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NERSC: Mission HPC for the Dept of Energy Office of Science

Large compute and data systems
e Perlmutter: ~7k A100 GPUs
e 30 PB all-flash scratch filesystem

e 128PB Community Filesystem ....

Broad science user base

e > 10,000 users,

e 1000 projects,

e Gov, industry, academic

research
o BERKELEY LAB

Bringing Science Solutions to the World
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NERSC Facility
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35PB - pE Slingshot 11 1,792 GPU-accelerated nodes
All-Flash pierconnect 4 NVIDIA A100 GPUs+1 AMD “Milan” CPU
Scratch 4 NICs/GPU node, 448 TB (CPU) + 320 TB (GPU) memory
1 NIC/CPU node 3,072 CPU-only nodes
2 AMD “Milan” CPUs
1,536 TB CPU memory

@Community File System 130 PB

DTNs, Gateways

° Spln edge services

-------- NERSC-10 |
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NERSC Al Strategy

* The intersection of HPC, Al, & science

NERSC Al

Science Al

Supercomputing

u.s.
BERKELEY LAB @ E
Bringing Science Solutions to the World
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NERSC AI Strategy Science Al

* Focus activities in three main areas:

NERSC Al

Supercomputing

7 DT A

Methods and Applications

)
y

= - ¥ E M “;.I_I‘ s
e NESAP and strategic projects
e Performance, scaling, tooling in
addition to new methods & apps
e Leverage lessons learned for
broader community
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NERSC AI Strategy Science Al

* Focus activities in three main areas:

NERSC Al

Supercomputing

[ Automation ][ Interactivity ]

( )

Methods and Applications Deployment

Software Frameworks and Libraries

Systems w/
Accelerators

e NESAP and strategic projects e  Optimized hardware and software
e Performance, scaling, tooling in systems for Al & data
addition to new methods & apps e Collaborations on the full Al
e |Leverage lessons learned for software stack (e.g. NCCL+SS11)
broader community e Integration of ML tooling ecosystem pr—
~ U.S. DEPARTMENT OF ice o
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NERSC Al Strategy

* Focus activities in three main areas:

NERSC Al

[ Automation ][ Interactivity ]

Software Frameworks and Libraries

ﬁ“ ;'E!sl, T o Systems w/
1y ] ili lig Accelerators
e NESAP and strategic projects e  Optimized hardware and software . eminars training andschools as
e Performance, scaling, tooling in systems for Al & data well as str;lff student intern and
addition to new methods & apps e Collaborations on the full Al postdoctorai programs
e |Leverage lessons learned for software stack (e.g. NCCL+SS11) e  Over 20 DL@Scale tutorials
broader community e Integration of ML tooling ecosystem

U.S. DEPARTMENT OF Off‘ce of

l‘ BERKELEY LAB @ENERGY Science

Bringing Science Solutions to the World
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NERSC Al workloa

Al for science:
multifaceted
diversity!

Science domains

Physics - General
Computer Science
Astrophysics
Chemistry

Earth and Environmental Science
High Energy Physics
Biosciences
Engineering
Cosmology

Applied Mathematics
Fusion Energy Science
Nuclear Physics
Materials Science
Geosciences

Medical

Robotics ML@NERSC 2024 Preliminary
Social Sciences

Identify ( ) Identify new
neutrinos physics events

:ssc through g in detector for
®  Functional P it Identify extreme  particle physics  Identify words from
innotation of events in climate brain signals in
metagenomes simulations neuroscience

Identify type of Match sequence

event passing of amino acids
Gener: through a bacterial signaling
mass :::; ;: Clustering neutrino detector Classification
the universe

Generation

Unsupervised Supervised
Learning Machine Learning
Learning
for
Science
Predict the
Feature properties of new
Learning materials for energy-
efficient batteries
Identify similar Model images Identify extreme
images in x-ray of galaxies in events in climate ?:m ::mt:
scattering Learn features in data L i in genomics
|,  experiments cosmological cosmological @ .
§“@5 mass maps ) 0 parameters from
=" e Nboedy simulation '

U.S. DEPARTMENT OF Ofrce of

BERKELEY LAB ENERGY Science

Bringing Science Solutions to the World




NERSC Al workload

ML@NERSC Survey (preliminary results):
e No one dominant use-case
e Applications spanning full range of
sophistication

Types of models

Fully-connected Neural Networks
Convolutional Neural Networks
Traditional ML

Transformers

Graph/Point Neural Networks
Recurrent Neural Networks
Diffusion models

Gaussian Processes ML@NERSC 2024 Preliminary

60 80 100 120

NERSC

10

ML tasks

Regression

Classification

Unsupervised / self-supervised
Generative modeling
Segmentation / object detection

Reinforcement learning ML@NERSC 2024 Preliminary

0 20 40 60 80 100 120 140

ML workflows

ML for offline data analysis

Coupled ML+simulation

ML replacing simulation

ML for real-time experimental data

ML for control of scientific instrument ML@NERSC 2024 Preliminary

0 20 40 60 80 100 120

U.S. DEPARTMENT OF Ofﬁce of

BERKELEY LAB ENERGY science

Bringing Science Solutions to the World




NERSC Al workload

Range of expertise and maturity:
e Shifted gradually upwards since
2018
e 37% claim to have fully-developed
ML “in production” for science

How do you rate your expertise in Machine Learning?
199 responses

60
54
(27.1%)
40 ™
)
25
20 (12.6%)
0
. 6 (3%)

1
None

7
Expert

What is the level of maturity of ML in your research? (mark all that apply to your projects)
197 responses

Brainstorming / researching
possible ML approaches

Developing / experimenting with
new ML solutions

Refining / improving a partially
successful ML application

Fully developed ML workflow

0
used in scientific production 73 (37:1%)

0 50 100 150

ML@NERSC2024 Preliminary
U.S. DEPARTMENT OF Ofﬁce of

| BERKELEY LAB ENERGY science
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B Tensorflow
. PyTorch

NERSC Al workload N

Al software tracking via Python monitoring:
e 20x increase in deep learning users since
2017 oo
e PyTorch has taken the crown from
TensorFlow

Number of Unique Users
=
(=]
=1

2020
Year

2018

Frameworks

What frameworks/tools are you using?
1201116 (72%) f y 9

101 (62%)

100 scikit-learn

79 (49%)

TensorFlow

2018 Keras

PyTorch Lightning

80

Counts

N 2024
JAX

20
ML@NERSC 2024 Preliminary

Julia
3 (2%)2 (1%)2 (1%) 1 (1%

o (o e ev O eyt \Y 0 20 40 60 80 100 120 140
w7 _‘e(\‘po((‘:;«:\‘-'\ea ¥t @“ '\"‘*“\ \“,"&0@\'\3&\ \"‘aﬁa oy U.S. DEPARTMENT OF Office of
NERSC 3 12 | BERKELEY LAB @ ENERGY  scionce
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NERSC Al workload

100

80

60

40

20

1204

100

804

60+

401

204

Training time on single device

Size of training dataset

70

ML@NERSC 2024 Preliminary

60

50

N

Large
problems

Weeks Months

On how many devices do you train a model?

Minutes Hours Days

10

1GB orless

Large
scale
training

—\

100s 1000s

Data parallelism

Model parallelism

Not needed

Hybrid parallelism

Pipeline parallelism

13

Up to 10 GB

ML@NERSC 2024 Preliminary

~\

10s of GB 100s of GB 10s of TB >100 T

Types of distributed training

ML@NERSC 2024 Preliminary

60 80 100

U.S. DEPARTMENT OF

BERKELEY LAB
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Emulation using Generative Diffusion Modeling (Pathak Gigaparsec-scale super-resolution for cosmological
et al. Aug 2024) (led by Nvidia) ) 9 simulations (Zarija Luki¢, LBNL) )
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S « 0o ; ) Feature update mechanism
o kk_é - K%""*m '
b
v Update bond features
. +| GooD
u H e +'C00 Update atom features
:k ?;» :::j:s’:i:‘::dk‘: 0\ ) ::i:%gn
Update global features "J-Features of atom i | \e :-’:5:33‘3“ .
BonDNet: GNNs for reaction network active exploration OmnilLearn: a versatile foundation model for HEP
\_(Sam Blau, LBNL; Wenbin Xu, NERSC) Y, (_(Vinicius Mikuni, NERSC; Ben Nachmann, LBNL) )
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https://www.arxiv.org/abs/2408.10958
https://www.arxiv.org/abs/2408.10958
https://arxiv.org/abs/2308.02637
https://pubs.rsc.org/en/content/articlelanding/2021/sc/d0sc05251e
https://arxiv.org/abs/2404.16091
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Data-driven weather & climate forecasting

* Deep learning has rapidly caught up to the resolution and

skill of production NWP

« State of the art skill (RMSE*) in medium-range weather, with

impressive speedups over NWP

—ERAS
Anomaly correlation | 500hPa geopotential
NHem Extratropics —wE
T+144 | oper 00z —Fs
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Lang et al. (2024)

Latest forecast =§
Experimental: GraphCast ML model:

Mean sea level pressure and 850
hPa wind speed

GraphCast (Google DeepMind): a deep learning-
based system developed by Google
DeepMind.It is initialised with ECMWF HRES
analysis. GraphCast operates at 0.25

resolution.

Latest forecast =i

Experimental: Pangu-Weather ML
model: Mean sea level pressure and
850 hPa wind speed

Pangu-Weather: a deep learning-based system
developed by Huawei. It is initialised with
ECMWF HRES analysis. Pangu-Weather
operates at 0.25° resolution.

Latest forecast =i

Experimental: AIFS (ECMWF) ML
model: 500 hPa geopotential height
and 850 hPa temperature

AIFS (ECMWF): a deep learning-based system
developed by ECMWEF. It is Initialised with
ECMWF HRES analysis. AIFS operates at 0.25
resolution

Latest forecast =

Experimental: FourCastNet ML
model: 500 hPa geopotential height
and 850 hPa temperature

FourCastNet v2-small:a deep learning-based
system developed by NVIDIA in collaboration
with researchers at several US universities.it is
initialised with ECMWF HRES analysis.
FourCastNet operates at 0.25° resolution

https://charts.ecmwf.int/



https://charts.ecmwf.int/
https://arxiv.org/abs/2406.01465

DL in weather & climate “nowadays”

* Large variety of sophisticated
models

« Community moving past singular
benchmark of medium-range
forecast skill (simple RMSE)

*What are the next frontiers?
o Probabilistic forecasting
o Foundation models

o Ensemble forecasting

Graphcast Stormer
GenCast
Lam et al:':_ (2022) Nguyen et al. (2023)
“encode, process,decode” Vision Transformer + Price et al. (2023)
GNN w/ multi-mesh + variable-specific embedding Diffusion model
Pangu Weather channel weighting + Stormer Transformer
: block

Bi et al. (2022)

3D Earth Transformer +
Hierarchical Temporal
Aggregation '

FuXi

Chen et al. (2'023)

Chén et al. (2023) Cube embedding +U- NeuralGCM
FourCastNet Multi-task Training + Transformer + M.L;P .
“.. "encode-fuse- decode”
- fransformer Kochkov et al. (2023)
Pathak et al. (20'2"2)-.,.“. ) "_ _ i Encoder-decoder with
Vision Transformer + AFNQ.4 - G . Sq > physics-based
I T I I I dynamical core
2022 2023 2024

18



HENS: Huge ensembles for extreme weather

Actualize the potential of deep learning for massive ensemble forecasts in weather & climate

Collaboration (NESAP program at NERSC) between industry, gov, academia:

NERSC
Peter Harrington

Jared Willard
Shashank Subramanian = }

UC Berkeley / LBL Climate and Ecosystem SC|ence

William Collins
Ankur Mahesh

|Climate &
\Ecosystem
Pl L -

Q CASCADE

RATED & SYSTEMATIC CHARACTERIZATION, ATTRIBUTIGN, & DETECTION OF EXTREMY

Berkele

UNIVERSITY OF CALIFORNIA

Nvidia
Mike Pritchard
Karthik Kashinath

Boris Bonev

David Pruitt @

Thorsten Kurth NVIDIA.
...others

Indiana University

Travis O’Brien

20
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HENS: Huge ensembles for extreme weather

Deep learning enables much larger ensemble forecasts than previously possible. Questions:
* How do we initialize and propagate a DL-based large ensemble?
* Does a well-calibrated ensemble better characterize & capture extreme events?

* What is the value add of a O(1000) member ensemble over conventional O(100)?

—————

Climatology 2 N

Weather forecasts
pradictability comes from initial

Initial condition
uncertainty

e
=
o~ 1
v | 1
& !
<
O
w
o 0\ Analysis
o]
[T
"0 10 20730 40 50 7&0 70 80 90 100 110 120
Deterministic N ——
FORECAST LEAD TIME (days) - ¥ forecast wyBell®
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HENS: Huge ensembles for extreme weather

850 hPa Specific Humidity 0.006 10m Wind Speed

* How do we initialize and propagate a DL-based large

ensemble?

o |IC perturbations: bred vectors
- Iteratively breed fast-growing modes of the system for each var
- Model- and dataset-agnostic

o Model dispersion: multi-checkpoint ensemble

1. Perturb the initial conditions with
bred vectors, computed for each

Bred
Vector 1

SFNO

Bred
Vector N

N+1

5o
i

- SFNO

2. Perturb the model

Checkpoint 1

Checkpoint 2

Vector 2N

g E

Vector
28N +1

g

t() Vector

SFNO
Checkpoint 29

ty

Spread-Error Ratio

13
B 850 hPa Temperature I 10m U Component of Wind
BN 2m Temperature 12 BN 500 hPa Geopotential
Bl 850 hPa Specific Humidity
211
=
] |
2 .
1.0 presipeeeese 5107+ T,
g
w
T 0.9
®
g
o
w08
-==- IFS ENS 0.7
—— SFNO-BVMC
0.6
0 50 100 150 200 250 300 350 o 50 100 150 200 250 300 350

Lead Time (hours) Lead Time (hours)

Comparable to IFS ensemble skill, calibration



HENS: Huge ensembles for extreme weather

B 850 hPa Temperature o=
30/ ™ 2m Temperature / 0.00200

B 850 hPa Specific Humidity _

* Does a well-calibrated ensemble better characterize & capture
extreme events?

0.00175

25
0.00150
20 0.00125

o Ensemble mean and dispersion match IFS on aggregate

Lower is better

15 0.00100

10 0.00075

o We also see close agreement in extreme metrics:
- Extreme Forecast Index (EFI) spatial patterns: capturing hot

and_ co_It_j extremes of varying intensities _ o IS B

- Reliability diagrams match IFS for extreme percentiles o o wWo 10 0 e 3w 3%

Lead Time (hours)

0.00050

‘_

0.5

Ensemble Mean RMSE of Temperature (K)

Ensemble Mean RMSE of Specific Humidity (kg/kg)

o
=
=
=3
=4
S

95th Percentile 2m Temperature
Reliability Diagram

SFNO-BVMC Extreme Forecast Index IFS Extreme Forecast Index

10 @
Q9
075 =
c 0.8 1
050 o= "
g U o
=) 5
025 53T % o061
= =
[
000 ot o
E D ]
-025¢ @ T 0.4
£2 £ o E i
-050R g g SFNO-BVMC:+240h
€ 0.2 ---- IFS:+240h
=015 @ —— SFNO-BVMC:+120h
5
] ? --=- IFS:+120h
-1.00 W 0.0 . . . |
0.2 0.4 0.6 0.8
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HENS: Huge ensembles for extreme weather

* What is the value add of a O(1000) member ensemble over
conventional O(100)?

o Summer 2023 HENS run: 7424 members, 3PB; largest ever
ensemble weather forecast at this scale

o Order of magnitude reduction in uncertainty of extremes!

Mean 10th percentile 0.1th percentile
61 -
34 \ 1le8
> 0b—o Hl 50 members
- Analyti tai
S 4 l nalytie uncertainty 1.51 BN 500 members
g e Bias - 1 7424 members
g - " 2 L0]
B Standard deviation 90th percentile 99.5th percentile — Empirical o
@ 6 — Extreme value theory
FBE TRl | A T
E 3 HENS uncertainty
:E' 0 Empirical 0 |
/’r [1] Extreme value theary 0 5 10 15 20 25 30 35
-3 Width of Extreme Temperature Probability Confidence Interval (%)
—61 ]
10 100 1000 742410 100 1000 742410 100 1000 7424

Ensemble size (n)

24



HENS: Huge ensembles for extreme weather

o Case study: 08/2023 Kansas City extreme heatwave
35°C air temperature, 56% relative humidity, heat index of 43°C

o 10-day IFS ensemble: warmer than average, but no members
captured both surface heat & humidity.

o HENS samples the tails of the forecast distribution and is able to
capture the magnitude of the event, plus contours

Record Breaking August 2023 Heat Wichita, Kansas

Weather gov > Wichita,_Kansas > Record Breaking August 2023 Heat Weather Forecast Office

Current Hazards ~ Current Conditions ~ Radar  Forecasts Rivers and Lakes Climate and Past Weather  Local Programs

(® 6-10 Day Temperature Outlook &

Valid: August 20 - 24, 2023
Issued: August 14. 2023

Probability (Percent Chance)

https://www.weather.gov/ict/event_2023AugHeat

25

2m Dewpoint (K)

300+

295 1

2901

285 1

280 A

HENS
a |IFS
ERA5
*  Analysis
------- Climatology

290 295 300 305 310 315
2m Temperature (K)

More details: HENS Part |, Part I



https://www.weather.gov/ict/event_2023AugHeat
https://arxiv.org/abs/2408.01581v1
https://arxiv.org/abs/2408.03100

Summary & conclusions

« Al for science is very broad; we see increasing sophistication & scientific impact:
o Accelerated by interdisciplinary collaborations
(engineering teams, domain scientists, and Al expertise)
o ...and HPC infrastructure!

* Future is bright, and many open guestions in scientific Al!

q“v

Supercomputing

Deployment

g  Perlmeter,

NERSC Al Methods and Applications

Deep Learning for Science School

Empowerment

U.S. DEPARTMENT OF Ofﬁce Of
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Summary & conclusions

« Catch us at SC24! Deep Learning at Scale Tutorial
in collaboration with NVIDIA, OLCF
o Performance optimization
o Data and model parallel training
o Hands-on scientific Al examples

7“‘7

Supercomputing

AT T
188 Perlmedter, .

Deployment b

NERSC Al Methods and Applications

Empowerment
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NERSC Al workload

Which hyperparameter optimization libraries are you using, if any?
ML software ecosytem usage:
e Native distributed training strategies (e.g. Weights & Biases Sweaps e 44 60.7%
. Keras Tuner 25 (23.1%)

D D P) d 0 m I n ate scikit-learn h[:)optzc:]l: T 157%) 35 (32.4%)

e Variety of external tools used for end-to- oI 0%
¢ ’ NVIDIA Modulus li—1 (0.9%)
end ML ‘workflow hyperoptJli—1 (0.9%)
. 0 10 20 30 40 50
e HDF5/NumPy remain popular
Which (if any) distributed training libraries do you use? How do you store your data?

107 responses 191 responses

53 (86.9%) HDF5 102 (53.4%)

14 (13.1%) Petastorm 10 library
10/(0.3%) Other I/O libraries (NetCD...
’ Image format (TIFF, PNG,...

Framework built-in libraries (te...

0 (0%)

35 (18.3%)
43 (22.5%)
97 (50.8%)

DeepSpeed 18 (16.8%) NumPy Arrays
ColossalAl |1 (0.9%) CSV files/tables 84 (44%)
Raw/binary data 51 (26.7%)

Megatron-LM i3 (28%) Database (mySQL, mong... 23 (12%)
0(0%) TFRecords 6(3.1%)

4(2.1%)
100 0 25 50 75 100 125

Cray DL Plugin

NeMo 3(2.8%)

ML@NERSC2024 Preliminary

NE&RSC 29

U.S. DEPARTMENT OF Ofﬁce of

BERKELEY LAB @ENERGY Science
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Data-driven weather & climate forecasting

+ 2022 was the breakout year
* Recipe: Scaling up on...
o Data (resolution, size of variable set)
0 Compute (model complexity)
0 (+ algorithmic improvements)

Perlmutter

¥ instance size 1
102{ ™ instancesize2
® instance size 4

peak PFLOP/s

SRS A PRETDREN » . FourCastNet, Pathak et al. (2022), 0.25°, ~1,000,000 Pixels, ViT+FNO
u GNN, Keisler et al. (2022), 1°, 64,000 Pixels, Graph Neural Networks

DLWP, Weyn et al. (2020). 2°, 16K pixels, Deep CNN on Cubesphere/(2021) ResNet

25 25 27 T"I_z'ﬁ 210 211 2|

#GPU
B weyn et al. (2019), 2.5° N.H only, 72x36, 2.6k pixels, ConvLSTM
Kurth et al. (2023) == Weynetal 2019 y P

B¥  WeatherBench, Rasp et al. (2020). 5.625°, 64x32, 2K pixels, CNN

] Deuben & Bauer (2018), 6° , 60x30, 1.8K pixels, MLP
Fig. credit: Karthik Kashinath, NVIDIA
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https://arxiv.org/abs/2208.05419

OmniLearn: a foundation model for HEP jet

physics
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OmniLearn: a foundation model for HEP

Common ML applications for jets

Pileup mitigation Unfolding

Fast
Simulation

Jet tagging Anomaly

detection

° ~ ’Hadronization " Bataciin
‘\0 ::f:ggtgn hadrons GRG® ...
Classification Regression
+ Particle colliders (and simulations of them) provide a * Most previous work: bespoke models for bespoke
wealth of rich data tasks
* High-energy physics (HEP) has been eager in + How to proceed in the foundation model era?
productionizing & scaling ML for various scientific

analyses

32



OmniLearn: a foundation model for HEP

Common ML applications for jets

Pileup mitigation Unfolding

Fast
Simulation

Jet tagging Anomaly

detection

A classifier + generator
architecture applicable to
many downstream jet

Ca e ciion physics tasks!
e ~ Had ronization
T
e G (o) G ()
( R H [Featuro Drop] { Em:ent;:lng }": 4 7 ."._:
PET Body P Scale @'@ : € scale ) (shift)
- I I J E ( Transformer Block x2 )-( Class Token) § { Transformer Block x2
(Classifier Generato: C L-ocal Brbedcine ) ( Generator Outputs )
Head Head s ( Transformer Block x8 ) ' Y -.D. Classifier : O O ;
; =l - . hoad & © RO ——— o g
[ Class ] [G-eneratorw : Particle Tokens ‘
Labels Outputs e . .
” @e | Vinicius Mikuni . )
EEEm OO 3 ©  PETBody g : https://arxiv.org/abs/2404.16091
O s NERSC Postdoc


https://arxiv.org/abs/2404.16091

OmniLearn: a foundation model for HEP

----- Quark/Gluon OmniLearn 0.752
—— Quark/Gluon
0.750
Jet
classification | =
£
-1
Fo0.746(
0.744
2.5 5.0 7.5 10.0 125 150 175

Epochs

Improved classification across different physics experiments

<+ JetNet150 OmniLearn
—— JetNet150

Generation

0

0.4 L

5 10 15 20 25 30
Epochs x 10

0.690{ \

0.685] © \
\

0.680 °

4 :
50675
=]

5 0.670

=

@

> 0.665
0.660

0.655

B
o]

\
\\

\

OmniFold Z+Jets OmniLearn

~——— OmniFold Z+]Jets

Unfolding

10 15
Epochs

Faster convergence in generative models for simulation
Improved detector unfolding (reweighting)
Improved sensitivity in anomaly detection for unlabeled searches of new physics!

34
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