Scale Out / Parallelize

NVIDIA



CUNUMERIC

Automatic NumPy Acceleration and Scalability

Distributed NumPy Performance
(weak scaling)

-CUPy -Legate

CuNumeric transparently accelerates and scales existing Numpy
workloads

Program from the edge to the supercomputer in Python by 150
changing 1 import line

Pass data between Legate libraries without worrying about */_‘/

distribution or synchronization requirements 2 100 :
S
Alpha release available at github.com/nv-legate Y
L
=
= 50
import cunumeric as np
a = np.random.randn(160 000).reshape(400, 400)
b =a+ a.T 0
b

1 2 4 8 16 32 64 128 256 512 1024

Relative dataset size
Number of GPUs

<X NVIDIA.






A NEW COMPUTING MODEL - QUANTUM

- Fault-Tolerant Quantum
omputing Speedups Threshold

10,000,000
D D D 1,000,000
100,000
Computational Quantum
Finance Chemistry 10,000
3
. 1,000
b Saie 100 " om
sl mE
i = N A
TS ; 10 0 - :! A
N f 1
S 2010 2015 2020 2025 2030 2035 2040
i Cryptography Optimization
POTENTIAL USE CASES QUANTUM SYSTEMS SCALING EXPONENTIALLY

NEW COMPUTING MODEL

<X NVIDIA.



DGX cuQuantum Appliance

Qiskit Integration with multi-node, multi-GPU support

Trivially Scale Quantum Algorithms with Industry Leading Performance
Fully integrated quantum simulation solution

e State-of-the-art performance Multi-node weak scaling Multi-node strong scaling for 32 qubits
« Unmatched simulation scale 45 12
40
35 I — 10
Reduce the simulation time by orders of £ 3 / ¢ s
magnitude 2 2 s K
g 15 / o
. . . W10 = g ¢
Simulate thousands of perfect or noisy qubits 5 2
0)
DN N R N O N Yy % 0
7R Ty T T Y T, /\{%P /{% 1 2 4 8 16 32 64 128 256

GPUs
Qubits/GPUs

———— Quantum Volume, depth=30
—— QAOA
——— Quantum Phase Estimation

DGX cuQuantum Appliance

Record breaking performance
2 DGX A100 vs previous best on 64 node CPU cluster

C Ci rq &S Qiskit

64 Node CPU Cluster
cuStateVec QW culensorNet R ] | | }

3.5X

Time for Quantum Volume Depth 10

<ANVIDIA. I



ALL VALUABLE QUANTUM APPLICATIONS WILL BE HYBRID

Various Scientific Domains

DRUG DISCOVERY CHEMISTRY

Quantum Computer

NVIDIA.



Introducing NVIDIA QODA

A Platform For Hybrid Quantum-classical Computing

NVIDIA QODA PLATFORM QODA FEATURES

HYBRID APPLICATIONS Supports any kind of QPU, emulated or physical

Drug Discovery, Chemistry, Weather, Finance, Logistics, and More

NVIDIA QODA Compiler for hybrid systems

Hybrid Quantum-Classical Programming Platform

. . : .
SYSTEM-LEVEL COMPILER TOOLCHAIN (NVQ++) Open and interoperable with today’s applications

Single source C++ and Python programming model

Classical Supercomputer Quantum Computer

< >

Fan
4

Classical Quantum Circuit Quantum Computing
Simulation Simulation

<ANVIDIA. I



Introducing NVIDIA QODA

Adopted by Community’s Global Leaders to Enable Quantum-Accelerated Applications

NVIDIA QODA PLATFORM QODA PLATFORM ECOSYSTEM

—o
I(QAM 2 PASQAL QAN

HYBRID APPLICATIONS

Drug Discovery, Chemistry, Weather, Finance, Logistics, and More

Q QUANTINUUM i'igEtti @X/\N/\DU

NVIDIA QODA

Hybrid Quantum-Classical Programming Platform

SYSTEM-LEVEL COMPILER TOOLCHAIN (NVQ++) =. Microsoft
Classical Supercomputer Quantum Computer _7 -
= o4 R QCWARE ZAPATA
S R - o wa 7
_|!| o; _|!| &
x | —
IJ JULICH e % OAK RIDGE p ’,=
Classical Quantum Circuit Quantum Computing Forschungszentrum NG National Laboratory O RI I | — Iq

Simulation Simulation

<ANVIDIA. I
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