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Surrogate Models
▪ Powerful new functionality for creating and using data-

driven surrogate models in version 6.2

▪ What is a surrogate model?

A simpler, less computationally expensive model

Approximates the behavior of more complex, 
computationally intensive models

▪ Benefits of surrogate models:

Faster model evaluation enhances interactive user 
experience

Enable new areas of use for apps and digital twins
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▪ Use the Surrogate Model Training study 
to generate a Design Data table.

▪ Specify Input Parameters and Quantities 
of Interest (output parameters).

▪ The study generates data in the 
parameter space based on a design-of-
experiments method.

▪ The study optionally defines a surrogate 
model function when finished. 
(Otherwise, add one manually.)

Surrogate Model 
Training Study



Generating the Design Data 
Table

▪ The Design Data table is generated by the Surrogate Model Training 
study.

Alternatively, import a text file from another source.

▪ In the study, specify the number of Input Points.

This is the number of full finite element simulations used to generate the 
data.

▪ The Input Parameters are sampled in the parameter space using Latin 
hypercube sampling.

A kind of sparse parametric sweep that covers the input space without 
requiring an excessive number of finite element computations

▪ Use a cluster to speed up this computation by choosing the 
Distribute model evaluation option.

Inputs Outputs



▪ The surrogate models are 
available as functions:

Deep neural network (DNN)

Polynomial chaos expansion (PCE)

Gaussian process (GP) 

▪ The DNN, PCE, and GP functions 
are trained on the contents of the 
Design Data table.

Surrogate Model 
Functions



Surrogate Models
▪ Deep neural network (DNN):

General-purpose surrogate model

Can handle data tables with millions of rows

Included in COMSOL Multiphysics® without add-on products

▪ Gaussian process (GP) and polynomial chaos expansion (PCE):

Include uncertainty estimates with regard to the quality of the data fit

Can handle data tables with up to 2000 rows

Require the Uncertainty Quantification Module to be trained

Already-trained model can be used without any add-on products

For more information on GP and PEC, see the Uncertainty 
Quantification Module examples and documentation Visualization of a section of a DNN 

surrogate model function.



Function Approximation
▪ Surrogate models are used for 

multidimensional function approximation.

▪ Ideal for capturing complex nonlinear 
relationships within datasets

▪ Applicable beyond apps and uncertainty 
quantification, including:

Representation of material data

Optimization

As components in systems modeling

▪ Supports multiple differentiations with 
respect to any input parameter

A Gaussian Process surrogate model function, 
visualizing the standard deviation estimate in color.



The Deep Neural Network 
(DNN) Surrogate Model

▪ The DNN surrogate model references a 
Data Source, which, in this case, is the 
Design Data table but can also be a text file.

▪ In the example shown here, the DNN 
surrogate model defines two functions of 
five input parameters:

T = fs(r, z, E, k, dHrx)

xA= gs(r, z, E, k, dHrx)

▪ There is no limit to the number of input or 
output parameters for a surrogate model.



DNN Layers
▪ A DNN model consists of an input 

layer, a series of hidden layers, and 
an output layer.

▪ Each layer consists of a number of 
nodes, or neurons. The figure shows 
a graph for a network with three 
hidden layers, five input nodes, and 
two output nodes.

▪ You can define any number of 
layers and nodes for a DNN 
surrogate model.



Optimizing Neural 
Network Architecture
▪ Selection of layers and nodes is iterative 

and based on:

Problem-specific knowledge

Empirical testing

▪ Balance is key:

Too few layers/nodes may lead to underfitting 
and be inadequate for complex surrogate 
modeling.

Excess layers/nodes can cause overfitting, 
yielding high accuracy on training data but 
poor generalization.

▪ Consider computational efficiency:

More layers/nodes increase model evaluation 
time.

Strive for a model that is both accurate and 
efficient.

Quick rule-of-thumb starting point: three 
hidden layers with 64, 32, and 16 nodes



Training a DNN
▪ The internal parameters of the neural 

network are called weights and biases.

▪ Training involves optimizing weights and 

biases to minimize error.

▪ Objective of training: Align the surrogate 

model closely with the finite element model.

▪ Error measurement is calculated via the loss 

function.

▪ Different types of loss functions can be used.

▪ The default loss function is Root-mean-square 

error (RMSE).



Activation Functions

▪ The activation function determines the output of a neuron, 
based on the weighted sum of its inputs.

▪ Available activation functions:

Linear

ReLU

ELU

Sigmoid

Tanh

▪ Each layer can have a different activation function.

▪ Note: The nonlinear activation functions are not necessarily 
polynomials and can represent general nonlinear behavior. 
For example, they can represent saturation effects.

ReLU = rectified linear unit   ELU = exponential linear unit



Activation Function Summary

▪ Linear

Linear function (“no activation function”), unbounded outputs

▪ ReLU

Piecewise linear, zero for negative values, linear for positive values, unbounded outputs

Generates a network that is sometimes easier to train than other activation functions

▪ ELU 

Similar to ReLU but smoother and more computationally intensive

▪ Sigmoid

Smoothly nonlinear, s-shaped, bounded outputs between 0 and 1

Mostly used for probabilities and classification

▪ Tanh

Smoothly nonlinear, s-shaped, zero-centered and symmetric, bounded outputs between -1 
and 1

Is the default option

ReLU = rectified linear unit   ELU = exponential linear unit



Optimization Solver Settings

▪ The DNN is trained using a specialized 

optimization solver. 

▪ The solver settings are called hyperparameters. 

Some of the most important are:

Learning rate:

• Controls optimization step size

• Analogous to numerical damping in nonlinear solvers

Batch size:

• Determines subdivision of training data into subsets

Number of epochs:

• Indicates total passes through the full dataset



Hyperparameter Guidance

▪ Learning rate:

Too low: may get trapped in local minima

Too high: can overshoot the minimum, leading to poor 
convergence

▪ Batch size:

Small size: can cause noisy gradients and longer training

Large size: may result in poor generalization and 
inefficient computation

▪ Number of epochs:

Insufficient epochs: risk of underfitting

Excessive epochs: potential for overfitting



Training and Validation Loss

▪ Training loss:

Reflects model performance on the primary training data

▪ Validation loss:

Indicates model performance on a separate, unseen 
subset of data:

• The solver sets aside a portion of the data and considers it 
unseen data for validation purposes.



Understanding Loss Metrics

▪ Training loss:

Decreases as the model learns — beware of potential overfitting

▪ Validation loss:

Helps estimate the model's ability to generalize to new data

▪ Monitoring overfitting:

A sign of overfitting: Validation loss increases while training loss 
decreases.

▪ Hyperparameter tuning:

Aim to balance and minimize both losses.

Ensures the model is learning effectively and can generalize well:

• Generalize well = applies well to unseen data



▪ The thermal actuator app and surrogate 
model demonstrate using the efficient 
geometry sampling method to generate a 
surrogate model of a parametric CAD 
model.

▪ The surrogate model is based on a design 
data table (text file) with several millions of 
rows.

▪ The surrogate model defines six functions, 
each with five input arguments.

EXAMPLE

Thermal Actuator

Download the application

https://www.comsol.com/model/thermal-actuator-surrogate-model-application-120731


▪ Surrogate model of a tubular reactor 
simulating an elementary, exothermic, 
irreversible reaction

▪ The app has three scalar input parameters: 
the activation energy, the thermal 
conductivity, and the heat of reaction

▪ The resulting surrogate model consists of 
two functions: T(r,z,E,k, dHrx) and xA(r,z,E,k, 
dHrx).

EXAMPLE

Tubular Reactor

Download the application

https://www.comsol.com/model/120381


▪ This app demonstrates the usage of a 
DNN function for predicting the rate 
capability of an NMC/graphite battery 
cell.

▪ Three input data values can be set: the 
thickness of the positive electrode, the 
active material volume fraction of the 
positive electrode, and the active 
material volume fraction of the 
negative electrode. 

EXAMPLE

Battery Rate 
Capability

Download the application

https://www.comsol.com/model/battery-rate-capability-119181


▪ A DNN-trained surrogate model 
estimates the performance of a 
microstrip patch antenna, 
depending on design 
parameters.

▪ The results can be optionally 
compared to those provided 
with a full finite element model.

EXAMPLE

Microstrip
Patch Antenna
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