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Abstract
Graph neural networks have been a powerful
tool for mesh-based physical simulation. To effi-
ciently model large-scale systems, existing meth-
ods mainly employ hierarchical graph structures
to capture multi-scale node relations. However,
these graph hierarchies are typically manually de-
signed and fixed, limiting their ability to adapt to
the evolving dynamics of complex physical sys-
tems. We propose EvoMesh, a fully differentiable
framework that jointly learns graph hierarchies
and physical dynamics, adaptively guided by
physical inputs. EvoMesh introduces anisotropic
message passing, which enables direction-specific
aggregation of dynamic features between nodes
within each hierarchy, while simultaneously learn-
ing node selection probabilities for the next hi-
erarchical level based on physical context. This
design creates more flexible message shortcuts
and enhances the model’s capacity to capture
long-range dependencies. Extensive experiments
on five benchmark physical simulation datasets
show that EvoMesh outperforms recent fixed-
hierarchy message passing networks by large mar-
gins. The project page is available at https:
//hbell99.github.io/evo-mesh/.

1. Introduction
Simulating physical systems with deep neural networks has
achieved remarkable success due to their efficiency com-
pared with traditional numerical solvers. Graph Neural
Networks (GNNs) have been validated as a powerful tool
for mesh-based simulation, such as for fluids and rigid colli-
sions (Wu et al., 2020). The primary mechanism driving the
GNN-based models is message passing, where time-varying
physical quantities are encoded within the mesh structure
and are temporally updated by aggregating information
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Table 1. Comparison of mesh-based physical simulation mod-
els. Dynamic hierarchy refers to hierarchical graph structures that
evolve over time. Adaptive indicates that the graph structures are
determined by physical inputs. Prop. denotes feature propagation.

Model Dynamic Adaptive Anisotropic Learnable
Hierarchy Hierarchy Intra-level Prop Inter-level Prop

MGN (2021) ✗ ✗ ✗ ✗
Lino et al. (2022) ✗ ✗ ✗ ✓
BSMS (2023) ✗ ✗ ✗ ✗
Eagle (2023) ✗ ✗ ✓ ✓
HCMT (2024) ✗ ✗ ✓ ✗
EvoMesh ✓ ✓ ✓ ✓

broadcast from neighboring nodes (Sanchez-Gonzalez et al.,
2020; Pfaff et al., 2021; Allen et al., 2023). Existing meth-
ods generally rely on repeated local message passing to
propagate influence over long distances, which becomes
extremely costly for large-scale mesh graphs. A common
solution involves using multi-scale graph structures to create
direct information shortcuts between distant nodes. (Lino
et al., 2022; Cao et al., 2023; Yu et al., 2024; Han et al.,
2022; Fortunato et al., 2022).

However, as shown in Table 1, previous methods commonly
rely on heuristic node selection to create predefined (data-
independent) coarser message passing graphs (Cao et al.,
2023; Yu et al., 2024). These predefined graphs limit the
model’s adaptation ability in two key ways. First, the fixed
graph hierarchies, applied to the entire input sequence, do
not account for the variety of physical contexts. In practical
systems like turbulence, even with identical boundary con-
ditions, small changes in initial conditions can lead to sig-
nificant differences in subsequent dynamics. Second, since
the spatial correlations in a physical process can evolve over
time, static graph hierarchies are insufficient for capturing
the time-varying node interactions.

To tackle this challenge, we propose a novel neural network
approach named EvoMesh, which constructs data-adaptive
and time-evolving graph hierarchies based on the input phys-
ical quantities. The key insight is to develop a differentiable
node selection method that allows for flexible correlation
of long-range, dynamic node interactions. This is techni-
cally supported by an anisotropic message passing (AMP)
mechanism, which (i) aggregates neighboring features with
non-uniform, learnable importance weights within each hi-
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erarchical level, (ii) predicts the probabilities of the node
being retained for the next hierarchy based on physical con-
text, and (iii) adaptively learns cross-hierarchy interactions
to optimize information flow across scales. To enable differ-
entiability in the node selection process, we approximate the
discrete downsampling decisions using Gumbel-Softmax.

Another advantage of the AMP mechanism is its ability
to enable features to transfer between nodes with varying
importance, aligning with the directionally non-uniform
nature of the dynamic patterns, as observed in scenarios
such as CylinderFlow, AirFoil, and Flying Flag simulations.
It applies to both intra-level and inter-level feature prop-
agation. In contrast, as shown in Table 1, most previous
GNN-based mesh simulation methods perform isotropic
feature aggregation within the intra-level transition and rely
on unlearnable importance weights to transfer inter-level
information across hierarchical levels, assuming equal con-
tributions from neighboring nodes.

Overall, our contributions are summarized as follows:

• We present EvoMesh, which generates dynamic graph
hierarchies through differentiable node selection, enabling
adaptive modeling of multi-scale physical relations.

• EvoMesh employs anisotropic message passing to enable
directionally varied feature propagation both within and
across graph hierarchies.

• On average, EvoMesh outperforms fixed-hierarchy mod-
els by around 20% across a range of standard benchmarks.
It also demonstrates strong generalization to test cases
with time-varying mesh structures, novel resolutions, and
out-of-distribution dynamics.

2. Preliminaries
Message passing. We consider simulating mesh-based
physical systems, where the task is to predict the dynamic
quantities of the mesh at future timesteps given the current
mesh configuration. A mesh-based system is represented as
a bi-directed graph G = (V; E)1, where V and E denote the
set of nodes and edges, respectively. Message passing neu-
ral networks (MPNNs) compute the node representations
by stacking multiple message passing layers of the form:

Edge update: êij = �e(eij ;vi;vj); (1)

Node update: v̂i = �v (vi;  (fêij j 8j; eij 2 Eg)) ; (2)

where vi is the feature of node vi 2 V and  denotes a
non-parmatric aggregation function. The function �e up-
dates the features of edges based on the endpoints, while �v

1Bi-directed means each original undirected edge is represented
twice in G: if there is an edge between i and j, it is represented as
two directed edges i! j and j ! i. Each node has a self-loop.

updates the node states with aggregated messages from its
neighbors. In existing GNN-based mesh simulation meth-
ods, multi-layer perceptrons (MLPs) with residual connec-
tions are commonly employed for �e(�) and �v(�), with the
non-parametric aggregation function  (�) being defined as
the sum of edge features. Notably, since the aggregation
function treats all neighbors equally, the contributions from
neighboring nodes may be averaged out, and the repeated
message-passing process can further dilute distinctive node
features. This issue is exacerbated in dynamic physical
systems, where transferring directed patterns is crucial.
Attention-based methods address this issue by reweight-
ing neighbor features, either locally or globally (Veličković
et al., 2018; Yu et al., 2024; Han et al., 2022; Yun et al.,
2019). While effective for directional aggregation, most
weighting remains limited to intra-level features and does
not support dynamic graph hierarchy construction.

Hierarchical MPNNs. To facilitate long-range modeling,
hierarchical MPNNs process information at L scales by cre-
ating a graph for each level and propagating information
between them (Lino et al., 2022; Fortunato et al., 2022;
Cao et al., 2023; Yu et al., 2024). Let G1 = (V1; E1) rep-
resent the graph structure at the finest level, i.e., the input
mesh. The lower-resolution graphs G2;G3; : : : ;GL, with
jV1j > jV2j > : : : > jVLj, contain fewer nodes and edges,
which allows for more efficient feature propagation over
longer physical distances with certain propagation steps.
The typical process for constructing multi-scale structures
primarily involves downsampling and upsampling between
adjacent graph hierarchies. Downsampling reduces the num-
ber of nodes while upsampling transfers information from
a lower-resolution graph to a higher-resolution one. The
downsampling operation includes two steps:

• SELECT: Nodes are selected from the current graph
structure Gl to create a new, coarser graph Gl+1. Various
strategies have been proposed to construct Vl+1, including
hand-crafted designs (Lino et al., 2022; Cao et al., 2023;
Yu et al., 2024), geometric clustering (Han et al., 2022;
Janny et al., 2023), and differentiable pooling methods
that predict cluster assignments or select top-ranked infor-
mative nodes (Ying et al., 2018; Gao & Ji, 2019; Lee et al.,
2019; Ranjan et al., 2020). The edges El+1 in Gl+1 are
constructed by connecting the selected nodes based on the
original edges El. However, this process can sometimes
lead to loss of connectivity and introduce partitions (Gao
& Ji, 2019; Lee et al., 2019; Cao et al., 2023). To mitigate
this, connectivity in El+1 can be strengthened by adding
K-hop edges.

• REDUCE: The features of the nodes in Vl+1 are aggre-
gated from their corresponding neighborhood features in
the finer graph Gl.

The upsampling process is represented by EXPAND, which
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Figure 1. The architecture of EvoMesh. Physical dynamics is modeled on multiple graph resolutions with adaptive structures,
G1 ; G2 ; : : : ; GL , and are processed using their respective AMP layers. TheDiffSELECT operation performs differentiable pooling to
create coarser graphs with learnable downsampling probabilities.REDUCEandEXPANDintegrate inter-level information using learned
feature aggregation weights over the neighboring nodes. EvoMesh is trained end-to-end with one-step supervision.

is the inverse of theREDUCEfunction and transfers informa-
tion from the coarser level back to the �ner level. Most previ-
ous work generates coarser graphs either by using numerical
software or by downsampling the input mesh through heuris-
tic pooling strategies (Cao et al., 2023; Lino et al., 2022; Yu
et al., 2024; Janny et al., 2023). This process is performed
during the data preprocessing stage. The preprocessed hier-
archy with the same input mesh topology is reused across
different initial conditions and time steps.

3. Method

In this section, we introduce EvoMesh, a fully differentiable
model that adaptively generates time-evolving graph hierar-
chies over the sequence, while simultaneously simulating
the physical system over these learned hierarchical graphs.
Figure 1 demonstrates an overview of the proposed model,
which operates in anencode-process-decodepipeline. The
encoder �rst maps the input �eld to a latent feature space
V 1 = f v i jvi 2 V1g at the original mesh resolution. Subse-
quently, we model the physical dynamics across the learned
multi-scale graph hierarchies with adaptive graph structures.

In Section 3.1, we present the details of the AMP layer. In
Section 3.2, we discuss the approach for learning context-
aware graph hierarchies. In Section 3.3, we describe the
inter-level downsampling and upsampling processes that
incorporate AMP-based feature propagation. Finally, in

Section 3.4, we outline the implementation details.

3.1. Anisotropic Message Passing

We introduce the AMP layer, which facilitates information
propagation both within and between graph hierarchies,
enabling EvoMesh to effectively capture local and long-
range dependencies simultaneously.

As shown in Eq. (2), a common non-parametric aggregation
in GNN-based mesh simulation is to use the summation for
node update:̂v i = � v

�
v i ;

P
v j 2N v i

ê ij

�
, wherevj 2 N v i

denotes a neighboring node ofvi in the graph.

To differentiate the contributions of neighboring nodes, the
AMP layer employs learnable parameters� w to predict
the anisotropic importance weight of edge featureê ij with
respect to nodevi . These weights are then normalized across
the neighborhood ofvi using a softmax function:

wij = � w (eij ; v i ; v j ); � ij =
exp (wij )

P
k2N i

exp (wik )
: (3)

The normalized coef�cients are used to compute a linear
combination of the corresponding edge features. This linear
combination serves as the �nal input for the node update
function� v given node featurev i :

v̂ i = � v
�

v i ;
X

v j 2N v i

� ij ê ij

�
: (4)
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The proposed AMP layer enables the implicit assignment
of varying contribution weights to the updated edge fea-
tures within the same neighborhood. Analyzing the learned
direction-speci�c weights in AMP further enhances inter-
pretability. We adopt an MLP implementation for� w , while
alternative designs, such as graph attention (Veli�cković et al.,
2018) or cross-attention (Vaswani et al., 2017), are also fea-
sible. A detailed comparison is provided in Appendix C.2.

3.2. Differentiable Multi-Scale Graph Construction

With the AMP layer functioning within each graph level,
local dependencies are effectively propagated throughout
the high-resolution graphs, guiding the selection of nodes to
be discarded in the next hierarchy for improved long-range
modeling. We now delve into the details of the differen-
tiable node selection method (DiffSELECT ) for hierarchi-
cal graph construction.

In theDiffSELECT operation, we train the node update
module� v based on anisotropic aggregated edge features to
produce a 2-dimensional probability vector� l

i for each node
vi . This vector� l

i = ( � l
i; 0; � l

i; 1) represents the probabilities
of discarding or retaining nodevi in the next-level coarser
graphGl +1 . We rewrite Eq. (4) as follows:

v̂ l
i ; � l

i = � v

0

@v l
i ;

X

v j 2N v i

� l
ij ê l

ij

1

A : (5)

In the next step, we apply Gumbel-Softmax sampling (Jang
et al., 2017) independently to each node, using the log-
probabilities(log � l

i; 0; log � l
i; 1) as logits. This produces a

soft one-hot vectorzl
i = ( zl

i; 0; zl
i; 1) for each node:

zl
i;k = Gumbel-Softmax

�
log � l

i; 0; log � l
i; 1

�

=
exp

�
(log � l

i;k + gl
i;k )=�

�

P 1
k 0=0 exp

�
(log � l

i;k 0 + gl
i;k 0)=�

� ;
(6)

wheregl
i;k is Gumbel noise sampled independently for each

node, and� is the temperature parameter controlling the
smoothness of the sampling. In this way, the node setVl +1

is adaptively constructed based on node features from the
�ner graph level. The straight-through Gumbel-Softmax
estimator provides a differentiable approximation to hard
sampling, thereby facilitating end-to-end training. We im-
plement the Gumbel-Softmax with temperature annealing
to stabilize training, initially encouraging the exploration of
hierarchies and gradually re�ning the selection process.

The edgesEl +1 in the coarser graphGl +1 are constructed
by connecting the selected nodes using the original graph's
edgesEl . However, this process may result in disconnected
partitions (see Appendix Figure 6). To address this issue,

we enhance the connectivity inEl +1 by incorporating the
K -hop edges during edge selection, de�ned as follows:

eE(K )
l = El [

�
eij j 9vk1 ; vk2 ; : : : ; vkK � 1 2 V l

s.t. ei;k 1 ; ek1 ;k 2 ; : : : ; ekK � 1 ;j 2 El
	

: (7)

In essence,eij 2 eEK
l if there exists a sequence of interme-

diate nodesf vk1 ; vk2 ; : : : ; vkK � 1 g consecutively connected
by edges inEl or eij 2 El . The edges inEl +1 are de�ned as:

El +1 =
�

eij j 9vi ; vj 2 V l +1 s.t. eij 2 eE(K )
l

	
: (8)

El +1 consists of edges from the enhanced edge seteE(K )
l that

connect nodes inVl +1 . As K increases, nodes ineE(K )
l can

be connected through additional intermediate nodes, thereby
improving long-range connectivity. In practice, the most
effective value ofK is found to be2. We include further
discussions in Appendix C.3.

The graph construction process is fully differentiable, al-
lowing for seamless integration into differentiable physical
simulators. By �exibly adapting graph hierarchies based on
simulation states, it paves the way for more accurate predic-
tions of the spatiotemporal patterns in complex systems.

3.3. Inter-Level Feature Propagation with AMP

During the downsampling process fromGl to the generated
coarser graphGl +1 , as illustrated in Figure 1, theREDUCE
operation aggregates information to each node inVl +1 from
its corresponding neighbors inVl . Conversely, theEXPAND
operation unpools the reduced graph back to a �ner resolu-
tion, delivering the information of the pooled nodes to their
neighbors at the �ner level.

Prior work employed non-parametric aggregation in inter-
level propagation, convolving features based on the nor-
malized node degree. It simpli�es intricate relationships
between nodes and neglects the directional aspects of infor-
mation �ow. To address this, EvoMesh is designed to learns
inter-level aggregation weights that are both data-speci�c
and time-varying. Speci�cally, the importance weight� l

ij
computed by the AMP layer inherently captures the rele-
vance of nodevj 's features to nodevi at the graph levell .
These weights can be directly reused for theREDUCEand
EXPANDoperations in the downsampling and upsampling
processes. We provide details of these operations as follows:

• REDUCE: Let vi be the node at the coarser graph level.
The downsampling process aggregates the information
of the current neighborsN i by reusing the weight� l

ij :
v l +1

i  REDUCE(f v l
j ; � l

ij gj 2N i ) :=
P

j 2N i
� l

ij v l
j :

• EXPAND: We �rst unpool the node features from the
coarser graphGl +1 back to the �ner levelGl . To achieve

4



EvoMesh: Adaptive Physical Simulation with Hierarchical Graph Evolutions

Table 2. Quantitative comparison of the one-step and long-term prediction errors.We report the mean results over3 random seeds,
with corresponding standard deviations detailed in Appendix C.7.Promotiondenotes the improvement over the second-best model.

Model
RMSE-1 (� 10� 2) RMSE-All (� 10� 2)

Cylinder Airfoil Flag Plate Cylinder Airfoil Flag Plate

MGN (2021) 0.3046 77.38 0.3459 0.0579 59.78 2816 115.3 3.982
Lino et al. (2022) 3.9352 85.66 0.9993 0.0291 27.60 2080 118.2 2.090
BSMS-GNN (2023) 0.2263 71.69 0.5080 0.0632 16.98 2493 168.1 1.811
Eagle (2023) 0.1733 51.55 0.3805 0.0392 20.05 2344 127.7 7.797
HCMT (2024) 0.9190 48.62 0.4013 0.0295 23.59 3238 90.32 2.468
EvoMesh 0.1568 41.41 0.3049 0.0282 6.571 2002 76.16 1.296

Promotion 9.53% 14.8% 11.9% 3.10% 61.3% 3.75% 15.7% 28.5%

this, we record the nodes selected during the downsam-
pling process and use this information to place the nodes
back in their original positions in the graph. Then,
we reuse the previously computed importance weights
� l

ij to assign weighted features fromGl +1 back toGl .
The EXPANDoperation is formally de�ned as:~v l

i  
EXPAND(f v l +1

j ; � l
ij gj 2N i ) :=

P
j 2N i

v l +1
j � l

ij :

• FeatureMixing : While the EXPANDoperation up-
samples coarser-level features ofGl +1 to match the res-
olution of the current levelGl , nä�vely upsampled fea-
tures may suffer from artifacts or misalignment. To
mitigate this, we introduceFeatureMixing to re-
�ne and fuse coarse-level features with intra-level in-
formation at the current resolution. Speci�cally, we
apply an additional anisotropic message passing step
to the upsampled features~v l

i and then integrate these
features with the original intra-level featuresv l in
Gl (prior to downsampling) using a skip connection:
�v l

i  FeatureMixing (~v l
i ; v l

i ; f el
ij gj 2N i ) := v l

i +
AMP(~v l

i ; f ~v l
j gj 2N i ; f el

ij gj 2N i ):

3.4. Implementation Details

We train EvoMesh using the one-step supervision that mea-
sures theL 2 loss between the ground truth and the next-step
predictions. We include detailed descriptions of the imple-
mentation of encoder, decoder, node update function and
edge update function in Appendix B.

4. Experiments

In this section, we present the key results of the proposed
method. Additional analyses can be found in Appendix C.

4.1. Experimental Setup

We evaluate EvoMesh on �ve mesh-based benchmarks from
previous work (Pfaff et al., 2021; Cao et al., 2023; Wu et al.,
2023; Narain et al., 2012). For detailed descriptions, includ-
ing the input physical quantities, please refer to Appendix A.

• CylinderFlow: Simulation of incompressible �ow around
a cylinder based on 2D Eulerian meshes.

• Airfoil : Aerodynamic simulation around airfoil cross-
sections based on 2D Eulerian meshes.

• FlyingFlag: Simulation of �ag dynamics in the wind
based on Lagrangian meshes with �xed topology.

• DeformingPlate: Deformation of hyper-elastic plates
based on Lagrange tetrahedral meshes.

• FoldingPaper: Deformation of paper sheets with evolving
meshes driven by varying forces at the four corners.

We mainly compare EvoMesh with the following methods:

• MGN (Pfaff et al., 2021), which performs multiple times
of message passing on the original graph.

• Lino et al. (Lino et al., 2022), which also trains MPNNs
on manually-set multi-scale mesh graphs.

• BSMS-GNN (Cao et al., 2023), which generates static
hierarchies using bi-stride pooling and performs message
passing on prede�ned meshes.

• Eagle (Janny et al., 2023), which constructs a two-scale
hierarchy using precomputed geometric clustering and
performs message passing at both levels.

• HCMT (Yu et al., 2024), which generates static hierar-
chies by applying Delaunay triangulation to the bi-stride
pooled nodes, and enables directed feature propagation
with the attention mechanism.

All models are trained using the Adam optimizer for1M
steps, with an exponential learning rate decay from10� 4 to
10� 6 over the �rst500K steps. We provide further details
on the architecture and hyperparameters of the compared
models in Appendix D.

4.2. Main Results

Standard benchmarks. Table 2 presents the root mean
squared error (RMSE) of one-step prediction (RMSE-1) and
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Figure 2.Prediction showcases over400future steps on CylinderFlow. From the displayed error maps, it is evident that EvoMesh
effectively captures long-term dynamics, providing predictions that closely align with the ground truth.

Figure 3.A demonstration of how the learned hierarchies adapt to evolving physical dynamics. Top:the velocity �eld from the
true data.Bottom: the temporal difference of the velocity �elds between adjacent time steps alongside the constructed coarser-level
mesh graph (Gl =4 ). The highlighted areas demonstrate a notable experimental phenomenon: the mesh dynamically evolves with the data
context and aligns with the critical areas of change in the data.

long-term rollouts for100–600 future time steps (RMSE-
all). EvoMesh consistently outperforms the compared mod-
els across all benchmarks. This demonstrates the effective-
ness of building context-aware, time-evolving hierarchies
with learnable, directionally non-uniform feature propaga-
tion both within and across graph levels. Figure 2 presents
long-term predictions on CylinderFlow, based solely on
the system's initial conditions at the �rst step. As we can
see, EvoMesh captures the complex, time-varying �uid �ow
around the cylinder obstacle more successfully, with its pre-
dictions closely matching the ground truth evolution. More
results are shown in Appendix C.9.

Can the learned hierarchies adapt to evolving data dy-
namics? In Figure 3, we visualize the time-evolving hi-
erarchies constructed by EvoMesh at different time steps,
where coarser-level nodes tend to concentrate in regions

highlighted by the temporal differences in the true data.
We have two observations here: First, the constructed hi-
erarchy evolves as the data context changes. Second, the
time-evolving graph structures align with the high-intensity
regions, either in the velocity �elds (top) or in their temporal
variations (bottom). These results highlight the effectiveness
of our approach in capturing signi�cant dynamic patterns.

Paper simulation with changing meshes. We evaluate
EvoMesh in a more challenging setting with time-varying
meshes for paper folding simulation, generated using the
ARCSim solver (Narain et al., 2012; Wu et al., 2023), and
compare EvoMesh with MGN (Pfaff et al., 2021). Linoet
al., BSMS-GNN, Eagle, and HCMT rely on pre-computed
hierarchies during preprocessing, which limits their applica-
bility in scenarios with dynamically changing mesh topolo-
gies. Therefore, we do not include them in this evaluation.
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Table 3.Simulation results of 2D paper folding with time-
varying input meshes.We here compare EvoMesh with MGN, as
BSMS and HCMT require pre-computed hierarchies, which are
unsuitable for scenarios involving continuously changing meshes.

Model RMSE-1 (� 10� 2) RMSE-All (� 10� 2)

MGN (2021) 0.0618 24.08
EvoMesh 0.0544 7.412

Promotion 12.0% 69.2%

We assess the models using ground-truth remeshing nodes
provided by the ARCSim Adaptive Remeshing component,
following the setup from (Pfaff et al., 2021). As shown in
Table 3, EvoMesh achieves superior short-term and long-
term accuracy compared to MGN, indicating that the time-
evolving graph hierarchies in our approach can better �t
physical systems with signi�cant geometric variations, as
represented by the time-varying input mesh structures.

Model stability under variable graph structures. Due
to the stochasticity of Gumbel-Softmax sampling in
DiffSELECT , we evaluate the stability of trained
EvoMesh by conducting three independent runs on the test
set. The mean and standard deviations of the prediction
errors reveal minimal discrepancies across different runs, as
shown in Table 11 in Appendix C.6. These �ndings demon-
strate that once trained, EvoMesh generates consistent graph
hierarchies based on the same inputs.

4.3. Ablation Studies

EvoMesh has three key components:(i) evolving graph
hierarchy,(ii) anisotropic intra-level propagation,(iii) learn-
able inter-level propagation. To evaluate the contribution
of each component, we implement several ablated vari-
ants of EvoMesh, including:Static(Bi-stride)-Anisotropic-
Unlearnable(M1), Static(Bi-stride)-Anisotropic-Learnable
(M2), Uniform-Anisotropic-Learnable(M3), andDynamic-
Anisotropic-Unlearnable(M4), and compare them against
the BSMS-GNN baseline, which uses static hierarchies,
isotropic intra-level summation, and unlearnable inter-level
propagation. BothM1 andM2 adopt the same static bi-stride
hierarchy via preprocessing as BSMS-GNN.M3 constructs
the hierarchy via uniform node sampling in each hierarchy,
while M4 applies dynamic hierarchy construction without
learnable inter-level updates.

Figure 4 demonstrates the effectiveness of direction-aware
message propagation at both intra- and inter-levels, as well
as the bene�t of learning dynamic graph hierarchies. Com-
paringM1 with BSMS-GNN shows that integrating AMP
improves performance even under a static hierarchy. Fur-
thermore, the comparison between EvoMesh andM4, as
well as betweenM1 with M2, highlights the importance of
learnable inter-level propagation in capturing hierarchical
signal �ow. In addition, althoughM3 bene�ts from learnable

propagation, its use of uniform node sampling results in sub-
optimal performance, suggesting the necessity of adaptive
and data-aware hierarchy construction.

Furthermore, in Figure 5, we visualize the variance of pre-
dicted anisotropic edge weights and compare it with areas
where physical quantities present substantial variations over
time. The results reveal a strong correlation between the
anisotropic learning mechanism and the rapidly changing
dynamics of the physical system.

4.4. Generalization Analyses

Generalization to out-of-distribution mesh resolutions.
Nearly all existing machine learning models for mesh-based
simulations are not resolution-free and may fail when eval-
uated on unseen mesh resolutions. We assess the gener-
alization performance of EvoMesh by training it on low-
resolution meshes and testing it on high-resolution meshes.
The average number of nodes in the test data is twice that
of the training data, and the number of edges is three times
greater. Table 4 reports one-step and 50-step rollout errors
on out-of-distribution (OOD) mesh resolutions. EvoMesh
shows strong generalization on the CylinderFlow and Air-
foil datasets, highlighting its zero-shot capability to handle
re�ned mesh structures. This performance gain is largely
attributed to EvoMesh's ability to construct hierarchical
graphs adaptively, allowing it to scale effectively with in-
creased resolution. On the other hand, MGN achieves lower
errors on the FlyingFlag and DeformingPlate datasets, in-
dicating that mesh-based architectures remain effective for
systems with more regular structures and smoother deforma-
tion dynamics. While our method does not yet achieve full
generalization across arbitrary resolutions, truly resolution-
free modeling remains an open challenge that calls for more
advanced architectural design. Nevertheless, this holds sig-
ni�cant value in practical applications and has the potential
to greatly reduce the time overhead of numerical simulation
processes for preparing the large-scale mesh data required
for model training.

Generalization to physical variations. We evaluate
EvoMesh under strong distribution shifts in the input physi-
cal quantities. Table 5 presents data statistics and the RMSE
results on the CylinderFlow and Airfoil datasets. EvoMesh
consistently outperforms the compared models in both short-
term and long-term simulations. This advantage mainly
comes from its ability to learn evolving hierarchies and
model intra-level and inter-level interactions based on phys-
ical context. When the �uid dynamics in the test set become
more complex—characterized by increased variance in the
velocity �eld over time—the dynamics patterns propagate
more rapidly in space. EvoMesh adaptively constructs graph
hierarchies and more effectively captures long-range node
interactions in response to evolving physical contexts.
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