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HIGHLIGHTS

«» StampFormer fuses material stress-strain curves with component geometry.
» Multiscale material injection improves forming—field prediction.

« The model predicts thinning, strain and displacement in under 1 s.

« Predicted fields agree closely with finite-element simulations.

« The surrogate supports rapid early-stage material-geometry screening.

ARTICLE INFO ABSTRACT

Keywords: Traditional sheet metal forming relies on computationally expensive Finite Element Analysis (FEA), significantly
Sheet metal forming prolonging design cycles. While surrogate models accelerate iteration, existing approaches either provide lim-
Al for science ited scalar outputs or ignore crucial material properties by focusing solely on geometry. To address this gap,

Surrogate model
Real-time simulation
Multimodal learning

we develop StampFormer, a physics-guided deep learning framework that simultaneously processes component
geometry and material stress-strain responses to predict FEA outcomes. Its architecture employs a Material-
Augmented Geometric Network (MAGN) for initial multimodal fusion, followed by a Hierarchical Material
Embedding Injection Unit (HMEIU) that progressively integrates material features into an adapted Swin-UNet
backbone. Evaluated on steel and aluminium crossmember stamping datasets, StampFormer predicts critical
physical fields—including thinning, major/minor strain, plastic strain, and displacement—in under a second.
Compared with the reference FEA, our model achieves a mean representative-maximum relative error below 8.2%
for each of the four 2D fields in both material datasets and a masked displacement mean squared error below
0.71 mm?. Within the investigated component family and fixed process conditions, this multimodal framework
provides sub-second predictions for rapid early-stage material-geometry screening and design exploration.

1. Introduction ratios to produce high-performance and more fuel-efficient vehicles in
recent years [4,5]. Despite the significant advantages these materials
offer for vehicle lightweighting, it remains a challenge to design fea-
sible and optimal parts with them [6]. This is because their forming
processes often exhibit complex behaviours, such as thinning, limited
ductility, and increased springback, which pose substantial challenges to

Sheet metal forming is crucial for producing complex parts in various
sectors. This includes aerospace [1], medical devices [2], and, notably,
automotive manufacturing [3]. As technology advances and perfor-
mance demands increase, manufacturers have increasingly adopted
advanced steels and aluminium alloys with high strength-to-weight
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Fig. 1. Workflow of traditional sheet metal forming design and the proposed surrogate-assisted Al-empowered design process.

the design of manufacturable components [7]. To handle this complex-
ity, it is essential to implement a rigorous and efficient design validation
process. This step is crucial for ensuring that a part is manufacturable
before investing in costly tooling and production lines [8].

As illustrated in the Traditional Serial Iteration Workflow section of
Fig. 1, the conventional sheet-metal design process is constrained by
a linear and repeated validation cycle [9]. In this workflow, designers
first create a concept part and define its geometry, and engineers then
select materials and geometric parameters manually based on their ex-
perience to run a feasibility check. Such feasibility analysis relies on
complex Finite Element Analysis (FEA) simulations that require signif-
icant computing resources. FEA provides detailed predictions of how
materials will flow, along with the potential failure regions [10]. This
makes it an essential instrument for confirming a design before final
production [7]. However, its steep computational cost prevents it from
being an efficient tool for fast sheet metal design. In this cycle, each it-
eration introduces a substantial latency of hours or even days, severing
the interactive link between design ideation and performance verifica-
tion [11,12]. This inevitably lengthens the design cycle and pushes up
the cost of development [3,13].

Advances in computing hardware have enabled Artificial Intelligence
(AI) to fundamentally transform traditional engineering practices and
boost productivity [14]. Consequently, Al applications in manufacturing
have garnered significant academic attention [15]. Typical applica-
tions include predictive maintenance [16], supply chain optimisation
[17], and smart quality inspection [18]—such as Kardovskyi et al.’s
use of mask R-CNN for steel bar installation [19] and Senoner et al.’s
explainable Al for semiconductor manufacturing [20]. Furthermore,
Al-assisted design optimisation using surrogate models has recently
emerged [3,12,21-25]. As shown in Fig. 1, this Al-empowered work-
flow rapidly simulates designs to accelerate the validation feedback
loop, reducing the need for repeated time-consuming FEA. However,
existing geometry-focused surrogates [22,26] often overlook the critical
influence of material properties. In practice, even subtle material vari-
ations can significantly alter forming responses [27]. Addressing this
material-geometry coupling gap is the focus of our work.

In this paper, we introduce StampFormer, a novel physics-guided
deep learning framework designed to account for the critical impact of
material properties in predicting physical fields (i.e., thinning, strain,
and displacement) during sheet metal forming. In any real-world form-
ing process, a part’s final performance is co-determined by its geometry
and the material used. Our method introduces a multimodal architec-
ture that is, to the best of our knowledge, one of the first high-fidelity
sheet-forming surrogates to explicitly combine a part’s geometry and

its material properties (i.e., stress-strain responses) to predict FEA out-
puts. Unlike geometry-centred image-based surrogates, StampFormer
explicitly couples the material stress—strain response with the geometric
representation and maintains this material information across multiple
feature scales. This enables the model to account explicitly for mate-
rial variations together with geometric variations within the investigated
design domain. The conceptual distinction from existing surrogate ap-
proaches is further discussed in Section 2. The main contributions of this
work are as follows:

1. By providing rapid feasibility predictions within the investigated
design domain, the surrogate can reduce repetitive FEA evalua-
tions and support faster early-stage material and geometric design
exploration.

2. Our multimodal, image-based approach addresses the limita-
tions of both scalar-based techniques, which provide limited
spatial information, and conventional geometry-centred image-
based surrogates, which do not explicitly incorporate the material
stress—strain property as a variable.

3. The introduced architecture employs a dual-stage integration
strategy. First, the Material-Augmented Geometric Network
(MAGN) combines geometric inputs with material-specific
context; subsequently, the Hierarchical Material Embedding
Injection Unit (HMEIU) injects material embeddings at multiple
hierarchical levels. Ablation experiments assess the contribution
of material conditioning and the output-dependent effects of early
fusion.

The rest of the paper is organised as follows. Section 2 reviews re-
lated work. Section 3 details the problem definition and how the data
was prepared. Section 4 presents the proposed network architecture,
while Section 5 details the experimental setup. Section 6 presents and
discusses the results. Section 7 discusses engineering implications and
metric choices, and Section 8 concludes the paper.

2. Related work

To address the workflow latency between the design and validation
phases of traditional design cycles, the engineering field has increas-
ingly turned to data-driven surrogate models. As depicted in the section
AI-Empowered Real-time Interactive Workflow of Fig. 1, these models are
trained to learn the complex input-output relationships of physical
simulations in near real-time, thereby enabling rapid design iterations
[28-30]. A relevant example can be found in structural mechanics,
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prediction.

where surrogate models are developed to accelerate FEA. By replacing
complex, time-consuming simulations with a machine learning model,
researchers can rapidly predict the dynamic response, such as the dis-
placement of a truss structure, thereby preventing the need to rerun
complex simulations [31]. Early data-driven surrogate models, like those
in [32-34], were relatively simple. These approaches, which we refer to
as scalar-based models, worked by regressing a few key design parame-
ters against a single performance metric to simplify complex simulation
processes.

While these scalar-based models—which predict a single, critical
metric such as the maximum thinning rate—offer significant speed, they
suffer from a major drawback: they provide only limited output informa-
tion compared to image-based surrogate models [35-37]. For example,
in the hot stamping of a vehicle component, key variables like geometry
and processing conditions influence the final thinning field. Predicting
the entire thinning field with image-based machine learning methods,
rather than just predicting its maximum value, provides much more com-
prehensive information for engineers [3]. Similarly, Li et al. [11] used an
image-based machine-learning method to construct a surrogate model
for rapid prediction of crashworthiness performance in vehicle panel
components. This approach provided engineers with richer information,
such as precise locations, directly from the final predicted image-based
outputs.

While existing image-based surrogate models can provide richer
outputs than scalar-based surrogate models, they still have a major lim-
itation: current architectures are primarily designed around geometric
inputs and do not explicitly incorporate the full material stress—strain re-
sponse as an additional input modality. As conceptually summarised in
Fig. 2, scalar-based surrogate models typically map geometric, process,
and material variables to individual scalar responses, while geometry-
centred image-based models map geometric representations to spa-
tial physical fields. In contrast, StampFormer introduces the material
stress-strain response together with the component geometry, allowing
the predicted physical field to depend jointly on material behaviour
and geometric information. This distinction is particularly important

when material variation itself is a design variable in sheet-metal
forming.

Addressing the material-geometry coupling illustrated in Fig. 2
requires a suitable architectural foundation. The encoder-decoder struc-
ture, for example, is widely used for semantic segmentation, where the
goal is to produce a dense, pixel-wise probability map, analogous to
the physical fields in FEA simulations. Among the existing image-based
FEA surrogate models, many have also been designed with an encoder—
decoder structure [3,11,12,22,38]. As a pioneering encoder—decoder
model, U-Net is widely employed in the field of medical image segmen-
tation [39]. Over the past decade, encoder—decoder models for semantic
segmentation have advanced considerably, undergoing multiple rounds
of iteration [40] driven by the development of architectures such as
Vision Transformer [41], Vision Mamba [42], and Swin Transformer
[43]. A number of superior architectures, including TransUNet [44],
UMamba [45], and SwinUNet [46], have since been introduced. Despite
these architectural advancements, their application in manufacturing
has yet to address the critical gap identified earlier: the need to integrate
material properties with geometry. Fortunately, the recent emergence
of multimodal learning—a subfield of AI focused on processing and fus-
ing information from fundamentally different data types (such as 1D
curves and 2D images)—provides the necessary techniques to close this
gap. Building on this concept, StampFormer introduces early material-
geometry coupling followed by multi-scale material re-injection, while
retaining an encoder—decoder backbone for spatial full-field predic-
tion. The detailed implementation of these mechanisms is presented in
Section 4.

3. Data generation and pre-processing

StampFormer learns the relationship between component geome-
try, material constitutive response, and the resulting forming fields.
The dataset therefore comprises three linked components: parameterised
component geometries, material stress-strain curves, and the corre-
sponding physical fields generated by finite-element analysis (FEA).
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For each material-geometry combination included in the Design of
Experiments (DoE), a separate PAM-STAMP simulation was performed
to generate the target thinning, strain, and displacement fields. This
section describes the generation of the material and geometry data
and their pre-processing into the input and output formats required by
StampFormer.

Throughout this manuscript, unless otherwise stated, the term
“stress—strain curve” refers to the flow-stress—plastic-strain relation used
in the FEA material model.

3.1. Material data generation

The reliability of StampFormer depends on adequate sampling of
the constitutive material-response domain represented in the training
data. In the present FEA formulation, material behaviour is prescribed
using a lookup table of flow stress as a function of plastic strain, and
StampFormer uses a discretised representation of the same response as
its one-dimensional material input. The available baseline curves were
therefore supplemented through controlled, bounded augmentation to
improve the balance and sampling density of this constitutive-response
domain. The purpose was not to create additional named commercial
grades, but to provide a denser representation of the material responses
relevant to the numerical forming simulations.

For a parent flow curve o ;(¢”), a multiplicatively scaled curve can
be expressed as

G;Ifk(s”) = a;,07 (), ¢
where o, denotes flow stress, e” denotes plastic strain, and «;  is a pos-
itive scaling factor. This operation retains the plastic-strain coordinates
and the characteristic shape of the parent hardening curve while varying
its overall flow-stress level. Diversity in hardening behaviour is provided
by the different parent curves, while the augmentation increases the
sampling density around the response trajectories represented by these
curves.

The initial steel dataset comprised 101 stress—strain curve records
obtained from an existing material database. These records had been as-
signed to five dataset-specific material-response clusters containing 55,
10, 13, 3, and 20 curves, respectively, as shown in Fig. 3(a). Because the
initial distribution was strongly imbalanced, a two-stage augmentation
procedure was applied. In the first stage, 0, 28, 27, 33, and 11 additional
curves were generated for the five clusters, respectively. This produced
an intermediate dataset of 200 curves, with cluster sizes of 55, 38, 40,
36, and 31 (Fig. 3b), thereby reducing, although not eliminating, the
original imbalance.

In the second stage, a further 65, 82, 80, 84, and 89 curves were
generated for the respective clusters so that each cluster contained

2

Strain (%)

(a) Initial dataset (101 curves).
curves).

(b) Intermediate dataset (200
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120 curves. The final steel dataset therefore comprised 600 curves
(Fig. 3(c)). The additional steel curves were generated within their
respective material-response clusters by multiplying the flow-stress val-
ues of selected parent curves by positive scaling factors. In the final
balancing stage, the scaling factors were selected within the interval
[0.95, 1.10]. This bounded augmentation increased the coverage of ini-
tially under-represented regions while retaining the principal response
characteristics of the source curves.

The aluminium dataset comprised 10 baseline stress-strain curve
records, each for a different aluminium sheet material used in cold
stamping, as shown in Fig. 4(a). Each baseline curve was scaled using
11 factors defined as

a;, = 0.90 + 0.02k, k=0,...,10, 2)

corresponding to scaling factors from 0.90 to 1.10 at intervals of 0.02.
Applying these 11 factors to each of the 10 baseline curves generated
10 x 11 = 110 aluminium curves in total (Fig. 4(b)). Because the factor
a, = 1.00 was included, the final dataset contained the 10 original curves
together with 100 scaled variants. The bounded +10% range increased
the local sampling density around the original material responses with-
out introducing large extrapolations from their baseline constitutive
behaviour.

The five material-response clusters were used as dataset-specific
sampling strata to reduce imbalance and support distributed material se-
lection in the DoE. Their labels were not supplied to StampFormer and
are not intended to represent a common physical classification across
the steel and aluminium datasets.

The augmented curves served as material-card inputs in the DoE,
and the forming fields for each material-geometry pairing were gen-
erated through a separate PAM-STAMP simulation rather than being
copied from an existing case. Under the fixed material-model and
process assumptions adopted in this study, different grades, tempers,
suppliers, or production batches may exhibit similar flow-stress—plastic-
strain responses and consequently similar simulated forming behaviour.
Conversely, nominally identical grades may exhibit variability in their
measured material responses. Because StampFormer receives the nu-
merical constitutive curve rather than a commercial material label, the
relevant material input in the present framework is the flow-stress—
plastic-strain response itself.

The augmented curves should therefore be interpreted as virtual con-
stitutive samples that densify the response space represented by the
baseline datasets, rather than as additional independent experimental
measurements. This expanded response space enables StampFormer to
learn how variations in flow-stress levels and the range of hardening

Stress (GPa)

6 a0
Strain (%) Strain (%)

(c) Final balanced dataset (600
curves).

Fig. 3. Evolution of the steel stress—strain dataset: (a) the initial dataset of 101 curves, with cluster sizes of 55, 10, 13, 3, and 20; (b) the intermediate augmented
dataset of 200 curves, with cluster sizes of 55, 38, 40, 36, and 31; and (c) the final balanced dataset of 600 curves, comprising 120 curves in each of the five
material-response clusters. Throughout this manuscript, stress—strain curves refer to flow-stress—plastic-strain relations.
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Fig. 4. Aluminium stress—strain datasets: (a) the 10 experimentally measured baseline curves, and (b) the final dataset of 110 curves obtained by applying 11 scaling
factors from 0.90 to 1.10 at intervals of 0.02 to each baseline curve. The final dataset contains the 10 original curves and 100 scaled variants. Colours denote the
dataset-specific material-response clusters used for distributed sampling in the DoE. (For interpretation of the references to colour in this Figure legend, the reader is

referred to the web version of this article.)

behaviours represented in the dataset influence the predicted thinning,
strain, and displacement fields.

To provide a consistent input format for StampFormer, all baseline
and augmented stress—strain curves were interpolated and discretised
onto a common grid of T = 100 uniformly distributed plastic-strain
points. The corresponding flow-stress values form the material-input
vector
si= o4 () 05 (2) 1 oiops (2)]T €R™, T =100. ®3)

The resulting sequence of T = 100 flow-stress values is used directly
as the one-dimensional material input to the model. This interpolation
standardises the input dimension and is distinct from the preceding
material-response augmentation.

3.2. Geometric parameter generation

To create a comprehensive and representative dataset, the geometry
was designed to capture the key deformation characteristics encoun-
tered in sheet-metal forming, while maintaining a sufficiently systematic

R1
R3

R2

‘k:Y

X

Bead D1 Bead D2

| |

Draft angle

parameterisation for studying the influence of geometric variations. The
selected panel geometry incorporates representative automotive stamp-
ing features, including curved transitions, fillet radii, and a draft angle,
which collectively introduce bending, stretching, and material flow
around the forming radii. This geometry was therefore considered ap-
propriate for evaluating the capability of the proposed method to predict
the forming response over a range of practical geometric configurations.

As the selected panel geometry and the corresponding tooling/load-
ing conditions are symmetric about the central plane, only half of the
geometry was modelled in the numerical simulations. The symmetry
boundary condition was applied along the symmetry plane, ensuring
that the half-model reproduces the deformation behaviour of the com-
plete panel while significantly reducing the computational cost and
simulation time. This approach also enabled a larger number of simula-
tions to be performed for systematic exploration of the geometric design
space without compromising the physical representation of the forming
process.

As illustrated in Fig. 5, the panel geometry includes several key
geometric features, including the die radius R,, punch radius R,, and

} V . R4
R5 (varying radius)  z
XA/AKY

L.

Fig. 5. The key geometric features of the proposed panel.
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Table 1
Latin Hypercube sampling ranges for geometric pa-
rameters.
Parameter Sampling Range
R, (mm) 5-10
R, (mm) 5-10
R; (mm) 5-10
R, (mm) 30-60
Ry start (mm) 5-15
Rs end (mm) 10-25
Bead D1 (mm) 30-60
Bead D2 (mm) 100-130
Draft angle (°) 35-60

draft angle. Additional fillet radii, namely R;, R4, and Rs, were also
introduced to represent variations in local geometric transitions. In
particular, Rs represents a variable fillet radius, for which the starting
and ending radii were independently sampled from specified ranges.
These geometric features were treated as variable parameters in the
present study. Latin Hypercube Sampling (LHS) was then employed
to generate 600 distinct combinations of the geometric parameters,
resulting in 600 unique three-dimensional CAD geometries with ap-
proximately uniform coverage of the defined design space. The specific
sampling ranges adopted for each geometric parameter are provided in
Table 1.

(a) 3D Die Geometry (Input)

‘Thinning (engineer value)
0.209

0.179
0.149

Min = -0.064
Max = 0.209

(c¢) 3D Deformed Thinning Field (Target)
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3.3. Input and target image preparation

The StampFormer model accepts multimodal inputs: a 1D vector for
the stress-strain curve and a 2D image representing the part’s geometry.
The model outputs a 2D image representing the predicted physical field.
This output is a single-channel image for physical fields (e.g., thinning,
plastic strain) plotted on the undeformed configuration or a 3-channel
image for the displacement field. This necessitates the conversion of both
the 3D CAD geometries and the 3D FEA simulation results into a uniform
2D image format.

The input geometry images are generated from the 3D CAD mod-
els. An information-preserving Z-plane projection is employed for the
undercut-free panels considered here, as shown in Fig. 6(a) and (b). This
projection relies on the fact that the geometry of a stamped component
can be accurately represented as a single-valued height-map, without
overlapping surfaces in the pressing direction. The out-of-plane height
(Z-value) at each (X, Y) coordinate is recorded to create this 2D height-
map. This height-map is then interpolated onto a uniform Cartesian grid
with a resolution of 608 x 768 pixels, resulting in a single-channel image
that serves as the 2D geometric input.

The target physical field images are generated from the FEA results.
FEA simulations yield physical field data (e.g., thinning) on the final
deformed 3D mesh as shown in Fig. 6(c). To ensure spatial alignment
with the 2D input, these 3D results are mapped back to the initial unde-
formed 2D blank. Using the simulation’s displacement field, each node
on the deformed mesh is mapped to its original (X, Y) coordinates, and

(b) 2D Projected Height-map

(d) 2D Mapped Thinning Field

Fig. 6. Illustration of the 3D-to-2D conversion process for model inputs and targets.
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its corresponding physical field value is transferred. This process cre-
ates a 2D point cloud, which is then interpolated onto the same uniform
grid, as illustrated in Fig. 6(d). For 2D physical fields such as thinning,
major strain, minor strain, and plastic strain, this process yields a single-
channel target image. For the 3D displacement field, the X, Y, and Z
displacement components are similarly mapped back to the original grid,
creating a 3-channel image that represents the 3D vector field.

3.4. Design of experiments

Building upon our prepared geometry and material data, we designed
experiments to generate the target FEA simulation outcomes. This pro-
cess created a comprehensive Design of Experiments (DoE) matrix. For
the steel dataset, we randomly partitioned the 600 geometries into train-
ing, validation, and testing sets in a ratio of 0.8, 0.1, and 0.1. Each
geometry was then paired with five materials drawn from five differ-
ent groups, resulting in planned training, validation, and testing sets
with 2400, 300, and 300 samples, respectively. A sample of this pair-
ing is shown in Table 2. The same DoE methodology was applied to the
aluminium dataset. Each material system was planned to contain 3000
simulations, giving 6000 planned simulations in total.

3.5. FEA simulation setup

The FEA simulations were employed to generate the training, vali-
dation, and test datasets for StampFormer. A representative automotive
panel forming model was developed in PAM-STAMP (Fig. 7). The model
integrates the tooling and blank geometries, the process setup, and
the FEA solver controls. Tooling kinematics follow production practice:
the die travels in the press direction towards a fixed punch, while a
blank holder (binder) applies a prescribed blank-holder force to regu-
late sheet draw-in between the binder and die. All other parameters and
settings, except for material type and geometry, were fixed, as specified
in Table 3. The simulation matrix was generated automatically using
integrated Python and PAM-STAMP scripts. Accordingly, the present

Table 2

A sample of the design of experiments matrix for the steel
dataset. Note that for each distinct geometry, one material
is systematically sampled from each of the five groups.

ID Geometry ID Material ID Material Group
0 472 104 1
1 472 225 2
2 472 328 3
3 472 449 4
4 472 532 5
5 471 52 1
6 471 232 2
7 471 348 3
8 471 412 4
9 471 501 5

Movable Die

Stamping
Direction

Symmetry
Plane

Fig. 7. The FEA model setup.
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Table 3

The process parameters for the FEA model.
Model Parameter Value/Definition
Blank Thickness 1.6 mm

Material Model
Tool Type

Isotropic Lookup Table

Feasibility Stamping (3-piece tools)
Forming Speed 250 mm/s (constant)

Blank Holding Force 800 kN

Friction Coefficient 0.12

dataset evaluates material and geometric variations under fixed process
conditions; blank-holder force, friction coefficient, sheet thickness, and
forming speed are not model input variables in the current study.

Fig. 8 illustrates the overall simulation flow of the stamping process
for the part, which is divided into three main stages: gravity loading,
blank holding, and stamping, each representing a critical step in captur-
ing the realistic behaviour of the material during forming. One example
of the results obtained is the plastic strain distribution throughout the
part, evaluated at the end of each stage, as illustrated in Fig. 9. Notably,
due to occasional numerical non-convergence, only 5960 valid sam-
ples were successfully obtained and retained from the 6000 simulations
planned in the DoE matrix.

4. Network architecture

In this study, we introduce StampFormer, a novel deep learning
framework that provides fast and accurate predictions of complex phys-
ical fields in FEA. Throughout this section, let I, € R¥>*¥*! denote
the input 2D geometry image, and let S € R™>! denote stress values
sampled at T fixed strain levels representing the 1D stress-strain curve.
As shown in Fig. 10, the proposed StampFormer is composed of three
main components: MAGN, HMEIU, and the Physics-Guided Swin-UNet
(PGSU).

4.1. Material-augmented geometric network

Inspired by heterogeneous data processing architectures, the MAGN
in StampFormer is responsible for the initial multimodal fusion of the
2D part geometry and the 1D stress-strain curve. This robust multimodal
integration is achieved through three key stages: material processing,
material-aware feature modulation, and spatial feature integration.

For the material path, the 1D stress-strain curve S € RT¥! is trans-
formed into a dense representation. It is first linearly projected into a
dpac-dimensional space using a weight matrix Wy € R!*4mat and com-
bined with a learnable positional embedding Epos mar € RT*dmat, This
sequence is then processed by a Transformer Encoder Layer to capture
the intricate constitutive relationships within the material. Next, the out-
put tokens from this Transformer are aggregated via average pooling
(applied over the T token dimension) to produce a condensed, global
material embedding E,,, € Rémat:

Enar = AvgPool(TransformerEncoder(SWs + Epos mat))- “4)

In the Material-Aware Feature Modulation (MAFM) stage, we map
the global material characteristics into the spatial geometric do-
main. The input geometry is represented as a single-channel image
Iy € RPWXI To align the feature spaces, Ep, is passed through
a multi-layer perceptron (MLP) to form a conditional material vector
MLP(Ey,,) € RE, while I, is independently processed by a point-wise
convolution (1 x 1 Conv) to extract its base spatial embeddings. The ma-
terial vector is then spatially broadcast across the spatial dimensions
and added to the geometric embeddings. This modulated feature is re-
fined by a sequence of convolutional layers to yield an intermediate
geometry-material fused feature map Fygq € RTXWXC:

Fiysed = ConvLayers(Conv y; (Igeo) + BIMLP(Epy))), (5)
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Gravity

Holding
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Stamping

Fig. 8. FE simulation stages used in the forming workflow: gravity loading, blank holding, and stamping.
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(b) Holding
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0.185
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0.000
Min = 0.000
Max = 0.324

(c) Stamping

Fig. 9. FE simulation results showing the effective plastic strain distribution at different stages for one of the matrix cases.
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Fig. 10. Overall architecture of the StampFormer model. The framework consists of three main components: the MAGN for fusing geometry and material data, the
HMEIU for multi-scale feature integration, and the PGSU backbone for predicting the final physical field.

where B(-) denotes the spatial broadcasting operation that broadcasts
the vector to R#*WXC_ This guarantees that the geometric representa-
tions are uniformly conditioned by the macroscopic material properties.

Finally, in the spatial feature integration stage, we employ a
concatenation-based skip connection to preserve pristine geometric
boundary information. The initial raw geometry Iy, is concatenated
with the fused feature Fj .4 along the channel dimension:
Zconcat = Concat(lgeo’ Ffused)‘ (6)
This concatenated representation seamlessly bridges the explicit
physical boundaries and the deep, material-conditioned features.

Subsequently, Z.,..a: iS processed through a final integration block
(denoted as ConvInt) consisting of consecutive 3 x 3 convolutional lay-
ers coupled with ReLU activations. This yields the final, high-fidelity
material-augmented feature map X© = ConvInt(Z pcqr), Which is fed
directly into the main Swin-UNet backbone.

4.2. Physics-guided Swin-UNet

As the main backbone of StampFormer, the PGSU is responsible for
processing the fused multimodal feature map X© to predict the final
physical field. It adopts the powerful Swin-UNet architecture, which
follows a symmetric encoder—decoder structure built upon a series of
Swin-Transformer blocks.
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Fig. 11. The structure of a Swin Transformer block, which consists of Layer
Normalisation (LN), Windowed Multi-head Self-Attention (W-MSA), and a multi-
layer Perceptron (MLP), with residual connections.

As detailed in Fig. 11, the core of this architecture leverages the
Window-based Multi-head Self-Attention (W-MSA) mechanism. The
computation for a single Swin-Transformer block operating on an input
feature map z/~! is given by:

2l = W-MSALN(z")) + 2/~!, @)
2/ = MLP(LN(2)) + 2, ®)

where LN denotes Layer Normalisation. By employing this window-
based attention design, the network achieves robust feature extraction
while maintaining high computational efficiency.

The encoder path takes the initial multimodal feature map X© as
its input and consists of four hierarchical stages. Each stage comprises
a pair of Swin-Transformer blocks followed by a Patch Merging layer,
which reduces the spatial resolution while progressively increasing the
feature dimension.

The physics-guided nature of this architecture stems from its explicit
modelling of the multi-scale interaction between the two core physical
inputs: geometry and material properties. The physics of forming dic-
tates that global material characteristics (a 1D concept) influence local
geometric deformation (a 2D field) at all scales. Therefore, our design
integrates the HMEIU (detailed in Section 4.3) to hierarchically inject
material information at each stage of the encoder, specifically after the
spatial features have been downsampled by the Patch Merging layer.
This allows the model to learn how global material characteristics affect
both local, fine-grained features in shallow layers, and global, abstract
features in deep layers.

The decoder path is symmetric, using Patch Expanding layers to up-
sample the features. Crucially, at each upsampling step, the decoder path
brings back high-resolution, fine-grained features from the correspond-
ing encoder stage via skip connections. These early features are fused
with the abstract, semantically rich deep features from the deeper de-
coder layers. This fusion ensures the final prediction is both semantically
rich and spatially precise.

4.3. Hierarchical material embedding injection unit

Instead of a single fusion at the MAGN, we introduce the HMEIU to
ensure a deep, multi-scale integration of material embeddings through-
out the network’s main backbone, PGSU. It provides material embed-
dings of appropriate size at each stage of the feature extraction hierar-
chy, allowing the model to leverage material properties in conjunction
with geometric features at various scales.

As shown in Fig. 10, the HMEIU operates as a parallel tower to the
PGSU’s down-sampling encoder. It takes the sequence of token embed-
dings from the initial stress-strain curves Transformer in the MAGN as its
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input, which is then progressively processed through a stack of dedicated
Transformer Layers.

At each hierarchical level / of the PGSU encoder, the corresponding
Transformer Layer within the HMEIU refines the stress-strain curves.
Crucially, each of these dedicated Transformer layers is designed to out-
put a feature dimension that aligns with the channel dimension of the
corresponding PGSU encoder stage. The output tokens from this layer
are then aggregated via average pooling to produce the level-specific
material embedding, E;’fat. As shown in Fig. 10, this embedding is in-
jected into the main data stream of the PGSU after the Swin-Blocks and
Patch Merging layer at each encoder stage. Let XU/~! be the input to
the /-th stage. The geometric features are first processed by the two con-
secutive Swin Transformer blocks and then downsampled by the Patch
Merging layer to obtain the intermediate spatial feature F() € RN¥Ci:

F® = patchMerging(SwinBlock(SwinBlock(X ¢~1))). 9)

E&Lt is then broadcast and added to geometric features using an outer-
product formulation to match dimensions:

mat

T
X0 = FO w1y (ED,) (10)

where 1y, (EI(III),H)T € RNC and 1y, represents an N,-dimensional col-
umn vector of ones, explicitly denoting the spatial broadcasting of the
material embedding across all geometric patches. This hierarchical in-
jection mechanism ensures that as the geometric features become more
abstract and complex during the downsampling process, the material

representation is co-adapted and fused at each corresponding scale.

5. Experiments
5.1. Training setup

In this study, ten separate full StampFormer models were trained:
one dedicated StampFormer model for each of the five target physical
fields (thinning, major strain, minor strain, plastic strain, and displace-
ment), for each of the two material datasets (steel and aluminium). All
ten models were trained using a consistent experimental setup on their
respective data, as described in Section 3. We employed the Adam opti-
miser for model training with standard parameters: beta parameters of
fy = 0.9 and f, = 0.999 and an epsilon of ¢ = 1073. The learning rate
was managed by a step learning-rate scheduler, with an initial rate of
1074, The scheduler was configured to decrease the learning rate by a
factor of y = 0.4 every 100 epochs. The optimisation goal for each model
was to minimize the Mean Squared Error (MSE) between its predicted
physical field and the ground truth.

For the ablation comparison, two additional configurations were
trained for each material-field task: a configuration without MAGN but
retaining HMEIU (w/0 MAGN), and a geometry-only configuration with-
out either module. These are compared with the complete StampFormer
architecture.

Considering the predicted field ¥ € R7*W*C and the ground truth
field Y € R**WXC from the FEA simulation, the MSE loss is computed
directly from the predicted and reference field values and is defined as:

1 H W C A N
Euse = e & & 2 Wi =T an

Here, H and W are the height and width of the field, and C is the number
of channels. Note that C = 1 for the four 2D fields, and C = 3 for the 3D
displacement field.

During inference, the trained network is operated in evaluation mode
with fixed model weights; therefore, identical preprocessed geometry
and material inputs produce repeatable predictions apart from negligible
hardware-level floating-point variation.
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Fig. 12. Conservative mask used for the valid-domain MSE evaluation. The white
region represents the physical evaluation domain, while the artificial padded
background is excluded. (For interpretation of the references to colour in this
Figure legend, the reader is referred to the web version of this article.)

5.2. Metrics

The training MSE loss is computed over the complete rectangular
tensor, which contains zero padding. Hence, we introduce the masked
MSE, which is evaluated over the valid physical domain to exclude the
zero-padded background. Let M;; € {0, 1} denote the evaluation mask,
where M;; = 1 for the physical sheet region. The masked MSE is defined
as

H w C 5 2
Zimt Zjmt 2=t My Vije = Yijo)

MSE
H w
CXimi Zjm M

a2

'mask =

Here, the mask used in our study is shown in Fig. 12. The mask represents
the blank region in the stamping simulation, identified from the non-zero
support of the mapped FEA data during preprocessing. The surrounding
zero-padded background is excluded, and the same mask is applied to
the reference and predicted fields for all compared configurations.

In addition to the masked MSE, we employ an engineering-oriented
metric to evaluate the four 2D physical fields: thinning, major strain,
minor strain, and plastic strain. For these fields, we focus on the accuracy
of predicting the maximum value, as this is often of critical importance in
forming analysis. To ensure stability and mitigate the effect of potential
outliers, we define the representative maximum value as the average
of the top 0.1% of values in a given field. Let mg (Y) and m,(¥) be
the representative maximum values for the ground truth and predicted
fields, respectively. We then calculate the Relative Error (RE) as:

|m0‘1(Y) —m0,1(f/)|

Relative Error (%) = 100 x
my 1 (Y)

a3

The representative-maximum RE is therefore used as a complementary
engineering-oriented metric together with the masked MSE, rather than
as a replacement for full-field error evaluation.

To assess spatial localisation of critical thinning, we additionally
measure the coverage of the ground-truth top 0.3% region by the pre-
dicted top 1% region. For each test sample, let Q;, denote the valid
thinning evaluation domain, G, its pixels with the highest 0.3% of
ground-truth thinning values, and P, its pixels with the highest 1% of
predicted thinning values. Critical-region recall is defined as:

|Gos N Pyl

Recall);_, (%) = 100 x
|Gosl

14

10
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This metric measures coverage of the reference critical region within
a fixed candidate inspection area of 1% of the valid domain. It com-
plements the representative-maximum RE, which compares amplitudes
rather than spatial coincidence. Recall is calculated separately for every
test sample using the raw predictions.

For the 3D displacement field, we additionally evaluate the Mean
Euclidean Displacement Error (MEDE) over the non-zero displacement
region. Let u, = [ux,uy,uz]T and i@, denote the ground-truth and pre-
dicted displacement vectors at grid point p, respectively. The metric is
defined as:

-
MEDE = a pezﬂ| (15)

ul’_ul’“z’

where Q denotes the non-zero displacement region. This metric rep-
resents the mean magnitude of the three-dimensional displacement
prediction error and is expressed in millimetres.

In subsequent sections, a localised denoising step is applied exclu-
sively to the visualisation of reconstructed 3D displacement surfaces
to suppress boundary-padding artifacts. All primary quantitative re-
sults reported in Section 6 are computed directly from the raw model
predictions without post-processing. The filtered results reported in
Section 7.3 are used only to quantify the influence of this visualisation
post-processing.

6. Results

In this section, we present a comprehensive evaluation of the
StampFormer model. We begin with a detailed quantitative analysis of
prediction accuracy using numerical metrics. The following subsections
offer a visual analysis of the model’s performance by presenting the pre-
dicted physical fields, which demonstrate qualitative agreement with
the FEA ground truth.

6.1. Quantitative analysis

In this section, we perform a detailed quantitative analysis to eval-
uate the performance of StampFormer. To begin with, the masked MSE
on the test set was calculated for both the steel and aluminium datasets
across the five predicted physical fields. As defined in Section 5.2, this
evaluation excludes the artificially zero-padded background and calcu-
lates the prediction error over the valid physical sheet region. The results
are summarised in Table 4.

We recognise the limitations of using only MSE to evaluate model
performance. Therefore, the field-specific RE and MEDE metrics defined
in Section 5.2 are subsequently used to provide complementary engi-
neering interpretation for the four 2D fields and the three-component
displacement field, respectively. For the four 2D physical fields, perfor-
mance is evaluated using the RE as defined in Eq. (13). We illustrate
the distribution of RE values for the four 2D physical fields in Fig. 13.
For the steel dataset, the mean RE is consistently low across all four
fields, ranging from 4.5% to 7.2%, with the 95th percentile below 15%
in most cases. These results indicate agreement with the representative-
maximum strain/thinning amplitudes, while spatial coverage of critical
thinning regions is evaluated separately in Section 6.2.

For the aluminium dataset, the mean RE ranges from 3.5% to 8.2%,
with differences between the individual fields. For both materials, the er-
ror distributions were right-skewed, with a tail extending towards larger
errors. However, the aluminium dataset exhibits heavier error tails, par-
ticularly for major strain and plastic strain. Further examination of the
ground-truth representative maxima shows that the aluminium cases
span a broader and, for several fields, higher range of critical-region
responses than the steel cases, as shown in Fig. 14. Together with the
smaller number of baseline aluminium stress—strain curves, this sug-
gests that the heavier tails may be associated with sparser sampling of
relatively uncommon extreme responses.

In addition, we present the distribution of the MEDE for the 3D
displacement field in Fig. 15. For steel, the mean MEDE is 1.115 mm,
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Table 4

Test-set masked MSE over the valid physical domain.
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Dataset Thinning Major Strain Minor Strain Plastic Strain Displacement (mm?)
Steel 7.0 1073 1.02 x 107* 29%x 1073 1.91 x 107* 0.7001
Aluminium 1.15%x 107 1.70x 10 24x107° 2.54% 1074 0.4511
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Fig. 13. Histograms showing the distribution of RE computed from the representative maximum, defined as the average of the top 0.1% of valid values in four 2D
physical fields (i.e., thinning, major strain, minor strain and plastic strain). Additional lines are introduced to mark the mean, median, and various percentiles.
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Fig. 15. Histograms showing the distribution of the mean Euclidean displacement error (MEDE) for the 3D displacement field. Additional lines indicate the mean,

median, and selected percentiles.
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Fig. 16. Visualisation for thinning field prediction on five representative cases from the steel dataset. The top-value overlap map specifically visualizes the top 0.3%
of values to compare the prediction of maximum thinning, highlighting regions of overlap, ground truth (GT) only, and prediction (PD) only (both regions use a
top 0.3% threshold here; the representative-maximum RE uses a top 0.1%, and the separate recall analysis uses ground-truth top 0.3% and predicted top 1%). (For
interpretation of the references to colour in this Figure legend, the reader is referred to the web version of this article.)

while for aluminium it is 0.856 mm. Unlike MSE, MEDE measures
the mean magnitude of the three-dimensional displacement error over
the non-zero displacement region and is therefore expressed directly
in millimetres. It provides a complementary and physically intuitive
interpretation of the displacement prediction error.

6.2. Thinning field prediction

In this section, we illustrate the results for the thinning field in
Figs. 16 and 17. Each case is presented in three rows: the ground truth
field from FEA, the corresponding prediction from our model, and a
detailed top-value overlap map along with the prediction error. In indus-
trial applications, accurate prediction of maximum thinning is important
for identifying potential failure-prone regions. To better evaluate the
prediction of maximum thinning, we visualize the regions with the high-
est values on the top-value overlap map. Specifically, we plot the top
0.3% of thinning values from both the ground truth (GT) and the pre-
diction (PD). The top-value overlap map uses a colour-coded system
to distinguish these regions: yellow highlights areas where high values
are found only in the ground truth, green marks areas exclusive to the
prediction, and magenta indicates where they overlap. The top-value
overlap maps illustrate agreement in the locations of critical thinning
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in these selected cases; the following recall analysis extends the spatial
assessment to the complete test sets.

To quantify critical-region coverage across the complete test set for
each material, Fig. 18 reports the thinning recall defined in Section 5.2.
The predicted top 1% region is treated as a candidate inspection area, and
its coverage of the ground-truth top 0.3% region is evaluated. This rep-
resents an engineering screening scenario in which a somewhat broader
candidate region is examined to reduce the risk of missing critical lo-
cations. Unlike the equal-fraction overlap maps above, this analysis
evaluates coverage within a fixed inspection budget rather than exact
agreement between equally sized regions. The median recall is approxi-
mately 73% for both steel and aluminium, indicating that the predicted
candidate region captures a substantial proportion of the actual critical
thinning region. The variation across cases also shows that this coverage
is not uniform. These results complement the amplitude-based RE and
support prioritisation of locations for further engineering assessment.

6.3. Major-minor strain distribution prediction

The predicted major and minor strain fields were further evalu-
ated by plotting their major-minor strain distributions. These plots
use the same axes as a forming limit diagram, with minor strain on
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Fig. 17. Visualisation of thinning field prediction for five representative cases from the aluminium dataset. The top-value overlap map specifically visualizes the top
0.3% of values to compare the prediction of maximum thinning, highlighting regions of overlap, GT Only, and PD Only (both regions use a top 0.3% threshold here;
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Fig. 18. Thinning critical-region recall across the complete steel and aluminium
test sets, measuring the proportion of ground-truth top 0.3% of pixels covered
by the predicted top 1% region within the valid evaluation domain. (For inter-
pretation of the references to colour in this Figure legend, the reader is referred
to the web version of this article.)

the horizontal axis and major strain on the vertical axis. Rather than
complete FLDs, they are interpreted here as strain-state distributions.
Figs. 19 and 20 compare the ground-truth and predicted strain-state
point clouds for the steel and aluminium datasets. The overlays show
that the model reproduces the overall shape, density and spread of the
strain distributions, indicating that it captures the coupled major/minor
strain response across the formed panel.

6.4. Displacement and plastic strain prediction

As shown in Figs. 21 and 22, we compare the predicted and ground-
truth as-formed components, which are reconstructed from the displace-
ment fields. On these surfaces, we superimpose the corresponding plastic
strain fields. The top row in each figure shows the ground truth from
the FEA simulation, while the bottom row shows our model’s prediction.
Because the model’s predictions can be affected by the zero-padding val-
ues at the edges, some noise may appear. To enhance the clarity of the 3D
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renderings of the displacement fields, we applied a localised denoising
process as a visual post-processing step. The reconstructed surfaces pro-
vide a spatial comparison between the predicted and FEA displacement
responses together with the corresponding plastic-strain fields, confirm-
ing the model’s capability to predict displacement and plastic strain
with high fidelity. The denoising operation is used only to improve the
readability of these reconstructed visualisations; the quantitative results
reported above are calculated from the raw predictions.

7. Discussion
7.1. Engineering significance of the proposed method

In the traditional design cycle, a primary bottleneck is that time-
consuming and computationally expensive FEA hinders rapid design
iteration and optimisation. In this study, we introduced StampFormer, a
surrogate model designed to predict complex physical fields in the sheet
metal forming process with high accuracy and high speed. To quantify
this, each FEA simulation in our dataset required several hours of com-
putation to complete. By contrast, StampFormer provides predictions for
physical fields in under a second on a single GPU. This acceleration, rep-
resenting a speed-up of more than three orders of magnitude (from hours
to sub-second), directly enables real-time feedback that was previously
impossible.

Beyond the computational speed-up, StampFormer explicitly incor-
porates both geometry and the full material stress—strain response in
an image-based forming surrogate. The present validation demonstrates
within-family parametric generalization rather than unrestricted trans-
fer to arbitrary component topologies. Its most immediate application
is therefore rapid early-stage decision support within a predefined
component family under fixed process conditions.

Representative use cases include comparing candidate materials,
screening parameterised geometric variants, supporting design-space
exploration and optimisation, and prioritising a smaller number of can-
didate designs for detailed FEA. In this role, StampFormer complements
rather than replaces high-fidelity CAE and physical validation.

7.2. Discussion on the relative error metric

In Section 5.2, we defined a field-specific relative-error metric, which
uses a representative maximum value, calculated from the average of the
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respectively. For direct comparison, the bottom row provides an overlay of both.

top 0.1% of values in a given field, rather than the absolute maximum
value. This decision was made to enhance the numerical stability and
robustness of our evaluation metric. As illustrated in Fig. 23, the distri-
bution of values in a physical field like thinning can have a long tail,
where a small number of nodes may exhibit extreme values due to nu-
merical instability. Relying on a single maximum value can make the
metric highly sensitive to these outliers. As a result, we average the top
0.1% of values to obtain a more stable and representative measure of
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the model’s performance in the most critical regions, which is of greater
practical importance in an industrial context.

7.3. Rationale for denoising displacement field predictions

As described in Section 5.2, denoising is used only for visualisa-
tion of the reconstructed 3D displacement surface. The rectangular
tensor representation contains an artificially padded background, and
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Fig. 21. Visualisation of displacement-reconstructed surfaces coloured by plastic strain from the steel dataset. The comparison between GT and PD highlights the
model’s accuracy in predicting the shape and plastic strain distribution of the final stamping part.
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Fig. 22. Visualisation of displacement-reconstructed surfaces coloured by plastic strain from the aluminium dataset. The comparison between GT and PD highlights
the model’s accuracy in predicting the shape and plastic strain distribution of the final stamping part.

the discontinuity near this boundary can introduce fringe artifacts in interior across all 293 test cases for each material. The masked-MSE
the reconstructed surface (Fig. 24). expression in Section 5.2 is applied separately to each region, and the

To distinguish boundary effects from interior prediction accuracy, resulting sample-wise errors are averaged over the test set. As shown in
we evaluated the raw displacement predictions over a boundary band Table 5, boundary MSE is approximately 5.04 and 11.79 times the inte-
comprising approximately 1% of the valid pixels and the remaining rior MSE for steel and aluminium, respectively. This elevated boundary
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Fig. 23. The thinning field distribution of a random sample (where negative
values indicate thickening), with a vertical line indicating the 99.9th percentile
(top 0.1%) of values.

Table 5

Mean displacement MSE of the full model over the full valid
domain, a boundary band comprising approximately 1% of the
valid pixels, and the remaining interior (mm?). Ratio denotes
boundary MSE divided by interior MSE.

Material All valid Boundary Interior Ratio
Steel 0.7001 3.3947 0.6739 5.04
Aluminium 0.4511 4.8159 0.4086 11.79

error is consistent with the observed fringe artifacts, while the lower in-
terior MSE indicates better prediction accuracy away from the boundary.
Boundary pixels remain included in the primary masked MSE.

To quantify the influence of the visualisation filtering, we compared
the masked displacement MSE before and after denoising. For steel, the
MSE decreases from 0.7001 to 0.6925 mm?, corresponding to a reduc-
tion of approximately 1.09%. For aluminium, it decreases from 0.4511 to
0.4456 mm?, corresponding to a reduction of approximately 1.22%. These
small changes indicate that the filtering has only a limited influence on
the domain-averaged error and is used primarily to improve the read-
ability of the reconstructed 3D visualisation. All primary quantitative
results are based on the raw model predictions.

7.4. Ablation analysis of material conditioning

To examine the contribution of material conditioning, we compare
three configurations: the complete StampFormer model (Full), a con-
figuration without MAGN but retaining HMEIU (w/o MAGN), and a
geometry-only configuration without either module. Table 6 reports the
mean masked MSE over the 293 test cases for each material across all
five predicted fields.

For all eight scalar-field tasks, covering four 2D fields for each
material, the full model achieves the lowest mean masked MSE, fol-
lowed by the no-MAGN and geometry-only configurations. Removing
both material-conditioning modules increases the error to approximately
2.1-7.6 times that of the full model, approaching an order of magni-
tude for some tasks. This deterioration demonstrates that StampFormer
effectively exploits constitutive information beyond what can be in-
ferred from geometry alone. Adding MAGN to the HMEIU-containing
configuration further reduces mean masked MSE by approximately
1.06%-3.47% across all eight tasks, supporting its contribution to the
evaluated scalar-field predictions.

For displacement, the no-MAGN configuration achieves lower mean
masked MSE than the full model (0.6696 versus 0.7001 mm? for steel
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Table 6
Mean test-set masked MSE for the geometry-only, no-MAGN and full configura-
tions. Displacement MSE is expressed in mm?.

Material Field Geometry-only w/0 MAGN Full

Steel Thinning 5.3344x1074 7.1370x1073 6.9912x1073
Major strain 6.8715x107* 1.0472x107* 1.0191x107*
Minor strain 1.8284x 1074 2.9422x107% 29111x1073
Plastic strain 1.1660x 1073 1.9466x 1074 1.9118x107*
Displacement 1.6140 0.6696 0.7001
(mm?)

Aluminium Thinning 7.2375%107* 1.1824x107* 1.1545x107*
Major strain 3.9938x10~* 1.7628x10~* 1.7019x 1074
Minor strain 1.2280x 1074 2.4508x107° 2.3658x107°
Plastic strain 5.3359%x107* 2.6027%x107* 2.5412%x107*
Displacement 0.9000 0.3516 0.4511
(mm?)

and 0.3516 versus 0.4511 mm? for aluminium), although both out-
perform the geometry-only baseline. One possible explanation is an
output-dependent interaction between early fusion and hierarchical ma-
terial conditioning. Although MAGN retains the raw geometry through
its concatenation-based skip connection, the additional fused features
may affect how the backbone uses spatial information for displace-
ment reconstruction. HMEIU provides hierarchical material condition-
ing without requiring this early fusion. These results motivate further
investigation of fusion strategies tailored to different physical fields.

7.5. Limitations and future work

The present study has several applicability boundaries. First, the
current validation is restricted to material and geometric variations
within one parameterised crossmember component family; direct zero-
shot transfer to substantially different component families has not been
demonstrated. Extension to a new material system or geometry domain
will therefore require representative data for adaptation and validation.
The primary evaluation uses known material-card IDs on unseen geome-
tries, so the specific material-geometry pairs in the test set are also
unseen during training. Appendix A provides an additional held-out-
material-ID evaluation for steel thinning, motivating further research
into transfer to unseen materials and broader constitutive-response
domains.

Second, process parameters including blank-holder force, friction co-
efficient, sheet thickness, and forming speed are fixed in the current
dataset. StampFormer should therefore be interpreted as a material-
geometry surrogate under these fixed process conditions rather than
as a process-optimisation model. Incorporating process variables as an
additional input modality is a relevant future extension.

Third, the surrogate is trained against PAM-STAMP simulation re-
sults and consequently learns the response of the underlying numerical
model. Any systematic discrepancy between the CAE model and the
physical forming process may therefore be inherited by the surrogate.
For industrial deployment, the reference FEA model should first be
calibrated and validated against physical forming trials.

Future work will investigate data-efficient adaptation and transfer-
learning strategies for new materials and component families, incorpo-
ration of process variables, and further engineering and experimental
validation.

8. Conclusion

This paper presents StampFormer, a physics-guided, material-
geometry-coupled multimodal framework for rapid prediction of
forming-response fields in sheet metal stamping. By integrating compo-
nent geometry with material-response information, the model captures
the influence of material behaviour on spatial deformation, thinning and



J. Luo, M. Mohamed, O. Hassan et al.

Plastic Strain

200 .
0
(mmy 400

000 500

(a) Prediction before denoising

(b) Prediction after denoising

Materials & Design 272 (2026) 117298

Plastic Strain
Plastic Strain

010 010

200 . 005
0
() a00

500 000

(¢) Ground Truth

Fig. 24. Comparison of surfaces reconstructed from the displacement and coloured by plastic strain; denoising is used only for visualisation of the boundary artifacts

caused by zero-padding in the training data.

strain distribution. The proposed architecture combines the Material-
Augmented Geometric Network, the Hierarchical Material Embedding
Injection Unit and a Physics-Guided Swin-UNet backbone to embed
material information across multiple feature scales while preserving
field-level spatial detail.

The results show that StampFormer reproduces the principal spatial
patterns of the reference FEA fields across the investigated test cases.
The model achieves a mean representative-maximum relative error be-
low 8.2% for each of the four 2D forming fields in both material datasets
and a masked displacement MSE below 0.71 mm?, while generating
predictions in under one second.

The primary validation demonstrates predictions for unseen geome-
tries within a predefined crossmember family, using materials from
the existing constitutive-response pool under fixed process conditions.
Accordingly, StampFormer is primarily positioned as a rapid surrogate
for early-stage material comparison, parametric geometric screening,
and design-space exploration rather than unrestricted cross-family or
process-variable generalisation. Extension to new component families,
material systems, and variable process conditions remains an important
direction for future work.
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Appendix A. Supplementary material-ID holdout evaluation
A.1. Material-ID overlap in the primary split

The primary evaluation uses non-overlapping geometry IDs across
training, validation and testing, while material cards are drawn from
the existing constitutive-response pool. Fig. A.25 audits the overlap of
distinct material IDs in this original split. The steel training, validation
and test subsets contain 600, 294 and 293 material IDs, respectively. Of
these, 160 occur only in training, 147 occur in training and validation
but not testing, 146 occur in training and testing but not validation,
and 147 occur in all three subsets. For aluminium, all 110 material IDs
occur in all three subsets. These counts refer to material cards rather
than FEA cases. Thus, all test material IDs in the primary evaluation are
represented in training, while their test geometries, and therefore the
corresponding material-geometry pairs, are unseen during training.

A.2. Supplementary split and evaluation protocol

To examine predictions for material cards excluded from training, a
focused steel-thinning experiment was conducted using a reduced train-
ing pool. This additional experiment is restricted to one material system
and one output to limit the computational cost. The original geometry
partition is retained: cases are filtered within their original subsets rather
than transferred between them.

The reduced training subset retains original training cases associated
with both the 160 train-only material IDs and the 147 IDs originally com-
mon to all three subsets, giving a pool of 160+ 147 = 307 distinct training
material IDs. To form the reduced training set, all original training cases
associated with the 147 IDs originally shared by training and validation,
but not testing, are removed from the original training set; their original
validation cases form the supplementary validation subset. Likewise, all
original training cases associated with the 146 IDs originally shared by
training and testing, but not validation, are removed from the original
training set when forming the reduced training set. Their 146 test cases
form the held-out-material test subset. The remaining 147 test cases,
whose material IDs occur in the reduced training pool, form the seen-
material test subset. Thus, “seen” and “held-out” refer to material-card
identity relative to the reduced training set; the geometries, and there-
fore the specific material-geometry pairs, in both test subsets remain
unseen during training. The entire test set combines these two subsets,
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Fig. A.25. Distinct material-ID overlap in the original geometry-disjoint splits. Counts represent material cards, not FEA cases.

Table A.7

Steel-thinning performance in the supplementary material-ID holdout experiment. Seen-material and held-out-
material test cases use material IDs included in and excluded from the reduced training set, respectively. The
entire test set combines both subsets. Here, n denotes the number of test cases, MSE is evaluated over the valid
masked domain, and P95 denotes the 95th percentile across cases.

Test subset n Masked MSE median

Masked MSE P95

RE median (%) RE P95 (%)

Entire test set 293 4.3830x107° 1.1035x 10~ 6.59 15.97
Held-out-material cases 146 4.2980%x1073 1.2227x107* 6.89 16.11
Seen-material cases 147 4.5816x1073 9.4797x1073 5.85 15.43
giving 146 + 147 = 293 cases. The number of training material IDs is [4] A.K.Perka, M. John, U.B. Kuruveri, P.L. Menezes, Advanced high-strength steels for

distinct from the number of retained material-geometry training cases.

Performance is evaluated using the masked MSE and representative-
maximum RE defined in Section 5.2. Table A.7 reports their medians
and 95th percentiles (P95) across the test cases, describing central
performance and upper-tail error.

A.3. Results and interpretation

The held-out-material and seen-material test subsets have compara-
ble masked-MSE medians, whereas the held-out-material subset has a
higher P95 masked MSE. Relative to the seen-material subset, its me-
dian RE increases from 5.85% to 6.89%, and its P95 RE increases from
15.43% to 16.11%. These results indicate that the model can predict re-
sponses for material cards withheld from the reduced training pool,
with less favourable upper-tail errors. Differences between the subsets
may also reflect their geometry and response distributions, since the
seen-material and held-out-material cases are not paired evaluations on
identical geometries.

Data availability

The data that support the findings of this study are available from
the corresponding author upon reasonable request.
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