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Abstract

Large-scale three dimensional vehicle aerodynamics predic-
tion poses critical computational challenges in modern auto-
motive design, where traditional CFD methods require pro-
hibitive simulation times that conflict with rapid design it-
eration demands. While recent neural operator approaches
show promise, existing methods struggle with computational
complexity in dense meshes and fail to preserve essential
topological information when processing large-scale point
clouds. We propose FCMO, a physics-aware neural oper-
ator that integrates fluid mechanics principles with selec-
tive state space modeling for efficient large-scale vehicle
aerodynamics. FCMO introduces four synergistic compo-
nents: FlowCurv Anchor Sampling that intelligently selects
mesh nodes based on normalized local curvature and wind-
ward sensitivity. Additionally, dual-scale physics-aware po-
sition encoding with adaptive k-NN construction transforms
3D irregular meshes into causality-preserving sequences
through feature-guided serpentine scanning. The model in-
tegrates a flow-aware Mamba processor incorporating se-
lective mechanisms that dynamically modulate state transi-
tions based on wall distance and flow characteristics. Fi-
nally, a physics-constrained decoder enforces conservation
laws through mixed weighted interpolation. Extensive experi-
ments on Ahmed-Body and DrivAerNet benchmarks demon-
strate that FCMO achieves consistent state-of-the-art perfor-
mance with 5.2% improvement in surface pressure predic-
tion, 9.3% enhancement in wall shear stress estimation, and
11.4% boost in drag coefficient accuracy, while maintaining
superior computational efficiency with 9.4% fewer FLOPs
and 9.9% reduced memory usage compared to existing meth-
ods.

Introduction
Aerodynamic prediction of large-scale three-dimensional
vehicle geometries represents one of the most critical chal-
lenges in the modern automotive industry (Ahmed, Ramm,
and Faltin 1984). Accurate prediction of vehicle surface
pressure distribution and drag coefficients directly deter-
mines vehicle performance optimization and design innova-
tion effectiveness. Traditional computational fluid dynamics
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(CFD) methods solve the Navier-Stokes equations to pre-
dict vehicle surface pressure distribution (Lee and Moser
2015; Dhaubhadel 1996), yet computational times ranging
from hours to days fundamentally contradict the urgent de-
mands for rapid iterative optimization in modern automotive
design (Kochkov et al. 2021).

To overcome the computational bottlenecks of tradi-
tional CFD methods, machine learning techniques have
demonstrated tremendous potential for aerodynamic sim-
ulations (Kovachki et al. 2023). Neural operator meth-
ods achieve remarkable generalization capabilities by learn-
ing mappings between infinite-dimensional function spaces.
Fourier Neural Operator (FNO) (Li et al. 2020) learns op-
erator mappings in the frequency domain through Fourier
transforms, while Geometry-Informed Neural Operator
(GINO) (Li et al. 2023) effectively handles irregular geo-
metric domains by combining graph neural operators with
Fourier architectures. Graph Neural Network (GNN) meth-
ods have also shown outstanding performance, with Mesh-
GraphNet (Pfaff et al. 2020) learning mesh-based simula-
tions through message passing mechanisms. Recent Trans-
former architectures have gained attention for global model-
ing capabilities, where GNOT (Hao et al. 2023) uses hetero-
geneous normalized attention for multi-input functions and
irregular meshes, while Transolver (Wu et al. 2024) cap-
tures high-order correlations through physics-aware atten-
tion. The recent AeroGTO (Liu et al. 2025) combines local
feature extraction with global correlation capturing, specif-
ically designing an efficient graph-transformer operator for
large-scale aerodynamics.

However, existing methods face critical challenges when
handling large-scale automotive aerodynamics. Traditional
GNNs exhibit computational complexity proportional to the
number of edges in dense meshes, manifesting as approx-
imately quadratic growth in large-scale three-dimensional
automotive meshes (Xu et al. 2018; Cao et al. 2023).
The oversmoothing problem induced by multi-layer mes-
sage passing suppresses high-frequency signal propaga-
tion (Rusch, Bronstein, and Mishra 2023). While Trans-
former methods possess global modeling capabilities, they
are prone to losing critical topological information when
processing large-scale point clouds, limiting accurate cap-
ture of complex aerodynamic correlations (Liu et al. 2025).

State Space Models (SSMs), particularly the Mamba ar-
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chitecture, have demonstrated remarkable success in im-
age and natural language processing through effective se-
quentialization strategies (Gu and Dao 2023; Dao and Gu
2024). Mamba’s selective state space mechanism offers
significant potential for CFD applications through input-
dependent parameter adaptation, enabling dynamic process-
ing of spatially-varying characteristics fundamental to flow
analysis (Gu and Dao 2023). Furthermore, Mamba’s lin-
ear sequence length complexity and enhanced state capac-
ity provide essential computational advantages for large-
scale CFD tasks (Gu and Dao 2023; Dao and Gu 2024).
Recent advances in Mamba-based neural operators demon-
strate substantial acceleration in PDE solving tasks while
maintaining accuracy (Liu et al. 2024b). However, existing
sequentialization approaches designed for regular data struc-
tures cannot be directly applied to irregular 3D automotive
meshes, where complex geometric topologies and varying
node densities present fundamental challenges for sequen-
tial processing.

To address these computational complexity and topolog-
ical preservation challenges in large-scale vehicle aerody-
namics, we introduce FCMO, a physics-aware neural oper-
ator that integrates fluid dynamics principles into Mamba’s
selective state space modeling. Given a 3D mesh of car ge-
ometry, FCMO accurately predicts surface pressure distri-
butions and estimates drag coefficients. FCMO incorporates
four synergistic components, including a FlowCurv sam-
pling strategy that intelligently selects aerodynamically crit-
ical regions, a Flow-Aware Mamba processor that modu-
lates state transitions based on wall distance and flow char-
acteristics, dual-scale physics-aware position encoding with
adaptive k-NN construction that transforms irregular meshes
into causality-preserving sequences via feature-guided ser-
pentine scanning, as well as a physics-constrained decoder
that enforces conservation laws through mixed weighted in-
terpolation. This design effectively captures long-range flow
dependencies while maintaining linear computational com-
plexity, enabling rapid and accurate inference with enhanced
physical consistency across complex datasets.

Overall, the main contributions of this work include:

• We introduce the first specialized Mamba neural opera-
tor designed for computational fluid dynamics tasks, ad-
dressing fundamental challenges in large-scale automo-
tive aerodynamics. Our framework provides a physics-
aware solution that integrates fluid mechanics princi-
ples into selective state space modeling, overcoming
quadratic computational complexity and topological in-
formation loss in existing methods.

• We develop core technical innovations including a
physics-informed sampling strategy combining local cur-
vature and windward sensitivity, a physics-aware adapta-
tion of selective state space models incorporating critical
physical features, and a causality-preserving architecture
transforming irregular geometries into flow-directional
sequences while achieving linear computational com-
plexity.

• We conduct extensive experiments on Ahmed-Body and
DrivAerNet benchmarks, achieving consistent state-of-

the-art performance with substantial improvements in
surface pressure prediction, wall shear stress estimation,
and drag coefficient accuracy, while delivering signifi-
cant computational advantages with reduced operations
and memory usage compared to existing approaches.

Related Work
Neural Operators
Neural operators have revolutionized PDE solving by
learning mappings between infinite-dimensional func-
tion spaces (Kovachki et al. 2023). The foundational
Fourier Neural Operator (FNO) (Li et al. 2020) achieves
discretization-invariant learning through spectral domain pa-
rameterization, while GINO (Li et al. 2023) addresses ir-
regular geometries by combining graph neural operators
with FNO architectures. Recent advances include Physics-
Informed Neural Operators (PINO) (Wang, Wang, and
Perdikaris 2021), which eliminate training data require-
ments by incorporating PDE constraints directly into the loss
function. Zhang et al. (Zhang et al. 2024) propose blend-
ing neural operators with relaxation methods in PDE nu-
merical solvers for enhanced computational efficiency, while
O’Leary-Roseberry et al. (O’Leary-Roseberry, Chen, and
Ghattas 2024) introduce derivative-informed neural opera-
tors for high-dimensional parametric derivative learning. Liu
et al. (Liu et al. 2024a) develop latent neural operators that
reduce computational costs by performing operator learn-
ing in compressed latent spaces for solving forward and in-
verse PDE problems. Recent work on Mamba Neural Oper-
ator (Liu et al. 2024b) demonstrates that selective state space
models can capture long-range dependencies and continuous
dynamics more effectively than traditional Transformers, es-
tablishing theoretical connections between SSMs and neural
operators for enhanced PDE modeling capabilities. Addi-
tionally, Transolver (Wu et al. 2024) proposes physics-aware
attention mechanisms that decompose domains into learn-
able slices, achieving linear complexity through projection-
inspired attention.

Geometric Deep Learning
Various methodologies have emerged for processing com-
plex geometrical structures, collectively termed geometric
deep learning (Bronstein et al. 2017). Graph neural networks
are prominent solutions utilizing graph-based kernels for
learning representations (Scarselli et al. 2009). For scattered
point data, PointNet (Qi et al. 2017a) and PointNet++(Qi
et al. 2017b) have been introduced, while MeshGraph-
Net(Pfaff et al. 2020) leverages sequential message-passing
mechanisms for mesh-based simulation domains. However,
conventional graph-based approaches encounter computa-
tional bottlenecks with quadratic complexity growth relative
to mesh resolution (Xu et al. 2018; Cao et al. 2023) and suf-
fer from oversmoothing effects that diminish high-frequency
signals (Rusch, Bronstein, and Mishra 2023). Recent de-
velopments address these challenges through mesh-based
GNN surrogates (Gladstone et al. 2024) and multifidelity
graph neural networks (Taghizadeh, Karpatne, and Luo
2025) incorporating auxiliary connections. AeroGTO (Liu
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Figure 1: Overview of the FCMO architecture, integrating flow-curv Mamba operations for efficient modeling of extensive
3D vehicle aerodynamic simulations. From an input 3D vehicle mesh, the system delivers precise predictions for key surface
metrics including pressure distributions, wall shear stresses, and drag coefficients.

et al. 2025) integrates localized feature learning via mes-
sage propagation with global dependency modeling through
projection-based attention, utilizing frequency-augmented
graph architectures with nearest neighbor connectivity for
accurate local representation.

Methodology
We propose FCMO, a flow-curv Mamba operator specif-
ically designed for solving large-scale CFD problems on
complex geometries. This section details its architecture, be-
ginning with problem formulation and notation, followed by
core components description, and concluding with complex-
ity analysis.

Problem Setting and Notations
Neural operators aim to learn mappings between infinite-
dimensional function spaces. Let A represent the input func-
tion space and S the solution space, where the neural oper-
ator seeks to learn an operator F : A → S . We focus on
constructing a parameterized neural network Fθ to approxi-
mate this operator, which maps arbitrary 3D vehicle geome-
tries with given boundary conditions to their surface physi-
cal fields (e.g., pressure). For a given k-th vehicle instance,
the input ak consists of two components: (1) the vehicle ge-
ometry discretized by a 3D mesh Gk = {Pk,Lk}, where
Pk = {(xk

i , y
k
i , z

k
i )}Mi=1 represents the 3D coordinates of

M vertices and Lk denotes the mesh edges; (2) boundary
conditions Bk ∈ Rm containing global design parameters
such as vehicle dimensions, Reynolds number, and inlet ve-
locity. The expected output is the discretized surface pres-
sure sk = {qkj }Mj=1, where qkj ∈ R is the pressure value
at the j-th node. Following conventional neural operator ap-
proaches, our objective is to minimize the L2 relative error
loss between predictions ŝk and ground truth sk on the train-
ing dataset:

min
θ

1

D

D∑
k=1

∥sk − ŝk∥2
∥sk∥2

(1)

where D is the training dataset size and θ represents the net-
work’s trainable parameters.

Model Architecture
As shown in Figure 1, the core insight of FCMO stems from
fluid physics: flow information propagation exhibits signifi-
cant directionality and causality. The framework implements
a unified processing pipeline comprising three key compo-
nents: spatial feature encoder, flow-aware Mamba processor,
and physics-constrained decoder. Mamba’s selective mech-
anism naturally aligns with these fluid dynamics principles,
with theoretical justification provided in Appendix A.

Encoder The encoder samples critical nodes from large-
scale raw meshes and extracts feature representations rich in
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local geometric and physical information.
FlowCurv Anchor Sampling. To reduce computational
complexity while preserving critical physical regions, we
propose a geometry-physics adaptive sampling strategy. We
compute a physical importance weight wi for each vertex
i, which fuses normalized local curvature κi and windward
sensitivity ci = 1 − |ni · U|, where ni is the surface unit
normal vector at mesh vertex pi and U is the free-stream
velocity direction:

wi = λ1κi + λ2ci (2)
Subsequently, we perform two-stage sampling based on

these weights: first, probabilistic sampling retains high-
weight anchor points, then improved farthest point sampling
completes the remaining nodes, totaling N sampled points
(N ≪ M ). The distance metric during sampling is modified
to:

d(i, j) =
∥pi − pj∥2√

wi + wj
(3)

This metric scales geometric distance through physical im-
portance weights, enabling dense sampling in critical re-
gions.
Adaptive Feature Extraction. After geometry-physics
adaptive sampling, we obtain a set of non-uniformly dis-
tributed key nodes. This stage includes two core steps: adap-
tive neighborhood construction and dual-scale position en-
coding.

First, we employ an adaptive k-nearest neighbor method
to construct graph neighborhood relationships. Since fixed
neighbor counts cannot adapt to dramatic sampling density
variations, we dynamically adjust the neighbor count ki for
each node based on its physical importance weight wi:

ki = kbase + β
⌊wi

w̄

⌋
(4)

where kbase is the base neighbor count, w̄ is the average
weight, and β is a scaling factor controlling the influence
strength. This design enables nodes in physically critical re-
gions to have more neighbors for capturing complex details,
while nodes in flat regions connect to fewer neighbors.

Second, to enable the model to perceive multi-scale phys-
ical phenomena, we design a novel dual-scale physics-aware
position encoding (PE):

PE(pi) = SPE(pi) + wi · SPE
(

pi

Lref

)
(5)

This encoding consists of two components: the first term
SPE(pi) provides global, absolute coordinate information;
the second term scales coordinates by a reference length
Lref to generate a fine-scale encoding highly sensitive to
minute positional changes, weighted by the physical impor-
tance weight wi.

Based on this structure, the initial node feature vector
v
(0)
i is encoded through two independent multi-layer per-

ceptrons, fusing coordinates, boundary conditions, position
encoding, and physical importance information. Edge fea-
tures integrate edge length, orientation, and node weights:

v
(0)
i = ΦV (pi,B, PE(pi), wi)

eij = ΦE(∥pi − pj∥2,pi − pj , wi + wj)
(6)

Finally, we aggregate local information and update node
features through an L-layer graph neural network (GNN). To
prevent spatial information decay due to multiple message
passing in deep networks, we reintroduce position encoding
(PE) in each layer’s update formula:

v
(l+1)
i = v

(l)
i +Φ

(l)
P

v
(l)
i ,

∑
j∈Ni

e
(l)
ij ,v

(l)
j , PE(pi)

 (7)

This design ensures nodes maintain global position aware-
ness throughout the learning process. The encoder outputs a
spatially enhanced node feature matrix V ∈ RN×d after L
iterations.

Processor The processor serves as the core of FCMO,
converting encoded spatial features into one-dimensional se-
quences and capturing long-range dependencies along flow
directions through improved Mamba models.
Feature-Aware Sequentialization. This module converts
graph data into 1D sequences while preserving physical
causality in fluid flows. Traditional scanning methods often
disrupt spatial relationships in irregular meshes, leading to
suboptimal long-range dependency modeling. To overcome
this, we design a stratified, feature-guided approach that first
establishes a global flow-aligned order and then refines it lo-
cally for enhanced coherence.

We begin by using the free-stream direction U as the pri-
mary sorting axis, stratifying nodes based on their projec-
tions onto the U axis to create an initial global upstream-
downstream ordering Linit. This ensures that the sequence
respects the natural progression of aerodynamic phenomena.

Next, to cluster physically similar nodes and refine the
sequence for better Mamba processing, we apply local ad-
justments using node feature cosine similarity:

Lfinal
k = Linit

k ∪ {(pj ,vj) : sim(vj ,vk) > τ,pj ∈ Linit}
(8)

where τ is the similarity threshold, pj is the position of node
j, vj is its feature vector, and k indexes the layers. This step
groups nodes with akin physical properties, fostering a more
meaningful sequence.

The number of layers K is adaptively set to balance de-
tail and efficiency, based on mesh resolution and geometric
complexity:

K = max

(
5,min

(
20,

⌊
Lspan

Lref
·
√
N

⌋))
(9)

where Lspan is the vehicle’s projection length along the flow
direction, Lref is a reference length (e.g., vehicle width), and
N is the number of nodes.

Within each layer, we implement a feature-guided snake
scanning strategy to maintain local continuity. The sorting
weight integrates geometric positions with features:

wsort(pi) = α · dperp · pi + (1− α) · proj(vi) (10)

where dperp is a vector perpendicular to U, α is the geo-
metric weight (typically 0.7), pi and vi are the position and
feature of node i, and proj(·) is a learnable projection func-
tion.
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By concatenating these optimized layers, we produce a
feature sequence SeqV that robustly preserves spatial local-
ity and physical causality, enabling Mamba to capture intri-
cate long-range flow dependencies effectively.
Flow-Aware Mamba Processor. This processor employs
improved state space models (SSM) to process sequential-
ized features. We extend the standard Mamba architecture
to make its selective mechanism physics-aware. Specifically,
state space parameters Bt and Ct depend not only on input
features xt and spatial step size ∆t, but also on critical phys-
ical features ϕt at the current position:

Bt = sB(xt,∆t,ϕt), Ct = sC(xt,∆t,ϕt)

Fenc = FCMOL(FCMO1(SeqV + PE))
(11)

This design enables the model to adaptively adjust its
receptive field, performing fine-grained modeling in re-
gions where physical quantities change dramatically, such
as boundary layers. Through stacking L FCMO layers, the
model effectively learns complex long-range dependencies.

Decoder The decoder maps processor output sequence
features Fenc back to physical space and applies physical
constraints to ensure solution reasonability. The predicted
pressure value qi for node pi is generated by an MLP de-
coder D, whose input fuses sequence features, position en-
coding, and key physical features:

qfinal
i = D(Fenc, PE(pi),ϕi)

qi = qfinal
i + λp · Rphysics(q

final
i ,Ni)

(12)

where Rphysics utilizes local neighborhood information Ni

of node pi to ensure local pressure gradient smoothness and
enforce known boundary conditions. The hyperparameter λp

controls the strength of physical constraints.
For unsampled points in the computational domain, we

employ a hybrid weighted interpolation method that consid-
ers both Euclidean distance to surrounding predicted points
and GNN feature similarity, smoothly extending these phys-
ically corrected predictions to the entire flow field mesh.

Training Objective and Complexity Analysis We pre-
dict surface pressure only and enforce incompressibility and
boundary conditions through physics-based regularization.

Ltotal = L2(p̂, p) + λdiv

∥∥∇·u
∥∥2
2
+ λbc LBC. (13)

The first term measures the data fidelity between the de-
coder output p̂ and the ground-truth pressure p. The second
and third terms impose incompressibility and boundary con-
ditions, weighted by λdiv and λbc, respectively.

u = R
(
p̂; Ω, U∞

)
. (14)

The auxiliary velocity u used in the physics losses is re-
constructed from the predicted pressure p̂ via a differen-
tiable pressure–projection operator R on domain Ω with
freestream U∞; no separate velocity head is required.

LBC =
1

|Γw|
∑
i∈Γw

∥∥ui

∥∥2
2
+ τ

1

|Γfar|
∑

j∈Γfar

∥∥uj − U∞
∥∥2
2
.

(15)

here Γw denotes no-slip surfaces and Γfar denotes the outer
(freestream) boundary used by R. The scalar γ balances wall
and far-field penalties.

In analyzing the overall computational complexity of
FCMO, we focus on its main components: adaptive sam-
pling, graph neural network processing, and Mamba se-
quence modeling. Given the original mesh vertex count M ,
sampled node count N , graph edge count E, feature dimen-
sion d, and processor layer count L, the adaptive sampling
has complexity O(M logN), the GNN encoder requires
O(Ed), and the Mamba processor scales as O(NdL). Ben-
efiting from Mamba’s linear complexity, FCMO avoids the
O(N2) bottleneck of Transformer architectures. The overall
complexity is Ototal = O(Ed+NdL), where N ≪ M due
to adaptive sampling, providing significant efficiency advan-
tages for large-scale 3D geometries.

Experiments and Results
To validate the effectiveness of FCMO for complex and
large-scale aerodynamics learning tasks in automotive ap-
plications, we conduct comprehensive experiments on two
challenging industry-standard benchmarks with various ge-
ometries.

Experimental Setup and Evaluation Metrics
Datasets. We evaluate FCMO using two benchmark
datasets for vehicle aerodynamics, summarized in Table 1.
Ahmed-Body (Li, Shu, and Barati Farimani 2023) pro-
vides simplified vehicle geometries with varying slant an-
gles, while DrivAerNet (Elrefaie, Dai, and Ahmed 2024b)
offers realistic car models with 26-parameter geometric vari-
ations and underbody details. We randomly sample 550 ge-
ometries from DrivAerNet due to computational constraints.
Both datasets contain CFD simulations at Reynolds numbers
up to 5 million, with ground truth measurements for surface
pressure, wall shear stress, and aerodynamic coefficients.

Dataset Ahmed-Body DrivAerNet
Total geometries 551 4,000
Used samples (train/test) 500/51 500/50∗

Surface mesh faces 0.12M 0.5M
Design parameters Slant angle 26 parameters
Vehicle type Simplified Realistic†

Reynolds number Up to 5×106 Up to 5×106

∗ Randomly selected subset. † With wheels and underbody.

Table 1: Benchmark datasets for vehicle aerodynamics.

Baselines. We compare FCMO with nine competitive
baselines spanning different architectures. Graph-based
methods include GAT (Veličković et al. 2018), EG-
NNs (Satorras, Hoogeboom, and Welling 2021), and Mesh-
GraphNet (MGN) (Pfaff et al. 2020). Transformer-based
neural operators comprise GNOT (Hao et al. 2023),
IPOT (Lee and Oh 2024), Transolver (Wu et al. 2024), and
GINO (Li et al. 2023). Recent advances include GTAT (Au-
thors 2025) and AeroGTO (Liu et al. 2025). All methods use
identical preprocessing and hyperparameter optimization.
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Methods Ahmed-Body DrivAerNet
Pressure ↓ Wall Shear ↓ Cd ↓ Rs ↑ Pressure ↓ Wall Shear ↓ Cd ↓ Rs ↑

GAT (2018) 0.1388 0.1876 0.1041 0.9256 0.2254 0.2834 0.1850 0.9123
EGNNs (2021) 0.1356 0.1823 0.1028 0.9342 0.2198 0.2756 0.1823 0.9198
MGN (2020) 0.1367 0.1845 0.1035 0.9298 0.2216 0.2789 0.1834 0.9156
GNOT (2023) 0.1293 0.1734 0.1002 0.9378 0.2471 0.2987 0.1892 0.9067
IPOT (2024) 0.1003 0.1456 0.0755 0.9687 0.1934 0.2398 0.1567 0.9534
GINO (2023) 0.0831 0.1287 0.0532 0.9823 0.1618 0.2087 0.1245 0.9756
Transolver (2024) 0.0927 0.1354 0.0679 0.9751 0.1719 0.2234 0.1389 0.9672
GTAT (2025) 0.1245 0.1698 0.0967 0.9421 0.2087 0.2567 0.1756 0.9287
AeroGTO (2025) 0.0757 0.1198 0.0475 0.9876 0.1524 0.1934 0.1089 0.9847

FCMO (ours) 0.0718 0.1087 0.0421 0.9935 0.1445 0.1798 0.0987 0.9918

Table 2: Performance comparison on two large-scale benchmarks.

Metrics GAT EGNNs MGN GNOT IPOT Transolver GINO GTAT AeroGTO FCMO

NP /M ↓ 2.35 2.34 2.33 3.66 6.73 2.84 230.69 2.57 2.44 2.32
FLOPs/GFLOPs ↓ 502.0 487.2 506.4 381.6 285.2 321.1 30839.3 452.9 175.3 158.7
GM (GB) ↓ 18.5 17.8 19.2 22.4 28.9 20.1 76.3 16.7 14.2 12.8

Table 3: Computational efficiency comparison. Lower values indicate better efficiency.

Evaluation Metrics. We assess model performance across
multiple physical quantities and computational efficiency.
For surface pressure prediction, we use mean L2 relative er-
ror. Wall shear stress prediction is evaluated using L2 rela-
tive error. For aerodynamic coefficients, we measure mean
relative error (MRE) for drag coefficient (Cd) estimation,
where Cd is computed as Cd = 2

v2A

∫
S
p(x)(n(x) · i)dx,

with i representing the streamwise direction. Additionally,
we evaluate Spearman’s rank correlation coefficient (Rs) for
drag coefficient predictions to assess the model’s capabil-
ity to rank different vehicle designs for aerodynamic op-
timization. Computational efficiency metrics include num-
ber of trainable parameters (NP ), floating-point operations
(FLOPs), and GPU memory usage (GM).

Implementation Details. All experiments are conducted
on NVIDIA A100 GPUs with 40GB memory. We use Adam
optimizer with learning rate 1 × 10−4, weight decay 1 ×
10−5, and cosine annealing scheduler. The model is trained
for 200 epochs with batch size 8. For FCMO configuration,
FlowCurv sampling ratio is set to 0.3 for Ahmed-Body and
0.2 for DrivAerNet, physical importance weights λ1 : λ2 =
2 : 1, adaptive k-NN with kbase = 16 and β = 0.5, reference
length Lref = Lvehicle/10, 6 Mamba layers with feature
dimension 128, and physical constraint weight λphys = 0.1.
Results are averaged over three independent runs.

Comparison with State-of-the-Art Methods
Multi-Physics Field Prediction Performance Table 2
presents the main results of multi-physics field predictions
on test datasets. FCMO achieves consistent state-of-the-art
performance across all evaluation metrics on both bench-
marks. Compared to the previous best method AeroGTO,
FCMO delivers improvements of 5.2% in surface pressure
prediction on both Ahmed-Body (0.0718 vs 0.0757) and
DrivAerNet (0.1445 vs 0.1524). For wall shear stress pre-

diction, FCMO achieves gains of 9.3% on Ahmed-Body
and 7.0% on DrivAerNet, demonstrating the effectiveness
of our FlowCurv sampling and dual-scale positional encod-
ing. FCMO also excels in aerodynamic coefficient estima-
tion, improving Cd prediction by 11.4% on Ahmed-Body
and 9.4% on DrivAerNet. Furthermore, FCMO achieves
excellent design ranking accuracy with Rs of 0.9935 and
0.9918 respectively, validating the flow-aware Mamba pro-
cessor’s capability to capture complex aerodynamic corre-
lations. Figure 2 presents qualitative comparisons showing
FCMO’s significantly reduced prediction errors, particularly
in critical aerodynamic regions such as vehicle front surfaces
and wake regions.

Computational Efficiency Analysis Table 3 demon-
strates FCMO’s superior computational efficiency compared
to existing methods. FCMO maintains competitive parame-
ter efficiency with 2.32M parameters while achieving 9.4%
reduction in FLOPs compared to AeroGTO (158.7 vs 175.3
GFLOPs) and remarkable 99.5% reduction compared to
GINO. Memory efficiency is notable, with FCMO consum-
ing only 12.8 GB peak GPU memory, representing 9.9% im-
provement over AeroGTO and 83.2% reduction compared
to GINO. This efficiency stems from our adaptive sam-
pling strategy and Mamba’s linear complexity that avoids
the quadratic bottleneck of attention mechanisms. The re-
sults affirm FCMO as an efficient solution for large-scale au-
tomotive aerodynamics, with Fig. 3 showing optimal trade-
offs across both datasets.

Ablation Studies
We conduct comprehensive ablation studies to validate
the effectiveness of each proposed component in FCMO.
The experiments systematically evaluate six key mod-
ules: FlowCurv Sampling (FCS), Adaptive k-NN construc-
tion (AkNN), Dual-scale Physics-aware Position Encod-

11119



Ground Truth AeroGTO Error FCMO Error

1000

800

600

400

200

0

2000

1000

0

-1000

-2000

-3000

(a) Ahmed-Body

1000
500
0
-500
-1000
-1500
-2000

Ground Truth AeroGTO Error FCMO Error

1000

800

600

400

200

0

(b) DrivAerNet

Figure 2: Qualitative comparison of surface pressure field
prediction errors.

Dataset Ahmed-Body DrivAerNet
Method L2 Error↓ L2 Error↓
FCMO (Full) 0.0718 0.1445
FCMO w/o FCS 0.0834 0.1623
FCMO w/o AkNN 0.0789 0.1534
FCMO w/o DPE 0.0856 0.1598
FCMO w/o FAS 0.0912 0.1687
FCMO w/o FAM 0.1045 0.1834
FCMO w/o PC 0.0751 0.1489

Table 4: Ablation study on pressure field prediction across
two datasets. Complete ablation results are provided in Ap-
pendix B.

ing (DPE), Feature-Aware Sequentialization (FAS), Flow-
Aware Mamba processor (FAM), and Physics Constraints
(PC). Each component is removed individually to assess its
contribution on both benchmarks.

As presented in Table 4, all proposed components work
synergistically to achieve optimal performance. FAM ex-
hibits the most substantial contribution, with its removal
resulting in performance degradation of 45.5% and 26.9%
on Ahmed-Body and DrivAerNet respectively, confirm-
ing the critical importance of physics-aware selective state
space modeling. FAS demonstrates the second-largest im-
pact with 27.0% and 16.7% performance drops, validating
our causality-preserving sequence construction. DPE con-
tributes 19.2% and 10.6% improvements, demonstrating that
multi-scale spatial awareness is essential for accurate aero-
dynamic modeling. While PC shows the smallest individual
impact with 4.6% and 3.0% improvements, it provides valu-
able regularization for physical consistency.

Out-of-Distribution Generalization
To evaluate FCMO’s generalizability beyond training distri-
butions, we conduct out-of-distribution (OOD) experiments
using test samples from DrivAerNet++ (Elrefaie, Dai, and
Ahmed 2024a) with parameter ranges completely outside
the training data. We evaluate two OOD scenarios: Reynolds
number tests with Re ∈ [1.8 × 105, 2.5 × 105] ∪ [1.5 ×
106, 2.2×106] versus training range Re ∈ [2.5×105, 1.5×
106], and vehicle scale tests with Lchar ∈ [3.2m, 3.8m] ∪
[4.8m, 5.6m] versus training range Lchar ∈ [3.8m, 4.8m].
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Figure 3: Computational efficiency comparison on Ahmed-
Body and DrivAerNet datasets.

As shown in Table 5, FCMO consistently achieves supe-
rior OOD performance across both scenarios, maintaining
drag coefficient mean relative errors of 0.0634 and 0.1289
with Spearman correlations of 0.9758 and 0.9684 respec-
tively. Despite the inherent performance degradation un-
der challenging OOD conditions, the flow-aware Mamba
processor’s physics-informed selective mechanism effec-
tively captures generalizable aerodynamic principles, while
FlowCurv sampling preserves critical flow features across
varying operating conditions, demonstrating FCMO’s prac-
tical reliability for real-world automotive design applica-
tions with superior generalization capabilities.

Methods OOD Reynolds OOD Vehicle Scale
MRE ↓ Rs ↑ MRE ↓ Rs ↑

GAT 0.2234 0.8567 0.2789 0.8234
EGNNs 0.2167 0.8634 0.2712 0.8298
MGN 0.2198 0.8598 0.2743 0.8267
GNOT 0.2089 0.8723 0.2634 0.8356
IPOT 0.1756 0.9012 0.2134 0.8767
Transolver 0.1534 0.9178 0.1923 0.8934
GINO 0.1398 0.9267 0.1789 0.9045
AeroGTO 0.1267 0.9456 0.1567 0.9234
FCMO (ours) 0.0634 0.9758 0.1289 0.9684

Table 5: Out-of-distribution generalization results on Dri-
vAerNet++ datasets.

Conclusion

Large-scale automotive aerodynamics faces critical chal-
lenges in complex physics modeling and computational scal-
ability. We propose FCMO, a flow-aware Mamba operator
that integrates selective state space mechanisms for efficient
vehicle aerodynamic prediction. Through processing 3D ve-
hicle meshes, FCMO demonstrates robust capabilities in
surface pressure prediction and drag coefficient estimation.
Comprehensive experiments validate FCMO’s superior per-
formance across two industry-standard benchmarks against
nine state-of-the-art methods.
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