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Abstract

This paper presents a tensor decomposition (TD) based reduced-order model of the hierarchical deep-learning neural
networks (HiDeNN). The proposed HiDeNN-TD method keeps advantages of both HiDeNN and TD methods. The automatic
mesh adaptivity makes the HiDeNN-TD more accurate than the finite element method (FEM) and conventional proper
generalized decomposition (PGD) and TD, using a fraction of the FEM degrees of freedom. This work focuses on the theoretical
foundation of the method. Hence, the accuracy and convergence of the method have been studied theoretically and numerically,
with a comparison to different methods, including FEM, PGD, TD, HiDeNN and Deep Neural Networks. In addition, we have
theoretically shown that the PGD/TD converges to FEM at increasing modes, and the PGD/TD solution error is a summation
of the mesh discretization error and the mode reduction error. The proposed HiDeNN-TD shows a high accuracy with orders
of magnitude fewer degrees of freedom than FEM, and hence a high potential to achieve fast computations with a high level
of accuracy for large-size engineering and scientific problems. As a trade-off between accuracy and efficiency, we propose a
highly efficient solution strategy called HiDeNN-PGD. Although the solution is less accurate than HiDeNN-TD, HiDeNN-PGD
still provides a higher accuracy than PGD/TD and FEM with only a small amount of additional cost to PGD.
© 2021 Elsevier B.V. All rights reserved.
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1. Introduction

Despite the constantly increasing computer power, numerical simulations of physical systems with numerous
degrees of freedom (DoFs) remain computationally prohibitive. These kinds of problems arise usually in simulation-
based engineering and scientific applications, and the repetitive manipulation (or modification) of the mesh system
has been identified as a key time-costly issue in standard finite element method (FEM) [1]. This has been a
motivation for developing the isogeometric approaches [2] and meshfree particle methods [3-6].
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In recent years, the deep neural network (DNN) has shown some interesting features in handling the solution
of physics constrained systems. The universal approximation theorem [7,8] and the natural scalability of DNN
have been the foundation of its superior performance for large systems. This has thus motivated the use of DNN
to approximate the solution of partial differential equations (PDEs) [9-11]. A recently developed Hierarchical
Deep-learning Neural Network (HiDeNN) method [12,13] falls within this perspective. The so-called HiDeNN is
developed by constraining the weights and biases of DNN to mesh coordinates to build multiple dimensions finite
element, meshfree, isogeometric, B-spline, and NURBS interpolation functions. HiDeNN allowed the automatic
mesh adaptivity and showed a good potential to prevent large mesh systems and the standard time-consuming
mesh refinement procedure. In order to further enhance the efficiency of HiDeNN, this work proposed HiDeNN-
TD, a reduced-order model of HiDeNN using the tensor decomposition (TD), in particular the canonical tensor
decomposition which can give rise to the optimal proper generalized decomposition (PGD).

The PGD-based model reduction methods rely on the idea of separation of variables, and are usually written in
the format of canonical decomposition. We remark that Song discovered an equivalent form of PGD when being
used to function approximation [14]. He actually constructed the optimal decomposition of any square integrable
function into minimal number of modes, each to be the product of single variable functions, and proved exponential
convergence rate for such construction. This kind of method was originally proposed in an a priori setting [15-18],
in which the separated functions are computed on-the-fly by solving the PDEs. It has gained increased popularity
in recent years. For overcoming the intrusiveness and extending the applicability of the method, a posteriori data-
driven PGD [19-22] has also been developed more recently. In contrast to a priori PGD, a posteriori method uses a
database to learn the separated functions and thus can be used as regression for constructing reduced order surrogate
models.

The conventional PGD methods usually use an incremental solution scheme to compute the separated functions
mode by mode. Hence, the optimality of decomposition cannot be guaranteed. Some attempts have been made to
improve the optimality of PGD [23]. The optimal PGD can be defined as a Galerkin projection with a fixed number
of modes [24], which requires solving all the PGD modes together. This type of solution scheme is also adopted in
the canonical tensor decomposition (see e.g. [25]). In order to clearly distinguish the two types of solution schemes,
we define the one with a fixed number of modes as the general TD in this paper.

In our work, we adopted the same idea of separation of variables and the solution scheme of TD for solving
PDEs in the HiDeNN framework, leading to the so-called HiDeNN-TD method, which is expected to have reduced
degrees of freedom with high accuracy compared with other traditional methods such as the FEM. Indeed, the space
separated PGD, leading to lower dimensional space functions, is usually considered for reducing the computational
complexity of 3D separable domains (see e.g. [26]). However, the convergence aspect with respect to the mesh
refinement and number of modes has been less studied.

We investigated the convergence aspect of the PGD/TD approach in this paper. Based on the approximation
function spaces, we analyzed the numerical error and convergence associated with different approaches and
compared their error bounds. It can be shown that the HIDeNN-TD is more accurate than both FEM and conventional
PGD/TD, thanks to the adaptivity achieved by HiDeNN. Furthermore, we suggested fixing the number of modes
firstly and solving them together. Hence, HiDeNN-TD can require fewer modes than PGD. This is advantageous
for high-dimensional problems where the optimality of modes is crucial. The numerical examples have confirmed
our theoretical analysis. In addition, we numerically investigated the relationship between the approximation error
and the modes, and proposed a strategy to select the prescribed mode number in HiDeNN-TD. The proposed
HiDeNN-TD has shown a high potential to achieve high performance computing with high accuracy.

We remark that this paper focuses on the theoretical foundation of various approximation methods based on
HiDeNN. Theoretically, HiDeNN can provide the most accurate solutions, but the computational cost is higher
than HiDeNN-TD. We seek to make a trade-off between accuracy and speed by combining HiDeNN and TD in
this work. We shall demonstrate out finding that HiDeNN-TD gives better results than PGD, TD, and FEM by
taking advantages of both HiDeNN and TD. The currently used gradient based optimization scheme can converge
quickly to a well-accepted tolerance with a better accuracy and more efficiency than that of the FEM. HiDeNN-TD
has slightly more degrees of freedom than TD/PGD but provides the capability to improve the accuracy of the
results. The added degrees of freedom compared to TD is controllable to achieve a high efficiency. For example,
one efficient way to solve HIDeNN-TD solution is to start from PGD to get a first estimate of the number of modes
then switch to HiDeNN-TD to gain more accurate results. The estimation of the number of modes can be based
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on low-accurate PGD solutions, rather than high-accurate PGD solutions which require a larger number of modes.
HiDeNN-TD provides a way to optimize the accuracy of the decomposition and sacrifices only slightly in speed.
Furthermore, our work uses gradient based optimization scheme with a tight tolerance to get the converged results
for demonstrating the theoretical proof. But in practical cases, a trade-off between accuracy and efficiency is usually
made. To further prove this point, we have provided a variant solution method called HiDeNN-PGD in this paper,
which combines directly the PGD type solution scheme with HiDeNN in the previously mentioned hybrid manner.
As expected, the HIDeNN-PGD is only slightly more costly than PGD and provides more accurate solutions. Based
on this scheme, a more efficient HIDeNN-TD solution method can be further developed to improve the accuracy
and is expected to give the highest accuracy for solutions. The HIDeNN-PGD can be seen as a more efficient variant
by making the trade-off between accuracy and efficiency.

The rest of the paper is organized as follows. Section 2 gives a brief overview of different numerical methods
for PDEs, in which the approximation function spaces are described. The error analysis based on a class of PDEs
is given in Section 3. Section 4 presents the proposed HiDeNN-TD method. Section 5 provides some numerical
examples and discussions. Finally, the paper closes with some concluding remarks.

2. DNN, HiDeNN, FEM and TD based function approximation

Function approximation is a key component in numerical solutions of PDEs. In this section, we briefly review how
such an approximation can be performed in terms of FEM, DNN, HiDeNN and TD. We present their approximation
function sets, which will be used in the theoretical analysis in Subsection 2.2. We restrict the discussion to a
scalar-valued function u(x) : R* — R. The conclusions should be straightforwardly extended to vector functions.

2.1. Overview of the approximation function sets

Deep neural network-based method

According to the universal approximation theorem, a DNN can be designed to approximate any given continuous
function to desired accuracy [7,8,27]. Thus it can be a candidate to approximate solutions for solving PDEs [9,10,
28-33], i.e

ul(x) = FNV(x), (1)

where FNV represents the neural network with x as input and u" as output. Note that u" can be a multidimensional
vector. For instance, in a classical feedforward neural network (FFNN) [34-36] with N layers, recursive relations
among neurons are as follows

ai.:l =X, al»_2 =y, a§=3 =z, if [ = 1 (input layer); 2)
Nl 1
al = A(Z Wia~' +bh), if 1 € (2,..., Ny — 1} (hidden layer). 3)

Hence, the output layer can be defined as

NLI

FNN Z wta = + b, if | = Ny (output layer), @)

with the detailed definition of the notations in Table 1. Therefore, once the weights W, biases b and activation
functions A have been chosen, FV¥V can serve as an approximation function with the input variable as x = (x, y, z).
The approximation function set forward by a general DNN is

N ={u"@)u" = F"N(x: W, b, A), W), e R, b, € R}, (5)

where FNV(x: W, b, A) denotes a DNN with the input x, and depends on weights W, biases b and activation
functions .A.
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Table 1
Notation table of variables used in the feed forward neural network.
x=(x,y,2) Space coordinates
1 Counting index for number of layers
i Counting index for neurons in layer / — 1
Jj Counting index for neurons in layer /
Np Number of layers in the neural network
N,’v Number of neurons in layer /
W,.lj Weight connecting the ith neuron in layer / — 1 to the jth in layer /
b, Bias of the jth neuron in layer /
ai Neuron value for jth neuron in /th layer
A Activation function
FNN Feedforward neural network function
free free

B
Input Layer Hidden layers Output layer
(Layer 1) u" €R
(x € R®)

Fig. 1. Tlustration for the DNN interpolation functions with x = (x, y, z) as input and u” as output.

For interpretation, DNN can be somehow rewritten in the form of shape functions associated to nodal values of
u". In this way, the function approximation reads
np
' =" FYN(x: W.b, Auz, (6)

I=1

as illustrated in Fig. 1, where np is the number of nodes. F¥" represents the value of the Z-th neuron in the last
hidden layer, i.e., the output of the previous hidden layers. w7 is the corresponding weight connecting the output
layer with the last hidden layer. This interpolation form may provide a more interpretable structure for DNN.

In multidimensional cases, such as for 3D mechanical problems, the above equation can be straightforwardly
applied to each component of displacement as follows

np

W= FyN(x; W, b, Ayu,r, (7)
I=1
np

wh =" FN(x; W. b, Auyz, 8)
I=1
np

wl =" FYN(x: W.b, Au.z. 9)
I=1

HiDeNN

The recently developed HiDeNN method [12] uses a similar DNN structure of (6) with additional constraints
to build a family of function approximations. Similar to the FEM, the domain (2 is discretized by a mesh with np
nodes x1, X, ..., X,p. Then the finite element shape functions Nz can be constructed by the neural network block,
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constrained free
» N (x; x7, A) fo
| Ug=1
0
y N, (x; x5, A) # uh
z : flo
Ny (%5 X535, A) }
Input Layer Hidden layers Output layer
(Layer 1) u' eR
(x € R®)

Fig. 2. Tllustration for the HiDeNN interpolation functions with x = (x, y, z) as input and u” as output. Weights and biases inside dashed
line-box are constrained. Ay is the identity activation function defined by Ap(x) = x.

namely,
Nz(x; W, b, A) (10)

where Z = 1, 2, ..., np. Different from ]-"}’N(x; W, b, A)in (6), Nz(x; W, b, A) precisely equals the finite element
shape function Nz(x) with inputs x and an output Nz, satisfying the following constraints for shape functions
automatically,

np
D Nz(x:W. b, A) =1, Nz(x7: W. b, A) = b15. (11)

I=1

With Kronecker Delta constraints, we can apply Dirichlet boundary conditions directly similar to that of the finite
element method, so that all the weights W and biases b are functions of nodal coordinates x;. Thus we can rewrite
the shape function explicitly in terms of x; as

Nz(x; x5, A) = Nz(x; W, b, A), (12)

where x% denotes the support of Nz(x), e.g. in linear 1D cases x% = {xz_1, x7, Xz 41}.
Combining such neural network blocks for the entire mesh gives the final form of HiDeNN, as shown in Fig. 2.
This results in the approximation function set

Hh — {Mh(x)

np
W' =" Nr(x:xy, Az, uz € R} . (13)
=1

The parametric expression with nodal positions x7% allows automatic r-adaptivity, and accordingly improves the
local and global accuracy of the interpolant. Remark that there are two different solution schemes for HiDeNN
shown in Appendix B. In the following numerical examples, we adopt Scheme 1, i.e., optimize nodal values and
nodal positions by Adam algorithm simultaneously.

For regular mesh, we propose a constrained version of HiDeNN, which requires that the nodes merely move along
each direction. The shape function at the node x7 = (x;, y;, zx) is the product of 1D HiDeNN shape functions
Ni(x; x5, A), Ny (y; ¥, A), Nk (z; 2%, A). The approximation function set of the regulated HiDeNN reads

ny np n3

u' = Z Z ZNI(X; x7, AN (y; ¥4, ANk (z; 25, Awa, gk, was k) € Ry . (14)

I=1J=1K=1

HR" = {uh(x)

Here, n,, n,, n3 are the number of nodes in x, y, z directions, respectively. This might lose accuracy but avoids
mesh distortion and reduces DoFs.
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Finite element method
The approximation function set " degenerates to the FE approximation function set V" [1] when the nodal
position is fixed, which reads

Yh = {uh(x) u

From the DNN viewpoint, this corresponds to fixing the weights and biases that are functions of x7, as shown
in Fig. 3.

np
= ZNz(x)uI, ur € R} . (15)

=1

Tensor decomposition
Under the assumption of separation of variables, the function # may be approximated by the sum of the products
of multiple 1D functions, i.e.,

Q
W'(x) =u"(x,y,2) =Y XV (»Z9 ), (16)
g=1
where Q is the number of modes, and the product of X@, Y@ Z@ provides a mode for the interpolation function.
This form or concept is known as canonical tensor decomposition [25]. The so-called PGD method has adopted
this concept for solving PDEs [15,37] and for data learning [19,20,38].
Thanks to the separation of variables, only shape functions of reduced dimension are needed. In (16), 1D FE
shape functions can be used for a 3D problem, namely,

ni

XD(x) = ZNI(X)ﬂ(’” (17)

YD(y) = ZNJ()’)V(q) (18)

Z90() = Z Nk (@0, (19)
K=1

Here, ny, ny, n3 are the number of nodes in x, y, z directions, respectively. Thus the corresponding approximation
function set for Q modes with a prescribed Q is

0 n n3
=Y (Z N,(xm}‘”) (Z NJ(y)V(’”) (Z NK(z)e)}?) : (20)
g=1 \I=1

K=1

M = { ul () |u"

BD, 0 6@ ¢ R }

Fig. 4 illustrates a DNN format of the TD interpolation function with Q modes. The symbol in the figure is
used to represent the multiplication in a DNN format and is given in [12]. When a few modes may represent the
function u”(x, v, z), this method is advantageous in terms of lower integration complexity and less DoFs [15,39].
The DoFs are of the order O((n; + ny + n3)Q), which are linear with the spatial dimension and far smaller than
traditional methods (e.g., FEM).

Note that the interpolation function in (16) can be rearranged as

ny np n3

W'y, =D Y > NN )Nk () Zﬂﬁ‘”y}‘“e(‘” : @)

I=1J=1K=1

which is regarded as a finite element 1nterpolat1on function with N;(x)N;(y)Nk(z) as shape functions and
(Zqul jmyjq)e;f)) as coefficients. Eq. (21) is the equivalent form of PGD/TD interpolation function in (20). We
rewrite it in the FEM form to show the relationship with FEM, but the nodal value is in the form of separation of

variables, so DoFs are still linear with dimensions. Fig. 5 illustrates a DNN format of (21), which will be the basis
for the proposed HiDeNN-TD method.
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free

Input L

nput Layer Hidden layers Output layer
(Layer 1) L

(x € R3) “eR

Fig. 3. Illustration for the FEM interpolation functions in the form of DNN with x = (x, y,z) as input and u" as output. Weights and
biases inside red solid line-box are fixed. Ag is the identity activation function defined by Ap(x) = x.

Multiplication
building block

M

@
6K=n3

Input Layer Hidden | Output layer
(Layer 1) Q iaden fayers u" € R

(x € R®) uh = Zlﬁq)_(xz',l,(q) (NZ@(z2)
TD (Q modes): _

%zl nt n2 n3
= > M@ N mow ) D Mo
q=1| =1 I J=1 K=1

Fig. 4. Illustration for the TD interpolation function with Q modes in the form of DNN. The symbol is used to represent the
multiplication in a DNN format.

Multidimensional shape functions of TD, i.e., the products of 1D shape functions, are fixed and determined by
nodal positions along each direction. In addition, the nodal values in the last layer are constraint in the form of the
7
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Multiplication building block

. —— o
0
| @)— Ni=1(x) | 5% Ni=1,7=1,k=1 (%) =
| | G 54,
| v — M=) | y Ni=1j=1,k=2(%) ——
| Z —— Ng_4(z | 7
I Lf 1( ) I N1=n1,]=n2,K=n3(x) —
Ilnput Layer . Input L
I (Layer 1) Hidden layers | n(pL:ye?yle)r Hidden layers Output layer
h
[ ER®) | xer® weR
___________ —_ Nodal index: T = (1,],K)
DNN substructure for M=y j=1 x=1(x) Nodal value: 1,21 ;=1 k=1 = Z§=1 ﬁ,(q)l’,(q)gz((q)
nl n2 n3 Q
TD (Q modes): ul = N;(x) N;(y¥)Ng (2) Z ﬂz(q)}’,(q)91((q)
=1J=1K=1 q=1

Fig. 5. Illustration for the expansion (21) of TD interpolation function with Q modes in the form of DNN. The symbol is used to
represent the multiplication in a DNN format.

tensor product, i.e.,
g @) .,(@)plq)
sk =y B v, 0. (22)
q=1

2.2. HiDeNN-TD: reduced order HiDeNN via TD

HiDeNN gets better accuracy compared with classical FEM due to the adaptivity of nodal positions. More DoFs
might result in heavier cost. On the other hand, representation of separated variables provides a reduced order
model to improve the efficiency but might lose accuracy. Here, we propose HiDeNN-TD, a reduced-order model
of HiDeNN via TD, which seeks to leverage accuracy and computational cost.

In HiDeNN-TD, the shape functions in each direction are written in the DNN format, namely, (17)—(19) are
replaced by 1D HiDeNN interpolants (refer to Appendix A),

ny

XD =) Nitx: x5, AR, (23)
I=1
ny

YD) =Y NGy, Ay, (24)
J=1
n3

Z9(2) = ) Ni(z: 2, A, (25)
K=1

Thus the interpolation function set is defined by

gh = (26)
(Y] ny ny n3

{ u|u = Z( Ni(x:xy, A)ﬂ;”) (ZNJ(y; Y7 A))/}q)) (ZNK(Z? 2 A)é)}?)) } :
g=1 \I=1 J=1 K=1

The corresponding DNN format of the HiDeNN-TD interpolation function with Q modes is shown in Fig. 6. Since
adaptivity occurs only in each direction, the mesh is always regular.

2.3. Relationship among the DNN, HiDeNN, FEM, TD and HiDeNN-TD approximation function sets

In this subsection, we explore the relationship among FEM, DNN, HiDeNN, TD, and HiDeNN-TD.
8
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| N (x; x5, A) Ao Multiplication
Ay building block
x | ‘N‘Z(x' X2, "ﬂ) [ % M
A
Ny, (25, 4) =0 M
M yi,A) °
h
y [ER} /u
< B
Now, (¥ ¥y A)
A
N1 (z; 21, A) °
Z < e o
" A
N (z:25,,A) | -
0=
Input Layer . K=ns Output layer
(Layer 1) Hidden layers u' eR
(x € R?)

HiDeNqN—TD (Q modes):
i Z@q)_?xi:y(q)(y) 7@(z)

Fig. 6. Illustration for the HiDeNN-TD interpolation function with Q modes in the form of DNN.

Assume that TD and FEM are based on the same regular mesh with ny, n,, n3 nodes along x, y, z directions. This
mesh also serves as an initial guess of x7, y%, z% in HiDeNN and HiDeNN-TD. The shape functions of FEM are the
product of 1D shape functions, i.e., the shape function associated with the node (x;, y;, zx) is Ny s k)X, y,2) =
Ni(x)N;(y)Nk(z). DNN has a more general structure than HiDeNN, and might be fully-connected.

By definition, we have the following relationship among approximation function sets of DNN, HiDeNN,
constrained HiDeNN with regular mesh, FEM and TD:

MG V' CHR c H' c N*. @7
Especially when Q is big enough (Q > min{n;, n,} for 2D and Q > min{nn,, nyns, n3n;} for 3D), we have
Mby=V"C Gy =HR"cH" cN", (28)
as illustrated in Fig. 7.
The above conclusions (27)—(28) are based on the following observations:

e According to (21), the TD interpolation functions can be regarded as finite element interpolation functions,
which belong to V", so M”Q C V". Especially, when Q is big enough (Q > min{n;, n,} for 2D and
Q > min{n ny, nyn3, n3n,} for 3D), M}, approaches to V", ie., M}, = V". Detailed numerical results
will be shown in Section 5. Proofs can be found in Appendix D.

e In HiDeNN, an optimization of the nodal positions is performed. Thus FEM may be regarded as a specific case
in HiDeNN with nodal coordinates fixed.
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HiDeNN: HR"
(regular mesh)

HiDeNN-TD
96

-

FEM VI

Fig. 7. Illustration for relationship among interpolation function sets of TD, FEM, HiDeNN-TD, HiDeNN and DNN. Especially, when Q
tends to infinity, MhQ approaches to V. When Q is big enough, FEM interpolation set V' is the subset of HiDeNN-TD one g’é.

Table 2
Comparison of DoFs for different methods on a 3D mesh.
FEM PGD/TD HiDeNN-TD HiDeNN (see Remark)
DoFs ny X ny X n3 (n1 +n2+n3)x 0 (n1 +n2+n3) x Q4+ (n; +nz +n3) ny XNy Xn3+np Xnyxn3gx3

e HiDeNN is a class of structured DNN with weights and biases as functions of nodal values and nodal positions.

e HiDeNN-TD requires the nodal values in the form of tensor product, which is a reduced-order model of the
constrained HiDeNN with regular mesh, so g’é C HR", VQ e N. Especially, when Q is big enough, g’é
approaches to HR", i.e., g’é = HR". For details please refer to Appendix E. On the other hand, HiDeNN-
TD has slightly more DoFs than TD under the same number of modes, so MhQ cgh, YQ € N. When Q is
small, MhQ is the subset of the intersection of g’é and V",

We can also summarize the DoFs for different methods in Table 2. It is shown that HiDeNN-TD and TD have
only a linear growth in terms of DoFs, whereas the DoFs of FEM and HiDeNN may grow in a polynomial manner.

Remark: In HiDeNN, the efficiency depends on how the x* are computed. For most situation, the optimization
loop of x* can be set outside the solution iteration loop that the usual finite element solution schemes such as those
available in commercial software can be employed for the solution u”. In this paper, we solve all DoFs together.

3. Error analysis of FEM, TD, HiDeNN, DNN-based solutions and HiDeNN-TD for PDEs
We consider a partial differential equation with homogeneous boundary conditions

—0; d

Lu(x)+b(x)=0in 2 C R?, 29)
ulpo =0,

where u denotes an m-dimensional vector-valued function in a certain Hilbert space H(R?, R™), b the source term,

x € R? the d-dimensional space coordinates, and £ a second-order differential operator.

We assume that an energy potential I7[u] exists, formulated in the following form
1
IIu] = Salu,u) - (b, u), (30)

where a(-, -) is the symmetric bilinear form corresponding to the second-order differential operator £, and (f, g) =
/. o J - gdx denotes the inner product. For example, let a(f, g) = /. o V.f - Vgdx for Poisson equation. The
minimization of II[u] gives the solution to (29), which reads
u= argmin II[u*]. (31)
w*eH (R4, RM)
10
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Such a weak form is commonly adopted in interpolation theory based numerical approaches, such as the methods
shown in Section 2. Denoted by S” C H(R?, R™) the discretized approximation solution set with a characteristic
mesh size h, the approximate solution based on this given interpolation function set is then

u" = argmin IT[u"*]. (32)
uh*ESh
In the following, we shall take S” to be MS,Q, Vi HRE HE N QS,Q, which are the subsets of M™%, Vi HR",

HE N, Q’é under homogeneous boundary conditions, respectively.

3.1. Error analysis

For simplicity, we confine ourselves with scalar u € H(RY, R). We assert the following relations among error
bounds for FEM, DNN, HiDeNN, constrained HiDeNN with regular mesh and TD

”I/LTD _ yeract || > “uFEM _ yexact || > ”uHiDeNN—Regular _ yeract || (33)
E — E — E

u

> ”MHiDeNN _ yexact || > ||MDNN _
= EZ

exact ||
E-

Here, ||-]|z = +/a(:, -) is called as the energy norm, and u®*““' is the exact solution of the problem, i.e.,

u = argmin II[u*]. (34)
u*e H(RY R)
In the numerical tests, it can be analytical or a very fine mesh FEM solution.
Especially when Q is big enough (Q > min{n, n;} for 2D and Q > min{nn,, nyns, n3n} for 3D), the error
bounds for six methods become

”I/LTD —u

exact ||E > “uFEM _ uexact ”E > ||uHiDeNN7TD _ uexact HE (35)

> ”uHIDeNNfRegular _ uexact ”E > ”quDeNN _ uexact ”E > ||uDNN _ uexact ”E .

(33) and (35) can be derived theoretically as below. The relationship (27) is inherited by MS,Q, V{)', HRE, HE,
NI e,

Mo CV CHR C Hy CN. (36)
These five methods are all based on the minimal energy principle,
u = arg min I7[u"*], (37)
uhxeSh
where S” is selected as M’(’)qQ, Vi HRE HE, J\/'(f' for TD, FEM, constrained HiDeNN with regular mesh, HiDeNN,

and DNN, respectively. Thus due to the relationship (36) among them, we have
H[MTD] > H[MFEM] > H[uHiDeNN—Regular] > H[uHiDeNN] > H[MDNN]. (38)

This leads to the error bounds (33). In the same manner, the relationship (28) leads to the error bounds (35).
(35) shows that HiDeNN-TD might reach better accuracy than FEM with regular mesh at increasing number of
modes. Especially, considering the known proof of the convergence of FEM, HiDeNN-TD is able to reach the same
convergence with enough number of modes, i.e., converges to the exact solution with refining mesh.

We remark that the above theoretical analysis does not account for numerical aspects, such as solution schemes
to determine the global minimizer of the energy potential. Some methods such as DNN, HiDeNN, and HiDeNN-TD
might lose some accuracy due to optimization algorithms. For practical numerical verifications in Section 5, we use
a very tight tolerance to ensure the accuracy of the results, and confirm our theoretical analysis inequalities.

3.2. Proof of the error decomposition in the TD method

The TD based model reduction induces two kinds of errors: mesh discretization error and mode reduction error.
11



L. Zhang, Y. Lu, S. Tang et al. Computer Methods in Applied Mechanics and Engineering 389 (2022) 114414

Theorem 1. Let u¢**“!, u”® and u"*™ be the exact solution, the numerical solution of TD and FEM, respectively.
TD and FEM take the same regular mesh, and FEM takes the shape functions as the product of 1D shape functions
of TD in each dimension. Then the following error decomposition holds:

(”I/LTD _ Mexact”E)2 — (”MFEM _ uexact”E)z 4 (”MTD _ MFEM||E)2 ) (39)

Proof. We calculate
(”uTD _ Me,mct”E)2 (40)
_ (”uTD _ yFEM | [ FEM _ uexacl”E)z (41)

_ (”uFEM _ uexact”E)z + (”uTD . MFEM”E)Z +2a (MTD — yFEM | FEM _ Mexact) .

By the Gauss theorem, we obtain

a (MTD _ uFEM | FEM _ uexact) (42)
—a (MTD _ uFEM uFEM) —a (MTD — uFEM. uexact)

—a (MTD — uFEM, MFEM) + (MTD — uFEM, Euexam‘)

—a (MTD _ uFEM, MFEM) _ (uTD _ uFEM, b) )

TD

Since TD and FEM share the same mesh and shape functions, v = u”? — u*£M belongs to the test function space

of FEM. By the weak form of the FEM problem, we have
a(v,uFEM)—(v,b)zO. 43)
That is to say, (42) vanishes and hence (39) holds. [

This theorem asserts that the TD error is a direct sum of the mesh discretization error (the FEM error) and the
mode reduction error (the difference between FEM and TD). The same conclusion also applies to PGD.

4. The formulation of HiDeNN-TD: the 2D Poisson problem as illustration

In Subsection 2.2, we defined HiDeNN-TD in terms of the approximation function space. Here, we give the
detailed formulation of the method.
For the sake of simplicity and without loss of generality, we consider 2D Poisson problem,

{ Aulx, y) + b(x, y) =0 in 2, C R?,

44
ulpo = 0. (44)

(44) is solved in the regular domain {2,y = [a, b] X [c, d] with homogeneous boundary conditions. Note that if
inhomogeneous boundary conditions are under consideration, we can separate the solution into two parts,
u=u’+1a, (45)
where 1 is an arbitrary function satisfying boundary conditions, and & is the solution to the new equation with
homogeneous boundary condition.
The variational form of (44) is

U[]—1
M—E/Q

Substituting HiDeNN-TD interpolation function into (46), we obtain

") = %ZZ ( / —X“”( ) X‘q><x>dx) ( / Y“”(y)Y“”(y)dy) 47
_ _ Y1

! Q - o (p) (@) e d (p) d (@)
+§ZZ(/ X)X (x)dx) (/y o7 o5y (y)dy)

p=lg=1 7

|Vu|2 dxdy — / u(x, y)b(x, y)ydxdy. (46)

(x.y) Qx,y)

12
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0
-y X D)Y@ (y)b(x, y)dxdy,
q=1 Oy

with the discrete mesh [x; = a, x3,...,x,, =b] x[y1 =¢, y2, ..., Yn, = d]. Notice that there exist cross terms in
(47). For convenience and considering the difficulties to do exact integration between different discrete meshes, all
the modes share the same mesh [xi, x2, ..., X, 1 X [¥1, y2, ..., Yu,] and the same shape functions. We use Gauss
quadrature for the source term.

Once the interpolation function set (26) is obtained, variational principle gives the approximate solution. The
process in HiDeNN-TD is formulated as

find B, y "V, B D oy I =1, T =1, 0 (48)

1
min I7[u"] = E/ ’Vuh‘zdxdy - / u(x, y)b(x, y)dxdy
Q0,3

(x,y)

Y nj ny
W= (ZM(x; x;, A)ﬁﬁ“) (ZNJ(y; ¥, A)y}”)
g=1

=1 J=1
ny ny

and ZN,(x;x}*, A =1, ZJ\/}(y; yi A =1
I=1 J=1

The gradient descent method is applied to iteratively minimize IT[u"] and solve for all parameters together. In the
following numerical examples, we choose Adam algorithm [40], i.e.,

1. Initialization: Set number of modes Q, initial nodal positions x;, y;, I = 1,2,...,n;,J =1,2,...,ny,
initial coefficients ,B;"), y}q) ,q=1,2,..., Q and maximal iteration step M
2. Algorithm:

While k£ < M do

. g 0 d 0
(a) Compute gradient —, —, D @
ax; dy; 9B, " ay,!

(b) Update x;, yj,ﬁ;q), y(q), I=1,...,n,J=1,...,n3,g = 1,..., Q by using Adam algorithm

I=1,....n,J=1,....,n,9g=1,...,0;

(keep the order of the nodal coordinates in each dimension, ie,, a = x| < X2 < -+ < X, =
b,c =y <y <--- <y, =d, in the updating process);
End while.

Remark that the solution scheme to solve (48) is flexible. HiDeNN-TD reduces to TD with fixed nodal
coordinates. The nodal coordinates do not need to be optimized at all times during the computations. In most
cases, the coordinates converge more quickly than the nodal solutions. Hence, depending on the problem and the
accuracy we need, we can design the most efficient algorithm by switching between HiDeNN-TD and TD/PGD
during the solution steps.

5. Numerical examples

In this section, we study the performance of HiDeNN-TD with comparison to FEM, HiDeNN and PGD/TD
methods. This study mainly focuses on the accuracy comparison and the convergence behavior, as the computational
cost can be strongly affected by the under-optimized implementation. Remark that in the following numerical
examples, we set a very tight tolerance 10~!! to ensure the convergence of these methods to verify our theoretical
studies, which might result in the increase in numerical costs. In practice, this tolerance can be relaxed for better
performance. The computational efficiency of the proposed HiDeNN-TD method will be investigated more in our
future work on the basis of GPU-computing.

13
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(¢) Initial uniform mesh for HiDeNN-TD (d) Final optimized mesh for HiDeNN-TD

Fig. 8. FE solution versus HiDeNN-TD solution.

5.1. 2D case

The HiDeNN-TD is applied to the Poisson problem with a concentrated load
b(x,y) = exp (—10(x — 5)* — 10(y — 5)) (49)

in the domain 2 = [0, 10] x [0, 10]. To demonstrate the capability of the method, the domain analyzed by HiDeNN-

TD is initialized with a uniform mesh of 40 by 40 elements. As shown in Fig. 8, the final solution agrees with the

reference FE solution. This reference solution is obtained with a very fine mesh containing 4, 000 x 4, 000 elements.
To measure the accuracy, we define the relative energy norm error for Poisson problem,

”uh _ uref”E \/f_() |V(uh _ uref)|2dx

ref - /
”I/l ”E j‘Q IVu“’f|2dx

Table 3 illustrates the evolution of accuracy with an increasing number of modes. For comparison purposes, we also
applied the PGD, TD, FEM and HiDeNN for the same problem on the uniform mesh of 40 by 40. As expected,
HiDeNN is the most accurate one but leads to a larger number of DoFs. The proposed HiDeNN-TD method can have
the same level of accuracy and only requires a small number of modes. Compared to PGD and TD, the HiDeNN-TD
is much more accurate at a limited number of modes. Taking a closer look at PGD and TD, these two methods
converge overall to the FEM on the coarse mesh. HIDeNN-TD and HiDeNN can overcome this limitation imposed

error =

(50)

14
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(a) Inital mesh for HiDeNN (b) Final optimized mesh for HiDeNN
Fig. 9. Mesh optimization in HiDeNN.
Table 3
Accuracy comparison for different methods on the coarse 40 by 40 mesh.
Mode number PGD TD FEM HiDeNN-TD HiDeNN (Regular mesh) HiDeNN
DoFs Error DoFs Error DoFs  Error DoFs  Error DoFs Error DoFs Error
1 78 38.167% 78 38.167% 1521 11.659% 156  37.357% 1599 3.660 % 4719 2.102%
2 156 16.500% 156  14.422% - 234 9.293% - -
3 234 13.188% 234  11.789% - 312 3.674% - -
4 312 11.811% 312 11.664% - 390 3.662% - -
5 390 11.685% 390  11.659% - 468  3.661% - -
6 468  11.666% 468 11.659% - 546 3.661% - -
8 624  11.659% - - - - -
20 1560 11.659% - - - - -

by the mesh size with the adaptivity. This observation is consistent with our theoretical analysis. HIDeNN-TD and
TD take fewer modes than PGD to converge. When number of modes is bigger than 4, the error of HiDeNN-TD
reduces less than 0.002% with an external mode added. Meanwhile, the difference of the errors of PGD with 5
and 6 modes is 0.019%. This is due to different solution schemes of PGD, TD and HiDeNN-TD. PGD adopts a
greedy manner to solve modes, while TD and HiDeNN-TD realize the global optimization with a given number
of modes. Moreover, it should be noticed that, unlike HiDeNN, the HiDeNN-TD only increases slightly the DoFs
when compared with PGD and TD. This attributes to the separation of variables. Indeed, the mesh adaptation is
performed only in the two separated axes, as shown in Fig. 8(d). For comparison purposes, the final optimized
mesh of HiDeNN is illustrated in Fig. 9. It is shown that the HiDeNN enables a full adaptivity for the entire mesh,
which leads to a significantly different and more accurate final result. Note that we use Jacobian to control the mesh
quality. Nevertheless, the HIDeNN-TD shows attractive advantages in terms of DoFs.

Fig. 10 illustrates the first four modes of HiDeNN-TD, PGD, and TD after scaling. The PGD modes remain
similar to TD in this example. However, the modes of HiDeNN-TD seem to be more concentrated in the region of
interest. This difference mainly comes from the mesh adaptivity.

To further confirm the performance of HiDeNN-TD, we compare the accuracy of different methods on different
meshes. In Table 4, the PGD, TD and HiDeNN-TD results are obtained from the final converged mode. It is shown
that the HiDeNN-TD always gives more accurate results with fewer degrees of freedom. This confirms the previous
observation. From the point of view of mesh refinement, the error of all methods decreases. We shall discuss the
convergence rates of different methods with respect to mesh size in the following subsubsection.
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Fig. 10. Mode comparison for HiDeNN-TD, PGD and TD.
Table 4
Accuracy comparison for different methods with different meshes.
Mesh PGD TD FEM HiDeNN-TD HiDeNN (Regular Mesh) HiDeNN
DoFs Error DoFs Error DoFs  Error DoFs Error DoFs Error DoFs Error
40 x 40  624(8) 11.659% 390(5) 11.659% 1,521 11.659% 468(5) 3.661% 1,599 3.660 % 4,719 2.102%
80 x 80  1,422(9) 5.887% 790(5) 5.887% 6,241 5.887% 1,106(6) 1.851% 6,399 1.847% 19,039 1.406%
160 x 160 2,862(9) 2.948% 1,908(6) 2.948% 25,281 2.948% 2,226(6) 1.174% 25,599 1.173% 76,479 1.081%
320 x 320 7,018(11) 1.469% 5,104(8) 1.469% 101,761 1.469% 3,828(5) 0.896% 102,399 0.894% 306,559  0.889%
640 x 640 11,502(9) 0.724% 7,668(6) 0.724% 408,321 0.724% 10,224(7) 0.606% 409,599 0.606% 1,227,519 0.597%

Note that the number in the parentheses indicates the number of modes.

5.1.1. Convergence studies
In the HiDeNN-TD method, the mode number has to be prescribed. In general, this is unknown for a given
problem and can vary significantly from one to another. Thus, we want to study the convergence property of this
method and the PGD to get a general idea about how to choose the mode number.
As a first attempt, we restrict ourselves to a one-mode solution problem. Let the body force
b(x,y) = (20 — 400(x — 5)*) exp (—10(x — 5)?) (exp (—10(y — 5)*) — exp(—250)) (51)
+ (exp (—10(x — 5)%) — exp(—250)) (20 — 400(y — 5)*) exp (—10(y — 5)*),
and the analytical solution
u(x, y) = (exp (—10(x — 5)*) — exp(—250)) (exp (—10(y — 5)*) — exp(—250)) . (52)

This eliminates the effect of the number of modes, and allows us to study the convergence rate of the methods with
respect to mesh refinement. This kind of error is usually known as discretization error in FEM. To do so, the body
force term is manufactured so that the final solution is analytically known in a separated form. As shown in Fig. 11,
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Fig. 11. Convergence rate of FEM, PGD, HiDeNN-TD with respect to mesh refinement.

the PGD and HiDeNN-TD results converge with respect to the element size at a rate similar to FEM. However, if
we consider the DoFs or number of nodal points, the convergence is much faster for PGD and HiDeNN-TD. This
confirms that doing separation of variables for PGD and HiDeNN-TD does not degrade the convergence rate in
terms of mesh refinement.

The PGD based model reduction induces two kinds of errors: mesh discretization error and mode reduction error.
In particular, we have theoretically showed this decomposition in Subsection 3.2 and numerically observed that the
latter one seems independent of the mesh. In order to show this numerically, we use a manufactured load (49) to
compute the multi-modes PGD solution illustrated in the previous examples in different meshes. The results are
shown in Fig. 12. The convergence rates on the number of modes remain similar regardless of the mesh size. It
seems that the log error is linearly proportional to the mode number, consistent with the exponential convergence
rate proof in [14]. The decreasing slope remained unchanged from the very coarse mesh to the fine one. This implies
the coarse mesh has the same mode reduction error as a fine mesh. Furthermore, we studied this by curve fitting,

and obtained the following formulas,

PGD FEM FEM ref
PGD—FEM Ilu —Uu lle ~ FEM [lu —u" g ~
"¢ = ~crexp (—Q/t), e M = ~ ooh, (53)

llure || £ llure || £
where h is the element size, and parameters ¢; ~ 0.6893,c¢, ~ 0.4714,t = 1.1793 are obtained by fitting.
Combining with error decomposition equation (39), we have

”uPGD _ uref”E

TP A G Jerexp(-0/m) + @iy’ (54)

6‘PGD _
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Fig. 12. Convergence of PGD with respect to the increasing number of modes for different meshes.

This can be used to choose the mode number. Note that this formula is obtained by curve fitting rather than any
theoretical proof, and might be problem-dependent. We are exploring a general function relating the error to the
number of modes and mesh size, and seeking for the theoretical support.

From the above observation, we may consider using a coarse mesh PGD, which is very cheap, to study the mode
reduction error and choose an appropriate mode number for HiDeNN-TD. Since the HiDeNN-TD is always more
accurate than the usual PGD, the selected prescribed number should be large enough.

5.2. 3D Case

The proposed HiDeNN-TD method has been tested in three dimensional cases. We take the body force as

b(x, y,2) (55)
= (20 — 400(x — 5)%) exp (—10(x — 5)*) (exp (—10(y — 5)*) — exp(—250))

X (exp (—10(Z — 5)2) — exp(—250))

+ (exp (—10(x — 5)*) — exp(—250)) (20 — 400(y — 5)?)

x exp (—10(y — 5)%) (exp (—10(z — 5)*) — exp(—250))

+ (exp (—10(x — 5)%) — exp(—250)) (exp (—10(y — 5)*) — exp(—250))

x (20 — 400(z — 5)%) exp (—10(z — 5)%)

L sin(5) sin(2 ) sin("2) — —x(x — 10)sin("5) — —— y(y — 10)sin(%5)
1000 107 "™ 107 ™ 107 T 3125 10’ 3125 10
+7T—2x(x —10)y(y — 10) sin(25)
625000 10
and the analytical solution as
u(x,y, z) (56)

= (exp (—10(x — 5)*) — exp(—250)) (exp (—10(y — 5)*) — exp(—250)) (exp (—10(z — 5)*) — exp(—250))

L sin(™ysiny sin("Z) +
707707 ™ 10

1
10 6250
Fig. 13 presents the final optimized mesh with 40 x 40 x 40 elements and solution for HiDeNN-TD. Similar to
the previous two-dimensional example, Table 5 reports the evolution of error at an increasing mode number for

x(x — 10)y(y — 10) sin(%).
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Fig. 13. Final optimized mesh and solution for HIDeNN-TD in one-eighth part of the 3D computational domain.

Table 5
Accuracy comparison for different methods on the coarse 40 x 40 x 40 mesh.
Mode number PGD TD FEM HiDeNN-TD HiDeNN (Regular Mesh)
DoFs Error DoFs Error DoFs Error DoFs Error DoFs Error
1 117 72.474% 117 72.474% 59,319 27.870% 234 72.349% 59,436  10.780%
2 234 29.883% 234 27.927% - 351 10.797 % -
3 351 28.026% 351 27.923% - 468 10.797% -
4 468 27.931% 468 27.920% - 585 10.797% -
5 585 27.895% 585 27.872% - 702 10.796% -
6 702 27.881% 702 27.871% - - - -
7 819 27.877% 819 27.871% - - - -
8 936 27.874% 936 27.870% - - - -
17 1,989  27.870% - - - -
20 2,340  27.870% - - - - -
Table 6
Accuracy comparison for different methods with different meshes for 3D problem.
Mesh PGD TD FEM HiDeNN-TD HiDeNN (Regular Mesh)

DoFs Error DoFs Error DoFs Error DoFs Error DoFs Error

40 x 40 x 40 1,989(17) 27.870% 936(8)  27.870% 59,319 27.870% 702(5) 10.796% 59,436 10.780%
80 x 80 x 80 2,607(11) 14.416% 1,185(5) 14.416% 493,039 14.416% 1,422(5) 6.770% 493,276 6.770%
160 x 160 x 160 4,770(10) 7.247%  2,385(5) 7.247% 4,019,679  7.247%  2,862(5) 4.036% 4,020,156  3.984%
320 x 320 x 320 9,570(10) 3.628%  5,742(6) 3.628% 32,461,759 3.628%  5,742(5) 1.831% 32,462,716 1.830%

different methods on a coarse mesh. Again, the HiDeNN-TD outperforms the other methods in terms of accuracy
and DoFs. The same conclusion can be drawn on finer meshes, as reported in Table 6.

5.3. Discussions

This paper focuses on the theoretical aspect of HiDeNN-TD. We set a very small tolerance (10~'") to get the
converged solutions in previous examples (see Tables 3 to 6), and thus the solution time may not be optimal. In
practical cases, a trade-off between accuracy and efficiency is usually made.

Table 7 shows the computational time of different methods, including HiDeNN-PGD. The basic idea is to start
from PGD solutions and then use HiDeNN to further improve the solution accuracy by optimizing the mesh
coordinates. The details will be explained below. The computations are performed in Matlab on an Intel Xeon
€5-2650 v2 processor. We use 6 Gaussian points in each dimension of elements to ensure the quadrature accuracy.
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Table 7

Computational cost comparison for different methods with different meshes for 3D problem (for PGD and TD, the number of modes
(converged modes) needed to get the same accuracy of the FEM is reported next to the CPU time). Here, HIDeNN-PGD adopts a PGD and
Newton—Raphson method hybrid strategy.

Mesh PGD TD FEM HiDeNN-PGD (Hybrid)
(ADS, Tol 1073) (ADS, Tol 1073 ) (PCG solver) e=10" e =102
Time (s) Error Time (s) Error Time (s) Error Time (s)  Error Time (s)  Error

40 x 40 x 40 1.7346(17)  27.870% 0.65338(8) 27.870% 444.15 27.870% 1.5210(5) 12.263% 4.8016(5) 11.425%
80 x 80 x 80 0.57950(11) 14.416% 0.40189(5) 14.417% 3,542.3  14.416% 1.0106(5) 10.997% 9.2530(5) 7.336%
160 x 160 x 160  0.55331(10) 7.247%  0.47499(5) 7.247% 36,503 7.247% 1.8125(5) 6.512% 36.063(5) 4.425%
320 x 320 x 320 1.2607(10)  3.628%  5.9524(6) 3.628% 223,607 3.628%  6.1171(5) 3.492% 6.2287(5) 3.492%

As for solution schemes, both PGD and TD adopt a standard alternating direction strategy (ADS) that computes
one coefficient at a time while fixing the others. The difference between PGD and TD is that PGD solves one mode
at a time whereas TD solves all the modes simultaneously with a given number of modes, and the PGD solutions
as the initial guess. The convergence criterion for each mode of PGD is

=

np—1 n3—1

(q)(k) (q)(k—1) 2 (@)k) (l/)(k—l) 2 1 \ (q)(k) (@)(k—1)\2 -3
Z(ﬁ - B+ Z( ) +m—_22(9K e el T (57)

K=2
with g counting index for modes and k the iteration step, and that for TD is
Q ni—1 Q np—l

@® _ gDy @® _ ) @k=Dy> 58
(<n1_2>QqZZ;<ﬁ Pt Z)Q;;w v (58)
(n 2)Q XQ:n}X:l(@(q)(k) 9<q>(k 1>)2> 3 <1073
3T =1 K=2

FEM solutions are obtamed by the preconditioned conjugate gradients method (PCG) as it is not possible to solve
a very large problem with a direct matrix solver with limited computational memory.

For improving the efficiency of HiDeNN-TD, we developed a specific solution strategy, called HiDeNN-PGD,
which can be seen as a further trade-off between PGD and HiDeNN-TD. The key idea is to separately solve the
modes using PGD and then optimize the mesh coordinates using Newton—Raphson method. This hybrid strategy
shows good performance in terms of accuracy and efficiency. We set the following convergence criterion for
HiDeNN-PGD strategy,

1
n1—1 ) 2 np—1 ) 2 n3—1 ) 2\ 2
(Z<an )+Z<8H )+Z<an )) . 59)
=\ RNV ko \ 92
where the superscript k is the iteration step, and € is the tolerance.

The computational cost of HiDeNN-TD/HiDeNN-PGD is influenced by several factors including the optimization
scheme, initial guess and required accuracy. Note that we present two results with different tolerances for HIDeNN-
PGD in the table. As shown in Table 7, when taking a large tolerance (¢ = 10~!), HiDeNN-PGD strategy helps to
achieve a good accuracy with a comparable efficiency to PGD/TD, faster and a lot more accurate than FEM. Note
that Table 7 reports also the results with the converged modes for PGD, TD and HiDeNN-PGD. As we can see,
PGD takes more modes than TD and HiDeNN-PGD. When taking a tighter tolerance (¢ = 10~2) for HiDeNN-PGD,
we further improve the accuracy with additional computational cost. All the computations are under the framework
of serial algorithms.

Based on the HiDeNN-PGD solution, we can add an additional loop to optimize the solution using TD while
fixing the mode number, i.e., HIDeNN-TD in Table 8. From a theoretical point of view, as expected, the HIDeNN-TD
further improves the solution accuracy as shown in Table 8. It turns out that the current solution accuracy is improved
by HiDeNN-TD in the first or second significant digit with 5 modes. When considering fewer modes (2 modes),
HiDeNN-TD shows a much better accuracy compared to HiDeNN-PGD, due to the fact that TD requires fewer
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Table 8
Computational cost comparison for HIDeNN-PGD and HiDeNN-TD with different meshes and modes for 3D problem. Here, HiDeNN-PGD
adopts a PGD and Newton—Raphson method hybrid strategy, and HiDeNN-TD refines the HiDeNN-PGD results by a TD step.

Mesh HiDeNN-PGD (Hybrid) HiDeNN-TD (Hybrid)
e=10"" e=10"" e=10"" e=10""
Time (s) Error Time (s) Error Time (s) Error Time (s) Error

40 x 40 x 40 0.58879(2) 17.139% 1.5210(5) 12.263% 0.60405(2) 12.784% 1.7562(5) 12.256 %
80 x 80 x 80 0.35486(2) 16.709% 1.0106(5) 10.997% 0.37804(2) 12.189% 1.3804(5) 10.988%
160 x 160 x 160 0.68524(2) 13.772% 1.8125(5) 6.512% 0.73674(2) 7.523% 3.3137(5) 6.468%
320 x 320 x 320 0.66899(2) 4.046% 6.1171(5) 3.492% 0.80433(2) 3.532% 8.8504(5) 3.476%

Table 9

Accuracy and computational cost for HIDeNN-TD with PSO method for 3D problem.

Mesh HiDeNN-TD (PSO)

Time (s) Error

40 x 40 x 40 4,242.1(5) 6.026 %

80 x 80 x 80 4,562.8(5) 3.404%

160 x 160 x 160 5,548.0(5) 2.100%

320 x 320 x 320 12,145(5) 1.102%

Table 10
Accuracy comparison for different methods with different meshes for 3D problem.
Mesh HiDeNN-TD (Adam) HiDeNN (Regular Mesh, Adam) HiDeNN-TD (PSO)
Error Error Error

40 x 40 x 40 10.796 % 10.780% 6.026 %
80 x 80 x 80 6.770% 6.770% 3.404%
160 x 160 x 160 4.036% 3.984% 2.100%
320 x 320 x 320 1.831% 1.830% 1.102%

modes than PGD for a given accuracy. This is consistent with our theoretical analysis. In addition, since this is a
high-dimensional optimization problem, looking for a globally optimal solution requires more computational effort.
Remark that the above gradient based algorithms cannot guarantee the global minimum when facing nonconvex
optimization problems. Seeking a good solution scheme to further improve the efficiency of HiDeNN-TD will be
our future work. Some other global optimization methods such as particle swarm optimization (PSO) [41] can be
considered. Our experience showed that the PSO can help us to achieve accurate results, since PSO is designed to
search for the global minima from many different starting points. As shown in Table 10, the PSO can consistently
achieve a higher accuracy for all the meshes compared to Adam method. For example, we can achieve about 6%
error for the 40 x 40 x 40 mesh, whereas the solution obtained with Adam is about 11% in error. Yet this method
might not be as efficient as the HIDeNN-PGD strategy, as shown in Tables 7 and 9.

The HiDeNN-TD needs a priori assumption on the number of modes. The alternative hybrid solution scheme can
help estimate the number of modes using PGD and improve the computational speed while providing solutions more
accurate than those by PGD/TD and FEM (see Tables 7 and 8). This confirms our theoretical analysis. Another
way is to estimate the necessary number of modes (numerically or mathematically). For this reason, we explored
the error of TD method. We decompose the error into mode reduction error and discretization error theoretically,
and obtain (39) (the proof is given in Subsection 3.2). Based on this, we have tested by establishing a function by
curve fitting, relating the error to the number of modes and mesh size.

Concerning potential applications, the proposed HiDeNN-TD straightforwardly applies to problems with regular
shapes and meshes. For problems with irregular shapes or meshes, a mesh transformation is required. This point
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may limit the application of the method to arbitrary domains, although some techniques have been proposed to
overcome this issue. We proposed one mapping strategy in Appendix F.

6. Conclusion

A reduced-order hierarchical deep learning network has been proposed. The so-called HiDeNN-TD is a
combination of HiDeNN and TD with separated spatial variables. This combined method presents several advantages
over HiDeNN and TD methods. First, it allows leveraging the automatic mesh adaptivity of the HiDeNN method
for reducing the number of modes in TD approximation. Second, combining TD with HiDeNN reduces significantly
the number of degrees of freedom for HiDeNN and potentially leads to a much higher computational efficiency.
Furthermore, we have demonstrated that both HiDeNN and HiDeNN-TD can provide more accurate solutions than
FEM and PGD, through an error analysis with the help of analyzing the approximation function sets.

The numerical results have confirmed the mathematical analysis. These examples have been performed based on
2D and 3D Poisson problems. It is shown that the proposed HiDeNN-TD method can provide accurate solutions
with the least degrees of freedom. In order to have an idea for the prescribed number of modes in HiDeNN-TD,
we have studied numerically the convergence rate on PGD approximation. It has been found that the convergence
rate on the mode number is insensitive to the mesh size. Therefore, we can expect to use PGD and a very coarse
mesh to compute the necessary number of modes for HIDeNN-TD. This finding is interesting and provides a useful
guideline on the choice of the number of modes for HiDeNN-TD or other PGD-based methods that may require a
better optimality in terms of basis.

Theoretical results of convergence studies need to be derived through a rigorous mathematical analysis. The
numerical results provided in this paper can serve as the first evidence for demonstrating the capabilities of the
method.

In addition, we proposed an efficient variant of the method, called HiDeNN-PGD. The method leverages the
PGD type solution scheme for computing the modes and the HiDeNN method for optimizing the mesh coordinates.
Consequently, this method makes the solution time comparable to PGD method and results more accurate than
PGD/TD and FEM. The method has made a trade-off between the solution accuracy and efficiency, compared to
HiDeNN-TD. Further improvement of the method can be employing some global optimization algorithms, such as
PSO, as discussed previously. The key point of the future development is to find a good solution scheme that is
able to achieve the global optimum while maintaining a high efficiency.

The proposed HiDeNN-TD and its variant HiDeNN-PGD have shown good potentials to achieve the high
accuracy and efficiency for solving PDEs. They can provide a powerful tool for problems that require very large
mesh systems such as the additive manufacturing simulations and topology optimization problems.
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Appendix A. 1D HiDeNN formulation

In standard 1D FEM, the computational domain {2 is discretized by a grid with np nodes and the shape function
associated with an internal node x; is

X — X711
— Xi—1 =x =Xy,
§1 _XI}I
N[(x)_ L7 x15x5x1+1’ (A'l)
X141 — X1
0, elsewhere,
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(a) DNN-based 1D shape function (b) DNN-based 1D interpolation function

Fig. A.14. Deep neural network (DNN) representation of the 1D global shape function and interpolation function.

where x;_; and x;,; are the two neighbor points of the node x; from the left side and right side, respectively.

We rewrite N;(x) in a DNN format consisting of weights, biases, and activation functions. Considering the shape
function in a piecewise linear form, we choose the ReL.U function, .A; = max(0, x), as the activation function.
Fig. A.14(a) shows the DNN representation of the linear shape function. The corresponding formula is

Ni(xs Wb, A) = WTHA (WA (WTx + b177) + 5173 (A.2)
WAL (WA (Wi 8172) +57) 4 017

-1 -1

= A <—A1 (=x +x7)+ 1) + Ay <—A1 (x—xp)+ 1) -1,
X7 — X711 X141 — X1

where W = [WIT2 WiF2 WD WSS wist Wish), and b = [b172, 0572, 0473, b5=3, b!=*] are the weights and

biases of the connected neurons. Detailed definitions of the notations are provided in Table 1. Note that all the

weights and biases are functions of nodal coordinates. The formula can be rewritten as the form of

Ni(x; x7, A), (A.3)

where x7 denotes the vector that represents the neighbor nodes of node x; involved in N;(x). For 1D linear shape
function, it should be x} = {x;_1, x;, x;41}. For the sake of clarity, one more layer is added to introduce the nodal
value u;, i.e., the formula becomes

u’} = M(x; W, b, Au; = A (x; xj, Aws; no summation on / (A.4)
—1
= A (.Al <—A1 (—x +x7) + 1> — 0.5> wy
Xp — X1-1

+Ay (-Al (—I-Al (x —xp) + 1> - 0.5> wr,
Xi+1 — X1
where u’,’ and w; are the interpolated displacement and nodal displacement at node x;, A = [Ag, A;] are the
activation functions used for the construction of the DNN approximation. Ag(x) = x is an identical function.
Fig. A.14(b) gives the DNN representation of the interpolation of the nodal displacement at node x;.
Once the shape function with nodal value for an arbitrary node x; is constructed, the interpolation is obtained

by assembling all DNNG, i.e.,

np
W) =) Ml xj, Ay, (A.5)
=1
Compared with classical FEM, nodal positions are introduced as additional DoFs in the optimization for HiDeNN,
which increases both the local and global accuracy of the interpolants.

Ref. [12] also presented the DNN representation of various rational functions including Lagrange polyno-
mials, B-spline, Reproducing Kernel Particle Method (RKPM), NURBS, Isogeometric analysis (IGA), etc., and

multidimensional shape functions.
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[ Initialize ug, xg ] [ Initialize ug, xg ]

A

Fix X3 and solve ug by

Update U, x5 by one FEM

gradient descent step Fix 11y and deate X by

one gradient descent step

Check criterion
or max
iteration

Check criterion No
or max

iteration

No

[ Output Ug, Xg ] [ Output Ug, Xg ]

(a) Scheme 1: optimize uz,xz simultaneously. (b) Scheme 2: optimize uz,zz alternately.

Fig. B.15. Two different solution schemes for HiDeNN.

Appendix B. Solution schemes for HiDeNN

We present two different solution schemes for HiDeNN as illustrated in Fig. B.15. The first way is the classical
optimization process, i.e., to optimize nodal values and nodal positions by gradient descent algorithm such as Adam
algorithm simultaneously. The second way is to split the updating process into two parts: a FEM solver to update
nodal values with fixed nodal positions; and then a gradient descent step to update nodal positions with fixed nodal
values. Although this may be more expensive than the previous scheme, the latter one can be programmed as a
post-processor for an existing finite element algorithm.

Appendix C. Convergence for tensor decomposition method at increasing number of modes

In this section, we discuss the convergence of the canonical decomposition method at increasing Q (number of
modes). In Section 2, we have shown that MhQ c WV, provided that their interpolations are based on the same basis
functions. Here, we make some further discussions.

For 2D case, we compare

[¢] n ny
Mg = MM:}:@:meﬂ(Xhmejﬁ?mﬁeK1=uumhhﬂ“wm
g=1 \I=1 J=1
(C.1)
with
ny  np
Y = :uh W' =" NN Dug gy €RI=1,....n, J=1,....m¢. (C.2)
I=1 J=1

As the same basis functions are used, it follows that:
1. ¥Q € N, M)y c V"
2. If Q1 < 02, 01,02 €N, M}él C M}éz;

3. VQ = min{n;, ny}, Q € N, Ml = V",
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The first two statements are straightforward. The last property is proved in Appendix D.
We then conclude the following relationship:

h / / h h
Moy CTMoy Coor T Mo mingny gy = Mozmininy ngj1 =" = V- (C.3)

ni,np

In other words, M}é is always a subset of V", and it approaches to V" when Q increases. Consequently, when
enough number of modes are taken, the canonical decomposition result reaches the same accuracy as the FEM
solution. We remark that min{n;, n,} is precisely the minimal number of modes to ensure M" = V",

The above discussions extend to 3D readily.

1. VQ e N, M}, c V",
2. If Q1 < 07,01, 02 €N, Mth C Mth;
3. VO > min{nn,, nanz, nin3}, Q € N, M}é = V.

We note that the minimal number of modes to ensure M]é = V" in 3D is essentially to find a best rank-r
approximation to order-3 tensor, which is an open mathematical problem. An upper bound is given in property 3.

Appendix D. Convergence for 2D tensor decomposition method at increasing number of modes

Theorem 2. For 2D case, M”Q and V" are defined in (C.1) and (C.2), respectively. We have
YQ > min(ny, ny), Q € N, ML =Vt (D.1)

Proof. For any interpolation function

ny np
ymFEM _ Z Z NNy (Yua, >
=1 J=1

in the set V", we write the nodal values in the form of matrix,

Ua,n U2 s U

Up,y U2 ot U@y
U = ] ] . . (D.3)

Up, ) Um0 Uegng)
According to the singular value decomposition (SVD), U is represented by

rank(U)
U=Y 0909 @v® 0" =0? = ...z ot 5, (D.4)
g=1

h,FEM

where w'@ is the n,-dimensional vector, and v?’ is the n,-dimensional vector. Thus u is rewritten in the form

of the separation of variables, i.e.,

ny np rank(U)
yhFEM _ Z Z NiGONS () Z o(q)wf)u(J") ] (D.5)
I=1 J=1 q=1

So we have u>FEM ¢ M" if Q > min{n, n,} > rank(U). Combining with ./\/th C V", we obtain (D.1). O

We remark that SVD tells us the minimal number of modes to reproduce the FE solution, i.e. min{n, n,}.

Appendix E. Convergence for HiDeNN-TD at increasing number of modes

FEM and TD can be regarded as specific cases in the regulated HiDeNN and HiDeNN-TD with nodal coordinates
fixed, respectively, i.e.,

HR"= | V'oryd. Gh= |J Mbhai vz (E.1)
% 3%
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Fig. F.16. A quarter of ring is transformed in to a rectangular by the polar coordinates transformation.

In Appendices C and D, we show that /\/th approaches to V" when Q is big enough. When Q > min{n;, n,} for
2D and Q > min{nn,, nyn3, nzn;} for 3D, we have /\/th =V" so g}é =HR".

Appendix F. Space separated PGD

When the domain is not intrinsically separable, fully separated representation cannot be applied directly. [37]
immersed the non-separable domain onto a fully separable one. [42] used geometrical mapping to deal with layered
domain, where interfaces are not planar. Now we combine representation of separated variables with FE mapping
to deal with more complex geometrical cases.

F1. Mesh mapping and recovering for irregular domains

The main idea is to map original irregular domain (2, to a regular one fZ(,;), and then apply the separated
representation. Fig. F.16 illustrates a simple example. A quarter of ring becomes a rectangular through polar
transformation. Then the new representation of separated variables is

Q
W' =" XDO)Y ), (F.1)

q=1
where 6 and r are the functions of space coordinates x, y. By virtue of parametric transformation in FEM, we
propose a general way to define this mapping as illustrated in Fig. F.17. We present a FE mesh over the 2D irregular
computational domain {2, first with nodes x; ;,i =1,2,...,n1, j =1,2,...,n,. Then we define a mapping to its
corresponding lattice (i, j). X is the coordinates of the transformed domain 2. The mapping consists of two steps:

1. Mapping each element to a square/cubic

The first mapping is the classical parametric mapping in FEM. We make a change of coordinates which maps
the 4-node element into a square [—1, 11? for 2D or maps the 8-node element into a cubic [—1, 177 for 3D. The
coordinates of a point & in the square are related to the physical coordinates of a point x in the element by mappings
of the form

x =) Ni@x; (F2)
a=1
where n, is the number of nodes of the element (n, = 4 for 2D and n, = 8 for 3D), x{ is the coordinates of the
ath node of the element, and N/ (&) is the corresponding shape function. § is called as natural coordinates.
2. Mapping the square/cubic to a lattice
For the sake of separated representation, we define the second mapping to assemble the square/cubic into a
lattice. The transformed formula is

=) NUOX, (E3)
a=1
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Fig. F.17. Illustration for the geometrical mapping. The irregular domain with irregular mesh is related to a regular domain with regular
mesh by a 2-step mapping.

and the inverse transformation is

s e ~e
_ 2X — X{ — X5

R (F4)
Xy =X
2y =y =¥
n= ﬁ (ES5)
Y2 =N
272 -725-125
(=" (E.6)
LY

The final transformed domain {2 is called as reference domain, which is a regular domain with a regular mesh
[X1, X2, ..o, Xy ] X [D1, Y2, oo npl X (21522, ..+, 2y ) XV, X5, 31, 95,27, 25 are the coordinates of the element
[x7, X51 < [37, ¥5]1 x [z, Z5] in the reference domain. For convenience, we might take the mesh in the reference
domain as a lattice corresponding to the index of the nodes in the physical domain, ie., X; =i,i =1,2,...,n1,y; =
j,j = 1,2,...,”2,2/(:](,](: 1,2,...,}13.

The whole mapping is defined as below,

x =) NoE@E)x;. (F7)

a=1

Then separation of spatial variables is applicable to the reference domain, i.e., the interpolation function set is

Q 0 ny ny n3
W= XBYGZE =Y (Z N,mﬁf”) Y NGy (Z Nk@ezq)) NGE))
g=1 j=1 k=1

g=1 \i=1

Mty =L

where N;(x), N;(¥), N;(z) are shape functions, and ,Bi(q), )/; are the corresponding coefficients of the gth mode.

Note that x, ¥, 7 are the functions of physical coordinates x, y, z.

q) 9]5‘])
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F.2. Solution schemes

There are different solution schemes to solve the problem. A straight way is to find the solution by minimizing
the variational formula with the given number of modes Q* directly, i.e.,

u' = arg min " (x; /3(‘1), y@, 0'Dy). (F.9)
uh e./\/th: o*

All the parameters are solved at the same time.
Yet this global optimization might be expensive, so we might borrow the idea from PGD [15,39], i.e., incremental

solution scheme. More precisely, the solution scheme is

The first mode: ufGP-M — argmin I1[u’ + il;
ﬂe/\;l"Qzl
For m > 1, the mth mode: i = argmin II[u? 9P~V 4 7, (F.10)
ﬁe/\;th:l

The PGD solution with m modes: ufGP-0m — [, PGD.(n=1) 4 Fm)

We remarked that it is also possible to solve several modes simultaneously in one incremental step.

In general, the initial guess u is set to be zero. When dealing with the boundary conditions, #° can be arbitrary
continuous functions satisfying boundary conditions. We can also set an appropriate initial guess to improve the
efficiency.

These two solution schemes have their advantages and disadvantages. With the same number of modes Q*, we
solve the modes one by one using the latter solution scheme (PGD) (F.10) while optimize all the modes together
using the previous one (TD) (F.9). Thus, we have II[u””] < II[u?®P] and then obtain

||MTD _ PGD __ uexaCt”E- (Fll)

u g < llu

This indicates the solution of the previous solution scheme (F.9) might be better than that of the incremental way.
However, this TD solution scheme (F.9) might cost more.

E.3. Illustrating the solution procedure: the 2D Poisson problem

For the sake of simplicity and without loss of generality, we consider 2D Poisson problem with incremental
solution scheme for illustration,
—0; 2
Au(x, y)+b(x, y) =0in 2, C R, (F.12)
ulyn = 0.

(F.12) is solved in the irregular domain (2 ) with homogeneous boundary conditions.
After mapping, the solution is represented in the form of (E.8). Then we solve it with incremental solution
scheme. Let previous ¢ — 1 modes solved. The gth mode is obtained by

G- arg min H[u?P =D 4 a1, (F.13)
ﬁe/\;l'bzl

where u”¢P-@=1 jg the sum of the previous ¢ — 1 modes. We rewrite the interpolation function in the following
matrix form

uteb.@ — ,PGD.q—=1) | ﬂ(q)’ i = ((ﬂ(q))TNﬁ()?)) ((y(q))TNy(y)) , (F.14)

where B9, y@ are the coefficient vectors, and N?(%), N7 (3) denotes the vector containing shape functions.
Substituting (F.14) into the variational formula (46), we have

H[uPGD’(q)] — %/ (V(ﬁ(")))z dxdy _|_/ (V(ft(q))) . (V(MPGD,(q—l))) dxdy (F.15)
O,y O,y

- f B9 Cx, )b(x, y)dxdy + [u” P @),
Qx,y)
28



L. Zhang, Y. Lu, S. Tang et al. Computer Methods in Applied Mechanics and Engineering 389 (2022) 114414

The quadratic term with respect to 9, y@ in the variational formula is given by

Ja

with the Jacobi matrix

(V(ﬂ(")))zdxdy = / (VW)(W’)))T J 1TV 5@ ?)det(J)didy. (F.16)

x.y) 2.5

a ’
_ Ay (F.17)
(X, y)
The gradient of 7 with respect to (%, y) is
o 0 D (s 0
V. ~)u(q) — 8316 i = dx (F.18)

53 By N Y (y WDy
dy
Note that the expression is a nonlinear algebraic system. It is hard to solve it directly, so we use the alternating
direction strategy as below:

In each iteration step,

1. Fix y and solve 8

The quadratic term becomes

/ (V@“))* dxdy = / BT BPT(x, 5)BP (%, 5)BVdet(J)didy (F.19)
Qx,y) 2.5
with
dNP(%)
R O NG =) F20)
Y @t N7 g | '
(y )T —2(NP (%))

The stiffness matrix for @ is

KP = / BT (%, )BP (%, y)det(J)dxdy. (F21)
)

2. Fix B and solve y
The quadratic term becomes

/ (V(ﬂ(‘/)))zdxdy: / y T BT (%, 5)BY (X, §)y Pdet(J)dxdy (F.22)
Qx.y) )
with
(9) T ( ) T
BG 5 = J-! (B) —=—(N"(3) 23
X,y) = . .
(B NP (@ )(dN (y)>

The stiffness matrix for y@ is

K" = / B"T(%, 3)B (X, y)det(J)didy. (F.24)
E))

If we present a regular mesh over a regular domain {2 ), the mapping is a linear transformation for coordinates.
Let one element of the regular mesh [x{, x5] x [¥{, y5]. The mapping (F.7) reduces to

x§ —x¢ e . y5 — y¢
x=2—LE-F)+xfy=2—F - )+ (F25)
Xy =X 2 Y
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Fig. F.18. Geometry and mesh for the plate. (a) Model of the plate. (b) 100 elements mesh as an illustration. (¢c) FEM solution with
4.90 x 107 elements.

xX{oys -

J reduces to a diagonal matrix dlag(z—w, = i ) Thus we have

R G ]
e e e e
JT T  et(gy = 2212 T (F.26)
Xo = X1 Y2 =N
which is constant in each element and separated representation. Thus this method degenerates to the classical PGD.
For irregular mesh, J~7 J~'det(J) in (F.16) is the function of x and mostly non-separated representation. In the
numerical implementation, we usually approximate it by a separated form using SVD technique, i.e.,

(a) (a) (a) (a)
-T y-14 ~ [ Z ¢1a( )I/f]a ) Z ¢a (x)‘/fla( y) j| FE.27
ST D] S 0 m oG T @66 20

This converts the 2D integral (F.16) to the product of 1D integrals along different directions (¥ and y directions in
the reference domain), which might reduce the computational cost.

F4. Numerical examples

In this section, we study the performance of PGD using the above mapping technique with comparison to FEM.
The first problem is the Poisson problem with a body force

(x —50)(y —50) =«
100 + E)

in an irregular plate as shown in Fig. F.18(a). We present a FE mesh with 7000 x 7000 elements first. Note that
the meshing is not unique, and we adopt a simple way for convenience, as illustrated in Fig. F.18(b). Based on the
same mesh, FEM and PGD with mapping technique are adopted to solve this problem. To study the performance
of PGD, we define the relative H' norm error

b(x, y) = sin ( (F.28)

[uPCP — yFEM |, \/fg(uPGD — uFEMY2  (VyPGD — vy FEMY2dxdy

[uFEM| \/fQ(MFEM)2 + (VuFEM2dxdy

dlfferencePGD FEM _ (F.29)

to measure the difference between FEM and PGD. The diff erencez(l;D ~FEM ys. Q curve is plotted in Fig. F.19,
where Q is the number of modes. It is clearly shown that the difference decreases to zero with increasing number
of modes. When Q > 34, PGD reaches a good accuracy with less than a 3.00% difference from the FEM. The
DoFs of FEM are 4.90 x 107, while those of PGD are merely 4.76 x 10° with Q = 34 modes.

The geometry of the second problem is a square plate with one hole, as shown in Fig. F.20(a). The body force
is

(F.30)

b(x, y) = sin (w + %) )

100
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Fig. F.19. The differencez?DprM vs. Q curve. differenceZIGDfFEM denotes the difference between FEM and PGD with mapping
technique. Q is the number of modes.
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Fig. F.20. Geometry and mesh for the plate with one hole. (a) Model of the plate with one hole. (b) 84 elements mesh as an illustration.
(c) FEM mesh corresponding to 84 elements.. (d) FEM solution with 4.116 x 107 elements.
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1 mode: 97.83%
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Fig. F.21. The diff erencez?D —FEM ys. O curve. dif ferenceZ?D “FEM genotes the difference between FEM and PGD with mapping
technique. Q is the number of modes.

Fig. F.20(b) illustrates a FE meshing with 84 elements, and the transformed reference domain is a square plate with
a square hole as shown in Fig. F.20(c). A fine mesh with 4.116 x 107 elements is used to solve this problem. The
FEM solution is shown in Fig. F.20(d), and the difference between PGD and FEM is illustrated in Fig. FE21. The
PGD result converges to FEM one when increasing number of modes. The difference maintains less than 5% when
Q > 41.

These two examples verify the effectiveness of the mapping technique for space separated PGD to deal with the
irregular domain.
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