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ABSTRACT

Projection-based model-order-reduction (MOR) accelerates computations of phys-
ical systems in case the same computation must be performed many times for
different load parameters (e.g. parameters, geometries, initial conditions, boundary
conditions). It therefore finds its use in application domains such as inverse mod-
elling, optimization, uncertainty quantification and computational homogenization.
Projection-based MOR uses the solutions of an initial set of (training/offline) com-
putations to construct the solutions of the remaining (online) computations. For
finite element computations of hyperelastic solids, projection-based MOR is ac-
curate and fast. However, for finite element computations of hyperelastoplastic
solids, conventional projection-based MOR is far from accurate and fast. This
thesis explores different numerical approaches to improve projection-based MOR
for hyperelastoplastic finite element simulations. The first investigated innovation
focuses on enhancing the interpolation employed in projection-based MOR with
an additional interpolation associated with a coarse finite element discretization.
Because inconsistent results are obtained with this approach, the second innova-
tion focuses on equipping the projection-based MOR with a neural network. This
substantially accelerates the online computations, and although the reported accu-
racy can be argued to be reasonable, it is definitely not excellent. To this end, the
third innovation investigates the use of machine learning to adaptively select the

interpolation functions of projection-based MOR during the course of a simulation.
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Chapter 1

INTRODUCTION

1.1 Model-order-reduction

Model-order-reduction (MOR) encompasses numerical methods that accelerate
time-consuming computations. Whereas surrogate models such as response sur-
faces and Kriging replace the input-output relation of the computation of interest
by a fast alternative, MOR only modifies the computation in order to accelerate it.
Consequently, more results often remain available for post-processing using MOR,
whereas surrogate models only provide the output for which they are trained [83].
In the field of numerical predictions of physical systems such as finite element (FE)
simulations, two MOR categories may be distinguished: a posteriori methods and
a priori methods.

A posteriori MOR involves precomputing numerous responses of the physical sys-
tem of interest in advance and utilizing the precomputed solutions to accelerate the
subsequent simulations that remain. A posteriori MOR is thus only useful if the
same physical system must be simulated numerous times, each time with different
load parameters (e.g. material parameters, boundary conditions, geometries). Con-
sequently, a posteriori MOR finds its use in applications such as inverse modelling,
optimization, uncertainty quantification and computational homogenization.

On the other hand, a priori MOR does not require any precomputations to be
performed and hence, it can be used the very first time the physical system of
interest is simulated. Consequently, a priori MOR is more widely applicable than
a posteriori MOR, since a posteriori MOR 1is only useful if the same type of
computation must be performed numerous times. On the other hand, a priori MOR

often yields smaller accelerations.

One type of a priori MOR is proper generalized decomposition [57, 15]. It enriches
the approximation of the computation’s solution per iteration, thereby approaching
the exact result as more iterations are computed. Another type of a priori MOR
is the quasicontinuum method, which superimposes a finite element interpolation,
including associated quadrature points (i.e. ’summation’ or ’sampling’ in quasicon-
tinuum terminology, or “hyperreduction’ in projection-based MOR terminology)
over an atomistic [5], spring [6] or beam [14] lattice. Clearly, a posteriori MOR and

a priori MOR both have their pros and cons.
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1.2 Projection-based model-order-reduction: interpolation & hyperreduc-
tion
This thesis focuses on a posteriori MOR such as the proper-orthogonal-decomposition
(POD) method [42, 43, 52, 11] and the reduced-basis (RB) method [59, 60]. Both
approaches involve an ’offline’ training stage, from which solutions are harvested to
construct the solutions of the future computations (i.e. in the ’online’ stage). The
difference between the POD method and the RB method concerns the manner in
which the training solutions are handled to construct the solutions of future com-
putations. In the POD method, the precomputed solutions are decomposed using
singular value decomposition (SVD) in order to extract the most dominant character-
istics of the training solutions. In the method of RB on the other hand, precomputed
training solutions are directly employed (after orthonormalisation) to construct the
solutions of future computations. Similar as in the POD method, the ensemble of
selected training solutions in the RB method should enclose the characteristic fea-
tures of the possible solutions of future simulations. This is often performed using
a greedy algorithm. In both the POD and RB method, the precomputed solutions
yield orthonormalized vectors which together reconstruct the solutions of future

computations. These vectors are referred to as basis functions or modes.

In projection-based MOR such as the POD and RB method, each basis function
comes with its own degree of freedom (i.e. ‘coefficient’), all of which must be (si-
multaneously) computed during an online computation. Consequently, it is essential
for the speed of the online computations to minimize the number of employed basis
functions and hence, the number of degrees of freedom. In the case of non-linear
computations however, besides the time needed to solve the linearized governing
equations, another bottleneck is present: the time to construct the linearized gov-
erning equations. In implicit non-linear computations based on Newton’s method,
the linearized governing equations (i.e the column with first-order derivatives and
the matrix with second-order derivatives) must be constructed for each iteration,
for each increment. Whereas the interpolation of the basis functions reduces the
number of equations and hence, the time to solve the systems of linear equations, it

does not reduce the time to construct the linearized governing equations.

Approaches to reduce the time to construct the linearized governing equations in
projection-based MOR are often referred to as “hyperreduction’. Hyperreduction
involves the sampling of quantities at only a limited number of spatial locations to

approximate the first-order and second-order derivatives of the system of interest.
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These quantities may be the derivatives themselves, as in the discrete empirical
interpolation method [12, 13, 58, 62], or quadrature points [68, 66, 24, 53, 35].

1.3 Elasticity versus elastoplasticity

Projection-based MOR using interpolation and hyperreduction as described above
has successfully been used to accelerate FE simulations of hyperelastic solids [40,
56]. The use of only a small number of basis functions yields excellent results
for hyperelastic FE computations. Consequently, the associated systems of linear
equations are small and fast to solve. Hyperreduction using the discrete empirical
interpolation method is furthermore highly accurate using only a small number
of sampled derivatives, thanks to the spatially smooth fields of the derivatives

associated with (hyper)elasticity.

Projection-based MOR using interpolation and hyperreduction as described above
is substantially less trivial to accelerate FE simulations of hyperelastoplastic solids
[29]. The reason is twofold. First, elastoplastic FE computations require many more
basis functions to obtain a similar accuracy as for hyperelastic FE computations.
This is illustrated in Fig. 1.1, in which the same FE model is considered with
a hyperelastic and a hyperelastoplastic material description. The singular values
decay substantially faster for hyperelasticity than for hyperelastoplasticity. Because
many more basis functions are required for elastoplasticity, the number of equations
(i.e. of degrees of freedom) remains relatively large and hence, solving the system

of linear equations (once per iteration) requires more time.

Second, hyperreduction is substantially less trivial to be effectively exploited. This
has two causes. First, the fact that many basis functions are required entails that more
quantities need to be sampled to accurately approximate the linearized governing
equations. Second, elastoplasticity entails that the spatial fields of derivatives and
second-order derivatives are non-smooth and the spatial domain in which smooth-
ness is lacking changes for each online computation.

The first aim of this thesis is therefore to devise a projection-based MOR for
elastoplasticity such that substantially less basis functions are required. The
intent is not necessarily to reduce the number of degrees of freedom, but to ensure
that hyperreduction can be applied more effectively, i.e. to ensure that less quantities
need to be sampled to approximate the linearized governing equations. Reducing
the number of basis functions is investigated in this thesis by using the additional
interpolation of an additional, rather coarse FE discretization. Since each basis

function interpolates over the entire domain, and the additional FEs only have
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Figure 1.1: The singular values for two the same quasi-static FE computations: one
with a hyperelastic constitutive model (red curve) and one with a hyperelastoplastic
constitutive model (blue curve). Except for the constitutive model, all other aspects
are the same (e.g. mechanical parameters, geometry, FE discretization, boundary
conditions). The decay of the singular values is substantially faster for the hypere-
lastic configuration than for the hyperelastoplastic configuration. This indicates that
substantially less basis functions (i.e. modes) need to be used for the hyperelastic
case than for the hyperelastoplastic case if projection-based ROM is to be applied.

local support, the interpolation of the basis functions is referred to as the global
interpolation and that of the additional FE discretization as the local interpolation.

1.4 Neural network acceleration of projection-based model-order-reduction

Because the local/global MOR approach mentioned above does not yield consistent
results (as will be explained in detail in the next chapter), another projection-based
MOR approach is also exploited and developed in this thesis. The ansatz of this
approach is to let a neural network emulate the coefficients of the basis functions for
each increment. This implies that no iterative solution process is required to compute
the basis function coefficients. This not only avoids the need to solve a system of
linear equations (once per iteration), it also avoids the construction of the matrix
with second order derivatives (i.e. the stiffness matrix) and the column with first
order derivatives (i.e. the force column) per iteration. The only issue that remains is
the construction of the force column once per increment. Because constructing the
force column once per increment does not require much time, hyperreduction does

not need to be applied to achieve a signifant acceleration.
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Projection-based MOR with neural networks to rapidly predict the basis function
coeflicients is not new. Several of such frameworks were developed for fluid prob-
lems [45, 81, 7], just like the first projection-based MOR to be developed [73].
Also in the field of solid mechanics, such frameworks have recently been proposed
for hyperelastic computations [80, 9, 17]. However, no such approaches have been

constructed for projection-based MOR for elastoplastic FE computations.

The second aim of this thesis is therefore to devise a projection-based MOR for
elastoplasticity where the basis function coefficients are emulated by a neural
network. The scientific challenges are to ensure that the framework can accurately
treat the path-dependency of elastoplasticity and that appropriate input parameters
are selected for the neural network. As will become clear later in the thesis, the
treatment of the path-dependency in the framework is strived by using recurrent

neural networks as the type of neural network.

Because the number of basis function coeflicients has not much influence on the
computational times of the aforementioned (neural-network-accelerated) projection-
based MOR, a large number can be used. However, even if a large number of
100 basis functions is employed, the accuracy of the neural-network-accelerated
projection-based MOR is acceptable, but not perfect. This relative inaccuracy does
not originate from the neural network, but from the projection-based MOR itself,
which is also without neural network acceleration relative inaccurate due to the

non-ellipticity of the partial differential equations (see Fig.1.1 again).

1.5 Machine learning for adaptive basis selection

To ensure that projection-based MOR itself is more accurate, several studies have
proposed to group the training solutions in clusters (based on some appropriate
quantities). In such approaches, one set of basis functions is identified for each
cluster independently. During the course of an online computation, the same quantity
that was used to group the training solutions parametrises the current configuration
(i.e. increment) and is consequently used to decide from which cluster the set of

basis functions must be used.

In [19, 21], the authors themselves grouped the training computations in clusters
based on the time. Since time also elapses during the course of the online com-
putations, a different set of basis functions is used during the online computations,
yielding an approach in which the basis functions are adaptively changed during an

online simulation.
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Although in some cases the clustering for adaptive selection of the basis function
can be performed manually, it is inaccurate and impractical in most scenarios:
for instance if several quantities must be used (instead of just one like the time),
and/or if some manifold is more suited than an Euclidian space. For this reason,
machine learning has recently been proposed to perform the clustering; in particular
unsupervised learning [79, 2, 58, 29, 51, 10]. However, no studies have investigated

this for elastoplasticity.

The third aim of this thesis is therefore to propose a projection-based MOR for
elastoplasticity with an adaptive selection of the basis functions based on ma-
chine learning. The start is made with the unsupervised k-means clustering of [79,
2], but as will become clear in Chapter 4, every time the basis functions are changed
during the course of a simulation, the results are momentarily highly inaccurate. For
this reason, instead of k-means clustering, DBSCAN is also investigated. DBSCAN
indeed clusters the training solutions such that less changes of basis functions are
needed in case of monotonic elastoplastic simulations, but the significant inaccuracy
that occurs when the basis functions are changed remains. For this reason, several
approaches are introduced in Chapter 4 which intend to change the basis functions
more smoothly, but they do not yield a satisfying accuracy. A new approach is
therefore proposed in Chapter 4 based on k nearest neighbour (k-NN) searching. In
this approach the basis functions potentially change each iteration. The results are

highly accurate for only a few basis functions.

1.6 Aims and innovations
The three aforementioned aims of this thesis are the three main innovations of this

thesis and are summarized as follows:

* to formulate a projection-based MOR for elastoplasticity to reduce the number
of basis functions by introducing an additional local interpolation using coarse
FE discretizations. The ultimate intent is not to reduce the number of degrees
of freedom in the online simulations, but to reduce the efforts to approximate

the linearized governing equations (i.e. the force column and stiffness matrix).

* to investigate if a neural network is able to emulate the coefficients of the
basis functions of projection-based MOR for elastoplasticity, such that both
(1) many basis functions can be used, and (2) the neural network can account

for the path-dependency of elastoplasticity.
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* to investigate if machine learning can be used to adaptively change the basis
functions during the course of an online elastoplastic projection-based MOR

simulation.

1.7 Outline

The remainder of this thesis consists of four more chapters. Chapter 2 discusses
the projection-based MOR in which a reduction of the number of basis functions
is strived by combining the global interpolation of the basis functions with an
additional interpolation associated with a course FE discretization (Innovation 1).
Because the local/global approach of chapter 2 does not yield consistent results,
a different approach is the focus of Chapter 3. The approach of Chapter 3 uses
neural networks to emulate the basis function coeflicients (Innovation 2). To further
improve the neural-network-accelerated projection-based MOR of Chapter 3, Chap-
ter 4 discusses machine learning to adaptively select the basis functions during the
course of a simulation (Innovation 3). Finally, Chapter 5 presents conclusions and

identifies potential avenues for future work.

1.8 Additional notes

It must be noted that projection-based MOR frameworks exist in which large plastic
deformations (or damage) occur in a small part of the domain [42, 41, 61]. In those
frameworks, MOR is used for the largest part of the domain that deforms elastically
and the original FE discretization in the small domain in which dissipation occurs
remains in place. This is different from the scenarios considered in this thesis, in

which large plastic deformations occur in the entire domain.

It it also worth to note that both the local and global elastoplastic deformations that
occur in the simulations considered in this thesis, as well as the fluctuations of these
deformations, are considerably larger than those considered in [79]. This poses a

larger challenge for projection-based MOR.

The hyperelastoplastic problem to which all the introduced projection-based MOR
approaches are applied are 2D periodic representative volume elements, as useful
for computational homogenization. However, true multiscale simulations are not
performed, amongst others because the approaches are not limited to computational
homogenization. In fact, they can in principle be used for any type of application

where an elastoplastic model is exposed to uncertain boundary conditions.
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The following three chapters in which the scientific and technological work and
novelties are described in detail are extracted from three manuscripts that have been,
or are in the process of being submitted for publication in peer-reviewed journals.

Consequently, some repetition in the chapters is present.






Chapter 2

LOCAL INTERPOLATION TO AID PROJECTION-BASED
MODEL-ORDER-REDUCTION FOR ELASTOPLASTICITY
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ABSTRACT

Projection-based model-order reduction approaches are accurate and fast for finite
element simulations with hyperelastic constitutive models: the use of only a limited
number of global basis functions generally provides an excellent accuracy. In con-
trast to (hyper)elasticity, (hyper)elastoplasticity require many global basis functions
to achieve a reasonable accuracy. The fact that many basis functions are required
for hyperelastoplasticity is not only problematic because a relatively large number
of degrees of freedom remains, it also entails the need for many integration points
in the online simulations (the stress update must be iteratively computed at each
quadrature point in each iteration). This chapter investigates two approaches to keep
the number of global basis functions of finitely plastically deforming finite element
simulations small - ultimately in order to keep the number of reduced quadrature
points of the hyperreduction small. This is performed by combining the global basis
functions with local interpolation functions. For the two approaches combining the
global and local interpolation, two manners are investigated to identify the global
basis functions. Although the results are clearly improved, a truly consistent trend
is lacking for the time being. Hence, several avenues can be taken to improve the

frameworks.
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2.1 Introduction

Often in engineering practice, the same mechanical model must be computed nu-
merous times, but with different sets of material parameters, geometries, and/or
boundary conditions. Examples are optimization problems, inverse problems, for-
ward uncertainty propagation, and nested multiscale approaches. To speed up the
computations of such problems, one can revert to a computational approach that
rapidly emulates the output parameters of interest. Response surface models are
one such approach that has been studied persistently [76, 31, 30]. Neural networks,
currently popular in computational mechanics [83, 26, 36, 69, 70], can also be used
to rapidly predict the required output. One may also employ a priori [57, 15] or a
posteriori [8] model-order-reduction (MOR).

Each of these approaches comes with its own advantages and disadvantages. The
construction of response surface models is for instance not trivial if the Euclidean
space is insufficient to formulate a response surface. Neural networks are fast at the
‘online/prediction stage’, but require many ‘offline training simulations’ (i.e. direct
numerical simulations - DNS) to achieve a good accuracy in the online stage. a
posteriori MOR has the advantage that many local results of the online simulations
remain available, whilst complex geometries and periodic boundary conditions can

easily be treated. A disadvantage is that offline training simulations are required.

This chapter focuses on a posteriori projection-based model order reduction. Proj-
ection-based MOR utilizes solutions of so-called training simulations to construct
global basis functions in order to interpolate kinematic variables. They use either
a representative set of orthonormalized training solutions as the basis functions
(i.e. the method of ‘reduced basis’ [59, 60]), or apply singular value decomposi-
tion to the training solutions, and use the left-singular vectors associated with the
highest singular values as basis functions (i.e. the method of ‘Proper Orthogonal
Decomposition’ - POD. [48, 42, 43, 52, 11]).

The global basis functions in POD-based MOR interpolate the kinematic variables to
reduce the number of degrees of freedom in the online simulations. This accelerates
the process to solve the governing equations, but it does not reduce the time required
to construct the governing equations - which is important for non-linear models, as
the governing equations must be solved and constructed numerous times. In those
cases, to alleviate the computational burden, a reduced set of quadrature points is
selected (directly or indirectly, often referred to as ‘hyperreduction’ [38, 12, 67, 66,
35]).
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Projection-based MOR only needs a limited number of basis functions for finite
element computations of hyperelastic solids [62]). However, for simulations of
elastoplasticity, a high number of basis functions is required to obtain an acceptable
accuracy in the online simulations. The difference in their working can be deduced
from Fig. 1.1, in which the largest singular values are presented for the same
finite element problem described by hyperelasticity and by hyperelastoplasticity.
The singular values clearly decay substantially faster for hyperelasticity than for

hyperelastoplasticity.

The requirement of a large number of basis functions for hyperelastoplasticity has not
only the disadvantage that the number of degrees of freedom (DoFs) must remain
relatively large to achieve an acceptable accuracy, it also increases the required
number of reduced quadrature points (at which the stress update must be iteratively
computed, i.e. the efficiency of the hyperreduction). The increase of the number
of reduced quadrature points for an increase of the number of basis functions is
illustrated in Fig. 2.1, in which the hyperreduction strategy of [35] is applied to the
elastoplastic model of interest in this thesis. The explanation for the increase of the
number of reduced integration points for an increase of the number of global basis

functions is that the spatial fluctuations in consecutive basis functions increase.

% 1400

= 1200

= 1000

800

Number of quadrature points

600

0 4 8 12 16 20 24 28 32 36 40 44 48
Mode numbers

Figure 2.1: The number of required (reduced) quadrature points as a function of the
number of global bases for the hyperreduction of [35].
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Hence, the number of basis functions for hyperelastoplasticity must remain relatively
small in order to substantially reduce the number of reduced integration points.
Therefore, this chapter aims to reduce the number of basis functions, by binding
together the global interpolation of the conventional basis functions with a local

interpolation.

The global/local interpolation schemes are similar to the approach in [20], but with
an important difference. In the current chapter, the local and global interpolations
are combined additively, whereas [20] uses them multiplicatively. The issue with the
multiplicative use of the two interpolations [20] is that the effective basis functions
change from iteration to iteration (and from increment to increment). This results in
a limited reduction of the number of quadrature points if the hyperreduction of [35]

is employed (which is our final goal, although not treated in the current chapter).

It is also worth noting that the local/global approaches are different from the sub-
structuring method in [61]. [61] employs a spatially concurrent projection-based
MOR approach to distinguish between regions with elastoplastic deformation (where
the original FE interpolation is employed) and regions with purely elastic deforma-
tion (where the global interpolation of projection-based MOR is used to reduce the
number of DoFs). In the current chapter however, elastoplastic deformation occurs

in the entire modeling domain.

In this chapter, two local/global interpolations are investigated. They are applied to a
hyperelastoplastic representative volume element (RVE) with stiff elastic particles,
exposed to monotonic loading. In the next section, the DNS are concisely dis-
cussed. Section 2.3 describes a standard POD-based MOR, and the two local/global
interpolation approaches are discussed in section 2.4. The results are presented
in section 2.5, where the results of the two local/global interpolation schemes are
compared with each other and with those of a conventional POD-based MOR for
different numbers of global basis functions and different local refinements. A short

conclusion and outlook are presented in section 2.6.

2.2 Direct Numerical Simulations

The plane strain simulations employ bilinear quadrilateral (four node) finite ele-
ments with four Gauss quadrature points. An F-bar method is utilized to alleviate
locking due to the incompressibility of the plastic deformation. In the employed
F-bar method, the volume change of the deformation gradient tensor at a quadrature

point is replaced with the volume change at the center of the element. The result-
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ing deformation gradient tensor, F, is multiplicatively decomposed into an elastic

(subscript e) and a plastic (subscript p) deformation gradient tensor: F = F, - F.
The following strain energy density is employed:

_E(l,=3-2n(J,)) = Ev(in(J.)>

W 4(1+v) 2(1+v)(1-2v)°

2.1

where E and v denote Young’s modulus and Poisson’s ratio, respectively. Further-
more: I, = tr(F! - F,) and J, = det(F,), where superscript T denotes the transpose.
Differentiating the strain energy with respect to F, gives a 1% Piola-Kirchhoff stress
tensor, P,: P, = aaT“:’ which is related to the Mandel stress, M, as M = Fg -P,.

The employed yield function reads:

3
=M Moy - 22)

where material parameters My, & and n denote the initial yield stress, the hardening
modulus and an exponential hardening parameter, respectively. Furthermore, M4¢”
denotes the deviatoric Mandel stress and A the plastic multiplier. The following

associated flow rule is employed:

19y

F, = Aot Fo (2.3)

The Karush-Kuhn-Tucker conditions close the constitutive model:

y <0, A>0, yA =0. (2.4)

A periodic mesh is employed in the simulations, Dirichlet boundary conditions are
used for the four corner nodes, where the displacement values are dictated by the
right stretch tensor of the macroscale deformation (UM, assuming that the RVE is

used in a nested multiscale computation), given by:

w - = (U - 1) (X - X)), 2.5)

where u and X denote the displacement vector and reference location of a finite

element node, respectively. The subscripts denote the numbers of two corner nodes.
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As the displacement of one of the four corner nodes is set to zero (and all reference
locations are known), the displacement vectors of the other three corner nodes are

completely known, since U is known for each increment.

In case of nodes on the RVE’s opposing edges, the above vector equation yields two
scalar constraints in a 2D setting (as is the case here). In this thesis, these constraints

are enforced using Lagrange multipliers.

The incorporation of periodic boundary conditions using Lagrange multipliers re-
sults in the following system of linear equations, which must be constructed and

solved for each iteration, at each increment:

)T du| [, 1, To

L ext —mt(ﬂ’ é) - & ou
dg c(u)

K w2 |
—nt -
<
3u

: (2.6)

e
o 1=1s

where column u collects the displacement components of all FE nodes at an inter-
mediate solution, column z the plastic variables at all Gauss quadrature points at an
intermediate solution (4 and F,), column g the Lagrange multipliers, column ¢ the
scalar constraints due to the periodic bour:dary conditions of Eq. (4.5) (c is linear
in u), column ie . the components of the reaction forces, column f o the compo-
nents of the internal forces (f - depends non-linearly on u and z) and matrix g -
the derivatives of the internal forces components with respect to the displacement
components (g - depends non-linearly on u and z). du and dg together denote the
correction to the intermediate solution given by u and g, that is to be computed each
iteration. The new plastic variables are computed to_gether with the new internal

forces for each quadrature point, after new solution u + du is computed.

2.3 POD-based model order reduction

One of the computational challenges of the DNS is the large number of DoFs involved
in the systems of equations (2.6) that need to be computed for each iteration, for
each increment. Projection-based MOR overcomes this computational drawback by
substantially reducing the number of equations and hence, the number of DoFs. In
this thesis, we consider a posteriori projection-based MOR, which works based on
the idea of precomputing solutions in advance and use the precomputed solutions

to speed up the simulations in a later stage.

The precomputations are performed in an offline training stage, during which the

parameter-dependent DNS (the parameters in this chapter are formed by the paths
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of UM), is solved for numerous parameter sets of interest. Projection-based MOR
assumes that the various precomputed DNS solutions, obtained for different param-

eters, can be well represented in a lower-dimensional subspace.

To reduce the number of equations and hence, the number of DoFs, the first stage of
projection-based MOR is to identify the basis functions (@) that capture the lower
dimensional subspace. In the online stage subsequently, all n,, kinematic variables

u are interpolated using the identified n;, global basis functions according to:
@, 2.7)

p
u~ Z ¢ @ =
- L

i=1

where ¢ of length n,, denotes the i basis function and scalar «; denotes its associated
—i

1]

coefficient that is to be computed for each increment in an online simulation. ® and
a collect all the global basis functions and their associated coefficients in an n,, X np,

matrix and a column of length n,, respectively.

In the subsequent part of this section we discuss the identification of the global
basis functions (@) in the offline stage, using the proper orthogonal decomposition
method, one of the variants of projection-based MOR. Subsequently, the computa-

tion of the associated coefficients (@) in the online simulations is discussed.

Offline stage: Construction of the global basis

In POD-based MOR, the global basis functions are identified using the method of
snapshots introduced in [73]. In this method, training simulations are performed
using the DN for different sets of parameter values. Incremental solutions are stored
in a matrix referred to as a snapshot matrix (S) of size n, X n;, where n, denotes
the number of training solutions. Therefore, a column in matrix S corresponds to
an incremental solution of a training simulation and one is obViousiy not obliged to

store the solution of all increments.

To obtain @, the snapshot matrix (S) is decomposed into three matrices according

to singular value decomposition:

S=UzVT, (2.8)

where matrices U (of size n, X n;) and V (of size n; X n;) are the left and the right

singular vectors of S, which are orthonormal with respect to each other. Matrix X
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is a diagonal matrix (of size n; X n;), with singular values arranged in a decreasing
order (o1 > 02 > ... > 0y, > 0). The n, left singular vectors in U that correspond

to the largest singular values are chosen as the POD basis functions.

An important question is how many basis functions are required to use in the online
simulations. On the one hand, one desires to maximize the acceleration of the
online simulations, limiting the number of basis functions in order to minimize the
number of DoFs. On the other hand, one desires a high accuracy by incorporating

a sufficiently large number of basis functions.

A traditional approach to decide the number of basis vectors is based on the singular
values. The reason to use singular values as a measure is that, according to the
Schmidt-Eckart-Young theorem [1, 22], if the first n;, left singular vectors are con-
sidered as basis functions, the projection error of the basis on the training solutions

can be evaluated using the (np, + 1) to n, singular values, given as:

n; ny
min M lsi- @@ siF= > of, (2.9)
PeRMIM T == T i—np+1

where 5. denotes the i™ training solution (i.e. the i column of S) and ||.||> denotes
the L2-norm. It can be inferred from Eq. (2.9) that the sum of_squares of singular
values, corresponding to the left singular vectors that are not included in the basis,
represents the square of the error in the snapshot representation. Therefore, an
optimal number of basis functions (n) are chosen such that the following error

measure (v) is sufficiently low [42]:

n
Vaon = —Z,-:'an i (2.10)
POD Z:'Zl o :
It is also worth to note that in case n, > n;, a faster way to identify the basis
functions is by the application of eigenvalue decomposition. to §A = §T§ ($ is

symmetric and of size n,ng X n;ng), which may be expressed by ﬁndi;lg eigenvalues

b’ and eigenvectors b* according to:

(g - b"g) b =0, 2.11)
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Q*iTQ*j: 1 ifi=j 2.12)
0 else=0,

where b’ > bi*! and 1 is of size n;ng X n;ng. The matrix with the left singular values

can then be computed as:

@=5b" b? b7 .. b, (2.13)

where the eigenvalues of the associated eigenvectors are ordered according to b' >
b%> > ... > b". It may be clear that eigenvalue decomposition is so important that,
similarly as for singular value decomposition, practically all numerical software

packages have their own dedicated functions to efficiently compute it.

In RVE simulations with periodic boundary conditions, the global basis functions
are not directly extracted from the training solutions. Rather, each training solution
is additively decomposed into a homogeneous contribution, i, and a fluctuating

contribution, i:

Z:

i, (2.14)

|

which is graphically illustrated in Fig. 2.2. Because the right stretch tensor of
the macroscale deformation, UM, is the input for RVE simulations in multiscale
computations, homogeneous displacement field i, is known and does not need to
be computed. The global basis functions are thus only used to interpolate the

fluctuating part of the kinematic variables, yielding the following expression:

E:

||

B+2a, (2.15)

where column S contains the known components of UY (three in 2D simulations)
and matrix ¥ (of size n, X 3 in 2D) homogeneously interpolates the kinematic

variables (se;Fig. 2.2).

If the bottom-left corner node of the 2D RVE is the first node of the discretization
and we set its reference location to the zero vector and consider it not to displace

during a simulation, we express S as follows:

T
g=|uM-1 UM UM-1|, (2.16)
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Figure 2.2: Illustration of the additive split of an RVE’s displacement field in a
homogeneous displacement field and a microstructurally fluctuating displacement
field employed in a projection-based MOR. The basis functions (®) are only used
for the fluctuating displacement field. o

with UM

M, UM and U} denoting the three independent, known components of UY.

If the horizontal and vertical displacement components of all nodes are stored as

follows in u:

u*, ifiisodd
(w); =4 2 , 2.17)
w’, . ifiiseven
[51

[N

’F i and u? i denote the horizontal and verti-
3l 3
cal displacement components of node [5], respectively, then, row i of ¥ can be

where [e] denotes the ceiling, and u

expressed as follows:

(E) =\ : (2.18)
' [0 Xrig Y[%]] if i is even
where X i and Y7 i denote the horizontal and vertical component of the reference

location of node [%] , respectively.

The additive decomposition of the kinematic variables entails that SVD is not

directly applied to the training solutions. Instead, the homogeneous deformations
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are first subtracted from the training solutions, and SVD is applied to the resultant,
fluctuating displacement field (i.e. &t). The decomposition produces global basis
functions that are themselves periodic and hence, periodicity does not need to be

actively enforced in the online simulations.

Online stage: Computing the coefficients

The online stage involves computing the solutions of the reduced order model for
new parameter values, that were not a part of the training simulations. In this thesis
we use the conventional framework of Galerkin projection method to compute the
coefficients (@) of the basis functions, according to which the solution of « is defined

as:

O'R¥B+La.2) =0, (2.19)

where the residual R = f, (¥ B+PQa,2) - f

Linearisation of Eq. (2.19) leads to:

(@K D)da=0'f -0'f -OK Wap. (2.20)

_— —1 = DSint= —
where update dg is known. Both f ot and K t dependonu =¥ S+ Pa and z.
— — —in =— = -

It is worth to recall that although the number of DoFs is reduced relative to that
of the DNS (from all n, displacement components in u to the n, coefficients in
@), the stress update (i.e. history variables A and F,) must still be computed for
all quadrature points that are present in the DNS. The base of this work is built
upon incorporating POD with a hyperreduction strategy of [35], which also reduces
the number of quadrature points. However, according to the strategy of [35],
increasing the number of POD basis functions increases the number of quadrature
points quadrature (look back to Fig. 2.1). Therefore, in the following section, we
propose two local/global interpolations that aim to reduce the number of global
basis functions for finite plasticity but aim to preserve the accuracy in the online

simulations.

Remark The number of load parameters are reduced by considering macroscale
right stretch tensor UM instead of macroscale deformation gradient tensor F™. The

macroscale right stretch tensor and the macroscale deformation gradient tensor are
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related via the following multiplicative decomposition:
F¥ =RM .UM, (2.21)

where R denotes the macroscale rotation tensor. When F is known, UM can
be easily determined by applying an eigenvalue decomposition to the macroscale
Green’s deformation tensor. In the online simulations, macroscale 1% Piola-Kirchhoff

stress tensor PM can then be determined as follows:
PY =RM . p¥, (2.22)

where PM denotes the macroscale 1%t Piola-Kirchhoff stress tensor that is calculated
using the POD-based MOR in the online stage (for U instead of F¥).

2.4 Local/Global interpolation approaches

In this section we discuss the two local/global interpolation approaches that are
incorporated with the traditional POD-based MOR. The two approaches employ an
additional FE interpolation, on top of the DNS’ FE mesh (the discretization of this
additional interpolation is refereed to as a grid, to distinguish it from the conventional
FE mesh of the DNS). The term local refers to the fact that each kinematic variable
associated with the interpolation of the additional grid only affects the displacement
field in a part of the RVE. On the other hand, the term global is used for the
conventional basis functions of the POD-based MOR, as each kinematic variable
associated with each MOR basis function affects the displacement field in the entire
RVE (except for the RVE’s corners).

The difference between conventional POD-based MOR and the proposed enhance-
ments is thus the following. In conventional POD-based MOR, the global basis func-
tions are used to interpolate the entire fluctuating displacement field (&), whereas
the local/global extensions use both the global basis functions, as well as the local
interpolation of the additional grid to interpolate the fluctuating displacement field
(cf. Fig. 2.4 and Fig. 2.5).

The presence of an additional local interpolation requires several issues to be treated.
First, we investigate the effect of orthonormalizing local and global interpolation
functions with respect to each other. Second, we make sure that the local interpo-
lation functions are constructed such that periodicity does not need to be actively
enforced in the online simulations (similar as for the global interpolation). The main
difficulty is the identification of the global basis functions under the presence of the

local interpolation.
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We do not investigate the most suited locations for the grid nodes. Instead, we

mainly stick to regular, rectangular grid discretizations (see ahead to Fig. 2.4).

Scheme I

In the first scheme, the local interpolation is an additional FE interpolation (see
discretized picture in Fig. 2.4). The FE interpolation employs bilinear quadrilateral
(four node) elements. The discretization in scheme I is performed such that each el-
ement of the grid is a square and hence, the additional local interpolation completely

disregards the particles.

The interpolation of scheme I can be expressed as follows:

ux¥Yp+Pa+Qy, (2.23)
and hence,
i~ +i, (2.24)
with
iG =20, i, =Qy. (2.25)

where € stores each local interpolation function as a column. € is of size n, X np
where n; denotes the number of variables associated with the local FE interpolation.
v of length n; denotes the variables of the local interpolation, which must be

computed online.

Each node of the additional interpolation grid comes with two variables (one for
the horizontal direction and one for the vertical direction in 2D as is the case here),
but there are exceptions. First, the corner nodes do not come with any variables.
This entails that the local interpolation has no influence on the displacement of the
corner nodes. Second, two nodes on opposing edges share the same two variables
(one for the horizontal direction and one for the vertical direction). This ensures
that the displacement field associated with the local interpolation is automatically
periodic and hence, periodicity does not need to be actively prescribed in the online

simulations.

As we mainly consider grids with the same number of nodes in horizontal and
vertical direction (see Fig. 2.4) and if we denote the number of grid nodes in one

direction by ng, (and hence, the total number of grid nodes equals n?r), the number
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of variables (and hence, the width of € and the length of y) reads:
_ 2
n =2 (02, =4 =2 (ng -2)). (2.26)

We construct local interpolation matrix €2 as follows. First, we evaluate the shape
function of each grid node at the locations of all the nodes of the DNS mesh and
store these shape function evaluations in each column of Q. (In the process of
storing the shape function evaluations, we keep in mind that each node of the grid
comes with two variables). For example, consider a 3 X 3 gird of scheme I depicted
in fig. 2.3, the shape functions Ny, N, N3, and N4 for the local grid nodes 1,2,3,
and 4 are computed for all the DNS mesh nodes that falls inside the current local
grid element. In order to compute the shape functions, the local locations &; and 7,
of each DNS mesh nodes are first identified, and the shape functions are computed
as Ny = (1 =&)(1—m), Na = (1 +&) (1 —n), N3 = 3(1+&)(1 + 1), and
Ny=3(1=&)(1+m).

At this moment, the sum of all components in each row of Q still equals one. Once
constructed, we remove the columns of € that correspond to the corner nodes of the
grid. Then, we merge the columns of nodes on opposite edges (so that these nodes

indeed share the same variables).

N, N3

N N,

Figure 2.3: Scheme I: Illustration of a 3 X 3 local grid

Offline stage: Identifying the global basis functions

The identification of the global basis functions is less straightforward than for the
conventional POD-based MOR. Several approaches may be used and we investigate

two of those.
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In the first one, the global basis functions are assumed to capture as much of the
fluctuation field as possible and the local interpolation is intended to compensate
for the inaccuracies of the global interpolation. In practise, this means that the iden-
tification of the global basis functions is exactly the same as for the conventional
POD-based MOR of the previous section; first the training solutions are split in ho-
mogeneous displacements (i) and fluctuating displacements (i), and subsequently,
the fluctuating displacements are stored in the snapshot matrix (S), from which the

global basis functions () are extracted using SVD.

In the second approach, the local interpolation captures as much of the fluctuating
displacement field as possible, whereas the global basis functions are used to com-
pensate for the inaccuracies of the local interpolation. To this end, we again first split
each training solution in a homogeneous displacement field (i) and a fluctuating
displacement field (&f). Subsequently, we find the variables of the local interpolation
(y) that best match the fluctuation field of each training solution. This is achieved

by solving the following minimization problem:

y* =argmin ||z — Q|)3, (2.27)
Y ! Qy

where y* denotes the values of the variables of the local interpolation that best
describe the fluctuating displacement field. This minimization problem is solved
using Newton’s approach, requiring only one iteration as the objective function is

quadratic in y.

The global basis functions are found by storing & — Qy* of each training solution as
a column in matrix S and applying SVD in the same manner as described in section
2.3.

Online stage: Computing the variables of the local/global basis functions

A relevant change with the traditional POD-based MOR at the online stage is that
the DoFs of the new approach involves both the variables («) of the basis functions
and the variables (y) of the local interpolation functions. Since both the local and
global basis functic:ns are themselves periodic, similar to the global basis functions

of conventional POD-based MOR, periodicity is not required to be actively enforced.
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Total Homogeneous Local fluctuating Global fluctuating
displacement field (u) displacement field (@)  displacement field (z;) displacement field (&)

Figure 2.4: Local/Global scheme I: Split of a solution, u#, in to a homogeneous
part, u, a locally fluctuating part, i, , that is captured by the interpolation of an FE
discretization/grid, and a globally fluctuating part ii ; from which the basis functions
are extracted.

For simplicity of notation, the local and global interpolation matrices are stored

together as:

A= [g g] , (2.28)

where A is thus of size n, X (n; + ny). The variables of both sets of interpolation

functions are gathered in:

a=|a yT]T : (2.29)

Computing the variables using the Galerkin projection framework, leads to the

following linearized problem to be solved online:

(A'K Ada=A"f -A'f -A'K ¥dp, (2.30)

int — —int— —

Finally, it is worth mentioning that the conventional POD-based MOR of section

2.3 is recovered if the grid consists of a single element.

Scheme I1

The second local/global interpolation scheme is similar to the scheme I, with the
only difference that the grid elements are restricted to deform affinely (i.e. homoge-
neously) (cf.Fig. 2.4 and 2.5). Restricting the deformation of the grid elements to
homogeneous deformation requires the need of an additional matrix in the interpo-

lation, denoted by M of size ny, X n,, (Where n,, is expressed as given in Eq. (2.33)),
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that constrains the deformation of the grid elements to homogeneous deformation.

We now express the interpolation as follows:

Ez

||

B+Pa+

e

My, (2.31)

where the meaning of the variables in y (which is now of length n,,) has changed.
In scheme I, the variables in Yy are the DoFs of the grid nodes. In scheme II, the

variables are components of the deformation gradient tensors of the grid elements.

Total Homogeneous Local fluctuating Global fluctuating
displacement field (u) displacement field (@) displacement field (%) displacement field ()

Figure 2.5: Local/Global scheme II: Split of a solution, u, in to a homogeneous
part, i, a locally fluctuating part, i, , that is captured by the interpolation of an FE
discretization/grid restricted to affine deformations, and a globally fluctuating part

Us-

The constraints incorporated in scheme II can best be explained using an example,
for which we refer the reader to Fig. 2.6, in which a 3 X 3 interpolation grid is
superimposed on the FE mesh of the DNS. In scheme II, each column of grid
elements shares the same deformation gradient tensor components Fy, and Fy,
in order to guarantee displacement field compatibility over each column of grid
elements. Similarly, each row of grid elements shares the same deformation gradient
tensor components F, and F), in order to guarantee displacement field compatibility
over each row. Finally, the deformation gradient tensor components of the last
column and the last row are not variables in order to ensure that the total deformation
of the local interpolation is on average the same as the macroscopically applied

deformation. In other words, we incorporate the following constraint:

1 NEL )
UM=—)»F, (2.32)

n
EL 5
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where F' denotes the deformation gradient tensor of the i grid element. Note that

Eq. (2.32) only holds if the reference area/volume of each grid element is the same.

In the 2D cases of this chapter, the number of variables in scheme II, n,,, can thus

be expressed in terms of the number of grid nodes in one direction, ng,, as follows:

N = 4 (ngr = 2) . (2.33)

Similarly, if we assume that the bottom left corner node of the RVE does not displace
and the reference location of the bottom left corner node is set to the zero vector, we

can express the meaning of the variables in y as follows:

30 _ or7M 10 20
E,, =3U,, —F,, +F,

vy

30 __ M 10 20
Fa:y - 3U1y - Eny + E):y

20
Fyy
20
Fzy
10
Fyy
10
Fzy

0 02 03 _ M 01 02

Fmr Fzz FTT - 3UTT - FT’I‘ + Fm:n

01 02 03 _ qrtM 01 02

Fyz F’y-’t Fo =30y = Fyo + e

Figure 2.6: Scheme II: Illustration of a 3 X 3 FE grid with the same number of FEs
along the horizontal and vertical directions, also with the same volume (size).

FUi - UM ifi <ng. -2
(7) _ F;;fngrfz)o UM ifng -2<i<2ng —4 234
i | FGe UM i on,, 4 <i<3ng 6

Fye ™ _uM e 3, 6 <

where we refer the reader to Fig. 2.6 for the meaning of the superscripts of the
components of F. Associated with the definition of the variables in y according to
the previous equation, the expression for a component of matrix M on row i, column

J, reads:
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H(}Z(%]_(]‘—l)l)l ifiisodd & j < ng, —2

H(f(%]f(j—ngr+l)l)l ifiisodd & ngr —2 < j < 2ng, — 4

0 ifiisodd & 2ng, —4 < j
M) = , (2.35)
(—)l J 0 ifiiseven & j < 2ng, — 4

H()A’r%] —(j—2ngr +3))l ifiiseven & 2ng, —4 < j <3ng, -6

H(Yr%] —(j=3ngr +5))1 ifiiseven & 3ng, —6 < j

where the hat on top of X and Y is used to distinguish the reference location vector
components of the grid nodes from those of the DNS mesh. Furthermore, H(e)
denotes the Heaviside step function (with H(0) = 0) and / denotes the length of a
grid element (which we consider to be the same in horizontal and vertical direction

because the RVE of interest is a square).

Offline stage: Identification of the global basis functions

Similarly as for scheme I, we investigate the same two approaches to identify the
global basis functions. In the first approach, we again let the global interpolation
capture as much of the fluctuating displacement field as possible and assume that the
local interpolation captures the remaining inaccuracies. This entails that the global
basis functions are exactly the same as the ones of the conventional POD-based

MOR of the previous section.

In the second approach, we again let the local interpolation capture as much of
the fluctuating displacement field as possible, whereas the global interpolation is
intended to compensate for the remainder of the fluctuating displacement field. To
this end, similarly as for scheme I, we solve the following minimization problem for

each training solution:

y" =argmin ||z - QM y|f3. (2.36)
Y ! QMy

Subsequently, the global basis functions are found by storing &z — & M y* of each
training solution as a column in matrix S from which the global basis functions are

extracted using SVD.

Online stage: Computing the variables of the local/global basis functions

The linearized governing equations of the online simulations are similar to those

for the first scheme. The local (Z) and global coefficients (@) are computed using
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Eq. (2.30) at the online stage, with a small difference in the definition of matrix A,

which is now written as:

é:h>QM} (2.37)

Equivalent to the scheme I, the conventional POD-based MOR of section 2.3 is

recovered if the local FE discretization consists of a single quadrilateral element.

The presence of an additional local interpolation is expected to improve the on-
line computations of conventional POD-based MOR using a less number of basis
functions, consequently reducing the required number of quadrature points for the

hyperreduction strategy of [35].

2.5 Results and discussion

We investigate the above discussed MOR methods for the RVE shown in Fig. 2.7
which consists of stiff elastic particles in an elastoplastic matrix and is subjected to
monotonic loading. The material parameters for the matrix are setto £ = 1, v = 0.3,
My =0.01, A = 0.02 and m = 1.05. For the particles, the elastic material parameters
are set to E = 20, v = 0.3, while M, = oo ensures that the particles behave purely
elastically. Because the matrix deforms mostly plastically and plastic deformation
is isochoric, and because the particles deform only minimally relative to the matrix
(due to the ratio of Young’s moduli), we only consider the application of isochoric
macroscale deformations (i.e. det(UM ) = 1), governed by bounds 0.5 < U {Vf < 1.5,

0.5<UM<1.5and-0.5< UM <05.

Figure 2.7: The discretized RVE with stiff, elastic particles.
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Training data is generated by solving the DNS problem for 36 monotonically in-
creasing load paths shown as red dashed curves in Fig. 2.8. The online predictions
of the different MOR approaches are tested using four verification test simulations,
shown as black solid lines in Fig. 2.8. All load paths are applied in 1000 load
increments. The training solutions, i.e. the nodal displacement values, are extracted

after the first and at every 50" load increment of each training simulation.

Figure 2.8: 36 training load path as red dashed lines and four verification load paths
as black solid lines.

The performances of the local/global schemes are investigated for the following
aspects:
1. DNS vs. Conventional POD-based ROM vs. Scheme I vs. Scheme II: which of
the two new schemes performs best and how much better than the conventional
ROM?

2. The orthonormality of the local interpolation functions: does the presence or
absence of the orthonormality of the local interpolation functions with respect
to each other, as well as with respect to the global basis functions influence

the results?
3. The grid refinement: does a finer grid improve the results?

4. The identification of the global basis functions: do the schemes perform better
if the same global basis functions are used as for conventional POD-based
ROM, or if the local interpolations capture the majority of the fluctuating
displacement field and the global basis functions only compensate for the
local interpolation’s deficiency?
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In order to investigate the impact of the orthonormality of the local interpolation
functions with respect to the global basis functions, we only consider scheme I with
a 4 x 4 grid for verification simulation T1. The orthonormalization of the local
interpolation functions with respect to each other and the global basis functions is
performed using the Gram-Schmidt process. Fig. 2.9 presents the homogenized,
in-plane 1% Piola Kirchhoff stress values predicted using the DNS, the conven-
tional ROM and Scheme I with the same global basis as in the conventional ROM
(i.e. assuming that the global basis functions capture most of the flucuation dis-
placement field). The results with orthonormalized and non-orthonormalized local
interpolation functions match each other perfectly.

—— POD: 10 Global basis functions 0.015
0015 === POD: 4 x 4 grid: 2 Non-orthogonalized
e POD: 4 x 4 grid: Q orthogonalized Py
= —e— DNS =
2 0.010 0.010 =
~ ~
Z Z
0.000
0.0 0.1 0.2 0.0 0.1 0.2 0.000
tr(CM) — /3 V/tr(CM) — /3
0.015
—0.03
"2 0.010 &
= —0.02 5
£ &
&0.005 —0.01<
. P 0 - c
0.000 I ‘ 0.00
0.0 0.1 0.2 0.0 0.1 0.2
tr(CM) — /3 tr(CM) — /3

Figure 2.9: Orthonormality investigated for scheme I: using a 4 x 4 local grid and
ten global basis functions, which are the same in the conventional MOR.

Fig. 2.10 again shows the in-plane components of the homogenized 1% Piola Kirch-
hoff stress, but with the global basis functions identified assuming that the local
interpolation captures most of the fluctuating displacement field (scheme I, 4 x 4
grid). The orthonormalization of the local interpolation functions is again achieved
using the Gram-Schmidt process, before Eq. (2.27) is employed to identify the
global basis functions. Again, the results predicted with orthonormalized and non-

orthonormalized local interpolation functions are exactly the same.



32

—+— POD: 10 Global basis functions 0.015
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/tr(CM) -3
0.015
—0.03
20010 £
] —0.02E
z z
£ 0.005 . 001
0.000 0.0 0.1 0.2 0.0 0.1 0.2 0.00

Vir(CY) =3 Vir(C) =3

Figure 2.10: Orthonormality investigated for scheme I: using a 4 x 4 local grid and
ten global basis functions, which are identified assuming that the local interpolation
captures most of the fluctuating displacement field.

It can be inferred from Fig. 2.9 and 2.10 that orthonormalizing the local interpolation
functions with respect to each other and with respect to the global basis functions

has no influence on the results.

Scheme I

We now proceed to investigate the performance of scheme I on the basis of the
four verification tests for different grid refinements and different numbers of global
interpolation functions. We also investigate the two aforementioned approaches
to identify the global basis functions: (i) Global basis functions from traditional
MOR (which assumes that the local interpolation only corrects for the deficiency of
the global interpolation’s inaccuracy), and (i1) Global basis functions identified to
compensate for the deficiency of the local interpolation in capturing the fluctuating
displacement field (using Eq. (2.27)).
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For each verification simulation, we measure a relative error of all in-plane compo-

nents of the 1% Piola Kirchhoff stress at all quadrature points at the final increment:

incr _ pincr
Pxx,DNS Pxx,MOR

incr
Pxx,DNS

incr _ pincr
ny,DNS ny,MOR
incr
ny,DNS

incr _ pincr
Pyx,DNS Pyx,MOR

incr
Pyx,DNS

incr _ pincr
Pyy,DNS Pyy,MOR

incr
Pyy,DNS

(2.38)

>

where subscripts DN S and M O R distinguish the DNS results from the ROM results,
respectively. The superscript incr refers to the last converged increment of each
simulation. Scheme I and II do not always converge until the end of the verification
load paths. In those cases, the error in Eq. (2.38) is computed at the last converged

load increment.

The bar charts in Fig. 2.11 summarize all relative errors of scheme I using different
grid refinements and different numbers of global interpolation functions, in case the
same global basis functions are used as in the conventional MOR. In other words,
the global interpolation functions are calibrated such that the global interpolation
captures most of the fluctuating displacement field, whereas the local interpolation
is aimed to compensate for any inaccuracies. The left bar in each diagram presents

the error of the conventional MOR.

It is important to realize that verification simulation 1 failed to converge for the
12 x 12 grid with 10 global interpolation functions, 20 global basis functions, 30
global basis functions and with 40 global basis functions after increment 495, 463,
392 and 403, respectively. Verification simulation 2 failed to converge for the 2 x 2
grid with 10 global interpolation functions after increment 957, for the 4 x4 grid with
10 global interpolation functions after increment 951 and for the 6 x 6 grid with 10
global interpolation functions after increment 949. Verification simulation 4 failed
to converge for the 4x4 grid and for the 8 X8 grid, both with 10 global basis functions,
after increment 965 and 989, respectively. Failure to converge is generally caused
by the interplay of the local and global interpolation: the deformation in quadrature
points can become unphysical (det(F) < 0). On the other hand, it is also worth

to realize that the simulations include substantially large deformations (since the
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bounds of the macroscale deformation are 0.5 < UM < 1.5, -0.5 < Ufcvy[ < 0.5 and

0.5< Uyﬂ’; < 1.5) and hence, the frameworks are tested to their limits.
The results in Fig. 2.11 show that scheme I with the same global basis functions
as used in the conventional ROM indeed improves the overall accuracy. Refining
the local interpolation grid generally improves the accuracy, but for larger numbers
of global interpolation functions the accuracy actually reduces for the most refined
grid. If the number of DoFs is of primary interest, Fig. 2.11 demonstrates that it
is always better to increase the number of global basis functions, instead of using a
small number of global basis functions together with scheme I (with standard global
basis functions). However, if the primary interest is to limit the number of global

basis functions, scheme I indeed improves the overall accuracy in most cases.

1500 - 1500 -
1000 - 1000 -
500- I 500- I
0- 0- . . -

10 Global basis functions . 20 Global basis functions

N Test 1
2000- 2000 B Test 2
B Test 3
I Test 4
1500 1500
1000 1000
500 - 500
0- . - | [ ] - 0 - = — - -
Q o -t <o : Q (o] s <o 2
o X X X x % M %
ﬁ ™ <+ © :j \p\' o~ - © Z<I

30 Global basis functions 40 Global basis functions

Figure 2.11: Scheme I: total error in 1% Piola Kirchhoff stress at all quadrature
points using the same global basis functions as in conventional ROM.
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We stick to scheme I, but change the identification of the global basis functions.
Instead of the same global basis functions as in the conventional MOR, we first
compute the best match of the local interpolation to capture the fluctuating displace-
ment field (according to Eq. (2.27)) and calibrate the global basis functions such
that they capture the difference between the locally interpolated fluctuation field and

the actual fluctuation field.

Substantially more verification simulations converge with the new calibration of the
global basis functions. Only verification simulation 1 fails for the 12 x 12 grid for
all numbers of global basis functions tested (after approximately increment 450)
and verification simulation 2 fails for the 4 x 4 grid and the 6 X 6 grid (both with 10

global basis functions) after increment 958 and 949, respectively.

The results in Fig. 2.12 generally show similar trends as the results in Fig. 2.11.
We see that refinement of the grid generally improves the accuracy, but that there is
again a limit to this for the largest numbers of global basis functions tested. One can
also notice that the increase of the accuracy is not as consistent as when the standard
global basis functions are employed. However, the best increase of the accuracy
can be observed for the smallest number of global basis functions, which is the aim
of this chapter. Comparing Figs. 2.11 (standard global basis functions) and 2.12
(alternative global basis functions), together with the fact that more simulations
converge for the new global basis functions, the global basis functions are favored

to be identified considering the treatment according to Eq. (2.27).

Scheme 11

The results of scheme II with the use of conventional global basis functions are
presented in Fig. 2.13. None of the simulations failed to converge, but it is clear
that the accuracy is not increased at all (with a single exception). The fact that
the impact of scheme II is less pronounced than that of scheme I is twofold. First,
scheme II comes with substantially less DoFs than scheme I, especially for refined
grids. Second, the deformation of a grid element in scheme II is governed in a
substantially more nonlocal fashion than in scheme I, because each grid element
shares the components of its deformation gradient tensor with the row and column

in which is located.

When the new calibration of the global basis is used, the results change, as can be
seen in Fig. 2.14. In case 10 global basis functions are used, the accuracy is indeed

improved, albeit substantially less than for scheme 1. In the case of 10 global basis
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Figure 2.12: Scheme I: total error in 1% Piola Kirchhoff stress at all quadrature
points using global basis functions to compensate for the deficiency of the local
interpolation to describe the fluctuating displacement field.

functions on the other hand, verification test 4 fails for all grid refinements around
increment 985, except for the 2 X 2 grid. For 30 global basis functions furthermore,
the accuracy deteriorates. Comparing the results of scheme I with scheme 11, it is

clear that scheme I performs substantially better than scheme II.

Conforming mesh

A last illustrative result is presented for the use of the coarse discretization on the
left in Fig. 2.15 as the local interpolation. This coarse mesh is different from the
previously investigated grids, because its elements match the particles accurately.
The coarse, conforming mesh is only investigated for scheme I, because scheme II

is restricted to grids with perfectly rectangular elements.

The results obtained for the mesh with ten global basis functions are presented in

Fig. 2.16 for verification simulation T2, together with those of the conventional
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Figure 2.13: Scheme II: total error in 1% Piola Kirchhoff stress at all quadrature
points using the same global basis functions as in conventional ROM.

POD-based MOR and the DNS. The results of scheme I for the 6 X 6 and the 12x 12
grid are included in Fig. 2.16 for comparison, because the 6 X 6 grid comes with 48
DoFs and the 12 x 12 grid with 240 DoFs, whereas the mesh of Fig. 2.15 with 190
DoFs. In other words, the conforming mesh comes with less DoFs than the 12 x 12
grid, but with more than the 6 x 6 grid.

Comparing the different curves in Fig. 2.16 with the naked eye is sufficient to
conclude that the conforming mesh outperforms the grids and the conventional
POD-based MOR. Nevertheless, the lack of robustness is even more present for
this conforming mesh. For instance, the simulations with the conforming mesh
for the other three verification simulations (not shown) maximally converged until
the 100™ increment (out of a 1000 increments). Second, if the elements of the
conforming mesh of Fig. 2.15 are split in four so that the new mesh has four times as
many elements, divergence is observed for all verification simulations and at earlier

increments.
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Figure 2.14: Scheme II: total error in 1% Piola Kirchhoff stress at all quadrature
points using global basis functions to compensate for the deficiency of the local
interpolation to describe the fluctuating displacement field.

Figure 2.15: A coarse, periodic, conforming mesh on the left and the DNS’ FE

mesh on the right for comparison.
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Figure 2.16: The results of scheme I for the conforming mesh of Fig. 2.15 for
verification simulation T2, together with the results of the DNS, the conventional
MOR and scheme I (with corrected basis functions) for the 6 X 6 and the 12 x 12
grid for ten global basis functions.

2.6 Conclusion

Projection-based model order reduction (MOR) for hyperelastoplastic simulations
requires large numbers of global basis functions in order to achieve an acceptable
accuracy. Large numbers of global basis functions need large numbers of quadrature
points (e.g. according to the hyperreduction strategy of [35]), thereby compromizing
the speed of the online simulations. Therefore, the goal of this chapter was to devise
a MOR approach that reduces the number of global interpolation functions for
hyperelastoplastic representative volume element simulations, so that less quadrature

points are required when hyperreduction is applied.

To this purpose, the global interpolation achieved using the basis functions of
conventional projection-based MOR is combined with the additional interpolation
of coarse finite element discretizations. Since the additional interpolations only
influence the displacement field in a part of the domain, the additional interpolation is
referred to as the local interpolation to distinguish it from the global interpolation of

the standard basis functions. The local interpolation functions are constructed such
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that, similar to the global basis functions, they are periodic and hence, periodicity

does not need to be actively enforced in the online RVE simulations.

For the two new frameworks, we have considered conventional global basis func-
tions, which assumes that the global interpolation captures the majority of the
fluctuating displacement field and that the local interpolation compensates for the
global interpolation’s inaccuracy. We have also formulated an alternative calibration
of the global basis functions, which assumes that the local interpolation captures
the majority of the fluctuating displacement field and that the global interpolation

compensates for the local interpolation’s inaccuracies.

The results demonstrate that the local/global MOR approaches are indeed substan-
tially more accurate than the conventional POD-based MOR (which is not entirely
surprising because they introduce more DoFs than the conventional POD-based
MOR). Positive is also the fact that the increase of the accuracy of the local/global
approaches is more pronounced for small numbers of global (i.e. conventional) basis

functions, since the intention is to limit the number of basis functions.

The results also demonstrate that the local/global approaches clearly require more
development for use in a robust manner. The main issue is that for some simulations
(i.e. sets of load parameters), the new approaches perform extremely well, whereas
for other simulations the new approaches diverge before the simulation is finished.
This even occurred for substantially coarse grids, where each element interpolated
more than enough FE nodes of the underlying, original DNS discretization. On top
of that, the lack of robustness was even more pronounced for a mesh that conformed
the underlying topology than for perfectly structured meshes that did not follow the
underlying topology.

One potential avenue for further improvement may involve the identification of
the global basis functions. In this chapter, two approaches of identification were
investigated: (1) the conventional one that assumes that the global interpolation
will interpolate the majority of the displacement field (and the local interpolation
accounts for the deficiencies of the global interpolation), and (2) one that aims to let
the local interpolation describe the majority of the displacement field (and the global
interpolation accounts for the deficiencies of the local interpolation). Instead of these
two extremes of the spectrum, one may formulate types of identification more in
the center of the spectrum. How to formulate such an approach, and whether or not
such an approach should correct for the amount of plastic deformation occurring in

the training solutions, seems not trivial at this moment.
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Another avenue for improvement may be found in staggered solution schemes. In
the present chapter, a monolithic approach was applied (see e.g. [63]), since we
simultaneously solve for the coefficients of the basis functions and for the DoFs of
the local interpolation. Staggered approaches, in which one solves for one set of
variables in one iteration and for the other set of variables in the next iteration, are
completely accepted in fluid-structure simulations (see e.g. [18]) and have shown to
provide stability to phase-field damage simulations [74]. They may therefore also

help the local/global schemes of the current chapter.

Another approach that may improve the robustness of the presented schemes is
increasing the hardening modulus in the stiffness matrix (4 in Eq. (2.2)). Such an
“engineering trick’ may be considered somewhat ad-hoc, because there is no theory
to choose the most appropriate value for this increase. On the other hand, for perfect
plasticity in infinitesimal strain settings, this modification is completely accepted to

achieve convergence.
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ABSTRACT

Compared to conventional projection-based model-order-reduction, its neural net-
work acceleration has the advantage that the online simulations are equation-free,
meaning that no system of equations needs to be solved iteratively. Consequently, no
stiffness matrix needs to be constructed and the stress update needs to be computed
only once per increment. In this chapter, a recurrent neural network is developed to
accelerate a projection-based model-order-reduction of the elastoplastic mechanical
behaviour of an RVE. In contrast to a neural network that merely emulates the
relation between the macroscopic deformation (path) and the macroscopic stress,
the neural network acceleration of projection-based model-order-reduction preserves
all microstructural information, at the price of computing this information once per

increment.
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3.1 Introduction

Relatively recently, artificial neural networks (ANNs) have been investigated to
emulate the relation between the macroscale deformation (path) and the macroscale
stress in nested multiscale approaches [28, 72, 77, 25, 33]. Although such ANN-
emulations are rapid, all microstructural information is in principle lost (some
microstructural information could be included in the ANN emulator [82]). In order
to preserve all microstructural information, ANNs can be combined with projection-
based model-order-reduction (MOR) [45, 75].

Projection-based MOR is an a posteriori method; it utilizes the solutions of train-
ing simulations as global basis functions to interpolate kinematic variables of the
original direct numerical simulation. It uses either a representative set of orthonor-
malized training solutions directly as global basis (i.e. the method of ‘reduced basis’
[59, 60]), or applies singular value decomposition to the training solutions, and uses
the basis vectors associated with the largest singular values as global basis functions
(i.e. the method of ‘Proper Orthogonal Decomposition’ - POD [42, 43, 52, 11]).

The global basis in projection-based MOR interpolates the kinematic variables to
reduce the number of degrees of freedom in the online simulations. In this chapter,
ANNSs are used to emulate the values of these remaining degrees of freedom: the
coeflicients of the global basis functions. This eliminates the need to construct
stiffness matrices, since the iterative process to solve for the basis coefficients is
avoided. The only issue that remains to be computed once per increment is the
stress update in each quadrature point (i.e. the plastic variables in the case of

elastoplasticity).

The aim of this chapter is to formulate an ANN-accelerated POD-based MOR for
finite plasticity under cyclic and random loading, applied to a representative volume
element (RVE). The use of projection-based MOR for systems governed by elasto-
plasticity requires a large number of global basis functions to achieve an acceptable
accuracy (we use 100 basis functions). As ANNs avoid the computation of the
basis coefficients, many basis functions can be used and hence, ANN-accelerated
projection-based MOR may be considered particularly useful in the context of

elastoplastic finite element computations.

Since elastoplasticity includes both reversible and irreversible physics, a suitable
ANN must be able to account for the deformation path. Since [54, 32, 83, 28] have
shown that the hidden variables in recurrent neural networks (RNNs) are able to

account for this (in the context of conventional finite element simulations to compute
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inelastic responses), these types of ANNs are also used in the current chapter.

The remainder of this chapter is as follows: in the next section, the architecture
and working of ANNSs is discussed, then a brief descriptions of feed forward neural
networks and recurrent neural networks are provided. Subsequently, the discussed
RNN is tested to predict the coefficients of basis functions for an elaso-plastic finite
element model. The results are discussed in section 3.3, where the predictions of the
RNN-accelerated POD-based MOR are compared with those of the direct numerical
simulation (DNS) and the conventional POD-based MOR. A short conclusion is

presented in section 3.4.

The DNS are not discussed in this chapter, because they are the same as those of
the previous chapter. Similarly, a discussion on conventional POD-based MOR is
lacking (to promote conciseness), because it follows the same recipe as discussed in

section 2.2.

3.2 ANN-acceleration
In this section, we discuss the RNN that rapidly emulates the basis coefficients

in a for each increment (the input is UY). This circumvents the iterative process
(Eq. (2.20)) necessary for conventional POD-based MOR.

Introduction to neural networks

A neural network is a combination of numerous neurons. Each neuron receives
several input values (O{_1 to Oi_l in Fig. 3.1), and outputs a single value (O{;) asa
function of weighing the input values (w;), adding a bias to it (»), and inserting the
result in an activation function ( f) (Appendix A discusses commonly used activation
functions in more detail). A collection of neurons are grouped together to form a

layer.

The best known ANNSs are feed forward deep neural networks (see Fig. 3.2). In
deep neural networks, several layers of neurons are placed one after another (see
Fig. 3.2). The neurons in subsequent layers are connected with each other [37].
Feed forward networks have a unique relationship between input and output data,
and cannot handle sequential information (i.e. a sequence of UY), as required for
path-dependent models such as elastoplasticity [65]. In other words, the output
predicted by a feed forward network for a given input does not depend on previous

input provided to the network.
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Figure 3.1: A single artificial neuron at layer j. The outputs of previous layer O/~
are the inputs of current layer ;.
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Figure 3.2: A feed forward neural network with three layers: Two hidden layers

with five neurons each (h{ ), two neurons for the input layer and three for the output
layer.

On the other hand, recurrent neural networks (RNNs) have the intrinsic feature to
handle sequential data. RNNs (Fig. 3.3) employ hidden state variables (‘H’) as
memory elements to store and pass on information from the past to the upcoming
prediction. Therefore, the predictions of an RNN at time step ‘¢’ are based on
the input at time step (‘¢’) and the values of the hidden variables (‘H,—_;’) at the
beginning of that time step (‘#’). Hidden variables ‘H’ can be considered as the

RNN's way to quantify the past, in analogy to history variables z in the DNS and
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the conventional POD-based MOR.

Traditional RNNs suffer from the problem of vanishing gradients while handling
long sequential data using standard gradient based optimizers in the learning stage
[44]. This is due to the fact that the parameters at the beginning of the sequence
depend on the gradient of the parameters present later in the sequence. In this
process, the derivatives, which take small values, are multiplied several times,
resulting in significantly smaller values, explaining the term vanishing gradients.
To overcome this problem, a gated RNN, employing Long Short Term Memory
(LSTM) [39] or Gated Recurrent Unit (GRU) [16] is generally used.

In this chapter we use an RNN with a Gated Recurrent Unit (GRU). The GRU
enables control over the flow of information through its ‘hidden state’ variables ‘H’.
It uses an update gate and a reset gate to determine the amount of information to
be passed on and to be retained by the hidden variable. The gated structure of a
GRU also controls the flow of gradients during learning, such that the parameter
update value does not vanish. The reader is referred to appendix B for a detailed
description about the working of a LSTM and a GRU unit.

The RNN architecture used in this chapter is shown in Fig. 3.3. The feed forward
neural networks (FFN; and FFNyp) at the input and at the output of the GRU
increase the flexibility in the RNN design [83]. The hidden variables ‘H’ of the

GRU unit are initially set to -1, as recommended in [83].
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Figure 3.3: Neural network architecure used in this chapter. The red dashed box
indicates the GRU.
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Learning phase of the recurrent neural network

The learning phase is the term used for the phase in which the parameters of the neural
network are identified. This is effectively a least squares minimization problem for
which many input-output relations must be available (which are obtained by running
the conventional POD-based MOR for many input variations). The minimization is
performed using a stochastic steepest descent algorithm [64, 78], that requires the

gradient to be constructed for each iteration.

We perform a supervised learning strategy in which the data is passed through the
RNN numerous times, where every time the entire data is passed through is referred
to as an epoch. The learning stage, i.e. the identification of the weights and biases,
is an iterative process in which the following loss function (3.1) is minimized to

increase the network's accuracy:

1 < ~ i i
Luse = — ) lla' — a3, (3.1)
Ti=1

where the tilde is used to denote the reference coefficients (i.e. those predicted by
the conventional POD-based MOR, which the RNN must replicate).

An epoch has a forward propagation stage in which the information is passed from
the input layer to the output layer. At the beginning of learning, the parameters such

as weights and biases are initialized randomly.

In the backward propagation stage, the loss function's gradients with respect to the
RNN’s parameters are calculated starting at the output layer and ending at the input
layer. A gradient descent algorithm is used to update the RNN's parameters. The

procedure is repeated for thousands of epochs.

The data is fed to the network in multiple mini-batches in order to speed up the
training process. Since we have a large data set, updating the gradients for the
whole data at once as in the method of batch gradient descent is not computationally
efficient. Also, updating the gradients for one data at a time as in the method
of stochastic gradient descent will slow down the learning time of the network.
Therefore, mini-batch gradient descent is used to update the parameters of the RNN.
Each batch consists of a sequence of input-output pairs that are extracted as training
solutions at every load increment. The length of sequences is equal for all the
batches. In the current chapter, data in each batch corresponds to the solutions of a
single training simulation. There are 1000 load increments per simulation, therefore
each batch is of length 1000.
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3.3 Results

Model setup and data collection

The discretized RVE is portrayed in Fig. 3.4 and is subjected to cyclic and random
loading. The material parameters for the elasto-plastic matrix are set to £ = 1,
v =0.3, My = 0.01, h = 0.02 and m = 1.05 (see Eq. (2.2)). For the particles, the
elastic material parameters are setto E = 20, v = 0.3, while M( = oo ensures that the
particles behave purely elastically. Because the matrix deforms mostly plastically
and plastic deformation is isochoric, and because the elastic particles deform only
minimally relative to the matrix (due to the ratio of Young’s moduli), we only
consider the application of isochoric macroscale deformations (i.e. det(UM) = 1),
governed by bounds 0.75 < U < 1.25,0.75 < U)] < 1.25 and -0.25 < U] <
0.25. This means that it is sufficient to only consider components U f’ll and U {"21 as
input variables of the RNN (as det(UM) = 1, U} and U} dictate the value of U}).
The work flow of the ANN-accelerated MOR is depicted in Fig. 3.5.

Figure 3.4: The discretized RVE with particles.

A single RNN is simultaneously trained to emulate the basis coeflicients for both
cyclic and random loading. Random loading is not per se simulated because it
is expected in nested multiscale simulations. Instead, it is considered to enhance
the training because in true multiscale simulations with cyclic loading, the cyclic
loading path of each RVE will slightly differ for each cycle [83]. The loading
paths of the cyclic training simulations are presented in the left diagram of Fig. 3.6.
Each involves a loading stage and an unloading stage, each stage consisting of 500

increments. In the random loading simulations (one loading path is shown on the
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Training simulations for identification of basis functions:
Run DNS for numerous load parameters
and collect the displacement solutions

I

Split the displacement solutions additively
and extract the basis functions from
fluctuating displacements using SVD

l

Training simulations for identification of RNN parameters:
Run traditional POD-based MOR, and collect the basis coefficients
for the same load parameters used in DNS

l

Train the RNN:
Input is normalized sequence of UM
Output is normalized sequence of o

l

Perform online simulations using
RNN-accelerated POD-based MOR

Figure 3.5: A flow chart of the main steps necessary to obtain the RNN-accelerated
POD-based MOR.

right in Fig. 3.6), the loading direction is randomly selected for each of the 1000

increments and the loading step is fixed.

Figure 3.6: Left: Each red line presents the load path of a cyclic training simulation.
Right: Load path of a single training simulation for random loading. Bounds
0.75 < U{Vf < 1.25, 0.75 < U% < 1.25 and 0.75 < U% < 1.25 of surface
det(UM) = 1 are presented by blue lines.

In order to obtain the data for training the neural network, the DNS described in
section 2.2 is solved for 350 cyclic loading training simulations (+10 verification
simulations) and 10,000 random loading simulations (+100 verification simula-
tions). The displacement values are extracted at every load increment of the training

simulations. The extracted displacement solutions are additively decomposed into
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a homogeneous and a fluctuating deformations following eq. (2.14) as depicted in
fig. 2.2. The basis functions representing the training solutions are obtained by per-
forming SVD to the fluctuating deformations. The the traditional POD-based MOR
described in section 2.3 is solved for the same set of load parameters. During the
online stage of POD, the coeflicients @ of the basis functions are extracted at every
load increments of all the POD simulations. Therefore, the data set for training
the RNN has an input of all the macroscopic deformation sequences prescribed as
load parameters of the RVE. The output of the data set is the coefficient sequences
of basis functions a, which are expected to be predicted by the RNN later during

online simulation.

In this chapter 100 POD basis functions are used, whose coeflicients are extracted
at every load increment of each training simulation. We use a large number of basis
functions, because elastoplasticity yields non-ellipticity, entailing that a substantial

number of basis functions are required to obtain an acceptable accuracy.

RNN predictions

The learning stage of a neural network (i.e. the algorithm to minimise the loss func-
tion in order to identify the network's weights and biases) requires the selection of
several hyperparameters. Different combinations of the numbers of layers, neurons
and hidden variables are investigated with respect to the convergence of the loss
function. Fig. 3.8 shows that the number of hidden variables and the number of

hidden layers of F'F'No influence the RNN's accuracy the most.

It can also be inferred from Fig. 3.8 that increasing the number of layers in FFNo,
number of hidden variables ‘A4’ and neurons ‘N’ in F'F'N; increases the loss function.
Therefore, in this chapter the number of hidden layers in FFN;, FFNo and the
number of GRU layers is set to 1. The number of neurons in the hidden layer of
the FF Ny is set to 100. Both FFNs use the ‘Leaky ReLu’ activation function. The
number of hidden state variables in the GRU and the number of neurons in the
hidden layer of F'F' N are set to 1600.

In this chapter, the ADAM optimizer is used to perform the stochastic gradient
descent. The initial learning rate is set to 0.001 (i.e. symbol 'y’ in ADAM ter-
minology) and its exponential decay values are given by 0.9 (for the first moment
estimates) and 0.999 (for the second moment estimates) (symbols B and ’B% in
ADAM terminology, respectively), whilst a cut-off values of 10~% is used to prevent

dividing by zero (symbol ’€’ in ADAM terminology).
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Figure 3.7: The loss function value of training data after training for 60,000 epochs
for three neural network parameters: (i) Number of hidden layers in the FF Ny, (ii)
Number of neurons ‘N’ in the hidden layers of FFN; and (iii) Number of hidden
variables ‘H’ of the GRU. The size of the bar corresponds to the value of the loss
function (i.e. a large bar corresponds to a large value of the loss function).

The mini-batch size equals the total number of load increments in the traditional
POD problem, which is set to 1000. The RNN is trained for a total of 450,000
epochs, after which the loss function did not decrease further for both training and
verification data, as shown in Fig. 3.9 (a) and Fig. 3.9 (b). Each epoch consists of
approximately 1% of the whole training data in a mini-batch. Therefore, mini-batch
is switched every 50 epochs to include all the training simulations. After training,
the loss function (Eq. (3.1)) is reduced to 4.7 - 107°.

Coefficients for some POD basis functions predicted by the RNN are presented
in Figs. 3.10 (cyclic loading) and 3.11 (random loading), together with the exact
coefficients. It is clearly visible that the RNN's accuracy for cyclic loading is higher

than for random loading, although the accuracy for random loading is still acceptable
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Figure 3.8: The loss function value of verification data after training for 60,000
epochs for three neural network parameters: (i) Number of hidden layers in the
FFNg, (ii) Number of neurons ‘N’ in the hidden layers of FFN; and (iii) Number
of hidden variables ‘H’ of the GRU. The size of the bar corresponds to the value of
the loss function (i.e. a large bar corresponds to a large value of the loss function).

in our opinion. The average error calculated using Eq. (3.1) for the 10 cyclic loading
verification simulations is around 3 - 107>, whereas the average error for the 100

random loading verification simulations is around 4 - 1074,

Mechanical predictions

In this subsection, we compare the results of RNN-accelerated MOR with those of
the conventional MOR and the DNS. We start with Fig. 3.12 in which the components
of the homogenized 1*" Piola-Kirchhoff stress are presented for one of the cyclic
loading verification simulations. We can see that the POD results match those of the
DNS fairly accurately (albeit not perfectly), indicating that the number of 100 basis
functions is sufficiently large. The results of the RNN-accelerated MOR also match
those of the DNS and those of the MOR fairly accurately. Clearly, some differences
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Figure 3.9: (a) Right: The evolution of loss function for both training data (blue) and
verification data (red) for first 50,000 epochs. (b) Left: The loss function evolution
from 350,000 to 450,000 epochs.
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Figure 3.10: Cyclic loading verification simulations: Some RNN predictions
(crosses) and the actual values (lines). The colors distinguish the four verifica-
tion simulations.

are present, but the results indicate that the errors introduced by the RNN hardly

influence the predicted macroscale stress.

As the appeal of RNN-accelerated MOR is the preservation of detailed information
(microstructural information in case of RVEs), we also compare the plastic variables
(4 in Eq. (2.3)) predicted by the different approaches. Fig. 3.13 shows that the
difference in the plastic variables predicted by the DNS and predicted by the MOR
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Figure 3.11: Random loading verification simulations: Some RNN predictions
(crosses) and the actual values (lines). The colors distinguish two verification
simulations.

is not negligible, although also not completely unacceptable. The difference can
be minimized by incorporating even a large number of POD basis functions, as
opposed to 100 basis functions used in the current chapter. In turn, the difference
in the plastic variables predicted by the conventional MOR and predicted by the
RNN:-accelerated MOR is substantially smaller.

We continue with results for random loading scenarios. In Fig. 3.14, the components
of the 1% Piola-Kirchhoff stress are again presented, but now for one of the random
loading verification simulations and as a function of the increment number (instead
of the deformation, for readability purpose). On the other hand, Fig. 3.15 shows the
plastic variables predicted by the different approaches. Comparing Fig. 3.12 with
Fig. 3.14 and Fig. 3.13 with Fig. 3.15, it can be concluded that the RNN-accelerated
MOR is more accurate for cyclic loading than for random loading. The results
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Figure 3.12: Components of the macroscale 1*' Piola-Kirchhof stress as functions
of the deformation for a cyclic loading verification simulation predicted by the DNS
(black solid), by the conventional MOR (blue dashed), and by the RNN-accelerated

MOR (red dotted).
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Figure 3.13: The plastic variable (1) computed by the three methods for one of the
cyclic loading verification simulations. Top-left: the DNS results, top-right: the
difference between the POD results and the DNS results, bottom-left: the difference
between the RNN-POD results and the POD results, bottom-right; the difference

between the RNN-POD results and the DNS results.

can be argued to be sufficiently accurate, because, the random loading simulations

were considered only to effectively train the RNN. But, in practice, the purpose

of RNN accelerated MOR is to be utilized for loading cases arising in multi-scale

simulations, which are closer to cyclic loading simulations.
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Figure 3.14: Components of the macroscale 1*" Piola-Kirchhoff stress values as
functions of the number of increments for a random loading verification simulation
predicted by the DNS (black solid), by the conventional MOR (blue dashed), and
by the RNN-accelerated MOR (red dotted).
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Figure 3.15: The plastic variable (1) computed by the three methods for one of the
random loading verification simulations. Top-left: the DNS results, top-right: the
difference between the POD results and the DNS results, bottom-left: the difference
between the RNN-POD results and the POD results, bottom-right; the difference
between the RNN-POD results and the DNS results.

The computational time required to prepare the training data and to test the verifica-
tions are summarized in Table 3.1 and 3.2. The training of the RNN was performed
on HPC using 32GB of GPU computational resource for 7 days. Though the data
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preparation and training the RNN required a total of two weeks of computational
time, the RNN-accelerated MOR is approximately 100 times as fast as the DNS and
22 times as fast as the conventional MOR in case of random loading. For cyclic
loading on the other hand, the RNN-accelerated MOR is only 13 times as fast as the
DNS, whilst the conventional MOR is hardly faster than the DNS.

The difference in time savings of the RNN-accelerated MOR for cyclic and random
loading is because the DNS and conventional MOR require more iterations for
random loading than for cyclic loading. The reasons are that (1) the load step at
each increment for cyclic loading are substantially shorter than those for random
loading whilst the same total number of increments is employed, and (2) the previous
plastic state is known at the start of each increment of a cyclic loading simulation

(i.e. DNS and conventional MOR) in order to increase the speed of the cyclic loading

simulations.
Data preparation [ POD [ RNN-POD
Cyclic loading 350x1hr 350x1hr
+
350%0.75hr
Random loading 10000x7hr 10000x7hr
—+
10000x 1.5hr
Table 3.1: Computational time for data preparation
Online stage DNS POD RNN-POD
Cyclic loading 55 min 50 min 4 min
Random loading 7 hr 1.5 hr 4 min

Table 3.2: Computational time for verification simulations

3.4 Conclusion

In this chapter, a recurrent neural network (RNN) is used to emulate the basis
function coeflicients of projection-based model-order-reduction (MOR) for a repre-
sentative volume element described by finite plasticity, subjected to cyclic loading
and random loading. The RNN is simultaneously trained for cyclic loading and ran-
dom loading. We have used an RNN, because elastoplasticity is history-dependent
and in analogy to the plastic variables in elastoplasticity, an RNN uses hidden

variables to quantify its history.

Our results have shown that the RNN-accelerated MOR yields speed ups between
factors 13 and 100 relative to the direct numerical simulations (and between factors

13 and 22 relative to conventional MOR). The accuracy is similar to conventional
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MOR, which is not entirely negligible relative to the direct numerical simulations.
Nevertheless, with speeds up of up to factors of 100, the RNN-acceleration of MOR
seems to make MOR for finite plasticity an interesting possibility. A point to be
noted is that the accuracy of RNN-accelerated MOR can be increased by employing
even more number of basis functions. However, increasing the number of basis
functions could reduce the RNN efficiency. Therefore, the next chapter focuses on
improving the accuracy of POD-based MOR for elastoplastic solids with a reduced

number of basis functions.
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Chapter 4

MACHINE LEARNING FOR ADAPTIVE BASIS SELECTION IN
PROJECTION-BASED MODEL-ORDER-REDUCTION FOR
ELASTOPLASTICITY
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ABSTRACT

Projection-based model-order-reduction is accurate and fast for simulations of (hy-
per)elastic solids, amongst others because only a few basis functions suffice. Model-
order-reduction for simulations of (hyper)elastoplastic solids however require many
more basis functions to achieve an acceptable accuracy. This compromizes the
acceleration of the model-order-reduction. The aim of this chapter is to reduce
the number of basis functions of elastoplastic reduced-order-models, by adaptively
selecting the basis functions during the course of a simulation. To this purpose,
several enhancements of a previously proposed unsupervised clustering approach
are investigated, but the results lack the desired accuracy. A new approach for the
adaptive selection of the basis functions is therefore formulated, which is based on
a k-nearest neighbour search. The framework is applied to monotonic and cyclic
loading of a representative volume element with stiff elastic particles in an elasto-
plastic matrix. The accuracy of the method using the k-nearest neighbour search is
orders of magnitude better than those of the previous approaches, whilst only a few

basis functions are used.
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4.1 Introduction

Model-order-reduction (MOR) encompasses numerical methods that reduce the
complexity of time-consuming computations in order to accelerate them. Whereas
surrogate models such as response surfaces and Kriging replace the input-output
relation of the computation of interest by a fast alternative, MOR only modifies
the computation in order to accelerate it. Consequently, more results often remain
available for post-processing using MOR, whilst surrogate models only provide the

output for which they are trained [83].

In the field of numerical predictions of physical systems such as finite element (FE)
simulations, two MOR categories may be distinguished: a posteriori methods and
a priori methods. A posteriori MOR involves precomputing numerous responses of
the physical system of interest in advance and utilizing the precomputed solutions
to accelerate the subsequent simulations that remain. A posteriori MOR is thus only
useful if the same physical system must be simulated numerous times, each time
with different ‘load’ parameters (e.g. material parameters or boundary conditions).
Consequently, a posteriori MOR finds its use in (probabilistic and deterministic)
inverse modelling, optimization, uncertainty quantification and computational ho-

mogenization, to name a few.

On the other hand, a priori MOR does not require any precomputations to be
performed and hence, it can be used the very first time the physical system of
interest is simulated. Consequently, a priori MOR is more widely applicable than
a posteriori MOR, since a posteriori MOR is only useful if the same type of
computation must be performed numerous times. On the other hand, a posteriori

MOR often yields larger accelerations.

One type of a priori MOR is proper generalized decomposition [57, 15], which
enriches the approximation of the computation’s solution per iteration, thereby
approaching the exact result as more iterations are computed. Another type of a
priori MOR is the quasicontinuum method, which superimposes an FE interpolation
with associated quadrature points (i.e. ’summation’ or ’sampling’ in quasicontinuum
terminology, or "hyperreduction’ in projection-based MOR terminology) over an

atomistic [5], spring [6] or beam [14] lattice.

In this chapter, we focus on projection-based a posteriori MOR, in particular on the
proper-orthogonal-decomposition (POD) method [42, 43, 52, 11] and the reduced-
basis (RB) method [59, 60]. Both approaches involve an offline training stage, during

which numerous computations are performed, from which solutions are harvested
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that are used to construct the solutions of the future computations (i.e. in the online
stage). The difference between the two methods concerns the manner in which the

training solutions are treated to construct the solutions of future simulations.

In the POD method, the precomputed solutions are decomposed using singular value
decomposition (SVD) in order to extract the most dominant features of the training
solutions. In the method of RB on the other hand, a selection of the precomputed
training solutions are directly employed (after orthonormalisation) to construct the
solutions of future computations. The ensemble of selected training solutions
should optimally enclose the characteristic features of the possible solutions of
future simulations. This is often performed using a greedy algorithm. In both the
POD and RB method, the precomputed solutions yield orthonormalized vectors
that are used to construct the solutions of future computations. These vectors are

referred to as basis functions or modes.

In projection-based MOR, each basis function comes with its own degree of freedom
(i.e. basis coeflicient), which together need to be computed in the online simulations.
Consequently, it is essential for the speed of the online simulations to minimize the
number of employed basis functions. In case of simulations of hyperelastic solids,

only a few basis functions yield an excellent accuracy of the online simulations.

Simulations of elastoplastic solids on the other hand require a large number of
basis functions to obtain an accuracy that is merely acceptable. This was for
instance demonstrated in [70], in which 100 basis functions were employed for
an elastoplastic model yielding an acceptable but not excellent accuracy. (The
acceleration on the other hand was excellent, because of the emulation of the basis
coeflicients using Al-algorithms.)

The aim of this chapter is to devise a technique to reduce the number of employed
basis functions in elastoplastic reduced-order-models. Because the load parameters
that vary for each simulation of interest to this chapter are the load paths (which are
irrelevant for the mechanical response of (hyper)elastic solids, but have a substantial
effect in case of elastoplastic, i.e. history-dependent solids), the parametrization of

the load paths is employed to decide whether or not to adapt the basis.

Adaptive basis selection during the course of a simulation is not new. Generally, sev-
eral bases are identified during the offline stage, by clustering the training solutions
according to the load parameters of (e.g. physical) relevance. In the online stage,

the current load parameters are then used to classify to which group the current
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configuration belongs and the basis functions of the associated group are employed.
Because the load parameters may change during the course of a simulation, basis
functions from different groups are typically used during the course of an online

simulation.

These types of approaches were for instance proposed and/or investigated in [19, 3,
34], where the time was considered as the load parameter, based on which the training
simulations were clustered into different groups. Often however, manual clustering
yields rather poor results [58]. Consequently, machine learning, i.e. unsupervised
learning, was proposed to obtain more suitable groups and hence, more accurate
results [2, 58, 79].

To the best of the authors’ knowledge, unsupervised learning was exploited in the
context of projection-based MOR for dissipative solids in [13] and for viscoplasticity
in [29]. [13] and [29] used clustering to improve the discrete emperical interpolation
method as suggested in [58]. Similarly as in the current chapter, [13] applied
clustering to the load paths. Clustering is also used for elastoplastic reduced order
models which are not based on projections. In [51] for instance, the clustering of
spatial domains is the essential ansatz for another type of MOR, limited to multiscale

simulations.

The novelty of the current chapter starts with the application of unsupervised learning
to cluster training simulations as proposed in [2, 58, 79], to elastoplastic simulations.
When k-means clustering, as investigated in [2, 79], is applied to the elastoplastic
simulations of the interest to the current chapter, substantial inaccuracies occur dur-
ing the course of an online simulation every time the basis changes. We investigate
several techniques to reduce these inaccuracies that have not been investigated yet
(i.e. besides k-means clustering, we investigate DBSCAN [23], as well as approaches
to smooth the transition between clusters). However, the resulting accuracies are
not robustly better than that of conventional MOR based on POD.

The second novelty of this chapter is therefore to propose another technique to
adaptively change the basis. Because this chapter reports that the inaccuracies for
clustering appear when the (entire) basis is changed, a method that continuously
changes only part of the basis is proposed. To this purpose, a k-NN search is
exploited, which determines for each load increment which k training solutions are
nearest to the current load path. These k training solutions are then orthonormalized
with respect to each other and used as basis functions for the increment. The resulting

scheme is thus a type of RB approach.
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The numerical methodology is investigated for a representative volume element
(RVE) with stiff elastic particles in an elastoplastic matrix that undergoes large
monotonic and asymmetrical cyclic loading, in order to work towards multiscale
simulations based on computational homogenization [46, 27]. The application to
an RVE is however somewhat arbitrary; the methodology can just as well be applied

to any other elastoplastic FE simulation.

The remainder of the chapter is organized as follows: two conventional projection-
based MOR strategies are discussed in section 4.3. Clustering to enable adaptive
basis selection is explained in section 4.4, including the different enhancements we
have incorporated to improve the results. The k-NN search to continuously change
the basis functions during the online simulations is described in section 4.5. The
results of the different approaches are presented and compared to each other in

section 4.6. Finally, a short conclusion is presented in section 4.7.

4.2 Direct Numerical Simulations

The plane strain simulations employ bilinear quadrilateral (four node) FEs with four
Gauss quadrature points. An F-bar method is utilized to alleviate locking due to
the incompressibility of the plastic deformation. In the employed F-bar method, the
volume change of the deformation gradient tensor at a quadrature point is replaced
with the volume change at the center of the element. The resulting deformation
gradient tensor, F, is multiplicatively decomposed into an elastic (subscript e¢) and

a plastic (subscript p) deformation gradient tensor: F = F, - F,.

The following strain energy density is employed:

_E(I.-3-2In(J,)) Ev(In(J,))?
ST 40+ T 20+vd-20)

4.1)

where E and v denote Young’s modulus and Poisson’s ratio, respectively. Further-
more: I, = tr(F! - F,) and J, = det(F,), where superscript T denotes the transpose.
Differentiating the strain energy with respect to F, gives a 1% Piola-KirchhofT stress

tensor, P,: P, = gTW, which is related to the Mandel stress, M, as M = FZ -P,.

The employed Von Mises yield function reads:

3
y = 5Mdev - Mdev — My — h/ln, (42)
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where material parameters My, & and n denote the initial yield stress, the hardening
modulus and an exponential hardening parameter, respectively. Furthermore, M4¢”
denotes the deviatoric Mandel stress and A the plastic multiplier. The following

associated flow rule is employed:

19y

F, = Aost B (4.3)

The Karush-Kuhn-Tucker conditions close the constitutive model:

y <0, 120, yA =0. 4.4)

A periodic mesh is employed in the simulations. Dirichlet boundary conditions are
used for the four corner nodes, where the displacement values are dictated by the
right stretch tensor of the macroscale deformation (UM, assuming that the RVE is

used in a nested multiscale computation), given by:

w—uy = (UM - 1) - (X; - X), 4.5)

where u and X denote the displacement vector and reference location of a finite
element node, respectively. The subscripts denote the numbers of two corner nodes.
As the displacement of one of the four corner nodes is set to zero (and all reference
locations are known), the displacement vectors of the other three corner nodes are

completely known, since UM is known for each increment.

In case of nodes on the RVE’s opposing edges, the above vector equation yields two
scalar constraints in a 2D setting (as is the case here). In this thesis, these constraints

are enforced using Lagrange multipliers.

The incorporation of periodic boundary conditions using Lagrange multipliers re-
sults in the following system of linear equations, which must be constructed and
solved for each iteration, at each increment:
T
K (u,2) ( )
—int -

C
3u

du

4.
dg ; (4.6)

— iext B iint (Z’ Z) h ng_Z
c(u)

g2
o 1she

where column u collects the displacement components of all FE nodes at an inter-

mediate solution, column z the plastic variables in all Gauss quadrature points at an
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intermediate solution (4 and F,), column g the Lagrange multipliers, column ¢ the
scalar constraints due to the periodic bour:dary conditions of Eq. (4.5) (c is linear
in u), column ie . the components of the reaction forces, column f o the compo-
nents of the internal forces (f ot depends non-linearly on u and z) and matrix g .
the derivatives of the internal forces components with respect to the displacement
components (g - depends non-linearly on u and z). du and dg together denote the
correction to the intermediate solution given by u and g, that is to be computed each
iteration. The new plastic variables are computed to_gether with the new internal

forces for each quadrature point, after new solution u + du is computed.

4.3 Conventional projection-based model-order-reduction

Traditionally, projection-based MOR aims to reduce the computational times of the
DNS by ensuring that less governing equations need to be solved (i.e. to reduce
degrees of freedom, DoFs) and, often in case of non-linear governing equations, by
ensuring that the governing equations require less time to be constructed for each
iteration. The latter is typically achieved using hyperreduction (or by ensuring that
the governing equations only need to be constructed once per increment using an
artificial neural network, as demonstrated in the previous chapter). Because this
chapter solely focuses on the adaptive basis selection, the conventional projection-
based MOR of the current section are only discussed with respect to the reduction

of the DoFs with the help of basis functions.

The reduction of the DoFs in projection-based MOR is achieved by expressing all
n, kinematic variables of the DNS, u, in terms of only a limited number of n,

kinematic variables, @, according to:

a, 4.7)

1€

1
U= E ¢a;=
- —

i=1

where ¢i of length n,, denotes the i basis function and @ denotes the n,, X 1, matrix

that stores all basis functions.

For RVEs however, which are the application of this thesis, the kinematic variables
(i.e. the displacement components of the FE nodes) are first additively decomposed in

ahomogeneous, iz, and a microstructurally fluctuating, i, contribution (see Fig. 4.1).

(4.8)
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Figure 4.1: Illustration of the additive split of an RVE’s displacement field in a
homogeneous displacement field and a microstructurally fluctuating displacement
field is employed in a projection-based MOR. The basis functions (®) are only used

for the fluctuating displacement field.

The macroscale deformation (UM) fully governs the homogeneous part of the dis-
placement and as this is imposed by the macroscale in computational homogeniza-
tion, i is completely known. Consequently, only i needs to be computed. For this
reason, the interpolation of projection-based MOR is not applied to the complete

displacements as indicated in Eq. (4.3), but only to the fluctuating part:

i~®a (4.9)
The approximation of the complete displacements may then be written as:
Zzgé+9g, (4.10)

where ¥ 5 together denotes the known, homogeneous part of the displacements
with:

T
— M M M
B=|U; -1 Uy Uy, — 1] (4.11)

XX
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where UM, Ufc"y[ and U % denote the three independent components of UM, Row i of

¥ (of size n, X 3) is furthermore expressed as follows:

[Xm Vi, o] if i is odd,
(E) I (4.12)
! [O X:: Yl-] if i is even.

i1 Iri

This expression for ¥ is only valid if the reference location of the bottom-left FE
node of a 2D RVE is set to the origin, if the bottom-left FE node cannot displace,

and if the displacement components in u are ordered as follows:

(g)l. = 2 4.13)
Vri if i is even,

where (g)i denotes the i component of u, and Uiy and v, i denote the horizontal

and vertical displacement of FE node [%'l, respectively.

The expression for @ depends on whether the POD or RB method is applied. How-
ever, both approac};,s have several aspects in common. First, the goal is that all
columns (each column is a basis function) in @ together encapsulate all character-
istic features of the online solutions. Second, e;ch column must be orthonormal, or
at least orthogonal, with respect to the other columns (i.e. ®'® = I, where identity
matrix [ is of size n; X np). Third, both approaches requi_re numerous DN to be
perforn;ed for different load parameters. In this contribution, each set of load param-
eters is a sequence of UY (¢) (where ¢ denotes a pseudo-time). From each training
simulation, the solutions at several increments (after deducting the homogeneous

displacements) are stored.

Proper-orthogonal-decomposition

In the method of proper-orthogonal-decomposition, the training solutions are stored
as columns in a so-called snapshot matrix, S. Matrix S is of size n, X n;ns, where n;
denotes the number of training simulations and n s the number of solutions extracted
from each training simulation. Singular value decomposition (SVD) is then applied
to snapshot matrix S and the left singular vectors with the n;, largest singular values
are used as basis functions. Because the fluctuating displacement parts of the
solutions (iz), which are stored in the snapshot matrix are periodic, the left singular
vectors are periodic as well. (Furthermore, as the definition of the left singular

vectors implies, the basis functions are orthonormal with respect to each other.)
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More formally, the SVD of the snapshot matrix may be written as the following

optimization problem:

|27 2 2| =argminlis - PD Q" (4.14)
T T T et TS

such that D denotes a diagonal matrix of size n;ng X n;ng with entries (D) >

—/11
(D) > (D) > ... 2> (D) and
—/22 —/33 —/ nyng,neng

, (4.15)

lla®

'P=0'0=

11~

where || o || denotes the Frobenius norm and matrices P, Q and [ are of size
n, X ning, g X ning and nyng X ngng, respectively. This gptiﬁlizatio;l problem is
so frequently used that each numerical software has its own dedicated function to
compute it. The matrix with basis functions, @, is obtained by only using the first

np columns of P*.

Another way to obtain the n, left singular values (and faster if n, > n;ny) is to
apply eigenvalue decomposition to ﬁ = §T§ (§A is symmetric and of size n;ng X n;ny),

which may be expressed by ﬁnding eigenvalues b’ and eigenvectors b* according

to:

(8-#1)n =0, (4.16)
Q*iTQ*j: 1 ifi= 4.17)
0 else=0,

where b' > b™*! and [ is of size n;ns X n;ng. The matrix with the left singular values

can then be computed as:

@=S|b" b? b7 .. b, (4.18)

where the eigenvalues of the associated eigenvectors are ordered according to b' >
b% > ... > b". It may be clear that eigenvalue decomposition is so important that,
similarly as for singular value decomposition, practically all numerical software

packages have their own dedicated functions to efficiently compute it.
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Reduced basis

The method of reduced-basis (in its empirical sense) also uses the n;ng training
solutions, but does not require to store them in a snapshot matrix. The RB method
aims to find those n training solutions (whose numbers are stored in index set B*
of length n;) of all n;n; training solutions (whose numbers are stored in index set
A={1,2,3,...,mn,}, B* C A) which, after being orthonormalized with respect to

each other, together minimize the worst match with the training solutions.

It may thus be expressed as the following combinatorial optimization problem:

B* = argmin max min ||i’ — Zﬁjajﬂg, (4.19)

€A a
BcA ! £ jeB

where || @ ||> denotes the L2-norm, the length of a is n;, and the hat on ﬁj denotes

that the j™ training solution (whose index is stored in B, j € B) is orthonormalized

with respect to all other training solutions whose indices are in B, i.e.:

o |1tk
Tk = / where j,k € B. (4.20)
0 else

ISo

The columns of @ are thus those training solutions ﬁj (after the homogeneous part
is deducted from them and after being orthogonalized with respect to each other)

whose indices are present in B*.

It may be clear that the combinatorial optimization problem of Eq. (4.19) is non-
deterministic polynomial-time (NP) hard, yielding enormous computational times.
For this reason, the problem is often solved using some kind of greedy algorithm,
in which one training solution at a time is added to the set of training solutions
employed as basis functions. One greedy algorithm that avoids NP hardness can be

written as follows:

Algorithm 1 RB- Greedy algorithm 1
B*={},A=A.
for nj times '
k* = argmin max min [|@’ — 3’ ;cp- ﬁ]+kaj+k||2
ke €A a
A=A\ {k*}, B" = B*U {k*}

where it may be clear that the length of a increases with one every time the for-loop

is repeated.
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Although the latter combinatorial optimization problem is not NP hard, it is still time
consuming, because minimizer ¢ must be computed numerous times (n,;n(nngnp —
np(np — 1)/2) times in fact). For this reason, another greedy algorithm may be
exploited that avoids the computation of minimizer a. This greedy algorithm can
be explained by starting that a number of training solutions are already selected for
use as basis functions. The question is which training solution of the remaining,
unselected training solutions, is best to add. The assumption is that the best one to be
added is the one that minimizes the projection with respect to the already selected
training solutions. (This assumes that the training solution that minimizes the
projection encompasses the most characteristic features that are not yet encapsulated

in the already selected training solutions.)

This substantially faster greedy algorithm starts with normalizing each training

solution (denoted by i). The remainder may then be concisely written as:

Algorithm 2 RB- Greedy algorithm 2
Draw one sample from U(1, 1) as first number in B*, A = A.
for n, times .
k*=argmin ¥ &' '
keA ) )
Orthonormalize ék' with respect to i’ (j € B*)
A=A\ {k*}, B* = B* U {k*}

As the two aforementioned greedy algorithms obviously yield suboptimal basis func-
tions (compared to the initial combinatorial optimization problem of Eq. (4.19)), one
would typically need a larger number of basis functions (7 ) than if the POD method
is applied. RB methods are nevertheless useful if n,, and n,n are substantially large,
because then the singular value or eigenvalue decomposition in the POD method is

time consuming.

System of linear equations to be solved in the online simulations
Now the components of the interpolation employed in projection-based MOR are
defined, the resulting system of linear equations that must be computed for each

iteration, for each increment, can be rewritten as:

(@K, (8+00.090)da=0" (£, - f, (¥p+Da.0)-K (¥p+Da.2)¥dp).
“4.21)
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where we repeat once more that update da denotes the DoFs that must be computed.

Furthermore, df8 = 0 during the application of Newton’s method.

Although the stiffness matrix of the projection-based MOR (QTKWQ) is full, in-
stead of sparse as the stiffness matrix of the DNS, its size is n, X np, which is
a significant reduction. It may also be noted that the periodicity constraints are
not present anymore (Eq. (4.6)), because the basis functions are formed using the
microstructurally fluctuating part of the training solutions, which are periodic. Con-
sequently, the basis functions, @, are also periodic, regardless if the POD method

or the RB method is employed._

4.4 Clustering for adaptive basis selection

As mentioned before, conventional projection-based MOR is accurate for (hy-
per)elastic, but not for simulations using elastoplastic constitutive models. A solu-
tion in these days often sought in the clustering of the training simulations and to
construct a group of basis functions for each cluster. During the course of an online
simulation, a classification is then performed to decide from which cluster the basis
functions must be used for a given time increment. Clustering training solutions has
been demonstrated to substantially improve the accuracy of projection-based MOR
for a range of different models [71, 49, 4], but not yet for simulations involving

elastoplastic solids.

Clustering is typically performed in terms of the ’load’ parameters that are con-
sidered in the projection-based MOR. To aid the concept of clustering of training
solutions, we now consider the current macroscale deformation imposed to the RVE
as the "load’ parameters, i.e. UM (") where 1" denotes the current time (although
due to the path-dependency of elastoplasticity, it makes more sense to consider both
the past and currently imposed macroscale deformations, i.e. UM (0 < ¢t < 1), as

load parameters).

If we assume that each load path is discretized with 100 increments, we may consider
storing all 100 combinations of the load parameters for each path, (where one, at
1", is given by UM (:°7)). We also consider that for all 100 time increments, a
training solution is stored (i.e. ny = 100). Each combination of load parameters is
thus associated with one training solution (i.e. the microstructurally fluctuating part
of the training solution in fact).
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The assumption is now that if an online simulation is performed with the load path
in a certain direction, the training solutions of load paths in completely different
directions do not provide any useful characteristics to construct the online solutions
for the current load path. Therefore, the idea is to only use training solutions of the
load paths that are close to the load path of the online simulation for the construction

of the current basis functions.

POD method per cluster

For now, we assume that clustering has taken place (based on the load parameters)
and this has resulted in n. clusters of training solutions and load parameters. The
index set of the training solutions and load parameters used for the i cluster is
denoted by B* such that A = B*' U B*2 U ... U B*" and each index can only be
present in one of the subsets (B*! until B**). The Ngpe/i (spc stands for training
solutions per cluster, nypc/i = #B*') training solutions and load parameters that
belong to the i cluster are stored in snapshot matrix §i (of size ny, X ngpe/;) and
load parameter column QM i (of length ng./;). In order to determine the matrix with
the basis functions for the /™ cluster using the POD method (as performed here),

denoted by @', one must solve the following minimization problem:

|27 D Q| = argmin|ls’ - P' D I, (4.22)
- - —_— gi’gi’gi —_— _ — =

such that Qi is a diagonal matrix of size n;ny X n,ng with entries (Qi ) . > (Qi )22 >

(Qi)33 > .2 (g") and

Nspc/illspcli

PiTBi — iTQi — l’ (423)

where @' is constructed by extracting the n, left singular vectors, i.e. the first n,
columns of P*. It can be noted that, although each cluster may in principle come
with its own number of ng,./; basis functions, the same number of basis functions

is used for each cluster in the current chapter.
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Classification in the online phase
Also in the current subsection, we still assume that clustering has taken place, which

has resulted in n. clusters of training solutions and load parameters.

In an online simulation, one must decide to which cluster the load parameters of
the current time increment (UM (¢47)) belongs, so that from that cluster the basis
functions are used (which may change during the course of an online simulation).
In order to answer this question, one must parametrize each cluster in the space
of the load parameters. These parametrizations may for instance use one or more
locations in the space of the load parameters. For the i cluster, these locations
are stored in column QMi. One then choses some classification function, r, that
quantifies some measure between the current online load parameters (UM (1))

. . o Mi
and the parametrization of the i cluster U l).

The decision to which cluster the load parameters of the current time step in the online
simulation belongs is then formulated as a combinatorial optimization problem, in

the form of:

i* = argmin r(UM () 0. (4.24)

i€{1,2,....n.}
It may be clear that this combinatorial optimization problem must in principle be
solved for each time step of the online simulation and therefore has an influence on
the speed of the online simulation. It may then also be clear that this combinatorial
optimization problem affects the speed of the online simulation more substantially
if the number of employed clusters (n.) is large and if the number of locations in the
space of the load parameters needed to evaluate r (i.e. if the length of column QMi)

is large.

In the case of clustering using DBSCAN for instance, the load parameters used
for parametrization in this chapter are the same as the clustered load parameters,
. = Mi ; . . . . . .

re. U = QM’ (for the i cluster). Classification function r in Eq. (4.24) is then

defined as follows:

r(UY (e )[0") = min|[UY () = Ol (4.25)
JjeB™
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k-means clustering

To the best of the candidate’s knowledge, unsupervised clustering of training solu-
tions in projection-based MOR has mainly been performed using k-means clustering
[58, 79, 29, 2]. k-means clustering has several advantages compared to other clus-
tering approaches. First, it requires only one hyperparameter to be selected by the
user: the number of clusters, n.. Second, the clustering algorithm is fast. In other
words, the speed of the computations in the offline stage is hardly affected by it.
Third, the classification is fast, because classification function r in Eq. (4.24) only
uses one location in the space of the load parameters to parametrize each cluster
(i.e. the center of each cluster). Consequently, the online simulations are hardly

affected by the classification.

k-means clustering aims to minimize the sum of the distances between each point
and the center of the cluster to which the point belongs, where the center of a
cluster is the average location of all points that belong to that cluster. This may

mathematically be written as the following combinatorial optimization problem:

n
. < o1
B, B*2 B*3,.. B*| = argmin § § ||UMJ——§ UMK ||,. (4.26)
BLBB,...B" iT] icpi Nspeli fopi

It may be clear that the center of the i cluster, needed in classification function r,

is then given by:

o 1

oM = UMk, 4.27)

nspc/i kEB*i

The problem with the above optimization problem is its NP hardness. For this
reason, most numerical software include dedicated (yet sub-optimal) functions for

k-means clustering, whose steps can roughly be described as follows:

One of the main advantages of k-means clustering is that the classification in the
online simulations is fast. The function r, that quantifies the measure between
the current online load parameters (UM (¢°“")) and the parametrization of the i
cluster (EMi) is the Euclidian distance between the current load parameter of the
online simulation, UM (#°“"), and the center of the i cluster (meaning that gMi only

. ) . o Mi .
includes one location, i.e. the length of column U "is one).

r=[ UMy = OM ||y, (4.28)
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Algorithm 3 K-Means clustering

Randomly select one point (UM) as the center of each cluster

(UM for the it cluster).

Repeat until cluster centers do not change anymore
Initialise all subsets to be empty: B*! = {}, B> = {}, ..., B = {}
For each point j: i* = argmin |[UM/ —UM{||,  B* = B* U {j}

i€{1.23. .m0}
For each cluster i: UM = L2 ) pa UM

where the equation must be read such that the independent components of U™ and

UM are stored in column format.

However, k-means clustering also has a number of disadvantages. An important one
is that k-means clustering has difficulties with clustering distinct patterns. This is
clearly visible in Fig. 4.2, in which clustering of two different data sets is presented:
a set with random data and a set with clear patterns. Another disadvantage is that k-
means clustering does not automatically determine how many clusters are optimal,
as the number of clusters (n.) is a hyperparameter that must be set by the user. This
is especially a problem in the high-dimensional case, in which the clustering results

are difficult to visually confirm.

DBSCAN: Density-based spatial clustering of applications with noise

Because of the disadvantages of k-means clustering, DBSCAN is also considered.
Compared to k-means clustering, DBSCAN has several advantages. First, it is
better capable to distinguish distinct patterns (see the images on the right in Fig. 4.2,
where DBSCAN has captured the individual curves in the data). Second, it is able
to distinguish outliers (see bottom left image in Fig. 4.2). Third, DBSCAN is hardly
stochastic, meaning that every time the algorithm is applied (with the same values
for the hyperparameters), the difference between the clusters is substantially smaller

compared to k-means clustering.

DBSCAN requires the user to set two hyperparameters. The first one, which is
typically denoted by e, is an Euclidian distance that defines a neighbourhood around
each point (a circle in 2D, a sphere in 3D). The second one is an integer, ninp > 2,
and is used to define core points. DBSCAN uses these two hyperparameters to
subdivide all points in three types: A = B¢ U B" U B, where each point can only
be present in one subset and superscripts ¢, nc and o refer to core points, non-core

points and outliers, respectively.



78

0o® °
>
% %3
© 0o
oo
v

o©

Figure 4.2: Illustrative comparison of k-means clustering and DBSCAN. Left col-
umn: random data set, right column: data set with patterns. Top row: k-means
clustering for n, = 4 (cluster centers are presented as the large shapes). Bottom
row: DBSCAN clustering, which is better capable of distinguishing patterns (bot-
tom right). Note that in the bottom left image, DBSCAN classifies the blue circles
as outliers.

A core point is a point that has at least n,,;,, points in its neighbourhood (including
the point itself), with € as the ‘radius’ of the neighbourhood. In more detail, if the

number of neighbours of point p, given by U7 is defined as follows:

e = #{i € A, such that [[UM? — UM, < e}, (4.29)

then point p is a core point if npe > npyinp. Alternatively, point p is a non-core point

l < npe < npinp. Finally, point p is an outlier if n,e = 1.

With this classification as a start, DBSCAN performs the clustering. First, all outliers
are dismissed (points that do not have a single other point in their neighbourhood).

This means that outliers will not be part of any cluster.

Subsequently, one core point is randomly taken as the start of the first cluster. All
other points in the neighbourhood of the first point are selected and will be part of
the same cluster, regardless whether they are core or non-core points. However,

for all neighbouring core points, the process is repeated: also for these points their
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neighbouring points are selected to be part of the same cluster. The process of
adding new points if they are in the neighbourhoods of core points is repeated until

the cluster does not grow anymore.

When the first cluster does not grow anymore, a random core point that is not yet
selected to be part of the first cluster will form the start of the next cluster and the
same procedure as outlined in the previous paragraph is repeated until the second
cluster does not grow anymore. This process is repeated until all core points belong

to a cluster.

The clustering part of algorithm (excluding the classification into core points, non-
core points and outliers) can also be written as follows (where ¢ B"< and " B"< denote

the sets of core points and non-core points of the set that is currently being formed):

Algorithm 4 DBSCAN clustering
n.=0
while #B¢ # 0
ne =ne+1
Randomly select a point, i, from B¢
B = B\ {i}. °B" = {i}."*B" = {}
for j € °B"
Ccc= {k € B¢, such that||[UM/ — UM ||, < e}

cre = {k € B, such that||[UM/ — UM ||, < 6}
BC — BC \ CC Bl’lC — B”lc \ Cnc CB}’lc — CBnC U CC nCBnC — nCBnC U CnC

end

B’'c = € Blc Y ¢ Bhc
end
B° = B° U B"*¢

One may thus summarize that:
* All core points belong to a cluster - even if a core point is the only core point
of a cluster.

* The points in the neighbourhood of a core point are part of the same cluster

as the core point itself.

* Conversely, a non-core point is not used to enlarge the cluster with its neigh-

bouring points.

» Consequently, non-core points are reclassified as outliers if the only points in

their neighbourhood are non-core points.
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Similar to k-means clustering, DBSCAN is so often used that many numerical
software include predefined functions to apply it. However, the implementation
is of course more wisely performed than conceptually outlined above, in order to

minimize the computational times.

Of course, DBSCAN also has a number of disadvantages. An important one is that,
similar to k-means clustering, the clustering result is difficult to visually assess in
case each point is governed by more than three dimensions. This makes it hard to

optimize the values of the hyperparameters.

Complications for elastoplasticity

There are two issues that make the two aforementioned unsupervised clustering
approaches difficult to employ for the clustering of training solutions of elastoplas-
tic FE simulations. The first one is that when one time increment in the online
simulation, let us denote this by ¢!, belongs to cluster i and the next time increment,
1%, belongs to cluster j, the employed basis functions abruptly change from @' to
®/. Consequently, the online solution found at the end of ¢!, #'* = ®'a!* (valere
alperscript * refers to a converged solution at the end of a time increaent), cannot
serve as the initial guess for time increment 12, because force equilibrium can then

often not be achieved for time increment 2.

One thus needs to first compute a suitable initial guess for time increment 2. This
is accomplished by two steps. First, one aims to find a? such that the L?-norm

between ii*> = ®’/a? and ii'* is minimal. In other words, one first solves:

@’ = argmin || @' - D/all,. (4.30)

a pu—

Solving this minimization problem ensures that displacement fields ii'* and i#> match
each other optimally. However, it also means that force equilibrium does not hold for
initial guess . For this reason, an additional increment must be applied (for which
no increment of UM is applied), in which ii? is adjusted (obviously via adjusting

a?), as well as the history variables, such that force equilibrium is achieved.

This unavoidable procedure comes with two problems. The first one is that it is not
at all guaranteed that force equilibrium can be found. Second, if force equilibrium
is found, it is very well possible that > and the corresponding history variables
have been adjusted so much that they do not match those of the DNS accurately

anymore. (as we will see in the results section, the mismatch between the results of
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the projection-based MOR (with clustering) and those of the DNS reduces during
the next time increments to some extent, but it nevertheless causes substantial
differences between the results of projection-based MOR with clustering and those
of the DNS). For this reason, the next subsection describes several approaches
that are investigated that either aim to decrease the differences between the basis
functions of each cluster and its adjacent cluster, or aim to smooth the transition of

the basis functions of one cluster to those of another cluster.

The second issue that makes unsupervised clustering difficult to employ for the
grouping of training solutions of elastoplastic FE simulations involves the fact that
not only the currently imposed macroscale deformation should be considered as the
load parameters, but also the history of the imposed macroscale deformation. In
other words, one should consider UY (0 < ¢ < ") instead of UM (") in order to

define the clusters.

The complication that this change entails is that clustering must not be applied
in two dimensions (in terms of UM (") and U fc"y’(t"”’)), as we focus on isochoric
macroscale deformations in 2D settings, i.e. det(UM), UM only has two independent
parameters), but in many more dimensions. This not only makes it hard to determine
suitable values for the hyperparameters of the clustering algorithms (since visual
inspection is impossible), it also makes the clustering results less useful. The reason
for this is that the metric for clustering in both k-means clustering and DBSCAN
is the Euclidian distance, which loses its efficiency if the number of dimensions is

increased.

This chapter leaves the problem associated with clustering in high dimensions
untouched. The reason for this is that the smoothing of the transition between
clusters could not be appropriately overcome for monotonic loading (as will be
demonstrated in the results section), and for monotonic loading it is sufficient to

only consider the currently imposed macroscale deformation, UM (¢¢47).

Smoothing the switch between clusters

The current subsection discusses three approaches that are investigated to ease
the transition between clusters. The first two approaches discussed below aim to
decrease the difference between the basis functions of each cluster. These approaches
may be perceived as suboptimal, because by making sure that the differences between
the different sets of basis functions reduce, one also ensures that each basis of a

particular cluster is not optimal for that cluster. The third approach discussed below



82

aims to not compromize on each basis at all. The issue that occurs then is that
force equilibrium can often not be found in a single additional increment. The third
approach overcomes this by introducing several additional increments and adjusting

cluster-wise weights for each increment.

Sharing training solutions between clusters

An approach that has been used in the literature [2] to ensure that the basis functions
of the clusters do not vary too significantly with respect to each other is to construct
the basis functions of a given cluster by not only using the training solutions asso-
ciated with that cluster, but to also use training solutions of other clusters that are

near the current cluster.

If we consider this approach for cluster 7, it can be summarized as follows. First, ng
points from cluster i (B*) are selected that are furthest away from its cluster center,
UMi_ This entails that the points in B* must be ranked in ascending order according

to the distance with the center.

As sets do not permit ordering, the notation here resorts to sequences. The indices
in B* are now thus elements in sequence (bj‘) je{12,...48+)»> and the ordering of
the sequence is such that one can write for each pair of sequential elements, with
ki,ky € B*i:

b;‘.’ =k

*
bj+1 = k2

such that  [|[UMkr — OM1||, > UMk — OM1)),. (4.31)

We now compute the average distance of the n, points that are furthest away from the
i™ cluster center. In other words, we take the first n; elements of (b}".i) jef12,.. #BY)

and compute their average distance from the cluster center, d"¢“":

1 o Mi
amen = — " [[UMh - oM, (4.32)
nq4 =)

Finally, we multiply the average distance with scalar p > 1 and search for all training
solutions that do not belong to cluster i for which the load parameters are within

distance d"¢“" p from the iMcluster center:

Biadd = {j € A\ B* such that ||[UM/ - UM||, < d'"e”"p}. (4.33)
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The training solutions of other clusters for which their load parameters fall within
d"¢" p from the i cluster center are now used together with the training simulations
of the i cluster (i.e. B U B*add ) to construct its basis functions, @', according to
Eq. (4.22). In other words, snapshot matrix S’ in Eq. (4.22) includes the training

solutions whose indices are stored in both B* and B*'add

Weighing the training solutions

Another approach to decrease the differences between the basis functions of the
different clusters is also investigated. In this second approach, all training solutions
are used for each cluster, but they are given a weight in the snapshot matrix. The
weight is set to one for each training solution of the considered cluster, but decreases

linearly with the distance away from the cluster.

In more detail, each snapshot matrix §i is now of size n, X n;ng and the jth column

of the snapshot matrix can now be written as:

(ﬁi);,j _—r (4.34)

Here, w/ denotes the weight associated with the ;™ training solution. The value for

this weight is now calculated as follows:

, 1 ifjeB”
w/ =4 . , (4.35)
n/ else(ie.j € A\ (B"UB°)

where B again denotes the index set with outliers in case of DBSCAN (which is

empty for k-means clustering), and 0 < i/ < 1 reads:

. d* J _ dmax

j-Z 7
e T (4.36)
On the one hand, d*/ denotes the minimum distance between the j™ load parameters
and all the load parameters that belong to the i cluster. In other words, one can

write:

d* = min |[UM/ — UM¥),, (4.37)
keB*



84

On the other hand, d™** denotes the maximum of all these minimum distances:

d" =  max dY. (4.38)
jEA\(B*UB®)

Adaptively mixing the basis functions

As mentioned above, the previous two approaches have the disadvantage that they
reduce the accuracy of the basis functions of a given cluster, for the benefit that the
basis functions do not differ too much with the basis functions of other clusters. The
final approach investigated here does not affect the basis functions of the clusters with
the benefit that the basis functions are not compromized. Instead, basis functions
@' are entirely based on the training solutions associated with the i cluster. The
&oblem that then often occurs is that no force equilibrium is found when the basis

is changed, which would terminate the online simulation.

To alleviate this problem, the two-step procedure detailed in subsection 4.4 that aims
to find a suitable initial guess when the basis functions are changed is formulated in
an adaptive manner. First, the switch from @' to ®/ is attempted directly. If after a
certain number of iterations force equilibrh;n has_not been obtained, the two basis
sets are mixed and an additional intermediate increment is used. If again, no force
equilibrium is found, the two basis sets are mixed further and one or more additional
increments are used. This procedure continues until force equilibrium is found, and

until basis @/ is used on its own.

The so-called ‘mixing’ of the two basis sets ®' and @/ is written as follows:

D =W d +w/ P/, (4.39)
= = =

with w' = 1 — w/ and where the underbrace is used to denote that the columns
in matrix w'®’ + w/®/ are orthonormalized with respect to each other (using the

Gram-Schmidt algorRhm).
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Using this notation, this adaptive procedure can be summarized in more detail as

follows:

Algorithm 5 Adaptively mixing basis functions
w/i=0,Aw/ =1,k=0
while w/ # 1
w/ =w/ + Aw/
D = w'® +w/
= = =
Attempt 2-step procedure with ®*/
if no force equilibrium is found
w/ = w/ — Aw/

k=k+1
Awfzzik
end

end

4.5 k-NN for adaptive basis selection

Clustering as discussed in the previous section clearly has its disadvantages. The
disadvantage revealed in the results section below is that a substantial inaccuracy
occurs when the basis functions of one cluster transition to those of another cluster.
For this reason, the current section proposes an approach that avoids clustering

altogether.

The ansatz of the approach is to use the n;, training solutions of which the load
parameters are closest to the current load parameters in the online simulation directly
as basis functions (after orthonormalization). In this way, the characteristic features
of the employed training solutions can be expected to match those of the current
solution highly accurately. This approach is thus a type of adaptive RB method, in
which the basis functions are potentially changed at each time increment, based on

a k nearest neighbour (k-NN) search of the load parameters.

In the previous section on clustering, the load parameters were considered to be
the current macroscale deformation, UM (+*"). This is sufficient for the particular
combination of (1) clustering, and (2) monotonic loading. For the k-NN search,
and in particular for the application to cyclic loading however, the load parameters

require a more elaborate definition.



86

General quantification of the load parameters: curve matching of the load
paths

For more general cases than monotonic loading, we propose to first quantify which
load paths of the training simulations (i.e. ’training load paths’) are most similar
to the current load path of the online simulation (i.e. ’online load path’). Once the
np most similar training load paths are determined, we chose one training solution
per selected training simulation. The reason for this is that two subsequent training
solutions of a single training simulation are highly similar to each other and hence,
hardly any new information is provided by selecting a second training solution
per training simulation. We will therefore first focus on quantifying the similarity

between the online load path and the i training load path.

To measure the similarity between the online load path and the ;™ training load path,
we propose to measure the distance between the two load paths. To properly include
the history, the distance should be measured over the entire online load path, so
some integral form seems useful. One may therefore propose the following measure

of similarity:

tur
i = / UM (1) = UM (1), (4.40)
0

where UM (¢) and UM () denote the online load path and the i" training load path,
which are known in terms of pseudo-time ¢. The sketch on the left in Fig. 4.3
illustrates this measure of similarity. (Again, even though UM is written in tensor
format, one should consider the components of U™ in column format in the above

expression.)

The convenience of the expression above is that UY and UM are indeed known in
terms of pseudo-time 7. The disadvantage is that the length of the online load path
may not be the same as the length of training load path at pseudo-time #**". In other
words, even if both load paths would follow the same path but at different speeds
(given by f), measure of similarity s’ will not be zero. For viscoelastoplasticity
this may be desired, but for rate-independent elastoplasticity as considered here,

Eq. (4.40) will likely introduce some amount of error in the measure of similarity.
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Generally, it may therefore be more appropriate to use the following measure of

similarity:

[Cur
§ = / UM (1) = UM (1) dl, @.41)
0

where [“ur denotes the length of the online load path at current pseudo-time "
and [ denotes the length parameter of both load paths. This measure of similarity is

illustrated on the right in Fig. 4.3.

it training it training
load path load path
N .
Y online . online
N~ load path ‘s load path

Figure 4.3: Illustrations for the measure of similarity of Eq. (4.40) on the left and of
Eq. (4.41) on the right. The blue dashed curves denote a part of the the /™ training
load path and the red curves the online load path. The measure of similarity is the
integral of the distance between the two load paths, which we have attempted to
illustrate by the green arrows.

Besides the fact that it is not trivial to integrate Eq. (4.41) (nor Eq. (4.40) for that
matter), one must also determine at which pseudo-time X, the length of the i
training load path is the same as the current length of the online load path. To this
end, one first needs to integrate the online load path, from the start to the current

time:

cur
t

ouM (1
= [ 1 et @42)

and then determine at which pseudo-time ¥ the length of the i training load path

is the same:

tk Mi

oUMi(t

[M = / IIa—()Ilzdt. (4.43)
0 1
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If one assumes, that both pseudo-time ¢* and Eq. (4.41) is numerically accurately
integrated, one may then rank all measures of similarity, st (i e {1,2,...,n5})
from low to high and select the best n, training simulations. For each selected
training simulation, the question is then which solution to use as basis function
(after orthonormalizing them altogether). Since generally no training solution is
available at pseudo-time ¢, logical choices would be to either select the training
solution of which its time signature is nearest to t* or one constructs some weighted
average using the two training solutions that are available before and after pseudo-

time £X.

In the result section below, the investigated test cases are monotonic loading and
particular case of cyclic loading. For both cases, the general quantification as
discussed above is not used in order to accelerate the k-NN search, since we consider
the aim of the current contribution to compare the capabilities of the k-NN-aided
MOR with clustering-aided MOR.

Approximated quantification for monotonic loading

In case of monotonic loading, both the training load paths and the online load
paths are assumed to be straight lines. Therefore, the employed approximation
for monotonic loading only uses the current macroscale deformation of the online
simulation, UM ("), instead of the full history of the macroscale deformation
(i.e. instead of load path UM (0 < ¢ < t*")). For each training simulation, we
then search for the nearest macroscale deformation for which a training solution is

available:

s'= min UMy - UM, (4.44)
je{l1,2,....n,}
Subsequently, we rank the distances (i.e. measures of similarity) and use the training

solution of each training simulation that minimizes the distance.

Approximated quantification for cyclic loading

The character of the cyclic loading investigated in the result section is rather re-
stricted. The limitations are that (1) one cycle of loading and unloading is consid-
ered, (2) loading always takes place until an edge of the domain (defined in terms of
the components of U), and (3) the same number of increments is considered for

the loading part and the unloading part (in both the training and online simulations).
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Because of these limitations and the preliminary nature of this chapter, Eq. (4.40)
is used to quantify the similarity between the online load path and that of a training
simulation (instead of Eq. (4.41), which was argued to be more suitable). In order
to accelerate the computational efficiency of the k-NN search furthermore, the
numerical integration employed to evaluate the measure of similarity of Eq. (4.40)

lacks any weights:

cur

§ = ST IUM () = UM (19 i, (4.45)

J=1
where n“" denotes the number of increments used to reach pseudo-time “*". In
case s' is within the first n;, measures of similarity, the training solution associated

with UM (z¢r) is used.

Basis construction
The procedure to construct the basis functions for the current time increment of the
online simulation, @ (of size n, X nj), based on the measures of similarity and the

k-NN search described above is rather straightforward.

[
1]
N

—
I

[}
I

§

(4.46)

where i’ denotes the solution selected from the training simulation that is the i"
most similar to the online simulation. The underbrace furthermore denotes that
orthonormalisation is performed and the tilde again refers to the fact that the mi-
crostructurally fluctuating part of the training solution. It can furthermore be noted
that orthonormalisation takes place for each time increment, even if the sequence
of the measures of similarities for the training simulations remains identical. The
reason for this is that the solutions that are employed from the training simulations

generally differ (slightly).

Challenges, hypotheses and conditions
The approach as outlined above comes with several hypotheses, which must simul-

taneously hold if the approach is to be both accurate and fast:

* Most of the n;, training solutions that are used as basis functions in current
time increment " will also be used in next time increment “"*!. In other
words, most of the columns in @“*" are the same as in 9"’””. On top of that,

the basis functions that are repﬁced, will be replaced lg/ those that are rather
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similar. The requirement for this is that enough training simulations must be

performed.

* Because only a few training solutions are used (i.e. np, is a small number) and
because only a few training solutions are replaced, the orthonormalization
of the newly added training solutions with respect to the remaining training
solutions is sufficiently fast. This is a requirement because basis functions
may be replaced often, meaning that the orthonormalization must also be

often performed.

* Instead of requiring a two-step approach to recalibrate the initial guess for
each time increment in an online simulation, only the displacement field will
be adjusted using the minimization problem of Eq. (4.30). It is assumed that
the change of the displacement field is so minor that it induces a negligible
discrepancy in the associated force equilibrium. This is a requirement because
basis functions may be replaced very often, and the minimization problem of
Eq. (4.30) is fast to compute, whereas recalibrating force equilibrium is time

consuming.

* The k-NN search does not take much time. The requirement for this is that

not too many training simulations are performed.

The main challenge of this k-NN adaptive RB method is that the hypotheses have
competing requirements. The shared requirement of the first three hypotheses is
that many training simulations are performed, whereas the requirement of the last

hypothesis is that not too many training simulations are performed.

4.6 Results and discussion

In this section, the results of the above discussed frameworks are presented and
compared with those of the DNS and a conventional projection-based MOR based
on the POD method. The MOR approaches (in table 4.1) employing clustering are
only compared for the monotonic loading of an RVE, because even for this relatively
straightforward case, the results are deemed inaccurate. Cyclic loading is therefore

only investigated for the MOR using the k—NN search.

In the next subsection, one may note that manual clustering would actually provide
better clustering results for monotonic loading than the aforementioned machine

learning approaches. This is however not the case for cyclic loading and because
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Clustering algorithm Sharing solutions Weighing solutions Mixing solutions
K-Means Eq. (4.33) Eq. (4.35) Eq. (4.39)
DBSCAN Eq. (4.35) Eq. (4.39)

Table 4.1: The MOR approaches employing clustering.

monotonic loading is more straightforward to analyze, clustering for monotonic
loading presents a valuable investigation. One of the reasons that monotonic loading
is more straightforward from a clustering perspective is that the path-dependency
of the deformation can be ignored for monotonic loading, which is impossible
for cyclic loading, i.e. UM (") is considered for monotonic loading, whereas

UM(0 < t < t°7) is considered for cyclic loading.

Comparison for monotonic loading

The discretized RVE considered for monotonic loading is presented in Fig. 4.4. It
consists of an elastoplastic matrix material with voids. The mechanical parameters
are setto £ =1, v = 0.3, My = 0.01, h = 0.01 and n = 1.05 (see Eq. (4.1)
and Eq. (4.2)). 40 training simulations are performed using the DNS. The load
paths of these training simulations are presented as red dashed lines in Fig. 4.5.
Four verification simulations are considered, with their load paths presented by
the black lines in Fig. 4.5. The domain of the load paths is given by 0.95 <
det(UM) < 1.25,0.5 < U} < 1.5,0.5 < Uy] < 1.5and -0.5 < U}] < 0.5,
which is indicated by the blue curves in Fig. 4.5. All types of simulations are
performed using 1000 increments. Instead of using all available training solutions
for the identification of the basis functions, only the training solutions of the first
increment and every multitude of 50 increments are used (i.e. 840 training solutions

are included). Furthermore, all types of MOR only employ 10 basis functions.

Fig. 4.6 presents some results for one of the verification simulations with k-means
clustering. The clustering results for different numbers of clusters are presented in
the left column of Fig. 4.6, whilst one of the components of the homogenized 1
Piola-Kirchhoft stress predicted for the associated clustering result is presented on
the right (with that of k-NN-aided MOR for comparison). The stress-deformation
responses demonstrate that the so-called mixing of the training solutions provides
the best results, because it does not use training solutions of other clusters in the
construction of the basis functions of each cluster. The results also reveal that the so-
called sharing of training solutions between clusters (as formulated in [2]) performs

better than the so-called weighing of the training solutions. In fact, sharing the
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Figure 4.4: The discretized RVE with voids.

Figure 4.5: Training load paths for all monotonic loading simulations shown in red.
The black curves present the load path of the verification simulations.

training solutions yields similar or better results than the conventional POD-based
MOR, whereas weighing the training solutions yields similar or worse results than
the conventional POD-based MOR.

Although almost all k-means-assisted POD-based MOR simulations associated with
Fig. 4.6 involve the switching of the basis functions during the course of the verifi-
cation simulation (with the exception of n. = 3), the switching itself does not cause
a substantial inaccuracy at the moment that the basis functions are changed. For the

other verification simulation however, the switching of the basis functions compro-
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mizes the quality of the results substantially, as can be seen in Fig. 4.7. Figs. 4.6 and
4.7 demonstrate that all enhancements considered to facilitate the transition between
clusters do not make k-means-assisted MOR robustly outperform the conventional
POD-based MOR.

On the other hand, the k-NN-assisted projection-based MOR outperforms the con-
ventional POD-based MOR for both verification simulations. The k-NN-assisted
MOR is especially accurate for the second verification simulation (compared to the
POD-based MOR), because the load paths of the training simulations (from which
the k-NN-assisted MOR picks its solutions as basis functions) are substantially
closer to the load path of the second verification simulation than the load path of the

first verification simulation.

The results obtained using DBSCAN are presented in Figs. 4.8 and 4.9 for veri-
fication simulations 1 and 2, respectively (again with those of k-NN-aided MOR
for comparison). Compared to k-means clustering, DBSCAN is better capable to
capture the distinct patterns of the data, because all training solutions of a particular
training simulation at least belong to the same cluster. Thanks to this, no switching
between the clusters occurs for the purely monotonically increasing load paths of the
current subsection, which drastically compromized the responses predicted with the
help of k-means clustering. Nevertheless, when inspecting Figs. 4.8 and 4.9, one
cannot but conclude that DBSCAN does not consistently improve the results. Indeed
for some cases, and in particular for those of the second verification simulation in
Fig. 4.9, the predicted stresses are better than those predicted by the conventional
POD-based MOR, but for a substantial number of others, the results are actually

WOrse.

To understand the reason for this, we consider the case of three clusters for the
first verification simulation, i.e. the two top diagrams in Fig. 4.8. The load path of
this first verification is closest to one of the training simulations of the blue cluster
and therefore uses the basis functions of the blue cluster (note that the verification
simulation is not on top of the training simulation, cf. Fig 4.5). The issue here is
that all other load paths of the blue cluster are in the top right area of the domain and
therefore, the basis functions of the blue cluster are more suited for load paths in the

top right area of the domain than the load path of the first verification simulation.

This phenomenon does not always occur. For n, = 10 and n. = 15 for the first
verification load path for instance (i.e. the third and fourth rows in Fig. 4.8), the

verification load path is very close to the load paths of a few training simulations
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Figure 4.6: Monotonic loading: The results for the DNS, conventional POD-based
MOR, k-means clustering (with sharing the training solutions, weighing the training
solutions and mixing the training solutions) for verification simulation 1 using 10
basis functions and different numbers of clusters. Left column: k-means clustering
results together with the load path of verification simulation 1. Right column: One
of the components of the homogenized 1% Piola-Kirchhoff stress tensor as predicted
by the different frameworks. Row 1: n. = 3, row 2: n. = 5, row 3: n. = 10 and row
4: n. =15.

that are all part of the same cluster. For those cases, the DBSCAN-aided POD-based
MOR with the sharing of the training solutions outperforms the conventional POD-
based MOR. However, a robust improvement of the results cannot be guaranteed
with DBSCAN (nor with k-means clustering).

Although a sufficient amount of results are already considered to conclude none
of the clustering approaches systematically improves the results relative to those of
the conventional POD-based MOR, whereas the k-NN-aided MOR outperforms the
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Figure 4.7: Monotonic loading: The results for the DNS, conventional POD-based
MOR, k-means clustering (with sharing the training solutions, weighing the training
solutions and mixing the training solutions) for verification simulation 2 using 10
basis functions and different numbers of clusters. Left column: k-means clustering
results together with the load path of verification simulation 2. Right column: One
of the components of the homogenized 1% Piola-Kirchhoff stress tensor as predicted
by the different frameworks. Row 1: n. = 3, row 2: n. = 5, row 3: n. = 10 and row
4: n. =15.

conventional MOR, one last verification simulation is considered. The load path
of this last verification simulation is constructed such that one switch of the basis
functions occurs for DBSCAN. The reason for this is that in the higher-dimensional
case of cyclic loading, switching of the basis is highly likely to occur for the
DBSCAN:-aided POD-based MOR and we want to investigate whether a temporal
inaccuracy occurs at the moment the switching of the basis takes place (as observed
for k-means-aided MOR).
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Figure 4.8: Monotonic loading: The results for the DNS, conventional POD-based
MOR, DBSCAN clustering (with sharing the training solutions and weighing the
training solutions) for verification simulation 1 using 10 basis functions and different
numbers of clusters. Left column: DBSCAN clustering results together with the
load path of verification simulation 1. Right column: One of the components
of the homogenized 1% Piola-Kirchhoff stress tensor as predicted by the different
frameworks. Row 1: n. = 3, row 2: n. =5, row 3: n. = 10 and row 4: n,. = 15.

The load path that forces a switch of the basis for DBSCAN is presented in Fig. 4.10.
The associated stress response shows that, similarly to the case of k-means clustering,
if a switch occurs, the predicted stress is temporarily highly inaccurate.

k—NN search for cyclic loading

Because all the POD-based MOR approaches aided by clustering are not system-
atically better than the conventional MOR for monotonic loading, they are not
considered for cyclic loading. Instead, only the RB-based MOR aided by k-NN

searching is investigated for cyclic loading.
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Figure 4.9: Monotonic loading: The results for the DNS, conventional POD-based
MOR, DBSCAN clustering (with sharing the training solutions and weighing the
training solutions) for verification simulation 2 using 10 basis functions and different
numbers of clusters. Left column: DBSCAN clustering results together with the
load path of verification simulation 2. Right column: One of the components
of the homogenized 1% Piola-Kirchhoff stress tensor as predicted by the different
frameworks. Row 1: n. = 3, row 2: n. =5, row 3: n. = 10 and row 4: n,. = 15.

The discretized RVE considered for cyclic loading is presented in Fig. 4.11. It is
essentially the same as the one considered for monotonic loading, except that the
elastoplastic matrix includes stiff elastic particles instead of voids. The reason for
this change is that our implementation lacks an arc-length solution algorithm, which
would be necessary for cyclic loading with voids. The mechanical parameters of
the matrix are setto E =1, v = 0.3, My = 0.01, 4 = 0.02 and n = 1.05. The elastic
properties of the stiff elastic particles are set to £ = 20 and v = 0.3 and an initial

yield stress of M = co prevents the particles from deforming plastically.
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Figure 4.10: Monotonic loading: The results for the DNS, conventional POD-
based MOR, DBSCAN (with mixing the training solutions), k-means clustering
(with mixing the training solutions) and k-NN search for verification simulation 3
using 10 basis functions with five clusters of training solutions for DBSCAN and
k-means. Top-left: k-means clustering results for n, = 5 together with the load
path of verification simulation 3. Top-right: DBSCAN clustering results for n, = 5
with the load path of verification simulation 3. Bottom: One of the components
of the homogenized 1% Piola-Kirchhoff stress tensor as predicted by the different
frameworks.

Because the matrix deforms mostly plastically, and plastic deformation is isochoric,
and because the deformation of the particles is minimal due to their high Young’s
modulus relative to that of the matrix, only isochoric macroscale deformations are
considered in the training and verification simulations: det(UM) = 1. The domain
of the load paths of the training and verification simulations is furthermore given

by 0.5 < UM <1505 < U% < 1.5and -0.5 < U% < 0.5. However, because

M
Yy

U.
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Figure 4.11: The discretized RVE with stiff elastic particles.

only isochoric deformation is considered, macroscale deformation gradient tensor
M . . e T TM M M
U™ only consists of two independent scalars (e.g. if Uy, and Uy are known, Uyy

can directly be calculated).

3000 training simulations are performed using the DNS. 1000 increments are used
to subdivide each training simulation (and verification simulation); 500 for the
loading phase and 500 for the unloading phase. Loading always take place until a
boundary of the domain is reached (given by 0.5 < U < 1.5, 0.5 < U}l < 1.5
and 0.5 < U% < 0.5) and unloading always takes place until no macroscale
deformation remains (i.e. until UY = I). The direction of each load path in the
UX-UY-plane is parametrized by a single scalar (6 in Fig. 4.12), which is sampled
from a uniform distribution with bounds 0 and 2z. The curvature of the loading part
is given by a radius, which is sampled from a bimodal uniform distribution between
bounds -2 and -0.5, and 0.5 and 2. This entails that if a negative radius is generated,
the loading part of the path is placed on the opposite side of the direction given by
in Fig. 4.12. The same sampling is performed for the unloading part, but this is not
presented in Fig. 4.12. Three of such load paths are presented on the left in Fig. 4.13
(although these load paths are for the verification simulations and their presentation

does not distinguish the loading and the unloading phase).

A single component of the homogenized 1% Piola-Kirchhoff stress for the three
load paths on the left in Fig. 4.13 is presented on the right in Fig. 4.13. Both
the conventional POD-based MOR and the k-NN search-aided MOR use 10 basis
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Figure 4.12: Parametrization used for the cyclic load paths.

functions. The results predicted by the k-NN search-aided MOR are virtually
indistinguishable from those of the DNS and clearly outperform the conventional
POD-based MOR. (In fact, they match those of the DNS so accurately that we do

not consider it useful to quantify the difference.)

The offline phase of the k-NN search-aided MOR is faster than that of the con-
ventional POD-based MOR, because the singular value decomposition necessary to
identify the basis functions of the POD-based MOR is avoided. The online phase of
the k-NN search-aided MOR is slightly slower, because three additional calculations
are needed. First, the k-NN search must be applied at each increment. However,
because this constitutes a search over 3000 distances each increment, it only requires
0.035 second (averaged over the three verification simulations). Second, the basis
functions must be orthonormalized using the Gramm-Schmidt process. However,
because only 10 basis functions are considered, this only requires 0.0005 second
(averaged over the three verification simulations). Third, a new initial guess must be
established if the basis functions are changed. However, because this only requires
the matching of the displacement field (using Eq. (4.21)) and avoids recomputing
force equilibrium, it only requires 0.0025 second (averaged over the three verification

simulations).
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Figure 4.13: Cyclic loading: The results for the DNS, conventional POD-based
MOR, and K-NN for three verification simulations using 10 basis functions. Left
column: The load path of each verification simulation. Right column: One of the
components of the homogenized 1% Piola-Kirchhoff stress tensor as predicted by
K-NN framework.

4.7 Conclusion

Projection-based model-order-reduction (MOR) for elastoplastic models require a
large number of basis functions to obtain an acceptable accuracy at the online
prediction stage. Since, each basis functions has its own degrees of freedom that
needs to be computed, a reduced number of basis functions are necessary to speedup
the online computations of projection-based MOR. Therefore, the goal of this chapter
was to devise a MOR that substantially reduce the number of basis functions required

at the online stage.
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To this purpose, unsupervised machine learning algorithms, k-means and DBSCAN,
were investigated to group the training solutions according to its load parameters.
During the course of online simulation, the group that is closest to the current load
path is chosen, and the basis functions associated to the chosen group are employed.
Therefore, basis functions from different groups are used during the course of an
online simulation. The challenge in incorporating unsupervised learning to MOR for
elastoplastic models is the occurrence of inaccuracies every time the basis changes.
Three techniques were investigated to reduce these inaccuracies by smoothing the

switch between clusters.

The three smoothing techniques investigated were: (i) sharing the the training
solutions between clusters, (ii) weighing the training solutions, where weight is set
to one for each training solution of the considered cluster and decreases linearly with
the distance away from the cluster, and (iii) adaptively mixing the basis functions

between clusters.

The results of unsupervised learning approaches indicate that, the switching of basis
functions affects the quality of online predictions. Also, the techniques considered
to facilitate the transition of basis functions between clusters is not robust and does
not systematically improves the results of online predictions compared to those of

the conventional MOR based on proper-orthogonal-decomposition.

Therefore, a new MOR approach aided by k nearest neighbour searching was pro-
posed. In contrast to the inaccuracy of the clustering-based MOR at the moment
that the basis is switched, the k-NN approach provides a continuous change only
to part of the basis. In this approach, for each load increment, k load paths of the
training simulations that are nearest to the current load path in the online simulation
are identified, and the most suitable solution of each of the k training simulations

are used together as the basis functions for that particular load increment.

For the test cases involving monotonic loading, the k-NN-aided MOR clearly outper-
formed all clustering-assisted MOR approaches and the conventional POD-based
MOR. The results of the k-NN-aided MOR were not perfect for the monotonic
loading cases, because only 40 training simulations were considered. For the cyclic
loading cases however, for which we included 3000 training simulations, the results
of the k-NN-aided MOR were indistinguishable from those of the direct numeri-
cal simulations. With such a great accuracy, the slight deceleration of the online

simulations compared to conventional MOR is a small price to pay.
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We believe that an interesting extension can be obtained by combining the k-
NN-aided MOR with a recurrent neural network to emulate the basis coefficients.
However, compared to the recurrent neural network of [70], this new recurrent neural
network should not only be able to treat the path-dependency of elastoplasticity, it
should also be able to account for the fact that the basis functions change continuously

- something that our initial investigations have shown to be non-trivial.

Another issue required to make the approach based on k-NN searching more general
than presented here is associated with our test cases. The reason is that we only
considered one cycle loading, where loading always occurred until the border of
the domain, which would never occur in a nested multiscale simulation based on
computational homogenization. To solve this issue, more training simulations are
required and a more involved k-NN search is needed that properly integrates over
the load paths. Both issues are highly likely to decelerate the k-NN search and
in turn, it may be necessary to use a second neural network to emulate the k-NN

search.
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Chapter 5

CONCLUSIONS AND OUTLOOK

In this thesis, a posteriori projection-based model-order-reduction methods were de-
veloped specifically for elastoplastic finite element models. A posteriori projection-
based MOR uses precomputed solutions (either orthonormalized directly as in the
method of reduced basis, or in a decomposed form as in the method of proper
orthogonal decomposition) as global basis functions to speed up the simulations of

future computations.

In the case of hyperelastic finite elements, a few global basis functions are sufficient
to obtain excellent results for future computations. On the other hand, hyperelasto-
plastic simulations requires a large number of basis functions to acquire a reasonable

accuracy.

In this regard, the thesis presents an innovative approach in chapter 2 that reduces the
number of global basis functions by incorporating an additional local interpolation
using a coarse finite element discretization. Two approaches were discussed: (i)
The conventional global basis functions interpolate the majority of fluctuations in
the geometry and the local basis functions accounts for deficiencies of global basis
functions, and (i1) The local basis functions interpolate majority of fluctuations and
the global basis functions account for inaccuracies of the local basis functions. Two

local interpolation schemes were investigated.

The results of chapter 2 demonstrate that the local/global interpolation approach of
scheme 1 improves the accuracy of online computations compared to the conven-
tional POD-based MOR. However, the results of the local/global approaches were

not consistent, and require more development to make it usable in a robust manner.

The robustness may be improved by investigating further on the identification of
global basis functions. Currently, either the global basis functions or the local
basis functions interpolates majority of displacement field. One may identify basis
functions in the center of the spectrum. How to achieve this is currently unclear to

the candidate.

Another avenue for improvement may be found in staggered solution schemes. In

the present chapter, a monolithic approach was applied (see e.g. [63]), since we
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simultaneously solve for the coefficients of the basis functions and for the DoFs of
the local interpolation. Staggered approaches, in which one solves for one set of
variables in one iteration and for the other set of variables in the next iteration, are
completely accepted in fluid-structure simulations (see e.g. [18]) and have shown to
provide stability to phase-field damage simulations [74]. They may therefore also
help the local/global schemes of chapter 2.

Another approach that may improve the robustness of the presented schemes is
increasing the hardening modulus in the stiffness matrix (4 in Eq. (2.2)). Such an
“engineering trick’” may be considered somewhat ad-hoc, because there is no theory
to choose the most appropriate value for this increase. On the other hand, for perfect
plasticity in infinitesimal strain settings, this modification is completely accepted to

achieve convergence.

The results of chapter 2 lead to the development of a consistent neural network
accelerated POD-based MOR approach in chapter 3. The advantage of incorporating
neural network with POD-based MOR facilitates to preserve all the microstructural
information in the quadrature points. The developed method avoids the stiffness
matrix construction and the Newton-Raphson iterative procedure involved in the
conventional POD-based MOR. Therefore, many global basis functions can be used
for the online computations, which is particularly useful for elastoplastic finite

element models.

A recurrent neural network was developed to predict the basis coefficients for an RVE
described by finite plasticity, subjected to cyclic and random loading. The results
have shown that the accuracy of predictions of RNN accelerated POD-based MOR
is similar to the conventional POD-based MOR. The RNN acceleration yields speed
ups of factors between 13 and 100 times relative to direct numerical simulations for

cyclic and random loading conditions, respectively.

The RNN in chapter 3 emulates the coefficients of 100 global basis functions. Since
the use of 100 global basis functions yields acceptable accuracies, but not superb
accuracies. To achieve this, one would require even more basis functions, which
would compromize the speed of the MOR simulations. To reduce the number of
basis functions, machine learning is investigated in chapter 4 in order to adaptive

select a limited number of basis functions.

The use of k-means clustering (as investigated in the literature for other types of

simulations than elastoplastic finite element simulations) and DBSCAN (not yet
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investigated in the literature to the best of the candidate’s knowledge) to group
training simulations and construct a basis for each group shows high inaccuracies
while switching between the basis functions at the online computation stage. There-
fore, different smoothing approaches were investigated to reduce such inaccuracies.
However, the smoothing approaches did not provide a consistent improvement of

the accuracy in the online stage.

Therefore, a method that continuously changes the basis functions was incorpo-
rated. This continuous change was achieved using the k-NN search algorithm. The
algorithm determines the k most suitable for each load increment, which are then
orthonormalized to be used as basis functions for the current increment. The method
was investigated for an elastoplastic RVE subjected to large monotonic loading and
asymmetrical cyclic loading conditions. The results in chapter 4 have indicated
that the adaptive basis section using k-NN provides an accurate result even with the
use of substantially reduced number of basis functions compared to the traditional
POD-based MOR.

An interesting extension may be obtained by combining the k-NN-aided MOR with
a recurrent neural network to emulate the basis coeflicients. However, compared to
the recurrent neural network of chapter 3, this new recurrent neural network should
not only be able to treat the path-dependency of elastoplasticity, it should also be
able to account for the fact that the basis functions change continuously - something

that our initial investigations have shown to be non-trivial.

Another issue required to make the approach based on k-NN searching more general
than presented here is associated with the considered test cases. The reason is that
only one cycle loading was considered, and loading always occurred until the border
of the domain, which would never occur in a nested multiscale simulation based
on computational homogenization. To solve this issue, more training simulations
are required and a more involved k-NN search is needed that properly integrates
over the load paths. Both issues are highly likely to decelerate the k-NN search and
in turn, it may be necessary to use a second neural network to emulate the k-NN
search. Although the proposed k-NN-aided MOR is only investigated for relatively
simple test cases with clear limitations in terms of their application, its superb
accuracy can make it a promising approach for future development that should focus

on generalizing the computational strategy.
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Appendix A
ACTIVATION FUNCTIONS

An activation function (f in Fig. 3.1) is one of the hyper-parameters, which plays
an important role in restricting the output of any neuron to a certain limit, such that
the input for the next neuron is not magnified to a large value. Another feature of an
activation function is the ability to provide the network with non-linearity. This is a
significant feature because, as discussed below, the use of linear activation functions
makes the response of the entire network linear, thereby limiting the applicability of

neural networks.

In this appendix, commonly used activation functions are discussed. To ease the no-
tation in this appendix, the weighted response of the input of a neuron is abbreviated

by x, whose expressions reads:
x=b+ Y w0, (A.1)

where O; denotes the i input of the neuron of interest, w; denotes its associated

weight and b denotes the bias of the neuron.

Binary step function is a threshold based activation function that passes the output
of a neuron if the value is higher than certain threshold, or restricts them if the output

value is less than the threshold. Itis thus nothing more than a Heaviside step function:

1 forx>0

fein(x) = :
0 forx<O

(A.2)
Though this function is simple to implement, it can only be used for a binary
classification problem. The reason for this is that the gradient of the binary step
function is zero, making it impossible to update the parameters during the learning

stage of the network.

Linear activation function takes the form where the output is proportional to the

input. The function (with parameter a) is given by:
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frin(x) = ax, (A.3)

and its derivative is:
frn @) = a. (A.4)

Because the gradient of the linear activation function is constant, it effectively
disappears in the weights and biases of the neuron (w; and b in Fig. 3.1). For this
reason, the constant of the linear activation function cannot be identified during the

learning phase, so it is in practise simply ignored (a = 1).

The problem of the linear activation function is that the combined result of a layer
of neurons is a linear function and hence, a neural network using linear activation
functions cannot emulate non-linear relations between the input and the output. This

motivates the need for non-linear activation functions for most practical applications.

Sigmoid activation function is one of the most widely used non-linear activation

functions in regression models [47]. This activation function takes the form:

1

. A.
l+e™* (A.5)

fsiG(x) =

The output of the sigmoid function is in the range between 0 and 1, thereby ensuring
a normalized output of a neuron. The function provides a smooth s-shaped curve,

that is C*°-continuous, and its derivative reads:
fer6 () = fsig () (1 = fsr6(x)). (A.6)

Practically, the gradient of the sigmoid function is flat for values of x greater
than 2 and less than -2. This means that the update values are often substantially
small, resulting in a problem that the gradient vanishes thereby compromising the
identification of the weights and biases in the learning phase. Also, the output of
the sigmoid function for all neurons are of the same sign, since the function is not

symmetric around zero. This issue is rectified using the hyperbolic tangent function.

Hyperbolic tangent function (tanh) is similar to sigmoid function, except that

output ranges between -1 to 1. Tanh activation function reads:

er —e™*
Jran(x) = ——. (A.7)
et +e

and its derivative is given as:
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Fran @) = 1= fran(x)?. (A.8)

The above mentioned non-linear functions are computationally expensive. This has

motivated the construction of different activation functions.

Rectified linear unit (ReLLU) is a non-linear activation function that is computa-
tionally efficient [55]. ReLLU activates a neuron only if its input values are positive.
The function is nothing more than the binary step activation function and the linear

activation function multiplied with each other:

x, x>0
JreLu(x) = - (A.9)
0, x<0
with the following derivatives:
, I, x>0
Jrerv(®) = . (A.10)
0, x<0

The problem with ReLU is that, when the input is lower than zero, the gradients
of ReLU is zero. Therefore, the identification of the weights and biases during the
learning phase is compromised. This phenomenon is known as the dying ReLU

problem.

Leaky ReLU activation function is an improved version of ReLLU, which over-
comes the dying ReLLU problem [50]. Instead of defining O for negative input

values, Leaky ReLLU multiplies the input with a small scalar. The function reads:

x, x>0
fLr(x) = . (A.11)
ex, x<0
Its derivative reads:
, 1, x>0
frir(x) = . (A.12)

e, x<0
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Appendix B

RNN UNITS

In this appendix, the two main types of RNN gates are briefly introduced: the
long-short-term-memory unit (LSTM) and the gated-recurrent-unit (GRU).

B.1 Long Short Term Memory

LSTM has a cell state that allows to keep or forget the sequential information.
The processing capability of the cell state to only consider relevant information,
facilitates to carry data from past time steps to future time steps. The control of
information in the cell state is accomplished using gates. Gates effectively decide
which information has to be kept and discarded during training. The working of

LSTM is presented in Fig. B.1 can be summarized in the following steps:

Output(y*)

Cell state
Ct

Cell state
Ct— 1

S

Hidden state
Htfl

Hidden state
Ht

Input(z’)

Figure B.1: A detailed LSTM architecture. Red dashed box represents the forget
gate. Green dotted box is the input gate, blue dash dotted is the output gate and the
orange dash dot box shows the cell state. | +|and | X |is an element-wise summation
and element-wise multiplication operator respectively.

1. At first, there is a forget gate. This forget gate decides what information has
to be kept in cell state ‘C'~!". The decision is made by passing the hidden
variables of previous time step ‘H’~!'” and the input of current time step ‘x"’

through a sigmoid activation function (¢-). The output of forget gate ‘"’ is
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between O and 1, with a vector size being the number of variables in the cell
state ‘C'~!". The information is retained for values closer to 1 and discarded

for values closer to 0. The output of a forget state can be expressed as follows:

t_ t—1 t

fl=oW, HT+W a'+b), (B.1)

where, EHf and W ; are the weights of the previous hidden state ‘H’~!'" and
f— p—

current input ‘x”’ respectively. ‘b f’ is the bias term .“ f” in the subscript refers

that the weights and bias corresponds to forget gate.

. Next is an input gate. This gate decides what information to be additionally
stored in the cell state, by creating a new set of values ‘Q " This operation
is performed in two steps. First, the previous hidden variables ‘H'~!” and the
current input ‘x"” are passed through a sigmoid activation (o), that decides
which values will be updated. This yields a new input vector ‘i’” whose values
are between 0 and 1. Again, the same data, ‘H'~!” and ‘x’, is passed through

‘tanh’ to create ‘Qt’.

f:dEHQH+W’ﬁ+%L (B.2)

—Hi, =i~

Qt = tanh(W H'+w x'+ Qiz)’ (B.3)

—Hi,™ —

. In the third step, new cell state ‘C"" is updated based on f*, i and C'. To
discard some values of ‘C'~!", an element-wise multiplicaﬁon is performed
between f and C’ ~1. In order to update the cell state, i’ and Q "are multiplied
element-\;ise (denoted by ©). The update of the cell state for the current time

step is given as:

C'=focC'+i'ol, (B.4)

. Finally, an output gate decides the next hidden state variables ‘H"’ that will
be passed on to the next sequence. In order to obtain that, H'~!' and x’ are
passed through a sigmoid function and then the newly obtained cell state C”
is passed through the tanh activation function. The output hidden variables

are computed as:
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o' =oc(W H™'+W x'+b), (B.5)
—X0

—Ho— 0
and finally,
H' = o' ® tanh(C"). (B.6)

The obtained hidden state variables and cell states are passed on to the next

time step.

B.2 Gated Recurrent Unit

A GRU is a simplified form of LSTM, that enables control over the flow of infor-
mation only through the hidden variables ‘H’. There is no cell state in GRU. It
also uses only two gates: an update gate (z) and a reset gate (r') to determine the
amount of information to be passed on and to be retained by the hidden variable.
GRU perform less computation, which makes them faster than LSTM. The working

of a GRU is presented in B.2, and can be summarised as follows:

Hidden state
Ht

Hidden state] pmmmm——— .
Htf 1

Input (z*)

Figure B.2: A detailed GRU architecture. Red dashed box is the reset gate, blue
dotted box represents the update gate. is an element-wise subtraction operator.

1. First, there is an update gate that takes the role of both the forget and input
gates of LSTM. An update gate has a sigmoid function to which the hidden
variables of previous time step ‘H'~!” and the current input ‘x” is passed. The

output update vector ‘z’’ is given as:

d=c(W HT'+W x'+b), (B.7)
- —Hu— =xu— —
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2. Another gate is the reset gate which decides the values that are to be replaced
in the previous hidden layer with a vector of new reset values ‘r’”’. The reset
gate applies the sigmoid activation function to the hidden variables of previous
time step ‘H’~!" and to the current input ‘x”’. The computations of reset gate

can be expressed as follows:

r=oW, HT'+W x'+b,), (B.8)

3. In the third step, a candidate value ‘Et’ is obtained by passing the current
input x’ and previous hidden state ‘H'~!” weighted by the values from reset

gate r’. This computation can be expressed as:

2 t t—1 t
A =tanh(W (FoH™)+W x'+b,). (B.9)

4. Finally, the output of the GRU is obtained by weighing the candidate hidden
variable ‘A’ with the output of the update gate and adding the result to the
product of previous hidden state variable ‘H'~!* weighted by 1 — z', where Z’

is the output of update gate. This operation can be written as:

H=7oH'+(1-)oH" (B.10)
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