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Objectives of the work

Creation of the numerical tool supporting determination of optimal Artificial 

Neural Network architecture for metamodels by using High Performance 

Computing infrastructures.
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Metamodelling

Metamodeling is a technique to build and use derivatives of models. 

The main goal is to accelerate computations by replacing computationally 

intensive model by a black box approach

Metamodel is built and validated by using simulation data.

We use Kriging and Response Surface Method, but the most commonly applied 

approach is Artificial Neural Network. Most popular architecture is Multi-

Layered Perceptron.



KUKDM Zakopane 17.03.2016

Metamodeling
Developed software

Many ANNs
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Metamodeling
Developed software



KUKDM Zakopane 17.03.2016

Variants:
• ANN Design

• Number of hidden layers

• Number of neurons in h. layers

• Different activation functions

• Different parameters of training

• …

• ANN Re-training

Metamodeling
Developed software
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Simple ANN based metamodel format

[MLP - Single network | Connections: all to all]

[inputs count]

2

[layers count]

3

[neurons counts]

6   5   1

[weights]

[layer 1]

0.8149900652726718   0.5633698225247059

0.7357459491061787   0.5117006225630227

0.25547250990178905  0.7364164567159118

0.8529083179724495   0.4757302221249665

0.9641430355651628   0.716771528074238

0.39248483656798594  0.2978064708556025

[layer 2]

...

[layer 3]

...

[biases]

[layer 1]

0.9729090158843128

0.11729307384380172

0.80562877020384

0.6460017502948805

0.8201007148855888

0.3355414930348699

[layer 2]

...

[layer 3]

...

[activation functions]

[layer 1]

TansigFunction

TansigFunction

TansigFunction

TansigFunction

TansigFunction

TansigFunction

[layer 2]

...

[layer 3]

...

[transformation parameters]

[inputs]

LinearTransformer : 0.0 10.0 : 0.0  10.0

LinearTransformer : 1.0  9.0 : 0.0  9.0

[outputs]

...

Number of inputs

Number of layers

Number of neurons inside

layers

Header identifying format

Number of layer inputs

Number of 

neurons

Number of neurons

Number of neurons

Number of 

network inputs

Number of 

network 

outputs

Transformujący obiekt

Zakres danych 

wejściowych

Zakres danych 

wyjściowych
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Genetic Algorithm application idea

• Each ANN is a represented as a specimen keeping information on layers, neurons, activation 

functions and parameters

• The algorithm is started with random initial population between 20-40, which is 

distributed and trained

• The results of training are gathered on master node, where new population is generated by:

- new individual

crossing

RANDOM index

- new individual

RANDOM value

mutation
where:

ci – individual (ANN)

nj – number of neurons 

in j-th layer

• Applied limits and parameters:

 Population: 50

 New individuals: 50% of current population

 After each epoch only best individuals 

survives after population limit exceeded

 Crossover: 50% probability

 Mutation: 50% probability
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Results comparison between FEM and ANN
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ANN errors
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Conclusions

Issues realized:

- Implementation of the module for ANN design and parameterization,

- Submission of computing tasks on HPC infrastructure

- Application of genetic algorithm to obtain optimal configuration of ANN for 

metamodelling purposes

- Test and validation was performed

Future issues:

- Integration of ANN library with Scalarm – similar approach as in the case of 

optimization procedures and sensitivity analysis

- Application of created approach to industrial cases


