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ABSTRACT

Partial differential equations (PDEs) play a crucial role in studying a vast number
of problems in science and engineering. Numerically solving nonlinear and/or high-
dimensional PDE:s is frequently a challenging task. Inspired by the traditional finite
difference and finite elements methods and emerging advancements in machine
learning, we propose a sequence-to-sequence learning (Seq2Seq) framework called
Neural-PDE, which allows one to automatically learn governing rules of any time-
dependent PDE system from existing data by using a bidirectional LSTM encoder,
and predict the solutions in next n time steps. One critical feature of our proposed
framework is that the Neural-PDE is able to simultaneously learn and simulate
all variables of interest in a PDE system. We test the Neural-PDE by a range
of examples, from one-dimensional PDEs to a multi-dimensional and nonlinear
complex fluids model. The results show that the Neural-PDE is capable of learning
the initial conditions, boundary conditions and differential operators defining
the initial-boundary-value problem of a PDE system without the knowledge of
the specific form of the PDE system. In our experiments, the Neural-PDE can
efficiently extract the dynamics within 20 epochs training and produce accurate
predictions. Furthermore, unlike the traditional machine learning approaches for
learning PDEs, such as CNN and MLP, which require great quantity of parameters
for model precision, the Neural-PDE shares parameters among all time steps, and
thus considerably reduces computational complexity and leads to a fast learning
algorithm.

1 INTRODUCTION

The research of time-dependent partial differential equations (PDEs) is regarded as one of the most
important disciplines in applied mathematics. PDEs appear ubiquitously in a broad spectrum of
fields including physics, biology, chemistry, and finance, to name a few. Despite their fundamental
importance, most PDEs can not be solved analytically and have to rely on numerical solving methods.
Developing efficient and accurate numerical schemes for solving PDEs, therefore, has been an active
research area over the past few decades (Courant et al., 1967; Osher & Sethian, 1988; LeVeque;
Cockburn et al., 2012; Thomas, 2013; Johnson, 2012). Still, devising stable and accurate schemes with
acceptable computational cost is a difficult task, especially when nonlinear and(or) high-dimensional
PDEs are considered. Additionally, PDE models emerged from science and engineering disciplines
usually require huge empirical data for model calibration and validation, and determining the multi-
dimensional parameters in such a PDE system poses another challenge (Peng et al., 2020).

Deep learning is considered to be the state-of-the-art tool in classification and prediction of nonlinear
inputs, such as image, text, and speech (Litjens et al., 2017; Devlin et al., 2018; LeCun et al., 1998;
Krizhevsky et al., 2012; Hinton et al., 2012). Recently, considerable efforts have been made to employ
deep learning tools in designing data-driven methods for solving PDEs (Han et al., 2018; Long et al.,
2018; Sirignano & Spiliopoulos, 2018; Raissi et al., 2019). Most of these approaches are based on
fully-connected neural networks (FCNNs), convolutional neural networks(CNNs) and multilayer
perceptron (MLP). These neural network structures usually require an increment of the layers to
improve the predictive accuracy (Raissi et al., 2019), and subsequently lead to a more complicated
model due to the additional parameters. Recurrent neural networks (RNNs) are one type of neural
network architectures. RNNs predict the next time step value by using the input data from the current
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and previous states and share parameters across all inputs. This idea (Sherstinsky, 2020) of using
current and previous step states to calculate the state at the next time step is not unique to RNNs. In
fact, it is ubiquitously used in numerical PDEs. Almost all time-stepping numerical methods applied
to solve time-dependent PDEs, such as Euler’s, Crank-Nicolson, high-order Taylor and its variance
Runge-Kutta (Ascher et al., 1997) time-stepping methods, update numerical solution by utilizing
solution from previous steps.

This motivates us to think what would happen if we replace the previous step data in the neural
network with numerical solution data to PDE supported on grids. It is possible that the neural network
behaves like a time-stepping method, for example, forward Euler’s method yields the numerical
solution at a new time point as the current state output (Chen et al., 2018). Since the numerical
solution on each of the grid point (for finite difference) or grid cell (for finite element) computed
at a set of contiguous time points can be treated as neural network input in the form of one time
sequence of data, the deep learning framework can be trained to predict any time-dependent PDEs
from the time series data supported on some grids if the bidirectional structure is applied (Huang et al.,
2015; Schuster & Paliwal, 1997). In other words, the supervised training process can be regarded
as a practice of the deep learning framework to learn the numerical solution from the input data, by
learning the coefficients on neural network layers.

Long Short-Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997) is a neural network built upon
RNNs. Unlike vanilla RNNs, which suffer from losing long term information and high probability of
gradient vanishing or exploding, LSTM has a specifically designed memory cell with a set of new
gates such as input gate and forget gate. Equipped with these new gates which control the time to
preserve and pass the information, LSTM is capable of learning long term dependencies without the
danger of having gradient vanishing or exploding. In the past two decades, LSTM has been widely
used in the field of natural language processing (NLP), such as machine translation, dialogue systems,
question answering systems (Lipton et al., 2015).

Inspired by numerical PDE schemes and LSTM neural network, we propose a new deep learning
framework, denoted as Neural-PDE. It simulates multi-dimensional governing laws, represented by
time-dependent PDEs, from time series data generated on some grids and predicts the next n time
steps data. The Neural-PDE is capable of intelligently processing related data from all spatial grids by
using the bidirectional (Schuster & Paliwal, 1997) neural network, and thus guarantees the accuracy
of the numerical solution and the feasibility in learning any time-dependent PDEs. The detailed
structures of the Neural-PDE and data normalization are introduced in Section 3.

The rest of the paper is organized as follows. Section 2 briefly reviews finite difference method for
solving PDEs. Section 3 contains detailed description of designing the Neural-PDE. In Section 4
and Appendix A of the paper, we apply the Neural-PDE to solve four different PDEs, including
the 1-dimensional(1D) wave equation, the 2-dimensional(2D) heat equation, and two systems of
PDEs: the invicid Burgers’ equations and a coupled Navier Stokes-Cahn Hilliard equations, which
widely appear in multiscale modeling of complex fluid systems. We demonstrate the robustness of
the Neural-PDE, which achieves convergence within 20 epochs with an admissible mean squared
error, even when we add Gaussian noise in the input data.

2 PRELIMINARIES

2.1 TIME DEPENDENT PARTIAL DIFFERENTIAL EQUATIONS

A time-dependent partial differential equation is an equation of the form:

ou ou  %u 0%y O™y
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up = f(ag, - (2.1.1)

where v = u(t, x1, ..., ¥, ) is known, x; € R are spatial variables, and the operator f maps R — R.
For example, consider the parabolic heat equation: u; = o? Au, where u represents the temperature
and f is the Laplacian operator A. Eq. (2.1.1) can be solved by finite difference methods, which is
briefly reviewed below for the self-completeness of the paper.
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2.2 FINITE DIFFERENCE METHOD

Consider using a finite difference method (FDM) to solve a two-dimensional second-order PDE of
the form:

Ut = f(l“,ywmuy’um,uyy), (x,y) €N CR2, t ER+U{O} s 2.2.1)
with some proper boundary conditions. Let 2 be 2 = [z4, %] X [Ya, Yp), and
u; = u(Ti, Y5, tn) (2.2.2)

where t, = ndt, 0 < n < N,and 6t = % for t € [0, T, and some large integer N. z; = idz, 0 <
i < Ny, 0w = 25" for @ € [2q, 73] y; = joy, 0 < j < Ny, oy = % for y € [ya, yp). Nz
and N, are integers.

The central difference method approximates the spatial derivatives as follows (Thomas, 2013):

Ug (T4, Y5, 1) = %(ui_ﬂ,j —wui_1;) + O(52?) (2.2.3)
Uy (w4, y5,t) = %(Ui,jﬂ —uij-1) + O(0y?), (2.2.4)
Uge (T4, Y5, ) = Tig(uzwrl,j —2u; ; +ui—1 ) + O(62%) (2.2.5)
Uyy (T35, Y5,1) = é(ui,j—&-l —2u; j +u 1) + O(5y) . (2.2.6)
To this end, the explicit time-stepping scheme to update next step solution ©™*! is given by:
uply 2 UL = Uy o+ 0t f (@i g3, Ul Ul Ul U 5y Uit ) 2.2.7)
= F(i,y5, 62,0y, 01, Ul Ui 1, Uil Ul Uity ) (2.2.8)

Apparently, the finite difference method (2.2.7) for up-
dating " *! on a grid point relies on the previous time
steps’ solutions, supported on the grid point and its neigh-
bours. The scheme (2.2.7) updates u?'f'l using four points
of u” values (see Figure 1). Similarly, the finite element
method (FEM) approximates the new solution by calculat-
ing the corresponded mesh cell coefficient (see Appendix),
which is updated by its related nearby coefficients on the
mesh. From this perspective, one may regard the numeri-
cal schemes for solving time-dependent PDEs as methods
catching the information from neighbourhood data of in-
terest.

Figure 1: updating scheme for central

difference method
3 PROPOSED METHOD

3.1 MATHEMATICAL MOTIVATION

Recurrent neural network including LSTM is an artificial
neural network structure of the form (Lipton et al., 2015):

ht = o(W'eg! + WA 1 b)) = oy (2!, K'Y = 0 (20, 2t 2%, - 2t) (3.1.1)

where ' € R? is the input data of the ¢ state and h!~! € R" denotes the processed value in its

previous state by the hidden layers. The output ¢ of the current state is updated by the current state
value h':

y' = o(W"h! +b,) (3.1.2)

=o.(h") = o4(x®, x', 22, - 2. (3.1.3)

Here Whe ¢ Rhxd Whh ¢ Rhxh Why ¢ R"*" are the matrix of weights, vectors by, b, € R"
are the coefficients of bias, and o, 0, 03, 0., 04 are corresponded activation and mapping functions.



Under review as a conference paper at ICLR 2021

With proper design of input and forget gate, LSTM can effectively yield a better control over
the gradient flow and better preserve useful information from long-range dependencies (Graves &
Schmidhuber, 2005).

Now consider a temporally continuous vector function © € R™ given by an ordinary differential
equation with the form:
du(t)
dt
Let u” = u(t = ndt), a forward Euler’s method for solving u can be easily derived from the Taylor’s
theorem which gives the following first-order accurate approximation of the time derivative:
du” un+1 —u”

= T O0t). (3.1.5)

= g(u(t)) . (3.1.4)

Then we have:
du

T = glw) EED =t ot g(u”) + OF)

—a" = fi(@") = fio fio--- fi(a%) (3.1.6)
Here " =~ u(ndt) is the numerical approximation and f; = u" 46t g(u™) : R" — R™. Combining
equations (3.1.1) and (3.1.6) one may notice that the residual networks, recurrent neural network and

also LSTM networks can be regarded as a numerical scheme for solving time-dependent differential
equations if more layers are added and smaller time steps are taken. (Chen et al., 2018)

Canonical structure for such recurrent neural network usually calculate the current state value by its
previous time step value h'~! and current state input . Similarly, in numerical PDEs, the next step
data at a grid point is updated from the previous (and current) values on its nearby grid points (see
Eq.2.2.7).

Thus, what if we replace the temporal input h‘~! and ! with spatial information? A simple sketch
of the upwinding method for a 1d example of u(x, t):

will be:
ot
Tt =l — v (Ul —uiy) + 06z, 0t) — artt = fo(al Al (3.1.8)
= fG (fn(wia hzfl(u))) = fG,n ('LALg,’LAL?, T »ﬁﬁpﬁ?) = U;hLl (319)
Ti = ﬁ?v hzfl(ﬂ) = U(ﬁ?—lv h172(ﬁ)) = fn('&g,ﬁ?,ﬂg, e aﬁ?—l)' (3110)

Here let vf“ be the prediction of ﬂ?“ processed by neural network. We replace the temporal
previous state h'~!with spacial grid value h;_; and input the numerical solution @' ~ u(idx, ndt)
as current state value, which indicates the neural network could be seen as a forward Euler method
for equation 3.1.7 (Lu et al., 2018). Function f = 4 — v2£ (4} — 47 ;) : R — R and the function
fo represents the dynamics of the hidden layers in decoder with parameters ¢, and f;, specifies the
dynamics of the LSTM layer (Hochreiter & Schmidhuber, 1997; Graves & Schmidhuber, 2005)
in encoder withe parameters 7. The function fg ,, simulates the dynamics of the Neural-PDE with
paramaters ¢ and n. By applying Bidirectional neural network, all grid data are transferred and it
enables LSTM to simulate the PDEs as :

VPt = fo(fy(hisa (@), a7, hioi (2))) (3.1.11)

hipi(a) = fr(03 1, 080, Uy g, -+ 5 Uy). (3.1.12)

For a time-dependent PDE, if we map all our grid data into an input matrix which contains the

information of dx, §t, then the neural network would regress such coefficients as constants and will
learn and filter the physical rules from all the £ mesh grids data as:

ot = fp (GG, AT, Ay, L ay) (3.1.13)

The LSTM neural network is designed to overcome the vanishing gradient issue through hidden
layers, therefore we use such recurrent structure to increase the stability of the numerical approach in
deep learning. The highly nonlinear function fs , simulates the dynamics of updating rules for u?“,
which works in a way similar to a finite difference method (section 2.2) or a finite element method.
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Figure 3: Neural-PDE

3.2 NEURAL-PDE

In particular, we use the bidirectional LSTM (Hochreiter &
Schmidhuber, 1997; Graves & Schmidhuber, 2005) to better
retain the state information from data on grid points which
are neighbourhoods in the mesh but far away in input matrix.

2d PDE data at time t

The right frame of Figure 3 shows the overall de-
sign of the Neural-PDE. Denote the time series data

at collocation points as al¥,ad’, - ,afgv with al¥ =

[a9,4al,--- ,aN] at i'h point. The superscript represents
dlfferent time points. The Neural-PDE takes the past

states {al’,a?’, -+, al'} of all collocation points, and out-

puts the predicted future states {b, b2 ... bM}, where
bM = [vZNH oV 2o N M s the Neural-PDE predic-

7 7 ) z
tion for the #*" collocation point at time points from N + 1
to N + M. The data from time point O to /V are the training
data set.

At ~t ot ~t
. a, ul,at, .., 10
The Neural-PDE is an encoder-decoder style sequence [To, U, U, o, U]

model that first maps the input data to a low dimensional

latent space that Figure 2: An example of maping 2d

. data matrix into 1d vector where k =

h; = LSTM(a;) ® LSTM(a;), (32.1) N, x N, and N, and N, are the num-

where @ denotes concatenation and h; is the latent embed- Ef/resl of grid points on x and y, respec-
ding of point a; under the environment. Y

One then decoder, another bi-Istm with a dense layer:
—
v = (LSTM(hi) ® STM(hi)> W, (3.2.2)

where W is the learnable weight matrix in the dense layer.

During training process, mean squared error (MSE) loss L is used as we typically don’t know the

specific form of the PDE.
N+M &k

= > N jlat -t (3.2.3)

t=N+11=1

3.3 DATA INITIALIZATION AND GRID POINT RESHAPE

In order to feed data into our sequence model framework, we map the PDE solution data onto a
K x N matrix, where K € Z7 is the dimension of the grid points and N € Z™ is the length of
the time series data on each grid point. There is no regularization for the input order of the grid
points data in the matrix because of the bi-directional structure of the Neural-PDE. For example, a 2d



Under review as a conference paper at ICLR 2021

| 1dWave | 2dHeat | 2d Burgers’ | Fluid System
MSE ‘ 7.4444F — 5 ‘ 7.0741FE — 6 ‘ 1.4018F — 5 ‘ 6.1631F — 7

Table 1: Neural-PDE shows very small test MSE on 4 different PDEs.

Allen—-Cahn | Burgers
PINN 7T0E -3 6.7E —4
Neura-PDE 29F -5 24F — 5

Table 2: Neural-PDE outperforms baseline in test MSE on 1d Allen-Cahn and Burgers equations.

heat equation at some time ¢ is reshaped into a 1d vector (See Fig. 2). Then the matrix is formed
accordingly.

For a n-dimensional time-dependent partial differential equation with K collocation points, the input
and output data for ¢ € (0,7 will be of the form:

ag Uy Uy ug U

ANy = o | = a2 ar o o a (3.3.1)
b ot T2 e M

B(K,M) = b;‘f = UjV:“ WN:” vjV:er v{j:“” (33.2)
R I P

Here N = 5—1; and each row / represents the time series data at the £*" mesh grid, and M is the time
length of the predicted data.

By adding Bidirectional LSTM encoder in the Neural-PDE, it will automatically extract the informa-
tion from the time series data as:

B(K,M) = PDESolver(A(K,N)) = PDESolver(al ,a,--- a,--- |a%) (3.3.3)

N

4 COMPUTER EXPERIMENTS

Since the Neural-PDE is a sequence to sequence learning framework which allows one to predict
within any time period by the given data. One may test the Neural-PDE using different permutations
of training and predicting time periods for its efficiency, robustness and accuracy. In the following
examples, the whole dataset is randomly splitted in 80% for traning and 20% for testing. We will
predict the next ¢, € [31 x dt,40 x §t] PDE solution by using its previous ;- € [0, 30 x 0t] data as:

B(K,10) = PDESolver(A(K, 30)) (4.0.1)

Table 1 summaries the experimental results of the Neural-PDE model on 4 different PDEs, which
achieve extremely small MSEs from ~ 107° to ~ 10~7. Table 2 shows the comparison results of
our proposed Neural-PDE with the state-of-the-art method Physically Informed Artificial Neural
Networks (PINN) (Raissi et al., 2019) on two PDEs (1d Allen-Cahn and 1d Burgers’ equation).
Neural-PDE is able to outperform PINN while having much less parameters, where PINN contains 4
hidden layers with 200 neurons per layer and Neural-PDE only consists of 3 layers (2 bi-Istm with 20
neurons per layer and 1 dense output layer with 10 neurons).
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U Exact Data at time: 1.0 U Predict Data at time: 1.0 V Exact Data at time: 1.0 V Predict Data at time: 1.0

00 00

(a) Exact u(t = 1) (b) Predicted u(t = 1) (c) Exactv(t = 1) (d) Predicted v(t = 1)

Figure 4: Neural-PDE shows ideal prediction on Burgers’ equation.

EXAMPLE: INVISCID BURGERS’ EQUATION

Inviscid Burgers’ equation is a classical nonlinear PDE in fluid dynamics. In this example, we
consider an invicid Burgers’ equation which has the following hyperbolic form:

ou ou ou ov ou ou

hutied - = = - - — = 4.0.2
ot " Yar Vo =Y o e Ty 0 (4.0.2)
Q=1[0,1] x [0,1],¢ € [0,1], 4.0.3)

and with initial and boundary conditions:

w(0.25 < 2 < 0.75, 0.25 < y < 0.75,t = 0) = 0.9 (4.0.4)
0(0.25 < 2 < 0.75, 0.25 < y < 0.75,£ = 0) = 0.5 (4.0.5)
u(0,y,t) = u(l,y,t) = v(x,0,t) = v(z,1,t) =0 (4.0.6)

The invicid Burgers’ equation is hard to deal with in numerical PDEs due to the discontinuities (shock
waves) in the solutions. We use a upwinding finite difference scheme to create the training data and
put the velocity u, v in to the input matrix. Let dz = dy = 1072, §t = 103, our empirical results
(see Figure 4) show that the Neural-PDE is able to learn the shock waves, boundary conditions and
the rules of the equation, and predict v and v simultaneously with an overall MSE of 1.4018 x 1075,
The heat maps of exact solution and predicted solution are shown in Figure 5.

EXAMPLE: MULTISCALE MODELING: COUPLED CAHN—HILLIARD—NAVIER—STOKES SYSTEM

Finally, let’s consider the following 2d Cahn—Hilliard—Navier—Stokes system widely used for model-
ing complex fluids:

u; +u-Vu=—-Vp+vAu — ¢V, 4.0.7)
o+ V- (up)=MAp, (4.0.8)
p= =86+ 562 = 1) (409)
V-u=0 (4.0.10)
In this complicated example we will use the following initial condition:
1 1
¢(z,y,0) = (5 — 50tanh(f; —0.1)) + (5 — 50tanh(f; —0.1)), I.C. (4.0.11)
fi=V(@+012)2 + ()2, fo=+/(z —0.12)2 + (y)? (4.0.12)
with z € [-0.5,0.5], y € [-0.5,0.5], t € [0,1], M = 0.1, v =0.01 (4.0.13)

This fluid system can be derived by the energetic variational approach (Forster, 2013). The complex
fluids system has the following features: the micro-structures such as the molecular configurations,
the interaction between different scales and the competition between multi-phase fluids (Hyon et al.,
2010). Here w is the velocity and ¢(z, y,t) € [0, 1] denotes the volume fraction of one fluid phase.
M is the diffusion coefficient and y is the chemical potential of ¢. Equation (4.0.10) indicates the
incompressibility of the fluid. Solving such PDE system is notorious because of its high nonlinearity
and multi-physical and coupled features. One may use the decoupled projection method (Guermond
et al., 2006) to numerically solve it efficiently or an implicit method which however is computationally
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Figure 7: Predicted data by Neural-PDE (first row) and the exact data (second row) of volume fraction
¢ (column 1-3) and pressure p (column 4-6). The graphs of each columns 1-3 and 4-6 represent the
time states of £1, 2,13, where 0 <t < to < t3 < 1.

expensive. Another challenge of deep learning in solving a system like this is how to process the data
to improve the learning efficiency when the input matrix consists of variables such as ¢ € [0, 1] with
large magnitude value and variable of very small values such as p ~ 10~°. For the Neural-PDE to
better extract and learn the physical features of variables in different scales, we normalized the p data
with a sigmoid function. Set 6t = 5 x 10~%, and here the training dataset is generated by a FEM
solver FreeFem++ (Hecht, 2012) using a Crank-Nicolson finite element scheme. Our Neural-PDE
prediction shows that the physical features of p and ¢ have been successfully captured with an overall
MSE: 6.1631 x 107 (see Figure 7).

5 CONCLUSIONS

In this paper, we proposed a novel sequence recurrent deep learning framework: Neural-PDE, which is
capable of intelligently filtering and learning solutions of time-dependent PDEs. One key innovation
of our method is that the time marching method from the numerical PDEs is applied in the deep
learning framework, and the neural network is trained to explore the accurate numerical solutions for
prediction.

The state-of-the-art researches have shown the promising power of deep learning in solving high-
dimensional nonlinear problems in engineering, biology and finance with efficiency in computation
and accuracy in prediction. However, there are still unresolved issues in applying deep learning in
PDEs. For instance, the stability and convergence of the numerical algorithms have been rigorously
studied by applied mathematicians. Due to the high nonlinearity of the neural network system and
the curse of dimensionality (Hutzenthaler et al., 2019), theorems guiding stability and convergence of
solutions predicted by the neural network are to be revealed.

Lastly, it would be helpful and interesting if one can theoretically characterize a numerical scheme
from the neural network coefficients and learn the forms or mechanics from the scheme and prediction.
We leave these questions for further study.
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A APPENDIX

A.1 FINITE ELEMENT METHOD

Finite element method (FEM) is a powerful numerical method in solving PDEs. Consider a 1D wave
equation of u(z, t):

Ugp — V2 Uy = f, x €[, =QCR, tcRTU{0}, (A.1.1)
ug(a,t) = uy(b,t) =0. (A.1.2)
The function u is approximated by a function uy, :
(e, t) ~ un(e,t) = Y ai(t)i(x) (A.1.3)
i=1
(A.1.4)

where 1; € V, is the basis functions of some FEM space V, and a} denotes the coefficients. N
denotes the degrees of freedom.
Multiply the equation with an arbitrary test function 1); and integral over the whole domain we have:

/ up; da + v / VuVi; dr = / f; dx (A.1.5)
Q Q Q
(A.1.6)
and approximate u(x, t) by up:
N 0%a,(t) al
’ / Gity da+07 > ai(t) / ViV da = / fib; da (A.1.7)
- 8t2 Q X 9] Q
2 N / 1 N s’ | —
MLJ ALJ b
=MTay, +0v*°ATa=b. (A.1.8)

Here M is the mass matrix and A is the stiffness matrix, a = (ag, .., an)" isa N x 1 vector of the
coefficients at time ¢. The central difference method for time discretization indicates that (Johnson,
2012):

antl —9an —an—! 4 M—l(b _ ,UQATa") , (A.1.9)

N
w" UZH _ ZG?HM(@ ) (A.1.10)

A.2 LONG SHORT-TERM MEMORY

Long Short-Term Memory Networks (LSTM) (Hochreiter & Schmidhuber, 1997; Graves & Schmid-
huber, 2005) are a class of artificial recurrent neural network (RNN) architecture that is commonly
used for processing sequence data and can overcome the gradient vanishing issue in RNN. Similar to
most RNNs (Mikolov et al., 2011), LSTM takes a sequence {x1, X2, - , 2} as input and learns
hidden vectors {hq, ha,- - , h:} for each corresponding input. In order to better retain long distance
information, LSTM cells are specifically designed to update the hidden vectors. The computation
process of the forward pass for each LSTM cell is defined as follows:

i =oc(WWz, + WPh_ 1 + W, + b)),
Jfi= U(W;I)ﬁct + W;h)ht—l + W;C)Ct—l +by),
¢ = fico1 + i tanh(W®z, + WWh, | +b,),
o = U(Wff)sct + W(()h)ht_1 + Wgc)ct +b,),
h; = o; tanh(¢;) ,
where o is the logistic sigmoid function, W's are weight matrices, bs are bias vectors, and subscripts

2, f, o and c denote the input gate, forget gate, output gate and cell vectors respectively, all of which
have the same size as hidden vector h.

This LSTM structure is used in the paper to simulate the numerical solutions of partial differential
equations.
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A.3 EXAMPLES
A.3.1 WAVE EQUATION

Consider the 1d wave equation:

Uty = CUgq, € [0,1], t €[0,2], (A3.1)
u(z,0) = sin(4nx) (A3.2)
w(0,t) = u(1,t) (A3.3)

Letc = 16% and use the analytical solution given by the characteristics for the training and testing
data:

u(z,t) = %(sm(éhra: +1t) + sin(drx —t)) (A3.4)

Model Loss

-08

06 0.08

Time Step
Time Step

0.2

A

0.0 0.00 - — - —

0 20 a0 60 80 100
epoch

(a) Exact Test Dataset (b) Predicted Test Dataset (c) Training Metrics

Figure 8: 6z = 1 x 1072, 6t = 1 x 1073, MSE: 7.4444 x 10~?, the whole time period length is
ny = 2000 and the mesh grid size is 101, the test dataset size is 14 and thus the total discrete testing
time period is 140, figure (a) and figure(b) are the heat map for the exact test data and our predicted
test data. Figire(c) shows both training and cross-validation errors of Neural-PDE convergent within
10 epochs.

(a) t=1.991 (b) t =1.994 (c) t =1.997 dt=2

Figure 9: We selected the final states for computation and the results indicate that Neural-PDE is
robust in capturing the physical laws of wave equation and predicting the sequence time period.

A.3.2 HEAT EQUATION

The heat equation describes how the motion or diffusion of a heat flow evolves over time. The
Black—Scholes model (Black & Scholes, 1973) is also developed based on the physical laws behind
the heat equation. Rather than the 1D case that maps the data into a matrix (??) with its original
spatial locations, the high dimensional PDEs grids are mapped into matrix without regularization
of the position, and the experimental results show that Neural-PDE is able to capture the valuable
features regardless of the order of the mesh grids in the matrix. Let’s start with a 2D heat equation as
follows:

Up = Ugg + Uyy, (A.3.5)
0.9, if(x—1)2%2+(y—1)2<0.25

u(2,y,0) = {0.1, otl(lerwisg u ) (A.3.6)

Q=10,2] x [0,2], t €[0,0.15] (A3.7)
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Exact Data Predicted Data

Model Loss
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(a) Exact Test Dataset (b) Predicted Test Dataset (c) Training Metrics

Figure 10: 6z = 0.02, 5y = 0.02, 6t = 10~%, MSE: 7.0741 x 1079, the size of the test data is 10
and the test time period is 140.

Exact Predicted
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Figure 11: figure (a) is the exact solution u(z, y,¢ = 0.15) at the final state and figure (b) is the
model’s prediction. Figure (c) is the error map.
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