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Multifidelity Surrogate Modeling for 3D Aerodynamic Flow Field
Prediction Using Graph Neural Networks

Mark Sperry1 and John T. Hwang2

University of California San Diego, 9500 Gilman Dr, La Jolla, CA 92093

A major bottleneck in adjoint-based multidisciplinary design optimization (MDO) problems
involving aerodynamics is the large computational cost associated with high-fidelity compu-
tational fluid dynamics (CFD) models, which can make the MDO problem take days to solve
even with dozens of processors. Surrogate models offer a practical way to reduce this cost,
but many existing approaches focus on predicting integrated quantities such as lift and drag
rather than full aerodynamic fields. Recent advances in machine learning have made full
3D flow-field prediction increasingly available, but exploration of hybrid models that directly
incorporate low-fidelity solvers is limited. In addition, relatively few studies have demonstrated
these models within differentiable, gradient-based optimization workflows. In this work, we
use graph neural networks to build a multifidelity model to predict the 3D flow field around
blended-wing-body (BWB) aircraft configurations. The model, trained on 100 CFD training
cases, uses a differentiable panel method solution as a low-fidelity input and predicts the
high-fidelity RANS flow field in the fluid domain. We embed the model in a fully differentiable
workflow, enabling gradient-based optimization. Compared with a purely data-driven model,
the multifidelity model improves volume field prediction accuracy across all reported variables
and reduces lift and drag errors to 10.29% and 5.11% on the test dataset. In addition, the
resulting surrogate model evaluation takes around 1.2 seconds on an RTX 3090 GPU, making it
more than two orders of magnitude faster than the CFD solver. We further demonstrate the
approach on a drag-minimization optimization problem with over 50 design variables, where
the multifidelity model leads to an optimized design in good agreement with CFD with lift and
drag errors below 6%.

I. Introduction
Multidisciplinary design optimization (MDO) is an engineering design methodology that can consider complex

interactions between disciplines through numerical optimization. Solving large-scale MDO problems with many design
variables can take several hours or even days [1]. In practice, computational fluid dynamics (CFD) is often one of the
main computational bottlenecks during optimization.

To mitigate this issue, engineers commonly rely on low-fidelity models with simplified physics or data-driven
surrogate models. For aerodynamics, low-fidelity models often come in the form of vortex lattice methods or panel
methods which are computationally efficient and predict surface field quantities. Due to their limited physics, they
neglect viscous, turbulent, and compressible flow effects. On the other hand, surrogate models trained on high-fidelity
CFD data often focus on direct prediction of integrated quantities of interest. However, for MDO, field quantities are
often required to capture fully accurate physics, or to perform multidisciplinary coupling such as aerostructural analysis.

Recently, advances in machine learning have led to a growing interest in building surrogate models for full 3D flow
prediction as opposed to 2D or 1D quantities. However, existing deep learning approaches for full 3D field prediction
remain mostly data-driven, relying on high-fidelity CFD data. Relatively little attention has been given to hybrid
modeling approaches that combine cheap low-fidelity information with traditional data-driven techniques. Additionally,
their application to gradient-based optimization, essential for multidisciplinary design optimization (MDO), remains
limited.

In this paper, we address these gaps by developing a multifidelity model using graph neural networks to predict 3D
aerodynamic flow fields around blended-wing-body aircraft configurations. The model uses differentiable panel method
predictions as low-fidelity inputs and corrects them towards high-fidelity CFD states. Further, we embed the model in a
fully differentiable workflow, enabling gradient-based optimization. We show that the panel method inputs improve
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accuracy compared to the purely data-driven approach with a predicted lift and drag error of 10.29% and 5.11% on a
CFD test set.

In addition, we demonstrate the gradient-based capabilities of the workflow by solving a simple aerodynamic shape
optimization problem in which the multifidelity optimized geometry leads to lift and drag force errors of 2.41% and
5.74%, respectively.

II. Background
High-fidelity aerodynamic analysis is often a major computational bottleneck in design optimization, particularly in

multidisciplinary design optimization (MDO), where repeated evaluations of aerodynamic quantities are required. To
reduce this cost, surrogate models are widely used in place of CFD solvers. Traditional data-driven surrogate models
often focus on predicting integrated quantities such as lift and drag coefficients, since these are the primary quantities
needed for optimization. However, there is interest in surrogate models that predict spatial field outputs, including
pressure and other flow-field quantities for coupled discipline analysis.

Due to recent advances in deep learning and increased attention towards data-driven models, recent work has
explored surrogate models based on machine learning for aerodynamic field prediction [2]. Graph-based neural networks
are a natural choice for this setting because they can operate directly on unstructured discretizations of the geometry. For
example, graph network-based simulators, which represent physical systems as graphs, simulate physical phenomena by
evolving node states through message passing [3]. MeshGraphNets demonstrated that message-passing neural networks
on unstructured meshes can successfully learn dynamic physical systems [4]. X-MeshGraphNet extends MeshGraphNets
by introducing graph-partitioning, halo regions, and eliminating the dependence on meshes [5]. In aerodynamics, Hines
and Bekemeyer used a graph neural network to predict large-scale aircraft surface pressure distributions, demonstrating
the applicability of graph-based surrogate models for industrial applications [6]. More recently, masked pretraining
strategies have also been explored for graph neural networks in CFD, showing improved accuracy and data efficiency
across a range of fluids problems [7]. Finally, physics-informed graph convolutional networks use physics-informed
PDEs and boundary condition information in addition to data loss terms, showing promising results for aerodynamics
applications [8].

Related work has also explored alternatives to graph-based approaches. Fourier neural operators learn in Fourier
space to predict PDE solutions, showing success in fluids applications [9]. Geometry-informed neural operators extend
this by allowing Fourier-based operators to be evaluated on irregular geometry using graph neural operators [10]. Deep
operator networks have also been explored for geometry-dependent compressible aerodynamic flow prediction, including
those in hypersonic and supersonic regimes [11]. Implicit neural representations have been used to predict aerodynamic
fields and were shown to outperform MeshGraphNets on some aerodynamic prediction tasks [12].

Recent studies have also moved toward full 3D flow-field prediction. Roznowicz et al. demonstrated large-scale
graph-based surrogate modeling for 3D external aerodynamic flow fields [13], while Flow3DNet proposed a deep
learning framework for predicting structured 3D wing flow fields [14]. DoMINO is a multiscale, point-cloud-based
architecture that uses local geometric information to predict flow states at discrete points [15]. There has also been
work exploring 3D flow prediction for hypersonic aircraft utilizing attention mechanisms [16]. Finally, Transolver is a
transformer-based neural PDE operator that can predict states on general geometries [17]. These studies show that recent
machine learning models are able to predict volumetric aerodynamic states on large geometries. However, many of these
approaches are primarily data-driven, learning a direct surrogate from inputs to flow states, relying only on CFD data.

A related direction is hybrid modeling, which aims to combine inexpensive, low-fidelity models with high-fidelity
data. In multifidelity modeling, a model learns correlations between low- and high-fidelity data to improve predictive
accuracy without relying on a large number of high-fidelity samples. Further, discrepancy modeling involves learning
a surrogate to correct a lower-fidelity model to the desired higher-fidelity behavior [18]. Prior work has shown that
multifidelity surrogate models can improve prediction accuracy compared with models trained only on high-fidelity
data, especially when the amount of high-fidelity data is limited.

These hybrid modeling approaches have also been explored for aerodynamic applications. Belbute-Peres et al.
combined a differentiable CFD solver with a graph convolutional network to build a hybrid neural model for fluid
prediction [19]. In aerodynamics, VortexNet learns a correction to a vortex lattice method solution in order to predict
aircraft surface pressures using a graph neural network [20, 21]. Other approaches have combined separate neural
networks trained on low- and high-fidelity data to predict aerodynamic coefficients and fields [22, 23]. Multifidelity
machine-learning surrogates have also been explored for aerodynamic design optimization. For example, Zhang et
al. developed a multifidelity deep neural network framework for aerodynamic shape optimization by combining low-
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and high-fidelity CFD data within a surrogate-based optimization loop [24], and later work extended multifidelity
neural-network ideas to more generalizable aerodynamic wing-shape optimization settings [25].

Although recent work has demonstrated full-field prediction beyond scalar and surface quantities, fewer studies
use hybrid modeling approaches that leverage low-fidelity solvers as input priors or as a correction base for full 3D
state prediction. Additionally, work on applying these models for gradient-based design optimization workflows is
also limited. These gaps are important in the MDO setting, where both accurate flow-field prediction and efficient
derivative-based models are required.

III. Methodology
This section describes the multifidelity graph neural network and the differentiable aerodynamic surrogate for

gradient-based optimization. We first define the problem of interest, the geometry, and the CFD dataset used for
training. We then present the graph neural network architecture used and the low-fidelity panel-method component for
the multifidelity model. Finally, we describe the details of the training procedure and the differentiable surrogate model
for gradient-based optimization.

A. Problem Setup and Data
We consider the problem of predicting the 3D flow field around blended-wing-body (BWB) aircraft configurations at

a nominal cruise condition. The baseline configuration, as shown in Figure 1, uses a symmetric airfoil in the centerbody,
which blends into a transonic airfoil on the outer wing. The geometry, originally created in OpenVSP, is parameterized
by a set of planform and shape variables summarized in Table 1 along with the sampling ranges used for data generation.
The parameterization is implemented using lsdo_geo1 [26], a differentiable geometry software package developed for
multidisciplinary design optimization (MDO). All cases are evaluated at a fixed cruise condition: Mach 0.75, zero angle
of attack, and an altitude of 35,000 ft.

Fig. 1 The blended-wing-body configuration baseline geometry.

The high-fidelity dataset is generated using steady RANS CFD simulations with the open-source OpenFOAM solver.
Each case is evaluated on a fixed-topology 3D volume mesh with approximately 639k cells representing half of the
fluid domain. Boundary conditions include a no-slip wall condition on the aircraft surface, farfield conditions on the
outer domain faces, and a symmetry condition along the aircraft centerbody plane. Turbulence was modeled using the
Spalart–Allmaras model. A total of 125 CFD cases are generated using Latin hypercube sampling of the geometry
parameter space shown in Table 1. All geometry variations are introduced through perturbed mesh volume points
obtained by warping the baseline reference mesh in accordance with the specified geometry parameters. Each CFD
simulation is run for a conservative 1000 solver time steps and all cases are verified to be below a maximum residual
tolerance of 1 × 10−6 for all variables.

1https://github.com/LSDOlab/lsdo_geo
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Table 1 BWB geometry parameters and sampling ranges from the baseline configuration for Latin hypercube
sampling.

Variable # of parameters Sampling range
wing sweep displacement 1 ±6 m
wing span 1 ±7 m
centerbody span 1 ±2 m
transition span 1 ±2 m
wing chord 2 ±1.5 m
centerbody chord 3 ±8 m
wing twist 4 ±10◦

centerbody twist 2 ±5◦

wing thickness 8 × 4 ±10%
centerbody thickness 8 × 4 ±10%
wing camber 6 × 4 ±10%
centerbody camber 6 × 4 ±10%

Table 2 Multilevel graph hierarchy and message-passing depth during the downsampling and upsampling
phases.

Level # nodes # edges avg. edge length avg. # cells / cluster # down MP layers # up MP layers
𝐺0 706k 2.89M 3.75 meters 1.00 1 1
𝐺1 305k 1.42M 7.57 meters 2.31 3 3
𝐺2 119k 0.54M 14.81 meters 5.92 7 —

B. Graph Neural Network Model Architecture
We use a multiscale graph neural network (GNN) as the main 3D flow-field prediction model due to the use of an

unstructured mesh. Figure 2 shows the custom U-shaped GNN multiscale architecture used for the model based on the
Graph U-Net idea [27].

For this problem, we directly use the CFD mesh to construct the graph representing the fluid domain around the
BWB. Specifically, the volume mesh is converted to a graph by building the dual graph of the mesh where volume mesh
cell centers are treated as the graph nodes and shared faces define edges between the nodes. Since volume cell centers
do not exist on the wall, farfield, and symmetry faces, we build additional graph nodes on their respective face centers
to encode boundary condition information into the graph. Edges are connected between these ghost nodes and their
corresponding adjacent cell volume nodes. We let this graph be denoted by

𝐺0 = (𝑉0, 𝐸0), (1)

where each node in 𝑉0 corresponds to a mesh cell center or a boundary face center, and edges connect nodes with shared
faces in the mesh.

To create the multiscale hierarchy, the coarser graphs 𝐺1 and 𝐺2 are constructed from 𝐺0 by applying several graph
clustering passes. In each pass, candidate edges are first sorted by length, and nodes connected by these edges are
iteratively merged if the edge lengths are below a fixed threshold. To keep boundary information, edges connected to
boundary nodes are excluded from clustering. Each coarsening pass builds a fine-node to coarse-node map which is
stored for downsampling and upsampling between graph levels. Coordinates for the coarsened nodes are taken as the
average of the coordinates of the fine nodes assigned to that cluster.

Details of the resulting graphs are summarized in Table 2. A single edge in 𝐸2 is approximately 4 times longer than
an an edge in 𝐸0, allowing messages to propagate farther in the domain per iteration.

Inputs to the network are passed in as features for each node 𝑖 ∈ 𝑉0 and edge (𝑖, 𝑗) ∈ 𝐸ℓ as summarized in Table
3. The input node feature vector 𝑥𝑖 ∈ R14 is a concatenation of the six state values 𝑝, v, 𝑇 , and 𝜈̃ together with an
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Fig. 2 The general GNN model with three graph levels. The fine graph is constructed directly from the CFD
mesh while the coarsened graphs are precomputed by clustering nearby nodes together.

Table 3 Graph neural network input and output features

Category Feature Type

Node input Normalized freestream/approximate states R6

Node input Approximate wall distance R

Node input Direction to nearest wall R3

Node input Node type indicator {0, 1}4

Edge input Edge direction R3

Edge input Edge length R

Edge input Edge type indicator {0, 1}4

Node output Normalized primitive flow variables R6

approximate wall-distance value, an approximate unit vector pointing to the nearest wall, and a one-hot indicator for
whether the node is part of the fluid domain, wall, farfield, or symmetry plane. Edge features 𝑒𝑖 𝑗 ∈ R8 include the
edge’s unit direction, length and corresponding one-hot type indicators and are built for all edge levels. Because
message-passing is performed in both directions, edge features are constructed for both orientations, where the unit
direction vector is reversed.

Node features for 𝑉0 are initially encoded into a 45-dimensional latent vector using an encoder network.

ℎ
(0,0)
𝑖

= 𝜙encode (𝑥𝑖), (2)

where 𝜙encode : R14 → R45 is a learned multilayer perceptron (MLP). Latent vectors for the coarsened graphs ℎ (1,0)
𝑖

and
ℎ
(2,0)
𝑖

are initialized by downsampling from the higher-resolution graphs to the coarsened graph by averaging over the
finer latent vectors.

Message-passing is then carried out on each graph 𝐺0, 𝐺1, and 𝐺2. At graph level ℓ and message-passing iteration
𝑡, a single directional message along an edge (𝑖, 𝑗) ∈ 𝐸ℓ is computed as

𝑚
(ℓ,𝑡 )
𝑖 𝑗

= 𝜙msg

( [
ℎ
(ℓ,𝑡 )
𝑖

, ℎ
(ℓ,𝑡 )
𝑗

, 𝑒𝑖 𝑗
] )
, (3)

where 𝜙msg : R98 → R45 is a learned MLP. Because message-passing is performed in both edge directions, the
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Pressure [Pa]

Fig. 3 Direct panel method pressure predictions at panel centers (left) and the interpolation to the 3D volume
graph nodes (right).

aggregated message at a node 𝑖 is

𝑚̄
(ℓ,𝑡 )
𝑖

=
1

deg(𝑖)
∑︁

𝑗∈N(𝑖)
𝑚

(ℓ,𝑡 )
𝑗𝑖

, (4)

where N(𝑖) and deg(𝑖) are the neighboring nodes and the number of neighbors for node 𝑖. Then, the node latent vectors
at node 𝑖 are updated through a residual network:

ℎ
(ℓ,𝑡+1)
𝑖

= ℎ
(ℓ,𝑡 )
𝑖

+ 𝜙upd

( [
ℎ
(ℓ,𝑡 )
𝑖

, 𝑚̄
(ℓ,𝑡 )
𝑖

, 𝑔 (ℓ,𝑡 ) ] ) , (5)

where 𝜙upd : R45 → R45 is another MLP and 𝑔 (ℓ,𝑡 ) is an average of all latent vectors of the preceding message-passing
iteration to capture global effects.

During the unpooling stage, coarse node latent vectors are upsampled back to fine latent vectors through a learned
network based on the coarse node latent vector and saved skip connections:

ℎ̃
(ℓ )
𝑖

= ℎ
(ℓ,skip)
𝑖

+ 𝜙bcast

( [
ℎ
(ℓ,skip)
𝑖

, ℎ
(ℓ+1)
𝐶 (𝑖,ℓ+1)

] )
, (6)

where 𝜙bcast : R90 → R45 is an MLP and 𝐶 (𝑖, ℓ + 1) is the corresponding clustered node in 𝑉ℓ+1 associated with node
𝑖 ∈ 𝑉ℓ . Finally, the outputs are decoded using a final decoder network on 𝐺0:

𝑦̄𝑖 = 𝜙decode (ℎ (0,out)
𝑖

) ∈ R6, (7)

where 𝑦̄𝑖 corresponds to the six state outputs 𝑝, v, 𝑇 , and 𝜈̃. We note that the outputs are decoded for all nodes, but
predictions at boundary nodes are ignored as they do not have values associated with them on the original CFD mesh.
Further, MLPs 𝜙msg, 𝜙upd, and 𝜙bcast share parameters across graph levels, reducing parameter count and encouraging
similar behavior across scales.

For this implementation, all learned mappings in the network are implemented as MLPs with two hidden layers and
SiLU activation functions. 𝜙encode, 𝜙bcast, and 𝜙decode use hidden widths of 48 while 𝜙upd and 𝜙msg use hidden widths of
85.

Here, we differentiate the two model variants built from this same architecture. The first is a purely data-driven
RANS surrogate model, which uses normalized freestream values as the flow inputs at each node. The second is a
panel-method-guided multifidelity GNN, which uses normalized approximate panel method flow predictions as the
input state at each node. The two models will be referred to as RANS-GNN and PG-RANS-GNN for the remainder of
this paper. In the PG-RANS-GNN case, the network also predicts a correction to the panel-predicted state from the
network outputs:

𝑦P
𝑖 = 𝑦̂P

𝑖 + 𝑦̄𝑖 , (8)
where 𝑦̂P ∈ R6 denotes approximate normalized panel method states at node 𝑖. The RANS-GNN model predicts the
normalized flow state directly:

𝑦D
𝑖 = 𝑦̄𝑖 . (9)

Aside from the aforementioned differences, the two models are identical.
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Fig. 4 Training and validation convergence histories for the data-driven RANS-GNN and multifidelity PG-RANS-
GNN models. Both models were trained using the same optimizer and learning-rate schedule. PG-RANS-GNN
reaches a lower final training and validation loss.

C. Low-fidelity Panel Method Inputs
The purpose of the multifidelity model is to provide the neural network with a cheap, physics-based approximation

of the flow field before it predicts the full high-fidelity solution, allowing the network to focus on the more complex
physics without having to learn the lower-frequency behavior. To provide the model with approximate flow states, we
use a low-fidelity panel method prediction as the input to the PG-RANS-GNN model. As the panel method assumes
inviscid and incompressible flow, it does not capture viscous, turbulent, or compressibility effects and is thus used for
the low-fidelity model.

The panel method is computed using VortexAD [28], a fast, GPU-compatible, differentiable panel method solver
developed for MDO. A panel mesh consisting of 5,264 triangles projected onto the geometry is used to evaluate surface
pressures and velocities. Additional induced velocities and pressures at 1,000 randomly specified graph node coordinates
are computed from the source and doublet distributions to serve as additional approximations of the volume field. Using
these known quantities in addition to the known farfield freestream values, we interpolate values at each node of the
graph to serve as node feature inputs for the PG-RANS-GNN multifidelity model using an inexpensive inverse-distance
weighting algorithm. The algorithm uses the four nearest known points for each node which are precomputed based on
the baseline mesh.

An example of the interpolated pressure distribution for the baseline geometry is shown in Figure 3. To maintain a
consistent set of six flow inputs, we use freestream values for the temperature and the turbulence variable at each graph
node because they are not computed by the panel method.

D. Training
The network is trained in a supervised manner to predict the six primitive flow variables on the graph for each

training geometry. All target variables are normalized using the mean and standard deviation from the training set. For a
single training geometry, the loss is defined as the sum of the mean-squared error between the predicted and normalized
states over all graph nodes across the six states:

L =
1∑𝑁

𝑖=1 𝑤𝑖

𝑁∑︁
𝑖=1

6∑︁
𝑘=1

𝑤𝑖

(
𝑦𝑖,𝑘 − 𝑦̂𝐶𝐹𝐷

𝑖,𝑘

)2
(10)

where 𝑁 is the total number of graph nodes in the fluid domain, 𝑘 indexes the six predicted flow variables, 𝑦𝑖,𝑘 is
the predicted normalized value of state 𝑘 at node 𝑖, and 𝑦̂𝐶𝐹𝐷

𝑖,𝑘
is the corresponding normalized CFD target value.

Surface-adjacent graph nodes have 𝑤𝑖 = 4 and the rest of the interior nodes have 𝑤𝑖 = 1 to put slightly more emphasis
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Geometry Input Construction Prediction Output Processing

Geometry Parameters

FFD

Panel Method
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Graph Neural Network Field Prediction

Aerodynamic
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geometry
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e.g., approximate wall 
distance

…

Fig. 5 An overview of the full differentiable workflow for the PG-RANS-GNN model, enabling gradient-based
optimization. Derivatives between major components are automatically chained together using a combination of
CSDL and JAX. The RANS-GNN model is identical but skips the panel method input step.

on near-surface quantities. Although scalar forces are available, they are not included in the loss function and the model
is only trained on state values so as not to overemphasize integrated quantities.

The convergence histories for both models are shown in Figure 4. Both the RANS-GNN and PG-RANS-GNN
models are trained using the same optimizer and training schedule for a fair performance comparison between the
two models. Training is performed using the AdamW optimizer and the learning rate was lowered from an initial
10−3 to 10−4 after plateauing of the validation loss. Due to GPU memory limitations, batch size is limited to a single
geometry configuration per iteration. Of the 125 original CFD cases, 100 cases were randomly selected for training, 23
for testing and 2 for validation. Training was terminated when the validation loss stopped decreasing for a fixed number
of iterations. The best model was chosen by selecting a checkpoint with the lowest validation loss. For this study, we
also use a fixed set of hyperparameters.

On an NVIDIA RTX 3090 GPU, a single forward evaluation of both graph-neural networks takes roughly 0.4
seconds while a backward pass requires approximately 1.2 seconds. Total training time for a model takes around 30
hours. The entire model is implemented using the JAX library [29].

E. Differentiable Prediction Model
Finally, we describe the end-to-end differentiable workflow that enables gradient-based optimization with the

multifidelity GNN model. A key feature that enables differentiability is the use of a fixed graph topology that eliminates
the need to use discrete methods that introduce discontinuities. This process is based on some CFD-based optimization
workflows where a baseline mesh is warped in accordance with surface geometry changes.

An overview of the pipeline is summarized in Figure 5. First, geometry variations are introduced through a free-form
deformation parameterization. The corresponding CFD graph node coordinates from 𝑉0 are then updated using
inverse-distance weighting based on the updated surface. Because the graph connectivity is fixed, the precomputed
node clustering and pooling/unpooling maps remain unchanged across geometry changes. The newly warped graph
points are then used to compute the approximate wall distance and direction vector per node as well as edge lengths
and directions per edge to set the geometric node and edge features. Because cluster node mappings, closest surface
nodes, and inverse-distance weighting nearest points are precomputed based on the baseline geometry mesh without any
dependence on discrete logic during optimization, feature construction is fully differentiable.

As described in Section III.C, the panel method also evaluates the induced velocities and pressures given the
deformed geometry; inverse-distance weighting is then used to interpolate quantities to the volume graph nodes.

Finally, PG-RANS-GNN, detailed in section III.B, is used to compute field quantities from which aerodynamic
values can be extracted. The data-driven RANS-GNN model is also evaluated using the same aforementioned workflow,
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Fig. 6 Comparison between predicted and true aerodynamic force values for the RANS-GNN and PG-RANS-
GNN models.

but flow field node input features are set as constants from the freestream condition.
Optional aerodynamic forces can be computed using predicted field quantities and the surface boundary mesh

information. The pressure contribution is computed by integrating the predicted pressure over the wall faces using surface-
adjacent pressure predictions. In addition, viscous contributions are computed using a wall function approximation
along with the tangential component of velocity and the remaining states. The resulting surface forces are integrated
and decomposed into the lift and drag directions.

Derivatives are provided for the geometry parameterization and the panel method by using lsdo_geo and VortexAD,
respectively, as they are both implemented using CSDL 2, a graph-based modeling language for MDO that provides
automatic differentiation capabilities. For the mesh-warping, IDWARP provides analytical vector-Jacobian products of
perturbed volume points with respect to a surface mesh [30]. The graph neural network itself, input feature construction,
and force calculation have derivatives provided through its JAX implementation. Finally, derivatives between major
components are chained together using a combination of CSDL and JAX. Custom operations and vector-Jacobian product
rules are utilized to connect components.

IV. Results
In this section, we evaluate the proposed surrogate models in several ways. First, we compare the predictive accuracy

and computational cost of the data-driven graph neural network (RANS-GNN) and the panel-method multifidelity
graph neural network (PG-RANS-GNN) on a test dataset. Second, we perform ablation studies to evaluate the impact
of various components of the architecture. Finally, we perform optimization on a simple demonstration problem to
demonstrate the ability to perform gradient-based optimization using this approach.

A. Model Performance
Table 4 summarizes the average test-set errors for predicted volume state variables and derived lift and drag

coefficients. The table also shows approximate training and evaluation costs for each model. The field relative 𝐿2 errors
2https://github.com/LSDOlab/CSDL_alpha
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Fig. 7 3D pressure field comparison between the panel-method multifidelity graph neural network PG-RANS-
GNN, the data-driven graph neural network RANS-GNN, and CFD pressures on a sample test geometry.

are unweighted, evaluated in physical units, and compared against the OpenFOAM CFD results. Reported values are
averaged across the 23 test geometries. Similarly, the force errors compare reconstructed forces from the predicted field
quantities to the raw OpenFOAM force output and are also averaged across the test set. To verify that the reported force
errors are from prediction error rather than postprocessing error, the same force construction function was applied to the
raw CFD fields and recovered both lift and drag forces to within 0.1% of the direct OpenFOAM force outputs. The lift
relative error denominator has a minimum of 250 kN to prevent low-lift edge cases from significantly affecting the
average relative error. A comparison between all predicted and known force values for both models on the training and
test sets is shown in Figure 6.

The timing comparisons are estimates as they depend heavily on hardware and are intended only for general
comparison. For CFD, the evaluation time was estimated using 15 MPI ranks on a standard desktop with 20 i7-2700
CPUs. The PG-RANS-GNN evaluation time includes the construction of the node features from the panel method
evaluation along with the additional evaluation of 1,000 induced velocities in the flow field. Finally, the mesh-warping
time is not included in the OpenFOAM or GNN evaluation times as it heavily depends on the number of MPI ranks used.
For this case, performing mesh deformation on 700k points adds several seconds of run time on 15 i7-2700 processors.

As expected, the OpenFOAM CFD is the most expensive, while the panel method is much cheaper but only provides
low-fidelity aerodynamic estimates. The two learned neural networks require offline training and data generation,
but provide RANS predictions that are around two orders of magnitude faster than CFD when considering the mesh
deformation step.

Although the upfront training cost of 30 hours is significant, it can be amortized in MDO problems which require a
large amount of model evaluations such as in the case with optimization under uncertainty. In such settings, thousands
of function evaluations may be required, where the total CFD evaluation cost can outweigh the one-time cost of training.

Among the two learned models, PG-RANS-GNN shows an error reduction between 14% to 50% compared to
RANS-GNN across all reported quantities including the scalar forces. Although the panel method by itself produces
large force errors, its use as an input still improves the final neural-network prediction. The RANS-GNN evaluation cost
is much lower than that of the multifidelity model as it does not require the panel method solver for its evaluation. We
also note that the CFD mesh and the neural network graph share an identical fixed topology throughout the workflow,
with geometry changes only introduced through mesh warping. This design choice is advantageous for optimization
workflows such as this one as it simplifies the learning process, but it also means that the model is not currently validated
for remeshed geometries. As a result, its generalization beyond this specific mesh topology is still uncertain.

Figures 7 and 8 compare the predicted pressure and temperature fields from the RANS-GNN and PG-RANS-GNN
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Fig. 8 3D temperature field comparison between the panel-method multifidelity graph neural network PG-
RANS-GNN, the data-driven graph neural network RANS-GNN, and CFD temperatures on a sample test
geometry.

Table 4 Performance and accuracy comparison across the high-fidelity CFD solver, low-fidelity panel method,
and neural networks on 23 test geometries. Reported evaluation times are for inference with a single geometry
and exclude the mesh-warping for the OpenFOAM, RANS-GNN, and PG-RANS-GNN models.

Computational Cost Volume Field Rel. 𝐿2 Error (%) Force Error (%)

Model Hardware Train. (hr) Eval. (s) 𝑝 v 𝑇 𝜈̃ Lift Drag

OpenFOAM i7-2700 (x15) – ∼1000 – – – – – –
Panel Method RTX 3090 – ∼0.18 N/A N/A N/A N/A 16.78 86.23
RANS-GNN RTX 3090 ∼30 ∼0.34 1.24 4.03 0.46 21.37 12.89 10.56
PG-RANS-GNN RTX 3090 ∼30 ∼1.23 0.98 3.48 0.38 17.81 10.29 5.11

models against the CFD solution for two random test geometry samples. Both models recover the main flow features,
indicating that the graph neural networks are able to learn the overall 3D flow trends. The PG-RANS-GNN pressure
prediction shows slightly lower absolute error compared to the RANS-GNN pressure for this sample. For the temperature
case, a similar pattern can be observed where the RANS-GNN model has slightly higher errors near the transition
region.

Finally, we note that the results shown are for one fixed set of train/test splits and network initializations, meaning
different initializations can lead to better or worse performance for both models.

B. Ablation Studies
In this section, we investigate the contributions of the multiscale graph hierarchy and the panel-method input. All

ablation experiments use identical training and test sets. The reported test losses were not used to select or tune the final
model presented in the preceding section.

We first study the effect of the graph hierarchy by comparing single-level, two-level, and three-level variants of the
model. This was done by first removing 𝐺1 and 𝐺2 from the original model, leading to the single-level model. Then,
only the coarsest graph 𝐺2 was removed to obtain the two-level model variant. Each of the three models is trained
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Table 5 Ablation study of the graph hierarchy for the data-driven RANS-GNN and multifidelity PG-RANS-GNN
models. The full three-level variant yields the lowest test loss for both models, indicating the benefits of the
multiscale architecture. All models are trained independently using the same data split and training procedure.

Variant Active Graph Levels RANS-GNN Test Loss PG-RANS-GNN Test Loss

Single-level 𝐺0 0.0442 0.0201
Two-level 𝐺0, 𝐺1 0.0210 0.0142
Three-level (proposed) 𝐺0, 𝐺1, 𝐺2 0.0142 0.0099

Table 6 Ablation study comparing the RANS-GNN and PG-RANS-GNN models for different training-set sizes.
PG-RANS-GNN achieves lower test loss at all training-set sizes, and its relative advantage increases as the number
of training samples decreases, indicating the benefits of the multifidelity approach when the amount of data is
limited.

# Training Samples RANS-GNN Test Loss PG-RANS-GNN Test Loss Improvement (%)

25 0.0265 0.0153 42.3
50 0.0194 0.0118 39.2
100 0.0142 0.0099 30.2

independently using the same data split and training procedure. Because the networks 𝜙msg, 𝜙upd, and 𝜙bcast are shared
across graph levels, the model parameterization remains fixed for all three models with the exception of 𝜙bcast being
inactive for the single-level case.

Table 5 provides a performance comparison between the three model variants for both RANS-GNN and PG-RANS-
GNN models. The results show that adding coarser graph levels consistently reduces test loss for both the RANS-GNN
and PG-RANS-GNN models. This indicates that incorporating multiscale graph information improves predictive
accuracy even with a mostly fixed parameter count. Importantly, this implies that we can improve model performance
without relying on expensive message-passing operations on the full fine graph𝐺0. Finally, PG-RANS-GNN outperforms
RANS-GNN across all graph hierarchies, suggesting that the panel method input provides value in addition to the
multiscale information.

Next, we investigate how the panel method input changes model performance depending on the amount of available
training data. In addition to the full model trained on all 100 samples, we train both RANS-GNN and PG-RANS-GNN
using a random selection of 25 and 50 samples from the original training set.

A performance comparison is summarized in Table 6. As expected, the results show a decrease in predictive
performance as the number of data samples shrinks. However, the PG-RANS-GNN model consistently outperforms the
RANS-GNN model for all training set sizes and its relative improvement increases as the amount of data decreases.
This trend suggests that using the multifidelity approach is especially valuable when access to data is limited.

C. Optimization Demonstration
To demonstrate the gradient-based optimization capabilities of our model, a simple drag-minimization aerodynamic

optimization problem was considered:

min
x

𝐶𝐷

subject to 𝐶𝐿 = 0.2,
− 10% ≤ camberwing ≤ 10%,

− 10% ≤ camberbody ≤ 10%,

− 6◦ ≤ twistcenterbody ≤ 6◦,
− 8◦ ≤ twistwing ≤ 8◦,

(11)

The optimization problem consists of 54 design variables in total. Camber is parameterized using 48 design
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Fig. 9 Optimization convergence history of the demonstration optimization problem for the PG-RANS-GNN,
RANS-GNN, and reference panel method models.
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Fig. 10 Optimized twist distribution along the span of the aircraft for the PG-RANS-GNN, RANS-GNN, and
the reference panel method model.

variables, while twist is parameterized using 6 variables distributed across the span. All remaining geometry parameters,
including the planform variables, are held fixed at their baseline values. Because the planform is fixed throughout
the optimization, a constant reference area is used when computing the lift and drag coefficients, 𝐶𝐿 and 𝐶𝐷 . As the
baseline geometry does not satisfy the constraints, the purpose of this optimization is to find a design that satisfies the
predetermined lift constraint and reduces drag as much as possible. Identical optimization problems were solved using
the PG-RANS-GNN, RANS-GNN, and the panel method for reference.

The optimization is performed at a fixed cruise operating condition of Mach 0.75, zero angle of attack and an altitude
of 35,000 ft, as described in Section III.A. Thus, the optimized aerodynamic quantities are evaluated within the same
operating conditions used for the neural network training.

As described in Section III.E, the implementation combines JAX and CSDL within a fully differentiable workflow.
Derivatives are propagated through each component of the pipeline, enabling the use of gradient-based optimization.

The optimization was carried out using the interior-point method from the MODOPT optimization library [31] with
a feasibility and optimality tolerance of 10−4 for both RANS-GNN and PG-RANS-GNN. All geometric design variables
are initialized at the baseline values, with identical initial camber perturbations across models. The convergence history
is shown in Figure 9, where it can be observed that the PG-RANS-GNN, RANS-GNN, and reference panel method
models all found feasible designs satisfying the lift constraint while reducing drag. This confirms that the surrogate
models can be successfully used in a gradient-based workflow. All three cases exhibited similar convergence behavior,
where the lift constraint was satisfied quickly while drag decreased over the course of the optimization. The optimized
twist distribution for the three models are shown in Figure 10.

Final pressure field cross sections for the PG-RANS-GNN and RANS-GNN optimized cases can be seen in Figure
11. The final optimized surface pressure distributions for both models compared against the corresponding OpenFOAM
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Fig. 11 Pressure field cross sections of the optimized PG-RANS-GNN (top) and RANS-GNN (bottom) geometries.

CFD solutions are shown in Figure 12. Both models recover the main pressure field behavior of the optimized designs
although errors remain in some areas.

To evaluate whether the optimized designs remain accurate under CFD, all final optimized designs were rerun
in OpenFOAM. The results are tabulated in Table 7. The PG-RANS-GNN design gives the best agreement in lift,
slightly underpredicting the target by 2.4%. The RANS-GNN optimized geometry gives a less accurate lift coefficient,
underpredicting lift by 13.89%. Both optimized drag coefficients are similar, with both designs producing 𝐶𝐷 ≈ 0.012
which is slightly different from their predicted values. This demonstrates the accuracy benefits of the multifidelity
model, finding a similar drag value to the RANS-GNN model with much better lift satisfaction.

Both models outperform the panel method solution; with the latter leading to a design that overpredicts lift and
significantly underpredicts drag. This indicates that the panel method alone is not sufficient for this optimization due to
its lower-fidelity physics assumptions.

Overall, these trends are consistent with the test dataset errors summarized in Section IV.A, where the panel method
coupled with the graph neural network led to higher model accuracy than either approach alone.

V. Conclusion
In this paper, we developed a multifidelity model using message-passing graph neural networks for predicting 3D

aerodynamic flow fields around blended-wing-body aircraft configurations in a workflow suitable for gradient-based
optimization. The proposed approach combines a low-fidelity panel-method solver with a graph neural network that
predicts the corresponding high-fidelity RANS flow field on the CFD mesh. By embedding the surrogate model within
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Fig. 12 The optimized pressure distributions for the RANS-GNN model (left) and PG-RANS-GNN model (right)
compared against the corresponding OpenFOAM CFD solutions.

Table 7 Comparison of optimized design accuracy for RANS-GNN, PG-RANS-GNN, and the reference panel
method models with corrected aircraft force coefficients.

Model 𝐶
pred
𝐿

𝐶OF
𝐿

𝐶𝐿 Error (%) 𝐶
pred
𝐷

𝐶OF
𝐷

𝐶𝐷 Error (%)

Baseline – 0.072 – – 0.0096 –
Panel Method (Optimized) 0.200 0.258 22.49 0.0023 0.0184 87.66
RANS-GNN (Optimized) 0.200 0.176 13.89 0.0116 0.0121 3.75
PG-RANS-GNN (Optimized) 0.200 0.195 2.41 0.0129 0.0122 5.74

a fully differentiable workflow, the method enables efficient field prediction along with derivatives for gradient-based
MDO. We trained this multifidelity model along with a reference data-driven model using 100 CFD solution cases.

The results show that incorporating the panel method into the model improves predictive accuracy compared to a
data-driven model. On the test set, the multifidelity model achieved relative 𝐿2 volume errors of less than 4% for pressure,
temperature, and velocity while achieving lift and drag errors of 10.29% and 5.11% compared to the CFD reference.
Incorporating the panel method into the surrogate model reduced errors across all reported volume-state variables and
improved reconstructed lift and drag accuracy, despite the low-fidelity panel method itself being significantly less accurate
than CFD. In addition, both surrogate models are significantly faster than the CFD solver itself. Ablation studies revealed
that the benefits of the panel method input increased as the amount of data decreased. In the simplified demonstration
problem, both the data-driven and multifidelity models converged successfully, confirming the differentiability of the
workflow. However, the multifidelity model produced an optimized design whose aerodynamic performance agree more
closely with CFD results, particularly for lift. Overall, these results suggest that multifidelity surrogate models can offer
a balance between speed, accuracy, and differentiability for future aircraft MDO workflows.

Several important directions remain for future work. First, a more extensive ablation study is needed to determine
how the architecture affects the influence of the low-fidelity inputs on the predictions. This includes a more systematic
study of the contributions from the panel method inputs, input features, as well as standard hyperparameter selection.
Further, as the CFD data was generated in-house with limited resources, using a better-validated and larger dataset
would strengthen confidence in our model. Increasing the size of the training set to account for different operating
conditions will also be necessary for more advanced MDO problems. Finally, using this approach to accelerate coupled
optimization problems such as aerostructural cases is an important direction for future work.
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