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ABSTRACT

Graph Network Simulators (GNS) have emerged as powerful surrogates for com-
plex physics-based simulation, offering inherent differentiability and orders-of-
magnitude speedups over traditional solvers. However, GNS typically assume
access to the underlying material parameters, such as stiffness or viscosity, and
rely heavily on dense mesh-based data. These constraints severely limit their util-
ity in realistic experimental settings. While recent meta-learning approaches ad-
dress the parameter dependency by inferring properties from mesh trajectories,
they still require mesh-based trajectories as contexts. In this work, we introduce
Point cloud Encoding for Accurate Context Handling (PEACH), a novel frame-
work that decouples parameter estimation from temporal dynamics. PEACH in-
fers latent physical properties directly from sequences of point clouds using a
spatial-temporal encoder. This parameter estimate then conditions a trajectory-
level GNS, enabling accurate in-context simulation of unseen materials during
inference. Experiments on simulated object deformation tasks demonstrate that
PEACH achieves simulation accuracy matching purely mesh-based baselines,
while relying on more realistic and accessible data.

1 INTRODUCTION

Simulating complex physical systems is fundamental to engineering disciplines ranging from struc-
tural mechanics (Landau et al., 2012) to fluid dynamics (Blazek, 2015). Traditional mesh-based
methods, such as the Finite Element Method (FEM) (Brenner & Scott, 2008; Reddy, 2019), provide
high precision, but quickly become computationally expensive. These methods also rely on precise
knowledge of physical parameters, such as stiffness or density, which are frequently unknown in
practice. Deep learning-based surrogates, particularly Graph Network Simulators (GNSs) (Battaglia
et al., 2016; Pfaff et al., 2021; Brandstetter et al., 2022; Linkerhägner et al., 2023; Würth et al., 2025),
have emerged as a promising alternative that offers orders-of-magnitude speedups and inherent dif-
ferentiability. GNSs handle physical data by modeling arbitrary entities and their relations as a
graph. Standard GNSs typically learn to evolve a given input mesh over time for known process
conditions. However, they rely on expensive system identification methods (Åström & Eykhoff,
1971; Lennart, 1999; Isakov, 2006; Wu et al., 2015; Murthy et al., 2020; Antonova et al., 2023). for
parameter estimation when process conditions, such as the material parameters, change.

While some methods use gradient-based inversion on pre-trained simulators to estimate parame-
ters (Zhao et al., 2022; Wang & Wang, 2024), these require computationally expensive optimiza-
tion loops at test time. Recently, Meta Neural Graph Operator (MaNGO) (Dahlinger et al., 2025)
proposed to address these shortcomings via in-context learning. MaNGO adapts to unseen mate-
rial properties during inference by encoding a context set of mesh-based trajectories into a high-
dimensional latent representation. However, this reliance on dense, ground-truth meshes effectively
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Figure 1: Overview of the PEACH framework. Point cloud sequences from several simulated or real
trajectories are encoded into a single latent material description via tokenization and a subsequent
Transformer-based sequence encoder. The aggregated latent vector conditions a MaNGO simulator,
which predicts dynamics for an initial mesh. The method is trained to minimize the average simula-
tion error, and uses an auxiliary loss on the latent material description to ensure physical consistency.
During inference, only the context point cloud sequences and the initial geometry are needed to pre-
dict a simulation that follows the underlying, unknown material properties.

restricts the method to simulation-only settings. In contrast, real-world adaptation requires inferring
underlying physics from sparse, noisy observations, rather than perfect mesh trajectories.

To bridge this gap, we introduce Point cloud Encoding for Accurate Context Handling (PEACH) .
PEACH adopts a Conditional Neural Process (CNP) (Garnelo et al., 2018) approach to infer latent
physical properties directly from multiple sequences of point clouds. The resulting latent material
description is then used to condition a GNS for end-to-end training. To better align our training to
context sequences, we utilize a trajectory-level architecture (Xu et al., 2024; Dahlinger et al., 2025)
instead of iteratively rolling out system dynamics, as common in most GNSs. During training, we
generate synthetic point clouds via ray-tracing on flexible material simulations. During inference,
the model can be conditioned on arbitrary point cloud data, which can, e.g., be obtained via depth
cameras, to predict dynamics on a canonical simulation mesh. This approach relaxes the strict
context requirements of prior work, requiring only readily-available point-cloud sequences instead
of mesh trajectories. Figure 1 provides a schematic overview.

We evaluate PEACH on complex object deformation environments, including a 2D Deformable
Block that interacts with a collider, and a 3D Sheet Deformation scenario where a planar
sheet is subjected to two forces perpendicular to the sheet (Dahlinger et al., 2025). We explore
various encoder backbones for processing the point cloud contexts, including graph neural networks
and the Point Spatio-Temporal Network (PSTNet) (Fan et al., 2021). Our experiments demonstrate
that PEACH works best with a transformer backbone, achieving simulation accuracy on par with
purely mesh-based baselines while operating on significantly sparser, more realistic data.

To summarize, we
(i) propose PEACH, an in-context learning framework for physical simulation that adapts to unseen
materials using only point cloud sequences,
(ii) introduce an end-to-end architecture that encodes latent material parameters from such se-
quences, which then condition a trajectory-level GNS, and
(iii) demonstrate that PEACH matches the performance of simulators relying on mesh-based con-
texts on challenging 2D and 3D object deformation environments.

2 POINT-CLOUD ENCODING FOR ACCURATE CONTEXT HANDLING

Problem Setting. Each problem environment considers a family of physical systems that follow
the same governing equations, but differ in their material properties. Each system instance is param-
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eterized by a material vector, encoding properties such as stiffness or density. In this setting, each
task corresponds to a fixed material configuration and consists of multiple trajectories with different
initial conditions, such as different initial mesh geometries.

For each task, we generate training sequences using a FEM solver. Here, each trajectory consists of
a mesh-based simulation as well as a corresponding sequence of point clouds obtained by sampling
or ray-tracing the mesh states. At inference time, we need to infer the unknown material parameters
and do not have access to mesh states. Instead, the model must rely on a variable-sized context
set comprised of sequences of real-world or simulated point cloud observations to estimate material
parameters. It then uses this estimate to predict trajectory-level dynamics for an initial mesh.

Latent Material Inference and Conditioned Simulation. Given a context set, each sequence is
independently encoded into a latent vector using a point cloud sequence encoder. These vectors are
aggregated into a single task-level latent material description. We aggregate using a learned softmax
aggregation, which allows the model to adapt from a variable number of context trajectories. The
resulting latent material representation conditions a trajectory-level GNS, which we implement using
a MaNGO simulator (Dahlinger et al., 2025). The simulator receives an initial mesh and predicts
future mesh dynamics for the sequence in a single forward pass.

During training, the predicted trajectories are compared to ground-truth mesh simulations using a
Mean Squared Error (MSE) loss. Gradients are propagated end-to-end through both the simulator
and the point cloud encoder. To improve the alignment between latent representations and underly-
ing material properties, the latent material description is additionally compared to material property
labels using a lightweight decoder MLP. The material labels are only available during training, and
the decoder MLP is discarded at inference time.

Spatio-Temporal Point Cloud Encoder. To encode an entire point cloud sequence into a single
latent vector, we represent each point by both its spatial coordinates and a normalized time value.
Our point cloud encoder can then treat the sequence as a point cloud over 4D space time. To re-
duce the number of input points, we adapt the encoder architecture from Gyenes et al. (2024) and
apply Farthest Point Sampling in 4D space-time to select patch centers. For each center, a local
spatio-temporal neighborhood is constructed using nearest-neighbor queries. Each neighborhood is
processed using a PointNet-style architecture to produce a token embedding, to which a Fourier-
encoded representation of the patch center’s 4D location is added. The resulting set of tokens is
processed by a Transformer-based backbone and pooled into a single embedding, which serves as
the latent representation of the corresponding point cloud trajectory.

3 EXPERIMENTS

Environments. We evaluate PEACH on its ability to provide latent material descriptions from raw
point cloud sequences to facilitate downstream simulation of a canonical mesh. We consider two
simulated environments, namely Deformable Block and Sheet Deformation (Dahlinger
et al., 2025)1. Deformable Block consists of 2D trapezoids with Poisson’s ratios uniformly
sampled from [−0.9, 0.49] that are deformed by a circular collider. The dataset for this environment
contains 600/100/100 train/val/test tasks, each containing 16 trajectories of 52 simulation steps. In
Sheet Deformation, a 2D sheet is subjected to external forces perpendicular to the sheet, re-
sulting in 3D deformations. The sheet’s Young’s Modulus is sampled log-uniformly from [10, 500].
Here, the dataset includes 460/50/50 train/val/test tasks with 16 trajectories of 50 steps each.

For both environments, we generate point clouds for each simulation step via raycasting from a
static, front-facing camera followed by Farthest Point Sampling (FPS) (Eldar et al., 1997) to retain
512 points per time step. For Deformable Block, points belonging to the collider are explicitly
marked. The lack of temporal point correspondences in these sequences significantly increases task
difficulty compared to mesh-based inputs. More information about the environments is given in
Appendix B.

Baselines and Setup. We compare against MaNGO (Dahlinger et al., 2025), which operates on
mesh trajectories. MaNGO acts as an upper bound that assesses the impact of losing explicit mesh

1Respectively called Deformable Plate (easy) and Planar Bending in Dahlinger et al. (2025).
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Figure 2: Full simulation rollout and material property MSE across different encoder architectures as
a function of the number of context sequences for (left) Deformable Block and (right) Sheet
Deformation. PEACH consistently performs similar to the mesh-based MaNGO, improving over
other point cloud encoders and achieving near-Oracle performance on Deformable Block.

topology. We additionally evaluate several point cloud sequence architectures as PEACH’s encoder.
PSTNet (Fan et al., 2021) uses spatio-temporal convolutions to capture local geometric evolutions
across 4D space-time. Additional encoders include a Spatio-temporal GNN that constructs dynamic
graphs per frame using nearest neighbors inside the same and adjacent time frames. Our proposed
architecture as described in Section 2 uses a Transformer Encoder that processes the point tokens
and aggregates them into a single trajectory-level embedding.

We train each method end-to-end, evaluating simulation fidelity and material prediction accuracy
using MSE against the full trajectory and ground truth vector, respectively. For the trajectory evalu-
ation, we also include an upper bound Oracle Encoder, which receives ground-truth material proper-
ties. We similarly include a No Context Encoder with an empty context set to establish a lower bound
representing regression toward mean material behavior. All models are trained using batches of 1 to
8 randomly sampled trajectories to improve adaptation capability. We repeat each experiment across
3 random seeds using the AdamW optimizer (Loshchilov & Hutter, 2019) with a learning rate of
5.0×10−5. Appendix A provides an overview of used methods and lists detailed hyperparameters.

4 RESULTS

Figure 2 shows that PEACH consistently outperforms all point cloud baselines across both environ-
ments and scales best with increased context set sizes. These results indicate that the Transformer-
based encoder better aggregates spatio-temporal point cloud information, particularly when temporal
correspondences are absent.

Further, PEACH’s material predictions and simulation accuracy are comparable to those of MaNGO,
demonstrating that the learned material embeddings from point clouds are competitive to the ones
learned from meshes. Appendix C provides exemplary trajectory visualizations, which show that
PEACH’s simulations are consistent and visually mostly indistinguishable from those of MaNGO.
These results confirm that PEACH provides accurate material identification and physically consis-
tent trajectory prediction from point cloud sequences, bridging the gap to mesh-based methods.

5 CONCLUSION

We introduced Point cloud Encoding for Accurate Context Handling (PEACH), an in-context learn-
ing framework that adapts graph network simulators to unseen material properties using only se-
quences of point cloud observations. By decoupling material inference from mesh-based dynamics
prediction, PEACH extends prior mesh-dependent approaches to more realistic observation settings
while retaining the efficiency and accuracy of trajectory-level graph network simulators. Our exper-
iments on simulated deformation environments demonstrate that PEACH achieves performance on
par with mesh-based context methods, despite relying on significantly sparser input data.
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While this work takes an important step toward real-world adaptive simulation, all evaluations are
conducted using simulated point clouds. Thus, real-world sensing effects such as noise, occlusions,
and domain shift are not yet considered.
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A METHODS AND HYPERPARAMETERS

A.1 POINT CLOUD ENCODER

In this section, we provide additional details on the point cloud encoders used in our comparisons.

PSTNet. We closely follow the method proposed in Fan et al. (2021) and use the
official implementation and architecture from https://github.com/hehefan/
Point-Spatio-Temporal-Convolution. The spatial kernel radius is adapted to 0.1
to match our task normalization, while all other architectural components and hyperparameters are
kept unchanged.

GNN Encoder. At each timestep, we perform furthest point sampling to select 52 center points
per point cloud in the sequence. For each center point, we connect its 16 nearest neighbors and apply
a PointNet layer (Charles et al., 2017) to each resulting patch, yielding an embedding of dimension
32. We concatenate a Fourier encoding of the corresponding timestep to this embedding.

The resulting spatio-temporal tokens are then assembled into a graph: within each timestep, every
node is connected to its 4 nearest neighbors. In addition, each node is connected to its 2 nearest
neighbors in the subsequent timestep and to its single nearest neighbor in the following timestep.
This construction yields a spatio-temporal graph encoding the complete point cloud sequence.

The graph is processed using a message-passing graph neural network (Sanchez-Gonzalez et al.,
2020) without global features, consisting of 5 layers with a latent dimension of 128. Finally, an
attention-based readout module is applied to obtain a single output token.

PEACH Transformer Encoder. For our method, we employ a spatio-temporal furthest point sam-
pling to select the center points. All timesteps are first normalized to the unit interval and then scaled
by a factor of 16, producing a temporal scaling comparable to the spatial normalization. For each
center point, we extract its 16 nearest neighbors and apply a PointNet layer to the resulting patch.
Temporal and spatial Fourier encodings are then added to these embeddings to incorporate both
spatial and temporal information.

We implement an Attention Pooling module that combines a Transformer encoder with a cross-
attention-based pooling mechanism. Input tokens are first processed through a Transformer encoder
using multi-head self-attention, allowing them to exchange information and build contextual repre-
sentations. The resulting token embeddings are then passed to an Attention Pooling layer, where a
single learnable query token attends to the encoded sequence via cross-attention, summarizing the
variable-length input into a fixed set of output tokens.

A.2 MESH ENCODER AND SIMULATOR

Mango Mesh Encoder. We closely follow the architecture of Dahlinger et al. (2025) and apply
a one-dimensional convolutional neural network to each node along the temporal dimension. The
mesh structure provides consistent point correspondences over time, enabling this temporal process-
ing. Node features are then aggregated using a Deep Set architecture (Cai et al., 2023) to produce
a permutation-invariant representation of the mesh. We use the official implementation, available at
https://github.com/ALRhub/mango.

Mango Simulator. We closely follow the implementation from Dahlinger et al. (2025), using the
official code available at https://github.com/ALRhub/mango.

A.3 HYPERPARAMETERS

We provide a list of the used hyperparameters in Table 1.
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Table 1: List of the used hyperparameters

Parameter Value

Furthest Point ratio (Tokenizer) 0.1
Patch size (Tokenizer) 16
Time scaling (Tokenizer) 16
Num. Fourier frequencies 8
Transformer Attention heads 4
Latent material representation dimension 128
Simulator Node feature dimension 128
Simulator Message passing blocks 15
Simulator Aggregation function Mean
Simulator Activation function Leaky ReLU
Optimizer AdamW (Loshchilov & Hutter, 2019)
Learning rate 5.0× 10−5

Weight decay 1.0× 10−4

Min Context Size (Training) 1
Max Context Size (Training) 8
Latent representation aggregation Learned Softmax

B DATASETS

This section provides detailed information about the datasets used in our experiments. The key
characteristics of each dataset are summarized in Table 2. Each task consists of 16 simulation trials
with various initial conditions.

Table 2: Dataset descriptions

Name Train/Val/Test Splits Number of Steps Number of Nodes

Deforming Block 600/100/100 52 81
Sheet Deformation 460/50/50 50 225

B.1 DEFORMING BLOCK.

This environment was originally implemented by Linkerhägner et al. (2023) and uses Simulation
Open Framework Architecture (SOFA) (Faure et al., 2012). This dataset considers the deformation
of a two dimensional rectangular block in two dimensional space. There are different trapezoidal
initial geometries of the block. The nodes located at the bottom edge of the block are clamped
with zero displacement. The load is applied by means of a contact between a rigid circular collider
and the top surface of the block. Across simulation trials, the collider radius is sampled uniformly
between 10% and 40% of the block size and moves vertically downward at a constant velocity.
The contact is modeled using a hard contact definition, which is rigid in the normal direction and
frictionless in the tangential direction. The material behavior of the block is modeled using isotropic
linear elasticity with a fixed Young’s modulus E, while the Poisson’s ratio ν is sampled uniformly
per task from [−0.9, 0.49]. The block is discretized using 81 nodes and 128 triangular elements.

B.2 SHEET DEFORMATION.

This dataset considers the deformation of a thin square two dimensional deformable sheet with
edge length l = 140 mm embedded in three dimensional space. The thickness of the sheet is
intrinsically defined as t = 2.0 mm. Nodes located at the outer edge of the sheet are clamped
with zero displacement. The load is applied by two discrete external forces acting perpendicular to
the thickness direction of the sheet. The force magnitude is fixed, while the normal force direction
(upward or downward) and point of application are sampled uniformly. To enable a continuous range
of force application locations, the forces are applied uniformly to all nodes within a small radius
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Sheet Deformation
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Figure 3: Predicted simulation of a Sheet Deformation test task by PEACH Encoder (blue),
No Context Encoder (grey), PSTNet Encoder (orange), GNN Encoder (green), Oracle Encoder (yel-
low), and MaNGO Mesh Encoder (turquoise). All visualizations show the colored predicted mesh,
a collider, and a wireframe (red) of the ground-truth simulation. The last two rows show exemplary
point cloud sequences from the context set.

around the sampled application location. The forces are ramped up linearly from zero to their target
magnitude over the simulated time. The material behavior of the sheet is modeled using isotropic
linear elasticity with Young’s modulus E sampled log-uniformly in [10, 500] MPa and Poisson’s
ratio ν=0.3. The sheet is discretized using 225 nodes and 392 triangular elements. Geometric non-
linearities due to large deformations are considered. The simulation for the described environment
is implemented in the finite element software Abaqus/Standard and solved using implicit time
integration.

C VISUALIZATIONS

We provide additional qualitative results comparing all evaluated methods on both datasets. Fig-
ure 3 shows qualitative trajectory predictions for the Sheet Deformation dataset, while Fig-
ure 4 presents corresponding results for the Deformable Block dataset. These visualizations
illustrate qualitative differences between the methods and complement the quantitative results re-
ported in the main paper. They also present two exemplary point cloud sequences from the same
task used by the models to estimate material properties.

9



Published as a conference paper at ICLR 2026

Deforming Block

t=1 t=6 t=11 t=16 t=21 t=31 t=41 t=51

Figure 4: Predicted simulation of a Deforming Block test task by PEACH Encoder (blue), No
Context Encoder (grey), PSTNet Encoder (orange), GNN Encoder (green), Oracle Encoder (yellow),
and MaNGO Mesh Encoder (turquoise). All visualizations show the colored predicted mesh, a
collider, and a wireframe (red) of the ground-truth simulation. The last two rows show exemplary
point cloud sequences from the context set.
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