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Data for Software Release

Table 1. Important links

Zenodo Kratos Release https://doi.org/10.5281/zenodo.6926233

Kratos SVD and Workflow Examples  https://github.com/KratosMultiphysics/Examples/tree/master/eFlows4HPC

Zenodo EZyRB Release https://doi.org/10.5281/zenodo.6642762
EZyRB documentation https://mathlab.github.io/EZyRB/index.html
Parallel EZyRB Examples https://github.com/mathLab/EZyRB/tree/master/ezyrb/parallel
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1. Executive summary

This document presents a software release highlighting the capabilities implemented in the framework of
this project within the KratosMultiphysics and EZyRB software packages developed at CIMNE and SISSA
respectively.

As already put forth in previous deliverables, the construction of a reduced order model involves an
expensive training procedure that should be parallelised in order to treat large industrial models, like the
use case selected in D4.2.

In KratosMultiphysics, an End-to-End workflow has been implemented using the COMPSs framework.
Moreover, a randomized parallel SVD using the Dislib library, and an MPIl improved version of the SVD are
also included in the release.

In EZyRB, several reduction and interpolation methods have been parallelised using COMPSs. A new
module for non-linear reduction utilising an autoencoder neural network that supports data parallelism
was added using EDDL.

Section 3 shows the implementations within KratosMultiphysics, while section 4 shows the ones in EZyRB.
Finally, in section 5 a discussion of the state of the work and future developments is presented.

2. Introduction

Kratos Multiphysics provides a flexible open-source framework for numerical simulations in which the
Reduced Order Models Application RomApplication allows to train and run projection-based intrusive
reduced-order models. Due to their nature, projection-based intrusive reduced-order models provide
mathematically rigorous physics-driven reduced order models, i.e. after they are created, the same
equations governing the large expensive model, are solved at a lower computational burden. The expensive
creation of the reduced order models involves large sets of data, motivating the use of HPC workflows.

In this document, the newest release of KratosMultiphysics 9.1.4, incorporating HPC capabilities powered
by COMPSs is presented. In particular, End-to-End workflow, i.e. building the model from scratch to the
creation of the (hyper) reduced order model. A plain MPI version of the SVD is also presented and future
implementations are discussed.

Although projection-based intrusive reduced-order models (ROMs) have demonstrated exciting results
across a wide range of applications [1-2]; implementing such intrusive techniques requires significant
modifications to the underlying numerical codes. Non-Intrusive Reduced-Order Models (NIROM) based on
Proper Orthogonal Decomposition (POD) have been proposed for providing a reduced-order subspace
approximating the solution manifolds of parametric problems. A finite set of high-fidelity snapshots can be
projected onto the POD space to reduce their dimensionality. The set of governing equations for a system
is viewed as a black box, and the solution manifold can be estimated using a variety of interpolation
techniques without performing any modification to the simulation software.

The open-source package EZyRB is being developed for this part of the project with the aim to investigate
a completely data-driven non-intrusive approach utilising a non-linear reduction technique such as the
autoencoder neural network instead of the linear POD. Since the size of the input data obtained from the
full order simulations can be very large, resulting in a huge set of weights and biases for the neural network,
we are aiming to explore the capabilities of the non-linear reduction for various types of problems within
the HPC framework taking the advantage of data parallelism techniques.


https://github.com/KratosMultiphysics/Kratos/tree/master/applications/RomApplication
https://github.com/mathLab/EZyRB
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3. Kratos Multiphysics

I<KBATOSS

MULTI—PHYSICS =

Figure 1. KRATOS Multiphysics logo

The main repository of Kratos is available in this_link.

KRATOS Multiphysics is a framework for building parallel, multi-disciplinary simulation software, aiming at
modularity, extensibility, and high performance. Kratos is written in C++, and counts with an extensive
Python interface. More in Overview

Kratos is free under BSD-4 license and can be used even in commercial software as it is. Many of its main
applications are also free and BSD-4 licensed but each derived application can have its own proprietary
license.

Kratos is multiplatform and available for Windows, Linux (several distros) and macQOS.
Kratos is OpenMP and MPI parallel and scalable up to thousands of cores.

Kratos provides a core which defines the common framework and several applications which work like
plug-ins that can be extended in diverse fields.

Its main applications are:
® DEM for cohesive and non-cohesive spheric and non-spheric particles simulation
® Fluid Dynamics Provides 2D and 3D incompressible fluids formulation
® Fluid-Structure Interaction for the solution of different FSI problems

® Structural Mechanics Providing a solution for solid, shell and beam structures with linear and
nonlinear, static and dynamic behaviour

® Contact Structural Mechanics For contact problems used along the Structural Mechanics

application

3.1 Capabilities Before Release

Relevant for this project are the capabilities of Kratos for the construction and deployment of reduced order
models.

Before the project, Kratos already counted with a reduced order model application (RomApplication)
capable of training models in a serial way and deploying them in a variety of compatible platforms.

Notwithstanding, two major bottlenecks were to be addressed: parallel training and parallel data analysis
(SVD for linear projection-based models).

Whenever either the size of the models or the number of simulations required was relatively large; the
procedure became very time-consuming or definitely became impossible. The size of the problems to tackle
was limited by the amount of data that could be handled in a local machine or in a single node in a cluster.


https://github.com/KratosMultiphysics/Kratos
https://github.com/KratosMultiphysics/Kratos/wiki/Overview
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/DEMApplication
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/FluidDynamicsApplication/README.md
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/FSIApplication/README.md
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/StructuralMechanicsApplication/README.md
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/ContactStructuralMechanicsApplication/README.md
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/StructuralMechanicsApplication/README.md
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/StructuralMechanicsApplication/README.md
https://github.com/KratosMultiphysics/Kratos/tree/master/applications/RomApplication
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To analyse larger models, like the use case selected in D4.1, a parallel simulation orchestration and a parallel
SVD algorithm were needed.

Figure 2. Real-time simulation in Kratos using a slider

3.2 Capabilities After Release

This release presents the first version of an End-to-End workflow performing all of the stages for the
construction of a linear projection-based ROM in parallel. The simulations are launched in parallel using the
COMPSs framework, and moreover, the handling and analysis of the data generated are also done in
parallel using a fixed-rank randomized singular value decomposition.

A fixed-precision version of the singular value decomposition implemented in MPI is also available in this
release. At the moment, this MPI svd is not incorporated in the workflow, but it can be used standalone in
a multitude of applications that require large data analysis.

Brevely put, given an arbitrarily large matrix A, a basis ® should be found such that

|AY — 22TAY|r < eul| A"||F

Here, Il ||F denotes the Frobenius matrix norm.

Seen as a function, one should pass to the rSVD either the desired precision 0 < €, < 1 or the desired
rank

[

[U,%, V] =1SVD(A" e,) or U,%, V] =rSVD(AY, r)
Fixed ;;ecision Fixec‘lf rank

The returned matrices are: matrix of left singular vectors U € R™*", the matrix of singular values
3 € R™" (diagonal), and the matrix of right singular vectors V € R™*". These matrices meet the
following relationships:

A=UxVT 4+ E, |IE|r < €||Alp, U'u=VvV'V =1, Yir1i41) = Yggy) > 0

Internally, the fixed-precision rSVD uses a tall and skinny QR algorithm presented in [3], implemented by
the Fluid Dynamics group of the Barcelona Supercomputing Centre, and adapted in MPI Python by CIMNE.
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Figure 3. Direct MapReduce computation of Q and R [3]
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Two examples have been devised to showcase the usage of the new features for this release. Such examples

are also available in the Examples repository of Kratos in this link.

3.2.1 Example Workflow

The following example is included in the Kratos Repository in GitHub in this link.

Overview

This example presents the HPC workflow implemented using the COMPSs framework and the dislib library
for the training stage of a projection-based Reduced Order Model using the RomApplication of Kratos.

Introducing the Workflow

Toy model used

This example uses a flow pass a cylinder in 2D model. For a breve description of this example check this

page.

step 273
Gontour Fill of VELOSITY, [VELOGITY|

Figure 4. Toy example

The Reduced Order Model
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The goal of the ROM is to cheaply and fastly evaluate the solution for a given parameter of interest p (in

this example, the inlet velocity of the fluid)


https://github.com/KratosMultiphysics/Examples/tree/master/eFlows4HPC
https://github.com/KratosMultiphysics/Examples/tree/master/eFlows4HPC/ROM_workflow
https://compss-doc.readthedocs.io/en/stable/
https://dislib.readthedocs.io/en/release-0.7/
https://github.com/KratosMultiphysics/Kratos/tree/master/applications/RomApplication
https://github.com/KratosMultiphysics/Examples/tree/master/fluid_dynamics/validation/body_fitted_cylinder_100Re
https://github.com/KratosMultiphysics/Examples/tree/master/fluid_dynamics/validation/body_fitted_cylinder_100Re
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(fluid velocity)
Figure 5 Input-Output model in KratosMultiphysics.

In order to obtain such a ROM, a campain of expensive Full Order Model FOM simulations should be
launched and the collected data should be analysed.

The workflow
We have defined 5 stages of the workflow, each of which finds a one-to-one correspondence to the
functions included in the file WorkflowExample.py

STAGE1

STAGE2

H..D\

— R-SVD

Data for ROM

/
- I:I Validation 1 STAGES
STAGE 4 / <
Data for H-ROM |[=— R-SVD =— <:
7
STAGE 5 I ~—p
H— — D \
: . Validation 2

4 —

Figure 6. Scheme of the HPC Workflow implemented

The parallelization of the Kratos simulations is done using COMPSs

gy — - | I<BATOSSy |- |

MULTI—PHYSICS

I

c Ran
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* Distributed n multple nodes e R

Figure 7. Parallel simulations in KratosMultiphysics
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Moreover, the fixed-rank randomized svd used in this workflow is implemented using dislib and can be
found here.

Launching the Example

Requirements
Kratos

This example requires the RomApplication and the FluidDynamicsApplication.
If you compiled Kratos, add both these applications to the Kratos configure file.

Linux:

add_app S{KRATOS_APP_DIR}/FluidDynamicsApplication
add_app S{KRATOS_APP_DIR}/RomApplication

Windows:

CALL :add_app %KRATOS_APP_DIR%/FluidDynamicsApplication
CALL :add_app %KRATOS_APP_DIR%/RomApplication

If on the other hand, you are using the precompiled version of Kratos, do
pip:

pip install KratosRomApplication KratosFluidDynamicsApplication

COMPSs
The latest version of COMPSs can be obtained here.
Building it in your local machine can be a bit tricky, but a docker image is also available.

In case of doubts, or to install in a cluster, get in touch with the developers Jorge Ejarque
(jorge.ejarque@bsc.es), Rosa M. Badia (rosa.m.badia@bsc.es), Support mailing list (support-
compss@bsc.es).

Dislib
The latest version of dislib can be obtained from here.

Else, you can use pip

pip install dislib

Launching in Local Machine
In your own computer, use the runcompss command to launch the workflow.

The WorkflowExample.py script expects the directory to be passed, since COMPSs works with absolute
paths.

Activate tracing -t and graph -g flags to better analyse the results

So, in order to launch the workflow, do


https://dislib.readthedocs.io/en/release-0.7/
https://github.com/KratosMultiphysics/Kratos/blob/master/applications/RomApplication/python_scripts/parallel_svd.py
https://www.bsc.es/research-and-development/software-and-apps/software-list/comp-superscalar/downloads
https://github.com/bsc-wdc/dislib
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runcompss --lang=python --python_interpreter=python3 -g WorkflowExample.py SPWD

Launching in Cluster
In a cluster, use the enqueue_compss command with the appropriate flags. For example:

enqueue_compss \
--qos=Squeue \
t-g\
--log_level=info \
--base_log_dir=S{base_log_dir} \
--worker_in_master_cpus=0 \
--max_tasks_per _node=12\
--exec_time=Stime_limit \
--python_interpreter=python3 \
--num_nodes=Snum_nodes WorkflowExample.py SPWD

Checking the results
The graph of the job allows to see the execution order of the tasks. In this example the graph generated

looks like this

&
1353 NS 3
o';. '.&p',_'u,“_: 7]

A7)

. TS
- = S

[errrrrretsravrees

Figure 8. Graph showing the orchestration of the COMPSs tasks

Where the coloured circles represent the following tasks
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WorkflowExample.GetSimulationsData

WorkflowExample.SerializeModelParameters_Task

WorkflowExample.Executelnstance_Task

dislib.data.array._split_block

dislib.data.array._assemble_blocks

dislib.data.array._random_block

dislib.data.array._block_apply

KratosMultiphysics.RomApplication.parallel_svd.my_qr

dislib.data.array._transpose

KratosMultiphysics.RomApplication.parallel_svd.my_svd
dislib.data.array._filter_block
WorkflowExample.Executelnstance_Task_ROM
dislib.data.array._block_apply_axis
WorkflowExample.Executelnstance_Task_TrainHROM
WorkflowExample.Executelnstance_Task_HROM

Figure 9. Color code of the COMPSs tasks

Moreover, two numpy files are obtained representing each of the two validation stages in the workflow.

3.2.2 Example Parallel SVD

The following example is included in the Kratos Repository in GitHub in this link.
To test the rSVD, it is needed to compile the RomApplication of Kratos. This tool can be tested in two ways:
Using Kratos Multiphysics

e Build and write the snapshots matrix with Kratos Multiphysics capabilities by compiling and the
FluidDynamicsApplication.

® Read the snapshots matrix and perform the rSVD.
As a blackbox

® Read the snapshots matrix and perform the rSVD (test_rsvd_mpi.py, the matrix is already given in
this link.

Requirements

Kratos

This example requires the RomApplication and the FluidDynamicsApplication.
If you compiled Kratos, add both applications to the Kratos configure file.
Linux:

add_app S{KRATOS_APP_DIR}/FluidDynamicsApplication
add_app S{KRATOS_APP_DIR}/RomApplication

Windows:

CALL :add_app %KRATOS_APP_DIR%/FluidDynamicsApplication
CALL :add_app %KRATOS_APP_DIR%/RomApplication

If on the other hand, you are using the precompiled version of Kratos, do

11


https://github.com/KratosMultiphysics/Examples/tree/master/eFlows4HPC/rSVD_MPI_test
https://github.com/KratosMultiphysics/Kratos/tree/master/applications/FluidDynamicsApplication
https://github.com/KratosMultiphysics/Examples/tree/master/eFlows4HPC/rSVD_MPI_test
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pip:

pip install KratosRomApplication KratosFluidDynamicsApplication

For more details, please refer to Kratos Multiphysics Installation.

The files needed to launch the simulations are the following:
® MainKratos.py (Import Kratos, run the simulation, and write snapshots matrix).
® ProjectParameters.json (Configuration settings for solvers, processes or utilities).
® FluidMaterials.json (Material properties).
® Flow_past_a_cylinder.mdpa (Mesh and geometry properties).

To launch the simulation, do

python3 MainKratos.py

The simulation must generate a SnapshotsMatrix.npy file containing the solution of all degrees of
freedom's velocity and pressure for all time steps.

Run the rSVD with MPI

Once the simulation was performed (or a given "SnapshotsMatrix.npy" file is given), an MPl Randomized
Singular Value Decomposition can be applied. The file that calls the implementation is test_rsvd_mpi.py

To run with 4 processors do

mpirun -n 4 python3 test_rsvd_mpi.py

The console should print something similar to:

|/ |
R/ I B I
AL CTE O NN

VO VO I P N\ N A
Multi-Physics 9.1.4-f669edb4d6-Release

Compiled with threading and MPI support.

Maximum number of threads: 2.

MPI world size: 2.

Importing KratosRomApplication

Initializing KratosRomApplication...

iter= 1 nC= 714.323228197348 dR=1 R=1

iter = 2 nC= 9.623625390346358 dR= 20 R= 21
iter = 3 nC= 0.3828880350912341 dR= 41 R= 62
iter= 4 nC= 0.012828323622548663 dR= 72 R= 134
iter = 5 nC= 0.002350716215624348 dR= 47 R= 181
iter = 6 nC= 0.002344995353217843 dR = 20 R= 201
iter= 7 nC= 7.641184106737887e-05 dR= 100 R = 301
The error or reconstruction is: 9.960262742467666e-07

12
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And a file called "LeftSingularVectors.npy" must appear. This is the matrix U.

3.3 Upcoming Features

This document has presented the new capabilities of the release 9.1.4 of KratosMultiphysics implemented
within the framework of this project.

Following releases should incorporate the required features to allow the successful development of the
Pillar Software stack.

3.3.1 Incorporation of the fixed-precision parallel SVD in the ROM
workflow

The fixed-rank algorithm already presented within the End-to-End workflow is not ideal for the construction
of ROMs that should comply with a given level of accuracy. Therefore, in future releases, the already-
implemented-in-MPI fixed-precision rSVD algorithm should in turn be implemented using COMPSs and be
made available in the Kratos repository.

3.3.2 Restart the training workflow depending on validation steps

Currently, the validation steps included in the End-to-End workflow meassure the norm of the matrix
obtained by the original full order model, and the reduced order models. However, no restart step is
implemented in it.

Following releases should incorporate new training parameters, launch the corresponding simulations, and
enrich the reduced order model, every time a given user-defined tolerance is not met.

3.3.3 Smart sampling of parameter space

The End-to-End workflow accepts the parameters as a list of lists. Each list includes the parameters to be
used in each simulation. However, no function has been provided to sample the parameter space.

Following releases should incorporate methods to obtain an optimal (in some sense to define) first sample
of the parameter space, and provided the validation steps return a lack of accuracy of the ROM, to enlarge
the training with the best points in the parameters space.

4. EZyRB

EZyRB is a Python package that performs a data-driven model order
reduction for parametrised problems exploiting the recent
approaches. Such techniques are able to provide a parametric model
capable of providing the real-time approximation of the solution of a
generic (potentially complex and non-linear) problem. The reduced
model is totally built upon the numerical data obtained by the original
(to reduce) model, without requiring any knowledge of the equations
that describe this model, resulting in a well-suited framework for
industrial contexts due to its natural capability to be integrated with
commercial software.

The Non-Intrusive Reduced-Order Models (NIROM) based on Proper
Orthogonal Decomposition (POD) have been proposed for providing a
reduced-order subspace approximating the solution manifolds of Figure 10. EZyRB logo
parametric problems. A finite set of high-fidelity snapshots can be

13
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projected onto the POD space to reduce their dimensionality. The set of governing equations for a system
is viewed as a black box, and the solution manifold can be estimated using a variety of interpolation
techniques without performing any modification to the simulation software.

In this ongoing research, we are investigating a completely data-driven non-intrusive approach utilising a
non-linear reduction technique such as the autoencoder neural network instead of the linear POD. Since
the size of the input data obtained from the full order simulations can be very large, resulting in a huge set
of weights and biases for the neural network, we are aiming to explore the capabilities of the non-linear
reduction for various types of problems within the HPC framework taking the advantage of data parallelism
techniques.

Linear Approach (SVD) Nonlinear Approach (AE)

C
e
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S| SVD u ~ Z a; ()¢ AE u ~ f(g)
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Figure 11. Linear vs non-linear approach

The figures below are for a toy example showing that non-linear reduction using autoencoders can achieve
smaller solution manifolds with better accuracy than the linear reduction using POD.

Original snapshots at t=55

L2 Relative Error
o
o
w

2 3 4 5 6 7 8 9 10
Latent dimension

Figure 12. Toy example for reduction with autoencoder vs POD

4.1 Capabilities Before Release

Before this release, the EZyRB package consisted of several sequential classes:
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1. For reduction:
a. Linear reduction through Proper Orthogonal Decomposition (POD)
b. Non-linear reduction thought Feed-Forward Autoencoder (AE)

2. For approximation and interpolation:

a. Linear N-Dimensional Interpolation (Linear)

b. Radial Basis Function Interpolation (RBF)

¢. Gaussian Process Regression (GPR)

d. Neighbors Regressor (NeighborsRegressor)

e. Radius Neighbors Regressor (RadiusNeighborsRegressor)

f.  Artificial Neural Network (ANN)

The high-level structure of the library is represented in the figure below:

ReducedOrderModel

database
reduction
approximation

+fit()
+predict()
+test_error()

| I !l

Database Reduction . .
- Approximation
parameters [ _
snapshots +fit() +fit()
. +transform() cpredict()
+add() +inverse_transform() _

Figure 13. EZyRB structure

4.2 Capabilities After Release

4.2.1 Parallel execution:

In this release, we added a new submodule to the existing package. In this submodule of EZyRB, we utilised
the PyCOMPSs package to convert some methods of the EZyRB to PyCOMPSs tasks that can be executed
simultaneously in different worker nodes as shown in the figure below:
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Sequential execution Parallel execution

o
.

Figure 14. Sequential vs parallel execution of EZyRB using PyCOMPSs

This simultaneous execution can enhance the process of multiple predictions or error calculations via the
“leave-one-out” or “k-fold” techniques, where the model has to be executed multiple times for different
parameters. For more information about the different modules, check the EZyRB documentation. Here we
explain briefly the steps of the execution for EZyRB:

1. ReducedOrderModel.fit()

a. reduction.fit(snapshots): fit or train the reduction method.

b. reduction.transform(snapshots): for a set of known parameters and solutions, reduce the
dimensionality of the solutions.

c. approximation.fit(parameters, b): for the set of known parameters and reduced solution,
instantiate the interpolation.

2. ReducedOrderModel.predict()

d. approximation.predict(new parameter): for a new parameter, interpolate to get the
corresponding new reduced solution.

e. reduction.inverse_transform(d): from the new reduced solution, expand the
dimensionality to obtain the full solution.

All of the existing modules of EZyRB were combined with PyCOMPSs and you can see the different methods
illustrated with different colours in the following figure:
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ezyrb_v2 pod.POD fit
ezyrb_v2 pod POD transform
azyrb_v2 linear Linear fit
azyrb_v2 linear Linear predict

ezyrb_v2 pod POD inverse_transform

ezyrb_v2.rbf RBF fit
ezyrb_v2 rbf RBF predict

azyrb_v2 gpr.GPR.fit

ezyrb_v2 gpr.GPR predict

ezyrb_v2 kneighbors_regressor NeighborsRegressor fit
ezyrb_v2 kneighbors_regressor NeighborsRegressor predict
ezyrb_v2 radius_neighbors_regressor NeighborsRegressor fit

ezyrb_v2 radius_neighbors_regressor NeighborsRegressor predict

azyrb_v2 ann ANN fit

ezyrb_v2 ann ANN predict
ezyrb_v2 ae AE fit
ezyrb_v2 ae AE transform
ezyrb_v2 ae AE inverse_transform
ezyrb_v2 ae_edd| AE_EDDL fit

ezyrb_v2 ae_edd| AE_EDDL transform

ezyrb_v2 ae_edd| AE_EDDL inverse_transform

Figure 15. EZyRB methods as PyCOMPSs tasks

The picture below shows the simultaneous execution of 18 different setups, each performing 3 predictions
while utilising different reduction and interpolation methods.
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Figure 16. Parallel execution

4.2.2 Non-linear reduction with data parallelism:
In the sequential version of EZyRB, the non-linear reduction is performed by the “ae.py” module which

relies on PyTorch. In this version, we added a new module “ae_EDDL.py” which is built using the European
Distributed Deep Learning library PyEDDL. The “ae_EDDL.py” module supports data parallelism and can run
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on CPUs, GPUs and FPGAs by easily changing the type and number of the computing services you want to
use during the execution

eddl.CS_CPU()

edd1.CS_GPU((1,1))

The APl of EZyRB is almost kept the same. For instantiating the parallel model, the user needs to specify the
computing services. The few lines below show the instantiation of the sequential and the parallel
autoencoders:

ezyrb AE
ae = AE([500,100,4], [4,100,500], nn.Tanh(), nn.Tanh(), 3, optimizer =
torch.optim.Adam, 1lr = le-4)

ezyrb.parallel AE_EDDL
ae = AE_EDDL([590,100,4], [4,100,500], eddl.Tanh, eddl.Tanh, 3, 5, optimizer =
eddl.adam, 1lr = le-4, cs = eddl.CS_CPU())

4.2.3 Examples:

New examples have been added for the Parallel execution and the Non-linear reduction with data
parallelism. The software interface has been kept as simple and intuitive as possible. Few lines of code are
sufficient to build and query the reduced model, assuming the input parameters and snapshots are already
available. The following lines show a minimal but working example using PODI (RBF used as interpolation
method):

ezyrb POD, RBF, Database
ezyrb ReducedOrderModel ROM

params, snapshots = extract_params_and_snapshots(...)

new_param = input('The new parametric point where solution will be predicted: ")
db = Database(params, snapshots)

pod = POD('svd")

rbf = RBF()

= ROM(db, pod, rbf)
Fit();

.predict(new_param)

More tutorials on how to use the package as well as a comparison between the results obtained by different
techniques can be found here. To switch to the parallel execution, only one line has to be changed:

ezyrb POD, RBF, Database

ezyrb.parallel ReducedOrderModel ROM
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4.3 Next steps
1. Install the package on the HPC.

2. Optimise the accuracy of the Autoencoder model for the test case.

3. Compare the accuracy of the linear reduction vs the non-linear reduction for different kinds of
problems.

4. Compare the accuracy of the sequential vs the parallel execution.

5. Compare the speedup with different numbers of GPUs.

5. Conclusions

To sum up, with this Release KratosMultiphysics is capable of launching an End-to-End HPC workflow for
constructing an intrusive reduced order model. The parallel implementations that allow the orchestration
of the tasks were possible thanks to the COMPSs framework and the dislib library developed at the
Barcelona Supercomputing Center. Likewise, a randomized singular value decomposition was implemented
in plain MPI and has been made available in this release to use stand-alone, and will be incorporated into
the workflow in future releases.

Moreover, the completely data-driven non-intrusive ROM package EZyRB was developed in the framework
of this project to include a new class for non-linear reduction using PyEDDL autoencoder network that
supports data parallelism and different computing services such as CPUs, GPUs, and FPGA. The rest of EZyRB
classes were combined with PyCOMPSs to have the ability of simultaneous execution and enhance the
process of multiple predictions and error calculations. The next phase is moving the testing to the HPC to
investigate larger datasets obtained from different types of problems.

Current status VS goals mentioned in D4.1:

The following table summarizes the essential features required for the successful development of the Pillar
Software stack, providing also an estimation of their relative importance.

Table 2. WP achieved goals

Percentage achieved by

Description Priority
M20
Requires an optimized distributed execution of the 90%
o Distributed Singular Value Decomposition (SVD) algorithm to Must (pending implementation of MPI
SVvD analyze large-scale matrices which can exceed the developments into PyCOMPSs
memory of different computing nodes of a cluster. and integration in Workflow)
Storing of Requires storing and transferring the meshes and the 95 %
hyper- trained ML model needed to reconstruct the hyper- Must L 0
P1-2 . (pending improvement of
reduced reduced model, together with the solver executable
. compressed data format)
model needed to run it.
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P1-3 ANN model
Clustering
P1-4
model
Persistent
P1-5
storage
P1-6 Restart
Workflow
P1-7

P1-8

P1-9

orchestration

ML inference

Hyper
Reduced
Model
Deployment

Require Artificial Neural Networks (ANN) (probably
convolutional) to train autoencoders. This may
provide an attractive option to improve the reduction
ratio of the reduced model.

Clustering algorithms as an option to improve the
reduction ratio. Here both training data and the
output to be used in the inference step need to be
saved.

Requires persistent storage for data to be consumed
between the steps

Workflow programming and management have to
allow re-start the Reduced-Order-Model (ROM)
computation according to validation results.

Workflow management is also required through the
phases to coordinate the execution of the different
computing steps.

Simulation code requires access to the ML trained
model.

Once the hyper-reduced model is computed it may be
deployed in a computing infrastructure, (such as a
Cloud) to be accessible and reusable by final users.
This requires the deployment of the model together
with the software and data needed to run a complete
hyper-reduced model from scratch.

6.Acronyms and Abbreviations

HPC — High-Performance Computing

KPI — Key Performance Indicator

WP — Work Package

ML — Machine Learning

DA — Data Analytics

SVD — Singular Value Decomposition

ROM - Reduced Order Model

FOM - Full Order Model

POD — Proper Orthogonal Decomposition

NIROM — Non-Intrusive Reduced-Order Models

May

Should

May

Should

Must

May

May

eFlows4HPC

90 %
(to be tested on HPC with
multiple GPUs )

0%

100 %

0%

100%

0%

0%
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