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Abstract

Computation modeling for large thermoplastic deformation of plastic solids is critical for
industrial applications like non-invasive assessment of engineering components. While
deep learning-based methods have emerged as promising alternatives to traditional numer-
ical simulations, they often suffer from systematic errors caused by geometric mismatches
between predicted and ground truth meshes. To overcome this limitation, we propose a
novel boundary geometry-constrained neural framework that establishes direct point-wise
mappings between spatial coordinates and full-field physical quantities within the de-
formed domain. The key contributions of this work are as follows: (1) a two-stage strategy
that separates geometric prediction from physics-field resolution by constructing direct,
point-wise mappings between coordinates and physical quantities, inherently avoiding
errors from mesh misalignment; (2) a boundary-condition-aware encoding mechanism that
ensures physical consistency under complex loading conditions; and (3) a fully mesh-free
approach that operates on point clouds without structured discretization. Experimental re-
sults demonstrate that our method achieves a 36-98% improvement in prediction accuracy
over deep learning baselines, offering a efficient alternative for high-fidelity simulation of
large thermoplastic deformations.

Keywords: deep learning; large deformations; FEM; surrogate models

1. Introduction

Computational modeling of large deformations of thermoplastic solids is essential in
continuum mechanics, which is widely applied in various areas such as aerospace [1], civil
engineering [2], and metal forming manufacturing [3]. Large deformations of solids arise
when externally applied loads and contact constraints induce deformations sufficiently
significant to violate the fundamental assumptions of infinitesimal strain theory [4]. The
distribution of physical fields reveals critical material behaviors during deformation. For
instance, localized stress concentrations develop at geometric discontinuities (e.g., holes, fil-
lets, or corners), promoting void nucleation and initiating microcrack propagation [5]. These
damage mechanisms progressively degrade mechanical properties, including strength and
ductility, which significantly reduce the fatigue life of engineered components. While these
subsurface defects critically impact product performance, their quantification traditionally
requires destructive testing methods, such as cross-sectioning and metallographic etching,
which irreversibly sacrifice production components [6]. Computational modeling for full-
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field physics distribution of large thermoplastic deformation thus emerges as an urgent
technological imperative for non-invasive assessment of engineering components.

The large thermoplastic deformations of plastic solids governed by nonlinear partial
differential equations (PDEs) [7]. Traditional numerical methods, such as Finite Element
Methods (FEMs), approximate solutions through incremental discretization, which subdi-
vides the solution domain into elements via meshing techniques [8]. While standard FEM
employs local linear approximations, the specialized rigid-plastic FEM (RPFEM) variant
simplifies analysis by neglecting elastic recovery, which is particularly advantageous for
situations where plastic strains dominate [9]. However, these approaches face inherent
accuracy-efficiency trade-offs—refined meshes improve solution fidelity but exponentially
increase computational load [10]. This complexity arises from tens of thousands of de-
grees of freedom introduced during discretization, exacerbated when modeling irregular
geometries requiring non-uniform elements [11].

Recent advances in deep learning have enabled novel approaches for predicting
physical field distributions in large deformation problems, offering transformative potential
for computational mechanics applications [12-16]. Lee et al. [17] utilized Convolutional
Neural Networks (CNNs) which interpolate FEM data onto fixed-size grid regions and
convert them into structured image representations to reconstruct the geometry and strain
field after deformation. Similarly, Park et al. [18] and Kim et al. [19] further develop
CNN-based models to reconstruct grain size distributions for deformed metal workpieces.
However, this mesh-to-pixel transformation, which converts continuous values of the
physical field quantities into discrete representations (e.g., 0-255 grayscale), introduces
systematic quantization errors, leading to the loss of high-frequency nodal information
and fundamentally limiting prediction accuracy [20]. Lin et al. [21] developed a 1D CNN-
based sequential modeling approach for predicting surface temperature distributions in
thermoplastic deformation processes. Uribe et al. [22] introduced a point cloud-based
neural network for predicting physical fields of large deformation. Petrik et al. [23]
proposed an autoencoder-based neural network architecture for reconstructing physical
fields, including geometric deformation, temperature distribution, and stress evolution, in
large deformation processes.

While these models have been successfully applied to physical fields computation of
large deformations, their accuracy is fundamentally limited by the systematic neglect of
mesh misalignment during optimization. The core issue lies in the mesh misalignment
between the predicted node positions and the ground truth node positions. Generally, deep
learning-based models typically establish a § parameterized mapping Fy : Gaq, = G,
to learn the transformation from the features of initial mesh nodes G4, to those of the
deformed mesh nodes G 4, . 8 is optimized by minimizing a global difference between the
overall predicted features gj\/z;* and ground truth configurations by

T
Fg =argmin }_ ||Gng, — G2, 1)
t=1
where Ts denotes the number of times steps. However, there is inevitably some deviation
in the prediction of the displacement of grid nodes. As visually emphasized in Figure 1, the
predicted mesh M (red, dashed lines) deviates from the ground truth mesh M; (black,
solid lines). When the error between M; and M is non-negligible, the the optimization
strategy based on Equation (1) becomes invalid.
This critical oversight propagates physical field prediction errors to geometrically
mismatched mesh points, where nodal position deviations corrupt gradient computations
and compound solution inaccuracies.
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Figure 1. Schematic of mesh mismatch and invalid optimization mode.

To overcome this limitations, we propose a novel point-wise full-field physics neural
mapping framework for large deformation. The core of our approach formulates the
physical field prediction as a two-stage computational process. First, a graph neural
network constructs the mapping from initial to deformed boundary configurations under
prescribed mechanical constraints, establishing the deformed geometry. Subsequently, a
residual network architecture establishes direct coordinate-to-physics mappings within the
deformed domain. This point-wise learning strategy inherently eliminates errors induced
by mesh misalignment. Furthermore, we introduce a displacement-fused encoding layer
that enhances field prediction accuracy by integrating nodal displacement information
via a guiding branch. The proposed method is rigorously validated on a comprehensive
metal forming dataset covering diverse deformation scenarios, demonstrating superior
performance against existing deep learning baselines. The main contributions of this work
are summarized as follows:

¢ A end-to-end deep learning framework for accurate full-field physics prediction is
proposed for large deformation problems.

* A novel two-stage neural architecture that structures the large deformation compu-
tation problem into geometric prediction and physical resolution phases, inherently
circumventing mesh-mismatch errors by establishing direct mappings from spatial
coordinates to physical field values.

¢  Adisplacement-aware encoding mechanism that incorporates nodal displacement con-
straints through a guided learning branch is introduced, which significantly enhancing
prediction accuracy.

¢  Experimental results on an industrial-scale metal forming dataset show our method
achieves 36-98% reduction in mean absolute error compared to existing deep
learning baselines.

2. Methodology

In this section, we first introduce the numerical formulation of large thermoplastic
deformation in Section 2.1. We then introduce the problem formulation of parameterized
learning methods in Section 2.2. In Section 2.3, we introduce the proposed point-wise
full-field physics neural mapping framework.

2.1. Numerical Formulation of Large Thermoplastic Deformations

The governing equation is derived from the linear momentum balance in the reference

configuration [24]
V-(F-S)+by=0, (2)
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where V is the divergence operator in the reference configuration, F = dx/0X is the
deformation gradient, S is the second Piola—Kirchhoff stress tensor, and by is the body force
per unit reference volume. The weak form is obtained by multiplying by a test function du
and integrating over the reference domain (2

/ 5E:SdQ:/ 5u.bd0+/ Su - tdT, 3)
Q Q 200

where 6E = J(FT - 6F 4 6F' - F) is the variation of the Green-Lagrange strain tensor with
OF = %‘5—)}‘, and t is the surface traction per unit reference area. The nonlinear finite element
discretization of Equation (3) leads to the following incremental equilibrium equation:

R(u) = F"(u) - F>' =0, 4)

where R is the residual force vector, F™ is the internal force vector, and F&! is the external
force vector. The internal force vector is computed as

Fint = / BT . PdO), (5)
Q

where P = F - S is the first Piola—Kirchhoff stress tensor, B, is the strain-displacement
matrix where the axisymmetric components can be expressed as

ON;
I
0o N
B=|y %| i=12..,L 6)
N
aN;  N;
0z or

where N; = N;(r,z) denotes the shape function of i-th node, and L denotes the number
of nodes.
The temperature evolution is governed by the heat conduction equation [25]

oT
kV2T +4 = per 7)

where T denotes temperature, p (kg-m~3) denotes the density, ¢ (J-kg~!-°C~1) denotes the
specific heat, k (W-m~1.°C~1) denotes the thermal conductivity, and 4 (W-m~3) denotes
the heat source term representing the thermal energy generated by plastic deformation
work. 4 is determined by [26]

§ = 0%, 8)
where 7 (MPa) denotes the effective flow stress, € (s~ 1) denotes the effective strain rate, and

1 denotes the efficiency of conversion of deformation energy to heat. Generally, the value
of 7 is 0.9 [27]. The corresponding weak form is

aT
5Toc, 2-dQ) /V5T~kVTdQ:/ 5TadO) / 5Ta,,dT, 9
| 6Tpep 50+ [ [ Tia+ [ oy, ©)

where g, denotes the boundary heat flux, and I'; denotes the heat flux boundary.
The finite element discretization yields the system

C'T+K'T=0Q, (10)

with the matrices defined as
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C = /Q N pe,NdQ, (11)
K = /Q YNTKVNAQ, (12)
Q= /Q NTGdQ + /r q NTg,dT, (13)
where N = [Nj, Ny, ..., N ] contains the element shape functions and VN = [%, %}T

for 2D axisymmetric problems.

2.2. Problem Formulation

Although FEM provides accurate solutions to the equations in Section 2.1 through
iterative numerical schemes, it is hampered by high computational cost and lacks a flexible
input-output mechanism. The rapid advancement of data-driven approaches, particularly
deep learning techniques, has enabled the successful implementation of neural networks
that directly model the mapping from boundary conditions to physical fields using finite
element data. Let Gy = (xg,up, up) denote the initial state, where xg, up, u, denote the
initial coordinates, the initial states, and the boundary condition of the observation points.
Let G; = (xt,u;) denote the state after deformation, where x;, u; denote the coordinates
and the corresponding physical quantities after deformation. The model aims to learn a
f-parameterized mapping

Fo:Go > G, (14)

by
Fy = arg rrbin L(Fy, Gr), (15)

where £ denotes the loss function formulated by

L= E(go,irgt,i)€D| |-7:9(g0,i) - gt,i

2, (16)

where D denotes the dataset, G ;, G; ; denotes the initial state vector and the state vector after
deformation of the i-th sample, respectively. The validity of Equation (16) is contingent
upon strict equivalence between predicted and ground truth coordinates, i.e., x; = x;,
where x; denotes the predicted coordinates. However, existing methods overlook this
critical constraint, leading to erroneous propagation of prediction errors during model
training and fundamentally limiting accuracy.

To circumvent prediction errors induced by spatial coordinate mismatches, we propose
a novel paradigm that directly models the mapping between coordinates and physical
quantities within the deformed fields. Let x; € (); denote the coordinates of the query
points within the deformed domain ();. The mapping is formulated by

Fou : (xqruOrub) = ug, (17)

where u,; denotes the corresponding physical quantities of x;. The learning problem is
formulated as

]:g:u = arg minE[XqEXt,llqGut,(xr,ll(),Ub,llt)ND] ‘ ‘]:6:11 (xq/ Uy, uh) — Uy ‘ |2' (18)

Note that during the training stage, x; € (); serves as predefined point coordinates for
supervised learning. However, during inference, the model must first predict (3. () is
determined by 0Q);, which is defined by the boundary points. Let x5 € 0, x? € ) denote
the boundary points coordinates before and after deformation. we can learn a mapping

Fo.B: (xg,uo,ub) — xf (19)
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to determine ();. The learning problem of Fy.p can be formulated as
’Fék:B = arg minE(xg,xf,ug,ub)~D| | Fo:B (Xg, up, up) — XF I[2- (20)

2.3. The Proposed Method

The proposed framework is shown in Figure 2. The architecture integrates two
functionally specialized modules: boundary geometric prediction module and physical
field prediction module. Firstly, the boundary geometric prediction module processes
boundary coordinates, initial conditions, and boundary constraints to predict the deformed
boundary point set ;. Then, this predicted geometry undergoes discretization to produce
sampling points x;. Last, the coordinates together with the initial state up and boundary
condition uy, are fed into the physical field prediction module to compute the corresponding
tield distribution u,. The details are as follows.

(a) Boundary Geometry Prediction Module
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Figure 2. The proposed framework. (a) The schematic of the boundary geometry prediction module.
(b) The framework of the physical field prediction module.

Boundary geometry prediction module. The boundary geometry module is designed
to predict the deformed boundary node coordinates from the initial configuration under
given boundary conditions. The module is implemented as a GNN operating on a graph
representation of the boundary nodes. The design consists of the following key components.
The graph is constructed with boundary nodes as vertices. The i-th node is associated with
its initial coordinates xg,i € RPc (where D¢ = 2 for 2D problems), initial state ug; € RD1
(e.g., initial displacement or velocity), and boundary condition u;; € RP5(e.g., prescribed
displacement or traction).

The graph’s adjacency structure is constructed using Delaunay triangulation applied
to the initial boundary nodal coordinates. This computational geometry approach generates
a mesh of non-overlapping triangles while naturally establishing connections between
nodes based on spatial proximity. For each node i, the set of neighbors N/ (i) is determined
by natural geometric adjacency relationships established through this triangulation. The
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graph remains undirected, with edges formed exclusively between nodes connected by
triangulation edges.

Boundary conditions are encoded directly into the node features. For Dirichlet condi-
tions (prescribed displacements), u;, ; represents the prescribed displacement vector. For
Neumann conditions (tractions), it represents the traction vector. The encoding functions
£ and £° are implemented as linear layers that project the input features to a hidden di-
mension Dy. Specifically, the node embedding v; and edge embedding e;; are calculated by

v; = 5U(Xg,,',uo,i,ub,i) € RPH,
e;j = E°(dy,d;j) € RPH, (21)
where d;; = ||Xg,i - xg j||2 denotes the Euclidean distance, and d;; = (Xg,i - xg j)/ d;
denotes the unit direction vector.
The GNN performs T, steps of message passing (by default, T, = 5). At each step T,
the message from node j to i is computed as follows:

T

mj; = (1—7)v" + 7ejj,
v = U(MLP(eZ-T]-)), (22)
where ¢ here denotes the Sigmoid function, ensuring v € (0,1). This allows the network

to dynamically balance node and edge information. The node feature is updated by
aggregating messages from all neighbors:

1
ot = . mi;+ W -], (23)
W&,

where W is a linear transformation. This update rule combines neighborhood information
with the node’s own state, preserving historical information. After T, message passing

. T . .
steps, the final node features v;” are passed through a linear layer to predict the deformed
coordinates x; ;

Xt = Linear(viTp ). (24)

This module is trained end-to-end using mean squared error (MSE) loss between
predicted and ground truth coordinates of the boundary nodes.

Discretization. This module performs domain discretization during the inference
phase, implemented using the open-source library PyGmsh [28]. By inputting boundary
point sets, it discretizes the solution domain into a specified number of discrete points.

Physical field prediction module. The physical field prediction module consists pri-
marily of an encoding layer, a ResNet-based feature transformation layer, and a prediction
layer. The encoding layer first projects input features to a target dimension Dy via a linear
layer, followed by an MLP with one hidden layer to perform feature encoding. The encoder
layer follows

AP = Linear(x,,;, up) € RPH,
X = &7+ MLP(A)). (25)

X¢ € RD# is then transformed by the resnet layer with L residual blocks. The I-th
block follows

R s waom(ar)), o
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where X;’l € RDF denotes the input of the residual block and X is the input of the
first layer.
Finally, the prediction of i-th query node u} € RP¥ is calculated by

u} = Linear(X]"") € RP¥, (27)

where Dr denotes the dimension of u}. During training, we use x; as the query coordinates
X4 to learn the functional mapping between coordinates and the corresponding physical
quantities. The guiding branch incorporates displacement prediction loss into the network,
enabling the fusion of displacement information. The loss function is formulated by

Lr=Ls+aly, (28)

where Ly is the MSE of uy, £, is the MSE of the guiding branch that predicts ug, and
« denotes the scale factor. We further study the effectiveness of the guiding branch
in Section 4.3.

3. Experiment Setting

This section details the experimental setup. Section 3.1 describes the dataset used for
method validation. Section 3.2 specifies the default settings of our proposed model, while
Section 3.3 outlines the baseline models implemented for comparison. Finally, Section 3.4
presents the evaluation metrics employed to assess model performance.

3.1. Dataset

Metal thermoplastic forming represents a typical large deformation process. The
workpiece undergoes geometric deformation due to the compression of the dies, with
the internal physical fields distribution variations. Figure 3a illustrates a typical exam-
ple of cylindrical compression molding, along with the distribution of x-direction strain
component after the forming process.

To obtain the physical field variations during the forming process, numerical simula-
tions are performed using the DEFORM-3D software (version V11.0). Taking advantage of
geometric symmetry, a 2D axisymmetric module is employed to efficiently simulate the
deformation process. The geometry of the axially symmetric section of the workpiece is
detailed in Figure 3b. The height and radius of the workpiece are set as 30 mm and 20 mm,
respectively. The cross section is discretized into a structured grid of 1080 nodes (27 along
the x-direction and 40 along the y-direction). The material behavior is modeled using the
built-in constitutive model for 2014 aluminum alloy (2014Al). The initial temperature of
the workpiece is Ty. The dies are set as rigid body with an initial temperature T;. During
the forming process, the bottom die remains stationary while the top die moves downward
with a constant speed v. The maximum stroke is set as 15 mm. The type of contact friction
between the mold and the workpiece is set as Coulomb friction, with a friction coefficient
i € {0.12,0.2}. The number of time steps of the simulation is 30, i.e., the stroke of the top
die between the adjacent two time steps is 0.5 mm.

We establish a dataset that records the simulation results, including nodal displace-
ment, temperature, stress with its components, and strain with its components, of all the
30 time steps. The details of the process parameters, including y, Ty, T;, v, are listed in
Table 1. The total number of process parameters combinations is 7480, corresponding to
the number of samples of the dataset. The details of the physical quantities in the dataset
are shown in Table 2.
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Figure 3. (a) The schematic diagram of Metal thermoplastic forming and the field distribution
(x-direction strain) after forming (1/4 part of the 3D model) (b) Geometrical setup of the cross-section
of the workpiece for FEM simulations. The cross-section is discretized into 1080 nodes (27 along
x-direction and 40 along y-direction). The height and radius of the workpiece are 30 mm and
20 mm, respectively.

Table 1. Details of the process parameters.

Symbol Min Max Step Count Unit Description

U 012 02 - 2 - Friction factor

To 400 480 5 17 °C Initial temperature of the workpiece
Ty 200 300 10 11 °C Initial temperature of the dies

v 1 20 1 20 mm/s Compress velocity of the top die

Table 2. Details of the physical quantities.

Features Min Max Unit Description

T 201 480 °C Temperature

Exx 0 0.85 - x-direction normal strain
Eyy —1.12 0 - y-direction normal strain
£p 0 0.45 - Hoop strain

Exy —1.47 1.48 - Shear strain

Oxx —150 74 MPa x-direction normal stress
Tyy —357 51 MPa y-direction normal stress
0p —210 153 MPa Hoop stress

Oxy —69 80 MPa Shear stress

3.2. Implementation

The dataset is split into training, validation, and test sets with a ratio of 7:1:2. The
partitioning is designed to evaluate the model’s performance under extrapolation condi-
tions, particularly for high-temperature regimes where material behavior exhibits strong
nonlinearities. Specifically, the training set (70% of samples) encompasses the low-to-
medium temperature range (Tp = 400—455 °C), where conventional plastic deformation
mechanisms dominate. The validation set (10%) contains transitional temperature condi-
tions (T = 460465 °C) to monitor training progress and prevent overfitting. Most critically,
the test set (20%) is exclusively composed of high-temperature scenarios (T = 470480 °C)
that approach the recrystallization threshold of 2014 aluminum alloy.

For the proposed model, we take [Tj] as the nodal initial state ug;, [y, Tz, v, s] as the
nodal boundary condition u, ;, where s denotes the displacement of the top die. By default,
the hidden dimension Dy is 128. The total number of message passing steps is 5. The
number of residual blocks L is 3.
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3.3. Baselines

We take CrystalMind [22] and DeepForge [23] as the baseline models. These models
are typically optimized using the objective function defined in Equation (16). The network
architectures of these models are detailed in Tables A1-A3.

3.4. Metrics

We evaluate the geometrical deformation prediction performance and the physical
fields reconstruction performance by mean absolute error (MAE). To evaluate the phys-
ical fields reconstruction performance, we apply the Inverse Distance Weighting (IDW)
algorithm [29], which estimates unknown values at specific locations based on nearby
points, to calculate the predictions on the test set nodal coordinates for CrystalMind and
DeepForge. Given N neighbors N = {x;,y;, wi}fi’l, the interpolated value ¥ at (x, y) is:

N
T wixy e
. Sl T i d(x, 0,
Gy = 4 huy . THENF (29)

Vi, ifdi(x,y) =0,

where w;(x, y) is calculated by

Lo if (v, yi) EN,
wi(x,y) = { W) if (x y.)
0, otherwise,
dilx,y) =/ (x — 3%+ (y — )2 (30)

By default, N; = 4.

4. Results

This section evaluates the performance of the proposed method through compre-
hensive experiments. Section 4.1 assesses the boundary geometry prediction accuracy in
comparison with baseline models. Section 4.2 extends the comparison to full-field recon-
struction performance across all physical quantities. Further analysis includes a study on
model parameter scaling in Section 4.3 and model computation efficiency in Section 4.4.
An investigation of the guiding branch’s influence on prediction accuracy in Section 4.5.

4.1. Boundary Geometry Prediction Result

The performance of the model is evaluated by the Euclidean distance between the
predicted points and the ground truth boundary (denoted as Ad). Figure 4 shows the error
map of the boundary nodes’ coordinates prediction results of the proposed model on a test
sample. The statistical result on the test set is shown in Figure 5. The mean values of Ad on
the test set of our proposed model, CrystalMind, and DeepForge are 0.12 mm, 0.16 mm,
and 0.19 mm. Notably, as illustrated in the figure, our model outperforms the alternatives
in stability, exhibiting the smallest Ad fluctuations (standard deviation), with CrystalMind
ranking second. DeepForge, on the other hand, shows both the highest average Ad and the
most significant variation. This stability arises from our dedicated boundary geometry mod-
ule, which avoids mesh-misalignment errors by focusing solely on coordinate prediction,
whereas CrystalMind and DeepForge suffer from error propagation due to their end-to-end
learning of coupled geometry-physics mappings. DeepForge’s AutoEncoder architecture,
which lacks explicit geometric inputs, further amplifies instability when reconstructing
high-dimensional outputs.
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Figure 4. Error map of the boundary nodes position prediction result of the proposed model.
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Figure 5. Statistic results of Ad on the test set. The solid line represents the mean value of each point,
the shaded area represents the standard deviation, and the dotted line represents the mean value of
all the points.

4.2. Full-Field Physics Reconstruction Result

Figure 6 visualizes the full-field physics reconstruction result of our proposed model on
a test sample. The result encompasses reconstruction for nine physical quantities, including
temperature, strain components, and stress components, as well as their discrepancies
compared to the ground truth distributions. For brevity, we present only the final time step’s
prediction results. As demonstrated in the result, our approach can reliably reconstruct the
field distributions for all relevant physical quantities.

The MAE:s of all the nine physical quantities on the test set are illustrated in Figure 7.
Our proposed model demonstrates overall lower MAE compared to the other two models,
with only slightly higher values for ey, (0.01 vs. 0.007) and 03y (0.654 vs. 0.503) when
compared to CrystalMind. DeepForge demonstrates significantly inferior performance
compared to our model, exhibiting MAEs that are consistently 10 times higher across all
evaluated physical quantities. This model exemplifies the intrinsic limitations of sequence-
tracking-based methods, where the non-negligible nodal position prediction errors can
significantly amplify inaccuracies in physical field predictions.

In contrast, our proposed model fundamentally transforms the prediction paradigm by
directly establishing the mapping between arbitrary point’s coordinates within deformed
domains and their corresponding physical quantities. This architecture intrinsically ensures
correspondence between ‘keys’ (coordinates) and “values’ (physical quantities), thereby
achieving significant error reduction.
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Figure 6. Visualization of the full-field physics reconstruction result of the proposed model.
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Figure 7. MAEs of the physical field prediction results.
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4.3. Analysis of Model Size Impact on Performance

We investigate the impact of model size on performance, with quantitative results
presented in Figure 8. We scaled the hidden dimension Dy across three settings (32, 128,
and 512). This resulted in the boundary prediction module with 0.004 M, 0.052 M, and
0.8 M parameters, and the field distribution prediction module with 0.011 M, 0.168 M,
and 2.636 M parameters, respectively. The results demonstrate a clear trend of decreasing
MAE with increasing model parameters. Specifically, for the boundary prediction module,
when the parameter count increased from 0.004 M to 0.8 M, the deviation in d decreased
significantly from 0.21 to 0.05, representing a 75% reduction. Remarkably, compared to
CrystalMind (28.98 M parameters with MAE 0.163), our model achieves approximately
60% higher accuracy while using only 3% of its parameter count (Note that the total number
of parameters of CrystalMind is referenced because the nodal coordinates prediction and
physical fields prediction are intrinsically coupled).
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Figure 8. Model performance vs. number of parameters.
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On the other hand, scaling the physical field prediction module from 0.011 M to

2.636 M parameters yielded substantial accuracy gains, with improvement rates ranging
from 68% to 85% across different physical quantities. Comparative analysis shows that
our method achieves 36.2-79.8% higher accuracy in physical fields prediction with 89.7%
parameter reduction compared to CrystalMind (2.636 M vs 28.98 M parameters). Further-
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more, our method achieves a 94-98% reduction in physical field prediction error compared
to DeepForge (13.76 M parameters).

The proposed model establishes relationships between arbitrary point locations within
the deformed field and their corresponding physical quantities, rather than modeling
the mappings between initial states and the states after deformation. This fundamental
innovation effectively circumvents prediction errors caused by mesh mismatches, not
only significantly enhancing prediction accuracy but also dramatically reducing parameter
requirements compared to existing methods.

4.4. Computation Efficiency

To quantify the computational efficiency, we evaluate the wall-clock training time as
well as the model size, inference memory usage, and inference speed of the three models.
The inference task requires simultaneous reconstruction of the geometrical deformation as
well as the full-field distributions including the temperature field, strain field, and stress
field for 30 time steps throughout the entire forming process. Both the proposed model and
CrystalMind enforce independence inference among different time steps, implementing
a parallel computation paradigm that enables full-progress physical field reconstruction
through batch mode. In contrast, DeepForge requires sequential execution during full-
progress inference, as each time step depends on the external observed surface temperature
as input (note that it is regarded as a known item during the training process).

We executed 500 independent inference runs for each model on both CPU (Intel
Xeon Silver 4314; Intel Corporation, Santa Clara, CA, USA) and GPU (NVIDIA RTX 3090
24 GB; NVIDIA Corporation, Santa Clara, CA, USA) platforms, recording precise infer-
ence latencies using high-resolution timers (ns precision). The complete comparisons are
presented in Table 3. The results indicate a distinct trade-off between inference speed and
resource consumption across the different approaches. In terms of inference speed on a
CPU, DeepForge demonstrates the shortest computation time (71.88 + 1.85 ms), followed by
CrystalMind (115.22 + 7.65 ms), while our proposed method requires the longest processing
time (167.53 + 3.90 ms). However, a markedly different trend is observed for GPU accel-
eration. CrystalMind achieves a significantly faster inference speed (4.47 + 0.74 ms) than
both our method (95.86 + 0.63 ms) and DeepForge (20.79 + 3.05 ms) on the GPU. Regarding
memory footprint, our method consumes a moderate amount of memory (1.56 GB), which
is comparable to DeepForge (1.48 GB) and substantially lower than CrystalMind (2.70 GB).

Table 3. Inference time and memory usage of the models.

The Proposed Method CrystalMind DeepForge

CPU time (ms) 167.53 £ 3.90 11522 £7.65 71.88 £1.85
GPU time (ms) 95.86 & 0.63 447 +0.74 20.79 £ 3.05
Memory usage (GB) 1.56 2.70 1.48

The observed differences in computational efficiency can be attributed to the underly-
ing architectural designs of the models. The superior GPU performance of CrystalMind
likely stems from a highly optimized computational graph and a higher degree of par-
allelism inherent in its single-stage, end-to-end architecture. In contrast, the two-stage
prediction pipeline of our method, which involves sequential processing by distinct geo-
metric and physical field modules, introduces inherent computational overhead, resulting
in longer CPU and GPU times. However, this architectural choice also allows for more
compact intermediate representations, contributing to our method’s moderate memory
usage. The low memory footprint of DeepForge is consistent with its autoencoder-based
structure, which typically operates on a compressed latent representation. Ultimately, the
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higher computational cost of our method is the direct trade-off for its enhanced prediction
accuracy, as demonstrated in the previous sections, making it particularly suitable for
applications where precision is paramount over real-time speed.

4.5. Influence of the Guiding Branch

In this section, we analyze the influence of the guiding branch. We first study the
performance with different «. By default, Dy = 128. The results are demonstrated in Table 4.
We find that as a decreases from 10 to 0.1, L shows a slight improving trend (decreasing
from approximately 0.00312 to 0.00285), with the minimum value achieved at « = 0.2.
Conversely, L, exhibits a consistent and significant deterioration (increasing from 0.00506
to 0.00647) as « decreases. This relationship is expected, as a lower & reduces the penalty
associated with Ly during training, allowing the model to prioritize the minimization of £
at the expense of £,. While a = 1, the model represents a balanced compromise between
Ly and Ly.

Table 4. £ and L of the last training epoch with different «

a=10 a=5 a=2 a=1 a=05 a=0.2 a=0.1

Ly 0.003121 0.003332 0.003013 0.002804 0.002833 0.002628  0.002847
Le 0.005064 0.005033 0.004990 0.005083 0.005883 0.006138 0.006469

Figure 9 compares the training loss with (w/) and without (w/0) the guiding branch,
where a is set as 1 and 0, respectively. £ and Lg are 0.0030 and 0.43 of the last training epoch
for the model without guiding branch. Experimental results confirm that activating the
guiding branch significantly reduces the physical field prediction error £, demonstrating
its effectiveness in enhancing prediction accuracy through the integration of displacement-
related information. Furthermore, even when the guiding branch is disabled, a consistent
decrease of L, is observed throughout training, of which dropping from approximately
0.6 initially to 0.43 upon convergence. This trend clearly indicates a mutually reinforcing
relationship between displacement and physical field prediction, where improvements in
one aspect facilitate learning in the other.

0.084 | — Lr(w/) e Ly (W/)
| Lr(w/o) Lg (w/0)
0.07
0.06 0.6
0.05 0.51
by 0.4 . .
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Figure 9. Training loss with/without the guiding branch.

Additionally, we conducted comprehensive tests across different parameter scales,
maintaining identical parameterization schemes as established in Section 4.3. By default,
« = 1 for model with guiding branch. As shown in Figure 10, activating the guiding branch
consistently improves physical fields prediction accuracy, with more pronounced benefits
at larger model sizes. Specifically, for the temperature field at 2.636 M parameters, the
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prediction error is reduced by 33.8% (from 1.04 to 0.688) when the branch is enabled. The
prediction accuracy improvements for other physical fields range from 8% (o) to 38.5% (gg).
Experimental results demonstrate that the integration of the guiding branch’s displacement
prediction loss yields accuracy improvements for physical fields prediction. This demon-
strates the critical role of geometrical deformation awareness in physical field prediction.
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Figure 10. Performance with/without the guiding branch.

5. Discussion

While the proposed method has achieved notable accuracy in physical field prediction
for large thermoplastic deformations, we acknowledge several limitations requiring further
investigation. Firstly, the current framework does not employ explicit PDE-constrained op-
timization, it incorporates an implicit physics regularization (nodal displacement) through
the guiding branch. This design, inspired by the sequential geometry-physics solution
paradigm of numerical methods, provides a flexible inductive bias towards physically con-
sistent solutions. However, incorporating physical constraints into the learning framework
represents a particularly meaningful direction for future enhancement for scenarios with
well-defined physical relationships. Future work could explore hybrid approaches that
combine the proposed learning paradigm with explicit physical constraints for problems
where the governing equations are fully known and well-defined. Secondly, while the
current validation has been conducted primarily on axisymmetric problems, extending the
method to general 3D non-axisymmetric geometries with complex mesh topologies repre-
sents a necessary research direction. This expansion would require addressing substantial
challenges in spatial representation and computational efficiency. Notably, the proposed
method offers a worthy solution to consider. For physical fields prediction tasks involving
tens or even hundreds of thousands of mesh nodes with high-dimensional features, it is
more effective to establish a functional mapping from nodal coordinates to the correspond-
ing physical quantities, rather than to model the temporal evolution of the large-scale
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high-dimension nodal sequences. Lastly, while this study demonstrates the framework’s
effectiveness on a specific aluminum alloy forming process, the methodology is inherently
general. The core innovation lies in the two-stage prediction framework, which bypass
mesh-alignment errors, is not specific to a particular material model or process geometry.
Future work will rigorously evaluate the transferability of this approach. This will include
extending validation to different material classes (e.g., steels, titanium alloys) exhibiting
varied hardening and thermal responses, as well as to other forming operations (e.g., rolling,
extrusion) with distinct boundary condition complexities. Such studies will further solidify
the framework’s potential as a general-purpose tool for high-fidelity deformation modeling.

6. Conclusions

In this paper, we propose a point-wise full-field physics neural mapping framework
via boundary geometry constrained for large thermoplastic deformation. We design a
two-stage computational framework which first predicts the geometric deformation and
then establishes point-wise mappings between coordinates and physical quantities within
the deformed domain. By establishing functional mappings between coordinates and
their corresponding physical quantities, our approach fundamentally resolves the mesh-
mismatch limitations inherent in existing deep learning-based methods. We validate our
approach on a metal thermoplastic forming dataset and conduct comparative experiments
with other deep learning models. Experiment results demonstrate that the proposed
method achieves a 36-98% improvement in MAE compared to other deep learning baselines,
confirming its effectiveness for large thermoplastic deformation computation.
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Appendix A

Table Al. The architecture of CrystalMind. The process parameters vector [y, Ty, Ty, v, s] is firstly
embedded by a linear layer and then concatenate with the coordinates tensor processed by Unit
(The architecture is shown in Table A2). Lastly, the physical quantities and coordinates of all the
1080 nodes are predicted by Linear A and Linear B, respectively. There is a dropout layer after the
first linear A and B and the ReLU activation function with a probability of 0.1. bs represent batch size.

Operation Input Output Shape Activation
Linear Process parameters vec  (bs, 20) -
Unit Coordinates tensor (bs, 1080, 256) -
Unit Coordinates tensor (bs, 1080, 512) -

Unit Coordinates tensor (bs, 1080, 1024) -
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Table Al. Cont.

Operation Input Output Shape Activation

Mean Coordinates tensor (bs, 1024) -

Concat Process parameters vec  (bs, 1044) -
Coordinates tensor -

Linear A Concat vec (bs, 2046) ReLU

Linear A Concat vec (bs, 1080 x 9) Sigmoid

Linear B Concat vec (bs, 2048) ReLU

Linear B Concat vec (bs, 1080 x 2) Sigmoid

Table A2. Architecture of Unit. The value of X is related to the level in the main framework shows

in Table A1.
Operation Output Shape Activation Normalization
Linear (bs, 128) LeakyReLU -
Linear (bs, 128) LeakyReLU -
Linear (bs, X) - BatchNorm1d

Table A3. The architecture of DeepForge. The surface temperature tensor consists of the values of

the boundary nodes. Each operation is followed by a ReLU activation function and between the

Linear layers is also a dropout with probability of 0.1. The kernel size of the Conv1D layers is 3 with

padding of 1 and stride of 2. The hidden dimension size and layers of Gate Recurrent Unit (GRU) are

16 and 1. The output includes the coordinates and 9 physical quantities of all the 1080 nodes.

Operation Input Type Output Shape
ConvlD Surface temperature tensor (bs, 8, 1)
Conv1D Surface temperature tensor  (bs, 16, 1)
Conv1D Surface temperature tensor (bs, 32, 1)
GRU Surface temperature tensor  (bs, 32, 16)
Flatten Surface temperature tensor (bs, 512)
Concat Surface temperature tensor (bs, 516)
Process parameters vec
Linear Concat vec (bs, 1024)
Linear Concat vec (bs, 512)
Linear Concat vec (bs, 1024)
Linear Concat vec (bs, 1080 x 11)
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