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The way to Exascale: Hardware strategy at JSC

2005
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2015

2018

2020

2023

JUROPA+HPC-FF JUGENE, 1 PFlop/s
300 TFlop/s .
oy JUQUEEN
2 - 5.9 PFlop/s

File Server
JURECA Booster
5 PFlop/s

JURECA
2.2 PFlop/s

JUWELS Cluster

12 PFlop/s
JUWELS Booster
JURECA DC P 4 \\75 Pflop/s
= JUST Gen 5: "--_ !

18.5 Pflop/s |
200+ PB raw

General Purpose Highly Scalable

Exascale Modular Supercomputer
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The way to Exascale: Modular supercomputing RAISE

Center of Excellence

Simulation
workflow

Module 1
Cluster

Module 6
Multi-tier :
Storage System

| ; — 2 l\,»;.bl 'ﬂ\i(’f )
Complex hardware Complex task .-
Module 5 /W
Quantum Data Analytics
Module Module

> Find the most suitable hardware for a specific task

. . Module 4
> Cost-effective Scallng SR Neuromorphic
Module
> Effective resource-sharing ata Analvtics
L : : L h b workflowy
> Match application diversity Learning —
workflow

> Enable intertwined Al- and HPC-workflows

10.01.2024 — eFlow4HPC Workshop — Andreas Lintermann 3




JUPITER: The first European Exascale computer RAISE

Center of Excellence

> >5 PetaFLOP/s (FP64, HPL)

Parallel Parallel High Capacity
> SiPearl Rheal (ARM Neoverse Zeus) H;%:Sﬁal\r)lg\év'?;h H[;g? Csapfuty BaCkSUp{ArChive
u ata System
> 2 x CPUs per node with HBM2e Y LSl

> >1,300 nodes Universal % @
Cluster

5Sg| °°

> 1ExaFLOP/s (FP64, HPL) GPU

Booster
> NVIDIA Grace-Hopper

> 4 x chips per compute node
> 72 cores per Grace CPU

> Hopper H100 GPU with HBM3
> ~6,000 nodes

Quantum
Module Core

Configuration

Future Call
Modules

Interactive Neuromorhpic EU-Technology

Computation Module Enabling Module
and Visualization
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CoE RAISE*''s major objectives

> Development of Al methods towards Exascale

> Connect
> hardware infrastructure,
> software infrastructure,
» compute-driven use cases,
> and data-driven use cases

» Reach out to other CoEs and EU projects
> Business development

> Create a Unique Al Framework (UAIF) for
academia and industry
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OPyTorch ~ Data |
s . e ’w' Computing-
b oS Driven
Use Case \
uF' ' ' Requirements &
Feedback

Data-Driven
Hardware Use Case
Infrastructure Requirements &
Feedback

UNIQUE Al
FRAMEWORK

Al at Exascale

Methodologies
OPEN SOURCE COMMUNITY
Al & HPC BEST PRACTICES
EuroHPC & PRACE
EuroCC NCCs
[1] https://www/coe-raise.eu 5
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CoE RAISE: Full loop implementations RAISE

Center of Excellence

Simulation / Experiment

= RAISE o

Big Data Center of Excellence Surrogate / Model

+ 1018 RN

Al technologies Exascale
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CoE RAISE Use-cases!?] RASE

Center of Excellence

N
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Exascale
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data-driven use-cases
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https://www.coe-raise.eu/use-cases

RAISE

Center of Excellence

Al for Turbulent Boundary Layer Flows

» Active Drag Reduction with spanwise 4
: A,-Criterion
traveling transversal surface waves
> Reduce energy consumption and T2
emissions
> Short/middle-term vision

> Understand the mechanism of
this method, reduce simulation

costs, and optimize the design y

C h O | ces : i ' non-actuated

.. e . actuated
> Long-term vision 2
> Application in airplanes in cruise E

flight, highspeed trains, etc.
. : 9
: ! Leonvective

> Simulation-based analysis requires
HPC resources

8

[3] https://doi.org/10.1016/]j.ijheatfluidflow.2020.108770I
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https://doi.org/10.1016/j.ijheatfluidflow.2020.108770
https://developer.nvidia.com/nccl

Al for Wetting Hydrodynamics RAISE

Center of Excellence

104 Strong Scaling 9000 Weak Scaling
> DNS data are postprocessed e
> Use of the Fourier Neural Operator (FNO) - -
%103 %1600_

Data-driven surrogate model for the contact line velocity 5 E

—e— actual (MedReSS
> Basilisk: C-based CFD code (GNU) == ey

> AMR, VoF, multlgrld, MPI + OpenMP Rer 64 256 1024 200 4 16 64 256 1024

number of cores
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Coupling Al and Simulation Tools RAISE

Center of Excellence

PhyDLL (Physic Deep Learning CoupLer)®

Fortran API Python API
> Open-source high-performance coupling library
> Couples massively-parallel physical solvers to PhyDLL
distributed Deep Learning inferences . .
Physics Deep Learning coupler
> Kernel written in C
> C, Fortran, and Python API
i | e |

ISO_C_BINDING || CYTHON

10.01.2024 — eFlow4HPC Workshop — Andreas Lintermann [4] GitLab: https://gitlab.com/cerfacs/phydll Website: https://phydll.readthedocs.io 10



https://gitlab.com/cerfacs/phydll
https://phydll.readthedocs.io/

Hyperparameters in Machine Learning Models RASE

Center of Excellence

o S
» Architectural parameters E %

> Type of model (neural network, SVM?)

> Number and kind of layers (convolutional, Training with different learning rates

dense, dropout?) . w)' ;:v{ﬂﬂ\‘v'““ﬂﬂ%ﬂ “_uu!l_éuuﬁ — 1r: 0.0029

> Activation functions (RelLu, sigmoid?) 2 1 “ “W‘ ~ " ; — 1r: 0.1699
> Weight initialization and regularization 60 //“ v V [\/ T o.00ne
' == 1r: 0.00485

> Optimizer parameters o PG

0 LL.C ‘ | == 1lr: ©.2228

> Optimizer type (SGD, Adam?) . ‘ e

> Batch size m“ i il 1r: 0.899

pocns - .
> Learning rate " . o - e

Training ResNet18 on the cifar-10 dataset
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Hyperparameter Optimization (HPO) in High Energy Physics RASE

Center of Excellence

Distributed HPO
Sraluefinerun » Using ASHA + Bayesian Optimization

S > Scalable up to hundreds of GPUs

tune

> Mean validation loss decreased by
o ~44% giving a significant
(=) performance improvement

selection

Run 3 (14 TeV), tt, QCD with PU50; u, i1, mo, T, , single particle guns
CMS Simulation Preliminary
Validation loss
0.10
555 Run 3 (14 TeV), t§ QCD with PU50 2,50 Run 3 (14 TeV), tt, QCD with PU50
0.08 ' —— Training loss —— Training loss
—— Validation loss — Validation loss
2.25
Top trials
0.0010 R CMS Simulation Preliminary
— R After h rtuni
e ::g ASSESS Iea rni ng 2.00 Me§’|—1 aynpdest‘;?\I(?agrd deviation of 10 trainings
o.000s —= At N
B H ole . il alidati : 0. - 0.
— variability 175 Better learning
0.06 #7 0
— #8 § 1.50
0.04 #9
—— #10 1.25
0.02
1.00 1.00
0.94 CMS Simulation Preliminary
Bef h rtuni
0.75 Mee:;ean)épsetarliglar;g deviation of 10 trainings 0.75
Final training loss: 1.57 +/- 0.15
0.92 Final validation loss: 1.55 +/- 0.12 0.50
0.50 0 25 50 75 100 125 150 175 200 ' 0 25 50 75 100 125 150 175 200 [7]
[5] Epochs Epochs
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https://doi.org/10.1088/1742-6596/2438/1/012092

Quantum-Assisted HPO RAISE

Center of Excellence

> Hybrld WOrkﬂOW: ResNet on Cifar 10
> Train different networks with different 1.0 R
hyperparameters partially on JURECA-DC-GPU N
> Transfer the learning curves to JUPSI and
perform extrapolation with regression 06
methods £ I
> Fully train only the most promising models on T o
JURECA-DC-GPU o 1 = 00001
> Python Libraries: - — oo
> D-Wave-Ocean SDK 0 . o 15 20
> PyTorch
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From SVR to QSVR: Formulation of the SVR RASE

> Optimize the Lagrange dual form of an SVR problem:

—1N-—-1 N—1 N—1
Z Z ozn O ) (O, — Qo )k (X, Ty) — € Z (o + ) + Z (Qn, — Q) Yn
n=0 m=0 1 n=0

multlpllers kernel function: 16
(otimized for) RBF for non-linearity
14
N-1 e N-1 .
+& (Z G &n>> + 3 ( aa>
10
n=0 n=0
\/ 8
from contraints 6
» Quadratic Unconstrained Binary Optimization: *
2
FE = ZaiQijaj, ;. j - {0, 1} 0
1<J
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Machine Learning on a Quantum Annealer (QA) RAISE

Center of Excellence

> JUPSI at JSC features 5,615 qubits

> Quantum-Classical Workflows

» Run trials (with different) hyperparameters on
classical GPUs

» Early stopping of “bad” trials by extrapolating the
learning curves with Q-SVR

Runtime (seconds)

> Results: 0.9 . =1
: : 0.81 s~ 0.9 3000
» Q-SVR slightly worse than Classical SVR (C-SVR) . Al 3
. Why Q-SVR? > 0.6, s golg_ 0.7928 0.7924 0.7913 [ 2800
. S 0.5+ r—; F 2600
- i 2\ - 3 < — Ir=0.1 507
»> C-SVR compIeX|'ty O(n2) O(h ) | 04 — -0 : o
» Q-SVR complexity does not increase with 0.3 — Ir=0001 | &g
I’Ob|em Size 021 == = decision point - 2200
i . . 0 5 0 15 20 25 30 03 None  OLS  C-SVR  Q-SVR
> Quantum speedup possible in the future Epochs _ _
Learning curve extrapolation Early stopping extrapolation methods
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Parallel training on HPC systems

» Parallelization strategies for HPC training

> Data Distributed Parallel with, e.g., PyTorch-DDP,
Horovod, DeepSpeed

> Model-parallelism using distributed architectures,
gradient checkpointing

» Benchmarking on available systems (also on
HPC prototypes as Exascale blueprints)

10.01.2024 — eFlow4HPC Workshop — Andreas Lintermann

TBL dataset

Minibatch
A

RAISE

Center of Excellence

Microbatch 1

N AN
Y Y

Microbatch 2

I
AN J
Y

Microbatch N

\ 4 v A4
Worker 1 Worker 2 Worker N
Load batch Load batch Load batch
v 4 4

Forward pass

Backward pass

Forward pass

Backward pass

Forward pass

Backward pass

v v v
Gradient g4 Gradient g, Gradient gy
computation computation computation
¢,
& 7
e%/) %%, Host
& Average gradients g
! RASE
@

Update weights
Wn+1 = Wn _ ag—

enter of Excellence
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RAISE

Center of Excellence

Al in Remote Sensing

> Aim: Produce a consistent multi-temporal land cover map

> Area: Trentino, Italy

: : : : | ricu
> Data: » Multispectral information from Sentinel 2 ] @pecs

» Upsampling of bands to 10m resolution

» 90,000 samples for training, prediction on
~ 120,000,000 pixels

> Years: 2018 — 2020 with 15 acquisitions per year

0days 00 hours 00 minutes
Sentinel-2 constellation:
summer solstice

A
BAND 1 BAND 2 BAND 1
1
B
e o :
08 — ® ° . . ]
w s @ ® -
%OG e o0 o
= ®
E ¢ L, o
& 04 e o ° [ ] .
e o
Green grass ~
02 ° Y
e ®o
. . e ® *.
“ NEAR IR MID INFRARED' | e * o
500 T oo - sl ® & e Data cube of satellite images
BAND 2
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Distributed Deep Learning in Remote Sensing RASE

Center of Excellence

Single-year DL Multi-year DL Sentinel-2 map Output land [7] —— JURECA-DC
—— theoretical
model map model map (RGB) cover map 16.0 1 '
g 4.0 1

Grass 1.0 1

1 change 2 changes
. . . s Broadleaves 4

) 8 16 32 64 9%
num. GPUs
= | (8] o 1000 T Process 1 o)
Deployment on BE= ; . !
param0 | grad0 B3 param0 = grad0 =&
Q o
large datasets -
param1 | gradl [=s param1 = gradl [B=s

Training Process

requires scaling -

= param2 = grad2 B
. Averaged s
| v Model Gradients Gradients : % %
u p 5 Hll param3 | grad3 RS param3 = grad3 &S
1. Rea’d Data 2. Compl.'lte Model 3. Averagé Gradients 4. Upd;;e Model T i allreduce T :
Updates (Gradients) - ==peyeyeyy L EEECTTTTTTTIT T T T T I T T T T I T I T H
[7] https://doi.org/10.1109/IGARSS46834.2022.9883655 [9] http://www.idris.fr/eng/ia/apprentissage-distribue-eng.html
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https://doi.org/10.1109/IGARSS46834.2022.9883655
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Parallel training on HPC systems

> Improvements by 90% 10t .
. ‘\. -®- Std - - - Ideal L 7 ey ma
» Computation: 2 e, [A-Omt| N '\\%
. - £ 10 da s CE— = |5 o081 TN
> Automatic Mixed Precision (AMP) = N 8 g il 7
Q ¥ %‘ ,z:.—‘ = e
> cuDNN Autotuner 2 ot s 1 g - ~a
. . . 2 | =i .0 . \.
» Adaptive Summation Algorithm i R — 1 tle? . e y
. L. 48 16 32 64 48 16 32 64 48 16 32 64
» Gradient checkpointing #GPUs #GPUs #GPUs
» Communication ol B = 0.963
> Gradient accumulation L
> Automated skipping of AllReduce S0 e
> MPI with CUDA awareness 3
o
> 1/O 256/
. 1281 === ideal
> Multi-process dataloader (CPU or 64 ‘ | ‘ ‘ -=- JUWELS-Booster
GPU with direct access - DALI) Lo z3 % %, 2, 7,
no. GPUs

> Horovod towards Exascale (CFD)
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CoE RAISE Tools: Al4HPC [10] RASE

Center of Excellence

> Al4HPC contains Al4HPC:

open-source library to train Al

models with CFD datasets on
HPC systems

» Pre-processing routines
» Can deal with irreqular data shapes as input

> ML models for CFD

> Autoencoders, super-resolution, etc.

» HPC optimizations
> Up to 10x speed-up (compared to the standard PyTorch implementation)
» Tested on JURECA-DC, JUWELS-BOOSTER, LUMI, CTE-AMD, PIZ-DAINT
» Post-processing routines

» Data analysis via Jupyter notebooks

» Benchmarking suite C
o | A R
> Hyperparameter Optimization (HPO) suite O

10.01.2024 — eFlow4HPC Workshop — Andreas Lintermann [10] https://ai4hpc.readthedocs.io 20
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CoE RAISE Tools: AI4HPC Performance RAISE

Center of Excellence

GPU Scalability N )

> AMD MI100 (CTE-AMD) System JUWELS LUMI JURECA-DC  JURECA-DC
> NVIDIA V100 (DEEP-EST) Epoch time [s] 54 40 33 6
> NVIDIA A100 (JUWELS) Performance [%] 100 135 163 900
-®- AMD -4—- V100 -4 A100 Performance [%]
240
\ 1000
104 I 220 - 900
] \\\ N § 200_ 800
Qo A o 200
v | T € 180
5 \‘> \1L\ g 600
o \:::\ ~~~~~~~~~ 8 160 500
% 10° S S * & 140- 400
' \\::iiizf ? 120 300
1 200
] 100 A 100 .
2 lll 8 1I6 3I2 2 4 8 16 32 0 - -
#GPGPU #GPGPU A100 mi250x H100 GraphCore
10.01.2024 — eFlow4HPC Workshop — Andreas Lintermann [11] https://www graphcore.ai ~ * Base case
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ClearML Server in an HPC Environment RAISE

Center of Excellence

@ (CLEARIML SERVER

; I |

» ClearML as MLOps toolchain at (FIAPIkssrverd Elasticsearch
. . asK-pase

> Experiment with HPC / | ] |
| -~ MongoDB W

> Deployed on an OpenStack (crearme | /@ Web server :
cloud platform at an HPC center | Z Tt JH Redis @
connected to GEANT @ Client (Python) |~ | | |
| >~y File server — Services *

> Al training jobs run on HPC | Agent |
systems and report to ClearML

| Nginx || ACME |

HPC cluster kubernetes
Al accelerator

et {; veenderen \/SC tier-1 cloud service
== openstack.
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Center of Excellence

Model Comparison in ClearML's Webinterface RAISE

DASHBOARD : m GLEAR\ML

RECENT PROJECTS

Speed power batchd Batchd SP tuning Additive Manufacturing Speed power

PROJECTS / Additive Manufacturing / Speed power tuning / Compare Experiments

SCALARS

——
RECENT EXPERIMENTS
<4 ADD EXPERIMENT l& Graph v La
C} =
< Training CNN3DSlowFast Additive Manufacturing/Speed po... / Group by Metric + Variant  « valid_loss / mean valid_loss / min
&, Training CNN3DSlowFast Additive Manufacturing/Batchd SP... 32023110 / 0.026
Horizontal Axis {terations . 0 W MViT.d368ca7 0.004 N MViTd368ca7
ot
I MVIT:3914288 I MVIT:3914a88
&, Training CNN3DSlowFast Additive Manufacturing/Speed po... 3 2 i}
Ot oopescp I \VIT1d1beb2 I \VIT1dbeb2
0.024 5
Smoothing 0 024 0.0035
& Training CNN3DSlowFast Additive Manufacturing/Batch4 SP.
. p 0.022 0.003
& Training CNN3DSlowFast Additive Manufacturing/Batch4 SP...
0.0025
Q 0.02
0.002
R 0.018
0.0015
train_loss
0 2 4 6 8 0 2 4 6 8
train_power_MAE
train_power.} Iterations Iterations
train_power_MRE
t'aHL[JO‘v\‘ELpGH[SOH
valid_power_MAE / max valid_power_MAE / mean
train_power_R2
. wer RMSE I MVITd368ca7 0.145 I MVITd368ca7
train_power_RI M MVIT3914288 M MViT3914288
03 I \VIT1d1beb2 014 I \VIT1d1beb2
train_speed_MAE
029 5
train_speed_MRE : 0135
train_speed_pearson 0.28 0.1
0.125

train_speed_R2
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Load Al Modules, Environments, and Containers (LAMEC) RAISE

Center of Excellence

B3 Deep_DDP important bug fix 3 months ago

> Modules vary heavily between
different HPC systems #1/usr/bin/eny bash

eep_Horovod Deep modifications for Horovod and fex bu... 6 months a

# Slu rm jOb Configur‘ation B3 Deep_TensorFlow initial TF push 5 months ai

#SBATCH --nodes=1 . .
> A | d eve | O p e rS S p e n d 2 -— 3 d ayS #SBATCH _ _ntasks_per\_node=4 B3 HELPER Scripts fix tqdm bug 4 months ago
#SBATCH __ CpuS _ per_gpu=2e B3 Jureca_DDP latest fixes 1 month a

per months settin g up the ri g Nt #SBATCH --accountohai sozsat SR -

o #SBATCH - -Output=°utput . Out E3 Jureca_Graphcore added Graphcore dir and fixed Irank in CASES 2 months ago
I—l PC #SBATCH --error=error.er wreca_He stest fxes onth a0
environment on systems #SBATCH --error=error. e = o
#SBATCH --job-name=BENTF2
#SBATCH --gres=gpu:1 --partition=booster

B3 Jureca_Horovod latest fixes 1 month a

B3 Jureca_LibTorch initial libtorch push 1 month ago

B3 Jureca_RayTune Update Jureca_RayTune/create_jureca_env.sh 3 months a

Q Q @ =1 Q Q Q Q Q =1 =1 =1 =1 Q Q =1
° ° <] ° o o

#load modules B3 Juwels_DDP Update README.md 3 months a
G I . 5 | .f t f ml Stages/2020 GCC/9.3.0 OpenMPI/4.1.0rcl B Juwels Turbulence merge o monthe ag6
Oa . SI I | I p I y Se U p O ml Horovod/@.20.3-Python-3.8.5
£ PARAMETER_TUNING Update PARAMETER_TUNING/Autoencoder/... 3 months ago

ml TensorFlow/2.3.1-Python-3.8.5

CO m pO ﬂ e ﬂtS #tactivate my virtualenv

#tsource /p/project/joaiml/remote_sensing/rocco_sedona/ben_TF2/scripts/env_tf2_juwels_booster/bin/activate

> LAM EC [12,13] IS an automa‘UCJOb ﬁexpor‘t relevant env var‘iablfi )

. . export CUDA_VISIBLE_DEVICES="0,1,2,3
script generator selecting the

right module setup

#run Python program
srun --cpu-bind=none python -u train_hvd_keras_aug.py

[12] UAIF https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/ai4hpc
[13] LAMEC https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/lamec-0a
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UAIF: The Unique Al Framework RASE

Center of Excellence

processing-
Compute- & Data-Intensive CoE RAISE Use Cases]lf»g‘ i Domain-specific CoE Use Cases 1 e NCC & Industrial Use Cases Digital Twins Use Cases intensive
A B C applications
L \ L L
- I A ~ . .
‘ co-design inputs ‘ adoptions adoptions adoptions
Secure Shell Access (SSH) using batch 7 Interactive Jupyter notebooks with JupyterLab sharing ..EE Application Workflows (e.g., Apache Airflow),
E submits to scale-up distributed training E of datasets & scripts for rapid DL model prototyping k = including task pre- & post data processing Reference
—— \—/ T ——/ Architecture
¥ - elements of
\/
LAMEC API to specify models in ONNX format LAMEC API to share & enable re-use of Al models with i OpenML Community | #=  ClearML MLOps COE_ RAISE
also enabling re-usability of existing Al models community platforms & industry tools & datasets ~ Platform & Pipelines latform & Models unique Al
H) U, K ) framework
—= for Exascale
!ZE EW. : : - HPC & Al
LAMEC API Facade pattern hN LAMEC API Batch script repository LAMEC API generates HPC script modules, Open HPC/AI Job Script Methods
b encapsulates use case instances M & scalability-proven Al frameworks N Al library setups & automated testing $ Generator Web Page(s)
L J - ), 0}
T
fgfl  BasicScience & Al OTensorFIow & PyTorch .. . Horovod / PyTorch-DDP / DeepSpeed °$RAY | Hyperparameter Tuner software
A libraries (NumPy, etc.) (& DALI Data Loader) @ Distributed Deep learning tools Ray Tune, Optuna, Deep Hyper || infrastructure
L2/ = ,
i i iy S e ——— adoptions
iﬂi‘“‘ L (v Modul @ \ U\
"~ Prototype 1 odular Apptainer EuroHPCJU ’LUMI ’VEGA ’KAROLINA @ oeucation HpC ‘
HPC Systems | | HPC Container M= Hosting Sites cr
I Jslmz?s TAl Environment| b I — B c0NARDO [ MELUXINA [B DISCOVERER ystems
[’ Modular HPC ] ke B Rudens I hardware
System DEEP I infrastructure
CTE-ARM ) D-Wave Quantum Annealing System g L4 4] VSC HPC
[’ HPC System QU - A 'll' Apptainer HE(S:CS CSij =T - ’ Systems
CTEAND m ¥ Quantum SVM Container Mayre g éUPITﬁR Aachen
: e /' (SVR) Python Code Al Environment e Xascale
[’ HPC System ) » (SVR) Py ) Nostrum System /I ’ Systems
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