Application of Deep and Reinforcement Learning to View on
Boundary Control Problems GitHub:
Zenin Easa Panthakkalakath, Juraj Kardos, Olaf Schenk

@ Institute of Computing

The goal of the boundary control problem is, in essence, to find the optimal values for the boundaries such that the values for the enclosed domain are
as close as possible to desired values. Traditionally, the solution is obtained using nonlinear optimization methods, such as interior point, wherein the
computational bottleneck is introduced by the large linear systems. Our objective is to use Deep Learning (DL) and Reinforcement Learning (RL)
methods to solve boundary control problems with Dirichlet boundary condition faster than traditional solvers.

ABSTRACT

What is an elliptic boundary control problem? Where/how to use DL and RL?

 Domain values follow an elliptic PDE.

* Domain cells have desired values with
upper and lower bound constraints.

* Boundary cell values are controllable.

Start with a
problem

Use DL to make informed guess Guess boundary

Find the most optimal values for the
boundaries such that the domain would be
closest to their desired values, without

violating their constraints. D:D:EEEEI

Calcualte cost

Using cost and optimizer,
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Applications: Heat transfer, fluid mechanics, acoustics, electromagnetism, Note: While designing a neural network, ensure that it can work with
structural mechanics, image processing. different input/output sizes, as the size of the domain/boundary can vary.

Designing a method to make informed guess

Inputs:
Ve, Ud, Ymin Vi, * A method for informed guess can only be considered to be good if the

Uiy Uy, L, C cost for the guessed boundary value is lower than the cost when the
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boundary values assume

e the mean of the desired domain values.
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Size invariant CNN * the median of the desired domain values. toman ITCELIT: _ TR e —r
* the values at the edges of the desired domain values. edge
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* We are still experimenting to find an initial guess network that can be Note: The best network is still not as good as using
considered good. mean values as starting point.

Designing a method to iteratively perform optimization

10° F
: Inputs: u, g | :\I/Tgffc;rd (in python)
* Both spatial and temporal (g is gradients of u | Mothod » 0.1
variations need to be considered. W.r.t. cost) — — Method x 0.01

* The input would be boundary
values and it’s corresponding

gradients calculated using the cost Calculate g2, g°
function.
* CNNs, RNNs and transformers Conv+LSTM layer with

could be used. Relu activation

Conv+LSTM layer with

* The flowchart shows a method Relu activation

that performs reasonably well. Conv layer with 0 20 30 40 50 s 70 80 9 100

ReLu activation N
* Calculated on cases where method beats IPOPT only

Multiplication with
sign of g

# cases in which feasible H# cases one has lower cost

solution is found than the other
Input: empty IPOPT 5907 3962

Linear layer

Update u

Output: Learning rates Method 5108 1945

* Tested on 10,000 cases
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