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Abstract

In this paper, we explore the potential of likelihood-free inference for generating
conceptual engineering designs of electric vertical take-off and landing (eVTOL)
aircraft. In this preliminary study, our goal is to highlight two key findings: (1)
simulation-based inference (SBI) can be effectively scaled to a large and complex
multi-physics simulator composed of multiple interacting components, where each
is governed by different physical principles; and (2) we introduce a new hierarchical
diffusion-based SBI method that successfully captures the governing physical laws
embodied in conceptual aircraft design. Using conditioning, we show physical
laws are captured at both the component level and the system (full aircraft) level,
underscoring promise for future research.

1 Introduction

Conceptual aircraft design is a complex engineering design problem that involves the interactions of
many components representing a wide range of physics [18]. During this exploratory phase, domain
experts face a high degree of design freedom and must apply their knowledge, supported by design
tools, to configure parameters that align with performance goals and adhere to constraints. Therefore
the challenge at the conceptual design phase is not in running expensive simulation models, such as
computational fluid dynamics (CFD), but is in the narrowing down of the degrees of freedom while
meeting the objectives and requirements for the aircraft. In this work, we show that simulation-based
inference (SBI) is especially suited to accelerating this design process as it enables sampling from
conditional distributions. We use SUAVE [15], a modular conceptual analysis and design tool for
both conventional and unconventional aircraft configurations, to simulate the aircraft designs. This
preliminary study focuses on electric vertical take-off and landing (eVTOL) aircraft simulated in
SUAVE.

SBI performs Bayesian inference over simulators in scenarios where there is no analytical formulation
of the likelihood, p(x|θ) [5], where θ corresponds to the input parameters to the simulator and x is
the corresponding observation. Scaling SBI to high-dimensional simulators is a consistent challenge,
where typical benchmark problems have focused on θ ∈ RD for D ≈ 10 [14], with a few recent
notable exceptions [6, 7]. The most recent success in SBI has come from neural-based approaches,
where each approach looks to compensate for the missing analytical likelihood, by either directly
estimating the likelihood [17], directly modeling the posterior [16], or modeling the ratio of two
likelihood functions [4, 20, 11, 3]. A more recent approach, that has achieved superior performance
is the Simformer architecture [9]. This diffusion-based SBI approach learns the full joint distribution,
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with the advantage that one can condition on any subset of parameters when sampling. In engineering
design, the requirements that drive the design are expressed in terms of both design parameters and
design performance metrics. Therefore an architecture where one can condition on a subset of both
observations and parameters is especially suitable for this kind of design.

Previous works in machine learning for engineering design have often focused on build-
ing benchmark datasets [2, 8, 12], or modeling specific components of a larger cyber-
physical system, such as the CFD analysis of a wing [1, 19] or propeller design [21].
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Figure 1: 18 eVTOL design variables.

In this work we focus on the full conceptual de-
sign of a complete cyber-physical system that
incorporates the non-linear interactions between
multiple simulation modules, such as electri-
cal and physical components. We develop a
new physics-inspired architecture that maps its
components to the structure of SUAVE, by com-
bining multiple Simformer models. We then
design an aggregation approach to predict the
score used in the score-based diffusion sampling
process. The result is an architecture that allows
designers to condition on a mixture of input and
output parameters of an eVTOL, and then use
our SBI approach to identify a distribution of
promising parameters that can be used for the
next stage of the design process.

2 Dataset: Conceptual aircraft design in SUAVE

We use SUAVE to generate a dataset of 10,000 eVTOL aircraft that adhere to the design topology in
Figure 1. For this study, we vary the wing geometry, the battery, and the propeller designs, while
keeping the rest of the design fixed. This includes fixing the fuselage shape, the horizontal and vertical
tailplanes, as well as the motors. We select the priors for each of the input design parameters using
domain-knowledge of typical ranges for aircraft of this type, ensuring a large support to thoroughly
explore the design space [18]. All the aircraft are evaluated for a fixed mission composed of a cruise
segment of 20 nautical miles of length at a 1,000 ft altitude. For each aircraft, the structural mass and
the battery mass are allowed to vary, altering the total mass. The observed performance variables are
the cruise lift coefficient (non-dimensional CL), drag coefficient (non-dimensional CD), figure of
merit (FoM, hovering efficiency of a rotor), battery efficiency (ηb), and State of Charge (SoC, the
charge remaining in the battery after the mission). Overall, we have θ ∈ R13 and x ∈ R5. In order to
simulate measurement uncertainties, we add Gaussian noise for the Mach number M ∼ N(0.2, 0.01)
and flight altitude H ∼ N(3000, 10) feet. Battery age is uniformly chosen to be between one and ten
years, and the motor efficiency is chosen uniformly to be between [0.95, 1.00].

3 Method: Hierarchical Simformer for multi-physics SBI

We now introduce our Hierarchical component-wise SBI approach for a multi-physics simulation
model. We leverage the Simformer architecture as described in Gloeckler et al. [9], which directly
models the joint distribution p(θ,x) via a score-based diffusion model, where a transformer estimates
the score [22]. Unlike in the original Simformer, we introduce a multi-physics, multi-component
architecture, where the individual scores of each component are learned via their own Simformer and
are then aggregated via a physically-inspired second stage. We explicitly use separate Simformer
models for different components of the design. Our motivation for this architecture comes from the
flexibility of modeling individual components both separately and jointly depending on the current
stage of the design process. A further advantage of modeling in this component-wise manner is that
it makes the task of incorporating the adjacency matrix into each component’s architecture easier,
whereas the original Simformer required the full adjacency matrix. For example, the interactions
between the different variables for a single wing is simpler to derive compared to the full eVTOL.

To implement our new Hierarchichal Simformer architecture, we instantiate C transformer models
corresponding the C design components. In our scenario, we set C = 3 corresponding to the wings,
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the propellers, and the battery. We then need to aggregate all the scores from the individual Simformer
models, αc, to output the overall diffusion score, α, which must be the same dimension as the number
of design parameters and observations. We cannot directly concatenate all the component-wise scores
due to two subtleties. Firstly, some design variables may be shared across components. For example,
the Mach number and aircraft mass may be important to the wing design, the propeller design and
the battery design. Therefore, the scores corresponding to these common design variables must
be recombined. We define a sparse matrix to perform this weighted sum described by matrix Φ.
Secondly, some design attributes may be global properties or global performance characteristics not
associated with a specific component, such as the charge remaining after the mission, which strongly
depends on all components. In our architecture, these global variables are inputted separately and
treated as their own component related to the whole design, αg, and are then combined with other
components using our aggregation approach.

We introduce two score aggregation approaches, Covariance Aggregation and Transformer Aggrega-
tion, which we will refer to as generally as a(·). (1) Covariance Aggregation (CA): We model the
interrelationships between design variables across components using a lower triangular weight matrix.
In this case, at training time, we learn a matrix L such that the output of the aggregator is LL⊤α.
The hypothesis is that this approach will directly learn interpretable correlations between variables,
which we see later in the experimental results. (2) Transformer Aggregation (TA): We pass all the
concatenated scores into a final transformer. We summarize our aggregation approach here,

α = a
(
Φ [α1(x1,θ1), ...,αc(xc,θc), ...,αC(xC ,θC),αg]

T
)
. (1)

Finally, we also explore whether each component-wise architectures can be kept frozen when training
the full architecture, with each aggregation method, or if jointly training the aggregator and the
component Simformers might be superior.

4 Results and discussion

Experimental Details Each individual component transformer follows the same architecture as
in Gloeckler et al. [9], except that we set the number of layers to the number of variables for each
component transformer, consistent with the graphical model. The largest component is given by the
wing architecture with 9 layers. We fix the learning rate to 1× 10−3, and the train/validation split is
80% training, 20% validation, where we use the best validation to implement early stopping.

Metrics We compare our approaches using two metrics. The first is the maximum mean discrepancy
(MMD), which describes the distance between the mean embeddings between the training data and
samples of the learned joint distribution in a reproducing kernel Hilbert space [10]. The second
metric is the classifier two-sample test (C2ST) [13], which trains a binary classifier to distinguish
between the training data and a learned distribution. The closer the classifier behaves to a random
generator (C2ST=0.5), the closer the learned distribution is to the training data. We report both the
C2ST on the full joint, as well as the marginal C2ST’s, where we take the mean and median C2ST
across the individual marginals.

Methods We compare the original Simformer approach, with our covariance aggregated Simformer,
which we label Covariance Simformer, and our transformer aggregated Simformer, which we label
as Hierarchical Simformer. We also compare performance of when we freeze the weights of the
component-wise transformers to when we jointly train the full architecture (the aggregation weights
and the components).

Results Figure 2 shows the pair-wise plots of both the data distribution (left) and our Hierarchical
Simformer (right). We first note that the Hierarchical Simformer distributions are qualitatively
indistinguishable from the data distribution, showing that the architecture has successfully learned
the joint distribution of the SUAVE simulator. The model has also captured some key correlations,
such as the quadratic relationship between CL and CD, with sampling being approximately 50x
faster than the SUAVE simulation. Table 1 shows the results, where we see comparable performance
between the baseline Simformer and Hierarchical approaches. Interestingly, we also see that the
frozen approaches are able to achieve similar or better performance than the jointly trained models.
This appears to be a promising step for future larger data distributions, where we would like to
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Figure 2: Comparison of data distribution (a) and sampled joint from Hierarchical Simformer (b).

replace some of the expensive multiphysics simulations by cheaper component-only simulations.
While neither approach significantly outperforms the other, we can conclude that our Hierarchical
Simformer can achieve comparable performance to a single Simformer model. We can therefore
assess that the architectural benefits of the componentwise approach - modularity, interpretability and
the ability to re-use individual components - will not induce a significant degradation in performance.

Learned Covariances We evaluate the learned relationships between variables by looking at the
LL⊤ matrix. We found that the learned matrix reveals the known interactions between components,
as can be seen from the square blocks in Figure 3, and vehicle-level interactions, particularly between
the Mach number and some of the other design variables, such as the masses, CL and CD.

M b1 b2 s1 t1 t2 t3 mb mo ⍴ dCL dT dH CL CD ηb FoM SoC
M
b1
b2
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t2
t3
mb
mo
⍴

dCL
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Figure 3: Learned covariances of Covariance Simformer. Red is positive correlation, and blue
is negative correlation, with color intensity indicating correlation strength. Notice the negative
correlation between weight and aerodynamic performance.

Conditioning We show the learned interdependencies in Figures 4a and 4b, by conditioning on the
SoC and CL. When we decrease the SoC of the aircraft for a fixed lift coefficient, we would expect
the distributions to bias towards heavier aircraft. This trend is seen in the structural mass mo in Figure
4a. We also see that the lower SoC case is typically a result of lower battery energy densities, which
means for a given battery weight, the battery can store less charge. Notice that battery weight mb is
narrower and biased lower - increasing the battery weight increases both the weight of the aircraft
and the battery capacity, and this study would suggest that for an eVTOL of the same design flying
the same mission, the battery capacity dominates the weight. This preliminary analysis suggests that
such techniques could be used to uncover broader design strategies and paradigms.
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Figure 4: Conditional distributions for two different states of charge, while CL = 0.8.

Table 1: Metrics describing the different hierarchical architectures when compared to using one
large Simformer in terms of the maximum mean discrepency (MMD), joint C2ST (J. C2ST), mean
marginal C2ST (Mean M. C2ST) and median marginal C2ST (Med. M. C2ST). (Fr. = Frozen.)

Algorithm MMD ×10−5 (↓) J. C2ST (↓) Mean M. C2ST (↓) Med. M. C2ST (↓)
Simformer 4.15 0.518 0.517 0.516
Covariance Sim. (Fr.) 8.88 0.497 0.632 0.515
Covariance Sim. 13.1 0.778 0.517 0.517
Hierarchical Sim. (Fr.) 2.40 0.686 0.507 0.506
Hierarchical Sim. 5.22 0.540 0.525 0.524

5 Conclusion

Our preliminary study into using SBI for eVTOL design has shown significant promise, by highlight-
ing the ability of our hierarchical Simformer model to capture known physical interdependencies
between design variables. Future work will build on this study by scaling to large dimensional
distributions, exploring the method’s sample efficiency and comparing against traditional aerospace
surrogate models.
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