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Out-of-the-Box Optimized Stack for Cirq

Other Simulators in Development

C Cirq

cuQuantum SDK in Open Beta;
Accelerate Popular Quantum

Simulators from Google, IBM

Appliance Available Q1 2022

cuQuantum Available Now for Download
developer.nvidia.com/cuquantum
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cuQuantum &3 ?

= cuQuantum [FEFIVEI-T4VJ@EITO =2 T TP =g
SBLENEIM1TFUPY-ILh55S SDK BFIVE1-747 77UT-3

SFIVEI-T14V9 JL-LT-7 (Hl: Cirq, Qiskit)
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Out-of-the-Box Optimized Stack for Cirq

Other Simulators in Development

cuQuantum SDK in Open Beta;
Accelerate Popular Quantum
Simulators from Google, IBM

Appliance Available Q1 2022

cuQuantum Available Now for Download
developer.nvidia.com/cuquantum

C Cirq

Sycamore
Supremacy
Circuit

Shor's
Algorithm

Quantum
Fourier
Transform

= DGX cuQuantum Appliance

= State Vector Simulator on Dual AMD CPU

7 Seconds

8 Minutes

26 Seconds

19 Seconds

22 Minutes

29 Minutes




NVIDIA cUNUMERIC |E'| pandas
PyData / NumPy I1Y A7 L% GPU TEEAL :

Python Used by 20 Million Data Scientists,
Researchers, and Scientists

¢

\
¢

NumPy Downloaded 122,000,000 Times Since 2017 NZ% NumPy

NumPy Used by 790,000 Projects in GitHub

NumPy is the Foundation of Pandas, SciPy, .

and Scikit-Learn O PyTorch
1F TensorFlow

: .
a R ..n

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

https://github.com/nv-legate/cunumeric



https://github.com/nv-legate/cunumeric

NVIDIA CUNUMERIC

PyData / NumPy I1Y AT L% GPU CE&Elb

Transparently Accelerates and Scales B r N cantn G
NumPy Workflows ~ NetworkX NumPy

Zero Code Changes

Automatic Parallelism and Acceleration for l
Multi-GPU, Multi-Node Systems

Scales to 1,000s of GPUs 6985|5355 6905|3888 gagsl,  3g0q

e 1] |

Available Now on GitHub and Conda

https://github.com/nv-legate/cunumeric
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PHYSICS-ML TURBOCHARGES SCIENCE

EXPLOSION IN HPC + Al RESEARCH
# ML+Science Papers in ArXiv

2015 2016 2017 2018 2019 2020

Physics-Informed Neural Operator
for Learning Partial Differential Equations

Zongyi Li*, Hongkai Zheng™, Nikola Kovachki, David Jin, Haoxuan Chen,
Burigede Liu, Kamyar Azizzadenesheli, Anima Anandkumar

October 28, 2021

Abstract

Machine learning methods have recently shown promise in solving partial differential equations (PDEs). They can
be classified into two broad categories: solution function approximation and operator learning. The Physics-Informed
Neural Network (PINN) is an example of the former while the Fourier neural operator (FNO) is an example of the latter.
Both these approaches have shortcomings. The optimization in PINN is challenging and prone to failure, especially on
multi-scale dynamic systems. FNO does not suffer from this optimization issue since it carries out supervised learning
on a given dataset, but obtaining such data may be too expensive or infeasible. In this work, we propose the physics-
informed neural operator (PINO), where we combine the operating-learning and function-optimization frameworks,
and this improves convergence rates and accuracy over both PINN and FNO models. In the operator-learning phase,
PINO learns the solution operator over multiple instances of the parametric PDE family. In the test-time optimization
phase, PINO optimizes the pre-trained operator ansatz for the querying instance of the PDE. Experiments show PINO
outperforms previous ML methods on many popular PDE families while retaining the extraordinary speed-up of FNO
compared to solvers. In particular, PINO accurately solves long temporal transient flows and Kolmogorov flows, while
PINN and other methods fail to converge.
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Design
Max Power
Form Factor

GPU Memory

Multi-Instance GPU

MIG

Media Acceleration

Ray Tracing
Fast FP64
Graphics
vGPU

Hardware Root of Trust

Integrated DPU

Server Availability

*Coming soon

T=5t 45 -MlT GPU & &h

Highest Perf Mainstream
Compute Compute
300W 165W
x16 PCle Gen4 x16 PCle Gen4
2 Slot FHFL 2 Slot FHFL
3 NVLink Bridge 1 NVLink Bridge
80GB HBM2e 24GB HBM2
Up to 7 Up to 4

1 JPEG Decoder
4 Video Decoder

1 JPEG Decoder
5 Video Decoder

Yes

For in-situ visualization
(no NVIDIA vPC or RTX vW5S)

Yes

Yes

In Production In Production

Entry-Level

Small Footprint

40-60W

x8 PCle Gen4
1 Slot LP

16GB GDDR6

1 Video Encoder
2 Video Decoder (+AV

decode)

Yes

Good

Yes*

Yes

Q1’22

High Perf
Graphics

300W

x16 PCle Gen4
2 Slot FHFL
1 NVLink Bridge

48GB GDDR6

1 Video Encoder
2 Video Decoder
(+AV1 decode)

Yes

Best

Yes

Yes

In Production

High Density
Virtual Desktop

250W

x16 PCle Gen4
2 Slot FHFL

4x 16GB GDDR6

4 Video Encoder
8 Video Decoder
(+AV1 decode)

Yes

Better

Yes

Yes

In Production

High Perf Mainstream
Converged Converged
Accelerator Accelerator

300W 230W
x16 PCle Gen4 x16 PCle Gen4
2 Slot FHFL 2 Slot FHFL
3 NVLink Bridge 1 NVLink Bridge
80GB HBM2e 24GB HBM2e
Up to7 Up to 4

1 JPEG Decoder
4 Video Decoder

1 JPEG Decoder
5 Video Decoder

Yes

For in-situ visualization
(no NVIDIA vPC or RTX vWS)

Yes*

Yes

BlueField-2

Q1 22

NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE.
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NVIDIA A2

BRAZ QY- \-(TIEFFTRELTIY MU -L AL GPU

Compact, Entry-Level Inference
Single slot LP, lower power - fits any server
& optimal for thermally constrained systems

Latest Ampere Architecture Features
3d gen Tensor cores, 2" gen RT cores, Secure RoT

Higher Intelligent Video Analytics (IVA)
Performance
1.3X better performance vs T4

Up to 20X Higher Performance versus CPU
Speedups for Al inference and cloud gaming

*Server availability 1-3 months later 14 <InviDia,
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CPU H=N\-I2XFLE&K 20 E0O =R

Computer Vision Natural Language Processing Text-to-Speech

Computer Vision (EfficientDet-D0) NLP (BERT-Large) Text-to-Speech (Tacotron2 + Waveglow)

0X 2X 4X 6X 8X 10X oX 2X 4ax 6X 8X 0X 5X 10X 15X 20X 25X
Inference Speedup Inference Speedup Inference Speedup
Comparisons of one NVIDIA A2 Tensor Core GPU versus a dual-socket Xeon Gold 6330N CPU
System Config: [CPU: HPE DL380 Gen10 Plus, 2S Xeon Gold 6330N ®@2.2GHz, 512GB DDR4]
Computer Vision: EfficientDet-D0 (COCO, 512x512) | TensorRT 8.2, Precision: INT8, BS:8 (GPU) | OpenVINO 2021.4, Precision: INT8, BS:8 (CPU)
NLP: BERT-Large (Sequence length: 384, SQUAD: v1.1) | TensorRT 8.2, Precision: INT8, BS:1 (GPU) | OpenVINO 2021.4, Precision: INT8, BS:1 (CPU) 15 SInviDIA,

Text-to-Speech: Tacotron2 + Waveglow E2E pipeline (input length: 128) | PyTorch 1.9, Precision: FP16, BS:1 (GPU) | PyTorch 1.9, Precision: FP32, BS:1 (CPU)



A100 / 30 Tensor Core GPU
BlueField-2 DPU

ConnectX-6 Dx

8 ARM A72 Cores
Integrated PCle Gen4 Switch
2 slot FHFL

300 / 230 W

NVIDIA A100X & NVIDIA A30X

DPU & GPU QIVN-Yk 7713515~

((JE";)

5G VRAN
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Model Size (Trillions of Parameters)

ET

100 TRILLION PARAMETER MODELS BY 2023

1000

100

10

0.1

0.01

0.001

0.0001

)1

2018

GPT-3 (175B)

Megatron-LM
(8.3B)

GPT-2
(1.5B)

ELMo (94M)

2019

T5 (11B)

BERT-Large (340M)

2020

Turing-NLG (17.2B)

2021

2022

2023

FT7-XTIFTvORFEBRASERGET IV

System Bandwidth Bottleneck

DDR4

GPU

CPU

PCIE Gen4 (Effective Per GPU)
Mem-to-GPU

8,000
200

64

HBM2e

GB/sec
GB/sec
GB/sec
GB/sec

NVIDIA.



NVIDIA GRACE

RIERR Al & HPC 7TV -3y mIFICEEETSNBEHEARY A CPU

FASTEST INTERCONNECTS
>900 GB/s Cache Coherent NVLink CPU To GPU (14x)
>600GB/s CPU To CPU (2x)

HIGHEST MEMORY BANDWIDTH
>500GB/s LPDDR5x w/ ECC
>2x Higher B/W
10x Higher Energy Efficiency

NEXT GENERATION ARM NEOVERSE CORES
>300 SPECrate2017_int_base est.
Availability 2023
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CURRENT x86 ARCHITECTURE

DDR4

GPU 8,000
CPU 200
PCIE Gen4 16

(Effective Per GPU)

Mem-to-GPU 64
Transfer 2TB in 30 secs

INTEGRATED CPU-GPU ARCHITECTURE

LPDDR5X HBM2e

GB/sec GPU 8,000 GB/sec
GB/sec CPU 500 GB/sec
GB/sec NVLink 500 GB/sec
GB/sec

Transfer 2TB in 1 secs

3 DAYS FROM 1 MONTH
Fine-Tune Training of 1T Model

REAL-TIME INFERENCE
ON 0.5T MODEL

Interactive Single Node NLP Inference

NVIDIA.
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20 Exaflops of Al
Accelerated w/ NVIDIA Grace CPU and NVIDIA GPU

HPC and Al For Scientific and Commercial Apps

Advance Weather, Climate, and Material Science

—1
\‘ ‘ Centro Svizzero di Calcolo Scientifico Hew IEtt Packard nv I D I Ae
% Swiss National Supercomputing Centre Ente rprise
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DATA PROCESSING UNIT
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NVIDIA BLUEFIELD-2 =
DATA PROCESSING UNIT S

T=9CII- AVIZANSIFvEFYTI2ATO-F
CONNECTX-6 DR

& 200Gb/s Ethernet and InfiniBand, PAM4/NRZ \ , | NETWORK \NTERFACE
ConnectX-6 Dx &R | '

8 Arm A72 CPUs subsystem - up to 2.75GHz
8MB L2 cache, 6MB L3 cache in 4 Tiles

SRR CIERELA Y5-I - Acc%_\ﬁg‘g““ —
NEB. NEBZEFE AT BPCle switch,16x Gen4.0
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NVIDIA BLUEFIELD-3 DPU
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NVIDIA BLUEFIELD-3 DPU

1R 400Gb/s 0 Data Processing Unit
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NVIDIA DPU O-KYw T

P54V ISIB ORI B

BlueField-4
64B Transistors

160 SPECint
100X 1000 TOPS
800 Gbps
BlueField-3
ey 22D Transistors
10X B 42 SPECint
=l 1.5 TOPS
400 Gbps
BlueField-2
ma /B Transistors
1X | 9 SPECint
0.7 TOPS
200 Gbps
>
2020 2022 2024
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NVIDIA DOCA

[5E37% DPU N—FF—I11VATLDEIR

BlueField DPU QY JDI17 7TUT-3Y JL-LD0-7
GPU (& CUDA. DPU (Z[& DOCA
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NVIDIA DOCA - 7579k -5t 5 -0 SDK
JIRIIP CERIN/N-FII T CERRILEINBIVIIETTUT—3Y

Services

DOCA 1.2
Zero Trust Security Framework

Load Balancers Deep Packet Inspection Intrusion Detection

Authentication and
Security Groups

Firewall Telemetry

DOCA 1.0
Accelerated Secure Bare Metal Cloud

1400

DOCA
Developers

Software Defined Networking Crypto Storage Acceleration

RegEx De/Compression RDMA

NVIDIA BlueField DPUs 30 <AnviDIA



NHbD HPC & Al 2 X5 NT-J3il

DATA PATH ACCELERATOR DDRS MEMORY INTERFACE

CONNECTX-7

ARM CORES
PCle GEN 5.0

|
TELEMETRY '

- |

. - ACCELERATION
\ B \ Vb \ ENGINES
™ \ . Wl \

STORAGE

ACCELERATION LIBRARIES

DOCA O/\-+F—-T3YV AT LA RiED 400Gbps DPU - Bluefield-3 NVIDIA Quantum-2
NDR 400G InfiniBand
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ResNet-50 Tacotron2
=v20.11 (V100) =v21.03 (V100) mv21.03 (A100)

N ANV A0Eqtk

AT=37
R OVE
&IE{LIC LS MEREM £

R4 I3RS CH I rl e

Docker | cri-o | containerd | Singularity
RT AT, RFEY V. Kubernetes

AVTVIAR IT9F, IvIRE

Tacotron2 Training with PyTorch container on 8x V100 (32GB) & A100 (40GB). Mixed Precision. Batch size: 104 (V100). 128 (A100). DLRM training with PyTorch on 1x V100 (32GB) & A100 (40GB). Mixed Precision. Batch size: 32,768. ResNet-50 v1.5 training with TensorFlow on 8x V100 (32GB) & A100 (40GB). Mixed Precision. Batch size: 256
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https://docs.nvidia.com/dgx/ngc-registry-for-dgx-user-guide/index.html#ngc-container-security

—YIEHETI

<A NVIDIA. NGC | CATALOG Welcome Gues

CATALOG
Models ‘ Learn More

Many Al applications have common needs: classification, object detection, language translation, text-to-speech, recommender engines, sentiment analysis, and more. When developing applications with these
capabilities, it is much faster to start with a model that is pre-trained and then tune it for a specific use case. The NGC catalog offers pre-trained models for a variety of common Al tasks that are optimized for NVIDIA
Tensor Core GPUs, and can be easily re-trained by updating just a few layers, saving valuable time.

Search or click the filtering icon... Sort: Last Modified v
NVIDIA NVIDIA NVIDIA NVIDIA
TAO TAO TAO TAO
Object Detection network to detect 3 class object detection network to detect Semantic segmentation of persons in an 4 class object detection network to detect
license plates in an image of a car. people in an image. image. cars in an image.
NVIDIA. NVIDIA NVIDIA. NVIDIA

TAD TAO DEEP LEARNING EXAMPLES DEEP LEARNING EXAMPLES




NGC DET VATV T heER

ResNet-50 for TensorFlow

ResNet v1.5 for TensorFlow

Y, Download Latest Version

Publisher Application Version Last Modified Framework

NVIDIA Classification E] October 20, 2... TensorFlow

Model Format Precision

TensorFlow C... FP16, FP32

Description

With modified architecture and initialization this ResNet50 version gives ~0.5% better accuracy than original.

Labels

To train your model using mixed precision with tensor cores, perform the following steps using the default parameters
of the ResNet-50 v1.5 model on the
section.

dataset. For the specifics concerning training and inference, see the

1. Clone the repository.

git clone hitps://zithub.com/NYIDIA/DeeplearningExanp |es
cd DeeplearningExanples/TensorF law/Classificat ion/RNG0v] .6

2. Download and preprocess the dataset. The ResNet50 v1.5 script operates on ImageNet 1k, a widely popular image
classification dataset from ILSVRC challenge.

To download and preprocess the dataset, use the script. The dataset will be

BERT for PyTorch

&, Download Latest Version

BERT for PyTorch

Publisher Application Version Last Modified Framework

NVIDIA NIp 3 October 20, 2... PyTorch

Model Format Precision

PyTorch PTH FP16, FP32

Description

BERT is a method of pre-training language representations which obtains state-of-the-art results on a wide array of
NLP tasks

Labels

DEEP LEARNING || Deep Learni

To train your model using mixed precision with Tensor Cores or using FP32, perform the following steps using the
default parameters of the BERT model. The default parameters for pretraining have been set to run on 8 x V100 32G
cards. For the specifics concerning training and inference, see the section.

1. Clone the repository.
git clone httes://github. com/NYID1A/DeeplearningExameles. it
cd DeeplearningExamples/PyTorch/LanguageMode | ing/BERT

2. Download the NVIDIA pretrained checkpoint.

If you want to use a pretrained checkpoint, visit and browse the available models. This downloaded checkpoint is
used to fine-tune on SQUAD. Ensure you place the downloaded checkpoint in the checkeoints/ folder.

38

NVIDIA.


https://ngc.nvidia.com/catalog/model-scripts/nvidia:bert_for_pytorch/quickStartGuide
https://ngc.nvidia.com/catalog/model-scripts/nvidia:resnet_50_v1_5_for_tensorflow/quickStartGuide
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