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Al for Science(s)
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PhysicsNeMo Warp culLitho ALCHEMI cuEquivariance Parabricks
Al Physics Physical Simulation Computational Al Materials Science Drug & Materials Gene Sequencing
Lithography Discovery

CUDA-Q cuOpt cuDF cuPyNumeric Holoscan Earth-2

Quantum Computing Decision Optimization Data Processing Numerical Computing Edge HPC Weather Analytics
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One of the most amazing things that
anyone has ever said to me came from a
gquantum chemist -‘because of NVIDIA's

work, | can do my life's work in my
lifetime




Al Accelerates Scientific Discovery

Chemistry
Demis Hassabis, John Jumper for AlphaFold

David Baker for Rosetta (protein design)

¥ ADECC
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AERODYNAMICS CLIMATE AND WEATHER

Physics
Geoff Hinton and John Hopfield
for artificial neural networks
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DRUG DISCOVERY MATERIALS DISCOVERY

With Traditional Science, Discovery Takes Years Across Domains, Al Shrinks Time-to-Science Groundbreaking Achievements with NVIDIA

Photo by Hans Reiners on Unsplash @2 NVIDIA. I


https://unsplash.com/

Challenges - Saturating performance in traditional HPC

Simulations are getting larger and more complex

Weather forecast modeling

=

Timestep 5-10 minute

Grid spacing 10-20 k E 2 5 AR SN
Z \‘\\\\\\ B
| | . Vs .
Tradltlonal SOIUtIon met hOdS are: / 7 “‘\‘"’ X Vertical exchange

/ , \
- Computationally Expensive ' T ] (o o

- Plagued by Domain Discretization Techniques

- Not suitable for Data-assimilation or Inverse problems e L2 s e :
Atmospheric flows Structural Mechanics
Finite Volume Methods, Sub-grid Finite Element Methods

scale modeling

Complexity in Physics

e
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Al

Number of Designs

Geometry Details

Problem Size

Electromagnetics Vibrations / Acoustics

Finite Element and Frequency Finite Difference Methods
domain methods
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Universal Function Approximation

Use a NN as an approximation function

Raissi, Perdikaris, & Karniadakis (2019)

- When we're solving a PDE, we're looking for a function

- But multi-layer perceptrons can approximate arbitrary
functions, given “enough” (surprisingly few) nodes, under
various constraints given the details of the function,
activations, etc.

- If this is new to you, looking into Universal Approximation
Theoreml(s) is a good starting point for the mathematics
minded, or for the computational physics crowd (like me), |
like a post on Jane Street’s blog using RelLU activations to
model arbitrary piecewise-linear functions

« Other kinds of networks can do this too! e.qg. Kolmo.gorov-
Arnold Networks This is part of the broad research efforts
around PINN-type methods

https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/

<ANVIDIA. I


https://en.wikipedia.org/wiki/Universal_approximation_theorem
https://en.wikipedia.org/wiki/Universal_approximation_theorem
https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/a
https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/a
https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/a
https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/a
https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/a
https://blog.janestreet.com/visualizing-piecewise-linear-neural-networks/a
https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2404.19756

A Machine Learning Accelerator for Science

Naively using Deep Learning for scientific problems has its own challenges:
Lack of interpretability
Poor generalization — accurately models the process within vicinity of training data, but not away from this data.

Lack of training data

Training step: 610

Exact solution
=== Neural network prediction

Training data

Source: https://benmoseley.blog/my-research/so-what-is-a-physics-informed-neural-network/

ETH Zurich 2024 Al in the Sciences and Engineering Master’s course
NVIDIA.



Scientific Machine Learning

What if we can somehow add the underlying physics to our ML workflows? Solution

This way we can take advantage of both the power of Neural Networks +
our prior scientific knowledge.

Advantages: o
Scientific

More accurate predictions even if we have sparse or no data, as we can Machine learning understanding
leverage the physical laws.

0O

Better generalization as the workflow is not confined to the training
data only.

Useful in scenarios where data collection is challenging or expensive. .
Cl

more powerful, robust,
interpretable models

Source: https://benmoseley.blog/my-research/so-what-is-a-physics-informed-neural-network/

ETH Zurich 2024 Al in the Sciences and Engineering Master’s course
https://www.engineered-mind.com/engineering/physics-informed-neural-networks-pinns/ NVIDIA.



How Would Learning An Operator Even Work?

Handling mappings between infinite-dimensional objects

data

It turns out there are universal approximation to nonlinear m
operator theorems, too (e.g. Chen & Chen (1995) IEEE Tran.
Neur. Net.)
How do you handle an infinite dimensional input? A ) ) D
N | y(x) f(x)
Very traditional numerical approach - we don’t
- Project into some reduced-dimensionality space in G- y - f

some way
- Work in that reduced space
- Extrapolate back into the full space

In contrast to PINNs, which needed no real training data,

operator learning requires lots of training samples of input __E_-
and output functions
- Experimental data
+ Surrogate data such as simulations 1 R
G .

Training is very expensive, but can then inference very n

quickly with different ICs (and maybe BCs)

<ANVIDIA. I


https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=d5cbb7a8ae0e4ac907515b901d5a3af7f68c98a3
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=d5cbb7a8ae0e4ac907515b901d5a3af7f68c98a3

What is PhysicsNeMo?

Open-Source Framework for developing Physics Al algorithms

- Enterprise grade framework/toolkit for building physics Al

models PhysicsNeMo Framework
»  Built-in physics Al training pipelines for CAE
»  Model architectures tuned for Physics Al NIMs Inference pipelines
*  GPU accelerated data pipelines for engineering data formats Jel
and data structures Mode Interfaces Training recipes
architectures

»  Utilities for injecting Physics - PDEs, BCs, Geometry
constraints Geometric module

Distributed module (Model, Data
and Domain parallel)

Physics Al module

*  Optimal and Scalable training pipelines

Memory optimized training pipelines and model
architectures/layers DAL GPU Optimized PyTorch Warp

»  Scale to multi-node systems out of the box - data and
model parallel https://github.com/NVIDIA/PhysicsNeMo

 Reference Al enhanced sample applications

<ANVIDIA. I


https://github.com/NVIDIA/modulus

What can Physics Al enable?

Near-real time emulation

AT e

High fidelity sim

Representative of the ' \ ....,,,,‘
high dimensional

geometry and parameter

design space —




Built On Top Of PyTorch

Data & Physics oriented utils Physics oriented utils
- Performance Enhancements - Geometry Module
- Pre-built Network Architectures - Symbolic PDE Loss Construction

- Automated Optimized Gradient Calculations
- Hydra Configuration

- Data Pipeline - Convergence and Stabilization Methods

- Data and Inference Tools - Exact Boundary Enforcement

- Variational Learning
- Integration with Other Products

NVIDIA



PhysicsNeMo Resources

CFD Introductory
u Model
PhysicsNeMo Product page o =
Lid Diriven Cavity Flow Fully Connected BLP PINMN
Warbee Shedding b eshGraphbdet
Ar-denvatree Data and Phy=ics informed DeepOl
Ahmed Body Drag prediction b eshGraphMet
Drarcy Floea FMO, AFRC, PIRO
G et a N OVe VI eW _ We b 18 a I e e Spring-mass system ODE | Fully Connected MLP PINN
Lray-Scott System RN Surface POE Fully Connected MLP PINM
Drarcy Floray FHO
# Turbulence
; Darcy Flow using Mested-FOs Mested-FRO
D OW n | O a d P h sz S I C S N e M O Fra I I I eWO r k Darcy Flow {Data + Physics Driven] using DeepOiet approach FMHO (ranch] and MLF {brunk) Use case Made
Darcy Florw {Diata + Phy=ics Driven] using PING approach (Mumernical gradients] | FRNO Taylr Green Fully Connecied MLP FINN
) ] ) ) Turbulent channel Fourier Feature MLF PIRR
Stokes Flow {Physics Informed Fine-Tuning) MeshGraphMet and L
. i Turbulent super-resolution | Super Resolution Metwork, PiciP
PhysicsNeMo Documentation Weather .
SICSINEIVIO bocumentatio lectromagnetics
Lise case Mol AMP | CUDA Graphs | Muokti-GH Use case “odel Lewel
G " d " d Medivm-range ghobal weather forecast using FCM-SFNO FCM-SRERC YES MO YES Waveguide | Fourier Feature MLP PINM | Intermediate | 54
ett I n Sta rt e u I e Medium-range global weather forecast using GraphCast GraphCast YES MO YES . .
Medivm-range ghebal weather forecast using FCM-AFND FCM-AFND | YES YES YES
Medivm-range and 525 global weather forecast using DUVP | DLWFP YE% YES YES e e Mmcl
f | Flane displacement | Fully Connected MLF PINK, VPR M
Reference samples 1 enlthenre -
Design Optimization
Use case Model Tramsient Uee cane M
R efe re n C e S a | e S 2 Cardiovasculsr Simulations | BeshGraphMet | YES 30 Chim Fully Connected MLP PIMM
M'I:l'l ECUIET [:I!l"mﬂ n i{'E- EPEA Heatsink :ult ple Models (induding Four
L.l
Reference blo gs e case vocel | Transiem e
Heatsine
Force Prediciton for Lennasd Jones system | MeshGraphblet | WO
Geophyscis
Generative
Use case fiodel Lewe
Self pace d DLI Course — e Toars T pcrv mition | 0, PRV -
| -
Genemative Conmection Diffusion Model for Kmi-scale Atmosphenc Dowrscaling | CormDiff | YES YES — Fully Comnected MLP PINN | Interme
Wave equaton Fully Cormected BMLP PINKN | Intermec
Additional examples Health
edlitincare
<Z NVIDIA.
In addrian ta the examples in this repo, more Physics-ML secases and examiples can be referenced from the Maduly



http://developer.nvidia.com/Modulus
http://developer.nvidia.com/Modulus
https://www.nvidia.com/en-us/on-demand/session/gtc24-dlit61460/?playlistId=playList-bd07f4dc-1397-4783-a959-65cec79aa985
https://www.nvidia.com/en-us/on-demand/session/gtc24-dlit61460/?playlistId=playList-bd07f4dc-1397-4783-a959-65cec79aa985
https://www.nvidia.com/en-us/on-demand/session/gtc24-dlit61460/?playlistId=playList-bd07f4dc-1397-4783-a959-65cec79aa985
https://github.com/NVIDIA/modulus/blob/main/README.md
https://github.com/NVIDIA/modulus/blob/main/README.md
https://github.com/NVIDIA/modulus/blob/main/README.md
https://docs.nvidia.com/deeplearning/modulus/index.html
https://docs.nvidia.com/deeplearning/modulus/index.html
https://docs.nvidia.com/deeplearning/modulus/getting-started/index.html
https://github.com/NVIDIA/modulus/blob/main/examples/README.md
https://github.com/NVIDIA/modulus-sym/blob/main/examples/README.md
https://developer.nvidia.com/blog/tag/modulus/
https://courses.nvidia.com/courses/course-v1:DLI+S-OV-04+V1/

Reference
sample

catalogue

https://github.com/NVIDIA/P

hysicsNeMo/tree/main/exam
ples

https://github.com/NVIDIA/P

hysicsNeMo-
sym/tree/main/examples

CFD
Use case hode! Transiemt
Worbes El'mdirq b eshiGraphibet YES
Ahmed Body Drag prediction b eshGraphhdet RO
Mavier-5tokes Flow Rk YES
Giray-Scott System Ftatd YES
Diarcy Floray FHO 1)
Darcy Flow uzing MNested-FhlO= Mested-FRO RO

Darcy Flow {Data + Physics Driven| using DeepliNet approach FHRO (ramch] and MLP (tnunk) [

Darcy Florw {Diata + Phy=sics Driven) using PING approach (Mumernical gradients] | FNO RO
Stokes Flow {Physics Informed Fine TL||ir1: eshiGraphibet ard BALP MO
Weather
Lise case Mol AMP | CUDA Graphs | Mul-GPU
Medivm-range ghobal weather forecast using FCM-SFNO FCM-SHNG | YES MO YES
Medivm-range global weather forecast using Grapghlast GraphCast | YES rMO YES
Medium-range global weather forecast using FCN-ARNO FCMN-AFNO | YES TES YES
Medivm-range and 525 global weather forecast using DULVP | DUWP YES YES YES
Healthcare
Use case FModel Trarsient
Cardiovascular Simulations | BeshGraphMet | YES
Bram Anomaly Detection FHIC YiIES
Molecular Dymanics
Use case Model Trarmsient
Force Prediciton for Lennasrd Jones system | MeshGraphblet | WO
Generative
Use case fdoded FMulti-GPU | Multi-Hode
Genemative Conmection Diffusion Model for Kmi-scale Atmosphenc Dowrscaling | ComDff | YES YES

Additional examples

Multi-HNode
YES
YES
YES

YES

In addrian ta the examples in this repo, more Physics-ML usecases and examiples can be referenced from the Modulus -Sym essamples.

Introductory

Use case

Lad Driven Cavity Floay

Art-denvative

Diarcy Flova:
Spring-mass system ODE

Surface PDE

# Turbulence

Use case

Taylor-Green

Turbulent chanmnel

Turbulent super-resalution

Electromagnetics

Model Leswel Attributes

Fully Connected BLP PIMM

Imtroductary | Steady stabe, bulti-GPU

Data and Phy=ics informed DeepOhlet | Introductory | Steady state, Multi-GPLU

FRO, AFRO, PiO
Fully Connected BLP PINM

Fully Connected MLF PIRR

Introductary | Steady stabe, Multi-GPU
Imtroductary | Steady stabe, Multi-GPU

Imtroductary | Steady state, Bulti-GPU

hadel Ll Attributes

Fully Connected MLP PINM

Fourier Featwre BLP PR

Intermediate Steach: stabe, bAulti-GPU

intermediate Steach: stabe, bAulti-GPU

Super Resolution Metwork, PicPix intermediate Steady” state, bulti-GPU

Use case bodel Lzt Attributes

Waveguide | Fourier Feature MLUP PINM | Irtermediate | Steady state, Multi-GPU

Solid Mechanics

Use case

fModel Leved Attributes

Flane displacement | Fully Connected BLP PINKN, YPINN | Intermediate | Steady state, Bulti-GPU

Design Optimization

e comp

20 Chip

A0 Three fn Heatsink

FPGA Heatsink

Lime=rack Irdustrial

hadel

Fully Connecied MLP PIMNM

Fully Connected MLP PINMN

hduttiple Models (induding Fowrier Feature MLP PINK, SIREM S,
i, |

Fourier Featwre FLP PIRM

Heatsink
Geophyscis
Use case Fodel Lewel Attributes
Reservoir simulation | FRO, FIMG Advanced Sbeady state, Multi-Fode

SRS wWavE

Wave equatian

Healthcare

Use case

Ansunysm madeling wsing STL geometry

Fully Cormected MLP PIMN | Intermediate | Steady stabe, Multi-fode

Fully Cormected MLP PIMN | Intermediate | Steady stabe, Multi-fode

kModel Lzl

Level

Aalvanoso

ACEanoen

Aalvanoso

ACanceo

Attributes

Attributes
Steady state, Mult-GPU

Steady state, Mulb-
Mode

Steady state, Mult
bode

Steady state, bults-
Mode

Fully Connected BALP PINK | Intermediate Steady state, Multi-Mode

<2 NVIDIA



https://github.com/NVIDIA/modulus/tree/main/examples
https://github.com/NVIDIA/modulus/tree/main/examples
https://github.com/NVIDIA/modulus/tree/main/examples
https://github.com/NVIDIA/modulus-sym/tree/main/examples
https://github.com/NVIDIA/modulus-sym/tree/main/examples
https://github.com/NVIDIA/modulus-sym/tree/main/examples
https://github.com/NVIDIA/modulus-sym/tree/main/examples

Atmospheric Science




High-Resolution Climate Prediction is a Computational Challenge

Today's climate models are too low in resolution. Brute force numerical solvers are decades away from what is needed.

500,000,000x

TOO N1 - oo oo oo
®)
k=
O
8 1 km |
D |
2 e
9 10 km i%
5 ., >
O
O = B
" = O 5
e 100km S % | %
- T X i
© p= O
o= 0 |
= O |
@ ) :
1000km §
1990 2010 2040 2000

Figure adapted from: Schneider, T., Teixeira, J., Bretherton, C. et al. “Climate goals and computing the future of clouds”. Nature Climate Change 7, 3-5 (2017) < NVIDIA. I



NVIDIA Earth-2

Platform for Accelerated Weather and Climate Modelling

Simulation Al Training and Inference Visualization

<ANVIDIA. I



Enabling Accelerated Weather Intelligence for Accurate, Hyperlocal Forecasts

NVIDIA Earth-2 accelerates Tomorrow.io's computation from hours to minutes

25 Feb 8:42 PM

Satellite Imagery B o Map-based Weather View in Tomorrow.io Platform

<A NVIDIA.




Collaborated with Taiwan CWA to Predict Super Typhoons

1,000x faster and 3,000x more energy efficient than numerical modeling, 13x finer resolution
- »

Global Al Forecast at 25km Resolution CorrDift at 2km Resolution

<A NVIDIA.




Earth-2 “Climate In A Bottle” Foundation Al Model

World's First Generative Al Climate Model at Km-Scale Resolution

INPUTS

Time-of-Day

Day-of-year

Sea-surface
Temperature

Paper: https://arxiv.org/abs/2505.06474v 1

100 km

5 km

Super-resolution

Correcting Climate
Models

What-if Exploration

Data Compression

<ANVIDIA. I



Earth-2 Powering Next-Gen Extreme Weather Simulation

Al Weather Generation

Y PR

Workflow for Conditional Weather Generation Score-Based Data Assimilation
Conditional Inputs
> o var: V10, 2023-02-16T00:10 o
l 120°W 110°W 100°W 90°W 80°W 70°W
, - TR - 15
Weather V 45°N | & | & A - 10
Modeler Omniverse Ul
A 5
e 40°N
Data 0
= Federation Mesh 35°N
\ P 5N . =
= A | ' - 30°N L
[ " i 25°N f B 25°N 0
: = f‘ 120°W
Earth2Studio / PhysicsNeMo
Climate in a
Bottle
4 )
Earth-2 | PhysicsNeMo | Omniverse
\_ Y,
\_ J

<A NVIDIA.




Earth2Studio

Library for rapid exploration and validation of pretrained
models

 Python library built on PhysicsNeMo for Al weather model inference

- Building blocks and recipes for specific tasks
- medium range, seasonal forecasts with diagnostics
- Ensemble forecasting
- Generative downscaling

» Validation case studies and examples

- Built-in data pipelines e.g., CDS, ARCO, GFS, HRRR, and local/custom
« Select from NIMs, pretrained models or bring your own
 Train your custom models in PhysicsNeMo

- Open-source library and enterprise support available through NVIDIA Al
Enterprise (NVAIE)

OSS: https://github.com/NVIDIA/earth2studio

Examples: https://nvidia.github.io/earth2studio/examples/

Medium-range forecasting
FourCastNet (AFNO/SFNO)
PhysicsNeMo-GraphCast (GNN)

AIFS

Aurora

FengWu (Transformer)

FuXi (Transformer)
PanguWeather (Transformer)
StormCast (Diffusion)

Publication

Publication

Publication

Publication

Publication

Publication

Publication

Publication

Subeasonal-to-seasonal forecasting

DLWP (CNN) Publication
DLWP HEALPix (CNN) Publication
Generative downscaling
CorrDiff (Diffusion) Publication
Climate in a Bottle Publication
Al-on-top

Precipitation (AFNO)

Tropical cyclones (CNN) Publication
Atmospheric rivers (CNN) Publication
Temporal interpolation (AFNO) Publication

<ANVIDIA. I


https://github.com/NVIDIA/earth2studio
https://arxiv.org/abs/2306.03838
https://arxiv.org/abs/2212.12794
https://arxiv.org/abs/2406.01465
https://arxiv.org/abs/2405.13063
https://arxiv.org/abs/2304.02948
https://arxiv.org/abs/2306.12873
https://www.nature.com/articles/s41586-023-06185-3
https://research.nvidia.com/publication/2024-08_kilometer-scale-convection-allowing-model-emulation-using-generative-diffusion
https://arxiv.org/abs/2102.05107
https://arxiv.org/abs/2311.06253
https://arxiv.org/abs/2309.15214
https://arxiv.org/abs/2505.06474
https://gmd.copernicus.org/articles/14/107/2021/
https://gmd.copernicus.org/articles/14/107/2021/
https://arxiv.org/abs/2410.18904

Edge Supercomputing



Next Generation Instruments are Producing Increasing Amounts of Data

Complexity of Experiments is Booming and Human Insight is Now the Bottleneck

Radio Astronomy

NgVLA - 244 Dishes
100 Petabytes per Year

SKA - 200 Dishes
1 Exabyte per Year

Particle Physics

High Luminosity LHC
100x Data than Higgs Boson Discovery

Advanced Laser Systems
100x Increase Iin Repetition Rate

Light Sources

APS-U - >60 beamlines
100-200 Petabytes per Year

Free Electron Laser LCLS-II
1 MHz Rep-Rate Upgrade

<A NVIDIA. I



NVIDIA Holoscan
SDK for Building Al-Enabled Sensor Processing Applications

Features

HoloHub Model Zoo » C++ and Python APIs for - S]mpl]fleS sensor |/0 to GPU
Operators | Reference Apps NGC | MONAI . .
domain agnostic sensor data

processing workflows = Simplifies the deployment of
an Al model in a streaming
1 Cperator < > e I = Scalable from IGX (ARM + pipeline
GPU) to DGX (x86 + A100) | |
= Provides customizable,
- = Sample applications to jump- reusable, and flexible
start ML/Al-enabled and components to build and
e Accelerated Computing sensor deploy GPU-accelerated
pipelines with Holohub algorithms
= Al Inference with pluggable = Scale workloads with
backends such as TensorRT Holoscan Cloud Native

= .
= Apache 2 Licensed and
Available on GitHub

D

@A NVIDIA. I


https://github.com/nvidia-holoscan/holohub
https://github.com/nvidia-holoscan/holoscan-sdk

Real Time Nanoscale Imaging with NVIDIA Holoscan

Holoscan OFF Holoscan ON

Current beamline scan takes about 8 seconds, with
reconstruction taking 1-2 minutes
Requires full dataset from x-ray detector and disk storage
prior to reconstruction
- Impact of Edge HPC and Holoscan for real time imaging
Real time reconstruction provides instantaneous user
feedback on experiment results

Ability to handle higher data rates yields higher resolution
experiments and improved science products

Laying foundation for Al-driven agents and autonomous
experimentation, including Al based scan patterns, leading
to the discovery of new materials at unprecedented rates

Demonstration of Offline versus Online Ptychographic Imaging

Self-assembly from nanoparticles, potentially useful as optical and mechanical metamaterials
For visualization purposes, both offline and online videos have been sped up by 2x

NVIDIA




HPC and Al at the Edge

Al, Combined with, Streaming Data and Unprecedented Rates Welcomes New Scientific Discoveries

Crab Nebula Hit @ 1.236 GHz
(2025-02-10T17:04:02.5728647) [100.0000%]

. Pulsar Signal

‘ BREAKTHROUGH
- LISTEN
~—— ,, "‘
Nanoscale Imaging of Materials Al Search for Pulsars and Technosignatures Self Driving Experiments
Real Time Ptychography with NSLS-Il and DECTRIS Al as a Detector with the SETI Institute and the Allen Telescope Al Guided Fusion Research with Lawrence Livermore National
Array Laboratory

<ANVIDIA. I



NVIDIA Holoscan Enables Real-Time Signal Detection with Al

Al Enabled Real Time Signal Detection

Data Observation Real Time Al Detection Characterization Planning Al Driven Discovery

Electromagnetic Multi-Modal
Spectrum Agentic Al

Traditional Method:
tttttt

Holoscan Al Method:
tttttt

Holoscan | CUDA-X | TensorRT | DOCA

NVIDIA



Computational Engineering
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https://www.youtube.com/watch?v=RIxrN7yedyQ&t=1s

Quantum




Quantum-Accelerated Supercomputing

Supercomputers are the foundation of Quantum R&D

HPC Quantum Integration Al for Quantum
* Error correction, calibration, control,

* Quantum computers are small and error- » Useful quantum computing will be hybrid compilation are challenging computationally,

prone -> simulation is an essential tool real-time compute often needed
» Today: Powerful simulators enable * loday: Enable domain scientists to start + Accelerated computing and Al can solve these

algorithm and application R&D - new developing for QPUs, enable quantum researchers broblems

approaches (e.g. tensor networks) to use accelerated computing

. - . - Today: Enable Al research for all of the above

- Future: Digital twins of quantum » Future: quantum computers will integrate tightly

computers for design and architecture with supercomputers as accelerators and be co- » Future: Hybrid Quantum+Al supercomputer with

optimization programmed low-latency link

<ANVIDIA. I



NVIDIA Quantum

Powering the Global Quantum Computing Community

—

VN .
A\ 4

S,
Simulation HPC Quantum Integration Al for Quantum
Algorithm Design, Resource Estimation, QPU Design QEC, Calibration, Algorithms
CUDA-Q
Libraries Programming Model Tools Infrastructure
cuQuantum DGX-Q
. . Quantum Integrated
Quantum Simulation Computing
GPU

Supercomputing



The GPT Quantum Eigensolver

The University of Toronto, St. Jude Children’s Research Hospital, and NVIDIA

rf
—
-

e

B

T

Developed a novel Generative Pre-Trained Transformer-based (GPT) method

for computing the ground-state energy of molecules of interest

The first demonstration of a GPT-generated quantum workload

. ——
TR 2= laiss
U U U,

GPT-QE

A powerful example of leveraging Al to accelerate quantum computing -
]~ "Once upon a time
word, word,, word, word,,

Executed using CUDA-Q on A100 GPUs on Perlmutter

. happily ever after"

word, = word,  word,

LIL M

'I._I

-

Opens the door to a wide variety of novel Generative Quantum Algorithms
(GQAs) for drug discovery, materials science, and environmental challenges

%;i?ﬁ;

-,;i F'.i'

UNIVERSITY OF

St.Jude Children’s
¥ TORONTO

Research Hospital

Finding cures. Saving children.

https://arxiv.org/pdf/2401.09253.pdf

<
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Announcing CUDA-Q Academic

Quantum Curriculum and Workforce Development Partnerships

* Coursework designed in partnership with academic institutions
» Access workshops from anywhere with GPU-acceleration in the cloud
* Active learning in distributed, guantum-accelerated computing and CUDA-Q

* |nteractive Jupyter notebooks feature lectures, explanations, exercises, and

T .

assessments
PS1| Arizonastate ﬁ‘l:fi ﬂ;]g"“ DARTMOUTH @ FORDHAM 11D
University Univ PI"-g]h < ENGINEERING Qéj SPTJE%M UNIV E RSITY Malavr;las!?:; l ,

P PITTSBURGH 5

Gz UNIVERSITAT PRINCETON
Northwestern ‘\H SUPERCOMPUTING ﬁ ) rouTECNICA v UNIVERSITY PURDUE

CENTER /' DE VALENCIA
UNIVERSITY.

&) CHICAGO UF

FLORIDA

T|-|T_| Y, Technion UCDAVIS

UNIVERSITAT POLITECNICA

IIIIIIIII F UII fversi t_}r o f
ILLINOIS G B
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Drug Discovery




BioNeMo Training

=

S

NVIDIA BioNeMo Platform

BioNeMo NIMs

BioNeMo Blueprints

NVIDIA




NVIDIA BioNeMo Blueprints Are Reference Workflows for Drug Discovery

Available on build.nvidia.com

Multimodal PDF Data Extraction

for Enterprise RAG
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Generative Protein Binder Design
for Drug Discovery

Generative Virtual Screening
for Drug Discovery

NVIDIA NIM Agent Blueprint

monthly release

Example Application

A9$9D

Interactive experience that
can be easily replicated

Sample Data

01011 |

11010

Public data for workflow
testing

Reference Code

~7|

Reference code for
constructing workflows

Architecture

B
N\~

Reference architecture including
API definitions, NIM, and more

Customization Tools

B

Customize and evaluate models

Orchestration Tools

L, | %

Deploy and manage workflow
microservices

<ANVIDIA. I




Generative Protein Binder Design
Models: MSA, AlphaFold?2, RFdiffusion, ProteinMPNN, Alphafold2-Multimer

Protein Structure Prediction

-—'

:

Use Cases 1
* Design novel proteins to bind to Protein en EMuItiple
a target of interest and/or et Database Aﬁ;:iﬁ

perform a desired function.

J

Protein
Sequence(s)
E -

)

Complex Prediction

Value Prop: Jser AlphaFold2
° Efficiently explore vast protein !
design space for structures with g) =
orecise functional features Structure —— N oltiole
- MSA
SOTA speed and scalability over Protein Database ps——
other approaches Binder Y
D'-EEIrgﬂ Efindtzr _ EI':1in~|:IE+r J
dentify high-affinity binders T | & —ar .. *
from a smaller set of designs A &/ b \&/ A
RFdiffusion ProteinMPNN AlphaFold2-Multimer
N ® J

Optimized Binders

<ANVIDIA. I



Working @ NVIDIA
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http://www.nvidia.com/university
https://nvda.ws/nvur-jd
https://nvda.ws/nvur-jd
https://nvda.ws/nvur-jd
https://www.linkedin.com/company/nvidia/
https://www.instagram.com/nvidia/?hl=en
https://blogs.nvidia.com/

Employee Benefits—

Setting Us Apart (Canada)

I <ANVIDIA

Interns

« Health Benefits

(six months or longer)

« Emergency PTO
- Housing Stipend

(in-office)
« Ergonomic & Internet
Stipend (remote)

New College Graduate

- Health Benefits

- PTO & Emergency PTO
- Holiday Pay & Free Days
- Equity (RSUs & ESPP)

« Ergonomic & Internet
Stipend (remote)

Holiday Pay & Free Days
Equity (ESPP)

Guidance Resources EAP
Discounts & Services

Intern Events

Parental Leave
Guidance Resources EAP
Tuition Reimbursement

RRSP Matching

Discounts & Services




I <A NVIDIA

Find Your Perfect Fit

Search for your area of interest
at nvda.ws/nvur-jd and apply at
www.nvidia.com/university

Hardware

ASIC Design
Verification

Physical Design/VLSI
Mixed Signal Design
Digital Circuit Design

Architecture

- Deep Learning Computer Architecture

Computer Architecture

Systems Software

System Software

Graphics Systems Software
Compiler

Firmware & Embedded Software

Software Security

Software

+ Development Tools
- Cloud
- Tools Infrastructure

- Machine Learning Operations

Autonomous Vehicles and
Robotics

« Autonomous Vehicles

 Robotics

Deep Learning

- Deep Learning Applications & Algorithms

- Deep Learning Frameworks & Libraries

Research
« Research (PhD)
- Applied Research (BS, MS, PhD)

Business Operations

- Business Operations (MBA)


https://nvda.ws/nvur-jd
https://nvda.ws/nvur-jd
https://nvda.ws/nvur-jd
https://nvda.ws/nvur-jd
http://www.nvidia.com/university

< NVIDIA.
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