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Abstract. Ischemic stroke is a leading cause of death and disability,
in which rapid restoration of blood flow is critical to patient outcome.
During embolization, the lodging location of the occluding clot within
the cerebral vasculature strongly influences treatment difficulty, as clot
stiffness, deformability, and vessel anatomy determine the clot retriev-
ability during endovascular thrombectomy. High-fidelity finite-element
method (FEM) simulations can simulate embolization, but their compu-
tational cost makes them impractical for real-time clinical use. We pro-
pose a fast and data-efficient meshless neural surrogate for simulating
Lagrangian embolization dynamics. Our model predicts particle accel-
eration updates using SE(3)-equivariant neural fields, allowing training
from sparsely sampled high-resolution simulations while supporting in-
ference at full spatial resolution. By combining neural dynamics with
rotation and translation equivariance, the surrogate generalizes across
patient-specific vascular geometries using only 20 training simulations.
On held-out test simulations, our approach achieves stable rollouts with
a median error of 1.76 mm (Q1–Q3: 0.93–2.82), a median lodging error
of 1.27 mm (0.77–1.42), corresponding to a median relative localization
error of 1.8%, and a 200–400× speedup over FEM simulations, demon-
strating both the accuracy and efficiency of our approach.

Keywords: neural dynamics · finite element method · implicit neural
representation · digital twin · ischemic stroke

1 Introduction

Treating acute ischemic stroke (AIS) is a race against time: the brain loses an
estimated 1.9 million neurons for every minute of untreated ischemia [19]. AIS
occurs when a blood clot occludes an artery in the brain, preventing blood
flow. In large-vessel occlusions, endovascular thrombectomy (EVT), in which
the occluding clot is mechanically removed, is the standard of care. Clinical
outcome is strongly time dependent, with the best recovery when the clot is
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removed in a single pass [8, 23]. In addition, embolization, where the clot en-
ters and subsequently lodges in the cerebral vasculature, plays an important
role in determining downstream treatment difficulty and outcome. This phase
determines factors including the clot’s location, geometry, and mechanical state,
all of which influence retrievability during EVT [7, 22, 16]. These factors vary
substantially between patients, which has motivated the development of digital
twins for patient-specific, in-silico modeling of endovascular treatment strategies
and stroke progression [5, 2, 9]. Accurately capturing embolization, therefore,
provides meaningful, patient-specific insight and establishes realistic initial con-
ditions for subsequent EVT treatment simulations.

High-fidelity finite-element modeling (FEM) is capable of simulating EVT,
including embolization, and can provide informative visualizations to support
treatment planning [14, 11]. However, the computational cost of FEM simu-
lations makes them impractical for time-critical clinical use. Neural surrogate
models offer a potential alternative by learning system dynamics directly from
simulation data. Eulerian formulations, where physical quantities evolve on a
fixed spatial mesh, have previously been used to model artery wall shear stress
prediction [21] and cardiovascular flow simulations [17]. However, embolization
is inherently a Lagrangian process, characterized by particles moving through
space. Lagrangian neural models have been explored for particle and mesh-based
dynamics [18, 1], but these methods typically require large numbers of high-
fidelity training simulations.

Embolization dynamics are equivariant to rigid body transformations, as ro-
tating or translating the system does not alter clot–vessel interactions. We there-
fore propose a fast, meshless neural surrogate based on SE(3)-equivariant neural
field representations, allowing for learning from sparsely sampled high-resolution
simulations while supporting full-resolution inference. Our approach achieves
strong generalization, outperforming state-of-the-art neural physics solvers X-
MeshGraphNet [15] and Transolver++[12], across patient-specific vascular ge-
ometries while being trained on only 20 reference simulations. Code is available.1

2 Method

The equivariant neural dynamics model follows an encoder-decoder design built
from a single shared equivariant cross-attention block: the encoder maps the
particle state to a compact latent representation, and the decoder queries this
latent state to compute clot accelerations. An overview is shown in Figure 1.

2.1 Problem formulation

We consider a discrete-time Lagrangian particle system for simulating clot dy-
namics within a blood vessel. At each time step t, the system state is represented
as a point cloud:

St = {(xt
i,v

t
i ,u

t
i))}Ni=1, (1)

1 https://github.com/ThijsKuipers1995/neural_clot_sim
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Fig. 1. Given the full system state St, we first perform spatial subsampling and dis-
card vessel nodes located more than 2mm away from the clot. The reduced state is
encoded via cross-attention and farthest point sampling (FPS) to obtain a latent state.
Subsequently, a decoder predicts velocity increments ∆vt for query points sampled on
the clot volume and integrates them to advance the system to the next state St+1.

where xt
i ∈ R3 and vt

i ∈ R3 are the particle positions and velocities, and ut
i =

P (xt
i) is a precomputed pressure-driven flow field. Particles are divided into

static nodes and dynamic nodes that evolve. The system evolves with a fixed
timestep (∆t = 1). Our objective is to learn a function:

fθ : St 7→ {∆vt
i}Ni=1, (2)

that predicts per-particle velocity increments given the current state. State up-
dates are performed using a first-order Euler integration scheme:

vt+1 = vt +∆vt and xt+1 = xt + vt+1. (3)

2.2 Embolization Simulations

We construct two embolization simulation datasets: a high-fidelity dataset with
complex vascular geometries, and a simplified dataset with tapering tube geome-
tries featuring a single 180-degree bend.

Complex Vessel Dataset We performed high-fidelity FEM simulations in
Abaqus (SIMULIA, Providence, RI) of large vessel occlusion with varying cere-
bral vessel geometries. A 10 mm clot enters the internal carotid artery (ICA)
and lodges in the proximal or distal segment of the first branch of the middle
cerebral artery (MCA-M1). Clots are modeled using a Hyperfoam material for-
mulation with parameters selected following prior computational thrombectomy
studies [13, 4]. Clot entry and lodging are driven by a constant pressure load of
0.002 MPa. Vessel geometries are rigid and generated as described in [10]. Each
simulation consists of 195 states and approximately 27000 nodes, and requires
30–60 minutes on an AMD Ryzen 9 9950X3D 16-core CPU.
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Simple Bent Tube Dataset We additionally construct a simplified tube
dataset consisting of 20 simulations of a bent cylindrical vessel in which the
clot lodges at a single curvature. Each simulation contains 80 timesteps and
1000 nodes. This controlled setting serves as a sanity check to verify baseline
behavior. It is not used for model selection or tuning.

2.3 SE(3)-Equivariant Neural Dynamics

The core of the proposed model is a G-equivariant kernelized cross-attention
operator, which we adapt from [6]. For G, we consider the platonic subgroups of
SO(3). For an input sequence of length N and feature dimension d, feature (H)
and coordinate (X) tensors are defined over the group:

H ∈ R|G|×N×d, X ∈ R|G|×N×3. (4)

Given query and context tensors (Hq,Xq) and (Hc,Xc), cross-attention is com-
puted independently for each group element g ∈ G in parallel using kernelized
attention [3], which makes computation time scale linearly with the context
length:

Attn(Hq,Xq;Hc,Xc) =
1

Nc

⊕
g∈G

Qg((Kg)⊤V g), (5)

where
⊕

denotes concatenation along the group dimension and (·)g ∈ RN×d

denotes tensors in the reference frame corresponding to group element g. The
query, key, and value tensors are defined as:

Qg = RoPE(ϕq(Hq)
g,Xg

q), Kg = RoPE(1,Xg
c), Vg = ϕc(Hc)

g. (6)

Here, ϕq and ϕc are learnable equivariant linear projections and 1 denotes a ten-
sor of ones. Rotary positional embeddings (RoPE) [20] inject relative geometric
information, ensuring translation equivariance. Because the keys depend only on
coordinates, information propagation is guided by the system’s geometry.

Importantly, the attention operator retains the original kernelized attention
form. Equivariance is induced by evaluating shared embeddings across trans-
formed group elements. This weight-sharing constrains the operator to be G-
equivariant, preserving the original computation graph, and inducing equivari-
ance without additional computational overhead. When q = c, Eq. 5 reduces
to the self-attention. We construct attention blocks containing one equivariant
attention layer followed by an equivariant two-layer MLP with GeLU activation
using pre-layer normalization.

Encoder At time t, the input state St consists of a sequence of N node coordi-
nates (xt

i), scalar features (one-hot encoded node types distinguishing clot and
vessel nodes), and vector features (velocity vt

i , flow ut
i, and zero-mean mesh-

space coordinates xt=0
i ). Vector features transform under rotations, whereas

scalars remain invariant. Coordinates and vector features are lifted by rotat-
ing them for each g ∈ G. Scalars are copied across G. The input state is first
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downsampled to M < N latent points using farthest point sampling, ensuring
uniform geometric coverage. The latent state is obtained using a single cross-
attention block (Eq. 5) with the downsampled points as queries and the full-
resolution state as context. The latent state is then updated using a sequence of
D self-attention blocks.

Decoder and Neural Field Dynamics To predict per-particle velocity in-
crements ∆vt, query points are sampled from the clot domain at time t. Query
features consist of the same scalar and vector quantities as in the encoder and
are lifted to G accordingly. A single cross-attention block updates these queries
using the latent dynamics state as context, defining a neural field representation
of the system dynamics. The resulting equivariant features are projected back
to R3 to obtain ∆vt, which are integrated using Eq. 3.

2.4 Implementation and Training Details

The model uses the tetrahedral subgroup of SO(3) with |G| = 12 rotations and
two attention heads per group element. We use 768 channels (32 channels per
head). The encoder consists of D = 1 equivariant self-attention blocks. Input
states are first sampled from the full simulation state by uniformly sampling
512 vessel nodes and 1536 clot nodes. Latent states consist of M = 512 points.
During training, 2048 query points are sampled to predict velocity increments.
Clot-vessel interactions are restricted to vessel nodes within radius r = 2 mm
of clot nodes to introduce locality and improve computational efficiency. During
training, both input states and queries are augmented with Gaussian noise with
a standard deviation of 1× 10−4. The data is augmented with random rotations
during training for all models, including baselines. Models are trained for 1000
epochs with batch size 8 using AdamW, an initial learning rate of 5 × 10−6,
cosine decay to 1 × 10−6, and linear warmup during the first 10 epochs. We
use mean squared error loss. Input features are scaled by a factor of 0.5. The
30 vessel simulations are split into 20 development cases and 10 held-out test
cases. Five-fold cross-validation is performed on the development set using a
16/4 train/validation split. The final model is trained on all 20 development
simulations and evaluated on the test set. The simple tube dataset uses a 13/1/6
train/val/test split. Models are trained on an NVIDIA RTX 5070 GPU.

3 Experiments and Results

We evaluate the predictive accuracy, rollout stability, computational efficiency,
and generalization across vessel geometries. Model selection is performed via
five-fold cross-validation, followed by comparison to established neural physics
solver baselines on a held-out test set and additional analyses of robustness and
out-of-domain behavior. During inference, rollouts stop when the clot’s 10-step
average velocity falls below 0.05 mm/∆t, indicating that it has lodged.
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Table 1. Cross-validation results comparing SE(3)-equivariant and translation-
equivariant models. Values are median (Q1-Q3) in mm across five folds, with RMSEs
averaged over three seeds per trajectory. Best results in bold.

Equivariance Per-step RMSE Rollout RMSE Lodging Error

Translation 0.12 (0.11–0.13) 3.39 (3.18–4.29) 6.70 (3.05–7.32)
SE(3) 0.14 (0.12–0.14) 2.33 (2.11–2.36) 3.69 (2.35–5.45)

Table 2. Comparison of baseline models on the test set. We report the median as well
as the interquartile range (Q1-Q3) in mm calculated over all test trajectories and three
different seeds. Best results in bold. (MGN: X-MeshGraphNet).

Dataset Model Per-step RMSE Rollout RMSE Lodging Error

Tube
MGN 0.12 (0.11–0.14) 0.24 (0.23–0.25) 0.40 (0.35–0.45)
Transolver++ 0.05 (0.05–0.07) 0.44 (0.41–0.45) 0.48 (0.26–0.61)
Ours 0.24 (0.24–0.25) 1.09 (1.09–1.10) 0.39 (0.35–0.45)

Vessel
MGN 0.10 (0.08–0.13) 5.12( 3.87–5.65) 18.0 ( 16.5–23.8)
Transolver++ 0.07 (0.06–0.9) 3.34 (2.59–5.15) 17.7 (11.7–23.1)
Ours 0.14 (0.13–0.16) 1.76 (0.93–2.82) 1.27 (0.77–1.42)

Model Validation: 5-Fold Cross-Validation We assess the effect of rota-
tional equivariance by comparing the proposed SE(3)-equivariant model to a
translation-equivariant variant. Performance is evaluated using three metrics on
the vessel dataset. The per-step root mean squared error (RMSE) measures one-
step prediction accuracy by comparing predictions computed from the reference
state at each timestep of the simulation. The rollout RMSE quantifies error ac-
cumulation when the model is iteratively applied to generate the full trajectory
and assesses simulation stability. Lodging error is the Euclidean distance be-
tween the final predicted and reference clot positions. RMSEs are averaged over
three seeds per trajectory and across trajectories within each fold.

The final results are reported as median (Q1–Q3) across folds in Table 1.
Both models achieve comparable per-step RMSE, while the SE(3)-equivariant
model yields substantially lower rollout and lodging errors, indicating improved
rollout stability. Our model achieves a full-resolution rollout in approximately
8 seconds, corresponding to a 200–400× speedup when compared to the high-
fidelity FEM simulations.

Test-Set Comparison to Baselines We evaluate on held-out simulations
from both the simple tube and complex vessel datasets. We compare against
two state-of-the-art neural physics solvers: X-MeshGraphNet [15] (MGN) and
Transolver++ [12]. Baselines and training details are adapted from their original
implementations and tuned on the validation sets. MGN uses a single scale 5-
nearest-neighbor graph augmented with explicit clot-vessel interaction edges, 12



Neural Stroke Embolization Simulation 7

Fig. 2. Rollout trajectory of the clot (length: 10 mm) within the vessel. The predicted
rollout is shown in red, while the reference (ground truth) trajectory is shown in green.

Fig. 3. Out-of-domain geometries (short, sine, and straight) with predicted clot rollouts
that induce significantly different velocity profiles than seen in the training set.

message-passing layers with 128 channels. Transolver++ uses 5 attention blocks
with 8 heads with 256 channels.

We report our results in Table 2, with a representative rollout shown in
Fig. 2. On the tube dataset, all methods perform well. On the vessel dataset,
Transolver++ maintains the lowest per-step error, while our method achieves
substantially lower rollout and lodging errors than both baselines. The median
lodging error of 1.27 mm corresponds to approximately 1.8% of the total clot
trajectory length. We note that the baseline models exhibit instabilities during
all rollouts on the vessel dataset, including clipping through the vessel wall and
partial clot fragmentation. In contrast, these instabilities are absent in our model,
although one out of the ten trajectories showed consistent early lodging. Because
the model depends on stochastic input states, we assess stability across three
seeds using the mean pairwise Euclidean distance. Rollouts with different seeds
differ on average by 1.02 mm (SD 1.14 mm).
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Out-of-Domain Geometries We assess generalization to unseen vessel ge-
ometries using three out-of-domain tubes: short (20 mm), sine (200 mm), and
straight (160 mm). The short and sine tubes taper from 2.5 mm to 0.2 mm, while
the straight tube maintains a constant radius of 2.5 mm. We evaluate whether
the model lodges the clot earlier, later, or not at all, and whether lodging is
driven by geometric narrowing rather than implicit velocity thresholds.

Results are shown in Fig. 3. In the short and sine tubes, the model successfully
lodges the clot (velocity goes to zero), occurring notably earlier and later than
in the training set. No lodging occurs in the straight tube, as expected. Notably,
for the sine tube, the number of velocity oscillations matches the number of
geometric extrema, indicating a direct coupling between vessel curvature and clot
dynamics. The sine and straight tubes require substantially longer rollouts (250–
300 steps) than the reference simulations (130–160 steps), demonstrating stable
long-horizon behavior, as well as generalization to out-of-domain geometries.

4 Discussion and Conclusion

We have presented a data-efficient, meshless neural surrogate for simulating La-
grangian dynamics of embolization in ischemic stroke. Our validation experi-
ments demonstrate that explicitly incorporating SE(3) equivariance substantially
improves long-horizon stability. While per-step errors are similar to a translation-
equivariant variant, the equivariant model better captures the coupled interac-
tions between clot and vessel, which are highly sensitive to small perturbations
in position and velocity. By enforcing rotational and translational symmetry,
the model generalizes across different orientations and positions of the system,
resulting in more robust rollouts and more accurate clot lodging even with only
20 training simulations.

Comparisons to state-of-the-art neural physics solvers further highlight the
importance of equivariance for long-horizon stability in a few-shot setting. Both
MGN and Transolver++ achieved low per-step errors on both datasets. Despite
successfully simulating the simple dataset, the baselines do not reliably lodge the
clot on the complex vessel dataset. It seems that their lack of explicit constraints
on rotational symmetry prevents these models from accurately capturing the in-
tricate interactions between the clot and vessel. This leads to error accumulation
over time and unstable rollouts. In contrast, our model demonstrates physically
plausible behavior across diverse and out-of-distribution vessel geometries, in-
cluding long trajectories and correct clot lodging driven by geometric constraints
rather than implicit velocity thresholds.

While our approach demonstrates strong performance in a few-shot regime,
we do not assess how well it scales with larger training datasets. Additionally,
although the model can perform rollouts at full resolution, it still relies on a
fixed-resolution encoding of the input state. The current simulation setup uses a
single set of clot mechanical parameters and a constant, clot-independent pres-
sure field. Addressing these limitations and extending our model to include addi-
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tional stages of the EVT treatment are important next steps toward full in-silico
treatment simulation.

Overall, our results indicate that meshless, SE(3)-equivariant neural field
dynamics can efficiently capture the complex clot–vessel interactions that deter-
mine lodging and trajectory, providing accurate, robust predictions in a few-shot
regime. Our approach enables fast, patient-specific simulations of embolization
in ischemic stroke and lays the groundwork for future extensions to full neural
treatment modeling.
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