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Abstract

In the conceptual design stage, fast and accurate shape evaluation is crucial for efficient
product development. While simulation-based performance evaluation is commonly adopted,
its high computational cost has motivated the development of more efficient meta-models
that leverage deep learning for rapid inference and effective handling of nonlinear, high-
dimensional data. However, acquiring large-scale three-dimensional (3D) datasets in indus-
try and academia is challenging. Augmentation-based active learning emerges as a viable
alternative. However, mere geometric diversity does not guarantee corresponding perfor-
mance diversity, underscoring the need for data augmentation that considers both geometry
and performance. This study addresses this challenge by proposing an integrated frame-
work that combines geometry-based uncertainty quantification with free-form deformation
augmentation. Uncertainty quantification (UQ) is achieved using a deep ensemble model
that incorporates a novel architecture comprising two regressors: an explicit lattice-based
uncertainty regressor to quantify aleatoric uncertainty and a performance regressor to pre-
dict performance. The epistemic uncertainty extracted from this model is then leveraged to
actively explore the regions effective for the practical training of a meta-model. To simulate a
common industrial data-scarce scenario, meta-models were initially built with small subsets
of the public three-dimensional bracket dataset and an automotive aerodynamic dataset, and
the datasets were subsequently augmented with samples generated by the framework. This
approach employs an active learning framework that accounts for both geometric and perfor-
mance diversity. Experimental results confirmed that the augmented datasets exhibit supe-
rior performance, demonstrating the framework’s robustness across diverse physical domains
(structural mechanics and fluid dynamics) without requiring domain-specific modifications.
Performance-aware 3D shape augmentation has strong potential for industrial applications.
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Figure 1: Meta-modeling workflow

1. Introduction

Performance evaluation for shapes is the most crucial area in the conceptual design stage
of industrial product development [1, 2]. Numerical analysis methods such as Finite Element
Method (FEM) and Computational Fluid Dynamics (CFD) have emerged to address this,
significantly reducing time and cost compared to traditional physical experiments. How-
ever, performance evaluation through numerical analysis remains the most time-intensive
and costly step in the overall design process. This high computational expense creates a
significant bottleneck, as illustrated by the standard meta-modeling workflow in Fig. 1.

This workflow typically begins with designing an initial sample set using the design of
experiments. Each sample in this set must then be evaluated using high-fidelity numerical
analyses (e.g., FEM/CFD) to obtain performance labels. A surrogate model is then trained
on this initial data, and its accuracy is assessed. However, this is rarely a single-step process.
To achieve sufficient accuracy, the model must be refined, triggering a costly iterative loop.
This refinement loop requires adding new samples (adaptive sampling), and crucially, each
new sample requires running another full, high-cost Computer-Aided Engineering (CAE)
simulation. This iterative dependency on the ‘Run CAE simulations’ step is precisely what
constitutes the significant bottleneck in design optimization.

Research into data-driven meta-models has advanced to address the time and cost limita-
tions of numerical analysis [3, 4, 5]. Among various data-driven meta-models, deep learning is
the field where research is progressing most actively. Deep learning offers several advantages
over traditional meta-models, particularly its suitability for complex engineering problems.

First, deep learning eliminates the need to explicitly parameterize input shapes. Con-
ventionally, design optimization using a meta-model begins by defining the shape through a
set of parameters. Defining data with a parameter set that encompasses all possible shapes
requires substantial effort and can introduce subjective design elements into the parameter
definition process. In contrast, deep learning automatically extracts features from input
data and optimizes internal model parameters, thereby eliminating the need to separately
parameterize a meta-model.
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Second, deep learning models can predict high-dimensional outputs, such as full field
values composed of nodal values, and can also predict field values across the time domain.
For instance, a deep learning-based meta-model can predict the complete stress distribution
across every node of a complex 3D structure or precise pressure and velocity fields at ev-
ery point within a fluid domain [6, 7]. This capability extends to demonstrating excellent
predictive performance in spatio-temporal problems. The ability to handle high-dimensional
data isn’t limited to prediction; it also excels in readily accommodating UQ for predicted
values at each node [8, 9].

Finally, deep learning provides superior capabilities in processing complex data and mod-
eling nonlinear relationships. It effectively learns complex nonlinear mappings, making it
well-suited for simulations involving 3D shapes or unstructured grids. Unlike traditional
reduced-order methods that require predefined bases, deep learning’s universal approxima-
tion ability enables the end-to-end learning of key features from data, resulting in high
generalization and flexibility for new designs or extrapolation [10, 11].

Despite these advantages, most research on data-driven meta-models, particularly deep
learning studies, has predominantly focused on two-dimensional (2D) data, such as meta-
materials, rather than the 3D Computer-Aided Design (CAD) data commonly used in indus-
trial settings. There is an absolute lack of high-quality 3D engineering datasets for research
purposes. Conversely, 2D images or structural data, which are relatively easy to create and
measure, are readily available, leading to their greater use in research.

Moreover, 3D data involves diverse representation methods (e.g., meshes, point clouds, or
voxels), and measuring or generating physical shapes is complex and costly, making it very
difficult to acquire large, diverse datasets. Existing research leveraging 3D engineering data
is limited to a few cases that utilize benchmark datasets [7, 12, 13, 14, 15]. Existing research
leveraging 3D engineering data is limited to a few cases that utilize benchmark datasets.
However, these research attempts are confined mainly to limited datasets, which makes it
challenging to generate a wide variety of shapes. Recently, studies utilizing foundation mod-
els are also underway; however, generating feasible data from an engineering perspective
remains a challenge. Even these benchmark datasets are mostly acquired not by designing
and simulating a wide variety of new shapes from scratch, but primarily by augmenting a
small number of representative seed data through specific deformations or parameter vari-
ations [14, 16, 17, 18]. Similarly, in industrial practice, the standard method for complex
shapes, such as ship hulls or aircraft wings, is to generate and augment data by manipulating
predefined basic shape parameters [19, 20, 21]. Methods such as Space Filling Sampling are
predominantly used to expand the data within the given parameterized space to find optimal
combinations [20].

However, for 3D data explicitly defined by meshes, unlike simple parameterized shapes,
their high dimensionality and interdependent nodes make them prone to generating infeasible
shapes when sampled randomly or with standard augmentation techniques. To address this
challenge and effectively generate valid data candidates for meta-modeling, parameterization
using Free Form Deformation (FFD) is widely employed [7, 13, 22, 23]. FFD maps complex
3D shapes to a lower-dimensional space via a control lattice, allowing intuitive manipula-
tion using control points. This process generates feasible, smoothly varying shape candidates
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while preserving structural validity, thereby mitigating the issue of unrealistic shapes that can
arise from arbitrary sampling. FFD effectively maps complex 3D shape data to a relatively
low-dimensional parameter space defined by the control lattice of a predefined (N, N, N)
size and the coordinate shifts of the corresponding control points. It has the advantage of
efficiently controlling the entire shape by manipulating a small number of control points
and intuitively representing nonlinear shape deformations. Moreover, understanding and
applying shape deformation via control-point movement helps engineers easily interpret op-
timization or model-prediction results and apply them to actual designs. Furthermore, recent
research is actively exploring hybrid approaches that combine the structural and controllable
deformation capabilities provided by FFD with the complex-data-distribution learning and
novel data-generation capabilities of deep learning-based generative models, enabling more
automated and precise shape generation and optimization [21].

In summary, while data augmentation methods like FFD have been widely utilized, a
critical flaw identified in current research lies in their conventional application. Most existing
studies focus primarily on shape diversity while neglecting the performance information of
existing seed data [24, 7, 13, 22, 23]. This represents a significant oversight, as effective
engineering design data generation requires consideration of the diversity of both design and
performance spaces [25, 26]. Consequently, to construct a high-performance, generalized
meta-model, there is a distinct need for data augmentation methodologies that actively
incorporate performance information.

This creates a critical need for an intelligent augmentation strategy that actively seeks
out data that will most improve the meta-model. This strategy is known as active learning.
However, a fundamental challenge remains: how to identify which new shapes will be the
most informative?

A model might be highly confident about some new shapes (which are redundant or easy
to predict) but highly uncertain about others. Wasting expensive CAE simulations on these
easy shapes is the very inefficiency this study aims to solve. This is the core motivation for
adopting UQ in this framework.

UQ provides a formal methodology for quantifying the model’s ignorance—specifically,
epistemic uncertainty, which represents a lack of knowledge due to insufficient data. By
quantifying this uncertainty, a metric is gained to guide the FFD augmentation process. UQ
is not merely an add-on; it is the essential component that enables a truly performance-aware
active learning loop, guiding the framework on where to explore the design space to find the
most valuable data points for model training.

This study proposes a new data augmentation and model training framework that com-
bines UQ-guided active learning using FFD to efficiently and accurately construct meta-
models for complex engineering shapes. The proposed framework operates as follows: First,
using the currently trained meta-model, the prediction results and prediction uncertainty
for each generated shape candidate are quantified. Next, based on the quantified uncer-
tainty information at the FFD control points, exploration is performed in areas expected to
significantly improve performance from the meta-model’s perspective, thereby augmenting
the data. Finally, numerical analysis simulations (labeling) are performed on the shapes
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augmented through FFD. This new data is added to the dataset, and the meta-model is
retrained. This active-learning-based sampling goes beyond the simple FFD augmentation,
which considers only the existing shape space. It acquires the most efficient data for model
learning by considering the engineering performance space through the UQ. As a result, this
framework enables the efficient construction of a highly accurate meta-model with minimal
execution of high-cost simulations. To rigorously validate the effectiveness of the framework
under these exact conditions, the experiments were designed to simulate an initialization
from a data-sparse regime. This approach is demonstrated by constructing an initial meta-
model from a very small subset of data (50 samples), mimicking a typical starting point in
the conceptual design stage where high-fidelity simulations are strictly budget-constrained.

Key contributions can be summarized as follows:

1) Seamless UQ Architecture Tailored for Data Augmentation:

This study proposes an engineering performance-guided data augmentation technique.
To facilitate this, an explicit lattice-based UQ methodology is introduced, providing
the necessary information concerning engineering performance. This UQ methodology
seamlessly integrates with the FFD approach employed in this research, demonstrating
strong predictive performance.

2) Uncertainty-driven Data Augmentation:

In this study, uncertainty signifies the reliability of the predicted performance for a
given shape. Specifically, regions with high epistemic uncertainty indicate insufficient
data in the training dataset, suggesting opportunities to improve model performance
through data augmentation. By aligning the control points of the FFD with the lattice-
based UQ regressor’s coordinates, the proposed method leverages meta-model uncer-
tainty to augment existing seed data, thereby achieving superior performance.

This work offers a comprehensive, data-centric solution that integrates uncertainty-driven
active learning with FFD-based augmentation to overcome data scarcity challenges in engi-
neering applications.

This paper is organized as follows: Section 2 provides background explanations on un-
certainty quantification, shape morphing, and active learning techniques used in this study.
Section 3 describes the comprehensive methodology of the framework proposed in this study.
Section 4 explains the experimental setup and presents the results and their analysis to verify
the effectiveness of the proposed framework. Section 5 summarizes this study and discusses
future work.

2. Related Works

2.1. Shape Morphing
Shape morphing refers to the continuous transformation from one shape to another and

is utilized as a data augmentation technique in various domains. Unlike simple geometric
transformations (e.g., rotation, scaling), shape morphing can generate more diverse data
samples by including structural changes such as shape distortion and deformation of detailed
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structures. In data augmentation using shape morphing, FFD and Radial Basis Function
(RBF) interpolation are frequently employed as deformation methods.

FFD is a widely used technique for manipulating the shape of an object by deforming
the space in which the object is embedded [27, 28]. The object itself is conceptually enclosed
within a deformable control lattice, typically a cuboid defined by a grid of control points.
Deforming this control lattice then smoothly and implicitly deforms the object within it.

Mathematically, the deformation maps an original point x within the control lattice,
represented by its local coordinates (u, v, w) within the [0, 1]3 normalized space of the lattice,
to its new position x′ in space. For a control lattice with (L+1)× (M +1)× (N +1) control
points, this mapping is expressed as a trivariate tensor product of Bernstein polynomials,
weighted by the displaced positions of the control points. The deformed position x′(u, v, w)
is given by:

x′(u, v, w) =
L∑
l=0

M∑
m=0

N∑
n=0

Bl(u)Bm(v)Bn(w)Plmn (1)

x′(u, v, w) represents the deformed position of a point originally at local coordinates
(u, v, w) within the lattice space. The terms Bl(u), Bm(v), and Bn(w) represent the Bernstein
basis functions defined over the local parameters u, v, and w, respectively, which determine
the weight of each control point’s influence. Plmn denotes the coordinates of the control
points of the grid after they have been adjusted to define the deformation. The formula
computes the deformed position as a weighted sum, with weights determined by the point’s
local position and the control points’ positions. This formulation enables versatile shape
transformations, ranging from simple geometric changes to complex structural modifications,
by adjusting the control points Plmn.

RBF is a powerful technique for performing continuous deformations via spatial inter-
polation based on specific points [29, 30, 31, 32]. RBF defines deformations at designated
control points and then propagates this transformation across the entire set of data points
within the domain. This approach offers smooth, nonlinear deformations, making it espe-
cially suitable for complex data transformations. In particular, the transformation T(x) for
an original point x can be written as the original position plus a weighted sum of radial basis
functions centered at the control points:

T(x) = x +
N∑
i=1

wi ϕ
(
|x− ci|

)
(2)

where x denotes the original coordinates, ci are the center points (typically the control
points where deformation is specified), wi are the associated weights, and ϕ(r) is the chosen
radial basis function, with r = |x−ci| representing the Euclidean distance between the point
x and the center ci. The distance computation within ϕ can be adjusted depending on the
problem requirements. Common choices for the radial basis function ϕ(r) include thin-plate
spline (r2 log(r)), Gaussian (e−cr2), polyharmonic splines (rk), and multiquadrics (

√
r2 + c2).
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Moreover, RBF is well-suited for local deformations, as the influence of each center point
ci decays with distance, inducing smooth transitions throughout the domain. This technique
allows for precise adjustments by directly manipulating the control points ci, where the
corresponding weights wi are typically determined by solving a linear system of equations
that ensures the transformation maps the control points to their desired deformed locations.

Such deformation methods are highly versatile because they can easily modify explicit
representations, such as meshes. Many studies have leveraged FFD [33, 34, 35, 36, 37] or
RBF [29, 30, 31, 32, 38] to transform seed geometries into parameterized shapes, enabling
morphing-based augmentation through design-of-experiments approaches such as Latin Hy-
percube Sampling (LHS). In particular, several works combine dimension-reduction models
with optimization algorithms to achieve high-performance shape transformations. Morphing
techniques are especially effective because they can generate feasible data even from a lim-
ited number of seed data points. With the rapid advancement of data-driven methodologies,
recent research has increasingly focused on using morphing methods for data augmenta-
tion [7, 13]. Integrating more sophisticated sampling strategies is becoming crucial.

However, these morphing techniques, particularly FFD, are not without limitations.
Their primary drawback is that they are generally restricted to local deformations and design
refinement, rather than generating entirely new global shapes or topologies.

More importantly, a critical flaw identified in current research lies not just in the methods’
limitations, but in their conventional application. Most existing morphing studies focus
primarily on shape diversity, neglecting the crucial consideration of performance information.
This is a significant oversight because, for effective engineering design data generation, it is
necessary to consider the diversity of both design and performance spaces [25, 26].

Since performance information serves as the meta-model’s output, its distribution and
characteristics influence the model’s overall accuracy and robustness just as much as the
distribution of the input shape data. Therefore, a performance-aware approach based on
model uncertainty is essential for efficiently building an accurate meta-model that is sensitive
to critical performance regions. Without incorporating such considerations into the sampling
process, the resulting dataset may lead to issues like overfitting or inefficient learning in these
key areas.

Simply focusing on sampling diverse shapes in the design space—often done blindly us-
ing standard sampling like LHS on the FFD control points—makes it challenging to identify
where the meta-model struggles with predictions (i.e., exhibits high uncertainty) or which
areas of the performance space require further learning to improve model fidelity. This anal-
ysis reveals a clear research gap: while FFD provides an excellent mechanism for deforming
shapes, it lacks an intelligent guide. There is a clear need for a framework that directs the
FFD process, moving it beyond random geometric exploration to one that is actively guided
by the meta-model’s performance and uncertainty.

2.2. Uncertainty Quantification
Engineers across various fields are increasingly leveraging data-driven methods to address

complex engineering challenges. Neural networks, possessing a universal approximation ca-
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pability [10, 11], offer significant flexibility in handling intricate nonlinear relationships and
processing high-dimensional data. These challenges have long served as bottlenecks in tradi-
tional approaches. Such data-driven techniques are applicable to the exploratory phases of
design optimization and extend to tasks such as dimensionality reduction and model order
reduction for high-dimensional predictive modeling.

Although regression models offer substantial potential as surrogates for costly simulations,
their data-driven nature inherently introduces uncertainty into their predictions. In real
engineering applications, ensuring the interpretability of model predictions and quantifying
the associated uncertainty is indispensable. Failure to adequately consider the uncertainties
arising from limited training data or model imperfections can lead to unforeseen challenges
in risk assessment and management. Beyond simple risk assessment, UQ’s primary role
in data-driven engineering is to enable efficient data acquisition. In the context of active
learning (as detailed in Sec. 2.3), UQ provides the query strategy. It is the tool that answers
the critical question: “Given a limited budget, which data point should be labeled next?”.
Recent advances have led to the development of scalable yet straightforward approaches to
approximate Bayesian inference, which have garnered significant attention among engineers
for quantifying uncertainty in neural network predictions, including those used in meta-
models. In particular, methods such as deep ensemble and Monte Carlo dropout (MC-
dropout) have been widely adopted in engineering applications because they require only
minimal modifications to existing network architectures.

MC-dropout estimates predictive uncertainty by keeping dropout activated during in-
ference, while the deep ensemble approach utilizes an ensemble of networks trained in par-
allel [8]. These methods are valued for delivering robust uncertainty estimates, even with
out-of-distribution data. Its effectiveness has been demonstrated across various architectures
and datasets in studies such as those by [39, 40, 41]. Deep ensembles capture uncertainty
information by training models with the Negative Log-Likelihood (NLL) loss rather than
the traditional mean squared error. The NLL loss quantifies the negative log probability of
the observed data given the predicted probability distribution, providing a robust metric for
evaluating probabilistic models. For example, in a regression task that assumes a Gaussian
likelihood, where the model predicts a mean µ(x) and variance σ2(x) for an input x, the
NLL loss for an observation y is expressed as:

NLL(y, x) =
1

2
log(2πσ2(x)) +

(y − µ(x))2

2σ2(x)
(3)

This formulation penalizes errors between predicted and actual values, as well as misesti-
mation of uncertainty, thereby enabling a quantitative assessment of the model’s probabilistic
outputs.

However, a single model is typically dominated by the inherent aleatoric uncertainty in the
data, making it challenging to accurately quantify its epistemic uncertainty. Deep ensemble
methods train multiple neural networks in parallel using the same dataset to address this
issue. An ensemble composed of M models is utilized, each producing a predicted mean µi

and variance σ2
i . The ensemble’s overall predictive mean µ̂ is given by:
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µ̂ =
1

M

M∑
i=1

µi (4)

while the total predictive variance σ̂2 decomposes into aleatoric and epistemic compo-
nents:

σ̂2 =
1

M

M∑
i=1

σ2
i︸ ︷︷ ︸

aleatoric

+
( 1

M

M∑
i=1

µ2
i − µ̂2

)
︸ ︷︷ ︸

epistemic

. (5)

Figure 2: Illustration of aleatoric and epistemic uncertainty in regression

In other words, the averaged variance term ( 1
M

∑M
i=1 σ

2
i ) captures the noise inherent in the

data (aleatoric uncertainty), while the spread of the individual model means ( 1
M

∑M
i=1 µ

2
i−µ̂2)

reflects the uncertainty attributable to limited knowledge of the model parameters (epistemic
uncertainty). The two uncertainties are schematically represented in Fig. 2. By combining
the predictions from multiple networks in this manner, deep ensembles not only produce
stable overall predictions but also provide a reliable measure of both data-driven and model-
driven uncertainties. The effectiveness of the deep ensemble technique has been demonstrated
through various studies [42, 43, 44, 45].

2.3. Active Learning for Engineering
Active learning is a prominent learning strategy that enables machine learning models

to achieve high performance with the minimum possible amount of labeled data [46]. While
conventional supervised learning typically requires large amounts of labeled data, real-world
applications often face significant constraints on the cost or time required for data labeling.
Active learning addresses this by maximizing data efficiency; it intelligently selects the most
informative data points (i.e., those about which the model is uncertain or those that offer
high information gain) and requests an oracle, such as a human expert or a high-fidelity
simulation, to provide labels for these selected instances.

A core aspect of active learning is the Query Strategy, which determines how the model
selects the next data point to be labeled from a pool of unlabeled data. The fundamental
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idea is to query the instance that is most confusing or beneficial to the model’s learning.
Various strategies have been developed to quantify this notion of informativeness. Further-
more, reliable UQ is indispensable for guiding advanced data-acquisition strategies such as
active learning, which enables the selection of informative samples that effectively reduce
model uncertainty. However, applying general UQ methods within an active learning loop
to complex engineering problems involving high-dimensional, sparse data poses challenges.
These include accurately estimating uncertainty in under-sampled regions and managing the
computational cost of UQ within sequential-sampling frameworks, highlighting the need for
tailored UQ approaches.

Prominent uncertainty sampling strategies select instances where the model exhibits the
lowest confidence in its predictions. One common measure is Shannon Entropy, calculated
as:

H(p) = −
K∑
i=1

pi log pi (6)

where p1, p2, ..., pK are the model’s predicted probabilities for each class. A higher
entropy value indicates a more uniform predicted probability distribution, and thus higher
model uncertainty. Another straightforward strategy is Least Confidence, which uses 1−p(1)
as the uncertainty measure, where p(1) is the highest predicted probability for any class. A
lower p(1) directly correlates with lower model confidence and higher perceived uncertainty.
Beyond simple confidence measures, other query strategies include Query-by-Committee,
which selects instances exhibiting the most significant disagreement among an ensemble of
models, and Information Gain-based methods, which quantify the expected reduction in
model uncertainty upon labeling a particular data point.

Active learning is particularly valuable in engineering fields where acquiring labeled data
through physical experiments or high-fidelity numerical analysis (e.g., CFD, FEM) incurs
very high computational costs [47, 48, 49, 50, 51]. Active learning enables the development
of high-performance models under strict budget constraints by minimizing the number of
necessary, expensive simulations. Optimization frameworks that utilize meta-models based
on numerical analysis results actively leverage active learning techniques [50]. Furthermore,
given its flexibility, the core principle can be applied to any algorithm, provided that “what
data is necessary for learning” can be defined; active learning is widely applicable beyond
optimization. It is frequently used when acquiring high-reliability data is resource-intensive,
such as multi-fidelity modeling [50, 51, 52, 53] and uncertainty quantification tasks [54, 55,
56]. As demonstrated across various studies, active learning is a practical approach for
training meta-models by efficiently sampling data.

2.4. Taxonomy and Research Gap
To clearly position this work within the current research landscape and identify the spe-

cific research gap, Table 1 provides a taxonomy of relevant 3D data augmentation approaches.
This comparative analysis highlights the evolution from geometric-centric to performance-
aware methodologies.
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Table 1: Comparison of 3D augmentation methods, highlighting the research gap

Study / Method Augmentation
method

Focus on
geometric diversity Performance-aware

Conventional Augmentation
[7, 13, 22, 23, 33, 34, 35, 36, 37] FFD / Parametric Yes No

Generative Models
[12, 18, 57, 58, 26, 59] DGM Yes Partial [26]

This Work FFD Yes Yes

As summarized in Table 1, existing methods show a clear limitation in how they guide
data acquisition. Conventional FFD methods focus solely on geometric diversity, blindly
exploring the design space without feedback. While recent generative frameworks like t-
METASET aim to address performance awareness, they rely on regressor-predicted mean
values to estimate property diversity, explicitly disregarding the model’s sampling uncer-
tainty [26]. This reliance on predictions can be risky, as the model may confidently predict
incorrect values in unexplored regions.

Consequently, the critical research gap is the lack of a framework that uses epistemic
uncertainty as the direct driver of spatial augmentation. Unlike previous works that rely on
random sampling or deterministic predictions, this work proposes a novel framework where
the FFD control points are actively guided by the meta-model’s uncertainty. This ensures
that the augmentation process explicitly targets the unknown regions of the performance
space, leading to more efficient and robust model training.

3. Methodology

Figure 3: Overall framework integrating FFD, UQ, and Active Learning

The overall framework of this study is shown in Fig. 3 , which strategically links the three
key technologies of FFD, UQ, and Active Learning. In this framework, FFD is utilized as
the core generative mechanism for localized deformation. This mechanism is guided by an
Active Learning strategy. The query for this strategy is provided by UQ: the N3 FFD control
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points are explored based on uncertainty information quantified by a deep-ensemble-based
meta-model. Here, the focus is on leveraging epistemic uncertainty, which can be reduced
by augmenting training data.

Within a single shape instance, regions of high and low uncertainty regarding the engi-
neering performance are spatially distributed. For example, if displacement is defined as the
prediction performance, points near a fixed boundary condition will likely have similar values
across different shapes, resulting in a less diverse data distribution. Conversely, points near
a load condition are significantly influenced by shape variations, leading to a more diverse
data distribution. Thus, uncertainty can vary spatially even for a single instance, indicating
regions that are valid and informative for exploration from a data perspective.

This spatial variation in uncertainty was confirmed through uncertainty quantification,
and the exploration space for the FFD control points was defined based on epistemic uncer-
tainty. The strategy involves sampling less around regions of low uncertainty and exploring
a broader range in regions of high uncertainty. This approach aims to secure data diversity
from a performance perspective, ensuring that the augmented data effectively covers regions
where the model is less certain. Among several uncertainty-based sampling criteria, the
Least Confidence is adopted in this study.

3.1. Field Prediction with UQ

Figure 4: Architecture of the proposed explicit lattice-based UQ meta-model

In this study, Implicit Neural Representation (INR), a widely used meta-model in scien-
tific machine learning, is adopted. INR is a coordinate-based neural network that param-
eterizes physical properties within space and time. Unlike general explicit representation
methods, INR is continuous and adaptive, offering memory efficiency and enabling the rep-
resentation of high-resolution data. Due to these advantages, INR is effectively utilized for
processing information such as signed distance functions, which represent the distance of a
point from the surface of a shape, occupancy fields that define whether a specific coordinate
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Figure 5: Detailed parametric configuration of the explicit lattice-based UQ meta-model

is within an occupied region, and physical properties [4, 60, 61, 62, 63, 64]. A particular
strength is its robust performance even with less data [18]. Data from methods such as
FEM/CFD often contain a large number of volume-mesh nodes to achieve high accuracy.
The DeepJEB data utilized in this study, for instance, has approximately 200,000 nodes per
data point, making learning explicitly from meshes considerably time-consuming [12].

The architecture is shown in Fig. 4. It comprises a shape encoder that processes explicit
point cloud data, along with two regressors for uncertainty quantification and performance
prediction. The detailed parameters of this architecture are presented in Fig. 5, and the
Adam optimizer was configured with a learning rate of 0.005 [65]. To implement the deep
ensemble approach, an ensemble size of M = 3 was used.

Shape Encoder:

This study utilizes the multi-plane point cloud encoder from ConvONet as the shape
encoder [66]. This method is known for effectively capturing local information using Con-
volutional Neural Networks and possesses translational equivariance. This characteristic
is well-suited to feature extraction in mechanical design components, where similar shapes
recur rather than arbitrary geometries.

To process 3D point clouds, the encoder comprises two branches designed to capture
global and local information. A point encoder is designed to extract the global features of the
point cloud, and it is configured to maintain permutation invariance, similar to PointNet [67,
68]. The 3D point cloud is projected onto 2D planes (xy, yz, and zx) to capture local
information more precisely, as shown in Fig. 6. The projected tri-plane features are fed
into a U-Net, and the global features are encoded by the point encoder to obtain features
across the 2D multi-planes [69]. Since these features are represented as point locations,
convolutional layers can effectively extract location-based local features. Finally, a single
global feature can be obtained by applying convolutional layers to the individual planes.
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Figure 6: Process of point cloud projection within the encoder

Performance Regressor:

The performance regressor receives feature information from the point cloud (the shape
encoder’s output) and the locations of individual point coordinates. Here, these coordinates
undergo positional encoding. The positional encoding can be expressed as follows:

γ(p) = (sin(20πp), cos(20πp), ..., sin(2L−1πp), cos(2L−1πp)) (7)

Positional encoding projects input coordinates into high-dimensional Fourier space using
sinusoidal transformations [61, 62]. This enables models to capture both high- and low-
frequency spatial features effectively. It facilitates the learning of fine details in complex
spatial data, thereby improving expressiveness and precision. The performance regressor is
constructed by concatenating the positional encoded coordinates and the global features from
the shape encoder. In this study, the parameter L was set to 2. This combined representation
is then processed by the regressor to predict the performance value at the given coordinates.

Uncertainty Regressor:

(a) Explicit lattice-based UQ meta-model (b) Point-wise UQ meta-model

Figure 7: Architectures of the compared meta-models
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This study proposes a framework that seamlessly integrates FFD and the meta-model for
uncertainty quantification. The most critical component here is the uncertainty regressor.
To quantify the performance uncertainty of the shape, a structure was designed to measure
uncertainty in the space around the shape, using feature information from the point cloud
(the output of the shape encoder) [8, 45]. This can be briefly represented as shown in Fig. 7a.
This architecture demonstrates improved predictive performance compared to the point-wise
uncertainty regressor (Fig. 7b) and can estimate overall uncertainty in the locations of FFD
control points. However, unlike existing work that can process only a single instance, the
model used here adds a component that takes point cloud features as input and outputs N3

vectors, enabling the processing of multiple instances [45].

Uncertainty regression is performed based on the global features obtained from the shape
encoder. The uncertainty regressor receives only the point cloud’s feature information as in-
put, enabling uncertainty to be inferred across the entire point cloud rather than at individual
points.

σp =
1∑

a=0

1∑
b=0

1∑
c=0

[w(a)
x w(b)

y w(c)
z ]σ(i+ a, j + b, k + c) (8)

w(0)
x = 1− dx, w(1)

x = dx, w(0)
y = 1− dy, w(1)

y = dy, w(0)
z = 1− dz, w(1)

z = dz (9)

Figure 8: Trilinear interpolation of explicit uncertainty

Points for uncertainty estimation are defined by dividing the pre-defined domain, where
the point cloud is defined, x ∈ [−1, 1], y ∈ [−1, 1], z ∈ [−1, 1], into N equal divisions along
each axis. The uncertainty of an individual point is then calculated as the trilinear interpola-
tion of the uncertainties assigned to the eight points that define the unit cube containing it.
This can be mathematically expressed as Eqs. 8 and 9, and a schematic representation of this
process is shown in Fig. 8. Through this architecture, uncertainty regarding performance
can be estimated in the space surrounding the 3D shape.
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Algorithm 1: Grid Coordinate Optimization via Trilinear Interpolation
Input: 3D Field Tensor F ∈ R1×1×D×H×W , Target Value t ∈ R

Output: Optimized Grid Coordinate g ∈ [−1, 1]3

Initialize grid coordinate g ∼ U(−1, 1)3 as trainable parameter;

for i← 1 to 3000 do

Perform trilinear interpolation: s← TrilinearInterp(F,g);

Compute loss: L ← ∥s− t∥2;
Update g via gradient descent using Adam optimizer;

return optimized coordinate g

Figure 9: Optimization loss history during the inverse estimation (Algorithm 1)

This process extracts N3 values that best represent the entire field for each model. Based
on these values, aleatoric uncertainty is calculated. However, the estimated aleatoric uncer-
tainty derived from the ensemble in this manner is not the primary focus of this study. To
effectively estimate the epistemic uncertainty, which arises from a lack of data and is the
focus here, the variance of the data points obtained from the ensemble members must be
quantified. The objective is to determine the epistemic uncertainty not point-wise but at the
discrete control points of the FFD lattice. Quantifying this precisely by directly inverting
the trilinear interpolation, which was used to quantify aleatoric uncertainty, is impossible.
This is because the inverse problem is non-injective, making it impossible to uniquely define
the grid values from a given set of N3 uncertainty values. Therefore, to acquire the grid val-
ues that fit the trilinear interpolation used for aleatoric uncertainty, an optimization-based
inverse estimation is performed. The objective function in Algorithm 1 is formally grounded
in the theory of inverse problem regularization. Given that the mapping from lattice control
points to spatial field values is non-injective, a direct analytical inversion is unattainable.
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Therefore, the estimation is formulated as a least-squares optimization problem to minimize
the residual between the interpolated uncertainty and the target field. This formulation
leverages the Bernstein basis functions of the FFD lattice as a spatial filter. Effectively, the
lattice structure acts as a low-pass regularizer, suppressing high-frequency predictive noise
and ensuring that the generated uncertainty map maintains C2 continuity with the under-
lying physical domain. The Adam optimizer is used as the optimization algorithm for this
process [65]. This procedure is further detailed in Algorithm 1 below. Figure 9 visualizes the
optimization loss history. The number of iterations was set to 3,000, as the loss trajectories
for both the DeepJEB and DrivAerNet datasets (on a log10 scale) demonstrate that the opti-
mization consistently stabilizes and reaches a plateau well before this limit. Specifically, the
loss values for DeepJEB converge to approximately 10−5, while DrivAerNet stabilizes around
10−3, confirming that 3,000 iterations are sufficient to ensure robust inverse estimation for
both physical domains. Based on these values, epistemic uncertainty is calculated.

4. Experiments

(a) Location of load and fixed conditions (b) Description of the diagonal load case

Figure 10: Experimental setup for the DeepJEB dataset

To confirm the usefulness and generalizability of the framework proposed in this study,
two distinct 3D engineering datasets were utilized: the DeepJEB bracket dataset [12, 17] and
the DrivAerNet vehicle dataset [7]. DeepJEB is a synthetic dataset generated by learning
from SimJEB data, containing 2,138 data points for a single bracket class [12, 17]. Properties
of the Ti-6Al-4V bracket material include an elastic modulus (E) of 113.8 GPa, a Poisson’s
ratio (ν) of 0.342, and a density (ρ) of 4.47×10−3 g/mm3. The dataset includes high-fidelity
FEM analysis results obtained using 2nd-order tetrahedral elements. Notably, it is a dataset
with consistent boundary conditions, featuring bolted interfaces at each corner and a loaded
interface, as shown in Fig. 10a. As shown in Fig. 10b, the x-direction displacement resulting
from applying a 42.3 kN force diagonally was selected as the label. The DrivAerNet dataset
comprises 4,000 parametric car shapes with diverse aerodynamic properties evaluated via
high-fidelity CFD simulations using OpenFOAM with the k − ω SST turbulence model at
Re ≈ 9.39 × 106 [70]. In this study, the surface pressure distribution was selected as the
primary label to capture detailed aerodynamic characteristics. Consequently, the entire
vehicle geometry was defined as the design domain.
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The experimental setup was specifically designed to simulate the common industrial chal-
lenge of data scarcity, which serves as the core theoretical background and motivation for
this work. Instead of leveraging the entire dataset, which would be unrealistic during the
conceptual design stage, a small subset of only 50 data points was selected from the Deep-
JEB and DrivAerNet datasets to serve as the initial DataOriginal. This initialization from a
minimal sample set provides the critical basis for this study, as the primary objective is to
evaluate the framework’s ability to efficiently construct a robust meta-model from a realis-
tic, budget-constrained starting point rather than from an already data-rich environment.
To ensure statistical reliability and mitigate the influence of random initialization, all ex-
periments were conducted over five independent runs (N = 5) with distinct random seeds.
Accordingly, all performance metrics reported in Tables 3, 4 and 7 are presented as the mean
value followed by the standard deviation (mean± std).

(a) DeepJEB bracket samples

(b) DrivAerNet vehicle samples

Figure 11: Visualization of representative samples and performance distributions
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Figure 12: Venn diagram of the datasets used in the experiment

Dataset R2 score MAE RMSE

DeepJEB

DTrain 0.9821 1.4275 (×10−3) 0.2036 (×10−3)

DV alid 0.9373 2.2834 (×10−3) 3.7481 (×10−3)

DLarge Test 0.9265 2.2924 (×10−3) 4.1055 (×10−3)

DrivAerNet

DTrain 0.9474 2.6028 (×10+1) 1.4689 (×10+1)

DV alid 0.9481 2.5808 (×10+1) 1.4826 (×10+1)

DLarge Test 0.9484 2.5789 (×10+1) 1.4712 (×10+1)

Table 2: Predictive performance of the pre-trained meta-models for the DeepJEB and DrivAerNet datasets

4.1. Pre-trained Meta-model
Typically, in an active learning setting, the augmented data would require new labels,

often generated by re-performing high-fidelity analysis (FEM or CFD) for each augmented
instance. However, in this study, pre-trained meta-models were developed for both the
DeepJEB and DrivAerNet datasets to enable rapid auto-labeling. The data augmentation
method proposed in this study focused on exploring the performance space using these
surrogates.

The DeepJEB meta-model was trained on 2,060 data points, while the DrivAerNet model
used 4,000. Both datasets were divided in an 8:1:1 ratio for DTrain, DV alid, and DTest, re-
spectively. Representative samples included in each of these sets are visualized in Fig. 11.
The histograms at the bottom right of each sample show the node value distributions (dis-
placement for DeepJEB, pressure for DrivAerNet), confirming that the data exhibit diverse
distributions and shapes.

As shown in Fig. 12, DTrain comprises Dtrain (used for augmentation) and is distinct
from Dtest and DLarge Test (used for model evaluation). The models were evaluated using
standard regression metrics, including Root Mean Squared Error (RMSE), Mean Absolute
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Error (MAE), and the R2 score. The results, summarized in Table 2, demonstrate high
accuracy and generalization across both physics domains.

In particular, the DeepJEB meta-model achieved an R2 score of 0.9265 on the test data,
and the DrivAerNet model achieved an even higher R2 score of 0.9484. These high R2 scores
demonstrate that the meta-models effectively capture the underlying relationships in the
data and generalize well to unseen samples, confirming their robustness and reliability in
predicting the target responses.

4.2. Experimental Results
4.2.1. Hyperparameter Sensitivity Analysis

To ensure optimal performance across diverse physical domains, hyperparameter tuning
was performed independently for each dataset using the Tree-Structured Parzen Estima-
tor sampler within the Optuna framework [71, 72]. To provide a rigorous understanding
of the model’s training dynamics beyond this initial optimization, a quantitative sensitiv-
ity analysis was conducted using the Functional ANOVA (F-ANOVA) method [73]. This
approach decomposes the objective function’s variance into contributions from individual
hyperparameters, offering insights into which factors are critical for convergence. The rela-
tive importance of each hyperparameter for both the proposed explicit lattice-based model
and the comparative point-wise model across both datasets is summarized in Fig. 13.

Figure 13: Hyperparameter importance analysis using F-ANOVA

The comparative analysis reveals distinct behaviors for each architecture depending on
the task:

• Dominance of Learning Rate: The learning rate consistently emerges as a critical
factor.In the DrivAerNet case, it is the most dominant factor for both architectures
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(importance > 0.5). In the DeepJEB case, while its relative importance is lower than
that of DrivAerNet, it remains a primary factor (0.40 for Point-wise, 0.26 for Explicit),
indicating that the optimization step size is universally fundamental to convergence.

• Inconsistency of the Point-wise Model: The point-wise model exhibits an in-
consistent sensitivity profile across domains. In the DrivAerNet case (aerodynamics),
structural parameters, such as the regressor number of layers (0.14), are influ-
ential. However, in the DeepJEB case (structural mechanics), the model becomes
extremely sensitive to regularization, with dropout rate (0.33) being a major fac-
tor. This suggests that the point-wise model requires fundamentally different tuning
strategies—focusing on capacity for complex flows rather than on regularization for
structural data.

• Structural Utilization of the Explicit Lattice-based Model: The explicit model
demonstrates a more stable utilization of its architectural features. In the DeepJEB
case, the number of blocks (0.17) and regressor hidden dimension (0.13) appear
as important secondary factors. This indicates that the model effectively leverages its
explicit lattice structure (represented by the multi-plane encoder blocks) to capture
geometric features. In the DrivAerNet case, the model shows robustness to these
structural parameters, with secondary importance shifting to training stability factors
like positional encoding frequency (0.13).

In summary, the point-wise model shows varying sensitivity to network depth and regu-
larization depending on the physics, whereas the explicit lattice-based model tends to rely
on its lattice structure and training stability parameters.

4.2.2. Case Study I: Structural Analysis (DeepJEB)

Figure 14: Uncertainty at FFD control points

A small dataset was separately constructed from DTrain, DV alid, and DLarge Test. This
dataset was used to verify the effectiveness of the augmentation framework, which utilizes
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a pre-trained meta-model. Specifically, a small dataset was configured for framework val-
idation, utilizing data points from Dtrain, Dvalid, and Dtest, as shown in Fig. 12, with 50,
10, and 10 data points, respectively. To assess generalization, DLarge Test was utilized in
the evaluation. Furthermore, since the data points in the dataset share identical boundary
conditions, post-processing was performed, as shown in Fig. 14, to ensure that control points
near the boundary conditions were not moved during augmentation.

As shown in Table 3, experiments were conducted using a total of four datasets: Original
(DataOriginal), Random Augmentation (DataRandom), UQ-considered Augmentation (DataUQ),
and Add Data (DataAdd).

DataOriginal is the simplest, consisting of 50 training and 10 validation data points, and
it represents the lower bound of the meta-model’s performance achievable with a minimal
dataset size.

DataAdd comprises 50 original data points and 500 additional data points from the Deep-
JEB dataset. Since 500 data points were added directly as arbitrary shape data rather than
through augmentation, this dataset spans the most expansive design space among compa-
rable datasets of similar size. This dataset represents the upper bound of the meta-model’s
performance achievable by simply adding more data points of the same type without intel-
ligent augmentation.

DataRandom was augmented in a manner consistent with studies that use the LHS of
control points for data augmentation. This dataset was constructed by augmenting each of
the 50 original data points 10 times, yielding 500 augmented data points for a total of 550.

DataUQ was augmented using the methodology proposed in this study. Similar to
DataRandom, it was constructed by augmenting each of the 50 original data points 10 times.

The experimental results are presented in Table 3. Overall, the methodology proposed in
this study demonstrated superior performance, with an R2 improvement of 16.5% compared
to DataOriginal. As shown in Table 3, the proposed DataUQ strategy achieved an R2 score of
0.813± 0.006 on the DLarge Test set. This improvement remained consistent across all trials,
and the narrow confidence interval demonstrates a robust and reliable performance boost
that significantly exceeds the random baseline (0.698± 0.007). The performance difference
compared to the DataAdd was 10.6 %, indicating that the proposed augmentation approach,
with significantly fewer original data points, can achieve performance comparable to simply
adding a large number of arbitrary data points.

In particular, one of the novelties presented in this study, the explicit lattice-based un-
certainty regressor, showed overall high performance improvement compared to a general
point-wise uncertainty regressor. The point-wise regressor, as shown in Fig. 7b, was evalu-
ated under the same experimental setup, and the results are presented in Table 3. Overall,
it can be confirmed that the performance is superior to that of experiments in the same cat-
egory (i.e., using a point-wise regressor). Furthermore, a performance improvement of 21.0
% was observed compared to the experiment using the point-wise regressor on DataOriginal.
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Model Data type # of train data R2 score MAE (×10−3) RMSE (×10−3)

Explicit
(Ours)

DataOriginal 50

Dtrain 0.964 ± 0.000 1.89 ± 0.02 2.57 ± 0.02
Dvalid 0.819 ± 0.006 4.12 ± 0.07 5.49 ± 0.10
Dtest 0.624 ± 0.011 5.14 ± 0.05 7.44 ± 0.07

DLarge Test 0.679 ± 0.008 5.26 ± 0.09 7.55 ± 0.11

DataRandom 50 (+500)

Dtrain 0.906 ± 0.000 2.98 ± 0.01 4.51 ± 0.01
Dvalid 0.830 ± 0.007 4.00 ± 0.07 5.78 ± 0.12
Dtest 0.669 ± 0.005 5.21 ± 0.05 7.42 ± 0.06

DLarge Test 0.698 ± 0.007 5.27 ± 0.07 7.64 ± 0.09

DataUQ 50 (+500)

Dtrain 0.934 ± 0.001 2.62 ± 0.02 3.39 ± 0.03
Dvalid 0.839 ± 0.004 4.11 ± 0.05 5.41 ± 0.06
Dtest 0.718 ± 0.010 4.56 ± 0.07 6.12 ± 0.10

DLarge Test 0.813 ± 0.006 4.54 ± 0.05 5.93 ± 0.06

DataAdd 50 (+500)

Dtrain 0.939 ± 0.001 2.44 ± 0.02 3.44 ± 0.03
Dvalid 0.878 ± 0.003 3.36 ± 0.07 4.83 ± 0.07
Dtest 0.899 ± 0.004 2.78 ± 0.04 4.06 ± 0.06

DLarge Test 0.899 ± 0.004 2.96 ± 0.04 4.30 ± 0.06

Point-wise

DataOriginal 50

Dtrain 0.936 ± 0.001 2.52 ± 0.01 3.42 ± 0.01
Dvalid 0.794 ± 0.006 4.53 ± 0.05 6.07 ± 0.06
Dtest 0.571 ± 0.007 5.37 ± 0.03 7.65 ± 0.04

DLarge Test 0.642 ± 0.005 5.53 ± 0.04 7.83 ± 0.07

DataRandom 50 (+500)

Dtrain 0.832 ± 0.001 3.95 ± 0.03 5.21 ± 0.04
Dvalid 0.816 ± 0.003 4.17 ± 0.03 5.54 ± 0.04
Dtest 0.658 ± 0.006 5.60 ± 0.07 7.54 ± 0.08

DLarge Test 0.686 ± 0.004 5.72 ± 0.05 7.69 ± 0.07

DataUQ 50 (+500)

Dtrain 0.850 ± 0.001 4.04 ± 0.01 5.69 ± 0.02
Dvalid 0.750 ± 0.002 5.15 ± 0.03 6.98 ± 0.03
Dtest 0.530 ± 0.010 5.92 ± 0.20 8.37 ± 0.37

DLarge Test 0.676 ± 0.006 5.59 ± 0.05 7.90 ± 0.08

DataAdd 50 (+500)

Dtrain 0.861 ± 0.002 3.77 ± 0.02 5.11 ± 0.03
Dvalid 0.777 ± 0.009 4.56 ± 0.09 6.43 ± 0.15
Dtest 0.839 ± 0.006 3.69 ± 0.07 5.15 ± 0.10

DLarge Test 0.826 ± 0.005 4.00 ± 0.05 5.61 ± 0.08

Table 3: Experimental results for the DeepJEB dataset

4.2.3. Case Study II: Aerodynamic Analysis (DrivAerNet)
To further validate the generalizability of the proposed framework, additional experiments

were conducted using the DrivAerNet dataset [7]. Consistent with the DeepJEB experiment,
a small data-scarce scenario was simulated. Subsets were extracted from the original splits
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DTrain, DV alid, and DLarge Test to create Dtrain, Dvalid, and Dtest, containing 50, 10, and 10
data points, respectively.

A key difference in this experiment lies in the boundary conditions. Unlike the bracket
dataset, which features fixed bolted interfaces, the DrivAerNet vehicle data does not possess
specific constrained boundary conditions. Consequently, the entire vehicle geometry was
defined as the design domain. However, considering the inherent left-right symmetry of
automotive shapes, the performance-aware augmentation process was explicitly configured
to maintain symmetry across the xz-plane.

The quantitative results for this aerodynamic analysis are summarized in Table 4. Over-
all, the methodology proposed in this study demonstrated superior performance, achieving
the highest accuracy among all strategies. DataUQ recorded an R2 score of 0.927 ± 0.003
on the DLarge Test, representing a distinct improvement over DataRandom, which achieved an
R2 of 0.916 ± 0.003. In this complex aerodynamic domain, DataUQ recorded an R2 score
of 0.927± 0.003 on the DLarge Test (Table 4). The minimal variance observed across N = 5
runs confirms that the lattice-based UQ architecture effectively and stably captures spatial
uncertainty, even in high-dimensional fluid-dynamics problems. Notably, in this domain,
the performance-aware approach also exceeded the performance of the brute-force approach
(DataAdd, R2 = 0.906± 0.002), which utilized 500 entirely new shapes.

Consistent with the structural analysis results, the proposed explicit lattice-based un-
certainty regressor demonstrated substantial performance gains compared to the general
point-wise uncertainty regressor in this aerodynamic domain. As presented in Table 4, the
point-wise model trained with the same DataUQ strategy achieved an R2 of only 0.779±0.005.
The explicit lattice-based model outperformed the point-wise counterpart by a significant
margin (approximately 16.0% improvement). This confirms that the proposed architecture
is crucial for effectively capturing spatial uncertainty and guiding meaningful deformations
in complex fluid dynamics problems.

This distinct trend regarding DataAdd is closely related to the inherent characteristics
of the DrivAerNet dataset. Unlike DeepJEB, which was constructed via sampling from a
generative model resulting in distinct distributions, DrivAerNet was created by augmenting
specific seed geometries. Consequently, rather than clear boundaries between the training,
validation, and test sets, there is significant geometric similarity across splits. This explains
the consistent error margins observed across datasets, where the test set performance oc-
casionally surpasses the training set results, a contrast to the apparent generalization gaps
observed in DeepJEB. Nevertheless, the fact that DataUQ outperforms DataAdd despite these
characteristics is a significant achievement.

This result suggests that in high-dimensional and complex design spaces like full-vehicle
aerodynamics, targeted exploration guided by epistemic uncertainty can be significantly more
data-efficient and effective than simply adding random global variations.

4.3. Discussion of Results
This section synthesizes the experimental findings from both the DeepJEB and DrivAer-

Net datasets to address the core research gaps identified in this study: the necessity of
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(a) DeepJEB (DataRandom) (b) DeepJEB (DataUQ) (c) DeepJEB (DataAdd)

(d) DrivAerNet (DataRandom) (e) DrivAerNet (DataUQ) (f) DrivAerNet (DataAdd)

Figure 15: R2 comparison (Hexbin plots) on the large test set (DLarge Test)
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Model Data type # of train data R2 score MAE (×10+1) RMSE (×10+1)

Explicit
(Ours)

DataOriginal 50

Dtrain 0.649 ± 0.002 3.55 ± 0.01 6.81 ± 0.03
Dvalid 0.660 ± 0.002 3.52 ± 0.02 6.65 ± 0.03
Dtest 0.651 ± 0.002 3.57 ± 0.04 6.72 ± 0.03

DLarge Test 0.648 ± 0.005 3.48 ± 0.03 6.76 ± 0.04

DataRandom 50 (+500)

Dtrain 0.909 ± 0.004 1.84 ± 0.00 3.46 ± 0.07
Dvalid 0.907 ± 0.001 1.90 ± 0.00 3.49 ± 0.02
Dtest 0.909 ± 0.001 1.82 ± 0.01 3.42 ± 0.04

DLarge Test 0.916 ± 0.003 1.80 ± 0.01 3.32 ± 0.04

DataUQ 50 (+500)

Dtrain 0.921 ± 0.003 1.73 ± 0.00 3.20 ± 0.05
Dvalid 0.913 ± 0.001 1.85 ± 0.00 3.37 ± 0.03
Dtest 0.916 ± 0.002 1.75 ± 0.01 3.30 ± 0.04

DLarge Test 0.927 ± 0.003 1.68 ± 0.02 3.06 ± 0.06

DataAdd 50 (+500)

Dtrain 0.900 ± 0.000 1.88 ± 0.00 3.61 ± 0.01
Dvalid 0.901 ± 0.001 1.89 ± 0.00 3.58 ± 0.02
Dtest 0.904 ± 0.002 1.84 ± 0.01 3.54 ± 0.05

DLarge Test 0.906 ± 0.002 1.81 ± 0.01 3.52 ± 0.02

Point-wise

DataOriginal 50

Dtrain 0.516 ± 0.006 4.74 ± 0.07 8.01 ± 0.07
Dvalid 0.501 ± 0.019 4.89 ± 0.19 8.07 ± 0.14
Dtest 0.482 ± 0.007 5.13 ± 0.07 8.14 ± 0.06

DLarge Test 0.535 ± 0.009 4.41 ± 0.16 7.80 ± 0.10

DataRandom 50 (+500)

Dtrain 0.790 ± 0.004 2.82 ± 0.01 5.26 ± 0.08
Dvalid 0.771 ± 0.003 2.92 ± 0.01 5.46 ± 0.05
Dtest 0.788 ± 0.002 2.85 ± 0.02 5.25 ± 0.05

DLarge Test 0.771 ± 0.005 3.06 ± 0.06 5.48 ± 0.03

DataUQ 50 (+500)

Dtrain 0.802 ± 0.005 2.70 ± 0.01 5.13 ± 0.09
Dvalid 0.782 ± 0.004 2.86 ± 0.02 5.33 ± 0.06
Dtest 0.801 ± 0.002 2.77 ± 0.02 5.07 ± 0.04

DLarge Test 0.779 ± 0.005 2.91 ± 0.05 5.39 ± 0.04

DataAdd 50 (+500)

Dtrain 0.714 ± 0.001 3.20 ± 0.00 6.12 ± 0.02
Dvalid 0.712 ± 0.001 3.22 ± 0.01 6.13 ± 0.01
Dtest 0.719 ± 0.003 3.15 ± 0.01 6.03 ± 0.03

DLarge Test 0.712 ± 0.006 3.26 ± 0.01 6.15 ± 0.07

Table 4: Experimental results for the DrivAerNet dataset

performance-aware augmentation over mere geometric diversity, and the challenge of inte-
grating uncertainty information with spatial deformation techniques like FFD.
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Data type
Case Study I: DeepJEB Case Study II: DrivAerNet

Mean Median Mean Median

Dtrain

DataOriginal -1.666 -1.595 -6.561 -7.180

DataRandom -1.814 -1.627 -6.906 -7.497

DataUQ -2.084 -1.802 -7.421 -7.863

DataAdd -1.934 -1.742 -6.868 -7.366

Dvalid

DataOriginal -1.634 -1.509 -7.794 -8.260

DataRandom -1.882 -1.686 -8.112 -8.424

DataUQ -1.934 -1.754 -8.502 -8.450

DataAdd -1.900 -1.571 -8.304 -8.226

Dtest

DataOriginal -1.531 -1.490 -6.520 -7.082

DataRandom -2.050 -1.779 -7.087 -7.447

DataUQ -2.240 -1.884 -7.282 -7.343

DataAdd -2.096 -1.672 -7.129 -7.624

DLarge Test

DataOriginal -1.611 -1.544 -6.795 -7.497

DataRandom -1.979 -1.749 -6.903 -7.425

DataUQ -2.084 -1.646 -8.550 -9.739

DataAdd -2.025 -1.823 -7.419 -8.207

Table 5: Comparison of mean and median epistemic uncertainty (log scale) across augmentation strategies
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4.3.1. Performance-aware Augmentation vs. Geometric Diversity

Model Data type
Case Study I: DeepJEB Case Study II: DrivAerNet
R2 score MAE RMSE R2 score MAE RMSE

Explicit
(Ours)

DataOriginal 26.2 14.0 25.7 200 83.8 141
DataRandom 30.7 26.6 36.3 5.92 11.2 4.58
DataAdd 25.0 47.0 38.5 8.25 15.9 7.92

Point-wise

DataOriginal 43.3 29.2 43.7 113 90.4 138
DataRandom 35.6 32.9 39.2 101 85.5 63.2
DataUQ 32.6 27.3 40.9 82.3 108 67.3
DataAdd 3.35 14.2 6.3 111 224 113

Table 6: Statistical significance testing of performance on DeepJEB and DrivAerNet datasets (N = 5)

The experimental results from both case studies (Tables 3 & 4) provide strong validation
for the central hypothesis. In the structural analysis (DeepJEB), the proposed DataUQ

method achieved an R2 score of 0.813 ± 0.006, representing a significant 14.1 % improvement
over the random baseline (DataRandom). This trend was further amplified in the aerodynamic
analysis (DrivAerNet), where DataUQ achieved the highest rank with an R2 of 0.927 ±
0.003. To verify the reliability of these findings, statistical significance testing was performed
across both datasets as summarized in Table 6 to further validate these improvements.
Notably, all results confirmed in Table 6 yielded a p-value of less than 0.0001, securing
strong statistical significance. This confirms that the Explicit lattice-based DataUQ approach
provides statistically significant gains in R2, MAE, and RMSE over both Point-wise and
Random baselines, proving that the observed performance enhancements are due to the
integrated framework rather than stochastic chance.

These consistent improvements are further corroborated by the sample-wise performance
analysis in Fig. 15. This figure presents hexbin plots showing the changes in R2 performance
for individual samples in the DLarge Test set. Data points above the y = x line indicate that
the specific augmentation strategy (y-axis) improved performance compared to the baseline.

In the DeepJEB dataset (Figs. 15a–15c), DataAdd clearly exhibits an overall performance
boost, with the majority of samples positioned above the y = x line, implying consistent
improvement without significant performance loss. For DataUQ, a high density of data
points is clustered in the top-right region compared to DataRandom. This indicates that the
performance-aware strategy further refines predictions for samples where the model already
performs reasonably well. While DataUQ certainly has fewer samples below the y = x line
compared to DataRandom, it still falls short of the extensive coverage provided by DataAdd

in this structural domain.

Conversely, in the DrivAerNet dataset (Figs. 15d–15f), which involved augmentation from
a small amount of seed data, a distinct trend emerges. The overall center of mass for the
DataUQ distribution is located notably higher than that of DataAdd. This aligns with the
quantitative performance shown in Table 4, confirming that the strategy effectively configures
the data to further improve high-performing predictions. On the other hand, DataRandom
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and DataAdd display strikingly similar distributions. This similarity is likely attributable to
the nature of the DrivAerNet dataset itself, which was originally constructed using a random
augmentation methodology similar to DataRandom. These observations confirm that DataUQ

achieves effective performance enhancement, particularly in complex domains where random
expansion yields diminishing returns.

Collectively, these results demonstrate that strategically selecting informative samples is
a method to integrate uncertainty with spatial augmentation effectively. The DataRandom

approach, which relies solely on geometric diversity, fails to capture critical performance
boundaries, generating shapes that are geometrically distinct but performantly redundant.
The superior performance of DataUQ demonstrates that a performance-aware strategy guided
by epistemic uncertainty is universally more efficient for training robust meta-models, thereby
addressing the critical research gap in existing augmentation methodologies.

4.3.2. Mechanism: Uncertainty Reduction as the Driver for Performance
This confirms that the active learning loop successfully identified regions within the design

space characterized by low prediction confidence and actively acquired data to resolve these
knowledge deficits. This mechanism of uncertainty reduction is observable not only in the
generalization capability on the large test set but also throughout the training and validation
phases across diverse physical domains.

In the case of the DeepJEB dataset, the DataUQ strategy achieved the lowest mean
epistemic uncertainty in both the training set (Dtrain: -2.084) and the test set (DLarge Test: -
2.084), surpassing the reduction achieved by random augmentation (Dtrain: -1.814, DLarge Test:
-1.979). This indicates that the framework effectively calibrates the model’s confidence dur-
ing learning, rather than merely improving final predictions by chance.

This trend is similarly observed in the DrivAerNet experiment. As detailed in Table 5,
DataUQ demonstrated the most significant reduction in uncertainty across all splits—training,
validation, and testing. Specifically, for the training set, the mean uncertainty was reduced
to -6.306, and for the validation set, it reached -6.973, consistently outperforming the brute-
force DataAdd approach. This consistent reduction across all data partitions demonstrates
that the proposed method actively constructs a more reliable and confident meta-model by
systematically illuminating epistemic voids in the high-dimensional design space, regard-
less of the underlying physics. The framework successfully identified the regions where the
model was unaware and actively acquired data to fill those gaps, enhancing the model’s
overall reliability, which in turn led to higher predictive accuracy on unseen data (as shown
in Table 3 & 4).

4.3.3. Justification for the Novel UQ Architecture
A second critical research gap was how to effectively integrate uncertainty with spatial

augmentation. The comparison between the proposed explicit lattice-based model and the
standard point-wise model provides a definitive answer. Under the same DataUQ strategy,
the explicit model consistently outperformed the point-wise model on the large test set
(DLarge Test).

• DeepJEB: Explicit (R2 = 0.813± 0.006) vs. Point-wise (R2 = 0.676± 0.006)
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• DrivAerNet: Explicit (R2 = 0.927± 0.003) vs. Point-wise (R2 = 0.779± 0.005)

The performance gap is particularly pronounced in the DrivAerNet case (approx.30% differ-
ence). This suggests that for complex physics such as fluid dynamics, where flow features
(e.g., pressure gradients, wakes) are inherently spatial and regional, a point-wise estimate
fails to capture the necessary correlations. This finding is further corroborated by the hy-
perparameter sensitivity analysis in Sec. 4.2.1. The point-wise model’s high sensitivity to
architectural depth suggests it struggles to find a stable representation of this complex field,
whereas the explicit model’s robustness indicates its structural suitability.

The proposed lattice-based architecture inherently aggregates spatial information, align-
ing perfectly with the FFD control structure. Mathematically, the lattice acts as a spatial
regularizer. In data-scarce scenarios, point-wise ensembles often produce noisy uncertainty
maps with high-frequency fluctuations due to lack of constraints. The explicit lattice fil-
ters this noise by projecting the uncertainty onto a lower-dimensional continuous grid. This
validates the proposed architecture as a necessary innovation for enabling effective spatial
augmentation, ensuring that deformations are guided by meaningful trends rather than local
noise.

4.3.4. Ablation Study

Data type # of train data R2 score MAE (×10−3) RMSE (×10−3)

DataRBF 50 (+500)

Dtrain 0.867 ± 0.001 3.50 ± 0.01 4.91 ± 0.02
Dvalid 0.772 ± 0.006 4.46 ± 0.06 6.43 ± 0.09
Dtest 0.509 ± 0.011 5.52 ± 0.03 7.96 ± 0.05

DLarge Test 0.646 ± 0.005 5.25 ± 0.03 7.54 ± 0.05

DataMSE 50 (+500)

Dtrain 0.896 ± 0.001 3.21 ± 0.02 4.05 ± 0.02
Dvalid 0.793 ± 0.002 4.53 ± 0.04 6.19 ± 0.05
Dtest 0.430 ± 0.029 6.22 ± 0.08 8.32 ± 0.09

DLarge Test 0.713 ± 0.005 5.54 ± 0.03 7.14 ± 0.06

DataUQ100 100 (+500)

Dtrain 0.943 ± 0.001 2.14 ± 0.01 2.96 ± 0.02
Dvalid 0.882 ± 0.003 3.27 ± 0.06 4.60 ± 0.08
Dtest 0.796 ± 0.005 3.86 ± 0.05 5.39 ± 0.07

DLarge Test 0.855 ± 0.004 3.80 ± 0.06 5.23 ± 0.08

DataCtrl10 50 (+500)

Dtrain 0.937 ± 0.001 2.45 ± 0.01 3.70 ± 0.02
Dvalid 0.874 ± 0.002 3.41 ± 0.03 4.98 ± 0.03
Dtest 0.738 ± 0.003 4.29 ± 0.02 6.32 ± 0.02

DLarge Test 0.815 ± 0.002 4.08 ± 0.03 5.96 ± 0.03

Table 7: Ablation study of the proposed framework on the DeepJEB dataset

To investigate the individual contribution of the technical components within the pro-
posed framework, an ablation study was conducted on the DeepJEB dataset, comparing
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(a) Local topological discontinuity (b) Abnormal geometric stretching

Figure 16: Representative failure modes in 3D shape augmentation

the integrated framework against several variants: DataRBF , DataMSE, DataUQ100, and
DataCtrl10. The quantitative results of these experiments are summarized in Table 7.

Effect of Morphing Mechanism: FFD vs. RBF The contribution of the spatial
morphing mechanism was evaluated by substituting the proposed FFD approach with RBF
interpolation (DataRBF ). This variant was implemented using the same lattice-based archi-
tecture and pre-trained models to isolate the effect of the morphing technique. Unlike FFD,
which deforms the entire embedded space via a structured lattice to ensure smooth geo-
metric transitions, RBF induces deformations where control points act independently. This
lack of spatial coupling often leads to geometric distortions, such as localized stretching or
mesh self-intersections, which inherently limit the effective range of permissible shape varia-
tions. Consequently, DataRBF achieved an R2 value of 0.646±0.005 on the DLarge Test. This
performance is not only inferior to FFD-based augmentation but also indicates that the lim-
itations of RBF morphing can effectively negate the potential benefits of data augmentation
in complex 3D engineering domains.

The failure mode associated with RBF is illustrated in Fig. 16a. Because RBF control
points exert independent influence without the global spatial constraints of a lattice, the
resulting deformations often induce local topological discontinuities. This fragmentation of
the mesh surface prevents the generation of smooth, continuous geometries, thereby rendering
the augmented data ineffective for model training.

Effect of Query Strategy: Epistemic Uncertainty vs. MSE To verify the ad-
vantage of uncertainty-driven sampling, an alternative active learning strategy guided by
point-wise MSE (DataMSE) was examined. Because this strategy relies on direct prediction
residuals from the training data, a simplified architecture that outputs only distance values
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was utilized instead of the explicit lattice-based UQ architecture. While point-wise MSE pro-
vides an intuitive approach to exploring regions with known high errors, it does not capture
epistemic uncertainty, the model’s lack of knowledge in unexplored regions. The DataMSE

strategy yielded an R2 value of 0.713±0.005 on the DLarge Test. Although this outperformed
the DataRandom baseline, the result remained significantly lower than the R2 score achieved
by the proposed DataUQ configuration (0.813 ± 0.006, detailed in Table 3). This confirms
that epistemic uncertainty is a more reliable and efficient indicator of informative regions in
data-scarce design spaces than deterministic error metrics.

Influence of Seed Dataset Diversity While the primary focus of this research is inten-
tionally directed toward highly data-scarce regimes (50 samples) to reflect realistic industrial
scenarios where computational budgets for high-fidelity simulations are strictly limited, the
impact of initial data diversity on model scalability was further examined. The performance
of the framework was evaluated by increasing the number of seed geometries from 50 to 100
(DataUQ100).

While previous experiments utilized a configuration of 50 samples augmented 10 times
each, DataUQ100 utilized 100 seed samples with only 5 augmentations per sample to maintain
a similar total training dataset size. This configuration achieved an R2 score of 0.855±0.004
on the DLarge Test, representing the highest performance among all tested variants. This
finding demonstrates that while the proposed augmentation method effectively enhances
model accuracy in minimal-data environments, the inherent diversity of the initial seed data
remains a critical factor for achieving superior model generalization. The results underscore
that as the variety of the seed dataset expands, the information gain from targeted augmen-
tation is further amplified, leading to more robust predictive performance across complex
design spaces.

Impact of Lattice Resolution Finally, the influence of FFD lattice resolution was
investigated by increasing the grid size to 10 × 10 × 10 (DataCtrl10). Although this variant
yielded an R2 value of 0.815± 0.002 on the DLarge Test, indicating performance comparable
to the default DataUQ configuration, it highlighted potential risks to geometric consistency.
As illustrated in Fig. 16b, increasing the number of control points without a corresponding
adjustment to the displacement variance can precipitate abnormal geometric stretching. At
higher resolution, while offering finer control, the likelihood of cumulative localized shifts
producing exaggerated features or self-intersections increases, potentially diverging from the
valid design space. To prioritize structural validity and ensure that generated shapes re-
main physically plausible while maintaining optimal accuracy, a more conservative lattice
resolution was adopted for the final framework.

To proactively mitigate these potential geometric inconsistencies, the framework was
refined to incorporate an adaptive range adjustment mechanism. This procedure utilizes the
quantified epistemic uncertainty to dynamically scale the augmentation range at each control
point. By ensuring that displacement magnitudes are appropriately bounded according to
local uncertainty levels, the framework maintains a critical balance between exploration
diversity and the geometric validity of the augmented samples.
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(a) DeepJEB bracket dataset

(b) DrivAerNet vehicle dataset

Figure 17: Performance-dependent point-wise MAE errors on DLarge Test
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4.3.5. Point-wise Error Distribution Analysis
To address the limitations of aggregate metrics like R2 and further scrutinize the relia-

bility of the Baseline (DataUQ) strategy, a point-wise error analysis was conducted on the
DLarge Test set (Fig. 17). This analysis evaluates the difference in MAE relative to the DataUQ

model across the entire spectrum of performance values. Critically, data points below the
horizontal baseline (y = 0) indicate a lower MAE than the model trained from DataUQ,
indicating an improvement in predictive accuracy. For the DeepJEB dataset (Fig. 17a), the
DataAdd approach continues to demonstrate superior overall suppression of prediction errors,
maintaining its lead even in regions with high performance values where sample data is com-
paratively scarce. This confirms that simple data addition provides a robust performance
upper bound in structural domains. Conversely, in the DrivAerNet dataset (Fig. 17b), the
Baseline (DataUQ) strategy yields the most consistent and significant error reduction across
all performance regimes. Notably, the fact that these point-wise error distributions closely
mirror the global performance trends observed in Tables 3 and 4 validates the framework’s
effectiveness. The results demonstrate that the proposed uncertainty-guided augmentation
not only improves average metrics but also ensures stable and desired accuracy refinements
at a granular level across the design space. Furthermore, as evidenced by Fig. 17, the
framework achieves outstanding performance improvements across the entire performance
spectrum, including regions with extreme data scarcity. Consequently, these granular-level
refinements naturally enhance the reliability of domain-specific metrics derived from these
field predictions, such as peak stress accuracy in structural mechanics and drag coefficient
precision in aerodynamics.

5. Conclusion

5.1. Summary of Contributions
This study aimed to redefine data augmentation methodologies to address the practical

data scarcity phenomenon encountered in the industrial field, thereby enabling the efficient
construction of meta-models. A new data sampling and model training framework was
proposed, coupling performance and shape through the combination of geometry-based en-
gineering performance uncertainty quantification and FFD-based data augmentation. By
simultaneously considering the meta-model’s input (shape) and output (performance), this
framework offers greater freedom from overfitting than existing methods that only consider
shape diversity, and it can achieve better performance and shape coverage. The effective-
ness of this approach was confirmed through experiments that augmented data from a set
of 50 original data points in DeepJEB. The results, compared to training with 500 arbitrary
data points, quantitatively demonstrated that the augmented data is more competitive than
randomly added data.

In particular, a novel UQ architecture was proposed to seamlessly connect the UQ of the
INR-based meta-model and FFD augmentation. Compared to a point-wise regressor on the
same data, this architecture showed overall performance improvements. Specifically, for the
DeepJEB bracket dataset, compared to the performance of the point-wise regressor trained
on the DataOriginal, the proposed UQ-considered meta-model showed a significant perfor-
mance improvement of 21.0 % and exhibited excellent performance, differing by only 10.6
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(a) DeepJEB brackets

(b) DrivAerNet vehicles

Figure 18: Visualized examples of augmented shape data
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% from the DataAdd. Furthermore, in the aerodynamic analysis (DrivAerNet), the proposed
method demonstrated even superior capabilities, effectively outperforming the brute-force
DataAdd approach. This suggests that effective data augmentation based on performance
distributions is feasible and well-integrated with the FFD lattice grid. It was confirmed
that the data obtained through this augmentation methodology significantly improves the
performance of the meta-model. Furthermore, statistical significance tests confirmed that all
performance improvements achieved by the proposed framework are highly significant, with
p-values consistently below 0.0001. This underscores the reliability of the proposed approach
in efficiently constructing meta-models even under extreme data scarcity.

5.2. Engineering Impact and Practical Guidance
These technical contributions translate directly into significant practical engineering im-

pact. The proposed framework provides a tangible pathway for engineers in the conceptual
design stage to build highly accurate meta-models while minimizing the number of high-
fidelity simulations, which are often the most expensive and time-consuming bottleneck in
the entire design process. By achieving competitive performance with a strategically aug-
mented dataset rather than a much larger, randomly collected one, this method directly
enables mitigating this bottleneck. Ultimately, this allows for more rapid and reliable design
optimization cycles, accelerates the overall product development timeline, and reduces R&D
costs associated with expensive physical prototyping and computational analysis.

For practitioners seeking to implement this framework, several considerations must be
addressed. First, the FFD lattice resolution selection involves a trade-off between fidelity
and cost. A low resolution (e.g., 3× 3× 3) is computationally cheap but may fail to capture
local uncertainty, while a high resolution (e.g., 10 × 10 × 10) offers greater precision in
capturing local uncertainty but introduces two significant challenges. First, it increases the
cost of uncertainty quantification and optimization exponentially (N3). Second, the dense
control grid allows sharp, localized deformations, increasing the risk of generating infeasible
or unrealistic shapes (e.g., self-intersections) that deviate significantly from the original seed
data’s valid geometry.

Second, computational resource requirements are a key factor.The deep ensemble (M=3)
is inherently more costly than a single model. Experiments were conducted on an NVIDIA
RTX 4090 (24GB VRAM), with the ensemble training taking approximately 30-50 minutes.
The process of augmenting 10 samples for each of the 50 seed shapes (totaling 500 augmented
data points) and applying Algorithm 1 optimization required approximately 80 minutes. It
is important to note that this processing time is directly proportional to the number of points
in each shape’s point cloud.

Third, this approach is recommended for data-scarce scenarios where simulations are
prohibitively expensive. As shown in Table 3 & 4, while the proposed method (DataUQ) is
significantly more data-efficient than DataRandom, the generalized approach of simply adding
more data (DataAdd) can still yield superior performance in certain contexts. This confirms
that the proposed framework is best suited for “efficient refinement” when starting with
minimal data, rather than for “global exploration” when data is abundant.
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5.3. Limitations and Future Work
Although promising results were obtained, several limitations of this framework warrant

further investigation and define clear directions for future research.

A key limitation lies in how uncertainty is handled. The uncertainty addressed in this
framework is epistemic, broadly divided into spatial uncertainty (where to deform within
a single shape) and shape uncertainty (which seed shape to select for augmentation). In
this study, data were augmented by the same number for each training data point, mak-
ing it unnecessary to separate these uncertainties. However, the potential contribution of
individual data points to improving meta-model performance is not uniform. For instance,
a single data point may effectively represent a large portion of the shape and performance
space. At the same time, other regions may be challenging to cover, even with dozens of
data augmentations. This highlights the necessity for methodologies capable of decomposing
spatial and shape uncertainty.

Building upon this research, future work could propose several advanced methodologies.
One direction is to develop a hybrid DGM-FFD framework. This would leverage DGMs for
global, topological exploration to create novel design concepts, while our method would then
act as an efficient refiner, using its performance-aware FFD to rapidly and locally optimize
these new promising shapes.

A related application is to use this framework as a repair mechanism. Instead of just
generating new shapes, this method could take the geometrically inconsistent synthetic data
from 2D-to-3D foundation models and apply performance- and geometry-aware deformations
to transform these “unusable” shapes into “usable”, physically plausible data for engineering
applications [74, 75].

Finally, the framework could be expanded by integrating modern foundation models, such
as Vision Language Models. These models could be used to objectively extract high-level
shape features and characteristics (e.g., “aggressive”, “streamlined”). This information could
then be used to build a more sophisticated multi-agent system capable of quantifying not
only performance-based uncertainty and shape diversity, but also subjective aesthetic values.
This would expand the framework from purely engineering-driven optimization to a more
holistic design process that balances performance with human-centric metrics.
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