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Abstract

The parameterized heat conduction equation is widely present in many scientific and engineering
problems. Since the parameters involved are random, the solution of the heat conduction equation
is also random as the uncertainty propagates. In order to characterize the randomness of the solu-
tion, it is necessary to conduct multiple simulation experiments on the equation. On the other hand,
in practical applications, we need to identify the unknown parameters in the equation based on the
front-end model under the condition of given sparse observations. The Bayesian method is an effec-
tive method to identify unknown parameters. With the help of observed data, the uncertainty in the
equation can be reduced. However, the nonlinearity between the parameters and the forward model
leads to the lack of explicit expression of the posterior distribution. We intend to use the method of
constructing Monte Carlo Markov chains to achieve sampling of the posterior distribution. The con-
vergence of the Markov chain requires millions of simulations of the forward model. Constructing a
surrogate model of the forward model is one of the effective ways to improve sampling efficiency.
As the dimension of the unknown parameters increases, the number of offline simulations required
to construct the surrogate model will also increase exponentially, which brings challenges to the
parameter identification problem. In recent years, operator learning methods based on deep learn-
ing, especially DeepONet, have provided new ideas for solving such problems. This paper uses
DeepONet as the core tool, constructs and trains an operator mapping between a random heat con-
duction coefficient and observation data based on partial solution data of the equation, and uses
this as a substitute model for parameter identification of the heat conduction equation, improving
the efficiency of parameter inversion. We verify through numerical examples that DeepONet has
high accuracy in solving parameter-containing partial differential equations, and has a good appli-
cation effect in the inversion of high-dimensional unknown parameters.
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T EEEM. R, RETEEGESHCTE T, G R RAEE. AR 0200 iE
P 2245 ) . DeepONet (Deep Operator Network){E y—F#r M MR B 724 STHEZE, NRIAE S8
A5y T FESR AL T T RS . M ELAESE 77, DeepONet 1] AR BB 25 0] B HUSFE, B MFEAEL
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PRANJT I — sl O BB 7, S A m 4E S 30 () T SR AR R AR BE . R BI AN 2 2]
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Figure 1. Linear network connection form
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Figure 2. The spatial distribution at t, =0.0015 of the four realizations of the random thermal conductivity coefficient and
their corresponding solutions
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Figure 3. Training and testing loss function diagram for a single layer of time output variables
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Figure 4. (a) Comparison of the approximate solutions of DeepONet on any two realizations of x and their corresponding
FEM reference solutions; (b) Mean relative error between DeepONet’s approximate solution on the test set and the FEM

reference solution
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Figure 5. The training and testing loss functions as functions of the number of Epochs

when x and t are used as input variables for the trunk net
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Figure 7. Average relative error between DeepONet approximate solution and reference solution at each time layer
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Figure 8. Comparison of the posterior sample mean, 3 times standard deviation interval and reference coefficient based on the
DeepONet substitution model
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