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SOBOLEV TRAINING
FOR PHYSICS-INFORMED NEURAL NETWORKS*

HWIJAE SONT, JIN WOO JANG!, WOO JIN HAN$, AND HYUNG JU HWANGY

Abstract. Physics-Informed Neural Networks (PINNs) are promising applications of deep learning.
The smooth architecture of a fully connected neural network is appropriate for finding the solutions of
PDEsS; the corresponding loss function can also be intuitively designed and guarantees convergence for
various kinds of PDEs. However, the high computational cost required to train neural networks has been
considered as a weakness of this approach. This paper proposes Sobolev-PINNs, a novel loss function
for the training of PINNs, making the training substantially efficient. Inspired by the recent studies
that incorporate derivative information for the training of neural networks, we develop a loss function
that guides a neural network to reduce the error in the corresponding Sobolev space. Surprisingly,
a simple modification of the loss function can make the training process similar to Sobolev Training
although PINNs are not fully supervised learning tasks. We provide several theoretical justifications
that the proposed loss functions upper bound the error in the corresponding Sobolev spaces for the
viscous Burgers equation and the kinetic Fokker—Planck equation. We also present several simulation
results, which show that compared with the traditional L2 loss function, the proposed loss function
guides the neural network to a significantly faster convergence. Moreover, we provide empirical evidence
that shows that the proposed loss function, together with the iterative sampling techniques, performs
better in solving high-dimensional PDEs.

Keywords. Physics-Informed Neural Networks; Sobolev Training; Partial Differential Equations;
Neural Networks.
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1. Introduction

Deep learning has achieved remarkable success in many scientific fields, including
computer vision and natural language processing. In addition to engineering, deep
learning has been successfully applied to the field of scientific computing. Particularly,
the use of neural networks for the numerical integration of Partial Differential Equations
(PDEs) has emerged as a new important application of deep learning.

Being a universal approximator [7,12,23], a neural network can approximate solu-
tions of complex PDEs. To find the neural network solution of a PDE, a neural network
is trained on a domain wherein the PDE is defined. Training a neural network comprises
the following: Feeding the input data through forward pass and minimizing a prede-
fined loss function with respect to the network parameters through backward pass. In
the traditional supervised learning setting, the loss function is designed to guide the
neural network to generate the same output as the target data for the given input data.
However, while solving PDEs using neural networks, the target values that correspond
to the analytic solution are not available. One possible way to guide the neural network
to produce the same output as the solution of the PDE is to penalize the neural network
to satisfy the PDE itself. Early approaches, for instance, [21,22], proposed to train a
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trial function that exactly satisfies the boundary conditions on a set of predefined grid
points. Later, [4,14,17,28,31] reported for various kinds of problems involving PDEs.

Unlike the traditional mesh-based schemes including the Finite Difference Method
(FDM) and the Finite Element Method (FEM), neural networks are inherently mesh-free
function-approximators. Advantageously, as mesh-free approximators, neural networks
can be applied to solve high-dimensional PDEs [31] and approximate the solutions
of PDEs on complex geometries [4]. Recently, [14] showed that, in the continuous
loss setting, the neural networks could approximate the solutions of kinetic Fokker—
Planck equations under not only various kinds of kinetic boundary conditions but also
several irregular initial conditions. Moreover, they showed that the neural networks
automatically approximate the macroscopic physical quantities including the kinetic
energy, the entropy, the free energy, and the asymptotic behavior of the solutions.
Additionally, [18] reported a constrained optimization formulation to impose physical
constraints to PINNs for the Fokker—Planck equation and the Boltzmann equation.
Further issues including the inverse problem were investigated by [19, 28].

Although the neural network approach can be used to solve several complex PDEs
in various kinds of settings, it requires relatively high computational cost compared to
the traditional mesh-based schemes even for very simple differential equations due to
its high dimensional optimization nature. To resolve this issue, we propose a novel loss
function using Sobolev norms in this paper. Inspired by a recent study that incorporated
derivative information for the training of neural networks [8], we develop a loss function
that efficiently guides neural networks to find the solutions of PDEs. We prove that the
H' and H? norms of the approximation errors converge to zero as our loss functions
tend to zero for the 1-D Heat equation, the 1-D viscous Burgers equation, and the 1-D
kinetic Fokker—Planck equation. Moreover, we show via several simulation results that
the number of epochs to achieve a certain accuracy is significantly reduced as the order
of derivatives in the loss function gets higher, provided that the solution is smooth. This
study might pave the way for overcoming the issue of high computational cost when
solving PDEs using neural networks.

The main contributions of this work are threefold: (1) We propose Sobolev-PINNs,
a novel training framework with new loss functions, that enables the Sobolev Training
of PINNs. (2) We prove that the proposed Sobolev-PINNs guarantee the convergence
of PINNSs in the corresponding Sobolev spaces although it is not a supervised learning
task. (3) We empirically demonstrate the effect of Sobolev Training for several regression
problems and the improved performances of Sobolev-PINNs in solving several PDEs
including the heat equation, Burgers’ equation, the Fokker—Planck equation, and high-
dimensional Poisson equation.

2. Related works

Training neural networks to approximate the solutions of PDEs has been intensively
studied over the past decades. For example, [21,22] used neural networks to solve
Ordinary Differential Equations (ODEs) and PDEs on a predefined set of grid points.
Subsequently, [31] proposed a method to solve high-dimensional PDEs by approximating
the solution using a neural network. They focused on the fact that the traditional finite
mesh-based scheme becomes computationally intractable when the dimension becomes
high. However, because neural networks are mesh-free function-approximators, they
can solve high-dimensional PDEs by incorporating mini-batch sampling. Furthermore,
the authors showed the convergence of the neural network to the solution of quasilinear
parabolic PDEs under certain conditions.

Recently, [28] reported that one can use observed data to solve PDEs using Physics-
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Informed Neural Networks (PINNs). Notably, PINNs can solve a supervised regression
problem on observed data while satisfying any physical properties given by nonlinear
PDEs. A significant advantage of PINNs is that the data-driven discovery of PDEs, also
called the inverse problem, is possible with a small change in the code. The authors
provided several numerical simulations for various types of nonlinear PDEs including
the Navier—Stokes equation and Burgers’ equation. The first theoretical justification for
PINNs was provided by [30], who showed that a sequence of neural networks converges
to the solutions of linear elliptic and parabolic PDEs in L? sense as the number of
observed data increases. After that, the authors in [26] discovered some upper bounds
of generalization error in terms of training error, number of training samples, and the
stability of the PDE. [9] proved that ReLU-networks can approximate solutions of scalar
conservation laws and also provided an upper bound on the generalization error.

A line of research that aims to deal with the stability and convergence issue of PINNs
is recently drawing attention. [25] proposed a self-adaptive loss balancing algorithm
that gives more weight to the region where the solution exhibits sharp transition. [34]
claimed that the stiff gradient statistics causes an imbalance in the back-propagation and
proposed a learning rate annealing algorithm to resolve it. [35] investigated the training
dynamics of PINNs in the neural tangent kernel regime and proposed an adaptive loss
balancing algorithm based on the eigenvalues of the tangent kernels. Another branch
of works considered the training of PINNs as multi-objective learning (See, [5,29, 33]
for more information). There also exists a study aiming to enhance the convergence of
PINNs [32,33].

Additionally, several works related deep neural networks with PDEs but not by the
direct approximation of the solutions of PDEs. For instance, [24] attempted to discover
the hidden physics model from data by learning differential operators. A fast, iterative
PDE-solver was proposed by learning to modify each iteration of the existing solver [13].
A deep Backward Stochastic Differential Equation (BSDE) solver was proposed and
investigated in [11, 36] for solving high-dimensional parabolic PDEs by reformulating
them using BSDE.

The main strategy of the present study is to leverage derivative information while
solving PDEs via neural networks. The authors of [8] first proposed Sobolev Training
that uses derivative information of the target function when training a neural network
by slightly modifying the loss function. They showed that Sobolev Training had lower
sample complexity than regular training, and therefore it is highly efficient in many
applicable fields, such as regression and policy distillation problems. We adopt the con-
cept of Sobolev Training to develop Sobolev-PINNs, a novel framework for the efficient
training of a neural network for solving PDEs.

3. Loss functions
We consider the following Cauchy problem of PDEs:

Pu=f, (t,x)€[0,T] xQ, (3.1)
Tu=g, (t,x)€{0} xQ, .
Bu=h, (t,x)€[0,T] x 09, (3.3)

where P denotes a differential operator; I and B denote the initial and boundary opera-
tors, respectively; f, g, and h denote the inhomogeneous term, and initial and boundary
data, respectively. In most studies that reported the neural network solutions of PDEs, a
neural network was trained on uniformly sampled grid points {(tl,xj)}f\];ﬁz €10, 7] x 9,
which were completely determined before training. Omne of the most intuitive ways
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to make the neural network satisfy PDEs (3.1)—(3.3) is to minimize the following loss
functional:

E(unn;p) = ||Punn f”Lp( 0,7]x) + Hjunn _gHiP(Q) + ||Bu7m _hHip([o,T]XaQ)v

where u,,, denotes the neural network and p=1 or 2, as they have been the most com-
monly used exponents in regression problems in previous studies. Evidently, an analytic
solution u satisfies £(u) =0, and thus one can conceptualize a neural network that makes
L(tnn)=0 a possible solution of PDEs (3.1)—(3.3). This statement is in fact proved for
second-order parabolic equations with the Dirichlet boundary condition in [19], and
for the Fokker—Planck equation with inflow and specular reflective boundary conditions
in [14]. Both the proofs are based on the following inequality:

||U_U'rm||L°°(O7T;L2(Q)) < Cﬁ(urmaz)a

for some constant C', which states that minimizing the loss functional implies minimizing
the approximation error.

The main concept behind Sobolev Training is to minimize the error between the
output and the target function, and that between the derivatives of the output and those
of the target function. However, unlike the traditional supervised regression problem,
neither the target function nor its derivative is provided while solving PDEs via neural
networks. Thus, a special treatment is required to apply Sobolev Training for solving
PDEs using neural networks. In this and the following sections, we propose several loss
functions and prove that they guarantee the convergence of the neural network to the
solution of a given PDE in the corresponding Sobolev space. Therefore, the proposed
loss functions play similar roles to those in Sobolev Training.

We define the loss function that depends on the Sobolev norm W¥*? as follows:

Lok @)= [1P@unt )= S oy B

CIC(UnnJaQ):”Iunn(t;m)_g(l')le,q(Q)a (35)
p

LBc(Unn;k,p,l,q) = HBunn(t7‘)_h(ta')lli]/yl‘q(ag)Hwkﬂp([oT])- (3.6)

REMARK 3.1. Here, the total loss with zero derivatives

LY rar (nn) = L6 (tnn30,2,0,2) + L16(ttnn;0,2) + L 5o (tnn; 0,2,0,2)

coincides with the traditional L? loss function employed by [4, 14,28, 31].

When we train a neural network, the loss functions (3.4)—(3.6) are computed by
Monte-Carlo approximation. Because the grid points are uniformly sampled, the loss
functions are approximated as follows:

TQ
LGE(Unn,k,p,l,q ‘ | Z Z Z Z|DQP unn tuxj))_Daf(ti?xj”q )

v nim |2 RS

Y @
EIC’(unna ,q Nl | Z ZID unn O x]) D* g(x7)| ’

T al<tj=1
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LBC(unnakvpalaq Jz\—‘/J({j\g Z Z Z Z |D Unn tlaaj]) Dah(tivxj)r] )

|8|<ki=1 ‘(x|<la3]€89

where a and 8 denote the conventional multi-indexes, and D denotes the spatial deriva-
tives.

4. Theoretical results

In this section, we theoretically validate our claim that our loss functions guarantee
the convergence of the neural network to the solution of a given PDE in the correspond-
ing Sobolev spaces and that they play a similar role to those in Sobolev Training while
solving PDEs via neural networks. Throughout this section, we will denote the strong
solution of each equation by u, neural network solution by t,,,, and Sobolev spaces W2
and W22 by H' and H?, respectively. We also assume that u,,, € C° by considering the
hyperbolic tangent function as a nonlinear activation function. The statements in this
section are written in relatively intuitive forms. Mathematically rigorous statements
and proofs are provided in Section 7. The proofs for the heat equation (Section 7.1)
and the Poisson equation (Section 7.4) are straightforward from the well-known PDE
theory.

4.1. The heat equation and Burgers’ equation. We define the following
three total loss functions for the heat equation and Burgers’ equation:

E’gg)éTAL(unn) :EGE(unn;072;072) +£IC’(unn§O72) +‘CBC(unn§Oa27072)a (41)
‘C’_(rlgTAL(unn) :EGE(unn;Oa2;032) +£IC<unn; 172) +£BC(Unn;0a27072)a (42)
L8 rar tnn) = LE (nn3 1,2,0,2) + L10 (nn; 2,2) + Lo (unni0,2,0,2).  (4.3)

We then obtain the following convergence theorem:

THEOREM 4.1. For the following 1-D heat and Burgers’ equations:

The heat equation Burgers’ equation
U — Uz =0 in (0,T] x Q, Up + Uy — Vg, =0 in (0,77 X £,
u(0,2) =ug(z) on £, u(0,2) =ug(z) on £,
u(t,z)=0 on [0,T] x 09, u(t,z)=0 on [0,T] x 0L,

there hold, provided that Uy, is smooth,

(0)
org&XT”“( ) = tnn (t)l|L2(2) =0 as Lporap =0,

1
esssup || u(t) — upn (t) HHé(Q) —0 as E(T())TAL —0,
0<t<T

2
esssup||u(t) — Unn (t)|| g2(0) — 0 as ‘Cg“éTAL —0.
0<t<T

Proof. Proofs are provided in Theorem 7.1 for the heat equation, and Theorem
7.2 for Burgers’ equation. 0

4.2. The Fokker—Planck equation. For the Fokker-Planck equation, we need
additional parameters for a new input variable v. We define the following two total loss
functions for the Fokker—Planck equation:

LI () =L 5 (1n30,2,0,2,0,2)
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+£IC(Unn;O727Oa2) +£BC(Unn;Oa2aov270a2)a (44)

L5t A (i) =L 8 (Unni0,2,1,2,1,2)
+£10(unn;1727132)+£BC(unn§O;23072aOa2)~ (45)

We then have the following convergence theorem:
THEOREM 4.2.  For the 1-D Fokker—Planck equation with the periodic boundary con-
dition:

U+ VUy 75(”“)1} —qUyy =0, for (t,x,’u) € [OvT} X [071] xR,

w(0,2,v) =ug(z,v), for (z,v)€[0,1] xR,
e ou(t,1,0) =0, u(t,0,0)=0, for (t,v) €[0,T] xR,
there hold, under assumptions (7.50) and (7.51),

(0;FP)

sup_[|u(t) = unn ()|l 22 (@x[-viv)) =0 as Lyopar =0,
0<t<T
s FP
sup |[u(t) = wnn (t) || a1 (0s22(—v,v)) — 0 as Eg}OT}‘L —0.
0<t<T
Proof. Proofs are provided in Theorem 7.3 and Theorem 7.4 a0

REMARK 4.1. The theorems in this section imply that the proposed loss functions
guarantee the convergence of neural networks in the corresponding Sobolev spaces,
thereby coinciding with the main idea of Sobolev Training. However, the theoretical
results in this section imply the convergence of wu,, to w only when Lrorar —0. In
Section 5, we empirically demonstrate faster convergence of the error of the proposed
Sobolev-PINNs.

REMARK 4.2. The theorems in this section cannot be directly generalized to the high-
dimensional cases because even the 2-dimensional case starts involving the convexity
of the boundary. Though it has also been shown that the Fokker-Planck operator has
strong hypoellipticity and the solutions to the boundary problems are smooth even in
the higher dimensional case, the proof requires long rigorous mathematical analysis. For
more information, see [15,16].

REMARK 4.3.  Because we cannot access the label (which corresponds to the ana-
lytic solution) on the interior grid, solving PDEs using a neural network is not a fully
supervised problem. Interestingly, by incorporating derivative information in the loss
function, the proposed approach enables Sobolev Training even if neither the labels nor
the derivatives of the target function are provided.

5. Experimental results

In this section, we provide experimental results for toy examples that comprise sev-
eral regression problems and various kinds of differential equations, including the heat
equation, Burgers’ equation, the kinetic Fokker—Planck equation, and high-dimensional
Poisson’s equation. We employ a fully connected neural network, which is a natural
choice for function approximation. We use the hyperbolic tangent function as a nonlin-
ear activation function. Although ReLU (z) =max(0,z) is a frequent choice in modern
machine learning, it is not appropriate for solving PDEs because the second derivatives
of the neural network vanish.

In appreciation of Automatic Differentiation, we can easily compute derivatives of
any order of a neural network with respect to input data despite the compositional
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structure; see [2] and references therein. We implemented our neural network using
PyTorch, a widely used deep learning library [27]. For the numerical experiments,
we used a neural network with three hidden layers each of which had d-256-256-256-1
neurons, where d denotes the input dimension. We used the ADAM optimizer [20], a
popular gradient-based optimizer.

To see whether our loss functions performed more efficiently than the traditional
L? loss function introduced in Remark 3.1, we kept everything the same except the
loss function. We compared the loss functions on the basis of [|u—tny | L2/ |ul L2 @)
test error for the toy examples and the high-dimensional Poisson equation, and |ju—
Unn||Loo(07T;L2(Q)) test error for the heat, Burgers, Fokker—Planck equation as in the
left-hand side of the estimates in Theorems 4.1, 4.2. For each loss function, we recorded
the number of epochs required to meet a certain error threshold and the test error.
Considering the randomness due to network initialization, we repeated the training a
hundred times. Conversely, we initialized a hundred different neural networks with
uniform initialization and trained them in the same manner. To compute the test
error, we used analytic solutions for the Heat equation, Burgers’ equation, and the
high-dimensional Poisson equation, and a numerical solution from [38] for the kinetic
Fokker—Planck equation.

In Figures 5.1-5.4, histograms in the first column are generated using the number
of epochs required to achieve a certain accuracy, the plots in the second column are
the error plots for a hundred training instances, and the third column shows the actual
computation time for training in seconds. We provide the average errors over a hundred
instances in the error plot with the logarithmic axis scale. Evidently, our loss function
significantly reduces the number of epochs and test errors when solving various kinds
of PDEs using neural networks.

5.1. Toy examples. First, we consider two simple regression problems with
target functions sin(z) and ReLU(x), respectively. For these toy examples, we define
the loss functions as follows:

L% 1oss = ||tnn (2) —y(z)|3,
H' 1oss = [[unn (2) = y() 3+ [[un, (2) =y (2)]]3,
H? 1oss = [|unn () = y(@) |15+ [|ur,, () = (@) 3+ [ur, (2) =" (2)[[3,

where y(z) denotes either sin(x), or ReLU(z). We uniformly sampled a hundred grid
points from [0,27] for training sin(x). Similarly, we uniformly sampled a hundred grid
points from [—1,1] for training ReLU(x). We expected the training to become fast
using higher order derivatives as many as possible when training sin(z) and ReLU(x).
Figure 5.1 confirms our assumption to be true. Interestingly, although ReLU (z) is not
twice weakly differentiable at only one point x=0, the H? loss does not facilitate the
training.

In order to explore the nature of Sobolev Training, we design more complicated
toy examples. Consider the target functions sin(kx), for k=1,2,...,5, and ReLU (kx)=
max(0,kx), for k=1,2,3...,10. As k increases, the target functions and their derivatives
contain drastic changes in their values, so it is difficult to learn those functions. We
hypothesize that in Sobolev Training, the training becomes faster since we give explicit
label for the derivatives and it becomes easier to capture the drastic changes in the
derivatives. This is empirically shown to be true in Figure 5.2. We train neural networks
to approximate sin(kx), and ReLU (kx) for different k& and record the number of training
epochs to achieve certain error threshold which can be regarded as a difficulty of the
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sin(x) / Number of Epochs sin(x) / Error Plot sin(x) / Time Plot
L2 loss
-1 loss
2 - H2 loss

L2 loss
= H1loss
= H2 loss

Average training time (seconds)

500 1000 500 000 2500 3000 ) ED 0 w0 %o 1000 Hioss
Number of Epochs Number of Epochs Loss functions

ReLU(x) / Number of Epochs ReLU(x) / Error Plot ReLU(x) / Time Plot

. =12 loss 10 — L2loss
m—H1loss — Hlloss
— H2loss

-2 loss
= H1loss

Average training time (seconds)

£ 1000

a0 10000 o 200 a0 0
Number of Epochs Loss functions

G 2000 4000 00
Number of Epochs

Fi1G. 5.1. First row: results for sin(z), Second row: results for ReLU(x). First column: His-
tograms generated from the repeated training of neural networks for training sin(z), and ReLU(z).
Second column: Test L? errors. Third column: Average training time for each loss function to achieve
certain error threshold. Error bars are for standard deviations. The thresholds for the error are set to
10~

sin(kx) ReLU(kx)

2000
800
1750

Number of Epochs.
Number of Epochs.

FiG. 5.2. Average number of epochs to make error less than 103 increases in L2 loss as k
increases. However, when we use H', and H? losses, required number of epochs increases much more
slowly or stays the same as k increases.

problem. As one can see in Figure 5.2, the difficulty changes little to none when we train
with H! and H? losses while the difficulty increases with k& when L? loss is used. This
implies that the difficulty of training barely changes in Sobolev Training even when
the target function has stiff changes. The same observations are made when solving
PDEs. The improvement of our loss functions as compared to L? loss function are
more dramatic for Burgers’ equation (which has stiff solution [28]) than for the heat
equation, with the initial condition of f, (which has a higher frequency) than with
the initial condition of f; in the Fokker—Planck equation, and as k increases for the
high-dimensional Poisson equation, see Figure 5.5.

5.2. The heat equation & Burgers’ equation. We now demonstrate the
results of the Sobolev Training of the neural networks for solving PDEs. We begin
with the 1-D heat equation, and Burgers’ equation, which is the simplest PDE that
combines both the nonlinear propagation effect and diffusive effect. Burgers’ equation
often appears as a simplification of a more complex and sophisticated model, such as
the Navier—Stokes equation. The equations with the homogeneous Dirichlet boundary
condition read as follows:

The heat equation attains a unique analytic solution u(t,z)=sin(z)exp(—t); an
analytic solution of Burgers’ equation is provided in [1].
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The Heat equation Burgers’ equation
Ut — Uz =0 in (0,10] x [0,7], | us+uu, —0.2uz, =0 in (0,0.01] x [0,1],
u(0,z) =sin(z) on [0,7], u(0,z) = —sin(7z) on [0,1],
u(t,z)=0 on [0,10] x {0,7}. u(t,z)=0 on [0,0.01] x {0,1}.

Although [31] indicated that iterative random sampling reduces the computational
cost, we fixed the grid points before training because we aimed to compare the efficiency
of our loss function with that of the traditional one. For the heat equation and the
Burgers’ equation, we uniformly sampled the grid points {¢;,x; }fvjtzl\l]m from (0,7]x €,
where N; and N, denote the number of samples for interior ¢ and x, respectively. For the
initial and boundary conditions, we sampled the grid points from {¢t =0,z; }jvz’”l e{0} xQ
and {ti,xj}ﬁ’;’:A{B €[0,T] x 092, respectively, where Np denotes the number of grid points
in 02. Here, we set Ny, N,,Ng=31. We use 10,000 points uniformly sampled from
[0,7] x Q2 as a test dataset.

The L?, H!, and H? losses are the Monte-Carlo approximations of (4.1), (4.2), and
(4.3), respectively, for the heat equation and Burgers’ equation. Working on achieving
a smooth solution, we observed that the H? loss performed the best, followed by the
H?' loss and then the L? loss in both accuracy, and computation time. We show the

corresponding results in Figure 5.3.

The heat equation / Number of Epochs The heat equation / Error Plot The heat equation / Time Plot

-2 loss
= H1loss
= H2 loss

Counts

a0 00 oso0 e w0 6 o 40 w0 s 1000

000 5000 o000 7000 ] 2000 000 000 )
Number of Epochs Number of Epochs Loss functions.
Burgers'equation / Number of Epochs Burgers'equation / Error Plot Burgers'equation / Time Plot

- L2 loss
- H1loss
= H2 loss

- L2 loss
—H1loss
= H2 loss

10

Counts
L=(0,T;L?) error

2000 3000 000 s000 ] 1000 2000 3000 so00
Number of Epochs Number of Epochs Loss functions.

Fia. 5.3. First row: results for the heat equation. Second row: results for Burgers’ equation. First
column: Histograms for the heat and Burgers’ equation generated from a hundred neural networks for
each loss function. Second column: Test L>(0,T;L?(Q)) errors. Third column: Average training time
for each loss function to achieve certain error threshold. Error bars are for standard deviations. The
thresholds for the error are set to 1075,

5.3. The Fokker—Planck equation. The kinetic Fokker-Planck equation
describes the dynamics of a particle whose behavior is similar to that of the Brownian
particle. The Fokker—Planck operator has a strong regularizing effect not just in the
velocity variable but also in the temporal and the spatial variables by the hypoellipticity.
The Fokker—Planck equation has been considered in numerous physical circumstances
including the Brownian motion described by the Uhlenbeck-Ornstein processes.

We provide two simulation results for different initial conditions for the 1-D Fokker—
Planck equation with the periodic boundary condition. For the Fokker—Planck equation,
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we adopted the idea of sampling from [14]. Because it is practically difficult to consider
the entire space for the v € R variable, we truncated the space for v as [—5,5]. We then
uniformly sampled the grid points {ti,xj,vk}fﬁ”,ivjl’lv“ from (0,7]x Q2 x [=5,5], where
N, denotes the number of samples for v. The grid points for the initial and periodic
boundary conditions were accordingly sampled. The truncated equation reads as follows:

g+ vy — B(VU)y — Uy, =0, for (¢,2,v) € (0,3] x [0,1] x [-5,5],
uw(0,z,v) = f(z,v), for (z,v) €[0,1] x [-5,5],
o ou(t,1,0) =08, u(t,0,0)=0, for (t,v)€]0,3] x [-5,5],

t,x,v t,x,v

where f(z,v) is either

x,v)= M
fl( ’ ) fi.)exp(—qﬂ)dv’
fa(x,v) (1+cos(2mz))exp(—v?)

- fol f_55(1 +cos(2mz)) exp(—v?)dvdx '

and =0.1,¢q=0.1.

We define a test dataset by using 50,000 uniformly sampled points from [0,3] x
[0,1] X [=5,5]. A numerical solution on the test data was computed by a method shown
by [38] and used for computing the test error. L? loss and H' loss denote the Monte-
Carlo approximations of (4.4) and (4.5), respectively. The values of Ny, N,, and N,
were set to be 31, and the grid points were uniformly sampled. Expectedly, a solution
of the Fokker—Planck equation could be estimated substantially faster using our loss
function in both cases. We have provided the detailed results in Figure 5.4.

fi(x,v) / Number of Epochs fix,v) / Error Plot fi(x,v) / Time Plot

Counts

L*(0, T; L?) error
Average training time (seconds)

HLlosz

o 1000 1200 1400 1600 3 %0 50 w0
Number of Epochs Number of Epochs Loss functions

f(x,v) / Number of Epochs f(x,v) [ Error Plot f(x,v) / Time Plot

-2 loss

(2055
= H1loss

== H1loss

Counts
L(0,T;L?) error

Average training i

1000 1500 2000 2500 oo 0 s
Number of Epochs Loss functions

Fia. 5.4. First row: results for f1 initial condition. Second row: results for fo initial condition.
First column: Histograms generated from a hundred neural networks for each loss function. Second
column: Test L>(0,T;L%(Q)) errors. Third column: Average training time for each loss function to
achieve certain error threshold. Error bars are for standard deviations. The thresholds for the errors
for the initial conditions f1(x,v), and f2(x,v) are set to 10~%, and 10~3, respectively.

5.4. The High-dimensional Poisson equation. The Poisson equation serves
as an example problem in the recent literature; see [13,37,39]. In this section, we provide
empirical results to demonstrate that the proposed loss functions perform satisfactorily
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when equipped with iterative sampling for solving high-dimensional PDEs; see [31] for
more information. Convergence result similar to those in Section 4 for the Poisson
equation is given in Section 7.4. We consider the following high-dimensional Poisson
equation with the Dirichlet boundary condition:

—Au= % gsin(gmi), for z€Q=(0,1)%,
d T
= in(-x;), for x €09,
u ;sm(zx ), for x
where = (21, 22,...,24) € Q. One can readily prove that u(x) = Zle sin(5x;) is a strong
solution. We compare the following three loss functions with each other:

£§9701;?‘2520n) (unn) = £GE(unn;072) + EBC(unn;()vQ)v (51)
£iPorsson) (Y= Lop(tnn; 1,2) + Lo (Unn;0,2), (5.2)
LE () = Lk (tnni 1,2) + L (tnn: 1,2). (5.3)

Notably, the aforementioned loss functions have only z variable. Table 5.1 presents
the relative errors on a predefined test dataset, which consists of 100,000 points uni-
formly sampled from €2, for d=10,50, and 100. Evidently, in all cases, the proposed
loss functions outperform the traditional L? loss function.

Dimension L7755 ™  Lyorar”™  Liorar
10 0.38% 0.22% 0.22%
50 2.00% 1.74% 1.52%
100 3.15% 3.06% 2.89%

TABLE 5.1. Average of the relative errors of a hundred neural networks for the high-dimensional
Poisson equations. We uniformly sampled 500 data points from Q for each epoch and trained the
neural networks in 10000 epochs at a learning rate 104,

We next consider the high-dimensional Poisson equation with different boundary
condition. In Subsection 5.1, we pointed out that the “difficulty” of learning sin(kx)
increases as k increases. As a generalization of the argument, we consider the following
PDEs:

—Au= (k

m)* zd:sin(k—ﬁx-) for z€Q=(0,1)¢
4 e 9 i)y — Y )

d
u= Zsin(%rxi), for x €09,
i=1

for d=10, k = 1,3, and 5. As one can see in Figure 5.5, the improvement of Sobolev
training gets bigger as k increases. This observation coincides with the one in Section
5, as we expected. Moreover, we present the comparison of training time to meet a
certain error value for different loss functions in Figure 5.5. The result shows that it is

advantageous to use the proposed loss functions in time, even in high-dimensional case.
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Fia. 5.5. Left column: Test errors as training goes for different values of k. Right column:
Required Training Time to achieve a certain test error.
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F1G. 5.6. Test errors as training goes for different learning rates.

5.5. Sobolev-PINNs with different learning rates. In this subsection, we
provide several experiments that show the proposed loss functions generally perform
better in different learning rates. We first show the results for Burgers’ equation. In
Figure 5.6, we show the test errors versus training epochs plot for different learning
rates. We used 1073,1074,107° as learning rates and we observe that H? loss performs
best followed by H' and L? loss functions.

We next present similar experiments for the high-dimensional Poisson equation. We
trained 30 neural networks with different initializations with different learning rates.
The average errors are presented in Figure 5.7. As in the Burgers’ equation, our loss
functions perform better than the traditional one in all learning rates.

5.6. Sobolev-PINNs in low-data regimes. [8] empirically demonstrated
that the neural network captures the target function’s shape and the effect of Sobolev
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Fic. 5.8. Test errors for different numbers of training samples.

Training is much stronger in low-data regimes. Here, we present similar results for the
proposed Sobolev-PINNs through the Burgers equation and the Fokker—Planck equa-
tion. Figure 5.8 shows test errors for different numbers of training samples for the
Burgers equation and the Fokker—Planck equation. In both equations, Sobolev-trained
networks successfully approximate the solutions with small test errors in extremely low-
data regimes. We also observe that the effect of Sobolev Training continues from the
low-data regime to the high-data regime.

6. Discussion and Conclusion

Inspired by Sobolev Training, we proposed Sobolev-PINNs,; a novel framework in-
volving new loss functions, which efficiently guided the training of neural networks for
solving PDEs. We theoretically justified that the proposed loss functions guaranteed
the convergence of a neural network to a solution of PDEs in the corresponding Sobolev
spaces. We also discussed that the proposed theorems imply that the training becomes
Sobolev Training by slightly modifying the loss function, although the process of esti-
mating neural network solutions of PDEs is not fully supervised.

In addition to the toy examples, which showed the exceptional speed of Sobolev
Training, we provided empirical evidence to demonstrate that Sobolev-PINNs expedited
the training more than the traditional L? loss function. We believe that this can solve
the problem associated with the high costs involved in estimating the neural network
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solutions of PDEs. Moreover, our experiments on high-dimensional problems showed
that the proposed loss function performed better when equipped with iterative grid
sampling. The histograms in Figures 5.1-5.4 indicate that our loss function provided
more stable training in that it reduced the variance in the distribution of the number
of epochs (e.g., for the Burgers’ equation, L? loss: 36514812, H' loss: 995471, and H?
loss: 331+£15). Thus, the training, when governed by our loss function, became robust
to the random initialization of the weights.

7. Formal statements and proofs for the Theorems in Section 4
7.1. The heat equation. We denote the strong solution of the heat equation
U — Uz =0 in (0,7T] x Q,
u(0,2) =up(z) on Q,
u(t,z)=0 on [0,T] x 0%,

by u and the neural network solution by ;. Then, v=u—u,, satisfies:

Vg — Uy = f(t,2) in (0,7] x Q,
v(0,2) =g(x) on Q, (7.1)
v(t,z)=0 on [0,T] x 09,

for some f, and g. Here, we can set the boundary to be zero by multiplying B(z), where

=0, z€09

B(x) is a smooth function satisfying B(x) {7&0 cq Then the following holds:
, T

THEOREM 7.1 (Theorem 7.1.5 in [10]). If g€ H?(2), f; € L*(0,T;L*(Q)), then,

Or%l%xTHU(t)Hm(Q) <CL(If 20,5020+l L2(0)) (7.2)
esssup ||U(t) HH&(Q) S C2(||f||L2(O,T;L2(Q)) —+ ||g||Hé(Q)), (73)
0<t<T
esssup [|v(t) || m2(2) < Cs([| £ 2 0,7522(0)) + 191l m2(02)) (7.4)
0<t<T

for some C1,C5,C5.
By applying above theorem to (7.1), we get the results of Theorem 4.1.

REMARK 7.1.  The left-hand sides in (7.2) - (7.4) are the errors of neural networks
in corresponding norms, and the right-hand sides are the losses (4.1) - (4.3) for the
heat equation, respectively. This implies that the proposed loss functions are the upper
bounds of the errors in the Sobolev spaces, and by minimizing them, we can expect the
effect of Sobolev Training when solving PDEs with neural networks.

In the rest of this section, we will show the similar results for Burgers’ equation and
the Fokker—Planck equation.

7.2. Burgers’ equation. We consider the strong solution u of the following
Burgers equation in a bounded interval Q= a,b],

Ou+udpu—02u=0 in Q, (7.5)
u=0 on 0f,
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and the corresponding neural network solution w,,, satisfying

atunn +unnaxunn - 8§Urm = f in Qa (77)
Upnp =0 on 99, (7.8)

with the inital data «(0,-) and w,,(0,-), respectively.

The following proposition ensures the existence of a strong solution to the initial
boundary value problem (7.5)—(7.6) (see [3]). Here, we multiply B(x) to wpy(t,2) in
order to meet the boundary condition. We use the notation < where the relation A < B
stands for A <CB, where C' denotes a generic constant.

PROPOSITION 7.1 (Theorem 1.2 in [3]). Let ug€ H}. Then there exists a time T* =
T*(up) >0 such that the problem (7.5)—(7.6) with initial data ug has a unique solution
of u satisfying

we L*(0,7 H?(2))NC([0,T%); Hy (2)),
uy € L*(0,T*; L*(2)).

Furthermore, if T* < oo, then ||ul| g1y —o0 as t—T.
We will show that the following theorem holds.

THEOREM 7.2. Let u and up, be strong solutions of (7.5)—(7.6) and (7.7)—~(7.8)
respectively, on the time interval [0,T]. For w:=uy,, —u, following statements are valid.

(1) There exists a continuous function

T T
Fo—Fp (w<o,->|§, / I 7[12dt, / ||6Iu||§dt>

such that
T
sup w2+ / |Oswlf3dt < Fy =0,
0<t<T 0
as

T
(0,12, / (12t 0.

(2) There exists a continuous function

T T
F=F (nw(o,-)n%p, / 113, / ||azu||§dt>

such that
T
sup [lwllZ + / |0l + w2t < Fy 0, (7.9)
0<t<T 0

as

T
1w(0,)[121, / 1712t 0.
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(3) There exists a continuous function

T T
F2=F2<||w(0w)||§127/ I£113+110cf ||3dt, sup ||3xu|\§+/ |atu|§dt>
0 0<t<T 0
such that
T
sup (||w||%2+||wt||§)+/ 10, w||F2dt < Fy =0, (7.10)
0<t<T 0

as

T
10(0,) 122, / 1F112 4+ 194 £112dt 0.

REMARK 7.2. By Morrey’s embedding theorem and Poincare’s inequality, for f €
H}(2), we have the following inequality,

IF1% < CLllFIE+1f212) < Call £213, (7.11)

for some C1,C5 only depending on Q (see Theorem 5.6.4 in [10] and Proposition 8.13
in [6]). Throughout the proof, we widely use (7.11).

Proof. Subtracting (7.5) from (7.7), we get equations of w as follows.

Wy — Wap +WWe + WUy +uw, = in Q, (7.12)
w=0 on 05, (7.13)
w(0,)=g in Q. (7.14)

By multiplying w to (7.12) and integrating by parts in €, we have

1d
W||w||§+uwx||§=/fw—/w%w—/w%m—/uwwﬁ/ ww,.
2 dt Q Q Q o 00
5
=> 1. (7.15)
k=1

Now we estimate the terms on the right-hand side of (7.15). Applying Young’s
inequality, Holder’s inequality, the Sobolev inequality, and the Poincare inequality, we
have

1 (7.11) 1
<[ fllallwll < =1 fl5+ellwls < —lIF15+Crellwals, (7.16)
1 1 1
=[] -w'=-w®b)--w(a)=0 7.17
§= [ Jut=gut)-gut@) =0, (717)
1
I <[[wlloc [wlla |l |2 < = a3 |wl3 + €llwlloc, (7.18)

11
< e B3+ Caellw B,

1
13 <[lulloollwllallwe | < = flulloo [wll3 + €llwz I3, (7.19)

(7.11)
P ]

= a3 lwll3 +ellwe 3,
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I? =w(b)w, (b) —w(a)w,(a) =0, (7.20)

for any small € >0 and for some constants C7,C5, and C5 only depending on 2. Overall,
we have

1d +C’3
5 dtllwllzﬂlwallz ||f|\§+€(01 + 0+ 1) [Jwg |5 + e |[3]]w]]3-
If we take e< m, then we obtain the following inequality
d
%IIMII%||'wz||§SHMH%IIW”%HIJ‘II%» (7.21)
(7.21) and the Gronwall inequality imply that
2 < f T Jus|3dt 2 g 2
sup [Jwl[z Selo M= lglla+ [ [[fll2dt |- (7.22)
0<t<T 0

Let us denote

T
/0 e |2t =5

Now we integrate (7.21) between 0 and T and drop the term ||w(T)||3 on the left-hand
side to obtain

T T
/0 s |2de < lg]3 + / a2 lllZ 411 71262
T
< (B +1) [ Igl2+ / 17124t ). (7.23)

This completes the proof of (1) of Theorem 7.2.
Next, by multiplying —w,, to (7.12) and integrating by parts in §2, we obtain

1d
2.dt

Q Q Q Q o0

=) 1. (7.24)

— llwsll + llwea |13

Similarly to (7.16)—(7.20), we estimate the terms on the right-hand side of (7.24).

1

I} < Hf||2|\wm\|§§EHngJrEIIme%, (7.25)
D Cy 4

I <|wlloo [Jwe|2 ||wm||2 < s +el|wae 3, (7.26)
02

I3<Hw||00||u$” ||w:m||2 > ||u1‘|2||wm||2+6||w$m||27 (7.27)
C3

1§ < lulloolwe 12 ||wm||2 < ||Um|\ [wz |3+ €llwaz |13, (7.28)
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I} = wi (b)w, (b) — wy(a)w,(a) =0, (7.29)
for any small € >0 and some constants C7,C5, and C3 only depending on €. Apply-

ing estimates (7.25)—(7.29) to (7.24) and choosing small enough epsilon, we have the
following inequality

d 2 2 < 2 2 2 2
e lwell2 +llwee 12 S (lwa llz + lus [2)llws Iz + 11 Fll2- (7.30)

It follows from (7.23), (7.30), and the Gronwall inequality that

T
T 2 2
sup [[w,||2 < el '“’“““2*'““'2“<||9I|%+ / Ifllédt>

0<t<T
T
Sele <gz||§+ / ||f3dt>. (731
0

In a similar way to (7.23), there exists a function F =Fi([|fllz20,1522), l9|l 1, B) such
that

T
/ [weell5dt S Fh- (7.32)
0

(2) of Theorem 7.2 follows from (7.31), (7.32), and the fact that
Wy = f +Wog — WWe — Wiy — Uy (7.33)

Finally, we differentiate (7.12) with respect to ¢, then we obtain

Wit — Wagt + W Wy +WWey + Wiy + Wy +UpWy +UWe = fr in Q, (7.34)
w; =0 on 09, (7.35)
Wy (O) = f+9ze — 99x — GUoz —Uogz in 2. (736)

By multiplying w; to (7.34) and integrating by parts in 2, we have

1d
§£||wt||§+||wm||§:/ftwt—/wfwx—/wwtht—/wfux
Q Q Q Q

_/wwtuwt_/utwth_/uwtwmt+/ Wi Wet,
Q O Q o0

=) I (7.37)

Terms on the right-hand side of (7.37) are estimated by

) @iy, ,

I < fellallwellz - < E”ft”z‘i‘cl‘f‘lwwt“zv (7.38)

5 (7.11) 1 5 5 9

I5 <[|wil[ool[wl2||we ]2 < gwa||2||wt|\2+Cz€|\wwt||27 (7.39)
(7.11) Cy

I3 <|wllsollwell2llwatll <~ == {wal|3lwel3 + €llwae 13, (7.40)

€
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D1
I3 < willoo wel2lluslls < gHumH%HwtH§+C46Hwn|\§, (7.41)
2 2 05
Is+15= | wwauy < ||wlloolluell2 Iwatllz < IIUtH [[wel3 + ellwae|3, (7.42)

Q

D Cs
17 < lull2[|w |2 meHz < fHuxll [[well3+e€llwae 13, (7.43)
12 =0, (7.44)

for any small € >0 and for some constants C7,C5,C3,C4,Csand ,Cg only depending on
Q. Applying estimates (7.38)—(7.44) to (7.37) and choosing small enough €, we have the
following inequality

d
Sz 4 lwaells S (wallz + llwel|2 4 el |2) lwdllz + 11703 (7.45)

It follows from (7.36), (7.45) and the Gronwall inequality that

2 < o Jo Nwall3+llus |3+ ue | 3dt 2 T

sup Jwy[|5 S edo Ml fluw, (0)]2+ [ [ f2ll2
0<t<T 0

T
Sevel <||fo||§+||9m||§+llgm3+|uOm|§||gm||§+/O ||ft||§dt>- (7.46)
where

T
- / it 3+ oz 3t

In a similar way to the proof of (2) of Theorem 7.2, (3) of Theorem 7.2 follows from
(7.33) and (7.46). This completes the proof of the theorem. ad

7.3. The Fokker—Planck equation.

7.3.1. Boundary loss design. Define the loss function for the periodic boundary
condition as

EBC—Z/ dt/ dv‘ O e o ™" (8,1, v5m,w,b) — twvf"”(tOvmwbﬂ
la]=1
1

NN E f@gx’vf""(ti,l,vk;m,w,b) tzvf""(ti,07vk;m7w7b)‘2. (7.47)
ik .
Y al=1,i,k

7.3.2. The Fokker—Planck equation in a periodic interval. In this section,
we introduce an L? energy method for the Fokker-Planck equation and introduce a
regularity inequality for the solutions to the equation. Throughout the section, we will
abuse the notation and use both notations 0,u and u, for the same derivative of u with
respect to z.

We consider the Fokker—Planck equation in a periodic interval [0,1]:

Ut + Vg — B(VU)y — Uy =0, for (t,z,v) €[0,T] x[0,1] xR,
u(0,2,v) =ug(x,v), for (z,v)€[0,1] xR, and (7.48)
o, yu(t,1,v) =0, ,u(t,0,0)=0, for (t,v) €[0,T] xR,

t:rv twv
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for any 3-dimensional multi-index « such that |a| <1 and a given initial distribution ug =
ug(z,v). Now we consider the Fokker—Planck equation that the corresponding neural
network solution u,,, would satisfy:
(unn)t +/U(unn)x _ﬂ(@unn)v - q(unn)vv = f for (t,.’E,’U) € [OvT] X [07 1] X [_5a5],
Unn(0,2,0) =g, for (z,v) €[0,1] x [-5,5],

Z/dt/dv

lee|=1

2 (7.49)
t z, pUnn) (t,1,0) — (3§w,vunn)(t,070) <L,

for any 3-dimensional multi-index « such that |a| <1 and given f = f(t,x,v), g=g(z,v),
and a constant L >0. Suppose that f, g and h are C! functions. Also, we suppose that
the a priori solutions v and w,, are sufficiently smooth; indeed, we require them to be

1,1,2
mC'trv

For the a priori solution u and wug,, to (7.48) and (7.49), assume that if |v| is
sufficiently large, then we have that for some sufficiently small ¢ >0,

Sup H tz,ol (t7’:|:5) 6?361}
te[0,T]

unn(t73i5)||Li([071D Sea (750)
for |a] <1 and a=(0,0,2). Also, suppose that
|8§E’vu(t,x715)|, |8ﬁm’vunn(t,m,:|:5)| <C, (7.51)

for some C' < oo for |a] <1 and av=(0,0,2). Now we introduce the following theorem on
the energy estimates:

THEOREM 7.3. Let u and uy, be the classical solutions to (7.48) and (7.49), respec-
tively. Then we have

sup_[[wnn () - (t)||§+2(q—€)/0 1yt (5) = Bou(s) |3 ds

0<t<

2 T
< (ool 5 Joww | (14255 ) 7|+ [ IsolBas+ 20ec.

for any € €(0,q), where L,ug, f,q,8,9,m,¢, and C are given in (7.48)-(7.51).

Proof. Define w= u,,, —u. Then by (7.48) and (7.49), w satisfies

Wt + VW, — PUWy — qUyy = [ for (t,2,v) €[0,T] % [0,1] x [-5,5],

w(0,2,v) =wo, for (x,v)€[0,1] x [-5,5], (7.52)

where wq d:efg —ug. By multiplying w to (7.52) and integrating with respect to dxdv, we

have
// |w] d;vdv—i—// vwgwdrdv — // qQWywdzdy
th [0,1]X[=5,5] [0,1]x[=5,5] [0,1]X[=5,5]
:// fwdxdv—l—// Bvw,wdrdv.
[0,1]x[—5,5] [0,1]x[—5,5]

Then we take the integration by parts and obtain that

5
%%ff[o,l]x[—s,s] lwtdzdv+3 [, dv v(w(t,l,v)2fw(t,O,v)z)+fo[o,1]x[_575] |wy|?dxdv
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:// fwdxdv—i—// Bvw, wdzrdv
[0,1]x[—5,5] [0,1]x[—5,5]

—|—q/ wv(t,x,S)w(t,x,5)dx—q/ wy (t,2,—5)w(t,z,—5)dz
[0,1] [0,1]

def

=0L+1+13+14.
We first define

def

5
= %/ dv v(w(t,1,v)? —w(t,0,v)?)|.
-5

We now estimate I1-I; on the right-hand side. By the Holder inequality and Young’s
inequality, we have

1 1
Ll < Flallwlls < SIF15+ 5 w3,

Il || Ih[2dado.
[0,1]x[—5,5]

25432
Lo < 58w [l2[|wll2 < eflw, |13+ " lw]l3,

where we denote

Similarly, we observe that

for a sufficiently small e >0 as |v| <5. By (7.50), we have
(I3 + L] <gllwy (t,-,5) || 22 [[w(t,-,5) —w(t,-,=5)l| L2
—‘rquv(t,-,!S) _wv(tv"_‘r))HLf;’, Hw(t"’_‘r))HLi < 2q60-
Altogether, we have

2532
2

||w||2+2(q &)llwsll3 <1 fl2+ <1+ ) [[w]]3+ A(t) +2geC.

We integrate with respect to the temporal variable on [0,¢] and obtain
t
lw@+2(a—2) [ fwu()]3ds
0

<o+ [ (156 (14525 ) )3+ AG) +20eC ) s

By (7.49)5, we have

w\h

/A

Thus, by the Gronwall inequality, we have

lw@13+20—) [ Tl < (ol + £ Yexp | (14252 ) o] + [0 s 20ec,
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where wo(z,v) = g(x,v) —ug(z,v). This completes the proof for the theorem. O

Regarding the derivatives O;w and J,w we can obtain the similar estimates as
follows.

COROLLARY 7.1. Let uw and uny, be the classical solutions to (7.48) and (7.49),
respectively. Assume that (7.51) holds. Then for z=t or x we have

T
sup ”azunn(t)*azu(t)‘|§+2(q75)/ ”avazunn(s)*avazu(s)”gds

0<t<T
L 5B2 T )
1829 —Bzuoll3 + 5 Jexp | { 1+ o )T+ [ 10:£(s)ll2ds +2qeCT,
0

for any € €(0,q), where L,ug, f,q,8,9,m,¢, and C are given in (7.48)-(7.51).
Proof. For both 9, =0, and 9,, we take 0, onto (7.52) and obtain

(O,w) s +v(0,w) e — (0, w)y — q(Ow)yy =05 f,

for (t,z,v) €[0,T] % [0,1] x [-5,5],
(0,w)(0,2,v) = (D, w)o,

for (z,v) €[0,1] x [-5,5],

(7.53)

where (0,w)q 9.9 — 0.ug. Then the proof is the same as the one for Theorem 7.3 with
0,w replacing the role of w. This completes the proof. 0

Finally, we can also obtain the regularity estimates for the derivative 0,w as follows:

THEOREM T7.4. Let u and uy, be the classical solutions to (7.48) and (7.49), respec-
tively. Assume that (7.51) holds. Then we have

T
sup Havunn(t)*avu(t)|‘§+2(q75)/o 0vvtnn(s) — Oppu(s )||2ds

0<t<T

5 2
g<L+|amga$u0||§+||avga,,uo|§>exp[(2+ B )T}

T
+ / (192 £ ()2 + 100 £ (5)]2)ds + 4qeC'T,

for any e €(0,q), where L,ug, f,q,8,q,m,¢, and C are given in (7.48)-(7.51).
Proof. We take 0, onto (7.52) and obtain

(avw)t + Wy +U(a'uw>z - ﬁv(avw)v - q(avw)v'u = avfa

for (t,z,v)€[0,T] x [0,1] x [=5,5], (7.54)

where (9,w)g  0yg — Oyug. By multiplying d,w to (7.54) and integrating with respect
to dxdv, we have

// |Opw] dxvar// V(0pw) 4 (Oyw)dadv
2dt [0,1]x[=5,5] [0,1]x[=5,5]
—// q(Opw) o Opwdzdv
[0,1]x[—5,5]



H. SON, J.W. JANG, W.J. HAN, AND H.J. HWANG 1701

= / / (—wz + 0y f)Oywdzdv + / / Bv(dyw) yOpwdzdy.
[0,1]x[—5,5] [0,1]x[—5,5]

Then we take the integration by parts and obtain that

1d 1
f—// |wv|2dxdv+f/ (v(Bpw)?(t,1,0) —v(Dpw)?(t,0,v)) dv
2 dt JJjo,1)x[-5.5 2 )15

+q// Wy |2dadv

[0,1]x[—5,5]

:// &wavdsr:dv—i—// BUWyy Wy dxdv
[0,1]x[—5,5] [0,1]x[—5,5]

+q/ ww(t,x,f))wv(t,x,f))d;v—q/ Wy (t, @, —D)w, (t,z,—5)dx
[0,1] [0,1]

7// wewpdrdv = Iy + I+ 5+ I, + Is.
[0,1]x[—5,5]
We first define

5
B(t)d:(;f %/ dv v(@vw(t,l,v)2—5'1;11)(75,07”)2) :

-5

We now estimate ;-1 on the right-hand side. We now estimate I;-I5 on the right-hand
side. By the Holder inequality and Young’s inequality, we have

1 1
1] < 110w fllallwolla < S 100 F15 4+ 5 llwo i3,

I /[ Ih[2dado.
[0,1]x[—5,5]

2542
2] <58||wyy [|2]|ws |2 §5vavH§+T€||wv”§7

for a sufficiently small e >0 as |v| <5. By (7.50) and (7.51), we have

where we denote

Similarly, we observe that

I3+ La| <ql|woo (t,,5)l| 22 [lwo (2,,5) —wo (-, =5)l| L2
+q\|ww(t,-,5) _wvv(t7'5_5)”LZ va(tv'7_5)“L§ <2qeC.

Finally, we have
1 2, 1 2
5] < lwzllzllwoll2 < S llws 2+ 5 [[wol2-

Altogether, we have

2532
2e

d 5L
Gl B 20— 3 < 10, + sl (24 52 ) s+ 55+ 20eC.

Then we take the integration with respect to the temporal variable on [0,¢] and obtain
that
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va(t)ll%/0 ds 2(q—¢)llwou(s) 13 < [lw, (0113

t 2
# [ s (10s e+l + (2425 ) o () + Be) 20 ).
0 13

By (7.49)3, we have

¢
/ ds B(s) < £
0 2

Thus, by the Gronwall inequality, we have

lwy (D12 +2(g—¢) / o ()23

2 t
<(§+||avwo||§)exp[(z+2§f H* | I3+ 10.76) Byds+20cCt, - (7.5)
0

where d,wo(x,v)=g(x,v) —ug(x,v). Then we use Corollary 7.1 for an upper-bound of
|0zw(s)]|3 and obtain that

T
/0 s (5)|[2ds
2532

I T
<(5 +10:9-0uunl} )exp | (14252 ) 7] + [ 10n 766 s+ 20eC.
0

Then by (7.55), we obtain that

T
sup [wo(®)]2+2(g—¢) / oo (s)|2ds
0<t<T 0

2532
2e

T
<(LA|82wol|3 + [|@vwol|3) exp {(2—1— )T] —l—/ (19 £ (3)]13 + 10w f (5)[13)ds + 4qeCT,
0

where O,wo(z,v) =0, g(x,v) — dyug(z,v). This completes the proof for the theorem. 0O

7.4. The Poisson equation. = We consider the Poisson equation with Dirichlet
boundary condition:

—Au=f in §,
u=g on Jf).
Suppose there exists
GEH?*(Q) s.t. Glan=g (7.56)

Then, the equation can be written by:
—Av=f inQ,
v=0 on 0,

where v=u—§, f = f — A§. Therefore, we assume the homogeneous Dirichlet boundary
condition provided (7.56).
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Now, let u be a strong solution of

—Au= in Q,
f (7.57)
u=0 on 0,
and let u,, be a neural network such that
—-A nn — Jnn i Qv
Yo =Jrn I (7.58)

Upn =0 on ON.

Here, we can set the boundary to be zero by multiplying B(x), where B(x) is a smooth
0, x €00

40 cq By subtracting (7.58) from (7.57), we get
,

function satisfying B(z)= {

_A(U_Unn):(f_fnn) in Q7

7.59
U—Up, =0 on OQ. ( )

Then we apply below theorem to (7.59) to get the convergence results.

THEOREM 7.5 (Theorem 6.3.5 in [10]). Let m be a nonnegative integer. Suppose that
u€ H} () is a weak solution of the boundary-value problem (7.57). Assume 0 is C™F2.
Then,

||U||Hm+2(9) SC(Hf”Hm(Q) + ||u||L2(Q))~ (7.60)
Furthermore, if u is the unique solution of (7.57), then
[l vz @) < Cl fll am(0)- (7.61)
By applying (7.61) to (7.59), we obtain
U —Unnll gmtzQ) SO f = fanllam @)

where the right-hand side corresponds to Lossgg(unn;m,2).
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