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Outline

Ø Motivation and Introduction

Ø Use-case on Turbulent Boundary Layer (TBL) flows

Ø Autoencoders for flow reconstruction

Ø Code Optimizations
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Applications

Motivation

Ø AI technologies are key to
Ø extract knowledge from big data collections
Ø reason from existing knowledge
Ø find hidden features and detect unseen correlations in massively large data sets

Ø High-Performance Data Analytics (HPDA) requires 
Ø intelligent analytic tools
Ø scalable systems

1018
ExascaleAI technologies
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Ø Development of AI methods towards Exascale
Ø Connect

Ø hardware infrastructure,
Ø software infrastructure,
Ø compute-driven use cases,
Ø and data-driven use cases

to create Unique AI framework for academia and 
industry

CoE RAISE’s Major Objectives
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Use Cases in CoE RAISE
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Ø Two kinds of use cases:
Ø 1.

Ø 2.

e.g, AI for wind farm layout

e.g, seismic imaging with remote sensing

RAISE Partners:
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Ø About 50% of aircraft drag is friction drag, mostly due to 
turbulent boundary layers (TBL) 

Ø Drag reduction of TBL via passive or active measures

Schrauf (Aeronaut. J., 2005)

Ø Goal: High drag 
reduction Δ𝑐! and net 
power saving Δ𝑃"#$

Example: Use Case on Turbulent Boundary Layer Flows
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Ø High-fidelity simulations required:

Ø AI can help!
Ø Data mining
Ø Surrogate models
Ø Physics modelling
Ø Super-resolution
Ø Simulation acceleration

Example: Use Case on Turbulent Boundary Layer Flows
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Example: Use Case on Turbulent Boundary Layer Flows

8

Ø Research Question: Drag/Net Power dependence on actuation parameters 
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Example: AI/HPC methods for investigating TBL Flows
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Ø Distributed learning methods

Ø Investigation of highly scalable frameworks 

Ø Dimensionality reduction - ROMs, Autoencoders, Variational Autoencoders, 
Autoencoder-Generative networks  

Ø Sequential models - temporal prediction, online learning    

Ø Physics-informed Neural Networks - physical constraints in loss function, learning 
PDEs from data 
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Autoencoders

● Unsupervised, deterministic network

● Compression, denoising, 

segmentation, neural inpainting

● Code tensor or the latent space is 

typically obtained by flattening

● Reconstruction loss - e.g. in case of 

images, pixel-wise MSE between 

original and reconstructed images
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Source: Guo, Xifeng & Liu, Xinwang & Zhu, En & Yin, Jianping. (2017). Deep Clustering with 
Convolutional Autoencoders. NeurIPS 2017, 373-382. 10.1007/978-3-319-70096-0_39. 



Autoencoders for Turbulent Boundary Layer Flows
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Plain autoencoders (Plain CAE)
Ø 2-d convolutions with 4 hidden layers and 

decoding layers based on upsampling
Ø Custom dataloader for handling non-uniform 

dimensions of dataset
Ø Good accuracy on TBL dataset
Ø Good parallel performance (results to follow)

Encoder Decoder
Latent Space

Physics-constrained autoencoders (PC-AE)*
Ø Trainable encoder-decoder part outputs 

velocity potential 𝐴
Ø FD stencils are CNN kernels with fixed, non-

trainable weights
Ø Divergence free condition imposed in the final 

layer
Ø For the TBL data, slow convergence compared 

to plain autoencoder.
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*Mohan et.al., 2020, Embedding Hard Physical Constraints in Convolutional Neural Networks for 3D 
Turbulence, ICLR 2020 Workshop on Integration of Deep Neural Models and Differential Equations
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Autoencoders for Turbulent Boundary Layer Flows
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Ø Plain CAE provides good reconstructions compared to PC-AE
Ø Incompressibility condition in PC-AE is probably not valid in the entire domain – another 

physical constraint required
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Why distributed training?

Training using 1 GPU*:
Ø 7 hours per epoch**
Ø 1000 epochs takes 10 months
Ø many runs for hyperparameter tuning L
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a solution: distributed data parallelism (DDP)

*NVIDIA A100 on JURECA DC
**extrapolated from four A100 runs assuming perfect scaling
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Distributed Data Parallelism (DDP)

Ø mini-batch is split to 
smaller batches 

Ø Identical network
Ø Server gathers, 

updates and sends 
parameters
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https://www.telesens.co/2017/12/25/understanding-data-parallelism-in-machine-learning/

Ø Intercomm depends 
on:

Ø Network and/or 
Ø Data loading

Ø Mini-batch size 
becomes large for 
many GPUs

Ø Accuracy changes
Ø Tuning required
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Hardwares

Ø Tier-0/1 + 
Prototype 
HPCs

Ø FPGA on 
the way
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Location System name CPU Accelerators
CINECA Marconi100 1,960 IBM POWER9 3,920 NVIDIA V100

FZJ Juwels Cluster + Booster 2,560 Intel Xeon 3,774 NVIDIA A100

FZJ Jureca DC 1,536 AMD EPYC 768 NVIDIA A100

FZJ DEEP-EST 147 Intel Xeon 75 NVIDIA V100

FZJ JUAWEI 11 ARM HiSilicon

HLRS Hawk 11,264 AMD EPYC 64 NVIDIA V100*

CSCS Piz Daint 9,330 Intel Xeon 68,448 NVIDIA P100

BSC Marenostrum4 6,912 Intel Xeon

BSC CTE-AMD 33 AMD EPYC 66 AMD MI250

BSC CTE-ARM 192 ARM A64FX

BSC HUAWEI 16 ARM Kunpeng 920

CEA Joliot-Curie 2,484 Intel Xeon + 2,292 AMD EPYC

LRZ SuperMUC-NG 6,480 Intel Xeon 64 NVIDIA V100*

Individual care:
• Software stack
• Code optimization
• Node communication

*cloud nodes02.06.2022 – ISC 2022 – Rakesh Sarma



Setup

ØFrameworks:
1. Distributed Data Parallel (DDP) - PyTorch
2. Horovod – Uber
3. HeAT – Helmholtz Analytics Framework
4. DeepSpeed - Microsoft

ØDatasets:
1. MNISTx100 (MNIST concatenated 100 times)
2. ImageNet 
3. TBL (TBL-large) full 8.3TB
4. TBL (TBL-small) 0.25% of TBL-large (22GB/8.3TB)
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First tests (prototype DEEP-EST in FZJ)

Ø FW=PyTorch-DDP
Dataset=MNISTx100
Epoch=10
Learning Rate=0.01
Batch Size=[32,256]
CNN training
22K parameters

17

Ø FW=PyTorch-DDP
Dataset=TBL-small
Epoch=10
Learning Rate=0.01
Batch Size=[100,200]
CAE training
10K parameters
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All frameworks (prototype CTE-AMD in BSC)

Dataset=TBL-small 
Epoch=10
Learning Rate=0.01
Batch size=96
CAE training
10K parameters
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Frameworks (TIER 0/1 Jureca in FZJ)

Dataset=TBL-small 
Epoch=10
Learning Rate=0.01
Batch size=96
CAE training
10K parameters
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First test of a lot of GPUs (TIER 0/1 Juwels in FZJ)

Dataset=TBL-small 
Epoch=10
Batch size=96
CAE training
10K parameters
Two runs:
Ø Learning Rate=1e-4
Ø Learning Rate=1e-4*#GPU
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Ø Perfect scaling for:
Ø small networks –

less comm
Ø Small data set –

fast data transfer 
Ø Hyperparameter 

tuning helps
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Full dataset (TIER 0/1 Jureca in FZJ)
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FW=PyTorch-DDP
Dataset=TBL-large
Epoch=3
Batch size=6
Learning rate=1e-4

CAE training:
Ø 66K parameters
Ø 39GB/40GB GPU 

memory

Ø Good scaling 
performance

Ø 25000 sec to 
1750 sec per 
epoch

Ø Code 
optimization?

02.06.2022 – ISC 2022 – Rakesh Sarma



Code-optimization

What to focus?
1. Data loader (large data sets)

Ø Loader libraries (ex. DALI)
Ø Multi-thread
Ø Preload algorithms
Ø Dataset type precision
Ø Memory placement

2. Training (large networks)
Ø cuDNN algorithms
Ø Warm-up
Ø Network parameter precision (ex. AMP)
Ø Model parallelism
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PyTorch Profiler:
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Optimization – ex. multi-threads

FW=PyTorch-DDP
Dataset=TBL-small 

(22 GB)
Epoch=10
Learning Rate=1e-4
Batch size=96
10K parameters
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Ø Bottleneck: large data sets
Ø Unstable if not correctly 

configured
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Optimization – results
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FW=PyTorch-DDP
Dataset=TBL-large
Epoch=3
Batch size=3
Learning rate=1e-4

32 threads

Ø 25000 sec to 
3450 sec per 
epoch
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Back to Juwels in FZJ w/ optimizations

FW=PyTorch-DDP
Dataset=TBL-large
Epoch=3
Batch size=3
Learning rate=1e-4
CAE training
66K parameters
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Ø scaling up to 128 
GPUs

Ø Need larger dataset 
to test 256+ GPUs

Ø 100000 sec to 160
sec per epoch

(1 GPU non-optimized 
vs 128 GPU optimized)
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Conclusion & outlook

Ø Distributed data parallel approach fits to CFD
Ø Existing frameworks perform different
Ø Individual optimizations required – data set size / network size

Outlook:
Ø Data parallel with model parallelism
Ø Automation
Ø Tailored APUs
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Thank you for your attention
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