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Abstract

Predicting dynamic responses of continuous deformable bodies (CDBs) is essential for various
research fields, including civil engineering and computer graphics. Machine learning models,
unlike traditional physically-based models, learn from data without predefined physical prop-
erties and have significantly advanced the simulation of rigid body systems and fluids. Graph
neural network (GNN)-based simulators excel in this area due to their ability to naturally
represent physical bodies and interactions using graphs composed of nodes and edges. How-
ever, predicting the dynamic responses of CDBs remains challenging because interactions in
a CDB are complex, heterogeneous, and dynamic. The complexity of interactions arises from
the spatial variability of internal stress, making it challenging to encapsulate such multifaceted
interactions of one edge into one edge attribute vector. Additionally, those interactions are
heterogeneous and dynamic due to the material and geometric nonlinearity of CDBs. CDBs
with elastic, plastic, and elastoplastic materials follow different deformation rules during vi-
brations. These rules also vary under small and large deformations for a single material
type. To address these challenges, we introduce a new GNN-based simulator called physics-
informed edge recurrent simulator (Piers) for learning CDB dynamics. We first formulate the
CDB simulation as a sequence-to-sequence input-output relationship modeling problem and
incorporate a recurrent neural network (RNN) to learn edge updates within short timesteps,
during which stiffness changes are negligible. To accurately capture complex interactions, we
initialize the RNN module’s hidden states with prior physical knowledge and equip Piers with
a physics-informed loss function by assigning the physical properties of interactions as the
target edge output. Extensive experimental results demonstrate that Piers can simulate the
dynamics of elastic, plastic, and elastoplastic CDBs with smaller response prediction errors
than alternative baselines. Piers reduces prediction errors by 78% to 99% across four typical
CDB physical systems.

Keywords: Physical system simulation, AI for science, physics-informed machine learning,
graph neural network.

1. Introduction

Continuous deformable bodies (CDBs) are solid structures with their substance filling the
occupied space and their shapes are continuously changing under dynamic forces. Their dy-
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Figure 1: Dynamics of a structure under small and large deformation. (a) A cantilever beam with small
deformation. The beam is discretized into 3 nodes and 2 beam elements (interactions). Each node can be
represented with a vortex in a graph. Each interaction can be represented with an edge in a graph. (b)
A cantilever beam with large deformation. Internal forces in interaction e23 are determined by its relative
deformation to the initial position e

to
23 (rest state). From time t0 to time t1, the deformation of interaction e

23

is small and its stiffness remains unchanged. However, its stiffness changes dramatically at time t4 due to the
large deformation. (c) The large deformation of CDBs is decomposed into a sequence of small deformations
when the time step is short.

namic responses are usually described with node displacement, velocity, and acceleration.
Predicting the dynamic responses of CDBs (e.g., elastic beams and plates) is the foundation
for various scientific and engineering tasks, such as active control [1], seismic-resistant struc-
ture design [2], and computer graphics [3]. The associated objects vary in different research
disciplines, ranging from mechanical components [4] to large-scale physical entities (e.g., civil
engineering structures) [5]. Many physically based models have been proposed for dynamic
responses prediction of CDBs, including finite element method (FEM) [6], discrete element
method (DEM) [7], boundary element method (BEM) [8], and many more. However, prior
works simulate CDBs using pre-defined materials and geometric properties, which might devi-
ate from reality due to the nonlinearity of real-world structures. In addition, their computation
complexity grows dramatically when the structure’s degrees of freedom (DOF) increases.

As a typical research area in AI for Science, machine learning (ML) based simulators
[9, 10, 11] have attracted tremendous attention in recent years. Different from physically
based models, they can learn the dynamics of physical systems from data without manually
pre-defined properties. Despite their effectiveness in simulating rigid bodies and fluids, they
may fail to simulate physical systems with complex geometries (such as an irregular frame
structure), as these geometries can hardly be discretized into uniform grids. Fortunately,
systems with complex geometries can be explicitly described with graphs, where vertexes 1 can
model the nodes 2 of the systems after discretization, and edges denote interactions (elements)
between nodes. Considering the superior capability of GNNs in modeling and learning graphs,
simulating complex physical systems with GNNs precisely and efficiently is feasible.

However, CDBs are different from rigid bodies and fluids. Simulating CDBs with GNNs is
still challenging because of the complex, dynamic, and heterogeneous interactions in CDBs.
Firstly, interactions in CDBs are complex because the body is continuous. When forces are
applied to a CDB, the continuous entities that are simulated with interactions between nodes
will be stretched, bent, and twisted. Accordingly, they will pass internal forces and bending
moments in various directions, making CDBs’ edge hidden states highly complex and hard

1Vertexes of a graph
2A node represents a component of a system. As vertex is used to model the node, we will use ”node” in

the entire paper.
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to be simulated. In contrast, physical systems simulated by existing ML-based simulators
usually consist of much simpler interactions, such as axial interactions in rigid body systems
[12] and springs’ elastic forces in cloth simulation [13]. Secondly, an interaction modeled as
an edge could be highly dynamic as its stiffness changes when the CDB deforms, as known
as geometric nonlinearity [14]. For example, the stiffness of e23 under small deformation3 (see
in Fig. 1 (a)) is different from that under large deformation4 (see in Fig. 1 (b)). Thirdly,
the material of CDBs could be elastic, plastic, or elastoplastic. The correlations between
their internal forces and deformation are different, and the dynamics of CDBs with different
materials are distinct. For instance, when a continuous elastic body deforms, the generated
internal forces will resist the body’s relative deformation to its rest state. Its shape will restore
after the applied forces vanish. However, the shapes of plastic and elastoplastic bodies will not
or only partially restore to their initial shapes when external forces are removed. Moreover,
the stiffness of an elastoplastic body is subjected to its trajectories, while that of a hyperelastic
body is free from trajectories. Therefore, simulating the heterogeneous interactions in CDBs
using a unified framework is challenging.

Those challenges haven’t been settled in existing GNN-based simulators [12, 15, 13]. Exist-
ing simulators are not designed for CDBs, and they got unsatisfying performance in predicting
their dynamic responses, which has been validated with experiments in this paper. They are
mainly proposed for fluids [15], rigid body systems [12], and continuous plastic bodies [13] (e.g.,
clothes). Although MESHGRAPHNETS[13] has been used to simulate a continuous elastic
plate, it is for a quasi-static simulation (the influence of damping, inertia, and frequency are
neglected) instead of dynamic responses prediction. Specifically, the external loads are applied
to a hyperelasticity plate very slowly. The plate’s dynamic responses are not excited as it only
deforms slowly rather than vibrates periodically.

In this paper, we propose a physics-informed edge recurrent simulator (Piers), a unified
GNN-based simulator for learning the dynamics of CDBs. Piers can learn the dynamical and
heterogeneous interactions in CDBs because we formulate the task as a sequence-to-sequence
input-output relationship modeling problem, and we use recurrent neural networks (RNNs)
to learn the update of interactions’ states. Its advantages are threefold. Firstly, the large
deformation of a CDB is decomposed into a sequence of small deformations shown in Fig. 1
(c). Then, the interactions become much more stable as the changes in stiffness become slighter
within each small deformation. Secondly, each RNN cell can memorize the state of previous
interactions (edges). So, it can infer the updated interactions accurately when internal forces
are related to previous trajectories. Then, we can use a unified simulator to simulate CDBs
with elastic and plastic materials. Thirdly, the RNN architecture helps reduce the rollout error
since it is trained to reduce the loss of multi-step sequence prediction during model training.
Nevertheless, most existing GNN-based simulators are trained for one-step prediction, and the
accumulation of errors is inevitable during rollouts. It should be noted here that recurrent
GNN architecture has been extensively used for various tasks, including traffic prediction [16]
and natural language processing [17]. However, to the best of our knowledge, we are the first
to adopt this architecture in learning the dynamics of CDBs.

3Small deformation describes that changes in structural geometric dimensions are minor and corresponding
changes in stiffness are negligible.

4Large deformation describes that changes in geometric dimensions are too large to bring negligible changes
in stiffness. Small and large deformation are two terminologies used in structural mechanics.
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Moreover, Piers can model the complex interactions in CDBs precisely by incorporating
physics-informed edge hidden states and loss functions. These physical prior knowledge guides
Piers to generate accurate internal forces while generating accurate node accelerations as
node output. Owing to these additional constraints, Piers can update its parameters to an
optimum solution while learning to simulate more complex interactions. Finally, it makes
more physically plausible and accurate predictions. The response prediction accuracy of Piers
is also validated with extensive experiments in CDBs with different materials. The major
contributions of this paper are summarized as follow:

1. We propose Piers, the first unified GNN-based simulator dedicated to learning the dy-
namics of CDBs. It can predict the dynamic responses of elastic, plastic, and elastoplastic
CDBs using a unified architecture.

2. We summarize the challenging issues in predicting the dynamic responses of CDBs with
ML models. Our proposed Piers help solve those challenges by incorporating an op-
timized problem formulation, RNN as the edge update function, and physical prior
knowledge.

3. We validate Piers’ response prediction accuracy using three self-designed and one public
datasets. The simulated CDBs include an elastic beam, an elastoplastic beam, an elastic
3D plate, and a plastic flag waving in the wind. The prediction results show that Piers
can significantly reduce the response prediction error for the four CDBs by up to 99%,
94%, 99%, and 78% as compared to alternative baselines. We also show that Piers can be
generalized to predict the dynamic responses of structures under unseen load conditions.

The remaining part of this paper is organized as follows. Section 2 reviews existing ML-
based simulators for physical systems and elaborate the differences between them and our
proposed Piers. Then, our proposed Piers are elaborated in Section 3. In Section 4, the
effectiveness of Piers are validated with four types of CDBs. The prediction error of Piers
are also compared with several baseline models. We further discussed the prediction results
in Section 5 . Finally, the conclusion is drawn in Section 6.

2. Related Work

Existing ML-based simulators are proposed for two categories of physical systems: rigid
body systems and deformable bodies.

2.1. ML-based Simulator for Rigid Body Systems

A rigid body system (e.g., n-body systems and articulated rigid bodies) consists of interact-
ing rigid bodies with neglectable intrinsic deformation. Particle-based simulation is suitable
for a rigid body system as its dynamics can be naturally described with the movements of par-
ticles. The pioneering work of [12] represented rigid bodies and their interactions with nodes
and edges in graphs. The proposed GNNs learned gravitational attraction, collisions, and
springs from measured data. Also, it can generalize to systems with a different number of ob-
jects from training sets. Afterward, a general-purpose learnable physics engine was proposed
[18] based on graph networks [19]. Owing to the structural inductive bias implemented by
graph networks, the engine can simulate more complex, 3D physical systems and accomplish
more tasks like system identification and control. Moreover, GNN is used for the continuous
control [20] of rigid body systems in reinforcement learning environments.
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2.2. ML-based Simulator for Deformable Bodies

Typical deformable bodies include deformable solids, cloths, fluids, etc. In classical dy-
namic analysis, the movements of deformable bodies are described with partial differential
equations (PDEs) formulated with underlying physical theories. Solutions to those PDEs are
obtained after deformable bodies are discretized into particles or meshes, and their deforma-
tions are described with a finite number of particles in Lagrangian systems [9] or interpolated
with shape functions in Eulerian systems [21]. Inspired by the impressive performance of ML
models in approximating solutions to PDEs, researchers have started to use ML models such as
multilayer perceptron (MLP) [11], convolutional neural network (CNN) [21, 10], GNN[13], and
graph convolution network (GCN) [22] to simulate Eulerian systems discretized with meshes.
Those methods have achieved high efficiency in solving both forward prediction and inverse
problems for fluids.

Nevertheless, the mesh-based simulation above might fail to simulate deformable bodies
with large deformation because meshes will be extremely distorted and skewed [23]. As mesh-
free methods, Lagrangian particle-based approaches can overcome this challenge by simulating
those systems with movable particles because systems with particle-based representation can
be explicitly described with graph-shaped data. GNN-based methods have attracted increasing
attention in simulating those systems recently. Sanchez-Gonzalez et al. [24] designed a GNN-
based simulator with the message passing framework [25]. The proposed GNN has shown
high accuracy and strong generalization ability in the forward prediction of fluids with distinct
damping and friction properties. Apart from forward prediction, GNN has also been used for
controlling deformable and particle-based objects. [15].

To simulate deformable solids and cloths with large deformation (e.g., self-collision), Pfaff
et al. [13] integrates both mesh-space and world-space coordinates when simulating systems
with mesh-based representation. Because the change of mesh-space coordinates can accurately
capture edges’ rest states, this framework achieves promising forward prediction performance
in Lagrangian and Eulerian systems. Wu et al. [26] found that while higher mesh resolu-
tions enhance rollout accuracy in ML-based physical system simulations, they also elevate
computational demands. To address this trade-off, they pioneered a deep learning-based sur-
rogate model that simultaneously learns the evolution model and optimizes spatial resolutions,
striking a balance between accuracy and computational efficiency. However, the proposed sim-
ulators have only been tested in the quasi-static simulation (the influence of damping, inertia,
and frequency are neglected) of a continuous elastic plate. Furthermore, the dynamics of the
plate haven’t been simulated. Here we proposed Piers to simulate the dynamics of CDBs,
which haven’t been explored in existing ML-based simulators to the best of our knowledge.

3. Piers: Physics-informed Edge Recurrent Simulator

In this section, we first briefly introduce the traditional time integration method used
to solve differential equations in structural dynamics. Our proposed Piers follows similar
integration procedures but skip the formulation of differential equations for a CDB. Instead,
the relationship between external forces and the CDB’ responses is learnt by Piers purely from
data. We use vertexes and edges in a graph to represent nodes and elements in a CDB. Then
we formulate the dynamic responses prediction task as a sequence-to-sequence relationship
modeling problem and use Piers to solve it. The architecture of Piers, associated equations,
and key properties are elaborated as well.
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Figure 2: (a) Update of nodes’ displacements using explicit time integration method. d
n∆t
1 and d

n∆t
2 de-

note the displacement vectors of node 1 and node 2 at nth time step, respectively. Fext 1 and Fint 1 de-
note the external and internal force vectors at node 1 respectively. (b) Graph representation of structures.
Fext x, Fext y, Fext α denote the external forces in x axis direction, y-axis direction and external moment re-
spectively. Fint sx, Fint sy, Fint sα denote the internal forces and moments at the sender of an edge respectively
while Fint rx, Fint ry, Fint rα denote those at the receiver.

3.1. Computational Procedures of Physically Based Models

FEMs are the mainstream physically based models used to solve structure dynamics. In
a traditional FEM, structures are first meshed into large quantities of basic elements whose
mass is assigned to the nodes on each element. The movement of the structure are then with
the second-order differential equations governed by Newton’s second law, where the variable
is the vector formed by displacement of nodes in basic elements. The differential equations
are shown as

Md̈+Cḋ+Kd = Fext, (1)

where M ∈ R
N×N , C ∈ R

N×N , and K ∈ R
N×N denote mass matrix, damping matrix, and

stiffness matrix respectively of the discretized structure with N degrees of freedom. d ∈ R
N×1

denotes the displacement vector. ḋ and d̈ denote the velocity and acceleration respectively.
Fext ∈ R

N×1 denotes the external forces vector.
Explicit time integration method is widely used for solving the above differential equations.

It can can be expressed as

ḋn∆t = ḋ(n−1)∆t +
1

2
∆td̈(n−1)∆t +

1

2
∆td̈n∆t, (2)

dn∆t = d(n−1)∆t +∆tḋ(n−1)∆t +
1

2
∆t2d̈(n−1)∆t, (3)

where d(n−1)∆t, ḋ(n−1)∆t, and d̈(n−1)∆t denote the displacement, velocity, and acceleration
matrix at (n− 1)th time step respectively. dn∆t, ḋn∆t, and d̈n∆t denote the displacement,
velocity, and acceleration at nth time step respectively. ∆t denotes the length of each time
step.

After substituting Eqs. (2) and (3) into Eq. (1), we obtain the acceleration at nth step
using its displacement in current time step and state (displacement, velocity and acceleration)
at (n− 1)th step. The obtained acceleration d̈n∆t is then used to update nodes’ displacements
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using Eq. (3). After solving above equations iteratively in consecutive time steps, we finally
solve the dynamics of displacements using FEM.

In this paper, we also obtain the acceleration for nth step at first and then update the
displacement use the acceleration. Different from FEMs that solve equations with predefined
stiffness matrix, mass matrix, and damping matrix, our method predict nodes’ acceleration
in a data-driven way. As Fig. 2 (a) shows, the movement of each node is triggered by the
external forces and internal forces applied to it. Specifically, the acceleration of node 1 at time
t is determined by its mass, internal forces Fint generated by elements’ relative deformation,
and external forces Fext applied to the node directly. Then, the updating of a CDB’s states
can be interpreted as following three steps:

Step 1: Update the internal forces in element 21 (node 2 as the sender and node 1 as the
receiver) at nth time step using its internal forces at (n− 1)th time step and corresponding
deformation happened in between the two time steps.

Step 2: Compute the sum of internal forces and external forces applied to node 1. Then
use the resultant forces to calculate node 1’s acceleration.

Step 3: Update node 1’s displacement to (n− 1)th time step. The new displacements are
fed back to step 1 for the next loop.

The above three steps can be exactly mapped to message computing, message passing, and
node updating in a typical message passing neural network. Inspired by such mapping, we
propose Piers to learn the dynamics of a CDB purelly from data.

3.2. Piers

3.2.1. Graph Representations for CDBs

Before using Piers to learn the dynamics of a CDB, we have to discretize the CDB into a
finite number of basic elements (e.g., beam elements and triangular elements) and represent the
discretized CDB with a graph. Specifically, each basic element has multiple vertexes, which are
directly used as nodes in its graph representation. The states of each vertex are encapsulated
in the node attributes within the graph. To model the interactions between nodes belonging
to the same element, we introduce a pair of edges with opposite orientations to link every two
connected nodes. In our study, we adopt a bidirectional graph representation, instead of an
undirected one, based on the mandatory edge directionality within a message passing neural
network (MPNN) [25]. MPNN is an extensively used GNN framework, and our proposed Piers

is designed based on it. For alignment with the MPNN’s operational framework, undirected
graphs are usually consistently described as bidirectional. This approach is consistent with
Newton’s Third Law, which posits that every action has an equal and opposite reaction,
thereby capturing the mutual forces between the connected nodes. The states of elements are
carried by edge attributes in the graph. Meanwhile, an adjacency matrix is formulated for the
graph, describing the existence of edges between any two nodes. Finally, the node attributes,
edge attributes, and adjacency matrix form the graph representation, carrying the states of
the interior and vertex of all elements in the CDB.

We take the frame structure in Fig. 2 (a) as an example. The frame structure is dis-
cretized into 12 beam elements. Fig. 2 (b) shows its graph representation, consisting of 12
nodes and 24 edges. The nodes are exactly the vertexes of all beam elements. Two edges with
opposite directions are added to connect every two vertexes from the same beam element.
Each pair of edges represents the mutual interactions between two nodes. Node attributes
include node displacements (dx, dy, dα), node boundary conditions (bx, by, bα) and node exter-
nal forces(Fext x, Fext y, Fext α). Edge attributes include (cosβ, sinβ,∆l), and internal forces
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Figure 3: (a) Architecture of Piers. It uses a RNN skeleton consisting of recurrent GNN cell. (b) The
architecture of one GNN cell. The GNN cell follows the message passing framework. A GRU is used as the
edge update function, and MLP is used as the node update function. The output of the node update function
in each GNN cell is decoded into the predicted acceleration in each time step.

(Fint sx, Fint sy, Fint sα, Fint rx, Fint ry, Fint rα). ∆l denotes the change of element length to
the initial length, and β denotes the element’s angle down from the positive x axis. Global
attributes include gravitational acceleration g and time step ∆t. It should be noted here
that, node displacements in node attributes are not node position measured under the global
coordinate system. Instead, they are nodes’ relative displacements to their initial position
respectively. We use relative displacements here to train a coordinate-free GNN-based simu-
lator. Node position will change under different global coordinate systems. Then, the GNN
model trained with data from one global coordinate system might not be applied to other
coordinate systems. Consequently, we use nodes’ relative displacement in node attributes.

3.2.2. Overall Architecture of Piers

As Fig. 3 shows, Piers adopts a recurrent neural network skeleton. We take beam elements
shown in Fig. 2 as an example. The overall operation of Piers is defined as:

{(d̈x, d̈y, d̈α)
∆t
k , ...,(d̈x, d̈y, d̈α)

N∆t
k }k=1,...,nn

= Piers(G∆t
input, ...,G

N∆t
input,h

0), (4)

where d̈x and d̈y denote node acceleration along x-axis and y-axis direction respectively. d̈α
denotes the angular acceleration. nn denotes the number of nodes in the graph. Gn∆t

input =<

u,V,E >n∆t (n = 1, ..., N) denotes the graph representation for the state of a CDB at nth

time step. h0 denotes the initial hidden states for all edges. u = {g,∆t} denotes the global
attributes. Vn∆t denotes node input at nth step. It can be written as

Vn∆t = {(dx, dy, dα)
(n−1)∆t
k ,Vdn∆t

k ,Ven∆t
k }k=1,...,nn

, (5)

where dx and dy denote node displacements along x-axis and y-axis direction respectively. dα
denotes the angle of rotation.Vdn∆t

k = (dx, dy, dα, bx, by, bα)
n∆t
k , where bx/y/α = 0 if unfixed

or bx/y/α = 1 if fixed denotes the node boundary condition in x-axis, y-axis direction, and
rotation respectively. Ven∆t

k = (Fext x, Fext y, Fext α)
n∆t
k denote the external forces along the

positive x-axis, positive y-axis, and external moment respectively.
En∆t denotes edge input and it includes edge attributes at both (n− 1)th and nth steps.

En∆t = {(cosβ, sinβ,∆l)
(n−1)∆t
k , (cosβ, sinβ,∆l)n∆t

k }k=1,...,ne
, (6)

where ne denotes the number of edges in the graph.
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hn∆t in Fig. 3 denotes edge hidden state at nth step. It can be expressed as

hn∆t = {(Fint sx, Fint sy, Fint sα, Fint rx, Fint ry, Fint rα)
n∆t
k }k=1,...,ne

, (7)

where Fint sx and Fint sy denote the element’s internal forces at one edge’s sender node along
the positive x-axis and y-axis, respectively. Fint sα denotes the element’s internal moment at
the sender node. Fint rx, Fint ry, and Fint rα denote the element’s internal forces and moment
at the receiver node of the edge.

In Piers, one GNN cell is used to update the state of a CDB using its state in the current
time step and its edge hidden state in the previous time step. The same GNN cell processes
a sequence of graph-shaped data Gn∆t

input recurrently for N times, generating the predicted

acceleration for each time step. The nth GNN cell are described as

{(d̈x, d̈y, d̈α)
n∆t
k }k=1,...,nn

,hn∆t = GNNcell(Gn∆t
input,h

(n−1)∆t). (8)

3.2.3. Edge Update and Node Update Functions

As Fig. 3 (b) shows, the GNN cell in Piers is designed based on MPNN [25] framework.
In each message passing step, the edge attributes are first updated as

E
′n∆t,h

′(n−1)∆t = GRU(En∆t,Vn∆t
s ,Vn∆t

r ,h(n−1)∆t), (9)

where GRU denotes the gated recurrent unit [27] that is used as the edge update function.
E

′n∆t and h
′(n−1)∆t denote the updated edge attributes and edge hidden states after one

message passing step. Vn∆t
s and Vn∆t

r denote the node attributes of each edge’s sender node
and receiver node. h(n−1)∆t denotes the edge hidden states in the (n− 1) time step. It should
be noted that the external forces Ve are not used in Eq. (9) but will be used in the following
node updating. The updated edge attributes are used as messages and then aggregated in the
receiver of each edge. They are concatenated with the receiver’s node input Vn∆t and global
attributes u. The concatenated feature is fed into a node update function which is shown as

V
′n∆t = MLP(Vn∆t,

∑

E
′n∆t,u), (10)

where MLP denotes the node update function, which is a multilayer perceptron (MLP) in this
paper.

∑

E
′n∆t denotes the aggregation [19] of updated edge attributes in each edge’s receiver

node. V
′n∆t denotes the updated node attribute after one message passing step. After kmp

steps message passing, the final V
′n∆t are fed into a decoder, and the target node output is

computed as
{(d̈x, d̈y, d̈α)

n∆t
k }k=1,...,nn

= Decoder(V
′n∆t), (11)

where Decoder is also a MLP in this GNN cell. Despite their naming as ‘update functions,’
it’s important to clarify that the outputs of node/edge update function are not node/edge
attributes for the next time step. Rather, the target output of the node update function
includes nodes’ acceleration along the positive x-axis, y-axis, and rotational acceleration. The
edge update function aims to output the internal forces at the same time step. Then, new
node displacements and edge positions in the next time step are computed using forward-
Euler integration in Eq. (2) and Eq. (3). Finally, new attributes for both nodes and edges
are calculated based on new node displacements and edge positions, which then serve as the
input for the next time step.
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3.2.4. Physics-informed Hidden States and Loss Function

In Piers, we incorporate the rest states of elements in a CDB as the initial hidden states of
the corresponding edges. We refer to these as ’physics-informed hidden states’ because they are
derived from the physical properties of the elements within the CDBs. According to classical
principles of structural dynamics, varying rest states lead to different internal forces, and
consequently, unique dynamic behaviors. Recent studies on GNN-based simulators, such as the
work by [13], also validate the importance of rest states in capturing the dynamics of physical
systems. Therefore, we include these rest states in the training phase of our GNN-based
simulator. Specifically, when simulating elastic or elastoplastic beam structures, we utilize the
internal forces at time step zero as the elements’ rest states. For the simulations involving
plate and cloth structures, we employ the edges’ mesh-space positions as their respective rest
states.

As the term suggests, our ’physics-informed loss function’ is designed to embed the inherent
physical properties of the CDBs we are simulating as a form of prior knowledge. To be specific,
we utilize the ground-truth final states of elements as the labels for edge attributes. The
discrepancies between the model’s edge output and these ground-truth labels are subsequently
integrated into the loss function. Eq. (12) shows the physics-informed loss function. L consists
of two parts: Lacc and Lforce. Lacc denotes the mean square error (MSE) between the predicted
and target node accelerations in all time steps, which are used in most of existing GNN based
simulator [12, 18, 24, 13]. Lforce is an additional physics-informed constraint. It is the MSE
between predicted and target element internal forces in the final time step. c1 and c2 are two
hyper-parameters which are chosen as 1 and 0.01 after experiments.

L = c1Lacc + c2Lforce,

Lacc =
1

3nnN

N∆t
∑

i=∆t

nn
∑

j=1

∑

k=x,y,α

(d̈ijk p − d̈ijk t)
2,

Lforce =
1

6ne

ne
∑

i=1

2
∑

j=1

∑

k=x,y,α

(Fijk p − Fijk t)
2,

(12)

where d̈ijk p denotes the standardized predicted acceleration of node j in direction k at time i,

d̈ijk t denotes the standardized target acceleration at time i, Fijk p denotes predicted stander-
lized internal forces of edge i in direction k to its receiver node (j=1) or sender node (j=2),
Fijk t denotes the target standerlized internal forces.

3.2.5. Training and Inference of Piers

We build our Piers using Tensorflow 1.15, Sonnet 1.36, and Graph Nets library. All input
data and target outputs are standardized with their average values and standard deviations.
As Fig. 3 (a) shows, a sequence-to-sequence architecture is used in Piers to predict time-
history responses. To accelerate the training process of Piers and improve its convergence,
we adopt a teacher-forcing strategy during model training. Specifically, instead of using the
outputs of previous GNN cells, we use the ground truth node input and edge input for each
GNN cell. Once trained, Piers can be used for one-step prediction and multi-step prediction.
The multi-step prediction is generated by the rollouts of Piers. Future node displacements
Px, Py, Pα are not given but need to be predicted iteratively as Fig. 3 shows. Node boundary
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conditions (bx, by, bα) and node external forces (Fext x, Fext y, Fext α) at each time step are known
and used as the input for each GNN cell. Moreover, we introduce noise to both node and edge
attributes consciously when training Piers to simulate more complex structures, such as plate
and cloth in the following section. As has been validated in [24], the noises can force Piers to
make robust and accurate predictions in the presence of variability and uncertainty. Models
trained under such conditions have demonstrated increased robustness and accuracy in their
predictions. The model training and inference processes are summarized in Algorithm 1.

Algorithm 1 Piers

Input:G∆t
input, ...,G

N∆t
input,h

0, Mode = Training or Inference
for n = 1 → N do

for j = 1 → kmp do

En∆t,h(n−1)∆t = GRU(En∆t,Vn∆t
s ,Vn∆t

r ,h(n−1)∆t)
Vn∆t = MLP(Vn∆t,

∑

En∆t,u)
end

{(d̈x, d̈y, d̈α)
n∆t
k }k=1,...,nn

= Decoder(Vn∆t)
if Mode = Inference
Replace node displacements in G

(n+1)∆t
input with

{d(n+1)∆t}k=1,...,nn
= ∆t2d̈n∆t + 2dn∆t − d(n−1)∆t

end

end

Output: {(d̈x, d̈y, d̈α)
∆t
k , ...,(d̈x, d̈y, d̈α)

N∆t
k }k=1,...,nn

4. Experimental Evaluation

First, we used Piers to learn the dynamics of a classic CDB: an 2D simply supported elastic
beam. Then we use Piers to simulate the dynamic responses of an elastoplastic beam, vali-
dating its generability to structures with material nonlinearity. We also tested more complex
structures. A 3D elastic plate with large deformation is simulated to validate Piers’s genera-
bility to geometry nonlinearity. Moreover, a plastic cloth (a waving flag) are simulated as well,
validating Piers’s outstanding simulation capacity. Specifically, datasets for the elastic beam,
elastoplastic beam, and elastic plate are generated by ourselves using several traditional FEM
softwares. The dataset for cloth simulation is a public dataset proposed in [13].

We prioritized simulating beam structures over rod structures in this study due to the more
simplistic representation of rod structures. Rod structures are often better described as rigid
body systems due to their simpler internal forces. Specifically, rod elements primarily transmit
axial forces, and exhibit a uniform internal stress. This means that the entire internal force
distribution of a rod structure can be succinctly captured with a set of discrete values. Upon
discretization, such a structure can be interpreted as an ensemble of mass points governed by
axial interactions, closely mirroring a rigid body system’s behavior. Conversely, the internal
stress within a beam presents as a continuously varying field, dictated by its position. This
makes beams fundamentally more intricate, as they don’t just bear axial forces but also shear
forces and moments. To put it into perspective, rod elements can be viewed as a subset of
beam elements. Given that Piers has demonstrated its efficacy in simulating the nuanced
dynamics of beam structures, it implicitly suggests its capability to simulate the simpler rod
structures. Hence, our decision was to predominantly focus on beam structures in this paper.
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We compare Piers with three baseline models in this paper. Baseline I is a GNN-based
framework proposed both in GNS [24] and MESHGRAPHNETS [13]. This model adopts
an encoder-decoder architecture with a MPNN as the processor. MLPs are chosen as node
and edge update functions in the MPNN. Moreover, we designed two ablation experiments to
validate the contribution of the physics-informed loss function and internal forces as hidden
states in Piers. Piers with zero hidden states is used as baseline II. Piers without the physics-
informed term in loss function is used as baseline III. It should be noted that we don’t have
Baseline III when using Piers to simulate the elastic plate and cloth. Because physics-informed
loss functions are not used while simulating the two CDBs, which will be illustrated in the
two subsections for plate and cloth simulation.

For each CDB, we use the same dataset to train Piers and baseline models. Determining the
optimal node density for each CDB involves balancing the competing demands of simulation
accuracy and computational efficiency. Employing a denser mesh in the discretization of
a CDB offers two key advantages for its simulation in Piers. Firstly, higher node density
minimizes the simulation error incurred when using a finite set of nodes to represent the
continuous behaviors of a CDB. Secondly, a denser mesh provides a richer data set for model
training, further enhancing the model’s predictive power. However, these benefits come at a
cost: a denser mesh significantly increases the computational workload during model training
due to the augmented number of nodes and edges. Thus, for the simulation of the four
distinct CDBs, moderate node densities are chosen to achieve the desired level of accuracy
with acceptable training time. The node input of Baseline I is chosen according to the node
input of GNS [24]. Except for the node attributes used in the other three models, it also
includes node velocities and accelerations in the previous time step. The input of those
models and their hyperparameters are introduced in the Appendix. The learning rate for
all models decays exponentially from 1 × 10−3 to 1 × 10−5. After model training, the well-
trained Piers and baseline models are used to predict the dynamic responses of four CDBs
under external forces unseen in training sets. We use root mean square error (RMSE) as the
evaluation metric for response prediction. The RMSE between ground truth and predicted
displacements is computed using:

RMSE =

√

√

√

√

1

3nnN

N∆t
∑

i=∆t

nn
∑

j=1

∑

k=x,y,α

(dijk p − dijk t)
2, (13)

where dijk p and dijk t denote the predicted and target displacement of node j in direction k at
time i.

4.1. Elastic Beam

A simply supported elastic beam is a fundamental structure in structural dynamics. Fig. 4
shows the vibration of the beam under external forces. The external forces include horizontal
external node forces Fext x, vertical external node forces Fext y, and external bending moment
Mext. The boundary conditions of the beam are bx1 = by1 = by2 = 1, which denotes the
displacements of node 1 along the x-axis, the displacement of node 1 along the y-axis, and the
displacement of node 11 along the y-axis are fixed. Please refer to Table 1 for the material
and geometric properties of the beam.

After discretization, the beam is represented with nn = 11 nodes and ne = 20 unidirec-
tional edges. We recognize that the graph utilized to depict the beam is relatively simplistic,
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Figure 4: (a)Vibration of a simply supported beam under external forces. The beam is described with 11
nodes and 20 unidirectional edges. (b) Learning curves of Piers and Baseline models for simulating the elastic
beam.

Table 1: Material and geometric properties of the simulated beam.

Properties Value

Elastic modulus (Pa) 2.6× 109

Hardening parameter (Pa) 1× 109

Initial yield stress (Pa) 2× 105

Damping ratio 0.05
Mass density (kg/m3) 5000
Sectional area (m2) 6× 10−2

Section moment of inertia (m4) 0.625
Length (m) 70
Acceleration of gravity (m/s2) 9.806

Note: Elastic modulus is the property of the elastic beam; Hardening parameter and initial yield
stress are properties of the elastoplastic beam; Other properties are shared by the two beams.

consisting of linearly arranged nodes at uniform intervals. Nonetheless, the utility of using a
graph extends beyond its ability to capture complex or irregular forms; it also provides a ver-
satile medium for representing high-order edge attributes. While a high-dimensional matrix
could theoretically be used to encapsulate the node attributes in such a straightforward ar-
rangement. Then, a convolutional neural network can be used to process the matrix. However,
the challenge lies in concurrently embedding edge attributes—especially those represented as
vectors—into the same matrix. For this reason, we maintain that a graph representation is
optimal, even for this seemingly simple beam structure.

The dynamic responses of the beam under external node forces are simulated with vector
form intrinsic finite element (VFIFE) [28, 29, 30], a type of FEM that proficient in solving
geometric nonlinearity and material nonlinearity issues in structural dynamics. The time step
∆t is 0.001s in the simulation. To simulate the beam’s dynamic properties comprehensively,
we use Gaussian white noises as external forces. Because such forces have flat-shape spectra
in the frequency domain. Every natural frequency of the beam can be excited, and the
vibration responses can describe the beams’ dynamic properties comprehensively. To simplify
the dynamic responses, we apply external force on one node in one direction when generating
one trajectory. The standard deviation of external forces varies in different trajectories to
generate responses with diverse amplitudes.
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Table 2: One-step and multi-step displacement prediction error for the elastic beam.

Prediction 1-step Multi-step rollouts (×10−4)
Mode (×10−4) 100-step 200-step 300-step 400-step 500-step 600-step 700-step

Piers 0.36 12.59 24.60 45.31 68.30 123.31 237.19 693.62

Baseline I
1.32

(72.46%)
144.60

(91.29%)
1166.86
(97.89%)

5862.48
(99.23%)

15561.67
(99.56%)

28560.99
(99.57%)

43100.23
(99.45%)

58612.25
(98.82%)

Baseline II
0.26

(-37.81%)
32.93

(61.76%)
115.22

(78.65%)
625.47

(92.76%)
3652.60
(98.13%)

12691.45
(99.03%)

31302.65
(99.24%)

62381.63
(98.89%)

Baseline III
0.47

(22.01%)
15.58

(19.17%)
48.88

(49.67%)
100.90

(55.09%)
168.82

(59.54%)
244.85

(49.64%)
444.78

(46.67%)
1421.58
(51.21%)

Note: Numbers in brackets denote the relative decrease of RMSE from Piers to baselines.

Figure 5: Ground truth and Piers predicted deformation of the elastic beam at different time steps. This
figure shows the predicted deformations are visually close to the ground truth within 750 steps.

We generate 660, 33, and 33 trajectories for training, validation, and testing, respectively.
Moreover, different time-history external forces are used in different datasets. Each trajectory
is a sequence of graph-shaped data with 2002 time steps. A moving window (1000 steps in
length) is applied to each trajectory to generate multiple samples. Therefore, each sample
contains 1000 graph-shaped data Ginput =< u,V,E >n∆t (n = 1, ..., 1000) and one set of
initial hidden states h0 for all edges. The labels of each sample are node accelerations at each
time step and elements’ internal forces in the sample’s final time step. We train Piers and 3
baseline models for 230000 iterations. The learning rate is exponentially decayed from 1×10−3

to 1×10−5 and optimized with Adam optimizer. Fig. 4(b) shows the learning curves of the four
models. The training loss of all models decrease with the increase of iterations. The apparent
superiority of Baseline III over Piers in terms of loss after the same training iterations can be
attributed to the loss function in Baseline III. Specifically, its loss function omits a term that
assesses the prediction error concerning internal forces. Consequently, while it might initially
seem as though Baseline III performs better, this is somewhat deceptive. Its lower loss doesn’t
necessarily translate to a more accurate or comprehensive model. The following experimental
results in testing sets also validate that Baseline III makes larger displacements prediction
error than Piers.

We summarize Piers’ and baseline models’ prediction errors for the elastic beam in Table
2. We found Piers achieves the least prediction error for most cases. The large prediction
error of Baseline I shows that it fails to learn the dynamics of CDBs. The other three models
all achieve less multi-step prediction error than baseline I, because they incorporate RNN as
the edge update function. An interesting finding is Piers doesn’t got the least error in 1-step
prediction. The reason should be that Piers is designed for multi-step prediction instead of
1-step prediction. Baseline II got the smallest error in 1-step prediction probably because of
over-fitting. The worse performance of Baseline II over Piers in multi-step prediction also
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supports our point our points of view. The prediction errors of Baseline II and III are more
vulnerable to the increase of time steps than Piers, which validates the functionalities of using
initial internal forces as hidden states and the physics-informed loss function. We also draw
the ground truth and Piers’ predicted deformation of the elastic beam in Fig. 5. The predicted
vibration are visually similar to the ground truth vibration within 750 steps. While noticeable
discrepancies between the predicted and ground truth values can be observed at 300, 450, and
600 steps in Fig. 5, the overall contours of the predicted beam deformation closely resemble
the ground truth at each step. This confirms that Piers has successfully grasped the dynamics
of elastic beams. However, there remains potential to enhance Piers’ predictive accuracy,
especially across extended rollout steps. This will be further elaborated in Section 5.3.

4.2. Elastoplastic Beam

Different from elastic structures, the dynamics of elastoplastic structures are subject to
their previous movement trajectories. Because their deformation becomes plastic once their
stress exceeds the yield stress. In this paper, we use Piers to simulate an elastoplastic beam,
whose mechanical and geometrical properties are summarized in Table 1. All of those proper-
ties, except the elastic modulus, are the same as the previously simulated elastic beam. The
dataset generation process and the size of the training samples are consistent with those used
for the elastic beam in Section 4.1. Each training sample spans a length of 1000 steps along
the time axis. This elastoplastic beam is made up of bilinear elastoplastic material with a
hysteresis curve shown in Fig. 6. As the load path in Fig. 6 shows, the stress increases linearly
with the increase of strain within the elastic period (line segments 1). When stress exceeds
the initial yield stress σ0

Y , the material will enter the hardening period (line segments 2), and
the yield stress will increase. When the strain decrease, the material enters the unloading
period, and the stress decreases linearly (line segments 3). However, there will be a plastic
deformation (strain) even after stress decrease to zero because of the accumulation of previous
plastic deformation. Ee and Ep denote the elasticity modulus in the elastic stage and plastic
stage, respectively. Ep can be computed using Ep = EeH

Ee+H
, where H denotes the harden-

ing parameter. The σ0
Y , Ee, and H of the simulated elastoplastic beam are 2.0 × 105(Pa),

2.6× 109(Pa), and 1.0× 109(Pa) respectively. The update of yield stress in a plastic stage is
shown as

∆ϵe =
∆ϵ

1 + Ee/H

σn
Y = σn−1

Y +H∆ϵe,

(14)

where σn
Y and σn−1

Y denote the yield stress at step n and n − 1. Apparently, the stiffness of
a material is dependent on its load history. And our proposed Piers is supposed to capture
interactions as it incorporates a GRU as the edge update function.

We train Piers and 3 baseline models for 350000 iterations. The learning rate and optimizer
in this experiment are the same with the previous experiment. Fig. 6(b) shows the learning
curves of the four models. Although the overall training loss shows a downtrend, training loss
in this experiment go through much more violent fluctuation with the increase of iterations
when compared with learning curves in Fig. 4(b). It shows the difficulty of learning the
dynamics of an elastoplastic structure. As Table 3 shows, Piers makes the least error in 1-step
and multi-step rollout trajectory prediction. The displacement prediction errors are slightly
different from those in Table 2, where Piers performs worse than Baseline II model in 1-step
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Figure 6: (a)Bilinear hysteresis of the elastoplastic beam. The two-way line segments denote elastic stages,
and the one-way line segments denote plastic stages. (b) Learning curves of Piers and Baseline models for
simulating the elastoplastic beam.

Table 3: One-step and multi-step displacement prediction error for the elastoplastic beam.

Prediction 1-step Multi-step rollouts (×10−4)
Mode (×10−4) 100-step 200-step 300-step 400-step 500-step 600-step 700-step

Piers 0.79 18.84 50.93 159.41 453.36 864.51 1429.44 2795.62

Baseline I
0.87

(9.93%)
48.62

(61.26%)
264

(80.71%)
994.81

(83.98%)
2890.87
(84.32%)

6126.75
(85.89%)

10154.33
(85.92%)

15121.15
(81.51%)

Baseline II
1.01

(22.32%)
67.52

(72.10%)
712.31

(92.85%)
2618.42
(93.91%)

6460.01
(92.98%)

12226.27
(92.93%)

19558.76
(92.69%)

27847.66
(89.96%)

Baseline III
0.92

(14.88%)
25.13

(25.05%)
79.85

(36.22%)
261.99

(39.15%)
1186.75
(61.80%)

3307.29
(73.86%)

6931.07
(79.38%)

12208.17
(77.10%)

Note: Numbers in brackets denote the relative decrease of RMSE from Piers to baselines.

prediction. The reason is that internal forces in previous time steps influence the movement
of an elastoplastic beam. Piers can accurately learn such influence through incorporating
previous edge hidden state in updating the edge states. We also draw Fig. 7 to compare the
Piers predicted and ground truth deformation of elastoplastic beam during consecutive time
steps. They are visually close within 500 steps but the prediction error gets larger when the
time step increases.

It is important to clarify that in this experiment, the unloading and reloading patterns
were intentionally designed to be linear and relatively simple. This experiment serves to
affirm that Piers is capable of handling elastoplastic CDBs with path-dependent properties
within a limited scope. However, we acknowledge that Piers, in its present form, may fall in
accurately predicting the behavior of elastoplastic CDBs when subjected to random unloading
and reloading patterns that were unseen in the training data. A potential avenue for overcom-
ing this limitation could involve embedding domain-specific prior knowledge about the CDB’s
constitutive model directly into Piers. This approach, as evidenced by related works [31],
could enhance the model’s predictive accuracy for such complex scenarios. This is an area we
intend to explore in our future research.

4.3. Elastic Plate

We use ANSYS to generate the dynamic responses of a 3D elastic plate under dynamic
external forces. The material and geometric parameters of the plate are summarized in Table 4.
One edge of the plate is fixed and the rest part is free. External forces from arbitrary directions
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Figure 7: Ground truth and Piers predicted deformation of the elastoplastic beam at different time steps.
This figure shows the predicted deformations are visually close to the ground truth within 500 steps.

Figure 8: (a)Graph representation for the plate. (b) Learning curve of Piers and Baseline models while
simulating the plate.

are applied to each node of the plate simultaneously. These external node forces have arbitrary
components in x, y, and z axis directions. Similar to the previous simulation for beams,
amplitudes of the plate’s node external forces are generated with Gaussian distribution in order
to cover all vibration patterns. The plate is meshed into 400 triangular elements and then
represented with a graph. Different from the beam element, each triangular element has three
vertexes. Fig. 8 shows how to generate the graph representation for two triangular elements.
The two elements are represented with 4 nodes connected with 10 directed edges. The time-
history displacement, external forces, and von-Mises stress at each node are generated with
ANSYS and used to generate node and edge attributes in the graph representation.

Table 4: Material and geometric properties of the simulated plate.

Properties Value

ANSYS element type Shell 181
Elastic modulus (Pa) 2.1× 109

Damping ratio 1
Poisson’s ratio 0.3
Mass density (kg/m3) 7850
Thickness (m) 0.002
Width (m) 0.05
Length (m) 0.1
Acceleration of gravity (m/s2) 9.806

In this dataset, node attribute is Vn∆t = {(ḋ(n−1)∆t, d̈(n−1)∆t, dn∆t, ntype,Ven∆t
k )k}k=1,...,nn

,

where ḋ(n−1)∆t and d̈(n−1)∆t denote the velocity and acceleration in the last time step. dn∆t
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Table 5: One-step and multi-step displacement prediction error for the elastic plate.

Prediction 1-step Multi-step rollouts (×10−3)
Mode (×10−3) 50-step 100-step 150-step 200-step 250-step 300-step 350-step

Piers 5.20 16.98 30.22 63.13 352.7 2814.62 11625.40 31799.12

Baseline I
2.60

(-99.90%)
46.08

(63.16%)
910.12

(96.68%)
4126.14
(98.47%)

12702.18
(97.22%)

29054.85
(90.31%)

54674.76
(78.74%)

90579.85
(64.89%)

Baseline II
5.25

(0.99%)
60.69

(72.03%)
248.54

(87.84 %)
497.24

(87.30%)
2496.35
(85.87%)

8057.84
(65.07%)

18338.23
(36.61%)

33973.60
(6.40%)

Note: Numbers in brackets denote the relative decrease of RMSE from Piers to baselines.

Figure 9: Ground truth and Piers predicted deformation of the elastic plate at different time steps. The color
map shows the von-Mises stress in the elastic pate when it vibrates under external forces. This figure shows
the predicted deformations are visually close to the ground truth within 150 steps. The predicted von-Mises
stress are nearly identical with the ground-truth for all time steps.

denotes the displacement at current time step. ntype denotes the embedding of node type
and Ven∆t

k denotes external forces at the current time step. Its edge attribute En∆t =
{(uij, |uij|, xij, |xij|)

n∆t
k }k=1,...,ne

, where uij and xij denotes the vector of edge in mesh space and
world space. To generate training samples for Piers, we apply a moving window (20 steps in
length) to each trajectory. Referring to [13], we add nodes’ von-Mises stress as the additional
target output of nodes except for accelerations. Physics-informed loss functions are not used
in this experiment because internal forces are transmitted through meshed triangle elements
instead of along the edges of elements. And it still remains unsolved how to assign internal
forces in each triangle element to its three edges properly in a GNN-based simulator. We’ll
analyze this task in our future work. Moreover, physics-informed edge hidden states are still
used in this experiment. Instead of using the initial internal forces of elements, we use edge
features in mesh space (uij, |uij|) as edge hidden states in the simulation of the plate. Please
refer to Table A2 in Appendix for the summarization of input graph and network architecture
for plate simulation.

We train Piers and 2 baseline models for 800000 iterations. The learning rate is exponen-
tially decayed from 1 × 10−4 to 1 × 10−6 and optimized with Adam optimizer. As shown in
Fig. 8(b), the training loss of all models decrease with the increase of iterations. As Table 5
shows, Piers achieves less prediction error than all baseline models in all multi-step rollouts.
However, the prediction error of Piers in 1-step prediction is larger than Baseline I. Similar
to our discussion to Table 2, the reasonable explainantion is that overfitting happends in the
1-step prediction task for Baseline I. Moreover, prediction error of Baseline I and II diverges
much faster than Piers with the increase of rollout steps. Fig. 9 shows that the overall pre-
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Table 6: One-step and multi-step displacement prediction error for the cloth.

Prediction 1-step Multi-step rollouts (×10−3)
Mode (×10−3) 50-step 100-step 150-step 200-step 250-step 300-step 350-step 400-step

Piers 28.81 259.75 257.08 229.46 213.90 202.37 194.09 188.57 184.55

Baseline I
32.46

(11.25%)
239.02
(-8.68%)

254.79
(-0.90%)

231.93
(1.06%)

221.88
(3.59%)

212.33
(4.69%)

205.82
(5.70%)

201.50
(6.41%)

198.56
(7.05%)

Baseline II
18.00

(-60.01%)
733.06

(64.57%)
868.39

(70.40 %)
888.90

(74.19%)
850.62

(74.85%)
828.90

(75.59%)
822.11

(76.39%)
824.41

(77.13%)
830.58

(77.78%)

Note: Numbers in brackets denote the relative decrease of RMSE from Piers to baselines.

dicted deformation of Piers is simillar to the ground truth deformation within 150 steps. The
von-Mises stress prediction performance is even better than the performance in displacement
prediction. Fig. 9 shows that the predicted von-Mises stresses are nearly same with the ground
truth within even 180 steps, demonstrating the impressive simulation performance of Piers.

4.4. Plastic Cloth

We use the dataset FLAGSIMPLE in [13] to evaluate Piers in simulating the dynamics
of a plastic body, a flag waving in the wind. In FLAGSIMPLE, the flag is meshed into 3028
triangular elements and their trajectories under different wind forces are collected. The same
procedure in simulating the 3D plate is used to generate graph representation for the flag
because both of them use triangular elements. Nevertheless, their node attribute Vn∆t =
{(ḋx, ḋy, ḋz, ntype)

n∆t
k }k=1,...,nn

, which is slightly different from the node attribute used in the

previous 3D plate. The edge attribute En∆t is the same as the edge attribute in the plate.
To generate training samples for Piers, we apply a moving window (20 steps in length) to
each trajectory. Similar to the plate in the last subsection, physics-informed loss functions
are not used in this experiment. Nevertheless, physics-informed edge hidden states are kept
in this experiment. Similar to the plate simulation in the last section, we use edge features
in mesh space as the hidden states for edges. Please refer to Table A3 in Appendix for the
summarization of input graph and network architecture for cloth simulation.

We train Piers and 2 baseline models for 340000 iterations. The learning rate is exponen-
tially decayed from 1× 10−3 to 1× 10−5 and optimized with Adam optimizer. Fig. 10 shows
the learning curves of the four models and all training loss decrease with the increase of itera-
tions. The prediction error for the cloth under wind forces is shown in Table 6. Its multi-step
prediction error fluctuates around 0.2 and is smaller than two baseline models in most cases.
Fig. 11 compare the Piers predicted and ground truth deformation under consecutive time
steps. The shape and deformation of the cloth in Piers’s prediction matches well with the
ground truth within 300 steps. It illustrate that Piers can simulate the dynamic of plastic
CDBs.

5. Discussion

5.1. Selection of Hyperparameters

In this section, we explore the optimal selection of two critical hyperparameters: window
length and message passing steps. Initially, we train Piers on an elastic beam simulation
with varying window lengths, ranging from 100 to 1500. The error from 100 to 700 step
rollout predictions are shown in Fig. 12 (a). As the window length increases, the prediction
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Figure 10: Learning curves of Piers and Baseline models for simulating the cloth.

Figure 11: Ground truth and Piers predicted deformation of a cloth under wind forces at consecutive time
steps. This figure shows the predicted deformations are visually close to the ground truth within 300 steps.

error generally demonstrates a declining trend. This is attributed to the fact that a larger
window length necessitates the calculation of error over a longer prediction range in the loss
function, thereby compelling Piers to minimize its prediction. However, such a trend stops
when the window length exceeds 1000 steps. Notably, the errors associated with a 1500
window length can occasionally exceed that of a 1000 window length. This results from the
increased complexity of training a RNN using training samples with increased sequence length.
Given that Piers utilizes an RNN framework, its capacity to capture long-term temporal
correlations may be compromised, resulting in diminished learning performance when the input
data extends excessively in temporal length. Additionally, large window lengths significantly
prolong the training time. Consequently, we opt for a window length of 1000 steps per training
sample, as it strikes a balanced compromise between prediction accuracy and computational
efficiency.

We use the elastic plate to study the influence of the message-passing step in final learning
performance. We vary the message passing steps in Piers from 10 to 30, while keeping the
number of training iterations constant at 800,000 across the same training set. The rollout
prediction errors on the same testing set are presented in Fig. 12(b). Intriguingly, as the
number of message-passing steps increases, the prediction error of Piers initially rises before
subsequently declining. This can be attributed to the fact that a larger message-passing step
enhances node connectivity, thereby facilitating more rapid propagation of vibrations from one
node to another. However, an excessively high number of message-passing steps can render the
network too deep to be trained effectively, leading to a deterioration in prediction accuracy. To
achieve the optimal balance between prediction error and model trainability when simulating
the elastic plate, we elect to utilize 20 message passing steps.
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Figure 12: (a) Displacement prediction error of Piers trained with samples in different window lengths. The
length of training samples varies from 100 to 1500. Prediction errors under 100-700 rollout steps are summa-
rized. (b) Displacement prediction error of Piers with different message passing steps. The message passing
step varies from 10 to 30. Prediction errors under 50-350 rollout steps are summarized.(c) Displacement pre-
diction error of Piers with and without global attributes.

Figure 13: Ground truth and Piers predicted deformation at different time steps. Sine forces are applied at
node 2.

We delved into the contribution of including constant global attributes in the dataset.
For comparative purposes, we trained Piers on the elastic beam dataset, excluding the global
attributes, while maintaining all other hyperparameters unchanged. The trained model is
used for rollout prediction. As depicted in Figure 12(c), the inclusion of global attributes
markedly improved performance. Notably, the rollout prediction errors across various time
steps consistently diminished upon integrating constant global attributes into the input.

5.2. Generalizability to Unseen Load Conditions

To test the generalization ability of Piers, we applied sine force Fext = Famsin(20πt) to
the elastic beam, where Fam denotes the amplitude of the sine force. Fig. 13 shows that our
Piers can still predict the beam’s vibration accurately even though sine forces are not used
in model training. The predicted deformation of the elastic beam shows the sine mode shape
clearly, which matches the ground deformation very well. Moreover, Fig. 14 shows the Piers

predicted deformation and ground truth beam deformation under sine forces. Because sine
forces are unseen load conditions for Piers during model training, the predicted error grows
with the increase of time steps. However, the predicted dynamic responses and the ground
truth are visually close in frequency, phase, and amplitude in the first 300 steps. Although
the predictions deviate from target displacements faster than tests in Fig. 15(a), it is still
impressive to find that deformations predicted by Piers are very close to the ground truth at
the first hundreds of time steps.

5.3. Node-wise Time-history Displacements Comparison

We compare the node-wise time-history displacements predicted by the four models with
the ground truth in Fig. 15. Displacements predicted by Piers are the closest to the ground
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Figure 14: Node 2’s displacements predicted by Piers and ground truth. Sine forces are applied at node 2.

truth visually. Although the prediction of Piers finally deviates from the ground truth with
the increase of time steps, the predicted node-wise displacements show very similar vibration
patterns (e.g., frequency, amplitude, and phase) with the ground truth within hundreds steps.
Meanwhile, the responses predicted by Baseline I deviate from the ground truth at the first
several steps. Predictions of Baseline II and III also deviate from the ground truth earlier
than Piers.

However, Fig. 15 also underscores the room for improvement in Piers’ prediction accuracy.
The current version of Piers can only achieve high-fidelity predictions over a limited number
of time steps. While the vibrational patterns predicted by Piers align closely with the ground
truth when the rollout step increases, the predictive precision tends to wane simultaneously.
A paramount focus for our subsequent work is to enhance the displacement accuracy during
multi-step rollouts.

6. Conclusion

In this paper, we proposed Piers, the first unified GNN-based simulator to predict the
dynamic responses of CDBs. The proposed model can learn the relationship between arbi-
trary node external forces and structural response by incorporating GRU for computing the
message and a physics-informed loss function for model training. Its prediction results in
elastic, elastoplastic, and plastic CDBs show that the trained Piers can accurately predict
the dynamic response CDBs with different material using an unified framework. Moreover, it
can be generalized to load conditions unseen in training sets. Though the predicted response
finally deviates from the ground truth with the increase of time steps, the impressive match
between the predicted and ground-truth responses at the first hundreds of time steps proves
the capability of GNN in simulating the dynamics of a CDB. Based on the work in this paper,
we will further improve its prediction accuracy and simulate more complex structures in our
future work.
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Figure 15: Node-wise displacements predicted by Piers and baseline models for the four CDBs (Best viewed in
color). Compared with baseline models, displacements predicted by Piers have more similar vibration patterns
(e.g., frequency, amplitude, and phase) with the ground truth.
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Appendix A. Architectures of Piers and baseline Models

Table A1 shows the input features and size of neural networks for beam simulation. Baseline
I has the same architecture with the model in GNS and MESHGRAPHNETS. To ensure
the fair competition, edge input of Baseline I is the same with that of Piers. We choose
node input of Baseline I based on that in GNS. The two most recent velocities and the
previous acceleration of each node are included in the node attributes for baseline I except
for all the node input used in Piers. The encoder and decoder in Baseline I are MLPs and
their sizes are listed in Table A1. Vdn∆t

k ,Ven∆t
k ,En∆t,u have been introduced in Section 3.3.

(ḋx, ḋy, ḋα)
(n−2)∆t
k and (ḋx, ḋy, ḋα)

(n−1)∆t
k denote the velocities of node k at time (n− 2)∆t and

(n− 1)∆t. (d̈x, d̈y, d̈α)
(n−1)∆t
k denote the accelerations of node k at time (n− 1)∆t.

Table A2 and shows the input features and size of neural networks for plate simulation.
Table A3 shows the input features and size of neural networks for cloth simulation. The used
Vn∆t and En∆t have been introduced in Section 4.3 and Section 4.4. Moreover, similar to the
training noises in [24], we also add noises to node and edge attributes when training Piers and
baseline models for the plate and cloth simulation.

Table A1: Input and architecture of Piers and baseline models for beam simulation.
Models Input Architecture of

Node
(k = 1,...,nn)

Edge
(k = 1,...,ne)

Hidden Global models

Baseline I

Vdn∆t
k ,Ven∆t

k ,

(ḋx, ḋy , ḋα)
(n−2)∆t

k
,

(ḋx, ḋy , ḋα)
(n−1)∆t

k
,

(d̈x, d̈y , d̈α)
(n−1)∆t

k

En∆t / u

Edge encoder: MLP (128*128*128)
Node encoder: MLP (128*128*128)

Edge update function: MLP (128*128*128)
Node update function: MLP (128*128*128)

Node decoder: MLP (128*128*3)
Message passing step: 10

Baseline II
Vdn∆t

k ,Ven∆t
k ,

(dx, dy , dα)
(n−1)∆t

k

En∆t / u

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)

Baseline III
Vdn∆t

k ,Ven∆t
k ,

(dx, dy , dα)
(n−1)∆t

k

En∆t hn∆t u

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)

Piers
Vdn∆t

k ,Ven∆t
k ,

(dx, dy , dα)
(n−1)∆t

k

En∆t hn∆t u

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)

Note: Baseline I has the same architecture with the GNS and MESHGRAPHNETS; Baseline II is Piers

without internal forces as hidden states; Baseline III is Piers without physics-informed loss function; The
MLP with size 128*128*128 has two hidden layers with 128 neurons. its output size is 128
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Table A2: Input and architecture of Piers and baseline models for plate simulation.
Models Input Architecture of

Node
(k = 1,...,nn)

Edge
(k = 1,...,ne)

Hidden Global models

Baseline I ḋ
(n−1)∆t

k
, d̈

(n−1)∆t

k
,

dn∆t
k

, ntype,Ven∆t
k

En∆t / /

Edge encoder: MLP (128*128*128)
Node encoder: MLP (128*128*128)

Edge update function: MLP (128*128*128)
Node update function: MLP (128*128*128)

Edeg decoder: MLP (128*128*3)
Message passing step: 20

Baseline II ḋ
(n−1)∆t

k
, d̈

(n−1)∆t

k
,

dn∆t
k

, ntype,Ven∆t
k

(xij , |xij |)
n∆t
k

/ /

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)
Message passing step: 20

Piers
ḋ
(n−1)∆t

k
, d̈

(n−1)∆t

k
,

dn∆t
k

, ntype,Ven∆t
k

(xij , |xij |)
n∆t
k

(uij , |uij |)
n∆t
k

/

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)
Message passing step: 20

Note: Baseline I has the same architecture with the GNS and MESHGRAPHNETS; Baseline II is Piers

without edge hidden states

Table A3: Input and architecture of Piers and baseline models for cloth simulation.
Models Input Architecture of

Node
(k = 1,...,nn)

Edge
(k = 1,...,ne)

Hidden Global models

Baseline I (ḋx, ḋy , ḋz , ntype)n∆t
k

En∆t / /

Edge encoder: MLP (128*128*128)
Node encoder: MLP (128*128*128)

Edge update function: MLP (128*128*128)
Node update function: MLP (128*128*128)

Edeg decoder: MLP (128*128*3)
Message passing step: 15

Baseline II (ḋx, ḋy , ḋz , ntype)n∆t
k

(xij , |xij |)
n∆t
k

/ /

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)
Message passing step: 5

Piers (ḋx, ḋy , ḋz , ntype)n∆t
k

(xij , |xij |)
n∆t
k

(uij , |uij |)
n∆t
k

/

Edge update function: GRU (hidden size=6)
Node update function: MLP (128*128*9)

Node decoder: MLP (128*128*3)
Message passing step: 5

Note: Baseline I has the same architecture with the GNS and MESHGRAPHNETS; Baseline II is Piers

without edge hidden states
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