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Despite the demonstrated success of traditional surrogate-based approaches in establishing

the relationship between design space and aerodynamic performance for specific aerodynamic

shape optimization (ASO) problems, they still lack generalization for broader optimization

tasks. To overcome this limitation, we propose a gradient-based, data-driven ASO framework

for multifidelity, high-dimensional optimization. By integrating deep learning and multifidelity

approach with gradient-based optimization, our method efficiently scales to complex design

tasks while using a single model to solve multiple ASO problems, thereby enhancing adaptability

and efficiency. We use compact modal parameterization to capture the global representation of

wing shapes while reducing design dimensionality. To enable fast and efficient design solutions,

the multifidelity surrogate models are fine-tuned with residual learning to preserve accuracy

and control model complexity before being integrated into gradient-based optimization. In this

paper, we showcase the versatility of the derived multifidelity surrogate model by applying it to

a range of single-point and multipoint ASO problems, producing aerodynamic optimization

results that are closely aligned with those from adjoint-based CFD solvers, while substantially
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reducing wall-clock time during the optimization stage after the initial CFD-driven training

data have been prepared. With this approach, we offer a new data-driven pathway for tackling

general high-fidelity ASO tasks.

I. Introduction
Aerodynamic shape optimization (ASO) is essential in aircraft design, as it facilitates the exploration of high-

dimensional geometric design spaces and identifies optimal solutions by leveraging physics-based evaluations.

Aerodynamically-optimized wing designs have smoother pressure distribution, resulting in reduced drag and im-

proved aerodynamic efficiency. This in turn contributes to improving fuel efficiency and cost-effectiveness, which are

important for commercial aviation. Computational fluid dynamics (CFD)-based ASO has been the gold standard in

aircraft design, but its widespread use—especially in industry and government agencies—is yet to be achieved [1], owing

to the high computational cost. Typical design processes require iterative development, testing, and modifications [2].

Therefore, to truly support the complex aircraft design processes (especially at the design exploration stage), we need a

comprehensive ASO framework that is fast, robust, and yet accurate. Improving the computational efficiency of ASO

can make aerodynamic performance assessments possible even at the conceptual aircraft design phase, where different

candidate designs are still being evaluated. This necessitates replacing the high-fidelity CFD analyses—which can

be computationally prohibitive—with faster and more efficient models. Recent research efforts have extended ASO

formulation from single-point optimization (focusing solely on the nominal condition) to an operation-aware multipoint

one (incorporating more realistic flight conditions into the problem formulation) [3–5]. Such formulation complicates

the design space and increases the required computational cost, further underscoring the needs to substantially improve

the computational efficiency of ASO frameworks.

This shift in design paradigm—to support industry needs—leads to the dichotomy in ASO methods, namely the

physics-based approach [6] that assesses candidate designs using high-fidelity numerical solvers, and a surrogate-based

approach [7] that accelerates optimization by training predictive models on data. The physics-based approach solves the

governing equations of fluid dynamics, such as the Navier-Stokes equations, using CFD solvers [8–10]. By leveraging

the adjoint method [11], this approach efficiently computes accurate gradients through adjoint equations, enabling direct

optimization [12–15]. When integrated with CFD solvers, the adjoint-based framework has demonstrated notable success

in tackling high-dimensional optimization problems [16–18] with both efficiency and precision. A surrogate-based

approach emulates expensive simulations using regression or interpolation models [4, 19]. It is usually referred to as a

data-driven model when it leverages large-scale precomputed data—such as simulation or experimental results—and

employs machine learning or statistical methods to predict aerodynamic performance without directly solving fluid

dynamics equations [20–22]. Compared to physics-based approaches, the surrogate-based ones typically offer higher

computational efficiency, often at the expense of accuracy in aerodynamic estimations used in the optimization. To
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balance the trade-off between computational resources and solution accuracy, multifidelity design optimization [19, 23]

has emerged as a suitable solution.

The key point of multifidelity design optimization lies in leveraging data of varying levels of fidelity, accuracy, and

computational cost to efficiently explore a design space and perform optimization. As an example, we can combine

the aerodynamic performance analyses obtained using coarse (low-fidelity) and fine (high-fidelity) meshes. Whilst

evaluating aerodynamic performance on the coarse mesh might sacrifice accuracy, it still provides valuable aerodynamic

insights, which is illustrated as follows. Figure 1 presents drag polars obtained using the same CFD solver (ADflow)

on three mesh resolutions, namely L1, L2, and L3 (from fine to coarse). The CFD solver and meshes (especially L2

and L3) are also used in this work, which will be further described in Section II.B. Using the same CFD solver in this

comparison isolates the discretization effects in the multifidelity evaluation, thereby ensuring a consistent comparison

between different fidelity levels. The figure demonstrates that evaluations obtained using different fidelity levels can

capture key aerodynamic trends, with the medium-fidelity results (L2) showing a closer alignment with the high-fidelity

(L1) results. This comparison underscores the effectiveness of low-fidelity (LF) data in guiding high-fidelity (HF)

designs while substantially reducing computational costs. In a multifidelity setup, the infusion of high-fidelity data can

improve the estimation accuracy.
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Fig. 1 Drag polar curves of aerodynamic data obtained using the same CFD solver on three fidelity levels.

Despite its ability to capture overall aerodynamic trends, an optimization that relies solely on LF evaluations is

unable to resolve fine-scale flow physics, as will be discussed below. In this study, we refer to the optimization that

employs the CFD solver directly (as the aerodynamic estimator) as the CFD-driven approach, and the optimization that
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(a) CFD-driven optimized wing using the LF (L3) mesh. (b) Data-driven optimized wing using LF data and the L3 mesh.

(c) The CFD analysis of the data-driven optimized wing shown in
Figure 2b performed on the HF (L2) mesh. (d) The CFD analysis of baseline wing on the HF (L2) mesh.

Fig. 2 Comparison of pressure coefficients (𝐶𝑃) and shock regions for the baseline and optimized wings using
CFD adjoint solver and data-driven approach.
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relies on a surrogate model (pre-trained on CFD data) as the data-driven approach. Figure 2 compares the pressure

distributions (𝐶𝑃) and shock regions for four wings: (1) the CFD-driven wing optimized on a coarse (LF) mesh using

steady Reynolds-averaged Navier–Stokes (RANS) solver (Figure 2a); (2) the data-driven optimized wing with the same

LF data (Figure 2b); (3) the LF data-driven optimized wing (shown in Figure 2b) re-evaluated with CFD solver on a

fine (HF) mesh (Figure 2c); (4) the baseline wing with fine (HF) mesh analyzed with CFD solver (Figure 2d). The

optimization results shown in Figure 2 are obtained by solving the single-point ASO case, which will be presented in

Section II.A. A yellow shock band appears whenever sub-optimal shapes accelerate the flow such that the local Mach

number exceeds one, causing shock-induced abrupt pressure variations that increase wave drag. Figures 2a and 2b

show that the data-driven approach attains aerodynamic performance comparable to the CFD-driven optimization on

the LF mesh, with only minor differences in 𝐶𝑃 and localized tip shocks. However, when the data-driven LF design

(shown in Figure 2b) is re-analyzed on the HF mesh (Figure 2c), significant discrepancies emerge relative to the baseline

(Figure 2d). This observation suggests that the LF-based optimization fails to capture the correct shock location and

intensity, demonstrating a lack of physical consistency at higher fidelity. These results highlight the limitations of

relying exclusively on LF optimization and motivate the incorporation of HF RANS data for accurate aerodynamic

characterization.

The commonly used surrogate-based approach for solving multifidelity design optimization problems is the

combination of gradient-free optimization algorithms and surrogate models, typically Gaussian Processes (GP) or

Kriging, which has been investigated in previous studies [24–27]. However, this combination faces two major limitations,

which stem from both the surrogate model and the optimization algorithm. From the surrogate model perspective,

GP performs poorly in high-dimensional input spaces due to the well-known curse of dimensionality. Moreover, the

computational cost of exact GP inference scales cubically with the number of data points, which makes them impractical

for large-scale problems without approximations [28]. On the optimization side, gradient-free methods are generally

less efficient than gradient-based ones when dealing with large-scale design optimization problems. Their inability

to leverage gradient information limits both the representation and exploration of complex geometric features [29].

To address these two limitations, we propose a gradient-based optimization framework that leverages deep learning

techniques in the surrogate model construction. Thanks to their scalability, deep neural networks are well-suited

for large-scale, high-dimensional problems. The main advantage of this framework is its generalizability, which in

this context is defined as the ability to reuse a single trained model across multiple design optimization problems

under varying flight conditions. This capability is not achievable with traditional case-specific surrogate-based design

optimization approaches.

Previous studies on neural network-based multifidelity modeling have primarily focused on network concatenation

and composition strategies. These include the composite physics-informed neural networks (PINNs) proposed by

Meng and Karniadakis [30], which encode partial differential equations (PDEs); and the multi-step neural networks
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developed by Guo et al. [31], which integrate the strengths of earlier approaches to reduce the computational cost of

low-fidelity data when solving PDEs. In the context of ASO, Zhang et al. [32] employed the framework of composite

neural networks to optimize the DLR-F4 configuration with 30 design variables, using a gradient-free particle swarm

optimizer. However, it is worth noting that under such network composition, both physical field predictions and design

optimization can become increasingly complex. The associated computational cost is exacerbated when more fidelity

levels are considered in the framework. This relationship between hierarchy of fidelity and model complexity has been

discussed in some previous studies [30, 33].

Compared to composite strategies, fine-tuning [34, 35] improves resource efficiency and lowers computational cost

by reusing pre-trained models that already capture general features, thereby requiring significantly fewer data, epochs,

and parameters to adapt to new tasks and avoiding the need to train deep networks from the start. In aerodynamics,

recent research [36–38] has applied similar transfer learning techniques to model aerodynamic performance and flow

fields, showcasing their versatility and effectiveness in addressing complex design and analysis challenges. In this work,

we address the need for high-fidelity, high-accuracy modeling by introducing the concept of residual learning. Instead of

learning the target values directly, we fine-tune the model by learning the residuals. Similar ideas have been applied in

other domains, such as large language model [39] and robotics [40–42], where the models combine physical simulations

with experimental data.

In this paper, we propose a generalizable, differentiable framework for solving surrogate-based multifidelity design

optimization problems built upon the previous data-driven ASO architectures developed by one of the authors [43, 44].

By employing a reduced-order, compact shape parameterization, we achieve efficient control over high-dimensional

design spaces. Fine-tuning neural networks using residual learning enables building a scalable multifidelity surrogate

model capable of providing high-fidelity aerodynamic estimations across geometric variations. Finally, we use a

gradient-based optimization algorithm to efficiently solve the resulting high-dimensional design problem. The framework

development is primarily aimed at assisting the design exploration stage, where different candidate designs are evaluated

under different scenarios. Hence, we prioritize the generalizability of the method and its ability to replicate the “trend”

of high-fidelity models, which is important in gradient-based optimization. Despite the benefits of using computationally

inexpensive models at the design exploration stage, the use of high-fidelity models is advised at the final design stage.

The remaining of this paper is organized as follows. Section II describes the problem of interest, including the ASO

formulation and multifidelity data used in the study. Section III introduces the methodology, including the data-driven

gradient-based ASO for handling high-dimensional geometry and surrogate model fine-tuning with residual learning for

multifidelity data fusion. Section IV presents the results, covering the surrogate model performance and wing shape

design optimization. Lastly, we conclude our work in Section V.

6



II. Problem statement
This study is focused on performing ASO for a commercial aircraft wing, aiming to minimize drag while satisfying

lift, moment, and geometric constraints. The optimization process involves evaluating aerodynamic performance

metrics—including lift coefficient (𝐶𝐿), drag coefficient (𝐶𝐷), and moment coefficient (𝐶𝑀 )—using surrogate models

trained on multifidelity data. Specifically, the data are generated using CFD simulations at two fidelity levels, involving

a computationally inexpensive coarse (LF) mesh and a more accurate but resource-intensive fine (HF) mesh. In this

study, the same CFD solver and setup are used to obtain both LF and HF data. In Section II.A, we present the ASO

problem formulation, which encompasses the single-point and multipoint cases performed in this study. In Section II.B,

we describe the multifidelity data used in this study.

A. ASO Problem

This study focuses on the ASO of the National Aeronautics and Space Administration (NASA) Common Research

Model (CRM) wing geometry [45] with the primary objective of drag reduction. The CRM wing is a standardized

aerodynamic test platform widely used in aerospace research to study transonic flow characteristics [46, 47], validate

CFD models [48, 49], and investigate design optimizations [17, 50]. Following the setup of NASA Aerodynamic Design

Optimization Discussion Group (ADODG)∗, we formulate a weighted drag reduction ASO problem as shown in Table 1.

Here, we follow the same formulation as the one from our previous work [5].

Function/variable Description Bounds Quantity
Minimize 𝑓obj =

∑𝐾
𝑘=1 𝑤𝑘𝐶𝐷𝑘

Weighted-average drag coefficient - -
With respect to 𝛼𝑘 Angle of attack, deg [1.0, 3.5] 𝐾

𝝀 Coefficients of wing shape modes [𝝀lower, 𝝀upper] 50
𝜶twist Wing twists, deg [−1.0, 1.0] 7

Total design variables 57 + 𝐾
Subject to 𝐶𝐿𝑘 − 𝐶∗

𝐿𝑘
= 0 Lift constraints - 𝐾

𝐶𝑀 ≥ −0.17 Moment constraint at nominal condition - 1
V ≥ Vinitial Volume constraint - 1
𝑡 ≥ 0.98 × 𝑡initial Thickness constraints - 750

Total constraints 752 + 𝐾
Table 1 ASO problem formulation.

The objective is to minimize the weighted average drag coefficient across 𝐾 flight conditions, where 𝑤𝑘 represents

the weight for the 𝑘-th condition. The weights sum to one,
∑𝐾
𝑘=1 𝑤𝑘 = 1, such that each 𝑤𝑘 indicates the relative

importance of each flight condition. In this work, we conduct both single-point optimization (𝐾 = 1) and multipoint

optimization (𝐾 > 1). The implementation of single-point optimization is described in Section IV.B.1, following the

formulation of the ADODG case 4.1†. For multipoint optimizations, we consider both three-point (Section IV.B.2) and
∗NASA ADODG: https://sites.google.com/view/mcgill-computational-aerogroup/adodg (last accessed on 7 March 2025)
†ADODG Case 4.1: https://drive.google.com/open?id=107HHAUioOdiyFG_e63_S6R3TwlwsVM47 (last accessed on 7 March 2025)
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nine-point (Section IV.B.3) settings, which are based on ADODG cases 4.4‡ and 4.5§, respectively.

The design variables consist of the angle of attack 𝛼𝑘 (one value for each flight condition), a vector of wing

shape mode coefficients 𝝀 (from the compact modal parameterization, to be described briefly below), and a vector

of wing twists 𝜶twist. To reduce the computational burden of such complex optimization cases, we use the compact

modal parameterization method originally proposed by Li and Zhang [44] for the wing geometry. The compact

modal parameterization approach is derived based on singular value decomposition to efficiently capture the global

representation of wing shapes (the method is described in more details in Appendix A). This approach is compatible

with pyGeo¶ [51] and its effectiveness has been validated in a series of ASO studies [5, 43, 44]. For the optimization

cases presented in this paper, we use 50 modes to represent the wing shapes, with a coefficient assigned to each mode;

hence we have 𝝀 ∈ R50. We define the mode perturbation coefficient bounds as 𝝀lower ∈ R50 and 𝝀upper ∈ R50, with

fixed leading-edge and trailing-edge constraints inherently imposed by the modal parameterization. For more details on

the determination of the mode coefficient bounds, the choice of 50 modes, and other derivations, readers are referred to

the original work by Li et al. [52]. Wing twist is controlled by rotating several wing cross-sections around a reference

axis, instead of shearing them vertically. In particular, we use seven equally spaced sectional airfoils along the wing

span (including the tip section but excluding the root section, which is fixed)—this setting has been commonly adopted

in other ASO works, including our previous work [5]. As such, there are seven wing twist design variables (𝜶twist ∈ R7).

The design variable bounds for 𝛼𝑘∀𝑘 and 𝜶twist are shown in Table 1.

The design constraints include lift, moment, and geometric constraints. There are 𝐾 equality constraints for 𝐶𝐿 (one

for each flight condition) to ensure that the target lift is achieved. Considering steady flight, we impose a 𝐶𝑀 constraint

under nominal condition (Mach number 0.85 and flight altitude 11,740 m). Geometric constraints, including thickness

and volume constraints, are adopted from ADODG cases, particularly case 4.5. The lower bound on volume preserves

the CRM wing baseline, while a slightly relaxed upper bound allows for a broader design space. There are 750 thickness

constraints, defined at 25 chordwise locations (from 1% to 99% of the local chord) and 30 spanwise positions (from

root to tip). The lower bound is set at 98% of the baseline thickness so as to approximately maintain the wing’s initial

structural strength.

B. Multifidelity data

We perform CFD analyses on ADflow‖ [10] to compute the state variables, objective functions, and constraints, where

their gradients are evaluated using the adjoint method [13]. ADflow solves the RANS equations on multi-block meshes

and supports various numerical schemes, including Runge-Kutta, diagonally dominant alternating direction implicit
‡ADODG Case 4.4: https://drive.google.com/open?id=1lqC3wtc5iGWP52c1kpFSp_r1c2P1W0sW (last accessed on 7 March 2025)
§ADODG Case 4.5: https://drive.google.com/open?id=11o0961oodFGlee9iU2G8HgOUX5TU1TLd (last accessed on 7 March 2025)
¶Repository available online: https://github.com/mdolab/pygeo.git (last accessed on 7 March 2025)
‖Repository available online https://github.com/mdolab/adflow.git (last accessed on 7 March 2025)
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(DDADI), and Newton-Krylov methods [53]. Among its built-in turbulence models, we select the Spalart-Allmaras

model [54], which is suitable for attached and moderately separated flows. To accelerate computation, ADflow employs

an approximate Newton–Krylov method in the early iterations to reduce cost, and once the residuals drop below a

specified threshold, it switches to the full Newton–Krylov method with explicit Jacobian evaluation to ensure stable

convergence [55]. We use pyHyp∗∗ for mesh generation and IDWarp†† for mesh warping. In this study, both LF and HF

datasets are generated using the same CFD solver ADflow with consistent mesh refinement, ensuring that the differences

between fidelity levels are solely due to mesh resolution. By setting different sizes of mesh cells, we generate training

datasets with two fidelity levels: a coarse L3 mesh with 56,320 cells for LF data and a finer L2 mesh with 450,560 cells

for HF data as shown in Figure 3. A detailed mesh convergence study involving (from fine to coarse) L00, L0, L1, and

L2 meshes has been presented by Lyu et al. [17]. The L2 mesh has been further investigated in a previous study by one

of the authors [44]. Although L3 mesh was not included in the original paper [17], it has been commonly used in works

involving computationally intensive optimizations [43, 44, 56] including our previous work [5]. With this consideration,

the choice of L2 and L3 meshes is deemed suitable for the multifidelity setup presented in this paper.

(a) L3 mesh (b) L2 mesh

Fig. 3 The LF (L3) and HF (L2) meshes used in the multifidelity framework.

Table 2 summarizes the ranges of key parameters for the flight conditions considered in this work, including Mach

number (𝑀), angle of attack, wing twist, and flight altitude (ℎ) to ensure that the derived surrogate models are robust

across varying operating conditions. These ranges of flight condition values are evaluated to enable a generalized ASO

framework capable of handling multipoint design scenarios. Table 3 outlines the corresponding data used to train and

test the surrogate models, including the number of samples, the computational costs of CFD evaluations, and the ranges

of aerodynamic coefficients (𝐶𝐿 , 𝐶𝐷 , 𝐶𝑀 ).

The training process involves multiple rounds of design of experiments (DoE) to systematically generate data points.

We use the Latin Hypercube Sampling (LHS) to populate the design space, generating 183,075 L3 mesh samples as LF
∗∗Repository available online: https://github.com/mdolab/pyhyp.git(last accessed on 7 March 2025)
††Repository available online: https://github.com/mdolab/idwarp.git (last accessed on 7 March 2025)
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Variable Lower Upper
Mach number 0.82 0.88
Angle of attack [deg] 0.5 3.5
Wing twist [deg] −1.0 1.0
Altitude [m] 9,000 12,000

Table 2 Value ranges for key flight condition parameters.

Variable L3 mesh L2 mesh
Mesh size 56,320 450,560
CPU time / wing [core hour] (CFD) 0.4 6.0
CPU time / wing [core second] (data-driven) 1.1 × 10−4 5.0 × 10−2

Training set size 135,108 11,923
Testing set size 47,967 2,981
𝐶𝐿 range [0.155, 0.728] [0.218, 0.665]
𝐶𝐷 range [0.0131, 0.0525] [0.0135, 0.0466]
𝐶𝑀 range [-0.298, -0.024] [-0.265, -0.0466]
𝐿/𝐷 range [9.45, 22.7] [10.95, 22.14]

Table 3 Low- and high-fidelity model information and setup for the CRM benchmark geometry.

data and 14,904 L2 mesh samples as HF data. These samples are split into training and testing data sets, as listed in

Table 3. We follow a previous work by one of the authors [43] to determine the number of LF samples, whereas the

number of HF samples is determined empirically by running some numerical experiments. Considering the importance

of the number of samples in determining the estimation accuracy and computational efficiency of the multifidelity

approach, we perform a systematic study on the model performance under different HF/LF sampling ratio, which will be

presented in Section IV.C. Figure 4 shows the distributions of the low- and high-fidelity training data (in log-normalized

scale) demonstrating the diversity and coverage of the training data, ensuring the surrogate models can capture the full

range of aerodynamic behavior. This comprehensive data set is critical for constructing accurate multifidelity surrogate

models, to support efficient and robust ASO.

III. Methodology
In this section, we present the methodology for solving the optimization problem described in Section II. Specifically,

Section III.A introduces the data-driven gradient-based ASO framework that is suitable for high-dimensional design

problems. In Section III.B, we introduce the developed multifidelity data fusion approach, which relies on a residual

learning-based fine-tuned surrogate model.

A. Data-driven gradient-based ASO

A surrogate-based design optimization procedure typically involves physical or numerical experiments, surrogate

model construction, infill criteria for updating the sample set, and the evaluations of objective function and constraints [57].

Surrogate-based approach rapidly performs the computational analysis of the physical system and then solves the design
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(a) Low-fidelity data
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(b) High-fidelity data

Fig. 4 Log-normalized distributions of low- and high-fidelity data.

optimization problem with gradient-based or gradient-free algorithms. To ensure the accuracy and reliability of estimates

when constructing and refining the surrogate model, sampling of the full function evaluations should span the design

space. In the context of ASO, surrogate-based approaches provide an effective alternative to traditional CFD-driven

design optimization methods by constructing predictive models that approximate aerodynamic performance, enabling

cost-effective optimization. These methods have been successfully applied to airfoil and wing shape optimization

problems [58–60]. Building upon this foundation, data-driven ASO extends surrogate-based methods by leveraging

large datasets and advanced machine learning techniques. This allows for further reductions in optimization time while

maintaining accuracy, making it a powerful tool for high-dimensional design problems [21, 61–63].

We use the MACH-Aero framework‡‡ developed by the Multidisciplinary Design Optimization (MDO) Laboratory

at the University of Michigan as the main framework to perform ASO cases. MACH-Aero is a gradient-based framework

that integrates the CFD solver, geometry parameterization, mesh perturbation, optimizer, and some other base classes

relevant to ASO. The tool suite shows good performance in the ADODG standard cases [17, 64, 65] and other

state-of-the-art ASO research [66–68]. As mentioned in Section II.B, ADflow is used as the CFD solver to analyze the

aerodynamic performance of each CRM wing geometry sample under various flight conditions in the design space.

Using the method described above, we perform CFD analyses on LF and HF wing samples derived from global wing

shape modes, where the level of fidelity is determined by the mesh quality (i.e., coarse or fine mesh). These samples are

then used as the training set for our multifidelity regression models. The proposed framework is illustrated in Figure 5,

presented using the eXtended Design Structure Matrix (XDSM) diagram [69]§§.

Gradient-based optimization has proven effective for high-dimensional design problems [70]. After training the

multifidelity surrogate network with the LF and HF CFD samples, the design loop becomes fully data-driven: the
‡‡MACH-Aero Framework: https://github.com/mdolab/MACH-Aero (last accessed on 7 March 2025)
§§XDSM: https://mdolab.engin.umich.edu/wiki/xdsm-overview (last accessed on 7 March 2025)
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Fig. 5 Data-driven multifidelity gradient-based ASO framework.

surrogate supplies both predictions and their analytic sensitivities, so no additional CFD differentiation is required

during optimization. The sensitivity of each predicted coefficient with respect to every design variable 𝑥 is obtained

through automatic differentiation in PyTorch¶¶ or TensorFlow∗∗∗. These surrogate-based gradients are then passed to

the sequential least squares programming (SLSQP) optimizer available in pyOptSparse†††. SLSQP efficiently solves

constrained nonlinear problems by iteratively minimizing a quadratic sub-problem while enforcing both equality and

inequality constraints.

B. Multifidelity model fine-tuning via residual learning

Fine-tuning, as one of transfer learning techniques, provides a flexible multifidelity framework for progressively

integrating different fidelity levels, maximizing the utility of low-fidelity data for information provision while leveraging

high-fidelity data for correction [71–73]. Residual learning [39] aims to capture the differences between datasets of

varying fidelity by learning the differences between high- and low-fidelity information, denoted as Δ, rather than the

data themselves. This approach enhances the fine-tuned model’s accuracy in fitting high-fidelity data. Note that in

this paper, the proposed approach is only applied to multifidelity cases where the LF and HF data are generated using

the same CFD solver with consistent mesh refinements. Further investigations and adjustments might be needed for

implementations with different multifidelity data sets.

Figure 6 introduces the multifidelity framework presented in this paper. The modal parameterization inset shown in

this figure is extracted from Figure 2 of Li and Zhang’s paper [43], which is also shown in Figure 17 (Appendix A). Even

though only two levels of fidelity are shown here (and used in the optimization cases presented herein), the framework

can be extended to include multiple fidelity levels, 𝑖 = 1, 2, 3, . . . , 𝑛, where 𝑛 denotes the highest level of fidelity. The

explanation provided below applies to multiple fidelity level cases. Based on the computational effort associated with
¶¶PyTorch: https://pytorch.org/ (last accessed on 7 March 2025).

∗∗∗TensorFlow: https://www.tensorflow.org/ (last accessed on 7 March 2025).
†††pyOptSparse repository: https://github.com/mdolab/pyoptsparse.git (last accessed on 7 March 2025).
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generating the corresponding aerodynamic data, the data volume 𝑁𝑖 should decrease following 𝑁1 ≫ 𝑁2... ≫ 𝑁𝑛. We

consider a general multifidelity learning problem that involves multiple fidelity levels of data with different fidelity levels

of target function. We denote y(𝑖) (x) as the ground truth (we take CFD solution as ground truth value in this study)

and ŷ(𝑖) (x) as the prediction of model 𝑓 (𝑖)
(
x; 𝜃𝑖

)
, where 𝜃 represents the neural network parameters. The variable x

depends solely on the geometry and is independent of mesh size. The superscript in x𝑖 serves only to denote that the

input is used for training at fidelity level 𝑖.

L3 mesh L2 mesh

Build aerodynamic dataset

CFD

f(x; θ)LF

x ∈ ℝ60 ŷLF

yHF(x) = ̂yLF(x) + r(x)f(x; θ)HF

r(x)x ∈ ℝ60

Fine-tuning with residual learning

Continue the fine-tuning with higher fidelity level of data involved
Low-fidelity High-fidelity

y(1)(x) = f(x; θ)n + ∑n−1
i=1 r(i)(x)

r(i)(x) = f(x; θ)i − f(x; θ)i+1

𝒟LF

𝒟HF

Volume meshes Modal parameterization Multifidelity data

Fig. 6 Surrogate model fine-tuning via residual learning and data generation.

The fine-tuning process is a sequential one starting from the lowest fidelity level, i.e., 𝑖 = 1, and has no limit in

terms of the number of fidelity levels involved. The process (for an arbitrary level 𝑖) is described as follows. Consider

a model 𝑓 𝑖
(
x𝑖; 𝜃𝑖

)
trained on the 𝑖-th fidelity level of data with training inputs x𝑖 and CFD estimation ground truth

outputs y𝑖
(
x𝑖
)
. The loss function for this model is defined as the mean squared error (MSE) between the ground truth

and the model predictions:

L𝑖 = 1
𝑁 𝑖

𝑁 𝑖∑︁
𝑘=1



y𝑖 (x𝑖𝑘 ) − ŷ𝑖
(
x𝑖𝑘

)

2
2 , (1)

where ŷ𝑖
(
x𝑖
𝑘

)
is the prediction of the model 𝑓 𝑖

(
x𝑖; 𝜃𝑖

)
at fidelity level 𝑖 for the 𝑘-th sample, and 𝑁 𝑖 is the number of data

points at the 𝑖-th fidelity level. We then use the (𝑖 + 1)-th fidelity level of data to fine-tune this trained model. Instead of

learning the prediction outputs, we learn the residual

r𝑖→𝑖+1 = y𝑖+1
(
x𝑖+1

)
− ŷ𝑖

(
x𝑖+1

)
. (2)
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Given the collected inputs at the (𝑖 + 1)-th fidelity level, x𝑖+1, the corresponding ground truth is denoted by y𝑖+1 (x𝑖+1) ,
while the prediction from the 𝑖-th fidelity pre-trained model 𝑓 𝑖

(
x𝑖+1; 𝜃𝑖

)
is denoted by ŷ𝑖

(
x𝑖+1) . Accordingly, the

residual r𝑖→𝑖+1 represents the difference between the lower-fidelity prediction ŷ𝑖
(
x𝑖+1) and the higher-fidelity ground

truth y𝑖+1 (x𝑖+1) evaluated at the (𝑖 + 1)-th fidelity inputs.

In fine-tuning with residual learning, the high-fidelity model learns to correct the low-fidelity predictions by modeling

the residual between the high-fidelity and low-fidelity outputs. The high-fidelity model’s MSE loss function is therefore

defined on the residuals,

L𝑖+1 =
1

𝑁 𝑖+1

𝑁 𝑖+1∑︁
𝑘=1




r𝑖→𝑖+1
𝑘 − 𝑓 𝑖+1

(
x𝑖+1
𝑘 ; 𝜃𝑖+1

)


2

2
, (3)

where r𝑖→𝑖+1
𝑘

= y𝑖+1 (x𝑖+1
𝑘

)
− ŷ𝑖

(
x𝑖+1
𝑘

)
.

Following this sequential learning procedure, given any design input x, the highest fidelity estimation ŷ(𝑛) can be

computed as

ŷ(𝑛) (x) = ŷ(1) (x) +
𝑛−1∑︁
𝑖=1

r̂(𝑖→𝑖+1) (x) , (4)

with given pre-trained model 𝑓 1 (x; 𝜃1) , . . . , 𝑓 𝑛−1 (x; 𝜃𝑛−1) , and the 𝑛-th fidelity input samples x𝑛.

In this paper, we only consider two fidelity levels of data, due to the prohibitive computational cost involved with

performing CFD analyses with finer mesh. We differentiate the fidelity levels as ‘LF’ and ‘HF’, with the following

notations:

1) A small L2 mesh evaluation dataset of size 𝑁𝐻𝐹 for the high-fidelity function:

D𝐻𝐹 =
{(

x𝑘 , y𝐻𝐹𝑘
)

: 1 ≤ 𝑘 ≤ 𝑁𝐻𝐹
}
, (5)

2) A large L3 mesh evaluation dataset of size 𝑁LF for the low-fidelity function:

D𝐿𝐹 =
{(

x𝑘 , y𝐿𝐹 𝑘
)

: 1 ≤ 𝑘 ≤ 𝑁𝐿𝐹
}
, (6)

where 𝑁𝐻𝐹 ≪ 𝑁𝐿𝐹 . Algorithm 1 outlines the fine-tuning procedure via residual learning for a two-fidelity setting,

where we denote ‘LF’ as fidelity level 1 and ‘HF’ as fidelity level 2. It is worth noting that the input x is independent of

the fidelity level; the notations x𝐻𝐹 and x𝐿𝐹 are solely used to indicate that the inputs are drawn from the HF and LF

datasets, respectively, for the purpose of model training.
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Algorithm 1 Fine-tuning via residual learning (with two fidelity levels)

1. Train LF model 𝑓 𝐿𝐹
(
x𝐿𝐹 ; 𝜃𝐿𝐹

)
on D𝐿𝐹

2. Compute residuals r𝐿𝐹→𝐻𝐹 = y𝐻𝐹
(
x𝐻𝐹

)
− ŷ𝐿𝐹

(
x𝐻𝐹

)
, where ŷ𝐿𝐹

(
x𝐻𝐹

)
is the

prediction using pre-trained model 𝑓 𝐿𝐹
(
x𝐻𝐹 ; 𝜃𝐿𝐹

)
and y𝐻𝐹

(
x𝐻𝐹

)
is the ground truth

3. Train HF model 𝑓 𝐻𝐹
(
x𝐻𝐹 ; 𝜃𝐻𝐹

)
to predict r𝐿𝐹→𝐻𝐹

4. Final prediction, given any x: ŷ𝐻𝐹 (x) = ŷ𝐿𝐹
(
x𝐻𝐹

)
+ r𝐿𝐹→𝐻𝐹 , where ŷ𝐿𝐹

(
x𝐻𝐹

)
is estimated using model 𝑓 𝐿𝐹

(
x; 𝜃𝐿𝐹

)
and r𝐿𝐹→𝐻𝐹 is estimated using model

𝑓 𝐻𝐹
(
x; 𝜃𝐻𝐹

)

IV. Results and Discussion
In this section, we present the design optimization results and corresponding discussions, upon presenting the

multifidelity model accuracy in Section IV.A. In Section IV.B, we apply the proposed multifidelity data-driven framework

to a series of wing shape design optimization cases, including single-point and multipoint optimizations. In Section IV.C,

we further analyze the computational cost, performance, and physical consistency of the multifidelity surrogate model,

providing insights into its effectiveness and limitations.

A. Multifidelity model accuracy

In this section, we assess the regression accuracy of the surrogate model using aerodynamic data introduced in Sec-

tion II.B. Independent surrogate models are trained with inputs x := {𝑀, ℎ, 𝛼, 𝛼twist, 𝝀} and outputs y ∈ {𝐶𝐿 , 𝐶𝐷 , 𝐶𝑀 }.

The multifidelity surrogate model construction is detailed below.

The baseline model, 𝑓 (x; 𝜃)𝐿𝐹 , is a five-layer fully connected multilayer perceptron (MLP) with 100 neurons per

layer, trained on LF samples. The value ranges for flight conditions listed in Table 2 are used for the inputs. Figure 7

presents the probability density functions (PDFs) of absolute and relative errors for the model predictions. The PDF

illustrates error distributions and concentration, while the box plots summarize central tendency, spread, and outliers.

The error distributions shown here are deemed acceptable and consistent with a previous study [43], thereby supporting

the surrogate model’s applicability to LF aerodynamic modeling.

Building on this model, we refine it with HF data using the method described in Section III.B. Residual learning

captures the discrepancies between LF and HF predictions, allowing the model to be adjusted using HF information.

Separate fine-tuning models are trained for 𝐶𝐿 , 𝐶𝐷 , and 𝐶𝑀 , with inputs and outputs normalized to [−1, 1] for better

numerical conditioning. The LF-trained model first generates predictions using HF inputs, and the residuals are then
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Fig. 7 Error distributions for 𝐶𝐿 , 𝐶𝐷 , 𝐶𝑀 in LF surrogates.

used as correction targets. This ensures consistency despite differences in LF and HF aerodynamic characteristics.

The training process employs the Adam optimizer [74] with a learning rate of 10−4, which minimizes the mean

absolute error (MAE) while monitoring both MAE and MSE. We use early stopping to prevent overfitting by monitoring

the validation MAE. Training stops if the validation MAE does not improve by at least 10−4 for 10 consecutive epochs.

A learning rate scheduler reduces the rate by half after five epochs without improvement, with a lower bound of 10−6.

Dropout layers (rate = 0.3) are incorporated to mitigate overfitting.

After training, the model produces HF predictions by integrating learned residuals into LF predictions. The relative

error consistently falls within the range of 2% to 4%, which is consistent with established benchmarks for residual-based

fine-tuning. This result underscores the model’s capability to accurately capture and correct discrepancies between LF

and HF data.

To evaluate model accuracy relative to data variability, we compute the ratio of MAE to standard deviation (denoted

as 𝜂),

𝜂 =
MAE
𝜎

=

1
𝑁

∑𝑁
𝑖=1 |𝑦𝑖 − 𝑦̂𝑖 |√︃∑𝑁
𝑖=1 (𝑦𝑖−𝜇)2

𝑁

, (7)

where 𝜇 and 𝜎 denote the mean and standard deviation, respectively, and 𝑁 is the training size. For this metric, lower 𝜂

values indicate better surrogate model performance. The computed 𝜂 values for the HF surrogate model predictions are

0.0204, 0.0254, and 0.0343 for 𝐶𝐿 , 𝐶𝐷 , and 𝐶𝑀 , respectively.

We present the PDF and box plots of absolute and relative errors for HF estimations of 𝐶𝐿 , 𝐶𝐷 , and 𝐶𝑀 in
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Figure 8. The mean absolute errors are
[
𝛿𝐶𝐿

, 𝛿𝐶𝐷
, 𝛿𝐶𝑀

]
= [0.0037, 0.00024, 0.0019], and the mean relative errors are[

𝜖𝐶𝐿
, 𝜖𝐶𝐷

, 𝜖𝐶𝑀

]
= [0.0091, 0.0102, 0.0181]. These values indicate a high level of accuracy, well within the typical

acceptable thresholds for aerodynamic predictions. The reported errors—0.9% for 𝐶𝐿 , 1.0% for 𝐶𝐷 , and 1.8% for

𝐶𝑀—demonstrate that the surrogate model effectively approximates high-fidelity CFD values. This accuracy ensures

reliability in design optimization workflows, providing a computationally efficient alternative to full CFD evaluations.
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Fig. 8 Error distributions for 𝐶𝐿 , 𝐶𝐷 , 𝐶𝑀 in HF surrogates.

B. Wing shape design optimization

In this section, we demonstrate the proposed data-driven multifidelity learning approach within the gradient-based

ASO framework introduced in Section III to optimize the CRM wing design with both single-point and multipoint

objective functions. We conduct three cases to verify the generalizability of the data-driven approach, with all cases

optimized using the same surrogate model. All CFD-driven optimizations presented in this section are performed on L2

mesh.

1. Single-point optimization results

We begin with presenting single-point design optimization results, focusing on a wing optimized for the nominal

flight condition of a wide-body commercial aircraft at Mach 0.85 and an altitude of 11,740 m. As outlined in Table 1,

the design objective is to minimize the drag coefficient 𝐶𝐷 with 𝐾 = 1 under this flight condition. This problem

formulation follows the ADODG case 4.1, as mentioned in Section II.A.

Figure 9 shows the comparison between the optimized wings obtained using CFD-driven and our data-driven MF
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approach. In these plots, all 𝐶𝐷 values are reported as drag counts (𝐶𝐷counts = 𝐶𝐷 × 104). The planform view shown on

the upper left-hand side of Figure 9 shows the 𝐶𝑃 contours of two optimized wings, along with the corresponding 𝐶𝐿 ,

𝐶𝐷 , and 𝐶𝑀 values. On the right, we display the 𝐶𝑃 distributions and sectional airfoil variations for selected wing

sections at six spanwise locations. These locations, marked as A to F, represent the positions at 2.35%, 26.7%, 55.7%,

69.5%, 82.8%, and 94.4% spanwise distances from the wing root, respectively. These results show that at Mach 0.85,

the CFD-driven optimized wing exhibits a higher lift-to-drag (𝐿/𝐷) ratio of 23.15 compared to 22.94 obtained with

the data-driven MF optimized wing. We place an isosurface at the shock sensor value of one to visualize the shock

region. A front view with the shock surface visualization and the physical thickness distribution of the wing is shown

below the planform view. The lower left-hand side of Figure 9 illustrates the spanwise distributions of lift, twist, and

thickness-to-chord ratio (𝑡/𝑐), along with the reference elliptical lift distribution (in gray). Elliptical lift distribution

tends to minimize induced drag and enhance lift efficiency, and both optimized wings show close resemblance to this

reference. The benefit of using compact modal parameterization method can be observed in the smooth variations of

twist and 𝑡/𝑐 distribution along the span, because this method inherently smooths the trade-offs between volume and

drag by distributing thickness changes more gradually, avoiding abrupt transitions at discrete locations (e.g., the Yehudi

break). Overall, these results are consistent with those of our previous work on an operation-aware multipoint ASO [5],

which has similar setup and formulation.

Fig. 9 Design comparison for the single-point optimization case: CFD-driven vs data-driven optimized wings.
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2. Three-point optimization results

Next, we solve a three-point wing optimization problem, following the framework of ADODG case 4.4. The

objective is to minimize the weighted average of 𝐶𝐷 over a range of Mach numbers at a fixed aircraft weight, with

altitude adjusted to maintain a constant 𝐶𝐿 across the specified Mach number range. This optimization case is performed

to validate the capability of our method in handling multipoint optimization under varying Mach numbers and altitudes.

The flight conditions and their corresponding weights (for a multipoint objective function with 𝐾 = 3) are listed in

Table 4.

Design point Weight Mach number 𝐶𝐿 constraint Flight altitude (𝑚)
1 0.25 0.82 0.50 11,285
2 0.50 0.85 0.50 11,740
3 0.25 0.88 0.50 12,180

Table 4 Flight conditions and their corresponding weights for the three-point optimization.

We present the optimized-wing comparison results in Figure 10; the visualization style matches that of Figure 9.

Both optimized wings are evaluated at the nominal condition. The data-driven MF approach attains a drag level of

224.2 counts, only 2.9 counts higher than the CFD-optimized wing. Because multipoint optimization seeks to balance

performance over a range of conditions, complete shock suppression at any single evaluation point is not necessarily

anticipated. With respect to lift span-loading, wing twist, and 𝑡/𝑐, the two designs are largely similar, demonstrating

improved aerodynamic efficiency while remaining within the prescribed thickness constraints that act as a proxy for

structural requirements, and thus exhibit comparable overall performance. The sectional 𝐶𝑃 distributions are broadly

similar, although the data-driven MF wing shows a slightly weaker suction peak near the leading edge and localized

pressure variations around mid-span.

3. Nine-point optimization results

We define our nine-point design optimization problem based on ADODG case 4.5 to assess our method’s performance

in a large-scale optimization case. Our problem setup follows the same structure as outlined in Table 1, with 𝐾 = 9. The

flight conditions and corresponding weights for the nine design points are summarized in Table 5.

The comparison between the optimized wing designs obtained through CFD-driven and data-driven MF approaches

for this nine-point design optimization is presented in Figure 11, with a similar format with that of Figures 9 and

10. The two wings are evaluated under the nominal condition with 𝐶𝐿 = 0.5. The wing optimized using the

data-driven MF approach achieves a drag count of 224.8, which is 3.6 counts higher than the result from the CFD-driven

optimization. Although the pitching moment coefficient (𝐶𝑀 = −0.166) of the data-driven MF optimized wing satisfies

the constraint of 𝐶𝑀 > −0.17, there remains room for further improvement, considering the objective function of the

optimization is formulated in a Lagrangian framework. The inability of the data-driven MF approach to reach an
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Fig. 10 Design comparison for the three-point optimization case: CFD-driven vs data-driven optimized wings.

Design point Weight Mach number 𝐶𝐿 constraint Flight altitude (𝑚)
1 0.125 0.82 0.483 11,740
2 0.250 0.82 0.537 11,740
3 0.125 0.82 0.591 11,740
4 0.250 0.85 0.450 11,740
5 0.500 0.85 0.500 11,740
6 0.250 0.85 0.550 11,740
7 0.125 0.88 0.420 11,740
8 0.250 0.88 0.466 11,740
9 0.125 0.88 0.513 11,740

Table 5 Flight conditions and their corresponding weights for the nine-point optimization.
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optimal solution may be due to the excessively high dimensionality of the surrogate model, causing the optimization

search to become trapped in local optima. Both optimized wings exhibit similar spanwise distributions of lift, twist, and

𝑡/𝑐, indicating that the data-driven MF approach achieves mechanical characteristics comparable to the CFD-driven

optimized wing. Concerning wing shocks, as discussed in Section IV.B.2 for the three-point optimization, the nine-point

optimization prioritizes overall drag reduction and thus cannot match single-point optimization performance at any

specific aerodynamic condition. Regarding the 𝐶𝑃 distribution across six slices, the data-driven MF and CFD-driven

optimized wings show generally similar chordwise trends. The data-driven MF wing has slightly higher magnitude

of negative pressure near the leading edge but overall exhibits weaker negative pressure compared to the CFD-driven

optimized wing. This difference is also evident across the entire wing surface, where the CFD-driven optimized wing

consistently achieves greater negative pressure regions.

Fig. 11 Design comparison for the nine-point optimization case: CFD-driven vs data-driven optimized wings.

4. Optimization performance discussion

In this section, we briefly discuss the overall performance of the three optimization cases presented above, particularly

in terms of how well the data-driven MF approach replicates the full CFD-driven optimization and the computational

efficiency improvement it offers. Table 6 summarizes the CFD-driven and data-driven optimization results. The Δ𝐶𝐷

values shown in this table refer to the difference in 𝐶𝐷counts between the baseline and optimized designs (with negative

values indicating 𝐶𝐷 reduction in the optimized wings, which is desirable). The single-point case is optimized at the

nominal design condition, while the three- and nine-point cases use the design points listed in Tables 4 and 5, respectively.

All aerodynamic performance metrics presented in this table are evaluated at the nominal design condition of Mach 0.85
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and altitude 11,740 m. The design objective function, defined as the weighted drag summation in drag counts, is 229.1

for the CFD-driven three-point optimization and 234.2 for the data-driven approach. For the nine-point optimization,

it is 229.95 for the CFD-driven approach and 234.90 for the data-driven approach. Comparing these results with the

drag comparison at the nominal condition, we observe the same pattern—that the CFD-driven optimization results

generally yield lower drag. All data-driven MF optimizations presented in Sections IV.B.1 to IV.B.3 employ the same

surrogate model using the approach introduced in Section III.B. Overall, the results show that data-driven optimization

consistently achieves drag reduction performance comparable to CFD-driven methods, across both single-point and

multipoint design problems.

Mesh Approach 𝐶𝐿 𝐶𝐷counts (Δ𝐶𝐷) 𝐶𝑀

L3 Baseline wing 0.500 234.0 -0.190

L3 Single-fidelity CFD-driven optimized wing 0.500 229.0 (-5.0) -0.170

L3 Single-fidelity data-driven optimized wing 0.498 229.0 (-5.0) -0.170

L2 Data-driven optimized L3 wing, re-analyzed on L2 mesh 0.497 233.0 -0.144

L2 Baseline wing 0.502 228.0 -0.182

L2 Single-point data-driven MF optimized wing 0.500 218.0 (-10.0) -0.170

L2 Single-point CFD-driven optimized wing 0.500 216.0 (-12.0) -0.170

L2 Three-point data-driven MF optimized wing 0.500 224.2 (-3.8) -0.169

L2 Three-point CFD-driven optimized wing 0.500 221.3 (-6.7) -0.170

L2 Nine-point data-driven MF optimized wing 0.500 224.8 (-3.2) -0.166

L2 Nine-point CFD-driven optimized wing 0.500 221.2 (-6.8) -0.170

Table 6 Aerodynamic performance summary across mesh fidelities and optimization problem setups.

All CFD-driven and data-driven MF optimizations are executed on a CPU server. Each CPU is configured as

an Intel Core i7-10700K processor, featuring a 3.8 GHz base clock speed, eight cores, and 16 MB of cache. For

CFD-driven design optimization, we employ parallel computing utilizing 64 cores, resulting in computation times of

6.3 hours for single-point, 11.33 hours for three-point, and 50.87 hours for nine-point optimization. For data-driven MF

design optimization, we use a single core, achieving computation times of 2.1 minutes for single-point, 5.3 minutes for

three-point, and 6.2 minutes for nine-point optimization.

While it is acknowledged that constructing a surrogate model requires additional computational effort compared to

solving a single problem using a CFD adjoint solver, this upfront cost is justified by the model’s versatility across a

wide range of design scenarios. In the cases presented above, for instance, the same surrogate model is used to solve

both single-point and multipoint optimization problems. This highlights the generalizability of our method, where a

single trained model can be reused across different tasks with significantly reduced computational cost. Considering the
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importance of computational cost (both during training and optimization) in assessing the effectiveness of a surrogate

model, we systematically evaluate how the upfront cost of data generation scales with problem complexity and affects

performance; the detailed discussion is presented in Section IV.C. Additionally, although CFD adjoint-based solvers

are powerful and effective, implementing adjoint computations often demands considerable development effort. Our

study shows that, even in the absence of adjoint information, surrogate models can still deliver competitive optimization

results.

C. Computational cost and model performance

This subsection investigates the computational efficiency of the surrogate model by analyzing its performance as the

proportions of HF and LF data in the training set are systematically varied. The goal is to evaluate how effectively the

model leverages data of different fidelity to balance computational efficiency and predictive accuracy.

Figure 12 illustrates the relationship between the mean relative error (MRE) of aerodynamic coefficients ((by

comparing MF predictions against HF data) and HF data and the associated computational cost. The figure shows that as

the computational cost increases, the MRE of MF prediction continues to decrease. However, beyond a certain threshold

of computational cost, the rate of reduction in MRE gradually diminishes. To further investigate the relationship between

the rate of MRE reduction and computational cost, we introduce the computational cost efficiency 𝜌, defined as the rate
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Fig. 12 The MRE of MF prediction with respect to high-fidelity data for 𝐶𝐿 , 𝐶𝐷 and 𝐶𝑀 versus computational
cost.

of change in MRE per unit of computational cost:

𝜌 =
ΔMRE

Computational cost
, (8)
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which quantifies the trade-off between improvements in accuracy and the computational resources required. The

relationship between 𝜌 and computational cost is shown in Figure 13, which shows that 𝜌 decreases with increasing

computational cost, indicating a higher computational cost is required to achieve a unit reduction in MRE. Beyond a

computational cost of 4 × 105 CPU hours, 𝜌 approaches a plateau at a low value, implying that further increases in

computational resources yield diminishing returns in reducing MRE. Therefore, additional data generation under such

conditions is neither efficient nor justified.
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Fig. 13 The computational cost efficiency 𝜌 for 𝐶𝐿 , 𝐶𝐷 and 𝐶𝑀 predictions versus computational cost.

To have a comprehensive analysis, we compare the MRE of MF predictions with respect to HF data with different

data demand ratios by conducting a series of comparative experiments, as shown in Figure 14. In particular, we train the

model using different ratios of LF and HF data, following the approach outlined in Section II.B. As an example, we

can train the model with 30% LF data and 70% HF data, where the percentage is taken with respect to the training

dataset size (for the respective fidelity level) shown in Table 3. As such, with 135,108 LF training data and 11,923

HF training data, 30% LF data and 70% HF data correspond to 40,532 LF data and 8,346 HF data, respectively. In

Figure 14, we denote the “Mixed HF/LF Region” as the configuration where both HF and LF data are used in varying

proportions. The “Full LF with Different HF Region” refers to the setting where the entire LF dataset is employed

and the HF data ratio is varied for fine-tuning purposes. From Figure 14, we can observe that using mostly LF data

effectively determines the upper bound of the MRE. Increasing the proportion of HF data enables further reduction in

MRE, indicating that while LF data control the baseline error level, HF data contribute to improving model accuracy.

The value of LF data primarily lies in its ability to provide “structural guidance” when HF data are scarce, offering

crucial priors and trend information in the absence or limited availability of HF data.
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Fig. 14 The MRE for 𝐶𝐿 , 𝐶𝐷 and 𝐶𝑀 with different LF and HF data demand ratios.

We plot Figure 15 to further investigate the model performance when all LF data are used, but with different HF

demand ratio (corresponding to the light-blue region in the right-hand side of Figure 14). We observe that continuously

increasing the proportion of HF data indeed leads to improved model accuracy; however, the rate of improvement

diminishes relative to the growing computational cost required to obtain HF data. These results highlight the need

to carefully balance model accuracy against the simulation cost required for data generation. Specifically, the figure

illustrates that beyond 80% HF data, the accuracy gains become marginal.

Nevertheless, in the context of the high-fidelity ASO problem considered in this work, even minor improvements

in model accuracy can translate into meaningful aerodynamic performance gains. Therefore, we choose to utilize

all available data to perform the data-driven MF-based optimization presented in this paper. For other optimization

scenarios, however, practitioners should carefully consider the trade-off between model accuracy and the computational

cost of data generation.

Given the flexibility of the pre-training and fine-tuning processes, simulation data do not need to be generated

upfront. Instead, they can be acquired progressively in response to the evolving needs of the model. This enables a more

adaptive and efficient data acquisition process, where HF samples are selectively added as higher accuracy becomes

necessary. Strategies such as active learning [75] can provide theoretical foundations for this approach, which we aim to

incorporate in future works. It is important to note, however, that the specific approach presented in this paper is derived
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Fig. 15 The MRE with different HF ratio, with full LF data.

and validated for data obtained using the same CFD solver, geometry parameterization, and structured mesh distribution

that ensure consistency across fidelity levels. As mentioned in Section III.B, further investigations would be needed to

extend the framework’s capability to admit other multifidelity data sources.

Lastly, we analyze the break-even point (BEP) to assess the effectiveness of data-driven MF models, compared to the

CFD-driven ones, with different levels of model complexity, by borrowing the concept from the economic theory [76].

For this purpose, we define a dimensionless problem complexity 𝐶 as the sum over individual optimization tasks:

𝐶 =

𝑁opt∑︁
𝑖=1

𝑁
(𝑖)
points · log

(
𝑁

(𝑖)
design_iters

)
, (9)

where 𝑁 (𝑖)
points and 𝑁 (𝑖)

design_iters denote the number of operating points and design iterations associated with the 𝑖-th

optimization problem, respectively. 𝑁opt signifies the total number of optimization cases that need to be performed using

the same model. We visualize the relationship between problem complexity 𝐶 and computational cost (including model

training time) in Figure 16, from which we can identify the BEP where adopting data-driven MF methods becomes more

computationally efficient than running full high-fidelity CFD-driven optimizations. When using data-driven MF models,

most of the computational cost investment occurs during the training process, whereas performing each optimization

only takes a small fraction of the total computational time. As such, the MF line (in blue) appears almost horizontal in

Figure 16. The CFD-driven approach, on the other hand, does not benefit from such gentle scaling, due to the substantial

computational investment required at every optimization run. With this consideration, we can then define the areas

of “profit” and “loss” from adopting the data-driven MF approach. “Profit” denotes the region where data-driven MF
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requires lower computational cost than high-fidelity CFD-driven optimization, indicating a net gain in computational

efficiency. Conversely, “loss” denotes the region where MF methods are more computationally expensive, i.e., where the

number of full CFD runs required for MF training is higher than that of the full CFD-driven optimization. To illustrate

this “profit” and “loss” concept, we consider running a number of ASOs, each with a different optimization problem

formulation (e.g., by considering different design missions or constraints), at the early aircraft design exploration stage.

In particular, we take a practical example from an operation-aware multipoint ASO case, where it is common to involve

a dozen or even up to 30 design points in order to account for a wide range of operational flight conditions [5]. When

performing 12 optimization problems each with 30 design points and approximately 50 design iterations, for instance,

the resulting complexity is 𝐶 ≈ 1,408, which lies slightly below the BEP shown in Figure 16. By contrast, with 15

optimization problems of the same size, the complexity increases to 𝐶 ≈ 1,759, which surpasses the BEP. These

examples illustrate that, for large-scale and operation-aware optimization tasks, the proposed multifidelity data-driven

method becomes competitive with, and eventually more cost-effective than, adjoint- or gradient-based approaches. As

the scale of the optimization problem increases, the MF data-driven approach gradually demonstrates its advantage.

This observation echoes our initial motivation: when the problem dimensionality grows and more optimization tasks are

considered, the computational efficiency of the MF data-driven method becomes increasingly valuable.
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V. Conclusion
This work introduces a scalable multifidelity design optimization framework tailored for addressing high-dimensional,

high-fidelity ASO challenges. The key aim is to enable rapid design exploration, where a number of design optimizations

need to be performed under different scenarios. Hence, we put an emphasis on computational efficiency and

generalizability in the framework development, while maintaining a high level of accuracy. The framework combines a

deep-learning-based surrogate model with a gradient-based nonlinear programming solver to effectively handle complex

high-dimensional geometries. The surrogate model leverages fine-tuning through a residual learning approach to achieve

robust and scalable multifidelity data fusion. Experimental results reveal that incorporating an appropriate amount

of data significantly enhances the aerodynamic performance of the optimized wing. Furthermore, the incremental

integration of high-fidelity data demonstrates substantial potential for further improving the design quality.

With 183,075 low-fidelity data points and 14,904 high-fidelity data points, the MF surrogate model’s regression

performance for 𝐶𝐿 , 𝐶𝐷 and 𝐶𝑀 achieved an 𝜂 value of 2.04%, 2.54% and 3.43%, respectively, where 𝜂 represents the

ratio of MAE to the standard deviation of the CFD simulation data. We showed that a single fine-tuned MF surrogate

model exhibited strong generalization capabilities by effectively solving multiple high-fidelity design optimization

problems without the need for retraining. Once trained, this surrogate-based infrastructure enabled ultra-fast design

optimization, completing each evaluation within 5.0 × 10−2 seconds for the L2 wing mesh. This performance was

achieved on a standard desktop equipped with an Intel Core i7-10700K processor (3.8 GHz base clock, 8 cores, 16 MB

cache), demonstrating the model’s efficiency and practicality. These results highlighted the surrogate model’s potential

as a scalable, real-time solution for high-fidelity aerodynamic design optimization.

The results presented in this paper also illustrated the trade-off of the data-driven MF approach. Whilst this approach

reduced the wall-clock time required for design optimization, it yielded slightly higher final drag than the CFD-driven

optimization, with differences of 2.0, 2.9, and 3.6 drag counts for the single-, three-, and nine-point problems evaluated

at nominal condition, respectively. This level of discrepancy is deemed sufficient for the purpose of design exploration.

As the design converges towards the final one, high-fidelity models can play a bigger role for higher accuracy.

The computational benefit of using this MF surrogate model in design optimization was assessed by evaluating

the break-even point against using the full CFD model, where it was evident that the benefit increased with problem

complexity. In particular, the BEP analysis showed that the surrogate model started to offer a net advantage over

conventional solvers at a problem complexity (in terms of the number of points, optimization problems, and design

iterations) of approximately 1.5×103. Beyond this threshold, the surrogate model demonstrated increasing computational

advantages, making it particularly suitable for large-scale or multipoint design optimization tasks.

It is worth to mention that the adjoint-based approach for design optimization has demonstrated significant success

in solving various transonic and RANS-based computational problems. Furthermore, its influence continues to

expand to various applications, as it remains highly effective in addressing high-dimensional design optimization
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challenges, consistently achieving optimal solutions with outstanding performance. However, there may be cases where

the adjoint-based approach cannot be rapidly adapted to new problems or the CFD solver does not support adjoint

computation. In such cases, our data-driven MF method will offer advantages. This is because our method ensures that

efficient design optimization can still be achieved through sampling of multifidelity data even in the absence of design

priors, when rapid deployment of adjoint methods is not feasible, or when the CFD solver and design modules are not

well-integrated.

The significance of this work lies in providing a new perspective for modern industrial design: by leveraging

cumulative data, design optimization can be achieved, and with increased data volume and the inclusion of higher-fidelity

data, further enhancements in aerodynamic performance can be realized. Although generating such data may incur

additional computational costs, this highly parallelized data generation approach is undoubtedly more efficient and

streamlined than traditional serial gradient-based optimization methods.
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A. Compact modal parameterization
Compact modal parameterization achieves shape control of the entire wing by managing the reduced-order

modeling modes of the sectional airfoil shapes. The wing shape modes are derived using singular value decomposition

(SVD). Suppose the wing sampling process perturbs the 𝑧 coordinates of 𝑛 sectional airfoil locations in 𝑚 wing

samples. The perturbation of wing samples based on original CRM wing’s 𝑛 sectional slices can be denoted as

𝑮 =

{
𝑧
(𝑘 )
𝑗

− 𝑧 (𝐶𝑅𝑀 )
𝑗

: 1 ≤ 𝑗 ≤ 𝑛, 1 ≤ 𝑘 ≤ 𝑚
}
, as shown in Equation 10. Here, 𝑗 and 𝑘 denote the index of sectional

airfoil location and wing sample, respectively. We then decompose 𝑮 = 𝑼𝚺𝑽T, in which the columns of 𝑼 represents

the wing shape modes and 𝚺 contains the diagonal entries in a descending order. 𝑼 and 𝑽 are orthogonal matrices with

a transposed relationship. With this setup, we can use the columns of 𝑼 as wing shape modes. Since these modes are

sorted in terms of their importance, a reduced order model can be achieved by using the first few modes instead of the

full matrix, depending on the problem requirement and computational budget. Figure 17 shows the first eight wing

shape modes derived from the compact modal parameterization method, which are the same as the one used in our

previous work [5].
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2
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Fig. 17 The first eight wing shape modes obtained from the compact modal parameterization of the CRM wing.
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