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Abstract. Stamp forming of fiber-reinforced thermoplastic composite materials is governed by large

deformations, anisotropic and rate-dependent material behavior, and frictional multi-body contact,

making high-fidelity finite element simulations expensive and often impractical for rapid design stud-

ies and process optimization. We leverage recent advancements in Machine Learning-based simula-

tions and tailor Algebraic-hierarchical Message Passing Networks (AMPNs) to stamp forming sim-

ulation of composite materials. To efficiently handle multi body contact during forming, we model

the laminates by a multi-layer graph with explicit ply–ply and tool–ply contact and extend AMPNs

by local component-wise contact edges. Using a multiscale graph hierarchy, the method captures lo-

cal wrinkling effects, global material draw-in, and contact-driven deformation across the full lami-

nate. Trained on high-fidelity data from state-of-the-art Finite Element Method (FEM) simulations,

the surrogate accurately simulates the stamp forming process for unseen process settings, while re-

ducing simulation times from hours to seconds, enabling approximately real time simulation of large,

complex geometries.

Introduction

The performance of fiber-reinforced composite components depends heavily on stamp forming pro-

cesses that shape flat laminates into complex geometries [1]. These materials are lightweight while

offering high specific strength and fatigue resistance, making them increasingly attractive for the au-

tomotive and aerospace industries [2, 3].

Simulation of the forming process enables a virtual process optimization and helps evaluate design

decisions, providing deeper insights into complex systems without requiring expensive real-world ex-

periments. Such simulations model the physical system using Partial Differential Equations (PDEs),

which are usually approximated by numerical discretizations like the FEM [4]. A critical challenge in

simulating the stamp forming process of fiber reinforced composite materials is the prediction of man-

ufacturing defects such as wrinkling, i.e., high-frequency, out-of-plane buckling modes. Accurately

capturing such defects requires fine-grained meshes, narrow numerical time-integration schemes [2]

and advanced simulation models [5], which quickly results in high computational cost that makes

downstream applications infeasible [6].

Recently, research in Machine Learning (ML)-based models has aimed to speedup simulations

by developing neural surrogates that can approximate complex physical dynamics [7, 8, 9]. Physics-

InformedNeural Networks directlyminimize PDE residuals, using Multilayer Perceptrons (MLPs) [10,

11], Convolutional Neural Networks (CNNs) [12, 13] or Graph Neural Networks (GNNs) [14, 15].

Neural Operators learn mesh-resolution-independent solution mappings [16, 17]. Complementary to

theses approaches, data-driven Graph Network Simulator (GNS) have been shown to be particularly

effective for modeling mesh-based dynamics [8, 9, 18]. Recent extensions consider diffusion-based
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inference to improve accuracy for image-based surrogates [19, 20] as well as for mesh-based simula-

tions [21] and meta-learning to improve generalization to unseen scenarios [22, 23, 24]. These mod-

els mimic simulation data from numerical solvers by using their own predictions to estimate the state

residuals between successive time steps [17]. The seminal MeshGraphNet (MGN) [8] encodes states

using local connectivity, but struggles to scale to large domains due to a limited receptive field. As a

remedy, recent work considers global attention [25] and, increasingly, hierarchical mesh representa-

tions [26, 21]. Such globally receptive GNSs are fully differentiable and orders of magnitude faster

than classical simulators, which unlocks applications in engineering design and manufacturing opti-

mization [27, 28, 11].

In this work, we leverage these modern advances in GNS to establish a fast and accurate sur-

rogate model for forming process of thermoplastic composite materials. We build upon the Rolling

Diffusion-Batched Inference Network (ROBIN) framework [21] and utilize Algebraic-hierarchical

Message Passing Networks (AMPNs) to process mesh representations based on Algebraic multi-

grid (AMG) coarsening [29, 30]. Crucially, we depart from diffusion-based inference of ROBIN [21],

and instead use a simple next-step predictor based on AMPNs at inference time. In our stamp forming

setting, we demonstrate that this choice improves accuracy and reduces inference cost compared to

diffusion-based sampling. We further propose a sparse connectivity strategy for the inter-ply graph

construction, drastically reducing the number of required edges for multi-layer simulations without

sacrificing the simulation fidelity of local interactions.

We validate the presented approach on a stamp forming task involving a multi-directional stacking

sequence [0�/45�/90�/− 45�], which promotes the local formation of wrinkles due to high resistance
against shear deformation. Figure 1 visualizes the problem setup. Our experiments demonstrate that

the proposed method achieves near-FEM accuracy in capturing local wrinkling phenomena, while

reducing computational cost by orders of magnitude compared to explicit solvers.

Thermoforming Simulation

Simulation model. In order to apply AMPNs to the thermoforming process, we generate simulation

data using a high-fidelity FEM simulation model. The simulation model is implemented in the com-

mercial FEM software Abaqus/Explicit and is based on the work of Dörr et al. [31, 32], who developed

an isothermal, layer-by-layer approach for thermoforming simulation for thermoplastic composite ma-

terials. The model accounts for the material behavior of the individual plies and their inter-ply interac-

tions and provides essential features for accurate thermoforming simulations, including tool-ply and

ply-ply contact modeling [32], decoupled membrane-bending behavior, and rate-dependent material

modeling of both membrane and bending deformation mechanisms [31]. The model has been exper-

imentally validated and accurately captures the deformation behavior during forming into complex

geometries for various stacking sequences, including material draw-in, wrinkle formation, and the

resulting fiber orientation.
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Fig. 1: Numerical test setup for the forming simulation of a double-domed geometry. A junglegreen-

punch geometry presses multiple plies against a stationary die. The plies are held by multiple grippers.

To account for the influence of tensile grippers on the deformation behavior of the thermoplastic

blank during forming, the methodology proposed by Poppe et al. [33] is adopted. This approach in-

volves defining a space-fixed anchor point on the gripper frame for the tensile gripper, as well as a

blank-fixed gripping point where the material is clamped by a needle. Using a one-dimensional trans-

lator element, the gripper force is applied as a concentrated load at the blank-fixed gripping point. This

load acts along the line connecting the anchor and gripping point, ensuring that the force is always

directed toward the space-fixed anchor. The combination of the translator element and a hinge element

enables the gripping point to rotate about the needle, allowing nodding motions of the gripper during

forming.

Dataset. Weuse this simulationmodel to generate representative training data for theAMPNs. Fig. 1

illustrates the numerical thermoforming model implemented in Abaqus/Explicit. The double-domed

geometry considered in this study is commonly used in the forming literature [34, 35, 36], as its pro-

nounced double curvature induces strongly heterogeneous deformation and can trigger deformation-

induced wrinkling, yielding geometrically complex, out-of-plane ply shapes. We implement the form-

ing process in a displacement-controlled manner by prescribing a Dirichlet boundary condition (u =
−60 mm e3) on the punch geometry (green) over a time period of T=1 s. We consider a laminate of

carbon fibers in a PA6 thermoplastic matrix consisting of four plies with orientations [0�/45�/90�/−
45�] relative to the e1-axis (cf. Fig. 1). Eight tensile grippers are distributed along the outer edges

of the blank to apply gripper forces during forming. We exploit the two-fold symmetry of the tool

geometry, and only simulate one quarter of the model to improve computational efficiency. We dis-

cretize the blank using 3 200 triangular membrane and shell elements per ply, while we discretize

the tool with 4 258 and 5 100 quadrilateral elements for the stamp and die, respectively. We model

contact between the blank and the tools using the general contact algorithm in Abaqus/Explicit. In

total, we conduct 684 simulations with varying gripper positions along the blank edges to generate

representative training data for the AMPNs, while we use 147 simulations for validation and testing.
For each simulation trial, we sample the position of both grippers independently and uniformly along

the corresponding blank edges. In addition, we sample the magnitude of the pulling force applied by

each gripper independently and uniformly within the force limits of the employed gripper, from 0N,
where gripper-induced force acts on the plies, up to 100N. We discretize each simulation into 50 time
steps, capturing the transient deformation behavior of the blank during the forming process. For each

node of the finite element mesh, the resulting dataset provides nodal displacement vectors as well as

the initial fiber orientation. These quantities, together with the gripper positions and pulling forces,

constitute the input features used for training the AMPNs model. We executed the simulations on an

Intel Xeon Gold 6230 processor, requiring approximately 275 hours of total computation time.
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Methodology - Algebraic-Hierarchical Message Passing Networks (AMPNs)

Tomake thermoforming simulation practical for iterative engineering workflows, we learn a surrogate

that reproduces the FEM trajectories at a fraction of the runtime. We build upon AMPNs [21] because

their hierarchical graph representation supports the multiscale nature of stamp forming by capturing

local contact interactions and wrinkle formation while also propagating global deformation and draw-

in effects across the full laminate.

The AMPNs predict the residual displacement �~ut � �ut = ut − ut−1 in stamp forming of the

current time step t given the displacement ut−1 from the previous time step t−1. During inference, we
rollout the AMPN autoregressivly by updating the displacements with ut � ut−1 +�~ut and use that

state as new input for predicting the next residual�ut+1. We build up on ROBIN [21] and implement

the AMPNs as a special case of ROBIN with a single diffusion step. In this setting, ROBIN directly

predicts the residual update �ut, and the training objective reduces to a conventional Mean Squared

Error (MSE) loss against the ground-truth FEM residual update. AMPNs operate on a hierarchy of

graphs with different resolutions, where coarse hierarchy levels allow global deformation predictions,

while finer levels allow for refining fine details. Given a simulation mesh, we create a fine, initial

graph G = (V ; EM), where V denotes mesh nodes and EM mesh edges. From this mesh, we create

a hierarchical graph GH = (V0:L; E0:L;M [ E0:L;C [ E0:L−1;D [ E0:L−1;U) based on root-node smoothed
aggregation [30], using the Algebraic multigrid (AMG) solver implemented in PyAMG [37]. Given the

adjacencymatrixA0 of the fine simulation mesh, we use the AMG solver to create a hierarchy of graph

nodes V0:L, mesh edges E0:L;M, down- E0:L−1;D and upsampling edges E0:L−1;U, where the superscript

0 : L denotes the set of hierarchy levels l2f0; : : : ; Lg (with l=0 the finest level and l=L the coarsest).

In the hierarchy, the fine level graph l=0 corresponds to given fine simulation mesh of the FEM.

For the considered double-domed geometry the AMG algorithm yields L=3, i.e., 3 coarse levels in

addition to the fine level at l=0.

To learn contact, we follow previous works [8, 21] and connect nodes with contact edges E0:L;C by

spatial proximity. However, conventional radius-based approaches [8] connect each node to all neigh-

bors within a fixed radius, typically including nodes on the same component, leading to an unbounded

number of edges in contact-rich stamp forming. Choosing a large radius anticipates upcoming contacts

but can cause a prohibitive growth in edges and memory, whereas choosing a small radius misses im-

minent contacts unless very small time steps are used. We therefore connect each node to neighboring

nodes of other components that are within a radius of 3 mm, but limit the number of connections to
the 3 closest connections per node and component. That means that, in our stamp-forming setup with
4 plies, 1 stamp, and 1 die, each node can connect to at most 15 nodes from the other components. In

contrast to static contact edges as in Würth et al. [21], we use time-dependent contact edges, i.e., we

update the contact edges based on the current ply and tool locations at each time step, based on the

current position.

Feature and encoder. For the fine mesh nodes (level l=0), the node features are comprised of a one-
hot encoding ni of the node type, the last predicted displacement residual �ut−1

i , the prescribed tool

motion �ut
i;BC at the current time step t, the fiber orientation in the ply, and a component identifier.

We add additional node features to inform the model about the gripper forces. Specifically, for each

node position xi and gripper position gj we compute the distance vector dij = xi − gj , its length

dij = kdijk2, and the normalized direction d̂ij =
dij

dij+�
. We further include features based on an expo-

nentially decaying distance weighting. For each node i, we compute the distance-weighted projected

force f
proj-weighted
i =

P
j

f directedij

exp(��dij+�)
with the distance projected gripper force f directedij = (f gripperj � d̂ij) � d̂ij

as well as the distance-weighted gripper force field f
weighted
i =

P
j

f
gripper
j

exp(��dij+�)
and its norm f weighted

i =

kfweightedi k2. We set � = 3e−2 and � = 1e−8. For the hierarchical nodes, i.e., for all nodes with l>0,
we only use the one hot encoding ni of the node type as a feature. As we follow the ROBIN setup, we

additionally provide the model with a noisy input sample drawn from a standard Gaussian distribution
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N (0; 1). This additional input does not significantly impact the model’s predictions, but allows us to
directly compare to ROBIN’s original diffusion-based predictions without further modifications.

As edge features, we use the relative current node distance xtij = xti − xtj and its norm jxtijj at all
hierarchy levels. For mesh, downsampling, and upsampling edges, we additionally include the initial

relative distance x0ij = x0i −x0j and its norms jx0ijj. We apply linear layers that project the corresponding

input features into a latent space of dimension d, yielding node embeddings kn
i for i 2 V l, mesh edge

embeddings e
M;n
ij for (i; j) 2 E l;M, contact edge embeddings e

C;n
ij for (i; j) 2 EC, downsampling edge

embeddings e
D;n
ij for (i; j) 2 E l;D, and upsampling edge embeddings e

U;n
ij for (i; j) 2 E l;U for each level

l at the initial step, i.e., at n=0. All features are normalized using statistics computed on the training
set to obtain zero mean and unit variance. Finally, we also apply a Fourier encoding to condition the

model on the current node level l [38, 21].
Processor and decoder. ROBIN uses Intra-Level-Message Passing Stacks [21] to update node- and

edge-level embeddings in the Pre-Processing, Post-Processing and Solving blocks. The intra-level

update at message passing step n for a given hierarchy level l is defined by

e
C;n+1
ij = W n

�;EC e
C;n
ij + fn

�;EC(kn
i ;k

n
j ; e

C;n
ij ) ,

e
M;n+1
ij = W n

�;EM e
M;n
ij + fn

�;EM(kn
i ;k

n
j ; e

M;n
ij ) ,

kn+1
i = W n

�;V kn
i + fn

�;V(k
n
i ;
M
j

e
C;n+1
ij ;

M
j

e
M;n+1
ij ) .

(1)

For Up- and Downsampling, we use Inter-Level-Message Passing Stacks [21], which update the em-

beddings at each message passing step n as

en+1
ij = W n

�;E e
n
ij + fn

�;E(k
rec;n
i ;ksend;nj ; enij) ,

k
rec;n+1
i = W n

�;V k
rec;n
i + fn

�;V(k
rec;n
i ;

M
j

en+1
ij ) . (2)

During downsampling, receiver node embeddings k
rec;n
i 2 V l are from level l, sender node em-

beddings k
send;n
j 2 V l+1 are from level l+1, and edge embeddings enij 2 E l;D. During upsampling, the

sender and receiver roles are reversed and enij 2 E l;U. As aggregation
L

we use a max aggregation

andW n
�;: denotes weight matrices [8, 39, 40]. f

n
�;: denotes an MLPs that starts with layer normalization

and consists of two linear layers with a hidden size of 128, with a Sigmoid Linear Unit (SiLU) acti-
vation [41] in between. Starting from the initial encoded embeddings (n=0), we apply a V-cycle that
first updates the graph using a Pre-Processing stack and then compress information to the next coarser

level via a Downsampling stack. We repeat this procedure until reaching the coarsest level L = 3. On
the coarse graph, we apply a Pre-Processing stack followed by a Solving and a Post-Processing stack.

During upsampling, we use an Upsampling stack and a Post-Processing stack at each level. We use 3
layers for Pre- and Post-Processing, 2 layers for Up- and Downsampling and 5 layers for the Solving
stack. All stacks share their weights across levels, resulting in a total of 15 learnable layers. Given the
final node embeddings kN

i 2 V0 on the fine mesh, we apply a linear layer to decode the predicted

displacement residual �ut
i. We train ROBIN for a total of 500 000 iterations and with a batch size of

1 using ADAM [42] in PyTorch [43]. Training and testing are performed on an NVIDIA A100 GPU.

We apply gradient clipping with an L2-norm threshold of 1. The learning rate is linearly warmed up
over the first 1 000 steps and then exponentially decayed from 1e−4 to 1e−5 over the remaining it-
erations. During training, we perturb the node positions xti with Gaussian noise of standard deviation

10−5 �x and the previous residual�ut−1
i = xti−xt−1

i with 10−6 �x [9, 8], where �x denotes the standard
deviation of the node positions.
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Results

We compare AMPNs to FEM simulations using the Root Mean Squared Euclidean distance error

RMSE =
q
1/(NiNj)

PNi

i=1

PNj

j=1(~uij − uij)2, where ~uij and uij denote the predicted and ground-

truth (FEM) node positions, respectively, withNi nodes andNj features. We then average the RMSE

over time steps, the dataset, and finally report the mean � and standard deviation � across 3 random
seeds.

Fig. 2 compares an AMPN-predicted stamp forming simulation to the FEM reference. AMPNs

accurately reproduce the global deformation behavior, as shown in Fig. 2 a-b) after 70% of the pro-

cess time. Wrinkles at different scales match the wrinkles formation of the FEM simulation, and only

minimal tool interactions are visible, consistent with the FEM. The FEM solution appears slightly

noisier than the AMPN prediction, likely because the AMPNs focus on global solution accuracy and

maymiss very high-frequency components, as is common for autoregressive one step models [19, 21].

Fig. 2 c-d) shows the final process time step. Again, AMPNs closely match the FEM solution, cor-

rectly predicting ply draw-in and wrinkle formation. Tool intersections are comparable to the FEM,

while very high spatial-frequency details differ slightly, with the AMPN prediction appearing less

noisy overall.

We further compare AMPNs, which can be viewed as a special case of ROBIN with a single de-

noising stepK=1, to ROBIN variants usingmore denoising steps (K=5; 10; 20).We use conventional

inference rather than RollingDiffusion-Batched Inference (ROBI) [21], since the dataset contains only

50 time steps. The potential speedup from ROBI is therefore less relevant, and we observe a significant

accuracy improvement with conventional inference on this dataset.

Fig. 3 visualizes AMPNs and ROBIN predictions for different numbers of diffusion steps K and

compares them to the FEM reference. The AMPNs most accurately captures the overall wrinkle for-

mation. All models reproduce the material draw-in observed in the FEM simulation, while theK = 5
variant shows the largest deviation. In contrast, theK = 10 andK = 20 variants reproduce fine scale
FEM behavior more realistically, for example the small wrinkles that appear near the center of the

right boundary.

Table 1 summarizes the quantitative results for AMPNs and the different ROBIN variants. Con-

sistent with Fig. 3, AMPNs achieve the lowest RMSE by most accurately capturing the global defor-

mation. Moreover, a full simulation requires only 3:84 s on average on a GPU (NVIDIA A100). This

enables real-time application, as the underlying forming process itself takes several seconds to com-

plete. In contrast, a traditional FEM simulation requires 16:87 minutes on a CPU (Intel Xeon Gold

6230), so AMPNs achieve a speedup of more than two orders of magnitude. The runtime for ROBIN

increases approximately linearly with the number of diffusion stepsK, due to the growing number of

model evaluations, while the RMSE of the K=10 and K=20 variants remains close to the RMSE of

the AMPNs.

Table 1: Comparison of AMPNs and ROBIN (K 2 5; 10; 20). RMSE [mm] and runtime [s] reported

as mean�std over the test set (3 seeds) on an NVIDIA A100 GPU. Speedup is relative to FEM (16.87

min on Intel Xeon Gold 6230).
Model AMPNs ROBIN – 5 ROBIN – 10 ROBIN – 20

RMSE [mm] 0:97� 0:07 1:18� 0:14 1:02� 0:05 1:03� 0:02
Runtime [s] 3:84� 0:02 18:38� 0:08 36:60� 0:11 73:07� 0:23
Speedup [-] 263:59 55:07 27:66 13:85
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Fig. 2: Example unseen stamp forming simulation predicted by AMPNs compared to the FEM ref-

erence. a) and b) show the intermediate solution at 70%, and c) and d) the final solution at 100%
(AMPNs vs. FEM). Colors indicate ply displacement in e3-axis directions (red denotes large and

blue small values), shown qualitatively to highlight wrinkles. Tools are displayed transparently. The

tool–laminate intersection is visible from the high-contrast overlap of transparent tools and colored

plies (plies in front appear strongly colored, plies behind are muted).
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Fig. 3: AMPNs (i.e. ROBIN with K = 1 denosing steps) predictions and ROBIN predictions with

different denoising stepsK = 5; 10; 20 on unseen stamp forming simulations and to the FEM solution.

a) shows the intermediate solution at 90 % and b) the final results (100 %). The color of each ply

indicates its displacement in the e3-axis directions, shown qualitatively to highlight wrinkles. Red

represents large values, and blue represents small values.

Conclusion and Outlook

In this work, we extended Algebraic-hierarchical Message Passing Networks (AMPNs) for stamp

forming simulation of fiber-reinforced thermoplastic composite materials. AMPNs accurately repro-

duces local wrinkling formations and global material draw-in of state-of-the-art FEM simulations for

unseen process settings and achieves a speedup of more than two orders of magnitude. We introduce

component-wise and time-dependent contact edges for AMPNs to handle multi body contact dynam-

ics in stamp forming simulations, which reduces the number of contact edges to the most important

ones. We show that AMPNs, a Rolling Diffusion-Batched Inference Network (ROBIN) variant with a

single diffusion step, outperform ROBIN variants with multiple diffusion steps in both accuracy and

computational efficiency. Increasing the number of diffusion steps in ROBIN slightly improves fine-

scale details but reduces runtime performance and overall prediction accuracy. This behavior contrasts

with previous studies, in which more diffusion steps typically improved predictive accuracy. Analyz-

ing the cause of this difference is an interesting avenue for future research. In this work, we considered

only one geometry and one laminate setup, varying only the gripper configuration. However, learn-

ing general stamp forming models that can be applied to different geometries and material setups is

promising because it allows us to evaluate new parts directly without retraining. Another interesting

direction for future work is scaling ROBIN and more generally AMPNs to larger and more complex

geometries.
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