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Abstract (250 words max) :

Solvers of differential equations often require 
long runs, making them unsuited for 
time-constrained tasks. Surrogate models are 
trained to approximate the outputs of these 
solvers, lowering computational costs.

Kitware partnered with EDF to develop a proof of 
concept using the in situ capabilities of the 
ParaView application via the Catalyst library in 
order to visualize, track, and control the training 
of a deep learning surrogate model in real time.

Current monitoring tools lack the ability to display 
meaningful data in cases where standard 
numerical metrics are too shallow to reflect the 
nuances of the learning process. The proposed 
workflow leverages the scientific visualization 
capabilities of ParaView to better understand the 
training process.

Using a simple fluid dynamics problem, the 
Karman Vortex Street, we can easily locate 
where the training succeeds and where it fails. 
The steering capabilities of Catalyst 2 push this 
workflow forward by allowing the user to 
influence the learning process in real time. We 
successfully prototype real-time modification of 
the learning rate and get immediate feedback.

This project opens several perspectives to help 
adjusting model architectures, giving valuable 
insights on why some designs perform better 
than others. The next step is to use the flexibility 
of this approach for reinforcement learning 
methods.

In the context of numerical simulation, a surrogate model approximates the outputs of a solver 
with a low computational cost. Solvers of differential equations, for instance those based on 
finite elements methods, often require long runs. Thus, they are not well-suited for real-time 
applications, for prediction or for the resolution of inverse problems requiring multiple 
executions. Surrogates can be deep-learning models that learn from simulation results and/or 
from experimental data. Training these models can be challenging for several reasons:

● The model often has to operate on an irregular mesh, so the architecture has to be 
thought beforehand and adapted to the mesh

● Intermediate inferences results can be heavy to store on disk, and tedious to load and 
visualize.

● Standard metrics like Mean Squared Error do not convey enough information on which 
aspects of the simulation are harder to learn.

2. Deep surrogate model and training dataset
As a proof of concept, we present results on a simulation of the Von Karman Vortex Street; where a fluid (entering with an imposed 
velocity on the left of a rectangular domain) flows towards a cylindrical obstacle and a set of vortices forms behind it. An ensemble of 
simulations was performed by EDF’s CFD solver Code_Saturne. Each member of the ensemble corresponds to a different imposed input 
velocity.

Input : Output:

Velocity vector of the 
fluid at each celltime velocity

0.10 2.05

0.50 2.05

1.20 2.05

0.10 1.75

The Deep Neural Network described in [2] was trained on the 
ensemble of simulation results by using the Pytorch[3] 
framework. The constructed surrogate model takes two 
parameters as input, the imposed velocity of the fluid and the 
time of the simulation. This surrogate then outputs a discretized 
velocity vector field.

3. Training, monitoring and steering workflow

Training 
iteration

Inference result and loss graph shown in real time

Update model weights

Run inference at specific
(velocity, time)

4.Sending inference results to ParaView
ParaView Catalyst[1] is an In Situ library that retrieves data located in memory 
instead of reading it from disk. It lets you :
● Visualize live results within the ParaView application
● Save images on disk, typically to generate videos of the entire simulation (see 

section 6)
Here, the aim is to generate an inference at a specific time and send the result with 
Catalyst so that ParaView can display it in real time on an predefined appropriate 
mesh.

Inference data
in Mesh Blueprint format Inference data in VTK format

The data is sent through a Conduit[5] node in the form of a generic, hierarchical, and 
human-readable format called Mesh Blueprint[6] : no need to manually generate 
Visualization Toolkit (VTK) data structures

5.Parameter steering
Although Catalyst 1 only allowed data to be sent from the 
simulation to ParaView, the newer release Catalyst 2 adds the 
ability to steer the simulation with input from the ParaView GUI. 
In this case, we have chosen to expose three parameters :

● domain specific parameters → time and imposed velocity 
of the inference being displayed

● training hyperparameters → learning rate

 The mesh is irregular since we need higher levels of 
detail around the obstacle.

The ParaView GUI offers a convenient way to control the 
training hyperparameters, and request an inference for a 
specific (velocity, time) tuple.

Let’s define a fixed (velocity, time) tuple 
arbitrarily. For each image : 

● Top mesh → dataset element corresponding to this 
tuple

● Bottom mesh → result of the inference of the partially 
trained model for this tuple.

During the first training 
iterations, not much has 
been learnt by the model.

After a few epochs, the 
model understands that a 
seemingly continuous trail 
is forming behind the 
obstacle.

Training continues, and the 
trail fades out as vortices 
start forming. The vortices 
at the back, farther away 
from the obstacle, are easier 
for the model to learn.

After enough time, the model 
has learnt each vortex and 
can predict the result of the 
simulation with high 
accuracy.

7. Added value and perspectives

 Existing tools ParaView-Catalyst
training workflow

Added Value

Visualisation Basic data structures Supports more complex 
structures, custom pipeline, 

parallel rendering

More powerful, flexible and 
interactive way to view 

inference data

Monitoring Basic metrics for loss 
or accuracy

Accurate representation of the 
performance on each dataset 

element

Better understanding of the 
behavior of the model

Tuning Scheduling tools Steering combined with 
scheduling

Interactive, real-time feedback, 
more control

Moving onwards, some future work related to 
this project may include :

● Working on bigger, more complex 
datasets 

● Modeling real-use CFD simulations

● Improvements to the interface between 
Python and Catalyst

● Using this workflow for reinforcement 
learning methods
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To overcome this challenge, Kitware combines ParaView’s complex data visualisation 
capabilities with In Situ data analysis though the Catalyst library[1]. The objective is to be 
able to flexibly visualize intermediary inferences during training, monitor the progress, and 
let the user control a set of parameters or hyperparameters.

Send inference results

Steer Parameters

1.Context and targeted problem

6. Full training overview

Visualize Monitor Steer
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